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Abstract. Under stringent latency and computational constraints, real-time video coding must quickly divide the coding unit,
carry out motion estimation, rate control, and mode selection. Conventional optimization techniques improve compression
efficiency, but when dealing with high-resolution video, motion, and coding structure, their search complexity is
comparatively large. A Quantum Algorithm for Real-Time Video Coding with Resource Optimization is Presented. Utilize a
guantum-assisted search method to optimize mode selection, bit allocation, and compute scheduling by modeling the coding
choice process as a constrained combinatorial optimization problem. To optimize the trade-off between reconstruction
quality, bitrate, encoding delay, and hardware use, a Resource-Aware Control Module will be included. The suggested
approach keeps the PSNR loss within 0.18 dB of exhaustive rate-distortion optimization while reducing the average encoding
complexity by 27.4% and the decision latency by 22.8%, according to experiments on high-definition video sequences. Thus,
it can be said that a good algorithm for low-latency video coding and future quantum-inspired multimedia computing is
quantum-assisted resource optimization.
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Introduction

Many applications, including cloud gaming, mobile live-streaming, remote cooperation, intelligent surveillance,
autonomous driving perception, and edge visual analytics, now require real-time video coding in order to
transmit high-definition video. The encoder must compress video frames with high reconstruction quality while
adhering to stringent latency, bitrate, and device resource limitations for the applications. In addition to
providing sophisticated coding tools, more recent encoders like HEVC, VVC, AV1, and the emerging neural video
coding systems expand the choice space for coding unit partition, intra/inter prediction, transform selection,
motion search, quantization, and rate control [1]. Achieving a high compression efficiency and making coding
decisions before the frame deadline is surpassed are challenges for real-time services [2]. The need for
processing power, memory bandwidth, and energy consumption has increased with the emergence of 4K, 8K,
high-frame-rate, multi-view videos [3]. The real implementation of a low-latency video compression system
necessitates coding resource optimization in light of the conditions [4].

Early termination, fast-mode pruning, simplified motion estimation, empirical rate control, and hardware-
oriented parallel scheduling are some of the earlier generalizations of real-time video coding. These methods
work well in many situations, but they frequently rely on local heuristics or predefined thresholds, and they can
become unstable as the scene shifts, the texture density varies, the lighting changes, or the network becomes
crowded [5]. Although a thorough search across all coding modes is computationally costly and unsuitable for
real-time encoding pipelines, rate-distortion optimization offers a logical foundation for decision-making [6].
Perceptual coding techniques and deep learning-based coding acceleration have enhanced quality control and
prediction, but they may need large training datasets and have an additional model inference overhead [7].
Concurrently, combinatorial search, constrained optimization, and probabilistic decision-making in problems
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with vast discrete solution spaces have showed promise thanks to quantum algorithms and quantum-inspired
optimization [8]. In the absence of large-scale quantum computers, novel approaches to near-term optimization
are provided by Variational Quantum Algorithms and Quantum Approximate Optimization Frameworks. A hybrid
search method is especially appropriate for video coding since the encoder decisions are discrete, limited, and
regularly solved at the frame level [9].

We present a resource-optimized quantum algorithm for real-time video coding. A limited resource allocation
problem that takes into account mode selection, bit distribution, coding complexity, delay penalty, and
hardware utilization can be used to design the coding decision process. In order to compress the coding decision
space and guide the encoder to a near-optimal mode combination under real-time limitations, a quantum-
assisted search technique is employed. The suggested approach aims to address three key issues: how to
maintain coding quality while lowering search complexity; how to distribute bitrate and computation across
coding units in a cooperative manner; and how to improve robustness when dynamic video content is present.
This technique, which is based on the theoretical idea of quantum speed-up, has also been used in practice to
enhance coding choices; candidate modes are ranked and pruned using quantume-inspired probability evolution,
and the final encoding operation can still be integrated with the conventional video coding pipeline. Give an
algorithm that incorporates concepts of quantum optimization into the real-world video coding process.

