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Quantization makes models tiny

~16x reduction in energy to 
go from float32 to int8

~1024x reduction in energy 
to go from float32 to binary

Leads to significant 
reduction in latency and 
memory usage as well

https://arxiv.org/pdf/2112.00133.pdf 

Energy numbers collected from Google TPU 
hardware and modelled using PokeBNN’s 
ACE metric

https://arxiv.org/pdf/2112.00133.pdf
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How can we quantize models?

Keras is great for easily building 
ML models

… but it doesn’t support 
quantizing these models
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A quantization 
extension to Keras 
that provides 
drop-in replacements 
for quantizing Keras 
layers

Q QKeras
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QKeras AlternativesQKeras
TFLite’s
Post-Training 
Quantization

TF M.O.T.
Keras Functional API

AQT
Accurate Quantized 
Training LARQ

Works with Keras ✅ ✅ ✅ ❌ ✅

Quantization-
Aware Training

✅ ❌ ✅ ✅ ✅

Heterogenous Quantization ✅ ❌ ❌ ✅ ✅

Any-number bit width 
quantization

✅ ❌ ❌ ✅ ✅

Layer-based Authoring API ✅ ❌ ❌ ✅ ✅

Variety of quantizers Most Few Few Few Some

BN folding / Quantized BN ✅ ✅ ✅ ❌ ❌

Training-Aware Activation 
Quantizer Calibration

✅ ❌ ❌ ✅ ❌

Power-Of-Two Quantization ✅ ❌ ❌ ❌ ❌

RNN / LSTM quantization ✅ ✅ ✅ ✅ ❌

Built-in Energy Estimation ✅ ❌ ❌ ❌ ❌

Native QAT ❌ ❌ ❌ ✅ ❌

Direct TFLite Support ❌ ✅ ✅ ❌ ❌
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Simulated Quantization

https://arxiv.org/pdf/1712.05877.pdf 
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https://arxiv.org/pdf/1712.05877.pdf
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Quantization Aware Training

https://arxiv.org/pdf/1712.05877.pdf 
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After adding the 
quantization functions, we 
need to train the quantized 
model so that the weights 
can adjust.

Without quantization-aware 
training, model accuracy is 
far lower.

Backwards 
Propagation

https://arxiv.org/pdf/1712.05877.pdf
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QConv2D  

QActivationQKeras layers wrap 
Keras layers

Conv2D

Weight
QuantizerInputs

+Bias
Quantizer

Activation

fixed8fixed16

fixed12

float32

float32

Weights
float32

Bias

float32

Activation 
Quantizer

fixed16



Confidential + Proprietary

Quantizers

https://arxiv.org/pdf/1712.05877.pdf 

Divide a continuous space 
into discrete bins

Need to determine: 
- Scale
- Number of bins

Math demo 
https://www.desmos.com/calculator/zqg
gxorrzg 

https://arxiv.org/pdf/1712.05877.pdf
https://arxiv.org/pdf/1712.05877.pdf
https://www.desmos.com/calculator/zqggxorrzg
https://www.desmos.com/calculator/zqggxorrzg
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Quantizer Scale
No Scale

q(x) = int(x)

Auto Scale

s = max(x) / (n-1) = 0.047619

q(x) = int(x/s) * s

Power-of-two Scale

s = 1 / (2^bits) = 0.0625

q(x) = int(x >> log2(s))  << log2(s)
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quantized_bits 

Floating

Floating
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quantized_po2 

Floating

Non-uniform quantization preserves 
both precision AND range
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QKeras’ Many Quantizers and Layers

Layer types Dense (Fully Connected)
Conv1D, Conv2D
Conv2DTranspose
2-way Separable Conv2D 
(depthwise + pointwise)
3-way Separable Conv2D 
(1xN + Nx1 + pointwise)
MaxPooling, AveragePooling
GlobalAveragePooling
OctaveConv2D
SimpleRNN, LSTM, GRU
BiDirectional

Quantization functions
Quantized bits
Bernoulli
Binary
Stochastic Binary
Ternary
Stochastic Ternary
Power-of-2
Quantized ReLu
Quantized ulaw
Quantized h-swish

