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Abstract. Quantization in neural networks typically requires early com-

mitment to a fixed numerical format—either fixed-point or floating-

point—and a limited set of word sizes supported by the target hardware.

This rigid choice often compromises either model accuracy or hardware

efficiency. While FPGAs offer the flexibility to tailor precision per layer,

hardware-aware differentiable architecture search (HW-DNAS) methods

that explore this space suffer from high computational overhead due to

layer duplication.

We propose a single-path, quantization-aware training framework in-

tegrated with a novel flexible numerical format. This approach allows

each layer to learn, during training, whether to use fixed- or floating-

point arithmetic and to determine the optimal bit-widths for exponent

and mantissa, without duplicating layers. A multi-objective optimization

strategy balances accuracy with hardware efficiency throughout training.

Our method achieves up to 10x reductions in average bit-width on MNIST,
CIFAR-10, and CIFAR-100, with 1% loss in accuracy. By deferring nu-

merical format selection to training time and eliminating HW-DNAS-

style overhead, we enable resource-efficient, precision-adaptive deep learn-
ing suitable for deployment on reconfigurable hardware.

Keywords: QAT - Bit-Width Learning - Low-Precision Al

1 Introduction

Deep neural networks have powered major breakthroughs in computer vision,
speech recognition, and natural language processing. However, each gain in accu-
racy has come at the cost of increasingly large models and rising energy consump-
tion. This growing computational demand threatens to concentrate progress in
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the hands of a few organizations with access to industrial-scale hardware, sidelin-
ing researchers and businesses with more modest resources [17]. Thus, developing
methods to reduce energy consumption and hardware cost has become critical.

Quantization offers a promising solution: reducing word sizes can significantly
lower memory traffic and increase arithmetic throughput, all without requiring
a complete architectural redesign [7,|9]. Yet, mainstream accelerators typically
support only a limited set of hard-wired formats—such as 32- and 16-bit floating
point and 8-bit integer—forcing developers to commit to specific precisions and
arithmetic types early in the training process |11}/13|. Choosing the wrong format
in advance can lead to either suboptimal accuracy or inefficient hardware usage.
This challenge is compounded by the fact that optimal precision often varies
from layer to layer.

ASIC-based Al accelerators attempt to address this by supporting a wider
range of formats, but each additional datapath increases area and power con-
sumption—even if the final model does not utilize it. This creates a difficult
trade-off between flexibility and utilization. Field-programmable gate arrays
(FPGASs), with their reconfigurable fabric, offer a compelling alternative. They
can implement custom, layer-specific word sizes for both fixed- and floating-point
arithmetic, enabling efficient, tailored inference.

However, most existing precision-selection methods suffer from significant
drawbacks:

1. Pre-training searches that brute-force the combinatorial space of bit-widths
1,(19];

2. IPost—Itraining quantization (PTQ), which adjusts a completed model and
often degrades accuracy [14]; and

3. Hardware-aware differentiable architecture search (HW-DAS), which incor-
porates precision into gradient descent by duplicating each layer for every
candidate format, drastically increasing the computational burden.

The field also continues to grapple with the trade-off between fixed- and
floating-point arithmetic. Integer formats are energy-efficient but suffer from
limited dynamic range, while floating-point formats offer greater flexibility at
higher computational cost. Studies show that some layers perform well with 8-bit
integers [12]|, whereas others require floating-point representations to maintain
accuracy [6]. Choosing this trade-off in advance is therefore doubly limiting, as
it impacts both performance and model precision.

In this work, we propose a novel, single-path, fully differentiable quantization-
aware training (QAT) framework that leverages a flexible numerical format. Our
format comprises four fields: sign, exponent, mantissa, and scale. By setting the
scale to zero, the format behaves as a floating-point representation; by setting
the exponent to zero, it behaves as fixed-point. Crucially, the model learns dur-
ing training whether to zero out the exponent or the scale, thus determining
the appropriate arithmetic type on a per-layer basis. In addition, the bit-widths
of the exponent and mantissa, along with the scale parameter, are learned dy-
namically—without duplicating layers, as required by traditional DNAS meth-
ods—thereby reducing computational overhead during training.
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On MNIST, CIFAR-10, and CIFAR-100, our method reduces average bit-
widths by up to 10x, all while maintaining accuracy within 1% of the baseline.
By deferring numerical format selection to training time—without incurring the
cost of HW-DAS—we advance practical, precision-adaptive deep learning for
energy-constrained and resource-limited environments.

