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Abstract

With the rapid advancement of computing technologies, high-performance computing
(HPC) systems have continued to expand in scale and have been widely applied across
various domains. To improve resource utilization, existing studies commonly employ
offline-trained models based on historical resource usage data to classify HPC jobs as
compute-bound or memory-bound. However, such methods typically rely on static histori-
cal data and struggle to adapt to dynamically changing workloads over time, resulting in
degraded prediction performance and reduced stability under concept drift. To address
this issue, this paper proposes an online drift-adaptive framework for HPC job semantic
representation and classification (DA-HJSC). The framework employs a hybrid mecha-
nism that combines offline semantic learning with online dynamic adaptation. Specifically,
an offline classification model is first trained using semantic representations of job descrip-
tions together with user historical behavioral features (UHBF). During the inference stage,
an exponentially weighted moving average (EWMA) mechanism is further introduced to
dynamically fuse the output probabilities of the classification model, thereby producing
the final classification results for HPC jobs. Experimental results on the publicly available
F-DATA dataset covering the period from 1 May 2023 to 30 April 2024 demonstrate that
DA-HJSC consistently improves HPC job classification performance across different pre-
trained language models and base classifiers, achieving a maximum F1macro (overall) score
of 0.9272. Compared with the corresponding baselines, DA-HJSC reduces the number of
low- and medium-performance days by up to 11 and 35 days, respectively, across all ex-
perimental configurations. Overall, the DA-HJSC framework achieves an effective balance
among classification accuracy, performance stability, and online adaptability, providing
a solution with practical deployment potential for dynamic HPC workload classification.

Keywords: high-performance computing; concept drift; job classification; semantic
representation; online drift adaptation

1. Introduction
With the rapid development of artificial intelligence (AI) technologies across various

industries, high-performance computing (HPC) clusters, with their powerful parallel
computing capabilities, have become essential infrastructure for supporting AI model
training, large-scale data analysis, and scientific computing [1–4]. In practical applications,
a large number of users submit different types of jobs to HPC clusters, and these jobs exhibit
significant differences in computational patterns, resource requirements, and runtime
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characteristics. For example, some jobs are compute-bound and require substantial CPU
or GPU computing resources, while others are memory-bound and rely more heavily on
memory bandwidth and data access efficiency. Without effective job identification and
resource management mechanisms, resource allocation may become inefficient, thereby
reducing the overall system utilization. Therefore, accurately identifying the characteristics
of user-submitted jobs to support appropriate and efficient resource scheduling has become
a key issue in HPC system management and scheduling optimization [5].

To improve resource utilization in HPC clusters, a common approach is to collect
resource utilization data and runtime performance metrics using monitoring tools [6] and
then apply empirical rules or machine learning models to analyze job types and resource
requirements based on historical runtime data [7], thereby facilitating coordinated schedul-
ing of computing and storage resources. These methods can identify workload patterns in
historical data and improve resource scheduling efficiency to a certain extent. However,
such methods typically rely on offline analysis and therefore struggle to respond promptly
to evolving workload demands. Over time, users’ job submission patterns may change
due to factors such as algorithm updates, variations in data scale, or adjustments in task
types. These changes can alter the feature distributions of submitted jobs, resulting in
concept drift [8]. When a model cannot adapt to such changes in a timely manner, its
generalization ability and prediction performance gradually degrade, which in turn affects
the accuracy of resource scheduling decisions and increases system operational overhead
and management complexity. Therefore, developing a lightweight HPC job classifica-
tion method that is suitable for online deployment and can adapt to dynamic changes
in users’ job submission behavior while maintaining prediction accuracy and reducing
model complexity remains an important technical challenge in HPC job classification and
resource scheduling.

To address these issues, this paper proposes an online drift-adaptive framework (DA-
HJSC) for semantic representation and classification of HPC jobs. The framework integrates
semantic information of user-submitted jobs, user historical behavioral features (UHBF),
and a probability fusion based on exponentially weighted moving average (EWMA),
thereby enabling dynamic classification of HPC jobs. The innovation of the framework lies
in modeling users’ long-term behavioral patterns during offline training and adapting to
short-term changes in class distributions during online inference, thereby enabling online
adaptation of prediction results. Experimental results show that the proposed DA-HJSC
framework can effectively adapt to changes in HPC workloads, thus mitigating the impact
of concept drift on job classification performance.

The main contributions of this paper are summarized as follows:

(1) Semantic representations of job descriptions are integrated with UHBF to construct
comprehensive feature vectors as inputs to the machine learning model, thereby
enhancing the model’s capability to capture users’ long-term behavioral patterns.

(2) An online drift-adaptive mechanism based on an EWMA is designed. For each user in
an HPC cluster, the mechanism uses the true labels of that user’s recently completed
jobs to dynamically update that user’s job-class distribution, thereby continuously
adapting to changes in user behavior and effectively mitigating model performance
degradation induced by concept drift.

(3) The DA-HJSC framework integrates an offline classification model with an online
drift-adaptation mechanism to jointly model users’ long-term behavioral patterns
and short-term dynamic changes. To evaluate the effectiveness and applicability of
the framework, this study conducts experiments using three pre-trained language
models (PLMs)—namely, all-MiniLM-L6-v2, bge-base-en-v1.5, and e5-base-v2—in
combination with two base classifiers, XGBoost and RF, and further compares the
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results with those of the ARF method. The experimental results demonstrate that
DA-HJSC improves both HPC job classification performance and daily performance
stability across different semantic encoding methods and base classifiers while incur-
ring minimal online computational and additional memory overhead. These results
indicate that the framework has the potential for practical deployment.

The remainder of this paper is organized as follows. Section 2 introduces related work
on HPC workload analysis and concept drift. Section 3 presents the proposed DA-HJSC
framework. Section 4 presents the experimental results and corresponding analyses based
on a real-world dataset. Section 5 discusses the performance, drift-adaptive capability, and
stability of the DA-HJSC framework. Finally, Section 6 concludes the paper and discusses
directions for future research.

2. Related Work
2.1. HPC Workload Analysis

In recent years, studies on workload analysis in HPC clusters have mainly focused
on several aspects. The first concerns computational performance analysis in HPC clus-
ters [9]. The commonly used Roofline model [10] evaluates computational bottlenecks in
hardware and software systems through visualization, supporting resource scheduling
decisions [11,12] and hardware-software co-design [13–17]. Diogo Marques et al. [18] pro-
posed the Cache-Aware Roofline Model (CARM), which can analyze the parallel processing
limits of multicore processors, optimize the development process, and explore the potential
of hardware architectures. Wu et al. [19] developed PRoof, a multifunctional deep neural
network performance analysis framework based on the Roofline model, which improves
hardware performance while optimizing model design, enabling deep learning models
to better align with hardware architectures in HPC cluster environments. These studies
characterize the computational characteristics of applications based on the relationship
between operational intensity and memory bandwidth, distinguish whether applications
are compute-bound or memory-bound, and provide a basis for HPC workload analysis,
performance optimization, and resource scheduling.

The second aspect involves using HPC operational data and applying deep learning
or machine learning methods to predict and analyze job runtime [20,21] and energy con-
sumption [22,23], as well as to perform fault classification [24,25] in HPC systems. Such
studies help improve resource scheduling efficiency and reduce system overhead. For
example, Tian et al. [26] proposed a deep learning-based framework that combines tradi-
tional offline models with an online incremental update mechanism to predict the power
consumption of HPC jobs, thereby improving overall system efficiency. Yokelson et al. [27]
adopted a two-stage machine learning approach that combines key feature selection with
performance metric prediction to model HPC application performance, achieving relatively
accurate predictions of job execution time.

With the development of natural language processing (NLP) technologies, large lan-
guage models (LLMs) have shown considerable potential for HPC performance analysis
and decision-making in complex engineering systems. For example, Bolet et al. [28]
explored the use of LLMs to predict whether GPU kernels are compute-bound or memory-
bound, and suggested that this approach could serve as a hardware-independent alternative
for HPC performance analysis. Zou et al. [29] further explored the semantically guided
decision-making capabilities of LLMs in complex engineering systems, providing useful
insights into semantic understanding, collaborative decision-making, and resource coor-
dination in complex computing systems. Antici et al. utilized a PLM to extract semantic
features from HPC job descriptions and used the generated semantic representations as
inputs to machine learning models for downstream tasks, including predicting job power
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consumption and runtime [30,31], as well as classifying HPC jobs offline as compute-bound
or memory-bound [32,33]. This approach, which combines NLP-based semantic represen-
tations with machine learning models, can further enhance the semantic representation of
HPC workloads and effectively support resource optimization and intelligent scheduling
in HPC systems.

