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CARSS: Leveraging Online Arrival Forecasting and
Co-Simulation for Adaptive Scheduling
Yichong Chen, Manuel Roveri, Shreshth Tuli, Member, IEEE, and Giuliano Casale

Abstract—Coupled simulation, also known as co-simulation,
has been proposed to support task schedulers by simulating, at
runtime, the Quality of Service (QoS) resulting from schedul-
ing actions. However, existing co-simulation methods typically
assume a static arrival time series. This assumption limits the
diversity of traffic scenarios. To address this, we propose an
online adaptive arrival forecasting framework that integrates a
change-point detection module and a probabilistic transformer
model to couple co-simulators with arrival series forecasting.
This framework also updates the prediction model in response
to detected changes. Additionally, we introduce the Co-simulated
Adaptive Recurrent Surrogate Scheduler (CARSS), which uses
simulated QoS metrics from the co-simulator to make scheduling
decisions that enhance system performance. Experiments show
that our online adaptive forecasting framework has lower fore-
casting errors than traditional models and reduces co-simulator
prediction error by 11% in average response time and 22% in
average service-level agreement (SLA) violation on real-world
traces. Furthermore, CARSS improves QoS metrics, achieving
2.5% reduction in average energy consumption and reductions
of 8.2% and 82.7% in average response time and average SLA
violation, respectively, compared to the best baseline scheduler.

Index Terms—fog computing, time series forecasting, change
point detection, co-simulation

I. INTRODUCTION

Fog computing is a recent paradigm that combines the bene-
fits of Edge and Cloud Computing. It places latency-sensitive
applications on edge devices to reduce latency and enhance
privacy, while offloading resource-intensive tasks to the Cloud
to lower infrastructure costs. However, the performance of
fog nodes is limited by their computing power, storage, and
battery, highlighting the need for efficient resource allocation
and task scheduling. Existing studies propose various schedul-
ing strategies, such as heuristic, artificial intelligence/machine
learning (AI/ML), and deep learning (DL) based algorithms,
to optimize Quality-of-Service (QoS), defined as the level of
performance, availability and reliability provided by the hosts
[1]. Most of these studies assume that the topology, arrival
process, bandwidth, etc., remain unchanged. However, real-
world fog systems often face dynamic changes, such as host
additions/removals or concept drift in task arrivals. We use the
term concept drift to refer to any change in the distribution of
arrivals. In particular, a location shift denotes a change in the
mean arrival rate, whereas a scale shift denotes a change in
the variability of the arrivals [2], [3].
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Co-simulation, which simulates the response of a system to
real-time changes, has been used as a digital-twin of a Fog
system to help scheduling algorithms to improve QoS [4],
[5]. Prior work has examined its benefits in static settings,
where arrival process parameters are fixed. However, such
assumptions fail to capture concept drift in real-world systems,
which impedes the co-simulator from providing valuable es-
timations. This paper introduces a mechanism to dynamically
update the arrival traces used by the co-simulator, enabling it
to better reflect current system behavior. These updated traces
are then used to obtain accurate QoS estimates and guide the
scheduling algorithm to improve QoS.

To ensure that the co-simulator provides a better estimation
of QoS parameters, we dynamically generate an arrival series,
represented as a time series of counts for each job type,
as the input trace to the co-simulator using a probabilistic
transformer. We also introduce an online adaptive framework
to adapt the arrival generation model to the dynamic envi-
ronment. This framework monitors the arrival series with a
change point detection module and fine-tunes the transformer
model when changes are detected.

We propose a hierarchical change detection structure based
on the theory in [6] as the detection module. While the original
framework effectively detects mean changes (location shifts),
it overlooks changes in variability (scale shifts), which are
common in real-world arrival traces, such as the Alibaba trace
[7]. To address this limitation, we introduce an extended data-
depth plus CUSUM (DD+-CUSUM) algorithm to detect both
increases and decreases in scale and form a hierarchical change
point detection algorithm (HCPD).

We also introduce CARSS: Co-simulated Adaptive
Recurrent Surrogate Scheduler, an AI-based scheduling algo-
rithm that predicts both immediate and future QoS metrics
based on scheduling decisions. It leverages arrival series fore-
casts from the proposed adaptive framework within a fog sys-
tem co-simulator, enabling the surrogate model to predict QoS
metrics for future steps accurately. The proposed scheduler
optimizes both short-term and long-term QoS metrics using
gradient descent to determine effective scheduling decisions.

Experiments on a real-world dataset show that our forecast-
ing framework enables more accurate co-simulation results
than offline artificial parameterization. HCPD detects and
estimates change points more precisely and with less delay
than Bayesian methods. The probabilistic transformer model
further improves arrival series forecasting, thereby enhancing
QoS estimation accuracy. Additionally, the online adaptive
mechanism refines the transformer model to produce lower
MAE in QoS estimation. Meanwhile, CARSS improves QoS
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by reducing energy consumption and accelerating task pro-
cessing on real-world workloads. The adaptive forecasting
framework also reduces system operational costs compared
to existing arrival prediction methods.

In summary, the key contributions of this paper are:
• We propose a non-parametric online change point detec-

tion algorithm that detects location and scale shifts and
estimates the change point.

• We design a probabilistic transformer model to forecast
the arrival series with a single forward pass.

• We develop an online adaptive arrival forecasting frame-
work that improves arrival prediction for co-simulators,
enabling more accurate QoS estimation in dynamic envi-
ronments.

• We introduce CARSS, a scheduler integrated with a co-
simulation and adaptive arrival forecasting framework, to
generate scheduling decisions that improve QoS in a fog
computing system.

This paper is structured as follows. We begin by discussing
related work in Section II. Section III defines the adaptive
prediction problem, and Section IV outlines the techniques
used in the proposed model. The proposed online adaptive
arrival series prediction model is detailed in Section V, fol-
lowed by the CARSS scheduler in Section VI. Section VII
presents the experiment settings and results, and we con-
clude in Section VIII. Compared to a preliminary version
of this work [8], this article utilizes the online adaptive
arrival forecasting framework and introduces the novel co-
simulated adaptive recurrent surrogate scheduler in Section VI.
Experimental results in Section VII show that the proposed
CARSS scheduler outperforms the baseline methods.

II. RELATED WORK

A. Co-simulation & Scheduling

The resource allocation and task scheduling problem aims
to identify optimal task-node pairs that satisfy constraints,
such as fulfilling an SLA, and optimize the considered QoS
parameters, such as response time. However, [9] shows that
finding the optimal scheduling policy for a set of tasks is
usually NP-hard. Consequently, most studies adopt heuristic
approaches to obtain near-optimal solutions that meet con-
straints and maintain high QoS. For example, [10], [11] present
task scheduling algorithms that minimize system operational
costs, such as energy consumption and device usage fees,
without violating SLAs.

Resource allocation and task scheduling have also been
studied as joint optimization problems. [12] jointly determines
computation offloading and transmission scheduling for delay-
sensitive applications, [13] makes reliability-aware offloading
decisions that balance energy against reliability, and [14]
schedules workflow applications across end-edge-cloud tiers.
AI/ML methods have also been applied to resource allocation
and task scheduling in fog computing. Several studies use deep
reinforcement learning to adapt to stochastic workloads by
learning a scheduling policy that predicts the reward for each
task–node pair [15], [16]. However, these RL models often
adapt slowly in real-world application scenarios [4].

