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Abstract: As the demand for Generative AI (GenAI) surges, the reliance on centralized cloud computing presents critical 
challenges regarding energy consumption, latency, and data privacy. Current infrastructure struggles to scale, necessitating a 
paradigm shift toward Edge Computing. However, executing heavy inference tasks, specifically Neural Text-to-Speech (TTS) 
and WebGL-based avatar rendering, on mobile devices is severely constrained by thermodynamic limits and battery 
inefficiencies. This paper proposes a novel Hybrid-Native Architecture designed to execute continuous, long-form GenAI 
workloads entirely on-device, independent of cloud connectivity. We introduce two primary engineering contributions: (1) An 
Adaptive Thermal Cooling strategy, utilizing a heuristic feedback loop that dynamically injects variable "cool-down" intervals 
based on inference buffer health and real-time generation lead times to prevent the GPU throttling typically associated with 
sustained neural processing; and (2) A Hierarchical Hybrid Caching mechanism that serializes raw floating-point audio data 
into tiered storage (RAM to uncompressed WAV to compressed AAC), enabling the "re-stitching" of fragmented streams for 
resilience. Experimental implementations demonstrate that this architecture maintains 60 FPS visual rendering and continuous 
audio synthesis on standard mobile hardware without inducing thermal degradation. By shifting computation to the edge, this 
framework offers a blueprint for a more sustainable, resilient, and privacy-preserving national digital infrastructure.​
​
Keywords: Edge AI, Thermal Management, On-Device Inference, Mobile Computing, Neural Text-to-Speech, Sustainable 
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I. INTRODUCTION 

A. The Thermodynamic Barrier in Mobile GenAI​
The migration of Generative AI (GenAI) from cloud 
datacenters to edge devices is driven by the need for 
privacy and zero-latency interaction. However, this shift 
imposes severe computational penalties. Unlike 
server-grade GPUs with active cooling, mobile 
Systems-on-Chip (SoCs) are constrained by passive 
thermal envelopes (typically < 3W sustained power). 
When executing continuous, long-form Neural 
Text-to-Speech (TTS) and simultaneous 3D rendering, 
modern mobile processors rapidly hit thermal saturation 
(T_crit), triggering Operating System-level voltage 
throttling. This phenomenon renders continuous human-AI 
interaction technically unviable on standard consumer 
hardware.    

B. The Proposed Architecture​
This paper presents the engineering methodology of a 
Multimodal Edge-Native Framework. While the specific 
application domain is a high-fidelity mental health 
intervention requiring continuous availability, the core 
contribution of this work is the underlying Adaptive 
Thermal Architecture. We propose a closed-loop control 

system that monitors inference buffer health to 
dynamically modulate GPU duty cycles. This approach 
solves the "Thermodynamic Gap," allowing for indefinite 
session durations without thermal degradation.    

C. Paper Structure 

This report is organized as follows: Section II establishes 
the theoretical foundation, reviewing literature on affective 
computing, art therapy digitization, and brainwave 
entrainment. Section III details the high-level System 
Architecture, focusing on security, latency, and data flow. 
Section IV, V, and VI provide exhaustive deep dives into 
the three core technical modules: the Visual Affective 
Analysis Module, the Iso-chronic Audio Synchronization 
Protocol (IASP), and the WebGL-Based Anthropomorphic 
Agent (WACA). Section VII presents the experimental 
validation from a massive-scale pilot study. Finally, 
Section VIII discusses limitations and future engineering 
challenges. 

II. THEORETICAL BACKGROUND AND 
RELATED WORK 

A. Thermal Constraints in Edge Computing​
Mobile devices rely on Dynamic Voltage and Frequency 



Scaling (DVFS) to manage heat. Traditional DVFS is 
reactive: it lowers clock speeds only after a thermal 
violation occurs. For real-time GenAI, this reactive 
approach causes "jank" (stuttering) and audio dropouts. 
Recent literature suggests that proactive scheduling, 
predicting thermal load before it saturates the heat sink, is 
required for sustained neural workloads. 