2.2. Concept Drift

In HPC clusters, the distribution of workload performance data continuously changes
due to variations in user-submitted job types and runtime behaviors, which may lead
to concept drift in classification tasks. Concept drift refers to changes in the statistical
properties or underlying distributions of data over time [34,35]. Based on different patterns
of change in data distributions, concept drift can generally be categorized into four types:
sudden drift, gradual drift, incremental drift, and recurring concepts [36,37]. In recent
years, concept drift has become an important research topic in the fields of data analysis
and machine learning [38,39]. To address the degradation of model predictive performance
caused by concept drift, existing studies mainly focus on two aspects: drift detection [40]
and drift adaptation.

In the field of drift detection, Şenol et al. [41] proposed a domain knowledge-enhanced
dual-LLM framework that integrates structured cues with pre-trained models for concept
drift detection and fraudulent content classification. Ghahramanian et al. [42] proposed
an Adaptive Neural Ensemble Network (AdaNEN) for dynamic text-stream classification,
which can effectively detect and handle concept drift while maintaining stable predic-
tive performance. Li et al. [43] proposed a Variational Autoencoder for Anomalous Se-
quences (VAE4AS) method that combines incremental learning with a dual drift-detection
mechanism, demonstrating strong performance in handling anomalous sequences in non-
stationary streaming data. Greco et al. [44] proposed an unsupervised deep learning
framework named DriftLens for real-time concept drift detection and characterization in
unstructured data. The framework can also analyze the impact of drift on label distribu-
tions. Ali et al. [45] proposed a semi-supervised Autoencoder-based Drift Detection Method
(AEDDM), which improves the accuracy of both drift detection and binary classification
through a dual-threshold reconstruction error mechanism.

In the field of drift adaptation, Iman et al. [46] designed an adaptive memory-based
continual learning method that incorporates domain knowledge and dynamically adjusts
model weights to adapt to changing data patterns and alleviate catastrophic forgetting.
Pérez et al. [47] proposed a self-training-enhanced semi-supervised learning method for
concept drift scenarios that improves classification performance by generating additional
labels and optimizing the model learning and adaptation process. Desale et al. [48] pro-
posed a hybrid method that combines an optimized deep convolutional neural network
(Deep CNN) with an Optimized Adaptive Sliding Window (OASW) to address concept
drift in dynamic data streams. Additionally, complex time-series modeling [49] techniques
have been applied to dynamic and non-stationary data, providing useful insights for drift
adaptation. Suryawanshi et al. [50] proposed a self-supervised dual-task framework that
combines representation learning with a ternary-adaptive ensemble to address concept
drift and catastrophic forgetting in non-stationary data streams.

In recent years, concept drift detection and adaptation methods have increasingly
been applied to cloud computing environments. Kidane et al. [51] proposed a workload
prediction method for cloud computing environments that constructs a knowledge base
using historical statistical features and performs automatic parameter tuning and adapta-
tion, thereby improving prediction accuracy while detecting concept drift. Chen et al. [52]
proposed a frequent pattern mining algorithm with a two-layer embedded variable sliding
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window, which dynamically adjusts the window size to distinguish among different types
of concept drift and adapt to them while maintaining high stability and robustness.

However, existing research on concept drift has mainly focused on general streaming
data or cloud computing scenarios, while studies on HPC job classification, particularly
the classification of compute-bound and memory-bound jobs, remain limited. In addition,
continuously updating classification models typically incurs additional training and model
maintenance overhead. In light of these limitations, this paper first trains a binary classifica-
tion model in which the job class labels are derived from HPC performance metrics and the
input features are constructed from semantic representations of user-submitted jobs and
UHBF. Furthermore, an online adaptive method is proposed to predict whether submitted
jobs are compute-bound or memory-bound, thereby improving prediction stability and
long-term adaptability in dynamic HPC workload environments characterized by evolving
user behavior patterns.

3. Proposed Framework
This section presents a detailed description of the proposed DA-HJSC framework

for semantic representation and classification of HPC jobs. The framework consists of
two main components: model training and model inference. Before model training, the
raw data need to be preprocessed (Section 3.1). In the model training stage, a PLM is
first employed to encode user-submitted job descriptions into semantic representations
(Section 3.2). These semantic representations are then combined with UHBF (Section 3.3) to
construct a comprehensive feature vector, which serves as input to an XGBoost classification
model. The ground-truth labels, derived from performance metrics (Section 3.4), are used
for supervised training. The model inference stage consists of two parts. The first part
updates the EWMA probability estimates for different users or job types in the HPC
environment using the ground-truth labels of recently completed jobs (Section 3.5). The
second part performs a weighted fusion of the prediction probability produced by the
XGBoost model and the short-term probability generated by EWMA (Section 3.6), yielding
the final prediction probability. Based on this probability, the submitted job is classified as
either compute-bound or memory-bound. Figure 1 illustrates the overall architecture of
the proposed drift-adaptive framework.

Figure 1. Training and Inference Workflow of the DA-HJSC Framework.
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3.1. Data Preprocessing

The HPC cluster runtime dataset used in this study consists of two components: per-
formance metrics and user-submitted job feature data. The performance metrics include job
submission time, start time, end time, the number of allocated nodes, memory bandwidth,
and FLOPs. The user-submitted job feature data include the username, task name, and
the hardware resource requirements specified at submission time, such as the number of
cores, frequency, number of nodes, runtime environment, and memory configuration. In
the data preprocessing stage, the raw data are first cleaned by filtering records with empty
strings in specified fields, converting performance-related fields into numeric data types,
and removing duplicate records. Subsequently, the job logs are sorted by timestamp and
grouped by job ID (jid). For each job, the timestamps generated at the submission, start, and
completion stages are aggregated so that each group corresponds to a complete job instance.
Based on this process, job-level performance metrics and user-submitted job log data are
generated and stored in Parquet format on a monthly basis. Finally, each job instance
is uniquely identified by its jid, while jobs with the same task name may correspond to
multiple distinct job instances.

3.2. Job Feature Encoding

A PLM is employed to encode each user-submitted job description into a semantic
representation. Specifically, job-related information, such as the username, task name,
and selected resource configuration attributes (e.g., number of CPU cores, CPU frequency,
number of nodes, and runtime environment), is organized into a unified textual format
and then fed into the PLM to obtain a semantic representation of the job. Through this
process, the numerical features and textual information are jointly mapped into a shared
semantic representation space, enabling the model to capture job attributes, resource
demand characteristics, and potential computational patterns. This unified representation
provides discriminative features for downstream classification, thereby helping improve
classification accuracy and robustness, particularly for complex job scenarios.

3.3. User Historical Behavioral Features (UHBF)

Historical records of completed jobs submitted by users are aggregated by completion
date to construct daily job templates. From multiple monthly job-level data files, relevant
fields are extracted, including username, task name, date, job submission time, completion
time, and the counts of compute-bound and memory-bound jobs. The time fields are
then parsed and normalized, and a completion-day identifier is generated based on the
job completion time. On this basis, the job records are grouped by username, task name,
and completion day and aggregated to obtain statistics for each group, including the total
number of jobs completed on that day, the number of compute-bound jobs, the earliest
submission time, the earliest completion time, and the latest completion time. Finally, these
statistics are stored in an NPZ file for daily behavioral modeling.

