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With the rapid development of the Internet of Things (IoT) and artificial intelligence (AI) technologies, edge computing
emerges as a crucial computing paradigm. By processing data near the source, edge computing enables faster and more
efficient intelligent services. However, edge devices usually limit computational resources, and existing DNN inference latency
profiling methods often rely on internal model details or large-scale latency measurements, making them costly and unsuitable
for black-box deployment scenarios. This paper proposes ProfEdge, a fast construction framework for deep neural network
(DNN) latency profiling models based on Gaussian process regression and Bayesian optimization. ProfEdge adaptively samples
real latency measurements under different batch-size states and tunes profiling-model hyperparameters to reduce construction
cost while improving profiling accuracy. Specifically, ProfEdge builds an adaptive sampling module based on Gaussian process
regression to locate high-error regions through coarse-grained sampling and dynamically refine the sampling process. It
further designs a dynamic Bayesian optimization mechanism to improve the accuracy of the latency profiling model. Finally,
ProfEdge constructs a cross-device performance mapping model to migrate an existing profiling model to a target device
with lightweight stratified calibration, thereby avoiding full reconstruction of the target-device profiling model. Experiments
on various edge devices and DNN models, including CNN-based and transformer-based workloads, show that ProfEdge
reduces profiling errors by up to 80% and saves over 70% of profiling construction cost compared with existing methods. The
cross-device migration results further demonstrate that ProfEdge can achieve competitive profiling accuracy on new devices
with only a small number of target-device calibration samples.

CCS Concepts: » Computing methodologies — Artificial intelligence; « General and reference — Performance.

Additional Key Words and Phrases: edge computing, inference latency profiling, edge Al, deep neural network.

1 Introduction

With the rapid development of the Internet of Things (IoT) and artificial intelligence (AI) technologies, deep neural
network (DNN) models are widely applied in today’s mobile and edge applications [6, 7, 19, 22, 29, 47, 48, 54],
such as on-device video analytics, facial recognition, AR/VR, and others [4, 11, 20, 43, 46, 49, 53]. In many
latency-sensitive applications, inference latency becomes a key indicator for running DNN models on various
mobile and edge devices [17, 25, 30, 33, 35, 36, 44]. Accurately profiling the inference latency of neural network
models is crucial for resource scheduling and management [10, 16, 24, 26, 31, 34, 45]. However, when deploying
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DNN models in resource-constrained edge device environments, a core challenge lies in efficiently managing
computational resources to meet the real-time requirements of applications. The inference latency of models
under different batch sizes does not change linearly, as it is closely related to the computational characteristics
of the underlying hardware. Therefore, constructing an accurate latency prediction model is crucial, as it can
quantify the inference latency required for different batch sizes and provide key performance insights for resource
schedulers.

However, the predictive ability of this latency prediction model is often limited by the sampling size. The
larger the scale, the more complete the model training and the more accurate the evaluation. Exhaustively
measuring the real inference latency of DNN models under all possible batch-size states is highly labor-intensive
and expensive [10, 23, 26, 28, 31, 32, 34, 52]. Sampling refers to selecting a limited number of runtime states
and measuring the real inference latency of a DNN model under these states. Specifically, each runtime state
is mainly associated with a batch size, and each sampled point corresponds to a batch-size-latency pair. These
sampled latency values are then used as training data to construct the latency profiling model. Such high costs
hinder scalability and make measurement-based methods practically incapable of supporting the rapidly growing
number of edge devices.

To address the aforementioned challenges, existing research primarily focuses on two key dimensions: one
emphasizes how many latency measurements should be sampled, while the other prioritizes what should be
sampled, such as model-level states or operator-level components. In terms of sampling scale, i.e., the proportion
of measured batch-size states, most conventional approaches adopt large-scale data sampling, aiming to maximize
the accuracy of latency profiling models. For instance, methods based on floating-point operations (FLOPs) are
widely utilized to evaluate model efficiency [17, 43]. While these methods offer simplicity, they do not directly
quantify latency, an inherent limitation, as FLOPs merely reflect computational complexity rather than actual
runtime performance on specific hardware.

In terms of sampling targets, prevalent existing solutions predominantly focus on modeling and evaluating
the individual operators of neural networks [12, 17, 51, 52]. This operator-centric modeling confers strong
generalizability, as the end-to-end latency of a model is derived by analyzing the latency of its constituent
operators and summing their contributions. However, these methods suffer from two critical drawbacks: (1) they
heavily rely on the comprehensiveness of operator coverage in the latency profiling model; (2) their accuracy in
cross-device or model migration scenarios remains insufficient and requires further refinement. Different from
these architecture-aware or operator-level predictors, ProfEdge does not require detailed operator decomposition
or architecture-specific feature extraction. It treats the deployed DNN as a black-box model and focuses on
constructing an accurate latency profiling model with significantly reduced sampling cost for each target model-
device pair. This design prioritizes black-box compatibility, low-cost latency measurement, and profiling accuracy
for a given model-device pair.

Fortunately, when the device environment remains unchanged, the relationship between the model state (i.e.,
the batch size) and latency mostly follows a consistent pattern. However, the parallel computing capacity of
different devices has an upper limit; thus, beyond a certain threshold, this pattern is disrupted or even redefined.
As illustrated in Figure 1, we uniformly sample a subset of real latency data to construct a latency prediction
model basedon the random forest algorithm. By calculating the relative error between the predicted results
and the actual latency values across all states, it is observed that the errors follow a Gaussian distribution,
with small errors dominating and large errors occurring infrequently. Therefore, the states with small errors
allow for reduced sampling regions, while those with large errors require expanded sampling regions. This
approach maintains evaluation accuracy while reducing sampling costs. Furthermore, the sampling scale and the
performance of latency profiling models are not perfectly proportional. This is attributed to the law of diminishing
marginal returns governing the improvement of latency profiling model performance: as the sampling scale
expands beyond a certain threshold, the incremental gain in model accuracy becomes increasingly modest.
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Fig. 1. The cost of model sampling and the error of model profiling results in Jetson Xavier NX.

Consequently, by tolerating negligible prediction errors, the computational and resource costs associated with
model construction can be significantly reduced. On the other hand, most contemporary tasks involve migrating
DNN models from the cloud or other edge devices to a target device. As such, the architectural details and
latency characteristics of the DNN models are not entirely unknown a priori. Leveraging the latency evaluation
results of the model on the source device, combined with an understanding of the configuration and performance
discrepancies between the source and target devices, it is feasible to infer the model’s latency on the target device.
This transfer learning-inspired approach effectively mitigates the overhead of constructing a latency profiling
model from scratch on the target device.

The above opportunities provide new methods for constructing latency evaluation models for DNN models,
but also bring new challenges.

(1) How to quickly identify sampling states with high errors and select the optimal sampling region for them?
For unknown models, it is impossible to determine which state patterns differ from others before sampling.
Excessive or overly large sampling compromises the accuracy of latency evaluation, while insufficient sampling
increases sampling costs.

