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Abstract

Physical AI enables reliable and timely operations of autonomous systems such as robots
and smart manufacturing equipment under diverse and dynamic execution environments.
In these environments, computing resources are often limited, shared among tasks, and
fluctuate over time. This makes it difficult to guarantee that tasks meet timing constraints.
As a result, resource-aware execution time prediction becomes essential for efficient resource
management in physical AI systems. However, existing methods typically assume specific
environments or static resource usage and often fail to generalize to new environments.
In this paper, we propose CARE-D (Calibration-Assisted Resource-aware Execution time
prediction), which trains a deep neural network to model the nonlinear relationships
among hardware characteristics, resource levels, and task features across environments.
The model predicts the execution time of tasks under diverse hardware and dynamically
allocated computing resources, using a few execution records from new environments.
CARE-D applies few-history-based calibration using only 1 to k execution records from
target environments to adjust predictions without retraining the model. Experiments show
that CARE-D improves prediction accuracy by about 7.3% over zero-history predictors
within a 10% relative error and outperforms regression and deep learning baselines, using
only one to five records per target environment.

Keywords: physical AI; execution time prediction; resource management; deep neural network

1. Introduction
Physical Artificial Intelligence (Physical AI) has become a key enabler of autonomous

system operation, allowing robots, unmanned vehicles, and smart manufacturing equip-
ment to operate reliably in real-world environments [1–3]. Physical AI workloads are
deployed on various execution settings with diverse devices, dynamically allocated com-
puting resources, and varying task characteristics [4–6]. In such environments, computing
resources are often limited, shared among multiple tasks, and their available capacity
fluctuates over time, so the execution time of physical AI tasks depends not only on model
complexity, but also on environment-dependent factors. This environment-coupled ex-
ecution time variability makes it difficult to guarantee stable performance and timely
responses for safety-critical and time-sensitive operations [7,8]. Therefore, an accurate and
resource-aware execution time prediction scheme is necessary to support reliable resource
management across physical AI environments.

The execution time of a physical AI task can be regarded as a multivariate function
of several groups of factors. It depends on task specific characteristics such as model
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architecture, FLOPs, and input or output tensor structures [9–11]. It is also affected by
hardware-level attributes, including CPU family, microarchitectural behavior, and memory
bandwidth [12,13], as well as dynamically assigned resource levels such as CPU resource
levels, memory capacity, and I/O throughput. If this multivariate dependency is not
modeled accurately, computing resources may be under allocated, causing deadline misses,
execution delays, and reduced throughput, or over allocated, leading to wasted energy
and lower overall system efficiency [14,15]. In time-critical physical AI applications such
as manufacturing cells and robotic production lines, persistent errors in execution time
estimation can further accumulate into mission failures, increased cycle time, or unstable
operation in real-world environments.

Existing studies have explored execution time prediction in high-performance comput-
ing, cloud platforms, workflow systems, and GPU-based workloads. In high-performance
and GPU computing domains, prior research has employed statistical regression and
deep learning models to estimate kernel level runtime from hardware performance coun-
ters and instruction-level features extracted from job traces [16–19]. In distributed and
cloud environments, machine learning-based regressors and resource utilization mod-
els have been applied to predict workload latency using CPU usage patterns, historical
job profiles, and cluster-level resource metrics [20,21]. Workflow-oriented methods have
incorporated recurrent neural networks and attention- or Transformer-based models to
forecast completion time in multi-stage pipelines by modeling task dependencies and event
sequences [22,23]. Together, these approaches demonstrate that data-driven models can
provide accurate execution time prediction when sufficient execution history is available in
relatively homogeneous and well provisioned computing clusters.

However, the previous works may face fundamental limitations when applied to
physical AI systems. Most prior approaches assume static execution environments, fixed
computing resource allocations, and abundant environment specific execution records,
which makes it difficult for them to capture runtime variations caused by fluctuating
resource levels, heterogeneous hardware configurations, or changes in task characteristics.
In addition, many regression and deep learning models require large volumes of execution
records from each environment, and their performance can degrade when only a few
samples are available from a new environment. As a result, existing methods often struggle
to adapt to new or partially observed environments where execution history is limited,
leading to unstable execution time prediction and inefficient resource allocation that can
degrade the reliability of time-critical physical AI applications.

To address these problems, we propose CARE-D, a Calibration-Assisted Resource-
aware Execution time prediction scheme based on a deep neural network, tailored for
physical AI systems operating under heterogeneous hardware and computing resource
levels. CARE-D first trains a deep neural network to learn the nonlinear relationships
among hardware specifications, allocated resource levels, and task-specific features, so that
it can estimate execution time across multiple computing environments. On top of this
general predictor, CARE-D employs a few-history execution time calibration mechanism
that adjusts the predicted values using a small number of real execution records from a
target environment. This calibration step rescales the predicted execution time to match
the local runtime distribution in the new environment without requiring full retraining
or extensive history data. By combining the cross-environment DNN predictor with
lightweight calibration, CARE-D provides adaptive and resource-aware execution time
prediction that remains effective under dynamically changing computing conditions in
physical AI applications.

The main contributions of this study are summarized as follows:
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(1) We formulate the problem of resource-aware execution time prediction for physical
AI tasks under heterogeneous hardware, dynamically allocated computing resources,
and limited execution history, clarifying the specific challenges that distinguish this
setting from conventional cloud or data center workloads.

(2) We develop CARE-D, a DNN-based universal execution time predictor that jointly
models hardware specifications, task features, and resource levels so that a single
model can generalize across multiple physical AI environments.

(3) We introduce a lightweight few-history calibration mechanism that adapts the pre-
dictions of CARE-D to a new environment using only a small number of execution
records, without retraining the full model, thereby improving cross-environment
accuracy under strict profiling constraints.

(4) We construct a large-scale physical AI workload dataset spanning multiple heteroge-
neous computing environments and provide a comprehensive experimental evalu-
ation that shows that CARE-D improves prediction accuracy over zero-history and
baseline models, demonstrating its usefulness as a building block for resource-aware
CPU quota selection and runtime planning.

The rest of the paper is organized as follows. Related works are discussed in Section 2.
The proposal is presented in Section 3. Section 4 shows case-study-based experiments and
provides results and analysis. Finally, the conclusion and future directions are given in
Section 5.

