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Abstract: The scalability of Edge Artificial Intelligence (Edge AI) is fundamentally constrained by hardware 

heterogeneity and uneven compute capabilities across deployment environments. This "Intelligence Gap" represents a 

critical architectural barrier that prevents the democratized adoption of vision intelligence. This paper proposes a 

theoretical framework to address the Edge AI scalability problem through three interconnected innovations: (1) the AI 

Readiness Index (AIRI) for standardizing intelligence measurement; (2) a modular Appization architecture for 

decoupling intelligence from hardware; and (3) a Vertical Solution Stack implementing the 3Ps framework 

(Personalization, Platforms, Performance Analytics). Central to this framework, we introduce the EdgeBox as a "Legacy 

Redemption" artifact—a neural interface designed to retroactively apply the Solution Stack to non-intelligent 

infrastructure. This allows for the "Neural Scrubbing" of legacy systems, transforming "dumb" sensors into AIRI-

certified intelligence nodes. This paper employs a design science methodology, drawing on established theories from 

platform economics and service-dominant logic to develop a structured approach to artifact creation. We present a 

comprehensive model that transforms hardware heterogeneity from a scaling constraint into a managed resource. We 

demonstrate how the EdgeBox mediates the transition from hardware-centric to intelligence-centric edge computing. The 

proposed framework provides a novel theoretical foundation for Edge AI scalability. The introduction of the EdgeBox 

and the 3Ps framework offers a pathway to bridge the intelligence gap, enabling modular, measurable, and trustworthy 

AI across heterogeneous environments and present a case study. 
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I. INTRODUCTION 

 

The Theoretical Challenge of Edge AI Scalability 

Edge Artificial Intelligence represents a paradigm shift in computing architecture, promising to bring computational 

intelligence closer to data sources while reducing latency, bandwidth requirements, and privacy concerns[1-4]. However, 

the theoretical promise of Edge AI confronts a fundamental architectural constraint intrinsic to device[5]: extreme 

hardware heterogeneity and uneven compute capabilities across deployment environments[6]. This "Intelligence Gap" 

the disparity between theoretical AI capabilities and practical deployment realities across diverse hardware platforms 

represents a significant theoretical challenge that has not been adequately addressed in the literature [2]. Architecturally, 

edge devices show tremendous computational capability, from microcontrollers with limited memory and processing 

power to sophisticated AI accelerators with dedicated neural processing units[31]. Economically, this heterogeneity 

creates market failures of Akerlof's "market for lemons" [7], where information asymmetry prevents efficient 

procurement and deployment of AI capabilities. In the organization, the integration complexity arising from 

heterogeneous systems creates barriers to adoption that existing theoretical models do not adequately address. 

 

Scalability Crisis 

The premise that "Edge AI scalability is constrained by hardware heterogeneity and uneven compute capabilities" 

identifies the single greatest barrier to the mass adoption of intelligent vision systems. In simple terms, while cloud 

computing offers a uniform environment, the "Edge" is a chaotic fragmented landscape of diverse devices with vastly 

different "brains" (processing power). 

 

The Problem: Hardware Heterogeneity & Uneven Compute 

Scaling AI across the edge is not a simple software update because the underlying hardware varies wildly. This creates 

several critical bottlenecks: 
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• The "Intelligence Gap": Traditional hardware metrics (like megapixels or sensor size) do not reflect a device's 

actual ability[24] for example like to run complex AI models. A camera might have high resolution but lack the 

specialized AI chips needed for real-time inference, leading to project failure when the software outpaces the 

hardware. 

• Non-Uniform Architectures: Edge devices range from low-power IoT sensors to high-performance AI 

cameras. A model optimized for one architecture may be completely incompatible with another, forcing 

developers to rewrite code for every specific device type, which is impossible to scale[26]. 

• Computational Constraints: Many edge devices have strictly limited memory and power. While a "Global 

Model" might work in a lab, it often fails in the field because the device cannot handle the "compute-heavy" 

nature of deep learning. 

 

II. CONCEPTUAL CONTRIBUTION 

 

This conceptual article addresses the following: What theoretical framework could enable scalable Edge AI deployment 

across environments characterized by extreme hardware heterogeneity and uneven compute capabilities? 

