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Abstract—The resource requirements of deep neural networks (DNNs) pose significant challenges to their deployment on edge
devices. Common approaches to address this issue are pruning and mixed-precision quantization, which lead to latency and memory
occupation improvements. These optimization techniques are usually applied independently. We propose a novel methodology to apply
them jointly via a lightweight gradient-based search, and in a hardware-aware manner, greatly reducing the time required to generate
Pareto-optimal DNNs in terms of accuracy versus cost (i.e., latency or memory). We test our approach on three edge-relevant
benchmarks, namely CIFAR-10, Google Speech Commands, and Tiny ImageNet. When targeting the optimization of the memory
footprint, we are able to achieve a size reduction of 47.50% and 69.54% at iso-accuracy with the baseline networks with all weights
quantized at 8 and 2-bit, respectively. Our method surpasses a previous state-of-the-art approach with up to 56.17% size reduction at
iso-accuracy. With respect to the sequential application of state-of-the-art pruning and mixed-precision optimizations, we obtain
comparable or superior results, but with a significantly lowered training time. In addition, we show how well-tailored cost models can
improve the cost versus accuracy trade-offs when targeting specific hardware for deployment.

Index Terms—Deep Learning, Edge Computing, Quantization, Pruning, Neural Architecture Search

1 INTRODUCTION

D EEP neural networks (DNNs) have showcased im-
pressive performance in a wide range of domains;
nevertheless, their computational complexity often clashes
with the resource limitations of hardware (HW) devices, es-
pecially at the edge [1]. Thus, several studies have explored
techniques aimed at reducing the computational complexity
and memory requirements of DNNs, while preserving their
task performance. Pruning [2] and quantization [3] are two
of the most popular ones. The former eliminates unimpor-
tant computations from a network, reducing the number of
parameters and operations, while quantization, in particu-
lar with Mixed-Precision Search (MPS), optimizes the data
representation of the model’s parameters and activations.
Finding the optimal pruning rate for different parts
of a network, as well as the optimal quantization pre-
cision, involves solving a complex optimization problem.
Early approaches used black-box optimization methods,
such as Reinforcement Learning (RL) and Evolutionary Al-
gorithms (EA) [4], [5]. While effective, these methods are
based on time-consuming iterative procedures. Motivated
by this, gradient-based methods (also known as one-shot)
have emerged as lightweight yet competitive alternatives,
for both pruning and MPS [6]], [7]. These techniques simul-
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Fig. 1. Overview of the key components of the proposed method, with
the required inputs (yellow), the core optimization scheme (red), and the
final result, i.e. a pruned mixed-precision DNN (green).
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taneously train the quantization or pruning configurations
together with the weights of the architecture, leading to con-
vergence in a time comparable to a single training. Pruning
and MPS are usually applied independently (e.g., one after
the other), and most of the approaches that consider them
jointly use time-consuming black-box methods.

In this paper, we extend the gradient-based precision
assignment technique proposed by Risso et al. [8], which as-
signs the bit-width to each individual channel of the weights
of the DNN, enabling it to jointly perform pruning and MPS in
a differentiable manner. To our knowledge, ours is the first
gradient descent-based optimization method to consider
both channel-wise MPS and pruning simultaneously. This
eliminates the need of a time-consuming concatenation of
optimizations, which might also unnecessarily restrict the
search space, limiting the choices available to the second
method applied (e.g., MPS) to the results of the first one
(e.g., pruning). Additionally, ours is also the first one-shot
method to include hardware-aware inference cost models
in the optimization, showing their importance to obtain
models tailored to the deployment target. An overview of
our proposed method is shown in Fig. [l In detail, the main
novel contributions of this work, that specifically targets
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tiny convolutional neural networks to be deployed at the

edge, are the following;:

« We propose a gradient-based approach to jointly explore
mixed-precision quantization and pruning. In particular,
we explore a channel-wise weights’ precision assignment,
extending our previous work [8] with the option to quan-
tize at ”0 bits”, which corresponds to pruning the weights’
channels of a layer in a structured way.

e To quantify the complexity of the networks explored
by our tool, we consider different cost models, both
hardware-agnostic (targeting model size reduction) and
hardware-specific (targeting latency reduction). We build
latency models for two real-world mixed-precision en-
abled hardware targets, i.e. the Mixed Precision Inference
Core (MPIC) [9] and the Neural Engine 16 (NE16) DNN
accelerator [10], and analyze the impact of defining the
correct cost model when targeting a specific device.

e We evaluate our proposed approach on three edge-
relevant benchmarks, namely CIFAR-10, Google Speech
Commands v2 [11] and Tiny ImageNet. We obtain size
reductions up to 47.50% at iso-accuracy with baseline
networks with all weights quantized at 8 bits, and up
to 69.54% at iso-accuracy with 2-bit models. Further-
more, our models are up to 56.17% smaller in size than
those obtained with a state-of-the-art MPS method [8].
We achieve comparable performances with respect to the
concatenation of channel-wise pruning, using PIT [6], and
channel-wise precision assignment proposed by Risso et
al. [8], but our joint method is significantly faster.

Our code is open-source at:
https://github.com/eml-eda/mixprec—pruning.
The paper is structured as follows. Sec. & covers the
required background concepts, and Sec. [3] summarizes the
most relevant works on mixed-precision quantization and
pruning. In Sec. @l we illustrate our proposed approach and
in Sec. Bl the experimental results. Lastly, Sec. [6] concludes
the paper.

2 BACKGROUND
2.1 Quantization and Mixed-Precision Search

Quantization is one of the key optimizations to reduce the
complexity of DNNSs. In particular, integer quantization is
extensively used to replace the floating-point representation
of both weights and activations with low bit-width integers.
This leads to model compression, and to the usage of integer
arithmetic operators, which are faster and more energy-
efficient [3]. Moreover, integer quantization also enables the
execution of DNNs even on edge devices without a floating
point unit. Quantization can be applied on networks already
trained in float (i.e., post-training quantization), or its effect
can be simulated during training (i.e., quantization-aware
training, which is often beneficial for accuracy [3]].

This work considers the well-known affine quantization
scheme, that maps float tensors T to n-bit integers as:

m>> (1)
eT

where clamp restricts the values to the interval [0 : 2™ — 1],
[aT, Br) is the range of values that can be mapped with-
out saturation, and e = (Bt — ar)/(2" — 1) is the

T,, = clamp <round (
0:27—1
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quantization step. In general, ar and St can be set in-
dependently for each layer, channel, or block of weights
or activations [12], [13]. While layer-wise and channel-
wise assignments are substantially equivalent, block-wise
quantization incurs much higher memory overheads, and
requires substantial changes to the layers’ execution flow
(needing a separate rescaling for each block of weights).
Thus, it is not compatible with most DNN accelerators,
or inference libraries for general-purpose HW. Accordingly,
in our work, we use per-channel quantization parameters
everywhere. Affine quantization has been explored in works
such as PACT [14] and LQ-Nets [15], which also learn the
value range and the optimal step during training. Note
that our proposed algorithm is orthogonal to the specific
quantization schemes. Still, we test it on affine quantization
due to its hardware friendliness.

Conventional quantization uses fixed-precision, wherein
although different parts of a DNN can use different quan-
tization parameters, a uniform bit-width, typically 8 bits,
is applied throughout the entire model. Recently, however,
mixed-precision strategies have gained attention [7]. They
involve using different bit-widths for different sections of
a DNN, resulting in additional optimization opportunities
in terms of time, memory, and energy consumption, es-
pecially when the underlying hardware natively supports
operations at sub-byte precision [9], [10]. Nonetheless, de-
termining the optimal allocation of bit-widths to different
segments of the network presents a substantial challenge,
as it entails exploring a large solution space that grows
exponentially with the DNN’s depth. Recently, approaches
inspired by Neural Architecture Search (NAS) [16], [17]
have been applied to solve this so-called Mixed-Precision
Search problem. Such approaches can be classified into two
families, namely iterative and one-shot.

