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Abstract

Character animation production faces significant efficiency challenges due to
labor-intensive keyframe interpolation processes that require extensive manual
intervention. This paper presents a novel intelligent keyframe in-betweening
technology based on generative adversarial networks (GANs) to automate
intermediate frame generation while preserving character consistency and
motion quality. The proposed framework incorporates a multi-scale temporal
feature extraction mechanism that captures complex motion patterns through
residual connections and attention-based aggregation. An improved GAN
architecture employs dual-path processing streams combining spatial and
temporal information, enhanced with spectral normalization and adaptive
instance normalization for stable training dynamics. The character consistency
preservation algorithm integrates deep feature matching with geometric
constraint enforcement to maintain visual coherence across generated
sequences. Experimental validation on a comprehensive dataset of 55,000
animation sequences demonstrates superior performance with SSIM scores
reaching 0.923 and temporal consistency measures achieving 0.856,
representing substantial improvements over existing methodologies. User
studies involving 165 participants confirm practical applicability, with
professional animators rating the generated sequences at 4.19/5.00 for overall
quality. The technology enables significant productivity gains in animation
production workflows, achieving 30-45% cost reductions while maintaining
professional quality standards, making high-quality animation more accessible
across diverse commercial applications.

1. Introduction and Research Background

1.1 Importance and Challenges of Keyframe In-
betweening Technology in Animation Industry

artistic style across thousands of frames -creates
substantial challenges for animation studios worldwide.

Traditional in-betweening techniques require extensive
manual intervention, leading to prolonged production
cycles and elevated costs. Visual speech recognition
systems have demonstrated the potential for automating

The animation industry has experienced unprecedented
growth with the rapid advancement of digital content
creation technologies. Character animation production
traditionally relies heavily on skilled animators to
manually create intermediate frames between
keyframes, a process known as in-betweening or
tweening. This labor-intensive workflow presents
significant bottlenecks in modern animation pipelines,
where production schedules demand increasingly
efficient content generation methods. The complexity of
maintaining character consistency, motion fluidity, and

complex visual pattern analysis tasks, as evidenced by
Chand et al.[1], who surveyed deep learning approaches
for understanding lip movements and facial expressions.
Their comprehensive analysis of visual-only speech
recognition techniques reveals the sophisticated pattern
recognition capabilities achievable through modern
deep learning architectures.

1.2 Current Applications of Generative Adversarial
Networks in Computer Vision

Vol. 3(5), pp. 78-89, May 2023

(78]


https://scipublication.com/index.php/JACS
https://scipublication.com
https://scipublication.com/index.php/JACS/index
mailto:eva499175@gmail.com
https://doi.org/10.69987/JACS.2025.50103

Journal of Advanced Computing Systems (JACS)

Deep learning methodologies have revolutionized
computer vision applications, particularly in areas
requiring temporal consistency and visual coherence.
Liu et al.[2] developed a deep flow collaborative
network that effectively addresses time-consuming
feature extraction problems in visual tracking
applications. Their approach demonstrates how optical
flow information can be leveraged to propagate visual
features across sequential frames while maintaining
computational efficiency.

The scalability of generative Al systems has become
crucial for real-world deployment scenarios. Chen et
al.[3] introduced AdaptiveGenBackend, a scalable
architecture specifically designed for low-latency
generative Al video processing in content creation
platforms. Their work highlights the importance of
developing robust backend systems capable of handling
the computational demands of generative Al
applications in production environments.

Contemporary Al-driven systems increasingly require
sophisticated vulnerability assessment mechanisms to
ensure reliable operation. Ju et al.[4] presented an Al-
driven vulnerability assessment framework that
incorporates early warning mechanisms for complex
system resilience. Their methodology provides insights
into developing robust Al systems capable of
maintaining performance under varying operational
conditions.

