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1. Executive Summary 
The proliferation of artificial intelligence has historically been constrained by the dichotomy 
between massive datacenter-bound training architectures and heavily compromised 
edge-inference frameworks. Historically, the machine learning industry has relied on monolithic 
abstraction layers and hardware-agnostic tensor compilers that prioritize ease of deployment 
over deterministic execution. The Welvet AI engine, an open-source framework developed by 
OpenFluke under the stewardship of Samuel Watson, represents a radical departure from this 
established paradigm1. Conceived initially to power complex, localized artificial life simulations, 
Welvet has evolved into a robust, cross-platform intelligence engine capable of both inference 
and training directly on edge hardware2. 
Reaching a mature state through its 1.x release cycle—culminating in the v1.7.0 Apple MLX 
integration—the Welvet architecture explicitly rejects the conventional abstractions that 
dominate contemporary machine learning ecosystems1. The engine dispenses entirely with 
silent hardware fallbacks, eliminates the need to maintain an underlying FP32 master tensor 
during quantization-aware training, and replaces linear layer stacking with a highly complex 
volumetric grid topology3. By leveraging a shared Go-based execution core and bridging into 
native C++ high-performance computing (HPC) environments via explicit Application Binary 
Interfaces (ABIs), Welvet allows neural networks to run, learn, and update their states on 
consumer Central Processing Units (CPUs), specialized Neural Processing Units (NPUs), and 
discrete Graphics Processing Units (GPUs) without the heavy dependencies of traditional 
tensor libraries1. 
This comprehensive report examines the structural philosophy, computational mechanics, and 
hardware integrations of the Welvet engine up to version 1.7. It provides an exhaustive analysis 
of its volumetric step mesh, the revolutionary FormatNone storage-truth paradigm, strict 
explicit routing mechanics, multi-branch cameral learning systems, and empirical performance 
metrics across Apple Silicon and Qualcomm Snapdragon X architectures. Furthermore, this 
report details the specific experimental ecosystem and code examples that serve as the 
framework’s interactive notebook equivalents, providing researchers with replicable pathways 
to validate the engine's claims directly on edge hardware. 

2. Origins and the Artificial Life Imperative 
To fully grasp the architectural idiosyncrasies of the Welvet engine, one must first analyze its 
origins in the domain of artificial life and continuous simulation. Unlike mainstream deep 



learning frameworks such as PyTorch or TensorFlow, which were incubated in datacenters to 
process static batches of massive textual or visual datasets, Welvet was forged in the crucible 
of real-time, interactive physical simulations. 
OpenFluke, an independent artificial intelligence research practice based in Australia, initiated a 
series of experimental projects encompassing chaos simulation engines and artificial life 
environments. These foundational experiments—which included Primecraft, Biocraft, Birdkit, 
and SoulGlitch—sought to determine where a chaotic simulation engine might successfully 
interface with localized machine learning2. The culmination of this research vector was the 
ALife OS prototype, which subsequently evolved into the interactive commercial environment 
known as ALife: Becoming2. 
Within ALife: Becoming, the fundamental objective is not to execute a static, pre-trained 
model, but rather to facilitate continuous, embodied learning. Players navigate tiny procedural 
planets, gather resources, and most importantly, teach autonomous helpers—referred to as 
Sparks—by physically demonstrating routes and tasks2. This requirement for real-time, 
on-device observation and mimicry necessitated an underlying intelligence engine capable of 
updating its synaptic weights dynamically, asynchronously, and without exhausting the 
constrained memory limits of consumer hardware like iPhones, iPads, or standard desktop 
environments2. 
The early iterations of this engine were designated as Paragon and Loom. While they 
successfully established the premise of the universal runtime, Loom's flat package structure 
eventually encountered severe limitations, specifically regarding import cycles, the morphing 
of quantization states during training, and the reliance on a monolithic "god-layer"2. Welvet 
represents the complete architectural rewrite of these predecessors, carrying their core 
lessons forward into a strict, single-feature-per-folder structure that enforces clear boundaries 
between the mathematical core, the hardware applications, and the validation suites1. It is not a 
divergent product line but the mature realization of the artificial life imperative: an engine 
where intelligence can continuously grow alongside the user on the device they actually own1. 

