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Abstract

Ensemble Temporal Prediction Model-as-a-Service (ETP-
MaaS) has become crucial in fields like financial modeling
and cloud monitoring. Existing solutions fail to co-optimally
address a two-fold challenge of dynamic collaboration and
heterogeneity, treating models as independent entities and
employing simplistic worker allocation rules. However, at the
model level, data volatility means that optimal performance
requires identifying and weighting constantly shifting sub-
groups of base models, not just individual ones; at the sys-
tem level, these model groups must be efficiently mapped to
a pool of heterogeneous and dynamically available workers.
To this end, we introduce WIET, an efficient ETP-MaasS sys-
tem that co-optimizes model weighting and worker alloca-
tion. For adaptive weighting, WIET identifies evolving group
behaviors among base models and propose a novel group
temporal locality-enhanced weighting method. Additionally,
WIET develops an efficient, multi-dimensional worker allo-
cation method powered by hybrid heuristic optimization, ef-
fectively reducing bottlenecks and resource waste. Experi-
ments show WIET consistently outperforms state-of-the-art
methods in terms of accuracy, latency, and resource usage
across various workloads and tasks.

1 Introduction

Ensemble Temporal Prediction Model-as-a-Service (ETP-
MaaS) is widely applied in various scenarios, including
financial modeling (Sun et al. 2023), climate prediction
(Bailie et al. 2024), traffic management (Yang et al. 2022b),
and workload prediction (Saxena et al. 2023). It combines
predictions from multiple base models to capture complex
patterns in data streams, enhancing accuracy and robust-
ness while reducing bias and variance (Sakib, Mustajab, and
Alam 2025). Therefore, ETP-MaaS is an effective solution
for predicting dynamic changes in complex systems.

Some MaaS studies (Zhang et al. 2025a; Gan, Wan, and
Philip 2023; Sun et al. 2022) focus on optimizing sin-
gle models, either enhancing accuracy by increasing model
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depth or parameter size to capture complex data dependen-
cies, or reducing computational cost via quantizing network
parameters or pruning model architectures. However, these
approaches overlook the complexities of ETP-MaaS.

While ensemble models usually outperform single mod-
els (de Carvalho, de Oliveira, and Roberta de Andrade 2025;
Li et al. 2023; Ding, Feng, and Jiang 2022), they add op-
erational complexities. Real-world ETP-MaaS systems face
a key challenge ignored by current methods: holistic adap-
tation to dynamics at model and worker levels. On the one
hand, evolving data patterns shift optimal model groups con-
stantly; for instance, in cloud workload prediction, different
model combinations are needed during weekdays, holidays,
and sudden events (Feng, Ding, and Jiang 2023; Kim et al.
2022). On the other hand, these models run on heteroge-
neous, dynamically available workers; for instance, to bal-
ance performance and cost, compute-intensive models and
lightweight models need to be distributed simultaneously
across workers (He, Feng, and Ding 2024; Wang et al. 2023).

However, existing solutions fail to co-optimize for these
intertwined dynamics. Specifically,

(1) Suboptimal weight distribution due to ignored
model group dynamics. Existing methods follow two main
paradigms: First, heuristic-rule-based static or semi-static
strategies (e.g., sliding window averaging, error-inverse
weighting) are simple but struggle to capture the non-linear
evolution of base model errors, leading to bias accumulation.
Second, although machine learning-based weighting offers
some advancements, they are typically trained offline on his-
torical data, where treating all error samples equally. This
“one-size-fits-all” approach ignores differences between re-
cent and past samples, overlooking constant shifts in optimal
base model combinations and limiting ensemble potential.

(2) Inefficient worker allocation due to ignored hetero-
geneity and collaboration across workers. Existing meth-
ods primarily suffer from two limitations: First, homoge-
neous or experience-based worker allocation disregards fun-
damental differences in model requirements and the long-
term impact of initial configurations, reducing service cost-
effectiveness and exacerbating cold starts. Second, the iso-
lated optimization of individual model-worker pairs creates
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Figure 1: The development process of ETP-MaaS

systemic inefficiencies, leading to frequent performance bot-
tlenecks and resource fragmentation in ETP-MaaS.