B. Neural Speech Synthesis on Mobile​
Neural TTS models (like Tacotron or FastSpeech) are 
computationally intensive. While quantization (int8) 
reduces model size, the inference frequency for real-time 
conversation remains high. Previous work has focused on 
model compression; however, few studies address the 
scheduling of these heavy workloads to align with the 
thermal relaxation time constants of mobile chassis 
materials. 

C. Hybrid Caching Strategies​
To mitigate the energy cost of re-computing data, caching 
is essential. However, audio data presents a unique 
challenge due to its size. Standard LRU (Least Recently 
Used) caches often overflow device RAM. This paper 
builds upon "Hierarchical Storage" theories, proposing a 
tiered approach (RAM -> Disk -> Compressed) 
specifically optimized for streaming generative media. ​
 

III. SYSTEM ARCHITECTURE 
The proposed framework implements a Hybrid-Native 
Architecture, a structural paradigm designed to decouple 
application lifecycle management from the stochastic 
computational demands of on-device Generative AI. This 
topology leverages the agility of web-based technologies 
for User Interface (UI) state management while strictly 
reserving the device’s native acceleration layers 
(specifically the Apple Neural Engine) for tensor 
operations and inference tasks. 

Figure 1: The Hybrid-Native Edge Architecture. 

 

Caption: A high-level topology showing the separation of 
concerns. The "Application Layer" (JavaScript/Zustand) 
manages state and logic, communicating via a distinct 
Bridge to the "Native Computation Layer." The diagram 
highlights the isolation of the Neural TTS Engine and 
WebGL Renderer from the main thread to ensure UI 
responsiveness. 

A. The Hybrid-Native Stack 

The system is constructed upon a stratified technology 
stack designed to optimize development velocity without 
compromising execution latency. 

1.​ The Application Layer: The user interface and 
business logic operate within a JavaScript runtime 
environment utilizing React 19 and TypeScript 5.8. 
The presentation layer relies on a mobile UI 
framework to render a hardware-accelerated 
WebView. State persistence and reactivity are 
managed by a centralized State Store (implementing a 
Flux-like pattern), which orchestrates asynchronous 
data flow between the UI and native subsystems. 

2.​ The Bridge Layer: Inter-process communication 
(IPC) between the JavaScript runtime and the native 
hardware abstraction layer is managed by a 
cross-platform native bridge. This bridge functions as 
an asynchronous message bus, marshaling 
JSON-serialized commands from the web layer to the 
native execution context. Critically, this layer manages 
privileged access to the file system, haptic feedback 
actuators, and the AVAudioSession configuration. 

3.​ The Native Computation Layer: The core 
engineering innovation lies in the native 
implementation of the generative engines, completely 
bypassing the JavaScript thread for heavy compute 
operations.​
- Inference:​
A specialized adaptation of a TTS architecture is 



compiled natively in Swift. It interfaces directly with 
the device's Metal Performance Shaders (MPS) to 
execute matrix multiplications on the GPU and Neural 
Engine (ANE), ensuring inference latencies below 
200ms.​
- Rendering:​
The anthropomorphic agent visualization is driven by 
a specialized 2D rendering engine, running within a 
WebGL 2.0 context. While the rasterization occurs 
within the WebView, the animation clock is 
synchronized via native audio callbacks to ensure 
lip-sync latency < 20ms 

B. Uni-Directional Data Flow 

To maintain determinism in a concurrent environment, the 
architecture enforces a uni-directional data flow following 
the Producer-Consumer pattern. 

1.​ Input Trigger: A user action (e.g., selecting a 
meditation session) updates the State 
Management Layer. 

2.​ Pipeline Activation: The application dispatches a 
generation request to the Native Bridge. 

3.​ Edge Inference (Producer): The native engine 
begins synthesizing audio in chunks. 

4.​ Buffer Consumption (Consumer): As audio 
buffers are finalized, they are emitted back to the 
WebView via the bridge for immediate playback, 
while simultaneously being written to the disk for 
persistence. 

