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Abstract: The integration of Artificial Intelligence (AI) into mobile applications has transformed user
experience and functionality, while serverless cloud computing has emerged as a promising paradigm
offering scalable and cost-effective backend solutions. This study examines the integration of Al into
Flutter applications using serverless architectures, with a comprehensive analysis of performance, cost,
and environmental sustainability—including CO; emissions. By benchmarking various Al workloads
across platforms such as AWS Lambda, Google Cloud Functions, and Firebase Cloud Functions, we
evaluate key metrics including cold start latency, scalability, computational efficiency, and cost
structures, alongside the energy consumption and corresponding carbon footprint of serverless
deployments. The findings indicate that while serverless architectures are highly effective for lightweight
Al tasks and intermittent workloads, challenges such as cold start delays and increased energy usage
may impact their viability for real-time, compute-intensive applications. Furthermore, our environmental
impact analysis reveals that optimizing serverless execution can contribute to reduced CO, emissions,
aligning mobile app development with broader green innovation objectives. This research provides
actionable insights and best practices for developers, promoting sustainable, high-performance Al-
powered mobile applications.

Keywords: Flutter, Artificial Intelligence, Serverless Cloud Computing, Performance Analysis, Cost
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I. INTRODUCTION
A. Background
The integration of Artificial Intelligence (AI) into mobile applications has seen exponential growth in recent years. Al-
driven applications have transformed industries such as healthcare, finance, e-commerce, and entertainment by enabling
features like natural language processing (NLP), image recognition, recommendation systems, and predictive analytics.
As mobile applications become more intelligent, developers face the challenge of deploying Al models efficiently while
maintaining performance, cost-effectiveness, and scalability.
Flutter, a cross-platform UI framework developed by Google, has emerged as a preferred choice for mobile app
development due to its rapid development cycle, hot reload functionality, and native-like performance.
However, integrating Al into Flutter applications presents challenges, particularly regarding computational power,
latency, and resource management on mobile devices. On-device Al inference is often limited by hardware constraints,
leading developers to explore cloud-based solutions.
Serverless computing has gained traction as a promising solution for executing Al workloads in the cloud. Platforms
such as AWS Lambda, Google Cloud Functions, and Firebase Functions provide scalable, pay-as- you-go
infrastructure, eliminating the need for maintaining dedicated servers. While serverless architectures offer advantages
such as automatic scaling and cost optimization, their suitability for AI workloads—especially in real-time and high-
performance applications—requires further investigation.
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B. Problem Statement
Despite the benefits of serverless computing, integrating Al into Flutter applications using serverless architectures
introduces several challenges:

1. Latency and Performance: Al inference requires computational resources that serverless platforms may
struggle to provide efficiently due to cold start latency and execution time limitations.

2. Cost Considerations: Serverless platforms charge based on execution time and memory usage, potentially
leading to higher operational costs for Al-intensive applications.

3. Environmental Impact: Cloud computing has significant energy consumption and CO, emissions.
Understanding the sustainability impact of AI workloads on serverless platforms is essential for developing
eco-friendly applications.

4. Scalability and Reliability: While serverless computing enables auto-scaling, managing concurrent Al requests
without degrading performance remains a challenge.

This paper seeks to address these challenges by analyzing the trade-offs involved in deploying AI models in Flutter
applications using serverless computing.

C. Objective

The objective of this research is to evaluate the feasibility, efficiency, and sustainability of deploying Al- powered
mobile applications using serverless cloud computing. Specifically, this study aims to:

* Assess the performance of Al inference tasks executed on serverless platforms.

» Compare cost implications between serverless computing and traditional cloud-based architectures.

* Analyze CO, emissions associated with Al model execution in serverless environments.

* Provide optimization strategies to enhance the efficiency of Al-powered Flutter applications.

D. Scope

This research focuses on deploying Al models in Flutter applications using serverless architectures. The study
considers:

* Cloud Platforms: AWS Lambda, Google Cloud Functions, and Firebase Cloud Functions.

» Al Workloads: Lightweight Al models such as NLP, computer vision, and predictive analytics.

* Performance Metrics: Inference time, cold start latency, and execution time.

* Cost Analysis: Pricing structures of different serverless providers.

* Sustainability Impact: Energy consumption and carbon footprint assessment of serverless Al inference.

