
Memory Requirement Reduction of Deep Neural
Networks for Field Programmable Gate Arrays

Using Low-Bit Quantization of Parameters
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Abstract—Effective employment of deep neural networks
(DNNs) in mobile devices and embedded systems, like field
programmable gate arrays, is hampered by requirements for
memory and computational power. In this paper we propose
a method that employs a non-uniform fixed-point quantization
and a virtual bit shift (VBS) to improve the accuracy of the
quantization of the DNN weights. We evaluate our method in a
speech enhancement application, where a fully connected DNN is
used to predict the clean speech spectrum from the input noisy
speech spectrum. A DNN is optimized, its memory requirement
is calculated, and its performance is evaluated using the short-
time objective intelligibility (STOI) metric. The application of
the low-bit quantization leads to a 50% reduction of the DNN
memory requirement while the STOI performance drops only by
2.7%.

Index Terms—neural network quantization, memory footprint
reduction, FPGA, hardware accelerators

I. INTRODUCTION

Field programmable gate arrays (FPGAs) are highly de-
sirable in mobile devices as they allow for the design of
highly efficient systems, with low-latency and low-power
requirements. FPGAs are particularly useful for speeding up
signal processing by using specific designed hardware (called
hardware accelerator) that runs in parallel with the main CPU,
usually embedded in the FPGA itself. Deep neural networks
(DNNs) often set the state-of-the-art in many signal processing
tasks, e.g., speech separation [1]–[3], speech recognition [4],
etc. However, memory footprint and memory bandwidth re-
quirements, and the associated power consumption of DNNs
are an issue to be solved for the deployment of a DNN on an
FPGA.

Two main approaches have been used to decrease the
memory requirements for DNNs: i) changing the architecture
of the network in order to reduce the parameter number [5]–
[8], and ii) quantizing the parameters of the network to directly
reduce the amount of memory needed for storing them (i.e.
reducing the memory footprint) and the memory bandwidth
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needed to read them [9]–[17]. The first approach involves
methods like parameter pruning and sharing [5], i.e., remov-
ing redundant weights or layers, knowledge distillation [6],
i.e., retrieving a smaller network from a pre-trained bigger
one, and the use of low-rank factorization [7] or specific
convolutional filters [8]. All these methods produce networks
with less computational needs but require a modification in
the architecture of the network itself. This is less desirable
from an hardware perspective, since each change in the DNN
may require a revision of the architecture and a new hardware
design.

The second approach comprises methods that employ quan-
tization strategies like normalization [11], uniform and non-
uniform quantization for different ranges of values [12], hybrid
floating point blocks [13], using minimum mean squared
error [10], weights clipping and bias correction [14], and
per-channel or per-layer different scaling [14]–[16]. Mixed
approaches came up too, like binarized neural network [17], in
which weights and activations are forced to -1 and +1 values.
These methods can lead to quantizing the parameters of the
network from floating-point (e.g. 32-bit) to n-bit fixed-point
representation. The parameters of a DNN are usually stored in
external memories (i.e. flash memories) in FPGAs. The access
time for a flash memory can be a bottleneck and severely slow
down the corresponding calculations. Reducing the bit width
of the stored parameters of the DNN reduces memory require-
ments and improves execution speed. Furthermore, smaller,
slower, and cheaper memories can be used by employing low-
bit fixed point arithmetic, also resulting in a reduction of the
power consumption [9]. However, the parameter quantization
can lead to a degradation of the DNN performance and very
poor results if too few bits are used (i.e. less than 8) [10].