Related Work

Real-Time Video Coding and Rate-Distortion Optimization

Bit rate, quality, complexity, and delay must all be balanced in real-time video coding, which has evolved into an
adaptive decision system. To maximize compression efficiency at the expense of more encoder-side decision
complexity, VVCintroduces variable coding tree partitioning, various transform tools, improved intra prediction,
affine motion compensation, and sophisticated in-loop filtering [10]. Although AV1's coding search is still very
costly in a real-time environment, it does provide a number of prediction and transform capabilities to achieve
high compression performance for network video services [11]. Therefore, the goal of complexity control
techniques is to reduce transform candidates, estimate partition depth, modify the search range, and avoid
improbable modes. Although these methods reduce computation, the correctness of the initial determination
has a significant impact on their performance [12]. Because it takes bit-rate and distortion into account at the
same time, rate-distortion optimization is still the primary method for selecting a coding mode. In contrast, the
optimum coding mode in terms of compression may violate frame-level latency limits if real-time coding does
not extend the rate-distortion criterion with delay and resource terms [13].

Content-adaptive and learning-assisted coding decisions have been the subject of recent research. In order to
minimize unnecessary trials, neural network models can forecast partition depth, motion complexity, or
perceptual distortion prior to a thorough search [14]. In order to improve subjective quality at a comparatively
low bit rate, perceptual video coding distributes bits according to the visual significance and saliency of areas
[15]. Research on low-latency streaming has also demonstrated that buffer state and network fluctuation must
be taken into account in addition to encoder setup [16]. Purely data-driven approaches may still struggle with
generalization when hardware platforms or video content change, despite considerable advancements. The
model's inference is not expedited because it also requires computing [17]. Building an organized optimization
framework that preserves the physical meaning of coding resources and employs intelligent search to narrow
the search space for decision-making is a more reliable approach [18].

Quantume-Inspired Optimization for Multimedia Computing

A distinct kind of computing for optimization, sampling, and search is quantum computing. Near-term quantum
and quantum-inspired algorithms have drawn interest for combinatorial optimization problems, despite the lack
of fully fault-tolerant quantum hardware [19]. Variational quantum algorithms are compatible with noisy
intermediate-scale devices (NISQ) and identify low-cost solutions using parameterized quantum circuits and
classical optimizers [20]. Quantum approximation optimization techniques use quantum state evolution to
explore potential configurations and relate discrete decisions to an energy function [21]. Since mode selection,
partition selection, and resource scheduling can all be expressed as discrete or mixed discrete-continuous
optimization problems, the concepts can be used to video coding [22].
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Quantum-inspired techniques are of importance to multimedial computing because the coding decision includes
several competing goals and a high-dimensional candidate space. In real-time video coding, resource allocation
is a form of limited combinatorial optimization; the entire frame must satisfy quality and latency constraints,
and each coding unit has a needed mode, bitrate, and computing budget. It's possible that some local options
that lower immediate complexity but degrade frame-level coding quality are avoided because current quantum
optimization research primarily concentrates on solution diversity, probabilistic updates, and global search
capabilities [23]. The number of qubits, circuit depth, and measurement noise continue to remain constraints
on direct quantum implementation [24]. Therefore, creating a quantum-assisted or quantume-inspired algorithm
that can be used in a traditional real-time encoding system while maintaining the optimization structure of
quantum search is a viable research avenue.

