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Python Code

1 #!/usr/bin/env python3
2 win
3 Modern Python demonstration of ANI/MCSI stochastic neural classification
4 applied to KASCADE extensive-air-shower simulations.
5
6 Purpose and relation to ANI/MCSI
/2 T T T
8 This program provides a compact and reproducible Python implementation of
9 one of the classification examples discussed within the Monte Carlo
10 Statistical Inference (MCSI) framework. It reproduces the energy-dependent
11 proton-iron (p-Fe) classification benchmark using KASCADE CORSIKA simulation
12 data and two basic extensive-air-shower observables:
13
14 TrNe = logl@(Ne)
15 TrNm = 1logl0(Nmu)
16
17 The script is not intended to reproduce the complete historical ANI
18 (Analysis and Nonparametric Inference) software package. Rather, it
19 demonstrates in modern Python the central ANI principle of training a
20 feed-forward neural classifier by stochastic Random Search in parameter
21 space instead of gradient-based backpropagation.
22
23 This NN-Random Search combination illustrates an important methodological
24 feature of ANI/MCSI: a flexible nonparametric classifier is coupled to a
25 derivative-free stochastic optimization procedure. Neural-network parameters
26 are therefore determined by direct optimization of a statistical quality
27 criterion rather than by gradient calculation.
28
29 For transparency and reproducibility, the script also implements classical
30 LDA and QDA classifiers and a simple physically motivated TrNm-TrNe threshold
31 as reference methods. Classification performance is evaluated independently
32 in successive primary-energy intervals using AUC, balanced accuracy, and
33 class-wise efficiencies.
34
35 No experimental KASCADE data are used in this benchmark. The analysis is
36 performed on simulated extensive-air-shower events.
37
38 Classification problem
39 | mmeemmmemmemmemeeeeee-
40 The truth primary code TrPP is used only to define the class label:
41
42 TrPP = 14 -> proton, class ©
43 TrPP = 5626 -> iron, class 1
44
45 The simulated primary energy TrEP is used only to divide events into energy
46 bins. It is deliberately NOT supplied to the classifier as an input feature.
47 Thus, the event-by-event classification is based exclusively on the simulated
48 electron and muon shower-size observables TrNe and TrNm.
49
50 ANI stochastic optimization
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Python Code

The implemented classifier is a small feed-forward neural network trained
without backpropagation and without gradient calculation.

At each Random Search iteration, the parameters associated with a selected
hidden neuron are stochastically perturbed. Gaussian or Cauchy perturbations
can be used. A trial configuration is accepted only when it improves the
training objective:

accept w_new if Q(w_new) < Q(w_old)

where Q is the binary cross-entropy evaluated on the training sample.

An independent validation sample is used to retain the best network
configuration encountered during stochastic optimization. Final performance
is evaluated on a separate test sample.

Reproducibility note

Training, validation, and test samples are generated independently within
each energy interval and are balanced between proton and iron events.
Input-variable standardization is determined from the training sample only.
A user-defined random seed permits exact reproduction of the stochastic
splitting and optimization sequence.

wnn

ANI-style stochastic neural training for KASCADE proton-iron classification.

Purpose

This script reproduces the energy-dependent p-Fe benchmark using only two
EAS shower-size variables:

TrNe
TrNm

loglo(Ne)
logl0(Nmu)

The truth primary code TrPP is used only to define the class label:
TrPP = 14 -> proton, class ©
TrPp

5626 -> iron, class 1

The primary energy TrEP is used only to divide events into energy bins.
It is deliberately NOT used as an input feature.

The implemented ANI classifier is a small feed-forward neural network trained
without backpropagation. Training is performed by stochastic neuron-level
perturbations in weight space. A proposed perturbation is accepted only if it
improves the training objective.

Acceptance rule:
accept w_new if Q(w_new) < Q(w_old)

where Q is binary cross-entropy on the training sample.
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A folder containing CSV chunks with at least these columns:

TrEP, TrPP, TrNe, TrNm

or one CSV file with the same columns.

