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Chapter 1

Introduction

Computers play a major role in our modern society. Business, entertainment, and research are
just a few sectors that have been revolutionized and further developed through the integration
of computer technology. In particular, supercomputers stand out as a special type of computer
system offering significantly higher computing power compared to commodity ones. They
are primarily used in computational tasks such as weather forecasting, meteorology, scientific
simulations, or training large language models. With the introduction of Graphics Processing
Units (GPUs) into supercomputers, it became possible to achieve billions or even trillions of
operations per device [1]. GPUs are a type of computer hardware used in commodity computers
for graphical computation or general-purpose computing (GPGPU), enabling highly parallel
environments with low setup costs. In addition, GPUs are used as accelerators in computer
systems to achieve significant speedups.

Although GPUs are very powerful, they also consume substantial energy, which is a primary
concern for environmental impact, electricity bills, and overall system performance. In addition,
powering all supercomputers in the Top500 [2] is estimated to result in around 2 million metric
tons of carbon emissions annually. Aurora [3], the second-fastest supercomputer, is estimated to
use 60 MW of power at its peak, which is equivalent to approximately 210 thousand metric tons
of carbon dioxide annually. Nowadays, GPUs provide the vast majority of compute power for
supercomputers. According to the latest Top500 list, 186 systems use GPUs as accelerators [2].
Hence, optimizing GPUs to be more energy-efficient can significantly reduce their carbon
footprint and electricity consumption.

GPU programming enables the exploitation of a GPU’s parallel processing capabilities. This
process includes writing code in a special programming model that accelerates the computation
of computationally intensive tasks. Compared to CPU programming, this process is significantly
more complex because it requires a thorough understanding of the device’s architecture and
programming models. In addition, to develop efficient GPU applications, it is necessary to
optimize memory access patterns and maximize the utilization of available cores. However,
the variety of different code optimization techniques, along with the complexity of GPU
architectures, makes it challenging to manually tune GPU applications for optimal performance
and energy efficiency.

Auto-tuning is the technique of automatically determining the optimal GPU code parameters
that yield the best performance. Varying combinations of parameter values, such as loop
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unrolling, block sizes, or vector data types, significantly impact application performance.
Therefore, considering every possible combination of parameter values creates a large search
space that cannot be explored effectively with manual configuration. Hence, auto-tuners such
as Kernel Tuner [4], KTT (Kernel Tuning Toolkit) [5], and CLTune [6] play a crucial role in
developing high-performance applications. Furthermore, Kernel Tuner offers tuning for both
performance and energy, enabling the development of high-performance or energy-efficient
applications.

An important step in optimizing the GPU for energy efficiency is to properly understand the
energy consumption of a computational task. Usually, the total energy for a computational
task is measured as the integral of power usage over time between two states, where the
first state represents the beginning of a computation and the second state represents the
end of the computation [7]. Additionally, to accurately measure energy consumption, it is
necessary to ensure the power readings are as accurate as possible. Failing to do so results
in inaccurate GPU optimization, leading to up to 84% higher energy consumption than with
accurate measurements [8].

Two of the most popular techniques for measuring GPU power consumption are external power
meters and built-in sensors [9]. High precision and high accuracy make external power meters
stand as the ground truth. However, the complex process of building and installing them on
each machine poses a significant challenge, especially for large systems. On the other hand, the
latest GPUs come with built-in sensors that enable direct power measurement without the need
for additional devices. However, a low sampling frequency introduces measurement lags while
the GPU is active, thereby affecting the accuracy of energy monitoring. Thus, the average error
of power profiles using internal sensors can be as high as 73% with a maximum of 300% [8].

Energy correction techniques emerged to address the issue of inaccurate power readings [10,
11]. These studies proposed calibration models that can be applied to correct power readings,
ensuring that data reliability is sufficiently high. However, these methods are not always
applicable to all GPU models. The presence of built-in power measurement sensors on most
NVIDIA GPUs, combined with NVIDIA’s leading market position, necessitates the development
of a general calibration approach applicable to all NVIDIA GPUs. Hence, the main contribution
of this thesis is to develop a general calibration methodology applicable to NVIDIA GPUs
equipped with built-in sensors.

We introduce a calibration method for GPU power using built-in sensors. Our method corrects
power based on clock frequency and temperature, treating temperature as a linear function of
time and clock frequency as a linear function of power. We estimate energy by combining the
corrected power with the kernel execution time.

This thesis tries to resolve the following research questions:

• RQ1 (measurement window): Can we define a method to provide reliable and accurate
power measurement through NVML without extensive kernel repetition?

• RQ2 (no external sensors): How to develop a correction model that is not dependent on
external sensors and can rely purely on internal sensors?

• RQ3 (auto-tuning impact): Can we reduce auto-tuning time by predicting kernel executions
using correction techniques?

We evaluate our NVML-based calibration methodology on GEMM and FP32 kernels using an

4



NVIDIA RTX 4000 Ada. Initially, we executed GEMM and FP32 with a single set of parameters
and corrected based on clock frequency and temperature. Although the initial results were
promising, and our methodology kept the error within 5% of the ground truth data, extending
the experiments to a more realistic auto-tuning setup revealed a higher error rate. Our results
showed that each GPU configuration creates a distinct power and time profile; therefore, using
a single power and time profile across the search space is not efficient. Our initial idea was
to define a single power and time profile from a single configuration and use our correction
method to predict power and energy across the entire search space. However, in this empirical
setup, a single trained model did not generalize well to the entire search space. In fact, it
resulted in a high error rate, especially during energy modeling, where we need to predict both
power and time.

The remainder of the thesis is organized as follows: In Chapter 2, we provide technical background.
Then, in Chapter 3, we review related work on GPU power measurements and calibration. We
then present the proposed methodology in Chapter 4, which includes corrections based on clock
frequency and temperature. Next, we evaluate our methodology using different experimental
setups in Chapter 5. We conduct experiments using samples from both the training set and the
test set. Additionally, we test our methodology with generalized auto-tuning examples. After
each experiment, we discuss the results and drawbacks of our methodology. Finally, in Chapter
6, we conclude with implications and future directions.
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Chapter 2

Background

This chapter provides the background information necessary to understand the contributions
of this thesis. We begin with an overview of GPU architecture in Section 2.1, followed by its
programming model, CUDA, in Section 2.2. Next, we discuss auto-tuners in Section 2.3. Finally,
Section 2.4 examines different techniques for measuring GPU power.

2.1 GPU architecture
Although the original purpose of GPUs was graphics rendering, they quickly evolved to become
the primary component for accelerating scientific simulations, large-scale data processing, and
complex calculations in an extremely efficient manner. The design of GPU architecture enables
an extremely parallel environment consisting of a memory hierarchy and processing units. In
contrast, the traditional CPU architecture is more suitable for sequential applications, which
offer low-latency execution. The GPU manages to hide latency by executing millions of threads
concurrently on different data elements. Figure 2.1 shows a simplified comparison between CPU
and GPU. The CPU architecture typically contains more control and memory units, whereas
the GPU consists of more arithmetic and logical units (ALU).

Figure 2.1: CPU vs GPU architecture [12].

The GPU architecture groups processing cores into streaming multiprocessors (SMs) to effec-
tively manage the hardware while delivering maximum performance. Each SM consists of several
processing cores (SPs). Each SM has its own control unit and memory space. At the lowest
memory level are register files allocated to each thread; shared memory is a bigger memory
that allows for sharing data between threads inside one SM. Additionally, global memory is
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used to share data across thread blocks or SM. Furthermore, modern GPUs feature various
levels of caches alongside specialized processing cores, such as ray tracing cores for graphics
rendering and tensor cores for training neural networks. Figure 2.2 presents an abstract view of
GPU architecture.

Figure 2.2: Abstract view of GPU architecture with 2048 cores. For this architecture,
the GPU is divided into 64 Streaming Multiprocessors (SM) and each SM consists of 32
processing cores [13].

2.2 CUDA programming language
CUDA (Compute Unified Device Architecture) stands as the main interface for computing
on NVIDIA GPUs. It is a parallel computing platform that enables software to utilize GPU
hardware features to accelerate computational tasks. Currently, CUDA is available in two levels:
the runtime API and the driver API. The CUDA runtime API offers easier device management
with simpler code, but trades off some of the fine-grained control over the hardware. In contrast,
the driver API provides more control over the hardware, but the code is significantly more
complicated [14].

The GPU functions as a co-processor controlled by the CPU, as the workload is divided into
host and device code. The CPU executes the host code, which transfers data to and from the
GPU and between the GPU and the host. In contrast, the device code refers to highly parallel
functions called kernels that are mapped to and executed by GPU hardware components. These
kernels are often written in C, C++, or Fortran, and when a kernel is launched, CUDA organizes
its execution into a grid of thread blocks. Each thread block contains a user-specified number
of threads. Threads within a block can communicate via shared memory and synchronization,
whereas blocks are independent and may be scheduled in any order of the GPU’s SM. Moreover,
grids can be 1-, 2-, or 3-dimensional, and the launch configuration of grid and block sizes
determines the total number of threads. The number of threads can vary from thousands to
millions, depending on the GPU architecture and hardware capabilities. The primary goal is to
select grid and block dimensions that keep the hardware busy, which means efficiently assigning
meaningful work to all threads to maximize parallelism. An abstract overview of the CUDA
programming model is given in Figure 2.3.
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Figure 2.3: Host code with blue rectangle represents the CPU and parallel code with
green rectangle represents the GPU [15].