Activation functions Smooth/hard/binary sigmoid
Smooth/hard/binary tanh
ReLu
Softmax
ulaw
Hard Swish (h-swish)

Heterogeneous quantizer 
configuration 

Each listed area can have an 
independent quantizer 

configuration

Per layer:
   Weights
   Biases
   Activations
   Scales

Batch normalization
Separate
Folded

Arithmetic precision 
Independent for each 

quantizer

Integer 1-32 bits
Fixed point 2-32 bits
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Custom Quantizers

You can make your own custom quantizers:

1. Create a class in quantizers.py

2. Make the class extend BaseQuantizer

3. Create an __init__ method to initialize 
state (such as number of bits)

4. Create a __call__ method that takes a 
floating-point inputs and returns a 
quantized output

5. Implement max and min methods of 
your quantizer

6. Implement from_config and get_config 
methods so that your quantizer is 
correctly saved and loaded when the 
model is saved and loaded



x = x_in = Input((28,28,1), name="input")

x = Conv2D(filters=32, kernel_size=(2, 2), strides=(2,2))(x)

x = Activation("relu")(x)

x = Conv2D(filters=64, kernel_size=(3, 3), strides=(2,2))(x)

x = Activation("relu")(x)

x = Flatten()(x)
x = Dense(10)(x)

x = Activation("softmax")(x)

Keras Example



x = x_in = Input((28,28,1), name="input")
x = QActivation("quantized_bits(8,1)")(x)

x = QConv2D(filters=32, kernel_size=(2,2), strides=(2,2),
            kernel_quantizer=quantized_bits(

bits=8, alpha="auto_po2", symmetric=True, keep_negative=True),                                                           
            bias_quantizer=quantized_bits(

bits=12, integer=4, symmetric=True, keep_negative=True))(x)
x = QActivation("quantized_relu(bits=16, integer=4)")(x)

x = QConv2D(filters=64, kernel_size=(3,3), strides=(2,2),
            kernel_quantizer=quantized_bits(

bits=4, alpha="auto_po2", symmetric=True, keep_negative=True),                                                           
            bias_quantizer=quantized_bits(

bits=6, integer=2, symmetric=True, keep_negative=True))(x)
x = QActivation("quantized_relu(bits=8, integer=2)")(x)

x = Flatten()(x)
x = QDense(units=10, kernel_quantizer=quantized_bits(

bits=4, alpha="auto_po2", symmetric=True, keep_negative=True),                                                           
           bias_quantizer=quantized_bits(

bits=6, integer=2, symmetric=True, keep_negative=True))(x)
x = Activation("softmax", name="softmax")(x)

QKeras Heterogeneous Quantization Example



x = x_in = Input((28,28,1), name="input")
x = QActivation("quantized_bits(8,1)")(x)

x = QConv2D(filters=32, kernel_size=(2,2), strides=(2,2),
            kernel_quantizer=quantized_bits(

bits=8, alpha="auto_po2", symmetric=True, keep_negative=True),                                                           
            bias_quantizer=quantized_bits(

bits=12, integer=4, symmetric=True, keep_negative=True))(x)
x = QActivation("quantized_relu(bits=16, integer=4)")(x)

x = QConv2D(filters=64, kernel_size=(3,3), strides=(2,2),
            kernel_quantizer=quantized_bits(

bits=4, alpha="auto_po2", symmetric=True, keep_negative=True),                                                           
            bias_quantizer=quantized_bits(

bits=6, integer=2, symmetric=True, keep_negative=True))(x)
x = QActivation("quantized_relu(bits=8, integer=2)")(x)

x = Flatten()(x)
x = QDense(units=10, kernel_quantizer=quantized_bits(

bits=4, alpha="auto_po2", symmetric=True, keep_negative=True),                                                           
           bias_quantizer=quantized_bits(

bits=6, integer=2, symmetric=True, keep_negative=True))(x)
x = Activation("softmax", name="softmax")(x)

