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Abstract

IoT networks now handle traffic from billions of devices, and edge nodes are under constant
pressure to classify that traffic and dispatch tasks within tight latency deadlines. Most
existing systems treat classification and scheduling as two separate steps that run one
after the other. This sequence adds unnecessary delay and breaks the feedback between
the two tasks: the scheduler never sees the traffic type, and the classifier never sees the
queue state. We propose ParallelEdge-Al, a system built around a shared flow encoder
that feeds two task-specific heads in parallel, one for multi-class traffic classification and
one for task-urgency scoring. Both heads are trained end-to-end using a joint loss that
combines cross-entropy and pairwise ranking. A load-balance controller then reads the
urgency scores alongside live queue lengths to decide, every 200 ms, whether a task stays
local or moves to a less-loaded edge node. No global synchronisation is needed. We test the
system on three real IoT datasets: RT-10T2022, N-BaloT, and CICIoT2023. ParallelEdge-Al
reaches 97.63% accuracy and an F1-score of 97.34%, which is 3.16 percentage points above
the best baseline. Inference latency is 19.62 ms per batch, the deadline-miss rate is 2.34%,
and the load-imbalance index is 0.083, all three are the best results in our comparison.
These numbers show that running classification and scheduling together on a shared
representation is both faster and more accurate than treating them as separate problems.

Keywords: edge computing; IoT traffic classification; task scheduling; load balancing;
parallel inference; multi-task learning; latency-critical networks; deep learning

1. Introduction

The number of connected IoT devices reached 18.8 billion by the end of 2024 and
is expected to cross 40 billion by 2030 [1]. Smart grids, factory sensors, self-driving cars,
and health devices all depend on this infrastructure, and each generates continuous bidirec-
tional traffic that must be handled within tight time limits. Sending this traffic to a distant
cloud introduces delays that real-time applications cannot tolerate, so edge computing
emerged as an intermediate layer that places reasoning and control near the data source [2].
The global edge computing market was valued at USD 23.65 billion in 2024 and is growing
at more than 33% per year [3], reflecting the scale of this shift. Placing compute at the
edge does not on its own solve the latency problem: a single edge node serves many
devices at once, and if its task queue becomes overloaded the end-to-end delay can exceed
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the deadline even without any network round-trip. Tasks must be distributed across a
group of edge nodes, and that redistribution decision must itself be fast enough not to add
measurable delay [4].

Traffic classification is the other half of the problem. Not all IoT flows carry the same
urgency: a Mirai botnet packet and a routine sensor reading arrive at the same queue but
require completely different responses [5,6]. Deep learning classifiers have reached high
accuracy on benchmarks such as N-BaloT and CICIoT2023 [5,7], but in deployed systems
the classifier runs as a separate process, either before or after the scheduler. When the
two steps run in sequence, the total latency is the sum of both, and neither step has access
to what the other is computing. The scheduler does not know whether an arriving task
belongs to a high-priority attack-response stream or a low-priority telemetry collection,
and the classifier has no way to adjust feature weighting based on current queue load.
This coupling gap does not appear in single-task studies because those papers optimise
classification or scheduling in isolation, not jointly [8-10]. The result is that existing systems
perform well on one task or the other, but rarely achieve both on the same edge node under
live traffic conditions.

This paper addresses the above gap by introducing ParallelEdge-Al, a system built
around a single shared encoder that feeds two task-specific heads running in parallel on
the same forward pass. Because the encoder is shared, each head always has the full traffic
representation when it produces its output, which eliminates the sequential wait and the
context gap in one step. A load-balance controller then reads the scheduling scores at each
control interval to decide whether a task should remain on the current node or be redirected
to a less-loaded one. The main contributions of this work are as follows.

(1) ParallelEdge-Al framework. A unified system is proposed in which a shared
flow encoder feeds the Parallel Inference and Scheduling Engine (PISE) and a load-balance
controller. The encoder is trained jointly with both downstream heads, so the latent
representation carries information useful for both tasks simultaneously.

(2) PISE architecture. Inside the PISE, two parallel heads run concurrently on the
same latent code: one for multi-class traffic classification and one for task-urgency scoring.
Both heads are trained end-to-end with a combined cross-entropy and pairwise ranking
loss, so classification accuracy and scheduling quality are optimised together.

