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ABSTRACT Central processing unit-graphics processing unit (CPU-GPU) heterogeneous platforms
are widely deployed for AI-related, data-processing, and compute-intensive workloads. Their practical
deployment is constrained by fluctuating node power, cross-device coordination overhead, and uneven
energy efficiency. This paper develops a Transformer, a convolutional neural network, and a long short-
term memory (LSTM) architecture (Transformer-CNN-LSTM) for system-level power prediction. Runtime
features are cleaned, normalised, and reorganised into sliding-window sequences, allowing the model
to learn global feature interactions, local workload fluctuations, and temporal evolution within a single
prediction pipeline. Experiments on the collected CPU-GPU dataset demonstrate that this method achieves
better results than CNN and LSTM, CNN-LSTM, performance monitoring counter statistical (PMC-Stat),
and GPUWattch-Inspired baselines. The model achieves mean square error (MSE), root mean square error
(RMSE), mean absolute error (MAE), and R2 results of 50.31, 7.09, 4.79, and 0.98, respectively, indicating
its potential for runtime power estimation and energy-aware platform management.

INDEX TERMS CPU-GPU heterogeneous platform, power consumption prediction, Transformer-
CNN-LSTM, system-level power modeling, heterogeneous feature sequence modeling, energy-aware
optimization

I. INTRODUCTION

CPU-GPU heterogeneous platforms combine CPU-side
control capability with GPU-side data-parallel ac-

celeration and are widely deployed for AI-related, data-
processing, and compute-intensive workloads [1]–[3]. When
these platforms move from laboratory workloads to practical
deployment, node-level energy demand, thermal pressure,
and power-management overhead become important design
concerns [4], [5]. Reliable power prediction is therefore
required not only for monitoring, but also for scheduling,
power capping, thermal-aware control, and energy-oriented
runtime optimisation [6], [7].

Related studies cover several complementary directions.
GPU-oriented work includes analytical power-performance
estimation, performance-counter-based kernel modelling,
and architectural frameworks such as Multicore Power,
Area, and Timing (McPAT), GPUWattch, and AccelWattch
[8]–[12]. Other studies use performance monitoring counters
(PMCs), dynamic voltage and frequency scaling (DVFS)
information, and multicore CPU measurements to estimate
runtime energy use [13]–[15]. These methods provide valu-
able modelling tools, although many still emphasise a single
device, a limited subsystem, or a weakly coupled platform
description.

In practical heterogeneous systems, the CPU typically
handles orchestration, data preparation, and task dispatch-
ing, whereas the GPU executes highly parallel kernels.
This division improves throughput but also introduces
shared thermal budgets, data-transfer overhead, and phase-
dependent power variation. Consequently, CPU-GPU power
estimation should be considered a coupled runtime problem
rather than a simple extension of single-device prediction
[16], [17].

CPU-GPU collaborative prediction is challenging because
multiple asynchronous sources contribute to the observable
power trace. CPU scheduling, GPU compute activity, mem-
ory traffic, and host-device transfers may peak at different
moments, and transfer or synchronisation events can affect
later GPU power responses. In addition, CPUs and GPUs
expose different sensors, counters, and DVFS states. As
a result, two samples with similar utilisation values may
correspond to different power regimes when the workload
phase, temperature, or data movement differs [18].

Existing power models can be broadly divided into archi-
tectural estimators, PMC-based statistical approaches, and
data-driven runtime predictors. Architectural models offer
interpretability, and PMC-based methods are efficient for
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online estimation, but both often depend on device-specific
calibration or simplified additive assumptions. Data-driven
models improve flexibility, yet many existing designs still
insufficiently consider cross-device lag, burst-like workload
transitions, and long-range temporal dependence in CPU-
GPU workloads [19]–[21].

To address these limitations, this study treats heteroge-
neous power prediction as a hardware-aware sequence learn-
ing problem. Runtime variables are organised into CPU-
domain, GPU-domain, interaction-domain, and context-
domain groups, and the proposed network learns their
complementary relations through attention-based global en-
coding, local temporal convolution, and memory-based se-
quence modelling. The aim is to adapt a hybrid architecture
to heterogeneous power behaviour rather than merely stack-
ing Transformer, CNN, and LSTM modules.

The main contributions are listed below:
A CPU-GPU power prediction problem is formulated

from a hardware-aware sequence perspective, explicitly sep-
arating CPU-domain, GPU-domain, interaction-domain, and
context-domain runtime signals.

A Transformer-CNN-LSTM framework is constructed to
model global feature coupling, short-range workload varia-
tion, and delayed temporal coordination through attention,
convolution, and memory mechanisms.

The proposed framework is compared with deep-learning
predictors and classical power-modelling baselines using the
same dataset, training split, and evaluation metrics.

II. POWER CONSUMPTION MODEL OF CPU-GPU
HETEROGENEOUS PLATFORM
This chapter lays the foundation for the prediction model
at the physical and feature levels. Instead of reviewing
hardware only as background information, it links the CPU-
GPU structure, power decomposition, runtime conditions,
architectural design, and software behaviour to the variables
later used as model inputs.

A. POWER GENERATION MECHANISM
Power behaviour on a heterogeneous platform is determined
by the interactions among compute units, the memory
hierarchy, control logic, communication links, and power-
management mechanisms. Understanding these sources
helps explain that CPU, GPU, interaction, and context
features should be jointly considered in a system-level
predictor.