II. LITERATURE REVIEW
A. Al Integration in Mobile Apps
Artificial Intelligence (AI) has become a core component of modern mobile applications, enabling features such as
speech recognition, image processing, recommendation engines, and predictive analytics. Various methodologies exist
for integrating Al into mobile applications, including:
* On-Device Al Processing: Utilizes specialized hardware such as Apple’s Neural Engine or Google’s Tensor
Processing Units (TPUs) for local Al inference.
* Cloud-Based Al Processing: Offloads computation to cloud servers, leveraging powerful GPUs and TPUs.
* Hybrid Approaches: Combines on-device and cloud processing to balance performance and efficiency.
Recent research has explored model optimization techniques such as quantization and pruning to reduce Al model sizes
for mobile deployment. However, the trade-off between accuracy and computational efficiency remains a challenge.

B. Serverless Cloud Computing
Serverless cloud computing has emerged as a flexible solution for deploying Al applications. Major advantages include:
* Scalability: Automatic resource allocation based on demand.

* Cost-Efficiency: Pay-per-use pricing model eliminates the need for provisioning dedicated mfrastructure
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* Reduced Operational Overhead: Eliminates server maintenance and infrastructure management.

However, serverless architectures have limitations:

* Cold Start Latency: Delay in function execution due to resource allocation.

* Execution Time Limits: Most serverless providers impose maximum execution durations.

* Limited GPU Support: Al inference tasks requiring extensive computational power may face performance
bottlenecks.

C. Performance and Cost Trade-offs

Several studies have analyzed the performance and cost of executing Al workloads in serverless environments. Key
findings include:

* Cold starts significantly impact real-time Al inference.

* Serverless is cost-effective for intermittent, lightweight Al tasks.

* Traditional cloud instances may be more suitable for continuous, high-performance Al applications.

Empirical benchmarking studies comparing AWS Lambda, Google Cloud Functions, and Azure Functions have shown
varying results based on workload type, memory allocation, and concurrency.

D. Sustainability in Cloud Computing

Cloud computing data centers contribute significantly to global energy consumption. Prior research has examined:

* CO, Emissions: The carbon footprint of data centers based on energy usage.

* Green Cloud Computing: Strategies such as renewable energy adoption and energy-efficient computing techniques.

* Al Energy Optimization: Al-based algorithms to optimize cloud resource usage and reduce environmental impact.
This study will build on previous findings to evaluate the sustainability of Al inference on serverless platforms,
providing actionable insights for eco-friendly cloud computing.

III. METHODOLOGY
A. Experimental Setup
Our methodology involved a comprehensive evaluation of serverless platforms for Al inference tasks using Flutter
applications. The experimental setup included:

1. AI Models Selection

We selected a range of Al models representing different computational requirements:
* Lightweight Models

* Text sentiment analysis (BERT-tiny)
* Image classification (MobileNetV2)
* Language detection

* Medium-complexity Models

* Face detection and recognition

* Recommendation systems

* Text-to-speech conversion

* Complex Models

* Real-time object detection (SSD)

* Natural language generation

* Advanced image processing\

2. Cloud Platform Configuration

We deployed the selected Al models on three major serverless platforms:

* AWS Lambda

* Region: Mumbai (ap-south-1)
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* Memory allocations: 128MB, 256MB, 512MB, 1024MB, 2048MB
* Runtime: Node.js 14.x, Python 3.8

* Google Cloud Functions

* Region: Mumbai

* Memory allocations: 128MB, 256MB, 512MB, 1024MB, 2048MB
* Runtime: Node.js 14, Python 3.8

* Firebase Cloud Functions

* Region: Asia-southl

* Memory allocations: 128MB, 256MB, 512MB, 1024MB, 2048MB
* Runtime: Node.js 14

3. Flutter Application

We developed a Flutter application (version 2.5.0) that interacts with these serverless functions, implementing:
* RESTful API communication

* WebSocket for real-time communication

* Binary data transmission for image and audio processing

4. Monitoring and Benchmarking Tools

* AWS CloudWatch for Lambda performance monitoring

* Google Cloud Monitoring for GCF and Firebase monitoring
* Custom instrumentation for end-to-end latency measurement
* Flutter DevTools for client-side performance analysis

* Green Algorithms calculator for CO, emission estimation

B. Performance Metrics

We collected the following performance metrics:

1. Cold Start Latency: Time taken for the first invocation after function deployment or inactivity
2. Warm Start Latency: Time taken for subsequent invocations

3. End-to-end Response Time: Total time from client request to response received

4. Throughput: Number of concurrent requests handled per second

5. Memory Utilization: Peak memory usage during execution

6. Execution Duration: Time spent in function execution

C. Cost Analysis Framework
We developed a comprehensive cost analysis framework that includes:
1. Direct Costs:

o Invocation charges

o Compute time charges

0 Memory allocation costs

o API Gateway/HTTP trigger costs
o Data transfer costs

2. Indirect Costs:

o Development effort estimation

o Maintenance overhead

0 Monitoring costs

o Support costs

3. Indian Market Considerations:

o Conversion to Indian Rupees ()
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o Regional pricing differences
o GST implications (18%)

D. Environmental Impact Assessment

We assessed environmental sustainability using:
1. Energy Consumption Calculation:

o CPU power consumption per function execution
o0 Memory energy utilization

o Data transfer energy costs

o Idle energy consumption

2. Carbon Footprint Estimation:
0 CO, emissions based on regional energy mix

o PUE (Power Usage Effectiveness) of data centers
o Embodied carbon in infrastructure

3. Sustainability Metrics:
o Carbon efficiency (CO,/inference)

o Energy efficiency (kWh/1000 inferences)
o Sustainability index (custom metric)

A. Latency Analysis
Our latency analysis reveals significant differences between cold and warm start performance across serverless
platforms. The following findings emerged:

1. Cold Start Latency
Cold start latency varied substantially across platforms and model complexity:

IJARSCT

Volume 5, Issue 12, May 2025

IV. PERFORMANCE EVALUATION

2. Warm Start Latency

Platform Lightweight Al (ms) [Medium Al (ms) [Complex Al (ms)
AWS Lambda 850 1250 1850

Google Cloud Functions (750 1150 1720

Firebase Functions 900 1320 1950

Warm start performance showed significant improvements:

Platform Lightweight Al (ms) [Medium Al (ms) [Complex Al (ms)
AWS Lambda 120 320 620

Google Cloud Functions (95 280 580

Firebase Functions 150 340 650

3. Memory Impact on Latency
Increasing memory allocation significantly improved performance, particularly for complex models:

The law of diminishing returns becomes evident with higher memory allocations, as shown in Figure 1.
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B. Scalability Testing
We conducted scalability tests to evaluate how serverless platforms handle concurrent Al inference requests:

1. Concurrent Request Handling

Platform Max Concurrency [Throughput (req/s) [Error Rate at Peak
AWS Lambda 1000 850 1.2%
Google Cloud Functions 800 720 1.5%
Firebase Functions 600 540 2.1%

2. Scaling Behaviour

All platforms demonstrated near-linear scaling behaviour up to certain thresholds:

* AWS Lambda: Linear scaling up to ~600 concurrent requests

* Google Cloud Functions: Linear scaling up to ~500 concurrent requests

* Firebase Functions: Linear scaling up to ~400 concurrent requests

Beyond these thresholds, response times increased exponentially, as illustrated in Figure 2.

3. Cold Start Distribution

Under high concurrency scenarios, cold starts became more prevalent:
* At 100 concurrent requests: 8% cold starts

* At 500 concurrent requests: 15% cold starts

+ At 1000 concurrent requests: 24% cold starts

C. Computational Efficiency
Analysis of computational efficiency revealed interesting patterns:

1. CPU Utilization

Model Complexity |AWS Lambda CPU Util. |GCF CPU Util. |Firebase CPU Util.
Lightweight 45% 50% 55%
Medium 68% 72% 75%
Complex 85% 89% 92%
2. Memory Efficiency

Memory efficiency varied across models and platforms:

* Lightweight models utilized 30-40% of allocated memory

* Medium complexity models utilized 50-65% of allocated memory

» Complex models utilized 75-90% of allocated memory

This suggests opportunities for memory optimization, particularly for lightweight models.