Resource-Optimized Quantum Coding Algorithm

Coding Resource Modeling and Optimization Objective

For the algorithm, split each frame into many coding units with varying motion strengths, texture complexities,
and perceptual weights. The quantum-assisted resource optimization framework for real-time video coding is
shown in Figure 1. The system generates a resource-constrained coding decision graph using video attributes
and encoder states as input, performs quantum-assisted candidate search, and then provides mode, bit, and
complexity options for the encoder.
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Figure 1. Quantum-assisted resource optimization framework for real-time video coding
C ={cou cra ""CtrNt} Eq.(1)

Each coding unit is associated with a local feature vector containing spatial gradient energy, motion residual,
prediction uncertainty, buffer pressure, and previous-frame decision statistics. The unit-level coding state is
mapped into a compact decision representation so that the search space can be transformed into a quantum
state encoding.

x; = [my, by, q;, pi, 4] Eq.(2)

The optimization objective combines distortion cost, bitrate cost, computational complexity, and latency penalty.
Unlike conventional rate-distortion optimization, the proposed objective introduces a resource term that
penalizes decisions consuming excessive search time or hardware utilization.
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J= Z (D; + AgB; + AcCi + A, T)) Eq.(3)

A real-time constraint is imposed at frame level. The total coding time of all selected decisions must remain
below the frame deadline, while the bitrate must remain close to the target rate to avoid buffer instability.

z T, < Ty, Z B, — R;
i i

Quantum Search-Based Coding Mode Decision

S €R Eq.(4)

Each unit's coding choice is a probability amplitude vector for the potential modes. The amplitude vector aids
the encoder in prioritizing candidates with a lower projected resource-normalized cost, but it does not
immediately replace the encoder search. As a result, it can avoid a mode trial and continue to use the outdated
encoding tools.

K
[0 = D @l Ea.(5
k=1

The cost of a candidate mode is converted into a normalized phase response. Modes with lower distortion,
bitrate, complexity, and latency cost receive a stronger constructive update, while high-cost modes are gradually
suppressed during iterative search.

01k = wpDiy + wpBip + wcCip + wrTi Eq.(6)

The candidate amplitude is changed using a Quantum-Rotation-inspired Update. The distance between the
current candidate cost and the best observed cost under the same resource budget determines the update's

direction.
a[jgl = ajxcosAf + ’1 - (air_k)zsin A6 Eq.(7)

Based on measurement likelihood, the encoder chooses a smaller candidate set after multiple repetitions.
Therefore, the search space is decreased without fixing a single mode too soon; otherwise, the local prediction
mistakes in a complicated motion area may spread to nearby coding units.

|Ofi.k|2

ik = 2
j'{=1 |ai,j |

Eq.(8)

Resource-Aware Bitrate and Complexity Control

The resource-aware coding decision and allocation module is shown in Figure 2. The module modifies bit
allocation and mode search depth after receiving the observed CPU/GPU core utilization, memory bandwidth,
and frame buffer status. Maintain real-time system stability and avoid drastically lowering the quality of user-
visible parts.
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The allocated bit budget depends on perceptual weight and local variance. High-texture or high-motion units
receive more bits, but the allocation is constrained by the residual frame budget. Complexity control is then
performed by assigning a search depth according to the resource pressure.

Si = Smaxexp(_nut) +§; Eq.(10)

The final decision is selected by minimizing a corrected cost over the retained candidate set. The correction term
reflects the mismatch between predicted and observed encoding time, allowing the encoder to adapt when
hardware load changes during continuous video transmission.

m; = argrr'?eifrzlg Uim +&[Tim = Tim|) Eq.(11)

Experimental Scheme and Evaluation Metrics

Dataset, Encoding Configuration and Hardware Setting

The experiment uses representative video sequences containing static texture, fast motion, camera panning,
illumination variation, and dense object movement. The tested resolutions include 1280 x 720,1920 x 1080,
and 3840 X 2160, and the frame rates include 30 fps and 60 fps. The encoder is configured under low-delay P
structure and random-access structure to evaluate both streaming-oriented and general coding scenarios. The
compared methods include exhaustive rate-distortion optimization, fast heuristic mode pruning, learning-
assisted partition prediction, and the proposed resource-optimized quantum algorithm. The target bitrates
range from 2 Mbps to 18 Mbps according to resolution. The real-time deadline is set to 33.3 ms for 30 fps
sequences and 16.7 ms for 60 fps sequences.