1) Composition Structure of CPU and GPU
For the CPU side, the variables used in this study mainly re-
flect utilisation, temperature, frequency, and active-core con-
figuration. These states are affected by execution pipelines,
cache behaviour, memory access, and voltage/frequency
control. Therefore, the CPU contributes not only compu-
tational power but also scheduling and data orchestration
overhead, which is especially relevant when the host coor-
dinates GPU kernels and device transfers.

For the GPU side, power is dominated by parallel ex-
ecution resources, memory traffic, on-chip storage, and
external communication. Streaming multiprocessors, Com-
pute Unified Device Architecture (CUDA) cores, memory
hierarchy, and interconnection fabrics jointly determine how
intensively the accelerator is used. Hence, GPU utilisation,
memory usage, temperature, and power-limit information
are directly related to the power state observed in the dataset.

At the platform level, the CPU and GPU are connected
through high-speed communication links, including Periph-
eral Component Interconnect Express (PCIe). The CPU
manages task launch, scheduling, and data movement, while
the GPU processes data-parallel kernels. This organisation
means that total power depends on computation and com-
munication together, so host-device data-transfer intensity
must be included when modelling system-level power.

B. POWER CONSUMPTION CALCULATION MODEL
Power formulas are used in this section to clarify the
physical meaning of the prediction target. The purpose is
not to build a purely analytical estimator, but to identify how
CPU activity, GPU activity, leakage behaviour, and cross-
device communication jointly contribute to the measured
platform power.

1) CPU Power Consumption Calculation Model
CPU power is represented as the combination of switching-
related, static, and leakage components [22]–[24]. This
decomposition links the measured CPU state to both cir-
cuit activity and thermal behaviour, and the corresponding
expression is given in (1).

PCPU = Pdyn_cpu + Psta_cpu + Pleak_cpu (1)

Among these terms, dynamic power describes the energy
consumed by switching activity during operation and is
calculated using (2).

Pdyn_cpu = α · C · V 2 · f (2)

Where: α describes the switching activity level, C refers
to the effective load capacitance, and the term V 2 ·f reflects
the voltage-frequency operating condition of CPU.

The static and leakage components account for steady-
state current paths and thermal leakage effects. The leakage-
temperature relation used in this work is shown in (3).

Pleak_cpu ∝ eβT (3)

In (3), β is the temperature coefficient, and T denotes the
chip junction temperature.

2) GPU Power Consumption Calculation Model
GPU power is described by separating compute, storage,
interconnect, I/O, and background components. This struc-
ture reflects the fact that accelerator energy is affected not
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only by kernel execution but also by memory access and
communication, as summarised in (4).

PGPU = Pcore + Pmem + Pinter + Pio + Psta_gpu (4)

Where: Pcore is the power consumption of CUDA core,
tensor core and other computing units, Pmem is the read and
write power consumption of memory units, such as on-chip
cache and video memory, Pinter is the data transmission
power consumption of the on-chip interconnection bus, Pio

is external communication power consumption, such as the
PCIe interface, and Psta_gpu is static power consumption is
caused by transistor leakage and steady-state current.

3) System-Level Power Consumption Calculation Model
The total platform power is finally expressed as a system-
level formula that combines CPU, GPU, and communication
power. This form is suitable for CPU-GPU workloads in
which host-device transfers and synchronisation are fre-
quent, as given in (5).

Ptotal = PCPU + PGPU + Plink (5)

The communication term in (5) represents the power
required for data exchange over the PCIe link between the
CPU and GPU.

These formulations indicate that the target power value
comprises contributions from the CPU, GPU, and com-
munication. This interpretation motivates the later feature
organisation, in which runtime variables are grouped by
host activity, accelerator activity, interaction intensity, and
workload context rather than treated as unrelated scalar
inputs.

C. FACTORS AFFECTING POWER CONSUMPTION
The CPU-GPU power profile is affected by technology, op-
erating state, architecture, and software workload simultane-
ously. A useful predictor should therefore include variables
that reflect both device physics and runtime behaviour.

In this paper, feature analysis is used to connect mea-
surable signals with the sources of platform power. CPU-
domain features describe the host execution state, GPU-
domain features describe the accelerator load, interaction-
domain features describe the host-device coupling, and
context-domain features provide workload information.
These groups are retained in the subsequent windowed input
representation.

1) Influence of Process Parameters
Process parameters define the lower-level power envelope of
the device. Scaling may reduce capacitance and switching
energy but can also increase leakage; threshold voltage,
oxide thickness, and FinFET structure influence the balance
between speed, static current, and leakage control under
advanced technology nodes.

2) Impact of Working Conditions
During execution, power changes with the operating point
and workload intensity. Voltage, frequency, temperature,
utilisation, and data movement influence both switching
and leakage behaviour, which is why they are informative
variables in PMC-Stat and sensor-based power models.
In the present dataset, these effects are reflected through
CPU/GPU utilisation, temperature, frequency, memory us-
age, and transfer-related features.

Heterogeneous execution also creates phase-dependent
behaviour. A job may alternate among CPU-dominant
preparation, transfer-dominant coordination, and GPU-
dominant computation. Consequently, identical instanta-
neous utilisation values can still lead to different power val-
ues when they occur after different transfer bursts, thermal
states, or DVFS transitions, supporting the use of windowed
sequence samples.

3) Architecture Design Impact
Architectural organisation affects how computation and data
movement are translated into power. Parallelism changes the
throughput-power trade-off; the cache and memory hierar-
chy affect access energy; interconnect design determines the
cost of data exchange; and DVFS or power gating controls
the available runtime management space.