 

Our primary contribution is theoretical rather than empirical: 

1. The AIRI Conceptual Framework[8]: A already proposed standardization metric system for quantifying and 

comparing AI readiness across heterogeneous hardware. 

2. The Modular Appization Concept[9]: A theoretical architecture for decoupling intelligence from hardware 

constraints through containerized AI applications. 

3. The Vertical Solution Stack Model:  A ‘solution’ stack combines technological (hardware, software, 

connectivity) and data nodes, with a political and economic layer shaping and simultaneously influenced by 

consultancy and media (Velislava Hillman)[29]. A conceptual end-to-end architecture implementing the 3Ps 

framework (Personalization, Platforms, Performance Analytics)[10] for orchestrating intelligence across 

capability gradients. 

4. Theoretical Integration: A synthesis of concepts from platform economics, service-dominant logic and 

standardization theory applied to Edge AI scalability. 

 

These conceptual contributions provide a theoretical foundation for transforming hardware heterogeneity from a scaling 

barrier into a managed resource, offering pathways for democratized access to Edge AI capabilities. 

 

III. THEORETICAL FOUNDATIONS 

 

Platform Economics and Standardization Theory 

The problem of heterogeneity in technology markets has been extensively studied in platform economics literature. 

Shapiro and Varian [4] established that standardization is a standardization is a critical strategy to overcome market 

fragmentation[11] and can overcome fragmentation and create network effects in technology markets. Rietveld and 

Schilling [5] further developed the distinction between horizontal and vertical platform strategies[12], noting that vertical 

integration often proves superior in complex, regulated domains[13][14]—precisely the environments where Edge AI 

faces its greatest heterogeneity challenges. The standardization literature provides valuable frameworks for addressing 

heterogeneity. David and Greenstein [15] identify three key functions of standards: reducing variety, enabling 

compatibility and conveying information[15]. The AIRI framework aims to perform all three functions for Edge AI 

hardware, creating what we term "intelligence liquidity"—the ability to trade AI capability as a standardized commodity. 

 

Service-Dominant Logic and Value Co-Creation 

Vargo and Lusch's[16] Service-Dominant Logic (S-D Logic)[18] provides a theoretical foundation for understanding 

value creation in heterogeneous ecosystems. Traditional goods-dominant logic treats hardware as a value-delivery 

mechanism, while S-D Logic emphasizes value co-creation through service exchange among multiple actors[17]. This 

theoretical perspective is particularly relevant for Edge AI ecosystems, where value emerges from interactions among 

hardware manufacturers, software developers, system integrators and end-users. 

 

The 3Ps framework (Personalization, Platforms, Performance Analytics) proposed in this paper operationalizes S-D 

Logic principles for Edge AI environments, creating theoretical pathways for continuous value co-creation across 

heterogeneous systems. 
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Modular Systems Theory 

Baldwin and Clark's [8] work on modularity[19] provides theoretical grounding for the Appization[9] concept. Modular 

systems theory suggests that complex systems can be decomposed into independently designed components that interact 

through standardized interfaces. This theoretical approach offers pathways for managing heterogeneity through 

abstraction and interface standardization. 

 

The Appization architecture proposed in this paper applies modular systems theory to Edge AI, theoretically enabling 

"write once, deploy anywhere" [21][22] capabilities through standardized interfaces and abstraction layers. 

 

IV. THE AIRI FRAMEWORK: A THEORETICAL MODEL FOR STANDARDIZING INTELLIGENCE 

MEASUREMENT 

 

Conceptual Design Principles 

The AI Readiness Index (AIRI)[8] is conceived as a theoretical framework based on three design principles derived from 

standardization literature: 

1. Multidimensional Measurement: Following the theoretical work of Kaplan and Norton [20] on balanced 

scorecards, AIRI proposes a multidimensional approach that captures technical, architectural, integration and 

governance dimensions. 

2. Information Asymmetry Reduction: Drawing on Akerlof's [3] work on market failures, AIRI aims to reduce 

information asymmetry by providing verifiable, standardized metrics for AI capability. 

3. Evolutionary Standardization: Recognizing that AI technology evolves rapidly, the framework incorporates 

theoretical mechanisms for periodic revision and adaptation, similar to the evolutionary standardization 

processes described by Egyedi[32]. He suggests that instead of separating technology development and 

standards development into two separate factors, standardization should be treated as a regular environment of 

technology development. One important classification related to the connection between technology and 

standards is the distinction between designing and selecting standardization[30]. 