2.3 Auto-Tuning GPU kernels
The performance of a GPU application can vary significantly depending on kernel parameter
configurations, such as thread block size, grid size, memory pattern, unrolling factor, and work
per thread. Additionally, for each application and GPU architecture type, different parameter
configurations maximize device performance and occupancy compared to other configurations.
It is feasible to try all combinations manually when the number of parameters is low. However,
this approach becomes impractical for optimized applications that contain hundreds or even
millions of combinations. Thus, it is essential to use auto-tuning to efficiently search for the
best parameters in this vast optimization space.

Auto-Tuners like Kernel Tuner [4], CLTune [6], or KTT (Kernel Tuning Toolkit) [5] require
users to define the kernel, parameters, and restrictions, and for each combination, a new GPU
application is compiled, executed, and benchmarked. All benchmarked results are stored and
compared during the tuning process, and the best-performing combination is identified. This
methodology allows the investigation of different aspects of an application and is more flexible
with different architectures.

In addition, searching the entire optimization space is not necessarily the most optimal solution,
as optimization strategies such as Bayesian Optimization, the Firefly Algorithm, or the Genetic
Algorithm can be used to speed up the tuning process.

2.3.1 Kernel Tuner

Kernel Tuner is a generic auto-tuner that provides a very simplified interface for identifying
optimal kernel configurations. This Python-based tool allows a smooth tuning process by just
providing kernels written in any language, tunable parameters, code restrictions, and metrics.
The automation procedure then handles the compilation, benchmarking, and result analysis. In
addition, Kernel Tuner does not require extensive changes in the kernel code before or after
tuning. It offers GPU code testing in isolation within Python, provides the requested analysis,
and allows the efficient kernel with the best-performing configuration to be used in production
without complex code changes.

Listing 2.1 demonstrates a basic tuning example in Python that performs element-wise addition
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of two vectors. This code defines a CUDA kernel and the necessary parameters to tune its
performance across different block sizes. This simple unit testing creates two input arrays, a and
b, and a zeroed array, c, to store the output. Note that the number and the order of arguments
should match those defined in the kernel. Finally, by calling the function ‘tune kernel’, the
Kernel Tuner initiates the tuning process by compiling and benchmarking the kernel with the
same arguments but different block sizes.

The Listing 2.1 focuses on kernel performance; however, Kernel Tuner also offers energy tuning.
Tuning for energy enables us to find the most efficient parameters that use less energy while
not trading a lot of performance [7]. Kernel Tuner measures the energy and temperature of
the GPU state through the observer module. The observer module extends the benchmarking
process by monitoring various aspects of kernel activity and GPU state measurement. In this
study, we use NVMLObserver to enable interaction with NVML and PowerSensorObserver for
PowerSensor3 [16], the external sensor, to validate our data.

1 import numpy

2 from kernel_tuner import tune_kernel

3

4 kernel_string = """

5 __global__ void vector_add(float *c, float *a, float *b, int n) {

6 int i = blockIdx.x * block_size_x + threadIdx.x;

7 if (i<n) {

8 c[i] = a[i] + b[i];

9 }

10 } """

11

12 size = 10000000

13

14 a = numpy.random.randn(size).astype(numpy.float32)

15 b = numpy.random.randn(size).astype(numpy.float32)

16 c = numpy.zeros_like(b)

17 n = numpy.int32(size)

18

19 args = [c, a, b, n]

20

21 tune_params = dict()

22 tune_params["block_size_x"] = [32, 64, 128, 256, 512]

23

24 tune_kernel("vector_add", kernel_string , size , args , tune_params)

Listing 2.1: Vector add kernel in CUDA implemented with Kernel Tuner [4].

2.4 Measuring GPU power
Understanding GPU power consumption has been a major challenge in academia, often described
as a “true black box” by researchers [17], especially with the introduction of DVFS (Dynamic
Voltage and Frequency Scaling), where clock frequency and voltage are adjusted in real time
according to GPU workload [18]. Thus, various methodologies have been introduced and
proposed to address this problem. In this section, some well-known techniques are described.
Respectively, predictive models, analytical models, external power sensors, and built-in sensors.
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2.4.1 Machine Learning models

With the rise of machine learning, researchers quickly developed models to predict GPU power
consumption. The main idea is to gather data while the GPU is active and train machine-learning
algorithms based on factors such as code analysis, instruction analysis, or performance counters.
This model can then be used to predict the energy usage of a new kernel without having to
run it.

Gene et al. [19] proposed a GPU performance and power model that relies on a machine
learning classifier. Instead of focusing on a single workload, they gathered data from multiple
OpenCL [20] kernels and varied different aspects of GPU hardware configurations, such as
memory bandwidth, various core frequencies, compute unit counts, and performance counters,
to explore several cases. Additionally, the data were divided into different clusters, and a neural
network was trained to predict the unseen kernels. The proposed techniques have an average
error rate of 15% for estimating performance and 10% for estimating power consumption
compared to an external sensor.

Nagasaka et al. [21] trained a regression model using performance counters as independent
variables and power consumption as the dependent variable. Additionally, the model was
evaluated on 49 kernels from the CUDA SDK and the Rodinia dataset [22]. The regression
model has an average error rate of 4.7%, but it was evaluated only on GeForce GTX 285.
Braun et al. [23] based their study on a random forest classifier, a powerful machine learning
technique, where the outcome depends on multiple decision trees. Compared to Nagasaka et
al. [21], they included multiple datasets for training the model and utilized five different GPUs
for evaluation. Regarding predicting power consumption, the evaluations yield between 1.84%
and 2.94% Mean Average Percentage Error (MAPE). However, the quality of the dataset is
not considered nor validated with external sensors.

Although fast and easy to predict power usage for new kernels, prediction models lack accuracy.
The error can occur for various reasons, such as difficulties in modeling and predicting the
dynamic power of the GPU, variations in the GPU architecture, or even variations in kernels.
This can have a huge impact when dealing with a large HPC system that consists of hundreds
of nodes.

2.4.2 Analytical model

Another methodology of prediction approach is analytical models. Even though they share the
same end goal of defining a predictive model, it is a misconception to assume that machine
learning and analytical models are the same. The analytical model is based on performance
modeling of the combination of software and hardware to understand the energy consumption
of the system, whereas machine learning predicts performance automatically using computers.
Moreover, machine learning can adapt faster and better to new data trends.

Hong and Kim [24] defined an integrated power and performance (IPP) analytical model for a
GPU. The model tends to predict the optimal number of active GPU cores for a specific kernel.
While the kernel is reaching the peak memory bandwidth, adding more cores does not have
any significant effect on performance, thus, using only the optimal number of cores can save
up to 22.09% of GPU energy consumption [24]. Additionally, the model does not depend on
measured execution times, architecture simulations, or performance counters but determines
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dynamic power events by predicting execution times. However, this approach results in an
average error rate of 8.84%.

2.4.3 External power sensors

While predictive models lack accuracy, external hardware sensors are the most precise tools for
measuring power consumption. High-resolution rates, high sampling rates, and direct current
readings result in the lowest error. Moreover, these tools are installed between the power source
and the targeted device, ensuring that such high-quality measurements are usually considered
ground-truth data.

PowerSensor3 [16] offers instantaneous readings of the power consumption of PCIe card
connections for GPUs, FPGAs, and Xeon Phis. The high time resolution provides data at
a sub-millisecond scale, enabling in-depth analysis of kernel execution. It is a custom-built
tool with a very low cost that consists of current and voltage sensors connected through a
commodity microcontroller, which enables a 1% error rate with proper calibration. It comes as
an upgraded version of PowerSensor2 [25].

PowerInsight [26] is another example of a custom external device that offers measurements of
power and energy at the component level. This device is capable of measuring any commodity
hardware in a cluster setup by simply connecting it between the main power supply and
the targeted device. This device offers data collection and analysis from the same computer
(in-band) or on a different machine (out-of-band), making it an excellent option for large
distributed HPC systems. The validation experiments resulted in an error state of less than
0.3%.

External power sensors are, in fact, more accurate than any other measurement method.
However, manual hardware installation, firmware installation, sensor connection, and soldering
components are necessary for each targeted device. Hence, not everyone is capable of installing
such devices, and making such changes is not permissible in every scenario. Finally, if we
consider large cloud vendors’ machines or supercomputer setups that contain thousands of
these devices, the scale of manual installation for each of them is not feasible.

2.4.4 Internal sensors

Prediction models are easy to use but contain inaccuracy, whereas external power sensors
provide high accuracy but require extra hardware and installation steps. Internal sensors stand
as a balanced solution that combines ease of use with reasonable accuracy. These sensors
are already included in GPU devices, providing direct measurements of hardware activity. In
particular, NVIDIA started introducing built-in sensors from the Kepler architecture.

NVML (NVIDIA Management Library) [27] and nvidia-smi (NVIDIA System Management
Interface) [28] are two utilities used to query, monitor, or manage device hardware properties.
These tools are part of the device driver and can be used to interact with the built-in sensor.
In the newest documentation of nvidia-smi [28], there are 2 options related to power readings:

1. power.draw.average: Provides the Average Power Consumption of the GPU for 1
second

11



2. power.draw.instant: Provides Instantaneous Power samples of the GPU every 25
milliseconds

Accuracy is a concern with this type of sensor, especially if it is not handled correctly; the error
can exceed that of the prediction models. This error is primarily introduced by the low sampling
rate, which makes it challenging to capture the dynamic power of device activity. Additionally,
there is often uncertainty about how these sensors are manufactured, how they capture data,
and the quality of their documentation is low.