Our key contributions are:

1. A flexible numerical format capable of representing both floating- and fixed-
point arithmetic;

2. A differentiable QAT framework that learns exponent/mantissa bit-widths
and scale parameters without requiring layer duplication.

2 Proposed Approach

2.1 Overview

Quantization-aware training (QAT) approximates low-precision arithmetic by
quantizing weights and activations during the forward pass while computing
gradients in full precision during the backward pass. This enables the model to
adapt to lower precision throughout training.

Our approach introduces a novel bit penalty term in the loss function, pe-
nalizing higher bit-widths to incentivize lower precision during quantization. By
tuning this penalty, we balance memory efficiency and model performance with-
out sacrificing accuracy. This method allows for more flexible and controlled
experimentation, where the bit penalty acts as a tunable hyperparameter that
influences the model’s bit width’s precision and accuracy. Through these exper-
iments, we aim to determine the optimal balance between memory efficiency
(bit-width reduction) and accuracy retention, which is the key challenge in de-
ploying DNNs in real-world, resource-constrained environments.

2.2 Quantization Formulation

Let T denote a full-precision tensor over a field F. To be able to compute over F’
in a processor, F' ¢ R, but it is an approximation of a field using some numerical
representation that the underlying hardware supports. The most widely used
numerical format is the floating point FP = {s,m, e}, where s € 0,1 represents
the sign, m € 0, ...,2%» — 1 represents the mantissa and e € 0, ..., 2% — 1 for the
exponent. Both b, b. represent the bit-width of the mantissa and the exponent,
respectively. Common floating point representations use b,, = 23 and b, = 8,
normally called single precision floating point, or b,, = 10 b, = 5, know as half
precision.

The underlying hardware can directly operate over F'P, but to provide a
connection between F'P and F' € R one can use the following expressions:
obe—1)

F= (-1 (1,m)-2°" (1)
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where (—1)® or (s-2—1) set the range of the sign into —1, 1, (1.04+m-27")
adds the leading 1.0 into m, 27 sets the decimal point in the correct place.
e — 2(be=1) gets the range of the exponent to allow lower that one values.

Other numerical representations, such as the fixed point, are also being
used successfully in deep learning [3|. Fixed point, FXP = m,d where m €
{—2bm=1  2bm=1} yepresents the value of the integer, and d is an scaling fac-
tor representing the placement of the decimal place. The conversion to R can be
expressed as follows:

F=m.2¢ (2)

Unlike F'P, FFX P does not use a variable exponent e to set the decimal place.
Instead, it relies on a fixed parameter d, which is determined during implemen-
tation.

Our goal is to learn the optimal numerical format —including bit-width and
decimal point placement— during training. We define our numeric format F to
be composed of 4 values: s € 0,1 to represent the sign, m € {0, ...,2» — 1} to
represent the mantissa, e € {0, ..., 2be 1} to represent the exponent and d € Z
to represent a scale factor. To get the corresponding value F' € R, we follow:

F=(=1)*(1,m). 272" "+d (3)

This representation enables learning both floating-point and fixed-point for-
mats. If we (i.e. the optimizer) set b, = 0, we effectively have a fixed point with
scale factor 2% If b, > 0, then d place the role as a scaler, setting the mid range
of F so a value different than 2(°c=1) to better represent the actual range of the
variable.

2.3 Parametrization

Since b, and b,, are strictly positive, a parameterization that naturally restricts
values to the correct interval is preferable, avoiding the need for clamping during
optimization.

A common approach is to use a logarithmic parameterization. Define p, =
In(be) and py, = In(by,). The optimizer searches for optimal p. and p,,, and the
original variables are recovered by reversing the parameterization: b, = ePe and
b,, = ePm.

2.4 Gradient computation
For a given tensor defined in our representation, we need to compute:
OT(F)
de,m, pe; pm.; d

For e, m
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OT(F) OT(F) OF

=& (5)
de,m OF OJde,m

867;757? is computed by back-propagation by the system being used. For given

=1

Pes Pm F is the common floating point representation F ~ F, then
For p.