3. Foundational Architecture and Volumetric Topology 
The standard representation of deep learning architectures across the contemporary industry 
relies heavily on directed acyclic graphs (DAGs) and linear stacks of mathematical operations. 
Information flows sequentially from an input layer, through a series of hidden transformations, 
to a final output projection. Welvet radically reconceptualizes this fundamental topology. 
3.1 The Volumetric Grid 

Rather than enforcing sequential linearity, the Welvet architecture asserts that neural networks 
should be treated as spatial entities. The topology is constructed upon a "volumetric grid," 
where the network’s operations and nodes exist across a specific set of coordinates4. These 
coordinates are strictly defined by Depth, Rows, Columns, and LayersPerCell4. 
This volumetric approach allows for highly complex, multi-dimensional routing of data that 
mirrors biological neural pathways more closely than traditional matrix operations. By 



structuring the network spatially, the engine can implement remote linkages and 
non-sequential spatial feedback loops. If a simulation requires an output from a deep 
perceptual layer to instantly influence a shallow motor-control layer in a continuous feedback 
loop, the volumetric grid provides the explicit spatial mapping required to facilitate that 
connection without violating the graph's fundamental architecture4. Furthermore, grid 
structures can be assigned specific placement parameters using a standard native C++ 
execution configuration, utilizing keys representing the z, y, x, and 0 coordinates to map sectors 
seamlessly to underlying hardware while preserving all remote links and disabled cells6. 
3.2 The Discrete-Time Step Mesh 

The implementation of a spatial, multi-directional topology introduces a severe computational 
challenge regarding state resolution. In a standard feedforward network, calculating the 
gradients during backpropagation is a mathematically straightforward process utilizing the 
chain rule backward through the sequential wavefront. However, when a network contains 
remote spatial links and cyclic pathways, attempting a simultaneous immediate update will 
inevitably lead to memory corruption, race conditions, and catastrophic numeric instability. 
Welvet resolves this through the implementation of the discrete-time "step mesh"4. In the step 
mesh paradigm, every cell within the volumetric grid updates its state utilizing a strict 

double-buffer mechanism. This explicitly separates the state of the network at time  from the 

state being calculated for time 4. Because the updates are discrete and buffered, 
remote spatial linkages can feed information backward or laterally without corrupting the 
immediate forward inference calculations occurring on other threads or hardware backends4. 
This step mesh differs fundamentally from a traditional decoder wavefront4. In standard 
autoregressive generation (such as a Large Language Model producing text token by token), 
the network performs a full sequential sweep for every single generated step. The Welvet step 
mesh, conversely, allows for continuous, asynchronous pulsing across the grid. This is 
particularly vital for cross-numeric training, ensuring that mathematical stability is maintained 
even when disparate parts of the network are operating at different precision levels and 
receiving feedback at different intervals4. 

4. The Storage Truth Paradigm and the Rejection of 
the FP32 Master 
Perhaps the most consequential and disruptive engineering decision embedded within the 
Welvet architecture is its absolute rejection of the traditional Quantization-Aware Training 
(QAT) methodology. The approach Welvet takes to memory management and precision is the 
primary factor that unlocks its capability to perform continuous learning directly on edge 
hardware. 
4.1 The Memory Bottleneck of Traditional QAT 

In the standard machine learning industry, edge deployment relies on quantizing pre-trained 



models. A model trained in a datacenter utilizing 32-bit floating-point (FP32) or 16-bit 
floating-point (FP16) precision is mathematically compressed down to 8-bit integers (INT8) or 
4-bit formats to fit within the constrained VRAM of consumer devices. While this allows for 
efficient inference, it actively prevents on-device training. 
When traditional frameworks attempt to train a quantized model, they employ QAT. In this 
paradigm, the framework simulates the lower precision during the forward inference pass but 
secretly maintains a high-precision, FP32 master tensor in the background4. When the loss is 
calculated and gradients are passed backward, the updates are applied to the massive FP32 
master tensor, which is then re-quantized for the next step. This requires keeping both the 
quantized weights and the massive FP32 master weights in active memory simultaneously. For 
a modern multi-billion parameter model, this completely exhausts the memory capacity and 
memory bandwidth of consumer hardware, making edge-based fine-tuning effectively 
impossible. 
4.2 FormatNone and Absolute Storage Truth 