3. Execution Time Distribution

Analysis of execution time distribution revealed that:

* Al model initialization consumed 15-25% of total execution time
« Inference processing consumed 60-75% of execution time

* Result serialization and response preparation consumed 10-15%

D. Flutter Integration Performance
The Flutter application demonstrated varying performance when interacting with serverless Al functions:
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1. UI Responsiveness

» Lightweight Al tasks: No perceptible Ul lag

* Medium complexity: Minor UI lag (16-50ms) during processing
» Complex models: Noticeable UI lag (50-200ms)

2. Battery Impact

Mobile device battery consumption increased by:

* 5-8% for lightweight Al tasks

* 12-18% for medium complexity tasks

* 20-35% for complex Al tasks

The implementation of progress indicators and optimistic UI updates significantly improved perceived performance.

V. COST ANALYSIS
Our cost analysis examines the financial implications of deploying Al workloads on serverless platforms in the Indian
context.

A. Pricing Structure Breakdown
Monthly costs in Indian Rupees (1) for different serverless platforms:

1. Base Costs ([//month)

Service Component IAWS Lambda  |Google Cloud Functions  [Firebase Functions
Invocation Charges 11,650 11,350 11,200
Compute Time 14,500 14,050 13,750
IMemory Allocation [12,100 12,100 [11,800
IAPT Gateway/HTTP 11,500 (11,200 Included
Monitoring L1750 1450 1300
Total (excl. GST) 110,500 19,150 7,050
Total (incl. 18% GST) {112,390 110,797 8,319
2. Al API Costs ([ ]/month)
IAI Service IAWS  |Google Cloud [Firebase
Text Analysis 11,500 |21,350 11,200
Image Processing 12,250 |11,950 11,800
Speech Services 12,400 |72,100 11,950
Total (excl. GST) 6,150 |J5,400 4,950
Total (incl. 18% GST) 07,257 (16,372 5,841
3. Total Monthly Cost ()
Service Base Cost |AI API Costs  [Total Cost ([)
IAWS Lambda 12,390 07,257 119,647
Google Cloud Functions [[110,797 16,372 117,169
Firebase Functions 18,319 15,841 114,160
Traditional Server Setup |[118,054 17,257 [125,311

B. Comparison with Traditional Cloud Computing
Compared to traditional server-based deployment, serverless platforms offer significant cost advantages for intermittent

workloads:
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1. Cost Comparison for Different Usage Patterns

\Usage Pattern Serverless Advantage  [Traditional Server Advantage
Low volume (1-5K calls/day) 65% cheaper -
Medium volume (5-20K calls/day)  45% cheaper -
High volume (20-50K calls/day) 15% cheaper -

\Very high volume (50K+ calls/day) |- 25% cheaper
Consistent workload - 35% cheaper
Highly variable workload 70% cheaper -

These findings align with cost models proposed by Agarwal et al. (2024), though our analysis shows a slightly lower
break-even point specific to the Indian market.

2. Break-even Analysis

Our analysis identified several break-even points:

* Request volume: ~45,000 requests/day

* Execution duration: ~320ms average execution time

* Memory utilization: ~750MB average memory use

Beyond these thresholds, traditional cloud instances become more cost-effective, as illustrated in Figure 3.

C. Optimization Strategies for Cost Reduction
We identified several cost optimization strategies:

1. Memory Allocation Optimization

Current Allocation |[Recommended Allocation  [Monthly Savings ([1) [Performance Impact
512MB 256MB 13,750 15-20% increased execution time
1024MB 512MB 15,250 12-18% increased execution time
2048MB 1024MB 17,500 10-15% increased execution time

2. Cold Start Management

Techniques for reducing cold start impact:

* Implementing keep-alive functions ([11,500/month)

* Function pre-warming schedules ([1900/month)

* Package size optimization (no direct cost)

The net performance benefit includes reduced average latency by 350-500ms.

3. Regional Deployment Strategy

Using Mumbai region (ap-south-1) vs. US regions offers significant advantages:
* Cost savings: [12,250-3,000/month

* Latency improvement for Indian users: 120-180ms

* Data sovereignty compliance benefits

VI. ENVIRONMENTAL IMPACT AND SUSTAINABILITY
Our sustainability analysis examined the environmental impact of AI workloads on serverless platforms.
A. Energy Consumption Analysis
We calculated energy consumption for different AI workloads:
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1. Energy Usage by Complexity (kWh/1000 inferences)

Model Complexity |[AWS Google Cloud Functions  [Firebase Functions  [Traditional Server
Lambda

Lightweight 0.12 0.10 0.13 0.25

Medium 0.28 0.25 0.29 0.42

Complex 0.55 0.52 0.58 0.75

Statistical analysis confirms that serverless platforms consistently demonstrate lower energy consumption compared to
traditional servers (p < 0.01), with Google Cloud Functions showing the best energy efficiency.

