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CHAPTER 1 — INTRODUCTION
1.1 Background

The push for faster performance and longer battery life in today’s embedded
systems means power efficiency isn’t optional—it’s become a core challenge
in designing SoC architectures. With more devices running on batteries and
portability being key, there’s real pressure to get power consumption down,
but not at the cost of speed.

Dynamic Voltage and Frequency Scaling (DVFS) plays a big role here. The
idea is simple: adjust the system’s voltage and clock frequency on the fly,
matching them to what the workload actually needs at any given moment.
Because dynamic power goes up with the square of voltage and rises linearly
with frequency, controlling both is pretty effective for saving energy.

But there’s a catch. The usual DVFS techniques only react to changes—they
don’t see them coming. So, they end up making decisions based on what’s
happening now (or even a moment ago), which means if the workload
suddenly jumps, the system is always a step behind. This leads to short
periods of wasted power and even performance hiccups.

DYNAMIC VOLTAGE AND FREQUENCY SCALING (DVFS) IN SoC
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Fig. 1. Basic Concept of Dynamic Voltage and Frequency Scaling(DVFS)

1.2 Problem Statement
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Current DVFS systems just don’t look ahead—they only adjust frequency
after spotting a change in workload. That causes delays and, frankly, wastes
power. So we’re left with three problems:

* Power is used inefficiently during workload shifts.
* The system is slow to adjust frequencies, adding lag.
* Overall performance takes a hit—it never fully keeps up.

These issues make it clear: we need smarter DVFS. The system should
predict what’s coming and adjust in advance.

1.3 Proposed Approach

That’s where this project steps in. We’re bringing a lightweight neural
network into the DVFS controller for Mini-SoCs, so the system becomes
predictive instead of reactive. The neural net learns typical workload patterns
and can raise or lower frequencies before they spike, letting it get ahead of
the curve.

The whole setup is a full hardware-software co-design. We built the model
in TensorFlow, turned it into hardware with NNgen, and checked its logic
through Verilator simulations. To top it off, we measured power usage using
SAIF-based estimation in Yosys.

1.4 Contributions of the Work
Here’s what this work brings to the table:

* Predictive DVFS for Mini-SoCs: Developed a frequency scaling system
that uses machine learning to anticipate system needs rather than just follow
them.

* Efficient Model Integration: Packed a neural network into hardware with
the NNgen tool, so it stays slim and fits into resource-limited designs.

* FSM-Based Control Logic: Built a finite state machine to handle DVFS
control, keeping transitions smooth.

* Verilator Performance Checks: Verified the system’s functions with high-
speed, detailed hardware simulation.
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* Real Power Analysis: Used SAIF data for precise power measurements in
Y osys—no guesswork.

* Direct Comparisons: Ran side-by-side tests against traditional DVFS setups
to show exactly where and how the new system outperforms them.

SECTION II — LITERATURE REVIEW
2.1 Overview of DVFS Techniques

DVEFS has been the standard tool to trim power in digital systems for years.
It tweaks voltage and frequency on the fly, using feedback from the
workload, overall usage, or some simple rules and thresholds.

The main approaches people use include:
« Static threshold-based methods

* Feedback control loops

* Heuristic and rule-based algorithms

Easy to set up? Definitely. Adaptable? Not really. Because these systems
only respond to what’s happening now—or what’s just happened—they’re
slow to react when things change suddenly.

2.2 Limitations of Conventional DVFS

The old methods all share one weakness: they’re reactive. They only kick in
after load has already changed. That creates a few headaches:

* Adjustment lag: When workload spikes, system frequency ramps up too
late, so you get short-term performance drops.

» Wasted power: When things calm down, the system stays at high power too
long—burning energy unnecessarily.

* Inefficient resource use: Since the system’s always chasing the curve, it
can’t manage resources effectively for what’s ahead.

In embedded SoCs and Al-driven systems, where activity is unpredictable,
these delays are even harder to ignore.
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2.3 Machine Learning-Based Power Optimization

Now, to overcome these sticking points, researchers are using machine
learning to make smarter, more proactive power management decisions.
Instead of always reacting, ML models look at trends in data and predict
where the workload’s going—so the system can get ready in advance.