(2) How can latency mapping relationships between different edge devices be accurately constructed? Different
devices have varying configurations, and these configurations influence the latency of the models. Inaccurate
mapping relationships affect the evaluation results of DNN model latency, necessitating the reconstruction of
evaluation strategies and significantly impacting reconstruction costs.

To address the aforementioned issues, we propose an adaptive latency profiling model construction method
based on Bayesian optimization and Gaussian process regression, named the ProfEdge. We employ a coarse-
grained sampling strategy to identify regions with high errors. Here, high-error regions refer to groups of
batch-size states where the current latency profiling model produces relatively large prediction errors compared
with the real measured latency. These regions usually indicate that the current sampling data are insufficient to
capture the local latency variation, and therefore require additional fine-grained sampling. Based on the Gaussian
process regression theory, we adaptively partition these high-error regions and perform sampling. This approach
ensures accuracy while reducing sampling costs. We design a model parameter optimization mechanism based on
Bayesian optimization to further enhance the accuracy of the latency profiling model. Finally, by analyzing the
affinity between different model architectures and device configurations, as well as the performance differences
of the same model across devices with varying configurations, we construct a device migration-oriented model
latency mapping method. This method improves the profiling accuracy of model latency without reconstructing
a complete latency profiling model on the target device. Instead, it reuses the source-device profiling result and
performs lightweight calibration using a small number of stratified target-device measurements.

We summarize our main contributions as follows:
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e To the best of our knowledge, we are the first to propose a black-box, model-level adaptive latency
profiling framework for device migration, ProfEdge. By leveraging adaptive sampling strategies and a
device migration mapping mechanism, our approach ensures the accuracy of model latency evaluation
while reducing sampling costs. Unlike architecture-aware or operator-level predictors, ProfEdge focuses
on low-cost profiling for each deployed model-device pair without requiring operator decomposition or
architecture-specific feature extraction.

e We propose an adaptive sampling optimization scheme based on the Gaussian process regression theory
and Bayesian optimization. Gaussian process regression theory is used to adaptively locate high-error
sampling regions, ensuring evaluation accuracy while minimizing sampling costs. Bayesian optimization
is employed to adaptively optimize latency profiling model parameters, enhancing the accuracy of DNN
model evaluation.

e We conduct experiments and evaluate ProfEdge using various DNN and transformer models on edge
devices. The results demonstrate that, compared to existing methods, ProfEdge achieves significantly better
profiling accuracy and training costs across different devices and DNN models.

The rest of this paper is organized as follows. Section 2 demonstrates background technology and the per-
formance latency differences of DNN models under different hardware configurations. Section 3 presents the
principles throughout our design and the system overview of ProfEdge. Section 4 presents the detailed design of
ProfEdge. Section 5 finally presents the evaluation results. Section 6 summarizes the related works of ProfEdge.
Finally, Section 7 concludes the paper.

2 Background and Motivation

In this section, we introduce the background knowledge relevant to this work and present the motivation behind
our research.

2.1 Background

Edge computing. Edge computing [11, 22, 36, 39, 40] is a computational paradigm that processes and analyzes
data at the edge of the network, close to the data source or end users. It brings computing, storage, and network
resources closer to where data is generated, such as edge servers and gateway devices. This approach reduces
the need to transmit data to the cloud or central data centers, thereby lowering latency, saving bandwidth, and
enabling continuous data processing even in unstable or offline network conditions. Widely applied in industrial
IoT, smart transportation, and other fields, edge computing provides efficient solutions for scenarios requiring
high real-time performance:

DNN Model. Deep Neural Network (DNN) [8, 9] is a type of neural network structure in artificial intelligence
characterized by multiple hidden layers. By simulating the connection patterns of neurons in the human brain,
DNN performs layer-by-layer feature extraction and transformation on input data to learn complex patterns
and relationships within the data. Each layer of neurons in a DNN processes the input data through weighted
summation and activation functions, passing the results to the next layer. Through training on large amounts of
labeled data, DNN continuously adjusts weights and biases to improve its ability to recognize data features. Since
the landmark work of AlexNet, DNN experts spend many years developing numerous DNN models, including
VGG, ResNet, MobileNet, and others.

Edge Al Edge intelligence (Edge Al) [5, 18, 50] is the integration of edge computing and artificial intelligence
technologies, where Al models and algorithms are deployed on edge devices or edge servers, enabling these
devices to perform local data processing and intelligent decision-making. By running deep learning and other
models on the edge, edge intelligence rapidly analyzes and infers real-time data without the need to transmit
it to the cloud, significantly reducing latency and improving system responsiveness. Additionally, it enhances
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Table 1. Specification comparison of edge computing devices.

Device ID Name CPU Cores Memory Dimensions
Device 1 (j1) Jetson Xavier NX 6-core 8 GB 103mm X 90.5mm
Device 2 (j2) Jetson AGX Xavier 8-core 32 GB 100mm X 87mm
Device 3 (s1) Raspberry Pi 4B 4-core 4GB 85mm X 56mm
Device 4 (p1) i7-12700H + RTX 3060 14-core 16 GB x86 edge device
30| --=-- Device 1 (j1) . './"‘r.l"' 20 --=- Device 1 (j1) !11_11,11"}'-“'"
= Device 2 (j2) A =15 Device 2 (2) |
020 —e— Device 3 (s1) / o —e— Device 3 (s1) f
.g --+- Device 4 (pl) g 10 --»- Device 4 (p1) ==™
c c -
210 2 5|
awy
0 A A A k-h-A-A Ak k-k-A A~k Ak ok -ATATA A A A-k-Acdcd A 0 e o e S S s S e E S o S e T D ]
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Batch size Batch size
(a) ResNet50. (b) MobileNet.

Fig. 2. The execution time of different models deployed on different devices.

data privacy and security, as sensitive data is processed locally, minimizing the risk of theft or leakage during
transmission. Edge intelligence is widely applied in smart homes, intelligent security, autonomous driving,
and other fields, providing efficient and reliable technical support for scenarios requiring real-time intelligent
processing.

2.2  Motivation

Considering the variations in execution latency of different models across different devices, we deploy two typical
DNN models on four devices with varying configurations. We set Device 1 as Jetson Xavier NX, Device 2 as
Jetson AGX Xavier, Device 3 as Raspberry Pi 4B, and Device 4 as an x86 edge device equipped with an i7-12700H
CPU and RTX 3060 GPU. These devices cover diverse architectures and computing capabilities, thereby better
reflecting device heterogeneity in real edge deployment scenarios. The specific device information is shown in
Table 1. The default DNN model object for testing is ResNet50. The default testing device is Device 1.

Given that different DNN models (e.g., ResNet50, MobileNet, DenseNet) often require batch processing to
accelerate the inference of large volumes of data, we compare the performance of these models across different
devices under various batch sizes.