The proposed UHBF construction algorithm is presented in Algorithm 1. Taking the
submission time of the current job as a reference, a rolling window is constructed from the
historical data of the same user. For a job submitted on day d, UHBF is constructed using
only the jobs completed from day d− N through day d− 1, excluding all jobs from day d.
This ensures that UHBF is derived entirely from historical data preceding the prediction day,
thereby preventing temporal information leakage during downstream prediction. When
fewer than N days of historical data are available, all available records of jobs completed
before day d are used, again excluding any data from day d. The UHBF vector is then
computed from the filtered historical data and comprises the proportion of compute-bound
jobs, the task-level daily average purity, and the stability of user submission behavior.
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Among these features, the proportion of compute-bound jobs represents the share of
compute-bound jobs in the historical records and is calculated as follows:

Userp1 =
∑ c1k

∑ ck
(1)

The task-level daily average purity represents the average majority-class proportion
of a user’s task-level jobs across historical days, and is calculated as follows:

purityk = max
(

c1k
ck

, 1− c1k
ck

)
avg_purity = mean(purityk)

(2)

The stability of user submission behavior is measured by the proportion of stable days
among all historical days and the proportion of jobs completed on stable days among all
historical jobs, and is calculated as follows:

stablek =

{
1, ck ≥ θ and purityk ≥ η

0, otherwise
stable_days_ratio = mean(stablek)

stable_jobs_ratio = ∑ ck ·stablek
∑ ck

(3)

where k denotes an available historical job-completion day within the selected historical
window, ck represents the total number of jobs completed on day k, and c1k denotes the
number of compute-bound jobs completed on day k. The term purityk represents the purity
of the job category distribution on day k, which measures the degree to which jobs are
concentrated in the majority class on that day. The avg_purity represents the average class
purity across all available historical days within the window. The term stablek indicates
whether the job category distribution on day k satisfies a predefined stability condition. The
parameters θ and η provide an operational definition of a stable historical day, requiring
that the number of jobs be no less than θ and the class purity be no lower than η. In
this study, θ = 8 and η = 0.9. The stable_days_ratio represents the proportion of available
historical days within the window that satisfy the predefined stability condition. The
stable_jobs_ratio represents the proportion of jobs completed on stable days among all jobs
within the historical window.

Algorithm 1: User Historical Behavioral Features (UHBF)

Input: User of the current job ui, submission time ti, daily job template T, window size N
Output: UHBF vector fi of the current job
1. di ← date(ti) // extract the submission day from ti

2. Retrieve historical records of user ui from T
3. Select records whose completion day k satisfies

k ∈ [di − N, di − 1]
// Records completed on day di are excluded

4. If no valid records exist, return fi ← [0, 0, 0, 0]
5. Within the selected historical window N :

c← ∑ ck //total number of jobs in the window
c1 ← ∑ c1k //total number of compute-bound jobs in the window

6. For each historical day k :
p1k ← c1k/ck

purityk ← max(p1k, 1− p1k)

stablek ← 1, if(ck ≥ θ and purityk ≥ η); else 0
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Algorithm 1: Cont.

7. Compute features :
f1 ← c1/c // Userp1

f2 ← mean(purityk) // avg_purity
f3 ← mean(stablek) // stable_days_ratio
f4 ← (∑ ck · stablek)/c // stable_jobs_ratio

8. Return fi ← [ f1, f2, f3, f4]

3.4. Label Generation

Based on the Roofline model, jobs are classified as compute-bound or memory-bound
by comparing their operational intensity with the critical operational intensity of the system.
The critical operational intensity OI is calculated using the system peak performance Ppeak

and peak memory bandwidth MBpeak. The corresponding formula is as follows:

OI =
Ppeak

MBpeak
(4)

For a job j, its computational performance, memory bandwidth, and operational
intensity are defined as:

Pj =
FLOPsj

durationj ·nodes_allocj

MBj =
moved_memory_bytesj
durationj ·nodes_allocj

OI j =
Pj

MBj

(5)

where FLOPsj denotes the number of floating-point operations of job j, durationj de-
notes the execution time, nodes_allocj denotes the number of allocated nodes, and
moved_memory_bytesj denotes the amount of data moved through memory. These metrics
are obtained from job execution statistics and performance monitoring data. If OI j ≥ OI,
the job is labeled as compute-bound; otherwise, it is labeled as memory-bound.

For Roofline-based label generation, FLOPs and memory traffic are first measured
using node-level performance monitoring data and aggregated over the job execution
period. For a multi-node job, the measurements from all nodes used by the job are further
aggregated to obtain the total job-level FLOPs and memory traffic. The job-level operational
intensity is then calculated and compared with the Roofline threshold to assign the compute-
bound or memory-bound label. Therefore, the labels are generated at the job level rather
than at the individual-node or system level.

For each submitted job, the UHBF over the past preceding N-day window is computed
based on the username and job submission time. This four-dimensional vector is then
concatenated with the semantic representation of the job to construct a comprehensive
feature vector, which is used as input to the XGBoost model. During model training,
these generated labels are used as ground truth for model training and validation, thereby
yielding the trained HPC job classification model.

3.5. Exponentially Weighted Moving Average (EWMA) Algorithm

Inspired by the methods proposed in [53,54], this paper introduces an exponentially
weighted moving average (EWMA) method for HPC workloads. During the model in-
ference stage, only the true labels of users’ jobs completed before the submission time of
the current job are used to update the short-term class distribution of user-submitted jobs
through the EWMA algorithm, thereby obtaining a short-term probability estimate for each
job type.
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The proposed EWMA algorithm is presented in Algorithm 2. For each user or user–
task–name combination, a corresponding template key is defined, and the associated drift
state is initialized. This state includes the current probability estimate pt−1 and the number
of observed completed jobs nobs. When the drift state of a given key, such as a specific user or
a user–task–name combination, is required, the corresponding state information is retrieved
from the state table using this key. If the key does not yet exist in the state table, a new
state record is automatically created, with its probability initialized to pinit = 0.5 and its
observation count set to 0. The drift states for different keys are maintained independently
to track behavioral changes across users or user–task–name combinations. The EWMA
update coefficient α is introduced to control the balance between historical probability
estimates and new observations. A larger α makes the estimate more sensitive to recent
class changes, while a smaller α produces smoother and more stable probability estimates.

When a new job is submitted to the system, the current probability estimate pt−1

corresponding to its key is retrieved and used as the short-term probability estimate of the
job type distribution. After the job is completed and its true label becomes available, the
EWMA algorithm is applied to update the probability estimate as follows:

pt = (1− α)pt−1 + αy (6)

where y ∈ {0, 1} denotes the true class label of the completed job, with 0 representing
memory-bound and 1 representing compute-bound, and pt represents the updated short-
term probability estimate. This update mechanism allows the latest observation to influence
the probability estimate while preserving historical information, thereby smoothly tracking
changes in the job class distribution. After the update, the observation count is incremented
as follows: nobs = nobs + 1.

Algorithm 2: Exponentially Weighted Moving Average (EWMA)

Input: Template identifier key (user or user–task–name combination), true label y of the
completed job, initial probability pinit, state table S, smoothing coefficient α

Output: Updated short-term probability estimate pt and observation count nobs

1. If the state corresponding to key does not exist in S, initialize:
S[key].p← pinit

S[key].nobs ← 0
2. Retrieve the current state of key :

pt−1 ← S[key].p
nobs ← S[key].nobs

3. After the job is completed and its true label y becomes available, update the probability
estimate:

pt ← (1− α)pt−1 + αy
4. Update the observation count:

nobs ← nobs + 1
5. Write the updated state back to the state table:

S[key].p← pt

S[key].nobs ← nobs

6. Return pt, nobs

3.6. Probability-Weighted Fusion Algorithm

Based on the EWMA probability and the number of observations corresponding to
the current user or user–task–name combination, the drift weight is dynamically computed
using a warm-up threshold. To mitigate the excessive influence of the drift signal on
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the final prediction when only a few observations are available during the initial stage,
a warm-up mechanism is introduced, whereby the drift weight gradually increases with
the number of observations nobs. The weight is defined as:

w =

{
wmax · nobs

warmup , nobs < warmup
wmax , nobs ≥ warmup

(7)

where warmup denotes the warm-up threshold, and wmax represents the maximum weight
of the drift signal. When nobs < warmup, the weight w increases linearly with the number
of observations; when nobs ≥ warmup, the weight is fixed at wmax. This mechanism
reduces the impact of the drift signal during the initial stage and gradually enhances its
contribution to the probability fusion as more observations become available.

The proposed probability-weighted fusion algorithm is presented in Algorithm 3.
When a user submits a job, the job description is first encoded using a PLM. Meanwhile,
the UHBF vector over the past N days is extracted based on the submission time. The job
semantic features and the UHBF vector are then concatenated to construct a comprehensive
feature vector, which is fed into the HPC job classification model to obtain the predicted
probabilities for different classes. The short-term EWMA estimate obtained for the cor-
responding key is then combined with the model output probability through weighted
fusion to produce the final prediction probability:

p f inal = (1− w)pmodel + wpt (8)

where pmodel denotes the probability output by the classification model. The final prediction
probability p f inal is used for classification: if p f inal ≥ 0.5, the job is classified as class 1;
otherwise, it is classified as class 0.