This paper deals with parameter quantization for reducing
the memory requirements. We focus on the use-case of FP-
GAs, proposing a low-bit quantization method which is based
on the non-uniform and dynamic quantization methods [12],
[15], [18]–[20]. Our method encodes the parameters of the
DNN employing a hardware-oriented approach, using codes
that can be stored in slow, external memories, while the actual
values can be kept in FPGA-mapped lookup tables (LUT).
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Our approach distinguishes itself from earlier similar works
by the introduction of a Virtual Bit Shift (VBS) scheme that
allows the dynamic adjustment of the bit representation of the
DNN parameters. VBS mitigates the drawbacks of fixed-point
quantization scheme by exploiting the non uniform distribution
of the parameters of the DNN, increasing the accuracy and
reducing performance loss. The quantization scheme is applied
to a speech separation task, achieving a reduction of the
memory footprint up to 50% if compared to an 8-bit fixed point
representation of the parameters, and yielding a performance
reduction of only 2.7% in terms of STOI.

The rest of the document is organized as follows. We
present our method in Section II and we briefly introduce
the task on which we evaluate our method in Section III.
Section IV describes the evaluation procedure, whereas the
obtained results are presented and discussed in Section V.
Section VI concludes the paper and proposes future research
directions.

II. PROPOSED QUANTIZATION METHOD

Our method takes as input the set of optimized parameters
Θ of a trained deep neural network (DNN), and quantizes them
with fixed point values of m-bit by applying a non-uniform
quantization. The m-bit values are separately encoded, using
n-bit codes. The m-bit values and their association with the
n-bit codes are placed in a lookup table (LUT), stored in the
FPGA-embedded and fast memory blocks (e.g. M9K in Intel’s
Cyclone IV devices). The n-bit wide codes are stored in an
external, relatively slow memory.

A. Quantization of parameters

The quantization of the parameters Θ first starts by quan-
tizing the range of values of Θ into discrete intervals. Then,
we assign to each parameter as new value the median of the
interval to which the original parameter belongs. This process
introduces quantization errors to the values of the parameters,
resulting to performance loss. Observing that the values of
Θ are generally non-uniformly distributed, we apply a non-
uniform scheme for calculating the intervals in order to reduce
the quantization error. Figure 1 illustrates the cumulative
distribution φ of the values of Θ, from a feedforward neural
network where the values of Θ are clamped to the range
[−1, 1].

Specifically, we express the range of the parameters Θ of
a DNN as A = [al, ah], where al ≤ θ ≤ ah, ∀ θ ∈ Θ. We
quantize the range A into discrete intervals using an n-bit
encoding scheme, resulting into 2n intervals B = {Bi}2

n

i=1,
with Bi = [bli, b

u
i ), bui−1 ≤ bli < bui , and interval span

∆i = bui − bli. We organize the intervals B in two disjoint
groups: the internal partition, Bint ⊂ B, where the parameters
are densely concentrated, and the external partition, Bext ⊂ B,
where the parameters are sparsely distributed. We draw all
B intervals belonging to Bint with the same interval span
∆int. On the contrary, each interval B belonging to Bext uses
a different interval span. This results to a uniform partitioning
of Bint and a non-uniform partitioning of Bext, targeting to

Fig. 1. Cumulative distribution φ and partition ranges

a reduced quantization error for all high frequently appearing
values of parameters (in Bint), at the cost of increasing it for
less frequent values (in Bext).

We use uniform quantization in Bint and non-uniform quan-
tization in Bext. We can define the ratio of number of intervals
in the internal and external partitions RB = |Bint|/|Bext|, where
| · | is the number of elements in a set, and the probability
values pstart and pstop denoting the lower and upper boundaries
of Bint, respectively. We define the number of intervals |Bint|
and |Bext| as

|Bext| =
⌊

2n

1 +RB

⌋
+ c, and (1)

|Bint| = 2n − |Bext|, where (2)

c =


1, if

⌊
2n

1+RB

⌋
is odd

0, if
⌊

2n

1+RB

⌋
is even.