QKeras Heterogeneous Quantization Example
1. Change Keras 

layers to the 
corresponding 
QKeras layers



x = x_in = Input((28,28,1), name="input")
x = QActivation("quantized_bits(8,1)")(x)

x = QConv2D(filters=32, kernel_size=(2,2), strides=(2,2),
            kernel_quantizer=quantized_bits(

bits=8, alpha="auto_po2", symmetric=True, keep_negative=True),                                                           
            bias_quantizer=quantized_bits(

bits=12, integer=4, symmetric=True, keep_negative=True))(x)
x = QActivation("quantized_relu(bits=16, integer=4)")(x)

x = QConv2D(filters=64, kernel_size=(3,3), strides=(2,2),
            kernel_quantizer=quantized_bits(

bits=4, alpha="auto_po2", symmetric=True, keep_negative=True),                                                           
            bias_quantizer=quantized_bits(

bits=6, integer=2, symmetric=True, keep_negative=True))(x)
x = QActivation("quantized_relu(bits=8, integer=2)")(x)

x = Flatten()(x)
x = QDense(units=10, kernel_quantizer=quantized_bits(

bits=4, alpha="auto_po2", symmetric=True, keep_negative=True),                                                           
           bias_quantizer=quantized_bits(

bits=6, integer=2, symmetric=True, keep_negative=True))(x)
x = Activation("softmax", name="softmax")(x)

QKeras Heterogeneous Quantization Example
1. Change Keras 

layers to the 
corresponding 
QKeras layers

2. Add weight and 
bias quantizers



x = x_in = Input((28,28,1), name="input")
x = QActivation("quantized_bits(8,1)")(x)

x = QConv2D(filters=32, kernel_size=(2,2), strides=(2,2),
            kernel_quantizer=quantized_bits(

bits=8, alpha="auto_po2", symmetric=True, keep_negative=True),                                                           
            bias_quantizer=quantized_bits(

bits=12, integer=4, symmetric=True, keep_negative=True))(x)
x = QActivation("quantized_relu(bits=16, integer=4)")(x)

x = QConv2D(filters=64, kernel_size=(3,3), strides=(2,2),
            kernel_quantizer=quantized_bits(

bits=4, alpha="auto_po2", symmetric=True, keep_negative=True),                                                           
            bias_quantizer=quantized_bits(

bits=6, integer=2, symmetric=True, keep_negative=True))(x)
x = QActivation("quantized_relu(bits=8, integer=2)")(x)

x = Flatten()(x)
x = QDense(units=10, kernel_quantizer=quantized_bits(

bits=4, alpha="auto_po2", symmetric=True, keep_negative=True),                                                           
           bias_quantizer=quantized_bits(

bits=6, integer=2, symmetric=True, keep_negative=True))(x)
x = Activation("softmax", name="softmax")(x)

QKeras Heterogeneous Quantization Example
1. Change Keras 

layers to the 
corresponding 
QKeras layers

2. Add weight and 
bias quantizers

3. Quantize the 
activations



Keras to QKeras
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Folded Batch Normalization

Batch normalization layers are important for 
modern deep neural networks

Problem: Batch normalization includes several 
operations that are expensive to run on 
optimized hardware, such as high-precision 
division

Solution: Fold the batch normalization 
operations into normal quantized convolutional 
layers. We can do this automatically with the 
function convert_to_folded_model

https://arxiv.org/pdf/1712.05877.pdf 

https://github.com/google/qkeras/blob/master/qkeras/utils.py#L280
https://arxiv.org/pdf/1712.05877.pdf
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QAdaptiveActivation

Problem: We can’t find the scale of activation 
quantizers because the data distribution 
keeps changing every batch

Solution: find the exponential moving average 
of the data distribution so that we always have 
a good scale for the activation quantizers.
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QTools

Purpose:

● To assist hardware implementation of the quantized model and model size estimation;
● Automatically generate the data type map for weights, bias, multiplier, adder, etc. of each 

layer.
● Data type map includes operation type, variable size, quantizer type and bits, etc.