 

Proposed Measurement Dimensions 

Theoretically, AIRI would evaluate devices across four weighted dimensions[AIRI]: 

 

AIRI Measurement Framework 

Dimension 
Theoretical 

Weight 
Proposed Metrics Theoretical Basis 

Compute & 

Performance 
30% 

Sustained TOPS, Inference Latency, 

Power Efficiency 

Derived from computational 

complexity theory and 

performance benchmarking 

literature 

Architecture & 

Flexibility 
25% 

OTA Update Support, Custom 

ModelCompatibility, Framework 

Support 

Based on software architecture 

principles and backward 

compatibility theory 

Integration & 

Openness 
25% 

Standard Protocol Compliance, API 

Quality, Interoperability Score 

Grounded in network effects 

theory and compatibility 

standards literature 

Governance & 

Trust 
20% 

Security Certification, Bias Mitigation 

Reporting, Data Sovereignty Controls 

Derived from information 

governance theory and 

regulatory compliance literature 

 

Theoretical Certification Model 

The framework proposes a tiered certification model based on AIRI scores: 

• Certified (60-69): Basic AI inference capability for simple applications 

• Silver (70-79): Reliable performance for common workloads 
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• Gold (80-89): High-performance with advanced features and governance 

• Platinum (90-100): Enterprise-grade with comprehensive capabilities 

The certification process would theoretically involve independent testing following established standardization 

processes, though the specific implementation mechanisms require further development. 

 

V. MODULAR APPIZATION: A THEORETICAL ARCHITECTURE 

 

Conceptual Architecture 

The authors[27] explore three key design choices in modularisation: level of granularity, standardisation of interfaces, 

and unification of data, and their impacts on structural, dynamic, and subjective complexity The Appization architecture 

represents a theoretical approach to managing heterogeneity through modular design. Conceptually, it would decompose 

monolithic AI systems into containerized, task-specific applications with standardized interfaces[28]: 

 

 
 

Theoretical Matching Algorithm: Conceptual App-Device Matching Algorithm 

The proposed "Theoretical App-Device Matching" algorithm addresses a critical challenge in Edge AI: efficiently 

deploying diverse AI applications across a heterogeneous landscape of edge devices. This conceptual framework posits 

an intelligent orchestration layer that moves beyond simple compatibility checks, instead focusing on an optimized 

deployment configuration (C). 

 

At its core, the algorithm evaluates each available AI application (A) against the specific Device capability profile (D) 

of a target edge device. This evaluation is multifaceted, assessing three key dimensions: 

1. Compatibility (f): This score gauges the architectural alignment between the app's requirements (e.g., supported 

instruction sets, libraries) and the device's architecture (e.g., ARM, x86, NPU type). 

2. Performance (g): This metric assesses how well the device's raw compute capability (e.g., TOPS, CPU cores) 

can meet the app's computational demands (e.g., inference speed, model size). 

3. Efficiency (h): This score considers the device's power profile and the app's power requirements, crucial for 

battery-operated or resource-constrained edge environments. 

These individual scores are then combined into a weighted total_score, using coefficients (alpha, beta, gamma) to reflect 

the relative importance of each dimension based on the deployment's priorities. Only applications exceeding a predefined 

threshold are added to a candidate_set, from which the optimal deployment configuration is ultimately selected. This 

algorithmic approach is fundamental to managing the "Intelligence Gap" by ensuring that applications are deployed only 

where they can truly deliver optimal value. 

 

Devising a Maximization Formula 

To fully formalize this conceptual algorithm, a robust mathematical formula can be devised to precisely calculate the 

total_score. This would involve defining the functions f, g, and h with greater precision, potentially using normalized 

values from the AIRI framework. The ultimate goal would be to articulate an optimization problem, aiming to maximize 

the total score for app deployment across a fleet of heterogeneous devices, subject to various operational constraints. This 

ensures not just deployment, but optimal deployment, where resources are utilized most effectively. 

