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Abstract- Cloud gaming moves game execution to remote servers so that players can run high-performance games on
low-end devices. However, server overload and network delay keep latency high and degrade the quality of experience
(QoE). This paper proposes an edge-assisted resource allocation strategy that places latency-critical processing on edge
nodes close to users, while the central cloud handles computation-heavy and globally coordinated tasks. A multi-factor
scoring rule based on proximity, current load, and predicted demand selects the serving edge node, and a feedback-driven
offloading policy decides where each task runs. An illustrative evaluation, based on explicitly stated assumed parameters
rather than measurements, indicates that the edge-assisted design yields lower latency and higher QoE than a cloud-only
baseline across different user counts and bandwidth levels.
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1. Introduction
Cloud computing provides on-demand access to scalable infrastructure over the Internet [14]. One of its most demanding
applications is cloud gaming, in which game logic and rendering run on remote servers and the resulting video is streamed to
the player in real time [4, 2]. This removes the need for expensive client hardware, but it makes the user experience depend
on the network and the server. The main obstacle is latency, i.e., the delay between a player’s input and the corresponding
response on screen as shown in Figure 1. Even small increases in delay measurably reduce player performance, especially in
fast-paced games [1], and measurement studies show that cloud-to-end-user latency is a limiting factor for deployment [5].
Server workload, network congestion, and limited bandwidth further degrade perceived quality [3, 6]. Edge computing
places computational resources closer to end users and reduces transmission delay [7, 8]. Several works apply it to
cloud gaming [9, 10, 11, 12], and offloading has been studied as a way to balance local and remote computation [13].
Most existing designs, however, do not jointly consider proximity, instantaneous load, and predicted demand in a simple,
transparent decision rule.
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Figure 1: Components of end-to-end latency in cloud gaming: network transmission (blue), server processing (orange), and codec
delay (green).
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The main contributions of this paper are as follows:
• We partition the gaming process so that latency-critical functions (input handling, frame rendering, encoding, input

prediction) run at the edge, while compute-intensive and globally coordinated functions run in the cloud.
• We formulate a scoring rule that combines user-edge proximity, current node load, and predicted demand, and give the

decision procedure as an algorithm (Algorithm 1).
• We define a task-level offloading rule that uses live measurements of latency, jitter, packet loss, and throughput to decide

between edge and cloud execution.
• Under an explicitly stated set of assumed parameters, we compare the proposed scheme with a cloud-only baseline in

terms of latency and QoE under varying user counts and bandwidth, and discuss the limitations of this evaluation.
The rest of the paper is organized as follows. Section 2 reviews related work, Section 3 states the problem and research gap,
Section 4 presents the architecture, Section 5 the allocation strategy, Section 6 the workflow, Section 7 the evaluation setup,
Section 8 the results, and Sections 9 and 10 the limitations and conclusion.

2. Background and Related Work
2.1 Latency in Cloud Gaming
In cloud gaming, latency is the time between a user’s input and the matching frame appearing on screen. It accumulates
from server processing, video encoding and decoding, and network transmission [2, 5]. High latency causes input lag and
reduced responsiveness, which is most harmful in racing and first-person-shooter games [1]. Subjective studies link these
delays directly to lower QoE [6, 3]. Table 1 shows the existing latency-reduction techinques and their limitations.

2.2 Existing Optimization Techniques
Prior work reduces latency through adaptive bitrate streaming [17, 18], predictive input modeling [19], content delivery
networks (CDNs), network prioritization, and stream compression [4]. Resource allocation and load balancing are also
used to avoid server overload. Table 1 summarizes the main limitation of each technique.

Table 1: Existing latency-reduction techniques and their limitations.

Technique Limitation Ref.

Adaptive bitrate streaming May reduce visual quality under low bandwidth [17, 18]
Predictive input modeling Needs accurate prediction models [19]
CDN-style placement High deployment cost for global coverage [5]
Network prioritization (QoS) Depends on operator support [8]
Stream compression Compression artifacts may affect quality [4]

2.3 Edge Computing for Latency Reduction
Edge servers handle time-sensitive tasks near the user and forward heavier computation to the central cloud [7, 8]; the same
idea is used for other latency-sensitive applications [16], and edge intelligence is an active direction [15]. For cloud gaming,
EdgeGame moves rendering to the network edge and adapts video bitrate with deep reinforcement learning [9]. E-Render
separates the graphics engine and deploys it at the edge to support UHD-quality streaming [11]. An edge-cloud selection
scheme has been proposed for virtual-reality multiplayer games [12] and a reinforcement-learning approach balances
latency, fairness, and load [10]. Computation offloading itself was first studied for mobile devices [13]. In contrast to
learning-based schemes, our approach uses an explicit, transparent scoring rule that needs no training phase.