2. Related Works
Existing studies on execution time prediction span high-performance computing,

cloud platforms, workflow systems, and GPU-centered workloads. In high-performance
and GPU computing domains, many works have used statistical regression and deep
learning models to estimate kernel-level runtime from hardware performance counters,
instruction traces, and low-level architectural events [16–19]. In distributed and cloud envi-
ronments, machine learning-based regressors and resource utilization models have been
applied to predict request latency and job completion time from CPU usage patterns, histor-
ical job profiles, and cluster-level resource metrics [20,21]. In workflow-oriented systems,
recurrent neural networks and attention- or Transformer-based models have been used to
forecast end-to-end completion time in multi-stage pipelines by explicitly modeling task de-
pendencies and event sequences [22,23]. These studies demonstrate that data driven predic-
tion can effectively capture complex runtime behavior in data-center-style environments.

A second line of research focuses on performance and latency prediction for AI and
deep learning workloads. Several works model the runtime of neural network inference
or training as a function of model architecture, parameter size, layer types, and GPU con-
figuration, often combining analytical models with learning-based components [13,18,19].
Others exploit hardware performance counters and microarchitectural features to esti-
mate the execution time of GPU kernels, operator graphs, or end-to-end deep learning
pipelines. These approaches provide valuable techniques for hardware-aware prediction of
AI workloads, but they mainly target relatively homogeneous accelerators or server-grade
processors with stable resource allocation and abundant profiling data.

There are also studies that address cross-platform transfer and calibration for perfor-
mance prediction. Transfer learning, multi-task learning, and calibration-based schemes
have been used to adapt cost models across different hardware generations or cluster
configurations, sometimes using a small number of samples from a new platform to cor-
rect systematic bias in the predictions [14,15]. Some methods explicitly encode hardware
attributes or device-specific embedding to improve generalization across processors [17].
However, most of these approaches still assume controlled lab or data center environments,
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and their calibration procedures often rely on a moderate amount of measurement data
and stable resource limits.

In contrast to these prior efforts, relatively few works consider execution time predic-
tion in physical AI settings such as robotics, unmanned systems, and smart manufacturing.
In these domains, workloads run on heterogeneous edge controllers and industrial PCs
where computing resources are limited, shared among multiple tasks, and frequently re-
configured at runtime. Existing prediction and scheduling methods for cyber–physical and
robotic systems mainly focus on control performance and task-level scheduling policies,
rather than on general-purpose learning-based models that jointly consider hardware,
resource levels, and task features [14–16,20]. Approaches that simultaneously handle het-
erogeneous hardware, dynamic computing resources, and limited execution records across
environments remain rare. This gap motivates the present work, which aims to provide
a cross-environment and few-history execution time prediction scheme tailored to the
constraints of physical AI systems.

3. The Proposed Execution Time Prediction Scheme
3.1. System Overview

In this section, we present CARE-D, a Calibration-Assisted Resource-aware Execution
time prediction scheme for physical AI systems operating under heterogeneous hardware
and dynamically changing computing resources. We first formulate execution time pre-
diction as a multivariate regression problem in which the runtime of a physical AI task
depends jointly on hardware specifications, task features, and allocated resource levels. We
then describe a deep neural network-based universal predictor that learns this nonlinear
relationship across multiple environments and produces a zero-history execution time esti-
mate for unseen configurations. Finally, we introduce a lightweight few-history calibration
mechanism that adapts the predicted execution time to each target environment using only
a small number of execution records, without retraining the full model.

The overall process of the proposed execution time prediction scheme is illustrated
in Figure 1. As summarized in Figure 1, CARE-D consists of a cross-environment DNN
predictor and a few-history calibration module integrated into a physical AI resource
management loop. In this section, we formalize the model architecture and calibration
procedure in detail. Physical AI tasks such as simulation workloads or neural network
inference run on a computing platform consisting of an industrial controller or edge server
with a specific CPU, memory capacity, and operating system. For each task configuration,
hardware features, current resource settings, for example, CPU quota and memory limit,
and task-specific descriptors, such as FLOPs and input or output tensor size, are collected
and used as input to CARE-D. CARE-D predicts the end-to-end execution time under these
hardware and resource conditions, and this estimate is forwarded to a resource manager
that selects appropriate computing resources or other resource allocations for each task. In
this design, CARE-D does not implement scheduling itself but provides resource-aware
execution time predictions that can be consumed by existing schedulers and controllers in
physical AI systems.

3.2. Problem Formulation

In this work, we consider execution time prediction for physical AI tasks running on
heterogeneous computing platforms under dynamically changing computing resources.
For each task instance, we observe the following three groups of features: hardware related
features h, resource-level features r, and task-specific features t. Hardware features h
include descriptors such as CPU architecture, family, core count, memory size, operating
system, and performance indices. Resource-level features r represent the current allocation
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state, for example, computing resource, memory limit, and input or output bandwidth.
Task features t describe the workload itself, such as model type, FLOPs, input and output
sizes, and workload category.

Figure 1. System overview of CARE-D in a physical AI resource management loop, where execution
time predictions are used to select computing resources for physical AI tasks.

We denote by y the end-to-end execution time of a physical AI task, measured from
the start of model loading or simulation initialization to the completion of computation
and termination under a given combination of h, r, and t. The execution time can then be
regarded as a multivariate function

y = f (h, r, t), (1)

where f captures the joint influence of hardware, resource levels, and task characteristics
on the execution time. For learning, we construct a feature vector x by concatenating the
three feature groups

x = [h, r, t], (2)

and train a parametric predictor f with parameters θ that maps x to an estimated
execution time.

ŷ = fθ(x) (3)

In this paper, ŷ represents the zero-history prediction of CARE-D, that is, the execution
time estimate produced by the deep neural network when no execution records from the
target environment are used for adaptation. In the few-history setting, we additionally
assume that for a new environment e, a small calibration set Ce = {(xi, yi)} is available
with only 1 to k execution records. CARE-D then adjusts the zero-history prediction ŷ using
these few samples through an environment-specific calibration mechanism described in
the following subsections.