(3)

For the external partition, we uniformly split the range of φ
and invert it back to get the interval Bexti as

Bext
i = [φ−1(i ·∆φ

i ), φ−1((i+ 1) ·∆φ
i )], where (4)

i ∈
[
0,
|Bext|

2

)
∪
[
|Bext|

2
+ |Bint|, |Bint|+ |Bext|

)
, and (5)

∆φ
i = 2·pstart

|Bext| is the interval span in the range of φ and hence
the corresponding ∆i is non uniform. Finally, we uniformly
divide Bint with step

∆int =
φ−1(pstop)− φ−1(pstart)

|Bint|
, (6)

thereby obtaining the interval Binti as

Bint
i = [φ−1(pstart) + i ·∆int,

φ−1(pstart) + (i+ 1) ·∆int]. (7)

For any such interval Bi, the quantized level θ̃i is computed
as the m-bit quantized mean of the parameters lying in the Bi
interval as
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TABLE I
LUT OF THE n-BIT CODE, THE m-BIT WIDE θ̃i , AND THE

CORRESPONDING PARTITION.

Code |10 θ̃i Partition
0000 -0.3359375 ext
0001 -0.15625 ext
0100 -0.0703125 int
...

...
...

Quantization 
intervals

bit resolution

Fig. 2. Example with the resolution of quantization ∆i being smaller than
the resolution of m-bit encoding δi.

θ̃i =

∑
θ∈Θ 1θ∈Bi · θ∑
θ∈Θ 1θ∈Bi


m-bit

, where (8)

1Ξ =

{
1, if Ξ,

0, otherwise,
(9)

and ·|m-bit means the m-bit representation. Using θ̃i from
Eq. (8), we can quantize the parameters Θ of a DNN with
an m-bit representation and then represent i indexes with
n-bit codes ĩn, where n < m. At this point, the memory
requirement is reduced by storing n-bit ĩn codes instead of
m-bit θ̃i values. The latter are retrieved by reverting the
above described correspondence. A lookup table (LUT) which
stores the relationship between the n-bit ĩn code and its
corresponding m-bit value (and the partition it belongs to,
i.e. external or internal) is used. An example of such LUT is
shown in Table I.

The advantage of this approach is that the external memory
is asked to store ĩn, with lesser bit-width if compared to θ̃i.
This leads to reduced memory dimension and reduced access
time. On the other side, an additional LUT is needed. However,
due to its small dimensions (n m-bit words), it can easily be
implemented by using the FPGA-embedded memory blocks,
which are usually faster than any external memory.

B. Virtual bit shift

If the range from pstart to pstop is very narrow, we may end
up to an interval span ∆i which is smaller than δi. Given
that the smallest number that can be represented using signed
m-bit encoding is 2−(m−1), then we might end up to a case
where adjacent intervals map to the same m-bit value. Figure
2 depicts such a situation, where θ̃i and θ̃i+1 are the values
for quantized parameters corresponding to the i-th and (i+1)-th
interval, respectively, that share the same m-bit representation.
To avoid this problem, there should be δi < ∆i.

TABLE II
AN EXAMPLE OF VIRTUAL BIT SHIFT ENCODING FOR n = 4, m = 8, AND

k = 4.

Code value binary value12bit LUT value
0100 0.02099609 .000001010110 01010110

Let us adopt in our method a quantization scheme for Bint

that solves the above problem. Since δi depends on the bit-
width of the encoding process, a higher resolution can in
principle be achieved by quantizing θ̃i using a larger number
(e.g. m+ k) of bits. Since for all θ̃i ∈ Bint, we have

θ̃i ≤ max(|φ−1(pstart), φ
−1(pstop)|), (10)

we can find k ∈ N : θ̃i < 2−k. This implies that the k most
significant bits will contain either zeros or the sign bit and are
thus redundant for storage purposes. The sign bit can be stored
in the n bit indexing code ĩn itself (e.g. values with code ĩn =
{0000, 0001...0111} will have negative value). Storing in LUT
only m least significant bits from an m+ k-bit representation
of θ̃i is like a k bit left shift, which means a 2k multiplication
in binary arithmetic. Let us denote m least significant bits for
θ̃i as θ̃mi , so that we have

θ̃mi = θ̃i · 2k. (11)

