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Abstract: Cloud schedulers that pair workload prediction with reinforcement learning (RL) rarely check whether a given
prediction can actually be trusted, and earlier confidence-gated designs often mix current and future information
inconsistently. We fix that inconsistency and build a causally consistent, confidence-gated LSTM-DQN scheduler: an
LSTM forecasts next-step workload, a retrospective, error-based confidence score gates how much a Deep Q-Network
(DQN) scheduler leans on that forecast, and only information available at decision time is ever used. We implement and
pilot-test this architecture in a Python-based discrete-event simulation configured to match a CloudSim-style environment
(10 hosts, 30 VMs), benchmarking it against FCFS, Round Robin, standard RL, two ablation variants, and two simplified
state-of-the-art comparators across five random seeds. The results show the method works as intended: it trains stably and
safely on every seed, holds response time and SLA violations in line with standard RL and simple heuristics, and clearly
outperforms a metaheuristic-augmented Q-learning baseline, which suffered severe instability under the same conditions.
Code, raw results, and statistical tests are released for independent verification, with scaled-up training identified as the
natural next step to test whether larger performance gains emerge.

Index Terms: Cloud Computing, Reinforcement Learning, Resource Allocation, Workload Prediction, LSTM, Deep Q-
Network, Prediction Confidence

1. Introduction

Cloud computing provides scalable computing resources through virtual machines (VMs) and datacenters. Since
users submit tasks continuously and at unpredictable times, the system must decide, for each task, which VM should
execute it — a process known as resource allocation or task scheduling. Effective scheduling directly affects response
time, resource utilization, and Service Level Agreement (SLA) compliance, making it a critical determinant of overall
system performance and operating cost.

Traditional scheduling policies such as First-Come-First-Served (FCFS) and Round Robin are computationally
simple but non-adaptive: they do not consider anticipated workload or historical system trends. Machine-learning-based
methods address this limitation by learning patterns from historical data. Workload prediction allows the system to
provision resources proactively, while reinforcement learning enables the scheduler to improve allocation decisions
through experience.

However, workload predictions are not always reliable; recent evaluations of LSTM-based cloud workload
forecasters report prediction errors that vary substantially with trace volatility [2, 4]. When a prediction is inaccurate, a
scheduler that blindly trusts it may overload some VMs while leaving others idle. Most existing prediction-assisted RL
schedulers do not quantify or act on this uncertainty, which can reduce system stability under dynamic conditions.

To address this gap, this paper proposes an uncertainty-aware, prediction-assisted reinforcement learning framework
in which an LSTM forecasts near-term workload, a causal, error-based confidence score estimates the trustworthiness of
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theobjective is to improve response time, resource utilization, and SLA compliance while remaining logically consistent
in an online setting where the true current workload cannot be known in advance.

2. Literature Review

A growing body of work applies reinforcement learning to resource management across cloud, edge, and IoT settings.
Li et al. [1] proposed a hierarchical multi-agent reinforcement learning model for simulation environments [12],
improving collaboration efficiency through reward separation and adaptive attention tuning, and reporting more stable
learning than prior multi-agent baselines. Kayalvili et al. [2] applied reinforcement learning to resource allocation in 5G
network slicing using a Q-learning approach, achieving better network utility and scalability than conventional scheduling;
however, neither study models the reliability of the state information the agent conditions on.

Kruekaew and Kimpan [3] presented a multi-objective task-scheduling method that combines Artificial Bee Colony
optimization with Q-learning to jointly reduce makespan, cost, and load imbalance in cloud environments, reporting
improved throughput and utilization over existing algorithms. Tuli et al. [4] proposed an A3C-based scheduler for edge-
cloud environments that uses a recurrent neural network to capture workload patterns under decentralized learning,
improving energy efficiency, response time, and SLA performance; this is among the closest prior works to the present
paper, but it does not separately quantify prediction confidence as an input to the policy. Chen et al. [5] designed deep-
RL schedulers for Spark clusters that jointly consider cost and performance objectives, reporting a significant reduction
in VM usage cost while maintaining job efficiency.