3.3. DNN-Based Execution Time Predictor

Based on the formulation in Section 3.2, CARE-D first learns a universal deep neural
network predictor that approximates the execution time function f over multiple environ-
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ments. Given a feature vector x = [h, r, t] and the corresponding measured execution time
y, the predictor fθ is trained to produce an accurate zero-history estimate ŷ = fθ(x) for
unseen task and resource configurations, including those from environments that are not
explicitly present in the training set.

The input to the network is a concatenation of three feature groups. The hardware fea-
ture vector h contains CPU and platform descriptors such as CPU family, core count, clock
frequency, memory capacity, operating system, and pre-measured performance indices for
CPU, memory, and I/O. The resource-level vector r represents the current allocation state,
including CPU quota or percentage, memory limit, and logical I/O bandwidth. The task
feature vector t describes workload characteristics such as model type, FLOPs, input and
output tensor sizes, and workload category. By jointly encoding these three groups in a
single vector x, the predictor can capture interactions between hardware characteristics, re-
source levels, and task properties that determine the end-to-end execution time of physical
AI workloads.

Categorical features such as CPU architecture, CPU model, operating system, and task
type are converted into numeric representations before being fed into the network. In our
implementation, these attributes are encoded as one-hot vectors and concatenated with the
continuous features, while the performance indices for CPU, memory, and I/O are included
as normalized scalar inputs that summarize baseline capabilities of each environment.

The predictor fθ is implemented as a fully connected feed-forward neural network
with several hidden layers. Each hidden layer applies an affine transformation followed
by a rectified linear unit activation. Batch normalization and dropout are optionally
applied after some layers to stabilize training and mitigate overfitting. The final output
layer produces a single scalar that represents the predicted execution time ŷ for the given
configuration x. All environments share the same network parameters θ, so that a single
model can learn from data collected on heterogeneous platforms and resource settings.

The parameters θ are learned by minimizing a loss function over a training
set D =

{(
xj, yj

)}
. To reduce the influence of extreme long-running outliers and to better

capture multiplicative variations, the loss is computed on log-transformed execution times.
In the simplest form, we minimize the mean absolute error in the log domain, as follows:

θ∗ = arg min
θ

1
|D| ∑

(xj ,yj)∈θ

∣∣log
(
ŷj
)
− log

(
yj
)∣∣, (4)

where ŷj = fθ

(
xj
)
. The resulting predictor fθ∗ provides the zero-history execution time

estimate for any new configuration x and serves as the base model that will be adapted by
the few-history calibration mechanism described next.

3.4. Few-History Calibration Mechanism

While the universal predictor fθ∗ can generalize across multiple environments, there
remain environment-specific effects that are difficult to capture purely from feature de-
scriptors, such as subtle differences in operating system scheduling, firmware behavior,
or background interference. CARE-D addresses these residual discrepancies through a
lightweight few-history calibration mechanism that adjusts the scale of the zero-history
predictions using a small number of execution records from each new environment.

For a new environment e, we assume that a small calibration set

Ce = {(xi, yi)|i = 1, 2, . . . , k} (5)

is available, where each pair (xi, yi) corresponds to a task configuration and its measured
execution time under environment e. For each calibration sample, the zero-history predictor
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produces an estimate ŷj = fθ∗
(
xj
)
. We then compute a per sample ratio ρi between the

measured and predicted execution times,

ρi =
yi
ŷj

(6)

The environment-specific scaling factor γe is obtained by averaging these ratios, where
the same k denotes the number of calibration samples in environment e.

γe =
1
k

k

∑
i=1

ρi. (7)

When only a single calibration record is available (k = 1), γe reduces to the simple ratio
between the measured and predicted execution time for that configuration. As more calibra-
tion samples are gathered, the averaging process reduces the impact of noise in individual
measurements and yields a more stable estimate of the environment-specific scaling.

Given γe, CARE-D produces a calibrated execution time prediction
∼
y for any configu-

ration x in environment e by rescaling the zero-history estimate, as follows:

∼
y = γe fθ∗(x). (8)

Intuitively, the universal predictor fθ∗ learns the nonlinear shape of the execution
time surface over hardware, resource, and task features, while the scalar γe compensates
for systematic vertical shifts between environments that are not fully explained by the
input features. In practice, our dataset shows that a small number of calibration records,
often between one and five samples per environment, is sufficient to obtain a reliable
scaling factor for cross-environment prediction. To avoid leakage between calibration and
evaluation, calibration samples from the target environment are used only to compute γe
and are excluded when computing evaluation metrics in the experimental section. The
calibration procedure is summarized in Algorithm 1.

Algorithm 1 Few-History based Calibration Algorithm

Input: Trained predictor fθ∗ ;
Calibration set Ce = {(xi, yi)}k

i=1 in environment e.
Output: Calibrated prediction

∼
y for a new input x in environment e.

1: for each calibration sample (xi, yi) in Ce do
2. compute the zero history prediction ŷi = fθ∗(xi).
3: end
4: Compute the per sample ratios ρi = yi/ŷi for i = 1, . . . , k.
5: Estimate the environment specific scaling factory γe =

1
k ∑k

i=1 ρi.
6: For any new configuration x in environment e, obtain the zero history
prediction

∼
y = fθ∗(x).

7: return the calibrated prediction
∼
y = γeŷ.

3.5. Calibration Assumptions

The calibration mechanism in CARE-D relies on the assumption that the dominant
cross-environment differences in execution time can be approximated by a multiplicative
scaling factor that is relatively stable across configurations within the same environment.
This does not require strict separability in the form

y = f (h, r, t) = f0(h, r, t)·ge, (9)
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but assumes that, after the universal predictor fθ∗ has captured the main nonlinear depen-
dencies on hardware, resource levels, and task features, the remaining environment-specific
bias can be modeled approximately by a single scalar multiplier γe.

In practice, we observe that reducing computing resources tends to increase execution
time in a mostly monotonic fashion for the classes of physical AI workloads considered
in this study, although measurement noise, background load, and thermal effects may
introduce deviations. The few-history calibration does not attempt to correct fine-grained
non-monotonic behavior, but instead focuses on aligning the overall scale of the predicted
runtime curve with the local distribution of measurements in each environment.