We can store θ̄mi , from which the actual parameter values
θ̃i can be retrieved using Eq. (11). Basically we perform a
range adjustment by virtual bit shift of the actual parameter
values. An example is shown in Table II. The resolution
error can now be avoided by complying to a less stringent
condition than before, namely, δm+k

i < ∆i, where δm+k
i is

the resolution of m + k bit encoding. Thus, absolute values,
signs, and representation range information can be stored at
once in the ĩn code (e.g. values with ĩn = 0000, ..., 0111
are negative, with ĩn = 1000, ..., 1111 are positive, and with
ĩn = {0000, ..., 0011}∪{1011, ..., 1111} have δmi resolution).
At this point an n-bit quantization scheme is obtained which,
by means of a LUT and a proper ĩn code, uses two different
range representations allowing the reduction of the quantiza-
tion errors.

III. DNN-BASED SPEECH ENHANCEMENT

We applied the proposed quantization scheme to a speech
enhancement task using a feedforward DNN. The DNN takes
as input a noisy voice signal, and predicts the clean voice. The
input noisy signal is represented by using the magnitude short-
time Fourier transform (STFT) and is then scaled in order to
properly calculate the spectrum magnitude and phase by using
a coordinate rotation digital computer (CORDIC) algorithm
[21] based on integer arithmetic. CORDIC was chosen due
to its low need of computational resources, constituting a
further advantage in optimizing system’s architecture for an
actual hardware implementation of the presented method. N
frames, {x̃t−N+1, x̃t−N+2, x̃t−N+3 . . . , x̃t}, of these features
are first stacked together and then fed to the DNN to estimate
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Fig. 3. STOI enhancement performance of different 8-bit quantization
approaches being swept on first/second DNN layer keeping the other with
8-bit uniform quantization.

the clean speech magnitude spectrum xt. The stacking of
features is done to allow the DNN to implicitly model temporal
dependencies. The CORDIC algorithm is then applied again
on xt to restore unmodified phase information. The values
thus obtained are scaled back and converted back to the
time domain by the inverse fast Fourier transform (IFFT) and
overlap-add operations.

IV. EVALUATION

Synthetic mixtures of voice and noise are created using
the Wall Street Journal (WSJ0) dataset for speech and TUT
Acoustic scenes 2016 development dataset [22] for noise, in
order to validate and evaluate the novel quantization scheme
adopted. The disturbing signals consist of sound recordings
from 15 real-world environments, e.g., cafe, train, metro sta-
tion, etc. A random speech signal is selected from the dataset
and an equal-length noise segment is superimposed to it. The
training and validation data consist of about 12,000 (around
20 hours) and 5000 mixtures (around 8 hours), respectively.
Similarly, the test data consists of about 2800 mixtures (around
5 hours). The speech and noise signals are mixed with a
randomly chosen signal to noise ratio (SNR) in the set {0,
5} dB. The native sampling rate for noise signals was 44.1
kHz, so that it was down-sampled to 8 kHz, to match the
native sampling rate of WSJ0 audio. The short term objective
intelligibility (STOI) [23] metric was used as a measure of
intelligibility of the extracted speech.

The STFT features are extracted with Hann window of 128
sample (16 ms) with 50% overlap. Eight input frames are
stacked and fed to a two-layer feedforward network with 256
and 129 neurons in input and hidden layer, respectively. The
rectified linear unit is used as non-linearity for each layer. The
Adam optimization [24] with default parameters is used. For
training networks, PyTorch [25] library is used, and for audio
processing, Librosa [26] library is used. Since our focus is to
fixed point arithmetic devices, the network weights and biases
are clamped to the range (-1, +1) in order to avoid overflow
and reduce the number of bits needed for correct numeric
representation. The DNN weights have been quantized using
n = 4, m = 8, and k1stlayer = 3, k2ndlayer = 2, obtained
by choosing ratio = 1, pstart = 0.04 and pstop = 0.96.

Fig. 4. STOI enhancement performance of different quantization approaches
with 4/8-bit quantization for first and second layer.