Welvet abandons the FP32 master tensor entirely. The engine operates on an uncompromising 
principle of "storage truth"3. The data type (dtype) of the stored weight in memory is the 
absolute and final truth of the network's state; there is no secondary master copy, no hidden 
upcasting layer, and no morphing of quantization formats during the training loop3. 
The engine natively supports an expansive array of 34 specific numeric types alongside 20 
distinct quantization pack formats. These formats include the classic Q-packs required for 
standard transformer execution, as well as highly specialized formats like k-quants, IQ, Ternary, 
Binary, and Affine structures3. 
When operating in native data types, Welvet utilizes a feature explicitly designated as 
FormatNone (often logged simply as "none")3. The FormatNone designation explicitly instructs 
the engine that there is no packed quantization layout applied; instead, the weights are stored 
precisely as their chosen native bytes in physical memory3. If a layer is initialized as an 8-bit 
integer, it remains an 8-bit integer at rest, during forward propagation, and critically, during 
gradient updates. 
To achieve this without catastrophic gradient vanishing, Welvet has engineered complex 
cross-numeric training protocols. The architecture proves that mathematical training is viable 
without a retained FP32 master by rigorously sweeping the interactions between the weight 
storage data types and the activation tensor formats (represented as Tensor[T])4. Because the 
weight storage axis and the activation axis remain strictly independent, Welvet can calculate 
and apply gradient updates directly into the low-precision memory space, drastically reducing 
the active memory footprint required for on-device learning4. 
4.3 The Unified Dense MatVec Microkernel 

The vast majority of computational workload—the floating-point operations (FLOPs)—in 
modern transformer networks and Convolutional Neural Networks (CNNs) consists of 
generalized matrix-vector multiplications, mathematically denoted as the multiplication of a 



weight matrix by an activation vector ( )3. 
In highly fragmented frameworks, different hardware backends (CPU, GPU, NPU) often 
implement entirely different kernels for these operations, leading to subtle mathematical drift 
and quantization bugs when moving models between devices. Welvet mitigates this by 
centralizing all of these operations into a single, unified computational heart: the Dense MatVec 
microkernel3. 
Welvet maintains exactly one dedicated Dense stack that governs the FormatNone operations 
(across its 34 native types) and all 20 quantization formats across the three default backends: 
CPU, Plan 9 SIMD, and WebGPU3. By funneling every GEMV multiplication through this single 
surface area, the engine ensures absolute parity. Any quantization bug or data-type routing 
issue is immediately isolated3. 
Layers whose primary computational expense is GEMV computation simply reuse this unified 
Dense stack. Conversely, layer-specific Arithmetic Logic Unit (ALU) operations—such as fused 
attention mechanisms, tiled CNN operations, or Softmax and SiLU activations evaluated via 
SIMD—remain strictly localized to their respective execution packages3. This architectural 
separation prevents the codebase from ballooning with redundant hardware-specific kernels, 
ensuring that native in-dtype Stochastic Gradient Descent (SGD) remains mathematically 
pristine across varied consumer accelerators3. Furthermore, to optimize performance on 
specific memory boundaries, Welvet employs a fused engine architecture that keeps weights 
and scratch space fully resident in memory specifically for hybrid low-precision paths, such as 
Q4_0 and BinaryG128 operations, avoiding the token-by-token host round-trips that 
traditionally destroy decode performance4. 