This simple multiplicative model has two important advantages for physical AI
systems. First, it can be estimated from very few samples, making it feasible to adapt
to new environments without extensive profiling. Second, it preserves the nonlinear
shape learned by the DNN predictor over hardware, resource, and task features, so that
the effect of changing computing resource levels remains consistent with the training
data. At the same time, we acknowledge that a single scalar factor may not fully capture
all environment-specific effects, especially in heterogeneous or heavily loaded systems.
Extending CARE-D to more expressive calibration models that can correct non-uniform
distortions of the runtime curve is left as future work.

3.6. Resource-Aware Usage in Physical AI Systems

Finally, we outline how the calibrated execution time predictions produced by CARE-
D can be used for resource allocation in physical AI systems. Consider a physical AI task
with hardware descriptor h, task features t, and a set of candidate resource levels R, for
example, discrete computing resources. Given a timing constraint or deadline D, a simple
resource selection policy is to choose the smallest resource level r∗ ∈ R whose calibrated
execution time prediction satisfies the following deadline:

r∗ = arg min
r∈R

{r|∼y(h, r, t)≤ D}, (10)

where
∼
y(h, r, t) is obtained from CARE-D using the calibrated predictor for the current

environment. This discrete search can be implemented efficiently by evaluating CARE-D
on the finite set of candidate resource levels. To improve robustness against prediction
errors, a conservative margin can be introduced by tightening the effective deadline or
by selecting a slightly higher resource level than the minimal one. For example, the
scheduler may require

∼
y(h, r, t) ≤ αD with a safety factor α < 1, or choose the next larger

computing resource above r∗. These simple policies illustrate how CARE-D can serve
as an execution time oracle for existing resource managers and schedulers in physical
AI systems, enabling resource-aware decisions under limited profiling and dynamically
changing computing conditions.

4. Experiments and Analysis
4.1. Dataset Description

To verify the proposed CARE-D, a DNN-based execution time prediction and few-
history calibration scheme for physical AI systems, we conducted experiments using execu-
tion logs collected from real industrial deployments. The dataset is explicitly designed for
cross-environment execution time prediction and consists of the following two representa-
tive physical AI workloads: discrete-event manufacturing simulations and neural network
inference-based production forecasting, collected under varying hardware resources.
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4.1.1. Data Sources and Collection Procedure

The dataset used in this study was constructed using two commercial applications
developed by Samco in South Korea, both of which are actively deployed in real pro-
duction environments. The first application is an industrial process simulator designed
for discrete-event manufacturing operations such as scheduling, defect generation, and
resource assignment. The second application consists of AI-based prediction models that
perform neural network inference for production forecasting. These two types of tasks
were executed repeatedly under various CPU allocation ratios ranging from 1% to 100%
and across multiple hardware configurations. During each execution, detailed logs were
collected, including task-related information such as input data and task type, environ-
ment characteristics such as CPU architecture, number of cores, and threads, and memory
capacity, as well as execution resource parameters such as CPU usage and performance
indices. The total elapsed execution time (in seconds) was recorded as the target variable.
In total, 123,930 execution records were gathered from 11 distinct computing environments,
each representing a unique combination of task configuration, CPU utilization ratio, and
hardware specification.

4.1.2. Feature Composition

Each data sample comprises 20 features that can be categorized into three groups. The
first group, workload features, includes parameters such as CPU percentage, defect rate
and volume, processing time, waiting time, work time, planned operations, quantity pro-
duced, product mappings, and resource inventory. The second group, hardware features,
describes system characteristics including CPU architecture, family, model, number of cores
and threads, RAM capacity, and CPU limit. The third group, performance index features,
contains normalized metrics for CPU, memory, and I/O performance. The target variable,
execution time, spans from 0.15 to 2847 s, with a median value of 127.3 s, thereby encom-
passing both lightweight neural inference tasks and long-running simulation processes.

4.1.3. Data Distribution

Each workload was executed at multiple CPU utilization levels from 1% to 100% in 1%
increments, and multiple repetitions per configuration were included to capture variability.
System metrics such as CPU, memory, and I/O utilization were log-normalized across
environments for model input consistency.

A detailed description is shown in Table 1.

Table 1. Data distribution details.

Metric Min Median Max Mean ± Std

Samples per environment 7245 9156 11,832 9090 ± 1234

Unique workloads 42 50 58 49.5 ± 4.2

Execution time (s) 0.15 127.3 2847.5 215.6 ± 289.3

Metric Min Median Max Mean ± Std

Samples per environment 7245 9156 11,832 9090 ± 1234

4.2. Experimental Environment Configuration
4.2.1. Hardware and Operating Systems

Experiments were performed on 11 distinct hardware environments, each with dif-
ferent CPU generations, core/thread counts, and memory capacities to reflect diverse
computing conditions of physical AI systems. Table 2 summarizes the configuration details
of each environment. The CPU generations are Intel 10th, 13th, and 14th (from Comet
Lake to Raptor Lake Refresh). Memory capacities are from 31.7 to 63.9 GB, while operating
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systems consist of 9 Windows 11 and 2 Ubuntu 22.04. This diversity ensures that the
proposed method is tested under cross-generation, cross-memory, and cross-OS conditions,
capturing realistic variability in edge or embedded physical AI deployments.

Table 2. Environment description.

Environment CPU Model Architecture Cores/Threads RAM (GB) OS

E1 Intel i7-13700K (Model 167) Intel64 8/16 63.8 Windows 11

E2 Intel i9-10900K (Model 165) Intel64 10/20 31.9 Windows 11

E3 Intel i9-14900K (Model 183) Intel64 20/28 31.7 Windows 11

E4 Intel i7-14700K (Model 183) Intel64 16/24 63.8 Windows 11

E5 Intel i7-13700K (Model 167) Intel64 8/16 63.8 Windows 11

E6 Intel i7-13700K (Model 167) Intel64 16/24 62.6 Ubuntu 22.04

E7 Intel i9-10900K (Model 165) Intel64 10/20 63.9 Windows 11

E8 Intel i7-14700K (Model 183) Intel64 16/24 63.8 Windows 11

E9 Intel i7-13700K (Model 167) Intel64 8/16 31.8 Windows 11

E10 Intel i9-10900K (Model 165) Intel64 10/20 63.9 Windows 11

E11 Intel i7-13700K (Model 167) Intel64 16/24 62.6 Ubuntu 22.04

4.2.2. Model Training and Validation Procedure

To evaluate how the proposed method can generalize across heterogeneous computing
environments, we adopted a leave-one-environment-out (LOEO) validation procedure.
In each round of evaluation, one environment was excluded from training and used
exclusively for testing, while the remaining environments were used for model learning.
This process was repeated until every environment had served once as the unseen test case,
and the final performance was obtained by averaging the results over all folds.