As shown in Figure 2, when the same model is deployed on different devices, the execution latency varies
significantly due to differences in computational capabilities and efficiency across devices. Moreover, the execution
latency of the model does not increase linearly with the batch size. This is because different devices employ
distinct memory management strategies, and memory is often a critical constraint limiting model inference
latency. Additionally, the figure reveals that the performance advantages of different models vary across devices.
For example, for the complex ResNet50 model, when the batch size is small, device 2 outperforms device 3; while
when the batch size is large, device 3 outperforms device 2. And the model is not linearly related to latency
and batch size on multiple devices. For the simple model MobileNet, devices 2 and 4 have the best performance,
and on multiple devices, latency is linearly correlated with batch size. This discrepancy arises from the distinct
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Fig. 3. Impact of sampling scale on latency profiling. The sampling scale denotes the sampling percentage, i.e., the proportion
of candidate batch-size states selected for real latency measurement and used to train the latency profiling model.

architectural designs of the models, and the varying computational affinity of different device configurations
towards these architectural paradigms.

Considering that most existing evaluation schemes employ random forest (RF) models to construct latency
profiling models, we initially use the same random forest model while utilizing sampling data of different scales
to build latency profiling models. Sampling refers to measuring the real inference latency of a DNN model under
selected batch-size states, rather than sampling a continuous signal over time. For example, when the batch-size
range is from 1 to 50, there are 50 theoretical latency samples in total. The sampling ratio denotes the proportion
of actually measured samples among these candidate batch-size states. We then compare their construction time
and inference accuracy. The latency profiling model construction time includes both latency measurement time
and model training time.

As shown in Figure 3, the larger the sampling scale, the higher the evaluation accuracy of the model, but the
longer the model construction time. Here, the sampling scale denotes the sampling percentage, i.e., the proportion
of candidate batch-size states selected for real latency measurement and used to train the latency profiling model.
The relationship between model construction time and accuracy is not strictly inversely proportional. There
exists an “optimal scale" that ensures the model achieves relatively high evaluation accuracy while keeping
the construction time relatively low. In other words, the optimal scale corresponds to an appropriate sampling
percentage rather than a fixed absolute number of samples. Moreover, the “optimal scale" varies for different
models deployed on different devices. This is partly due to differences in computational capabilities across devices
and partly because of the varying computational affinity between different model architectures and devices.

In summary, our goal is to adaptively identify the “optimal scale" for model sampling , i.e., the appropriate
sampling percentage over candidate batch-size states, for various models deployed on different devices. By
constructing latency profiling models using sampling data at these “optimal scales", we aim to achieve accurate
profiling of DNN model latency while effectively reducing the latency profiling model construction time.

3  Overview

In this section, we delineate the overall architecture of ProfEdge. As shown in Figure 4, ProfEdge is primarily
divided into two phases: construction and migration.

Construction: The latency profiling model involves training sample collection and model construction on
Device 1. When a new DNN model is introduced, the system requires sampling the execution latency of the model
under different states (e.g., varying batch sizes) to build an accurate latency profiling model. Considering the
impact of low-scale sampling on model accuracy and the cost implications of high-scale sampling, we dynamically

ACM Trans. Internet Technol.



ProfEdge: Efficient Construction of DNN Performance Evaluation Model on Edge Devices « 7

T» [T T T I 1 [ ] [} Hodecomsiucion LT T 1 [ [ 11]>368!

|

|

! .

1 Model 1|state 1 state i state n #4.1 .Adaptlve 3@§€tram state 1 state i state n
: sampling module

|
|
|
|

™

-
o8| [ [ [ [] [ [ []}][#2Parameter ey L LT LT [T

optimization state 1 state i state n

Model 2 |State 1 state i state n

~ _—————
T~ e
-~ —_———
- _—————

@ §§€ Device 1 @) fﬁ" %@ &7 Device 2
Model 1 Memory | vemory
% construct CPU g:ﬁg::} migrate CPU gﬁgﬁgﬁgﬁ

Model 2 others others

#4.3 Model performance evaluation

1 1

1 1

D Status collected by Performance evaluation : migration module :
the model model for mapping | Q ol A~ 1
oskel B dan

Db’ l— :

Status not collected Performance evaluation ‘ | apping 1
by the model model after training 1 i\/a\" 1

1 3%@ alln |

1 g — 1

‘ 1 Model 1 result 1 !

; ! S~ !

Initial performance « 7 Device performance \ ! % oy : D[II] :
evaluation model n’ mapping model : ; §§€ g |
1 Model 2 result 2 |

1

Fig. 4. The overview of ProfEdge

determine the sampling scale using a proposed adaptive sampling optimization scheme based on Gaussian
process regression theory and Bayesian optimization. Initially, the stability of the model’s performance is assessed
through low-scale sampling. Subsequently, high-error states are adaptively identified using the Gaussian process
regression theory, and the scale for local fine-grained sampling is determined (cf. Section 4.1). Furthermore, since
the parameters of the latency profiling model itself influence its profiling accuracy, which in turn affects the
selection of sampling scale and states, we dynamically optimize the parameters of the latency profiling model
based on Bayesian optimization theory and the stability of model evaluation performance. This optimization
enhances the accuracy of the latency profiling model and reduces sampling costs (cf. Section 4.2).

Migration: The performance latency profiling model is accurately migrated from Device 1 to Device 2. To
further reduce the sampling cost of the latency profiling model, we design a device migration mapping mechanism.
Considering that the computational logic of the model remains unchanged when its architecture is unchanged,
while the computational performance of the model is closely coupled with the configuration of the device itself,
we leverage the relationship between performance and device configuration, as well as the configuration mapping
relationship between different devices, to construct a device mapping model (cf. Section 4.3). The latency profiling

ACM Trans. Internet Technol.



8 + W.Wangetal.

model on Device 1 is directly migrated to Device 2, and its profiling results is adjusted using the inter-device
mapping model, eliminating the need for sampling data to build a new latency profiling model.

In summary, ProfEdge reduces the construction cost of the latency profiling model during both the initial
latency profiling model construction and the latency profiling model migration phases, while ensuring the
accuracy of the latency profiling model.

4 Design

As discussed in the motivation section, one of the key reasons for the low sampling cost of ProfEdge is the
implementation of the adaptive sampling scale size. This section describes how ProfEdge is designed to identify
the optimal sampling regions and scales, and adaptively determine the optimal training parameters for the
latency profiling model. Additionally, it explains how the relationship between configuration parameters and
performance across heterogeneous devices is leveraged to avoid the reconstruction of the latency profiling model
through transferable latency profiling models, thereby reducing sampling costs.

4.1 Adaptive sampling module based on Gaussian process regression

The construction of a latency profiling model involves two steps: (1) collecting training samples; (2) fitting the
model’s parameters using these samples. The final model accurately assesses the computational latency of a
DNN model. There is a trade-off between the number of training samples and the latency profiling model’s
performance. More samples enhance the model’s capabilities but increase data collection and training costs.
It should be noted that the assessment capability of the model is not inversely proportional to the number of
training samples. Moreover, different latency profiling models may have varying assessment errors for DNN
models in different states. Thus, our aim is to achieve the highest sampling efficiency with the lowest possible
cost while maintaining model evaluation accuracy. We formulate the problem as follows.