2. Energy Efficiency Factors

Several factors influenced energy efficiency:

* Cold start overhead increased energy usage by 35-45%

* Function packaging size directly correlated with energy consumption

* Memory allocation showed 1:0.7 relationship with energy consumption

* Execution region's PUE (Power Usage Effectiveness) varied from 1.1 to 1.8

B. CO; Emission Analysis
1. Carbon Footprint by Platform (kg CO,/month)

Platform Lightweight A  [Medium AT |Complex AI  |Average
AWS Lambda 9.2 14.5 22.8 15.5
Google Cloud Functions |8.1 12.8 19.5 13.5
Firebase Functions 9.5 13.2 21.2 14.6
Traditional Server 18.4 25.7 35.2 26.4

2. Regional Carbon Intensity Impact

Carbon intensity varies significantly by region:

* Mumbai (India): 0.82 kg CO,/kWh

* Singapore: 0.41 kg CO,/kWh

* US West: 0.23 kg CO,/kWh

* EU (Ireland): 0.29 kg CO,/kWh

Deploying in regions with lower carbon intensity can reduce emissions by 30-70%, as shown in Figure 4.

3. Optimization Impact on Carbon Footprint

Optimization Technique CO, Reduction (%)
Memory right-sizing 15-25%

Code optimization 10-20%

Model compression 25-40%

Regional selection 30-70%

Cold start reduction 5-15%

C. Sustainable Development Strategies
Our research identified several strategies for sustainable Al deployment:

1. Carbon-Aware Deployment

* Scheduling non-critical workloads during lower carbon intensity periods

* Multi-region deployment with carbon-aware routing
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* Automatic scaling based on regional carbon intensity

2. Model Optimization for Energy Efficiency

* Quantization reduced energy consumption by 25-40%

* Pruning reduced energy consumption by 15-30%

» Knowledge distillation reduced energy consumption by 20-35%

3. Flutter-Specific Sustainability Practices
 Implementing battery-aware Al invocation strategies
* Caching Al results to reduce redundant inferences

* Progressive enhancement based on device capabilities

VI. ENVIRONMENTAL IMPACT AND SUSTAINABILITY
A. Energy Consumption of Serverless Al Inference
* Data Center PUE Comparison
» Power Draw of Serverless vs. Traditional Hosting

B. CO; Emission Comparison Across Cloud Providers

Provider [Energy Source Carbon Emission (kg CO,/1000 requests)
AWS Lambda [65% renewable  (0.02

Google Cloud |100% renewable [0.00

Firebase 80% renewable  0.015

C. Strategies to Minimize Carbon Footprint
* Using Renewable Energy-Powered Cloud Services
* Optimizing Code for Lower Compute Requirements

VII. DISCUSSION AND RECOMMENDATIONS
A. Best Practices for AI-Powered Flutter Applications
Based on our analysis, we recommend the following best practices for deploying Al in Flutter applications using
serverless computing:

1. Architecture Selection Guidelines

'Workload Characteristics Recommended Architecture
ILightweight, intermittent Al Serverless (Firebase for price-sensitive)
Medium complexity, moderate traffic  [Serverless with cold start optimization
IHeavy computation, consistent load Traditional servers with GPUs
Real-time ML inference Edge computing + serverless fallback
IData-sensitive applications IHybrid (on-device + serverless)

2. Flutter Implementation Best Practices

* Implement progressive loading Ul patterns

* Use Isolates for communication with serverless functions
* Implement client-side caching for frequent Al tasks

» Adopt tiered Al capabilities based on connectivity

* Implement graceful degradation for offline scenarios
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3. Serverless Optimization Strategies

* Package size minimization (< SMB ideal)
* External dependency optimization

* Layer utilization for common libraries

* Memory allocation right-sizing

* Timeout configuration optimization

B. Trade-offs Between Performance, Cost, and Sustainability
Our research highlights important trade-offs developers must consider:

1. Performance vs. Cost

* Higher memory allocations improve performance but increase costs

* Cold start optimization techniques add cost but improve user experience
* Regional deployment affects both latency and pricing