1. CSV table with energy-dependent classification results.

2. CSV table with ANI learning curves.
3. PNG figures:

- energy spectra

- Ne-Nmu scatter by energy

- AUC vs energy

- balanced accuracy vs energy

- representative ANI learning curves

Example

python kascade_ani_pfe_energy.py --input ./kascade_csv --output ./ani_results

Author

Python Code

Prepared for ANI/MCSI revival benchmark studies.

wnn

import argparse

import glob

import os

from pathlib import Path

import numpy as np
import pandas as pd
import matplotlib.pyplot as plt

def sigmoid(z):

Numerically stable sigmoid activation.

Large positive or negative arguments are clipped to avoid overflow.
This is analogous to overflow protection in older Fortran neural-network

routines.

return 1.0 / (1.9 + np.exp(-np.clip(z, -40.0, 40.0)))
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159 def binary_cross_entropy(y_true, y_prob):

160 e

161l Binary cross-entropy loss.

162

163 Parameters

164 = = s---------

165 y_true : array of 0/1 labels

166 y_prob : predicted probabilities for class 1

167

168 Returns

169 -------

170 Mean binary cross-entropy.

171 e

172 y_prob = np.clip(y_prob, le-6, 1.0 - le-6)

173 return -np.mean(y_true * np.log(y_prob) + (1.0 - y_true) * np.log(1.9 - y_prob))
174

175

176 def auc_mann_whitney(y_true, score):

177 e

178 Fast AUC calculation using the Mann-Whitney rank statistic.
179

180 Class 1 (iron) is treated as the positive class.

181

182 This avoids requiring scikit-learn and is adequate for this benchmark.
183 e

184 y_true = np.asarray(y_true, dtype=np.int8)

185 score = np.asarray(score, dtype=float)

186

187 n_pos = int(y_true.sum())

188 n_neg = len(y_true) - n_pos

189

190 if n_pos == 0@ or n_neg == 0:

191 return np.nan

192

193 order = np.argsort(score)

194 ranks = np.empty(len(score), dtype=float)

195 ranks[order] = np.arange(1l, len(score) + 1)

196

197 rank_sum_pos = ranks[y_true == 1].sum()

198 return (rank_sum_pos - n_pos * (n_pos + 1) / 2.0) / (n_pos * n_neg)
199

200

201 def balanced_accuracy(y_true, y_pred):

202 e

203 Balanced accuracy for two classes.

204

205 Returns

206 @ -------

207 balanced_accuracy, proton_efficiency, iron_efficiency

208

209 proton_efficiency = probability to correctly classify proton events
210 iron_efficiency = probability to correctly classify iron events
211 e

212 y_true = np.asarray(y_true, dtype=np.int8)
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213 y_pred = np.asarray(y_pred, dtype=np.int8)

214

215 proton_mask = y_true == 0

216 iron_mask = y_true == 1

217

218 proton_eff = np.mean(y_pred[proton_mask] == 0)

219 iron_eff = np.mean(y_pred[iron_mask] == 1)

220

221 return 0.5 * (proton_eff + iron_eff), proton_eff, iron_eff
222

223

224 R L R e L Y R E L LT LT
225 # ANI neural-network model

226 e e e e
227

228 def unpack weights(w, hidden_neurons=4):

229 e

230 Convert a flat weight vector into matrices/vectors of a 2-H-1 network.
231

232 Network architecture:

233 2 input variables: TrNe, TrNm

234 H hidden sigmoid neurons

235 1 sigmoid output neuron

236

237 Weight vector layout:

238 first 2H values -> input-to-hidden weights
239 next H values -> hidden biases

240 next H values -> hidden-to-output weights
241 final 1 value -> output bias

242 e

243 H = hidden_neurons

244

245 Wl = w[:2 * H].reshape(2, H)

246 bl = w[2 * H:3 * H]

247 W2 = w[3 * H:4 * H].reshape(H, 1)

248 b2 = w[-1]

249

250 return W1, bl, W2, b2

251

252

253 def ani_forward(X, w, hidden_neurons=4):

254 e

255 Forward pass through the small ANI neural network.
256

257 Parameters

258 | 0 meeemee---

259 X : array, shape (n_events, 2)

260 Standardized input variables [TrNe, TrNm].

261 w : flat weight vector

262 hidden_neurons : number of hidden sigmoid neurons
263

264 Returns

265 | 00 -------

266 y_prob : predicted probability of class 1 (iron)
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267 e

