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Why Should We Even Quantize?

The Challenge
• Modern AI models are huge and slow.
• DeepSeek V2 has 236 billion parameters
• Requires 472 GB in FP32 → Not feasible for most devices
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Why Should We Even Quantize?

Limitations
• Huge memory footprint
• Floating-point math = slow & energy-hungry
• Even computers prefer simple integer arithmetic
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Why Should We Even Quantize?

Example
• Integer: 3 × 6 → quick
• Float: 1.21 × 2.897 → complex
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Why Should We Even Quantize?

Solution:
• Quantization addresses both the storage and speed barriers.
• DeepSeek applied advanced quantization techniques to compress its massive model: 8× to 12x 

compression: From 472 GB (FB32) to 40-60 GB (INT8).
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Why Should We Even Quantize?

Conclusion:
Quantization makes large models usable on smaller, faster hardware.
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Quantization is mapping input values from a large set to output values in a smaller set.
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What is Quantization?

Quantization is like when your teacher switches from grading out of 100 to grading out of 10 and she just chops off the decimals! 

So your shining 97 turns into a humble 9, and your 91 also becomes an 9. 

Of course, some teachers might round up—but you get the point. It’s all about squeezing numbers into simpler buckets!
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In NNets context: reducing the precision of weight values.
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What is Quantization?

• Neural networks can have various types of layers.

• Linear layers contain two matrices: weights and biases.

• These matrices are usually stored as floating-point numbers.

• Quantization replaces floating-point values with integers.

• The goal is to reduce model size while keeping accuracy intact.
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Types of Quantization (numerically)
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Asymetric Quantization
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Symetric Quantization

Types of Quantization (numerically)
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PTQ – Post-Training Quantization

Quantizes fixed parameters (weights, biases) before 

inference.

Supports symmetric and asymmetric quantization (usually 

linear scaling).

Types of Quantization (implementation)
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QAT – Quantization-Aware Training

Simulates quantization effects during training by adding 

quantization/dequantization layers.

Helps the model reach wider local minima—making it 

robust to quantization-induced changes.

Typically delivers better accuracy than post-training 
quantization alone.
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Applying Quantization
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Applying Quantization
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Applying Quantization
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Applying Quantization
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Applying Quantization

You might be asking yourself:

Aren’t we losing something here?
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Quantization: Pros and Cons

Absolutely. That’s the compression–performance tradeoff.

According to the pigeonhole principle, many real values will be 
mapped to the same quantized value.
The challenge is to find a sweet spot where the model is small 
enough to be efficient,
but accurate enough to remain useful.
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Frameworks 
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 PyTorch
Used for model quantization (both PTQ & QAT), calibration, and inference testing.
Also helpful for exporting quantized models

PyTorch
Used for model quantization (both PTQ & QAT), calibration, and inference testing.
Also helpful for exporting quantized models

TensorFlow Quantization – TensorFlow 

supports post-training quantization and 

quantization-aware training through the tf.lite 

converter, enabling deployment of smaller, 

faster models on edge devices without 

significant accuracy loss. 

ONNX Quantization – The ONNX Runtime 
provides tooling for dynamic, static, and QAT 
quantization, allowing cross-framework models 
to be optimized for int8 inference across diverse 
hardware backends.
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Results
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Results
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Takeaways, Open Questions, and Future Works

• How do we balance model accuracy with FPGA resource constraints (LUTs, DSPs, BRAM)?
• What are the limits of compression before physics-relevant signals are lost?

• Integration within ml.cern.ch 
• Explore mixed-precision quantization across layers
• Further Test different types of quantization with different kinds of models

https://ml.cern.ch/
https://ml.cern.ch/
https://ml.cern.ch/
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Thank you for your attention!

Email | najla.samer.sadek@cern.ch

Websites | openlab.cern

| nextgentriggers.web.cern.ch
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Quantization: Pros and Cons
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Appendix 1 – WOQ, DRQ & MPQ
WOQ – Weight-Only Quantization

•Only weights are quantized; activations remain in floating-point format.

•Compared to traditional INT8 quantization on both activations and weights, WOQ often offers a better trade-
off between performance and accuracy.

DRQ – Dynamic Range Quantization

•Optimizes model size and speed by converting weights to lower-bit integers (e.g., FP32 → INT8).

•Activations remain in floating-point format during model conversion.

•During inference, activations are dynamically quantized as needed.
Note: Activations are quantized dynamically at inference, unlike WOQ where they remain floats.

Mixed Precision Quantization

•Uses different precisions for different parts of the model (e.g., INT8, INT4, FP16, FP32).

•Balances accuracy, speed, and memory across layers.

FIQ – Full Integer Quantization

•Both weights and activations are quantized to integers (typically INT8).

•Enables fully integer-based inference, improving speed and efficiency—ideal for edge devices (phones, 

microcontrollers, TPUs).
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Appendix 2 – QAT & PTQ
QAT – Quantization-Aware Training

•Simulates quantization effects during training by adding quantization/dequantization layers.

•Helps the model reach wider local minima—making it robust to quantization-induced changes.

•Typically delivers better accuracy than post-training quantization alone.

PTQ – Post-Training Quantization

•Quantizes fixed parameters (weights, biases) before inference.

•Supports symmetric and asymmetric quantization (usually linear scaling).

•During inference:

• Inputs are quantized on the fly.

• Output dequantization uses calibration by collecting activation statistics during sample runs.
• Observers track statistics (e.g., scale s and zero-point z) for each layer to guide dequantization.

Note: In Post-Training Quantization (PTQ), we can use percentile-based calibration instead of 

Min-Max to reduce sensitivity to outliers.
This technique sacrifices outlier accuracy slightly but improves quantization for most activations.
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Appendix 3
Per-Channel vs. Per-Tensor Quantization

Per-Tensor Quantization:

A single scale and zero-point is used for the entire tensor (e.g., the whole weight matrix or activation 
tensor).

Simple and efficient to implement.

Often less accurate, especially for convolutional layers with diverse ranges across channels.

Per-Channel Quantization:

Each channel (e.g., each output filter in a convolution layer) has its own scale and zero-point.

Provides better accuracy, especially for models with large variation between channels.

Slightly more complex to implement and requires more metadata, but widely supported by modern 
hardware.

Note: Per-channel quantization usually outperforms per-tensor quantization in terms of accuracy, 
particularly for convolutional layers.
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