Figure 2.4 shows the power readings of the Matrix Multiplication kernel executed continuously
for 1 second, measured with the average option (left) and the instant option (right). Since
we are dealing with short-running kernels, we can observe that the average option 2.4a is still
capturing the rising power of the GPU. Hence, we observe this staircase effect rather than
a plateau. This introduces a high error rate for kernels that have short execution times. On
the other hand, instant readings 2.4b clearly solve the staircase problem, which, instead of
averaging samples over a 1-second range, tries to provide the instantaneous power recorded
through the GPU sensor. Despite their accuracy, it is not recommended to rely solely on sensor
data without further analysis or processing, even with instant readings. Hence, we believe that
with a proper strategy, the error percentage can be reduced to a level where data accuracy is
sufficient, while also providing fast measurements for auto-tuners. Since the sensor is already
included in the device, it is more applicable in HPC or cloud environments.

(a) power.average (b) power.draw.instant

Figure 2.4: Average power measurements (left), Instant power measurements (right).
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Chapter 3

Related Work

This chapter provides an overview of prior research on GPU power modeling and energy
measurements. We begin in Section 3.1 with studies that combine power models with GPU
simulators. Section 3.2 then discusses prediction methods based on linear and non-linear
regression. Following this, Section 3.3 presents methodologies that apply models to steer
auto-tuners for power or performance. Finally, Section 3.4 examines different approaches for
correcting power measurements collected from internal GPU sensors.

3.1 GPU simulator
Chen et al. [29] designed a tree-based random forest model. This model captures the correlation
between power consumption and performance variables. To further extend the relationship
between these variables, Chen et al. [29] applied a GPU simulator to collect additional insights.
Leng et al. [30] defined a power model with microarchitecture components and integrated this
model into a power simulation framework called GPUWatch. Although their simulation method
is useful for modeling different architectures, the average error ranges from 9.9% to 13.4%. The
inaccuracy of GPUWatch increased further with new GPU architectures like Volta and Turing;
therefore, Kandiah et al. [31] introduced the AccelWattch power modeling framework. The
proposed power model accurately captures static, dynamic, and constant power consumption by
combining SM occupancy, thread divergence, power gating, and intra-warp functional units for a
given kernel. In addition, collecting measurements with nvidia-smi or NVML and integrating the
framework with GPGPU-Sim and Accel-Sim makes AccelWattch a reliable choice for predicting
the performance and power consumption of new GPU architectures. Nevertheless, regarding
validation, the average error is within 7.5–9.2 ± 2.1–3.1% tested on only the NVIDIA Volta
Quandro GV100 GPU.

3.2 Regression model
Shalvai et al. [32] used external hardware to collect accurate measurements and trained a
regression model. The goal of this model was to properly calibrate the internal GPU sensor. They
targeted only the NVIDIA Jetson, and the calibration managed to keep an error state of 3%.
Ghosh et al. [33] developed a non-linear regression model to estimate kernel power and energy
consumption. Their study aims to investigate the relationships among power, energy, hardware
counters, and GPU kernel stats such as operations per second. This approach was tested in
a multi-GPU platform, which resulted in a 5% average error. Ma et al. [34] collected data
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using FLUKE 2680 A, a specialized system for capturing power and GPU run-time workload
signal, and NVIDIA PerfKit, a tool for analyzing kernel performance. In addition to the acquired
dataset, they trained a regression model and validated it across eight workloads, achieving
error rates ranging from 1.7% to 39%.

3.3 Model steered auto tuning
Cheema and Khan [35] developed the Multi-Objective Kernel Auto-Tuner (MOKAT) framework,
which employs optimization techniques to improve the power consumption and performance
of GPU kernels. Multi-objective optimization involves optimizing multiple objective functions,
such as power, performance time, or energy. The defined performance and energy models use
measurements from the internal GPU sensor to steer the optimization process. Like Kernel
Tuner 2.3.1, this framework creates the search space by combining all values of the given
variables but targeting only OpenCL applications. The framework is evaluated and tested
on a Tesla GPU using a highly tunable 2D convolution kernel [36], which includes various
tunable variables, such as work per thread, caching, and the loop unrolling factor. The optimal
parameter values for the 2D Convolution kernel managed to reduce the power consumption by
30 % and a 4% decrease in execution time compared to non-optimized configurations.

Similar to our findings, Schoonhoven et al. [7] observed the power lag problem of NVML.
They executed a matrix-multiplication kernel on the Titan RTX, NVIDIA A100, and NVIDIA
A6000. Titan RTX and A100 power measurements stabilized after 0.3 seconds, while the
A6000 measurements gradually increased until they reached their maximum device power. They
showed that the reported time-averaged from NVML has a relatively low frequency; thus, the
power lag is present. To solve this issue, they suggest running the kernel multiple times and
reporting the aggregated new values as the final power and energy consumption. Additionally,
several aspects of energy tuning are discussed. Techniques such as adjusting the device clock
frequency or power capping were compared while also developing a GPU power model. This
model defines an efficient range of device clock frequencies, thereby speeding up the tuning
of the optimization space. From the experimental results, they found that trading 27.5% of
performance can lead to 50.9% better energy efficiency for the matrix multiplication kernel.
The proposed model significantly reduced the search space by 77.8% to 82.4%. Finally, all
these new optimization and monitoring features are included in the Kernel Tuner.

3.4 Correction method
Burtscher et al. [10] were the first to dive into the GPU internal sensor. They observed various
anomalies during the sampling of power consumption. False data, delayed measurements, and
low sampling rates are among the reasons why the kernel activity did not match the expected
square wave shape as observed with the external power sensor [37]. All measurements were
collected through NVML (NVIDIA Management Library), and a calibration model was proposed
that computes the true power and energy consumption. This model relies on the capacitance
constant, which describes the capacitors’ charging and discharging effects, thereby minimizing
the error between the modeled data and the true power consumption. However, this capacitor
constant is not universal for all architectures; therefore, a new value must be determined for
each different GPU architecture. The authors did not mention a proper strategy for defining
this constant, nor did they validate the experimental results with ground truth data. Finally,
they targeted only the Tesla GPU family and used only the n-body algorithm throughout their
study.
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Aslan et al. [11] noticed the same power lag problem with NVIDIA Jetson, which are low-power
consumption devices and are mostly used as edge devices. This study demonstrated that the
capacitor model by Burtscher et al. [10] is not the general solution for all GPU architectures.
The authors had to define a new value for the capacitor constant and noticed a higher error
rate in the trailing and ending edges from the measurements. The resolution rate of the
built-in sensor caused this wobbling effect on the edges. To address this issue, the data were
filtered using a 9-point Moving Average Filter (MAF) to remove some noise, followed by the
application of the capacitor model to define the true power. Despite lowering the error rate,
they experimented only with Jetson devices and used only the Matrix Multiplication algorithm
(MUL).

In a recent study, Yang et al. [38] conducted a detailed investigation of NVIDIA’s internal sensor.
Their study included experiments to properly define the number of kernel repetitions, the rise
time, and the steady-state of average and instantaneous power readings, and to emulate boxcar
averaging, a technique that averages results over multiple samples. Their study included over
70 types of GPUs, spanning different architectures. Moreover, they utilized an external sensor,
the Power Measurement Device (PMD) [39], to validate the results. To keep the error state
within 5%, the authors suggest following these steps when measuring power with nvidia-smi:

1. Run the application for 32 executive runs or at least 5 seconds.

2. Conduct four separate trials.

3. Post-process data and shift the data with the proposed offset from their result.

This work shows that NVIDIA is finally acknowledging the issue with average readings, where
the error was significantly higher. However, despite this admission, their documentation still
claims the error is within 5 watts rather than 5%. This claim can be dangerous because, in a
large data center, it can result in millions of dollars in additional electricity bills, as reported by
Yang et al. [38].

3.5 Summary
To sum up everything that has been stated so far, the work of Chen et al. [29], Leng et al. [30],
and Kandiah et al. [31] are highly dependent on the GPU simulator. On the other hand, Shalvai
et al. [32], Ghosh et al. [33], and Ma et al. [34] used statistical approaches to predict GPU
activity. Cheema and Khan [35] and Schoonhoven [7] focused on steering auto-tuners to define
the optimal power or performance approach. Finally, Burtscher et al. [10], Aslan et al. [11],
and Yang et al. [38] focused on providing new insights or refining techniques for nvidia-smi or
NVML.

The main difference and one of the biggest challenges of our study is working with low-resolution
measurements. Most previous work overcomes this obstacle by increasing the kernel runtime to
seconds or hundreds of iterations while constantly sampling. However, this is not feasible in
our case because tuning a large search space can last months of benchmarking. Additionally,
our methodology will enable a more general solution that is not dependent on external devices
or machine learning models, but rather focuses on calibrating the built-in device sensor’s
instantaneous power readings.
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Chapter 4

Methodology

This chapter presents the main contribution of our work. It defines the primary methodologies
used to enhance the accuracy of GPU power measurements utilizing internal sensors. The
main goal is to adjust power data obtained through NVML by modeling and correcting for
two critical influential factors: temperature and clock frequency. In section 4.1, we model and
correct the effect of clock frequency on power. Next, in Section 4.2, we model and correct
temperature-induced bias. Finally, in Section 4.3 we elaborate on various smoothing techniques
to remove noise captured during the tuning process.

4.1 Clock Frequency correction
GPU power consumption is heavily influenced by clock frequency. To account for this effect, a
modeling-based approach is applied using parameterized fits derived from power and frequency
measurements recorded with Kernel Tuner.

4.1.1 Dependence of Power on Clock Frequency

The relation between clock frequency and power was modeled in the form used in Schoonhoven
et al. [7]. The following Equation was fitted to model power consumption as a function of
clock frequency.

Pestimated = Pstatic + a · f · V 2 (4.1)

Where:

1. Pestimated is the estimated power

2. Pstatic is the idle power consumption

3. a is the constant

4. f is the clock frequency

5. V is voltage

16



4.1.2 Frequency Correction Model: Fitting and Application

We evaluate the correlation between clock frequency and power with two different kernels:
GEMM and FP32, which we shall introduce in more detail in Section 5.2. For GEMM, we use
the parameters in Table 5.2, whereas for FP32, we use the parameters in Table 5.3. The only
difference in parameters is that, instead of varying REPEAT from 1 to 2000, we fix the clock
frequency at several increasing values to isolate the frequency–power correlation.