T = {Qp, Ry, Ty, Un, U} Eq.(12)

The quantization parameter, target bitrate, frame deadline, hardware utilization state, and candidate mode are
all included in the configuration vector. The starting encoder parameters and input sequences are the same for
each approach. To confirm that the improvement stems from resource-aware decision optimization rather than
relaxed coding circumstances, the suggested method is compared with others at the same bitrate and latency.
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Evaluation Indicators for Quality, Rate and Latency

Bitrate Deviation and Bjontegaard Delta Rate indicate Coding Efficiency, while Peak Signal-to-Noise Ratio and
Structural Similarity indicate Compression Quality. The average encoding time per frame, deadline violation rate,
and normalized resource use are all considered aspects of real-time performance. After integrating latency, the
first composite index takes rate and quality into account.

o APSNR + xASSIM
ORL = T Eq.(13)

To ascertain if the suggested algorithm has improved quality by utilizing excessive hardware resources or by
actually increasing decision efficiency, resource-normalized coding gain is also presented. The experimental
section will still be in line with the intended formula allocation because this indicator is given as a derived
evaluation value rather than an extra formula.

1 F
SL = Fz maX(O, Tt - Tf) + O-T Eq_(14)
t=1

Result Interpretation and Comparative Analysis

Compression Quality and Bitrate Performance Analysis

Figure 3 compares bitrate and compression quality; Figure 3(a) displays the average PSNR at different resolutions,
Figure 3(b) displays changes in SSIM with varying target bitrates, and Figure 3(c) displays bitrate deviation for
continuous frame groups. The suggested technique lowers bitrate deviation to 3.2% (compared to heuristic
pruning) and has an average PSNR loss of just 0.18 dB when compared to thorough rate-distortion optimization.
As a result, quantum-assisted search keeps a probabilistic set of units with an unknown rate-distortion response
rather than eliminating the high-complexity candidate [25]. The SSIM difference is still smaller than 0.006 for
1080p sequences with considerable motion, making them suitable for real-time streaming and visually negligible
[26].
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Figure 3. Compression quality and bitrate comparison. (a) Overall PSNR comparison under different resolutions. (b) SSIM variation under
target bitrate settings. (c) Bitrate deviation over continuous frame groups.

The sections with texture variations and camera movements will show the improvements more clearly.
Conventional quick pruning results in a local decrease in the quality of object borders and textured backgrounds
by uniformly reducing the search depth [27]. The method distributes additional coding resources to visually
sensitive regions and gives units with a high residual uncertainty a higher mode-search probability. Because its
decision update takes into account both coding cost and resource strain rather than a set partition predictor,
the suggested method has a slightly lower PSNR in extremely regular scenes but better bitrate stability for fast-
motion sequences when compared to learning-assisted prediction [28]. After applying the suggested technique,
the 4K test group's mean bitrate overshoot was less than 3.5%, while heuristic trimming produced 6.1% in high-
motion regions. As a result, resource optimization should concurrently solve the issues of bitrate management
and decision latency in addition to reducing complexity.

Encoding Complexity and Real-Time Latency Analysis

The encoding complexity and delay findings are displayed in Figure 4. The average encoding time per frame is
shown in Figure 4(a), the deadline violation rate at 30 and 60 frames per second is shown in Figure 4(b), and the
coding complexity reduction at various resolutions is shown in Figure 4(c). The suggested algorithm's average
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encoding complexity is 11.9% lower than that of learning-assisted partition prediction and 27.4% lower than that
of exhaustive optimization. The suggested approach [29] lowers the deadline violation rate from 14.6% for
exhaustive optimization and 8.3% for heuristic trimming to 4.7% at 60 fps. Candidate probability compression is
mostly responsible for the reduction; otherwise, it would be necessary to evaluate the same mode with a
continuously high resource-normalized cost several times [30].