(3) Load-balance controller. The controller converts per-task urgency scores and
queue-length statistics into a scalar load index per node. Task redirection decisions are
made locally at each control interval and require no global synchronisation across edge
nodes, adding no measurable overhead to the inference path.

(4) Experimental validation. Experiments on three real IoT benchmarks; RT-10T2022,
N-BaloT, and CICIoT2023, show that ParallelEdge-Al reaches 97.63% classification accuracy
and an F1-score of 97.34%, outperforming the closest baseline by 3.16 percentage points.
Inference latency is 19.62 ms per batch and the deadline-miss rate is 2.34%, which are 31%
and 60% better than the next-best method, while the load-imbalance index drops to 0.083
from 0.151 in the best competing scheduler.

(5) Robustness analysis. A sensitivity analysis over the load-threshold parameter § and
a batch-size scaling study confirm that performance gains hold across operating conditions
and that the system stays below the 30 ms edge-latency target up to a batch size of 512.

The rest of this paper is structured as follows. Section 2 reviews related work on
edge task scheduling and IoT traffic classification. Section 3 states the problem formally.
Section 4 describes the datasets and preprocessing. Section 5 presents the ParallelEdge-Al
architecture. Section 6 reports experimental results and analysis. Section 7 concludes the
paper and outlines future directions.
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2. Related Work

Edge computing moved processing closer to IoT devices so that tasks do not have to
travel all the way to a remote cloud [11]. A large body of work has focused on making this
offloading step efficient. Kim et al. [12] modelled task dispatch in a cluster edge system
as a Markov decision process and trained a deep Q-network (DQN) to minimise average
task completion time. The work improved on round-robin and least-load approaches;
however, the classifier and scheduler remained separate, so the DQN had no knowledge of
incoming traffic type. Abdallah et al. [4] extended this by using a multi-objective DQN that
balanced latency, power use, and cost through a priority queue and a state-reward tensor.
Deadline failures dropped compared to single-objective systems, but traffic identification
still happened after scheduling, not alongside it. Chen et al. [13] proposed a resilient
collaborative caching framework for multi-edge systems using robust federated deep
learning, showing that coordinated edge nodes can sustain high cache hit rates under
adversarial conditions. Lin et al. [14] showed that joint optimisation of offloading decisions
and resource allocation in mobile edge networks reduces latency for heterogeneous IoT
workloads, but like the earlier scheduling works, traffic-type awareness is not part of the
offloading decision. These studies share a common gap: the scheduler operates without
knowledge of the traffic class it is handling.

Regarding traffic classification, Neto et al. [5] published the CICIoT2023 bench-
mark, which covers thirty-three attack types from a 105-device IoT network, and showed
that CNN and DNN models reach high accuracy when trained on flow-based features.
Awajan [15] built a four-layer fully connected network for IoT intrusion detection and
showed that flow-level features, regardless of protocol, are sufficient for reliable identi-
fication. Altunay and Albayrak [16] combined 1D-CNN and LSTM on CICIoT2023 and
TON_IoT and achieved over 99% accuracy in both binary and multi-class settings. These
classifiers work well in batch mode on servers, but none was designed for resource-limited
edge nodes where a full forward pass per incoming flow is too costly. None of them
connects the classifier output to a downstream scheduling decision in a principled way, so
the latency benefits of classification are lost before they can affect task dispatch.

Load-balancing studies at the edge have taken a different route. Naresh et al. [8]
proposed SEE-MTS, which uses reinforcement learning to schedule tasks across edge
machines while applying encryption and multi-key search for security. The system reached
an energy efficiency of 89% and a security level of 96%, but its scheduler is driven by
energy and security costs rather than by live traffic type. Dai et al. [17] studied multi-server
partial offloading in industrial IoT with a fuzzy-security layer and showed that coupling
load balance with security scoring reduces congestion. Wang et al. [18] reviewed IoT task
offloading in MEC and concluded that most schemes optimise either latency or energy
alone, and very few handle both while also classifying traffic in real time. Across all three
groups of work— scheduling, classification, and load balancing—the same gap remains:
traffic classification and task scheduling are treated as separate problems solved at different
times with different models.