The Figure 4.1 shows the fit of Equation 4.1 to the measured frequency–power data. The fitted
curve captures both the rising slope of power consumption with frequency and the eventual
saturation region, reflecting the GPU’s hardware limits, where additional clock frequency requests
do not translate into increased power. A similar observation was reported by Schoonhoven et
al. [7].

(a) GEMM. (b) FP32.

Figure 4.1: Clock Frequency vs. Power correlation. The red line represents the fitted
model described in Equation 4.1.

The fitted model provided an estimated power curve, P (̂f), describing the expected GPU
power at any frequency f . For any chosen reference frequency fref, the corresponding modeled
power is Pref = P (̂f ref). As we describe in Section 5, for our experiments, we evaluate both an
in-sample reference and an out-of-sample reference from data described in Figure 4.1.

For each kernel run at measured frequency fk, the power measurement reported by NVML
Pmeas(fk) was corrected to the reference frequency by subtracting the modeled power and
adding back the modeled value of the reference frequency fref.

Pcorr(fk) = Pmeas(fk)− Pˆ(fk) + Pref (4.2)

Where:

1. Pcorr(fk) is the corrected power

2. Pmeas(fk) is the measured power at clock frequency fk

3. Pˆ(fk) is the modeled power from equation 4.1

4. Pref is the modeled power at the reference frequency fref
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Additionally, the corrected energy was obtained by multiplying the corrected power by the
measured execution time ∆t:

Ecorr(fk) = Pcorr(fk) ·∆t (4.3)

This correction removes frequency-driven biases while preserving workload- and temperature-
related variations. Hence, it enables fair comparison across kernel executions performed at
different DVFS (Dynamic Voltage and Frequency Scaling) states.

Furthermore, Figure 4.2 illustrates the relationship between GPU clock frequency and kernel
execution time. Modeling this relationship is necessary because, for unseen clock frequencies,
execution time must be estimated to predict total energy consumption. The fitted curve uses
the Equation 4.5, and it captures how execution time generally decreases as frequency increases,
until it reaches a saturation point where requesting a higher frequency no longer reduces
runtime. This execution-time model is then combined with the corrected power values to
compute energy, as implemented in the correction step:

Emodel = Pcorrected · Tmodel(f) (4.4)

In this work, we propose to model the execution time Tmodel(f) using Equation 4.5. This
functional form was chosen because it captures both the rapid initial decrease in execution
time as frequency increases and the eventual plateau at higher frequencies.

f(x) =
a

1 + b · f
+

c

1 + d · f
(4.5)

Parameter Interpretation:

1. a and c represent the contributions to execution time from different bottlenecks (e.g.,
compute-bound and memory-bound components)

2. b and d determine how quickly each component decreases as frequency increases.

3. f represents the measured clock frequency

4.2 Temperature correction
Accurate GPU power modeling must account for thermal effects. Even with high-resolution
external sensors, temperature variations across runs can bias energy measurements. In the
following subsection, we outline the methodology for isolating and modeling temperature
correction. Temperature plays a crucial yet often underestimated role in GPU power behavior.
To understand its influence and validate the need for temperature correction, we show a series of
experiments under varying thermal and frequency conditions. We observed that the correlation
between power and temperature depends strongly on how the GPU clock frequency is managed.
Specifically, whether it’s left in default DVFS mode or fixed manually.
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(a) GEMM. (b) FP32.

Figure 4.2: Relationship between Clock Frequency and Execution Time for GEMM kernel
(left) and FP32 (right). The red line represents the fitted rational model defined at
Equation 4.5.

4.2.1 Weak Temperature Correlation under Default Clock Frequency

In the default configuration (DVFS enabled), the GPU dynamically adjusts its clocks to match
the workload. Figure 4.3 shows the temperature reported by NVML versus energy (left) and
power (right). The data seem to be scattered and weakly correlated, with no clear trend. With
DVFS active, frequent changes in core frequency and voltage mask the correlation between
temperature and power.

(a) Temperature vs Energy. (b) Temperature vs Power.

Figure 4.3: Relationship between Temperature vs Energy (left) and Temperature vs Power
(right) for GEMM kernel on NVIDIA RTX 4000 ADA GPU.

The scatter plots indicate a lack of a consistent relationship between temperature and power
or energy due to the dynamic frequency behavior of the GPU. As the temperature increases,
the power and energy values fluctuate significantly, and these fluctuations are not consistent
across the temperature range. This inconsistency arises because the GPU dynamically adjusts
its clock frequency, which introduces variability in power and energy consumption.
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4.2.2 Strong Linear Correlation at Fixed Clock Frequency

To properly isolate the impact of temperature on power, we manually fixed the GPU clock
to a stable clock frequency of 1425 MHz. This enabled us to remove the effects of both
clock frequency and voltage scaling, ensuring that our measurements reflect the impact of
temperature alone. Under these assumptions, Figure 4.4 shows a strong linear relationship
between temperature and both power and energy, indicating that thermal effects become
observable only when other variables are held constant.

(a) Temperature vs Energy. (b) Temperature vs Power.

Figure 4.4: Relationship between Temperature vs Energy (left) and Temperature vs Power
(right) for GEMM kernel on NVIDIA RTX 4000 ADA GPU with fixed clock frequency 1425
MHz.

The power (or energy) increases at a steady rate with rising temperature, and a linear model
provides a good fit to the data. The slope of this trend line, denoted α, represents the additional
power drawn per increase in GPU temperature of ◦C. This slope coefficient is used in the
temperature-correction model introduced in Section 5.

4.2.3 Temperature Correction Model: Fitting and Application

At a fixed GPU frequency, a clear linear correlation was observed between die temperature
and NVML-reported power, consistent with temperature-sensitive leakage currents and related
effects in the GPU power circuitry [24]. To quantify this relationship, we fit a linear model to
estimate the slope of the line.

α =
∆P

∆T
[W/◦C] (4.6)

Equation 4.6 represents the change in power per degree Celsius. Using this fitted model, all
power readings were normalized to a chosen reference temperature Tref. This reference is
typically set to the lowest temperature recorded during auto-tuning to model measurements in
the GPU’s cold state. Hence, the final temperature correction formula takes the form:

Pcorrected = Pmeasured − α · (T − Tref) (4.7)

Where:
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1. Pcorrected is the corrected power

2. Pmeasured is the measured power

3. α is slope from regression

4. T is the run temperature

5. Tref is the reference temperature

This normalization procedure ensures that measured power values are directly comparable
between runs executed at different thermal states, isolating workload-related variations from
temperature-induced bias.

4.3 Smoothing techniques
In addition to clock frequency and temperature correction, we investigated signal smoothing
techniques. To improve the clarity and reliability of the power readings from NVML, several
filtering techniques were applied to smooth out the inherent noise and fluctuations in the
instantaneous power readings. Specifically, we selected three lightweight, commonly used filters:
Moving Average Filtering (MAF), GH filter, and a one-dimensional Kalman filter, because
they are simple to implement and run in constant time per sample, making them suitable for
real-time data processing.

4.3.1 Moving Average Filtering

A standard moving average filter was applied with a sliding window size of 9, which corresponds
to approximately 80 ms of data. The formula for a window size n is:

yi =
1

k

k−1∑
r=0

xi+r, i = 1, . . . , N − k + 1 (4.8)

In the equation 4.8, xi is the input power and yi is the filtered output. We plot the filtered
signal in Figure 4.5, where we can see the difference between the raw power measurements on
the left and the filtered signal on the right. The moving-average filtering works by averaging
the power readings over a sliding window of fixed size n = 9, which reduces high-frequency
noise.

4.3.2 GH Filter

An adaptive GH (or alpha-beta) filter was evaluated, inspired by the FilterPy framework [40].
We set the following parameters, and for each measurement, we apply the GH filtering.

• Initial state x (e.g., initial power): The starting estimate of the signal level. In our case,
we set it to the first NVML power sample.

• Initial rate ẋ (dx): The starting estimate of the time derivative of the signal (rate of
change). We set ẋ0 = 0 to assume no initial trend, the filter quickly adapts this from
the data.
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(a) Original measurements. (b) Filtered signal.

Figure 4.5: Power measurements of GEMM kernel on NVIDIA RTX A6000 repeated for 1
second. The left is raw measurements, whereas the right is filtered.

• Gain g: a scalar that controls how strongly the level estimate x follows the measurement
each step. Larger g = more responsive, less smooth.

• Gain h: a scalar that controls how strongly the rate ẋ is adjusted by each new measurement.
Larger h = faster adaptation of the rate.

• Time step ∆t (dt): The sampling interval used in the prediction step. We set the average
of timestamps recorded from all measurements.

• Measurement z (per step): The observed value of the signal at the current time. In our
case, z is the NVML instantaneous power reading at time tk.

GH filtering adapts more effectively to trends in the data by utilizing both predictive and
corrective mechanisms. As shown in Figure 4.6, this filter demonstrated promising results for
smoothing, especially in reducing short-term power spikes.

(a) Original measurements. (b) Filtered signal.

Figure 4.6: Power measurements of GEMM kernel on NVIDIA RTX A6000 repeated for 1
second. The left is raw measurements, whereas the right is filtered.
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4.3.3 One-Dimensional Kalman Filtering

Similarly, one-dimensional Kalman filtering was applied using the FilterPy framework [40]. The
parameters that we set are:

• Initial state x: Starting estimate of the signal level. In our case, we set the first NVML
power sample.

