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searches in a small range with a neighborhood-sampling-based bidirectional hill-climbing search algorithm.
The method improves real-time optimization efficiency in HPC systems with multiple unknown loads. Through
experiments, we demonstrate the advantages of our method compared to a variety of commonly used thread
throttling methods. With minor differences in the optimal solutions, the average performance and convergence
speed of our method during the search can be improved by up to 10.6% and 22.7% compared to the best method.
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1 Introduction

Modern HPC systems execute jobs using thread-level parallelism (TLP) to support large-scale
computational tasks. OpenMP is a commonly used parallel framework in the HPC environment,
which accelerates programs by splitting the parallelizable regions into multiple threads. Resource
allocation is a major performance influencing factor for OpenMP programs. Since the performance
of OpenMP programs will not grow linearly with the number of threads, increased overhead, such
as data synchronization and shared memory access after reaching the parallel bottleneck can lead to
degradation in the performance of OpenMP programs [19]. Considering that it is difficult for HPC
users to accurately evaluate the optimal resources required for a job, thread allocation optimization
for OpenMP programs has become an important way to improve system efficiency [26].

Thread throttling (or concurrency throttling) is a popular method for determining an OpenMP
program’s optimal resources. The primary optimization principle of thread throttling is searching
the performance of feasible solutions in the parameter space to obtain a global (or nearly) optimal
configuration of the program threads. Existing methods perform well in optimal solution searching.
However, most existing algorithms require a large amount of sampling for a particular program to
identify the changing patterns of performance. Any program changes will result in the optimization
process needing to be rebuilt. Such changes include variations in the type of application, different
application configurations for the same application (e.g., number of particles, size of the simulation
space) and input data. All these changes affect the program behavior and thus the optimization of
the optimal solution [35]. Therefore, real-time optimization capabilities are critical to address the
various OpenMP programs in HPC production environments. In addition, existing methods only
focus on the final optimization results without considering the program performance during the
optimization process, which is not reasonable in practice. If some OpenMP programs run only a
few repetitions, existing methods can not obtain enough sampling points to evaluate the optimal
number of threads, resulting in a severe degradation of program performance. In this article, we
refer to the above optimization problem as extensibility problem. An optimization algorithm with
good extensibility is able to quickly converge to the global optimal solution in a wide variety of
workloads, while maintaining a high average optimization effect during the search process.

In order to solve the extensibility problems, we propose a novel OpenMP thread throttling
method. The optimization objective of our method is to improve the optimization efficiency and
the program performance during the optimization process. We analyze the optimization results for
known workloads with the knowledge migration theory as a premise, extracting cross-workload
information to extend the optimization for unknown workloads. Specifically, the main contributions
are:

— We propose an OpenMP performance characterization method combining Gaussian radial
basis function (RBF) kernel and thread scalability evaluation algorithm, which can identify
program performance bottlenecks by feature interactions and evaluate program performance
trends without hardware resource constraints.

— We propose an OpenMP performance vertex prediction model. The model is trained using
optimization results from multiple historical workloads to predict the approximate range of
the optimal thread for an unknown workload, thus achieving multi-workload expanding for
OpenMP performance optimization.
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— We propose an OpenMP thread throttling algorithm that accelerates the search convergence
with the OpenMP performance vertex prediction model and determines the optimal solu-
tion by a neighborhood-sampling-based bidirectional hill-climbing method. The algorithm
can obtain a better solution in the preliminary sampling phase and improve the program
performance during the optimization process.

The rest of this article is organized as follows: Section 2 summarizes related work. Section 3
presents the methodology of our method. Section 4 presents the detailed implementation. Section 5
presents experimental results. Section 6 summarizes this article.

2 Related Work

Thread throttling is divided into dynamic and static categories. Dynamic thread throttling deter-
mines optimal number of threads for each OpenMP parallel region, while static thread throttling
uses only one specific thread throughout the program. The allocated resources in dynamic thread
throttling will change frequently, leading to increased overhead in data migration and cache in-
validation. It is difficult to achieve the theoretically optimal optimization effect in practical usage
[30, 31]. On the other hand, the extra resources released by dynamic thread throttling can hardly
be utilized to accelerate other OpenMP programs. This is due to the need to prevent the number of
allocated threads from exceeding the number of cores. Therefore, static thread throttling is more
robust and valuable for HPC production environments. However, dynamic thread throttling can
also be modified to fit static scenarios, so this section does not strictly distinguish between dynamic
and static algorithms.

In order to accommodate the differences caused by input set, processor architecture, and parallel
regions, Lorenzon et al. [19] proposed a user-transparent OpenMP optimization technique called
Aurora. The method sequentially evaluates scalability when the threads grow multiplicatively
and exponentially, thus determining the optimal solution search range. Then, Aurora searches
the selected space using hill-climbing to obtain the optimal solution with high speed and low
overhead. Similarly, marques et al. [21] proposed TBFT optimize the number of threads in OpenMP
programs using exponential search with an improved hill-climbing method based on binary search.
Schwarzrock et al. [29] proposed Hoder, which uses the Fibonacci search strategy to obtain the
optimal number of program threads. In node-level systems, using odd threads will lead to load
imbalance, affecting program performance. Therefore, the authors exclude the odd number of
threads from the search space to further speed up the optimal solution acquisition. In order to
reduce the performance loss due to frequent adjustment of threads, Schwarzrock et al. [32] also
proposed an optimization method based on the NUMA architecture for thread throttling results.
The method takes the original thread optimization results as a basis and corrects them using the
Weighted Moving Average (WMA) data smoothing technique to minimize the thread variations.

