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Abstract

Photomultiplier tubes (PMTs) are widely used in particle physics for photon detection. The accuracy of
PMT waveform reconstruction directly affects the spatial and energy resolution of detectors. A key
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challenge arises when multiple photons arrive within a nanosecond-scale time window, making it dif-
ficult to resolve individual photoelectrons. Conventional waveform reconstruction methods are lim-
ited by their reliance on prior knowledge of the detector, and although supervised deep learning meth-
ods achieve superior performance, their practical application is hindered by the difficulty of obtaining
ground-truth photon information in real data. To address this issue, this paper proposes a weakly su-
pervised waveform photon counting method based on the Classification Without Labels (CWoLa) the-
ory. The method trains a classifier using only the statistical distribution difference between two mixed
samples and designs a cascaded binary classification framework, enabling photon counting recon-
struction of PMT waveforms without sample-level ground-truth labels. Validation using waveform
samples with purities of 100% and 95% generated by Monte Carlo simulations shows that the pro-
posed method achieves a noise discrimination accuracy of 99.89%, maintains a classification accuracy
above 89% in the low photon count region (1~3 p.e.), and significantly outperforms traditional charge
estimation methods in terms of reconstruction resolution across the photon count range of 1~10 p.e.,
with performance approaching that of the fully supervised ResNet50 model while maintaining strong
robustness under mild training sample contamination. This study provides a novel and effective
weakly supervised technical pathway for PMT waveform analysis in large-scale particle physics exper-
iments where ground-truth labels are unavailable.
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Figure 1. Single-photoelectron waveform template (left) and probability density function of liquid scintillation time distribu-
tion (right)
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Figure 2. Complete forward propagation architecture of the 1D CNN
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Table 1. Hyperparameter settings of the 1D CNN
5% 1. —H4E CNN B HIE E

Parameter Value

Optimizer Adam
Cosine Decay
Learning Rate = 0.02
Decay Steps = 50000
Alpha =0.00

Learning Rate Strategy

Loss Function Categorical Crossentropy

3.2. EHHEHER: ResNet50
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Table 2. Hyperparameter configuration of the ResNet50 baseline model
= 2. ResNet50 E&ERESHAELE

Parameter Value
Optimizer AdamW (Betas: 1= 0.9, B2 = 0.999; Weightdecay: 107%)
Learning Rate Strategy ReduceLROnPlateau (Learning Rate: 1 x 1073; Factor: 0.5; Patience: 5)
Activation ReLU
Loss Function Sparse Categorical Crossentropy
Gradient Clipping 0.1
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Figure 3. Schematic of the CWoLa binary classification framework [14]
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Table 3. Datasets for training, validation, and testing used in the six comparative experiments

= 3.6 ARSI AT AU, BWIESMKH KRS

f f1 f2 M1 Training M2 Training M1 Validation M2 Validation
0.60 0.75 0.50 500,000 500,000 50,000 50,000
0.70 0.84 0.36 500,000 500,000 50,000 50,000
0.80 0.89 0.22 500,000 500,000 50,000 50,000
0.90 0.95 0.10 500,000 500,000 50,000 50,000
0.99 0.995 0.005 500,000 500,000 50,000 50,000
1.00 1.0 0.0 500,000 500,000 50,000 50,000
Testing Dataset: LT-1PE 50,000 Waveforms
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Figure 4. Evolution curves of loss and accuracy during the training process of each CWolLa model
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Figure 5. Histograms of the model output probability distributions under different f values
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Figure 6. Comparison of training convergence, output probability distributions, and confusion matrices among CWoLa-CNN,
the fully supervised CNN (ablation) and fully supervised ResNet50
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Table 4. Noise discrimination performance comparison among the three models (CWoLa-CNN, the fully supervised CNN,

and fully supervised ResNet50).
4. ZMHERI(CWoLa-CNN, £ 58 CNN 52 5 ResNet50) AR 7 & B 14 REXTLE

Method Overall Accuracy Noise Accuracy Signal Accuracy  Precision Recall F1 Score
CWolLa 0.9989 0.9980 0.9994 0.9989 0.9994 0.9992
Supervised CNN 0.9995 0.9997 0.9994 0.9998 0.9994 0.9996
Supervised ResNet50 0.9992 0.9993 0.9996 0.9995 0.9993 0.9994
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Figure 7. Overall workflow of the cascade binary classification photon counting framework
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Table 5. Datasets for photon counting reconstruction via the cascade binary classification framework
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Dataset Training Validation

Pure k p.e. Waveform 100,000/Class 10,000/Class

Contaminated k p.e. Waveform (95% Pure + 5% Neighbors) 100,000/Class 10,000/Class
LT-UPE 1,000,000 1,00,000

Testing Dataset: LT-UPE 100,000 Waveforms
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Figure 8. Comparison of training convergence curves: multi-level CWola classifiers trained on pure k p.e. samples (top), multi-
level CWoLa classifiers trained on 95% pure k p.e. samples (middle), and the fully supervised ResNet50 model (bottom)

8. HBFHAETBHR CWola Z %3 (L), SREAETELR CWola —57 225 (F)5 ResNet50 tEREY(T)H9
WS Z X EE

k=0p.e. k=1p.e. k=2p.e. k=3p.e.
--- Threshold=0.8 -~ Threshold=0.7 --- Threshold=0.7 - Threshold=0.7
=103 ' ~ 103 ! ~ 103 I ~ 10° I
g i g i g i 3 i
= | = i = i I 10 i
3 1 5 1 S ! 5 !
8 10t ' S 10t { ! S 101 i 8§ 10t d
| i
T 100 T
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
Probability Probability Probability Probability
k=4p.e. k=5p.e. k=6p.e. " k=7p.e.
T T g 10 g
=== Threshold=0.7 === Threshold=0.7 103 - === Threshold=0.7 === Threshold=0.7
103 3 1 1 1
= = i = i S 1n2 i
g | | |
ot = i = | ot
g g ' € g
8 § 10ty § 10 f 8 !
| | i
i | i
100 E T T : T T 100 T T l T T 100 T T : T T
0.00 025 0.50 0.75 1.00 0.00 025 050 0.75 1.00 0.00 025 050 0.75 1.00 0.00 025 0.50 0.75 1.00
Probability Probability Probability Probability
107 k=8p.e. k=9p.e.
--- Threshold=0.7 --- Threshold=0.7
'
> >
S0 N [ CWola (Pure k p.e. waveform)
= E =
§ g [ CWola (95% Pure k p.e. waveform)
o i o
i
i
1004 | 1
0.00 025 0.50 0.75 1.00 0.00 025 050 0.75 1.00
Probability Probability

Figure 9. Comparison of output probability distribution histograms of cascaded CWoL a classifiers under different training sample
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Figure 10. Normalized confusion matrices for photon number classification: cascaded CWoLa classifier trained on pure sam-
ples (left), cascaded CWol.a classifier trained on contaminated samples (middle), and fully supervised ResNet50 (right)
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Figure 11. Comparison of mean and resolution for photon counting reconstruction: cascaded CWoLa (pure), cascaded CWoLa
(95% pure), fully supervised ResNet50, and the ideal linear baseline
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