Problem. Assume there is a DNN model Mp to be evaluated, which has multiple states B = {b1, by, ..., b, }. In this
paper, a state refers to the runtime input state under which inference latency is measured, rather than a layer-level
compute state or the execution progress at a timestamp: In our current implementation, each state is mainly
defined by the batch size. Thus, b; denotes a batch-size state, and each sampled training point is represented as
(bi, t;), where t; is the real measured inference latency under batch size b;. Accordingly, for the per-model latency
profiling model Mp, the input feature is the batch-size state b;, and the prediction target is the measured latency
t;. The runtime of the DNN model varies across these states, denoted as T = {ti, tz, ..., t, }, with a general trend
that a larger batch size state b; corresponds to a larger t;. We need to find a B* € B such that the latency profiling
model Mp, trained on B?, accurately predicts the inference latency t; of Mp under each state b;. Specifically, the
predicted t; should approach the true value ¢; as closely as possible. Meanwhile, the sampling cost T* € T needs
to be minimized. Our problem objective is as follows:

m
arg minz tj (1a)
j=1
Mp(b;) — t;
stp = Meb) =t _p (1b)
i
t;eT, tjGT*, b; € B, bjGB* (IC)

where t; denotes the actual execution latency of Mp in sampling state b;. m is the number of state elements in B,
with m < n. Mp(b;) represents the inference result of the latency profiling model Mp for the execution latency of
Mp in state b;. P indicates the acceptable profiling error range for Mp, which is set to 0.1 by default.

ProfEdge employs a generic random forest model [3] as the underlying latency profiling model Mp. To address
the aforementioned sampling cost issue, ProfEdge leverages a Gaussian Process Regression model [13] to guide
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sampling during model training. As a non-parametric regression approach, it makes no assumptions about data
distribution or function form. Instead, it models by learning relationships in data, making it ideal for linking
batch-size states to inference accuracy. To identify batch-size states with the poorest inference performance,
modeling the batch-size state set and corresponding profiling accuracy is crucial. Here, the feature used by
the latency profiling model is the batch-size state b;, and the measured label is the corresponding real latency
t;. For this, we use 1 — p; as the inference accuracy, which inversely gauges inference results accuracy via
error. In our implementation, GPR is used to predict the profiling discrepancy of the current latency profiling
model over different batch-size states. Specifically, the discrepancy is defined as the relative error between the
latency predicted by Mp and the real measured latency. The adaptive sampling decision is mainly guided by the
GPR-predicted discrepancy rather than only by the predictive variance. This choice is aligned with our objective:
ProfEdge aims to reduce the profiling error under a limited sampling budget, rather than merely exploring
statistically uncertain regions. Uncertainty-based sampling may select regions with high predictive variance, but
these regions do not necessarily correspond to large profiling errors. In contrast, predicted discrepancy directly
reflects where the current latency profiling model performs poorly and is therefore more suitable for selecting
additional sampling regions.

The construction process of the latency profiling model Mp is divided into the following six stages.

(1) Develop initial random forest model Mp and Gaussian process regression model G. The performance of Mp
depends on the quantity and quality of training data, while G relies on a well-defined kernel function, which
balances fitting and generalization. Here, the radial basis function (RBF) is chosen as the kernel function, expressed
as:

D
K(biby) = O exp =2 D ilbia = b | + 6, @)
d=1

In our implementation, the state feature is mainly the batch size, so D = 1 and b;; corresponds to the batch-size
value. The formulation is written in a general form so that additional runtime state features can be incorporated
if needed. 6y represents the signal variance, which controls the overall amplitude of the kernel function. It reflects
the overall intensity of the impact of the input state b; on the computation delay ¢;. ny denotes the length-scale
parameter, which governs the rate of change on each feature dimension. It indicates the sensitivity of each
feature dimension d of the input state b; to changes in computation delay ¢;. 6; stands for the noise variance,
which accounts for the noise in the data. It reflects the random fluctuations or errors during the measurement of
computation delay t;.

(2) Coarse-grained sampling and training set construction. Constructing B* = {by, by, ..., br}, k = |_§J * g,
k < n. g represents the initial granularity size, which is set to 10 by default.

(3) Model training. First, input the initial sampling data into model Mp for training to obtain a basic latency
profiling model. Then, train G based on the evaluation results of Mp and the actual results in B*, aiming to
estimate the hyperparameters 6y, 14, 61 in the kernel function and other model parameters. Different from directly
modeling the real latency values, G is trained to model the profiling discrepancy of Mp. For each sampled state
b; € B*, we calculate the discrepancy as:

Mp(b;) —t;
ti

: (3)

i

Then, G learns the mapping from the sampled state b; to the discrepancy e;, so that it can estimate which
unsampled regions are likely to produce large profiling errors. We fit the training parameters by maximizing the
likelihood function, which is calculated as follows:

q(t | B,0) = N(t | 0,K + o°I) (4)
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In this equation, the response vector ¢ can be instantiated as the discrepancy vector E = {e;} when GPR is
used to guide adaptive sampling. B stands for the matrix of input states for all training samples, containing
each sampling point’s DNN model input state b;. K is the covariance matrix derived from the kernel function,
illustrating the correlation between different input states b; and b;. o* represents the variance of observational
noise, reflecting the random fluctuations or errors during the measurement of computation delay ¢;. I is the
identity matrix utilized to adjust the covariance matrix’s structure to account for observational noise’s impact.

(4) Model performance verification. We randomly select states from B* as input states b, and predict the mean
and variance:

m(b.) = kT (K + o*) "'t )

o?(b,) = K(b;,b,) — KI (K + o*I) 'K, (6)

where K, is the covariance vector between training data and new data calculated by the kernel function, reflecting
the correlation between the input states b; of the training samples and the new input state b,. Here, the predictive
mean m(b.) represents the estimated profiling discrepancy at state b,. The predictive variance o?(b.) reflects
the uncertainty of the GPR estimation. ProfEdge uses the predicted discrepancy m(b,) as the primary sampling
criterion, because it directly indicates where the current profiling model is likely to have large error. The predictive
variance is used only as auxiliary information when multiple regions have similar predicted discrepancy.

(5) Adaptive fine-grained training set construction. For data points with poor profiling, i.e., those with large
GPR-predicted discrepancy, collect nearby fine-grained data adaptively. The adaptive sampling data has two
parts: the front and back of the current data point. For example, if the current data point is the ith, the previous is
the i’ th (actual interval |i —i_|), and the next is the i, th (actual interval |i — i, |). The new sampling intervals are

Pl_u—l‘l-l and [ﬂ}, where u is the fine-grained degree, defaulting to 4. Add the newly collected data points to

u
the training set B*.