The above methods require a large number of samplings to obtain the optimal thread configura-
tion, leading to high training costs. To reduce the optimization cost, scholars model factors such
as scalability, performance, and power consumption to implement thread throttling algorithms.
Bai et al. [4] analyzed the performance influencing factors of multicore programs and proposed a
BPI model that considers the metrics of memory-level parallelism (MLP), instruction-level
parallelism (ILP), and TLP . The authors classified parallel programs based on BPI features and
built scalability prediction models for each type of program. With the help of scalability metrics,
the authors designed a thread throttling method for determining the optimal number of threads.
Coutinho et al. [7] used machine learning algorithms to solve the problem of high sampling over-
head. The authors use multiple linear regression to establish the correlation between parameters
and the energy efficiency of programs. It can use a small number of sample points to determine
program energy efficiency values for various parameter configurations, thus guiding optimizing
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decisions. The method can achieve an average prediction accuracy of 96% using only 1% of the
sample space, and the search results are close to the optimal solution in most cases.

In addition, some studies combined extra factors with the number of threads to design optimiza-
tion strategies, including processor aging [23], system temperature [22], and placement policies
[20]. They are not presented in detail due to the deviation from our optimization scenarios.

3 Methodology
3.1 Basicldea

The optimal thread of an OpenMP program is not a random result that cannot be evaluated, but
rather an comprehensive result of multiple factors such as hardware architecture and program
characteristics. Theoretically, it is feasible to evaluate the approximate performance of different
thread configurations of an OpenMP program by profiling specific hardware and software [6, 34].
The main reason why existing methods are unable to perform multi-workload expanding is that,
they cannot determine the relationship between the threads and the optimization objective in
advance, thus requiring a large number of samples. In addition, the ultimate goal of building the
performance function is to determine the optimal solution, and the rest of the sampling points are
of little value.

Based on the above considerations, we utilize the knowledge migration theory to change the way
of acquiring optimization information about unknown workloads from the sampling process to the
knowledge extraction process [14]. Specifically, we do not directly establish the correspondence
between the performance of an OpenMP program and the number of threads. Instead, the optimal
solution is evaluated based on the system profiling data, avoiding wasting sampling points on
low-value data fitting. System profiling data (e.g., hardware utilization and performance monitoring
unit events) are important metrics for evaluating the running states of OpenMP programs. Many
studies have proved that system profiling data can provide a reliable basis for performance analysis
and modeling [1, 8, 17].

With system profiling data, the differences in optimal solutions due to multiple workloads can
be transformed into differences in optimal solutions presented by multiple system states. Thus,
the historical workload optimization information, which is challenging to utilize by traditional
methods, can be obtained by knowledge extraction. Such information can be used to rapidly identify
the approximate range of optimal solutions for unknown workloads. Figure 1 shows a schematic
comparison of our method with the traditional method.

In terms of the optimization objective, Energy Delay Product (EDP) has gradually replaced
performance as the main optimization objective in recent years. However, the optimal EDP so-
lution of a program is not completely affected by the system efficiency but also by application
characteristics such as job size, which makes it difficult to accurately predict using only system
profiling data. The EDP formula is shown in Equation (1). Regularly, energy can be expressed as
the product of power consumption and program time. In this case, the EDP grows quadratically
with job runtime but linearly with average system power consumption. This causes a greater focus
on system power consumption under small-scale programs and job performance under large-scale
programs, resulting in deviation in the system state represented by the EDP optimum between
workloads. Considering that EDP trades off both system overhead and program performance, a
high thread number setting (lower EDP due to high performance) may have similar EDP values to
a low thread number setting (lower EDP due to low overhead). This is not conducive to ensuring a
unique mapping from the system profiling data to the optimal number of threads, making it difficult
to correlate the pattern of change in the system profiling data with the prediction objectives.

EDP = Energy - Time = Power - Time®. (1)
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Fig. 2. Performance curves vs. EDP curves for chain and rhodo workloads. The horizontal coordinate is the
number of threads used by the program. The vertical coordinate is the normalized performance and EDP.

In contrast, the performance vertex is a relatively stable value, that is, reached when the system
parallel overhead exceeds the parallel gain. The system profiling data is sufficient to characterize
the parallel efficiency without introducing more information characterizing the job properties,
thus reducing the complexity of performance vertex prediction. As shown in Figure 2, the optimal
performance solution corresponds to the same number of threads as the EDP optimal solution for
the chain workload, and the difference between the two is insignificant under such workloads.
However, for the rhodo workload, in addition to the EDP optimal solution corresponding to the
performance optimal solution, another EDP optimal solution emerges due to the lower power
consumption. This affects the unique mapping of the system profiling data to the optimal number
of threads and reduces the accuracy of the optimal solution prediction.

3.2 Problem Statement

OpenMP thread throttling aims to optimize the objective function L(t) by adjusting the number of
threads t used by the program. In the research scenario of this article, the objective function is the
runtime function T of the program. We try to obtain the performance optimal solution t* for each
OpenMP program with low cost.

1" = arg mtin L(t) = arg mtin T(t). (2)
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Fig. 3. Performance curves vs. EDP curves for eam and rhodo workloads. The horizontal coordinate is the
number of threads used by the program. The vertical coordinate is the normalized performance and EDP.

Existing methods fall into two main classes of solution processes. The first one is the elimination-
solving method, represented by the hill-climbing method. This method evaluates the program’s
performance at specific threads and eliminates some low-performance solutions to update the
candidate solution set S. It will finally converge to the optimal solution ¢* by an iteration loop.

e, LB Xy LO
[Se1] ISel- ) (3)
stopif|Seer = 1|, £ =ty
The second type is the model-based solving method. This type of method uses the performance
result of n feasible solutions as the training data D of the agent model f(¢; ). The agent model can

evaluate the trend between threads t and the optimization objective y, thus obtaining the optimal
solution t*.