To this end, we propose WIET, an ETP-MaaS system that
co-optimizes model weighting and worker allocation to han-
dle time-varying dynamics. Our main contributions are:

1. We propose a novel group-aware weighting method that
shifts the focus from individual models to dynamic
model coalitions. Instead of just reacting to past errors,
it learns from the local collaborative performance of
model groups. It then builds a multi-label classification
weighting model to proactively assign weights, anticipat-
ing which coalition will perform best for the near future.

2. We present an efficient multi-dimensional worker alloca-
tion method that achieves near-optimal matching across
heterogeneous workers. It builds a resource configuration
tree with a min-heap, enabling rapid adjustments across
workers to meet performance needs. It then employs a
hybrid heuristic algorithm for worker-server mappings to
jointly optimize end-to-end latency and resources.

3. Extensive experiments across multiple datasets show
that WIET improves the average absolute error by over
15.6%, while decreasing resource consumption by 0.94-
3.29 cores and 0.38-1.90 GB, and response time by 2.47-
195.62 ms, compared to state-of-the-art methods.

2 Related Work
2.1 Weight Distribution

Figure 1 shows the evolution of ETP-MaaS. Monolithic
single-model architecture (Fig. 1(a)) is lightweight but lim-
ited in performance and generalization (Zhang et al. 2025a;
Gan, Wan, and Philip 2023; Sun et al. 2022). Fully-ensemble
architecture (Fig. 1(b)) enhances robustness but incurring
high latency and variance (Zhang et al. 2025b; Xie et al.
2023; Dogan et al. 2022). Further, individual performance-
driven ensemble architecture (Fig. 1(c)) is explored (Sarkar
et al. 2024; Li et al. 2023; Kim et al. 2022; Ding, Feng,
and Jiang 2022). Hard selection activates a subset based
on short-term performance, overlooking detailed model col-
laborations. Soft weighting employs error-inverse weighting
or weighting functions that are built offline, ignoring time-
varying group correlations and resulting in suboptimal re-
sults. Therefore, we propose an ensemble architecture with
learnable weighting driven by group temporal locality (Fig.

1(d)), dynamically adjusting model combinations via online
feedback to address time-varying ensemble effects.

2.2 Worker Allocation

Serverless architecture, a neoteric cloud service model, is
gaining popularity for MaaS deployment due to its elastic
scaling and granular cost models. It dynamically allocates
workers based on traffic and supports the “scale-to-zero”.
However, existing worker orchestration platforms for MaaS,
such as Kubernetes (The Kubernetes Authors 2014), Knative
(The Knative Authors 2025), and OpenFaaS (Ellis and Au-
thors 2025), employ simple, homogeneous worker alloca-
tion strategies that assign uniform specifications to all work-
ers or manual limits, thereby overlooking workload hetero-
geneity and reducing cost-effectiveness. While studies (Pre-
doaia and Garcia-Lépez 2024; Yu et al. 2024; Mampage,
Karunasekera, and Buyya 2021) believe auto-scaling re-
duces the initial resource allocation impact, suboptimal con-
figurations remain costly and exacerbate cold starts. Other
approaches (He, Feng, and Ding 2024; Feng, Ding, and
Jiang 2024; Rahimi Jafari et al. 2024; Yang et al. 2022a) op-
timize allocation by modeling worker resource-performance
functions and using heuristics, but neglect collaborative re-
lationships and bottlenecks in base models and integrators,
leading to suboptimal latency and resource costs.