268 W1, bl, W2, b2 = unpack_weights(w, hidden_neurons)

269

270 hidden = sigmoid(X @ W1 + bl)

271 output = sigmoid((hidden @ W2).ravel() + b2)

272

273 return output

274

275

276 def ani_train(

277 X_train,

278 y_train,

279 X_valid,

280 y_valid,

281 hidden_neurons=4,

282 n_iter=1300,

283 seed=123,

284 perturbation="gaussian",

285 ):

286 e

287 Train the ANI network by stochastic neuron-level perturbations.
288

289 This is not backpropagation. No gradients are calculated.
290

291 At each iteration:

292 1. Select one hidden neuron.

293 2. Perturb:

294 - its two incoming weights,

295 - its bias,

296 - its output weight.

297 3. Evaluate binary cross-entropy on the training sample.
298 4. Accept the proposal only if the training loss decreases.
299 5. Track the best validation loss.

300

301 Parameters

302 | 0 meeeeee---

303 X_train, y_train : training sample

304 X_valid, y_valid : validation sample

305 hidden_neurons : number of hidden neurons

306 n_iter : number of stochastic proposals

307 seed : random seed

308 perturbation : "gaussian" or "cauchy"

309

310 Returns

317 | 00 -------

312 best_w : best weight vector according to validation loss
313 info : dictionary with accepted-step count and learning curve
314 e

315 rng = np.random.default_rng(seed)

316

317 H = hidden_neurons

318 n_parameters = 4 * H + 1

319

320 # Initial random weights.
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w = rng.normal(loc=0.0, scale=0.45, size=n_parameters)

# Initial training and validation loss.

current_loss = binary_cross_entropy(y_train, ani_forward(X_train, w, H))
best_w = w.copy()

best_valid_loss = binary_cross_entropy(y_valid, ani_forward(X_valid, w, H))

0
learning_curve = []

accepted_steps

for it in range(n_iter):
# Gradually reduce perturbation amplitude.
# This mimics coarse-to-fine stochastic search.
cf = 0.45 * (1.0 - it / n_iter) + 0.05

proposal = w.copy()

# Select one hidden neuron for a block update.
h = rng.integers(0, H)

# Indices of the selected neuron's incoming weights, hidden bias,
# and outgoing weight.
idx = np.array([

h, # weight from input 1 to hidden neuron h

H + h, # weight from input 2 to hidden neuron h

2 *H + h, # hidden bias of neuron h

3 *H+ h, # output weight from hidden neuron h

1
if perturbation == "cauchy":
# Heavy-tailed jumps. Clipping prevents rare enormous jumps.
delta = np.clip(rng.standard_cauchy(len(idx)), -4.0, 4.0) * cf * 0.22
elif perturbation == "gaussian":
# Standard Gaussian local jumps.
delta = rng.normal(loc=0.0, scale=cf, size=len(idx))
else:

raise ValueError("perturbation must be 'gaussian' or ‘'cauchy'")

proposal[idx] += delta

proposal_loss = binary_cross_entropy(y_train, ani_forward(X_train, proposal,

# ANI stochastic hill-climbing acceptance rule.
if proposal_loss < current_loss:
w = proposal
current_loss = proposal_loss
accepted_steps += 1

valid_loss = binary_cross_entropy(y_valid, ani_forward(X_valid, w, H))
if valid_loss < best_valid_loss:

best_valid_loss = valid_loss

best_w = w.copy()
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374 # Store learning curve every 200 iterations.

375 if (it + 1) % 200 == 0:

376 learning_curve.append({

377 "iteration": it + 1,

378 "training_loss": current_loss,

379 "best_validation_loss": best_valid_loss,
380 "accepted_steps": accepted_steps,

381 13

382

383 info = {

384 "accepted_steps": accepted_steps,

385 "learning_curve": learning_curve,

386 }

387

388 return best_w, info

389

390

391 e e e e
392 # Classical comparison methods: LDA and QDA

393 R L R e L Y R E L LT LT
394

395 def lda_score_predict(X_train, y_train, X_test):