Ske1 = tnew|tnew € S and

D={t),yli=1,2,..,n} (4a)

« 1 &
O=argmin T ) 1y~ f:OF, (4b)
I = arg mtin f(; é) (4c)

The above methods require a large amount of sampling in the process of obtaining the optimal
solution, which may not be satisfied in the production environment. Moreover, the performance
of the OpenMP program during the sampling process should also be used as an essential index to
evaluate the merits of the optimization algorithm. They do not consider the performance of the
OpenMP program during the sampling process as a metric to evaluate the optimization effect. We
convert the evaluation function of the optimization algorithms from considering only the optimal
solution (Equation (5a)) to a comprehensive consideration of the average performance during the
entire optimization process (Equation (5b)). The number of samples n is identical for all comparison
algorithms, and its value should be large enough to ensure that most of the optimization algorithms
can search for the optimal solution. The new evaluation function considers both the optimization
efficiency and the optimal solution effect. It can comprehensively evaluate and compare different
optimization algorithms.

Eoqg = L(t") = T("), (5a)
Epew = Z L) = Z T(t), (5b)
i=1 i=1

wheret* € S={li=1,2,...,n}.
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Existing methods perform extensive sampling to identify the performance distribution of an
OpenMP program. Considering that only the optimal solution is ultimately valuable, we transform
the OpenMP thread throttling problem from a single-workload independent regression problem to
a multi-workload joint prediction problem, thereby significantly reducing the sampling overhead.
Specifically, multiple OpenMP thread throttling optimization tasks have some similarities. Figure 3
illustrates two workloads with similar performance and EDP trends. The system profiling dataset M
can characterize workloads’ operating behavior. Meanwhile, the operating behavior will determine
the efficiency of the system hardware, which will affect the specific value of the optimal solution.
Therefore, we train the optimal solution prediction model P by generalizing the knowledge from
the composition dataset D, which includes the system profiling data and the optimal solution
of n workloads. For an unknown workload, we initially perform a few samples to obtain the
runtime system profiling dataset M,,,,,. Then, the local optimal solution £%,,, is determined with
the optimal solution prediction model. Eventually, the global optimal solution t,,, is converged by
some neighborhood sampling.

D ={(M;,y)li=1,2,...,n}, (6a)

5_ 1y B(AL- 0)12
0 =arg min ;[y, — P(M; 0)]°, (6b)
f:{ew = P(Myews é) (6¢)

Based on the above prediction method, we are not only able to significantly reduce the number of
samples, but also improve the extensibility of the optimization algorithm. Existing thread throttling
methods are only effective for specific programs. They need to re-sample and perform feasible
solution reduction or construct agent models for new unknown programs. In contrast, our method
has the natural advantage of extensibility and can accelerate the optimization of unknown programs
by leveraging the optimal solution information of historical programs.

3.3 Feasibility and Challenge

In order to assess the feasibility and challenges of the proposed method, this section conducts
preliminary experiments and analyses using various benchmarks. A detailed description of the
experimental environment and workload will be introduced in Section 5.

For the feasibility verification of optimal solution prediction modeling, two workloads are ran-
domly selected as test workloads for each of the three applications NPB, LAMMPS, and PENNANT.
The system profiling data and number of threads corresponding to the highest performance for the
remaining workloads (10 in total) comprise the training dataset. The Random Forest Regression
algorithm is used to construct performance vertex prediction model. On the one hand, the type
of system profiling features that characterize the differences in optimal solutions for multiple
workloads are difficult to identify manually. It requires feature selection with the help of algorithms
such as Random Forest Regression. On the other hand, a relatively simple model prevents the
model’s own design from affecting the feasibility assessment of performance vertex prediction
modeling, while reducing the probability of model overfitting.

Figure 4 summarizes the sampling optimal number of threads (true value), the average of the
predicting optimal number of threads, and the MAE for the six test workloads. Regarding MAE,
most of the test workloads have large prediction errors. This phenomenon is reasonable due to
the relative simplicity of the model. Regarding the relationship between the number of optimal
solutions for different workloads, the model can identify differences in the distribution of optimal
solutions to some extent by system profiling data. It tends to output larger values for relatively
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Fig. 4. Test results for constructing a vertex prediction model for OpenMP program performance using
random forest regression.

large-scale workloads such as cg, ft, and sedovbig, while also recognizing small workloads such as
lj and chute. However, the model performs poorly in distinguishing subtle differences (lj, chute)
and some workloads (nohpoly).

Possible reasons for the poor performance of the above model include:

— The number of the optimal threads is heavily influenced by performance bottlenecks. Many
OpenMP programs contain multiple bottlenecks interacting with each other. This makes
models that consider each feature in isolation less effective and require consideration of the
joint effect of multiple bottlenecks [25].

— Due to hardware limitations, many programs achieve maximum performance when running
with all cores. The optimal solutions are similar does not mean these workloads have similar
operating behavior. Take Figure 5 as an example, the performance growth rate of cg is higher
than ft. Cg should have a numerically larger optimal solution when computational resources
are adequate. Therefore, the impact of hardware resource constraints needs to be taken into
account when establishing the mapping of system profiling data to the optimal number of
threads.

— Because of noise and fluctuations, the system profiling data cannot be completely accurate,
and there is no guarantee that the performance vertex prediction model will maintain a
high accuracy. Therefore, sampling in the neighborhood of the predicted optimal solution is
needed to determine the true optimal solution.

In summary, although simply using random forest regression to model the performance vertex
of OpenMP programs does not work well, it can indirectly demonstrate the feasibility of using
system profiling data to evaluate the differentiating features of programs. We should consider
challenges such as correlation between features, OpenMP program scalability assessment, and local
optimization of suboptimal solutions.
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Fig. 5. Normalized performance variation curves for cg vs. ft. Both workloads have similar performance
optimal solutions, but their performance growth rates differ greatly.