(6) Repeat steps (3)—(5) until the evaluation accuracy reaches the threshold 1 — P, which is set to 90% by default.

By combining random forest for evaluation and Gaussian process regression for sampling guidance, this
approach integrates coarse-grained sampling, model training, profiling evaluation, adaptive fine-grained sampling,
and model updating. It aims to achieve high evaluation accuracy with minimal sampling data.

The core of the above steps is to perform fine-grained sampling around the new sampling center point b;.
Thus, we propose an adaptive sampling guidance algorithm based on the Gaussian process regression theory to
identify new sampling center points. The algorithm focuses on finding the point with the worst performance in
the current sampling set as the sampling center. More specifically, the algorithm selects the state with the largest
GPR-predicted discrepancy as the new sampling center, instead of selecting the state with the largest predictive
variance only.

As shown in Algorithm 1, given the current sampling set B* and T, the full candidate state set B, and the
current latency profiling model Mp, the output is the new sampling center b;. Step 1: Assess and predict states in
B* using Mp to get evaluation set Y. Step 2: Calculate the profiling discrepancy E between the predicted latency
Y and the real measured latency T* on the sampled states. Steps 3 and 4: Initialize a Gaussian model G, and train
it with B* and E to learn the relationship between batch-size states and profiling discrepancy. Step 5: Predict the
discrepancy E and the uncertainty X using G. Step 6: Return the point with the maximum predicted discrepancy
as the new sampling point.

4.2 Parameter optimization based on dynamic Bayesian optimization

During the training of Mp, hyperparameters affect its performance. We use Bayesian optimization to find the
optimal hyperparameter combination. It assesses the objective function to gauge model performance under given
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Algorithm 1 Adaptive sampling guidance algorithm

Input: Current sampling set B, T*, candidate state set B of batch-size states, and latency profiling model Mp.
Output: New sampling center point b;.

: Y = Mp(B*) //Assess and predict states in B* using Mp

: E= |Y}—T| //Calculate profiling discrepancy on sampled states

G = GaussianProcessRegressor()

: G.train(B*, E) //Train GPR to predict profiling discrepancy

. E, % = G.predict(B) //Predict discrepancy and uncertainty over candidate states

. b; = np.argmax(E) //Select the point with the largest predicted discrepancy

: return b;

hyperparameters and guides the next hyperparameter choice, enhancing search efficiency in the hyperparameter
space. Traditional Bayesian optimization iteratively seeks suitable hyperparameters on a fixed dataset. Extensive
sampling on edge devices is time-consuming. We modify the Bayesian optimization method by combining
coarse-grained initial sampling and fine-grained targeted sampling. Each sampling expands the dataset, retrains
the model, and iteratively optimizes hyperparameters via Bayesian optimization. This controls sampling costs
and boosts training efficiency and performance. The main components of the designed Bayesian optimization
scheme of ProfEdge are as follows.

Surrogate Model. Bayesian optimization employs a probabilistic surrogate model to imitate the objective
function, offering estimates and uncertainty quantifications for unobserved points. In our case, the surrogate
model is built from sampling data on edge devices and updates as the dataset grows. The Gaussian process
profiling distribution is given by, fi | x., D ~ N (u(x.), 32(x.)). where u(x,) represents the mean, and o?(x..)
the variance. In edge-device scenarios, these parameters are initialized with coarse-grained initial sampling data
and optimized during fine-grained sampling.

Acquisition Function. The acquisition function determines the next hyperparameters. It is formulated to
measure the expected improvement of a new trial over the current best observation:

El(x) = E[max(f; - f(x),0)] (7)

where f;, is the current best observed value. The acquisition function calculates the potential value of each
candidate hyperparameter combination based on the predicted objective function results and selects the point
with the highest value for the next evaluation. In the early stages of optimization, the acquisition function
prioritizes exploration, broadly testing different regions to avoid missing potential optimal solutions. In later
stages, it gradually shifts to exploitation, fine-tuning the current optimal region to accelerate convergence.

Optimization. The next hyperparameters are selected by optimizing the acquisition function, which involves
global optimization to find the most promising combination for model performance. In edge devices, the opti-
mization considers sampling costs to prevent frequent sampling. We employ gradient-descent-based algorithms,
leveraging the surrogate model’s profilings and uncertainty information to efficiently search the hyperparameter
space. The parameter update rule for the optimization algorithm is:

Xp41 = X¢ + nVEI(%;) (8)

where x; is the hyperparameters at the current iteration, 1 is the learning rate, and VEI(x;) is the gradient of the
acquisition function at x;.

Evaluation. The chosen hyperparameter set is evaluated using the objective function, and the surrogate model
is updated. We select the mean squared error (MSE) as the objective function: % > (yi — 9:)% y; is the true value,
7; is the model-predicted value, and n is the sample size. In edge device scenarios, after each sampling, the model
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performance is evaluated using MSE, and the surrogate model is updated to inform the next hyperparameter
selection.

By using the above-mentioned methods, we optimize hyperparameter combinations while controlling sampling
costs, thereby enhancing model training efficiency and performance.

4.3  Model performance evaluation migration module.

In this section, to further reduce the sampling cost of the latency profiling model, we propose a latency profiling
model migration mechanism. Instead of reconstructing a complete latency profiling model on each target device,
ProfEdge migrates an existing profiling model from a source device to the target device and only performs
lightweight calibration with a small number of stratified target-device measurements. By migrating and adapting
existing latency profiling models to target devices, the full construction of new latency profiling models is avoided,
thereby reducing sampling costs.

We establish a mapping relationship between the configuration information of Device 1 and the target migration
device to migrate and adapt the existing latency profiling model. For example, if the target migration device is
Device 2, the performance mapping relationship between Device 1 and Device 2, along with the evaluation results
of the test DNN model from the latency profiling model on Device 1, is used to quickly infer the performance of
the DNN model on Device 2. This approach enables the reuse of the existing latency profiling model without
full reconstruction on the target device. Different from complete target-device profiling, only a small number of
stratified anchor measurements are collected on the target device to calibrate the migrated prediction.

Training assumption of the migration model. ProfEdge does not assumea large offline pre-trained mapping
model over many device pairs. For each source-target migration task, only one existing source-device latency
profiling model is required. This source-device profiling model is assumed to be already available from previous
profiling on the source device. When migrating to a new target device, ProfEdge collects a small number of
stratified target-device anchor measurements and uses them to construct and calibrate a lightweight source-target
mapping model. Therefore, one directed source-target device pair is sufficient for performing the basic migration
process. Additional historical device pairs can be used to further improve the mapping model, but they are
not required by the basic design. More target-device anchor measurements generally improve the calibration
accuracy, as validated by our experiments with different calibration ratios.

