Summary

This paper investigates whether the energy consumption of CUDA kernels can be accurately
estimated using static analysis of NVIDIA’s Parallel Thread Execution (PTX) intermediate
representation. The motivation is to enable energy-aware GPU software development without
relying on runtime profiling, simulation, or hardware performance counters, which require
executing the target application and may introduce significant overhead.

To address this problem, the authors developed a static analysis framework that extracts PTX
instruction frequencies from CUDA kernels and combines them with instruction-level energy
measurements obtained through external power monitoring. Energy measurements were collected
using an ElmorLabs PMD2 power monitor, allowing more accurate measurements than those
provided by NVIDIA’s built-in sensors. The framework constructs control-flow graphs from PTX
code, estimates instruction execution counts, and uses these counts as input for energy prediction
models.

The study evaluates three energy estimation approaches. The first two are static instruction-cost
models that assign fixed energy weights to PTX instructions, derived using either a baseline-
subtraction method or a differential-repeat method. The third approach uses a neural network that
learns the relationship between PTX instruction frequencies and kernel energy consumption.

To evaluate the models, the authors created a validation suite consisting of 144 CUDA kernels from a
diverse set of workloads, including NAS Parallel Benchmarks, memory-access microbenchmarks,
SGEMM matrix multiplication optimizations, transformer-inspired kernels, and synthetic stress
tests. Experimental results show that individual PTX instructions vary significantly in energy
consumption, with the most expensive instructions consuming up to two orders of magnitude more
energy than the least expensive ones.

Despite these differences, the results demonstrate that static PTX analysis alone is insufficient for
accurate kernel-level energy prediction. The instruction-cost models achieved mean absolute
percentage errors (MAPE) of 90.3% and 91.2%, respectively. The neural-network model improved
prediction accuracy, achieving a MAPE of 74.1%, but the errors remained too large for practical use.
While some workloads, such as vector addition and certain FFT kernels, were predicted reasonably
well, highly optimized matrix multiplication kernels, transformer workloads, and memory-intensive
applications exhibited substantial prediction errors.

The findings indicate that GPU energy consumption depends heavily on runtime factors that are not
visible in static PTX code, including memory-access patterns, cache utilization, occupancy,
instruction scheduling, and hardware resource contention. Consequently, PTX instruction
frequencies alone do not provide sufficient information for accurate energy estimation across diverse
CUDA workloads.

In conclusion, the paper shows that although static PTX analysis can reveal meaningful differences
in instruction-level energy consumption and capture some workload characteristics, accurate GPU
energy estimation requires information beyond static instruction counts. Future work should
therefore investigate hybrid approaches that combine static analysis with runtime characteristics
and hardware performance information.
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Abstract

GPUs are central to modern AI and high-performance
computing workloads, making energy efficiency an increas-
ingly important concern. This paper investigates whether
the energy consumption of CUDA kernels can be estimated
statically from NVIDIA’s Parallel Thread Execution (PTX)
intermediate representation. We develop a static analysis
framework that extracts PTX instruction frequencies and
combine it with instruction-level energy measurements
obtained through external power monitoring. Two instruc-
tion-cost models and a neural-network-based instruction-
frequency model are evaluated on 144 CUDA kernels span-
ning scientific computing, memory-intensive workloads,
matrix multiplication optimizations, and transformer-in-
spired applications. The results show that individual PTX
instructions vary in energy consumption by up to two
orders of magnitude. We find static PTX analysis alone is
insufficient for accurate kernel-level energy prediction. The
best-performing model achieves a mean absolute percent-
age error of 74.1%, indicating that runtime factors such
as memory behavior, cache utilization, and resource con-
tention play a significant role in GPU energy consumption.
CCS Concepts: « Computing methodologies — Exper-
imentation; Measurement; « Hardware — Power and
energy; Performance.

Keywords: Energy, CUDA, GPU architecture, Power esti-
mation

1 Introduction

The rapid growth of artificial intelligence (AI) and high-per-
formance computing has led to an unprecedented increase
in demand for GPU resources, making energy efficiency
an increasingly important concern for both economic and
environmental reasons [1], [2]. While existing approaches
to GPU energy estimation typically rely on runtime profil-
ing, hardware performance counters, or simulation, these
methods require execution of the target application and can
introduce significant overhead [3]. This paper investigates
whether the energy consumption of CUDA kernels can
be estimated statically from NVIDIA’s Parallel Thread Exe-
cution (PTX) intermediate representation. By combining
instruction-level energy measurements obtained through
external power monitoring with static PTX analysis and
machine-learning models, we evaluate the extent to which
kernel energy consumption can be predicted prior to execu-
tion and assess the potential of PTX-based energy estima-
tion for energy-aware GPU software development.

The replication package has been made publicly avail-

able on GitHub.

1.1 Overview

This study aims to: (1) determine energy consumption of
PTX instructions by experimental measurement and (2)
predict energy consumption of CUDA kernels using static
analysis. Through the following research questions and
their related experiments this work seeks to contribute to
a broader understanding of energy-aware CUDA kernel
development.

1.1.1 Research Questions

Understanding whether static analysis can replace or reduce
the need for runtime profiling is the central question of
this study. Accurately predicting energy consumption from
PTX code without executing the kernel would dramatically
speed up the development cycle and reduce reliance on
time-consuming profiling runs. This motivates the follow-
ing primary research question: Can energy consumption of
CUDA kernels be accurately estimated through static PTX
code analysis? To answer this, we investigate the following
subquestions:

RQ1: What is the energy consumption associated with
individual PTX instructions in CUDA kernels? Understanding
the energy footprint of each PTX instruction is fundamental
because it allows developers to identify the most power-
hungry operations at the instruction level.

RQ2: How accurately can the energy consumption of
CUDA kernels be predicted by assigning static energy weights
to PTX instructions? A well-established approach[4] in static
energy analysis is to assign a fixed energy cost to each
instruction and estimate total consumption by counting
instruction occurrences, accounting for loop iterations. This
examines whether that same principle can be effectively
applied to PTX.

RQ3: How does the accuracy of static PTX-based energy
estimation vary across different CUDA kernel types and
workloads? A prediction model may perform well on
some kernels but poorly on others. Evaluating estimation
accuracy across diverse workloads such as memory-bound
versus compute-bound kernels reveals the generalizability
and limitations of the static analysis approach.

2 Background

This section provides the background needed to follow the
rest of the paper. It first describes the GPU architecture and
the CUDA programming model that determine how a kernel
maps onto hardware. It then covers GPU power modeling
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and the tooling used to measure power, including the limita-
tions of NVIDIA’s built-in sensors that motivate an external
measurement setup. Finally, it introduces Parallel Thread
Execution (PTX), the intermediate representation the static
analysis operates on.

GPU Architecture & CUDA Programming Model
Modern GPU architectures consist of thousands of cores
organized into processing units. On NVIDIA GPUs, these
units are referred to as Streaming Multiprocessor (SM) [5].
Figure 1 presents an overview of the NVIDIA Ada Lovelace
SM architecture. Each SM is equipped with its own compute
units (FP32/FP64 cores, integer ALUs, and tensor cores),
a memory hierarchy consisting of registers (per-thread,
fastest), shared memory/L1 cache (on-chip, low latency,
shared within the SM) and global memory backed by L2
cache [5] (off-chip, higher latency but large capacity), warp
schedulers for dispatching threads, and Special Function
Units (SFUs) that handle transcendental and approximation
operations such as sine, cosine, and square root functions.
CUDA organizes execution into threads, warps, thread
blocks, and grids. A kernel is a function that defines the
work performed by each thread, executed in parallel across
all threads in the grid. A thread is the smallest unit of
execution and has its own private registers. A warp consists
of 32 threads that execute in lockstep. Multiple warps form
a thread block, which shares a pool of shared memory and
is assigned to a single SM. L2 cache and global memory
are shared across all SMs [5]. A grid is a collection of
thread blocks that represents all the threads launched by a
kernel. The thread block configuration, which determines
the number of threads per block and the number of blocks
per grid, influences GPU performance, memory coalescing
(memory requests from multiple threads within a warp are
merged into a single, contiguous memory transaction), SM
occupancy (active warps per SM) and energy efficiency.
However, this flexibility requires thorough kernel tuning
to optimize hardware resource utilization [6]. Suboptimal
thread block shapes can degrade performance, presenting
multidimensional energy optimization challenges that ne-
cessitate specialized solutions [6].
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Figure 1: Overview of an NVIDIA Ada Lovelace SM archi-
tecture in the GeForce RTX 4080 Super [7].