5. Explicit Hardware Routing and the Eradication of 
Silent Fallbacks 
The transition from Welvet 1.0 to the 1.7 release cycle is primarily characterized by the engine’s 
meticulous integration of native hardware backends. In standard edge AI deployment, 
frameworks rely on abstraction layers like ONNX Runtime or CoreML to automatically distribute 
workloads across the CPU, GPU, and NPU. 
While this abstraction is convenient, it introduces a critical vulnerability: silent fallbacks. If an 
abstracted framework encounters a specific mathematical operation—such as a non-standard 
activation function or a specific matrix transposition—that it cannot compile for the target GPU 
or NPU, it will silently fall back to the host CPU to execute that single layer before moving the 
next layer back to the accelerator. While this prevents a hard application crash, the continuous 
migration of tensor data across the PCIe bus or the unified memory barrier completely 
destroys memory bandwidth, introduces massive latency spikes, and drastically increases 
battery consumption. 
Welvet’s architecture explicitly prohibits silent substitution3. The engine operates on a 
non-negotiable set of rules where missing execution paths immediately result in a hard, 
terminal error3. There is no silent fallback from a SIMD execution path to standard Go routines, 



and there are no simulated or "fake" GPU operations to cover unsupported layers3. If a 
developer attempts to route an unsupported layer to a specific accelerator, the engine will 
either execute a defined soft-SKIP (if gracefully instructed by the developer's JSON routing 
manifest) or explicitly reject the operation, forcing the developer to properly address the graph 
layout1. APIs operate strictly on generic Tensor[T] types, and host wires are rigorously typed via 
weights to prevent integers from being silently forced through a float32 pipeline3. 

6. The Evolution of Hardware Integrations: Welvet 1.1.7 
to 1.7.0 
Welvet provides an extensive suite of explicit, opt-in hardware backends. The default execution 
paths rely on the Go programming language utilizing CPU tiling, Plan 9 SIMD instructions, and 
WebGPU compute capabilities (where the WGSL ALU standardizes on float32 on typical 
adapters, restricting narrowing strictly to the device boundary)1. However, specific hardware 
acceleration is achieved through strict mounting mechanisms via dynamic libraries and 
Application Binary Interfaces (ABIs). 
6.1 Version 1.1.7: NativeCPU, C ABI, and HPC Delegation 

The release of Welvet v1.1.7 introduced a critical bridge between the Go-managed neural 
architecture and raw C++ high-performance computing (HPC) capabilities. This was realized 
through the opt-in NativeCPU pathway, which explicitly routes FormatNone workloads through 
the welvet.cpp C ABI, targeting linux/amd64 architectures1. 
By setting the configuration to BackendNativeCPU, developers can mandate that complex 
in-process C++ MatVec computations, Normal Backpropagation (NormalBP), or Mean Squared 
Error training (TrainMSE) occur natively without Go overhead4. The v1.1.7 update successfully 
completed the implementation of the NativeCPU TrainMode C ABI, encompassing stack, 
parallel, grid, and line architectures7. Because this shifts execution into an isolated C++ memory 
space, the update also introduced the critical SyncWeightsFromNative protocol, defining 
exactly how and when trained weights modified in the HPC environment are reconciled back 
into the primary Go data stores7. 
6.2 Version 1.2.0: Qualcomm Hexagon HTP and Windows ARM64 

Expanding into the burgeoning Windows ARM64 ecosystem, specifically targeting the highly 
capable Snapdragon X architecture, Welvet 1.2.0 shipped explicit support for the Qualcomm 
Hexagon Neural Processing Unit (NPU)1. This backend is mounted via nativeqnn bindings that 
connect to a bundled libwelvet_qnn dynamic link library (DLL) (version 1.0.0)3. 
The implementation strictly routes supported neural layers directly into the NPU's specialized 
hardware tensor units. Because the Hexagon HTP is explicitly designed for high-efficiency, 
low-precision inference, this backend leverages the FormatNone storage-truth quantization 
protocols directly. 
The empirical performance gains provided by this direct NPU integration are profound. When 



benchmarked on a Windows ARM64 Snapdragon X processor, executing through the 
nativeqnn DLL path (graphExecute) almost entirely bypasses the limitations of the host CPU. 