2.4 Limitations of Existing Methods
Adaptive streaming lowers latency by sacrificing quality. Static allocation and load-balancing schemes adapt poorly to
changing demand and network conditions. Edge deployments add infrastructure cost and coordination complexity [7, 8].
These limitations motivate a more flexible allocation method.

3. Problem Statement and Research Gap
Problem. Latency in cloud gaming comes from encoding/decoding, server processing, and network transmission. High
latency causes input lag, inconsistent responsiveness, and unfair competition, so it must be minimized to guarantee real-time
interaction [1, 2].

Research gap. (i) Methods such as predictive input modeling and adaptive bitrate streaming work well under typical
conditions, but degrade for users far from data centers or with varying bandwidth [5]. (ii) Existing edge and CDN
deployments are often provisioned statically and rarely react to instantaneous network conditions, server load, or user
mobility [5, 8]. (iii) Few studies combine several latency-reduction strategies in one framework; most edge-gaming
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Figure 2: Proposed edge-assisted cloud gaming architecture.

works target a single aspect, such as rendering placement [11], bitrate adaptation [9], or edge selection [12]. An adaptive,
edge-assisted allocation scheme that balances latency, computational load, bandwidth efficiency, and QoE is therefore still
needed.

4. System Architecture
The system has three layers as shown in Figure 2. The first layer is user devices, second is edge nodes, and last is a central
cloud. This layered architecture follows the edge-cloud hierarchy commonly used in edge computing [7, 8].
• Cloud server: The cloud provides high-performance computation (large-scale rendering, AI, complex physics),

centralized storage (user profiles, game progress, textures, models, maps), and global coordination (matchmaking,
multiplayer synchronization, leaderboards) [4, 2]. It also acts as a fallback when edge nodes are overloaded or unavailable.
Because it is usually far from users, relying on it alone causes high network latency [5], which is why latency-sensitive
work is moved to the edge.

• Edge nodes: Edge nodes are located in local data centers, ISP facilities, or telecom infrastructure close to users [7,
8]. These nodes execute latency-critical tasks (input handling, frame rendering, video encoding, predictive input
modeling). As well as monitor CPU, GPU, memory, and bandwidth usage to support dynamic session assignment. Also
they supervise cache frequently used assets such as textures, models, and recent game state and reroute requests to
neighboring nodes or the cloud if they become overloaded.

• User device: The device captures inputs (touch, controller, keyboard, mouse), sends them to the nearest edge node,
decodes and displays the received video, and reports latency, jitter, packet loss, and available bandwidth to the allocation
module. Since it only performs lightweight work, low-end devices can be used [4], but the experience becomes sensitive
to network conditions.

5. Dynamic Resource Allocation Strategy
5.1 Edge Server Selection
Let E be the set of edge nodes. When user 𝑢 starts a session at time 𝑡, the allocation module scores every node 𝑒 ∈ E using
three factors.

Proximity. With RTT𝑢,𝑒 the measured round-trip time between 𝑢 and 𝑒 and 𝑅max the maximum tolerated value,

𝑑𝑢,𝑒 = min
(
1,

RTT𝑢,𝑒

𝑅max

)
. (1)

Current load. With 𝜐𝑒,𝑟 (𝑡) ∈ [0, 1] the utilization of resource 𝑟 ∈ {CPU,GPU,memory, network} and weights
𝜔𝑟 ≥ 0,

∑
𝑟 𝜔𝑟 = 1,

ℓ𝑒 (𝑡) =
∑︁
𝑟

𝜔𝑟 𝜐𝑒,𝑟 (𝑡). (2)

Predicted demand. Let 𝜆𝑒 (𝑡) be the session arrival rate observed at 𝑒. Any short-term predictor can be used; a simple
choice is exponential smoothing,