Figure 2 shows the overall organization of the AD103 GPU
as configured in the RTX 4080 Super. At the chip level,
the SMs are grouped into Texture Processor Cluster (TPC),
which are in turn organized into GPU Processing Clusters
(GPC). The AD103 die exposes seven GPCs: six full GPCs of
six TPCs each and one reducedGPC of four TPCs, for a total
of 80 SMs. All GPCs share a unified L2 cache, which buffers
traffic to off-chip global memory across a 256-bit interface
served by eight 32-bit memory controllers. The GigaThread
Engine distributes thread blocks to the GPCs, while the
Peripheral Component Interconnect Express (PCle) express
host interface connects the GPU to the rest of the system.
This hierarchical layout SMs within TPCs within GPCs, all
backed by a shared L2 determines how a kernel’s threads are
physically placed on the device and how memory accesses
are routed, both of which directly influence the energy
consumption.
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Figure 2: Simplified block diagram of an AD103-class GPU

as configured for the RTX 4080 Super, showing 11 enabled

GPCs (one cut down to 4 TPCs), 12 memory controllers,

and the unified L2 cache [7], [8]. Full size is on Figure 13 in
Appendix F.



GPU Power Modeling NVIDIA provides NVIDIA Nsight
Compute [9], a profiling tool for analyzing and optimizing
GPU kernels. It includes an occupancy calculator for esti-
mating streaming multiprocessor utilization. However, this
tool relies on runtime measurements and is not designed
for precise power modeling. For power monitoring, NVIDIA
exposes the NVIDIA Management Library (NVML) [10] for
querying GPU power consumption programmatically using
onboard sensors. Prior work by Z. Yang et al. [11] identified
significant inaccuracies in NVML-power readings, leading
to both underestimation and overestimation of actual en-
ergy consumption.

Modern GPUs draw power through two primary sources:
the PCI Express (PCle) x16 slot on the motherboard and
dedicated external power connectors supplied directly by
the PSU. The PCle slot can deliver up to 75 W at 12 V, while
the majority of power is supplied through external connec-
tors. Starting with the RTX 40 series, NVIDIA GPUs utilize
the 16-pin 12VHPWR connector, which supports power
delivery of up to 600 W.

The ElmorLabs PMD2 [12], previously used in our pre-
master study [13], is an external hardware tool for precise
measurement of voltage, current, and power across GPU,
CPU, and motherboard power cables. For this study’s exper-
iments, it is installed inline with power delivery cables,
enabling direct measurement of both PCle slot power and
dedicated external power connectors just like we did in our
previous work [13]. The manufacturer specifies a maximum
voltage error of £1V at 12V and a maximum current
error of £0.5A at 10A. The device is used in conjunction
with a PCle slot interposer, which allows signal pass-
through while routing slot power through the measurement
hardware. In our setup, the PMD PCI-E 4.0 Slot Power Mea-
surement Adapter [14] is used as this interposer between
the motherboard PCle slot and the GPU. The PMD2 micro
controller provides the telemetry via USB with a sampling
rate of approximately 10 Hz. Both the PMD2 and the PCle
slot adapter are commercially available off the shelf.

Parallel Thread Execution (PTX) is an intermediate
representation (IR) produced by NVIDIA CUDA Compiler
(NVCC), the NVIDIA CUDA Compiler Driver. Like x86_64
or AArch64, it defines a virtual instruction set targeting
an abstract machine rather than concrete hardware. At run-
time, the CUDA driver JIT-compiles the embedded PTX into
device-specific SASS (Streaming Assembler) instructions for
execution on the GPU. Typical PTX instructions are shown
in Listing 1.

fma.rn.f32 %f2, %fe, %f1, %f2;
round-to-nearest, f32

1d.global.f32 %f@, [%rdol;

// d =a*xb + c,

// load f32 from

2 global memory

3 add.s32  %r2, %re, %ri; // signed 32-bit
integer add

4 bra.uni $L__BBO_1; // unconditional

branch

Listing 1: Typical PTX instructions

3 Preliminaries

This section introduces the graph-theoretic structures the
static analysis operates on. The graph definitions in Defini-
tion 3.1 are standard and reused from [15], while the Control
Flow Graph (CFG) in Definition 3.3 is the established com-
piler-analysis structures our PTX analysis builds on, drawn
from [16] and [17] respectively. The PTX analyzer in Section
4.4 constructs a CFG and a Data Dependency Graph (DDG)
directly from a kernel’s PTX instructions. The definitions
below describes the structures that the analyzer produces.

Definition 3.1 (Graph): A directed graph is a pair G =
(V, E) with V, a finite vertex set and
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a set of ordered edges, where (u,v) € E denotes an
edge from u to v. G is undirected if (u,v) € E <
(v,u) € E [15].

The vertices represent the objects of interest, and edges rep-
resent the connections between them. In a directed graph,
the order of an edge matters, so u — v does not imply v —
u.

Definition 3.2 (Basic Block): A basic block is a maximal
instruction sequence

b = <51, ceey 8k>

with a single entry at s;, where only the terminator
s;, may transfer control (a branch, jump, or return) and

every other instruction falls through to its successor
[16].

A basic block is a set of instructions that executes sequen-
tially.



Definition 3.3 (Control Flow Graph): A CFG
is a directed graph G = (V,E) where V
is a set of basic blocks and (u,v) € E <

control may pass from u to v, with a distinguished
entry block v;, € V and exit blocks V , C V' [16].

out

Edges capture transfer of control, e.g. a branch, jump, or
fall-through; a path from v;, corresponds to a possible exe-

m

cution.

4 Methodology
We model the total energy consumption of an NVIDIA GPU
executing a kernel as the sum of idle and dynamic power
components as shown in Equation 1.

Ptotal = Ijidle + denamic (1)
Idle power, Py, is the power consumed even when no
useful computation is being performed.

Dynamic power is consumed during kernel execution.
=aCV?2f (2)
where « is the switching activity, C' is the physical capaci-
tance, V' is the supply voltage, and f is the clock frequency
[18].

To characterise power consumption, instantaneous
power is defined at each sample index n as:

Win] = Vin] - I[n] (3)
where V[n| and I[n] where n are the supply voltage and
current, respectively, at the n-th sample

To estimate kernel energy consumption we use the PMD2
power monitor, which acquires synchronized voltage and
current samples at a nominal sampling frequency of f, =

]Ddynamic

10 Hz throughout the kernel execution interval T}, yielding
N = f, - T, samples. The energy consumption of a kernel
spanning the interval is then estimated as:

. 1 N—-1
P=§ X Vinl Il @)

We utilize CUDA Profiling Tools Interface (CUPTI) to obtain
the start and end timestamps of the kernel execution,
denoted ¢, and ¢4, via callbacks issued after the kernel
completes. The kernel execution interval T}, is then:

Tk = tend - tstart (5)
4.1 Trapezoidal Rule
The trapezoidal method was used to estimate the integral,
approximating the area under the power curve from discrete
measurements. Given the sampling frequency and stable
workload. The approximation of the energy consumption is
thus given by: Voo

— P[n] + Pln + 1]

E, = — At 6
- ©)

where At = 1/ f, is the sampling period.

4.2 Clock Synchronisation
CUPTI reports kernel timestamps in the GPU clock domain
tevices Whereas the PMD2 samples are timestamped in the
host CPU clock domain ¢;. Because the two clocks drift
relative to each other, a fixed offset is insufficient. We
therefore fit a linear model between the two clock domains,
following the approach used in the Tracy sampling profiler
[19]. The incremental orthogonal regression used for clock
alignment is adapted from TracyCUDA.hpp in the Tracy
repository [20].