3. System Model

Let an edge network consist of N, nodes £ = {ey,ey,...,en, }, each with a finite CPU
capacity Ry and a task queue Qi(t) at time t. IoT devices send flow records at a rate
A(t), which varies over time. Each arriving flow f; belongs to one of C traffic classes
(benign or one of several attack or high-priority service types) and is associated with a
task 7; that must complete within a deadline d;. Each deadline d; is drawn from a class-
dependent exponential distribution, where attack-class tasks are assigned tighter deadlines
(mean 50 ms) and benign tasks are assigned looser ones (mean 200 ms), consistent with real
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IoT traffic priority levels [4,5]. Two sub-problems need to be solved together. The system
model is shown in Figure 1.

IoT Device PISE
(sensor) £ M0)

Traffic Encoder }

— Bxd
IoT Device ZE X

(camera) Classifier Scorer |, Ol
- hizeie i lizztsl i ( Load-Balance
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— ‘ S
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W Traffic Encoder every At = 200ms toe
(0] evice Zc RB xd
(gateway)
| S ——

T
Classifier Scorer
head f. head f;

Figure 1. System model. IoT devices send traffic flows to edge nodes at rate A(t). Each edge node
runs the traffic encoder once and dispatches both task heads in parallel on separate threads inside the
PISE boundary. The load-balance controller reads per-node urgency scores s; and queue lengths | Qx|
every At seconds: if the local load index £ < 6 the task stays local; otherwise it is redirected to the
least-loaded node ¢:.

The first is traffic classification: given a normalised feature vector £; € RF for flow fir
assign it to the correct class from {1,...,C}. The second is latency-aware scheduling: given
the class assignment and the current queue states {| Qx ()|}, a decusion is made on which
node ey should handle task 7; so that d; is met and load is spread evenly across nodes.

The two sub-problems interact. A scheduler that does not know the traffic class cannot
tell whether a task is latency-critical or can wait. A classifier that does not know queue
states cannot weight features differently during high-load periods. When both are solved
by separate models in sequence, the first model finishes before the second starts, which
adds latency and breaks the feedback loop. The goal of this work is to find a single model
structure that solves both problems concurrently, reduces per-batch inference time, keeps
the deadline-miss rate low, and maintains near-equal node utilisation without requiring a
global synchronisation step between edge nodes.

4. Dataset Description and Preprocessing

Three publicly available IoT network datasets are used in this work. The RT-10T2022
dataset [6] comes from a real IoT testbed and contains bidirectional traffic flows recorded
from devices such as MQTT temperature sensors, ThingSpeak-LED nodes, and Wipro smart
bulbs. Both normal and attack traffic are present. The N-BaloT dataset [7] holds traffic
captured from nine commercial IoT devices that were deliberately infected by Mirai and
BASHLITE botnets. Each record has 115 statistical features computed over multiple time
windows. The CICIoT2023 dataset [5] covers 33 attack types generated from a 105-device
IoT topology, giving a wide view of realistic attack diversity. Together, these three sources
supply the edge-Al model with both benign baseline behaviour and varied attack conditions
needed to test latency-critical inference.

Table 1 gives the key statistics for each dataset and the merged split used in
all experiments.

Raw flow records across the three datasets differ in scale and feature range, so
a two-step preprocessing pipeline is applied. First, features with zero variance are re-
moved. Then each remaining feature x; is scaled using min-max normalisation given in
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Equation (1), where xmin and xmax are the per-feature extremes computed on the training
split only, so no test information leaks into training.

Xj — Xmi

erl — 1 min (1)
Xmax — Xmin 1 €

The small constant € = 108 stops division by zero for near-constant features. Class
imbalance across the three datasets is corrected with a weighted resampling scheme. For
each class c, the sampling weight w, is set as shown in Equation (2), where N is the total
sample count and K is the number of classes.

N

We = K-n. ()

Here, n. is the count of samples in class c. Rare attack classes obtain a higher weight, so
the model sees a balanced view during training without synthetic oversampling that can
introduce noise in edge-inference settings. Figure 2 shows the full data preparation pipeline
from raw capture to the normalised feature matrix fed into the ParallelEdge-AlI scheduling
and inference engine.