𝜆̂𝑒 (𝑡+1) = 𝛼 𝜆𝑒 (𝑡) + (1 − 𝛼) 𝜆̂𝑒 (𝑡), 𝛼 ∈ (0, 1], (3)

with normalized predicted load 𝜌̂𝑒 (𝑡) = min
(
1, 𝜆̂𝑒 (𝑡+1)/Λ𝑒

)
, where Λ𝑒 is the session capacity of 𝑒 per interval.
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Algorithm 1 Edge server selection for a new session
Require: user 𝑢, edge set E, weights 𝑤1, 𝑤2, 𝑤3, thresholds 𝑅max, 𝜏
Ensure: serving node for 𝑢

1: E𝑢 ← {𝑒 ∈ E : RTT𝑢,𝑒 ≤ 𝑅max ∧ ℓ𝑒 (𝑡) ≤ 𝜏}
2: if E𝑢 = ∅ then
3: return cloud
4: end if
5: for all 𝑒 ∈ E𝑢 do
6: compute 𝑆𝑢,𝑒 using Eq. (5)
7: end for
8: 𝑒★← arg min𝑒∈E𝑢 𝑆𝑢,𝑒
9: assign session of 𝑢 to 𝑒★

10: return 𝑒★

Decision rule. Only nodes that satisfy the proximity and load constraints are candidates:

E𝑢 = {𝑒 ∈ E : RTT𝑢,𝑒 ≤ 𝑅max, ℓ𝑒 (𝑡) ≤ 𝜏}, (4)

where 𝜏 is a load threshold. Each candidate receives the score

𝑆𝑢,𝑒 = 𝑤1 𝑑𝑢,𝑒 + 𝑤2 ℓ𝑒 (𝑡) + 𝑤3 𝜌̂𝑒 (𝑡),
∑

𝑖 𝑤𝑖 = 1, (5)

and the session is assigned to
𝑒★ = arg min

𝑒∈E𝑢
𝑆𝑢,𝑒 . (6)

If E𝑢 = ∅, the session is served by the cloud. The procedure is summarized in Algorithm 1.

5.2 Task Offloading Rule
Tasks are split into latency-critical tasks Klc (input handling, frame rendering, encoding, input prediction) and the rest
(AI, physics, leaderboards, synchronization). Tasks in Klc always run at the selected edge node. Any other task 𝑘 with
workload 𝑝𝑘 is offloaded to the cloud if offloading is enabled, edge resources are insufficient, and the estimated cloud
completion time is lower:

𝑇cloud
𝑘 = RTT𝑒,𝑐 +

𝑝𝑘

𝑓𝑐
< 𝑇

edge
𝑘

= 𝑞𝑒 +
𝑝𝑘

𝑓𝑒
, (7)

where 𝑓𝑒, 𝑓𝑐 are the processing rates of the edge and cloud, 𝑞𝑒 is the queueing delay at 𝑒, and RTT𝑒,𝑐 is the edge–cloud
round-trip time. Figure 3 shows the decision flow.

5.3 Feedback Loop
Each user device continuously reports latency, jitter, packet loss, and throughput. If the measured latency of a session
exceeds its budget, the allocation module re-runs Algorithm 1 and migrates the session to a less loaded or closer node, and
the encoder adapts the compression level to the available bandwidth. This keeps the selection adaptive instead of static.

6. Request Handling Workflow
A request follows six steps:

1. Input capture. The device sends the user input to the nearest suitable edge node as shown in Algorithm 1.
2. Edge processing. The edge performs input interpretation, predictive input modeling, frame generation, and video

compression.
3. Cloud offloading. Computation-heavy or globally coordinated tasks are sent to the cloud according to Eq. (7).
4. Response aggregation. The edge merges locally produced frames with cloud results (e.g., updated game state).
5. User display. The device decodes and displays the compressed frames.
6. Feedback. Measured metrics return to the allocation module, which adjusts allocation, routing, and compression.

Together, these steps keep time-sensitive work close to the user, use the cloud only for non-critical work, scale with the
number of users, and adapt to network fluctuations.
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Figure 3: Offloading decision flow at an edge node.

7. Evaluation Setup
The results show the expected qualitative behavior of the proposed scheme under the assumed parameters in Table 2, and
they are not measurements from a deployed system or a validated simulator. We compare the proposed edge-assisted
system against a cloud-only baseline, in which all processing, rendering, and streaming is done by central cloud servers.
The number of concurrent users is varied from 10 to 500 and the available bandwidth from 5 to 100 Mbps. Interactive
cloud gaming commonly targets response delays below about 100 ms, which measurements show to be achievable when the
backend is placed near the user [20]. Table 2 lists the setup.