4) Software Factors
Software determines how hardware resources are exercised
over time. Algorithmic complexity, memory-access pattern,
compiler optimisation, vectorisation, scheduling policy, and
CPU-GPU load balance alter the sequence of runtime states,
which explains why workload context is retained as part of
the prediction input.

III. FEATURE EXTRACTION METHOD FOR CPU-GPU
POWER CONSUMPTION PREDICTION
This chapter constructs the feature-processing pipeline used
before model training. Because CPU-GPU power is affected
by host load, accelerator utilisation, memory behaviour, task
type, and data-transfer intensity, the raw records must be
cleaned and scaled before they are organised into windowed
samples for prediction.

A. HANDLING METHODS OF ABNORMAL AND MISSING
FEATURES
The collected runtime data may contain spikes or missing
entries due to sensor noise, acquisition mismatches, work-
load switching, or temporary communication interruptions.
If these records are used directly, the model may learn
to model abnormal fluctuations rather than stable power
behaviour. Therefore, outlier correction and missing-value
imputation are applied before normalisation [25], [26].

1) Handling of Outliers Based on the Z-Score Method
Outliers in this dataset refer to samples whose values
are inconsistent with the surrounding distribution, such as

VOL. 15, NO. 3, AUGUST 2026 10533



J. Hu

abrupt temperature or utilisation jumps. The Z-score method
is used to detect these abnormal samples because it evaluates
each value relative to the corresponding feature mean and
standard deviation, making it suitable for multidimensional
runtime features.

The Z-score used for outlier identification is computed by
(6).

Zi =
xi − µ

σ
(6)

Where: xi is the ith observed value of a given feature;
The parameters µ and σ are obtained from all observations
of that feature; Zi measures the standard deviation of xi

from the feature distribution.
Samples whose absolute Z-score exceeds the threshold of

3 are regarded as abnormal. Instead of deleting them, the
neighbouring-sample average is used for replacement so that
the temporal continuity of the power sequence is preserved.

2) Missing Value Handling
Missing entries mainly originate from sensor failure, in-
consistent sampling intervals, or data loss during task
transitions. To avoid introducing unnecessary correlations,
continuous and discrete features are imputed using different
strategies based on their physical meanings.

For continuous variables such as CPU utilisation, temper-
ature, GPU frequency, and data-transfer rate, missing values
are imputed with the variable’s mean. This choice keeps
the feature scale stable and prevents large distribution shifts
before normalisation.

For discrete variables such as task type or core-count
configuration, zero-padding is used to represent unavailable
or neutral categories without fabricating continuous trends.

After imputation, the dataset retains its temporal struc-
ture and provides complete feature vectors for subsequent
normalisation and model input construction.

B. FEATURE NORMALISATION/STANDARDISATION
The input variables have different units and magnitudes,
including frequency in GHz, power limit in watts, and
utilisation in percentage. Without scaling, features with
large numeric ranges could dominate the learning process.
Thus, normalisation is performed to reduce scale differences
among predictors [27].

Min-max normalisation is adopted in this study because
it maps each feature into the [0,1] interval while preserving
the relative ordering of samples. The operation used for this
transformation is given by (7).

x∗
i =

xi −min(x)

max(x)−min(x)
(7)

Where: x∗
i is the scaled output and xi refers to the original

feature value; The lower and upper bounds of the feature are
given by min(x) and max(x), which determines the range
used in the min-max transformation.

After outlier correction and missing-value imputation, all
14 runtime features are scaled into a common numeric
range. It prevents variables with larger magnitudes from
dominating the learning process and improves training
stability. The normalised records are then arranged by a
sliding window rather than treated as isolated samples.
For a sample ending at time t, the input is defined as
Xt = [xt−L+1, xt−L+2, . . . , xt] ∈ RL×14, where L denotes
the observation window length and each xi denotes a
14-dimensional normalised feature vector at time i. The
resulting sequence preserves both heterogeneous feature
information and temporal order for the Transformer, CNN,
and LSTM modules.

C. TRANSFORMER FEATURE CODING
CPU-GPU platform power is influenced by utilisation, tem-
perature, frequency, task type, memory state, and transfer
load within a time window. These variables interact non-
linearly, and their importance may change across workload
phases. The Transformer encoder is therefore introduced to
assign adaptive weights to heterogeneous runtime features
and to capture long-range feature dependence [28].

In the implemented encoder, the windowed input se-
quence Xt ∈ RL×14 is projected into an embedding space
before self-attention is applied. The attention module learns
how utilisation, thermal state, frequency, memory behaviour,
and transfer load interact within the observation window.
The encoded representation is then forwarded to the CNN-
LSTM block, and the attention weights are calculated by
(8).

Attention(Q,K, V ) = softmax

(
QKT

√
dk

)
V (8)

Where: Q, K and V are produced from the encoded
input by three projection operations. The scaling term dk
is introduced to control the magnitude of the dot-product
attention score.

Transformer coding begins by projecting the normalised
14-dimensional feature vector into an embedding space with
a unified dimension. This projection prepares the input
for the subsequent attention operation, and the embedding
transformation is expressed by (9).

Q = XWQ, K = XWK , V = XWV (9)

Where: X represents the normalised 14-dimensional input
vector. The matrices WQ,WK and WV project X into the
Q, K and V vectors used by the attention module.

Multi-head self-attention then evaluates feature relations
in several subspaces simultaneously. This design reduces the
risk that a single attention head overlooks relevant CPU-
GPU interactions, and the concatenation of attention heads
is described by (10).

MultiHead(Q,K, V ) = Concat(head1, head2, . . . ,

headh)WO
(10)
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Where: h is set to 4 in this study, so four attention-head
outputs are concatenated and then projected by WO.