During program execution, we collect M reference pairs
(t(m) tf:;?t by recording a CUPTI timestamp alongside

device?

the host CPU timestamp. To account for measurement noise
in both clock readings, we fit an orthogonal Deming regres-
sion with unit variance ratio § = 1, minimizing residuals in
both axes simultaneously. This yields a slope 3 and intercept
v such that:

Thost = B tdevice T (7)
Any GPU timestamp is then converted to the host domain
via Equation 7, allowing ¢, and t,4 from Equation 5
to be converted to the same clock domain as the PMD2
samples. Only PMD2 samples falling within [¢ tonal are
then included in the trapezoidal summation of Equation 6.
4.3 Kernel Annotation
Since PTX is a Virtual Instruction Set Architecture (V-ISA),
loop bounds are not always statically recoverable from the
intermediate file, so kernels must communicate their itera-
tion counts to the PTX analyzer explicitly through the eMeTA
Loop annotation (Section 4.4). We provide this through a
C++ macro library, ptx_meta.h, that embeds metadata into
the PTX output as comments of the form asm volatile("//
@META:<version> <tag> <fields>"). The asm volatile block
prevents the compiler from reordering or eliminating the
metadata, and as a PTX comment it is stripped before SASS
compilation, incurring no runtime overhead.

The analyzer consumes a single tag, LOoP, record-
ing a loop with its minimum and maximum iteration
counts and an unrolling flag. The training kernel tem-
plate emits META_LOOP(<loop_name>, <min_iter>, <max_iter>,
<is_unrolled>), as shown on line 4 of Listing 2. The
<loop_name> permits multiple annotations per kernel and
labels the emitted comment; annotations are matched to
loops by position in the CFG rather than by name. The
<is_unrolled> flag mirrors the loop’s #pragma unroll directive,
which the developer controls.

The training kernels fix the minimum and maximum
bounds to a single compile-time constant, giving an exact
trip count by which the analyzer scales the in-loop instruc-
tion counts. Variable trip counts, where the bounds differ,
are left to future work. Each annotation is associated with
its closest enclosing loop region in the CFG.

Any kernel for which a prediction is required must carry
the same META_LOOP annotation on its loops, not only the

start? “end
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training kernels. Listing 2 shows such an annotation on line
4.

1 // Vector add kernel: out[i] = a[i] + b[i]
__global__ void vector_add(float *a, float *b,

2 float *out, int _N)

3 {

4 META_LOOP(iterations, ITERATIONS, ITERATIONS,

false);

5 for(int i = @; i < ITERATIONS; ++i) {

6 int idx = blockIdx.x * blockDim.x +
threadIdx.x;

7

8 if (idx < _N) {

9 out[idx] = a[idx] + b[idx];

10 3

11 }

12 3

Listing 2: Vector add kernel with loop annotation

The analyzer also requires the launch parameters, the grid
and block dimensions, since these give the total thread
count by which per-thread instruction counts are scaled to
a full launch. Because they are supplied at kernel launch
rather than fixed in the source, they cannot be read from the
PTX and are instead passed to the analyzer directly. Many
of the kernels from both training and validation datasets
export the launch configurations at runtime, this is not a
requirement for the analyzer but for ease of use since the
kernels are ran with different problem sizes which may
affect the launch configuration.

4.4 PTX Analyzer

The analyzer constructs a CFG from the kernel’s PTX
instructions in three passes. The first identifies block bound-
aries at the kernel entry, every labeled instruction, and
every instruction following a branch or return; the second
partitions the instruction list at these boundaries; and the
third derives successor and predecessor edges from each
block’s terminating instruction. Block chains with a unique
successor and predecessor are then merged, retaining only
structurally significant nodes.

Instruction counts are obtained by a depth-first traversal
of the CFG. Each block holds a scope iteration count,
initialized to 1. On encountering a loop back-edge, the
@META Loop annotation (Section 4.3) supplies the iteration
count, which multiplies the scope count of the loop body.
Each instruction’s occurrence count is incremented by the
current scope count.

The analyzer emits a JSON report of the total instruction
count and per-opcode occurrence frequencies, consumed
by the feature extraction stage of the prediction pipeline
(Section 6). An example report is provided in the replication
package.

5 Benchmarks

This section describes the benchmark suite used through-
out this work. For the benchmark suite we distinguish
two categories: training kernels, purpose-built micro bench-
marks used to fit the energy models, and validation kernels,
taken from standard benchmark suites to evaluate predic-
tion accuracy on workloads the model has not seen during
training.

Source code

PTX

Analyzer

Prediction Model

Figure 3: An overview of the model architecture

Figure 3 illustrates the overall structure of our model, out-
lining its two main paths. The black path is the prediction
pipeline applied to every kernel: source code is compiled
by NVCC to PTX, which the analyzer converts into per-in-
struction occurrence counts that the prediction model maps
to an energy estimate. The orange path is only exercised
when collecting ground-truth measurements for training
and validation. Here NVCC also emits an executable, which
yields the launch dimensions passed to the analyzer and the
start/end synchronization timestamps that bound the kernel
execution interval, these timestamps drive the power model
that integrates the PMD2 samples into the actual energy
consumption used as the measurement label.

5.1 Training Kernels

The kernel used for measuring energy consumption of spe-
cific PTX instructions uses the shared kernel template as
seen in Listing 3. It contains a fixed loop whose body con-
tains one or more inline PTX asm volatile blocks, guarded
by #pragma unroll 1 to prevent the compiler from unrolling
the loop and inflating instruction counts. It is also annotated
with the META_LOOP macro so the PTX analyzer knows the
expected iteration count at analysis time, and followed by
post-loop sink writes that force the compiler to treat all



computed values as used, preventing dead-code elimination
of the measured instructions.

To ensure sufficient coverage of the instructions encoun-
tered in practice, the PTX instructions present across
all validation kernels were collected and their union of
distinct opcodes compiled. For each opcode, a dedicated
micro benchmark was generated using the shared kernel
template (Listing 3), isolating the instruction of interest
within the loop body such that its energy contribution can
be attributed independently. The resulting per-instruction
measurements form the dataset from which the energy
model parameters are estimated.

1 __global__ void ptx_kernel(voidx sink) {

2 int tid = blockIdx.x * blockDim.x + threadIdx.x;

3 META_LOOP(main_loop, ITERATIONS, ITERATIONS,
true);

4 #pragma unroll 1

) for (int i = @; i < ITERATIONS; ++i) {

6 asm volatile("..."); // instruction 1

7 asm volatile("..."); // instruction 2, ...

8 3

9 /* sink writes to prevent dead-code elimination */

10 3}

Listing 3: Shared kernel template

Weights are extracted via a differential-repeat method to
cancel loop overhead and static baseline power. Two kernel
variants are executed back-to-back: a repeat-1 kernel with
one instruction copy per loop iteration and a repeat-2 kernel
with two copies. Both run the same iteration count, so the
repeat-2 kernel performs exactly twice the instruction work.
The per-instruction energy is then:

Einst = Er2 — Erl

]Viters X ]Vthreads

where E,; and E,, are PMD2-measured total energies.
Subtraction cancels the loop control instructions, META_LOOP
annotation overhead, and static GPU idle power, leaving a
per-instruction estimate robust to baseline drift. The itera-
tion count is determined by the required count to reach the
target of ~ 10s of wall-clock time, ensuring the PMD2 (~
10 Hz) collects sufficient samples [11].

5.2 Validation Kernels

Validation kernels are chosen from multiple benchmarks
suites to cover a broad spectrum of instructions, memory
access patterns, and occupancy regimes.

NAS Parallel Benchmarks (NPB). The NAS Parallel
Benchmarks [21] are a set of kernels originally designed
to evaluate the performance of parallel supercomputers,
derived from Computational Fluid Dynamics (CFD) appli-
cations. NPB is a standard baseline in GPU performance
and power research [22], [23], providing reproducible work-
loads with well-understood computational structure. The
suite comprises of five kernels, IS (integer sort, random

memory access), EP (embarrassingly parallel), CG (conju-
gate gradient, irregular memory access), MG (multi-grid,
memory intensive with long- and short-distance commu-
nication), and FT (discrete 3-D FFT, all-to-all communica-
tion) and three pseudo-applications: BT (block tri-diagonal
solver), SP (scalar penta-diagonal solver), and LU (lower-
upper Gauss-Seidel solver), of varying problem classes. We
use the CUDA implementation and treat each kernel as an
independent benchmark and compiling at problem class S
the smallest class, to keep execution time tractable while
preserving the full instruction mix of each algorithm. This
yields 106 kernels in total.