Input: a given quantized model; a list of input quantizers for the model

Output: json file that list the data type map of each layer (stored in 
qtools_instance._output_dict)
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QTools Example
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QEnergy - Computing Energy Estimate

energy_estimate(layer) = energy(input) + energy(parameter) + energy(op) + energy(output)

actual_energy(layer) = k1 * energy_estimate(layer) + k2

M. Horowitz, "1.1 Computing's energy problem (and what we can do about it)," 2014 IEEE International 
Solid-State Circuits Conference Digest of Technical Papers (ISSCC), San Francisco, CA, 2014, pp. 10-14.

energy(*, bits) = fixed_point_multiply(bits)
energy(+, bits) = fixed_point_add(bits)
energy(?, bits) = alpha(?) * fixed_point_add(bits)

https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=6757323
https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=6757323
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Design Space Options

All of these parameters influence the tradeoff between accuracy and cost

1. Number of bits / quantization levels for each weight / bias / activation quantizer

2. Scale for each weight / bias / activation quantizer

3. Quantization function for every quantizer

4. Number of channels for every layer

5. Number of layers

6. Connections between the layers

7. Layer types (filter sizes, strides, dense versus conv, etc)
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Finding the Pareto Frontier

To find the right tradeoff between 
model accuracy and cost, we can build 
a Pareto Frontier of optimal models.

We can then use the model with 
highest possible accuracy for any cost 
budget.

The model cost can be a theoretical 
energy number, and/or a trained cost 
model that predicts power & latency on 
a target HW platform.

M
od
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u
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Model Cost

Pareto Frontier
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How do we find the Pareto Frontier?

29
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How Vizier Works  

30

Worker 1

Trains a model with 
quantization schema 1

Worker 2

Trains a model with 
quantization schema 2

Worker 3

Trains a model with 
quantization schema 3

Worker 4

Trains a model with 
quantization schema 4

Dynamically create 
workers to search 
many configurations 
in parallel
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Vizier Search Algorithms

https://en.wikipedia.org/wiki/Bayesian_optimization 

https://en.wikipedia.org/wiki/Bayesian_optimization
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How to use Vizier

1. With Google Cloud
- Called “Vertex AI Vizier” 
- Free tier available

2. Upcoming open source version
- GitHub Link: 

github.com/google/vizier
- Supports custom search 

algorithms
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Creating a Vizier Study
param_layer1_weightquantizer_bits = {
    'parameter_id': layer1_weightquantizer_bits,
    'integer_value_spec': {
        'min_value': 4,
        'max_value': 12
    }
}

metric_accuracy = {
    'metric_id': 'accuracy',
    'goal': 'MAXIMIZE'
}

metric_cost = {
    'metric_id': ‘cost',
    'goal': 'MINIMIZE'
}

study = {
    'display_name': STUDY_DISPLAY_NAME,
    'study_spec': {
      'parameters': [param_layer1_weightquantizer_bits,
                     param_layer2_weightquantizer_bits,…],
      'metrics': [metric_accuracy, metric_cost],
    }
}

vizier_client = aiplatform.gapic.VizierServiceClient(

  client_options=dict(api_endpoint=ENDPOINT)),

  study=vizier_client.create_study(parent=PARENT,   
                                   study=study)

STUDY_NAME = study.name
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Running a Vizier Study
# EVERY WORKER RUNS THIS CODE

# Get a suggested set of parameters from the Vizier search 
# algorithm
suggest_response = vizier_client.suggest_trials({
    'parent': STUDY_NAME,
    'suggestion_count': 1,
    'client_id': CLIENT_ID
    })

# Current model configuration
trial_config = suggest_response.result().trials[0]

# Create the QKeras model and run the training
qkeras_model = create_qkeras_model(trial_config)
qkeras_model.train()
experiment_results = qkeras_model.evaluate()

# Report the measurements
vizier_client.add_trial_measurement({
        'trial_name': TRIAL_ID,
        'measurement': {
            'metrics': [**experiment_results]
        }
    })
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Learnable Quantizers

What if we could get the model to learn how to 
assign bits while training?

We have implemented this in QKeras as an 
experimental quantizer with promising results

https://arxiv.org/pdf/1808.05779.pdf 

https://arxiv.org/pdf/1808.05779.pdf
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The task is “discrimination of jets, a collimated spray of particles, stemming from the decay and/or 
hadronization of five different particles. [We must detect the presence of a ] quark (q), gluon (g), W 
boson, Z boson, and top (t) jets, each represented by 16 physics-motivated high-level features”
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Thank you!
Any Questions?

Daniele Moro - danielemoro@google.com
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