• Initial variance P : Uncertainty of the initial estimate x. Larger P means “trust the
measurements more than the prior”.

• Process noise variance Q: Variance of how much the true signal can wander between
steps (model noise). A Larger Q makes the filter more responsive (less smooth).

• Measurement noise variance R: Variance of measurement noise. Larger R means you
trust the measurements less (more smoothing).

• Measurement z (per step): The observed value at the current time.

The Figure 4.7a shows the raw measurements and the filtered signal using one-dimensional
Kalman.

(a) Original measurements. (b) Filtered signal.

Figure 4.7: Power measurements of GEMM kernel on NVIDIA RTX A6000 repeated for 1
second. The left is raw measurements, whereas the right is filtered.

4.3.4 Summary

While these techniques were useful in improving the visual quality of the data and making
it easier to interpret trends in power consumption, they were ultimately not included in the
final correction model. The reason for this decision was the scalability and tuning challenges
associated with each filtering method. Both the moving average and GH filters required careful
selection of window sizes or gain parameters, which varied across kernel configurations. In
addition, the Kalman filter, though effective, introduced significant computational overhead
and required continuous parameter tuning to optimize its performance for different types of
kernel runs. Given the variability in kernel parameters and the potential performance impact of
applying these filters during real-time auto-tuning, they were excluded from the final correction
process. Instead, the focus was placed on applying temperature and frequency-based corrections
using empirical models that could be applied consistently across kernel configurations.
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Chapter 5

Experiments & Results

This chapter presents the comprehensive verification and validation of the correction methodol-
ogy proposed in Chapter 4. The experiments are structured in two main phases to test the
model’s accuracy and practical applicability.

First, we establish a baseline by evaluating the methodology on two distinct single-configuration
workloads: GEMM and FP32. For each workload, we test the model against both “seen”
(in-sample) and “unseen” (out-of-sample) clock frequencies defined in Figure 4.1.

Building on this validation, the second phase assesses the methodology’s generalization in a
realistic auto-tuning context. We apply our model to a search space of 216 GEMM kernel
configurations. The primary goal is to determine if the model can accurately predict energy
consumption across this diverse parameter space and at clock frequencies that were not explicitly
benchmarked.

5.1 Experiments Setup
To ensure consistent and reproducible evaluation of GPU power behavior, we used the following
experimental setup, which combines kernel-level tuning, internal sensor measurements, and
validation of our data with external sensor measurements.1

All the following experiments were performed on an NVIDIA RTX 4000 Ada generation, a
modern GPU architecture. This GPU was selected because it offers a balanced compute-memory
ratio, supports detailed measurement via NVIDIA NVML, and is widely used in both scientific
and production contexts. A detailed list of experiment setup is provided in the following Table
5.1.

Component Version
CUDA 12.8
Driver 570.133.07
Python 3.11.8
Linux Distribution Rocky Linux 8.10

Component Version
Linux Kernel 6.5.0
Kernel Tuner 1.0
Cluster DAS6 ASTRON [41]

Table 5.1: System configuration.

1The source code for all experiments and data analysis is publicly available at: https://github.com/
SetkiF/nvml-power-correction
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Although at first glance it appears that we are comparing the same quantities, it is worth
noting that the setups for external measurements and internal measurements via Kernel Tuner
differ. For the external sensor, we utilize the PowerSensor3’s ability to capture instant power
readings while only repeating the kernel a fixed number of times. For the internal sensor, we
employ continuous benchmarking, running the kernel repeatedly for 1 second per data point to
obtain the mean power. As we show later in Section 5.3.4, this difference can cause reported
NVML measurements to be influenced more by temperature than those from PowerSensor3
(ground-truth data).

5.1.1 Experimental Procedure

To properly evaluate the correction methodology, we designed a comprehensive experimental
setup. We began by running each kernel with fixed configuration parameters to establish a
baseline for comparison. Subsequently, we performed generalized tuning by varying the kernel
configuration to simulate a real-world use case.

During all experiments, we simultaneously recorded energy and power from both external and
internal sources. To ensure measurement stability, each configuration was repeated 32 times.

The experiments were structured in three main phases:

1. Validation of a frequency–power model correction

2. Validation of a temperature–power model correction

3. Model generalization across different parameters

This experimental strategy provided us with data that compares high-frequency ground-truth
sensor data against NVML measurements, enabling us to identify both the limitations of built-in
power sensors and the conditions under which power prediction models can or cannot generalize
while auto-tuning.

5.2 Kernels
To ensure the robustness of our evaluation, we selected two representative GPU workloads:
GEMM (General Matrix Multiplication) and an FP32 synthetic kernel. These kernels were
chosen because they represent common computational patterns in scientific computing while
exhibiting distinct power and performance characteristics.

1. GEMM Kernel: General matrix multiplication is a fundamental building block in
numerical linear algebra and deep learning frameworks. GEMM kernels are widely studied
for performance tuning due to their sensitivity to memory bandwidth, data reuse, and
thread-block configuration. GEMM generates sustained memory traffic; we use it as a
memory-intensive workload to provide a baseline for understanding how resource allocation
affects GPU power.

2. FP32 Kernel: The FP32 [42] synthetic kernel represents a compute-intensive workload
that heavily stresses the floating-point units of the GPU. As highlighted by Schoonhoven
et al. [7], the FP32 kernel provides valuable insight into the trade-offs between clock
frequency, power, and thermal characteristics.
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These kernels provide a contrasting pair of workloads: GEMM heavily utilizes memory bandwidth,
whereas FP32 performs the fewest memory operations. This allowed us to analyze how GPU
power consumption varies with and without reliance on memory bandwidth.

5.3 GEMM with seen clock frequency 1485 MHz
The following experiment was designed to establish a baseline for modeling GPU power and
energy when executing the GEMM kernel. Although the GPU does not operate natively at
1485 MHz by default, this frequency was selected as a reference and validation point. Default
NVML power measurements, recorded with DVFS (Dynamic Voltage and Frequency Scaling)
enabled, were corrected as if they had been recorded at 1485 MHz. These corrected values
were then compared against PowerSensor3 [16] measurements taken directly at 1485 MHz,
which served as the external ground-truth baseline.

The measurements were recorded using Kernel Tuner [4], and the applied parameter set is
summarized in Table 5.2. For this experiment, we used a single set of parameters and repeated
the same setup 2000 times.

Parameter Value Parameter Value
GEMMK 0 KWI 2
MWG 128 VWM 4
NWG 128 VWN 4
KWG 16 STRM 1
MDIMC 8 STRN 1
NDIMC 16 SA 1
MDIMA 16 SB 1
NDIMB 16 KREG 1
PRECISION 32 REPEAT 1–2000

Table 5.2: Parameter set values for GEMM kernel executed with Kernel Tuner. A detailed
description of the parameters can be found at [43].

5.3.1 Frequency Power modeling

We next model power as a function of clock frequency. The fitting model described in Chapter
4.1 is illustrated in Figure 4.1a, which demonstrates the rise in power with frequency and the
resulting fitted curve. The data demonstrate a monotonic increase in power with frequency up
to approximately 1800-2000 MHz, beyond which the curve reaches a plateau. This saturation
reflects the GPU’s hardware limits, where even if higher clock frequencies are requested, the
GPU does not actually run faster, preventing a proportional increase in dynamic power. The
fitting model captures the real data very closely, following both the rising region and the
plateau, which indicates that the model can interpolate power values across a broad frequency
range.

5.3.2 Execution time fitting

Execution time data were also analyzed as a function of GPU clock frequency. To capture the
correlation between execution time and clock frequency, the time model from Equation 4.5
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was used, which accurately models the sharp decrease in runtime at low frequencies, followed
by a gradual asymptotic convergence at higher frequencies. This functional form reflects the
physical behavior of the system: at lower frequencies, runtime is dominated by limited compute
throughput, while at higher frequencies, execution time reaches a lower bound dictated by
memory bandwidth and parallelism constraints.

The fitted curve in Figure 4.2a closely matches the measured execution times, indicating
that the model is well-suited to describe the correlation between time and clock frequency.
Importantly, this model provides a robust mathematical basis for subsequent energy modeling,
as energy consumption is determined jointly by power and execution time.

5.3.3 Baseline recording with NVML

Initial measurements were collected using the NVML observer. As shown in Figure 5.1, the
reported power values are clustered near 128 W. Interestingly, we noticed some outlier points
above this line. This could be due to the kernel itself, temperature effects, or measurement
noise.

Figure 5.1: Default measurements of GEMM kernel.

5.3.4 Clock Frequency Correction

Using the reference clock frequency of 1485 MHz, we extended the linearity of the frequency-
power relationship into a practical modeling framework for predicting both power and energy
consumption.

We started by modeling power solely as a function of frequency scaling, ignoring thermal effects.
As shown in Figure 5.2a, the modeled power (blue) consistently overestimated the external
PowerSensor3 ground truth (orange). While the frequency scaling effectively captured the
overall magnitude and trends, it failed to accurately reproduce the absolute power levels. The
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offset indicated that frequency alone was insufficient, suggesting that other factors, particularly
temperature, play a critical role.

Additionally, we present an energy analysis in Figure 5.2b, where two modeled energy estimates
are compared against PowerSensor3 ground truth (orange). The green trace corresponds to the
energy correction model using the true kernel execution time of 10.81 ms, while the orange
trace represents the model using the predicted execution time of 11.39 ms, obtained from the
rational function fit. Both versions systematically overestimate the ground-truth PS ENERGY,
with the truth-time model performing slightly better and showing a narrower spread than
the predicted-time variant. The gap between modeled and measured energy arises because
temperature correction has not yet been applied, meaning thermal effects are still unaccounted
for.