Schuler et al. [6] explored reinforcement learning for auto-scaling in serverless computing, learning scaling policies
directly from workload patterns and outperforming default scaling configurations. He et al. [7] integrated blockchain and
reinforcement learning for secure edge computing in IoT environments, implementing the allocation strategy within a
smart contract to improve trust management and resource efficiency. Guo et al. [8] introduced a deep-RL solution for
cloud resource management that improves convergence speed and reduces job turnaround time relative to earlier RL-
based schedulers. Islam et al. [9] proposed a deep-RL algorithm for joint power control and computing allocation in
mobile edge computing that minimizes long-term task delay under dynamic conditions. Belgacem [10] surveyed dynamic
resource-allocation techniques across cloud, edge, and IoT environments, noting that most deep-RL and multi-agent
methods improve delay, cost, and utilization but rarely address the reliability of the predictive signals feeding the policy.

Kabir et al. [15] surveyed how uncertainty of different types and origins propagates through cloud-computing
decisions more broadly, arguing that intelligent cloud systems should explicitly model and act on uncertainty rather than
treating inputs as certain; the present paper operationalizes that argument for one specific decision: prediction-assisted
scheduling — rather than addressing uncertainty in cloud computing generally.

Taken together, these studies establish that (i) RL-based schedulers consistently outperform static heuristics such as
FCEFES and Round Robin, and (ii) recurrent architectures such as LSTM and RNN are effective at capturing temporal
workload patterns for forecasting-assisted scheduling [4]. However, none of the reviewed studies estimate how much
confidence the scheduler should place in a given prediction before acting on it, nor do they address the causal ordering
problem of using a forecast that depends on data not yet available at decision time. This is the specific gap addressed here:
rather than proposing a new predictor or a new RL algorithm in isolation, this paper couples an LSTM forecaster with a
lightweight, causally-consistent confidence signal that gates how the DQN scheduler weights predicted versus observed
workload, extending the prediction-assisted RL scheduling line of work represented by [2, 4].

3. Methodology

A. System Architecture

The proposed framework combines workload prediction, a causal confidence estimate, and reinforcement-learning-
based scheduling, as summarized in Fig. 1: the historical workload buffer feeds the LSTM predictor; the predictor's
previous-step output is compared against the newly observed workload in the causal confidence module; the new forecast
and confidence score are combined into the DQN agent's state; the agent selects a VM allocation action; and the resulting
reward and next state are fed back into the replay memory, closing the loop. The system collects historical workload data
such as CPU utilization, task length, and arrival pattern. At each scheduling interval, the prediction module forecasts the
next-step workload, the confidence module evaluates how reliable the previous forecast turned out to be, and both signals
are passed to the DQN scheduler, which selects the VM for the incoming task. This loop continues throughout the
simulation.
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Fig. 1. Proposed confidence-gated LSTM-DQN architecture for dynamic cloud resource allocation.

B. Dataset and Preprocessing

The workload trace contains time-indexed task arrivals, CPU usage, and execution length. Missing values are
removed and all features are min-max normalized to [0,1] to stabilize training. In the pilot evaluation reported in Section
1V, a synthetic trace (seasonal base load plus noise and occasional spikes) was used in place of a real trace; validating on
the real Google Cluster trace [14] is identified as required future work.

Let W denote the workload at time t. The LSTM predictor processes the sequence online and maintains a recurrent
hidden state that summarizes all preceding observations, rather than relying on a fixed-length lookback window; the
current observation and this hidden state together determine the next forecast, as formalized in (1).

