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Outline
● Introduction to pruning and short story

● Pruning layers ??

● Parameter-efficient methods (pruning the changes in the network)

● Perspectives
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Less recent trends in ANNs
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More recent trends in ANNs

Image from https://labelyourdata.com/articles/llm-model-size
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Pruning: a definition
● With pruning we refer to the process of removing parameters (synapses) or entire units from 

the deep learning model.
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Pruning: a definition
● With pruning we refer to the process of removing parameters (synapses) or entire units from 

the deep learning model.

● Pruning relates with sparsification: the weight matrix (representing a layer) becomes, indeed, 
sparse!

● The removed parameters (if they are removed in an “unstructured” way) still need to be 
encoded, with a “0”.

● Hence, in general, the position with a “missing” connection still needs to be encoded in some 
way (while using general frameworks), producing some representation overhead.

● Do we have advantages with a pruned architecture?
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Pruning: a definition
● With pruning we refer to the process of removing parameters (synapses) or entire units from 

the deep learning model.

● Pruning relates with sparsification: the weight matrix (representing a layer) becomes, indeed, 
sparse!

● The removed parameters (if they are removed in an “unstructured” way) still need to be 
encoded, with a “0”.

● Hence, in general, the position with a “missing” connection still needs to be encoded in some 
way (while using general frameworks), producing some representation overhead.

● Do we have advantages with a pruned architecture?
● The number of parameters is reduced. For special designs (like ASICs) the gain is real.
● If they are removed in a “structured” way (entire blocks), there is no representation 

overhead, and the gain is real even in general frameworks! 
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Pruning in deep learning: why?
● Reducing the storage memory (for a compressed model).
● Reducing the memory footprint.
● Reducing the FLOPs at inference time.
● Reducing energy consumption?
● Enhancing generalization?

Countless approaches to achieve sparse models...
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There is a very rich (and long) story
behind pruning…

that I won’t mention here!
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There is a very rich (and long) story
behind pruning…

that I won’t mention here!

I will present just a simple (strong) baseline.
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Iterative Magnitude Pruning [Han et al., 2015]

Train

 Parameters are randomy initialized

Han, S., Pool, J., Tran, J., & Dally, W. J. (2015). 
Learning both weights and connections for 
efficient neural networks. arXiv preprint 
arXiv:1506.02626.
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Train

 Parameters are randomy initialized

 Parameters are updated then trained with standard gradient descent until 

performance is achieved (training stage)

15

Han, S., Pool, J., Tran, J., & Dally, W. J. (2015). 
Learning both weights and connections for 
efficient neural networks. arXiv preprint 
arXiv:1506.02626.

Iterative Magnitude Pruning [Han et al., 2015]
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Train
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 Parameters are updated then trained with standard gradient descent until 
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 Parameters below threshold T are removed, pruning connections 

(parameter sparsification)
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 Neurons without input arcs input are pruned from the network (neuron 

sparsification) ->Degrades network performancePrune
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Han, S., Pool, J., Tran, J., & Dally, W. J. (2015). 
Learning both weights and connections for 
efficient neural networks. arXiv preprint 
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Iterative Magnitude Pruning [Han et al., 2015]
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Train

 Parameters are randomy initialized

 Parameters are updated then trained with standard gradient descent until 

performance is achieved (training stage)

 Parameters below threshold T are removed, pruning connections 

(parameter sparsification)

 Neurons without input arcs input are pruned from the network (neuron 

sparsification) ->Degrades network performance

 Fine-tune the model, recovering the performance and iteratively prune 

again.

Prune

Regularize
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Han, S., Pool, J., Tran, J., & Dally, W. J. (2015). 
Learning both weights and connections for 
efficient neural networks. arXiv preprint 
arXiv:1506.02626.

Iterative Magnitude Pruning [Han et al., 2015]
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Structured vs Unstructured sparsity
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Structured vs Unstructured sparsity
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Bragagnolo, A., Tartaglione, E., Fiandrotti, A., & Grangetto, M. (2021, September). On the Role of Structured Pruning for Neural Network Compression. In 
2021 IEEE International Conference on Image Processing (ICIP) (pp. 3527-3531). IEEE.

Unstructured
Structured

Unstructured

Unstructured

Structured

Structured
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...but GPUs can perform parallel computation!

Reducing layer’s size does not reduce the 
critical path!
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...but GPUs can perform parallel computation!

Reducing layer’s size does not reduce the 
critical path!

What we want is to remove layers...



Can we prune entire layers?
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Layer collapse
In deep learning, layer collapse refers to a phenomenon where a specific layer in a neural 
network fails to effectively differentiate the input features, causing all outputs from the layer to 
converge to similar or identical values regardless of input. 