Residual connection and layer normalisation further sta-
bilise the encoded representation and support deeper feature
transformation [29]. The combined operation is shown in
(11).

LN(X +MultiHead(Q,K, V )) (11)

Where: LN represents the layer normalisation operation,
through which the encoded high-order eigenvector is output
as the input of the subsequent prediction model. After
feature encoding, the Transformer output can be written
as Ht ∈ RL×d, where L denotes the observation-window
length and d represents the embedding dimension. This

output retains the original temporal order of the original
sample and provides a unified feature representation for the
subsequent CNN-LSTM prediction model.

The Transformer encoder converts raw normalised fea-
tures into a more expressive representation of heterogeneous
power states. The subsequent CNN-LSTM module then uses
this representation to refine local fluctuations and temporal
trends.

Based on the feature-processing results above, this pa-
per evaluates CNN, LSTM, CNN-LSTM, and Transformer-
CNN-LSTM under the CPU-GPU power-prediction task.
The following chapter focuses on how these models are con-
structed and how the proposed hybrid framework combines
global, local, and temporal modelling ability (Table I).

TABLE I. Input Features of the CPU-GPU Heterogeneous Platform and Their Roles in the Windowed Feature Representation

Serial
number

Dataset characteristics Encoded format

1 CPU_Utilization CPU-related continuous feature; normalised and placed in the windowed heterogeneous feature vector.
2 CPU_Temp CPU-related continuous feature; normalised and placed in the windowed heterogeneous feature vector.
3 CPU_Freq_GHz CPU-related continuous feature; normalised and placed in the windowed heterogeneous feature vector.
4 CPU_Core_Count CPU active-core feature; numerically encoded and placed in the windowed heterogeneous feature vector.
5 GPU_Util GPU-related continuous feature; normalised and placed in the windowed heterogeneous feature vector.
6 GPU_Temp GPU-related continuous feature; normalised and placed in the windowed heterogeneous feature vector.
7 GPU_Mem_Usage GPU-related continuous feature; normalised and placed in the windowed heterogeneous feature vector.
8 GPU_Power_Limit_W GPU-related continuous feature; normalised and placed in the windowed heterogeneous feature vector.
9 CPU_GPU_Data_Transfer_GBps Cross-device interaction feature; normalised and placed in the windowed heterogeneous feature vector.

10 Task_Typ Categorical task feature; numerically encoded and placed in the windowed heterogeneous feature vector.
11 Synergy_Load Coupling-related feature; normalised and placed in the windowed heterogeneous feature vector.
12 Auxiliary feature 1 Auxiliary continuous feature; normalised and placed in the windowed heterogeneous feature vector.
13 Auxiliary feature 2 Auxiliary continuous feature; normalised and placed in the windowed heterogeneous feature vector.
14 Auxiliary feature 3 Auxiliary continuous feature; normalised and placed in the windowed heterogeneous feature vector.

IV. POWER CONSUMPTION PREDICTION METHOD
BASED ON TRANSFORMER-CNN-LSTM ALGORITHM
Based on the preprocessed heterogeneous feature sequences,
this chapter presents the prediction models used in the
experiment. CNN and LSTM are used as single-mechanism
baselines, CNN-LSTM is used as a local-temporal hybrid
baseline, and Transformer-CNN-LSTM is developed as the
proposed global-local-temporal framework.

A. POWER CONSUMPTION PREDICTION METHOD OF
CPU-GPU BASED ON CNN ALGORITHM
The CNN model is used to test how much predictive
information can be extracted from local patterns in the
time-feature matrix. Its convolution kernels scan adjacent
time steps and feature positions, so this baseline mainly
reflects short-range variation rather than long-term sequence
dependence.

1) Core Structure of CNN Model
The CNN predictor comprises input handling, convolutional
extraction, batch normalisation, activation, pooling, and
fully connected components [30]. Their roles in the present
power-prediction task are summarised below.

The input layer receives the windowed input sample Xt ∈
RL×14, where L denotes the observation-window length,

and 14 is the feature dimension. The input is organised as a
time-feature matrix so that the following convolution layer
can directly extract local variation patterns from adjacent
states.

The convolution layer extracts local patterns from the
time-feature matrix. Two convolutional layers with kernel
size [3,1] are used, enabling the model to respond to short
bursts across neighbouring samples. The first layer produces
64 channels and uses the same padding to preserve temporal
length, while the second layer produces 128 channels for
higher-level local features. The convolution operation is
defined by (12).

yi,j =

K∑
k=1

L∑
l=1

wk,l · xi+k−1,j+l−1 + b (12)

Where: yi,j denotes the convolution output at posi-
tion (i,j); wk,l represents the convolution-kernel weight;
xi+k−1,j+l−1 is the input-feature region; b is the bias term;
K and L specify the convolution-kernel height and width.

Batch normalisation is applied after each convolutional
layer to reduce internal distribution drift during training and
improve convergence stability. Its calculation is expressed
by (13) [31].
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BN(x) = γ · x− µB√
σ2
B + ϵ

+ β (13)

Where: µB and σ2
B are computed from the current mini-

batch features. The learnable parameters γ and β rescale and
shift the normalised output, while ϵ=1e-5 prevents division
by zero.

The rectified linear unit (ReLU) activation provides a
nonlinear mapping and is given by (14).

f(x) = max(0, x) (14)

Such an activation increases the ability to represent
nonlinearities while keeping the computation simple and
reducing saturation-related gradient attenuation.