To prevent future information leakage, during the online evaluation process described
in Algorithms 2 and 3, all test jobs are globally sorted by submission time. Before predicting
the current job, only the ground-truth labels of historical jobs whose completion times are
earlier than the submission time of the current job are used to update the corresponding
EWMA state. The predicted probability output by the classification model is then fused
with the current EWMA probability estimate to obtain the final prediction for the current
job. After a job is completed and its ground-truth class label (y) becomes available, its
completion time and ground-truth label are recorded under the key associated with the job
and stored in an update queue for cache management. When a subsequent job associated
with the same key is submitted, records satisfying the temporal condition are retrieved
from the update queue, and their ground-truth class labels are used to update the EWMA
state. Neither the ground-truth label of the current job itself nor those of other unfinished
jobs are used for the current prediction. This ensures that no future label information is
used during the online evaluation process.

Algorithm 3: Probability-Weighted Fusion Algorithm

Input: Template identifier keyi, classification model M, state table S, warm-up threshold
warmup, job semantic feature vector hi, UHBF vector fi, maximum weight wmax

Output: Final prediction probability p f inal , predicted label ŷi

1. Construct the feature vector:
zi ← [hi ; fi]

2. Obtain the model prediction:
pmodel ← M(zi)
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Algorithm 3: Cont.

3. Retrieve the EWMA state from the state table:
(pt, nobs)← S[keyi]

4. Compute drift weight:
if nobs < warmup , then w ← wmax · nobs

warmup

else w ← wmax

5. Probability-weighted fusion:
p f inal ← (1− w)pmodel + wpt

6. Classification decision:
if p f inal ≥ 0.5 , then ŷi ← 1
else ŷi ← 0

7. Return p f inal , ŷi

In the proposed DA-HJSC framework, during the model inference stage, the short-
term class probabilities estimated by EWMA are fused with the probabilities predicted by
the HPC job classification model, enabling online adaptive classification of job types. The
main technical contribution of this study lies not in the individual use of a PLM, XGBoost,
or EWMA, but rather in modeling users’ long-term behavioral patterns through UHBF and
updating the EWMA-based short-term class probabilities using the ground-truth labels
of recently completed jobs. This mechanism dynamically updates the class probabilities
as jobs are submitted and completed, without requiring a fixed short-term sliding time
window. Through the coordinated use of UHBF and EWMA, the framework captures both
long-term patterns and short-term fluctuations in users’ job submission behavior, thereby
mitigating the degradation in classification performance caused by concept drift.

4. Experiments
4.1. Dataset and Experimental Settings

To evaluate the proposed method, this study employs the F-DATA job dataset [32],
which was collected from the Fugaku supercomputer. Fugaku (Fujitsu Limited, Kawasaki,
Japan) is a production high-performance computing system deployed by the RIKEN Center
for Computational Science in 2020, consisting of approximately 160 k compute nodes.
Each node is equipped with 48 Arm compute cores, 4 assistant cores, and 32 GB of HBM2
memory with a bandwidth of 1024 GB/s, delivering a peak performance of approximately
3.3 TFlops/s per node and an overall system peak performance of about 537 PFlops/s.

The F-DATA dataset is designed for HPC workload modeling and includes both job
performance metrics and user-submitted job information. Sensitive information in the
dataset has been irreversibly anonymized, making it suitable for job-level prediction and
modeling tasks. In this study, the selected data span from 1 May 2023 to 30 April 2024.
After data preprocessing, the dataset contains approximately 5.99 million job records. The
performance metrics include job submission time, start time, end time, the number of
allocated nodes, memory bandwidth, and floating-point operations. The user-submitted
job information includes the username, task name, and the requested hardware resource
information at submission time, such as the number of CPU cores, the CPU frequency, the
number of nodes, and the runtime environment.

All experiments were conducted using Python 3.11.7, with Visual Studio Code 1.111.0
as the development environment. The experiments were performed on a machine equipped
with an NVIDIA GeForce RTX 4070 GPU, an Intel Core i9-14900HX processor with 24 cores,
and 32 GB of RAM.
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4.2. Pre-Trained Language Models

To evaluate the effectiveness of the proposed method, three PLMs are employed to
encode job descriptions, namely, all-MiniLM-L6-v2 [55], bge-base-en-v1.5 [56], and e5-base-
v2 [57]. These models are Transformer-based encoder-only models capable of capturing
contextual semantic information and providing high-quality embeddings for downstream
tasks. Among them, all-MiniLM-L6-v2 is a lightweight model with a 6-layer architec-
ture that generates 384-dimensional embeddings and offers high encoding efficiency. In
contrast, both bge-base-en-v1.5 and e5-base-v2 adopt 12-layer architectures and produce
768-dimensional embeddings. Specifically, bge-base-en-v1.5 is designed for high-quality
text representation in retrieval tasks, while e5-base-v2 serves as a general-purpose embed-
ding model. By employing different PLMs for job description encoding, we aim to evaluate
the robustness and generalizability of the proposed DA-HJSC framework under different
semantic representation settings.

4.3. Comparative Methods

Random Forest (RF) and Adaptive Random Forest (ARF) are selected as comparative
methods to evaluate the applicability of the DA-HJSC framework to different classifiers
and to compare the performance of different drift-adaptation mechanisms, respectively.
For the RF method, the original XGBoost classifier in the DA-HJSC framework is replaced
with RF, while all other components and experimental settings remain unchanged. By
comparing the experimental results of the XGBoost- and RF-based DA-HJSC methods, we
examine the applicability of the framework to different classification models and analyze
the influence of classifier selection on HPC job classification performance. ARF is employed
as a comparative method with online incremental learning and concept drift adaptation
capabilities. It is compared with the XGBoost baseline and the XGBoost- and RF-based
DA-HJSC methods to evaluate the classification accuracy, performance stability, and online
adaptability of different methods in dynamic HPC job classification scenarios. ARF is
first warm-started using completed jobs from the 30 days preceding the beginning of the
test period. It then performs online prediction in chronological order by job submission
time and is incrementally updated using only jobs that have been completed and whose
ground-truth label becomes available before the submission time of the job being predicted,
thereby preventing the use of future information. ARF uses only job semantic embeddings
as input and does not incorporate the UHBF or EWMA components proposed in this
study. Although ARF and the XGBoost baseline use the same semantic embeddings, the
direct comparison between ARF and the complete DA-HJSC framework is not fully feature-
controlled because DA-HJSC additionally incorporates UHBF. Therefore, this comparison
primarily reflects the overall performance of the complete methods.

4.4. Evaluation Metrics

This study adopts a rolling–window training–testing strategy for evaluation. Specifi-
cally, a continuous 30-day period is used as the training window, within which the data are
further split into training and validation subsets with a ratio of 9:1. The trained model is
then evaluated on the data from the subsequent day, i.e., the 31st day. This process slides
the window forward day by day in chronological order, enabling continuous evaluation
of the model’s temporal generalization capability. During rolling model training, only
historical jobs completed before the beginning of the corresponding test day are included
in the training data, ensuring that their ground-truth labels are already available at training
time. During daily testing, all test jobs are processed in chronological order according to
their submission times. At the beginning of each test day, the EWMA state is reinitialized,
and no state is carried over from the previous test day. Before predicting the current
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job, the EWMA state is updated only using test jobs completed on that test day whose
ground-truth labels have become available before the submission time of the current job.
The ground-truth label of the current job is not provided to the algorithm during prediction
and can be used for subsequent EWMA updates only after the job has been completed.
These temporal constraints ensure that both model training and online EWMA updates
strictly follow the principle of causality and do not use the current label or any unavailable
future information. The parameter settings used in the experiments are as follows: N = 90,
α = 0.05, warmup = 50, and wmax = 0.8.

The primary evaluation metric is the macro-averaged F1 score, which is used to assess
the classification performance for compute-bound and memory-bound jobs. The F1 score
for a single class is defined as the harmonic mean of precision and recall:

F1 =
2 · Precision · Recall
Precision + Recall

(9)

The F1macro score is defined as the arithmetic mean of the F1 scores of all classes:

F1macro =
F(0)

1 + F(1)
1

2
(10)

After completing the entire rolling training–testing process, the model is evaluated
from both temporal and overall perspectives. First, the daily F1macro score is computed
for each test day to analyze the temporal variation and stability of model performance
over time. Second, all predictions across the entire test period are aggregated to compute
the F1macro (overall), which is used to evaluate the aggregate classification performance of
the model.