C. Workload Prediction Model (LSTM Predictor)

An LSTM network captures temporal workload trends and forecasts near-term demand. The predicted workload for
the next interval is

Wt+1 = f(Wg heot) (1

where f(+) denotes the LSTM mapping and hy; is the hidden state carried from the previous interval. In the pilot
experiment (Section I'V), f(-) is implemented as a single-layer LSTM with 8 hidden units, standard tanh/sigmoid gating,
and a linear output layer, trained online via backpropagation-through-time (per-step gradient descent, learning rate 0.05)
to minimize the squared error between Wy and the realized Wy.1. A production-scale configuration (e.g., 2 layers, 64
units, trained with Adam in a standard deep-learning framework) is recommended for full-scale validation.

D. Causal Confidence Estimation

A key requirement of an online scheduler is causality: at time t, only information available up to and including time
t may be used to make a decision at t. This is enforced as follows. At the end of interval t—1, the predictor produces a one-
step-ahead forecast W, for the upcoming interval t. When interval t begins and the true workload W, is observed, the
realized prediction error is

U = W, — th (2)
and the corresponding confidence value is

. Ut
Confidence, = 1 — A 3)
t

Confidence therefore reflects how accurate the predictor was one step ago, not how accurate the current-step forecast
will be — it is a causal, realized-error-based reliability signal rather than a genuine predictive-uncertainty estimate. Unlike
Monte Carlo Dropout or Bayesian neural networks, which estimate a predictive distribution before the outcome is known,
the confidence value used here is diagnostic and retrospective, and is only a proxy for forward-looking uncertainty;
extending the framework toward genuine predictive-uncertainty modelling is identified as future work in Section V. The
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new forecast Wi+ for the following interval is computed in parallel using (1), and Confidence is used to gate how strongly
the DQN state at time t weights Wy relative to the current observed load: when confidence is high, the scheduler weights
the forecast more heavily; when confidence is low, it relies more on real-time observations.

E. Reinforcement Learning Scheduler

The scheduling problem is modeled as a Markov Decision Process. The state at time t is s, = {current VM utilization,
task queue length, Wy, Confidence,}, and the action a selects the VM that executes the incoming task.

A Deep Q-Network (DQN) agent learns the scheduling policy through interaction. The Q-network is fully connected
with 2 hidden layers of 128 and 64 units and ReLU activation. Experience replay and a periodically synchronized target
network are used to stabilize training; in the pilot experiment, the replay buffer holds 2,000 transitions, mini-batch size is
32, and the target network is synchronized every 50 steps, with e-greedy exploration decaying from 1.0 to 0.05 over each
training epoch. A larger replay buffer (e.g., 10,000 transitions) and mini-batch size (e.g., 64) are recommended for full-
scale training. The Q-value update follows

Q(s,a) < Q(s,a) + n[r + y-max,Q(s',a") — Q(s,a)] “)

where 1 is the learning rate, y the discount factor, r the immediate reward, and s’ the next state.
The reward function balances four performance objectives:

R = —C(Tr - ,BSLAy + yUres - 6Limb (5)

where T, is response time, SLA, the SLA-violation rate, U, resource utilization, and Lin, load imbalance. In the pilot
experiment the weights are fixed a priori at o = 0.4, § = 3.0, y = 1.0, § = 0.1, reflecting a priority ordering of response
time > SLA compliance > utilization > load balance. A systematic weight sensitivity study or grid search is recommended
for future work.

F. Causally Consistent Scheduling Algorithm

Algorithm 1 states the scheduling loop with causal ordering enforced throughout: the confidence at time t is
computed only from the prediction made at t—1, and the newly generated prediction Wy is used strictly for the next
decision, never for the current confidence computation.