The temperature difference comes from the measurement methods in PowerSensor3 and NVML
in Kernel Tuner. For instance, each NVML power sample is obtained by executing the kernel 32
times to extend the sampling window and to allow the GPU to warm up. On the other hand,
PowerSensor3 has a very high sampling rate and can produce accurate measurements from
a few iterations. As shown in Figure 5.3b, the temperature levels during the GEMM kernel
execution between NVML and PowerSensor3 are significantly different (around 15°C). Hence,
incorporating temperature effects is essential to achieve closer alignment with sensor-based
measurements.

(a) Correcting Power based on clock frequency
using Equation 4.2.

(b) Correcting Energy based on clock frequency
using Equation 4.3.

Figure 5.2: Power correction (left) and Energy Correction (right).

5.3.5 Temperature Correction

To address discrepancies between the modeled power and PowerSensor3 measurements, we
added a temperature correction step. The analysis revealed a positive slope. Figure 5.3a
indicates that power consumption increases with temperature at approximately 0.69 W per
degree Celsius. Although the overall correlation strength was moderate, the regression clearly
demonstrated that even modest temperature variations can systematically shift power readings.
Importantly, we anchored the correction to the lowest recorded temperature during kernel
execution, serving as a “cold GPU” baseline. This ensured that the adjusted model accounted
only for the incremental increase in power associated with thermal rise, without artificially
shifting the entire curve.
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(a) Slope of Temperature vs Power linear
model.

(b) Temperature Level during GEMM kernel
execution.

Figure 5.3: Temperature VS Power (left) and Repeat VS Temperature (right).

5.3.6 Final Corrected Model

The complete correction methodology, combining both frequency and temperature corrections,
is illustrated in Figure 5.4a. The figure compares four sets of measurements:

1. Red: NVML default power measurements

2. Blue: Frequency-corrected power, which captures the general trend but retains a systematic
offset

3. Green: Frequency- and temperature-corrected power, which aligns with the ground-truth
mean but is prone to transferring the outlier trends from the default measurements

4. Orange: External PowerSensor3 measurements, serving as ground-truth reference data.

The results demonstrate that while frequency scaling alone transforms the raw NVML outputs
(red) into frequency-corrected power (blue) with a 7.79% MAPE (mean absolute percentage
error) relative to PowerSensor3 truth data. This means that it is still insufficient to fully
reproduce sensor-level accuracy; hence, we incorporated the temperature correction, which
eliminated most of the residual offset, reducing the MAPE to 1.19% and aligning the green
trace closely with the orange ground-truth readings. The corrected model overlapped with
PowerSensor3 values across nearly all repetitions, diverging only for a small number of outliers,
likely due to transient thermal fluctuations or measurement noise.

This outcome confirms that temperature-aware frequency scaling substantially enhances the
fidelity of NVML-based power modeling. By accounting for both dynamic scaling effects and
thermal contributions, the final corrected model provides a reliable proxy, with a 1.19% MAPE
on high-frequency external measurements, bridging the gap between NVML measurements and
hardware-level ground truth.

Moreover, we extended the correction framework to predict cumulative energy consumption.
Energy was computed from both the true kernel execution time and the predicted execution
time from the rational function fit and compared with the external PowerSensor3 ground-truth
measurements.

As shown in Figure 5.4b, the green trace represents modeled energy using the true execution
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(a) Final Power correction. (b) Final Energy Correction.

Figure 5.4: Power correction (left) and Energy Correction (right).

time (10.81 ms). This version aligns closely with the MAPE of the PowerSensor3 energy values
(orange), at 1.61%, though the scatter shows that some outliers in the power traces are directly
transferred into the energy estimates. In contrast, the blue trace, which relies on the predicted
execution time (11.39 ms), is systematically shifted upward, resulting in a biased MAPE of
6.92%. This shift reflects the limitations of the rational function in accurately capturing kernel
runtime, leading to compounding errors when estimating energy.

With the full methodology in place, the results demonstrate that accurate execution-time
measurement is critical for reliable energy modeling. While the truth-time model reproduces
the mean energy consumption with reasonable fidelity, additional corrections are still needed to
fully reconcile the modeled energy with the ground truth.

5.4 GEMM with unseen clock frequency 1620 MHz
The following experiment extends the baseline analysis for the seen clock frequency described
in Section 5.3. We extend the experiment to an unseen clock frequency to evaluate the model’s
ability to generalize to unseen data. The model was trained at the reference frequency of
1485 MHz (seen/in-sample) and then tested at 1620 MHz (held-out sample), which was not
part of the training set. The goal of this experiment is to validate whether the frequency and
temperature corrections can reliably interpolate to new operating points.

5.4.1 Power Correction

When the frequency-scaled model was applied directly at 1620 MHz, the predicted power
values (blue) showed a systematic offset relative to the PowerSensor3 ground truth (orange), as
illustrated in Figure 5.5a. Although the model correctly captured the trend and variance across
repetitions, the predictions consistently overestimated the truth data by an error rate of 5.82%
(MAPE). This confirmed that frequency scaling alone is insufficient for accurate extrapolation
to new frequencies.

To refine the prediction, the same temperature correction procedure from Section 5.3.5 was
applied. As shown in Figure 5.5b, the addition of this correction aligned the modeled power,
with temperature correction (green), much more closely with the PowerSensor3 measurements.
The MAPE offset was significantly reduced to 1.18% from 5.82%, and the final corrected
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model reproduced the external sensor readings across most repetitions, with residual deviations
limited to transient fluctuations.

(a) Correcting Power based on clock frequency
using Equation 4.2. (b) Final Power correction.

Figure 5.5: Power correction with only clock frequency correction (left) and Final Power
correction including temperature correction (right).

5.4.2 Energy Correction

For an unseen clock frequency, modeled energy was computed using the predicted kernel
execution time from the rational function fit in Equation 4.5, since the true execution time was
not available. The rational model predicted an execution time of 10.59 ms.

The modeled energy (blue) in Figure 5.6a consistently lies above the PowerSensor3 ground-truth
values (orange) with an error rate of 13.48% (MAPE). Note that the modeled power in Figure
5.6a is still not corrected for temperature; hence, this offset reflects the inaccuracy of both
power and predicted runtime.

(a) Correcting Energy based on clock frequency
using Equation 4.3. (b) Final Energy correction.

Figure 5.6: Energy correction with only clock frequency correction (left) and Final Energy
correction including temperature correction (right).

We then incorporate temperature correction into the modeled power to further correct energy
modeling. Figure 5.6b compares the temperature-corrected modeled energy (blue) against
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PowerSensor3 (orange) ground-truth data. While the correction improved the MAPE alignment
from 13.48% to 6.88%, the offset remained evident. This demonstrates that even when power
is accurately corrected, imperfect runtime prediction continues to bias the energy model.
The discrepancy further underscores the need to integrate more robust runtime modeling to
complement temperature-aware power corrections.

5.5 FP32 with seen clock frequency 1425 MHz
The following experiment focused on the FP32 kernel, a compute-intensive workload that fully
loads the GPU. Unlike the GEMM kernel, FP32 performs as few memory operations as possible,
placing heavier stress on the compute units and often amplifying noise and variance in power
measurements. Similar to Experiment 5.3, we chose 1425 MHz as a reference point because
these data were used during the training process. The same approach of correcting default
measurements with DVFS (Dynamic Voltage and Frequency Scaling) enabled was used, and
we then compared them with PowerSensor3.

The FP32 kernel was executed with the configuration parameters summarized below. These
values defined the problem size, block dimensions, and number of repetitions, ensuring consistent
execution and stable measurements for both NVML and PowerSensor3.

Parameter Value
block size x 1024
nr outer 64
nr inner 1024
REPEAT 1–2000

Table 5.3: Parameter set values for the FP32 kernel executed with Kernel Tuner.

The choice of a large block size of 1024, combined with high repetition factors nr outer =
64 and nr inner = 1024, was intended to fully saturate the GPU’s compute resources while
minimizing random fluctuations in power reporting. By systematically controlling both inner
and outer repetition loops, the kernel provided a sufficiently long execution window to capture
realistic power, frequency, and temperature behavior under sustained load. This configuration
ensured that the FP32 kernel allowed robust analysis of the interactions among clock frequency
scaling, thermal effects, and power consumption.

5.5.1 Frequency Power Modeling

The FP32 kernel was first analyzed by fitting the linear model described in Equation 4.1. The
measured data and fitted curve are shown in Figure 4.1b, where power increases monotonically
with frequency before saturating within the operating range.

Furthermore, we fit a rational function defined in Equation 4.5 to predict kernel execution time.
The fitted curve in Figure 4.2b shows excellent agreement with the training data, with runtime
decreasing at low frequencies and approaching an asymptotic lower bound at high frequencies.
Together, the power–frequency model and the rational execution time fit establish a solid
foundation for subsequent energy modeling of the FP32 kernel by coupling frequency-dependent
power with the predicted kernel execution time.
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5.5.2 Baseline recording with NVML

Figure 5.7 shows the raw NVML observer power readings at the baseline clock frequency.
Compared to GEMM, the FP32 traces exhibited lower noise and variance. Lower noise and
variance can be caused by factors such as longer execution time (nvml observer has more
sample points), less noise during measurements, or because the FP32 kernel is not accessing
memory.

Figure 5.7: Default measurements of FP32 kernel.

5.5.3 Clock Frequency Correction

To refine the raw NVML measurements, a frequency-scaling correction was applied to the FP32
kernel power data. The intent of this step was to transform and normalize power values to
the reference GPU clock of 1425 MHz. As shown in Figure 5.8a, the corrected modeled power
(blue) closely followed as the MAPE is only 0.63% when compared to the PowerSensor3 values
(orange). This confirmed that the frequency-based correction reproduced the FP32 kernel’s
general scaling behavior for the given clock reference.