Iterative approaches leverage black-box optimization en-
gines like RL [18], [19]. They entail the iterative sampling
of one or more designs from the search-space, followed by
an evaluation step that consists in a complete training, for
evaluating accuracy, and a deployment on the target (or the
use of a proxy model) for measuring non-functional metrics
such as latency and energy. Then, the RL agent is updated in
light of the evaluation’s outcomes, and the cycle is repeated.
These schemes are flexible and versatile, but scale poorly
with the dimension of the search-space requiring thousands
of GPU hours for a single search [20].

Conversely, one-shot approaches require a single joint
precision search and training loop, thus solving the main
issue of iterative MPS. This is achieved at the price of
having an analytical differentiable form of the optimization
objective which allows to jointly train weights and explore
bit-widths assignments with gradient-descent. For this rea-
son, one-shot methods are also referred to as gradient-based
or differentiable. Both iterative and one-shot state-of-the-art
MPS schemes will be revised in Sec.

2.2 Pruning

Orthogonal to quantization, another key optimization for
DNN compression and inference speed-up is pruning [21].
While quantization works at the operand representation
level, pruning involves reducing the size of DNNs by se-
lectively removing a subset of their parameters. Pruning
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techniques can be classified based on the granularity of
the subsets to be removed and on the selection scheme
employed to decide which subsets to eliminate.

According to the pruning granularity, two main ap-
proaches can be identified, i.e., unstructured and struc-
tured. Unstructured pruning considers the removal of sin-
gle weights. This approach leads to the largest theoretical
reduction of parameters and operations without accuracy
loss, reaching values as high as 90% [22]. However, it
leads to sparsely connected networks that cannot be easily
accelerated in hardware, especially on general-purpose plat-
forms, without adding a significant overhead [21], [23]. In
fact, sparse computations make it complex to achieve high
utilization on parallel hardware and damage the regularity
and locality of memory access patterns, resulting in worse
cache behaviour [23].

Structured pruning refers to those approaches that re-
move weights with some regularity, e.g., in blocks, or that
eliminate entire neurons, channels or filters. While block-
wise and block-balanced pruning still require hardware
support to be effectively accelerated [21], channel-/filter-
wise pruning leads to compressed architectures where the
associative and distributive properties of linear algebra can
be used to transform them into smaller dense structures [21]],
thus solving the main drawback of the unstructured ap-
proaches. The deployment of the obtained networks is
straightforward and does not incur any overhead, nor needs
special hardware/software support. The main disadvantage
is represented by the worse achievable trade-off between
task performance degradation and compression [22].

For both unstructured and structured pruning tech-
niques, different selection schemes have been proposed
in literature. Removing weights with the lowest absolute
magnitude is a simple yet effective strategy [22], [24]. It
works for both individual weights and weight groups [24],
and it can be applied without the need for additional data.
However, highly compressed networks may experience re-
duced performance, requiring additional fine-tuning and
potentially undermining the data-free benefit [21]. To solve
this issue, sensitivity-based methods employ training data
to determine which elements to remove based on their
impact on the output when exposed to different input
examples [25]. However, sensitivity-based methods are still
applied to a network already trained at convergence (pos-
sibly fine-tuned afterwards). Thus, they do not exploit the
potential optimization opportunities offered by jointly train-
ing and pruning the weights [21]. Gradient-based methods,
instead, do exactly that, allowing the training optimizer
to progressively tune the network’s weights in order to
recover the accuracy drops caused by pruning [6], [26].
Typically, this is achieved by enhancing standard DNNs
with additional trainable binary gates that control which
portions of the DNN to prune. Both the standard DNN's
weights and the gates are then jointly trained with gradient-
descent to minimize a loss composed of the task loss and
cost-related objectives (e.g., number of parameters).

In this work, we consider a structured pruning scheme
with learnable binary gates from this last category, which
allows to easily achieve effective speed-up and model com-
pression when deployed on the actual HW, while preserving
the task performance.

3 RELATED WORKS
3.1 Mixed-Precision Search
3.1.1 Non-differentiable techniques

Several recent works have been devoted to the explo-
ration of automatic methods to optimally assign different
precisions to different parts of DNNs. The first attempts
trying to solve the MPS problem considered only task
performance as optimization goal. HAWQ-V2 [34] uses a
sensitivity-based heuristic approach that considers second-
order Hessian information. Lin et al. [35] show an analytical
method that optimizes signal-to-quantization-noise-ratio to
find the optimal bit-width allocations across the layers of
the network. HAQ [18] and ReLeQ [19] propose to use an
iterative scheme, where an RL agent drives the bit-width
assignment, at the granularity of individual layers, using
both task performance and latency or energy measurements
from the target hardware as rewards. Such approaches,
while effective and flexible, suffer from the problem of
long convergence times due to the iterative search space
exploration, as discussed in Sec. 211

3.1.2 Differentiable techniques

One-shot algorithms emerged as a more lightweight solu-
tion with respect to the non-differentiable black-box op-
timization techniques. The earliest methods were based
on a supernet scheme, inspired by the Differentiable
NAS (DNAS) literature [17]. A multi-path network (the
supernet) is constructed, which, in the case of MPS, contains
all possible bit-width assignments as alternative paths. The
optimization goal then reduces to selecting a single path
from this network, and is solved through continuous relax-
ation using gradient-descent. Wu et al. [27] propose one of
the first approaches of this kind, where the optimization
is performed considering a cost penalty term associated
to the memory along with the standard task-specific loss.
Gong et al. [30] propose a similar approach where precisions
are explored on MobileNet-V2 architectures using as cost
the energy consumption on the BitFusion accelerator.

One of the key limitations of supernet-based MPS is
the linear scaling of memory and computational complexity
with the size of the search space. That is, adding a new path
to the supernet with an operator quantized at a different pre-
cision requires duplicating the weights and computations
associated with such an operator. For this reason, the search
can be performed only on simpler and smaller proxy tasks,
severely limiting the applicability of the method. EAMIPS [7]
solves this problem by substituting the expensive parallel
convolutions of supernet-like approaches with an efficient
composite convolution operation. In this approach, a single
copy of the float tensors is fake-quantized on-the-fly at the
different precisions explored (e.g., 2-, 4- and 8-bit) in each
iteration of the gradient-based search.

All aforementioned works consider MPS on a per-layer
basis, i.e., assigning precisions with the granularity of single
layers, although independently for weights and activations.
To overcome this limitation, Yang et al. propose FracBits [28],
a gradient-based approach to perform kernel-wise MPS.
However, their method requires support for all bit-widths
within a range, and is not applicable in the common case of
hardware platforms which support only some pre-defined



TABLE 1

Summary of most similar state-of-the-art Mixed-Precision Search and pruning methods
Method Search Engine HW-awareness® Supported Bit-widths  Per-Channel Quantization Pruning
HAQ [18] RL High Any No None
ReLeQ [19] RL High Any No None
Wu et al. [27] Gradient-based  Poor Any No None
EdAMIPS [7] Gradient-based ~ Poor Any No None
FracBits [28] Gradient-based ~ Poor Consecutive Yes None
Risso et al. [8] Gradient-based ~ High Any Yes None
AutoQ [29] RL High Any Yes Per-channel
Gong et al. [30] Gradient-based ~ High Any No Per-channel, coarse-grain
Bayesian-bits [31] Gradient-based  Poor Power of two No Per-channel
DJPQ [32] Gradient-based ~ Poor Any No Per-channel
Chitty-Venkata ef al. [33] Gradient-based  High Any No Block-balanced (2:4)
Ours Gradient-based High Any Yes Per-channel

2 High hardware-awareness indicates the usage of a cost objective tailored to the target hardware, as opposed to the number of ops. or parameters

precisions (e.g., MPIC [9], that can operate with 2-, 4-, 8-
and 16-bit data, but not, for instance with 3- or 5-bit).