396 e

397 Linear discriminant analysis implemented explicitly.
398

399 The returned score is positive for iron-like events.
400 e

401 X0 = X_train[y_train == 0]

402 X1 = X_train[y_train == 1]

403

404 mo = XO@.mean(axis=0)

405 ml = X1l.mean(axis=0)

406

407 SO = np.cov(X@, rowvar=False)

408 S1 = np.cov(X1l, rowvar=False)

409

410 pooled = ((len(X@) - 1) * S@ + (len(X1) - 1) * S1) / (len(X®) + len(X1l) - 2)
411 pooled += np.eye(2) * 1le-8

412

413 invS = np.linalg.inv(pooled)

414

415 = 1invS @ (m1 - mO)

416 b=-0.5% (ml @ invS @ m1 - m@ @ invS @ m@)

417

418 score = X_test @w + b

419 prediction = (score >= 0.0).astype(np.int8)

420

421 return score, prediction

422

423

424 def qgda_score_predict(X_train, y_train, X_test):

425 e

426 Quadratic discriminant analysis implemented explicitly.
427
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The returned score is log-likelihood(iron) - log-likelihood(proton).

Xo
X1

X_train[y_train == 0]

X_train[y_train == 1]

mo = XO.mean(axis=0)
ml = X1l.mean(axis=0)

SO = np.cov(X@, rowvar=False) + np.eye(2) * le-6
S1 = np.cov(X1l, rowvar=False) + np.eye(2) * le-6

inve

np.linalg.inv(S@)
invl = np.linalg.inv(S1)

_, logdeto
_, logdet1l

np.linalg.slogdet(S0)
np.linalg.slogdet(S1)

do
d1i

X_test - mo
X_test - ml

g9 = np.einsum("ij,jk,ik->i", de, inve, do)
ql

np.einsum("ij, jk,ik->i", di, invi, di)

score = (-0.5 * logdetl - ©.5 * ql) - (-0.5 * logdeto - 0.5 * o)
prediction = (score >= 0.0).astype(np.int8)

return score, prediction

def load_kascade_csv(input_path):

Load KASCADE p-Fe CSV data.

input_path can be:
- one CSV file,
- a directory containing CSV files.

Required columns:
TrEP, TrPP, TrNe, TrNm

input_path = Path(input_path)

if input_path.is_file():
csv_files = [input_path]
elif input_path.is_dir():
csv_files = sorted(input_path.glob("*.csv"))
else:
raise FileNotFoundError(f"Input path not found: {input_path}")

if len(csv_files) == 0O:
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raise FileNotFoundError(f"No CSV files found in {input_path}")

usecols = ["TrEP", "TrPP", "TrNe", "TrNm"]

frames = []
for £ in csv_files:
if f.name.startswith("._"):
continue
frames.append(pd.read_csv(f, usecols=usecols))

df = pd.concat(frames, ignore_index=True)
# Remove non-finite or missing values.
df = df.replace([np.inf, -np.inf], np.nan)

df = df.dropna(subset=usecols)

# Keep only proton and iron.
df = df[df["TrPP"].isin([14, 5626])].copy()

# Class label: @ = proton, 1 = iron.
df["label"] = (df["TrPP"] == 5626).astype(np.int8)

return df

def make_balanced_splits(df_bin, rng, n_train_max=2500, n_valid_max=1000,
n_test_max=12000):

Build balanced train/validation/test splits inside one energy bin.

The same number of proton and iron events is used in each subset.

This prevents the classifier from being biased by unequal class counts.

proton = df_bin[df_bin["label"] == 0]
iron = df_bin[df_bin["label"] == 1]

min_count = min(len(proton), len(iron))

if min_count < 200:
return None

n_train = min(n_train_max, max(150, int(©.35 * min_count)))
n_valid = min(n_valid_max, max(80, int(0.15 * min_count)))
n_test = min(n_test_max, max(200, min_count - n_train - n_valid))

if n_test < 100:
return None

proton_idx = rng.permutation(proton.index.to_numpy())
iron_idx = rng.permutation(iron.index.to_numpy())

train_idx = np.r_[proton_idx[:n_train], iron_idx[:n_train]]
valid_idx = np.r_[proton_idx[n_train:n_train + n_valid],
iron_idx[n_train:n_train + n_valid]]
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test_idx = np.r_[proton_idx[n_train + n_valid:n_train + n_valid + n_test],