C. Resource Isolation​
A critical architectural decision was the isolation of the 
"Analysis" phase from the "Synthesis" phase. When the 
system performs semantic analysis (e.g., via a cloud-based 
LLM for drawing interpretation), the local GPU is idled. 
Conversely, during the "Synthesis" phase, network activity 
is minimized. This mutex-like locking strategy prevents 
resource contention between the network and the GPU, 
both of which are significant thermal sources, thereby 
flattening the thermal spike curve.​
 

IV. ADAPTIVE THERMAL COOLING 
STRATEGY 
The primary impediment to running high-fidelity 
Generative AI on mobile devices is the thermodynamic 
limit of the hardware. Continuous neural inference (lasting 
more than 2 to 5 minutes, depending on the device) 
typically triggers Operating System-level thermal 
throttling (DVFS), resulting in clock speed reduction, 
frame rate degradation, and audio stuttering. To circumvent 

this, we introduce an Application-Layer Adaptive 
Cooling strategy. 

Figure 2: The Adaptive Cooling Feedback Loop. 

 

Caption: A flowchart illustrating the thermal control logic. 
The system monitors the "Generation Lead Time" (Buffer 
Health). If the buffer > 45s, the system enters "Cooling 
Mode," increasing inter-sentence latency to dissipate heat. 
If the buffer < 45s, it enters "Priority Mode" to prevent 
audio gaps. 

A. The Physics of Throttling 

Mobile SoCs are designed for "bursty" workloads. When 
the Neural Engine runs continuously, the thermal package 
cannot passively dissipate heat fast enough. Standard OS 
governors reactively throttle the CPU when core 
temperatures exceed critical thresholds (typically T_crit ≈ 
45°C for skin temperature limits). Our approach is 
proactive: it seeks to insert sufficient "cool-down" periods 
into the duty cycle to keep the mean temperature below 
T_crit. 

B. Heuristic Duty-Cycle Algorithm 

The system implements a feedback loop that adjusts the 
inference duty cycle based on the "Buffer Health" (B_H). 
B_H is defined as the temporal difference between the total 
audio duration generated (t_gen) and the current playback 
timestamp (t_play): 

B_H = t_gen - t_play 

The Adaptive Cooling Controller operates in three 
distinct modes: 

1.​ Priority Mode (B_H < 30s): 
○​ Objective: Prevent audio gaps (buffer 

underrun). 



○​ Action: The inference engine runs at 
maximum throughput. Inter-sentence pauses 
are minimized (t_pause ≈ 0ms). 

2.​ Cruising Mode (30s ≤ B_H ≤ 45s): 
○​ Objective: Balance generation speed with 

thermal dissipation. 
○​ Action: A standard cool-down interval 

(t_pause = 1000ms) is injected between 
every synthesized sentence. This allows the 
GPU registers to clear and the thermal 
package to dissipate peak heat. 

3.​ Saturated Mode (B_H > 45s): 
○​ Objective: Maximize cooling. 
○​ Action: The system detects a surplus of 

generated content. It aggressively throttles 
the inference engine, injecting extended 
pauses (t_pause ranges from 2000ms to 
5000ms) or suspending generation entirely 
until B_H degrades. 

C. Visual Orchestration and Locking 

Thermal load is cumulative. To further reduce GPU strain 
during the heavy inference of audio, the SpeakController 
class implements an "Animation Locking" protocol. 

●​ Idle Suppression: During active speech 
synthesis, "Standby" animations (e.g., random 
blinking, head swaying, breathing cycles) are 
explicitly suppressed. The specialized 2D 
rendering engine focuses solely on the necessary 
vertex updates for LipSync (driven by the audio 
formats) and Expression changes. 

●​ Resource Scheduling: This ensures that the 
GPU's Floating Point Units (FPUs) are not split 
between calculating unnecessary mesh 
deformations and calculating neural audio 
weights simultaneously. 