Algorithm 1: Causally Consistent Confidence-Gated Prediction-Assisted RL Scheduler

Input: Historical workload data W; VM set = {VM]1, ..., VMn}; learning rate n; discount factor y
Output: Optimal VM allocation policy

1: Initialize LSTM prediction model

2: Initialize DQN network with random weights

3: Initialize replay memory D

4: Initialize previous-prediction buffer W1 (e.g., W1 =W1)

5: For each scheduling interval t=1, 2, ... do

6: Observe current workload Wt

7:  Retrieve previous prediction Wt (computed at interval t—1)

8:  Compute realized prediction error: Ut = [Wt — W]

Compute confidence: Confidencet =1 — (Ut/ Wt)

10:  Predict next workload: Wt+1 = f(Wt, ht—1)

11:  Construct system state: st = {VM load, queue length, Wt+1, Confidencet}
12:  Select action at using e-greedy policy over VM set

13:  Allocate task to selected VM

14:  Observe reward rt (response time, SLA violation, utilization, load balance)
15:  Observe next state st+1

16:  Store transition (st, at, rt, st+1) in D

17:  Sample mini batch from D

18:  Update Q-network: Q(st,at) «— Q(st,at) + n[rt + y-maxQ(st+1, a") — Q(st,at)]
19:  Store Wt+1 as the prediction buffer for use at interval t+1

20: End For

21: Return optimized scheduling policy

G. Cloud Simulation Setup

The framework was implemented and evaluated in a Python-based discrete-event cloud simulation, configured to
reproduce the resource and task model conventionally used in CloudSim [11]-[13] (Table 1): 10 hosts, 30 heterogeneous
VMs (1000-2000 MIPS), and dynamically arriving tasks. The proposed method is compared against FCFS, Round Robin,
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and standard RL without prediction, together with two ablation variants and two simplified state-of-the-art comparators.
Validating these results in the Java CloudSim toolkit itself, with a larger training budget, is identified as a necessary step
for full-scale confirmation (Section IV-H).

Table 1. Cloud Simulation Configuration Parameters

Category Parameter Value

Datacenter Configuration Number of Datacenters 1
Number of Hosts 10
Host CPU Cores 8 per host
Host MIPS per Core 2500 MIPS
Host RAM 32 GB
Host Storage 1 TB
Host Bandwidth 10 Gbps

VM Configuration Number of VMs 30
VM Types Small / Medium / Large
VM MIPS 1000-2000 MIPS
VM RAM 1-4 GB
VM Scheduler TimeShared

Task (Cloudlet) Configuration Number of Tasks 850 per run (700 training + 150 evaluation)
Task Length 2,000-8,000 MI
Task Arrival Pattern Poisson-like (exponential inter-arrival, mean 0.55 s)
Utilization Model Full CPU utilization

Simulation Settings Scheduling Event-driven (per task arrival)
Recurrent Context Online (LSTM hidder_l state carried across the run;

no fixed truncation window)
Random Seeds 0,1,2,3,4
Number of Runs 5
Comparison Methods FCFS, RR, RL, Abl.-NoConf, Abl.-NoLSTM,
SOTA-ABCQ, SOTA-A3C

H. Performance Metrics

Performance is evaluated using response time (T;), resource utilization (Urs), SLA violation rate (SLA,), and load
imbalance (Limp).

4. Results and Discussion

The framework was evaluated using a synthetic workload trace (seasonal base load with noise and occasional spikes;
the trace generator is released with the code and can be substituted with real trace data). Each of the eight methods (FCFS,
Round Robin, RL, Proposed, two ablations, and two SOTA-style comparators) was run over 700 training decisions
followed by 150 held-out evaluation decisions, repeated for five random seeds. All code, raw per-seed results, and
statistical test outputs are released alongside this manuscript for independent verification.

A. Workload Prediction Performance

1.0 A —— Actual workload W;
5 -~ Predicted workload W,
T 0.8
~
—
o
2 0.6 A
°
]
N
© 0.4 4
£
2
0.2 A1

T T T T T

0 20 40 60 80 100 120 140
Scheduling interval (evaluation window)

Fig. 2. Actual vs. LSTM-predicted workload, evaluation window (seed 0).
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The LSTM predictor achieved a Mean Absolute Error (MAE) of 0.134 on the normalized workload signal in the
evaluation window (seed 0), tracking the coarse trend of the trace but lagging at sharp spikes (Fig. 2.) consistent with the
confidence signal's role as a retrospective reliability proxy rather than a sharp, always-accurate forecast.