Co-simulation supports scheduling by running a virtual
model of the system to predict the QoS of candidate decisions
before they are applied, as in COSCO and GOBI*, where
simulated QoS guides AI schedulers and improves decision ro-
bustness [4], [5]. However, these methods do not adapt to con-
cept drift in the arrivals. Other works use virtual or predictive
models, often named digital twins, to guide resource allocation
and adapt as conditions evolve [17]. For instance, [18] keeps
a virtual model of a human synchronized with its physical
counterpart through periodic federated retraining gated by a
quality-based validation process. [19] re-optimizes resource
allocation for reconfigurable intelligent surface-assisted in-
teraction with a prompt-guided decision transformer when
the scene changes, improving QoS under uncertain evolution.
[20] forecasts future requests at the edge and splits compute
between model retraining and inference under concept drift.
However, these works adapt to change by retraining on a fixed
schedule or reacting only to directly observed or time-based
signals. CARSS instead detects concept drift online through
hierarchical change-point detection, so it adapts only when
arrivals shift and keeps forecasts accurate without unnecessary
retraining.

B. Change Detection Test & Change Point Detection

Change detection tests (CDT) are used to identify abrupt
changes in time-series properties such as mean, variance, or
correlation. The cumulative sum (CUSUM) has been widely
used as an online change detection algorithm [21]. Traditional
CUSUM assumes prior knowledge of the distribution family
and its parameters, which often does not hold in practice.

Change point detection (CPD) is more challenging com-
pared to change detection since it aims both at detecting
and locating the occurrence of a change in a finite sequence
of data. [22] detects a change point by separating the time
series into two sub-series and finding the split point with the
maximum difference. Instead of using statistical tests, [23]
applies a kernel function, which projects the features to an
infinite-dimensional space, to measure the difference between
two sub-series. [24] introduces the Bayesian online change
point detection (BOCPD) to identify the changes in an online
fashion. However, this method requires assumptions on the
distribution family of the time series.

C. AI/ML-Based Time Series Forecasting

Forecasting has been widely applied in resource manage-
ment and scheduling [1]. Autoregressive integrated moving
average (ARIMA) is a traditional statistical model widely used
for time-series forecasting [25]. It assumes a linear correlation
between past and present observations at different time lags
and can also capture trends in non-stationary time series.
However, real-world time series may not always be captured
effectively by the recursive form assumed for time-series data
in autoregressive processes.

DL models are also used in time series analysis. Recurrent
neural network (RNN) architectures, such as vanilla RNN,
long short-term memory (LSTM) [26], and gated recurrent unit
(GRU) [27], are commonly used for time series prediction.
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Fig. 1: A dynamic Fog system with an adaptive digital-twin
co-simulator

They recurrently process the time series in order to capture
correlation features. DeepAR [28] uses an RNN structure to
model probabilistic features of the series and predict parame-
ters of the distribution. Although RNN models are effective for
modeling time-series data, RNN architectures are slow to train,
and their forecasting performance degrades as input length
increases.

The transformer model [29] is another popular architecture
for time-series forecasting. The attention mechanism in trans-
formers captures correlations across time instances. Moreover,
a transformer is faster to train than an RNN model. Some
transformer models, such as Longformer [30], SparseTrans-
former [31], and Transformer-XL [32], are designed for long
sequence forecasting. However, standard transformer models
are slow during inference because they predict one future
instance at a time and use the newly predicted value to make
the next prediction.

III. PROBLEM FORMULATION

We consider a dynamic Fog system that includes a digital-
twin co-simulator used to estimate system QoS, as shown
in Figure 1. We study a discrete-time scheduling problem
in which the Fog system receives tasks from a gateway
that collects tasks and sends them to the broker periodically.
The scheduling decisions are made by our proposed CARSS
scheduler using QoS estimates from the co-simulator. The
tasks are executed on the assigned hosts, and the actual QoS
is computed.

The distribution of the arrival process can change over time.
We wish to design a framework that predicts the number of
arrivals in L step ahead with the last t0 observation of arrivals
and adapts the prediction model when concept drift occurs on
the distribution of the arrivals. The prediction and adaptation
mechanism form our proposed framework.

We define the number of arrivals at time t as xt =
(x1

t , . . . , x
c
t) ∈ (Z∗)c, where xi

t is the number of class ith
tasks arriving at time t and c is the number of classes of jobs.
Here Z∗ denotes the set of non-negative integers. Thus, we
try to predict the future arrival series Xt0+1:t0+L = {xt, t =
t0 + 1, t0 + 2, . . . , t0 +L} denoting as prediction series, with
the latest observations series X0:t0 = {xt, t = 0, 1, . . . t0}
denoting as condition series. Instead of forecasting the exact
value of the prediction series, we model the distribution of the

prediction series P (Xt0+1:t0+L|h) with h as the parameters of
the distribution. We predict h with a neural network fθ from
the conditioning series X0:t0 so that h = fθ(X0:t0), where
θ refers to the parameters in the neural network. The goal
of our time series forecasting is to find θ that maximizes the
likelihood of the prediction series given the condition series.

The prediction model is trained on the historical arrival
trace. However, the model may fail to provide accurate pre-
dictions when the arrival distribution shifts. Therefore, we
introduce a change point detection mechanism within the
framework to detect changes in the arrival series. When a
change is detected, the prediction model is fine-tuned using
the most recent arrivals.

Considering an arrival series XT , we assume that it is
possible to separate the time series into two non-overlapping
partitions such that the distribution of each partition is dif-
ferent. The time instances that divide the time series are the
change points. Under this scenario, the change point detection
problem can be formulated as follows

xt ∼

{
Φ0 t < t∗

Φ1 t ≥ t∗
(1)

where Φ0 is the distribution of the arrivals before the change
occurs, Φ1 is the distribution after the location or scale shift,
and t∗ is the change point we want to identify.

IV. BACKGROUND

A. Hierarchical Change Detection Test

CUSUM-type change detection algorithms are effective and
have long been used in online change detection [21]. The
standard CUSUM-type algorithm cumulatively sums the log-
likelihood ratio at each time point. The paradigm detects
changes when the cumulative sum exceeds the preset control
limits. However, these CUSUM-type change detection algo-
rithms cannot estimate the exact change point in the series.

Hypothesis tests can be used to estimate the location of
the change point and are named change point methods. These
change point methods split the time series into two sub-series
and compute the statistical test value of the difference between
the sub-series. Hypothesis testing is performed on the splitting
using the maximum statistical test value. The splitting point
is estimated as the change point if the hypothesis test rejects
the null hypothesis. However, these methods cannot be applied
in online detection because performing the hypothesis test in
an online setting increases the probability of making a false
positive detection, known as sequential testing issues [33].

To address this, [6] proposes a hierarchical change detection
test (HCDT), that combines CUSUM change detection algo-
rithms and hypothesis change point methods. HCDT monitors
the time series with the CUSUM algorithm. If the new data
triggers the CUSUM detection, HCDT performs a hypothesis
test using the change point method to validate the detection.
The HCDT framework does not perform hypothesis testing
at every step to prevent sequential testing issues. Meanwhile,
validating the CUSUM detection using the hypothesis change-
point method can further reduce false-positive detection.
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B. ProbSparse Attention
The transformer model has been widely used for processing

time-series data and has achieved significant success across
many domains. The attention mechanism introduced in [29]
plays a vital role in the transformer model. The attention
module takes query Q ∈ RLQ×dm , key K ∈ RLK×dm and
value V ∈ RLV ×dm as inputs, where LQ, LK and LV

represent the length of the corresponding series and dm is
the dimension of an instance in the input series. The attention
function is formulated as

A(Q,K,V) = Softmax
(
QKT

√
dm

)
V (2)

The output of the attention function A is the weighted sum
of V, where the weights are calculated from the dot product
between Q and K, followed by the softmax function applied
row-wise.