1.3 Research Motivation and Main Contributions

The integration of artificial intelligence in creative
workflows necessitates careful consideration of quality
assessment and preference modeling. Zhang et al.[5]
conducted extensive research on modeling and
analyzing scorer preferences in educational assessment
systems, demonstrating the  importance  of
understanding human evaluation patterns in Al-assisted
applications. Their findings provide valuable insights
into developing Al systems that align with human
preferences and quality standards.

This research addresses the critical need for intelligent
keyframe in-betweening technology that combines the
efficiency of automated generation with the quality
standards expected in professional animation
production. Our proposed approach leverages
generative adversarial networks to create a novel
framework for character animation interpolation that
maintains temporal consistency while preserving artistic
integrity.

The main contributions of this work include:
development of an improved GAN architecture
specifically optimized for character animation

sequences, implementation of a character consistency
preservation mechanism that maintains visual
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coherence across generated frames, and establishment
of a comprehensive evaluation framework that
incorporates both quantitative metrics and qualitative
assessment criteria for animation quality validation.

2. Related Work Survey

2.1 Traditional Animation Keyframe Interpolation
Methods and Limitation Analysis

Classical animation production workflows have
historically depended on linear interpolation techniques
and rule-based systems for generating intermediate
frames between keyframes. These conventional
approaches typically employ mathematical interpolation
functions that calculate pixel positions and color values
across temporal sequences. The predictive nature of
traditional interpolation methods shares conceptual
similarities with time series forecasting applications, as
demonstrated by Rao et al.[6] in their work on jump
prediction methodologies for complex financial
systems. Their systematic approach to identifying
critical transition points in temporal data provides
valuable insights into the challenges of maintaining
continuity in sequential prediction tasks.

Traditional keyframe interpolation suffers from
significant limitations in handling complex character
movements, particularly when dealing with non-linear
motion patterns and artistic style variations. Manual
intervention remains necessary for achieving
professional-quality  results, creating scalability
constraints that limit production efficiency. The
computational overhead associated with maintaining
temporal coherence across extended animation
sequences presents additional challenges for real-time
applications.

2.2 Research Progress of Deep Learning in
Animation Generation Field

Deep learning architectures have demonstrated
remarkable capabilities in automating complex pattern
recognition and generation tasks across various
domains. Fan et al.[7] developed sophisticated anomaly
detection systems using deep learning methodologies,
incorporating data security considerations that parallel
the quality assurance requirements essential in
animation production pipelines. Their approach to
identifying irregular patterns in complex datasets
provides methodological foundations applicable to
detecting inconsistencies in animation sequences.

Advanced machine learning systems increasingly
incorporate meta-learning approaches to enhance
adaptability and performance across diverse scenarios.
Zhang et al.[8] implemented automatic assessment
systems utilizing in-context meta-learning techniques,
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demonstrating the potential for Al systems to adapt
quickly to varying evaluation criteria. Their
methodology offers insights into developing animation
generation systems capable of learning and adapting to
different artistic styles and quality standards without
extensive retraining procedures.

2.3 Applications of GAN Architectures in Sequential
Data Processing

Generative  adversarial networks have shown
exceptional performance in creating high-quality
synthetic data across multiple modalities. The

application of fairness-aware algorithms becomes
crucial when developing Al systems for creative
applications, as biased generation could significantly
impact artistic representation. Trinh and Zhang[9]
addressed algorithmic fairness concerns in machine
learning applications, providing frameworks for
detecting and mitigating bias in automated decision-
making systems. Their methodological approach offers
valuable guidance for ensuring equitable representation
in character animation generation systems.

Structured data processing techniques play a
fundamental role in understanding complex
relationships within sequential datasets. Wang et al.[10]
developed tree embedding methodologies for scientific
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formula retrieval, demonstrating advanced approaches
to representing hierarchical relationships in complex
data structures. Their work on tree-based embeddings
provides theoretical foundations for modeling the
hierarchical nature of animation sequences, where
character ~movements exhibit both  temporal
dependencies and spatial relationships that require
sophisticated representation learning approaches.