Layer 
Topology 

Data Type Go f32 CPU 
Execution 

NPU DLL 
Execution 
(graphExecut
e) 

Latency 
Reduction 

Dense u8 (UINT8) 3.05 ms 164 µs 95% faster 

Dense f32 (FP32) 3.05 ms 201 µs 93% faster 

CNN2 i8 (INT8) 12.56 ms 763 µs 94% faster 

MHA 
(Multi-Head 
Attention) 

f16 (FP16) 4.51 ms 372 µs 92% faster 

LayerNorm f16 (FP16) 6.82 ms 553 µs 92% faster 

Softmax f16 (FP16) 4.31 ms 446 µs 90% faster 

Table 1: Execution latency reduction utilizing the Welvet nativeqnn Hexagon NPU backend 
versus the default Go CPU path on Snapdragon X architectures.1. 
The NPU integration provides greater than a 90% latency reduction across every tested 
architectural topology1. Crucially, it highlights the engine's capability to orchestrate 
mixed-precision routing efficiently. The NPU processes quantized integers (u8, i8) for dense 
matrices and convolutional layers with sub-millisecond latency, while seamlessly transitioning 
to 16-bit floating points (f16) for mathematically sensitive layers like Multi-Head Attention and 
Layer Normalization1. Because Welvet strictly manages memory boundaries without silent 
fallback interruptions, these transitions occur directly within the hardware space, preventing 
cycle time from bleeding back to the Go runtime. 
6.3 Version 1.3: Apple Metal GPU Acceleration 

Welvet v1.3 shifted focus to the Apple ecosystem, delivering full Apple Metal GPU acceleration 
to leverage the unified memory architecture of Apple Silicon1. Implemented via the nativemetal 
mount and the welvet.metal ABI 1 library, this update enabled highly complex, mixed 
Go/C++/Metal routing1. 
Unlike abstracted Apple ML frameworks, Welvet 1.3 requires developers to explicitly manage 
their GPU sessions, but in return, it fully supports both forward inference and edge training 



natively on the GPU1. The execution efficacy of the Apple Metal integration is clearly 
demonstrated when executing Mamba architecture forward passes across varied data types. 

Data Type Go CPU Execution Metal GPU 
Execution 

Acceleration 
Factor 

float64 89.3 ms 29.0 ms 3.1× 

float32 69.0 ms 29.0 ms 2.4× 

float16 190.5 ms 28.9 ms 6.6× 

bfloat16 149.4 ms 29.0 ms 5.1× 

fp8e4m3 265.9 ms 29.2 ms 9.1× 

Table 2: Performance comparison of Mamba forwards execution utilizing the Welvet engine on 
Apple Silicon.1. 
The data reveals a critical architectural insight. While the default Go CPU execution times scale 
predictably with the computational complexity and memory footprint of the datatypes 
(processing the complex FP8 format requires significantly more host-side CPU operations than 
FP32, increasing latency from 69.0 ms to 265.9 ms), the Metal GPU execution remains entirely 
static at approximately 29.0 milliseconds regardless of the data type1. 
This flattening of execution time implies that the Welvet Metal backend has successfully 
saturated the compute threshold to a point where unified memory bandwidth and API dispatch 
overhead are the only remaining latency factors. The 9.1× speedup observed in fp8e4m3 
quantization definitively validates the FormatNone storage-truth paradigm, proving that the 
GPU can process native byte types natively without the latency penalty of continuous software 
upcasting1. 
6.4 Versions 1.4.0, 1.5, and 1.6.1: CUDA, ROCm, and Vulkan 

To address traditional datacenter compute and high-end discrete edge environments, Welvet 
rapidly extended its architecture to discrete GPUs. 

●​ Version 1.4.0 introduced NVIDIA CUDA integration on Linux x86_64 and Windows amd64 
platforms. Opt-in execution requires the nativecuda.Mount function, seamlessly mapping 
supported layers to the independent welvet.cuda library (v0.79, ABI 1)1. 

●​ Version 1.5 deployed a parallel integration for AMD hardware via the nativerocm.Mount 
connecting to the welvet.rocm library1. 

●​ Version 1.6.1 introduced a cross-vendor Vulkan GPU backend accessed via 
nativevulkan.Mount, primarily targeting Linux x86_64 systems to capture non-CUDA and 



non-ROCm edge devices1. This integration specifically supports advanced layer types, 
including Mamba datatypes. 