V. HIERARCHICAL DATA PIPELINE & 
CACHING 
To ensure the system remains "Local-First" and resilient to 
interruptions, we implemented a Hierarchical Hybrid 
Caching mechanism. This pipeline manages the 
transformation of data from volatile, high-speed memory 
to persistent, compressed storage without introducing 
playback latency. 

Figure 3: Tiered Data Persistence and Streaming 
Pipeline.

 

Caption: A sequence diagram tracking the lifecycle of an 
audio segment. Data flows from Inference (Raw Float32) 
→ RAM Cache (Immediate Playback) → File System 
(WAV Buffer) → Final Storage (AAC). The "Stitching" 
process is depicted merging distinct segments into a 
singular asset for long-term retention. 

A. Tiered Caching Strategy 

The system treats audio data as a mutable asset that 
transitions through three states of permanence: 

1.​ Tier 1: Raw Float32 (RAM): The immediate 
output of the Kokoro inference engine is a 
Float32Array (PCM data). This is stored in a 
volatile Least Recently Used (LRU) cache within 
the application memory. It offers zero-latency 
access for immediate playback but is lost upon 
app termination. 

2.​ Tier 2: Uncompressed WAV (Buffer): As the 
Float32 chunks are generated, they are written to 
the local filesystem using a WAV container. This 
uncompressed format is chosen for speed; it 
requires no CPU overhead for 
encoding/compression, ensuring the write 
operation does not compete with the inference 
engine for CPU cycles. 

3.​ Tier 3: Compressed AAC (Storage): Once a 
session is complete, or during idle cycles, a 
background process converts the WAV buffers 
into High-Efficiency Advanced Audio Coding 
(AAC/m4a) files. This reduces the disk footprint 
by approximately 10:1 (e.g., 48kbps bitrate), 
crucial for mobile devices with limited storage. 

B. The Stitching Mechanism (Resilience) 

A significant challenge in streaming generation is handling 
interruptions (e.g., user pauses, backgrounding the app). To 
address this, the system employs a native Re-Stitching 
capability. 



●​ The system utilizes AVMutableComposition (on 
iOS) to treat individual audio chunks as tracks in 
a non-linear editor. 

●​ Instead of concatenating raw bytes (which risks 
header corruption), the native bridge aligns the 
assets temporally. 

●​ If a user interrupts a generation session and 
returns later, the system validates the hash of 
existing chunks on disk. It resumes generation 
only for missing segments, "stitching" the new 
audio seamlessly onto the end of the cached file. 

C. Gapless Streaming Logic 

To the end-user, the audio must appear as a continuous 
stream, despite being generated in discrete sentences. The 
MeditationPlaybackService utilizes a "Two-Buffer" 
lookahead strategy. It maintains a queue of ready-to-play 
AudioBuffers. As Buffer N plays, Buffer N+1 is 
pre-loaded into the AudioContext. The handover between 
buffers is managed at the sample level to prevent the 
audible "pop" or silence often associated with file 
switching, ensuring an immersive, meditative experience.​
 

VI. ORCHESTRATING AUDIO-VISUAL 
SYNCHRONIZATION 

In a multimodal generative system, the synchronization of 
auditory output (Neural TTS) and visual feedback (WebGL 
Avatar) is paramount for user immersion. However, both 
subsystems are computationally expensive. Running a 
physics-based Live2D model at 60 Frames Per Second 
(FPS) alongside a real-time neural inference engine 
requires precise resource scheduling to avoid "Visual 
Stutter" (dropped frames) or audio desynchronization. We 
employ a centralized Audio-Visual Orchestrator to 
manage this contention. 

 

 

Figure 4: Real-Time Audio-Visual Synchronization 
Orchestrator.

Caption: The "SpeakController" acts as the central 
conductor. It feeds audio data to the hardware output while 
simultaneously passing frequency data to the "LipSync 
Analyzer." The diagram illustrates the suppression of "Idle 
State" animations during active "Speaking State" to 
optimize GPU frame budgets. 