Furthermore, most of the aforementioned methods opti-
mize for a combination of task performance and hardware-
agnostic complexity metrics such as network size and bitops
count, i.e., the number of arithmetic operations performed
multiplied by the precision of the operands [7], [27], [36].
While size may effectively reflect the actual memory foot-
print of the network, metrics such as bitops correlate poorly
with the real latency for executing a DNN on a target
device [37]. This is mainly due to the HW support for low-
precision arithmetics, which in some situations may lead
to a latency reduction not proportional to the bit-width, or
even to an increase at lower precision [37].

Conversely, our previous work [8] considers the case
of HW-aware differentiable channel-wise mixed-precision
assignment for weights. Namely, it optimizes the precision
of the weights of each convolutional layer channel indepen-
dently, with a composite convolution operation inspired by
EdMIPS [7]. Moreover, it uses a Look-Up Table (LUT)-based
latency (or energy) model of the HW, in order to guide the
search with a metric that well correlates with the actual
performance on the hardware after the deployment.

3.2 Joint Quantization and Pruning
3.2.1 Non-differentiable techniques

The seminal work exploring the joint usage of pruning and
quantization is Deep Compression [22]. Such approach is
based on the cascaded application of first pruning and then
quantization. While effective, applying the two methods
separately may overlook mutual effects between the two.
Moreover, Deep Compression does not consider MPS, but
rather uses a fixed bit-width for the whole network.

APQ [38] unifies NAS, structured pruning and MPS in
a single pipeline by training a once-for-all network and an
auxiliary neural network to predict the quantized accuracy
of the sampled sub-networks. The search is conducted with
an EA, and the MPS is performed layer-wise. AutoQ [29]
adopts an RL-based methodology to drive the bit-width
selection for each kernel of a layer, considering also the
option of pruning them away with a 0-bit assignment.
However, both APQ and AutoQ rely on iterative black-box
techniques, thus suffering from long training times.

3.2.2 Differentiable techniques

Gong et al. [30] propose a supernet-based differentiable ap-
proach that jointly quantizes and prunes bottleneck layers of

MobileNet-V2. Namely, they build a supernet in which the
alternatives represent different combinations of precision
and pruning rate. However, the explored search space is
coarse with per-layer quantization, and pruning is achieved
by only selecting the expansion factor of bottleneck layers.

DJPQ [32] proposes a joint pruning and quantization
scheme where quantization is non-linear and pruning is
based on Gaussian gates that control the weight distribution
of each layer’s channel. They learn a variational posterior
that tries to minimize the mutual information between suc-
cessive layers’ outputs. Bayesian-bits [31] presents a holis-
tic framework for structured channel pruning and mixed-
precision quantization, where pruning is considered as “0-
bit” precision. Each precision is associated to a learnable
stochastic gate, and the objective function is a balance of task
performance and network complexity, measured as bitops.
One limitation of this approach is that it is structurally able
to explore only precisions which are power-of-two. This
can be a drawback for HW platforms such as NE16, which
support weights quantized to all possible bit-widths from
2 to 8. Note that this limitation is the mirror image of the
one highlighted for FracBits [28]. Moreover, both DJPQ [32]
and Bayesian Bits [31]] consider a per-layer mixed-precision
scheme and rely on cost metrics that poorly correlate with
real HW quantities, such as bitops [37].

Chitty-Venkata et al. [33] propose a joint MPS and prun-
ing approach based on gradient-descent. However, quan-
tization is only performed layer-wise and pruning uses
a 2:4 block-balanced approach with a fixed sparsity of
50%. This limits the benefits of this approach to hardware
platforms that support block-sparse operations. Chitty-
Venkata et al. [39] similarly apply layer-wise MPS with a
differentiable algorithm, proposing a method to eliminate
suboptimal configurations from the search space.

Our method differs from all the aforementioned ones
by combining gradient-based optimization with per-channel
MPS (plus joint pruning), and accurate HW models. More-
over, our method does not impose any constraint on the
candidate bit-widths, as opposed to Bayesian Bits [31] and
FracBits [28]. A summary of the state-of-the-art MPS and
pruning methods is reported in Table[Tl

4 PROPOSED METHOD

Mixed-precision quantization and pruning are orthogonal
optimization techniques that allow to reduce the complexity
of a DNN. However, they are usually applied sequentially,
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Fig. 2. Overview of the quantization step of our proposed approach

one after the other, especially when using a gradient-based
optimization scheme. This sequential approach is subopti-
mal for two primary reasons: first, it leads to a higher train-
ing time required to obtain a final, optimized DNN. Second,
the search space is limited as the second method’s optimiza-
tion options are constrained by the choices made during the
first method’s application, which is not reversible.

We thus propose a novel gradient-based method that
performs both mixed-precision quantization and pruning at
the same time. In this way, we can obtain a more deliberate
precision assignment, considering also the option of pruning
certain portions of the DNN in a structured form, instead of
simply reducing their precision, if they do not positively im-
pact the predictive performance. The search can be guided
to explore the trade-off between predictive performance and
DNN complexity, using cost models tailored specifically for
the target hardware platform.

We remark that this paper only focuses on optimizing
the precision assignment for a DNN in order to co-optimize
its accuracy together with the efficiency (e.g. latency) on
a given hardware target. The design of mixed-precision
hardware for DNNs is outside the scope of this work.

In Sec. [41] we illustrate the designed search space; in
Sec. 42 we detail the optimization method, and in Sec. &3]
we explain the complexity regularizers that we define
to drive the optimization towards low-cost solutions; in
Sec. 44 we describe the adopted training recipe and in
Sec. .5 we discuss some implementation details related to
the compatibility of our generated models with standard
hardware and software for mixed-precision inference.

4.1 Search Space

An overview of our method is depicted in Fig. @&l We
define as Py and Px the sets of candidate precisions for
the weights and activations, respectively. The search space
comprises all the architectures that can be obtained from a
reference DNN by quantizing its parameters and intermedi-
ate activations to all bit-widths in Py and Px respectively.

5

As in our previous work [8], we consider a channel-wise
precision assignment for weights, to have a finer search
granularity. Furthermore, we integrate pruning by consid-
ering an additional candidate precision, py € Py, for the
weights, which represents 0-bit quantization. Quantizing all
weights of a given channel to 0 bits means setting them
all to 0, effectively removing from the DNN’s output all
information conveyed by that channel. In fact, the channel’s
output activations will become constant. Thus, it is practi-
cally equivalent to pruning the channel away.

To define the search space, we associate each tensor of
the neural network with a set of bit-width selection pa-
rameters. In particular, considering the n-th layer with C((,fft)
output channels and its weights W ("), we define a matrix
of bit-width selection parameters " e RCew’ %P w ! which
associates to each output channel a vector of length equal to
the cardinality of the weight precisions set, as shown in the
bottom right part of Fig.

The same procedure is applied to all the intermedi-
ate activations of the DNN, but in this case with layer-
wise granularity. The rationale for supporting channel-wise
quantization for weights but not activations is detailed in
Sec.[.3] For each layer n, a vector of parameters §( € RIPx]
is associated to the output activations, as depicted in the
bottom-left part of Fig.[2l All bit-width selection parameters
are optimized during the training phase, as explained more
in detail in Sec.