There’s momentum in a few key directions:

* Regression models for workload predictions

* Reinforcement learning that lets systems adapt through experience
* Neural networks that directly control dynamic scaling

Real-world tests prove these ML techniques work better: they cut out lag and
lead to real power savings because they anticipate what’s needed, not just
what’s already happened.
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Fig. 2. Architecture of machine learning-based DVFS system

2.4 Existing ML-Based DVFS Approaches
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A bunch of studies tackle ML-powered DVFS, usually by training a model
to predict system demands, which then guides DVFS adjustments. But there
are still obstacles:

* Too heavy for small SoCs: Many models eat up too much power or are just
too large for lightweight chips.

* Stuck in simulation: Most projects run only in software and never make it
to hardware, so real performance goes untested.

» Power analysis lacks detail: Evaluations often depend on high-level
estimates, not real hardware data with accurate switching activity.

2.5 Research Gap

Despite the promise of ML-based DVFS, there’s still a shortage of true
hardware-ready, lightweight models for resource-constrained SoCs.

Here’s what’s missing:
* Simple, deployable hardware models that won’t overwhelm tiny chips
* RTL-level integration for rigorous testing in real hardware contexts

* Detailed, low-level power analysis using actual switching data (not broad
estimates)

* Apples-to-apples benchmarking between ML-powered and traditional
DVFS methods under the same conditions

2.6 Motivation for Proposed Work

This project tackles those gaps directly. We’ve built an ML-powered DVFS
that’s both efficient and hardware-friendly—a framework that bakes a neural
net straight into the DVFS controller for Mini-SoCs, making use of NNgen
to do it.

What makes this work different? Four things:
* [t’s designed for actual hardware, not just simulations.

* The neural network is light on overhead, keeping the overall system
energy-efficient.
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* We use professional, industry-standard tools for power analysis, not rough
estimates.

* We put our system head-to-head with classic DVFS so we get clear, fair
results on what really works better.

SECTION III — PROPOSED METHODOLOGY
3.1 System Overview

Here’s the big picture: This system brings together Adaptive Machine
Learning and Dynamic Voltage and Frequency Scaling (DVFS) inside a
Mini-SoC setup. The main goal? Change the operating frequency ahead of
time based on what the workload looks like it’ll be, so we get better power
use and smoother performance.

The whole architecture breaks down into three parts: a unit that watches
system activity, a machine learning model that makes predictions, and a
DVFEFS control unit. First, the workload monitoring unit gathers system
activity numbers (things like switching behavior or utilization). Those go
into the ML model, which predicts what’s coming. The DVFS controller
then takes this output and adjusts the frequency to match.
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Fig. 3. Proposed ML-assisted DVFS system architecture
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3.2 Workload Monitoring and Dataset Generation

To monitor system workload, we track things like utilization

Vol 26 Issue 05, May 2026

and switching

patterns during simulation. We record these metrics under a variety of
operating conditions, so the dataset covers lots of different workload types.

Each sample in the dataset pairs a set of activity features with the ideal
frequency level for those conditions. We build this dataset using multiple

simulation runs to capture plenty of variability.
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3.3 Machine Learning Model Design

For predictions, we use a lightweight Multi-Layer Perceptron (MLP). It’s a

simple neural network that fits well into hardware. The mode
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input layer that grabs workload features, has a hidden layer with 8 to 16
neurons, and ends with an output layer that gives the best frequency level.
We train it in TensorFlow using supervised learning, then convert it to
hardware using NNgen. This way, the ML predictor fits right into the Mini-
SoC’s hardware.

LAYER 1: LAYER 2: LAYER 3: LAYER 4:
INPUT LAYER HIDDEN LAYER 1 HIDDEN LAYER 2 OUTPUT LAYER

Predicted
Frequency

Workload _)
Features

Neural
Network
(NN)

Fig. 10. Architecture of the multilayer perceptron (MLP) model

3.4 DVFS Control Unit

The DVFS controller uses a straightforward Finite State Machine (FSM). It
manages a set of fixed frequency levels and moves between them based on
the ML model’s predictions. The FSM makes sure frequency changes
happen smoothly — no wild swings that could harm performance.

Fig. 6. RTL block diagram of conventional DVFS system
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3.5 Hardware Implementation Flow

We use a classic hardware-software co-design flow. First, we generate the
dataset, then train the ML model. Once the model’s ready, we use NNgen to
turn it into register-transfer level (RTL) hardware. The DVFS controller and
ML module are combined, and then we run the whole system with Verilator
to test things out. We rely on GTKWave for waveform analysis to really see
what’s happening inside.