2. Cost vs. Sustainability

* Lowest cost options may not be most environmentally friendly

* Optimization for sustainability often aligns with long-term cost efficiency
* Carbon-aware deployment may require additional development effort

3. Indian Market Considerations

* Price sensitivity necessitates careful optimization

* Network reliability challenges require robust fallback mechanisms

* Data sovereignty and compliance considerations favour specific regions

C. Indian Market Specific Recommendations
For the Indian mobile application market, we recommend:

1. Cost Optimization Priorities

* Leverage Firebase for best price-performance ratio in the Indian market
* Implement aggressive caching for reducing serverless invocations

* Consider serverless platforms with free tier benefits for startups

2. Performance Considerations

* Prioritize memory optimization over execution speed for cost efficiency
* Implement progressive enhancement for diverse device capabilities

* Design for variable network conditions with offline capabilities

3. Sustainability Practices

* Implement battery-aware Al scheduling

* Select Mumbai region to reduce data transfer latency

* Consider hybrid approaches to reduce cloud dependency

VIII. CONCLUSION
A. Summary of Key Findings
Our comprehensive analysis of Al-powered Flutter applications using serverless cloud computing reveals:
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1. Performance Considerations:

o Serverless platforms provide adequate performance for lightweight to medium complexity Al workloads
o Cold start latency remains a significant challenge, particularly for real-time applications

0 Google Cloud Functions demonstrated the best overall performance characteristics

2. Cost Analysis:

o For the Indian market, serverless computing offers cost advantages for intermittent and variable workloads
o Firebase Functions provides the most cost-effective solution for budget-conscious developers

o Traditional servers become more economical beyond ~45,000 requests/day

3. Sustainability Impact:

o Serverless computing demonstrates 40-55% lower carbon footprint compared to traditional servers
o Regional selection significantly impacts carbon emissions

o Sustainability optimizations often align with cost and performance improvements

B. Implications for Developers and Cloud Service Providers

Our findings have significant implications:

1. For Developers:

o Architectural decisions should balance performance, cost, and sustainability

o Understanding serverless pricing models is crucial for cost optimization

o Flutter-specific implementation strategies can significantly impact user experience

2. For Cloud Providers:

o Opportunities exist for India-specific pricing tiers

o Cold start optimization remains a critical area for improvement

o Carbon-aware computing features would address growing sustainability concerns

3. For the Indian Market:

o Cost-optimized solutions are essential for widespread adoption
o Variable network conditions require robust application design
o Regional deployment options provide significant advantages

C. Final Thoughts on Sustainable AI Deployments

The integration of Al capabilities in mobile applications continues to grow rapidly. Our research demonstrates that
serverless computing offers a viable, cost-effective, and environmentally responsible approach for deploying Al in
Flutter applications, particularly for the Indian market. By applying the optimization strategies and best practices
outlined in this paper, developers can create high-performance, cost-efficient, and sustainable AI- powered mobile
experiences.

The future of Al deployment will likely see increased focus on edge-cloud hybrid architectures, further reducing both
costs and environmental impact while improving performance. Continued research into energy-efficient AI models and
carbon-aware computing will be essential for sustainable growth in this field.
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APPENDIX A: VISUALIZATION OF KEY FINDINGS

Figure 1: Diminishing Returns in Memory Allocation (Latency vs. Memory)
Diminishing Returns in Memory Allocation (Face Detection Model)
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[To illustrate how increasing memory allocation affects Al inference latency on different serverless platforms]

Figure 2: Scalability Thresholds (Concurrent Requests vs. Response Time)
Scalability Thresholds

T T T
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[ To compare the maximum number of concurrent requests each serverless platform can handle before performance
degrades significantly.]
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Figure 3: Break-Even Analysis (Cost vs. Request Volume)
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[To show at what point serverless computing becomes more or less cost-effective than traditional cloud computing as
request volume changes]

Figure 4: Carbon Footprint by Region
Carbon Footprint by Region
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[A bar chart comparing CO2 emissions across different deployment regions]
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Figure 5: Energy Consumption Comparison
Energy Consumption Comparison
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[A chart comparing energy usage across different Al complexity levels and platforms]

Figure 6: Sustainable AI Optimization Impact

Sustainable Al Optimization Impact
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[A visualization showing percentage improvements from various optimization techniques]
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