4 Method Design
4.1 Characterization of Performance Trends

The optimal performance solution for OpenMP programs results from multiple bottleneck interac-
tions. To jointly identify performance bottlenecks exhibited by multiple systems profiling data, we
use the Gaussian RBF kernel to map the original feature space to a high-dimensional feature space.
The RBF kernel can accurately evaluate nonlinear relationships between features and efficiently
handle the complexity of high-dimensional feature spaces [3]. In our scenario, the joint action
paradigm for system profiling data is unclear, and the bottleneck features have local similarities,
which is more suitable for the RBF kernel. The composition of the high-dimensional dataset Dy,
is shown in Equation (7a). The kernel matrix K is obtained by applying the RBF kernel transform
to the system profiling dataset M for n workloads. The composition of the elements in the kernel
matrix is shown in Equation (7c), where k is the RBF kernel, m; represents the ith feature in the
system profiling dataset M, and o is the kernel bandwidth parameter.

Dy, = {(RBF(M"),y")|i = 1,2,...,n}, (7a)
RBF(M') = K, (7b)

3 a Im; — m1?
K] = k(ml,m]) = exp _T . (7C)

For the program scalability problem, i.e., the differential behavior cannot be evaluated between
multiple OpenMP programs whose optimal number of threads takes a value close to the total
number of cores. We evaluate the optimal solutions under non-hardware constraints by scaling the
optimal number of threads according to the difference in performance decay rates. The pseudo-
code is shown in Algorithm 1. We compute the acceleration ratio on the normalized performance
at a granularity of 0.1 and evaluate the overall acceleration ratio decay rate by the difference
between neighboring acceleration ratios. Eventually, the combination of acceleration ratio values
for performance from 0.9 to 1.0 is used to evaluate the number of threads when the program
reaches peak performance (the first time the acceleration ratio is negative). Different hardware
and software environments may affect the selection of specific scaling granularity. The optimal
granularity setting can be selected by testing the impact of multiple granularities such as 0.1, 0.15,
0.2, and so on. on the accuracy of the performance vertex prediction model.
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ALGORITHM 1: Thread Scalability Evaluation Algorithm.

Input: The sampling performance dataset P of a OpenMP program whose optimal number of
threads closes to the number of cores.
Output: The scaled optimal number of threads ¢, without hardware resources limitation.
for performance value pin [0, 1, 0.1] do
Get the first number of threads ¢, whose performance exceed p.
Add t to the set S that used to calculate the acceleration ratio.
end for
for all index i in S do
acc = 1/(S[i + 1] — S[i])
Add acc to the acceleration ratio set A.
end for
Calculate the average loss [ of acceleration ratio by difference the neighboring elements in A.
Get the last two threads t; o, t; o from S and the last acceleration ratio accy g_; ¢ from A
The additional threads t,55 = (accyo_10 —D/1* (10 —th9)
The scaled threads t; = t; o + t,44

After using the above algorithm, the optimal number of threads for cg and ft in Figure 5 are scaled
to 121 and 96, respectively. It prevents programs with different running behaviors from generating
the same optimal number of threads due to hardware resource constraints. The subsequent evalua-
tion section will compare the accuracy of models with or without scaling to the optimal number of
threads using scalability evaluation to demonstrate the effectiveness of the above approach.

4.2 Performance Vertex Modeling

While the RBF kernel is effective in obtaining the joint interaction relationship between features,
it also leads to an explosive growth of the feature space. Most system profiling features are non-
significant and do not accurately reflect the differences in performance bottlenecks across OpenMP
programs. Moreover, different programs may have distinct performance influences, making it
difficult to use a few specific metrics to construct a model applicable to multiple workloads [5, 9].
To reduce the overhead of model training, feature dimensionality reduction is required before using
the RBF kernel to ensure the validity of the information in the high-dimensional feature space.

Unfortunately, it is difficult to apply common reduction techniques in our scenario. Unsupervised
dimensionality reduction algorithms such as PCA are mainly realized by eliminating redundant
information, which can eliminate some of the low variance irrelevant features. However, the fact that
most system profiling features change with program performance does not mean these features help
identify the differences in multi-workload performance vertex. For example, the memory bottleneck
of a program is not large, but the amount of memory accesses may change as performance changes.
At this point, it is not reasonable to use memory accesses as a constraint on the optimal number of
threads for the program [36]. Such patterns of change in data that are irregular or non-value to
modeling are challenging to identify by existing unsupervised dimensionality reduction algorithms.
For supervised feature selection algorithms [16, 27], it is difficult to construct a reasonable objective
function to obtain a set of effective features in the low-dimensional space. As mentioned before,
the interaction of some of the bottlenecks affects the value of the optimal number of threads,
so some of the significant features do not correlate strongly with the prediction objective in the
low-dimensional space.

To identify the interaction between features in high-dimensional space and the performance
of OpenMP programs, we improve the SAEA-PRG feature screening algorithm. SAEA-PRG [18]
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can effectively select feature features in high-dimensional space by using more efficient sam-
pling algorithms with a more accurate agent model. On this basis, we introduce the kernel func-
tion to improve the algorithm’s ability to analyze the joint influence of features. The proposed
KSAEA-PRG (Kernel SAEA-PRG) algorithm retains the original algorithm in the data sampling
and random grouping mechanism. In evaluating feasible solutions for each grouping, we use the
RBF kernel to map the original feature space into a high-dimensional feature space, thus filtering
out the interaction features that can characterize the values of OpenMP performance vertices.
KSAEA-PRG is able to solve the problem of difficult identification of performance bottleneck
interactions using the RBF kernel and prevent the problem of excessive complexity of feature
selection in high-dimensional space with the efficient feasible solution evaluation mechanism
of SAEA-PRG.