rng.shuffle(t
rng.shuffle(v
rng.shuffle(t

return train_

# Main benchmark

def run_benchmark

Run the full

output_dir =
output_dir.mk

rng = np.rand

df = load_kas

print("Loaded

print(df["TrPP"].value_counts().rename(index={14: "proton", 5626: "iron"}))

energy_bins =

result_rows

curve_rows =

for bin_index, (lo, hi) in enumerate(zip(energy_bins[:-1], energy_bins[1:])):

df_bin =

split =m
if split

print(f"Skipping bin {lo:.1f}-{hi:.1f}: not enough events")

conti

train_idx

X_train_r
y_train =

X_valid_r
y_valid =

X_test_ra
y_test =

# Standar

mean = X_

https://www.codeconvert.ai/python-to-pdf
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iron_idx[n_train + n_valid:n_train + n_valid + n_test]]

rain_idx)
alid_idx)
est_idx)

idx, valid_idx, test_idx

(args):

energy-dependent p-Fe benchmark.

Path(args.output)
dir(parents=True, exist ok=True)

om.default_rng(args.seed)

cade_csv(args.input)

events:")

np.arange(args.energy_min, args.energy _max + le-9, args.energy_step)

[1
[]

df[(df["TrEP"] >= 1lo) & (df["TrEP"] < hi)]

ake_balanced_splits(df_bin, rng)
is None:

nue

, valid_idx, test_idx = split

aw = df.loc[train_idx, ["TrNe", "TrNm"]].to_numpy(float)

df.loc[train_idx, "label"].to_numpy(np.int8)

aw = df.loc[valid_idx, ["TrNe", "TrNm"]].to_numpy(float)

df.loc[valid_idx, "label"].to_numpy(np.int8)

w = df.loc[test_idx, ["TrNe", "TrNm"]].to_numpy(float)

df.loc[test_idx, "label"].to_numpy(np.int8)

dization is fitted on training data only.
train_raw.mean(axis=0)
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std = X_train_raw.std(axis=0)
std[std == 0] = 1.0

X_train (X_train_raw - mean) / std
X_valid = (X_valid_raw - mean) / std
X_test = (X_test_raw - mean) / std

contrast_train = X_train_raw[:, 1] - X_train_raw[:, 9]
contrast_test = X_test_raw[:, 1] - X_test_raw[:, 0]

threshold_grid

best_threshold None

best_ba = -np.inf

for threshold in threshold_grid:
pred_train = (contrast_train >= threshold).astype(np.int8)

ba, _, _ = balanced_accuracy(y_train, pred_train)
if ba > best_ba:
best_ba = ba

best_threshold = threshold

pred_test = (contrast_test >= best_threshold).astype(np.int8)
ba, p_eff, fe_eff = balanced_accuracy(y_test, pred_test)

result_rows.append({
"energy_bin": f"{lo:.1f}-{hi:.1f}",
"E_center": 0.5 * (lo + hi),
"method": "TrNm-TrNe threshold",
"N_bin": len(df_bin),
"N_test": len(y_test),
"balanced_accuracy": ba,
"AUC": auc_mann_whitney(y_test, contrast_test),
"proton_efficiency": p_eff,
"iron_efficiency": fe_eff,
"accepted_steps": np.nan,

for method_name, method_func in [
("LDA", lda_score_predict),
("QDA", gda_score_predict),

score, pred = method_func(X_train, y train, X_test)
ba, p_eff, fe_eff = balanced_accuracy(y_test, pred)

result_rows.append({
"energy_bin": f"{lo:.1f}-{hi:.1f}",
"E_center": 0.5 * (lo + hi),

https://www.codeconvert.ai/python-to-pdf

np.quantile(contrast_train, np.linspace(0.02, ©.98, 101))

12/18



7/27/26, 1:23 PM

Python Code

643 "method": method_name,

644 "N_bin": len(df_bin),

645 "N_test": len(y_test),

646 "balanced_accuracy": ba,

647 "AUC": auc_mann_whitney(y_test, score),

648 "proton_efficiency": p_eff,

649 "iron_efficiency": fe_eff,

650 "accepted_steps": np.nan,

651 13

652

653 B ommmm o e e e e oo

654 # ANI stochastic neural training

655 R L L e e L L e e

656 for method_name, perturbation in [

657 ("ANI neuron Gaussian", "gaussian"),

658 ("ANI neuron Cauchy", "cauchy"),

659 ]:

660 w, info = ani_train(

661 X_train,

662 y_train,

663 X_valid,

664 y_valid,

665 hidden_neurons=args.hidden_neurons,

666 n_iter=args.iterations,

667 seed=args.seed + 1000 + 13 * bin_index + (© if perturbation
"gaussian" else 7),

668 perturbation=perturbation,

669 )

670

671 score = ani_forward(X_test, w, args.hidden_neurons)

672 pred = (score >= 0.5).astype(np.int8)

673

674 ba, p_eff, fe_eff = balanced_accuracy(y_test, pred)

675

676 result_rows.append({

677 "energy_bin": f"{lo:.1f}-{hi:.1f}",

678 "E_center": 0.5 * (lo + hi),

679 "method": method_name,

680 "N_bin": len(df_bin),

681 "N_test": len(y_test),

682 "balanced_accuracy": ba,

683 "AUC": auc_mann_whitney(y_test, score),

684 "proton_efficiency": p_eff,

685 "iron_efficiency": fe_eff,

686 "accepted_steps": info["accepted_steps"],

687 H

688

689 for row in info["learning_curve"]:

690 row = dict(row)

691 row["energy_bin"] = f"{lo:.1f}-{hi:.1f}"

692 row[ "method"] = method_name

693 curve_rows.append(row)

694

695 print(f"Finished energy bin {lo:.1f}-{hi:.1f}")
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Python Code

results = pd.DataFrame(result_rows)
curves = pd.DataFrame(curve_rows)

results_path = output_dir / "kascade_pfe_ani_energy results.csv"
curves_path = output_dir / "kascade_pfe_ani_learning_curves.csv"

results.to_csv(results_path, index=False)
curves.to_csv(curves_path, index=False)

print("\nClassification results:")
print(results.to_string(index=False))
print(f"\nSaved: {results_path}")
print(f"Saved: {curves_path}")

make_plots(df, results, curves, output_dir, energy_bins)

def make_plots(df, results, curves, output_dir, energy bins):

Create standard diagnostic plots.
colors = {
"TrNm-TrNe threshold": "green",
"LDA": "blue",
"QDA": "orange",
"ANI neuron Gaussian": "red",
"ANI neuron Cauchy": "purple",

# Energy spectra
plt.figure(figsize=(8.3, 5.3))
plt.hist(
df[df["label"] == @]["TreP"],
bins=energy_bins,
histtype="step",
linewidth=2.2,
color="blue",
label="Proton, TrPP=14",

plt.hist(
df[df["label"] == 1]["TrEP"],
bins=energy_bins,
histtype="step",
linewidth=2.2,
color="red",
label="Iron, TrPP=5626",
)
plt.xlabel("TrEP = logl@(E/eV)")
plt.ylabel("Number of events")
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plt.title("KASCADE simulation energy spectra used for p-Fe classification")

plt.grid(alpha=0.25)
plt.legend()
plt.tight layout()

plt.savefig(output_dir / "kascade_pfe_energy spectra.png", dpi=220)

plt.close()

# Ne-Nmu scatter in representative energy bins

scatter_bins = [(14.0,
(15.5,

14.5), (14.5, 15.0), (15.0, 15.5),
16.0), (16.8, 16.5), (16.5, 17.0)]

fig, axes = plt.subplots(2, 3, figsize=(13, 8))

for ax, (lo, hi) in zip(axes.ravel(), scatter_bins):
proton = df[(df["label"] == @) & (df["TrEP"] >= lo) & (df["TrEP"] < hi)]
iron = df[(df["label"] == 1) & (df["TrEP"] >= lo) & (df["TrEP"] < hi)]

proton = proton.sample(min(1200, len(proton)), random_state=int(lo * 100)) if

len(proton) else proton

iron = iron.sample(min(1200, len(iron)), random_state=int(hi * 100)) if

len(iron) else iron

ax.scatter(proton["TrNe"], proton["TrNm"], s=5, alpha=0.28, color="blue",
label="p" if lo == 14.0 else None)