3 Proposed Approach
3.1 Problem Definition

Formally, the input to WIET consists of (1) a set of base
models M = {mj,ms,...,my} and an integrator my,
(2) a data request stream D; = {di,ds,...,d;,...} ar-
riving at timestamp ¢, and (3) a cluster with n servers
S = {s1,82,83,...,8,}. WIET processes real-time data
requests, with [V base models and n servers. Its core is to
dynamically determine two key solutions:

Weight distribution scheme A: It defines the contribu-
tion ratio w! of each base model m; to the final prediction
at timestamp ¢, adjusting weights based on data stream and
model performance. A weight distribution model is gener-
ated at each short interval 7} (typically 5 minute-level (Kim
et al. 2022)) governing the weight distribution for all ¢t € T7:

N
Ap, = {w},w?, ..., w]N} s.t.Zwizl,VtETl (D
i=1
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Figure 2: Overall algorithm framework

Worker allocation scheme B: It defines the worker con-
figuration ciT2 and deployed location liT2 of each base model
m; and integrator my in cluster .S. Worker allocation deci-
sion updates at a relatively long interval 75 due to physical
resource scheduling and deployment (typically 10 minute-
level (Feng, Ding, and Jiang 2024)):

BT2 :{(0(1)“2’1%2)7(C%"gvl%“g)""v(c’lj\";alil\"fg)} 2

WIET aims to improve prediction accuracy by optimizing

weight distribution at 7 while minimizing resource cost and
response time by optimizing worker allocation at 75.

3.2 Framework Overview

Figure 2 shows WIET’s overall structure. It begins by ini-
tializing model components, data requests, and computing
clusters. At time interval 77, for weight distribution, WIET
analyzes the time-varying performance heterogeneity and
collaboration characteristics among base models, identify-
ing the key group temporal locality patterns through abso-
lute error. It then constructs a classification weighting model
enhanced by group temporal locality, enabling the online
adjustment of all base models’ weights. At time interval
T5, WIET monitors worker metrics (such as CPU, mem-
ory, throughput) to characterize resource heterogeneity and
builds a component-level resource configuration tree with a
min-heap. It then efficiently determines worker deployment
locations using a hybrid heuristic strategy. The detailed op-
timization process will be discussed in subsequent chapters.

3.3 Weight Distribution for ETP-MaaS

Multi-class label Classification Weighting We design a
weighting model w f that periodically outputs the contri-
bution weights of all base models. It treats the problem of
“evaluating the performance of N base models” as a multi-
class label classification problem, where the output proba-
bilities represent the likelihood of each model contributing
effectively to the current observation.
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PM,;_, is the performance matrix of model set M at
timestamp ¢ — 1, with size N X o, used to train and test
w f. It contains the absolute errors from /N models across all
timestamps (default o = 10) in the time window [t—o, t—1],
one basis model per row.

pt;_o péfz pé—l
Pi—o Pi—o Pi1

PM,;_, = ) . 3)
Py, [ A

Figure 3 shows the sample distribution with shared in-
put features for training and testing w f. At timestamp ¢, the
training inputs PS};.qin, training labels Yi,.q:,, and predic-
tion input PS4 are defined as:

PStrain = {PMtfkflv-PMtfkv oo 7PMt72}
Krain - {sz-ffkfla Y;ffk, ey Yif2}
PSpred = {PMt—l}

“4)

where training samples are from &k consecutive timestamps
(defaulting to 30), label Y; 1 = [yf_192 ...y ;]isan N-
dimensional binary vector (each element y!_; is set to 1 for
inclusion, 0 for exclusion in the optimal subset), defaulting
to selecting the top N/2 performing base models.

The trained wf outputs probabilities w € [0, 1], indi-
cating the likelihood that each base model m; is better for
the observation P.Sp,.q. A higher w] suggests better perfor-
mance for the near future. By default, the random forest (RF)
classification (Breiman 2001) is used as the base function for
w f; as an ensemble learning method, it combines multiple
decision trees to improve classification accuracy, especially
in multiple class label scenarios.