A. The SpeakController Orchestrator 

The synchronization logic is encapsulated within a 
dedicated orchestration module (referred to internally as 
the SpeakController). This module serves as the single 
source of truth for the application's sensory output. It 
decouples the visual renderer from the raw audio data 
stream. Instead of the renderer "listening" to the hardware 
output (which introduces latency), the Orchestrator feeds 
audio buffers to the renderer anticipatorily, ensuring that 
mouth movements align perfectly with the audio onset, 
correcting for the inherent latency of the Bluetooth or 
Speaker hardware stack. 

B. Real-Time Frequency Analysis (LipSync) 

Unlike traditional game development techniques that rely 
on pre-baked animation files (.motion3.json), our system 
generates lip movements dynamically. 

1.​ Frequency Extraction: The system performs a 
real-time Fast Fourier Transform (FFT) on the 
active audio buffer. 

2.​ RMS Mapping: The Root Mean Square (RMS) 
amplitude is calculated to determine volume 
intensity. 

3.​ Parameter Driving: These values are mapped to 
the Live2D model’s ParamMouthOpenY 
parameter. This allows the avatar to "speak" any 
generated text including dynamic names or 
unique journal entries with accurate mouth 
shapes, without requiring manual animation work. 

 

C. State-Based Animation Suppression 

To conserve GPU cycles for the heavy lifting of Neural 
TTS, the system implements a Mutually Exclusive 
Animation State Machine. 

●​ Standby State: When the system is idle, the 
avatar performs "living" behaviors: blinking, 
breathing, and random head tracking. 

●​ Speaking State: Upon the onset of speech 
synthesis, the Orchestrator transmits a 
LOCK_IDLE signal. All random background 



motions are suppressed. The GPU resources are 
reallocated strictly to the LipSync and Expression 
updates. This reduction in vertex calculation 
overhead ensures that the frame rate remains 
stable (60 FPS) even while the Neural Engine is 
drawing peak power for audio synthesis. 

VII. PRIVACY & SECURITY VIA 
LOCAL-FIRST DESIGN 

As AI becomes integrated into healthcare and mental 
wellness applications, data privacy becomes a matter of 
national infrastructure security. Traditional cloud-based 
architectures require transmitting sensitive user inputs 
(e.g., "I feel anxious about my job") to remote servers, 
creating multiple vectors for interception or data leakage. 
The proposed architecture eliminates these vectors through 
a Local-First design topology. 

Figure 5: Local-First Privacy Enclosure. 

 

Caption: A data flow comparison between Traditional 
Cloud AI (left) and the Proposed Local-First Architecture 
(right). The diagram emphasizes that user input and 
biometric data remain within the "Device Sandbox," with 
only hashed, non-semantic filenames interacting with the 
file system. 

A. Data Sovereignty and The Sandbox 

The architecture adheres to a strict "No-Egress" policy for 
generated content. The Neural TTS model and the User 
Profile database reside entirely within the application's 
sandboxed storage. 

●​ Inference Isolation: The text input provided by 
the user is passed directly to the local Neural 

Engine via the Native Bridge. At no point does 
this text payload traverse a network socket. 

●​ Zero-Knowledge Architecture: Since the 
inference is local, the application backend (if one 
exists for authentication) has zero knowledge of 
the content being generated or consumed by the 
user. 

B. Storage Obfuscation 

To protect data at rest on the device (protecting against 
physical device theft or unauthorized filesystem access), 
the system employs Hash-Based Obfuscation. 

●​ Generated audio files are not stored with semantic 
filenames (e.g., Journal_Entry_Dec_12.m4a). 

●​ Instead, filenames are generated via a 
cryptographic hash of the content and timestamp 
(e.g., a7f93b21-....m4a). 

●​ The mapping between these hashes and the 
user-facing metadata is stored in a secured, 
encrypted state store, ensuring that a raw dump of 
the filesystem yields only unintelligible data 
blobs. 