ax.scatter(iron["TrNe"], iron["TrNm"], s=5, alpha=0.28, color="red",
label="Fe" if lo == 14.0 else None)

ax.set_title(f"{lo:.1f} <= TrEP < {hi:.1f}")

ax.grid(alpha=0.25)

fig.supxlabel("TrNe

fig.supylabel("TrNm

fig.suptitle("KASCADE
y=0.98)

axes[0, 0].legend()

plt.tight_layout()

log1lo(Ne)")
loglo(Nmu)")
p-Fe separation in Ne-Nmu plane across energy intervals",

plt.savefig(output_dir / "kascade_pfe Ne_ Nm_by energy.png", dpi=220)

plt.close()

# AUC and balanced accuracy curves

for metric, ylabel, title, filename, ylim in [

"Energy dependence of KASCADE p-Fe classification using only TrNe and

"kascade_pfe_ani_auc_vs_energy.png",

"Energy dependence of KASCADE p-Fe balanced accuracy using only TrNe and

(
"AUC",
"AUC",
TrNm",
(0.75, 1.01),
)>
(
"balanced_accuracy”,
"Balanced accuracy",
TrNm",

"kascade_pfe_ani_ba_vs_energy.png",
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Python Code

(0.70, 1.01),

.figure(figsize=(8.3, 5.4))

method, group in results.groupby("method"):
plt.plot(

group["E_center"],

group[metric],

marker="0",

color=colors.get(method, None),

label=method,

.xlabel("Energy-bin center TreEP = logl@(E/eV)")
.ylabel(ylabel)

.title(title)

.ylim(*ylim)

.grid(alpha=0.3)

plt.
.tight_layout()
plt.
plt.

legend(fontsize=8)

savefig(output_dir / filename, dpi=220)
close()

# Representative ANI learning curves

if len(curves) > 0:

plt.

for

plt
plt
plt
plt
plt
plt

figure(figsize=(8.3, 5.4))

energy_bin in ["14.0-14.5", "16.5-17.0"]:
subset = curves|[
(curves["energy_bin"] == energy_bin)
& (curves["method"] == "ANI neuron Gaussian")

if len(subset) > 0:
plt.plot(
subset["iteration"],
subset["best_validation_loss"],

marker="o0",
label=energy_bin,

.xlabel("Iteration")

.ylabel("Best validation BCE loss")

.title("Representative ANI neuron-Gaussian learning curves")
.grid(alpha=0.3)

.legend()

.tight_layout()

plt.
plt.

savefig(output_dir / "kascade_pfe_ani_learning_curves.png", dpi=220)

close()

# Command-line interface
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851 i

852

853 def parse_args():

854 parser = argparse.ArgumentParser(

855 description="Energy-dependent ANI stochastic neural benchmark for KASCADE p-Fe
classification.”

856 )

857

858 parser.add_argument(

859 "--input”,

860 required=True,

861 help="Input CSV file or directory containing CSV chunks.",

862 )

863

864 parser.add_argument(

865 "--output”,

866 default="ani_results",

867 help="Output directory for CSV tables and figures.",

868 )

869

870 parser.add_argument(

871 "--energy-min",

872 type=float,

873 default=14.0,

874 help="Minimum TrEP = logl@(E/eV).",

875 )

876

877 parser.add_argument(

878 "--energy-max",

879 type=float,

880 default=18.09,

881 help="Maximum TrEP = logl@(E/eV).",

882 )

883

884 parser.add_argument(

885 "--energy-step”,

886 type=float,

887 default=0.5,

888 help="Energy-bin width in logl@(E/eVv).",

889 )

890

891 parser.add_argument(

892 "--hidden-neurons",

893 type=int,

894 default=4,

895 help="Number of hidden sigmoid neurons in ANI network.",

896 )

897

898 parser.add_argument(

899 "--iterations”,

900 type=int,

901 default=1300,

902 help="Number of stochastic ANI proposals per energy bin.",

903 )
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Python Code

parser.add_argument(
"--seed",
type=int,
default=2026,
help="Random seed.",

return parser.parse_args()

n "

__main__":
run_benchmark(parse_args())
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