Some of the previous works [30], [31] have noted that the
attention weights of query qi have potential sparsity, which
means only a few dot-product pairs (qi, kj) with large weight
contribute to the attention, where qi and kj are the ith row
and jth row of query Q and key K respectively. In this
scenario, the attention function should extract key features
from the value V with dominant weights. On the contrary,
the attention function reduces to computing the mean of the
vector V when the attention weights are identical. Calculating
attention becomes trivial in this context, reducing processing
speed and increasing memory usage when processing long
sequences.

The ProbSparse attention defines a query sparsity measure-
ment to evaluate the potential sparsity of a query qi [34].
Following the formulation in [35], the attention weight of
a dot-product pair (qi, kj) can be written as a conditional
probability p(kj |qi). If sparsity does not exist in the attention
weights, the attention weights would be close to a uniform
distribution, i.e., q(kj |qi) = 1/LK . The Kullback-Leibler
divergence KL(q||p) can be used to measure the distance
between the attention probability p(kj |qi) and the uniform
distribution q(kj |qi). KL divergence increases when sparsity
exists in the attention weights, and it decreases when the
attention weights are identical. Therefore, KL divergence can
represent the sparsity of the attention weights for qi. The
sparsity measurement of qi is defined as

M(qi,K) = max
j

(
qik

T
j√

dm

)
− 1

LK

LK∑
j=1

qik
T
j√

dm
(3)

To reduce the calculation on dot-product pairs, ProbSparse
attention randomly selects lnLK keys to calculate the sparsity
measurement for a query qi. The queries with the top ρ lnLQ

measurement are selected and form the new query matrix Q̄
and replace the original query Q in Eq. 2, where ρ is a tunable
sampling factor.

V. ADAPTIVE ARRIVAL PREDICTION MODEL

In this section, we present a hierarchical framework to
predict a long-term arrival series for the co-simulator to
estimate performance metrics of new arrival tasks under the
default scheduling policy.

A. Non-parametric Hierarchical Change Point Detection

HCDT is an effective framework for detecting changes in
an online scenario. However, HCDT still requires assumptions
on distribution parameters and can only detect changes in
location. Furthermore, our framework requires knowledge of
when the change happens to adapt the prediction to the latest
valid data. Therefore, we develop a nonparametric change-
point detection method within the HCDT paradigm that esti-
mates change points by detecting both changes in location and
scale. We refer to the proposed method as hierarchical change
point detection (HCPD).

To detect both location and scale shifts in the time series,
we apply MCUSUM and DD+-CUSUM change detection
algorithms. MCUSUM, presented in [36], is a non-parametric
location shift detection algorithm. It replaces the log-likelihood
ratio with the difference between the new observation and the
sample mean and sets the control chart on the sum of these
differences. DD-CUSUM [37] can be used to detect the scale
increase. However, the original work does not account for
a decrease in scale shift. To address this issue, we propose
an extended version of DD-CUSUM named data-depth plus
CUSUM (DD+-CUSUM) to detect both increase and decrease
shifts in scale.

The data depth R statistic measures the distance between an
observation and the mean of a distribution. Given observed xt

and historical data set {y1, . . . ,yn}, the sample data depth is
defined as

DDΦ̂0
(xt) = 1− 1

n

∥∥∥∥∥∥
n∑

i=1,yi ̸=xt

U(xt − yi)

∥∥∥∥∥∥ (4)

where Φ̂0 represents the empirical distribution of the data, and
the operation U(x) = x

||x|| . Thus, DDΦ̂0
(x) is close to 0 if

the observation x is far away from the center of the empirical
distribution Φ̂0. On the contrary, DDΦ̂0

(x) becomes large and
attains the maximum value 1 if the observation is near the
center of Φ̂0.

The original DD-CUSUM algorithm only considers the
increase of the scale by cumulatively summing the estimated
R calculated from

R+

Φ̂0
(xt) =

∑n
i=1 I(DDΦ̂0

(yi) ≤ DDΦ̂0
(xt))

n
(5)

which is the count of historical data with a smaller depth than
the new observation, where I(·) is the indicator function. If
the new observation xt is near the center of the historical data
set yi, the data depth of xt would be greater than most of the
historical data, which leads to a large R statistic value. Hence,
1 − R+

Φ̂0
(xt) can represent the distance between xt and the

empirical distribution of the historical data.
To detect a decrease in scale, we first estimate the negative

R statistic by counting historical data points with larger data
depth than the new observation. The negative estimate can be
represented as

R−
Φ̂0

(xt) =

∑n
i=1 I(DDΦ̂0

(yi) ≥ DDΦ̂0
(xt))

n
(6)
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Fig. 2: The architecture of the probabilistic transformer

Then, DD+-CUSUM cumulatively sums both positive and
negative R statistic measures, and the control chart is per-
formed on the one with the maximum value. The complete
DD+-CUSUM can be formed as follows:

S+
t = max(0, S+

t−1 + (1− R+

Φ̂0
(xt))− k) (7)

S−
t = max(0, S−

t−1 + (1− R−
Φ̂0

(xt))− k) (8)

St = max(S+
t , S−

t ) (9)

where k is the reference allowance that controls detection
sensitivity and h is the alarm boundary on the accumulated
statistic St, where a larger k or h reduces false alarms but
lengthens the detection delay [38]. DD+-CUSUM detects a
change when St > h.

The MCUSUM and DD+-CUSUM monitor the arrival
simultaneously and store the new observation in a buffer with
a fixed size. The buffer drops the oldest observation and adds
the newest one when it reaches its size limit. HCPD detects a
potential change if either one of these two CUSUM algorithms
raises a detection flag.

Once the detection algorithms trigger the alarm, a validation
module uses the Lepage-type (LP) hypothesis test [39], which
can detect both location and scale shifts, to validate the change
and estimate the change point with the stored data in the buffer.
We compute the LP test value for every possible split and
perform a hypothesis test on the one with the maximum. If the
LP test confirms the change, we set the splitting point with the
maximum statistical test value as the estimated change point.

B. Arrival Series Forecasting

We design a transformer-based encoder-decoder model with
the ProbSparse attention as the self-attention module to predict
the long-term arrival series. The overall structure of our
transformer model is shown in Figure 2.

1) Encoder: The encoder takes the arrival series and time
features as input. The time features of the arrival series
are represented as a vector and concatenated with the input
arrival series as additional features. The input series is first
processed with a 1-D convolution layer to project the input
series X ∈ RLenc×c into a high-dimensional space so that

Xenc ∈ RLenc×dmodel . The projected series is processed with
a positional encoding layer to incorporate temporal order.

The encoder contains multiple self-attention blocks. In each
self-attention block, the input is processed with a multi-head
self-attention module with ProbSparse attention. The multi-
head self-attention projects the encoded input Xenc to multiple
queries Q and key-value pairs K-V so that these projected
vectors contain different information that the attention should
focus on. The output of the multi-head self-attention module is
added to the input of the attention module as a residual block
[40] so that the loss can back-propagate through the attention
module or directly pass to the input.