 

VI. THE VERTICAL SOLUTION STACK 

 

Technological Leap: The “EdgeBox” and Legacy Redemption 

A critical finding in our 2026 deployments is the role of the IndoAI EdgeBox—a compact device that represents the 

“Great Redemption” for legacy CCTV systems. 
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Millions of existing cameras are “dumb assets”: they record terabytes of video that is never reviewed. The EdgeBox acts 

as a neural interface, plugging into NVR and applying the full Solution Stack post-facto. By processing video streams 

locally, it enables: 

• Real-time AI inference (fire detection, intrusion alerts) 

• AIRI certification (achieving scores of 80+ without replacing hardware) 

• OTA model updates via Neurhub™ 

This “Neural Scrubbing” of legacy infrastructure is vital for fragmented industries with limited CapEx budgets—schools, 

MSMEs, etc. It democratizes AI by making intelligence retrofit-ready, not just new-build. 

 

Proposed Layered Architecture 

The conceptual framework organizes the heterogeneity management challenge into a five-layer model: 

Layer 1: Device Heterogeneity  

Theoretical foundation representing diverse hardware platforms 

Layer 2: AIRI Standardization  

Proposed intelligence quantification and classification layer 

Layer 3: Appization Modularization  

Theoretical containerization and abstraction layer 

Layer 4: Platform Orchestration  

Conceptual ecosystem management layer 

Layer 5: Analytics & Personalization  

Theoretical feedback and optimization layer 

 

 
 

Integration with the 3Ps Framework 

The conceptual Solution Stack integrates with the 3Ps framework as follows: 

1. Personalization: Theoretical mechanisms for context-aware adaptation based on deployment environment 

characteristics. 

2. Platforms: Conceptual ecosystem design connecting multiple stakeholders through standardized interfaces and 

governance mechanisms. 

3. Performance Analytics: Proposed feedback loops for continuous improvement and value validation. 

The 3Ps[10] are not marketing buzzwords—they are technical and strategic pillars that sustain the Solution Stack’s 

lifecycle: 

 

3P Pillar Role in Solution 

Stack 

Technical Implementation 

Personalization Context-aware 

intelligence delivery 

Vision AI models trained on domain data (e.g., school uniforms, 

warehouse pallets); user behavior triggers model recommendations[33] 

Platforms Ecosystem 

orchestration 

Neurhub™ runtime + Appization™ marketplace; revenue sharing with 

devs; ONVIF/VMS compatibility[9] 

Performance 

Analytics 

Outcome validation & 

iteration 

Real-time dashboards for accuracy, latency, TCO; federated learning 

for on-device refinement[34] 

This triad forms a self-reinforcing flywheel: more deployments → better AIRI scores → more developer interest → richer 

solution packs → lower total cost of ownership (TCO). 

 

Case Studies: The 3Ps in Practice 

Education: The “Smart School Pack” 

In Indian schools, the primary barrier to AI adoption was integration chaos: separate vendors for cameras, biometric logs, 

mobile apps, and ERP systems. IndoAI’s Smart School Pack unified these into a single stack: 
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• Personalization: Facial recognition tuned for group-selfie attendance (Indoai’s Dutypar app)[40] and distress 

detection (crying/shouting in corridors). Models are trained on Indian student demographics to reduce bias. 

• Platforms: Schools manage the entire stack via the Dutypar interface. New models—like “Exam Cheating 

Detection”—can be downloaded without hardware changes, thanks to Appization™[9]. 

• Performance Analytics: Absenteeism trends, visitor logs, and security alerts are processed on the edge, reducing 

bandwidth costs by up to 90% and ensuring offline operation during internet outages[26]. 

Result: Deployment time could be significantly reduced with teacher saving time saved on roll calls. 

 

Retail: Hyper-Personalization in Malls[41] 

Traditional digital signage is static and ignored. IndoAI’s Retail Intelligence Stack turns cameras into “Engagement 

Engines”: 

• Personalization: Opted-in shoppers are recognized via facial features, and tailored ads appear on nearby displays 

(e.g., “You bought this shirt—see it styled!”). 

• Platforms: Mall owners can swap “Theft Detection v2” for “Footfall Heatmap” seasonally via the marketplace—

no firmware updates needed. 

• Performance Analytics: Stores track Conversion Lift—measuring exactly how many people entered after seeing 

a personalized ad.  

Critically, all personalization includes explainability prompts (“Why am I seeing this?”) and diversity controls to 

avoid filter bubbles—anticipating EU AI Act and India’s DPDP requirements. 