Additional evaluation metrics include per-class precision, recall, and F1 score. The
mean, standard deviation, variance, maximum, and minimum of the daily F1macro scores
are also reported to comprehensively evaluate the classification performance and temporal
stability of the different methods. Furthermore, based on the daily F1macro scores obtained
on the same test dates, p-values are calculated using a paired two-sided Wilcoxon signed-
rank test. The XGBoost-based DA-HJSC method is used as the reference and compared
pairwise with the other methods. A performance difference between two methods is
considered statistically significant when the p-value is less than 0.05.

4.5. Experimental Results

In this study, the DA-HJSC framework used XGBoost as the default base classifier,
while RF was also used in place of XGBoost to evaluate the framework’s applicability to
different classifiers. Three PLMs were selected for semantic encoding, and experiments
with different configurations were conducted to comprehensively assess the classifica-
tion performance and temporal stability of DA-HJSC on the dataset. A rolling evaluation
strategy was adopted from 1 June 2023 to 30 April 2024, spanning 335 calendar days, of
which seven contained no valid job records. As shown in Table 1, four experimental strate-
gies are evaluated for each combination of classifier and PLM, namely, baseline, +UHBF,
+EWMA, and +UHBF+EWMA. Baseline uses only job semantic features; +UHBF addi-
tionally incorporates user historical behavioral features; +EWMA applies EWMA-based
probability-weighted fusion to the model-predicted probabilities; and +UHBF+EWMA
combines both mechanisms.

Based on the baseline results, XGBoost achieves slightly better overall classification per-
formance than RF, and both classifiers obtain relatively strong performance when bge-base-
en-v1.5 is used for semantic encoding. Specifically, XGBoost achieves an F1macro (overall)
of 0.9010, with 17 low-performance days (F1macro < 0.6) and 46 medium-performance days
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(0.6 ≤ F1macro < 0.8). RF achieves an F1macro (overall) of 0.8994, with 18 low-performance
days and 50 medium-performance days. These results indicate that the baseline perfor-
mance obtained using the three semantic encoding models is generally similar across the
two classifiers.

Table 1. Overall Classification Performance of Different Methods across Classifiers and Pre-Trained
Language Models.

Classifier PLM Method F1macro
(Overall) Accuracy Class 0

F1 Score
Class 1 F1

Score
F1macro < 0.6

(Days)
0.6 ≤ F1macro
< 0.8 (Days)

XGBoost

all-MiniLM-
L6-v2

Baseline 0.8997 0.9227 0.9478 0.8517 15 54
+UHBF 0.9009 0.9222 0.9468 0.8550 14 35

+EWMA 0.9222 0.9403 0.9598 0.8846 7 36
+UHBF+EWMA 0.9272 0.9436 0.9618 0.8926 7 19

bge-base-en-
v1.5

Baseline 0.9010 0.9235 0.9482 0.8538 17 46
+UHBF 0.9023 0.9237 0.9480 0.8567 15 40

+EWMA 0.9226 0.9404 0.9597 0.8855 10 32
+UHBF+EWMA 0.9250 0.9419 0.9605 0.8895 8 24

e5-base-v2

Baseline 0.9009 0.9237 0.9485 0.8533 16 51
+UHBF 0.8999 0.9215 0.9464 0.8533 15 36

+EWMA 0.9225 0.9406 0.9599 0.8852 10 31
+UHBF+EWMA 0.9263 0.9429 0.9612 0.8914 6 20

RF

all-MiniLM-
L6-v2

Baseline 0.8980 0.9225 0.9480 0.8481 16 55
+UHBF 0.9103 0.9313 0.9537 0.8669 12 44

+EWMA 0.9193 0.9386 0.9588 0.8798 8 36
+UHBF+EWMA 0.9257 0.9430 0.9616 0.8898 8 31

bge-base-en-
v1.5

Baseline 0.8994 0.9234 0.9485 0.8503 18 50
+UHBF 0.9093 0.9306 0.9533 0.8653 13 45

+EWMA 0.9209 0.9398 0.9595 0.8822 10 36
+UHBF+EWMA 0.9248 0.9424 0.9612 0.8883 7 36

e5-base-v2

Baseline 0.8977 0.9223 0.9479 0.8474 19 52
+UHBF 0.9087 0.9303 0.9531 0.8643 13 45

+EWMA 0.9193 0.9388 0.9589 0.8797 11 36
+UHBF+EWMA 0.9245 0.9423 0.9612 0.8878 8 31

After incorporating UHBF, the F1macro (overall) scores of the XGBoost models using
all-MiniLM-L6-v2 and bge-base-en-v1.5 both increase. In particular, the score of the bge-
base-en-v1.5-based method increases from 0.9010 to 0.9023. However, the score of the
e5-base-v2-based method decreases slightly from 0.9009 to 0.8999. Although the changes in
F1macro (overall) are relatively small, the number of low- and medium-performance days
generally decreases for all three encoding models. By comparison, RF achieves relatively
consistent performance improvements across all three semantic encoding models. The
most notable improvement is observed for the all-MiniLM-L6-v2-based method, whose
F1macro (overall) increases from 0.8980 to 0.9103, while the number of low-performance
days decreases from 16 to 12 and the number of medium-performance days decreases from
55 to 44. These results indicate that UHBF can provide complementary information about
users’ long-term behavioral patterns, although its actual effectiveness is influenced by the
choice of base classifier and semantic encoding model.

After introducing EWMA-based probability fusion alone during the model inference
stage, both XGBoost and RF achieve substantial performance improvements across the
three semantic encoding models. For XGBoost, the methods using all-MiniLM-L6-v2, bge-
base-en-v1.5, and e5-base-v2 achieve F1macro (overall) scores of 0.9222, 0.9226, and 0.9225,
respectively, corresponding to improvements of 2.25, 2.16, and 2.16 percentage points over
their respective baselines. The number of low-performance days decreases from 15, 17, and
16 to 7, 10, and 10, respectively, while the number of medium-performance days decreases
from 54, 46, and 51 to 36, 32, and 31, respectively. For RF, the methods using the three
semantic encoding models achieve F1macro (overall) scores of 0.9193, 0.9209, and 0.9193,
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respectively, representing improvements of 2.13, 2.15, and 2.16 percentage points over
their respective baselines. The number of low-performance days decreases to 8, 10, and
11, respectively, while the number of medium-performance days decreases to 36 for all
three models. These results demonstrate that EWMA can dynamically adjust the prediction
results according to recent changes in the class distribution of completed jobs, thereby
effectively mitigating performance fluctuations caused by short-term concept drift.

When UHBF and EWMA are incorporated simultaneously, all six combinations of
classifiers and PLMs achieve their respective highest F1macro (overall) scores. For XGBoost,
the DA-HJSC method using all-MiniLM-L6-v2 performs best, achieving an F1macro (overall)
score of 0.9272, which is 2.75 percentage points higher than the corresponding baseline. Its
accuracy reaches 0.9436, representing an improvement of 2.09 percentage points, while its
F1 score for class 1 reaches 0.8926, an improvement of 4.09 percentage points. Meanwhile,
the number of low-performance days decreases from 15 to 7, and the number of medium-
performance days decreases from 54 to 19. The DA-HJSC methods using bge-base-en-v1.5
and e5-base-v2 achieve F1macro (overall) scores of 0.9250 and 0.9263, respectively. Among
them, the e5-base-v2-based method further reduces the number of low-performance days
to 6. For RF, the methods using all-MiniLM-L6-v2, bge-base-en-v1.5, and e5-base-v2
achieve F1macro (overall) scores of 0.9257, 0.9248, and 0.9245, respectively, corresponding
to improvements of 2.77, 2.54, and 2.68 percentage points over their respective baselines.
In particular, the all-MiniLM-L6-v2-based method achieves an accuracy of 0.9430 and an
F1 score of 0.8898 for class 1. The bge-base-en-v1.5-based method reduces the number of
low-performance days from 18 to 7, while the e5-base-v2-based method reduces it from 19
to 8.

Overall, XGBoost performs slightly better than RF in terms of F1macro (overall), the
F1 score for class 1, and other metrics. Nevertheless, the RF-based DA-HJSC methods
also achieve consistent improvements across the three semantic encoding models, demon-
strating the strong robustness of the framework. In this experiment, UHBF is primarily
used to characterize users’ long-term behavioral patterns, whereas EWMA is employed
to adapt to short-term changes in class distributions. Their combination further improves
overall classification performance, enhances the identification of compute-bound jobs, and
reduces the occurrence of low- and medium-performance days. These results demonstrate
the effectiveness and stability of DA-HJSC in addressing dynamic HPC workloads and
concept drift.