2) Decoder: In a standard encoder-decoder transformer
model, the decoder takes the encoder output and a start token
or the previous predictions as input and produces the next
prediction. However, the previous predictions are unavailable
at the beginning of the co-simulation scenario. Meanwhile, the
model needs to have fast inference to avoid long scheduling
times. Unlike [34], which adds zero paddings to the input
of the decoder to make predictions simultaneously, we set a
sequence of learnable parameters with the length of maximum
prediction Lmax to replace the zero paddings. In the meantime,
a subsequence of the encoder input series of length Lstart

serves as the decoder start token. Therefore, the start subse-
quence and the learnable padding parameters form the input
series of the decoder Xdec ∈ R(Lstart+Lmax)×dm . Timestamps
are also added as time features to the corresponding inputs.

The decoder also has multiple layers. In each layer, Xdec is
first processed with a multi-head masked ProbSparse attention.
The masked dot product prevents each position from receiving
information from future positions. The self-attention output
serves as the query for the cross-attention layer, and the
encoder output forms the key-value pairs. The decoder can
therefore receive the history series and process it along with
the decoder input to predict future arrivals.

3) Distribution Prediction: The arrival series represents
the number of tasks that are integers at each timestamp.
Commonly, the standard outputs of a DL model are continuous
real numbers. To address this issue, one can round the output
to the nearest integer, but this rounding can lose information
and ignore the distribution feature of count data. Instead of
directly predicting the number of future arrivals, we predict
the parameters of the distribution of future arrivals. Since
the arrival series is a sequence of positive counts whose
variance can exceed its mean, our transformer model predicts
the parameters of a negative binomial distribution. Unlike a
Poisson distribution, which assumes equal mean and variance,
the negative binomial captures the bursty arrivals in our traces.
The probability of the arrival number of class ith tasks at time
t can be represented as

p(x|µ, κ) =
Γ(x+ 1

κ )

Γ(x+ 1)Γ( 1κ )

(
1

1 + κµ

) 1
κ
(

κµ

1 + κµ

)x

(10)

where µ ∈ R+ is the mean and κ ∈ R+ is the shape parameter
of the corresponding negative binomial distribution. Therefore,
the decoder output is passed through two independent fully
connected linear layers with a softplus activation function
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Algorithm 1 Adaptive Arrival Prediction Framework

Require: History series Xhis, input length Lin, prediction
length Lpred, fine-tuning length Lfine, buffer B with fixed
length, sampling number Nsample

1: Initialization: HCPD, Probabilistic Transformer fθ
2: Apply HCPD to detect change point on Xhis

3: Sample change-point free series from Xhis

4: Train fθ with change-point free series
5: Fine-tuning flag g ← False
6: while xt is available at t do
7: Update B with xt

8: if HCPD detects a change point with xt then
9: Estimated change point t̂

10: g ← True
11: Update B← B[t̂ : t]

12: if g then
13: if len(B) > Lfine then
14: Sampling fine-tuning data from B
15: Fine-tuning fθ
16: g ← False

17: Predict µ̂, κ̂← fθ(Xt−Lin:t)
18: Sample Nsample arrival series with µ̂, κ̂

to predict µ̂ and κ̂. The transformer model is trained by
minimizing the negative log-likelihood function.

C. Adaptive Arrival Series Prediction Framework

In real-world systems, the distribution of task arrivals may
change over time. A DL model trained with historical ar-
rivals may struggle to adapt its predictions to unseen arrival
distributions without additional assistance. The prediction of
the new arrival distribution might not be as good as the
seen one. This can reduce simulation accuracy and negatively
affect scheduling, thereby affecting migration and allocation
decisions. One solution is to fine-tune and update the DL
model when a new observation becomes available.

The procedure of the online adaptive arrival prediction
framework is presented in Algorithm 1. Suppose we have a
dataset of the historical data Xhis. Before the online procedure
(lines 1-5), HCPD is used to find the change points in Xhis.
The training series is generated from Xhis, excluding those
containing change points. The series with change points con-
tains arrivals from different distributions, which increases the
difficulty for the transformer to learn to predict the parameters
of future arrivals, as it must recognize the change point
position and focus only on data after it. Therefore, we sample
the change-free series to enhance the training procedure.

During the online prediction (lines 6-18), the framework
observes a new arrival xt and saves it in the buffer. Once
HCPD detects a change point t̂, the framework updates the
buffer B to include arrivals after t̂ and raises a flag for
the transformer to execute the fine-tuning procedure. In the
fine-tuning procedure, the framework first checks the buffer
length (line 13). If the buffer contains sufficient data, the
framework generates fine-tuning samples from it and fine-

tunes the transformer (lines 14-15). Otherwise, the framework
defers fine-tuning to gather additional data.

The transformer predicts the parameters µ̂, κ̂ of the future
distributions with series Xt−Lin:t obtained from B (line 17).
Finally, the framework uses Monte Carlo sampling to generate
Nsample arrival series with the predicted parameters, each with
length Lpred (line 18).

To estimate future QoS, the system integrates a co-simulator.
This coupled co-simulator runs simulations using the predicted
arrival series, schedules them with a predefined scheduler, and
computes QoS estimates based on the mean of the simulation
results. We denote the co-simulation QoS as Qsim

t:t′ , where t′

represents the last interval required to complete the execution
of the tasks scheduled at time t.

VI. CO-SIMULATED ADAPTIVE RECURRENT SURROGATE
SCHEDULER

In this section, we introduce CARSS, a co-simulated adap-
tive recurrent surrogate scheduler that integrates a deep re-
current neural network surrogate model to predict system
QoS metrics and to derive scheduling decisions based on
these predictions. Since we consider a discrete-time scheduling
problem, the scheduling interval t refers to the period from
time t until the start of interval t+ 1.

Before detailing CARSS, we introduce the QoS metrics
considered in this study. Specifically, we evaluate three QoS
metrics: energy consumption (EC) of the system over the
scheduling interval t, average response time (ART), and aver-
age service-level agreement violation (ASLAV), all computed
up to the end of interval t for tasks scheduled at t.

The EC for interval t is defined as the total energy consumed
by the hosts in the system over interval t

ECt =

Nhost∑
i=1

Energy
(i)
t (11)

where Nhost is the number of hosts and Energy
(i)
t is the

energy consumed by the ith host during interval t, measured
in kJ. The ART for time t is given as

ARTt =
1

Ntask

Ntask∑
i=1

rt
(i)
t (12)

where Ntask is the number of tasks that need to be scheduled
at the beginning of interval t, and rt

(i)
t is the response time of

the i-th task, measured up to the end of interval t. The ASLAV
is formulated as

ASLAVt =
1

Ntask

Ntask∑
i=1

max(rt
(i)
t − sla(i), 0) (13)

where sla(i) is the maximum response time contractually
stipulated in the SLA of the i-th task.

Existing studies, such as [4], [15], mainly focus on op-
timizing QoS metrics within the current scheduling period
and do not account for the long-term effects of scheduling
decisions. In contrast, the objective of CARSS is to optimize
both immediate and long-term QoS. To achieve this, we
incorporate a digital twin co-simulator of the fog system to
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Fig. 3: The architecture of the recurrent surrogate model

estimate long-term QoS metrics. For each scheduling interval
at time t, CARSS uses the predicted arrival series as input
to the co-simulator to estimate the long-term QoS metrics
Qsim

t:t′ . These estimated QoS metrics provide information about
future system behavior that guides the scheduler and helps to
optimize both short-term and long-term QoS objectives.