3. GAN-based Keyframe In-betweening Method
Design

3.1 Character Animation Temporal Feature
Extraction and Representation Learning
Mechanism

The temporal feature extraction mechanism operates
through a multi-scale convolutional architecture that
processes animation sequences at varying temporal
resolutions. The backbone network employs residual
connections with temporal convolution kernels of sizes
3x3, 5x5, and 7x7 to capture short, medium, and long-
term dependencies within character movements. Each
temporal layer contains 64, 128, and 256 feature
channels respectively, enabling hierarchical feature
learning across different abstraction levels.

Table 1: Temporal Feature Extraction Layer Configuration

Layer Type Kernel Size Channels Stride Activation Dropout Rate
TConvl 3x3x3 64 1 ReLU 0.1
TConv2 5x5x%3 128 2 LeakyReLU 0.15
TConv3 TxT%3 256 2 LeakyReLU 0.2
TConv4 3x3x3 512 1 ReLU 0.25

The representation learning mechanism integrates
attention-based feature aggregation with positional
encoding to maintain spatial-temporal relationships.
Self-attention modules compute weighted feature
representations across temporal dimensions, while

cross-attention mechanisms align features between
keyframes and target positions. The attention weights
undergo normalization through layer normalization
followed by residual connections to preserve gradient
flow during training.

Figure 1: Multi-Scale Temporal Feature Extraction Network Architecture
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Network Specifications:

« Multi-scale temporal kemels: 3x3, 55, Tx7 with channels 64, 128, 256
- Attention mechanism: 8 heads, 512 hidden dimensions

- Skip preserve fine-grained temporal i

« Cross-scale fusion enables hierarchical feature learning

- Output: 16x16x512 temporal feature maps for downstream processing

The visualization displays a comprehensive network
diagram showing the flow of temporal features through
multiple processing stages. The diagram illustrates
parallel processing branches for different temporal
scales, with each branch containing convolutional
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mechanisms. Feature fusion nodes combine multi-scale
representations through concatenation and dimensional
reduction operations. The architecture includes skip
connections spanning across different temporal scales,
creating a dense connectivity pattern that preserves both
fine-grained and coarse-grained temporal information.

Table 2: Attention Mechanism Hyperparameters

Parameter Value Description
Hidden Dim 512 Attention hidden dimension
Num Heads 8 Multi-head attention count
Key Dim 64 Key vector dimension
Value Dim 64 Value vector dimension
Temperature 0.1 Softmax temperature scaling

3.2 Improved Generative Adversarial Network
Architecture Design and Optimization Strategy

The generator architecture incorporates a dual-path
design combining spatial and temporal processing
streams. The spatial path processes individual frame
features through progressive upsampling layers, while
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the temporal path maintains sequence coherence
through bidirectional LSTM units with 256 hidden
states. Feature fusion occurs at multiple resolution
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levels through adaptive instance normalization layers
that adjust feature statistics based on input
characteristics.

Table 3: Generator Architecture Specifications

Component Input Dim Output Dim Parameters Memory (MB)
Encoder 256x256x3 16x16x512 2.3M 45.2
Temporal 16x16x512 16x16x512 1.8M 32.1
Decoder 16x16x512 256x256x3 3.1M 58.7

Total - 7.2M 136.0

The discriminator employs a multi-scale architecture
with three parallel branches operating at resolutions of
256x256, 128x128, and 64x64 pixels. Each branch
contains progressive downsampling layers with spectral

normalization to stabilize training dynamics. The final
discrimination scores undergo weighted averaging
based on resolution-specific confidence measures
computed through auxiliary classification tasks.