3em

OT(F)  OT(F) OF 0b,
5pe B aF 8be 8pe

(6)

We have 825 = ePe = b,.

Because gb is highly nonlinear, we cannot compute the derivative analyti-

cally. Instead, we introduce a discrete approximation in the backward pass, using
the five point midpoint approximation:

~ (—F(e,m,be +2,by, d) + 8- F(e,m, b, + 1, by, d)

—8-F(e,m,be — 1,bp,,d) + F(e,m,be — 2, by, d))/12

The same is done for 2 8T and ‘9F

2.5 Loss Function
Our total loss function, Liotal, is defined as:

L

Liotal = Leask (U, Yprea) + A D (be(l) + b (1)), (8)
l

where Ly,sx is the task-specific loss (e.g., cross-entropy). The second term in
the equation enforces a penalty on larger bit-widths, for each layer [ and A is a
hyperparameter that balances task accuracy and bit-width minimization.

2.6 Pytorch implementation

We built our system using Pytorch. We defined a function fake float, which
takes as input a tensor x, as well as the amount of bits e, e, and the scale
parameter d. This function first find e and m by:

e = floor(log2(|§;|))
|22 Y

S

[\
®
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and then find the quantized e and m by

eq = min(maz(e + 2"~ —1-d,0),2% — 1)

floor(m - 2bm) (10)
0= g L

Then the function reconstructs the tensor using equation [3} We built a Fake-
Float class, derived from torch.autograd. Function, which takes as input a tensor,
Pe, Pm and s. In the forward pass it computes b, and b, from p. and p,, respec-
tively, and applies fake float to the input tensor. In the backward pass, it uses
a straight-trough approximation for the gradient with respect to e and m, and
uses equation [7] for the gradient with respect to be, by, and s. Finally, we built
a class QuantWrapper derived from torch.Module, which takes a layer as input,
defines the learnable quantization parameters p., p,, and s. In the forward pass,
Quant Wrapper applies FakeFloat to the input tensor zm the weights w and bias
b of the layer.

3 Results

To use as baseline for comparison, we used as reference [18]. In this work, the au-
thors employ a model inspired by VGG-net [16], training it with various carefully
selectd quantization configurations and reporting both precision and resource
utilization.

The model contains a basic block consisting of 2D convolution, batch normal-
ization, 2D convolution, batch normalization and a maxpooling layer. This basic
block is repeated 3 times, skipping the last maxpooling. The output channels for
the convolutions are 64, 128 and 256 for each basic block. This is followed by 2
sets of linear layer with 512 output channels followed by 1D batch normalization,
and a final linear layer.

The authors report, for the CIFAR10 dataset, precision of 89.03% for a quan-
tization of 2 bits weights and 2 bits activations, across all layers, 87.80% accuracy
for 1 bits weights and 2 bits activations, and 84.22% accuracy for 1 bit weights
and 1 bit activations.

3.1 Training

Again, we followed the same training settings as in |18]. We used the adam
optimizer with a learning rate of 0.01, a loss function consisting of the cross
entropy for classification and sum of bit-widths for the bit loss. The lambda
parameter of [§] was selected manually depending on the dataset used. In all
experiments, we trained for 100 epochs using a bach size of 1024.

For the experiments, we set the initial bit configuration as follows: 5 bits for
be 10 bits for b, and 0 for d. We first run a baseline training where we don’t
update any of the bit-widths. After the initial training, the model is retrained
while allowing the bit-width for input quantization and weights to be updated.
However, the initial quantization for the bias remains unchanged.
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3.2 MNIST dataset

For the MNIST dataset, we set the lambda parameter of |8 was set to 0.5. The
baseline model, without optimizing for the bit-widths, reached a 99.58% accu-
racy. While learning the bit-widths, the best accuracy reached was of 99.52%,
with an average bit-width per layer of 1.44 bits. The corresponding bit widths
were as following

Table 1: Bit-widths per layer for the MNIST dataset.

