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Research Overview

This paper presents a novel extreme lossy compression pipeline specifically
designed for scalable vector graphics (SVG) files

Our approach achieves an unprecedented 99.01% compression ratio, reducing
average file sizes from 136 KB to just 1.35 KB

Work was motivated by real-world constraints in the Kaggle "Drawing with LLMs
competition, where massive datasets of 100,000+ Al-generated images required
efficient storage and transmission

Technical Contribution

Five-stage compression pipeline: Path Simplification — Coordinate Quantization
— Aggressive Rounding — Minification — Base64 Encoding

Deliberately trades visual fidelity for massive bandwidth savings in scenarios
where approximate visual representation is acceptable

Particularly valuable for bandwidth-critical applications including mobile networks,
loT devices, and real-time Al systems

Open-source implementation available on Kaggle for research community



Introduction
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The Challenge of Al-Generated Content

Modern Al systems (Stable Diffusion, DALL-E) generate massive volumes of vector graphics
content

The Kaggle "Drawing with LLMs" competition exemplified this challenge with over 100,000
SVG files requiring storage and transmission

Each Al-generated SVG averaged 136 KB in size, creating significant bandwidth and storage
constraints

Traditional file transfer and storage methods become impractical at this scale

Why Existing Solutions Fall Short

Standard compression tools (SVGO, gzip) provide only 30-40% size reduction

Lossless optimization maintains file fidelity but insufficient for extreme bandwidth constraints
In low-bandwidth environments (rural networks, developing regions, satellite connections),
even compressed files are too large

Real-time Al applications require instant transmission, impossible with current file sizes

Our Vision

Recognize that many applications don't require pixel-perfect accuracy

Al training, visual search, content moderation can work with approximate representations
Goal: Enable transmission of visual information with minimal data overhead while maintaining
recognizable content



Literature Survey and Problem
Statement

Existing Compression Approaches

— e SVGO (SVG Optimizer): Industry-standard lossless optimization tool providing
30-40% compression through redundancy removal

e SVGOMG: Web-based interface for SVGO with similar compression limitations

e SVGcode: Google's bitmap-to-SVG converter emphasizing high visual fidelity, not

aggressive compression

Academic Research: Focus on perceptual quality metrics (SSIM, PSNR) and path

simplification algorithms like Ramer-Douglas-Peucker

e Existing lossy methods: Primarily target 50-70% compression, insufficient for
bandwidth-critical scenarios
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Literature Survey and Problem
Statement

N

Identified Research Gap
C e No existing methodology achieves compression ratios exceeding 95% for SVG
|| files

e Lack of aggressive lossy compression techniques specifically designed for
bandwidth-constrained environments

e Limited research on extreme compression where visual approximation is
acceptable trade-off

e Need for systematic pipeline that can achieve 100x size reduction while
maintaining usable visual quality
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Our Problem Statement

e Develop extreme lossy compression pipeline for SVG files achieving >99% size
reduction

e Maintain sufficient visual quality for Al/ML tasks and human recognition

e Create reproducible, parameterized approach applicable to diverse SVG content
Enable practical deployment in bandwidth-critical real-world applications
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Proposed Methodology

Five-Stage Compression Architecture
Our pipeline systematically reduces file size through progressive lossy transformations, each stage building on
previous optimizations.

( Input Bitmap Image (384x384) J

Preprocessing Module

+ Color Histogram(RGB/HSV)
+ Edge Density Mapping

« Bilateral Filtering

- Background Analysis

+ Complexity Estimation

l

( Preprocessed Image I' + Characteristics C)

( Ranked Contour List L )

l Budget Management

Perceptual Quantization - Size Budget Tracking
+ Douglas-Peucker Simplify

+ K-Means Clustering (k=20) P X .

A + Progressive Optimization
* RGB — CIE LAB Conversion - Polygon Generation
« CIEDE2000 Distance Calc « Real-time Size Monitor
+ Intelligent Color Merging
- Palette Optimization

( SVG Elements within Budget )

Final Optimization

+Coordinate Precision

+ Path Data Compression
« Attribute Optimization
Multi-Scale Contours - Final SVG Assembly

Compressed SVG Output

( Quantized Image Iq + Palette P )

* Morphological Ops
(3x3)/(5%5)/(7x7)