This approach offers two key advantages. First, it provides a rigorous measure of cross-
environment generalization, as the model is evaluated on hardware configurations it has
never encountered during training. Second, it prevents environment-specific overfitting,
which often occurs when a model learns hidden correlations unique to particular systems
or datasets. By averaging the results from all folds, we obtained a fair and stable assessment
of prediction accuracy and adaptability.

For calibration-based experiments in the few-history setting, we assume that only
a small number of execution records is available from the target environment. In each
LOEO fold, the records in the held-out environment are further split into a small calibration
subset and a disjoint test subset, so that no configuration appears in both calibration and
evaluation. A small number of measured execution times, typically between one and five
samples from the calibration subset, is used to compute environment-specific scaling factors
for CARE-D without retraining the DNN models. Calibration samples are used solely for
estimating these scaling factors and are excluded from all evaluation metrics, preventing
leakage between calibration and test data.

4.3. Experimental Setup and Evaluation Metrics

The collected dataset of 123,930 execution records from 11 heterogeneous computing
environments was used for all experiments. Within each LOEO fold, records from the ten
training environments were split into a training subset (80%) and a validation subset (20%),
while all records from the held-out environment were used exclusively as the test set. The
training subset was used to optimize the parameters of the proposed DNN-based execution
time prediction model, and the validation subset guided early stopping and learning-rate
adjustment. The test subset provided an unbiased estimate of generalization performance
under unseen hardware and operating system configurations.
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All experiments were conducted on the 11 hardware environments summarized in
Table 3. For each environment, the model was trained and evaluated on a mixture of
AI-based production-forecasting workloads and discrete-event simulation tasks, with CPU
utilization levels varied from 1% to 100% in 1% increments. The training process used the
Adam optimizer with a learning rate of 0.001 and Mean Squared Error (MSE) as the loss
function, with early stopping based on validation loss convergence. Continuous feature
values, including FLOPs, input/output size, and CPU percentage, were log-transformed or
log-normalized before training to mitigate scale imbalance and improve numerical stability.

Table 3. The comparison models for the execution time prediction.

Model Type/Library Key Characteristics

Linear Regression (LR) Linear/scikit-learn

Learns a direct proportional relationship
between resource features (e.g., CPU%) and
execution time; useful as a baseline for simple
linear dependencies

Ridge Regression Linear (L2 regularized)/scikit-learn

Captures linear correlations between
environment and task features while reducing
sensitivity to multicollinearity through
L2 regularization

Lasso Regression Linear (L1 regularized)/scikit-learn
Performs feature selection by identifying the
most influential environmental or workload
factors affecting execution time

Decision Tree Regressor Nonlinear/scikit-learn
Learns hierarchical decision rules that map
combinations of hardware and workload
features to distinct execution-time ranges

Random Forest Regressor Ensemble of trees/scikit-learn
Aggregates multiple decision trees to capture
diverse feature–time relationships, improving
robustness against noise and overfitting

Gradient Boosting Regressor (GBR) Ensemble boosting/scikit-learn

Sequentially minimizes prediction errors by
refining weak learners, effectively modeling
nonlinear dependencies between environment
parameters and runtime

XGBoost Regressor Gradient boosting
(optimized)/XGBoost 1.5.0

Employs regularized boosting to efficiently
learn complex feature interactions across
heterogeneous computing environments

Proposed DNN Regressor Deep neural network/PyTorch 1.9.0

Learns high-dimensional nonlinear mappings
between hardware–task feature combinations
and execution time, achieving adaptability
across unseen environments

Graph Neural Network (GNN) Graph-based deep learning/PyTorch
Geometric, DGL

Learns execution-time patterns by modeling
relational dependencies among hardware and
task features as graph structures.

Long Short-Term Memory (LSTM) Recurrent neural network/PyTorch,
TensorFlow 2.8.0

Captures temporal or sequential dependencies
in workload patterns that influence
execution time.

Support Vector Regression (SVR) Kernel-based regression/scikit-learn

Uses kernel functions to model nonlinear
relationships between environment parameters
and runtime with strong performance on
small datasets.

Transformer-Based Regressor Attention-based deep
learning/PyTorch

Learns global feature interactions through
self-attention, effectively modeling complex
execution-time dependencies.

To verify the adaptability of the proposed few-history based calibration method,
additional evaluations were performed by applying calibration using k = 1, 5, 10, 15, and
20 measured execution times from the calibration subset of the target environment in each
LOEO fold. After estimating environment-specific scaling factors from these k samples, the
model predicted execution times for the remaining configurations in the disjoint test subset.
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This procedure validates the ability of CARE-D to maintain a high prediction accuracy
when only a small number of runtime measurements can be collected in a new physical
AI environment.

The evaluation primarily employed the following two key metrics: Mean Absolute
Error (MAE) and Accuracy. MAE quantifies the absolute deviation between predicted and
actual execution times, averaged over all test samples. The accuracy metric measures the
proportion of predictions whose relative error falls within a 10% threshold, providing an
interpretable view of how often the model meets a practical timing margin for latency-
sensitive physical AI tasks. These metrics were computed both before and after few-history
calibration to assess the improvement in predictive accuracy and adaptability across the
various environments.

To clearly evaluate the adaptability of the proposed model, the following two ex-
perimental settings were defined: zero-history and few-history based calibration. In the
zero-history setting, the DNN predictor and baseline models were evaluated on the held-
out environment without any calibration data, representing the baseline cross-environment
generalization performance. In the few-history setting, each model was additionally pro-
vided with a small number of actual runtime samples (typically 1–5 in the main analysis)
from the target environment to perform calibration before predicting the remaining con-
figurations. The calibrated predictions were then compared with the zero-history outputs
of CARE-D and with conventional regression-based models under the same LOEO folds,
allowing a quantitative assessment of how much the few-history calibration mechanism
improves execution time prediction accuracy and stability relative to the uncalibrated case.