The random forest model possesses robust relational mapping capabilities, and therefore, we adopt the Random
Forest model architecture as the underlying framework for the device performance mapping mechanism. Each
decision tree recursively partitions the hardware-model-batch feature space. Since model performance is a
continuous value, the relational mapping constitutes a fitting problem. Given the source-device profiling result
L; (D) at batch state b, the device configuration features C; and C,, and the model architecture feature ¢(M), the
mapping model estimates the cross-device performance scaling factor. Our objective is to minimize the mapping
error to achieve accurate performance mapping, which is calculated using the following formula:

S(R) = arg min — ( (= - — - )% 9)
Bmin g 2L 2, L9l kZ L®

re{Ry,Ry} i€r

where j represents the index of the mapping features, including device configuration parameters, model architec-
ture features, batch state, and the source-device profiling result. R; and R, denote the partitioned intervals of the

(i)
configuration parameters. S = ﬁ represents the performance scaling factor for the i-th training sample, which

1
is the ratio of the DNN model inference latency between Device 1 and Device 2. This design ensures that the
mapping model effectively captures the nonlinear impact of device configuration differences on performance
scaling.
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The evaluation results of the DNN model’s performance on Device 2 are influenced by two factors. On one
hand, they are influenced by the evaluation results from Device 1, and on the other hand, they are derived from
the performance mapping relationship between Device 1 and Device 2. Therefore, ProfEdge first obtains an initial
target-device latency prediction through RF-based performance scaling:

T
N 1
L5(b) = Lu(b) - 7 > fi(Cr, Corp(M), b, Lo (b)). (10)
=1
where C,, = [c,(,}), c,(f .. .,c,(,? )] represents the relevant configuration information of device m € {1,2}. T

represents the number of underlying device performance-related parameters. f;(Cy, Ca, p(M), b, L1 (b)) represents
the profiling result of the ¢-th related mapping component based on the source and target device configurations,
model features, batch state, and source-device profiling result.

To further correct the residual mismatch between the source-device profiling model and the target-device
latency behavior, we collect a small set of stratified target-device anchor measurements A = {b;}X,. For each
anchor batch state b;, the residual correction is calculated as:

Ly(b;)

5(b;) =log oo

(11)
The residual values are then interpolated over the entire profiled batch space to obtain 5(b). The final migrated
latency prediction on Device 2 is calculated as:

La(b) = L3(b) - exp(5(b)): (12)

In this way, the original fixed empirical correction factor is replaced by a data-driven residual calibration term
estimated from a small number of real target-device measurements. These anchor samples are much fewer than
those required to reconstruct a complete latency profiling model on the target device.

To accurately construct the mapping model, we design the following loss function calculation formula to
improve the accuracy of the mapping relationship profiling:

1 N L(l) 1 T ()
P -2 _ - (i) i i)y (i) 7 ()2
Loss = ;(Lf” T ;ﬁ(cl .Gyl (M), b L))" (13)

where N represents the number of training samples used to construct the mapping relationship. Each sample
corresponds to a specific source-target device pair, DNN model, batch state, and profiling result. To quantify the
reliability of the profiling, the variance V(S) and the confidence interval L;(S) of the performance scaling factor
S are defined as follows:

T

V() = 2 D (F(CnCo (M), b, Ly (b)) - ) (149
=1

La(S) € [L1(S — 2VV (), Li(S + 2V (S)] (15)

where z is the quantile of the standard normal distribution, with a default value of z = 1.96 corresponding to a 95%
confidence level. The variance V(S) reflects the sensitivity of the model to differences in device configurations. A
larger variance indicates higher profiling uncertainty.

Scope and boundary conditions. The proposed migration mechanism mainly targets stable deployment
scenarios, where the software stack, execution backend, and model implementation are consistent across devices.
It implicitly assumes that the latency curves of the same DNN model on different devices preserve partially
similar shape characteristics, so that the target-device latency can be inferred through scaling-based transfer and
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lightweight residual calibration. This assumption may become weaker when the source and target devices have
substantially different accelerator support, when the workload shifts between memory-bandwidth-bound and
compute-bound execution regimes, or when different execution backends introduce different operator fusion,
scheduling, or kernel selection behaviors. In such cases, more target-device anchor measurements may be required
to maintain migration accuracy.

In summary, the performance mapping mechanism is capable of reducing the sampling cost for DNN model
performance while maintaining the profiling accuracy of DNN model performance evaluation. Rather than
eliminating all target-device measurements, ProfEdge avoids full target-device profiling and uses only lightweight
stratified calibration to correct the migrated prediction. It provides a practical and quantifiable profiling tool for
reducing target-device sampling cost under stable cross-device deployment scenarios, with lightweight calibration
improving robustness under moderate device/runtime discrepancies.

5 Performance Evaluation

The experiments use four edge devices as shown in Table 1, with the following configurations: (1) Device 1 (j1):
Jetson Xavier NX. (2) Device 2 (j2): Jetson AGX Xavier. (3) Device 3 (s1): Raspberry Pi 4B. (4) Device 4 (p1): x86
PC edge device. The default testing device is device 1 (j1) Jetson Xavier NX. j1j2 means transferring the original
prediction model of device j1 to device j2 and correcting it. The initial sampling ratio is 20%, i.e., the length of B is
50, and g is 10. To ensure other algorithms meet the default accuracy requirements, the sampling ratios for other
algorithms are set as follows: Random Forest (RF) and Linear sampling scale are 40%-60%, Layerwise sampling
scale is 50%. The default parameters of RF are as follows: n_estimators is 50, max_depth is none, min_samples_split
is 2. The default size of B is set to 50, corresponding to batch-size states from 1 to 50. This setting keeps the
sampling space consistent across different models and devices, making the comparison fair and effective. The
value of 50 is only an experimental setting rather than a limitation of ProfEdge, and it can be adjusted according
to the supported batch-size range, model workload, and device capability.

Baseline. Our work is architectural and orthogonal to existing solutions. We focus on comparing four classical
model evaluation approaches. Because the existing algorithms mainly consist of these six types and their variants.
We compare ProfEdge with the following baselines.

e (1) Linear. These methods model [14] data’s underlying patterns via feature linear combinations to predict
DNN models’ unknown states. They fit linear relationships in data by optimizing parameters.

® (2) Random Forest (RF). These methods [41] use multiple decision trees to capture and balance complex
nonlinear relationships in data, enabling accurate profiling of DNN models’ unknown states. They train
numerous diverse subtrees in parallel (e.g., via random feature subset sampling) and combine voting
or averaging mechanisms. This approach effectively suppresses overfitting and enhances the model’s
generalization stability.

® (3) Layerwise. The first two methods build latency profiling models by sampling the entire model. These
methods [51] use RF-based sampling and modeling for each layer’s operators of the model.