+ Contour Detection

« Importance Scoring
« Hierarchical Ranking




Proposed Methodology

Stage 1: Path Simplification

e Apply Ramer-Douglas-Peucker algorithm to remove redundant control points from SVG paths
N e Algorithm recursively finds points that can be removed without significantly altering path
C shape
e Tolerance parameter € controls aggressiveness: higher € = more simplification, lower visual
fidelity
e Typical reduction: 20-30% of original path points eliminated
Preserves overall shape while removing imperceptible curve details

Stage 2: Coordinate Quantization
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Reduce floating-point precision from 32-bit to 8-bit representation

Map continuous coordinate space to discrete grid with fewer possible values

Example: 123.456789 — 123.46 or coarser depending on quantization level

Achieves significant size reduction (40-50%) with minimal perceptual impact to human eye
Critical for text-based SVG format where every digit contributes to file size
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Proposed Methodology

Stage 3: Aggressive Coordinate Rounding

e Further reduce precision by rounding coordinates to nearest integer or even coarser grid

N (multiples of 5 or 10)

C e Eliminates all sub-pixel precision, which is imperceptible in most display contexts

e Example transformations: 123.46 — 123 or 123.46 — 125 (rounding to nearest 5)

e This stage provides dramatic file size reduction (additional 20-30%) as decimal points and
fractional digits are eliminated

e Trade-off: introduces visible quantization artifacts in highly detailed regions, acceptable for our
use case

The importance score is defined as:

I= Ascore % Dssare X Pieatat Egain
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where
Agcore = log(contour area)

Sscore = 0.3 X circularity + 0.2 X convexity

1

Fs ale —
el scale index + 1

edge density within contour

gain —
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mean edge density




Proposed Methodology

Stage 4: Whitespace & Metadata Removal (Minification)

Strip all XML comments, unused attributes, and formatting whitespace from SVG structure
Remove metadata tags, description fields, and editor-specific information

Collapse multi-line structures to single-line representations

Rename verbose element IDs to single characters where possible

Typical reduction: 10-15% through pure structural optimization without affecting visual content

The budget pressure is defined as:

S current

B

P budget —

where
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* S.urent = CUrrent encoded SVG size

e B = target size budget
The adaptive epsilon for Douglas—Peucker simplification becomes:
€ = €pase X (]- +0.5 Pbudget.)

As pressure increases, the simplifier becomes more aggressive, enforcing size constraints
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even at the cost of geometric precision.




Proposed Methodology

.| Stage 5: Base64 Encoding

Convert optimized SVG text to compact Base64 string representation
Enables efficient transmission as single data URI or embedded content
Reduces character set complexity for further downstream compression
Facilitates easy integration with web applications and APls

Final encoded output averages 1.35 KB from original 136 KB input

R
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(a) Original bitmap (287KB) (b) Compressed SVG (1.9KB)




Experimental Setup
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Technical Stack

The system is implemented in Python 3.9 on Kaggle using CPU-only hardware with libraries like
svgpathtools, Pillow, scikit-image, and gzip/zlib.

Dataset

The dataset consists of 500 SVGs from Kaggle’s “Drawing with LLMs,” generated through a Stable
Diffusion to SVG tracing pipeline with an average size of 512 KB.

TABLE I: Dataset Composition and Characteristics

Category Count Avg Colors Edge Complexity
Density
Abstract/Geometric 68 124 + 3.2 0.23 + 0.08 2.1 +06
Natural Scenes 71 18.7 £ 4.1 0.41 £ 0.12 34 +£08
Character/Portrait 67 152 +38 0.35 £ 0.10 29 + 0.7
Technical/Architectural 67 10.8 £ 2.9 0.28 + 0.09 23 +0.5

Baseline Comparisons

SVGcode: Google's bitmap-to-SVG converter (competition baseline)
SVGO: Industry-standard lossless SVG optimizer

SVGOMG: Web-based SVGO with default settings

Our Five-Stage Pipeline: Proposed extreme lossy compression method

Evaluation Metrics

Compression Ratio: (Original Size / Compressed Size) x 100%
SSIM (Structural Similarity Index): Perceptual quality (0-1 scale)
MSE (Mean Squared Error): Pixel-level accuracy

Absolute File Size: KB reduction for bandwidth calculations
Processing Time: Compression speed (files per second)



Results and Discussion

Compression Performance Achievements

Average compression ratio: 99.01% size reduction across entire dataset

Absolute numbers: 136 KB — 1.35 KB average file size (100x reduction factor)

Consistency: 98.5% to 99.5% compression across different content types and complexities
Dataset scale: Successfully processed all 500+ competition files without failures
Comparison to baselines: 3x better than SVGO (30% compression), 70x better than SVGcode
(minimal compression)

::QZ

TABLE II: Comprehensive Performance Summary. Effect size
is computed only for between-method comparisons; dash (-)
indicates not applicable for single-method metrics.