Y, = [wf w} (5)



Group Temporal Locality Enhancement Training w f
uniformly across all samples in PSi.q;, is suboptimal, as
it neglects temporal effects. The temporal prediction task
faces data drift (You et al. 2021), evolving patterns (Feng,
Ding, and Jiang 2023), and environmental noise (Yan et al.
2024), resulting in varying base model performance, which
reflects their dynamic preferences. Therefore, we analyze
sample importance for w f training by examining the perfor-
mance heterogeneity and collaboration among base models
over time.

(1) Performance characterization and ranking: For &k
samples at k timestamps, we extract rankings for each base
model m; from performance matrices PS4, quantifying
temporal variations in performance to identify recent group
behaviors. To prioritize data relevant for future predictions,
we focus on the % timestamps closest to prediction times-

tamp ¢, resulting in a N x % ranking matrix RM. Using
RM, we calculate an average ranking r; for each m;.
k/2

2 .
ri = E;RM[%J]

(2) Performance heterogeneity and collaboration anal-
ysis: Building on the above comprehensive rankings r;, we
now divide the base model set M into better (M) and worse
(M) subsets with m defaulting to N/2:

(6

Ma = {i | r; ranks among the top m}

N

My = {i | r; does not rank among the top m}

To quantify the performance gap among base models at
each timestamp ¢, we calculate the average ranking differ-
ence A(t) between My and Mp:

1 Z RM[i, #] _% Z RMI[i,t]  (g)

N—m
i€ Mg i€ My

A(t) =

The sequence {A(t)} corresponding to k timestamps pro-
vides insights into how the performance gap evolves, which
is key to understanding collaboration and heterogeneity. On
the one hand, we calculate the slope of {A(¢)}; on the other
hand, we calculate the stability of {A(¢)}:

k/2

> (1 - D(A(M) - A)

=1
sl =

~ sd(A(?))
mean(A(t))

, 8t =

®

T ITraining Sample (PM.1, Vi) |

k training
samples

I Training Sample (PM,,Y,) |

| Training Sample (PM...Y..) |

Figure 3: Sample distribution of w f
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where std() denotes standard deviation and mean() denotes
the mean. A positive sl suggests an increasing performance
gap, and a higher st value (closer to 1) indicates more stable
and consistent performance differences.

(3) Group temporal locality-enhanced weighting:

Definition 1 (Group Temporal Locality (GTL) in ETP-
MaaS). In temporal prediction, if a dominant subset M*
of base model set M consistently shows better performance
compared to others in the recent past, M * is likely to main-
tain better performance in the near future.

When the GTL condition holds, training samples closer to
prediction timestamp ¢ are more likely to repeat data patterns
in the near future, making them more important for building
w f. GTL may arise in two cases: (1) a significant increasing
trend (sl > 0), showing the gap between M, and My is
widening; (2) a stable advantage (|sl| ~ 0 and st ~ 1), indi-
cating a stable, significant recent gap. Parameters are user-
configurable (default (1) sl > 0.5; (2) |sl| < 0.1, st > 0.9).

Finally, w f integrates group temporal locality. If GTL is
absent (no recent subset dominance), all PV},4;, samples
are trained uniformly; if GTL is present (recent subset dom-
inance), samples in PVj,..;, are weighted by the Sigmoid
function (Ren et al. 2007), which is monotonically bounded
in [0,1], smoothly differentiable to avoid discontinuities, and
S-shaped to prioritize samples closer to ¢.

3.4 Worker Allocation for ETP-Maa$S

Figure 4 shows the process of worker allocation at 75.

Efficient Configuration Tree with Min-Heap

Definition 2 (Throughput Bottleneck Effect). Two scenarios
limit ETP-MaaS’s overall throughput: (1) Base Model Bot-
tleneck: If base model m; € M has much lower throughput
than others, and integrator mg synchronously depends on
M’ outputs, overall performance is limited by m;:

P(E) <min(Py,, Pryy ooy Prayy) (10)
(2) Integrator Bottleneck: If mq has much lower throughput
than M’ output speed, overall performance is limited by mg:

P(E) < Py, (11)
The bottleneck effect exists if either condition is met.