A. Recurrent Surrogate Model

Metaheuristics such as Tabu search and genetic algorithms
with co-simulation tend to be slow for real-time use, as they
require multiple simulation runs. To address this, we introduce
a recurrent surrogate model that predicts system QoS given
the scheduling decision Dt at step t. Moreover, this surrogate
model integrates an RNN, which takes Qsim

t:t′−1, from the co-
simulator and predicts the QoS over the next t′ steps, denoted
as Q̂t:t′ , when decision Dt is applied. Here, t′ represents the
last interval required to complete the execution of the tasks
scheduled at time t, which can be determined through co-
simulation.

The recurrent surrogate model consists of two components:
the left-hand side of Figure 3 encodes features of tasks Tt,
hosts Ht and scheduling decision Dt, while the right-hand side
is an RNN that takes the encoded features and simulated QoS
as input to model temporal dependencies and predict future
QoS.

Host features Ht include utilization metrics such as instruc-
tion per second (IPS), CPU frequency, RAM, Disk, and Band-
width consumption. Task features Tt include CPU utilization,
RAM and storage requirements, SLA, and the total execution
time. The sequence of tasks and hosts is first processed through
a linear layer with softplus activation to encode them into a
unified feature space.

The scheduling decision Dt is represented as a matrix of
one-hot vectors of size Nhost × Ntask. An entry d

(ij)
t = 1

indicates that task j is assigned to host i. Based on this deci-
sion matrix, the model aggregates task encodings to form task
hosting features for each host and selects the corresponding
host encoding as an additional feature for each task.

Therefore, for each host, the aggregated task encoding is
computed as T a

t = Dtϕ(Tt), where T a
t represents the ag-

gregated task encoding, and ϕ(Tt) denotes the task encoding.
The aggregated task encoding is then concatenated with the
corresponding host encoding to form the combined latent
features ϕ(Ht)||T a

t , where || is the concatenation operation.

Algorithm 2 CARSS

Require: Iteration limit σ; Convergence Criterion C.
1: Run Algorithm 1 to obtain Nsample arrival series
2: Run co-simulation to obtain Qsim

t:t′−1.
3: Initialize Dt, i← 0, O∗ ← +∞
4: while i < σ and ¬C do
5: D1

t ← Gumbel-softmax(Dt)
6: Compute objective O with recurrent surrogate model
7: Update Dt with gradient descent
8: i← i+ 1
9: if O < O∗ then

10: D∗
t ← D1

t , O∗ ← O
return D∗

t

Similarly, for each task, the corresponding host encoding is
selected as Ha

t = DT
t ϕ(Ht), where Ha

t is the aggregated host
encoding and ϕ(Ht) is the host encoding. The selected host
encoding is concatenated with the corresponding task encoding
to form the combined latent features ϕ(Tt)||Ha

t .
As the task number varies across intervals, we pad the

task set to a fixed maximum size. The concatenated task
and host encodings, together with the decision matrix, are
then flattened and combined into a system feature tensor of
fixed width. This tensor is processed through multiple linear
layers with softplus activation to generate an encoded system
representation, which serves as input to a prediction head that
estimates the QoS metrics Q̂t (EC, ART, and ASLAV) at step
t. We set the dimension of this representation to the GRU
hidden state, so it also initializes the hidden state of the GRU
and lets the model capture temporal dependencies for future
QoS prediction regardless of the number of active tasks.

An RNN is used to predict future QoS rather than a
transformer-based model, as it is more efficient and better
suited to incorporating system embeddings as hidden states in
this scenario. The RNN input consists of the simulated Qsim

t:t′−1

obtained from the co-simulation, along with the corresponding
predicted mean parameter µ̂t+1:t′ . The RNN outputs are
processed through a prediction head to estimate QoS at the
future Q̂t+1:t′ when decision Dt is applied. In the proposed
model, we employ a GRU as the RNN component because
it can control how much information is retained or discarded
from the hidden state.

The recurrent surrogate model is trained using mean squared
error (MSE) loss between the predicted Q̂t:t′ and actual
QoS values. To construct the training dataset, fog system
simulations are performed using various schedulers, including
Random, MAD-MC [10], LR-MMT [41], and GOBI [4]. At
each step, host and task features, scheduling decisions, and
observed QoS metrics are recorded. These training data will
first be used to train the system embedding, as shown on the
left-hand side of Figure 3. The training data obtained from
the scheduler employed in the co-simulation is further used to
train the RNN.

B. Scheduling Optimization

The procedure of CARSS to obtain a scheduling decision
is presented in Algorithm 2. For each scheduling step, the
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adaptive arrival prediction framework is applied to generate
Nsample arrival series. The coupled simulator then executes
simulations using these sequences, obtaining the estimated
Qsim

t:t′−1 (line 1-2).
The initial scheduling decision Dt is derived from the task

assignments. For tasks already running in the system, the one-
hot vector encodes their current host assignment. For new
tasks, the one-hot vector is randomly initialized. Given the
selected task and host features, the scheduling decision Dt,
and Qsim

t:t′−1, the recurrent surrogate model predicts the QoS.
The optimization objective function is formulated as

O =

t′∑
i=t

αECi + βARTi + ωASLAVi (14)

where α, β and ω are non-negative weights with α+β+ω = 1.
The scheduler aims to minimize O by adjusting the scheduling
decision Dt. Since Dt is an input to the recurrent surrogate
model, back-propagation can be applied to compute the gra-
dient of O with respect to Dt. Therefore, the decision matrix
Dt is updated using gradient descent Dt = Dt − γ∇Dt(O),
where γ is the learning rate (line 7).

However, direct gradient updates result in a decision matrix
Dt that no longer consists of one-hot vectors, which can
reduce the accuracy of the prediction of the surrogate model.
To restore a valid one-hot vector representation, we apply the
Gumbel-softmax function [42], defined as

yij =
exp((log(d

(ij)
t ) + bi)/τ)∑Nhost

k=1 exp((log(d
(kj)
t ) + bk)/τ)

(15)

where d
(ij)
t is the score for assigning task j to host i from

Dt and bi is sampled from a Gumbel(0, 1) distribution.
The hyperparameter τ controls the sharpness of the output
distribution. The Gumbel-softmax can approximate the argmax
function as τ → 0. During the forward pass, an argmax
operation is applied to the Gumbel-softmax output to obtain
the one-hot vector, forming a valid decision matrix D1

t from
Dt for QoS prediction (line 5). In the backward pass, gradients
flow through the Gumbel-softmax while bypassing the argmax
operation, allowing the scheduling decision Dt to be updated
via back-propagation.

This iterative update process continues until Dt converges or
reaches the maximum allowed iterations. The one-hot decision
matrix D1

t corresponding to the smallest loss O∗ is selected
as the final scheduling decision.

VII. EXPERIMENTAL RESULTS

A. Dataset

1) Synthetically Generated Dataset: The synthetically gen-
erated dataset contains a sequence with 12000 observations
and 20 change points, derived from a negative binomial distri-
bution. By adjusting the count number n and the shape factor
p, we can control the mean and variance of the observations.
The gap between two consecutive changes is at least 400 steps
and at most 1000 steps. The n and p are initialized as 50 and
0.5, respectively, and n is increased or decreased by 25 or
50 at each location shift. The shape factor is chosen from 0.1

and 0.5 to simulate the scale shift. Each observation represents
arrivals gathered by the gateway over a 60-second period.

2) Alibaba Trace Dataset: We use the 2018 Alibaba arrival
trace [7] as a real-world application dataset to evaluate our
model since the arrival of tasks exhibits random changes. This
dataset records data from over 4000 machines across 8 days.
To simplify without losing generality, we focus on arrivals
to the first 50 machines by ID. The trace comprises 12 task
classes. We count the arrivals for every 60 seconds as one
observation, forming a trace of 11219 observations.

