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Model compression techniques
in machine learning



Compression is the process of reducing 
the size of data, often with the aim of 
preserving important information or, in 
some cases, enabling perfect 
reconstruction. 

The goal is to make data storage or 
transmission more efficient by using fewer 
resources (e.g., memory, storage, 
bandwidth).

Model compression techniques in machine learning

Lossy compression



● Reduces model size and computational cost
● Enables deployment under hardware constraints
● Targets efficient inference
● Balances accuracy and efficiency

Model compression aims to reduce the size and complexity of machine learning models in 
order to enable efficient inference under real-world constraints.

Model compression techniques in machine learning



Compression in Machine Learning aims to reduce resource requirements while 
maintaining performance.

Model compression: Smaller and more efficient models

Data compression: Reduced dataset size with minimal information loss

Model compression techniques in machine learning
Model and Data Compression



Applicability

Not all compression techniques are suitable for every type of model or dataset. 

The decision of which compression strategy to apply depends on factors such as the 
desired trade-off between model size and performance, the computational resources 
available, and the nature of the data being processed.

Model compression techniques in machine learning



Improving efficiency often introduces a performance-efficiency tradeoff.

Model compression aims to find the best balance between the two.

What does efficiency mean?

Lower latency

faster responses

Less memory

reduced footprint

Lower power

energy consumption

Smaller model size

Runs at the edge

Model compression techniques in machine learning



Model compression techniques in machine learning
Compression vs Performance



Memory

4–8×
smaller model footprint

Latency

2–5×
faster inference

Cost

↓↓
on-device inference

Train (cloud)  →  Compress  →  Deploy (edge)

Model compression techniques in machine learning
Why Compress?



Pruning



● This technique reduces the size and complexity of deep learning models by removing 
redundant or unnecessary weights and neurons.

● Its primary goal is to improve efficiency by lowering memory requirements and 
accelerating inference, while preserving model performance.

Image from https://en.wikipedia.org/wiki/Decision_tree_pruning#:~:text=Pruning%20is%20a%20data%20compression,and%20redundant%20to%20classify%20instances.

Pruning



Pruning



Unstructured pruning creates sparse matrices that reduce parameter count but require 
additional indexing, while structured pruning changes the model architecture, resulting in 
smaller dense models that are much easier to accelerate on hardware.

Pruning



Accuracy: 0.9709

Pruning
Results - MNIST MLP



Before pruning

After pruning (50%)

Sparse weights → fewer ops, smaller model

Accuracy: 0.971

Accuracy: 0.9709

Pruning
Results - MNIST MLP



Quantization



Quantization is a technique that reduces the numerical precision of a neural network’s 
parameters by converting floating-point values (e.g., 32-bit) into lower-precision 
representations, such as 16-bit or 8-bit.

The main goal is to reduce model size and accelerate inference, especially on 
resource-constrained devices.

Quantization



PTQ
Post-Training Quantization Quantize after training is complete. Fast and simple, no retraining needed. Small 

accuracy drop.

QAT
Quantization-Aware Training Simulate quantization during training so the model adapts. Best accuracy 

retention.

DQ
Dynamic Quantization Weights quantized statically; activations quantized at runtime. 

Good for NLP / RNNs.

FIQ
Full Integer Quantization Both weights and activations in integer. Required for microcontrollers and edge 

TPUs.

QAP
Quantization-Aware Pruning

Combines pruning and quantization in one training pass. Maximum compression.

Quantization Variants



Post-Training Quantization (PTQ) is a quantization technique applied to a trained model.
It converts weights and activations from floating-point precision to lower-precision formats.

PTQ is typically used when the goal is to reduce model size and improve inference efficiency without 
retraining the model.

PTQ is simple and fast to apply, but may introduce some accuracy degradation compared to 
training-aware approaches.

Quantization Variants
Post-Training Quantization



Dynamic Quantization (DQ) is a quantization method that applies quantization only to the model’s 
weights, while activations remain in floating-point format and are quantized dynamically at runtime.