® (4) Flops. These methods [17, 43] use RF as the underlying model. They leverage the FLOPs of DNN models
and related architectural features to quantify modeling computational performance, thus profiling inference
efficiency of different DNN models on target hardware.

o (5) ConvMeter. This method [2] predicts ConvNet runtime using lightweight model-level features, such as
FLOPs, input size, activations, and outputs. It builds a simple hardware-aware regression model to profile
inference efficiency under different hardware and batch-size settings.

o (6) nn-Meter. This method [52] is a kernel-level latency predictor for edge devices. It detects backend-specific
execution kernels, including fused operators, and estimates end-to-end DNN latency by summing the
predicted latency of these kernels.
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Fig. 6. Profiling accuracy when the relative profiling error is within +10%.

Benchmark. We utilize common ML tasks in daily-life workloads as our benchmark, such as image clas-
sification, semantic segmentation, object detection, and natural language processing. We evaluate our work
comprehensively with 10 models [37]: (1) ResNet50, (2) InceptionNet, (3) MnasNet, (4) Vgg16, (5) AlexNet, (6)
ResNext, (7) MobileNet, (8) DenseNet, (9) ViT, and (10) BERT.

Evaluation criteria. Since existing works mainly focus on the accuracy of profiling results [51, 52], we
concentrate on the following three metrics: (a) The average error ratio of profiling results, which is calculated by
formula 1. (b) The correctness of profiling results with an error within 10%, indicating the proportion of cases
where the profiling error isless than or equal to 10% across all states of the DNN model. (c) The construction
time of the latency profiling model, which includes the states B of the DNN model Mp sampling time and latency
profiling model Mp training time.

5.1 Main results

As shown in Figures 5 and 6, ProfEdge achieves lower profiling error and higher accuracy within 10% relative
error than the compared methods across different DNN models. The evaluated workloads include both CNN-
based models and transformer-based models, such as ViT and BERT, showing that ProfEdge can maintain stable
profiling performance across heterogeneous model architectures. The improvement mainly comes from the
adaptive sampling strategy of ProfEdge. Existing methods usually rely on fixed sampling strategies or predefined
model/operator-level features, which may not sufficiently capture the state-dependent latency variation under
different batch sizes. In contrast, ProfEdge first uses coarse-grained sampling to capture the global latency trend
and then performs fine-grained sampling around high-error regions. Therefore, ProfEdge can reduce the average
profiling error while increasing the proportion of predictions whose relative error is below 10%.
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Fig. 7. Profiling error across different batch-size states for different DNN models.

7i [ Linear [ RF [ Layerwise [ ConvMeter [ nn-Meter [ ProfEdge I

1.00 e~ -~~~ pur -l -~~~ 18- (e | [ [ B

Normalized Time

|
ResNet50 InceptionNet MnasNet Vggl6 AlexNet ResNext MobileNet DenseNet

0.50

Fig. 8. Normalized construction time cost of latency profiling models for different algorithms.

As shown in Figure 7, we further compare the profiling error over different batch-size states for different
DNN models. ProfEdge generally achieves lower and more stable error across most states. Although ProfEdge is
not always the best method at every individual state, it maintains better overall profiling accuracy because
it explicitly refines high-error regions through adaptive fine-grained sampling. This result also explains why
ProfEdge achieves higher average accuracy in Figures 5 and 6. Instead of optimizing only a fixed set of sampled
points, ProfEdge uses the error feedback from the current profiling model to locate states with large prediction
errors and adds local samples around them. As a result, most batch-size states can be controlled within the
acceptable profiling error range.

As shown in Figure 8, ProfEdge constructs the latency profiling model with lower normalized time cost than
most compared methods. This is because ProfEdge does not rely on exhaustive or fixed large-scale sampling.
Instead, it starts from a small coarse-grained sampling set and only adds fine-grained measurements in regions
where the current profiling model is likely to produce large errors. Compared with methods that require more
extensive sampling or more expensive model construction, ProfEdge reduces unnecessary latency measurements
while maintaining competitive profiling accuracy. This confirms that the adaptive sampling strategy can effec-
tively balance profiling accuracy and construction cost across different DNN models, including both CNN and
transformer workloads.

As shown in Figures 9 and 10, we evaluate the effectiveness of ProfEdge’s cross-device migration module under
different stratified target-device calibration ratios. The “Original” baseline denotes the latency profiling model
normally constructed on the target device. The 5%, 10%, and 15% settings correspond to the cross-device migration
module of ProfEdge, calibrated with different proportions of stratified target-device anchor measurements.
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Fig. 11. Normalized sampling cost of ProfEdge’s cross-device migration under different stratified calibration ratios.

Compared with using very few calibration samples, increasing the calibration ratio consistently reduces the
migrated profiling error and improves the proportion of predictions whose relative error is below 10%. This
demonstrates that ProfEdge can effectively use a small number of stratified target-device measurements to correct
the residual mismatch between the source-device profiling model and the target-device latency behavior. Figure 11
further reports the normalized sampling cost of ProfEdge under different calibration settings. The “Original”
baseline represents the normal sampling cost required to construct a latency profiling model on the target device,
and its cost is normalized to 1. The results show that ProfEdge’s migration-based calibration strategies require
only a small fraction of target-device samples, while achieving profiling accuracy comparable to the normally
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Table 2. Fixed hyperparameter settings
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Fig. 12. The profiling error of the eval-  Fig. 13. The accuracy with different _Fig. 14. Construction time of the la-
uated model for different hyperpa- hyperparameters when the profiling ' tency profiling model under different
rameters. error is within £10%. hyperparameter settings.

constructed target-device profiling model. This verifies that ProfEdge can avoid full target-device profiling and
provides an effective trade-off between profiling accuracy and sampling cost during cross-device migration.

5.2 Ablation evaluation Results

Since the latency profiling model of ProfEdge is based on a random forest model, which requires the design of
various hyperparameters, we use ProfEdge with different fixed hyperparameters as ablation experiments and
compare them with our designed ProfEdge. Different fixed hyperparameter settings are shown in Table 2. n; is
n_estimators, n, is max_depth, and ns is in_samples_split.

As shown in Figures 12-14, different hyperparameters significantly impact the sampling cost and evaluation
accuracy of Mp. For any DNN model and DNN state b, ProfEdge outperforms other fixed hyperparameter
ProfEdge variants. This is partly because our use of Bayesian optimization enables us to find a relatively optimal
set of parameters. Additionally, our dynamic updating strategy enhances the efficiency of exploring the optimal
parameter set and reduces the exploration cost. As seen in Figure 12, although ProfEdge is not always the best-
performing, its profiling error remains below 10%. This is due to both the influence of different hyperparameters
and DNN model characteristics on the latency profiling model’s performance and ProfEdge’s goal of controlling
the error within 10% while minimizing sampling costs.

5.3 Sensitivity Study

In this section, we further analyze the sensitivity of two key hyperparameters in ProfEdge: the acceptable profiling
error threshold P and the fine-grained degree u. The former determines when the adaptive sampling process can
stop, while the latter controls the granularity of additional sampling around high-error regions. By varying these
two parameters, we evaluate how ProfEdge balances profiling accuracy and construction cost under different
settings.