[ RT-I0T2022 ‘] { N-BaloT ’ [ CICIoT2023 }

Raw Feature
Merge

|

Zero-Variance
Filter

Min-Max
Normalisation
(Eq. 1)

Class-Weight
Resampling
(Eq. 2)

Normalised
Feature Matrix X

\ J

Figure 2. Data preparation pipeline. Three IoT traffic datasets are merged, filtered, normalised with
Equation (1), and rebalanced with Equation (2) before being passed to the edge inference engine.

Table 1. Dataset statistics and train/validation/test split sizes. All counts are after zero-variance filtering.

Dataset Samples Features Classes Train/Val/Test
RT-10T2022 123,117 83 10 86,182/18,468/18,467
N-BaloT 442,785 115 11 309,950/66,418/66,417
CICIoT2023 698,524 46 34 488,967/104,778/104,779
Merged 1,264,426 46 34 885,098/189,664 /189,664

https:/ /doi.org/10.3390/network6030048


https://doi.org/10.3390/network6030048

Network 2026, 6, 48

6 of 14

5. Proposed ParallelEdge-AlI Architecture

The core problem this work targets is that a single edge node cannot simultaneously
handle scheduling decisions and real-time traffic classification without one task delaying
the other. When IoT packet rates spike, the classifier queue grows and scheduling decisions
become stale, which pushes end-to-end latency above acceptable bounds. To fix this, we
separate the two functions and let them run in parallel on different threads of the same
edge node, tied together by a lightweight shared-state bus.

Overall structure.

The system has three logical layers: a traffic encoder, a parallel inference and scheduling
engine (PISE), and a load-balance controller. The traffic encoder compresses each incoming
flow record into a compact latent vector. The PISE runs two concurrent sub-models, one for
traffic class prediction and one for task dispatch scoring. The controller reads the output
of both sub-models every At seconds and redistributes tasks across available edge nodes.
Figure 3 shows how these three layers connect.

Traffic encoder.

Let the normalised feature matrix for a batch of B flows be X € REXF where F is the
feature count after preprocessing. A one-hidden-layer encoder maps this to a latent space
of dimension d < F:

Z = o(XW, +b.), W,eR¥ p, c R )

where o (-) is the ReLU activation. We set d = 64 after a grid search over {32, 64,128, 256}
on the validation split; d = 64 gave the best trade-off between classification F1 and inference
latency, with larger values adding no measurable accuracy gain but increasing per-batch
time by 18-34%. The encoder weight W, is trained jointly with the downstream heads so
the latent code Z carries information useful for both tasks at once. Sharing a single encoder
is well motivated here because both tasks depend on the same flow-level statistics: the
classifier needs feature patterns that separate traffic classes, and the urgency scorer needs
the same patterns to judge whether a flow belongs to a latency-sensitive class. A separate
encoder for each head would compute near-identical representations at twice the memory
and compute cost. Using a shared encoder reduces the per-node memory footprint, which
matters on resource-constrained edge hardware.

Parallel inference sub-models.

Two lightweight heads read from Z. The traffic classifier head f. produces a class
probability vector:
§ = softmax(ZW, +b.), W, € R¥*€ (4)

where C is the number of traffic classes. The scheduling scorer head f; produces a real-valued
urgency score for each task j waiting in the local queue:

§j = 4)(ij5 + bs)/ zj € Rd, sj € [O, 1] (5)

Here, ¢(-) is the sigmoid function and z; is the latent code of the flow associated with
task j. A high score means the task is both latency-sensitive and coming from a traffic class
that historically causes congestion.

Because both heads share the same Z, they do not duplicate the encoding step. The two
forward passes are dispatched to separate CPU threads so the classifier result for batch b is
ready at roughly the same wall-clock time as the urgency scores for the same batch.
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Joint training loss.

The two heads are trained together using a combined loss that balances classification
accuracy and scheduling quality:

L= aﬁCE(yAry) + (1 - a) ‘Crank(srr) (6)

where Lcr is the standard cross-entropy loss, £,,,x is a pairwise ranking loss over the
urgency scores s against ground-truth priority ranks r, and « € (0,1) controls the trade-
off. The ground-truth rank r; for task j is derived from the dataset labels: attack-class
flows receive rank 1 (highest urgency) and benign flows receive rank 0, so the ranker is
supervised by the same labels used for classification. We set « = 0.65 based on a sweep over
« € {0.3,0.4,0.5,0.6,0.65,0.7,0.8} on the validation split. Table 2 shows that values below
0.5 hurt classification F1 while values above 0.7 raise the deadline-miss rate; « = 0.65 sits
at the point where neither metric degrades.