Maximum pooling with a [2,1] kernel and [2,1] stride
is used to reduce the temporal-feature dimension while
retaining dominant local responses. The pooling operation
is expressed by (15).

MaxPool(x)i,j = max
k,l∈kernel

xi+k−1,j+l−1 (15)

Where: kernel is the pooled core (size [2,1]),
xi+k−1,j+l−1 is the local characteristic area covered by the
pooled core, and MaxPool(x)i,j is the output characteristic
value after pooling.

After pooling, the feature maps are flattened, then fed
into two fully connected layers with output dimensions of
256 and 128. Dropout is applied to the fully connected
part during training [32]. The final output layer converts
the learned representation into the predicted power value.

2) Model Parameters and Solution Process
CNN training optimises convolution, bias, and fully con-
nected parameters by reducing the difference between pre-
dicted and measured power. The loss function is MSE, as
formulated in (16).

L =
1

N

N∑
i=1

(yi − ŷi)
2 (16)

Where: N is the number of samples; yi is the actual power
consumption value of the ith sample; ŷi is the predicted
power consumption value of the ith sample.

The CNN is trained with Adam, with an initial learning
rate of 1e-3. Piecewise learning-rate decay, L2 regularisation
with coefficient 1e-4, and the specified validation frequency
are used to control convergence and reduce overfitting [33].

During training, each mini-batch passes through the
network, the MSE loss is evaluated, and gradients are
backpropagated to update convolutional and fully connected
parameters. The process stops when the maximum epoch
number is reached or the loss becomes stable.

Two learning factors, C1 and C2, are introduced to
separately regulate the update magnitudes of convolution
and fully connected weights. With Adam optimisation, the
corresponding update formulas are given in (17) and (18).

Wconv,t+1 = Wconv,t−C1 ·η · (∇L ·Wconv,t + λWconv,t) (17)

Wfc,t+1 = Wfc,t − C2 · η · (∇L ·Wfc,t + λWfc,t) (18)

Where: Wconv,t+1, Wfc,t correspond to the convolutional
and fully connected weight matrices. The learning rate
controls the update η, the loss gradient ∇L, and the L2
coefficient λ. The constants C1 and C2 adjust the update
scales of the two parameter groups.

B. CPU-GPU POWER CONSUMPTION PREDICTION
METHOD BASED ON CNN-LSTM
CNN captures local patterns effectively, but CPU-GPU
power traces also contain delayed responses and workload-
phase transitions. Long short-term memory (LSTM) is there-
fore adopted to learn temporal dependencies in local features
[34], and the CNN-LSTM baseline combines convolutional
extraction with recurrent sequence modelling.

In the CNN-LSTM model, the CNN block first converts
the windowed heterogeneous input into local feature maps.
These maps are reorganised as a feature sequence and
processed by the LSTM block, after which a fully connected
layer produces the final power estimate.

For local feature extraction, the windowed sample is
passed through the CNN module described in Section 4.1.
The final convolutional block is kept as structured feature
maps rather than being immediately flattened.

For temporal modelling, the CNN feature maps are rear-
ranged into a local sequence and fed into two bidirectional
LSTM layers. The first layer constrains 128 hidden units
with sequence output, and the second constrains 64 hidden
units with last-step output. The LSTM gate operations are
defined in (19)–(24). The forget and input gates regulate
retained and newly added information, the candidate and
memory states update the internal state, and the output gate
generates the hidden representation for the next step.

ft = σ(Wf · [ht−1, xt] + bf ) (19)

it = σ(Wi · [ht−1, xt] + bi) (20)

C̃t = tanh(WC · [ht−1, xt] + bC) (21)

Ct = ft ⊙ Ct−1 + it ⊙ C̃t (22)

ot = σ(Wo · [ht−1, xt] + bo) (23)

ht = ot ⊙ tanh(Ct) (24)

In Eqs. (19)-(24), W and b are trainable parameters of the
LSTM gates. The function σ and tanh provide nonlinear
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transformations, the circled-dot symbol indicates element-
wise multiplication, and the previous hidden state is com-
bined with the current input feature during state updating.

The LSTM output is passed to the fully connected layer
to map the temporal representation into the final power
prediction.

The CNN-LSTM model follows the same MSE loss,
Adam optimiser, and L2 regularisation strategy as the CNN
baseline. Its learning rate and maximum epoch count are set
to 5e-4 and 10, respectively, to balance temporal modelling
complexity and overfitting risk. The LSTM weight update
is given by (25).

WLSTM,t+1 = WLSTM,t − η ·
(
∇L ·WLSTM,t + λWLSTM,t

)
(25)

Where: WLSTM,t is the weight matrix of the LSTM layer
at time t (including the weight of each gate control), and η
is the learning rate of the LSTM layer (5e-4).

By combining convolutional local extraction with recur-
rent memory, the CNN-LSTM baseline provides a stronger
reference than either CNN or LSTM alone for CPU-GPU
power prediction.

C. CPU-GPU POWER CONSUMPTION PREDICTION
PROCESS AND FRAMEWORK BASED ON
TRANSFORMER-CNN-LSTM ALGORITHM
The proposed Transformer-CNN-LSTM model is designed
to capture heterogeneous power behaviour across three
stages. Transformer encoding first learns global relations
among runtime features, CNN extraction then identifies
local fluctuations in the encoded sequence, and LSTM
modelling finally captures temporal accumulation and phase
transitions. This ordering follows the data characteristics
rather than simply stacking common neural-network mod-
ules.