UBench [24] is a suite of micro benchmarks designed to
isolate individual effects arising from thread-block geome-
try and GPU hardware configuration. We include all 13
kernels that exercise memory access behavior, covering 1-D
and 2-D store patterns, column and row reads, diagonal ac-
cess, single-thread scalar store, and block-level reductions.
These kernels perform minimal arithmetic relative to their
memory traffic, making them a challenging case for instruc-
tion-count models and a useful probe of where static energy
estimates break down.

SGEMM Optimisation Variants Following the CUDA
matrix multiplication worklog by S. Boehm [25], we include
14 SGEMM kernels, each implementing a distinct optimi-
sation technique: naive global-memory access, coalesced
access, shared-memory blocking, 1-D and 2-D thread-block
tiling, vectorised loads (float4), bank-conflict resolution,
autotuned tile sizes, warp tiling, and single- and double-
buffered pipelines. Collectively these kernels span a contin-
uous progression from memory-bound to compute-bound
behavior, with arithmetic intensity increasing at each step.

Simple Benchmarks

Ten hand-crafted kernels targets specific microarchitec-
tural regimes that random sampling is unlikely to cover
densely. Each kernel runs a loop with iterations in interval
of 107 to 10® iterations at a fixed configuration of 256
threads per block and 4 blocks per SM keeping occupancy
high. The benchmarks cover pure FP32, FP64, and INT32
compute pipelines in isolation; FP32+INT32 co-issue on the
dual datapaths of the NVIDIA Ada Lovelace architecture;
50% warp divergence; a compile-time arithmetic intensity
sweep (1 to 64 FP32 operations per global load)); coalesced
versus fully strided (512 B stride) global memory access; reg-
ister-pressure-induced occupancy reduction (32 live FP32
registers, ~37% SM occupancy on AD103); and shared-
memory bank conflicts. The benchmarks and their targets
are listed in Table 3 in Appendix C.

FlipFlop Kernels. A FlipFlop Multi-Head Attention
(MHA) kernel [26], representative of transformer inference
workloads.

Summary The validation set comprises 144 kernels from
five sources, summarised in Table 1: 106 NPB kernels
spanning CFD-derived algorithms, 13 UBench memory-



access microbenchmarks, 14 SGEMM optimisation variants,
10 hand-crafted microarchitectural benchmarks, and 2
FlipFlop kernels representative of transformer inference
workloads.

Suite Problem class | Kernels
BT — Block Tri-diagonal | S (122 grid) 19
solver
CG — Conjugate Gradient | S (NA = 1400) 13
EP — Embarrassingly Par-| S (M = 24) 1
allel
FT — Discrete 3-D FFT S (64 x 64 x 64) 14
IS — Integer Sort S (216 keys) 11
LU — LU factorisation S (123 grid) 23
MG — Multi-Grid solver S (323 grid) 9
SP — Scalar Penta-diago-| S (122 grid) 16
nal
UB — uBench — 13
SGEMM — SGEMM Opti- | — 14
mization Variants
SB — Simple Benchmarks | — 10
MHA — FlipFlop Multi-| - 1
Head Attention

Table 1: NPB CUDA kernels used for validation at problem

class S.

5.2.1 Microbenchmarks

The linear model assigns a scalar energy weight to each PTX
instruction; these weights are derived from single-instruc-
tion calibration kernels run at a fixed launch configuration
of a grid with 152 blocks where each block has 1024 threads.
This configuration places exactly two blocks on each of
the 80 SMs of the target GPU, maximizing SM occupancy.
Seventeen instruction templates are calibrated, spanning in-
teger arithmetic (add.s32, add.s64, mul.lo.s32), floating-point
arithmetic (add.f32, mul.f32, fma.rn.f32), data movement
(mov.b32, mov.u32, mov.f32), type conversion (cvt.s64.532),
shift (shl.b64), predicate operations (setp.lt.s32, not.pred,
mov.pred), global memory (1d.f32, st.f32), and control flow
(bra, bra.uni). A full list of all the generated instructions can
be seen in Table 4 (Appendix G).

5.3 Experimental Setup

Our experiments were conducted on a system equipped
with an NVIDIA RTX 4080 Super GPU (16 GB VRAM) and
an Intel Core Ultra 7 265KF CPU with 64 GB DDR5-6000

memory. Power consumption of the GPU was monitored via
a PMD2 power meter connected through the motherboard’s
USB-C port on Ubuntu 24.04.4 LTS with CUDA 13.2 and
Python 3.12.3. We ensure NVCC compiles without optimiza-
tions (-oe flag) and retaining debug information (-6 flag)
required by the PTX Analyzer such that the PTX assembly
reflects the source code structure. The --keep flags outputs
the PTX assembly code that the PTX Analyzer uses.

6 Models

We propose three models of increasing complexity. The
second model builds on insights from the previous, follow-
ing an iterative refinement process in which a model is
constructed, evaluated, and extended to address its limita-
tions. The predictive accuracy of each model is evaluated in
evaluation in Section 7.

6.1 Model A - Static Instruction Cost Model

Building on the instruction cost model of Y.-T. S. Li et al.
[4], we propose the Static Instruction Cost Model (ICM),
which assigns each PTX instruction a scalar energy weight
estimated from the training kernels described in Section 5.1.
The total kernel energy is theﬁz

Eest = sz "G (8)

where w; is the energy weight of instruction class ¢ and c;
is the execution count of that instruction. The instruction
count ¢; was obtained using the PTX analyzer in Section 4.4.
6.1.1 A.BS - Baseline-Subtraction

To obtain a per-instruction energy weight, the target
instruction must be isolated from the overhead introduced
by the kernel itself. To isolate the instructions, we embed
PTX directly via inline assembly blocks within the CUDA
C++ kernels. We estimate the energy attributed to a single
instruction type by the following subtraction method:

kernel+instr Ebaseline (9)
N.-T
where Fy . yinstr 1S the measured energy of a kernel con-

wz’:

taining N copies of the target instruction unrolled in a loop
of T iterations, and F} .. 1S the energy of an structurally
identical kernel running the same loop of T iterations with
an empty body and same launch configuration. The baseline
kernel E, .. i constructed as seen in Listing 4:

1 for (int i = @; i < ITERATIONS; ++i) { /* empty */ }
Listing 4: Loop with empty body

The instrumented kernel inserts the target instruction inside
the loop body via inline assembly:

1 for (int i = @; i < ITERATIONS; ++i) {
2 asm volatile("mov.u32 %0, %0;\n\t" :
3}

Listing 5: target instruction injected via inline assembly

"Hrt(tmp));



This method is suited to instructions whose energy contri-
bution is independent of data values and memory state. That
is, register-only instructions with deterministic execution
cost. Instructions measured via this method include arith-
metic families (add, mul, fma, mad), type conversions (cvt),
logical operations (and, or, xor, not), shift operations (shl, shr),
and predicate operations (setp, selp).
6.1.2 A.DR - Differential-Repeat
A challenge when estimating per-instruction energy is that
many PTX instructions cannot be measured in complete iso-
lation. Adding an instruction often introduces supporting
code, making it difficult to separate the energy of the in-
struction itself from the energy of its setup. To address this,
we compare two otherwise identical kernels: one contain-
ing N copies of the target instruction and one containing
N + 1 copies. Because all other instructions and overheads
are shared between the kernels, their contributions largely
cancel out. In contrast, the Baseline Subtraction method
relies on subtracting an empty-loop baseline from an instru-
mented kernel, which assumes that the baseline accurately
captures all non-target energy costs. The per-instruction
energy weight reduces to:
Ekernel(N+1) B Ekernel(N)
T
In practice we use N = 1 meaning the baseline contains a
single copy of the target instruction rather than an empty
loop, and the instrumented kernel contains exactly one
additional copy.
6.2 Model B - Instruction Frequency Network
Rather than isolating individual instructions, we propose a
neural network model that takes as input a feature vector
characterizing the full PTX instruction composition of each
kernel, obtained directly from the PTX analyzer. These
instruction occurrence estimates are then aggregated into
a feature vector that characterizes the kernel’s instructions.
For a kernel k, let 7 = {i;, 14, ..., 4,, } denote the complete
PTX instruction set of size n. We define the feature vector
xF € R" as:

wi:

(10)

k
C:
k_ S
T =GR (11)
where c;? is the occurrence count of instruction % ;in kernel

k, and C* is the total instruction count reported by the
analyzer.