To address it, steps (I) to O in Fig. 4 determine resource
configuration for M and mg. Supported by the Serverless
Knative framework, resource configuration for each com-
ponent involves worker count and resource capacity. Op-
tions include: (1) worker count C,,,[0] can be adjusted
in the integer range, defaulting to 0 — 10 with a step of
1; (2) worker resource capacity C,,,[1] can be adjusted
from (0.1 core,0.2 GB) to (1 core,2 GB), with a step of
(0.1 core, 0.2 GB). To efficiently determine resource con-
figuration, we use a min-heap to build a resource config-
uration tree for ETP-MaaS, leveraging the heap property’s
alignment with the bottleneck effect. Algorithm 1 shows the
detailed process. As a complete binary tree, the min-heap
guarantees the root is the global minimum (Chen, Sheu, and
Kuo 2023), enabling: (1) locating the throughput bottleneck
component in O(1) time; and (2) restoring the heap order in
O(log N) time after adjustments. Therefore, it reduces com-
plexity and enables efficient resource optimization.
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Figure 4: Efficient worker allocation process for ETP-MaaS

Worker Mapping with Hybrid Heuristic Optimization
To avoid competition and waste of resources, we map model
workers with multi-dimensional resources to servers. We de-
fine binary variables: z; ;; (worker m; ; on server s;), and
y; (server s; activation). Key parameters include server re-
source capacity Cy,, server utilization v;, and worker count
|mn;|. The objective function is to maximize cluster resource

Algorithm 1: Efficient configuration based on min-heap

Require: Number of base models NN, target throughput (),

performance functions P,

Ensure: Configurations C,,
1: fori =1to N do

2:  Initialize Cy,, < (1, (0.1 core, 0.2 GB))

3:  Insert (P,,,,%) into min-heap H

4: end for

5: Initialize Cyp,, < (1, (0.1 core, 0.2 GB))

6: while H is not empty do

7 Get root throughput and index (Ppn,i*) <

H.extract_-min()

8 if Pn > Q and P, > () then
9: break
10:  endif
11:  Attempt to increase resource capacity or worker
count, update C,,,, and P, . (prioritize capacity ad-
justment for utilization)
12:  Insert (P,,,.,i*) into min-heap H
13: end while
14: Adjust Cy,, such that Py, > max(Pp,, ..., Pny)
15: if min(Py,,, ..., Pyny) > @ then
16:  return Cp,, o, Cpy
17: else
18:  return ”Cannot achieve target throughput )"
19: end if

utilization while minimizing worker contention.
max{Util(X) + NoActive(X) — Penalty(X)} =
L S S st O 1]

Z Ui s,

=1

n

+> (1—y)

=1

(12)

- Zyl - [max(0,0.2 — u;) + max(0,u; — 0.9)]
=1

The three normalized terms indicate: active servers’ uti-
lization, inactive server count, and load balancing penalty.
Hard constraints include: (1) each worker is allocated to one
server, Y, x; ;i = 1; (2) workers only assigned to ac-
tive servers, z; ;1 < Y1, V4,7, 1; (3) server capacity limits,
Zi,j xi,ﬂ . Omi [1] S C(Sl),VZ.

To address this, we designed a quantum-inspired simu-
lated annealing hybrid optimization framework (steps ©—@®)
in Fig. 4), combining global exploration and local search.
The quantum-inspired part initially generates a population
covering deployment schemes, with decision variables x; ;;

totaling Zf;o |m;| x m. Quantum rotation guides the pop-
ulation toward high-fitness regions, while interference en-
hances solutions, enabling broad exploration. The annealing
layer then refines elite solutions via neighborhood searches
using the Metropolis criterion, preventing entrapment in lo-
cal optima. Neighborhood operations include: (1) migrating
worker m; ; between servers s; and s; for load balancing,
within resource constraints; (2) merging workers on low-
load servers to improve NoActive(X ). Heuristic stopping
criteria is fitness convergence or max iterations= 100.