Layer input b. b,, d weight b. b, d
convl {,1,-2) (0, 0, -1)
conv2 (1,0, 1) (0, 0, -1)
conv3 (0, 0, 3) (0,0,0)
conv4 (0, 0, 2) (0, 0, -1)
convh (0, 0, 2) (0, 0, -1)
conv6 (0, 0, 2) (0, 0, 0)
fcl (0, 0, 2) (0,0,0)
fc2 (0, 0, 2) (0,0,0)
fe3 (0, 0, 0) (0, 0, 0)

Table 2: Performance comparison of models on MNIST.

Model Type Accuracy (%) Average Loss Bit Penalty
Baseline Model 99.58% 1.6340 16.0
Lower Bit Model 99.52% 0.2560 1.44

The results confirm that even aggressive bit-width reductions (down to ~1.44
bits) can maintain near-perfect classification performance. This is due to the
relatively low complexity of MNIST, where lower precision representations still
capture enough discriminative information.

Our method found that the optimal exponent bit-width, for all the layer
except the first two, are 0. Furthermore, our method found that the optimal bit-
width for most of the mantissa are also 0, effectively setting a binarized neural
network, as the only bit utilized is the one coming from the sign. This is no
surprising, as the MNIST has been successfully binarized in works like [15] [10] |2]

3.3 CIFARI10 dataset

For the CIFAR10 dataset, the lambda parameter was also set to 0.5. The baseline
model reached a 92.36% accuracy. The bit optimized model reached an accuracy
of 91.97%, with an average bit-width per layer of 2.89 bits. The corresponding
bit widths were as following:
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Table 3: Bit-widths per layer for the CIFAR10 dataset.

Layer input b. b, d weight b. b,,, d

conv 1 (2, 3,-2) (2,1, -1)
conv 2 (2,2, 1) (0, 2,0)
conv 3 (1,2, 1) (1,1, 1)
conv 4 (0,2, 2) (2,0, -1)
conv 5 (0, 2, 2) (1,1,-1)
conv 6 (0, 2, 2) (0, 1, -1)
linear 1 (0, 2,2) (0, 0, -1)
linear 2 (0,1, 1) (0,0,-1)
linear 3 (0, 0, 0) (0, 0, -1)

Table 4: Performance comparison of models CIFAR10.

Model Type Accuracy (%) Average Loss Bit Penalty
Baseline Model 92.36% 2.0990 16.0
Lower bit Model 91.97% 0.6540 2.89

CIFAR-10, a more complex dataset than MNIST, presents a trade-off be-
tween bit-width reduction and classification performance. While extreme quan-
tization (1.44 bits) preserved a good accuracy in MNIST, CIFAR-10 requires
higher precision. The optimized 2.89-bit model achieves 91.97% accuracy with
reduced computational overhead, demonstrating that deep networks can operate
efficiently at lower precision.

It is interesting to note that the method distributed more bits to the first
convolution layers. For the linear layers, the weights as well as the last input
quantization only utilize the sign of the tensor. Some of the input bit-widths of
the convolutional layers required b, > 0, suggesting that this layers benefit from
the exponential precision given by floating point representations.

In 18], the authors used 2 bits per layer, 2 bits for activations and 2 bits
for weights, reaching an accuracy of 89%. Our method found an bit-distribution
slightly hight, using 2.89 per layer in average, but with a higher accuracy.

3.4 CIFAR100 dataset

For this dataset, the lambda parameter was set to 0.01. The baseline model
for the CIFAR100 dataset reached a 67.50% accuracy. The bit optimized model
reached an accuracy of 67.33%, with an average bit-width per layer of 4.01 bits.
The corresponding bit widths are illustrated in TABLE [f]

CIFAR-100 is more challenging than CIFAR-10 and MNIST, containing 100
different classes, making classification significantly harder. Unlike CIFAR-10,
where we could push the bit-width down to ~ 2 bits with minimal accuracy loss,
CIFAR-100 requires at least 4-bit precision to maintain strong performance. The
4-bit optimized model is the best trade-off, achieving nearly the same accuracy
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Table 5: Bit-widths per layer for the CIFAR100 dataset.