The training label for kernel k is the measured kernel
energy E* in Joules. To produce a normalized per-thread-
instruction energy estimate that is comparable across ker-
nels of varying size and launch configurations, the target is
defined as: .

E
k_
yr=A- NTC”“ (12)
where N* = G, - G, -G, B, - B, - B, is the total number
of threads launched across the CUDA grid and block dimen-
sions, and A = 10! is a scaling constant to avoid floating-

point precision limitations during training. This value was
determined empirically through iterative experimentation.

At inference time, the predicted kernel energy consump-
tion is found by inverting tl’}ce normalization:

Ek:yT-Nk-c’f (13)
where §* is the prediction by the neural network for a
kernel k.

The model thus learns to predict energy per-thread-
instruction, which is then scaled by the total thread-instruc-
tion count to recover the absolute energy for the kernel.

Activation Function Initial experiments used the Recti-
fied Linear Unit (ReLU) [27]:

OReLy(2) = max(0, 2) (14)
This proved ineffective for two reasons: (1) difficulty captur-
ing non-linear relationships between instruction mix and
power consumption, and (2) the dying ReLU problem [28],
where neurons receiving negative pre-activations produce
zero gradient and cease to update, stalling optimization.

To address this, Leaky ReLU [29] was adopted instead:

z ifz>0
OrreLy (2) = azif 2 <0 (15)

By introducing a small negative slope a for negative
activations, Leaky ReLU preserves a non-zero gradient
throughout the input domain, preventing neuron death
while retaining the piecewise-linear expressiveness of ReLU
[30].

7 Evaluation

This section evaluates the proposed static PTX-based energy
estimation approach. The evaluation is structured around
the three research questions introduced in Section 1. First,
we investigate whether meaningful energy differences can
be observed between individual PTX instructions. Second,
we evaluate how accurately kernel energy consumption can
be predicted using instruction-level energy weights and an
instruction-frequency neural network. Finally, we examine
how prediction accuracy varies across different kernel types
and workloads.

The objective of the evaluation is not to demonstrate a
highly accurate predictor, but rather to assess the extent
to which information available from static PTX analysis is
sufficient to explain and estimate GPU energy consumption.
The validation suite consists of 144 kernels spanning scien-
tific computing, memory-access microbenchmarks, matrix
multiplication optimizations, transformer-inspired work-
loads, and synthetic stress tests, providing a diverse set
of execution behaviors against which the models can be
assessed as referenced in Section 5: Benchmarks.

7.1 RQ1: What is the energy consumption associated
with individual PTX instructions in CUDA kernels?
Figure 4 presents the 15 lowest and 15 highest energy-con-
suming PTX instructions measured across our benchmark
suite. The least energy-intensive instruction, mov_u32, con-



PTX Instruction

sumes approximately 2.1 x 107! Joules, while the most
expensive, div.rn.f64, consumes approximately 7.2 x 10~°
Joules — a difference of roughly 343 times, or approximately
two orders of magnitude.

The results reveal a clear bifurcation in instruction-
level energy consumption: the vast majority of instructions
exhibit energy on the order of 1078 Joules, whereas a
small subset of division and remainder instructions incur
energy expenditures several orders of magnitude greater.
This disparity is consistent with known GPU microarchi-
tectural behavior [22],[23]. Simple arithmetic instructions
such as integer additions and moves map to a single pipeline
stage with minimal latency, whereas division and remain-
der operations require iterative computation across special
function units (SFUs), resulting in substantially higher per-
instruction energy costs. The complete distribution across
all measured instructions is provided in Figure 14 (Appendix
H). These per-instruction energy measurements form the
static weights used in the analysis presented in RQ2.

div.rn.f64
div.s64
rem.s64
div.u64
rem.u64
div.rn.f32
div.s16
rem.s16
div.ulé
rem.ul6
div.s32
rem.s32
mul.hi.s64
div.u32
rem.u32
setp.le.s32
setp.gt.s32
setp.ne.f32
setp.1t.f32
mov.s32
setp.eq.f32
shl.b32
cvt.sat.f32.£32
setp.eq.u32
mov.f64
mov.u64
add.s32
mov.ulé
mov.f32
mov.u32 I I I I I I

0.0 0.1 0.2 0.3 0.4 0.5 0.6

0.7

Energy Consumption (J)
Figure 4: Top 15 highest energy and bottom 15 lowest
energy consumption of PTX instructions

7.2 RQ2: How accurately can the energy consumption
of CUDA kernels be predicted by assigning static energy
weights to PTX instructions?

Three models were evaluated against the 144-kernel vali-
dation suite described in Section 5: Model A.BS (Baseline-
Subtraction), Model A.DR (Differential-Repeat), and Model
B (Instruction Frequency Network). Results are reported
across MAE (Mean Absolute Error), RMSE (Root Mean
Square Error), and MAPE (Mean Absolute Percentage Er-

x 1078
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ror). These results are presented in Table 2 and visualized in
Figure 8.

Metric Model Model Model B
A.BS A.DR
MAE 2028.3 ] 2068.6 ] 1599.6
RMSE 4811.1] 4932.9] 4155.2]
MAPE 90.3% 91.2% 74.1%
Median APE 90.8% 90.7% 90.8%
Within 10% 0% 1.4% 4.8%
Within 25% 7.5% 7.5% 13.7%
Within 50% 12.2% 12.2% 25.3%

Table 2: Comparison of prediction accuracy metrics across
all models

7.2.1 Model A.BS - Baseline-Subtraction

Figure 5.A and Figure 5B show the prediction error of
Model A.BS across the validation suite. The model exhibits a
strong tendency to under-predict kernel energy consump-
tion, with most kernels producing negative prediction
errors and only a limited number of significant over-predic-
tions. This suggests that assigning a single static energy cost
to each PTX instruction fails to capture a substantial portion
of the energy consumed during execution.

Several kernels exhibit extremely large percentage errors,
exceeding 500% in some cases. These outliers indicate
that the relationship between PTX instruction counts and
measured energy consumption is not purely additive. Fac-
tors such as memory-system behavior, cache utilization,
occupancy, instruction scheduling, and hardware resource
contention are not represented by the model and therefore
cannot be reflected in the prediction.

Across the full validation suite, Model A.BS achieves
a MAE of 20283 J, an RMSE of 4811.1 J, and a MAPE
of 90.3% as shown in Table 2. Furthermore, none of the
evaluated kernels fall within a 10% error margin, and
only 12.2% are predicted within 50% error. These results
indicate that although the baseline-subtraction method can
derive instruction-level energy weights, the resulting static
instruction cost model is insufficient for accurate kernel-
level energy estimation.

7.2.2 Model A.DR - Differential-Repeat

The Differential-Repeat approach was introduced to reduce
measurement noise and eliminate kernel overhead that
may influence the Baseline-Subtraction method. However,
Figure 6.A and Figure 6.B demonstrate that the resulting
prediction accuracy remains largely unchanged.

Like Model ABS, Model ADR systematically under-
predicts energy consumption for most kernels while occa-
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Figure 6: Prediction error for Model A.DR - Differential Repeat

sionally producing very large overestimations. The overall
error distribution closely resembles that of the baseline-
subtraction model, suggesting that the dominant source of
prediction error is not the calibration procedure itself but
rather the underlying assumption that kernel energy can be
expressed as a linear combination of static instruction costs.

Model A.DR achieves a MAE of 2068.6 J, an RMSE of
4932.9 ], and a MAPE of 91.2%, making it marginally worse
than Model A.BS on most metrics as shown in Table 2. The
similarity between the two models indicates that improving
the estimation of instruction weights alone does not signif-
icantly improve prediction accuracy. Instead, the results
suggest that important contributors to energy consumption
exist beyond instruction frequencies and static per-instruc-
tion costs.
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7.2.3 Model B — Instruction Frequency Network

Model B consistently outperforms both static instruction-
cost models across all reported metrics. In Figure 7 we see
that the model still largely under predicts. While it did
manage to remove the outliers and even some of the over
predictions have now become under predictions. Table 2
also shows the MAE decreases from approximately 2.0 kJ
to 1.6 kJ, RMSE decreases from roughly 4.9 kJ to 4.2 k],
and MAPE improves from around 90% to 74%. While these
improvements demonstrate that non-linear relationships
between instructions contain predictive information, the
absolute prediction errors remain high. The median absolute
percentage error remains approximately 91%, and only
25.3% of kernels are predicted within a 50% error margin.
Consequently, the neural network improves upon the static
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Figure 8: Model comparison across all evaluation metrics

weighting approaches but still fails to provide practically
useful energy estimates.