Importantly, our method ensures that the same weights’
channels are pruned away for pairs of layers in specific con-
figurations, such as the two reconvergent layers of a residual
block or a depthwise convolution following a pointwise con-
volution. This is obtained by sharing the precision selection
parameters between those layers, and it is done to ensure
that all pruned channels can be effectively removed from
the network at the end of the optimization. For example,
pruning away a certain channel of a residual branch’s con-
volutional layer would result in lesser complexity reduction
benefits if the corresponding channel in the other branch is
not pruned as well, because their addition would require
the channel to be kept in the following computations. If
the channel is pruned from both branches, instead, one less
feature map can be processed by the subsequent layers.
Similarly, each kernel of a pointwise convolution produces
one feature map as output, which is then processed by a
single depthwise kernel. Thus, if one of the output channels
of the pointwise operation is pruned, also the associated
depthwise filter can be removed, since it would process
a “constant” feature map. In this example, only pruned
channels shall be the same, whereas channels quantized
at precisions greater than 0-bit could be assigned indepen-
dently to the depthwise and pointwise layers. However,
our method shares the entire bit-width selection parameters
tensor between the two layers, to avoid over-complicating
our method with multiple sets of masks. While this slightly
restricts our search space, we found experimentally that it
does not limit the effectiveness of our approach.

4.2 Optimization Method

During the training phase, we optimize both the network’s
weights and the bit-width selection parameters simultane-



ously via gradient-descent. The training loss function in-
cludes two terms, to optimize respectively the performance
of the network on the considered task and its complexity.
In this way, the optimization favours the selection of lower
precisions (down to 0-bit), in the least important portions of
the network. The objective function is formulated as:

HM1/1101 [Etask(Wa 9) + /\R(@)] (2)

where W is the set of network’s weights, and 6 := {d,~}
is the set of bit-width selection parameters. The task loss
term Lysk (W, 0) depends on both W and 6. On the other
hand, the regularization loss term R(6) is only affected by
the bit-width selection parameters, and must be designed
to model the desired cost metric, such as size or latency,
in a differentiable manner. The relative balance between
the two terms is controlled by the scalar strength hyper-
parameter A. A higher value of A biases the search process
towards finding more lightweight networks.

In the search phase, for each weight channel or activation
tensor of supported layers (convolutional and linear), an
effective tensor is computed, as represented in Fig. 2l More
in detail, considering an activation tensor X and its
associated bit-width selection parameters §(™), the first step
consists in obtaining a discrete probability distribution from
the latter. Thus, we obtain a new vector 5(™) whose elements
are constrained in the [0,1] range and sum up to 1. This
can be achieved by applying one among different sampling
methods. In this paper we consider three sampling methods,
namely a softmax operation (SM), an argmax (AM) oper-
ation and a hard Gumbel-Softmax operation (HGSM). We
can thus define the sampling operation for the bit-width

selection parameters as h(d), such that for i = 0, ..., | Px|:
exp(d;/7)
~ T SM
> exp(8;/7)’
c exp(d;/7)
0 = h(d); 5 oxp(6,/7)"" — 0, ®)

exp [(0; +€)/7]
> exp[(d; +€)/7]

where T is a temperature hyper-parameter that controls the
smoothness of the distribution and ¢; ~ Gumbel(0, 1) is an
ii.d. sample drawn from the Gumbel distribution. Then, the
effective tensor X (") is computed as:

,7— 0, HGSM

x™) — Z 51(37;) . X;EZ) ()
Pa€EPX

where X, is the activation tensor quantized at p, bits. The
effective activation tensor is thus a linear combination of its
variants quantized at all the candidate precisions p, € Px.

A similar approach is applied to the weights of the
DNN. Each k-th row of the matrix (") contains a vec-
tor of bit-width selection parameters for the k-th channel
of the n-th layer. To obtain a probability distribution for
each of the channels, we apply one of the aforementioned
sampling functions to each row y,in), as in Eq. B} obtaining

ﬁ](g") =h (7,(;1)). We then compute the effective weights as:

W — Z @1(73) W) (5)
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with W,, = being the weight matrix quantized at p,, bits. This

time, ‘y,()ﬁ) is a vector with C,; elements which contains
the bit-width selection parameters associated to the p,, bit-
width for all the output channels.

The effective activations and weights tensors are used to

produce the output Y (™) of the n-th layer:
y ) = (X (=D yir () (6)

where [ represents the operation performed by the layer.

At the end of the training process, one single precision
bit-width must be assigned to each weights’ channel and
activation. Each tensor is thus replaced by its quantized
version at the precision corresponding to the highest value
in the bit-width selection parameters vector. Namely, for the
n-th layer’s activation:

XM Xé:) | po := argmax(6™) )
Pz €Px
Whereas for weights, each k-th channel can be quantized at
a different precision:

W e« W | py == argmax(3,") ®)
Pw€Pw

Notably, before applying the search procedure described
in this section, we implement batch normalization fold-
ing with the preceding convolutional or linear layer. The
rationale is that hardware equipped with solely integer
arithmetic units would not support floating point batch
normalization parameters. Thus, by emulating a full-integer
inference already in the optimization phase, we match more

closely the final deployed networks.

4.3 Complexity Regularizers

The methodology detailed in Sec. T and Sec.d2]is orthog-
onal to the cost metric selected as proxy for the DNN's
complexity (R in Eq. 2). Thus, any measure of DNN cost
can be applied to guide the training process, as long as it
is expressed by a differentiable function, given that it must
be included in a gradient-based optimization loop. Com-
monly used cost functions are hardware-agnostic proxies
for general properties of a DNN, like its size or its number
of Multiply-and-Accumulate (MAC) operations [40]. While
model size is a good proxy for memory occupation, the
number of MACs often correlates poorly with the measured
performance (e.g., inference latency or energy consumption)
on the real hardware [41]]. Therefore, more accurate regular-
izers can be introduced, which take into account a given
platform’s support for each combination of weights and
activation precision, and the corresponding efficiency.

In our work, we mainly focus on model size as
hardware-agnostic cost metric. Moreover, we introduce two
hardware-specific regularizers, to estimate the inference la-
tency on two deployment targets, namely the Mixed Preci-
sion Inference Core (MPIC) [9] and the Neural Engine 16
(NE16) [10], as detailed below.

4.3.1 Size Regularizer

If the optimization objective is to minimize the amount
of memory required to store the model’s parameters, the
activations” bit-widths do not have any impact, since they



only influence the run-time memory occupation. Thus, the
corresponding regularizer considers the effective weights
bit-width, that is, the dot product between the precision bit-
widths and the corresponding selection parameters vector
for each channel i of the n-th layer. The regularizer for a
convolutional layer can then be written as:

ol
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where K" and K" are the horizontal and the vertical ker-
nel size. The term Ci(rfe)ff represents the effective number of
input channels, i.e., those which have not been pruned away.

Specifically, for a simple case of sequentially-connected lay-
_ (n—1)

ers, C’i(nrfe)ff is computed as C\ — % 5, Using

Cinett instead of Ciy, in the cost function models the fact that

pruning an output feature map also provides benefits to the

subsequent layers since they will process a smaller input.

4.3.2 Mixed Precision Inference Core Regularizer

The Mixed Precision Inference Core (MPIC) [9] is a RISC-V
core based on the open-source RI5CY, featuring a 4-stage
pipeline and supporting all standard RISC-V extensions,
together with the XpulpV2, a DSP-oriented extension that
includes hardware loops, post-increment loads/stores, and
single-instruction multiple-data (SIMD) instructions. MPIC
extends this core by including the new XMPI extension,
which adds SIMD support down to 2 bits. Specifically, MPIC
includes a dedicated dot-product unit to parallelize MAC
operations on inputs (weights and activations) indepen-
dently quantized. It can perform 2x16-bit, 4 x8-bit, 8 x4-bit,
or 16x2-bit operations in parallel, thus gaining speedup
from lower bit-widths. For mixed-precision MACs, the
smallest operand is sign-extended through dedicated HW.
An additional speedup is anyway achieved compared to the
homogeneous-precision, thanks to the reduced amount of
fetch operations from memory.

