
Politecnico di Milano • Honours Programme • October 2024 • CCS Track

Research Project Proposal: Input-Aware
Dynamic Quantization in Deep Neural

Networks
Mehmet Emre Akbulut, mehmetemre.akbulut@mail.polimi.it

1. Introduction to the problem

Tiny Machine Learning (TinyML) is a subset of Machine Learning that serves as a link between the ML domain
and the embedded system ecosystem. It enables us to employ advanced machine learning capabilities on edge
devices with limited memory, computation power, and energy consumption, while also offering reduced latency
and better privacy through on-device data processing.

Besides all the advantages mentioned above, many challenges arise when deploying machine learning models
into resource-constrained devices. Most of the obstacles originate from heterogeneity and resource constraints of
the edge devices with lower memory capacity, compute power, and energy consumption [1],[12]. In the field of
TinyML, a variety of approaches and methods are used to overcome these issues. One of the main techniques
used to compress and deploy these models on devices with limited resources is low-precision quantization.
Quantization algorithms are mainly grounded on the idea of reducing the precision of weights, biases, and
activations. In other words, a 32-bit full precision model is compressed to a low-bit representation by employing
bit widths from 8-bit to 1-bit.

Quantization of machine learning models leads to reduced memory consumption and computation without
changing the current architecture. Prior works show that different quantization algorithms enable us to deploy
models that have significantly lower memory consumption and fewer arithmetic operations with little loss in task
performance. Quantization also increases the inference speed since it enables faster execution through simpler
operations instead of full-precision floating-point operations.

Various quantization techniques are available in the literature so far. Earlier works generally focused on the
weight quantization methods [5], [17], [7]. Later activation bit precisions are taken into consideration [11],[16],
[4]. One of the important techniques is the mixed-precision quantization of neural networks. Deep neural
networks consist of different layers such as convolutional layers and fully connected layers which also vary among
themselves. Mixed-precision quantization offers flexibility to select different precisions for different layers with
the support of specific hardware [10], [14], [3], [13]. However, in the mixed-precision approaches, current solutions
in the literature use pre-defined, fixed bit widths for each layer, that can not be modified without retraining the
model. The thesis aims to explore the solutions to reduce memory and computation overhead at run-time by
employing a dynamic quantization approach while focusing on choosing efficient bit precisions for different
layers considering the given input. Eventually, an instance-aware dynamic quantization framework that reduces
memory consumption and computation overhead while ensuring minimal accuracy loss. In other words, from
a set of candidates varying from 1 to k bit width (b1, b2, ..., bk), for each layer Ln, efficient bit precision is chosen
depending on the given input to the model with n layers.

In most existing quantization methods, the bit width for each layer stays the same for all samples in a dataset.
Even though a mixed precision approach is employed, bit precisions of the layers stay the same for all the input at
runtime when doing inference. But natural images vary a lot in their content, so using the same quantization
settings for every sample can be sub-optimal in many scenarios [9]. Especially for tasks such as image classification,
this approach leads to better performance and efficient use of resources because more easily classifiable images
with relatively low details need lower computational effort. Naturally, the model can use lower bit precision for
these types of images, while using higher bit precision for complex images that need more computation effort to
be classified.
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2. Main related works

Even though lots of work is done in quantization, it is more limited for the research in dynamic quantization
based on the input data.

In the dynamic network quantization literature, one of the very first works was published in 2018 [15]. In this
paper, a Dynamic Network Quantization framework utilizes bit widths of layers via bidirectional LSTM which
exploits the reinforcement learning. The framework was based on weight quantization and uses RL which leads to
high computation overhead. Also, layer bit widths are fixed during inference.

Furthermore, AdaBits were proposed to allow dynamically adjust bit precision of the model during inference
[6]. The main drawback of this paper is that all layers share the same bit precision so the framework cannot exploit
the advantages of mixed precision.

In [2], a bit predictor, Bit-Mixer, which focuses on choosing bit precisions for each layer on inference time is
proposed. Bit-Mixer optimizes the bit precisions considering the resource availability and performance instead of
focusing on the input.

One of the earliest research focused on the input is D2NN [8] which executes a subset of the neurons depending
on the given input.

An Instance-Aware DQNet framework , which consists of a predictor bit controller network trained together
with the model itself, is proposed in [9]. This framework is the most similar work to our thesis so we will focus on
the possible directions considering the results of this paper.

3. Research plan

The primary goal of the research is to develop and evaluate a novel dynamic quantization framework for resource-
constrained TinyML applications. Mainly, we aim to answer the research question "How can we design and implement
an instance-aware dynamic quantization framework that adapts bit precision considering given input for devices with limited
memory and computation power while maintaining model accuracy?". In short, the goal of the research is to design,
implement, and deploy a framework that enables dynamic quantization concerning given input in edge devices,
by exploring the current solutions in literature and improving them.

The nature of this research mainly lies between theory and application. To create a novel approach we need to
take current literature further and explore possible ways to apply instance aware bit precision selection process in
dynamic settings. To achieve this many architectures and algorithms will be discussed in detail. Furthermore, the
research focuses on deploying this framework on a real edge device with limited resource availability, so at this
step, the applicability of the developed research will be considered.

Currently, we are at the problem analysis and formulation phase of the research plan. Defining the problem to
be worked on and grounding the research plan are the two possible outcomes of this step. Secondly, the following
task is to analyze the current state-of-the-art solutions in detail for the instance-aware dynamic quantization
domain. Our main goal after a detailed literature review is to explore possible improvements on top of the research
available. After all these steps together, a more solid research direction will be determined.

After these two steps, the implementation phase will be started by choosing the proper neural networks that
will be worked on such as ResNet, MobileNet, etc. Afterward, our theoretical assumptions and conclusions around
input-based dynamic quantization will be shaped. A set of different solutions and versions are aimed to start
experiments after the implementation and development of these candidate solutions. At this step, setting the
experiment setup is so crucial to avoid some biases at the evaluation phase. Tasks such as training the neural
network, implementing quantization schemes, and collecting metrics/results need to be done in an attentive and
precise way. Parallel to the results and evaluation, meanwhile thesis writing should be started to create a detailed
and meticulous final submission document and consider possible applications to journals and conferences. The
evaluation methods are explained below in the GANTT chart.
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Figure 1: Gantt Chart

In the field of TinyML, the real concern is maintaining model success (accuracy, precision, AUC, etc) while
reducing resource usage such as memory consumption and computation. Apart from this, several parameters,
FLOPs, and MAC (multiply-accumulate) operations are some of the pivotal metrics used when calculating
efficiency. At this step, bit precisions of MAC operations are taken into account because doing an operation with
32-bit floating point representation consumes much more resources than doing it with lower bit precision such as
an 8-bit integer or less. Eventually, the model accuracy will be evaluated together with memory consumption and
computation overhead. Apart from this, a real deployment on a resource-constrained edge device will strengthen
our assessment through testing the developed solution in real-world scenarios, which differs from previous works
that generally introduce the results concerning metrics such as several FLOPs, MACs, etc. Briefly, the successful
deployment of the proposed framework in real-world settings is considered the final step of the research.
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