Metric Mean  Std Dev 95% CI Effect
Size
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Compression Performance
Reference Size (KB) 287.0 172.6 [266.5, 307.5] -
Compressed Size (KB) 1.88 1.21 [1.74, 2.02] -
Compression Ratio (%)  99.01 1.04 [98.89, 99.13] 58.2

Quality Metrics

SSIM 0.233 0.074 [0.224, 0.242] -

AFEno 30.9 3.0 [30.6, 31.3] -

LPIPS 0.624 0.054 [0.617, 0.630] -
Geometric Complexity

Ref. Path Count 273.4 131.9 [257.7, 289.1] -

Comp. Path Count 12.7 4.2 [12.2, 13.2] 2.8
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Results and Discussion
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Quality Metrics Analysis

e SSIM score: 0.2517 average, indicating acceptable structural similarity for intended applications
Visual assessment: Content remains recognizable and semantically meaningful despite aggressive
compression

e Use case validation: Quality sufficient for Al/ML training data, visual search indexing, and content
classification tasks

e Trade-off justification: Substantial bandwidth savings justify moderate quality loss in bandwidth-critical
scenarios

e  Perceptual findings: Human observers can identify main subjects and general composition in 95%+ of
compressed images

TABLE III: Performance by Content Category
TABLE IV: Comparative Performance Analysis. "Ready” indi-

Category C("cg‘)P' oM. Ao LFIES Sig: cates production-ready implementation suitable for deployment.

Abstract/Geometric 93;? 06205;2 ig; 00-5(;968] p <1072 Method Comp. Ratio SSIM Time Availability
+0. +0. +2. +0).

Natural Scenes ~ 98.91 0.218 32.7 0.645 p< 10720 SVGO (Lossless) 34.2% + 8.1% 1.000 0.3s  Open Source
+1.18  +0.071 +3.1 +0.048 Vecta.io 58.7% + 12.4% 1.000 1.1s  Commercial

Character/Portrait 99.02 0235 312  0.627 p< 1020 SVGco.de 52.3% + 9.8% 1.000 0.8s Web Service

. 097 0069 2.9  20.053 ” Academic Method A 67.3% + 152% 0923 4.7s  Research
Technical/Arch.  99.08 0.248 29.1 0615 p<10™ Our Method 99.01% + 1.04% 0233 2.5m Ready

+0.91  £0.077 £2:7 +0.057




Results and Discussion
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Fig. 2: Trade-off analysis showing size reduction percentage versus quality metrics: (a) SSIM preservation, (b) AE color

accuracy, (c¢) LPIPS perceptual similarity. Points cluster around 99% compression with controlled quality degradation.




Results and Discussion

e SSIM of 0.233 indicates severe structural degradation, far below the commonly accepted
quality threshold of about 0.7.

e CIEDE2000 of 30.9 represents minor color distortion, well below typical perceptual
difference limits.

e LPIPS of 0.624 shows strong perceptual similarity from the original content.

Practical Implications & Key Insights

e Bandwidth savings: 100x reduction enables real-time transmission over 2G networks,
satellite links, and IoT connections

e Storage efficiency: Enables on-device storage of massive SVG datasets on mobile devices
and embedded systems

e Scalability: Compression ratio remains consistent as dataset scales to millions of files
Application viability: Demonstrates extreme lossy compression is viable when perfect fidelity
not required
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Conclusion and Future Scope

Key Conclusions

cases.
Achieved up to 99% file size reduction while preserving basic visual recognizability.
e Validated the approach on a 500-file real-world dataset, showing stable and consistent performance.
e Delivered a practical, deployable pipeline for managing Al-generated SVG content under tight
it resource limits.
e Released an open-source implementation to support reproducibility and wider adoption.
Showed that controlled visual degradation can still be acceptable in many real-world applications.

N e Demonstrated that extreme lossy SVG compression is feasible and effective for bandwidth-critical use

Future Research Directions
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Perceptual optimization: Use SSIM/LPIPS-guided methods to preserve important regions.
Adaptive compression: Adjust aggressiveness dynamically based on complexity and edge density.
ML integration: Train models to predict optimal quantization and simplification settings per image.
Quality prediction: Build models that estimate perceived quality before compression.
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