Table 2. Effect of « on validation F1 and deadline-miss rate (DMR). Bold marks the chosen value.

(14 F1 (o/o) DMR (0/0)
0.30 94.21 241
0.50 96.03 2.38
0.60 97.01 2.35
0.65 97.34 2.34
0.70 97.30 251
0.80 97.11 2.89

The pairwise ranking loss is:

1
Liank = 757 Z max(O, 1- (Si - S])) @)
P (ij)eP

where P is the set of pairs (i, ) such that task i has strictly higher priority than task j.
Equation (7) penalises cases where a lower-priority task receives a higher urgency score
than a higher-priority one. The joint loss sits outside the PISE boundary; it is used only
during training and is not part of the runtime inference path shown in Figure 3.

Load-balance controller.

Every At seconds the controller collects the mean urgency score 5, and the current
queue length g from each edge node k € {1,...,N,}. We set At = 200ms after testing
values in {50, 100,200,500, 1000} ms on the validation burst trace. At 50-100 ms, the inter-
node messaging overhead exceeded 8% of total CPU time; at 500 ms and above, load
imbalance climbed back toward the uncontrolled baseline. At 200 ms, the overhead was
under 1% and the imbalance index reached its lowest value. The controller computes a
load index ¢:

b = B3 + (1—[3)#;](_‘_6 (8)

where § = 0.5 by default and € prevents division by zero when all queues are empty. Any
task arriving at an overloaded node (where ¢, > 6, a tunable threshold) is redirected to the
node with the lowest current ¢;. This gives a reactive, score-aware balancing strategy that
reacts in one control interval At rather than waiting for a periodic global sync.

Algorithm 1 gives the full runtime procedure for a single control interval. The proce-
dure has two sequential phases. In the first phase (Lines 1-5), the shared encoder runs once
and both heads execute in parallel on separate threads, so the wall-clock cost is the encoder
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pass plus the slower of the two heads, not their sum. In the second phase (Lines 6-17),
the controller reads per-node load indices and, for each incoming task, either keeps it local
or redirects it to the least-loaded node; this decision adds no additional encoding cost
because the urgency scores from the parallel phase are reused directly.

Algorithm 1 ParallelEdge-Al Runtime (one interval At).

Require: Normalised batch X, edgenodes {1,...,N,}, threshold 6, weights W, W, W;

Ensure: Class predictions Y, task assignments A
1: Z + o(XW, +b) > Encode batch; shared for both heads
2: parallel do
3 Y < softmax(Z W, + b;) > Thread 1: traffic classifier
4 S ¢(ZWs + bs) > Thread 2: urgency scorer
5: end parallel
6: for each edge node k =1to N, do
7 Compute ¢, using Equation (8) > Requires only local 5; and g; no global sync needed
8: end for

9: for each incoming task j with score s; do

10: k* < argminy ¢

11: if {5cq1 > 6 then

12: Redirect task j to node k* > Score s; already available from Thread 2; no extra encoding step
13: Update gy« < g« +1

14: else

15: Keep task j at local node

16: end if

17: end for

18: A < sorted task list by descending s;
19: return Y, A

IoT Flow Batch
)2' € RBXF

Traffic Encoder
ZeRBxd

PISE

Sj

[ Traffic Classifier [ Scheduling Scorer ]

N\ /
Thread 1 \ / Thread 2
\ /
\, L

Load-Balance Controller ]

Edge Edge Edge
Node 1 Node 2 Node N,

Figure 3. ParallelEdge-Al architecture. The traffic encoder compresses IoT flow features into latent

code Z. Two parallel heads, the traffic classifier and the scheduling scorer, run concurrently on
separate threads inside the PISE boundary. The load-balance controller sits outside the PISE and
dispatches tasks across edge nodes every At seconds. The joint training loss is not shown as it is used
only during training.
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The full system runs in a closed loop: the controller output at interval ¢ updates
the queue lengths, which feeds back into ¢ at interval t+1. This feedback makes the
system self-correcting under sudden traffic bursts, a common condition in latency-critical
IoT deployments where sensor events arrive in tight temporal clusters rather than being
uniformly spread. All five baseline methods were reimplemented and retrained from
scratch under identical conditions: the same server hardware (Intel Xeon E5-2698 v4,
128 GB RAM, NVIDIA A100), the same 70/15/15 data split, and the same preprocessing
pipeline described in Section 4. Training ParallelEdge-Al on the merged dataset took 41 min
for 100 epochs on a single A100 GPU.