This approach is particularly useful when fast inference is prioritized over maximum model size 
reduction, as it requires no retraining and introduces minimal accuracy impact.

Dynamic quantization is a lightweight alternative to PTQ and QAT, trading maximum compression 
for simplicity and speed.

Quantization Variants
Dynamic Quantization



Full Integer Quantization (FIQ) is a quantization technique in which both weights and 
activations are fully converted to integer representations (e.g., INT8).

This approach is widely used on specialized hardware platforms, such as TPUs, NPUs, and 
microcontrollers, to maximize inference efficiency, reduce power consumption, and improve 
performance.

Full integer quantization delivers the highest efficiency, but requires careful calibration or 
quantization-aware training.

Quantization Variants
Full Integer Quantization



Quantization-aware training (QAT) is a training technique in which the model learns to adapt to 
quantization effects before deployment on hardware.

Instead of training the model entirely in full precision (e.g., 32-bit floating point) and quantizing it 
afterward, quantization is incorporated directly during training.

QAT typically achieves better accuracy than PTQ, but at the cost of increased training complexity and 
computational effort.

QAT shifts part of the quantization cost from deployment to training in order to preserve accuracy.

Quantization Variants
Quantization-Aware Training



Quantization-Aware Pruning (QAP) combines pruning with quantization-aware training.
The goal is to jointly optimize sparsity and reduced numerical precision, producing a smaller and 
more efficient model after quantization, while preserving accuracy.

QAP aligns pruning decisions with quantization effects, ensuring that sparsity remains 
effective after quantization.

Quantization Variants
Quantization-Aware Pruning



Quantization Variants
QAT vs QAP



Sequential approach
- Pruning → Quantization
- Pruning is applied in full precision
- Quantization is applied afterward
- Sparsity patterns may be distorted by quantization
- Accuracy degradation can increase after quantization
- Simple, but not robust for low-bit inference.

Quantization-Aware Pruning (QAP)
- Pruning + Quantization-Aware Training (jointly)
- Pruning decisions are made while accounting for quantization effects
- The model learns: which weights to remove and which remaining weights can tolerate low precision.
- Sparsity is preserved after quantization
- More complex training, but better final accuracy.

Quantization Variants
QAP vs Sequantial Pruning + Quantization



Extension of Keras designed to quantize neural network models

Useful when training models with lower precision.

Auto QKeras.

Repository: https://github.com/google/qkeras

Quantization Variants
QKeras



Quantization Variants
QKeras



Quantization Variants
QKeras



Accuracy: 0.9709

Memory footprint by precision

float32

32 bits

int8

8 bits  ·  4×

int4

4 bits  ·  8×

Accuracy stays near baseline down to int8 / int4 (QKeras results)

8-bit acc: 0.969

Quantization 
Results - MNIST MLP



Knowledge Distillation



Knowledge Distillation



Knowledge Distillation (KD) is a technique that transfers knowledge from a large, high-capacity 
teacher network to a smaller and faster student (or distilled) network.

The student network is trained to reproduce the behavior of the teacher while being 
computationally less expensive.

Knowledge distillation allows smaller models to inherit the behavior of larger ones, making it 
especially attractive for efficient deployment.

Knowledge Distillation



Offline Knowledge Distillation

Offline distillation uses a pre-trained teacher model to guide the training of a smaller student 
model. It is the most common form of KD and does not require joint training of teacher and 
student.

Advantage: Simple to apply and effective at improving student accuracy.
Challenge: Requires training and storing a large teacher model.

Knowledge Distillation



Knowledge Distillation

Dark knowledge Hinton et al., 2015

Hard labels

cat 1.0

dog 0.0

rabbit 0.0

Only tells the correct class

Soft labels  (T = 4)

cat 0.70

dog 0.10

rabbit 0.20

Encodes inter-class relationships

Dark knowledge

The information encoded in the relative probabilities of incorrect classes.

They capture inter-class similarity: richer signal than a one-hot vector.



Knowledge Distillation

Temperature  (T)

Controls how soft the teacher's output probabilities are.