7.2.4 Summary

The results show that prediction accuracy depends strongly
on workload type. While the overall prediction accuracy
remains poor, the errors are not randomly distributed across
kernels. Instead, kernels belonging to the same benchmark
family often exhibit similar prediction behavior.

For example, the vector addition kernels are predicted
relatively accurately and consistently across all tested
input sizes, with errors between approximately 7% and
11%. Similarly, some FT (referenced in Table 1) kernels are
predicted with comparatively low error, including evolve
(»5%) and both cffts2_kernel_1 and cffts3_kernel_1 (=13%).
However, this behavior is not consistent across the entire FT
benchmark family, where several kernels still exhibit large
prediction errors.

In contrast, many other workloads are predicted poorly.
Highly optimized SGEMM kernels, transformer workloads,
and several memory-intensive kernels frequently exhibit
errors of an order of magnitude or more. These workloads
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are influenced by runtime effects that are not represented
by PTX instruction frequencies alone.

Overall, the results suggest that static PTX analysis
captures some workload-specific characteristics and can
provide reasonable estimates for certain kernels. However,
the large errors observed across many benchmark families
indicate that PTX instruction frequencies alone are insuffi-
cient for accurate energy prediction across diverse CUDA
workloads.

7.3 RQ3: How does the accuracy of static PTX-based
energy estimation vary across different CUDA kernel
types and workloads?

As shown in Figure 9 (Model A.BS) and Figure 10 (Model
A.DR), varying the approach used to estimate the weights
did not significantly affect the prediction error across dif-
ferent workloads. Furthermore, several kernels within the
same benchmark family exhibit comparable error magni-
tudes. Similarly, in Figure 11, the vector addition kernels
and FT show comparable prediction errors across variations
for Model B, suggesting that the model captures the scaling
behavior of these workloads reasonably well.
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However, these successes are not representative of the
validation suite as a whole. Many benchmark families still
exhibit large prediction errors, indicating that PTX instruc-
tion frequencies alone do not capture all factors influencing
energy consumption. Runtime effects such as memory be-
havior, cache utilization, occupancy, and instruction sched-
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uling are not visible in the static PTX representation and
likely contribute to the observed inaccuracies.

Overall, the results suggest that static PTX analysis con-
tains some predictive information and can provide consis-
tent estimates for certain workload classes, but the approach
does not generalize reliably across the diverse set of CUDA
kernels evaluated in this study.

8 Related Work

To address the limitations of built-in sensors, the custom-
made PowerSensor3 [31] has been introduced as an external
measurement solution, which unfortunately is not available
off the shelf. It operates using a modified PCle riser card
equipped with a PCle sensor module for measuring power
delivered through external connectors, as well as two addi-
tional modules for capturing the 3.3 V and 12 V power
supplied via the PCle slot enabling measurement of total
GPU power consumption covering both slot and external
inputs. As PowerSensor3 is not commercially available, we
instead use the PMD2, which offers a comparable external
measurement approach and is available off the shelf.

Early work by S. Hong et al. [23] accurately character-
ized GPU application performance and proposed a power
model for the GTX280 (Tesla microarchitecture), achieving
highly accurate predictions through analysis of PTX binary
and device pipeline at runtime. However, the model could
not generalize to different core or memory configurations.
Building on this, J. Leng et al. [22] integrated S. Hong’s
model into GPGPU-Sim to create GPUWattch, enabling
cycle-level GPU power estimation during execution with
support for Tesla and Fermi microarchitectures. Despite



their accuracy, such cycle-level models are too slow for
runtime application and require runtime measurements to
function.

A second family of approaches relies on hardware perfor-
mance counters sampled at runtime via tools such as NVML
[10] or NVIDIA Nsight Compute [9] to build lightweight
power models. While such models achieve high accuracy
with lower overhead than cycle-level simulation, prior work
by Z. Yang et al. [11] has identified significant inaccuracies
in NVML power readings, leading to both underestimation
and overestimation of actual energy consumption. Counter-
based models still require at least one complete execution
of the target application and access to hardware instrumen-
tation, making them unsuitable for pre-execution energy
estimation.

A third family of approaches uses static analysis of com-
piled GPU code to avoid runtime measurement altogether.
Several recent works tackle this by modeling directly
from PTX kernel code: FlipFlop [26] statically analyses
PTX assembly to predict energy consumption and recom-
mend Pareto-optimal thread block configurations balancing
power and execution time; [32] similarly operates on PTX
using recurrent neural networks; and J. Guerreiro et al.
[33] extracts PTX-level features to train machine learning
models for program-level energy estimation. The majority
of research on GPU modeling requires at least one execu-
tion of the application to obtain predictions. As with the
approach presented herein, these works instrument CUDA
code to obtain the number of executed instructions in PTX.

GPU Kernel Optimization GPU kernel optimization
requires detailed understanding of GPU architectures, exe-
cution models, and memory hierarchies [34]. When writing
GPU kernels, developers must carefully select execution
parameters such as thread block sizes, grid dimensions, loop
unrolling factors, and tiling strategies. Kernel Tuner [34]
performs runtime profiling to find optimal configurations.

Comparison with existing work While several exist-
ing GPU energy modeling approaches rely on runtime
hardware counter sampling or repeated kernel execution
to characterize workload behavior, we leverage static PTX
analysis to predict energy consumption without kernel execu-
tion, thereby eliminating profiling overhead during feature
extraction.

A further distinction concerns the accuracy of power
measurement. Prior work [11], [22],[26], [32], [33] predom-
inantly targets data center GPUs and relies on NVML or
a hardware-based for power readings. However, Z. Yang
et al. [11] demonstrated that NVML introduces significant
measurement inaccuracies, with errors that are particularly
pronounced on consumer-grade GPUs such as the RTX 4080
Super used in this study. To avoid these inaccuracies, we
employ the ElmorLabs PMD2 as an external inline power
measurement device, capturing both PCle slot and external
connector power directly from the hardware. This yields
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more accurate ground-truth energy measurements than
NVML-based approaches, providing a more reliable basis
for model training and evaluation.

Existing Static Analysis Approaches A common sta-
tic-analysis technique assigns weights to instructions or
basic blocks in the Control Flow Graph (CFG) and aggre-
gates them to estimate a target metric [4]. Approaches
based on this principle were originally introduced for
execution-time estimation and have been studied since at
least 1995 [4]. The underlying idea of associating execution
costs with program elements and aggregating these costs
along feasible execution paths remains a central concept in
modern worst-case execution-time (WCET) analysis, where
weighted control-flow representations are used to derive
safe execution-time bounds P. Wagemann et al. [35]

9 Threats to Validity

This section discusses factors that may influence the inter-
pretation of the results and the conclusions drawn from
this study. The identified threats outline limitations of the
methodology and evaluation and provide context for assess-
ing the scope and applicability of the findings.

9.1 Loop Bound Estimation

The PTX analyzer relies on loop annotations to estimate in-
struction execution counts. While this approach works well
for simple kernels with fixed iteration counts, several ker-
nels in the validation suite contain more complex control-
flow structures and nested loops. In these cases, accurately
estimating loop bounds was challenging, and the provided
annotations may not perfectly reflect the actual runtime
behavior. Any inaccuracies in the estimated iteration counts
directly affect the instruction frequencies reported by the
analyzer, which subsequently propagate to the energy pre-
dictions. As a result, a portion of the observed prediction
error may stem from inaccuracies in the annotation.

9.2 Hardware Generalizability

The neural network model demonstrated improved pre-
diction accuracy compared to the static instruction-cost
models. However, all training and evaluation experiments
were conducted on a single GPU architecture, namely
the NVIDIA RTX 4080 Super. Consequently, the model
may have learned characteristics that are specific to the mi-
croarchitectural properties, scheduling behavior, memory
hierarchy, and power management mechanisms of that
device. It is therefore unclear to what extent the observed
performance would generalize to other GPU generations
or vendors. Additional experiments across multiple GPU
architectures would be required to determine whether the
learned relationships between PTX instruction distributions
and energy consumption remain stable across hardware
platforms, or whether architecture-specific retraining is
necessary.