Layer input b. b, d weight b. b,,, d

conv 1 (1, 5, -1) (0, 4, -1)
conv 2 (3,3, 1) (1, 3,0)
conv 3 (2, 3, 0) (0, 3, 0)
conv 4 (1,3,1) (1, 2, -1)
conv 5 (2,3,1) (1, 3,0)
conv 6 (1,3,1) (1, 2,-1)
linear 1 (1,3, 1) (0, 3, 0)
linear 2 (1,3, 1) (2, 3,-2)
linear 3 (1, 3, 0) (2, 2, -2)

Table 6: Performance comparison of models on CIFAR100.

Model Type Accuracy (%) Average Loss Bit Penalty
Baseline Model 67.50% 4.2123 16.0
Lower Bit Model 67.33% 3.2471 4.0

as the full-precision model (67.33% vs. 67.50%) while reducing the memory and
computational requirements by 4x.

3.5 Comparison with previous methods

Table 7: State-of-the-art mixed-precision quantization results on ResNet-20 /
CIFAR-10. “Avg. bit-width” lists the average weight / activation precision reached by
each method.

Method Avg. bit-width Top-1 Acc. (%)

LQ-Nets [20] 2/ 2 90.2
HAWQ-VI 4]  3.89 /4 92.2
SDQ 8] 1.93 / 32 92.1
AdaQAT [5] 3/4 92.2
Ours 3.9/39 91.3

As can be seen in table [7} our method achieves similar results as [5] and [§],
with slighly less accuracy. Regarding training performance, [20] reports a 2.3x
increase in training time, with respect to a baseline floating point implementa-
tion. Our method converged to a accuracy of 91.3% in 53 minutes for the baseline
model, and the quantized model tool an additional 135 minutes, givin a increase
training time of 2.54x.
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3.6 FPGA implementation

We implemented the resulting CIFAR10 model using FINN [18]. Our method
selected to use fixed-point in most of the layers. Nevertheless, a few layers were
set by our method as best implemented using floating-point. As FINN does not
support floating point layer, we utilized an equivalent bit-widt fixed-point rep-
resentation. We implemented both the baseline 16-bit model and the optimized
model.

Table 8: FPGA results for the CIFAR10 model

Resources Baseline 16-bits Optimized

LUT 4800000 34800
FF 221000 58400
DSP 31 31
BRAM 6915 1220
FMAX 103.82 102.34
Throughput 11.1 10.4

As can be seen in |8} the resources used in the quantized model are consider-
ably reduced. The resource savings are not linear with the bit-width reduction,
probably because the synthesis tool is able to more efficiently use the DSP with
larger bit-widths.

4 Discussion

The results across MNIST, CIFAR-10, and CIFAR-100 confirm the effectiveness
of bit-width optimization in reducing computational complexity while maintain-
ing competitive accuracy. Quantization significantly lowers memory consump-
tion and computational overhead, with optimal precision varying by dataset.
For MNIST, extreme quantization (1.44-bit) retained 99.52% accuracy, proving
its feasibility for simpler datasets. In CIFAR-10, the 2.89-bit model achieved
91.97% accuracy, closely matching the full-precision model (92.36%). CIFAR-
100, being more complex, required at least 4-bit precision for stability, achieving
67.33% accuracy (vs. 67.50% at full precision).

The results underscore the potential for FPGAs to break the constraints
of fixed bit-width general-purpose hardware. This has critical implications for
democratizing Al, as lower-power and cheaper FPGA-based solutions can be
deployed in areas lacking large data centers or advanced GPU installations. By
reducing energy consumption, such systems may also mitigate environmental
concerns associated with large-scale Al model training.
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Conclusion

In this paper, we presented a novel quantization-aware training framework that
simultaneously learns weights and bit-widths—covering mantissa, exponent and
scale configurations for fixed floating-point arithmetic. Through extensive exper-
imentation on MNIST, CIFAR-10, and CIFAR-100, we demonstrated that mod-
els can operate at significantly reduced precision— as low as 1.44-bit for MNIST
and 4-bit for CIFAR-~100 without severe accuracy degradation. By introducing a
differentiable, learnable quantization strategy, our work bridges the gap between
model compression and hardware-aware optimization, paving the way for more
scalable, energy-efficient, and high-performance deep learning models.
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