C. Input Sanitization and Buffer Protection 

Passing user-generated text directly to a native C++/Swift 
inference engine presents a potential security risk (e.g., 
buffer overflow attacks via malformed strings). The system 
implements a rigorous Sanitization Layer 
(sanitizeForTTS). 

 

●​ Stripping: All non-standard characters, emojis, 
and control characters are stripped. 

●​ Normalization: Text is normalized to a 
phonetic-safe subset. 

●​ Length Clamping: Input is chunked into safe 
token limits before reaching the native bridge. 
This prevents "DoS-by-Text" attacks where a 
malicious string could crash the native inference 
context. 

VIII. PERFORMANCE EVALUATION 

To validate the efficacy of the Hybrid-Native 
Architecture and Adaptive Cooling Strategy, we 
conducted a series of automated stress tests on standard 
consumer hardware (e.g., iPhone 15 Pro). The objective 
was to measure thermal stability during a continuous 
20-minute generation session, simulating a typical guided 
meditation experience. 



Figure 6: Thermal Stability Analysis. 

 

Caption: A line graph comparing Device Temperature 
(°C) over time. The "Unoptimized Control" line shows a 
rapid spike leading to thermal throttling at Minute 6-7. The 
"Adaptive Cooling" line shows a "sawtooth" temperature 
pattern that remains below the throttling threshold for the 
duration of the session. 

A. Thermal Stability Analysis 

We compared two system configurations: 

1.​ Control (Unoptimized): A standard continuous 
loop where the inference engine generates audio 
as fast as possible until the buffer is full. 

2.​ Experimental (Adaptive Cooling): The 
proposed architecture utilizing the Heuristic Duty 
Cycle (injecting 1s–5s pauses based on Buffer 
Health). 

Results: 

●​ The Control setup exhibited a rapid temperature 
spike, reaching the device's thermal throttle limit 
(45°C) within 4 minutes. This triggered the OS 
governor, reducing screen brightness and causing 
audio stuttering due to CPU down-clocking. 

●​ The Experimental setup displayed a "sawtooth" 
thermal profile. The dynamic pauses allowed the 
thermal package to dissipate heat between 
sentences. The device maintained a temperature 
range of 38°C – 41°C for the full 20-minute 
duration, with zero instances of OS-level 
throttling or frame drops. 

B. Battery Efficiency 

By preventing thermal runaway, the Adaptive Cooling 
strategy also positively impacted energy consumption. The 
unoptimized approach, due to heat leakage and inefficient 
max-clock usage, drained approximately 18% battery per 
hour. The optimized architecture, by utilizing the 
"Race-to-Sleep" concept (burst computation followed by 
deep sleep/pause), reduced consumption to approximately 
11% battery per hour, a 38% improvement in energy 
efficiency. 

C. Inference Speed vs. User Experience 

While the Adaptive Cooling strategy technically reduces 
the maximum theoretical throughput (tokens per second) of 
the system, it drastically improves the perceived 
performance. By maintaining a healthy buffer (30s+ lead 
time), the user experiences instant, gapless playback. The 
system effectively trades unnecessary "over-generation" 
speed for system stability, proving that in Edge AI, 
consistency is more valuable than raw velocity. 

IX. CONCLUSION 

This paper has presented a Hybrid-Native Architecture 
capable of sustaining heavy Generative AI workloads on 
mobile devices without thermal degradation. By 
implementing an Adaptive Thermal Cooling strategy, 
which proactively injects micro-pauses based on buffer 
health, we demonstrated a method to flatten the thermal 
curve, maintaining device temperatures within a safe 
38°C–41°C range during continuous operation. 
Furthermore, the proposed Hierarchical Caching pipeline 
proved to increase energy efficiency by 38% compared to 
unoptimized baselines. This work validates that shifting 
compute to the edge is not merely a software challenge but 
a thermodynamic one. The framework offers a blueprint 
for the next generation of privacy-preserving, "Green AI" 
applications that require resilience and sustainability in 
resource-constrained environments. 
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