In terms of specific prediction algorithm selection, we prefer to use lightweight algorithms rather
than complex algorithms such as deep neural networks. On the one hand, training complex models
requires collecting large amounts of data, which is inconsistent with our goal of maximizing the
average performance during optimization and inexpensively expanding to unknown workloads. On
the other hand, the main advantage of complex models is the ability to reduce the cost of manual
intervention and data processing through their powerful analytical capabilities. However, we have
already performed high-dimensional data transformation, feature analysis, and hyperparameter
optimization. The lightweight algorithms with high-quality datasets are not necessarily worse
than the complex algorithms. Finally, considering that the actual applied environment of OpenMP
thread throttling is a server using the CPU as the main computational resource. Even if the complex
model can run properly, the optimization gain will be reduced due to the running overhead of
the algorithm itself.

The OpenMP performance vertex prediction model can be applied to quickly evaluate the
optimal number of threads based on the unknown workloads’ operating behavior, improving
the optimization algorithm’s extensibility. Nevertheless, such extensibility does not mean the
model is perfectly adapted to all unknown workloads. For unknown workloads whose operating
behavior is dramatically different from the historical workloads, the filtered characteristics may
not contain enough valid information to guide the vertex judgment of the unknown workload.
Therefore, the workloads used to train the performance vertex prediction model should be typical,
with characteristics covering most possible OpenMP applications. The study of OpenMP program
typicality analysis is beyond the scope of this article. We assume that the experimental workloads
are typical. In addition, it is not common for HPC users to submit jobs that are completely unknown.
Most user jobs originate from applications deployed by system administrators. Reports published
in real supercomputers [13, 33] show that most of the jobs originate from a few application types,
and jobs from the same application have some similarity. Therefore, the algorithm proposed in this
article is adapted to typical HPC optimization scenarios.

4.3 Local Search Strategy

In HPC production environments, instability factors such as workload fluctuations and monitoring
noise are prevalent [24, 37]. The model cannot achieve utterly accurate performance vertex predic-
tion. The performance vertices output by the model can only be used as a reference value. Searching
within a specific range of the reference value is necessary to verify the actual performance vertex.

Theoretically, the reference value should be located near the global optimal solution. Optimization
needs to be performed only in a small neighborhood of the reference value, thus skipping most
unnecessary and low-performance sampling points to improve the average performance of unknown
workload during the optimization. Traditional thread throttling methods search the entire thread
space from a fixed starting position. It is a unidirectional, wide-range search scenario, so search
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ALGORITHM 2: Neighborhood-Sampling-based Bidirectional Hill-Climbing Search Algorithm.

Input: The system profiling data D of an OpenMP program, the upper quartile of performance
vertex prediction error e, the performance vertex prediction model M.
Output: The global optimal number of threads t* of the OpenMP program.
Predict the reference optimal number of threads t* using D and M.
Determine the local search range R = [t* — e, i* + ¢]
low=1t"—e

high =1*+e
mid = t*
while mid == low or mid == high do

Sampling the performance P of low, high and mid (skip existing samples)
if P,;; is maximum then

low = mid — (mid — low)/3

high = mid + (high — mid)/3
else if Pj,,, is maximum then

low = low — (mid — low)

high = mid

mid = (low + high)/2
else

low = mid

high = high + (high — mid)
mid = (low + high)/2
end if
end while
t* = mid

algorithms such as exponential search and Fibonacci search are used. In contrast, our scenario is
a bidirectional small-range search. We implement a neighborhood-sampling-based bidirectional
hill-climbing search algorithm to determine the global optimal number of threads. The algorithm
combines the reference value output from the performance vertex prediction model, the model
accuracy, and the improved binary search (Algorithm 2).

First, the algorithm uses the performance vertex prediction model to identify referenced optimal
number of threads and uses the model’s accuracy to determine the search range. An error between
the predicted and actual values is calculated for each test workload during the model’s training.
The errors are sorted from low to high and the upper quartile error is selected as neighborhood size.
This balances effectiveness and overhead by covering most programs’ error range and preventing a
few programs with poor predictions from leading to an oversized search space.

Subsequently, the algorithm performs the sampling with an improved binary search (Figure 6).
Unlike ordinary binary search, we can not guarantee the optimal solution lies in the initial sampling
interval. When the highest performance point lies in the interval boundary, the algorithm will
extend the upper or lower bound of the search interval. This mechanism allows the search interval
to be gradually adjusted to the vicinity of the actual optimal solution when the predicted vertices
deviate significantly from the actual values, preventing poor solutions due to incorrect vertex
predictions. When the midpoint has the highest performance, the sampling points of the next
iteration do not directly use the median values of the left and right intervals. It adopts an asymmetric
approach because the global optimal solution should be closer to the reference optimal solution. In
summary, the algorithm will gradually narrow the search range and finally converge.
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Fig. 6. Schematic diagram of the search process of neighborhood-sampling-based bidirectional hill-climbing
search algorithm. It shows the sampling points of the first two searches.

The complexity of the proposed search algorithm is O(logs2e), where e is the upper quartile of
performance vertex prediction error. In the worst case, the algorithm requires [%] +[2log, 2] +1
samples to converge to the optimal solution, where € is the error between the predicted and actual
values of the performance vertex. When inaccurate model predictions result in an initial search
range that does not cover the optimal solution, the algorithm needs to shift the search interval [é%e 1
times. Each shift is a distance e and requires an additional sampling. After determining the search
interval (of length 2e), at least log, 2e iterations are needed to converge to the optimal solution.
Each iteration requires at most two additional samples (when the maximum performance is P,;;).
However, the initial interval evaluation needs to sampling three times and therefore needs to be
plus one in the end.

5 Evaluation

Table 1 describes the hardware and software configurations in the experiments. To be more consis-
tent with the HPC production environment, in addition to the commonly used NPB [10], we have
included two actual HPC applications, PENNANT [11] and LAMMPS [15].