Layer collapse
In deep learning, layer collapse refers to a phenomenon where a specific layer in a neural 
network fails to effectively differentiate the input features, causing all outputs from the layer to 
converge to similar or identical values regardless of input. 

Although this effect is traditionally seen as a downside of poor initialization or hyper-parameter 
fine-tuning (ie. the model does not learn), what if the model learns, while some layers are 
collapsed?

● If that happens, we can completely skip computation of such layer!



Layer collapse- without skip connections? 



Layer collapse- without skip connections? 
Is it really possible?



Layer collapse- without skip connections? [Dror et al. 2021]

Is it really possible?

We can attack the problem differently. One way to reduce the model’s depth is to remove non-
linearities! Layer fold is one approach parametrizing the negative slope of a PReLU.



The naive way: EASIER [Quetu et al. 2024]
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Quétu, V., Liao, Z., & Tartaglione, E. (2024, August). The simpler the better: An entropy-based importance metric to reduce neural networks’ depth. In Joint European 
Conference on Machine Learning and Knowledge Discovery in Databases (pp. 92-108). Cham: Springer Nature Switzerland.



The naive way: EASIER [Quetu et al. 2024]
Three “states” for the neuron can be identified:

The probability of the i-th neuron belonging to ON state can be 
calculated from the average over a batch of outputs for this neuron, and 
from this we define an estimator of neuron’s degeneration as

We can estimate layer’s degeneration averaging over all the neurons.

OFF

ON

“0”

Quétu, V., Liao, Z., & Tartaglione, E. (2024, August). The simpler the better: An entropy-based importance metric to reduce neural networks’ depth. In Joint European 
Conference on Machine Learning and Knowledge Discovery in Databases (pp. 92-108). Cham: Springer Nature Switzerland.



The naive way: EASIER [Quetu et al. 2024]
EASIER applied on ResNet-18, VGG-16, Swin-T and 
MobileNetv2 on CIFAR-10. For each model, we gradually 
remove non-linear layers. 
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The naive way: EASIER [Quetu et al. 2024]
EASIER applied on ResNet-18, VGG-16, Swin-T and 
MobileNetv2 on CIFAR-10. For each model, we gradually 
remove non-linear layers. 

Limitations:
Performance degradation
→ Difficult to compress parameter-efficient architectures that 
are not overfitting without compromising performance.
For example: Swin-T on Tiny-ImageNet-200.

Training efficiency
→ Longer training time due to the iterative nature of EASIER.

Quétu, V., Liao, Z., & Tartaglione, E. (2024, August). The simpler the better: An entropy-based importance metric to reduce neural networks’ depth. In Joint European 
Conference on Machine Learning and Knowledge Discovery in Databases (pp. 92-108). Cham: Springer Nature Switzerland.

Models trained on CIFAR-10.



A better way: TLC [Liao et al. 2025]

Works by simply observing distributions in batch norms 
and in layer norms.

Still, sharing iterative fine-tuning nature, so computationally expensive….

Liao, Z., Hezbri, N., Quétu, V., Nguyen, V. T., & Tartaglione, E. (2025). Till the Layers Collapse: Compressing a Deep Neural Network through the Lenses of Batch 
Normalization Layers. AAAI 2025 (oral).
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Layer Collapse by Regularization [Quetu et al. 2024]

Training performed by minimizing distribution distance between adjacent layers (or group of) 
through a regularization term.

Layer pruning is performed in one-shot without retraining.

Quétu, V., Liao, Z., Hezbri, N., Pizzati, F., & Tartaglione, E. (2025). LaCoOT: Layer Collapse through Optimal Transport. In Proceedings of the IEEE/CVF International 
Conference on Computer Vision (pp. 20497-20507).
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Quétu, V., Liao, Z., Hezbri, N., Pizzati, F., & Tartaglione, E. (2025). LaCoOT: Layer Collapse through Optimal Transport. In Proceedings of the IEEE/CVF International 
Conference on Computer Vision (pp. 20497-20507).



Layer Collapse by Regularization [Quetu et al. 2024]

Pretrained DiT-XL/2

DiT-XL/2 finetuned with λ=0  –  2 blocks removed 

DiT-XL/2 finetuned with λ=5e-5  –  2 blocks removed 
FID-50k as a function of the critical path length 
achieved by a DiT-XL/2 finetuned on ImageNet.

Quétu, V., Liao, Z., Hezbri, N., Pizzati, F., & Tartaglione, E. (2025). LaCoOT: Layer Collapse through Optimal Transport. In Proceedings of the IEEE/CVF International 
Conference on Computer Vision (pp. 20497-20507).
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years-fixed-term-contract 

● Assistant/Associate Professor in Coding for Images and Video
https://institutminestelecom.recruitee.com/l/en/o/assistantassociate
-professor-in-coding-for-images-and-video-permanent-contract 
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Thank you!
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