Using XGBoost as the classifier, Figures 2–4 present the variations in daily F1macro for
different classification methods based on semantic representations generated by different
PLMs. The thin, light-colored lines represent the daily F1macro scores, whereas the thick,
dark-colored lines represent the corresponding F1macro scores smoothed using a 7-day mov-
ing average. Over time, the daily classification performance of all methods exhibits varying
degrees of fluctuation, but clear differences are observed in their overall performance levels
and fluctuation magnitudes.

As shown in Figures 2–4, compared with the baseline, +UHBF, and +EWMA meth-
ods, DA-HJSC achieves better daily classification performance under all three PLMs, with
F1macro (overall) scores of 0.9272, 0.9250, and 0.9263, respectively. During July and Octo-
ber 2023 and March 2024, DA-HJSC improves classification performance and mitigates
the decline in the 7-day moving-average curves. Together with the statistical results in
Table 1, these observations show that DA-HJSC reduces the number of low- and medium-
performance days and maintains model performance at approximately 0.9 or above on
most test days. During June, November, and December 2023 and January 2024, all methods
generally maintain high performance, and DA-HJSC also exhibits similar performance
across the three PLMs. Even when the baseline model already achieves a high daily F1macro
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score, DA-HJSC can still reduce daily performance fluctuations to some extent and provide
more stable performance. This finding indicates that UHBF and EWMA are complemen-
tary. UHBF characterizes relatively long-term user behavioral patterns, whereas EWMA
tracks recent changes in the class distribution of completed jobs. Their joint use helps
achieve a better balance between overall performance and temporal stability. In April
2024, the daily classification performance of all methods exhibits relatively pronounced
fluctuations, with F1macro falling below 0.8 on some days. The declines in both the daily
F1macro trend and the 7-day moving-average curve of DA-HJSC are generally smaller than
those of the baseline and +UHBF methods, indicating that DA-HJSC can alleviate low-
and medium-performance fluctuations to a certain extent. This phenomenon suggests that
HPC jobs are highly nonstationary on a daily time scale, which is likely related to temporal
changes in user job behavior, workload composition, and resource usage patterns. When
the data distribution deviates from that observed during model training, classification
performance may decline abruptly. During August and September 2023 and February 2024,
the results of DA-HJSC and the other methods are relatively similar on some days, and
the improvements achieved by DA-HJSC during certain low- and medium-performance
periods remain limited. All methods with the three PLMs exhibit noticeable performance
degradation, indicating that DA-HJSC still has certain limitations when the daily class dis-
tribution is highly imbalanced or the drift pattern is relatively complex. Overall, DA-HJSC
demonstrates favorable classification performance and temporal stability across different
pre-trained language models.

Figure 2. HPC Job Classification Performance of Different Methods Using all-MiniLM-L6-v2 Embed-
dings and XGBoost. The subfigures show (a) the baseline, (b) the baseline with UHBF, (c) the baseline
with EWMA, and (d) DA-HJSC.

The daily sample size and class distribution of the test set are presented in
Table 2. The test set contains a total of 5,467,969 jobs over the entire test period,
including 4,014,373 memory-bound jobs, accounting for approximately 73.42%, and
1,453,596 compute-bound jobs, accounting for approximately 26.58%. The number of
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memory-bound jobs is approximately 2.76 times that of compute-bound jobs, indicat-
ing a certain degree of class imbalance in the test set. The average daily sample size is
16,671 jobs, with a standard deviation of 13,039, indicating substantial variation in the
number of samples across different test days. The daily number of memory-bound jobs
ranges from 11 to 64,660, whereas the daily number of compute-bound jobs ranges from 0
to 69,267. These results indicate that the class distribution is more severely imbalanced on
certain days. Based on the sample composition and class distribution of the test set, we
further investigated the influence of different feature groups on the model’s classification
decisions. Taking the bge-base-en-v1.5 encoder as an example, we conducted a TreeSHAP
analysis of the XGBoost-based method using both semantic features and UHBF. We aggre-
gated the absolute TreeSHAP values for 5,467,969 samples in the test set by feature group
and normalized the aggregated values across the semantic feature and UHBF groups. The
results show that semantic features accounted for 68.97% of the total feature attribution
of the XGBoost classifier, whereas UHBF accounted for 31.03%. These findings indicate
that the model did not rely excessively on either feature group. Semantic representations
remained the primary information source for job classification, while the four-dimensional
UHBF vector made a substantial complementary contribution, thereby supporting the
rationale for fusing the two feature groups.

Figure 3. HPC Job Classification Performance of Different Methods Using bge-base-en-v1.5 Embed-
dings and XGBoost. The subfigures show (a) the baseline, (b) the baseline with UHBF, (c) the baseline
with EWMA, and (d) DA-HJSC.

In addition, the proposed DA-HJSC method is compared with the drift-adaptive ARF
method, and the corresponding results are presented in Table 3. Using the bge-base-en-v1.5
as an example, ARF achieves an F1macro (overall) score of 0.8263. Its recall for class 0 reaches
0.9792, whereas the recall for class 1 is only 0.6071. The confusion matrix further shows that
ARF incorrectly classifies 571,128 true class 1 jobs as class 0, accounting for 39.29% of all class
1 jobs. This indicates that ARF can effectively identify memory-bound jobs but has relatively
limited capability in recognizing compute-bound jobs. Under the experimental settings of
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this study, ARF, despite its online incremental learning and drift-adaptation capabilities,
still exhibits certain limitations in adapting to complex and dynamically changing HPC
job patterns. By contrast, both the baseline and DA-HJSC achieve F1macro (overall) scores
above 0.90, with class 1 recall values exceeding 0.84. Among them, DA-HJSC using the
XGBoost classifier achieves the highest class 1 recall and F1 score, reaching 0.8803 and
0.8895, respectively. Compared with the baseline, the number of true class 1 jobs incorrectly
classified as class 0 decreases from 232,218 to 174,014, demonstrating that the proposed
method can effectively improve the recognition of compute-bound jobs. DA-HJSC using
the RF classifier also achieves favorable results, with an F1macro (overall) score of 0.9248,
indicating that the proposed framework is applicable to different base classifiers.

Figure 4. HPC Job Classification Performance of Different Methods Using e5-base-v2 Embeddings
and XGBoost. The subfigures show (a) the baseline, (b) the baseline with UHBF, (c) the baseline with
EWMA, and (d) DA-HJSC.

Table 2. Daily Sample Statistics and Class Distribution in the Test Set.

Class Daily Sample
Avg.

Daily Sample
Std.

Daily Sample
Max

Daily Sample
Min Total Samples

Total 16,671 13,039 88,120 11 5,467,969
Class 0 12,239 8903 64,660 11 4,014,373
Class 1 4432 6651 69,267 0 1,453,596

Table 4 further presents the daily performance stability and statistical significance
results of the different methods. Using the bge-base-en-v1.5 as an example, the XGBoost-
based DA-HJSC method achieves the highest mean, maximum, and minimum daily F1macro

scores, with values of 0.9006, 0.9955, and 0.4067, respectively. It also yields the lowest stan-
dard deviation and variance, with values of 0.0905 and 0.0082, respectively. These results
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indicate that the method not only achieves higher average daily classification performance
but also exhibits smaller performance fluctuations. Using the XGBoost-based DA-HJSC
method as the reference, the paired two-sided Wilcoxon signed-rank test shows that the
p-values for its comparisons with ARF and baseline are both less than 0.0001, while the
p-value for its comparison with the RF-based DA-HJSC method is 0.0002. All p-values are
below the significance level of 0.05, indicating that the differences in daily F1macro between
the reference method and each comparison method are statistically significant. Compared
with the RF-based DA-HJSC method, the XGBoost-based DA-HJSC method increases the
mean daily F1macro from 0.8940 to 0.9006, representing an improvement of 0.66 percent-
age points. These results demonstrate that, compared with ARF and baseline, DA-HJSC
achieves higher overall classification performance and average daily performance while re-
ducing performance fluctuations and improving classification accuracy. In particular, when
XGBoost is used as the base classifier, the method shows better recognition performance for
compute-bound jobs, indicating that DA-HJSC can effectively adapt to dynamic changes in
HPC job patterns.