5.1 Data Set

We collected system profiling data and runtimes for all benchmarks running at different numbers
of threads with a step of two. Each sample was repeated five times and averaged. Multiple tools
were used to obtain the operational status of different server components, including the Linux
/proc filesystem, perf, and Redfish. Specifically, the dataset used for the experiments contains the
following system profiling features (218 types):

— Server Status: Server power, CPU power, memory power, cpu temperture, and so on.

— CPU Utilization: User, system, nice, idle, and iowait utilization.

— Memory Usage: Capacity of memory allocated to the cache, buffer, anonymous pages, and
SO on.

—1/0 Events: Number of I/O requests, throughput, queuing delay, utilization, and so on.

— PMU Events: Cycles, instructions, IPC, cache hits, TLB hits, branch prediction, pipeline
stalls, and so on.
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Table 1. Experimental Environment

System Configuration
CPU Kunpeng920 7260
Memory 16"HMA84GR7]JJR4N-WM (32 GB)
Disk SAMSUNG MZ7LH480 (480 GB)
Kernel Linux 4.18.0
(ON) CentOS 7.7
Parallelism OpenMP 4.5
Application Configuration
Type Version Benchmarks
NPB 3.4.3 bt, cg, ep, ft, mg, and sp

leblancbig, nohpoly, nohsquare,
sedovbig, and sedovflat

LAMMPS 2023-Aug- chain, eam, 1j, chute, and rhodo
Stable2

PENNANT | 0.9

— Microarchitecture Bottlenecks: Front-end bound, bad speculation, retiring, back-end
bound, and so on.

— NUMA Access: Numa hits and misses, local memory allocation, foreign memory allocation,
and so on.

5.2 Necessity Experiment

This section experimentally validates the necessity of our designs for improving the prediction
accuracy of OpenMP performance vertices, including high-dimensional spatial transformations,
scalability evaluation, and feature selection. The experiment compared the prediction accuracy of
several modeling methods for unknown OpenMP program vertices:

— None: Train the performance vertex prediction model without any processing of the training
data.

— PCA: Dimensionality reduction of training data using PCA.

— Kernel PCA: Dimensionality reduction of training data using Kernel PCA.

— spFSR [38]: Dimensionality reduction of training data using spFSR, a feature selection
algorithm based on statistical analysis.

— SAEA-PRG [18]: Dimensionality reduction of training data using SAEA-PRG.

— KSAEA-PRG: Dimensionality reduction of training data using the KSAEA-PRG proposed in
this article.

— KSAEA-PRG+Scaling: Adjusting prediction targets for training data Using the thread
scalability evaluation algorithm Prior to KSAEA-PRG dimensionality reduction.

The prediction algorithm used in all tests was the Random Forest regression algorithm to remove
the influence of the algorithm itself on accuracy. To evaluate the error of each modeling method, we
randomly selected ten workloads as training workloads. Their profiling data with the performance
optimal solution were used as training data to build the performance vertex prediction model. The
remaining six workloads were used as test workloads, and their profiling data were input into
the performance vertex prediction model. The model-predicted values were compared with the
actual performance optimal solutions to calculate the MAE as the errors. The above process was
repeated thirty times to cover most training and test workload combinations. Figure 7 shows the
error box-plots with tables for each modeling method.
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Fig. 7. Error distribution and summary of different modeling methods for predicting performance vertices.

In terms of the average prediction errors, the accuracy of the performance vertex prediction
models is improved after performing feature selection in most cases, demonstrating the necessity
of feature selection on system profiling data. spFSR achieves feature selection mainly through
statistical analysis. It does not consider the effect of features on model accuracy and the interaction
between features, so there is a negative gain. Similarly, PCA mainly reduces redundant features
to achieve dimensionality reduction, which can decrease the interference of irrelevant features
on the model to a certain extent. However, its accuracy enhancement effect is limited, only 6.5%
compared to None. Even so, the accuracy can be further improved in Kernel PCA using kernel
transformations, which increases the prediction accuracy by 12.2% compared to PCA, proving
the effectiveness of the RBF kernel for identifying the interactions between features. Due to the
excellent behavior in coping with high-dimensional feature spaces and filtering significant features
most beneficial to the model, SAEA-PRG outperforms other methods even without using our
designs. The model accuracy is dramatically improved after using the KSAEA-PRG proposed in this
article. Combined with the thread scalability evaluation algorithm mentioned in Section 4, the model
accuracy is further improved. Eventually, the average accuracy of the performance vertex prediction
model built using our method is improved by 39.5% compared to the model built without any data
processing, and there is still an improvement of 20% compared to the accuracy of the SAEA-PRG
model. In the upper quartile, our model improves 47.1% and 28% compared to None and SAEA-PRG,
respectively.

In terms of the error distribution across workloads, the performance vertex prediction model
using the kernel space transformation has a minor variance. Both the upper and lower bounds of
error are closer to the mean and median for both the Kernel PCA vs. PCA comparison and the
KSAEA-PRG and SAEA-PRG comparison. This means the model is more stable and does not predict
some workloads exceptionally well or some exceptionally poorly. One plausible explanation is that
by establishing interactions between bottlenecks, the model recognizes the generic mapping of
profiling data to performance vertices rather than just a training data fitting. In PCA and SAEA-PRG,
while some workloads achieve very high prediction accuracy, there are also some workloads whose
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Fig. 8. Performance change curves of bt and nohpoly.

predicted values deviate significantly from the actual values. As mentioned earlier, some workloads
have similarities in profiling data and performance trends (Figure 3), and a large amount of training
data with similarity under the influence of certain random factors may overfit the model. Such
overfitting models may not accurately predict the performance vertex of the test workloads.