10 Future Works

This section outlines potential directions for extending and
improving the work presented in this study. While the pro-
posed approach provides a foundation for static PTX-based
energy estimation, several opportunities remain for further
investigation and refinement.

10.1 Extending Annotation

Another limitation of the current PTX analyzer is its treat-
ment of control flow. At present, when a conditional branch
is encountered, both paths are weighted equally during
static analysis. While this simplifies the analysis process,
it assumes that each branch is executed with the same
frequency, which is rarely the case in real-world workloads.
As a result, kernels containing highly biased branches may
have their instruction counts and energy estimates misrep-
resented.

Future work could extend the annotation system to sup-
port branch probability metadata. Similar to the existing
loop annotations, this could provide an estimated execution
distribution for conditional branches. For example, a branch
annotation could specify that the true branch is expected to
be taken 20% of the time and the false branch 80% of the
time.

10.2 Model C.PI - Pairwise Instructions

An additional direction explored during this project was
the development of a pairwise instruction model. The mo-
tivation behind this approach was to capture interactions
between PTX instructions, as the energy consumption of
a kernel is unlikely to be solely determined by the inde-
pendent contribution of each instruction. Instead, certain
instruction combinations may exhibit synergistic or antag-
onistic effects due to shared execution resources, pipeline
behavior, or memory subsystem interactions.

Although preliminary experimentation was conducted,
the model was not completed within the scope of this
project due to time constraints. A major challenge encoun-
tered was the rapid growth of the training dataset required
to represent instruction pairs. Under the current approach,
every possible combination of instructions must be repre-
sented in the training data, causing the number of required
training kernels to grow combinatorially with the size of the
instruction set.

Future work could address this limitation by reducing the
size of the pairwise search space. Rather than constructing
a single model that considers all possible instruction pairs, a
separate model could be trained for scaling different instruc-
tion variants or instruction classes, such as u32, u64, £32, and
f64. By partitioning the instruction set into smaller groups,
the number of pairwise combinations required for training
would be significantly reduced, making the approach more
tractable.
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11 Conclusion

This paper investigated whether the energy consumption
of CUDA kernels can be estimated through static PTX
code analysis To answer this question, we first measured
the energy consumption of individual PTX instructions and
then evaluated two instruction-cost models and an instruc-
tion-frequency neural network across a validation suite of
144 CUDA kernels, annotated with our tooling. The results
demonstrated substantial variation in energy consumption
between PTX instructions, confirming that instruction-level
characteristics contribute to overall energy usage. However,
all evaluated models exhibited high prediction errors, indi-
cating that instruction occurrences alone are insufficient
for accurately estimating kernel energy consumption on
modern GPUs.

These findings contrast with prior work on CPUs and em-
bedded processors, where instruction-level energy models
have achieved useful predictive accuracy[4]. We attribute
this difference to the considerably greater complexity of
modern GPU architectures, where factors such as memory
hierarchy behavior, occupancy, instruction scheduling, par-
allel execution, and resource contention play a significant
role in determining energy consumption. As a result, the
relationship between static PTX code and measured energy
is not adequately captured by models based solely on
instruction frequencies or static instruction costs.

Although the proposed models did not achieve the
level of accuracy required for practical energy prediction,
the study contributes to understanding how far a purely
instruction-occurrence-based approach can be taken for
GPU energy estimation, and shows that for some simple
kernels our model can predict within 10% indicating that
this approach may have some potential. For meaningful
GPU energy estimation the model will likely require richer
representations of program behavior and hardware interac-
tion than those available from instruction counts alone. We
therefore conclude that static PTX analysis contains useful
information about energy consumption, but that more so-
phisticated models are needed to effectively exploit it for
accurate GPU energy prediction.
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Appendix A: Automatic Parameters Extrac-

tion

To obtain the CUDA kernel launch configuration parame-
ters, specifically griddim and blockdim, we investigated the
use of 11i, the LLVM JIT execution engine, as a means of
dynamically evaluating launch configuration expressions at
runtime. This approach was motivated by cases in which the
launch parameters are not compile-time constants but are
instead determined by variable expressions whose values
can only be resolved during execution. By intercepting
program execution at the point of the kernel launch, we
sought to capture the fully evaluated parameter values as
they would be passed to the CUDA runtime.

Appendix B: Pilot
To achieve the target execution time required for efficient
measurements, an initial “pilot” model was evaluated. This
approach executed each kernel using two different problem
sizes and used the resulting execution times to project the
problem size required to reach a desired execution duration.
In practice, this method proved ineffective because the
execution time of many kernels did not exhibit a linear
relationship with problem size. A likely explanation is
that kernel launch configurations often change as problem
size increases. Such changes can alter the degree of paral-
lelism by increasing the number of concurrently executing
threads, thereby affecting execution time in a non-linear
manner. As a result, simple linear extrapolation based on
two measurements was frequently unable to accurately
predict the problem size required to achieve the target exe-
cution time.
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Appendix C: Simple Benchmarks

Kernel Targeted effect

sb_fp32_pure FP32 FMAD/FADD/FMUL chain;

baseline compute power

sb_fp64_pure FP64 arithmetic; 1:64 throughput

ratio on AD103

sb_int32_pure INT32 IMAD/IADD/bitwise; inte-

ger pipe isolation

sb_fp32_int32_mix | 50/50 FP32+INT32 co-issue on sep-

arate datapaths

sb_divergence_5@pct | 50% warp divergence; equal work

on both branch paths

sb_arith_intensity | Arithmetic intensity

(FLOPS_PER_LOAD = 1-64)

sweep

sb_gmem_coalesced

Sequential global reads; 4 MB work-
ing set above L2

sb_gmem_strided Strided reads (512 B between warp-

adjacent threads)

sb_reg_pressure

32 live FP32 regs ~ 37% SM occu-
pancy on AD103

sb_smem_pressu re

12 KB shared memory/block with
alternating bank conflicts

Table 3: Stress benchmarks and the microarchitectural effect
each targets.

Appendix D: CUDA-bindings

To help with automation of the experimentation a Python
library was created. The library named CUDA-bindings
consists of three components, executor, analyzer, power.
The executor allows one to execute a program passed as a
string or as a path to a CUDA file, and export the variables
to Python. Each execution could also optionally be cached,
where a hash would be made of the file reducing repetitive
workloads. The analyzer consisted of bindings for the PTX
Analyzer written in Rust and allowed feature extraction and
manipulation to be done in Python. The power component
used the exported synchronization timestamps to estimate
the power consumption of a kernel.

Appendix E: Machine Setup

The experimental platform was identical to that used in
our previous work. It comprised an Intel Core Ultra 7
265KF CPU, an NVIDIA GeForce RTX 4080 SUPER GPU,
and 64 GB of DDR5-6000 memory, running Ubuntu 24.04
LTS Server Edition with CUDA 13.2 and NVIDIA driver
version 580.105.08[13] For setup of the software/bench-



marks see https://github.com/AAU-P9/aau-p10-ptx-energy/
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Figure 12: Full overview of an NVIDIA Ada Lovelace SM
architecture in the GeForce RTX 4080 Super. [7]*


https://github.com/AAU-P9/aau-p10-ptx-energy/blob/master/README.md
https://github.com/AAU-P9/aau-p10-ptx-energy/blob/master/README.md

Appendix F: Full Size Block Diagram of RTX 4080 Super

PCI Express 4.0 Host Interface
GigaThread Engine
Optical Flow Accelerator NVENC NVENC NVDEC NVDEC NVDEC NVDEC
GP(
Raster Engine Raster Engine Raster Engine Raster Engine

TPC TPC TPC > C TPC TPC
SM Y M SM SM SM A SM

I | | D | B I | | I | SN S D I | | I | | S| —
S 3 M Y SM SM

SM SM SM SM SM B 1 0 SM SM SM SM SM SM SM

L2 Cache (64 MB)