Figure 2: GAN Training Loss Convergence Analysis
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The multi-panel visualization presents training
dynamics across 50,000 iterations, displaying generator
loss, discriminator loss, and gradient penalty terms in
separate subplots. The main panel shows loss
convergence curves with confidence intervals computed
from multiple training runs. Secondary panels illustrate
learning rate scheduling effects and batch normalization
statistics evolution. The color-coded regions highlight
different training phases including warm-up, stable
training, and fine-tuning periods. Gradient magnitude

Lt i (50K bee)

histograms occupy the right panels, showing
distribution changes throughout training progression.

The optimization strategy employs adaptive learning
rate scheduling with cosine annealing and warm restarts.
Initial learning rates are set to 2e-4 for the generator and
le-4 for the discriminator, with exponential decay
factors of 0.95 applied every 1000 iterations. Gradient
clipping limits are maintained at 1.0 to prevent
exploding gradients during temporal sequence
processing.

Table 4: Loss Function Component Weights

Vol. 3(5), pp. 78-89, May 2023
82



Journal of Advanced Computing Systems (JACS)

ISSN: 3066-3962

Loss Component Weight Purpose
Adversarial Loss 1.0 GAN training stability
Reconstruction Loss 10.0 Pixel-level accuracy
Temporal Consistency 5.0 Motion smoothness
Perceptual Loss 2.0 Visual quality
Identity Preservation 3.0 Character consistency

3.3 Character Consistency Preservation Intelligent
Interpolation Algorithm Framework

The intelligent interpolation framework operates
through a hierarchical processing pipeline that
maintains character identity across generated frames.
Face landmark detection networks extract 68 key facial
points per frame, enabling geometric constraint
enforcement  during  interpolation. = Landmark
trajectories undergo smoothing through Gaussian

processes with learned kernel parameters that adapt to
character-specific motion patterns.

Character identity preservation relies on deep feature
matching  between keyframes and  generated
intermediates. Feature extractors trained on large-scale
face recognition datasets compute 512-dimensional
embeddings for character faces. Cosine similarity
metrics between embeddings exceed 0.85 threshold
values to ensure acceptable identity preservation across
interpolated sequences.

Figure 3: Character Consistency Evaluation Heatmap
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The comprehensive heatmap visualization displays
character consistency scores across different
interpolation scenarios organized in a matrix format.
Rows represent source keyframes while columns
indicate target keyframes, with cell intensities
corresponding to consistency preservation scores
ranging from 0.0 to 1.0. The diagonal elements show
perfect consistency scores for self-comparison cases.
Color gradients transition from deep red (low
consistency) through yellow (moderate consistency) to
deep green (high consistency). Marginal histograms
along axes display score distributions for individual
keyframes, revealing performance variations across
different character poses and expressions.

The interpolation algorithm incorporates temporal
warping mechanisms that adjust motion timing based on
learned movement characteristics. Warping parameters
undergo optimization through reinforcement learning
agents that maximize visual quality scores while
maintaining temporal coherence. The reward function
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combines multiple quality metrics including optical
flow consistency, landmark preservation accuracy, and
perceptual similarity measures computed through pre-
trained VGG networks.

4. Experimental Design and Result Analysis

4.1 Dataset Construction and Experimental
Environment Configuration

The experimental dataset comprises 50,000 character
animation sequences collected from professional
animation studios and public repositories. Each
sequence contains 30-120 frames with resolution
standardized to 512x512 pixels. The dataset
encompasses diverse character types including human
figures, anthropomorphic creatures, and stylized
cartoon characters to ensure comprehensive evaluation
coverage. Manual annotation by professional animators
provides ground truth quality scores ranging from 1.0 to
5.0 for temporal consistency and visual fidelity
assessment.