TABLE III
EVALUATION RESULTS IN TERMS OF STOI AND MEMORY REDUCTION.
n-U IS FOR n-BIT UNIFORM AND n-NU FOR n-BIT NON-UNIFORM
QUANTIZATION. MEMORY REDUCTION IS WITH RESPECT TO 8 BIT

FIXED-POINT UNIFORM QUANTIZATION AS REFERENCE.

Quantization scheme

1st layer 2nd layer STOI/STOI Loss Memory usage
(bytes) /reduction

8-U 8-U 0.87/-0.002 (00.2%) 297216/ –
4-U 4-U 0.63/-0.246 (28.2%) 148608/ -50.0%
4-NU 4-NU 0.85/-0.024 (02.7%) 148608/ -50.0%
4-NU 8-U 0.86/-0.016 (01.8%) 165120/ -44.4%
No quantization 0.87/ –
Mix 0.84/ –

The ratio, pstart and pstop have been chosen empirically after
optimizing for the test data. The partition used was symmetric
(pstop = 1−pstart). DNN’s output was calculated by sweeping
both ratio and pstart and finding the best results for the
above-mentioned values. The biases used are the 8-bit-uniform
quantized values.

V. RESULTS

Table III compares the STOI values obtained with different
approaches over 2800 noisy samples. 8-bit-uniform (8-U)
quantization gives good results with a very small degradation
in STOI (0.21%) compared to non-quantized network, while
4-bit-uniform (4-U) quantization leads to a drastic fall in
the performance, ending up in a reconstructed speech even
less intelligible than the original noisy signal. On the other
hand, the 4-bit non-uniform (4-NU) quantization proposed in
this paper yields a very good STOI result that is only 2.7%
worse as compared to the non-quantized network. In addition,
the memory requirement is halved in comparison to the 8-
bit uniform quantization, and the memory bandwidth is also
decreased at the same time.

Figure 3 compares the different approaches by using 8-bit
quantization (uniform and non uniform) for different layers,
and how the proposed quantization scheme consisting of range
split (RS), i.e. the partitioning of Bint and Bext, and virtual bit
shift (VBS) affects the performance. For each simulation, one
of the two layer is kept at 8-bit uniform quantization while the
other is swept between the following four approaches: uniform
8-bit quantization (U), 8-bit uniform quantization with virtual

469



bit shift (U-VBS), 8-bit range split (RS), and 8-bit range split
with virtual bit shift (NU). It can easily be noticed how the
performance suffers, for the first layer sweep, as δi > ∆i when
range split is used without VBS. Figure 4 shows the effect of
these approaches for two cases: 4-bit quantization for both
layers, and, 4-bit for the first and 8-bit for the second layer.
The usage of range split instead of an uniform scheme clearly
enables better performances when low-bit quantization are
used and further improvements are allowed when both RS and
VBS are used(NU). Finally, a subjective listening examination
highlighted an almost non audible difference between the non
quantized and 8-bit uniform quantized output while using 4-bit
uniform quantization resulted in having the noise still clearly
present in the output and an audible high-pitched distortion on
both signal and noise. Results of the 4-bit non uniform(NU)
quantization present instead an appreciable reduction of the
background noise and less audible distortion compared to the
4-bit uniform quantization.

VI. CONCLUSIONS

In this paper we presented a method for quantizing the
values of the parameters of a deep neural network, focusing on
the use-case of FPGAs. Our method employs a companding
approach and therefore a variable quantization step depending
on the distribution of the values of the parameters, having
smaller quantization intervals where there are many values of
parameters but less quantization intervals where there are not
many values of parameters. In particular, the results presented
above shows how the combined usage of LUTs and VBS
technique enables a reduction of quantization errors even
when low-bit quantization of weights are used. The method
does not require any change or pruning of the network, so
no retrain is needed. The case studied shows a two-layer
feed-forward neural network, from which it emerges that a
dramatic reduction of the memory requirements is obtained
(50%) with only a slight reduction of the performance. Further
research should concern the application of the method to
deeper networks and the usage of non symmetrical range split
or of a customized multiplying architecture for the weighting
of the input values.
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