4.4. Comparison Models

To validate the performance of the proposed CARE-D, we compared it against a wide
range of baseline models under identical experimental settings. The comparison covers
three families of methods, as follows: classical regression models, general-purpose deep
learning models, and the proposed CARE-D architectures implemented as fully connected
DNNs. All models receive the same 20-dimensional feature vector described in Section 4.1
and are trained and evaluated using the LOEO protocol and calibration settings defined in
Sections 4.2 and 4.3.

Table 3 summarizes the baseline models used for execution time prediction. The
regression family includes linear models such as Linear Regression, Ridge, Lasso, and
ElasticNet, which capture simple linear correlations between environment and workload
features and provide a reference performance for linearly separable relationships. Tree-
based ensemble methods such as Decision Tree, Random Forest, Gradient Boosting, and
XGBoost are included to model nonlinear interactions between hardware, resource, and
workload features through hierarchical decision rules and boosted ensembles. Support
Vector Regression is also considered to investigate kernel-based nonlinear regression on
the same feature space. These models are widely used in performance prediction and
scheduling research and serve as baselines for heterogeneous computing environments.

The deep learning baselines comprise a generic graph neural network, an LSTM
network, and a Transformer-based regressor, which represent typical neural architectures
for graph-structured, sequential, and attention-based modeling. The graph neural network
aims to capture relational dependencies among hardware and task features by treating them
as graph nodes. The LSTM models potential sequential or temporal patterns in workload
behavior. The Transformer-based regressor leverages self-attention to learn global feature
interactions. These models help assess whether more complex inductive biases used in
other domains are suitable for execution time prediction under heterogeneous physical
AI environments.
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CARE-D itself is implemented as a family of fully connected feed-forward DNN
architectures that share the same input and output interfaces but differ in depth and width.
Five variants were developed to balance model capacity and computational efficiency. All
variants take as input the concatenated feature vector x, including hardware descriptors,
resource-level features, and task-specific features, and produce a scalar execution time
prediction. Their configurations are summarized conceptually in Table 4.

Table 4. The details of the CARE-D models.

Model Architecture Hidden Layers Regularization Purpose

CARE − Dsmall Small 2 (64, 32) Dropout (0.1),
BatchNorm

Lightweight baseline for
fast inference

CARE − Dmedium Medium 3 (128, 64, 32) Dropout (0.1),
BatchNorm Relatively balanced accuracy

CARE − Dlarge Large 4 (256, 128, 64, 32) Dropout (0.1),
BatchNorm

Captures higher nonlinear
interactions

CARE − Dx_large Extra large 5 (512, 256, 128, 64, 32) Dropout (0.1),
BatchNorm

High-capacity model for
complex nonlinearity

CARE − Ddeep Deep variant 6+ layers (1024 to 32) Dropout (0.1),
BatchNorm

Investigates the hidden
nonlinear relationships

between features

All CARE-D variants use rectified linear unit activations in hidden layers and option-
ally apply batch normalization and dropout to mitigate overfitting. A single set of network
parameters is shared across all environments so that the model learns a unified mapping
from feature space to execution time and provides zero-history predictions for unseen
configurations. Few-history calibration is then applied on top of these DNN predictors
in the experimental analysis of Section 4.5. In the detailed result discussion, we primarily
focus on the small, medium, and large CARE-D configurations, since the extra-large and
deep variants showed unstable cross-environment behavior and a tendency for overfitting,
providing limited additional benefit over the more compact architectures.

4.5. Experimental Results and Analysis

The experiments compared zero-history and few-history scenarios to evaluate how
calibration affects prediction accuracy and mean absolute error (MAE) across diverse
computing environments. All models were evaluated using 11-fold LOEO validation so
that each hardware configuration served once as an unseen target environment.

The results show that DNN models exhibited some performance gains from few-
history-based calibration, while regression models showed minimal or even negative
change. Across all DNN architectures, the average accuracy increased from 29.4% to 36.7%,
and the MAE dropped from 574.3 s to 32.3 s. In contrast, regression models showed only a
0.4% change in accuracy and a slight MAE increase of 1.9 s, indicating that calibration has
negligible benefit for static regression models.

The comparative experiments were conducted under two distinct settings to evaluate
the adaptability of the prediction models. The first is the zero-history setting, where the
model directly predicts the execution time in unseen environments without any runtime
history or calibration. The second is the few-history-based calibration setting, where one or
a few measured execution time samples from the target environment are used to perform
lightweight calibration before predicting the remaining processes in that environment.

Both settings were tested using the following three DNN architectures: DNN (64,
32), DNN (128, 64, 32), and DNN (256, 128, 64). Other, deeper DNN models were not
included in the comparison because excessively large models tend to capture noise rather
than meaningful patterns in the training data, which can lead to overfitting when the true
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relationship between features is relatively simple. This may indicate that the applications
used in this paper contain an approximately monotonic relationship between task and
environment features and execution times. The detailed experimental results and analysis
are described in the following subsections.

4.5.1. Comparison in Zero-History Environments

Figures 2 and 3 summarize how the three CARE-D architectures behave in zero-
history and few-history conditions. In the zero-history setting (k = 0), shown in Figure 2, the
models must predict execution time in previously unseen hardware–software environments
without any calibration samples. Under this challenging condition, CARE-D achieves an
accuracy between approximately 28% and 36% within the 10% relative error band, and the
performance varies noticeably with architectural capacity.

Figure 2. The performance of the CARE-D models without the calibration.

The large CARE-D (256–128–64) provides the best-performing zero-history baseline.
Its higher capacity allows the network to better capture nonlinear interactions between
workload features and environment characteristics, yielding the highest accuracy among
the three plotted architectures. In contrast, the small CARE-D (64–32) shows a clearly
lower accuracy, which reflects its limited representation capacity and reduced ability to
generalize across diverse workloads and environments. The medium CARE-D (128–64–32)
lies between these two extremes and offers a balanced trade-off between expressiveness
and stability. These observations indicate that, before calibration, zero-history performance
is primarily governed by the depth and width of the architecture.

Figure 3 further compares the zero-history and few-history performance of the same
architectures across all 11 environments. For CARE-D (64–32), few-history calibration
produces the largest relative gain, with an average accuracy increase of about 9.93 percent-
age points over its zero-history baseline. The medium CARE-D (128–64–32) also exhibits
some improvements of roughly 8.98 percentage points. These results show that compact
architectures, which underfit slightly in zero-history, can be effectively “completed” by a
small number of environment-specific calibration samples, achieving a cross-environment
performance with only limited profiling.
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Figure 3. The overall performances of regression models.