However, the correction also propagated the variance from NVML readings. Instead of producing
a smooth trajectory, the modeled power showed substantial scatter across repetitions. This
contrasted with the PowerSensor3 data, which remained comparatively stable and smooth. This
divergence highlights an important limitation of frequency-only correction. While it is sufficient
to approximate the average behavior of the kernel, the correction cannot eliminate short-term
fluctuations.

In addition, Figure 5.8b represents the modeled energy consumption. The blue trace represents
modeled energy using the predicted execution time of 95.85 ms, whereas the green trace
represents modeled energy using the true execution time of 94.60 ms. Compared to the ground-
truth data (orange), the modeled mean, with the true execution time, aligns more closely with
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(a) Correcting Power based on clock frequency
using Equation 4.2.

(b) Correcting Energy based on clock frequency
using Equation 4.3.

Figure 5.8: Power correction (left) and Energy Correction (right).

the PowerSensor3 mean energy consumption; however, outliers present in the power traces also
propagate directly into the energy estimate.

Similar to the previous energy modeling, the predicted-time model shows a slightly upward shift
in its mean, reflecting the error introduced by runtime overestimation in the rational function
fit. This analysis demonstrates that while truth-time-based modeling provides a reasonable
baseline for energy estimation, reliance on predicted execution time introduces a small bias.
Accurate runtime modeling is, therefore, essential for reliable energy predictions, particularly
for workloads such as FP32 that exhibit noisier behavior than GEMM.

5.5.4 Temperature Correction

To further improve the accuracy of the FP32 power model, a temperature correction step
was introduced. The relationship between temperature and default power measurements is
illustrated in Figure 5.9, where a linear regression captures the upward trend in power as
temperature increases. The slope of the fitted line indicates a positive correlation, with power
rising approximately 0.55 W per degree Celsius.

Compared to GEMM, the linear correlation with FP32 is more noticeable because of the kernel
runtime. Longer execution times make the power measurements more prone to temperature
effects. For instance, the FP32 average execution time is 57.98 ms, whereas GEMM is 8.85 ms.
We can observe the strong clustering of data points at higher temperatures (around 66°C),
which suggests that the system reaches thermal equilibrium during extended FP32 operations,
resulting in more consistent and predictable power-temperature relationships.

5.5.5 Final Corrected Model

The complete FP32 correction methodology, which combines frequency and temperature
corrections, is presented in Figure 5.10. The figure compares four sets of measurements.

1. Red: NVML default power measurements

2. Blue: Frequency-corrected power
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Figure 5.9: Slope of Temperature vs Power linear model.

3. Green: Frequency and temperature-corrected power

4. Orange: External PowerSensor3 measurements

Interestingly, for FP32 at the reference point of 1425 MHz, only the clock-frequency correction
aligns closely with the PowerSensor3 mean. At first glance, the temperature correction in Figure
5.10b appears to underestimate the ground-truth power levels; however, it aligns well with
the initial iterations of the PowerSensor3 measurements. This indicates that PowerSensor3 is
also affected by temperature when running the FP32 kernel, stemming from the FP32 kernel’s
longer execution time. Based on Figure 5.10b, we can assume that PowerSensor3 data should
probably also be corrected for temperature.

Moreover, temperature correction reduces some of the systematic bias present in the frequency-
only corrected data by compensating for thermal effects that accumulate during kernel execution.

(a) Final Power Correction. (b) Final Power Correction. (c) Final Energy Correction.

Figure 5.10: Final Correction model based on clock frequency and temperature correc-
tion.

In Figure 5.10c, we show the corresponding modeled energy after applying temperature
correction. Two variants were computed:
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1. Blue: Predicted-time modeled energy based on the rational function estimate of 95.85
ms.

2. Green: Truth-time modeled energy using the actual kernel execution time of 94.60 ms.

3. Orange: PowerSensor3 energy.

From Figure 5.10c, we observe that PowerSensor3 also shows temperature-induced drift. As the
number of repetitions increases, energy consumption trends upward, confirming that thermal
load increases the average power draw.

5.6 FP32 with unseen clock frequency 2235 MHz
To further evaluate the generalization ability of the FP32 kernel model, we tested it at an
unseen clock frequency of 2235 MHz, which was not included in the baseline training. This
experiment served as a higher-frequency extension of Experiment 3, enabling the assessment of
how well the correction framework scales beyond the mid-range operating points.

5.6.1 Power Correction

Figure 5.11a shows the modeled power (blue) compared to PowerSensor3 ground truth (orange).
The frequency-only correction reproduced the overall trend but overestimates the measured
values. Moreover, the modeled data exhibited considerable variance, while the external mea-
surements followed a smoother but oscillatory profile, likely reflecting subtle thermal cycling
effects under sustained load. The oscillating pattern from PowerSensor3 is more likely a high
clock frequency reference point. The GPU is unable to maintain this frequency consistently,
even when set manually. Hence, it is dropping to a more stable one. This mismatch emphasizes
that frequency scaling alone cannot reliably capture the true power characteristics at elevated
frequencies. Hence, we present the temperature correction of modeled power in Figure 5.11b.

(a) Correcting Power based on clock frequency
using Equation 4.2. (b) Final Power correction.

Figure 5.11: Power correction with only clock frequency correction (left) and Final Power
correction including temperature correction (right).

The final corrected data (green) shifted downward and aligned more closely with the PowerSen-
sor3 readings. The mean offset was substantially reduced, particularly in regions where the
raw model had overestimated power consumption. Nonetheless, some residual discrepancies
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remained, with the corrected model unable to fully track the oscillatory fluctuations present in
the external sensor data.

5.6.2 Energy Correction

For the unseen-frequency validation of FP32 at 2235 MHz, we extended the analysis to include
cumulative energy modeling. Unlike the case of seen frequency at 1425 MHz, we did not have
access to the true kernel execution time. Instead, the energy estimates relied solely on the
predicted execution time from the rational function, which, for this kernel, was 92.10 ms.

As shown in Figure 5.12a, the mean of the modeled energy is higher than the ground-truth
data. This systematic offset directly reflects the inaccuracy of the predicted runtime: while
the power correction captures the mean scaling reasonably, even small deviations in execution
time translate into significant energy bias. Furthermore, the oscillatory pattern observed in the
PowerSensor3 energy is not reproduced by the modeled results, underscoring the limitations of
runtime prediction at high clock frequencies.

Furthermore, we added a temperature correction to the modeled power to bring the modeled
mean energy closer to the ground-truth data. However, we did not observe any significant
improvement, as shown in Figure 5.12b. This outcome mirrors the behavior observed in the
GEMM unseen-frequency experiments 5.4.2: when the true execution time is not available,
reliance on the rational model introduces error that propagates into energy estimates. Improving
runtime modeling is therefore critical to achieving robust energy prediction at unseen frequencies.

(a) Correcting Energy based on clock frequency
using Equation 4.3. (b) Final Energy correction.

Figure 5.12: Energy correction with only clock frequency correction (left) and Final
Energy correction including temperature correction (right).

5.7 Generalization
Previous experiments were conducted by repeating the same kernel configuration multiple times.
However, this is not realistic, especially during auto-tuning, when we want to test different
configurations to find the kernel that has the best performance or is the most energy-efficient
within the search space. Hence, the following experiments include tuning the GEMM kernel
with 216 different configurations. Each configuration was defined by a distinct set of tuning
parameters, including matrix workgroup sizes (MWG, NWG), kernel workgroup dimensions
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(KWG), tiling parameters (MDIMC, NDIMC, MDIMA, NDIMA, MDIMB, NDIMB), vector
widths (VWM, VWN), and shared memory flags (SA, SB). The parameters defined in Table
5.4 collectively shape the execution workload and directly influence the GPU’s power behavior.

Parameter Value(s) Parameter Value(s)
GEMMK 0 KWI 2
MWG 16, 32, 64, 128 VWM 4, 8
NWG 16, 32, 64, 128 VWN 4, 8
KWG 16 STRM 0
MDIMC 8, 16, 32 STRN 0
NDIMC 8, 16, 32 SA 1
MDIMA 8, 16, 32 SB 1
NDIMB 8, 16, 32
PRECISION 32

Table 5.4: Parameter set values for the GEMM kernel tuned with the Kernel Tuner
framework.

Compared to the controlled single-configuration runs, the power traces in Figure 5.13a showed
greater variance, both in absolute magnitude (ranging from 114 W to above 135 W) and in
stability across repetitions. Instead of forming a straight line, the data points vary widely. This
immediately highlights the challenges of generalization: when kernel parameters are varied, the
GPU operates under substantially different efficiency regimes, and a single correction model is
unlikely to capture clock-frequency or temperature effects across different configurations.

Interestingly, as shown in Figure 5.13b, temperature levels were nearly constant, despite the
measurements being recorded with the NVML observer. Perhaps the 216 configurations are not
enough to warm the GPU to a point where the thermal effects are noticeable. On the other
hand, with 2000 repetitions in the single-configuration case Figure 5.3a, thermal effects were
noticeable, and a correlation between temperature and power was observed. Therefore, in the
following experiments, we exclude temperature correction and rely only on clock frequency
correction.

(a) Default measurements of GEMM. (b) Temperature VS Power.

Figure 5.13: Default measurements for GEMM (left) Temperature VS Power correlation.
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5.7.1 Modeling energy with default clock frequency

In Figure 5.14, modeled energy predictions were evaluated against PowerSensor3 and NVML
data to assess accuracy across the 216 kernel configurations. We compared two different types
of measurements. On the left 5.14a, we modeled energy with the true kernel execution time
recorded with the runtime observer, and on the right, we modeled energy with the predicted
time based on the rational function defined in 4.2a.