 

Conceptual Architectural Patterns[34] 

The framework proposes four theoretical patterns for heterogeneous environments: 

 

Pattern Architecture Description 

1 Federated Learning  Theoretical approach enabling collaborative learning across 

capability gradients 

2 Hierarchical 

Processing Model 

Conceptual distribution of workloads across compute tiers 

3 Microservices-Based 

Edge AI 

Theoretical decomposition of AI functions into independent services 

4 Serverless Edge 

Computing 

Conceptual event-driven execution model for intermittent workloads 

 

 

VII. REAL-WORLD EXAMPLES: COMPANIES FACING THESE CHALLENGES 

 

Several global leaders and specific sectors have encountered scalability issues: 

This table serves as empirical grounding for theoretical framework, demonstrating that the "Solution Stack" is a universal 

requirement for scaling Edge AI. 

 

Cross-Industry Heterogeneity Analysis(sample)  

Sector 

Leading 

Entity(for 

example) 

Primary 

Heterogeneity 

Challenge 

"Intelligence Gap" 

Impact 

Current 

Mitigation 

Strategy 

Proposed 

"Solution 

Stack" 

Advantage 

Automotive Tesla 

Disparate fleet 

ages; varied FSD 

chip versions  

Older hardware 

cannot run current 

"Full Self-Driving" 

neural nets.[35] 

Hardware 

Retrofits: 

Physical chip 

replacement 

(High CAPEX). 

Modular 

Appization: 

Dynamic 

model pruning 

based on AIRI 

scores. 

Energy Shell 

Extreme remote 

environments 

(Offshore) vs. 

Mainland 

Refineries. 

Remote rigs may face  

cooling/power 

challenge  for high-

end AI accelerators. 

Lightweight 

FPGAs: 

Specialized, 

rigid hardware 

optimization. 

EdgeBox 

Redemption: 

Standardizing 

legacy rig 

cameras into 
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the 3P 

framework. 

Manufacturing Siemens 

Decades-old 

legacy sensors 

alongside 

modern IIoT 

gateways. 

Modern predictive 

models are 

incompatible with 8-

bit 

microcontrollers[36]. 

Microservices: 

Stripping 

models to 

minimal 

functional 

blocks. 

Neural 

Scrubbing: 

Using the 

EdgeBox to 

process legacy 

data at a higher 

tier. 

Logistics 
TCS / 

Amazon 

Multi-vendor 

telematics; 

diverse 

store/warehouse 

layouts. 

Inconsistent latency 

for real-time tracking 

across varied network 

nodes[37][38]. 

Contextual 

Shifting: 

Manual tuning 

of models for 

specific sites. 

Performance 

Analytics: 

Automated 

ROI validation 

and latency 

tracking. 

Agriculture 
John 

Deere 

High-speed real-

time vision on 

varied tractor 

model years. 

Disconnected 

operation in remote 

fields limits cloud 

offloading.[39] 

Edge-Cloud 

Hierarchy: 

Local inference 

for spray, cloud 

for logs. 

AIRI 

Certification: 

Guaranteed 

sub-second 

latency for all 

certified kits. 

 

 As shown in the table above, the "Intelligence Gap" manifests in two primary ways: 

1. Temporal Heterogeneity: The coexistence of old (legacy) and new hardware (e.g., Tesla, Siemens). 

2. Environmental Heterogeneity: Disparities in power, cooling and connectivity (e.g., Shell, John Deere). 

The Vertical Solution Stack addresses these by providing a unified orchestration layer. Rather than manually rewriting 

code for every tractor model or refinery rig, the AIRI layer automatically determines the "intelligence liquidity" of the 

node, and the Appization layer deploys the most compatible version of the model. 

 

VIII. CASE STUDY: STANDARDIZING EDGE AI ACROSS HETEROGENEOUS INFRASTRUCTURE 

 

The Challenge: Why Edge AI Fails at Scale 

Standard AI models often break when rolled out across mixed hardware environments. Organizations frequently 

experience "pilot-to-rollout performance drift," where a model that works in a controlled environment fails in real-world 

deployment due to several critical factors: 

• Hardware Fragmentation: Vast differences in CPU, GPU and NPU architectures lead to unpredictable 

performance. 

• Hidden Bottlenecks: Video decoding loads and stream counts are often overlooked during the pilot phase, 

creating processing logjams in the field. 