SM SM SM SM SM SM SM SM SM SM SM SM SM

I | | I | S | B I | | I | | | S S — I | | I | | S —
TPC TPC TPC TEC TPC TPC TPC TPC TPC TEC P C PC TPC TPC TPC

Raster Engine Raster Engine Raster Engine

Figure 13: Simplified block diagram of an AD103-class GPU as configured for the RTX 4080 Super, showing 11 enabled GPCs
(one cut down to 4 TPCs), 12 memory controllers, and the unified L2 cache [7], [8]
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Appendix G: Auto-generated Instruction Kernels

add.f32 add.f64 add.s16 add.s32 add.s64
add.ul6 add.u32 add.u64 bar.sync.s32 bra.s32
bra.uni.s32 cvt.s64.s32 cvt.sat.f32.£32 cvt.u64.u32 cvt.widen.s32
cvt.widen.u32 cvta.const.u64 cvtalocal.u64 cvta.shared.u64 div.rn.£32
div.rn.f64 div.s16 div.s32 div.s64 div.ulé
div.u32 div.u64 ex2.approx.ftz.f32 fma.rm.f32 fma.rm.f64
fma.rn.f32 fma.rn.fo4 1d.f32 1d.fo4 ld.s16
1d.s32 1d.s64 1d.s8 ld.u16 1d.u32
1d.u64 1d.u8 mov.b16 mov.b32 mov.b64
mov.f32 mov.f64 mov.pred.s32 mov.s16 mov.s32
mov.s64 mov.ulé6 mov.u32 mov.u64 mul.f32
mul.f64 mul.hi.s32 mul.hi.s64 mul.hi.u32 mul.hi.u64
mul.lo.s32 mul.lo.u32 neg.f32 neg.f64 neg.s16
neg.s32 neg.s64 not.pred.s32 rem.s16 rem.s32
rem.s64 rem.ulé rem.u32 rem.u64 setp.eq.f32
setp.eq.f64 setp.eq.s16 setp.eq.s32 setp.eq.s64 setp.eq.ulé
setp.eq.u32 setp.eq.u64 setp.ge.f32 setp.ge.f64 setp.ge.s16
setp.ge.s32 setp.ge.s64 setp.ge.ulé setp.ge.u32 setp.ge.u64
setp.gt.f32 setp.gt.f64 setp.gt.s16 setp.gt.s32 setp.gt.s64
setp.gt.ul6 setp.gt.u32 setp.gt.u64 setp.le.f32 setp.le.f64
setp.le.s16 setp.le.s32 setp.le.s64 setp.le.ul6 setp.le.u32
setp.le.u64 setp.1t.f32 setp.1t.fo4 setp.lt.s16 setp.lt.s32
setp.lt.s64 setp.lt.ulé setp.lt.u32 setp.lt.u64 setp.ne.f32
setp.ne.f64 setp.ne.s16 setp.ne.s32 setp.ne.s64 setp.ne.ul6
setp.ne.u32 setp.ne.u64 shfl.sync.down.b32 shl.b16 shl.b32
shl.b64 st.f32 st.f64 st.s16 st.s32
st.s64 st.s8 st.ul6 st.u32 st.u64

st.u8 sub.f32 sub.f64 sub.s16 sub.s32
sub.s64 sub.ul6 sub.u32 sub.u64

Table 4: A list of each auto-generated instruction kernel
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PTX Instruction

Appendix H: PTX Instructions Energy Consumption

div.rn.f64
div.s64
rem.s64
div.u64
rem.u64
div.rn.f32
div.s16
rem.sl6
div.ulé
rem.ul6
div.s32
rem.s32
mul.hi.s64
div.u32
rem.u32
mul.hi.u64
st.f64
st.u64
st.s64

shfl.sync.down.b32

add.f64
neg.f64
sub.f64
mul.f64
fma.rn.f64
fma.rm.f64
setp.le.f64
setp.ne.f64
setp.ge.fo4
setp.eq.f64
setp.gt.f64
setp.lt.fo4
1d.s64
1d.u64
cvta.local.u64

0.3472 7

0
0.1283
0.113
0.1053
0.0925
0.0903
0.0857
0.0776
0.0691
0.0676
0.0628
0.0559
0.0525
0.0524
0.0508
0.0428
0.0377
0.0365
0.036
0.0341
0.0339
0.0339
0.0325
0.0322
0.0322
0.0316
0.0316
0.0304
0.0298
0.029

0.0287 , .,

I 0.7 204I'
0.4061 7
0.3645 7

.3339 7

00 01 02 03 04 05 06 0.7

Energy (J)

setp.ne.s64 [

setp.le.s64 [ 0.0281
setp.ge.s64 [ 0.028
setp.lt.u64 [ 0.028
neg.s64 [ 0.028
setp.ge.u64 [ 0.028
setp.eq.s64 [ 0.0274
setp.gt.u64 [ 0.0273
sub.u64 [ 0.0272
cvta.shared.u64 [ 0.0272
setp.lt.s64 [l 0.0271
sub.s64 [ 0.0269
setp.ne.u64 [ 0.0269
setp.le.u64 [ 0.0269
setp.gt.s64 [ 0.0268
setp.eq.u64 [ 0.0266
add.u64 [ 0.0257
add.s64 [ 0.0255
shl.b64 [ 0.0248
1d.f64 [ 0.0246
cvta.const.u64 [ 0.0229
cvt.s64.s32 [ 0.0218
Id.ul6 [ 0.021
1d.s8 | 0.0207
1d.u8 [ 0.0202

cvt.u64.u32 | 0.02
1d.s16 | 0.0197
1d.f32 [ 0.0194
1d.u32 [ 0.0185
1d.s32 [l 0.0182
st.u8 [ 0.0172
mov.s64 [ 0.0169
st.ul6 [f 0.0166

% 10-8 mov.b64 [, 0.0164

0.0 0.1

T
0.0281

02 03 04 05 06 0
Energy (J)

Figure 14: All PTX instructions energy consumption (part 1 of 2)

21

7

x 1078



PTX Instruction

T
0.0163

sub.s16 [
st.s16 [ 0.0163
neg.s16 [ 0.0162
st.s8 [[ 0.0156
sub.ul6 [ 0.0153
st.s32 [ 0.0142
setp.ne.ul6 [ 0.0141
setp.lt.s16 [ 0.0139
setp.le.ul6 [ 0.0139
setp.ge.s16 [ 0.0138
setp.ge.ul6 [ 0.0137
setp.eq.s16 [ 0.0137
setp.ne.s16 [ 0.0137
setp.gt.ul6 [ 0.0135
setp.le.s16 [ 0.0134
setp.eq.ul6 [ 0.0131
setp.gt.s16 [ 0.0129
shl.b16 [ 0.0128
mul.lo.u32 [ 0.0127
setp.lt.ul6 [ 0.0127
add.u16 |1 0.0126
st.u32 [ 0.0123
add.s16 [ 0.012
mul.lo.s32 [ 0.0119
st.f32 [ 0.0117
mov.s1l6 || 0.0117
neg.s32 [ 0.0116
mov.b16 [ 0.0114
add.f32 [ 0.011
add.u32 | 0.0109
sub.u32 [/ 0.0108
sub.s32 [[ 0.0106
fma.rm.f32 [ 0.0103
mul.hi.s32 [,0.0102
0.0 0.1

02 03 04 05 06 0.7

Energy (J)

Figure 15: All PTX instructions energy consumption (part 2 of 2)

x 1078

I 0.0102

fma.rn.f32

ex2.approx.ftz.f32 [ 0.0102
neg.f32 [ 0.0101
sub.f32 [ 0.0098
mul.f32 [ 0.0097
setp.lt.s32 [ 0.0097
mov.b32 [ 0.0096
setp.le.u32 [ 0.0094
setp.ne.u32 [ 0.0092
setp.ne.s32 | 0.0092
setp.ge.f32 [ 0.0092
setp.ge.s32 [ 0.0091
mul.hi.u32 [ 0.009
setp.eq.s32 [ 0.0089
setp.lt.u32 [ 0.0089
setp.gt.u32 [ 0.0089
setp.le.f32 [ 0.0089
setp.gt.f32 [ 0.0088
setp.ge.u32 [ 0.00838
setp.le.s32 [ 0.0087
setp.gt.s32 [ 0.0086
setp.ne.f32 [ 0.0086
setp.1t.f32 | 0.0085
mov.s32 | 0.0085
setp.eq.f32 | 0.0084
shl.b32 [ 0.0084
cvt.sat.f32.£32 | 0.008
setp.eq.u32 [ 0.0079
mov.f64 [ 0.0057
mov.u64 [ 0.0056
add.s32 [ 0.0048
mov.ul6 [ 0.0034
mov.f32 [0.0027
mov.u32 [0,0021
0.0 0.1
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