For both datasets, the first 7000 steps form the training split
and the remaining steps form the evaluation split. Trainable
models are fit on the training split, and all schedulers are
assessed on the evaluation split.

B. Experiment settings

1) COSCO Simulation Framework: We use the COSCO
framework presented in [4] as the simulator because it is
explicitly designed for discrete-time Fog system simulation.
Tasks are generated from a given arrival series, and their
characteristics, including CPU usage, RAM demand and disk
requirements, are derived from the BitBrain workload trace
[43]. A scheduling broker allocates these tasks based on a
specific scheduling algorithm. COSCO executes the assigned
tasks in the respective simulated hosts within a specified
interval and records the QoS metrics. In our experiments, we
simulate a fog environment with 300 heterogeneous machines
configured according to the Azure B2s, B4ms, and B8ms
instance types. Specifically, we simulate the fog nodes with
60 Azure B2s, 60 Azure B4ms, and 30 Azure B8ms. At the
same time, we treat the same Azure machine configuration as
cloud nodes located far from the fog layer. We also model the
latency and network characteristics between the fog and cloud
environments in the simulator, following the network model
of COSCO [4]. Cloud nodes have a higher link latency than
fog nodes, so placing a task on a cloud node adds a transfer
delay that increases response time. We report the machine and
network configuration in Table S1 of the online supplement.

2) Baseline Models: Three statistical prediction models:
mean prediction, moving average (MA), and auto-regressive
integrated moving average (ARIMA) [25] are selected as
the baselines in the arrival forecasting experiment. We also
consider two widely used deep learning based time series
forecasting models, LSTM and DeepAR [28]. For all models,
the most recent 50 observations are used as history data, which
we refer to as the reference series. Each model is fitted to the
reference series to predict the next 25 steps.

We evaluate the performance of CARSS by comparing it
against three different scheduling approaches. Two heuristic-
based schedulers are considered. The first, MAD-MC, calcu-
lates the median absolute deviation of CPU utilization with
the maximum correlation to other tasks [10]. The second,
LR-MMT, employs linear regression to predict the overloaded
hosts and migrates tasks to the host with the shortest migration
time [41].

Additionally, we compare our approach with GOBI, a deep
learning-based scheduler [4]. Similar to our method, GOBI
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uses a surrogate model to predict system QoS and applies
gradient-based optimization to schedule resources. GOBI is
trained on the training split of the workload traces. However,
unlike our method, it lacks both a long-term perspective and
online adaptation, which limits its performance.

3) Adaptive Arrival Forecasting Framework: The HCPD
threshold is also selected to achieve an ARL of 500 using the
same experiments as for the baseline change point detection
models. The probabilistic transformer contains 6 encoder self-
attention layers and 6 decoder layers, each with a hidden
dimension of 512. The model receives a history sequence of
length 50 as the reference series and uses the last 25 steps as
the start subsequence to forecast the arrival parameters for the
next 25 steps.

4) CARSS: To train the recurrent surrogate model, we
generate training data by running the GOBI scheduler for
7000 steps on the simulator. Here, the trained GOBI scheduler
serves only as a data-generation policy that produces the QoS
traces used to train the recurrent surrogate. The α, β and
ω in the loss function (Eq.14) are set to 0.2, 0.4 and 0.4
respectively. To balance scheduling time and convergence,
we set the maximum iteration σ to 100, and convergence is
reached when the one-hot decision matrix remains unchanged
for 50 iterations. During the update procedure, the learning rate
γ is set to 0.1, while the hyper-parameter of Gumbel-softmax
τ is initialized at 0.5 and decreases by 1% per iteration until
it reaches 0.1.

C. Evaluation Metrics

1) Arrival Prediction Evaluation Metrics: When evaluating
the performance of the arrival prediction models, we calculate
the mean absolute error (MAE) between the QoS of simula-
tions run with predicted traces and those with true arrivals.

2) Scheduler Evaluation Metrics: In addition to the QoS
metrics discussed earlier, which are EC, ART, and ASLAV,
we also consider the operational cost of the system when
comparing the performance of different schedulers. The total
cost consists of two components, the energy consumption
cost, measured in US dollars, and the compensation paid
to customers for SLA violations. The electricity price for
the industrial sector in the United States is approximately
$0.0853 per kWh1. The energy consumption cost, Cenergy, is
calculated by converting the per-interval energy consumption
from kJ to kWh and multiplying the result by the electricity
price.

The SLA violation penalty is determined by the extent of
the delay beyond the SLA. We set the maximum penalty at $50
per task, with the actual compensation computed as a fraction
of this amount based on the violation severity. The penalty for
the i-th task exceeding its SLA is formulated as

C
(i)
sla =

max(rt(i) − sla(i), 0)

sla(i)
· Cmax (16)

1Source: Statista, U.S. industrial electricity price (2024).

TABLE I: The MAE of ART and ASLAV estimated with
forecasting models on Synthetic trace and Alibaba trace

Dataset Synthetic trace Alibaba trace
ART ASLAV ART ASLAV

Mean 24.97 4.58 40.33 18.59
MA 24.17 4.27 52.84 23.57
ARIMA 26.16 7.45 47.87 22.96
LSTM 25.70 6.61 38.72 16.81
DeepAR 24.70 5.47 35.87 14.31
NonAdapt 24.72 5.38 34.87 12.68
Adaptive 15.28 3.09 31.74 11.21
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Fig. 4: The CDFs of the absolute error of the QoS metrics on
synthetically generated trace

where C
(i)
sla is the penalty incurred for an SLA violation, and

Cmax is the maximum penalty per task. Therefore, the total
operational cost of the system at each step is given by

C = Cenergy +

Ntask∑
i=1

C
(i)
sla (17)

Operational cost is calculated at each scheduling interval, and
the mean operational cost is considered as one of the QoS
metrics in the experiments.

D. Results

1) Framework evaluation: To evaluate the performance of
our proposed online adaptive framework, we run simulations
using a first-come, first-served (FCFS) with Round-Robin
strategy with a synthetically generated trace and the Alibaba
arrival trace, starting at the 7000th step, with ART and ASLAV
as sample labels at each step. The framework and five baseline
models make forecasts at each step. We also evaluate the
effect of the adaptive mechanism by removing HCPD and
the fine-tuning procedure from the framework, resulting in a
model without adaptation. The digital-twin co-simulator runs
simulations using predicted arrivals to estimate the ART and
ASLAV for the corresponding step. The performance of the
model is measured by the mean absolute error between the
estimated ART and ASLAV and their true values.

Table I shows the MAE of the ART and ASLAV estimated
by the co-simulator with arrivals estimated by the corre-
sponding models. Our model outperforms the baseline models,
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Fig. 5: The CDFs of the absolute error of the QoS metrics on
Alibaba trace

achieving a 37% lower MAE for ART and a 28% lower MAE
for ASLAV on the synthetic trace. In addition, the proposed
model achieves the best performance, with MAE 11% and
22% lower on ART and ASLAV, respectively, on the Alibaba
trace.

Figures 4 and 5 show the cumulative distribution function
(CDF) of the absolute error of ART and ASLAV on the
synthetic trace and Alibaba trace. These figures show that
most of the traces predicted by the proposed model can well
represent future arrivals. Therefore, the QoS estimated by the
simulator using the adaptive framework is more accurate than
that of the other baseline methods.