Table 2: Evaluation setup. Values marked “assumed” are representative assumptions, not measurements.

Parameter Value

Platform None: illustrative curves under assumed parameters (no simulator or testbed)
Compared systems Cloud-only (baseline); edge-assisted (proposed)
Concurrent users 10-500
Bandwidth 5-100 Mbps per user
Edge nodes (assumed) 5 nodes, each with 16 CPU cores, 1 GPU, 64 GB RAM
Cloud (assumed) 1 central data center with 128 CPU cores, 8 GPUs, 512 GB RAM
RTT (assumed) User-edge 10-20 ms; edge-cloud 30 ms; user-cloud 40-80 ms
Workload (assumed) One fast-paced game, 1080p at 60 fps, Poisson session arrivals
Model parameters (assumed) (𝑤1 , 𝑤2 , 𝑤3 ) = (0.4, 0.35, 0.25) , 𝜔𝑟 = 0.25, 𝛼 = 0.5, 𝜏 = 0.8, 𝑅max = 50 ms
Metrics Latency (ms), QoE (1-10), performance score (%)

We evaluate latency, QoE (a user-centric score (1-10) covering responsiveness, fluidity, video quality, and absence of
lag or buffering) and an overall performance score.

8. Results and Analysis
8.1 Latency versus Number of Users
Figure 4 compares both systems as the number of concurrent users grows. Curve of cloud-only latency rises steeply,
reaching 300 ms at 500 users, while the edge-assisted latency curve rises more slowly, reaching 160 ms, as expected when
sessions are served by nearby nodes. In these curves, the edge-assisted latency stays within the 100 ms target discussed in
Section 7 up to about 200 users; beyond that, additional edge capacity would be needed.

8.2 Bandwidth versus Performance
Figure 5 shows that the overall performance score improves quickly up to roughly 50 Mbps and then saturates, indicating
diminishing returns from additional bandwidth.

Article ID: JEPCS-2026-0302-0021 | Page 5



JEPCS | Journal of Emerging Paradigms in Computing Systems | Vol. 03, No. 02, 2026

Figure 4: Latency versus number of users for cloud-only and edge-assisted systems

Figure 5: Overall system performance score versus available bandwidth (illustrative).

8.3 Average Latency
Averaged over the evaluated user counts in Figure 4, latency drops from 146 ms (cloud-only) to 82 ms (edge-assisted), a
reduction of about 44% as shown in Figure 6.

8.4 Bandwidth versus Quality of Experience
Figure 7 shows that the edge-assisted system gives a higher QoE score at every bandwidth level, with the largest gap at low
bandwidth, where cloud-only delivery suffers most from delay and congestion.

9. Discussion and Limitations
Placing edge nodes near users reduces communication delay, and load-aware allocation avoids bottlenecks during high
demand, which is expected to lower latency and improve responsiveness compared with cloud-only processing. Edge
deployment nevertheless requires coordination between cloud and edge nodes, higher infrastructure cost, and management
of distributed resources.

The current evaluation has the following limitations.
• First, the results are considered under assumed parameters, not measurements from a simulator or a deployed system, so

validation by simulation or a real testbed is still required.
• Second, it covers up to 500 concurrent users, and large multi-region networks were not evaluated.
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Figure 6: Average latency of the cloud-only and edge-assisted systems

Figure 7: QoE score versus bandwidth (illustrative).

• Third, edge nodes are assumed to have sufficient compute capacity, which may not hold in practice.
• Fourth, the deployment and operating cost of edge nodes is not modeled.
• Fifth, the results depend on the workload and may differ for other games and player behavior.
• Sixth, only a cloud-only baseline was compared, the accuracy of demand prediction was not evaluated separately, and

no real-world deployment was used.

10. Conclusion
This paper proposed an edge-assisted resource allocation strategy for cloud gaming. Latency-critical tasks run at nearby
edge nodes, a proximity/load/prediction score selects the serving node, and a feedback-driven rule offloads heavy tasks
to the cloud. The illustrative evaluation, based on assumed parameters, indicates lower latency and higher QoE than a
cloud-only system. Future work includes validation through simulation and real testbeds, comparison with additional
baselines, cost-aware allocation, and learning-based prediction and scheduling.
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