• Environmental & Operational Drift: Variables such as heat (thermal throttling), memory headroom and driver 

versions significantly alter performance over time. 

 

The IndoAI Solution: The ‘Compute Contract’ 

IndoAI solves these challenges by introducing a dedicated Edge Runtime layer between raw camera feeds and final 

outcomes. This runtime enforces a "compute contract" that guarantees a specific Service Level Agreement (SLA) 

regardless of the underlying mixed hardware. 

 

The architecture consists of four primary internal modules: 

1. Capability Profiler: Benchmarks the specific decode and inference capacity of the local device. 

2. Model Registry: Maintains multi-build variants optimized for specific CPU, GPU, or NPU architectures. 

3. SLA Policy Engine: Automatically tunes operational parameters like FPS, resolution, and batch sizes to meet 

targets. 

4. Observability & Safe OTA: Provides telemetry, canary deployments, and automated rollbacks to ensure 

stability. 
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Operational Workflow: The Control Loop 

The IndoAI Edge Runtime operates as a repeatable, continuous control loop to maintain high performance under real-

site conditions: 

1. Profile: Continuously benchmark the device's capacity for both decoding and inference. 

2. Select: Choose the optimal model build specifically designed for the local processor (CPU, GPU, or NPU). 

3. Adapt: Dynamically tune the operating point (FPS, resolution, and model tier) to hit the required SLA. 

4. Verify: Monitor P95 latency, dropped frames, and thermals continuously, triggering an automatic rollback if 

performance degrades. 

 

Business Outcomes: Selling Certainty, Not Models 

In the IndoAI ecosystem, customers do not buy individual AI models; they purchase guaranteed outcomes. These are 

codified in SLA Contract Cards, which define the reliability of the rollout. 

Example SLA Targets for Intrusion Detection: 

• P95 Alert Latency: <=2.0 seconds. 

• Minimum Usable FPS: >=12 FPS. 

• Stream Support: Stable performance for up to 16 streams per node. 

• Priority: Critical (Safety). 

By enforcing these targets through adaptive tuning and real-time monitoring, IndoAI ensures that critical safety and 

operational outcomes remain stable across even the most heterogeneous edge infrastructure. 

 

IX. CONCLUSION 

 

This conceptual paper has presented a theoretical framework for addressing the fundamental challenge of hardware 

heterogeneity in Edge AI scalability. By proposing the AIRI standardization framework, the Appization modular 

architecture, and the Vertical Solution Stack orchestration model, we offer a structured approach to transforming 

heterogeneity from a constraint into a managed resource. 

 

The framework’s contributions extend beyond Edge AI to broader questions of platform design and ecosystem 

orchestration in fragmented technology markets. The ultimate implication is a paradigm shift from hardware-centric to 

intelligence-centric computing, where AI capability becomes a standardized, tradable commodity. This shift aims to 

democratize AI access across socioeconomic divides, accelerating innovation across multiple sectors. 

 

Strategic Outlook and Challenges 

The Solution Stack represents a transition from selling isolated AI components to delivering certified outcomes. Enabled 

by the 3Ps (Personalization, Platforms, and Performance Analytics), it turns fragmented industries into programmable 

markets where intelligence is modular, measurable, and trustworthy. 

 

However, the author acknowledges significant hurdles that must be addressed: 

• Governance: Mitigating "vendor capture" of AIRI via independent bodies (e.g., ISO partnerships). 

• Standardization: Reducing model fragmentation through universal formats like ONNX/TensorRT. 

• Ecosystem Disruption: Supporting System Integrators (SIs) through premium certification paths. 

 

Future Research Agenda 

As AI moves beyond the cloud and into the physical world, vertical platforms will define the next era of enterprise value. 

Future work will expand the AIRI framework into new frontiers: 

1. Generative AI: Integrating Large Language Models (LLMs) with a focus on "Hallucination Rates," context 

fidelity, and privacy preservation in domain-specific vertical applications. 

2. Physical Intelligence: Expanding into Robotics (physical reliability/coordination) and Autonomous Vehicles 

(edge-case robustness). 

3. Quantum Security: By 2030, we foresee Quantum-Safe Solution Stacks- this will explore the integration of 

Post-Quantum Cryptography (PQC) within the Performance Analytics pillar to ensure that “machine sight” 

remains private and immutable in the quantum era. 
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