To quantify the latency cost of executing a DNN on
MPIC, we use the Look-Up Table from [9], which comprises
latency measurements collected on fixed layer topologies.
In particular, the LUT stores the number of MAC operations
per cycle for all combinations of activations and weights
bit-widths. For a single convolutional layer n, the MPIC
regularizer R (5"~ 4(") is defined as:
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where M (™) represents the MACs operations executed
at the different p,/p, combinations in the n-th layer
and 7T represents the LUT. The number of MACs
M® (57 485 is computed as:
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where 5o &Z-(;)w represents the theoretical number of out-
put channel executed at the target p,, precision with %(:;L
the quantization parameter of the i-th channel for the p,,

weights’ bit-width, cim 3,(,7;71) represents the theoretical

in,eff
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portion of input activations processed at the target p, bit-
width and where W) and H( are, respectively, the
width and height of the n-th layer’s output. In essence,
Eq. [0 computes the number of MACs executed at every
combination of p,/p, precisions in the layer and then
uses the MACs/cycle value in the LUT to determine the
cost as a number of cycles. For the results reported in
Table[3] we compute the latency with Eq.[I0land the energy
consumption associated to an individual inference from the
power measurements reported in [9] collected with the core
running at a frequency of 250 MHz.

4.3.3 Neural Engine 16 Regularizer

Neural Engine 16 (NE16) [10] is an instance of the NEeureka
accelerator [42] composed of 3x3 processing elements (PE)
included in the commercial GAP9 System-on-Chipl|. Each
PE is responsible for computing an individual convolution
output spatial pixel over 32 output channels. The accel-
erator is tailored to perform 3 x 3 convolutions, 1 x 1
pointwise, and 3 x 3 depthwise operations, and supports
8-bit quantization for activation tensors and 2- to 8-bit for
weights. As basic blocks, NE16 includes 1x8-bit multiplier
arrays (i.e., parallel AND gates), which are used in different
configurations depending on the selected operating mode.
Specifically, for p,, > 1, the weight bits are distributed to
multiple basic blocks and the outputs are then combined
appropriately. Accordingly, the latency of MAC operations
increases proportionally to the weights precision.

The cost model that we use to determine the number of
execution cycles given the precision assignments takes into
account three main factors. (i) The weights loading latency,
which depends on the data STREAMER - a custom memory
access engine, which can reach up to 288 bits of bandwidth;
(ii) The time required by the PE matrix to complete its
MAC operations, which depends on the number of input
channels, the spatial dimensions, and the output channels,
taking into account that each PE element can execute up
to 3x3x32 parallel MAC operations, depending on the
operating mode; (iii) The latency to store the results in the L1
memory, which is given by the normal bandwidth of GAP9,
i.e., 64 bits per cycle. For the sake of space, we do not report
the complete analytical model, but we refer readers to its
open-source implementatior@.

We compute the total latency of our DNNs considering
that the accelerator runs at the GAP9’s maximum operating
frequency of 370 MHz. We do not report the energy estima-
tion for single inferences because no power measurements
are publicly available for this DNN accelerator.

On this platform, we also implement a post-search re-
finement step to our precision assignment, aimed at fully
exploiting the parallelism of the accelerator. In fact, the
assignment obtained from the gradient-based search can
sometimes have a mismatch with the hardware parallelism
(e.g. 33 channels assigned to a given precision, requiring
a second NEI16 invocation just for 1 additional channel).
In those cases, we use a deterministic optimization step
to consider increasing (but never decreasing) the bit-width
of some channels, if that leads to a reduction in inference

1. https://greenwaves—technologies.com/gap9_processor/
2.;https://github.com/pulp-platform/dory/blob/master/dory/Hard
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latency. This post-processing does not require additional
training, and takes less than 1 s on our models. Moreover,
note that it can be applied not only to NE16, but to any
target which parallelizes processing over output channels.

4.4 Training Procedure

The procedure to apply the proposed joint mixed-precision
quantization and pruning optimizations comprises three
distinct phases: warmup, search and fine-tuning. The
warmup phase consists in the training of the DNN'’s weights
only, without the additional bit-width selection parameters.
Weights are trained in floating point, and optimized only
with respect to the task loss, whereas the regularization
loss is not applied. The DNN generated by this prelim-
inary training serves as starting point for the subsequent
optimization phases.

The search phase represents the core of the optimization.
The bit-width selection parameters are trained together
with the DNN’s weights. In this step, the complexity-
dependent regularization component (R) is applied to the
loss. Throughout the search phase, when the softmax sam-
pling is selected, the temperature 7 is gradually lowered
in order to eventually make the sampling of the bit-width
selection parameters resemble an argmax operation. This
is useful when the distribution of the sampled bit-width
selection parameters is spread-out, but the major contri-
bution is associated to the 0-bit precision. During training,
the layer would get used to a non-zero output, given the
contributions from all the bit-widths, but after the final
discretization, the channel would be pruned, yielding in-
consistent behaviours with respect to the training phase.

At the end of the search phase, the bit-width selection
parameters are discretized as explained in Sec. 4.2lin order
to assign a single precision to each weight channel and
intermediate tensor. Then the fine-tuning phase trains the
final quantized version of the DNN until convergence, opti-
mizing only its weights according to the task loss term Liask.

4.4.1 Weights rescaling

As shown in Eq.[f the effective weight tensor is a weighted
average of the quantized versions of the original weight ma-
trix. However, differently from other quantizations which
all approximate the floating point weights at different pre-
cisions, 0-bit quantization always produces a constant zero
output. If the corresponding bit-width selection parameter is
non-null at the beginning of the search phase, this will lower
the magnitude of the effective weight tensor with respect to
the post-warmup value, causing a significant accuracy drop,
which in turn will lead to suboptimal precision assignments.
We counteract this problem by rescaling the weights of the
post-warmup model in such a way that the 0-bit quanti-
zation does not systematically lower the effective weight
tensor. In particular, weight channels at the beginning of the
search phase are assigned as follows:
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Fig. 3. Reordering of the weights channels by bit-width after the preci-
sion assignment

4.4.2 Bit-width selection parameters initialization

Precision selection parameters for weights and activations
(v and §) are initialized based on the assumption that low
bit-widths and pruning should be favoured in later epochs,
to avoid an excessive performance drop at the beginning
of the search phase. Furthermore, initializing all v values
uniformly would lead to instabilities when using a discrete
sampling method, since the latter might lead to the choice
of the 0-bit precision for a large portion of the network,
or even an entire layer, causing an interruption in the
backpropagation of the gradients. Thus, we initialize the
weights’ bit-width selection parameters as follows:

4 o yp, e Py (13)
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In essence, we assign progressively decreasing values to
lower bit-widths, which consequently leads to reduced as-
sociated sampling coefficients, with the lowest value as-
sociated to 0-bit (i.e., pruning). We perform an analogous
assignment also for § parameters. In this way we ensure
that, in the first training steps, the highest precisions are
selected with much higher probability, avoiding instabilities.

4.5

Our proposed approach, which assigns different precisions
to the channels of each layer of a DNN, is fully compatible
with hardware supporting mixed-precision inference and
with software libraries. As shown in the leftmost part of
Fig. B after the search phase, each channel of the weight
tensor of a given DNN's layer can be quantized at a different
precision, with no specific order. However, to allow an
efficient execution on an edge device, we can split and
reorganize the channels in different groups according to the
bit-width at which the weights are quantized, as depicted
in rightmost part of the figure. This transformation is per-
formed only once, offline, before the inference. The change
in the weight channels” order influences also the produced
output activations, as shown by the matching patterns in
Fig. Bl In turn, also the subsequent layers” weights must
be reordered accordingly, in order to maintain the correct
association between input channels and weights.