By contrast, the large CARE-D (256–128–64) already provides a zero-history baseline,
so its additional gain from calibration is smaller but consistently positive. In this case,
calibration mainly refines the prediction surface by reducing mean absolute error and cor-
recting residual environment-specific bias rather than increasing accuracy. This behavior is
consistent with the interpretation that most cross-environment variability can be expressed
as a smooth scaling of the DNN’s predicted runtime curve, which the multiplicative cali-
bration factor is designed to correct.

We also evaluated a deeper CARE-D variant (256–256–64–32), which is omitted from
Figures 2 and 3 because of its unstable zero-history behavior and low overall accuracy. This
over-parameterized model tended to overfit environment-specific noise rather than captur-
ing the underlying monotonic relationship between features and execution time, and it only
became usable after calibration reduced its MAE. This observation suggests that simply
increasing depth and width does not guarantee better cross-environment generalization.
Overall, the combined results from Figures 2 and 3 justify selecting CARE-D (128–64–32) as
the representative architecture in the subsequent analysis. It offers a reasonable zero-history
accuracy, a large and consistent few-history gain comparable to the small architecture, and a
lower risk of instability than deeper variants while keeping computational cost manageable
for practical physical AI deployments.

Figure 4 also reports the zero-history performance of general-purpose deep learning
models that do not explicitly encode the structure of execution-time prediction. The
LSTM reaches around 25% accuracy, whereas the GNN drops to roughly 6% and the
Transformer remains near 2–3%, which is effectively comparable to random prediction.
These results indicate that the inductive biases of sequence-based (LSTM), graph-based
(GNN), and attention-based (Transformer) architectures are fundamentally misaligned with
the characteristics of execution-time prediction in this setting: their internal mechanisms
do not naturally account for the coarse, environment-level scaling effects that dominate
this task, leading to poor zero-history generalization.
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Figure 4. The performance comparison of the deep learning models in the other DL category.

4.5.2. Comparison in Few-History Environments

In the few-history setting, the models are allowed to use only a small number of execu-
tion records from the target environment to adjust their predictions before being evaluated
on the remaining configurations. This setting reflects realistic physical AI deployments
in which extensive profiling is not feasible and only a handful of measurements can be
collected when a new controller or plant is introduced.

Figure 5 shows how CARE-D responds to few-history calibration for different values
of k. When only 1–5 calibration samples are available from the target environment, CARE-
D models exhibit a consistent improvement over their zero-history baselines. Across
the three main architectures, the average accuracy increases from 29.4% to 36.7%, while
MAE decreases from 574.3 s to 32.3 s after calibration. The small CARE-D (64–32) and
the medium CARE-D (128–64–32) obtain the largest few-history gains, with accuracy
improvements of approximately +9.93 and +8.98 percentage points, respectively, compared
to their zero-history performance. These results indicate that CARE-D can rapidly estimate
and compensate for broad environment-specific scaling differences when given only a
few samples from the target environment. However, as k grows beyond about 5–10, the
additional benefit diminishes, and in some cases, accuracy begins to decline, suggesting
overfitting to the limited calibration subset rather than generalization to all workloads in
the environment.

Figure 6 summarizes the behavior of classical regression models, including linear,
tree-based, and kernel-based regressors, when few-history calibration is applied. In contrast
to CARE-D, these models show almost no meaningful accuracy gain: the observed changes
remain within a very narrow band of roughly 0.01–0.02 percentage points across different
values of k, and in some environments, the calibrated models even exhibit a slightly worse
accuracy than their zero-history baselines. A closer inspection of the top-performing
regressors (Gradient Boosting, Random Forest, XGBoost, SVR, and LightGBM) confirms
this trend. Small positive changes occasionally appear, but they are rare and typically
accompanied by degradation in MAE or R2, so the overall fit to the runtime distribution
does not improve.
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Figure 5. The overall performance comparison of CARE-D with the calibration. The deep CARE-D
was omitted for low accuracy.

Figure 6. The accuracy comparison of the traditional regression models.

This limited effect is consistent with the inductive bias of regression models. Tree-based
ensembles and SVR already encode a piecewise-constant or locally linear approximation
of the feature–runtime mapping based on the training environments, so their zero-history
predictions are dominated by feature-level relational patterns rather than by a single global
scale factor. As a result, multiplying predictions by an environment-specific ratio estimated
from a few samples has little impact on the underlying error structure and can even push the
predictions away from the true values. In other words, the simple ratio-based calibration
that is effective for CARE-D provides little benefit for these static regression models, even
though the same calibration mechanism and few-history budget are applied.

Other deep learning models show a very different few-history behavior from CARE-
D. Figure 7 reports the performance of LSTM, GNN, and Transformer when the same
ratio-based calibration is applied. LSTM shows a small improvement when k = 1, but its
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accuracy quickly saturates and even decreases as more calibration samples are added, indi-
cating that additional few-history information does not translate into better generalization.
GNN begins to deteriorate almost immediately, with accuracy dropping below its zero-
history level even for small k, and Transformer remains close to its very low zero-history
accuracy (around 2–3%) across all values of k, effectively failing to exploit the calibration
samples at all.

Figure 7. The overall performance of the other category’s deep learning models.

These trends suggest that the internal representations of LSTM, GNN, and Transformer
in this setting do not interact well with a simple global scaling factor. Their complex
nonlinear transformations are not aligned with the dominant cross-environment effect
in our dataset, so injecting a handful of environment-specific samples tends to amplify
existing prediction errors rather than correct them. As a result, few-history calibration does
not provide a consistent gain for these models, in sharp contrast to CARE-D, which was
explicitly designed to be amenable to such ratio-based adjustment.