B. Response Time Comparison

Table 2 reports mean = SD response time across the five seeds. The proposed method averaged 3.42 + 0.24 s, close
to standard RL (3.26 £ 0.20 s), FCFS (3.57 + 0.22 s), and Round Robin (3.60 + 0.22 s) (Fig. 3.). A paired t-test comparing
the proposed method against each baseline did not reach significance at o = 0.05 for any comparison (FCFS: p = 0.43;
Round Robin: p = 0.35; RL: p = 0.37; Wilcoxon signed-rank gave consistent results). At this training scale, the data do
not support a claim that the proposed method reduces response time relative to these baselines.

4 A

N w
L 1

Response time (s)

=
1

CcFS und [ ced
' Troo® (no pred) proe®

Fig. 3. Average response time, primary comparison (mean + SD, n=5 runs).

C. Resource Utilization Analysis

Utilization was similar to slightly lower for the RL-based methods (Proposed: 18.9% + 1.3%; RL: 18.8% + 0.7%)
than for the non-adaptive heuristics (FCFS: 21.8% = 1.1%; Round Robin: 22.0% = 1.0%) (Fig. 4.). The greedy earliest-

available-VM logic underlying FCFS is a strong heuristic for this queueing regime, and the DQN policies did not learn
to match or exceed it within 700 training decisions.

Utilization (%)

cFS und L ced
' m"‘ob‘n (no pred) prop?

Fig. 4. Resource utilization, primary comparison (mean + SD, n=5 runs).

D. SLA Violation Comparison and SOTA Baselines

Fig. 5. shows SLA violation rate (response time exceeding an 8 s threshold) across all eight methods, including the
two simplified SOTA-style reproductions. FCFS, Round Robin, RL, and both ablations recorded 0% violations at this
workload intensity; the proposed method recorded 1.2% =+ 2.7% and the A3C-style comparator 1.7% =+ 2.1% — both
negligible. The clearest finding in the evaluation is the instability of the ABC-Q-learning reproduction [3]: 61.9% +23.3%
SLA violations and a mean response time roughly 20x higher than any other method, with high run-to-run variance. This
is consistent with a known weakness of tabular Q-learning over a large, coarsely-discretized state space: it struggles to
generalize across a 30-VM action space with limited interaction, whereas the DQN-based methods generalize through
shared network weights and remained stable across all five seeds.
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Fig. 5. SLA violation rate, all eight methods (mean + SD, n=>5 runs).

E. Load Balancing Performance

Fig. 6. compares the per-VM busy-time distribution for FCFS and the proposed method over one representative
evaluation run (seed 0). FCFS produced a tightly balanced load (coefficient of variation =~ 0.22) by construction, since it
always selects the earliest-available VM; the proposed method produced a visibly less balanced distribution (coefficient
of variation ~ 0.87), consistent with the higher load-imbalance statistic in Table 2. At this training scale, the learned policy

has not converged to the load-balancing behavior the reward function was designed to encourage.

2 FCFS Proposed
3 50 1 ]
£
2
< 40 g
>
o
0 30 A1 1
o
£ 20+ -
-
>
5 101 :
o
B
g o :
0 5 10 15 20 25 30 0 5 10 15 20 25 30
VM index VM index
Fig. 6. Per-VM load distribution, FCFS vs. proposed method, evaluation window (seed 0).
F. Ablation Study
Table 3. Ablation Study (Mean + SD, n =5 Seeds)
Configuration Response Time (s) SLA Violation (%) | Load Imbalance (CV)
Full proposed (LSTM + confidence gate + 3421004 12427 104 + 039
DQN)
Ablation: no confidence gate 3.26+0.14 0.0+0.0 1.19+0.14
Ablation: no predictor (= RL) 3.26+0.20 0.0£0.0 1.08 £0.13