After this reordering process, the original convolutional
(or linear) layer can be split into a set of |Py| distinct
and concurrent smaller sub-layers, as depicted with the
coloured shadows in Fig.[3l Since the activations are instead
quantized layer-wise, the splitted convolutions” outputs all
have the same precision and can be easily concatenated,
before being fed to the subsequent layer. Having the ac-
tivations quantized with a channel-wise scheme as well,
would instead lead to a mixed-precision output, much more

Implementation details



difficult to store in memory so that it can be read efficiently
by subsequent layers. For this reason, we leave the study of
channel-wise activation quantization to future work.

Importantly, our proposed channel-wise MPS imple-
ments weight sharing, i.e. all the quantized weights that are
combined as illustrated in Eq.[Bloriginate from the same real-
valued weight tensor. Thus, by incrementing the number
of candidate precisions, there is only a negligible memory
overhead associated to the definition of one additional
quantization parameter per channel, rather than an entire
copy of the weights. This overhead is small regardless of
the size of the network. Moreover, given the low number of
additional parameters to be optimized, the time overhead
of the training process is also comparable with that of layer-
wise MPS for the same candidate precisions set.

5 EXPERIMENTAL RESULTS
5.1 Experimental Setup

We implement our method in Python 3.10.9 and PyTorch
1.13.1, extending the PLiNIO library [43]. We consider as
candidate precisions 0, 2, 4 and 8 bits for the weights of
the DNNSs, since they are well supported by all considered
target accelerators. We use different activations” bit-width
sets for different experiments. We use the PACT [14] quanti-
zation scheme for the activations and a symmetric min-max
quantization strategy for the weights.

We compare our method with several state-of-the-art ap-
proaches. In particular, we consider an extension of the PIT
mask-based DNAS [6], targeting also 2D convolutions. PIT
implements channel pruning with a masking mechanism
similar to our proposed method. Moreover, we also con-
sider EAMIPS [7], a state-of-the-art gradient-based mixed
precision quantization method, and the channel-wise MPS
proposed by Risso et al. [8] (denoted MixPrec in the fol-
lowing Sections). Lastly, we compare against the sequential
application of PIT and MixPrec, to assess the goodness of
our method against the usual flow of applying pruning
and quantization sequentially. As mentioned in Sec. we
deploy our mixed-precision networks on MPIC and NEL16.

We run experiments on three different benchmarks,
namely CIFAR-1(H, Google Speech Commands (GSC)
v2 [11] and Tiny ImageNelH. For CIFAR-10 we divide the
images into training, validation and test sets in the pro-
portions of 66%, 17% and 17%, respectively. The reference
architecture is a custom ResNet with 9 convolutional layers,
as in [44]. For GSC, as in [11], we consider the standard
classification setting comprising only 12 target labels, i.e.,
10 keywords from the original dataset and two additional
”Silence” and “Unknown word” classes. The training, val-
idation and test sets include, respectively, 85%, 10% and
5% of the data samples. The reference architecture is the
Depthwise Separable Convolutional Neural Network (DS-
CNN) from [44]. For Tiny ImageNet, we divide the original
training set into a training and a validation partition with
a 90:10 split. Then, we used the official validation partition
as test set. The baseline DNN is a ResNet-18. All accuracy
results refer to the respective test sets.

3.http://www.cs.toronto.edu/~kriz/cifar.html
4. Le, Y, & Yang, X.S. (2015). Tiny ImageNet Visual Recognition
Challenge.

5.1.1 Training protocol

We set the training epochs for the warmup, search and fine-
tuning phases to 500, 200 and 50 for the CIFAR-10, GSC and
Tiny ImageNet benchmarks, respectively. The cross-entropy
loss is used as task loss L. For the GSC benchmark, due
to the imbalance of the dataset, we employ class weights
equal to the inverse of the frequency of the classes’ samples.

We use the SGD optimizer with a learning rate of le-2
and momentum of 0.9 to optimize the bit-width selection pa-
rameters on all the three considered tasks. For CIFAR-10 and
GSC, we use the Adam optimizer with learning rate equal
to le-3 and weight decay of le-4 for the DNN’s weights;
while for Tiny ImageNet we use the SGD optimizer with
learning rate equal to 5e-4, momentum of 0.9 and weight
decay of le-4. For CIFAR-10, for both the weights” and bit-
width selection parameters” optimizers, we reduce at each
epoch the learning rate by a factor of 0.99; while we decay
the learning rate by 0.1 every 7 epochs for Tiny ImageNet.
For GSC we halve the learning rate at epochs 50 and 100,
and we divide it by 2.5 at epoch 150.

We apply early stopping with patience equal to 50,
using as control metric the validation accuracy for CIFAR-
10 and Tiny ImageNet, and the validation loss for the GSC
benchmark due to the dataset’s imbalance.

The initial softmax temperature is set to 1, and lowered at
every epoch by =004 for CIFAR-10 and GSC as proposed
in [45], and by 0.638 for Tiny ImageNet. The rationale behind
the latter value is to obtain the same final temperature de-
spite the fewer training epochs. To ensure a fair comparison
also in terms of training budget between our method and
the reference models quantized at fixed-precision, we train
all baselines for a total number of epochs equal to the sum
of warmup, search and fine-tuning epochs.

5.2 Sampling Methods Comparison

Fig. [ reports the results obtained by applying our method
on the three benchmarks, using the size regularizer as cost
metric. Each point in the curves represents a model trained
with a different value of the regularization strength ()).
Only the DNNs belonging to the Pareto front according
to the validation metrics are reported. Each plot shows as
baselines the reference architecture trained in floating point
(FP) and three fixed-precision versions with the weights
quantized at 2, 4, and 8 bits. The activations are quantized
at 8 bits since they do not impact the model size. Each color
of the curve is associated to a different sampling method.
The leftmost plot shows the results on CIFAR-10. We
obtain three rich Pareto fronts of architectures, with varying
size between few kilobytes up to 77.12 kB. It is noticeable
how the softmax sampling consistently outperforms the
other methods. At iso-accuracy with respect to the floating
point seed model, which requires 309.44 kB for the param-
eters, we achieve a 80.86% reduction in model size; and
a reduction of 23.43% with respect to the fixed-precision
w8a8 baseline. Furthermore, our proposed method is able to
push the model size reduction even further at a cost of few
percent in accuracy. With an accuracy drop of only 1.67%,
we have a model of size equal to only 26.41 kB, i.e., 91.46%
smaller than the floating point seed model. At iso-accuracy
with the w2a8 reference model, i.e. 71.81%, we obtain a
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Fig. 5. Comparison of the results obtained by our proposed method with other state-of-the-art approaches. The architecture optimized by PIT that

is used as input for MixPrec is denoted as PIT Seed.

model of only 5.89 kB in size, 98.10% and 69.54% less than
the seed and the w2a8 models, respectively.

The middle plot reports the results on GSC. Also in this
case, the softmax sampling method yields the best trade-
offs in the accuracy vs. model size space. With an increase
in accuracy equal to 0.37%, we obtain an 87.76% decrease
in the model size with respect to the floating point seed,
whose size is 88.06 kB. At iso-accuracy with respect to the
8-bit baseline, we obtain a solution associated to a 47.50%
smaller size. Furthermore, with a reduction equal to 2.35%
in accuracy with respect to the FP seed, we have a model
of 2.98 kB in size, 96.62% and 45.90% smaller than the seed
and the w2a8 baselines, respectively, while also being more
accurate (+6.97%) than the latter.