4.5.3. Zero-History vs. Few-History

Figure 8 shows the average performance of the three model families—CARE-D, clas-
sical regression models, and other deep learning baselines—under zero-history and few-
history conditions. In the zero-history setting, as shown in Figure 8a, CARE-D already
provides the best-performing cross-environment generalization among all evaluated meth-
ods. Its average accuracy is several percentage points higher than the best ensemble regres-
sion models, consistent with the overall result that CARE-D achieves a baseline accuracy
about 6.06 percentage points higher than the best regression baseline. Regression models
form a stable but lower-performing group, while the other deep learning models (LSTM,
GNN, and Transformer) remain clearly below CARE-D, and in some cases, close to random
prediction, reflecting their misaligned inductive biases for execution-time prediction.
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Figure 8. The average performance comparison among the models in the three categories in zero-
history and few-history conditions: (a) the performance comparison in zero-history environments
and (b) the comparison in few-history environments.

When few-history calibration is applied (Figure 8b), the difference between model
families becomes even more pronounced. On average, CARE-D improves from 29.4% to
36.7% accuracy and its MAE drops from 574.3 s to 32.3 s, indicating that a small number of
environment-specific samples is sufficient to refine its predictions. Regression models, in
contrast, show almost no change: their average accuracy varies by only about −0.4 per-
centage points and MAE increases slightly by 1.9 s, confirming that ratio-based calibration
has negligible benefit for these static predictors. The other deep learning models exhibit
unstable behavior, with LSTM showing only marginal and inconsistent gains, while GNN
and Transformer often degrade relative to their already low zero-history performance.

Overall, Figure 8 highlights that few-history information is model-dependent in this
setting. CARE-D is the only family that consistently converts 1–5 calibration samples into
accuracy and MAE improvements, whereas regression and other deep learning models re-
main largely unchanged or even deteriorate. This pattern supports the claim that CARE-D
is specifically well-suited for few-shot adaptation in heterogeneous physical AI environ-
ments, while conventional regressors and generic deep architectures cannot effectively
exploit the same limited calibration budget.

4.5.4. Minimum Effective Sample Ratio (MESR)

To compare how efficiently each model family can exploit a few calibration samples,
we analyze the Minimum Effective Sample Ratio (MESR) using the results in Figure 9. Intu-
itively, MESR captures how many calibration samples are required until a model reaches (or
is very close to) its best few-history performance. A lower MESR, therefore, indicates that
the model can make good use of very limited information from a new environment, which
is critical in practical physical AI deployments where extensive profiling is not feasible.

For CARE-D, the MESR analysis shows that a single calibration sample is typically
sufficient. Across the evaluated environments, k = 1 already yields most of the accuracy
and MAE improvements observed over the entire range k ∈ {1, 5, 10, 15, 20}. Combined
with the results in Figures 5 and 8, this means that CARE-D can obtain an average accuracy
gain of about 7.29 percentage points (from 29.4% to 36.7%) and reduce MAE from 574.3 s to
32.3 s with only one or a few measurements per environment, while additional samples
beyond five often provide diminishing or even negative returns. In other words, CARE-D
achieves a very low MESR, indicating that its calibration mechanism is sample-efficient for
cross-environment execution-time prediction.
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Figure 9. MESR calibration efficiency comparison among the proposal, the regression models, and
the other types of deep learning models.

By contrast, the regression baselines and other deep learning models exhibit poor
MESR characteristics. As shown in Figures 6 and 7, their accuracy curves remain almost flat
or even degrade as k increases, and the MAE or R2 metrics often worsen after calibration.
Since these models show negligible few-history gain across all tested values of k, they
effectively do not have a meaningful “minimum effective” sample point: increasing the
number of calibration samples does not translate into performance improvement. From
an MESR perspective, this implies that the cost of collecting additional measurements in a
new environment is not justified for these models.

Overall, the MESR comparison in Figure 9 reinforces the earlier findings: CARE-D
is not only more accurate than baseline models, but also much more sample-efficient in
adapting to unseen environments. A single execution record per environment is generally
enough to obtain most of the benefit of calibration, whereas regression baselines and generic
deep learning architectures cannot convert additional samples into reliable gains. This
property makes CARE-D particularly attractive for real-world physical AI systems, where
minimizing profiling overhead is as important as maximizing prediction accuracy.

5. Conclusions
In this paper, we addressed the problem of resource-aware execution time predic-

tion for physical AI tasks operating under heterogeneous hardware, dynamically allocated
computing resources, and limited execution history. We formulated execution time as a mul-
tivariate function of hardware features, resource levels, and workload characteristics and
proposed CARE-D (Calibration-Assisted Resource-aware Execution-time prediction), a uni-
versal deep neural network predictor combined with a lightweight few-history calibration
mechanism. CARE-D learns a cross-environment prediction surface from 123,930 execution
records collected across 11 real industrial environments, and then adapts to previously
unseen environments using only a small number of measured execution times from each
new target.

The experimental results demonstrated that CARE-D provides zero-history gener-
alization and highly efficient few-shot adaptability. In the zero-history setting, CARE-D
outperformed the best performing ensemble regression baseline by approximately 6.06 per-
centage points in accuracy within the 10% relative error band. With few-history calibration,
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CARE-D achieved an average accuracy gain of about 7.29 percentage points (from 29.4%
to 36.7%) while reducing MAE from 574.3 s to 32.3 s, using only one to five calibration
samples per environment. Architecture-level analysis showed that the medium CARE-D
configuration (128–64–32) provides a favorable balance between capacity and stability, and
the Minimum Effective Sample Ratio (MESR) analysis revealed that a single calibration
sample (k = 1) is typically sufficient to obtain most of the benefit, with gains up to 9.93 per-
centage points over its own zero-history baseline. In contrast, classical regression models
and other deep learning baselines (LSTM, GNN, and Transformer) exhibit negligible or
even negative few-history gains, indicating that the simple ratio-based calibration is par-
ticularly well matched to CARE-D’s DNN predictor but not to static regressors or generic
neural architectures.

These properties make CARE-D a practical building block for resource-aware schedul-
ing and runtime planning in physical AI systems, enabling deadline-aware CPU quota
selection, admission control, and energy-aware allocation without extensive environment-
specific profiling. At the same time, this work has limitations that open several directions
for future research, as follows: extending the simple multiplicative calibration to slightly
more expressive but still data-efficient forms, validating CARE-D on a broader range of
platforms such as embedded CPUs, ARM-based edge devices, GPUs, and virtualized
cloud instances, and integrating CARE-D with online schedulers or learning-based con-
trollers to exploit uncertainty-aware and worst-case execution time predictions in real-time
decision making.
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