In addition, there are some outlier workloads where the prediction error deviates significantly
from the mean. The main reason is described in Section 4.2, i.e., the performance trends of some
workloads may not be consistent with all the training workloads, resulting in the model not
including the performance vertex prediction patterns for such unseen workloads. In the KSAEA-
PRG+Scaling box-plot, the two outlier workloads are bt and nohpoly (Figure 8). They have multiple
distinct performance vertices, whereas other workloads have only one performance vertex or are
monotonically increasing (performance peaks at the maximum number of cores). The performance
trends can reflect the resource usage characteristics of workloads to some extent and the mapping
model of the system profiling data to the performance vertices. Since these two workloads have
significantly different characteristics from the others. In most cases, the model cannot effectively
utilize the training data to predict the performance vertex of these two outlier workloads.

5.3 EDP Vertex Prediction

Section 4.1 analyzes the differences between performance vertices and EDP vertices. Multiple EDP
vertices may occur because the EDP is affected by both performance and power factors. This leads
to the difficulty for the prediction model to recognize a uniform mapping pattern from the system
state to the optimal number of threads. We conclude that performance vertex prediction is more
reasonable compared to EDP vertex prediction.

This section uses a similar approach to EDP vertex modeling as in the previous section, and
experimentally compares the difference in accuracy between EDP vertex prediction and performance
vertex prediction. When the prediction target is transformed from the performance vertex to the
EDP vertex, five benchmarks are changed, namely eam (45—24), rhodo (47—24), mg (55—42),
leblancbig (96—51), and nohpoly (68—48). The prediction results are shown in Figure 9.

Different models in the EDP vertex prediction behave similarly to the performance vertex
prediction. Compared to PCA and spFSR, SAEA-PRG has higher prediction accuracy due to its
excellent feature selection capability. After introducing the kernel function, the degree of dispersion
of data points in PCA and SAEA-PRG decreased significantly. Thread scalability evaluation can also
improve the prediction accuracy. However, the EDP predictions perform much less well than the
performance predictions in terms of overall prediction accuracy values. Each EDP model has an
average 44.93% decrease compared to the performance model with the same method. The prediction
effect of the proposed model also decreases by 48.18%. This means that a few unstable prediction
targets have a pronounced negative impact on the entire model.
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Fig. 9. Error distribution and summary of different modeling methods for predicting EDP vertices.

5.4 Comparison Experiment

This section will compare the proposed thread throttling algorithm with existing algorithms. The
evaluation includes the performance of the optimal solution, the convergence speed, and the average
performance during the entire optimization process. Comparison algorithms are:

— Default: OpenMP will run the program using all cores by default.

— TBFT: The thread throttling in TBFT [21].

— Hoder: The thread throttling in Hoder [29].

— Bayesian: Bayesian optimization is a popular parameter optimization algorithm based on
the agent model. We implemented an optimization algorithm for OpenMP threads using the
TPE sampler in Optuna [2].

Each algorithm performed thirty search iterations, which was enough for every algorithm to
converge to the optimal solution. The server ran the workloads using the optimal number of threads
after convergence. For the Default optimization, all thirty iterations were run using all cores. For
Bayesian optimization, the algorithm was considered to converge after its optimal solution remained
unchanged for five iterations. Every thirty rounds of iteration served as a complete test, and the new
test restarted the search without using the historical sampling results. Since the Default, Hoder, and
TBFT optimization processes were less affected by random factors, only three complete tests were
performed for each workload, and the results were averaged. The sampling distribution strongly
influenced the effectiveness of Bayesian optimization. Twenty complete tests per workload were
performed, and the results were averaged. Our method was influenced by the performance vertex
prediction model, and the final results were also averaged over twenty complete tests. For each test,
ten workloads were randomly selected for modeling, and the effect of optimizing the remaining six
workloads from scratch was tested.

The experimental results are shown in Table 2. The experiment reflects the search efficiency of
the optimization algorithm through the average performance of workloads in the first ten iterations,
the first twenty iterations and all iterations, the search effectiveness through the performance of
the optimal solution, and the search speed through the number of convergence iterations.
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Table 2. Optimization Result of Different Algorithms

Algorithm Default TBFT Hoder Bayesian Owurs
Performance (First 10) 0.7848 0.6141 0.7584  0.6693  0.8676
Performance (First 20) 0.7848 0.7619 0.8271 0.7582 0.8945

Performance (All) 0.7848 0.8135 0.8495  0.8077  0.9035
Optimal Performance  0.7848 0.9167 0.8943  0.9404  0.9216
Convergence Iteration 1 135 11.37 20.97 8.79

Bold text indicates the optimization effect of the algorithm proposed in this paper.

Hoder utilizes Fibonacci search to quickly skip poorly performing feasible solutions in the
pre-search phase. It performs better in terms of search efficiency as well as convergence speed.
However, even for the best-performing Hoder, the average performance for the first ten iterations
is not as good as if run with all cores. Since the table is the average result of multiple realistic
machine runs, even with the same thread configuration, some fluctuation still exists over multiple
runs. When the optimal solution performance reaches about 0.95, we consider it has acquired the
global optimal solution. From the results, TBFT and Hoder do not search for the global optimal
solution in most tests. The main reason is the fluctuation problem mentioned above. Fluctuations
may guide TBFT and Hoder to search in the wrong direction when the workload performance of
the search boundaries is similar. Bayesian optimization evaluates trends in workload performance
based on an agent model and may sample multiple times for the same thread configuration.
Therefore, Bayesian optimization can escape from the interference of workload fluctuations and
converge to (or nearly) the global optimal solution. However, its average workload performance
is not significantly superior due to the slow convergence.