On Tiny ImageNet (rightmost plot), the softmax sam-
pling leads to the best trade-offs in the smallest sizes region.
For higher sizes, instead, the argmax and hard Gumbel-
Softmax methods yield slightly better results in terms of
predictive performance. However, the differences are mostly
negligible. On this more complex benchmark we do not
obtain any model at iso-accuracy with respect to the FP
seed, although we approach it closely. The most accurate
model achieves 70.08% in accuracy, with a 75.48% size
reduction with respect to the FP seed (45.05 MB), and a
1.91% size reduction compared to the w8a8 baseline, while
being slightly less accurate (-0.06%) than the latter. While
the method does not lead to any solutions that dominate
the w4a8 reference model, it yields significant enhancements
for higher regularization strengths. At iso-size with respect
to the w2a8, we improve accuracy by 2.39%. Furthermore,
with an additional 1.08% of accuracy with respect to w2a8,
we have a 12.15% smaller size.

From these experiments, we conclude that Softmax is the
most stable sampling strategy, since it yields the best results
on CIFAR-10 and GSC, and has a comparable performance
with the other sampling methods on Tiny ImageNet. Thus,
we employ Softmax sampling in all following Sections.

5.3 State-of-the-art Comparison

Fig. Bl compares our method against state-of-the-art ap-
proaches. The selection of the architectures belonging to the
Pareto curves is based on the validation accuracy vs. model
size trade-off. To evaluate the concatenation of PIT and
MixPrec, we first obtain a set of architectures by applying
PIT to the floating point model, then choose one of them as
seed for MixPrec (shown with a black plus symbol). Lastly,
we use this seed to perform a new set of MixPrec searches
(by varying the A in Eq.[2) to obtain the final Pareto front.

In the leftmost plot of Fig. bl we report the results on
CIFAR-10. In the size range delimited by the w4a8 and w8a8
baselines, the results obtained by our method are compara-
ble to the ones achieved by all other MPS approaches. The
differences reveal themselves for smaller sizes, i.e., higher
regularization strengths, where the curves exhibit distinct
trends. In particular, EAMIPS and MixPrec have a tight
lower bound in terms of size, associated to the assignment
of the lowest bit-width to the entire DNN. This leads to the
same size value obtained by the fixed-precision w2a8 base-
line. The associated accuracy instead varies due to the differ-
ent weights’ optimizations carried out in the search phase.
In particular, with EAMIPS we obtain a large accuracy drop
at iso-size with the w2a8 baseline because the training could
not converge properly. Our method can instead overcome
such lower bound and find Pareto solutions with lower
sizes, thanks to the application of pruning. When compared
to the results obtained with the sequential application of PIT
and MixPrec, our optimization method yields comparable
or superior trade-offs. This is due to the fact that we allow
a broader flexibility in the precision assignments in the
DNN. Instead, when applying PIT first, and MixPrec in
a subsequent step, the former narrows the latter’s search
space, potentially leading to suboptimal solutions.

We present the results on GSC in the central plot of Fig.
EdMIPS and MixPrec yield comparable results with each



TABLE 2
Average total training time speed-up of our approach with respect to
the sequential application of PIT and MixPrec

CIFAR-10
3.9%

Dataset GSC  Tiny ImageNet

2.7x 3.1x

Average speed-up

other, with very similar Pareto fronts. Our method achieves
an accuracy of 91.60% with a model size of 2.98 kB. At
iso-accuracy, we reduce size by 56.17% with respect to the
6.79 kB model found by MixPrec. Our method also leads to
comparable results with respect to the concatenation of PIT
and MixPrec. This is due to the fact that the reference FP
model is highly over-sized, thus the pruning performed by
PIT does not remove fundamental channels which cannot be
recovered afterwards. Furthermore, quantization at low bit-
widths does not wreck accuracy, allowing MixPrec to reduce
the precision with negligible performance impact.

However, as shown in Table 2] our method significantly
reduces the total search time with respect to the concatena-
tion of PIT and MixPrec. Individually, a single PIT epoch
requires 1.8x more time than a standard training epoch
of the reference DNN, while for both MixPrec and our
proposed approach, the overhead is 4.3x. On the other
hand, obtaining a seed for MixPrec when the two methods
are applied sequentially requires to first derive the full
Pareto curves of architectures with PIT. Thus the overhead
to obtain a single solution is (1.8 N + 4.3) times the floating
point model’s training time, where N is the total number
of models trained with PIT, which can be higher than the
number of Pareto points. For instance, for GSC, we had to
train 4 PIT models to obtain the Pareto front shown in Fig.[6]
resulting in a total overhead of 11.5 x. This is approximately
2.7x higher than the total time required by our joint method
to obtain the same result.

In the rightmost plot of Fig. B we report the results
on Tiny ImageNet. As observed for the other benchmarks,
the different methods lead to similar results for larger
DNNSs. The benefits of our approach are most visible for
smaller models. With a model 12.15% smaller than the w2a8
baseline, we achieve a higher accuracy (62.21% vs. 61.13%).
The concatenation of PIT and MixPrec yields slightly better
results, with a 10.29% size reduction at iso-accuracy with
respect to our solution. With an accuracy of 58.11%, our
proposed method is instead able to achieve a 16.96% size
reduction with respect to PIT + MixPrec at iso-accuracy.
Furthermore, we have a =~ 3.1 x lower search time overhead
(considering the 5 models on the PIT Pareto front).

5.4 Deployment

In Fig. [6l we report the results obtained on CIFAR-10 by
coupling our method with the latency cost models for MPIC
and NE16 described in Sec. Also in this experiment,
we kept the activations at 8 bits to have a fair comparison
between the models obtained with the two cost models,
since it is the only bit-width that NE16 supports for the
intermediate tensors. The green dashed curves represent the
Pareto fronts obtained by applying the NE16 latency cost
model explained in Sec. The blue curves instead are
obtained by applying the MPIC cost model of Sec.
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Fig. 6. Comparison in the accuracy vs. cycles space of models trained
with different cost regularizers, on CIFAR-10. The leftmost plot presents

the results obtained when considering MPIC as actual deployment
target. The rightmost plot those with NE16 as deployment target.

In the leftmost plot of Fig.[6] we present the accuracy vs.
execution cycles trade-off of each model, when deployed
on the MPIC hardware. The rightmost plot presents instead
the results obtained by deploying the trained models on
the NE16 accelerator. We also report the results of models
obtained with the “wrong” cost model for both targets,
to show the importance of hardware-awareness. Indeed,
while using a cost model tailored to a different hardware
does not impact the results significantly in the MPIC case,
mainly thanks to the flexibility of this CPU-based platform,
the benefit of matching the complexity metric to the actual
hardware platform are significant in the case of NE16. For
example, at iso-accuracy with the baseline w2a8, we obtain
a model with a 22.14% increase and a 50.43% decrease in
number of cycles on the NE16 hardware when using MPIC
and NE16 cost models, respectively. This is due to the more
complex dataflow and spacial parallelism of this accelerator,
which make it more convenient to assign the same bit-width
to entire chunks of channels, otherwise some computational
bandwidth is wasted and the latency gain is reduced. This
is taken into account by the NE16 model, but not by the
MPIC one, thus leading to suboptimal solutions.

We report a detailed overview of models sampled from
the Pareto curves of Fig. [6l in Table Bl In particular, we
select for each target hardware the Pareto-optimal model
with most cycles (High), and the fastest one achieving a
validation accuracy greater 70% (Low). Additionally, we
selected a third intermediate model (Medium) as the one
with the number of cycles closest to the average between
High and the Low. We report the accuracy, size, number of
cycles, latency and energy per inference. We also include the
baseline fixed-precision models.