3.6 Power Analysis Methodology

For power analysis, we look at real switching activity. Simulations create
VCD files showing signal transitions during operation. We convert those to
SAIF format and analyze them in Yosys. This approach gives accurate
numbers for dynamic power use, letting us compare a standard DVFS setup
against our ML-assisted method.

SECTION IV — RESULTS AND ANALYSIS
4.1 Simulation Setup

We put the ML-based DVFS system through its paces using a variety of
workload scenarios, simulating everything in Verilator. We also capture all
the switching activity for later power checks. The tests pit the proposed
approach against a conventional reactive DVFS system, both running under
the same conditions.
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Fig. 11. Dataset representation used for training the ML model
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4.2 Functional Verification

Waveform analysis tells the story: the ML model predicts workload changes
from activity inputs, and the DVFS controller reacts to adjust the frequency.
Overall, the ML-assisted system reacts faster than the conventional
approach, cutting down on delays when scaling frequency.

File Edit Search Time Markers View Help

L1B3B @ A QM e~ € P From: Osec To: 210ns C' Marker: 210ns | Cursor: 292 ps
~ ssT signals
xme
& .. uut activity internal[7:0]=¢
clkdiv activity out[7:0]=¢
dvfs clk=¢
u_workload dvfs clk=:
freq sel[1:0]=¢ [&3
rst=
activity[7:0]=¢ [
freq sel[1:0] =¢ [
activity[7:0] =4
Type  signals clk_out=

reg clk counter[3:0] = @
reg rst rst=¢

Filter:

Fig. 12. GTKWave waveform showing workload prediction and
frequency scaling

4.3 Power Analysis

With SAIF-based power estimation through Yosys, we see that the ML-
assisted system uses less dynamic power than the standard DVFS setup. This
drop in power comes from predicting workload surges early, so the system
doesn’t waste energy running at top speeds when it doesn’t have to.
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Fig. 13. Power consumption versus CPU utilization for DVFS operation
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4.4 Performance Comparison

Vol 26 Issue 05, May 2026

Parameter Traditional DVFS ML-Assisted DVFS
Control Type Reactive Predictive

Response Time Delayed Faster

Power Efficiency Moderate Improved

Frequency Scaling After workload change Before workload change
System Adaptability Limited High

4.5 Discussion

There’s a clear win here — predictive control via ML pushes DVFS ahead of
old-school reactive methods. Using a lightweight neural model keeps things
lean, so the system doesn’t get bogged down by heavy hardware. Still, the
added complexity from including a neural network isn’t nothing, especially
if you’re tight on resources.

SECTION V— CONCLUSION AND FUTURE WORK
5.1 Conclusion

To sum it up, this work introduces an Adaptive ML-assisted DVFS
framework for making Mini-SoCs more power-efficient. By adding a simple
neural network to the DVFS controller, the system predicts and adapts to
workload changes ahead of time. Using NNgen, we brought the model into
hardware and checked everything out with simulation and SAIF-based
power estimates. Results prove it: we get lower power use and faster system
response compared to traditional DVFS.