Table 3. Per-Class Performance Metrics of Different Methods Using bge-base-en-v1.5.

Method Classifier F1macro
(Overall) Class Precision Recall F1 Score Predicted Class 0 Predicted Class 1

ARF ARF 0.8263
0 0.8731 0.9792 0.9231 3,930,855 (97.92%) 83,518 (2.08%)
1 0.9135 0.6071 0.7294 571,128 (39.29%) 882,468 (60.71%)

Baseline XGBoost 0.9010
0 0.9428 0.9536 0.9482 3,828,275 (95.36%) 186,098 (4.64%)
1 0.8678 0.8402 0.8538 232,218 (15.98%) 1,221,378 (84.02%)

DA-HJSC
XGBoost 0.9250

0 0.9570 0.9641 0.9605 3,870,450 (96.41%) 143,923 (3.59%)
1 0.8989 0.8803 0.8895 174,014 (11.97%) 1,279,582 (88.03%)

RF 0.9248
0 0.9509 0.9717 0.9612 3,900,767 (97.17%) 113,606 (2.83%)
1 0.9168 0.8616 0.8883 201,210 (13.84%) 1,252,386 (86.16%)

Table 4. Daily F1macro Stability and Statistical Significance Results Using bge-base-en-v1.5.

Method Classifier Daily F1macro
Mean

Daily
F1macro Std.

Daily
F1macro Var.

Daily
F1macro Max

Daily
F1macro Min p-Value

ARF ARF 0.7563 0.1318 0.0174 0.9916 0.3781 <0.0001

Baseline XGBoost 0.8683 0.1171 0.0137 0.9945 0.3785 <0.0001

DA-HJSC
XGBoost 0.9006 0.0905 0.0082 0.9955 0.4067 —

RF 0.8940 0.0928 0.0086 0.9951 0.4036 0.0002

Using bge-base-en-v1.5 as an example, the sensitivity of DA-HJSC to the UHBF histor-
ical window size was first analyzed. After the window size was fixed, the EWMA-related
parameters were selected using validation data, and their sensitivity was subsequently
evaluated. The results are presented in Table 5. Five candidate UHBF historical window
sizes were considered: 14, 30, 60, 90, and 120 days. Because the dataset begins on 1 May
2023, only approximately 30 days of historical data were available before the final test
period. Therefore, the initial validation set did not provide sufficient historical coverage
to adequately compare longer windows, such as 60, 90, and 120 days. To ensure that all
candidate windows were compared over the same entire rolling test period, an exploratory
sensitivity analysis for all candidate windows was conducted using data from that test
period. Because this analysis did not use independent validation data, selecting the window
based on these results may introduce some parameter-selection bias. When the window size
is set to 90 days, the model achieves the highest F1macro (overall) and mean daily F1macro

scores, reaching 0.9250 and 0.9006, respectively, while the number of medium-performance
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days decreases to 24. The number of low-performance days remains relatively stable across
different window sizes, ranging from 7 to 8, whereas the number of medium-performance
days varies more noticeably. Although the 120-day window yields the lowest standard
deviation of daily F1macro, at 0.0879, its F1macro (overall) score and number of medium-
performance days are both inferior to those obtained with the 90-day window. Overall, the
90-day window provides a better balance between users’ long-term behavioral patterns
and recent behavioral changes. Notably, the differences in F1macro (overall) among the 60-,
90-, and 120-day windows do not exceed 0.0016, indicating that DA-HJSC is not highly
sensitive to the specific choice among these longer historical windows.

Table 5. One-at-a-time sensitivity analysis of DA-HJSC parameters on the test set using bge-base-en-v1.5.

Parameter Value F1macro
(Overall)

Daily F1macro
Mean

Daily F1macro
Std.

F1macro < 0.6
(Days)

0.6 ≤ F1macro
< 0.8 (Days)

UHBF
Window Size

14 d 0.9230 0.8967 0.0900 7 31
30 d 0.9220 0.8960 0.0928 8 27
60 d 0.9234 0.8989 0.0894 7 25
90 d 0.9250 0.9006 0.0905 8 24

120 d 0.9238 0.8990 0.0879 8 28

EWMA
Coefficient α

0.005 0.9218 0.8960 0.0923 8 32
0.01 0.9232 0.8984 0.0917 8 28
0.05 0.9250 0.9006 0.0905 8 24
0.1 0.9247 0.9008 0.0900 9 23
0.2 0.9243 0.9009 0.0899 9 24

warmup Threshold

20 0.9231 0.8961 0.0925 9 29
30 0.9240 0.8982 0.0912 8 29
50 0.9250 0.9006 0.0905 8 24

100 0.9229 0.8977 0.0923 8 30
200 0.9220 0.8963 0.0939 8 31

Maximum Drift
Weight wmax

0.2 0.9071 0.8819 0.1130 14 40
0.5 0.9158 0.8902 0.1052 12 33
0.8 0.9250 0.9006 0.0905 8 24
1.0 0.9238 0.8983 0.0907 8 27

Roofline Threshold
Coefficient

0.9 0.9234 0.9001 0.0881 6 28
1.0 0.9250 0.9006 0.0905 8 24
1.1 0.9241 0.9003 0.0911 8 32

After fixing the maximum UHBF historical window size at 90 days, the EWMA
update coefficient α, the warmup threshold, and the maximum drift weight wmax were
selected using a held-out validation subset comprising 10% of the data from the 30-day
historical window preceding the first test day (1 June 2023). The validation jobs were
replayed in chronological order of submission, and only jobs that had been completed and
whose ground-truth labels had become available before the submission of the current job
were used to update the EWMA state. Parameter selection was not based solely on the
highest validation F1macro. Instead, configurations within 0.005 of the highest value were
considered to have comparable performance. Based on both validation performance and
online drift-adaptation capability, α, the warmup threshold, and wmax were set to 0.05, 50,
and 0.8, respectively. This configuration achieved an F1macro of 0.9731 on the validation set.
The window size and these EWMA parameters were then kept fixed throughout the final
test period.

Furthermore, because the final test set contains more job samples and covers a longer
rolling test period, the effects of parameter variations on overall model performance and
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temporal stability can be more fully examined with a larger sample size and over a longer
time span. Therefore, after the parameters had been selected using the validation set
and the parameter configuration had been fixed, a one-at-a-time sensitivity analysis was
subsequently conducted on the final test set. It should be noted that the one-at-a-time
sensitivity analysis on the final test set was conducted solely to evaluate the robustness of
the EWMA parameters determined during the validation stage and was not used to reselect
or adjust α, the warmup threshold, or wmax. As shown in Table 5, when α, warmup, and
wmax are set to 0.05, 50, and 0.8, respectively, the model achieves the highest F1macro (overall)
score of 0.9250. Specifically, α = 0.05 provides a favorable overall balance between the
F1macro (overall) and the number of low- and medium-performance days. When warmup is
set to 50, the model outperforms the other settings in terms of the F1macro (overall), the mean
daily F1macro, and the number of medium-performance days, indicating that an excessively
low or high warmup threshold may affect EWMA state estimation. By comparison, the
maximum drift weight wmax has the most pronounced effect on model performance. As
wmax increases from 0.2 to 0.8, F1macro (overall) increases from 0.9071 to 0.9250, the standard
deviation of daily F1macro decreases from 0.1130 to 0.0905, the number of low-performance
days decreases from 14 to 8, and the number of medium-performance days decreases
from 40 to 24. When wmax is further increased to 1.0, the overall performance decreases
slightly. These results indicate that a small weight is insufficient for EWMA to effectively
adjust predictions in response to short-term changes in the class distribution, whereas an
excessively large weight may weaken the contribution of the offline classification model.

Furthermore, given the complexity of the Fugaku cluster and the possibility that the
Roofline threshold may affect the class boundary between compute-bound and memory-
bound jobs, the threshold coefficient is set to 0.9, 1.0, and 1.1 across the three settings in the
sensitivity analysis. Under all three settings, the model maintains an F1macro (overall) score
above 0.9234 and a mean daily F1macro score above 0.9, indicating that the overall model
performance varies only slightly within the tested threshold range. Although different
threshold settings have some influence on the number of low- and medium-performance
days, they do not cause a noticeable decline in overall performance. These results demon-
strate that DA-HJSC is robust to moderate variations in the Roofline threshold.