The High, ;,;~- model has a comparable cost, in terms of
latency and energy, with respect to the reference w2a8 on
MPIC, but an additional 14.47% in test accuracy. This is
associated to the application of pruning to cut out certain
channels of the DNN. However, the same model deployed
on the NE16 accelerator is associated to a 136% increase
in latency, because of the mismatch between the two cost
models. The Lowngis model achieves +1.78% test accuracy
and a latency reduction of 89.20% and 50.43% on MPIC and
NE16, respectively, when compared to the w2a8 baseline.

Notably, we expect the cost model’s impact to be partic-
ularly evident on tiny DNNSs. In fact, it is for these models
that a precision assignment not fully matched with the
target hardware characteristics (e.g. its parallelism) incurs
the largest (relative) overhead. Thus, while our method
can scale to larger networks and dataset, its HW-awareness
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TABLE 3
Performance on CIFAR-10 of models trained with the MPIC or the NE16 regularizer, and of three baselines quantized at fixed-precision
MPIC NE16
ModelTrining target bw  Test Accuracy (%)  Size (kB)  Cycles (X 10%) Latency (ms) Energy (uJ) Cycles (x10%) Latency (ms)
Highy pic 86.28 74.98 5.038 20.15 108.46 186.014 0.50
Mediumypic 84.83 59.18 3.528 14.11 75.96 163.829 0.44
Lowwpic 71.78 6.84 0.636 2.54 13.69 96.394 0.26
Highy ;16 86.20 75.92 5.251 21.00 113.05 149.796 0.40
Mediumpgie 84.02 47.12 2.862 11.45 61.62 117.144 0.32
LownE1s 73.59 12.90 0.540 2.16 12.01 39.119 0.11
w8a8 86.26 77.36 5.953 23.81 128.17 155.241 0.42
w4a8 85.46 38.68 5.435 21.74 117.03 104.361 0.28
w2a8 71.81 19.34 5.001 20.00 107.66 78.921 0.21

feature is particularly relevant at small scale.

5.5 Ablation studies
5.5.1 Models analysis

In Fig. [/l we report the share of assigned precisions to the
weights’ channels of each layer. We consider three models
trained on the GSC benchmark using the size cost model,
comparing our method with MixPrec and MixPrec + PIT. We
picked from the Pareto fronts of Fig.Blthe points highlighted
with red circles, to analyze the condition in which the
different techniques’ results differ the most. As expected,
the concatenation of PIT and MixPrec leads to a higher
percentage of pruned channels with respect to our proposed
method for almost all the layers. This happens because PIT
can only remove entire channels to reduce the DNN’s com-
plexity, thus the search space is significantly smaller. The
channels which are not pruned are then quantized at a high
bit-width by the MixPrec approach not to lose additional
capacity. On the other hand, our proposed approach tends
to apply pruning less and exploit lower bit-widths to reduce
the DNN’s complexity. This is enabled by the larger search
space, which is not restricted by optimization choices of an-
other approach applied beforehand. The single application
of MixPrec, not coupled with any pruning technique, leads
to DNNs which have a higher percentage of parameters
quantized at 2 bits. This is expected, since for high strength
values, 2-bit is the lowest complexity option available for
MixPrec, which selects it for most channels, although many
of those could be completely eliminated without affecting
accuracy (as shown by our method).

In Fig.[8lwe show the impact of the adopted cost regular-
izer on the weights precision assignment. We consider three
cost models, i.e., Size, MPIC and NE16, with the activations
fixed at 8 bits for a fair comparison. We then take three
DNNs for each cost model, selected from the Pareto fronts
on CIFAR-10 using the same rationale of Table Bl For all
the three “High” DNNs (leftmost plot), most of the weight
parameters are quantized at 8 bits, i.e. the highest possibile
precision, as expected. In “Medium” models (central plot),
very few parameters, if any, are quantized at 2 bits, since
it is the least interesting precision due to the low represen-
tational capacity, but not negligible cost. In contrast, 4-bit
channels represent a significant component, especially for
the size and NE16 regularizers, costing less then twice the
2-bit ones while providing significant accuracy advantages.
For what concerns “Low” models, except when trained with
the MPIC regularizer, the 4-bit precision is assigned more of-
ten than 8-bit. In particular, with a more deepened analysis,

it is possible to see that the 8-bit precision is favored only in
the final layer, which is a common finding [7], [28]. Size is
the only cost regularizer leading to some weights” channels
being quantized at 2 bits. The MPIC cost model mainly
favors pruning and keeps most of the other weights at 8
bits, since there is not a sufficient cost difference between
this and smaller bit-widths. The NE16 cost model, instead,
encourages a more spread-out distribution between 4- and
8-bit but entirely avoids 2-bit precision. The reason is that
the NE16 cost model does not scale linearly with the output
channels, as each processing element (PE) handles groups
of 32 output channels (Sec. £3.3). Consequently, running a
single channel at one precision incurs the same cost as run-
ning 32 channels, implying that to enhance latency, the NE16
accelerator should execute at least 32 2-bit filters. However,
this would lead to suboptimal solutions from an accuracy
standpoint, and is thus avoided by the optimization.

552

All previous results have been obtained fixing the activa-
tions” precision at 8-bit, either because reducing it was not
beneficial (when optimizing for model size) or to enable
a fair comparison between MPIC and NE16 cost models.
Fig. @ shows instead the result of applying our MPS method
also to activations, with a layer-wise granularity, selecting
between 2, 4 and 8-bit precision. The resulting Pareto curve,
in orange, is compared against weights-only MPS with 8-bit
activations (in blue). All fixed-precision baselines are also
reported, except for the w*a2 ones, which incur a very low
accuracy (< 40%) that is not acceptable for any computer
vision task. For the sake of space, we only report the results
on CIFAR-10, and we use the bitops cost model [7] as a
hardware-agnostic latency proxy.

Reducing the activations’ precision below 8-bit generally
provides a better trade-off, as expected. The maximum gain
is obtained considering the second point from the left of the
two curves: in this case, when allowed to reduce activations’
precision, our method improves accuracy by 4.61% while
also reducing the bitops by 28.51%. However, for all other
cases, the average accuracy difference between DNNs with
similar bitops is less than 1%. This is in contrast with the
results of the baselines, where for instance, w4a4 achieves
a very good trade-off, with equal bitops and +12.14% test
accuracy compared to w2a8. The differences are also lower
than those reported by some previous MPS methods [7],
[8]. We argue that this is an effect of the possibility of
pruning weight channels introduced by our method. When
this option is not available, reducing activations’ precision

Impact of activations’ quantization
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Fig. 9. Pareto fronts of architectures obtained by either quantizing the
activations at 8 bits or assigning the precision layer-wise from the set
Px = {2,4,8} on CIFAR-10

can be highly beneficial; vice versa, when possible, reducing
the number of features by pruning weight channels (while
keeping their precision at 8-bit) results in a representation
capacity that is comparable to keeping all features, but at
a reduced bit-width. Insights such as this, which clearly
depend on the selected precision set, DNN model, and
quantization scheme, can be revealed by our proposed
method, and might be useful to drive future hardware
design decisions.

6 CONCLUSION

We have proposed a gradient-based optimization method
for DNNs that is able to apply structured pruning and
channel-wise MPS at the same time. This enables a speed-
up in the optimization process, since it avoids the time-
consuming sequential application of pruning and quanti-
zation techniques. Furthermore, it allows the exploration
of a broader search space, not restricted by the choices of
the first optimization technique applied. In addition, we
have shown the importance of hardware-aware cost models
for this optimization. Our method is able to achieve up to
56.17% size reduction at iso-accuracy when compared to a
previous state-of-the-art method. With respect to 8-bit and
2-bit fixed-precision DNNs, we obtain a size reduction of up
to 47.50% and 69.54%, respectively, without accuracy drops.
As future work directions, we would like to expand our
approach to support also transformer-based architectures.
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