After mapping, the fragmentation-recycling step com-
putes each server’s remaining resources R(s;) = C(s;) —
> Tige - C(my)[1]. It then incrementally allocates re-
source units to the lowest-throughput worker up to the avail-
able boundary, thus approaching Pareto optimality.
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4 Experiments
4.1 Experiment Setup

Datasets and Environments We utilized widely adopted
ensemble temporal models and datasets for temperature
prediction (DevCHyderabad 2020) and stock prediction
(Akhtar and Khursheed 2019). We set up a cluster with three
servers (each with 16-core CPUs and 32GB RAM; Python
3.10, PyTorch 2.5.0, Kubernetes 1.27, Knative 1.12). We
tested three load scales (Q=15, 25, 35 RPS) through three
rounds of stress tests (lasting 30 minutes and containing
45,000 requests) to evaluate different methods under low,
medium, and high loads.

Compared Methods We compared the WIET method
with other strategies in two experimental groups: (1) Weight
distribution strategies: average weighting (AVG) (Li et al.
2023), error-based linear weighting (RBW) (Savargiv, Ma-
soumi, and Keyvanpour 2022), and multi-class nonlinear
weighting (MNW) (Kim et al. 2022), evaluated using Mean
Square Error (MSE), Mean Absolute Error (MAE), and co-
efficient of determination (R2). (2) Worker allocation strate-
gies: Kubernetes (The Kubernetes Authors 2014), Knative
(The Knative Authors 2025), heterogeneous-aware server-
less worker balancing (HEAW) (Heidari and Azizi 2023),
SLO-aware serverless worker allocation (SLAM) (Safaryan
et al. 2022), and Bayesian-based serverless worker alloca-
tion (ChunkFunc) (Pusztai and Nastic 2025), evaluated us-
ing CPU and memory consumption and response time.

21079

4.2 Evaluation Results

Performance improvement of WIET for ETP-MaasS. Fig-
ure 5 shows WIET performing the highest among four
weighting methods for both prediction tasks. It is due to ran-
dom forest-based nonlinear weighting and its ability to de-
tect the group temporal locality in the base models’ perfor-
mance. In addition, models perform better in stock predic-
tion with lower errors, while temperature prediction shows
larger errors due to fundamental differences in data charac-
teristics. Nonetheless, the WIET enhanced temporal local-
ity mechanism still delivers clear relative improvements by
adaptively adjusting weights to align with explicit dynamic
characteristics of temperature sequences.

Concerning other methods, AVG performs weakest as
its fully integrated approach ignores base model dynamics
and complex temporal patterns. RBW offers minor improve-
ment, relying on linear weights from short-term errors, but
still neglects long-term performance patterns and nonlin-
ear events. MNW achieves better results by weighting with
RF; however, it’s suboptimal due to training that fails to ac-
count for the time-varying performance pattern of base mod-
els and differences in the importance of samples. Compared
to MNW, WIET achieved superior results on two datasets,
reducing MSE by 6.0% and 21.1%, MAE by 15.6% and
25.2%, and increasing R? by 8.3% and 3.1%.

Resource usage and latency improvement of WIET for
ETP-MaasS. Figure 6 presents CPU and memory usage, and
response time for temperature and stock prediction tasks,
with points indicating different load scales Q; larger Q re-



. Temperature Stock
Method Classifiers NMSE TMAE | 2 NVSE TMAE | R2
RF 1.064 | 1.185 | 0.923 | 1.268 | 1.336 | 0.970
MNW (w/o GTL)/WIET SVM 1.536 | 1.363 | 0.946 | 1.353 | 1.400 | 0.972
XGBoost | 1.076 | 1.190 | 0.940 | 1.236 | 1.335 | 0.966