5.2 Future Work

Looking forward, there’s room to sharpen the ML model even more, maybe
by moving to something like reinforcement learning. Real-world validation
on FPGA or ASIC platforms is another logical step. Plus, further fine-tuning
could help cut down hardware overhead, making the approach scalable for
bigger SoCs.
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	2.5 Research Gap
	Despite the promise of ML-based DVFS, there’s still a shortage of true hardware-ready, lightweight models for resource-constrained SoCs.
	Here’s what’s missing:
	• Simple, deployable hardware models that won’t overwhelm tiny chips
	• RTL-level integration for rigorous testing in real hardware contexts
	• Detailed, low-level power analysis using actual switching data (not broad estimates)
	• Apples-to-apples benchmarking between ML-powered and traditional DVFS methods under the same conditions
	2.6 Motivation for Proposed Work
	This project tackles those gaps directly. We’ve built an ML-powered DVFS that’s both efficient and hardware-friendly—a framework that bakes a neural net straight into the DVFS controller for Mini-SoCs, making use of NNgen to do it.
	What makes this work different? Four things:
	• It’s designed for actual hardware, not just simulations.
	• The neural network is light on overhead, keeping the overall system energy-efficient.
	• We use professional, industry-standard tools for power analysis, not rough estimates.
	• We put our system head-to-head with classic DVFS so we get clear, fair results on what really works better.
	SECTION III — PROPOSED METHODOLOGY
	3.1 System Overview
	Here’s the big picture: This system brings together Adaptive Machine Learning and Dynamic Voltage and Frequency Scaling (DVFS) inside a Mini-SoC setup. The main goal? Change the operating frequency ahead of time based on what the workload looks like i...
	The whole architecture breaks down into three parts: a unit that watches system activity, a machine learning model that makes predictions, and a DVFS control unit. First, the workload monitoring unit gathers system activity numbers (things like switch...
	Fig. 3. Proposed ML-assisted DVFS system architecture
	3.2 Workload Monitoring and Dataset Generation
	To monitor system workload, we track things like utilization and switching patterns during simulation. We record these metrics under a variety of operating conditions, so the dataset covers lots of different workload types.
	Each sample in the dataset pairs a set of activity features with the ideal frequency level for those conditions. We build this dataset using multiple simulation runs to capture plenty of variability.
	Fig. 4. Dynamic behavior of DVFS based on workload variations
	Fig. 5. Power consumption variation with voltage and frequency
	3.3 Machine Learning Model Design
	For predictions, we use a lightweight Multi-Layer Perceptron (MLP). It’s a simple neural network that fits well into hardware. The model starts with an input layer that grabs workload features, has a hidden layer with 8 to 16 neurons, and ends with an...
	Fig. 10. Architecture of the multilayer perceptron (MLP) model
	3.4 DVFS Control Unit
	The DVFS controller uses a straightforward Finite State Machine (FSM). It manages a set of fixed frequency levels and moves between them based on the ML model’s predictions. The FSM makes sure frequency changes happen smoothly — no wild swings that co...
	Fig. 6. RTL block diagram of conventional DVFS system
	3.5 Hardware Implementation Flow
	We use a classic hardware-software co-design flow. First, we generate the dataset, then train the ML model. Once the model’s ready, we use NNgen to turn it into register-transfer level (RTL) hardware. The DVFS controller and ML module are combined, an...
	3.6 Power Analysis Methodology
	For power analysis, we look at real switching activity. Simulations create VCD files showing signal transitions during operation. We convert those to SAIF format and analyze them in Yosys. This approach gives accurate numbers for dynamic power use, le...
	SECTION IV — RESULTS AND ANALYSIS
	4.1 Simulation Setup
	We put the ML-based DVFS system through its paces using a variety of workload scenarios, simulating everything in Verilator. We also capture all the switching activity for later power checks. The tests pit the proposed approach against a conventional ...
	Fig. 11. Dataset representation used for training the ML model
	4.2 Functional Verification
	Waveform analysis tells the story: the ML model predicts workload changes from activity inputs, and the DVFS controller reacts to adjust the frequency. Overall, the ML-assisted system reacts faster than the conventional approach, cutting down on delay...
	Fig. 12. GTKWave waveform showing workload prediction and frequency scaling
	4.3 Power Analysis
	With SAIF-based power estimation through Yosys, we see that the ML-assisted system uses less dynamic power than the standard DVFS setup. This drop in power comes from predicting workload surges early, so the system doesn’t waste energy running at top ...
	Fig. 13. Power consumption versus CPU utilization for DVFS operation
	4.4 Performance Comparison
	4.5 Discussion
	There’s a clear win here — predictive control via ML pushes DVFS ahead of old-school reactive methods. Using a lightweight neural model keeps things lean, so the system doesn’t get bogged down by heavy hardware. Still, the added complexity from includ...
	SECTION V — CONCLUSION AND FUTURE WORK
	5.1 Conclusion
	To sum it up, this work introduces an Adaptive ML-assisted DVFS framework for making Mini-SoCs more power-efficient. By adding a simple neural network to the DVFS controller, the system predicts and adapts to workload changes ahead of time. Using NNge...
	5.2 Future Work
	Looking forward, there’s room to sharpen the ML model even more, maybe by moving to something like reinforcement learning. Real-world validation on FPGA or ASIC platforms is another logical step. Plus, further fine-tuning could help cut down hardware ...
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