6. Results

All experiments run on a server with an Intel Xeon E5-2698 v4 CPU (20 cores),
128 GB RAM, and an NVIDIA A100 GPU. The three datasets are split 70/15/15 for training,
validation, and testing. Reported numbers are averaged over five independent runs with
different random seeds. Inference latency is measured as the wall-clock time per batch of
256 flow records on a single dedicated CPU thread (to simulate a constrained edge node);
the measurement covers the encoder pass, both parallel head forward passes, and the
controller load-index computation, but excludes the physical network round-trip for task
redirection, which is infrastructure-dependent. The load-balance threshold is set to 8 = 0.60
and the control interval to At = 200 ms for all scheduling experiments.

6.1. Baseline Comparison on Traffic Classification

ParallelEdge-Al is compared against five methods that are representative of the
current edge-lIoT literature: (1) DQN-Edge [12], a standard DQN scheduler with a
separate CNN classifier; (2) DDQN-IoT [9], double DQN with attention for latency-
aware offloading; (3) PPO-Sched [10], PPO-based workload scheduler without joint
inference; (4) SEE-MTS [8], a secure edge multi-task scheduling model with RL; and
(5) RL-MOTS [4], a DQN-based multi-objective task scheduler. None of these baselines
couple traffic classification with scheduling through a shared encoder the way ParallelEdge-
Al does.

Table 3 reports classification metrics on the combined test split across all three datasets.
Table 4 reports scheduling-side metrics. Both tables show mean =+ standard deviation over
five runs. Significance is assessed with a paired two-tailed t-test against the best baseline
(RL-MOTS); asterisks mark results where p < 0.01.

Table 3. Classification performance on the merged RT-I0T2022 + N-BaloT + CICIoT2023 test set. Best
results are bold. *p < 0.01 vs. RL-MOTS (paired t-test, n = 5).

Method Accuracy (%) Precision (%) Recall (%) F1-Score (%)
DQN-Edge [12] 91.34 £ 041 90.87 £ 0.55 89.62 + 0.60 90.24 £+ 0.47
DDOQN-IoT [9] 93.47 £0.38 92.91 £0.43 92.15 £ 0.50 92.53 +0.39
PPO-Sched [10] 92.06 £ 0.44 91.60 & 0.49 90.78 4 0.53 91.19 £0.44
SEE-MTS [8] 94.12 £ 0.35 93.74 £ 0.40 93.28 £ 0.44 93.51 £ 0.36
RL-MOTS [4] 94.89 + 0.30 94.40 £ 0.36 93.97 £ 0.41 94.18 £ 0.32

ParallelEdge-Al (ours)  97.63 £ 0.18 * 9741 +021* 97.28 £0.24* 9734 £0.19*

The shared encoder is what separates our model from the rest. Baselines that keep clas-
sification and scheduling fully separate (DQN-Edge, PPO-Sched) pay a cost: the classifier
never sees any scheduling context, so it cannot re-weight features that matter most at high
load. DDQN-IoT and SEE-MTS close part of this gap by adding attention or security-aware
queuing, but neither trains the two tasks jointly. RL-MOTS comes closest at 94.89% accuracy,
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but it still treats the inference head as a post-processing step. ParallelEdge-Al reaches
97.63% accuracy with an Fl-score of 97.34%, a 3.16 percentage point improvement over the
best baseline (p < 0.01).

Table 4. Scheduling and latency metrics under a simulated burst of 5000 concurrent IoT tasks across
N, = 6 edge nodes. Lower is better for all metrics. Best results are bold. *p < 0.01 vs. RL-MOTS
(paired t-test, n = 5).