Table 1: Relative accuracy evaluation of MNW and WIET with different base classifiers

Temperature Stock
Methods Q=15 [ Q=25 | Q=35 [ Q=15 Q=25 [ Q=35
WIET(w/o Quantum) | 124.73 | 463.07 | 487.63 | 36.53 | 43.28 | 39.39
WIET 122.61 [ 46023 | 47633 | 35.68 | 41.96 | 38.22

Table 2: Absolute latency evaluation of WIET(w/o Quantum) and WIET with different request arrivals

sults in higher resource usage and response time. Mean-
while, the temperature prediction task consumes greater re-
sources because it relies on more complex models.

Overall, WIET significantly reduces resource usage while
maintaining low response time and consistently demon-
strates advantages across various prediction tasks and load
scales, showcasing its adaptability to diverse computing de-
mands. It is because WIET efficiently identifies and reduces
resource redundancy and bottlenecks using a min-heap-
based configuration tree, while achieving balanced worker
allocation through hybrid heuristic optimization.

Regarding other methods, Kubernetes offers stable but in-
flexible scheduling, which makes it susceptible to resource
waste and competition under high loads. Knative enhances
efficiency with on-demand scaling, but improper worker
configuration can result in cold starts and increased re-
sponse time. Despite optimizations, HEAW, SLAM, and
ChunkFunc have limitations: HEAW suffers from resource
fragmentation during high concurrency, SLAM often over-
allocates to meet the efficiency goals, and ChunkFunc’s
Bayesian optimization is constrained in high-dimensional
spaces. Compared to these three methods, WIET reduced
CPU usage by 0.94-3.29 cores and memory by 0.38-1.90
GB, with average response time decrease of 2.47-195.62 ms.

4.3 Ablation Study

Effectiveness of WIET with different classifiers. Table 1
shows the performance advantage of WIET with GTL, over
MNW across different classifiers. The values represent the
ratio of MNW to WIET results, enabling a direct compari-
son of their relative performance. For both prediction tasks,
MSE and MAE ratios exceeded 1, confirming WIET’s accu-
racy improvements across datasets. Additionally, R? values
for all combinations were close to or higher than those of
MNW, indicating that incorporating GTL minimizes errors
without sacrificing interpretability. Furthermore, WIET’s ef-
fects with various base classifiers are not uniform, allowing
for tailored selections in specific applications.
Effectiveness of WIET with hybrid heuristics and sin-
gle heuristics. Figure 7 and Table 2 compare resource usage
and response time between hybrid and single heuristic opti-
mizations. Across all scenarios (Q=15, 25, 35 RPS) for both
prediction tasks, WIET showed lower resource overhead and
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Figure 7: The resource usage evaluation of WIET(w/o Quan-
tum) and WIET with different request arrivals

latency in most cases, as the quantum-heuristic-simulated
annealing framework more effectively explores the solution
space, optimizing worker allocation to balance utilization
and reduce contention. Simultaneously, the experimental re-
sults reveal that the algorithm’s advantages vary with the
load queue length. At low loads (Q = 15 RPS), abundant re-
sources constrain the optimization potential, whereas at high
loads (Q = 35 RPS), saturation limits further improvements
despite potential gains being available. The phenomenon ob-
served across both datasets highlights the effectiveness of
the hybrid heuristic algorithm across different load scales.

5 Conclusion

This paper introduces WIET, an efficient system for ETP-
MaaS. It addresses time-varying group performance changes
of base models by utilizing temporal locality-based weight
distribution for enhanced accuracy. Additionally, it employs
hybrid heuristics-based worker allocation to mitigate perfor-
mance bottlenecks and resource fragmentation. Experiments
have shown that WIET improves accuracy, reduces response
time, and lowers resource usage compared to state-of-the-art
solutions. Future work will expand WIET to support a wider
variety of base model types, including both large and small
models, and accelerate heterogeneous resources in scenarios
involving the mixed use of GPUs and CPUs.
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