As shown in Figure 5.14a, the modeled energy (blue) closely follows the PowerSensor3 (orange)
and NVML (green) measurements, with an acceptable MAPE of 4.7%. On the other hand,
when energy is modeled using the predicted time 5.14b, the modeled energy (blue) significantly
underestimates the values from PowerSensor3 and NVML observer, and the error significantly
increases to 38.28%. This underestimation occurs because the predicted execution time is
always shorter than the actual one (the mean predicted time is 15.95 ms, whereas the mean
true time is 22.83 ms), and since the modeled power is identical in both cases, we can assume
that the rational function in 4.2 does not accurately predict runtime across configurations.

(a) Energy Modeling with truth kernel execu-
tion time.

(b) Energy modeling with predicted kernel ex-
ecution time using model defined at 4.5.

Figure 5.14: Energy Modeling VS NVML vs PowerSensor3.

5.7.2 Modeling energy with fixed clock frequency

We extend our general experiments to fixed clock frequencies, specifically at 1485 MHz and
1620 MHz. To model power, we use the fitted model described in Figure 4.1, and to model
kernel execution time, we use the model described in Figure 4.2. The idea is to test whether
we can model energy without even running the kernel at that particular clock frequency. This
way, we can reduce overall benchmarking time; instead of running all configurations for each
tuned clock frequency, we can run the tuned space once and use our methodology to explore
the other clock frequencies.

The left side of the plots in Figure 5.15 shows energy modeling with ground truth times. That is,
the modeled energy (blue) is defined by multiplying the modeled power (obtained by correcting
the default measurements from Figure 5.13a using 1485 and 1620 as clock reference points)
by the execution time recorded via the runtime observer in Kernel Tuner. On the right side,
the modeled energy is defined by multiplying the same modeled power by the rational function
defined in Figure 4.2. This ensures that we evaluate both the power model 4.1 and the time
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model 4.2 against ground-truth data from PowerSensor3 (orange) and the NVML observer
(green).

At 1485 5.15a and 1620 5.15c MHz, the modeled energy (blue) overestimates the energy
relative to PowerSensor3 and NVML with a MAPE of 35.82% for 1485 MHz and 37.90% for
1620 MHz. Compared to the energy modeling with default clock frequencies in Figure 5.14a,
the error margin in this experiment is notably higher. We can assume the source of the error
is the power modeling, since we use the true kernel execution time. In addition, when using
predicted times, the modeled energy underestimates the PowerSensor3 and NVML observer
data for both 1485 MHz 5.15b and 1620 MHz 5.15d, with MAPE of 39.51% and 34.45%,
respectively.

This indicates that for the previous experiment 5.7.1, the error was solely in execution time.
However, in these experiments, we observe that the error originates from both linear power
modeling and rational function time prediction. With these results, we conclude that, unfortu-
nately, we cannot accurately predict energy or power measurements without actually running
the kernels.

(a) 1485 MHz truth time. (b) 1485 MHz predicted time.

(c) 1620 MHz truth time. (d) 1620 MHz predicted time.

Figure 5.15: Energy Modeling for 1485 (Upper part) and 1620 (Lower).
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5.7.3 Limitation of the model for generalization

The primary limitation identified during generalization is the assumption that a single power or
time profile applies across different kernel configurations. Similar to Schoonhoven et al. [7],
we assumed that power consumption follows a consistent pattern regardless of how kernels
are tuned. However, each kernel configuration produces a unique power or kernel execution
model based on variations in resource utilization, memory access patterns, and compute density.
As we can see in Figure 5.16, each color represents one kernel configuration from the search
space defined in Table 5.4. As a result, the frequency-correction model defined in Figure 4.1a
and kernel execution model defined in Figure 4.2a failed to generalize across different kernel
configurations.

(a) Clock Frequency VS Power for 5 different
configurations.

(b) Clock Frequency VS Power for search
space defined at 5.4.

(c) Clock Frequency vs Time for 5 different
configurations.

(d) Clock Frequency vs Time for search
space defined at 5.4.

Figure 5.16: Clock Frequency vs Power (Upper part) Execution time vs Clock Frequency
(Lower).
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Chapter 6

Conclusion

The primary motivation for this work was to develop an efficient and generalizable method for
predicting GPU power and energy consumption without the use of external sensors, which can
be costly and challenging to scale across a set of machines. The proposed methodology relies on
NVML measurements, a built-in sensor that provides on-device, real-time power measurements
from the GPU itself. The real-time data provides consumption estimation without the need for
additional hardware implementation, making the approach cost-effective and portable across
various environments.

The correction methodology proposed in this work implements two techniques to improve the
accuracy of power and energy prediction:

• Clock frequency correction: Taking into account that power consumption is proportional
to the clock frequency, we introduced a correction model for scaling the power values
with the operation frequency of the GPU.

• Temperature correction: As temperature is one of the most significant factors influencing
GPU power, we added a temperature correction step to account for the thermal effects
on power consumption over time.

6.1 Main Findings
This work aimed to develop a generalized and efficient model for predicting GPU power
and energy consumption using NVML telemetry, incorporating clock frequency scaling and
temperature correction. The findings offer valuable insights into the model’s limitations and
the complexity of GPU behavior. The primary conclusions indicated from the experiments are
as follows:

• We observed that the power consumption increases with the clock frequency. However,
each configuration had a distinctive power signature, and a fair amount of variance can
be noticed between the configurations. This shows that using a single power model
cannot represent all possible configurations. This result contradicts prior work, which
assumed that a single model can be used to represent the kernel configurations for
predicting power consumption. In contrast, our results show that it is necessary to utilize
configuration-specific models, as the power scaling behavior of each configuration differs.
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• Another key point in our study was the usage of temperature correction to the power
model. By including a linear temperature correction, we modified the power model to
account for the thermal effects that contribute to the power usage. Interestingly, for
kernels with longer execution times, we observed that even external sensors must account
for thermal effects. The downside of this approach is the linear assumption between
temperature and power, as observed during general tuning. If correlation is constant or
negative, this method can drastically increase the measurement error.

• Another important aspect of this study was the generalization of the correction method-
ology. As we already observed in our generalization experiments, it was very difficult
to apply the same model to different kernel configurations. The model was trained on
single-frequency training data and tested on a large number of configurations. This
approach led to poor generalization, as the model was unable to fully accommodate the
broad variability in power characteristics observed between different kernel configurations.
We discovered that the assumption that all kernel configurations can be modeled by a
single model was an oversimplification. This generalization failed because different kernel
configurations have different power characteristics, which are not accurately represented
by the model. Notably, this paper highlights that it is impossible to single out a general
model for all GPU configurations and that kernel-specific models are required to capture
the power behaviors for a variety of workloads.

These results demonstrate the complexities of GPU power prediction and the importance of
developing more adaptive power prediction models that consider the diversity of GPU kernel
configurations. While our methodology demonstrated the successful use of NVML telemetry for
rapid and efficient power modeling, it also highlighted major challenges related to generalization
and temperature effects.

6.2 Methodology Limitations
While the methodology brings new observations in the field, it is important to note some
limitations:

• Empirical Nature: The model relies heavily on empirical data, which means that if the
training data is incorrect or unrepresentative, the entire methodology will fail. This
highlights the importance of collecting data carefully and accurately for effective training.

• Sensitivity to Outliers: As demonstrated in the default clock frequency measurements,
outliers in the data tend to be transferred to the modeled predictions. This is a key
limitation of correction methodology, as outliers can significantly skew the results and
affect the model’s performance, especially when testing with unseen frequencies or
different configurations.

6.3 Conclusion on Research Questions
This study aimed to address key research questions regarding the development of an efficient,
generalized methodology for predicting GPU power and energy consumption. The findings
reveal several strengths of the methodology, as well as some challenges that highlight areas for
future refinement. Below, we revisit the research questions defined in Section 1 and discuss the
corresponding conclusions drawn from our experiments:
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• RQ1 (measurement window): Our goal was to avoid multi-second or minute-long kernel
repetitions while still producing reliable power and energy estimates. However, because
our methodology failed to generalize, this was not achieved. We are still dependent on
running kernels for at least 1 second during auto-tuning to obtain reliable measurements.

• RQ2 (no external sensors): One of the primary goals of this study was to develop a
method that does not rely on external sensors, such as PowerSensor3. The methodology
is successful to some extent in achieving this goal, but we encountered limitations in
generalization and energy accuracy due to the absence of detailed, high-fidelity ground-
truth data.

• RQ3 (auto-tuning impact): Our ultimate goal in this work was to enhance the auto-
tuning process by modeling various executions. This way, we could significantly improve
benchmarking time. However, since our kernel generalization failed, it may not be possible
to accurately model GPU power behavior when factors such as clock frequency, time,
and temperature are not bounded.

6.4 Future Work
While this study lays a solid foundation for GPU power and energy modeling, several areas
need further development to enhance accuracy and applicability:

• Kernel-Specific Models: The current model assumes a universal power scaling curve;
however, our findings indicate the need for kernel-specific models to capture distinct
power profiles across different workloads. Future work should focus on adapting the
model to diverse kernels for more accurate power predictions.

• Improved Runtime Estimation: The reliance on predicted execution times introduced
errors, particularly for FP32. Developing a more robust runtime estimation framework,
perhaps utilizing real-time feedback or machine learning, could reduce reliance on predicted
values and enhance energy modeling accuracy.

• Custom observer for Kernel Tuner: There is a difference between the measurements
from PowerSensor3 and the NVML observer. We considered PowerSensor3 as the truth
data, but the way the data is recorded by these observers differs. The NVML observer
requires significantly more iterations to increase data frequency; however, this increases
the sensitivity of the measurements to thermal effects. Hence, having a custom observer
where the measurement method is the same for both observers will contribute to a more
accurate comparison of measurement results.
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