These tables and figures also show that the adaptation mech-
anism enables the arrival forecasting model to adapt to concept
drift in the arrival trace. The MAE of ART and ASLAV
estimated with the adaptive framework is 38% and 42% lower
than that without the adaptation mechanism (NonAdapt) on
the synthetic trace, and 9% and 12% lower when tested on
the Alibaba trace. The adaptive framework is also more robust
than the non-adaptive one.

We evaluate the complexity of the adaptive framework by its
average prediction time, inclusive of fine-tuning. The MA and
ARIMA models take 0.074 and 0.083 seconds, respectively,
on the synthetic trace, and 0.081 and 0.087 seconds on the
Alibaba trace. Our adaptive framework takes 0.072 seconds
on the synthetic trace and 0.094 seconds on the Alibaba trace.
The processing speed of our framework is comparable to MA,
15% faster than ARIMA on the synthetic trace, but 13% and
7% slower than MA and ARIMA on the Alibaba trace due to
more frequent change detection and fine-tuning.

2) Scheduler evaluation: Table II shows the EC, ART and
ASLAV of CARSS and three baseline schedulers, MAD-MC,
LR-MMT and GOBI, after simulating on both the synthetic
trace and the Alibaba trace. We also report the performance of
the system using the naive Round-Robin scheduler. Regarding
EC, CARSS reduces energy consumption compared to MAD-
MC and maintains a similar level to LR-MMT and GOBI.
Specifically, it reduces EC to 1689.50 kJ and 1688.57 kJ,

TABLE II: QoS metrics of schedulers on Synthetic trace and
Alibaba trace

Dataset Methods EC (kJ) ART (s) ASLAV (s) Cost ($)

Synthetic

Round-Robin 1839.27 646.31 7.0138 10.244
MAD-MC 1810.66 527.71 0.2407 0.3931
LR-MMT 1737.54 524.25 0.1860 0.3118
GOBI 1703.63 512.78 0.2691 0.4318
CARSS 1689.50 485.53 0.0042 0.0461

Alibaba

Round-Robin 1835.83 765.55 29.5620 52.2986
MAD-MC 1826.62 541.42 10.2390 15.6006
LR-MMT 1753.05 543.85 10.4768 15.9615
GOBI 1731.91 529.75 4.2725 6.5338
CARSS 1688.57 486.43 0.7372 1.1604

TABLE III: Average scheduling time by scheduler type.

MAD-MC LR-MMT GOBI CARSS
Synthetic 0.03s 2.13s 0.61s 1.09s
Alibaba 0.05s 2.20s 0.63s 1.29s

which are improved by up to 6.6% and 7.5% on the Synthetic
and Alibaba traces, respectively.

Additionally, our approach significantly improves ART and
ASLAV. Specifically, on the Synthetic trace, our method re-
duces ART to 485.53 seconds, lower by up to 8.0%, and attains
the lowest ASLAV of 0.004 seconds among all schedulers.
On the Alibaba trace, our method achieves an ART of 486.43
seconds, a reduction of up to 10.6%, and again the lowest
ASLAV at 0.74 seconds, against 4.27 to 10.48 seconds for
the baselines.

These results demonstrate the effectiveness of CARSS in
minimizing task energy consumption and response time across
diverse workload conditions. Furthermore, CARSS attains the
lowest mean operational cost on both traces. It costs $0.05
against $0.31 to $0.43 for the baselines on the synthetic trace,
and $1.16 against $6.53 to $15.96 on the Alibaba trace.

Table III shows the average scheduling time2 of each
scheduler. CARSS requires 1.09 and 1.29 seconds to obtain
a scheduling decision on the Synthetic trace and Alibaba
trace, respectively, whereas LR-MMT takes more than two
seconds. Although MAD-MC and GOBI make scheduling
decisions faster than CARSS, the QoS achieved with CARSS
is substantially better and the resulting QoS metric is much
lower. The overhead of about one second is small relative to
the scheduling interval, during which many tasks are allocated.
This overhead is the cost of the additional optimization that
lowers ART, ASLAV, and operational cost. We therefore
consider it acceptable for online scheduling in a large-scale
fog system.

3) CARSS with different arrival forecasting methods: We
further evaluate the effectiveness of the proposed adaptive
arrival prediction framework by comparing QoS metrics with
CARSS integrated with the Mean, MA, ARIMA, LSTM, and
DeepAR predictors.

The results in Table IV show that CARSS, combined with
the adaptive arrival prediction framework, achieves lower ART
on both the synthetic and Alibaba traces, and the lowest

2Experiments are performed on a system with configuration: AMD Ryzen
7 5700X, Nvidia RTX 4080
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TABLE IV: QoS metrics of CARSS integrated with various
arrival prediction methods on the Synthetic and Alibaba traces

Dataset Methods EC (kJ) ART (s) ASLAV (s) Cost ($)

Synthetic

Mean 1703.45 496.09 0.0023 0.0438
MA 1702.09 495.01 0.0016 0.0427
ARIMA 1704.22 496.84 0.0026 0.0441
LSTM 1699.27 489.68 0.0061 0.0491
DeepAR 1693.62 488.69 0.0067 0.0498
NonAdapt 1694.39 489.36 0.0029 0.0444
Adaptive 1689.50 485.53 0.0042 0.0461

Alibaba

Mean 1710.75 501.44 1.5361 2.3748
MA 1714.00 506.74 1.9847 3.0567
ARIMA 1711.70 502.49 1.6970 2.6194
LSTM 1706.17 500.68 1.7192 2.6537
DeepAR 1704.42 499.69 1.6851 2.6012
NonAdapt 1710.86 498.81 1.2579 1.9521
Adaptive 1688.57 486.43 0.7372 1.1604

ASLAV on the Alibaba trace, compared to the baseline arrival
prediction methods. On the synthetic trace, the ASLAV of
every method is negligible, below 0.01 s. Specifically, on the
synthetic trace, the adaptive framework yields reductions of
up to 2.3% in ART, while its ASLAV stays at the same
negligible level as the baselines. On the Alibaba trace, the ART
improvement reaches up to 4.0%, and the adaptive framework
attains the lowest ASLAV at 0.74 s, against 1.54 to 1.98 s
for the baselines. Meanwhile, the proposed approach reduces
energy consumption by up to 0.9% on the synthetic trace and
1.5% on the Alibaba trace. Moreover, the adaptive framework
yields the lowest operational cost on the Alibaba trace, with a
cost of $1.16 compared with $2.37 to $3.06 for the baselines.
On the synthetic trace, all costs are small and comparable,
ranging from $0.043 to $0.050, because ASLAV remains close
to zero, and the resulting cost differences are marginal.

In addition, the proposed prediction model with an adaptive
mechanism improves CARSS performance, reducing ART by
0.8% on the synthetic trace, and reducing ART by 2.5%
while lowering ASLAV from 1.26 s to 0.74 s on the Alibaba
trace. These results demonstrate that accurate future QoS
predictions enable the scheduler to make better scheduling
decisions, leading to faster task processing while reducing
energy consumption by 0.3% on the synthetic trace and 1.3%
on the Alibaba trace. Additionally, the mean operational cost
decreases from $1.95 to $1.16 on the Alibaba trace, whereas
on the synthetic trace the cost variation is negligible.

The results also show that the arrival forecasting method
can help CARSS achieve better QoS metrics than the Mean
predictor. This is because the forecasting model can generate
more accurate arrival series, which the co-simulator then uses
to produce reliable QoS predictions, particularly on complex
real-world datasets. In addition, CARSS with the fully adaptive
arrival forecasting framework further improves QoS metrics
compared to both the Mean and non-adaptive variants on the
Alibaba trace. This indicates that the adaptive mechanism is
essential to ensure the arrival forecasting model can adapt
to changes in the arrival process, thereby helping CARSS
produce scheduling decisions that yield better QoS.