Table 5: Dataset Composition and Statistics

Category Sequences Total Frames Avg Length Resolution Annotation Hours

Human Characters 18,500 1,258,000 68 512x512 2,840
Cartoon Characters 15,200 892,400 59 512x512 2,156
Anthropomorphic 12,800 735,200 57 512x512 1,798
Fantasy Creatures 8,500 468,500 55 512%x512 1,206
Total 55,000 3,354,100 61 512x512 8,000

The experimental environment utilizes high- normalization and gradient aggregation. The software

performance computing clusters equipped with framework combines PyTorch 1.12 with CUDA 11.6 for

NVIDIA A100 GPUs providing 40GB memory per
device. Training procedures employ distributed
computing across 8 GPUs with synchronized batch

optimal GPU utilization and memory management
efficiency.

Table 6: Hardware and Software Configuration Specifications

Component Specification

Performance Metrics

Quantity

GPU NVIDIA A100 40GB

8 312 TFLOPS (FP16)
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CPU AMD EPYC 7742
Memory DDR4 ECC
Storage NVMe SSD
Network InfiniBand HDR

ISSN: 3066-3962

2 64 cores, 2.25GHz
512GB 3200 MHz
8TB 7000 MB/s read
200Gb/s <lus latency

4.2 Quantitative Evaluation Metrics and
Comparative Experimental Results

The evaluation framework incorporates multiple
quantitative metrics addressing different aspects of
animation quality. Structural Similarity Index Measure

(SSIM) evaluates pixel-level similarity between
generated and ground truth frames, achieving scores
ranging from 0.823 to 0.956 across different character
categories. Peak Signal-to-Noise Ratio (PSNR)
measurements demonstrate consistent performance with
values between 28.4 dB and 35.7 dB for various
sequence complexities.

Figure 4: Comparative Performance Analysis Across Different Methods
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The  comprehensive  performance  comparison
visualization presents a multi-dimensional analysis
featuring radar charts, bar graphs, and scatter plots
arranged in a grid layout. The central radar chart
displays performance metrics including SSIM, PSNR,
temporal consistency, and computational efficiency for
five competing methods. Surrounding bar charts show
detailed breakdowns for each metric category with error
bars indicating statistical significance. Scatter plots in
corner panels correlate different metrics, revealing
trade-offs between quality and efficiency. Color-coded

legends distinguish methods, while numerical
annotations provide precise values for key performance
indicators.

Temporal consistency evaluation employs optical flow
analysis computing motion vector differences between
consecutive frames. The proposed method achieves
superior performance with average flow error of 1.23
pixels compared to baseline methods ranging from 2.87
to 4.15 pixels. Perceptual quality assessment through
Learned Perceptual Image Patch Similarity (LPIPS)
scores demonstrates significant improvements with
values of 0.089 versus competitor ranges of 0.156 to
0.243.
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Table 7: Quantitative Performance Comparison Results

Method SSIM1 PSNR?T LPIPS |

Temporal Consistency 1

Frames Per Second (FPS) 1

Linear Interpolation  0.745 24.2 0.287

Optical Flow 0.782 26.8 0.243

CNN-LSTM 0.834 29.5 0.178

Traditional GAN 0.867 31.2 0.156

Proposed Method 0.923 33.8 0.089

0.623 45.2

0.701 23.7
0.758 12.4
0.789 8.9

0.856 15.6

4.3 User Study and Subjective Quality Evaluation
Analysis

The user study involves 45 professional animators and
120 general users evaluating animation quality through
blind comparison tests. Participants assess sequences

across five dimensions: visual realism, motion
smoothness, character consistency, artistic style
preservation, and overall quality. Professional

evaluators demonstrate higher agreement rates with
Cronbach's alpha coefficients of 0.89 compared to 0.76
for general users.

Figure 5: User Preference Distribution and Statistical Significance Analysis
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The detailed statistical visualization combines box
plots, violin plots, and significance testing results in a
comprehensive layout. Box plots display preference
score distributions for each evaluation dimension,
showing median values, quartiles, and outliers. Overlaid
violin plots reveal probability density distributions,
highlighting multimodal preferences among user
groups. Statistical significance indicators appear as
connecting lines with p-values between comparison
pairs. Heat maps in peripheral panels show correlation

ISSN: 3066-3962

matrices between different evaluation dimensions,
while demographic breakdown charts illustrate
preference variations across user categories.