As shown in Figure 15, we conduct a sensitivity study on the acceptable profiling error threshold P by varying it
from 5% to 20%. Figures 15(a) and 15(b) report the corresponding profiling accuracy and normalized construction
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Fig. 16. Sensitivity study of the fine-grained degree u.

time on MobileNet, ResNet; and ViT, respectively. As shown in Figure 15(a), a stricter error threshold generally
leads to higher profiling accuracy. When P = 5%, ProfEdge achieves the highest £10% accuracy on all three models.
As P increases from 5% to 20%, the accuracy gradually decreases, since ProfEdge allows a larger acceptable profiling
error and therefore performs fewer fine-grained sampling operations. As shown in Figure 15(b), increasing P
significantly reduces the normalized construction time. This is because a larger error threshold allows ProfEdge to
terminate adaptive sampling earlier and avoid unnecessary latency measurements. For MobileNet and ResNet,
the construction time decreases consistently as P increases. For ViT, the construction time also decreases overall,
although a slight fluctuation appears when P = 15%, which is mainly caused by the different high-error regions
selected during adaptive sampling. Overall, Figure 15 directly demonstrates the accuracy-cost tradeoff controlled
by P. A smaller P improves profiling accuracy at the cost of more sampling, while a larger P reduces sampling
cost with moderate accuracy degradation. Therefore, we set P = 10% as the default value in ProfEdge, which
provides a practical balance between profiling accuracy and construction cost.

As shown in Figure 16, we conduct a sensitivity study on the fine-grained degree u by varying it from 2
to 5. Figures 16(a) and 16(b) report the corresponding +10% profiling accuracy and normalized construction
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Table 3. Time breakdown across different devices. BO and GPR represent the profiling overhead beyond latency sampling.

Raspberry Pi Jetson PC
Sampling  BO GPR | Sampling  BO GPR | Sampling  BO GPR
MobileNet | 88.62%  11.37% 0.02% 91.18% 881%  0.01% 80.44%  19.55% 0.01%
ResNet 90.57% 9.42%  0.01% 89.41% 10.59% 0.01% 85.35% 14.64% 0.01%
ViT 96.23% 3.76% <0.01% | 97.76% 2.24% <0.01% | 92.33% 7.66% <0.01%

Model

time on ResNet50, MobileNet, and ViT, respectively. As shown in Figure 16(a), different values of u lead to
different profiling accuracy across DNN models. A smaller u usually enables denser fine-grained sampling around
high-error regions, which can improve profiling accuracy but also increases the construction cost. In contrast, a
larger u reduces the number of additional fine-grained samples, but may miss local latency variations and lead
to lower profiling accuracy. As shown in Figure 16(b), u = 4 achieves relatively low construction time while
maintaining competitive profiling accuracy across the tested models. Although u = 2 or u =3 can achieve slightly
higher accuracy in some cases, they require a higher construction cost. When u =5, the construction time can
be further reduced, but the profiling accuracy decreases more noticeably. Therefore, we set u = 4 as the default
value in ProfEdge, since it provides a practical balance between profiling accuracy and sampling cost.

5.4 overhead

To evaluate whether the optimization modules introduce non-negligible overhead, we further measure the runtime
breakdown of ProfEdge on different devices. As shown in Table 3, latency sampling dominates the total profiling
cost across all devices and models. For example, the sampling cost accounts for 88.62%-96.23% on Raspberry Pi,
89.41%-97.76% on Jetson, and 80.44%-92.33% on PC. In contrast, the overhead of GPR training is almost negligible,
remaining below 0.02% in all cases. The overhead of BO is also much smaller than the sampling cost, and its
proportion further decreases as the model becomes larger. These results show that the additional computation
introduced by GPR and BO does not offset the benefit of reducing latency sampling cost.

6 Related Work

The inference latency of deep neural network models on edge devices is mainly constrained by two key factors:
model architecture characteristics and hardware configuration differences. Many existing profiling algorithms
focus on model-level analysis and fail to adequately consider the heterogeneity of edge devices, resulting in
significant profiling deviations. Next, we comprehensively review the two most representative model performance
evaluation methods.

Model-level profiling. Existing research mainly focuses on profiling the inference latency of neural network
architectures. Gujarati et al. [15] propose a profiling method that models the DNN inference process as a sequence
of deterministic mathematical operations. Adolf et al. [1] develop an analytical framework for profiling model
inference latency based on the assumption that similar structures have similar performance. Some researchers
utilize simpler metrics, such as Liu et al. [27], who directly use FLOPs to estimate the inference cost of DNNs
in the Darf framework. Additionally, some related studies [17, 38, 43] use FLOPs and MAC directly as delay
substitutes or as feature inputs to regression models. These methods share a common limitation: most adopt
fixed sampling strategies, which often require high sampling costs to ensure profiling accuracy.

Operator-level profiling. Some studies use machine learning to learn operator delays from low-level imple-
mentations. These methods mainly use code features with simple regression models for delay profiling [42, 51, 52].
For example, Stamoulis et al. [42] proposed a gradient-based predictor to estimate delay via hierarchical com-
putation unfolding ratios. Justus et al. [21]treated single network layers as atomic operations to predict overall
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model inference latency. Zhang et al. [52] proposed and developed nn-Meter, an efficient system for accurately
profiling DNN model inference latency across different edge devices. It samples and predicts the performance of
various operators, summing up results for an overall profiling. Yang et al. [51] pointed out that key operators
like convolutional layers dominate DNN performance. They precisely predicted these operators’ performance to
map overall model performance, reducing sampling overhead. Although these methods are good at assessing
the performance of unknown models, their latency profiling accuracy in scenarios requiring high assessment
precision needs further improvement.

7 Conclusion

This paper addresses the high cost and inefficiency of profiling DNN inference latency on edge devices by proposing
ProfEdge, which is based on Gaussian process regression and Bayesian optimization. Existing approaches often
rely on large-scale latency measurements or internal model structures, making it difficult to balance profiling
accuracy and construction cost, especially in black-box deployment scenarios. ProfEdge meets these challenges
through threefold innovations. First, it combines Gaussian process regression with a coarse-grained sampling
strategy to dynamically identify high-error regions and perform local fine-grained sampling, which significantly
reduces data collection overhead. Second, it introduces Bayesian optimization to dynamically adjust the latency
profiling model parameters, further enhancing profiling accuracy. Third, it designs a cross-device transfer
mechanism based on device configuration mapping, which avoids the full reconstruction of latency profiling
models on new devices by using lightweight stratified calibration samples. Experiments on multiple edge devices
and different DNN models with diverse architectures validate the effectiveness of ProfEdge. The results show that
ProfEdge reduces the average profiling error by up to 80% and the model construction time by over 70% compared
to baseline methods. Additionally, ProfEdge enables efficient cross-device migration of latency profiling models.
With only a small number of stratified target-device calibration samples, ProfEdge achieves profiling accuracy
close to that of fully constructed target-device profiling models, while avoiding full target-device profiling.
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