(a) Average encoding time per frame (b) Deadline violation rate under 30 fps and 60 fps
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Figure 4. Encoding complexity and latency performance. (a) Average encoding time per frame. (b) Deadline violation rate under 30 fps and
60 fps. (c) Coding complexity reduction across resolutions.

The distribution of coding mode choices is also displayed in Figure 5. The distribution of coding unit partition
depth is displayed in Figure 5(b), the ratio of inter-prediction modes is shown in Figure 5(a), and skipped
candidate ratios in various scene types are compared in Figure 5(c). The suggested technique avoids excessive
search reduction in fast-motion sequences by retaining 18.2% more motion-sensitive candidates than heuristic
pruning [31]. The search methodology does not employ a preset acceleration constraint, and it ignores up to
43.5% of low-value transform and motion possibilities in static sequences [32].
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Figure 5. Coding mode decision distribution analysis. (a) Inter prediction mode proportion. (b) Coding unit partition depth distribution. (c)
Skipped candidate ratio in different scene types.

Resource Utilization and Robustness Discussion

The comparison of hardware resource utilization is shown in Figure 6. CPU use is displayed in Figure 6(a),
memory bandwidth is shown in Figure 6(b), and normalized energy consumption is shown in Figure 6(c). The
new approach has reduced memory bandwidth fluctuations by 13.1% and the highest CPU use of 4K sequences
from 91.4% to 76.8%. Because real-time encoders frequently share hardware resources with rendering,
transmission, and analysis modules, lower resource fluctuation is necessary [33]. The suggested resource-aware
allocation enhances pipeline stability and prevents the search from abruptly expanding when the frame contains
local motion bursts.
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(a) CPU utilization under different resolutions (b) Memory bandwidth usage during encoding
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Figure 6. Hardware resource utilization comparison. (a) CPU utilization under different resolutions. (b) Memory bandwidth usage during
encoding. (c) Normalized energy consumption comparison.

Figure 7: Sturdiness at various video resolutions and content. Performance for low-motion and high-motion
sequences is compared in Figure 7(a); results under bitrate change are displayed in Figure 7(b); and cross-
resolution generalization is reported in Figure 7(c). For the majority of sequences, the new approach has kept
the rise in BD-rate to less than 1.9% while reducing the complexity of all evaluated resolutions by more than
21.6%. The bitrate deviance returns to a stable range within 12 frames when the target bitrate abruptly changes,
which is quicker than heuristic pruning and nearly exhaustive optimization [34]. The results above demonstrate
that quantum-assisted probability update can accomplish a good trade-off between real-time coding stability
and global search diversity. Videos that alternate between static and dynamic segments benefit more from
robustness; otherwise, the candidate set would need to be expanded and compressed using a fixed acceleration
ratio.
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(a) Performance for low-motion and high-motion sequences (b) Stability under bitrate variation
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Figure 7. Robustness under different video content and resolutions. (a) Performance on low-motion and high-motion sequences. (b)
Stability under bitrate variation. (c) Cross-resolution generalization comparison.

Conclusion

A resource-efficient quantum technique for real-time video coding was presented in this research. A limited
decision problem involving coding mode, bitrate, complexity, delay, and hardware utilization was used to
represent the coding process. In order to minimize repetitive coding trials and preserve the variety of candidates
in intricate texture and motion regions, quantum-assisted probability search was utilized.

According to the experimental findings, the novel approach has decreased decision latency by 22.8% and
average encoding complexity by 27.4%, with a PSNR loss of no more than 0.18 dB when compared to full-rate-
distortion optimization. Resource-aware optimization is consequently better suited for real-time coding than
fixed heuristic pruning since the approach can also stabilize the bitrate and lower the deadline-violation rate.

The framework supports resource-constrained multimedia systems and offers edge video processing and low-
latency video transmission. To increase the effectiveness of actual deployment, further work will include
encoder-level parallel scheduling, neural perceptual quality prediction, and hardware-aware quantum circuit
simulation.
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