Table 6 presents the computational overhead of the individual components of DA-
HJSC for the configuration based on bge-base-en-v1.5. The average encoding time of the
PLM is 0.5961 ms/job. UHBF is constructed by retrieving and processing pre-generated
daily statistical templates over the specified historical time window, with an average
processing time of 0.0874 ms/job. DA-HJSC adopts a daily rolling training and testing
mechanism. The end-to-end daily retraining time, including data loading, UHBF construc-
tion, model fitting, and model saving, is 55.9397 ± 45.7960 s/day. After training, the batch
inference time of the XGBoost classifier is 0.000841 ms/job, while the complete EWMA
online processing time is 43.042 µs//job, of which a single EWMA state update requires
only 0.722 µs/update. After combining UHBF construction, feature concatenation, classifier
inference, and EWMA processing, the average online processing time is 0.131907 ms/job.
The size of the XGBoost model artifact generated each day is 0.3543 ± 0.0296 MB/model,
which is substantially smaller than those of RF (16.2558 ± 8.3380 MB/model) and ARF
(68.9764 ± 30.9138 MB/model). The average latency for model loading and the first
prediction is 626.6233 ± 90.4769 ms. Compared with the baseline, DA-HJSC requires an ad-
ditional 110.04 ± 219.81 MB of memory during training, whereas the memory difference
during online processing is only −0.59 ± 34.60 MB, indicating that its additional online
memory overhead is negligible. These results show that the main additional overhead
of DA-HJSC is concentrated in the offline and daily retraining stages, whereas UHBF
retrieval, classifier inference, and EWMA-based adaptive processing introduce only limited
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online time and memory overhead. Therefore, DA-HJSC is suitable for dynamic HPC job
classification scenarios.

Table 6. Computational Overhead of DA-HJSC.

Metric Value

PLM Embedding Time 0.5961 ms/job
Average UHBF Construction Time 0.0874 ms/job
End-to-End Daily Retraining Time 55.9397 ± 45.7960 s/day

Batch Classifier Inference Time 0.000841 ms/job
EWMA Online Processing Time 43.042 µs/job

EWMA Update Time 0.722 µs/update
Model Loading and First-Prediction Latency 626.6233 ± 90.4769 ms

Average Online Processing Time 0.131907 ms/job
Model Artifact Size 0.3543 ± 0.0296 MB/model

Additional Training Memory of DA-HJSC 110.04 ± 219.81 MB
Additional Online Memory of DA-HJSC −0.59 ± 34.60 MB

5. Discussion
The experimental results show that, without UHBF and the EWMA-based probability-

weighted fusion mechanism, the baseline models trained using XGBoost or RF with embed-
dings generated by different PLMs exhibit only minor differences in F1macro (overall) and
have a similar number of low- and medium-performance days. This suggests that, although
the three PLMs differ in embedding dimensionality and semantic representation, the static
classification models primarily rely on the historical data distribution within the training
window. When the distribution of HPC jobs changes during inference, these models cannot
promptly adjust their prediction strategies in response to recent variations, resulting in
substantial performance fluctuations or even abrupt performance degradation on certain
test days. Although ARF supports online incremental learning and concept drift adaptation,
its overall classification performance is considerably lower than that of the other methods.
As shown in Table 3, under the bge-base-en-v1.5 configuration, ARF achieves high recall
for memory-bound jobs but relatively low recall for compute-bound jobs, indicating that
many compute-bound jobs are incorrectly classified as memory-bound. This result also
suggests that even jobs corresponding to the same task submitted by the same user may
exhibit different workload types at different times as the HPC cluster environment evolves.
Because such changes do not necessarily follow a regular pattern, continuous incremental
updating alone remains insufficient to fully adapt to the complex, nonstationary variations
in HPC workloads.

As shown in Table 1, after incorporating UHBF, the RF classifier achieves relatively
consistent improvements in F1macro (overall) across all three PLMs, whereas the improve-
ment achieved by XGBoost using bge-base-en-v1.5 is relatively limited. Nevertheless, both
classifiers show reductions in the number of low- and medium-performance days during
inference. This indicates that UHBF can supplement semantic features by summarizing
users’ long-term behavioral patterns. However, UHBF is essentially a static feature con-
structed from a historical window and therefore has limited ability to adapt to abrupt
short-term drift during inference. After EWMA-based probability-weighted fusion is intro-
duced during model inference, both the XGBoost- and RF-based models achieve substantial
performance improvements across all three PLMs, particularly by reducing the number of
low- and medium-performance days. EWMA continuously updates the short-term class
probability estimates using the ground-truth labels of recently completed jobs and assigns
greater weights to more recent observations. This mechanism dynamically adjusts the
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classification tendency in response to recent changes in user behavior, thereby improving
adaptability to short-term concept drift.

When UHBF and EWMA are incorporated simultaneously, all six combinations of
classifiers and PLMs achieve relatively strong overall classification performance, as shown
in Table 1 and Figures 2–4. Compared with the corresponding baseline models, DA-HJSC
not only improves the F1macro (overall) but also enhances the F1 score and recall for class
1, as shown in Table 3, while substantially reducing the number of low- and medium-
performance days. These results indicate that UHBF and EWMA are complementary
across different temporal scales. UHBF models users’ relatively long-term behavioral
patterns, whereas EWMA captures short-term changes reflected by recently completed
jobs. Their joint use enables DA-HJSC to exploit both stable long-term information and
dynamic short-term information, thereby achieving a better balance between classification
accuracy and temporal stability. As shown in Tables 3 and 4, the XGBoost-based DA-HJSC
method generally performs slightly better than the RF-based DA-HJSC method and also
outperforms ARF in terms of the F1macro (overall), the F1 score for class 1, average daily
performance, and other metrics. Meanwhile, the RF-based DA-HJSC method also achieves
consistent improvements across all three PLMs. This indicates that the effectiveness of DA-
HJSC is not limited to a single classifier and that the framework is applicable to different
base classifiers. The results in Table 6 further show that, compared with the RF-based
DA-HJSC method and ARF, the XGBoost-based DA-HJSC method has a smaller model
artifact, lower online processing overhead, and lower deployment resource requirements.
Therefore, XGBoost is more suitable as the default base classifier for DA-HJSC, and the
resulting framework demonstrates favorable stability, robustness, and practical deployment
potential in dynamic HPC job classification.

Overall, through the coordinated use of an XGBoost model, UHBF, and EWMA-based
probability-weighted fusion, DA-HJSC provides a mechanism for online drift-adaptation
in dynamic HPC job classification. When user behavior or job distributions change, DA-
HJSC continuously updates short-term probability estimates with EWMA based on the
ground-truth labels of recently completed jobs and fuses these estimates with the out-
put of the classification model, enabling the framework to respond promptly to such
changes. This mechanism improves overall classification performance, reduces daily per-
formance fluctuations, and enhances the identification of compute-bound jobs. The online
adaptation strategy preserves the predictive capability of the offline classification model
while strengthening the framework’s adaptability to abrupt short-term changes in HPC
workload distributions, thereby demonstrating its potential for long-term deployment in
HPC clusters.

6. Conclusions
This paper proposes DA-HJSC, an online drift-adaptive framework for semantic rep-

resentation and classification of HPC jobs. The framework combines job semantic features
with UHBF to train an offline classification model, thereby enhancing the model’s ability to
capture users’ long-term behavioral patterns. During model inference, an EWMA mech-
anism is introduced to dynamically update the class information of recently completed
jobs. The resulting short-term probability estimates are then fused with the probabilities
output by the classification model, enabling online adaptation to short-term changes in
user behavior. Compared with traditional static classification methods, DA-HJSC jointly
utilizes long-term behavioral information and short-term dynamic information to adjust
prediction results across different temporal scales, thereby improving the framework’s
adaptability to changes in HPC job distributions. Experimental results demonstrate that
DA-HJSC improves HPC job classification performance across different PLMs and base
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classifiers, achieving the highest F1macro (overall) score of 0.9272. Compared with the
baseline models and ARF, DA-HJSC not only improves overall classification performance
and the identification of compute-bound jobs but also reduces the number of low- and
medium-performance days and decreases fluctuations in daily classification performance.
Overall, the proposed framework enables automated online adaptation of the job classifica-
tion process without significantly increasing online computational overhead or requiring
manual intervention, thereby demonstrating its potential for long-term deployment in HPC
clusters. Future work will further investigate methods for improving classification accuracy
and online adaptability under highly imbalanced workload distributions and more complex
drift patterns.
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