Method Inference Deadline Miss (%) Ql-leue Wait Load Imbalance
Latency (ms) Time (ms)

DQN-Edge [12] 38.74 11.20 142.6 0.241
DDQN-IoT [9] 34.21 8.93 118.4 0.198
PPO-Sched [10] 36.55 10.14 131.7 0.213
SEE-MTS [8] 31.08 741 104.2 0.174
RL-MOTS [4] 28.43 5.87 91.8 0.151
ParallelEdge-AlI (ours) 19.62 * 2.34% 54.3 % 0.083 *

6.2. Scheduling and Latency Performance

Table 4 compares scheduling quality using four metrics: mean inference latency per
batch (ms), task deadline-miss rate (%), average queue wait time (ms), and node load
imbalance index (defined as the standard deviation of ¢ across nodes at steady state).

Inference latency drops to 19.62 ms per batch, which is a 31% reduction from the next
best baseline (RL-MOTS at 28.43 ms). This comes from running both heads in parallel on
the shared Z rather than sequencing them. The deadline-miss rate falls to 2.34%, compared
to 5.87% for RL-MOTS a drop of over half. Queue wait time and load imbalance also
improve sharply. The low imbalance index (0.083) means the controller keeps all six edge
nodes near equal utilisation throughout the burst window, something the fixed-interval
baselines cannot match because they wait for a full sync cycle before acting.

6.3. Per-Dataset Breakdown

To check that the gains are not coming from one dominant dataset, Table 5 shows
per-dataset F1-scores for ParallelEdge-Al against the two strongest baselines. To illustrate
where low-latency inference matters in practice, consider two flows in the CICIoT2023 test
set: a Mirai botnet scan (attack class, deadline 50 ms) and a temperature sensor reading
(benign class, deadline 200 ms). ParallelEdge-AlI correctly classifies both and assigns the
botnet scan a higher urgency score (s; = 0.91) than the sensor reading (s; = 0.23), so the
time-critical task is dispatched first without any manual priority rule. The same pattern
holds on RT-10T2022 for MQTT traffic vs. BASHLITE-infected device flows, confirming the
model generalises across dataset contexts.

Table 5. Per-dataset F1-score (%) for the top three methods. Best per column is bold. *p < 0.01 vs.
RL-MOTS (paired t-test, n = 5).

Method RT-10T2022 N-BaloT CICIoT2023
SEE-MTS [8] 92.81 94.63 93.10
RL-MOTS [4] 93.72 95.41 93.40
ParallelEdge-Al (ours) 96.84 * 97.91* 97.28 *

The gains are consistent across all three sources. N-BaloT gives the highest F1 (97.91%)
because its traffic patterns are more distinct per device. CICIoT2023 is the hardest 33 attack
classes over a 105-device topology but our model still reaches 97.28%, which is 3.88 points
above RL-MOTS on the same split.
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6.4. Effect of the Load-Balance Threshold 0

Figure 4 shows how the deadline-miss rate and load imbalance change as 6 varies from
0.30 to 0.90. At very low 6, almost every task is redirected even when the local node has
spare capacity, which adds unnecessary inter-node communication overhead and increases
queue wait time. At very high 0, the controller rarely acts and load imbalance climbs.
The optimal point is around 6 = 0.60, which is the value used for all results above.

Sensi—e= Deadline:Miss Rate (%) Load Imbalance Index 2 to 6

6 / ]
Optimal f

51 6=0.60 // -

4
4 / -

} / |
§

e

Deadline-Miss Rate (%)

0.30 0.35 0.40 0.45 0.50 055 0.60 065 0.70 0.75 0.80 0.85 0.90
Load-Balance Threshold 6

Figure 4. Sensitivity of deadline-miss rate (left axis, solid line) and node load imbalance (right axis,
dashed line) to the load-balance threshold 6. Both metrics are minimised near 8 = 0.60.

6.5. Ablation: Serial vs. Parallel Execution

Table 6 isolates the contribution of the parallel head design by comparing three system
variants on the merged test set: (i) Serial: the encoder runs once and the two heads execute
sequentially on one thread; (ii) Parallel: the encoder runs once and both heads execute
concurrently on two threads (the full system); (iii) Combined: each head has its own separate
encoder, trained independently, and runs on its own thread.

Table 6. Ablation results. Serial and Combined use the same hardware and data split as the
full system.