Our method has advantages in most aspects. Regarding the average performance during the
search, Our method utilizes the predicted vertices to obtain a better feasible solution during the
preliminary sampling phase. It improves the search efficiency by 10.6%, 8.1%, and 6.4% compared
to the best comparison algorithm in the first ten iterations (Default), the first twenty iterations
(Hoder), and all iterations (Hoder). Since our optimization goal is to maximize the search efficiency
for unknown workloads, the improvement decreases as the number of sampling points increases.
Our method is also affected by workload fluctuations; thus, the optimal solution performance is
worse than Bayesian optimization’s. However, most search boundaries are located near the optimal
solution, and the fluctuations do not guide the algorithm in searching in a direction that deviates
significantly from the optimal solution. Our method still has advantages compared to TBFT and
Hoder. Regarding the convergence speed, our method shows a significant improvement compared
to most compared algorithms. Compared to TBFT, Hoder, and Bayesiam, the improvements are
34.9%, 22.7%, and 53%, respectively.

Figure 10 shows the sampling process for a particular complete test of the five optimization
algorithms, from which the features described above are also reflected. In this test, Hoder
convergence values deviated significantly from the other algorithms. Bayesian optimization
happened to sample the global optimal solution at the 16th iteration and converged after five
iterations. The final converged values of TBFT and our algorithm are also close to the global optimal
solution. Regarding search scope, TBFT and Bayesian optimization essentially searched the entire
thread space. The Hoder searched in a relatively more minor scope but still across about fifty cores.
Our algorithm spans under forty cores and narrows the search to about ten cores after the first five
iterations.
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Fig. 10. Sampling distribution of one complete optimization of different optimization algorithms.

5.5 Discussion

In this section, we further analyze the experimental results and our method. According to the
experiment, we can verify the effectiveness of some method designs.

Verification 1. Existing optimization frameworks treat the search processes for different workloads
as completely independent. However, we believe that the search processes of multiple workloads
can be guided by each other, and the extensibility of optimization algorithms can be significantly
improved by extracting their knowledge. In this article, we demonstrate the feasibility of the new
optimization framework in the OpenMP thread throttling scenario, i.e., using system profiling data
to predict the approximate number of threads for different OpenMP workloads to reach maximum
performance.

Verification 2. Due to the complex processes involved in instruction computation, inter-process
communication, data synchronization, and so on., some server components may not be able to
reach their peak physical performance. In addition to the values of individual system profiling
feature, the interactions between different features can more accurately assess the joint efficiency
of server components when running an OpenMP program.

Verification 3. The EDP behavior of an OpenMP program is influenced by multiple factors, including
the program itself and the power consumption of the server. This leads to a more complex analysis
and less accurate modeling of EDP compared to performance.

Verification 4. The similarity of multiple OpenMP programs affects the results of characterization
and optimization. A single model may not be able to cope with all types of workload in a complex
environment. In addition, a uniform mapping pattern of input data to predicted targets may also not
exist between different types of workloads. Workload classification and multi-model collaboration
in large-scale HPC clusters are necessary.

We also have observed some problems that may be encountered with thread throttling optimiza-
tion in production environments.
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Observation 1. When evaluating the effect of an optimization algorithm, it is not reasonable to
consider only the performance of the optimal solution. If the convergence speed of the optimization
algorithm is slow, its overall optimization effect may not be as good as the default optimization
algorithm, even if the converged solution is well.

Observation 2. Due to workload fluctuations, optimization algorithms may not always search for
the globally optimal solution when applied in practice. It needs to be combined with other measures
to adapt to the instability of the production environment (e.g., multiple sampling confirmations in
Bayesian optimization).

Observation 3. For unknown workloads where the mapping of system profiling data to performance
vertices is significantly different from historical workloads, our method can not effectively determine
the approximate range of the optimal solution. This affects the optimization efficiency and the
average performance of the program during the optimization process. However, in most cases the
globally (or nearly) optimal solution can be obtained eventually.

The most significant limitations of this method are introducing additional model training over-
head. However, this limitation can be resolved with appropriate modifications. If explicit model
training is unacceptable, our method could be modified to a form similar to Bayesian agent model
building, where the internal model is continuously updated during the optimization process. As
stated in Section 4.3, we include fault tolerance mechanisms for inaccurate predictions, which have
little effect on the optimal solution, except for the additional sampling overhead. The advantages of
our method can be exploited once the model has matured. Another possible solution is to increase
the range of the initial search interval in Algorithm 2 when the model is immature, thus mitigating
the additional search overhead associated with inaccurate predictions. The above modifications do
not affect the optimization principle of this algorithm. In addition, since the resource allocation
for jobs occurs in the scheduling phase, the optimization algorithms are executed before the job
is run, so the additional overhead incurred does not affect the job performance. Modern monitor-
ing systems have minimized their operating overheads in order to support 24/7 data collection.
Many studies have shown that current monitoring system overheads are small enough to have no
significant performance impact on programs [12, 28].

6 Conclusion

Distinguishing from existing studies, we consider not only the performance of the optimal solu-
tion but also the efficiency of searching the unknown workload, which is a common problem in
practice. To realize a extensible thread throttling technique, we innovatively propose the OpenMP
performance vertex prediction model to determine the approximate range of optimal solutions for
unknown workloads using historical search results. In the small search space, it uses a neighborhood-
sampling-based bidirectional hill-climbing search algorithm, which eventually converges to the
globally optimal solution. This article discusses the theoretical feasibility as well as the challenges
of the above optimization method. Several designs, such as feature selection, kernel space trans-
formation, and thread scalability evaluation, are used to improve thread throttling. The necessity
of algorithm designs for improving optimization efficiency for unknown workloads is finally
demonstrated through experiments.

Considering the growing importance of green computing and heterogeneous computing, in the
future we will continue to improve this method and extend the applicable scenarios. This includes
using hardware-level evaluations to determine the energy efficiency characteristics of servers and
improve EDP optimization effectiveness, as well as designing multi-server scalable optimization
techniques in conjunction with differentiated analysis of different hardware variations.
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