T = 1  (sharp)

This is 100% a cat. Nothing else.

Student only learns the label, no finer-grained distinctions.

T = 5  (soft)

70% cat, 20% rabbit, 10% dog.

Student learns inter-class similarity, the structure of 
knowledge.

Higher T → softer probabilities → more dark knowledge 
transferred.

Alpha  (α)

Balances the two loss terms during training.

Loss = α · L_distill  +  (1−α) · L_CE

α = 0.9 Listens mostly to the teacher. Relies on soft labels.

α = 0.5 Equal weight to teacher and ground truth.

α = 0.1
Relies mostly on true labels. Teacher is a weak 
guide.

Typical values: α = 0.7–0.9,  T = 3–5.



Knowledge Distillation



Accuracy: 0.9709

Teacher  (64-32-10)

soft labels

Student  (16-10)

52,650  →  12,730 params

Student acc: 0.950

Knowledge Distillation
Results - MNIST MLP



Test accuracy

Baseline

0.9709

Pruned 50%

0.9710

QAT 8-bit

0.9688

KD student

0.9502

Model size (parameters)

Baseline

52,650

Pruned 50%

52,650

QAT 8-bit

52,650

KD student

12,730

KD student: 4× fewer parameters with only 

Knowledge Distillation
Results - MNIST MLP



Start with a pre-trained 
model

Pruning process
. Identify low-importance 

weights/neurons
. Prune them

Fine-tune the model

Pruning

Deploy the pruned model

How to Combine Compression Techniques
Some Examples.. 



Start with a pre-trained 
model

Pruning process
. Identify low-importance 

weights/neurons
. Prune them

Fine-tune the model

Pruning

Deploy the pruned model

Start with a pre-trained or 
new model

Enable QAT
. Simulate low-precision 

arithmetic

Train model with QAT
. Adjust weights and activations 

for quantized inference
. Ensure minimal accuracy 

degradation

QAT

Deploy the quantized model

How to Combine Compression Techniques
Some Examples.. 



Start with a pre-trained 
model

Pruning process
. Identify low-importance 

weights/neurons
. Prune them

Fine-tune the model

Pruning

Deploy the pruned model

Start with a pre-trained or 
new model

Enable QAT
. Simulate low-precision 

arithmetic

Train model with QAT
. Adjust weights and activations 

for quantized inference
. Ensure minimal accuracy 

degradation

QAT

Deploy the quantized model

Start with a pre-trained 
model

Pruning process
. Identify low-importance weights

. Prune them
. Fine-tune the model

Quantization process
. Convert high-precision weights

. Apply post-training or QAT
. Optimize inference performance

P + Q

Deploy the optimized model

How to Combine Compression Techniques
Some Examples.. 



Choosing the Right Compression Strategy

Model compression is not a single technique, 
but a design space where accuracy, efficiency, and hardware constraints must be 

balanced.

Every optimization we’ve discussed (pruning, quantization, or distillation) improves 
efficiency at the cost of something else. The goal is not to avoid trade-offs, but to 

choose the right ones.



Demo:
MNIST-based binary classification

Traing large → Compress → Deploy Small
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Choosing the Right Compression Strategy

Key factors to consider

● Accuracy requirements
How much performance loss is acceptable?

● Inference constraints
Latency, throughput, and real-time requirements

● Hardware target
CPU, GPU, FPGA, edge device, accelerator

● Resource limits
Memory footprint and power consumption

● Training budget
Availability of data, time, and compute for retraining



Choosing the Right Compression Strategy

Key factors to consider

● Accuracy requirements
How much performance loss is acceptable?

● Inference constraints
Latency, throughput, and real-time requirements

● Hardware target
CPU, GPU, FPGA, edge device, accelerator

● Resource limits
Memory footprint and power consumption

● Training budget
Availability of data, time, and compute for retraining

Practical guidelines

● Pruning
 Reduce model complexity and computation

● Quantization 
Improve inference efficiency and hardware utilization

● Knowledge Distillation
Transfer performance to smaller models

● Combined strategies
Achieve the best trade-off for deployment