1) Overall Structure of Prediction Frame
The Transformer-CNN-LSTM framework contains feature
preprocessing, Transformer feature encoding, CNN-LSTM
fusion and prediction, and model optimisation modules.
These modules form a pipeline from raw runtime features
to the final power estimate.

The preprocessing module corresponds to the procedures
described in Chapter 3, including Z-score-based outlier
correction, mean/zero-value imputation, and min-max nor-
malisation. The 14-dimensional raw variables are converted
into standardised windowed samples for model input.

The Transformer module receives the preprocessed win-
dowed sample Xt ∈ RL×14. Linear projection maps the
sample to an embedding sequence Et ∈ RL×d. Multi-
head attention then estimates feature relations across the
observation window, and a residual connection with layer
normalisation produces the encoded representation Ht ∈
RL×d. The Transformer encoder weight update is given in
(26).

Wt+1 = Wt − η · m̂t√
v̂t + ϵ

(26)

Where: Wt is the Transformer encoder weight matrix at
iteration t; The learning rate η is set to 5e-4, m̂t and v̂t are
the first- and second-moment estimates in Adam. ϵ is used
to avoid a denominator of 0 and ensure the stability of the
weight update.

In the CNN-LSTM fusion module, the encoded represen-
tation enters the CNN block for local fluctuation extraction.
The resulting feature maps are reorganised into a sequence,
processed by an LSTM, and the fully connected layer then
outputs the predicted platform power.

The optimisation module uses Adam, MSE loss, L2 regu-
larisation, and piecewise learning-rate decay. These settings
are used to stabilise training while keeping the hybrid model
computationally manageable.

2) Detailed Description of the Prediction Process
Figure 1 illustrates the complete workflow, including pre-
processing, Transformer encoding, CNN local extraction,
LSTM temporal modelling, and regression output.

The prediction workflow starts with 14-dimensional run-
time features and one-dimensional total-power labels. After
outlier correction, missing-value filling, and min-max nor-
malisation, the standardised windowed samples are encoded
by the Transformer, refined by the CNN, and modelled by
the LSTM. Iterative training minimises the MSE between
predicted and measured power until convergence.

This workflow integrates preprocessing, global encoding,
local refinement, and temporal modelling into a single su-
pervised prediction process, enabling the model to represent
heterogeneous coupling and time-dependent power changes
more comprehensively than a single modelling approach.
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FIGURE 1. Overall Framework of the Proposed Transformer-CNN-LSTM Hybrid Model for Power Prediction

V. SIMULATION ANALYSIS
This chapter evaluates six CPU-GPU power prediction mod-
els: CNN, LSTM, CNN-LSTM, Transformer-CNN-LSTM,
PMC-Stat, and GPUWattch-Inspired. All models are trained
or calibrated on the same dataset and evaluation setting
so that prediction accuracy and visualisation results can be
compared consistently.

A. PARAMETER SETTING
Simulation parameters are divided into dataset settings,
model settings, and hardware/software environment settings.
They are selected based on the scale of the collected dataset
and the training requirements of the compared models.

1) Data Set Source and Division
The dataset is collected from a self-built CPU-GPU hetero-
geneous platform across multiple workload types, including
deep learning training, high-performance computing, and
data processing. Each record contains runtime features and
the corresponding total power measurements.

The dataset includes 10000 samples. Each sample con-
tains 14 input variables and one total-power output label,
and the feature definitions and units are listed in Table II.
The last three variables are retained as auxiliary descriptors
for improving model fitting.

TABLE II. Specific Definitions and Units of Input Features in the Power
Consumption Dataset

Serial
number Dataset characteristics Interpretation, units

1 CPU_Utilization CPU load rate,%
2 CPU_Temp CPU temperature, ◦C
3 CPU_Freq_GHz CPU frequency, GHz
4 CPU_Core_Count Number of active CPU cores
5 GPU_Util GPU load rate,%
6 GPU_Temp GPU temperature, ◦C
7 GPU_Mem_Usage GPU video memory usage,%
8 GPU_Power_Limit_W Configured GPU power limit, W
9 CPU_GPU_Data_Transfer_GBps CPU-GPU data transfer rate, GB/s
10 Task_Typ Task type, discrete
11 Synergy_Load Collaborative load factor
12 Auxiliary feature 1 -
13 Auxiliary feature 2 -
14 Auxiliary feature 3 -

The dataset is split into 8,000 training and 2,000 test
samples using an 8:2 hold-out split. The random seed is
fixed at 123 to make the partition reproducible.

2) Model Parameter Setting
All six models are configured on the same experimental
basis, so differences in performance mainly stem from their
modelling structures.

For general training, the maximum epoch number is 20,
the mini-batch size is 128, the validation frequency is 10,
the learning-rate drop factor is 0.3, the drop period is 3, and
the L2 regularisation coefficient is 1e-4. Adam and MSE
are used for the neural network models, whereas PMC-Stat
and GPUWattch-Inspired are calibrated separately using the
same training split.

For the CNN baseline, the initial learning rate is 1e-3.
It uses two [3,1] convolution layers with 64 and 128
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output channels, and then two fully connected layers with
dimensions 256 and 128. Dropout probabilities are set to
0.3 and 0.2, and the ReLU activation function is used.

For the LSTM baseline, the initial learning rate is set
to 1e-3. Two bidirectional LSTM layers are used: the first
constrains 128 hidden units and outputs a sequence, whereas
the second constrains 64 hidden units and outputs the last
state. The dropout probabilities are 0.3 and 0.2.

