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Very energetic 
astrophysical 
phenomena

https://www.ctao.org/

Contextualisation: Atmospheric showers
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● Trigger (see Maria Molina’s talk)

○ Background fluctuations
○ Atmospheric showers

● Reconstruction
○ Particle type
○ Direction
○ Energy

IACT technique
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● Trigger (see Maria Molina’s talk)

○ Background fluctuations
○ Atmospheric showers

● Reconstruction
○ Particle type
○ Direction
○ Energy

● Challenge: Low latency

IACT technique



5

Cherenkov Telescope Array Observatory

Cherenkov Telescope Matrix (CTAO)
● Earth-base observatory for gamma astronomy.

● Two sites: 

● La Palma, Canary Islands
● Paranal, Chile

www.cta-observatory.org/ Science with CTA, arXiv:1709.07997

AdvCam

LST
(20-150)GeV

SST
(5-300)TeV MST

150GeV- 5TeV 



Objectives 
• Identify and explore model compression techniques
• Implement:

– Pruning
• Evaluate degradation in performance

– Metrics
– IRFs

• Evaluate model size reduction

Hypothesis and objectives: Model compression

6

Explore model compression for ResNet-36 (DL)



    Magnitude- based Pruning

- Sparsity = How much?
Percentage of weights that will 
be zeroed out.

- Schedule = How? 
How quickly in training we 
obtain the desired sparsity.

● Constant
● Polynomial
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Methodology



Evaluation:
● Metrics
● IRFs

Methodology

8https://github.com/ctlearn-project/ctlearn

Implement 
magnitude based 

pruning

x3
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● Compare with Baseline

● Gammaness histograms

● ROC curves: performance of a 
binary classifier as a function 
of gammaness

● Area under curve (AUC)

Results: Classification task
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Results: Classification task
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Results: Classification task
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Results: Regression task

Resolution Curves
Relative error value under which 68% of the 
reconstructed events produced by a gamma ray are 
contained.

Relative Error = 
|Predicted value - Real value| 

Real value

Relative Error
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Results: Regression task

● Polynomial: Similar to baseline 
until sparsities up to 90%

● Polynomial outperforms 
constant schedule

● Possible improvement in some 
energy ranges

● Relative deviation with respect 
to baseline
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Results: Regression task

● Similar to baseline until 
sparsities up to 90% de sparsity

● Possible improvement in some 
energy ranges

● Relative deviation with respect to 
baseline



15

Results: Model size

Evaluate the size of 
the model as a 
function of sparsity
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Results: Reduction in size

● Model sizes after compression 
to .zip

● Smaller size than linear 
reduction

● 30% sparsity: 28% of original 
size

● 95% sparsity: 5% of original size



Conclusions
• Polynomial sparsity outperforms constant 

sparsity

• Classification:  polynomial schedule without 
significant degradation up to 90-95%. 

• Energy polynomial schedule without 
significant degradation at 90%. 

• Direction: polynomial schedule without 
significant degradation up to 90%. 

• Significant reduction in model size 

Ongoing Work

• NSB vs. cosmics classification

• L1 on flowers 

• Use simpler CNN model 

• Sparsity-aware quantisation 
implementation
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Conclusions & Future Work
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Results: Classification task
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Results: Classification task
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Results: Classification task
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Results: Classification task
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Results: Classification task
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Results: Classification task
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Results: Classification task
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Results: Classification task
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Results: Classification task
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Results: Classification task
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Results: Classification task
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Results: Classification task
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Results: Classification task
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Results: Classification task
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Results: Classification task



36

Results: Regression task

Resolution Curves

- Angular resolution
- Energy resolution
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Results: Regression task

● Polynomial: Similar to baseline 
until sparsities up to 90%

● Polynomial outperforms 
constant schedule

● Possible improvement in some 
energy ranges

● Relative deviation with respect 
to baseline
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Results: Regression task

● Polynomial: Similar to baseline 
until sparsities up to 95% de 
sparsity

● Polynomial outperforms constant 
schedule

● Possible improvement in some 
energy ranges

● Relative deviation with respect to 
baseline
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Results: Model size

Evaluate the size of 
the model as a 
function of sparsity
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Results: Reduction in size

● Model sizes after compression 
to .zip

● Smaller size than linear 
reduction

● 30% sparsity: 28% of original 
size

● 95% sparsity: 5% of original size
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Results: Reduction in size



Conclusions
• Polynomial sparsity outperforms constant 

sparsity

• Classification:  polynomial schedule without 
significant degradation up to 90-95%. 

• Energy polynomial schedule without 
significant degradation at 90%. 

• Direction: polynomial schedule without 
significant degradation up to 90%. 

• Significant reduction in model size 

Ongoing Work

• NSB vs. cosmics classification

• L1 over flowers with 2155 
threshold

• Use simpler CNN model 

• Sparsity-aware quantisation 
implementation
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Conclusions & Future Work



Cascada Hadrónica:
- Protón
- Núcleos de Helio (α)
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Cascada Electromagnética:
- Rayo Gamma (ɣ)
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Resultados: Tarea de clasificación
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Resultados: Tarea de clasificación
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Resultados: Tarea de clasificación

Datos:
Train: 

- Gamma: 1,039,893
- Hadrónicos: 1,042,951

10% del conjunto de train se usa para validación.

Test: 
- Gamma: 2,041,124
- Hadrónicos: 32,647
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Resultados: Tarea de clasificación
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Resultados: Tarea de regresión
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Resultados: Tarea de regresión



78

Resultados: Tarea de regresión
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Resultados: Tarea de regresión
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Resultados: Tarea de regresión
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Resultados: Tarea de regresión
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Monitorización clasificación: TensorBoard
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Monitorización clasificación: TensorBoard
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Monitorización: TensorBoard
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Monitorización: TensorBoard
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Data Rates
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Bloque Residual

(Opt) Convolutional Layer

(Opt) Max. pooling Layer

Stack of Residual blocks (basic or bottleneck)

Fully-connected head

Global Average Pooling

Activation function

ResNet 

Input Layer

Image URL: 
https://d2l.ai/chapter_convolutional-modern/resnet.html

CTLearn: Arquitectura del Modelo backup
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Mecanismo de atención squeeze-excite dual
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https://becominghuman.ai/what-exactly-does-cnn-see-4d436d8e6e52

Red 
convolucional

Geron (2022) Geron (2022)