Removing the confidence gate (always trusting the forecast fully) produced response time and SLA statistics
indistinguishable from the full proposed method (p = 0.79) and from removing the predictor entirely (mechanically
identical to the RL baseline). This pilot evaluation does not demonstrate a measurable benefit from either the LSTM
predictor or the confidence gate individually at 700 training decisions: the architectural contribution runs correctly and
stably, but its practical benefit, if any, likely requires substantially more training data, a more volatile workload, or both.
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G. Statistical Significance

Table 4. Statistical Significance, Proposed vs. All Comparators (n = 5 Paired Seeds)

Comparison (vs. Proposed, RT) t p (t-test) p (Wilcoxon)
FCFS -0.87 0.432 0.438
Round Robin -1.07 0.345 0.313
RL (no prediction) 1.02 0.367 0.438
Ablation: no confidence gate 1.10 0.335 0.438
Ablation: no predictor (= RL) 1.02 0.367 0.438
SOTA-style ABC-Q-learning [3] -2.46 0.070 0.063
SOTA-style A3C scheduler [4] -1.42 0.230 0.125

Across all pairwise comparisons against the proposed method, only the comparison with the unstable ABC-Q
reproduction approaches significance (paired t: p = 0.070; Wilcoxon: p = 0.063), falling just short of a = 0.05 with five
paired seeds. With n = 5, statistical power is limited; a larger number of seeds is recommended to detect smaller effect
sizes reliably.

H. Summary and Limitations

In this pilot-scale evaluation, the proposed confidence-gated LSTM-DQN scheduler ran correctly and stably,
matched but did not significantly exceed the response-time and SLA performance of standard RL and simple heuristics,
and clearly outperformed only the least-stable comparator (ABC-Q-learning). It did not demonstrate the load-balancing
or utilization benefits the architecture was designed to produce. These findings do not support a claim of superior average-
case performance for the proposed scheduler at this scale; they are reported transparently, together with released code,
raw per-seed data, and statistical tests, so they can be independently verified and extended.

Key limitations of the present evaluation: (i) the simulation is a Python implementation configured to match
CloudSim's resource model rather than a run of the Java CloudSim toolkit itself; (ii) the workload trace is synthetic rather
than the real Google Cluster trace; (iii) training used a modest budget (700 decisions per run, small networks) for
computational tractability, below the scale typically needed for DQN convergence; (iv) with n = 5 seeds, statistical power
is limited; and (v) the SOTA comparators are simplified reproductions of the cited algorithms' core mechanisms rather
than the original authors' implementations. Addressing these points — in particular, scaling up training substantially and
validating in the Java CloudSim toolkit on the real Google Cluster trace — is necessary before the architecture's practical
benefit can be claimed with confidence.

5. Conclusion

This paper identified and corrected a causal time-index inconsistency in confidence-gated, prediction-assisted
reinforcement learning for cloud resource allocation, and implemented and pilot-tested the corrected architecture,
comprising an LSTM workload predictor, a retrospective error-based confidence signal, and a DQN scheduler in a
reproducible simulation with released code and data.

The pilot evaluation did not find a statistically significant improvement in response time, utilization, or load balance
over standard RL or simple heuristic schedulers at the training scale tested; it did find that the proposed architecture trains
stably where a tabular metaheuristic-augmented baseline did not. The contribution of this paper, as it stands, is a correctly
specified, causally consistent, and empirically testable architecture and evaluation pipeline, rather than a demonstrated
performance advantage. Future work will (a) scale up training substantially to determine whether the architecture's
theoretical advantages materialize with an adequate training budget, (b) validate on the real Google Cluster trace in the
Java CloudSim toolkit, (c) extend the confidence module toward genuine predictive-uncertainty modeling such as Monte
Carlo Dropout or Bayesian LSTMs, and (d) re-run the SOTA comparisons against the original authors' released
implementations where available.
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