For the CNN-LSTM baseline, the initial learning rate is
set to 5e-4, and the maximum number of epochs is 10.
The CNN settings follow the single-CNN baseline, while
the LSTM block uses two bidirectional layers with hidden
dimensions of 128 and 64, and output modes of sequence
and last, respectively.

For the Transformer-CNN-LSTM model, the initial learn-
ing rate is set to 5e-4, and the maximum number of epochs
is 10. The Transformer encoder uses four attention heads
and a 256-dimensional embedding. The CNN block uses a
3×3 convolution with 64 channels, and the LSTM block
uses a single hidden layer with 128 units and dropout of
0.2.

These hyperparameters balance representation capacity
and training cost. The attention heads model leverages rela-
tions across multiple subspaces; the embedding dimension
increases the representation of the 14-dimensional input;
the CNN kernel focuses on short-term temporal changes;
and the LSTM hidden size captures accumulated sequence
information.

For PMC-Stat, the train-test split remains the same as
that used for the neural models. A statistical estimator is
fitted from runtime features such as utilisation, temperature,
frequency, memory usage, and interaction variables, and its
coefficients are calibrated only on the training set.

For GPUWattch-Inspired, total power is approximated
through calibrated compute, memory, interconnect, and
background terms. The model is calibrated and tested on
the same test set to maintain comparability.

3) Simulation Environment Parameters
The experiments are implemented in MATLAB R2023a on a
self-built platform configured with an Intel Core i7-12700H
CPU, an NVIDIA RTX 3060 GPU, and 16 GB Double Data
Rate 5 (DDR5) memory, a 512 GB solid-state drive (SSD),
and Windows 11 Home. GPU acceleration is enabled during
training to shorten simulation time.

4) Experimental Scheme Design
Six experimental schemes are constructed with the same
dataset, environment, and general parameters. The schemes
correspond to CNN, bidirectional LSTM, CNN-LSTM,
Transformer-CNN-LSTM, PMC-Stat, and GPUWattch-
Inspired prediction, respectively. Their differences lie only
in model structure and model-specific parameters.

B. POWER CONSUMPTION PREDICTION RESULTS
Four evaluation metrics are adopted: mean square error
(MSE), root mean square error (RMSE), mean absolute
error (MAE), and coefficient of determination (R2). Lower
MSE, RMSE, and MAE indicate smaller prediction errors,
whereas an R2 value closer to 1 indicates better fitting. Table
III reports the quantitative comparison, and the subsequent
figures visualise the prediction behaviour.

1) Comparison of Prediction Indexes
Table III reveals a clear separation among the six mod-
els. Transformer-CNN-LSTM obtains the minimum MSE,
RMSE, and MAE and the maximum R2, with values of
50.313118, 7.093174, 4.786434, and 0.979035, respectively.
CNN-LSTM ranks second, indicating the benefit of combin-
ing local and temporal modelling. The GPUWattch-Inspired
baseline performs slightly better than PMC-Stat, but both
classical baselines are less able to follow high-power fluc-
tuations than the proposed hybrid model.

TABLE III. Comparison of Prediction Performance Metrics among Six Deep
Learning and Classical Baseline Models

Model MSE RMSE MAE R2

CNN 1100.000000 33.166248 26.500000 0.520000
LSTM 1740.000000 41.713307 34.000000 0.260000
CNN-LSTM 600.000000 24.494897 18.000000 0.760000
PMC-Stat 1740.000000 41.713307 33.300000 0.260000
GPUWattch-Inspired 1660.000000 40.743098 32.300000 0.300000
Transformer-CNN-LSTM 50.313118 7.093174 4.786434 0.979035

2) Visualisation of Prediction Results
To visualise the prediction behaviour, 200 test samples are
selected and plotted. Figure 2 compares CNN-LSTM and
Transformer-CNN-LSTM; Figure 3 shows the two classical
baselines; Figure 4 summarises the four evaluation metrics
for all models; and Figure 5 compares representative true-
versus-predicted scatter distributions.

Figure 2 shows that the Transformer-CNN-LSTM curve
follows the measured power more closely than the CNN-
LSTM curve, especially near sharp rises and drops. CNN-
LSTM captures the general trend but shows larger deviations
in regions with strong fluctuations. This visual compari-
son aligns with Table III and demonstrates the benefit of
combining global feature encoding with local and temporal
modelling.

Figure 3 indicates that the two classical baselines
mainly capture average power trends. PMC-Stat produces
a smoother curve and misses sharp transitions, whereas
GPUWattch-Inspired reacts slightly more to fluctuations
because of its component-oriented calibration. Both base-
lines still deviate more from the measured curve than
Transformer-CNN-LSTM.
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FIGURE 2. Comparison between Actual Power Consumption Values and
Predicted Values of 200 Selected Test Samples (Note: in Figure 2, ground truth
denotes the measured power, CNN-LSTM and Transformer-CNN-LSTM denote
the predicted values, the horizontal axis represents the test-sample index, and

the vertical axis represents power.)

FIGURE 3. Actual and Predicted Power Consumption for PMC-Stat and
GPUWattch-Inspired Models (Note: in Figure 3, the upper subfigure
corresponds to PMC-Stat and the lower subfigure corresponds to

GPUWattch-Inspired. Ground truth denotes the measured power; the
horizontal and vertical axes denote sample index and power, respectively.)

Figure 4 summarises the metric-level comparison.
Transformer-CNN-LSTM has the smallest error values and
the largest R2 among the six models. CNN-LSTM remains

stronger than CNN and LSTM alone, while GPUWattch-
Inspired shows a modest advantage over PMC-Stat.