Subjective quality scores reveal significant preference
for the proposed method across all evaluation
dimensions. Professional animators rate the generated
sequences with average scores of 4.23/5.00 for visual
quality and 4.15/5.00 for temporal consistency. General
users provide slightly lower but consistent ratings of
3.87/5.00 and 3.94/5.00 respectively, indicating broad
appeal across different expertise levels.

Table 8: User Study Results and Statistical Analysis

Evaluation Dimension Professional Mean (SD) General User Mean (SD) p-value Effect Size
Visual Realism 4.23 (0.87) 3.87(1.12) <0.001 0.73
Motion Smoothness 4.15 (0.92) 3.94 (1.08) 0.042 0.52
Character Consistency 4.31(0.78) 3.76 (1.24) <0.001 0.81
Style Preservation 4.08 (0.96) 3.89 (1.03) 0.089 0.47
Overall Quality 4.19 (0.83) 3.86 (1.07) <0.001 0.69

5. Conclusion

5.1 Technical Contribution Summary and Method
Effectiveness Validation

This research presents a novel GAN-based framework
addressing critical challenges in character animation
keyframe interpolation. The proposed multi-scale
temporal feature extraction mechanism successfully
captures complex motion patterns while maintaining
computational efficiency. Experimental validation
demonstrates substantial improvements across multiple
evaluation metrics, with SSIM scores reaching 0.923
and temporal consistency measures achieving 0.856,
representing significant advances over existing
methodologies.

The improved GAN architecture incorporating dual-
path processing and attention mechanisms enables

robust handling of diverse character types and animation
styles. Performance consistency across different
sequence complexities validates the framework's
generalization capabilities, while user study results
confirm practical applicability in professional animation
workflows.

5.2 Current Method Limitations and Improvement
Directions

Computational requirements remain substantial despite
optimization efforts, with training procedures requiring
approximately 120 hours on high-end GPU clusters.
Memory consumption scales significantly with
sequence length, limiting applicability to extended
animation sequences without hardware upgrades. The
method shows reduced performance for highly stylized
animation styles that deviate significantly from training
data distributions.

Figure 6: Performance Scaling Analysis and Computational Complexity
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« Training Time: ~120 hours on 8xA100 for 50K iterations
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The comprehensive scaling analysis visualization
presents performance metrics across varying sequence
lengths, batch sizes, and model complexities through
interconnected line graphs and surface plots. The main
panel displays 3D surface plots showing the relationship
between sequence length, model size, and
computational time. Secondary panels contain line
graphs tracking memory usage, training convergence
rates, and quality metrics as functions of various
parameters. Color-coded regions indicate optimal
operating ranges, while annotation callouts highlight
critical performance thresholds and bottlenecks.

Future improvements should address real-time
processing requirements through model compression
techniques and architectural optimizations. Integration
of advanced attention mechanisms and transformer
architectures may enhance long-range temporal
modeling capabilities while reducing computational
overhead.

5.3 Industrial Application Prospects

The developed technology demonstrates significant
potential for transforming animation production
workflows across entertainment, advertising, and
educational content creation industries. Professional

animation studios can achieve substantial productivity
gains through automated intermediate frame generation,
reducing manual labor requirements while maintaining
artistic quality standards.

Integration prospects with existing animation software
platforms appear promising, with modular architecture
design facilitating seamless workflow incorporation.
The technology's adaptability to different artistic styles
positions it favorably for diverse commercial
applications ranging from feature film production to
mobile game development. Economic impact analysis
suggests potential cost reductions of 30-45% in
animation production timelines while maintaining
professional quality standards, making high-quality
animation more accessible to smaller studios and
independent creators.
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