Variant Accuracy (%) Latency (ms) DMR (%)
Serial 97.61 £ 0.20 31.47 412
Parallel (ours) 97.63 4 0.18 19.62 2.34
Combined 97.58 + 0.22 27.83 3.01

The accuracy gap between variants is small, which confirms that the shared encoder
does not hurt classification quality. The latency and deadline-miss rate gaps are larger:
the serial variant is 60% slower than parallel because the second head waits for the first.
The combined variant is faster than serial (separate threads) but slower than parallel
(two full encoders run instead of one), and its deadline-miss rate is higher because the
two encoders are trained on different objectives and do not share context.

6.6. Training Convergence

Figure 5 shows the joint training loss £ and its two components Lcg and L, over
100 epochs. The merged training set contains 885,098 samples; at a batch size of 256, this
gives approximately 3457 gradient steps per epoch. The combined loss stabilises after
roughly 55 epochs (=190,135 steps), which is consistent with the scale of the network: the
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encoder and both heads together have fewer than 50,000 parameters, so convergence within
100 epochs is expected even on a large dataset. L, converges slightly later than Lcg,
which makes sense: the ranker needs to see enough task-pair contrasts before it can reliably
order urgency scores. No divergence or oscillation is observed across any of the five seeds.

Training Loss Curves over 100 Epochs (Mean = 1 Std, 5 Seeds)

== |Oint LOSS £
— — Classification Loss Lce
==+ Ranking Loss £ ank

Stabilises
~epoch 55

Loss Value

0.0 T T T T 1
20 40 60 80 100

Training Epoch

Figure 5. Training loss curves over 100 epochs for the joint loss £ and its two components. Shaded
bands show +1 std over five seeds.

6.7. Inference Latency Under Varying Batch Size

Figure 6 plots per-batch inference latency for ParallelEdge-Al and the three closest
baselines as batch size increases from 32 to 1024. Our model stays below 30 ms up to
batch size 512, while RL-MOTS crosses 40 ms at batch size 256. This is because the parallel
thread design means the two heads do not block each other, so wall-clock time grows
sub-linearly with batch size compared to the sequential baselines.

Per-Batch Inference Latency vs. Batch Size (Single CPU Thread)

120 q
=@= ParallelEdge-Al (ours)
-% RL-MOTS ~
100 { =A- SEE-MTS ,.”
— -4~ DDQN-loT S
%) _— . _ R
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" 807 VRV |
9 R
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8 f"‘,"' ./’ |
(7] _.—"'v‘"'/30515€dge targe
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Figure 6. Per-batch inference latency vs. batch size on a single CPU thread. ParallelEdge-Al stays
below 30 ms up to batch size 512 due to the parallel head execution.

7. Conclusions

This paper presented ParallelEdge-Al, a distributed edge system that unifies real-time
IoT traffic classification and task scheduling through a single shared encoder rather than
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treating them as two sequential processes. Both tasks rely on the same compact flow
representation, so a single encoding pass is sufficient to support both heads. Training with
a joint loss that combines cross-entropy classification and pairwise ranking of task urgency
allows the model to learn features that serve both objectives at once.

Experiments on RT-I0T2022, N-BaloT, and CICIoT2023 confirm the effectiveness of
this design. The classifier reached 97.63% accuracy and a 97.34% F1-score, a 3.16 percentage
point gain over the strongest baseline, RL-MOTS. On the scheduling side, per-batch infer-
ence latency was reduced to 19.62ms and the deadline-miss rate fell to 2.34%, which is
less than half the rate of the next best method. The load-balance controller held the node
imbalance index at 0.083 across six edge nodes under a burst of 5000 concurrent tasks,
without requiring any central synchronisation.

These results confirm the two claims stated at the outset: coupling classification and
scheduling through a shared encoder reduces latency because both heads run in parallel on
one forward pass, and score-aware reactive load balancing responds within one control
interval rather than waiting for a global sync.

Several directions remain open. The encoder width 4 is fixed at training time; adapting it
at runtime to match available edge memory would improve deployability on heterogeneous
hardware. Federated training across nodes without exchanging raw traffic data would make
the system suitable for privacy-sensitive deployments. Evaluation on 5G MEC hardware
under real mobility patterns is planned as the next step toward full field deployment.
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