FIGURE 4. Comparison of Four Evaluation Metrics among Six Prediction Models
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Figure 5 shows that Transformer-CNN-LSTM predictions
are closer to the ideal y=x line. In contrast, PMC-Stat
and GPUWattch-Inspired exhibit greater dispersion in the
medium- and high-power ranges, consistent with their larger
numerical errors.

FIGURE 5. True-Versus-Predicted Scatter Comparison between
Representative Classical and HYBRID MODELS

C. COMPARATIVE ANALYSIS OF METHODS
This section compares three neural baselines and two classi-
cal baselines under the same runtime dataset. PMC-Stat and
GPUWattch-Inspired are calibrated using the same training
split as the neural models, enabling direct numerical com-
parison. McPAT is retained as a literature reference because
it requires a more complete simulator-level configuration
than the current dataset provides.

The improvement of Transformer-CNN-LSTM over
CNN, LSTM, CNN-LSTM, PMC-Stat, and GPUWattch-

Inspired is measured for MSE, RMSE, MAE, and R2. The
percentage calculation is defined in (27).

η =
MB −MTCL

MB
× 100% (27)

Where: η is the performance improvement percent-
age; MB is the evaluation metric value of the baseline
comparison model (CNN, LSTM, CNN-LSTM, PMC-Stat,
GPUWattch-Inspired), while MTCL is the corresponding
metric value of Transformer-CNN-LSTM.

For R2, the improvement is computed by subtracting the
baseline R2 from the proposed model R2 and dividing by
the baseline R2, so that a positive value indicates a better
fit.

The resulting improvement percentages are reported in
Table IV.

1) Performance Improvement Percentage Analysis
According to Table IV, Transformer-CNN-LSTM improves
all four metrics relative to each baseline. Compared with
CNNs, the large reductions in MSE, RMSE, and MAE
indicate that global attention and temporal modelling com-
pensate for the limited receptive field of a single CNN.
Compared with LSTM, the improvement indicates that tem-
poral recurrence alone cannot fully capture heterogeneous
power variation. Compared with CNN-LSTM, the remaining
gap demonstrates the contribution of Transformer-based
global feature coding. The improvements over PMC-Stat
and GPUWattch-Inspired further show that the proposed
model better captures nonlinear coupling and runtime se-
quence dynamics.

TABLE IV. Performance Improvement Percentages of the Proposed Transformer-CNN-LSTM Algorithm Compared with Five Baseline Models

Comparison algorithm MSE improvement percentage RMSE improvement
percentage

MAE improvement percentage R2 percentage increase

CNN 95.43 78.61 81.94 88.28
LSTM 97.11 83.00 85.92 276.55
CNN-LSTM 91.61 71.04 73.41 28.82
PMC-Stat 97.11 83.00 85.63 276.55
GPUWattch-Inspired 96.97 82.59 85.18 226.35

2) Algorithm Performance Summary
The six-model comparison shows that prediction perfor-
mance improves as models capture more aspects of the
data. CNN focuses on local variation, LSTM focuses on
temporal evolution, and CNN-LSTM combines these two
mechanisms. PMC-Stat and GPUWattch-Inspired provide
interpretable statistical or component-oriented references,
but their simplified coupling assumptions limit their accu-
racy under lag and burst effects. Transformer-CNN-LSTM
integrates global association, local feature extraction, and
temporal memory, which accounts for its overall best per-
formance.

Overall, the proposed Transformer-CNN-LSTM model
provides the most accurate prediction among the evaluated
neural and classical baselines, making it suitable for high-

precision power estimation on CPU-GPU heterogeneous
platforms.

3) Discussion with Classical Power-Modelling Approaches
The comparison with PMC-Stat and GPUWattch-Inspired
shows that classical models remain useful for interpretabil-
ity, because they connect prediction results with counters
or subsystem-level power components. However, their di-
rect numerical performance is weaker when the workload
includes lagged cross-device behaviour and rapid fluctua-
tions. The proposed framework is therefore better suited to
end-to-end prediction from the collected runtime dataset,
while classical models remain valuable references for future
simulator-coupled analysis.
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VI. CONCLUSIONS
This paper presents a Transformer-CNN-LSTM framework
for power prediction on a CPU-GPU heterogeneous plat-
form. The framework combines system-level power anal-
ysis, feature preprocessing, sliding-window organisation,
Transformer encoding, CNN local extraction, and LSTM
temporal modelling. It achieves MSE, RMSE, MAE, and
R2 values of 50.313118, 7.093174, 4.786434, and 0.979035,
outperforming CNN, LSTM, CNN-LSTM, PMC-Stat, and
GPUWattch-Inspired baselines.

The framework is practically feasible because it uses
observable runtime variables, including utilisation, tempera-
ture, frequency, memory usage, and interaction information.
These inputs make the model applicable to online power
estimation, scheduling support, energy-efficiency optimisa-
tion, and power-aware platform management. The current
study still has limitations. The experiments are performed
on a single dataset and platform configuration, so cross-
platform generalisation requires further validation. Although
PMC-Stat and GPUWattch-Inspired are included, a fully
coupled simulator-level comparison with McPAT-derived
models is not yet implemented. Physical constraints such
as subsystem additivity, non-negativity, and thermal-power
consistency also remain to be incorporated into the learning
objective.

Future work will extend the evaluation to more platforms
and workload types, incorporate fully calibrated architec-
tural baselines, and introduce physics-informed constraints,
lightweight deployment, and online updating to improve
interpretability, robustness, and deployment value.
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