4) Sensitivity Analysis: We conduct four sensitivity anal-
yses that examine the factor ρ in the ProbSparse attention
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Fig. 6: (a) shows the MAE of ART and inference time for
different values of ρ. Stand represents the standard attention
function. (b) presents the MAE of ART and inference time for
varying history sequence lengths.

mechanism, the history length used for arrival prediction, the
hyperparameter settings in the CARSS objective function in
Eq. 14, and the Gumbel-softmax temperature τ .

Factor ρ. The factor ρ in the ProbSparse attention deter-
mines the number of queries used in attention calculations and
directly affects both the fine-tuning performance and inference
speed of the prediction model. To assess its effectiveness, we
also compare ProbSparse with the standard full attention
mechanism.

Figure 6a indicates that as the factor increases, the MAE of
ART decreases due to more queries influencing the weighted
sum via attention instead of simply averaging the series. A
similar trend is observed for the MAE of ASLAV. However,
increasing the factor also increases the computational cost
during fine-tuning and inference, as more queries are involved
in the attention computation. Despite negligible improvements
in MAEs with standard attention beyond a factor of 5 and
slower speeds, the proposed framework using ProbSparse
attention with this factor achieves efficient arrival estimation
and fast inference.

History length. To assess the impact of history sequence
length, we train the prediction model with varying input se-
quence lengths and evaluate its effect on forecasting accuracy.
Additionally, we compare the inference time of the model
across different history lengths to understand the trade-off
between sequence length and computational efficiency.

Figure 6b illustrates the impact of varying the history
window size on both the MAE of ART and inference time.
As the window size increases from 15 to 100, the MAE
of ART steadily decreases, indicating that incorporating a
longer history can improve the ability of the forecasting model
to capture temporal patterns. A similar trend is observed
for ASLAV, with a reduction in MAE as the window size
increases. As the window size grows, the model requires
more computation to process the longer sequences, resulting
in slower inference. Notably, when the length of the history
sequence is 100, the marginal gains in MAE diminish while
the inference time continues to increase.

Parameter settings in the objective function. We conduct
a sensitivity analysis on the parameters α, β, and ω in
the objective function Eq. 14 to examine their impact on
the performance of CARSS. We evaluate extreme weight
configurations for each QoS objective, namely EC, ART,



12

TABLE V: QoS metrics for CARSS changing α, β, and ω.

Dataset α β ω EC ART ASLAV Cost

Synthetic

0.8 0.1 0.1 1684.88 520.83 2.2062 3.2477
0.1 0.8 0.1 1732.45 457.35 0.0025 0.0446
0.1 0.1 0.8 1697.05 481.95 0.0029 0.0444
0.2 0.4 0.4 1689.50 485.53 0.0042 0.0461
0.4 0.3 0.3 1685.46 489.75 0.0062 0.0535

Alibaba

0.8 0.1 0.1 1677.21 492.21 1.4119 2.1855
0.1 0.8 0.1 1696.78 479.42 0.7354 1.1582
0.1 0.1 0.8 1692.68 482.84 0.7082 1.1165
0.2 0.4 0.4 1688.57 486.43 0.7372 1.1604
0.4 0.3 0.3 1680.25 487.57 0.9123 1.4265

TABLE VI: QoS metrics of CARSS on various Gumbel-
softmax temperature values τ

Dataset τ EC (kJ) ART (s) ASLAV (s) Cost ($)

Synthetic

0.1 1707.91 507.11 0.0025 0.0461
0.3 1690.28 488.13 0.0008 0.0412
0.5 1689.50 485.53 0.0042 0.0461
0.7 1690.44 486.27 0.0004 0.0413
0.9 1690.83 486.57 0.0002 0.0406
1.5 1691.23 487.18 0.0005 0.0411

Alibaba

0.1 1705.23 501.90 1.3584 2.1046
0.3 1689.68 486.81 1.4109 2.1841
0.5 1688.57 486.43 0.7372 1.1604
0.7 1689.44 488.00 1.6645 2.5699
0.9 1689.93 488.90 1.6995 2.6234
1.5 1690.57 489.07 1.7921 2.7641

and ASLAV, and compare these against two moderate-weight
settings, including our default, on both the synthetic and
Alibaba datasets.

Table V shows that a high weight on α gives the lowest
EC, a high weight on β gives the lowest ART, and a high
weight on ω gives the lowest ASLAV on the Alibaba trace,
where SLA violations are frequent enough to separate the
settings. Concentrating almost all weight on α gives the worst
overall performance, since the near-zero weight on the SLA
term yields the largest ASLAV and the highest cost, reaching
$3.25 on the synthetic trace and $2.19 on Alibaba. The SLA-
dominant setting α = β = 0.1, ω = 0.8 achieves the lowest
cost on both traces but at a higher EC, whereas our default
α = 0.2, β = ω = 0.4 stays within about 4% of this cost
while attaining a lower EC. We therefore consider our default
parameter selection a robust setting, as it keeps EC, ART, and
ASLAV low together and gives consistent performance across
both workloads.

Gumbel-softmax temperature τ . The temperature τ controls
the sharpness of the Gumbel-softmax output and thereby
governs the exploration-exploitation trade-off when CARSS
searches for scheduling decisions. To evaluate the effect
of the Gumbel-softmax temperature τ in CARSS, we vary
τ ∈ {0.1, 0.3, 0.5, 0.7, 0.9, 1.5} and report the corresponding
performance metrics.

As shown in Table VI, the performance metrics remain
relatively stable when τ ranges from 0.3 to 1.5. On the Alibaba
trace, τ = 0.5 attains the best value on every metric. On
the synthetic trace, τ = 0.5 attains the lowest EC and ART,
while the ASLAV of every setting remains close to zero,
below 0.01s, so the small differences in synthetic ASLAV
and cost do not clearly distinguish τ = 0.5 from the other
settings. The performance degrades when τ = 0.1 and τ = 1.5

on the Alibaba trace. This is because a higher τ produces
smoother outputs, which allows broader exploration of the
host–task allocation space. However, if τ is too large (e.g.,
τ > 1), the model may over-explore and fail to exploit
good solutions. In contrast, a smaller τ , such as τ < 0.3,
produces sharper outputs that favor the exploitation of known
allocations but limit exploration. This can trap the model in a
local minimum, leading it to miss better solutions. Therefore,
we choose τ = 0.5 to better balance the trade-off between
exploration and exploitation when searching for scheduling
decisions.

VIII. CONCLUSION

In this paper, we present an online adaptive arrivals pre-
diction framework that integrates hierarchical change point
detection to monitor and detect concept drift and a proba-
bilistic transformer model to forecast arrivals. The adaptive
arrival forecasting framework can leverage a co-simulator to
adapt to concept drift in arrival traces and improve QoS
estimation, which CARSS further utilizes to make scheduling
decisions that improve QoS. Experiments on synthetic and
real-world traces show that the proposed framework effectively
adapts to drift and provides useful arrival forecasts to the
co-simulator, thereby improving QoS estimation. Moreover,
CARSS, integrated with the adaptive framework, achieves
improved QoS metrics, including lower energy consumption
and faster task processing, than baseline schedulers.

Future work may also extend the proposed framework to
workflow scenarios, where tasks are organized in a directed
acyclic graph (DAG), and the execution of each task depends
on the completion of its parent tasks.
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