These discrete GPU backends maintain Welvet’s strict philosophy of user-controlled execution. 
Forward passes, explicit training mechanisms, and JSON-based routing are completely 
configurable1. 
6.5 Version 1.7.0: Apple MLX Integration 

The 1.7.0 release represents a specialized, highly targeted expansion into Apple's latest native 
machine learning framework, MLX. Accessed via the BackendMLX or PreferMLX configuration 
flags, this integration relies on nativemlx Go bindings connecting to a standalone welvet.mlx 
library (v1.0.0) via libmlx1. This deployment is strictly limited to macOS utilizing Apple Silicon, 
requires CGO functionality, and depends on the presence of libwelvet_mlx.dylib1. 
A vital architectural distinction of the 1.7.0 MLX integration is its operational scope. Unlike the 
Metal, CUDA, ROCm, or Vulkan backends, which fully support Welvet's suite of training modes, 
the MLX backend is engineered explicitly as a forward-only architecture1. It intentionally does 
not support native training functions like TrainMSE or NormalBP. Weights are passed into the 
MLX execution context explicitly via the SyncToMLX function, and output inferences are 
retrieved via SyncFromMLX1. 

7. State Synchronization Protocols 
Because Welvet refuses to abstract away the physical hardware boundaries, it requires explicit 
state synchronization across all of these backend integrations. The host (the Go runtime 
executing on the primary CPU) and the device (the discrete GPU VRAM, the NPU memory, or 
the native C++ HPC context) maintain strictly independent memory spaces. 
When a model is actively training on a discrete NVIDIA GPU or an Apple Metal session, the 
updated gradient weights reside exclusively in the VRAM of that specific accelerator. To persist 
these updates to disk or to utilize them in a different computational pathway on the host, the 
developer must invoke specific synchronization primitives1. 

●​ SyncToGo(): This function explicitly pulls weights that have been trained in CUDA, ROCm, 
Vulkan, or Metal back into the primary Go data stores residing in system RAM1. 

●​ SyncWeightsFromNative(): Reconciles weights modified via the isolated welvet.cpp HPC 
ABI back to the Go host7. 

●​ SyncToMLX() / SyncFromMLX(): Pushes data to and retrieves answers from the 
forward-only Apple MLX context1. 

Until these synchronization functions are explicitly called by the application logic, the system 
maintains two distinct, independent copies of the weights1. This dual-state architecture 
completely eliminates race conditions during complex, asynchronous inference and training 
passes. 

8. Learning Pathways, Cameral Systems, and the 29 



Training Modes 
While standard deep learning architectures optimize a single global loss function through a 
monolithic backpropagation pass, Welvet’s origins in artificial life simulations necessitate more 
dynamic, localized, and heterogeneous learning pathways. 
8.1 The 29 Training Modes 

Welvet implements exactly 29 distinct, numbered training modes3. These modes define how 
different segments, or even individual layers, of the network receive feedback. Rather than a 
global gradient descent algorithm overwriting the entirety of the network state, specific layers 
or nodes can be subjected to highly localized learning rules. 
These modes are capable of persisting "Step Line" states and utilize the real grid layouts for 
Mesh training modes, ensuring that the spatial topological networks maintain their historical 
context across the discrete time steps of the step mesh4. This architecture allows specific 
sub-networks to act as static, frozen memory vaults preserving core operational knowledge, 
while other branches dynamically adapt to new stimuli in real-time, enabling true edge-native 
continuous learning without suffering from catastrophic forgetting. 
8.2 Cameral Graphs and CamSync 

A highly novel component of the Welvet architecture is its native support for "Cameral 
systems." Inspired heavily by the bicameral theory of biological cognitive processing, these are 
multi-path neural networks containing sibling hemispheres that share common input data but 
process that information through entirely different expert systems, numerical precisions, or 
topologies before eventually merging their outputs1. These structures are managed through 
parallel stack implementations that handle mixture-of-experts (MoE) routing, concatenation, 
addition, averaging, and filtering combines4. 
Cameral branches can be configured to train under completely distinct modes, diverge 
through different initialization parameters, or handle separate cognitive jobs1. For example, one 
branch may operate with a high learning rate to explore new data distributions, while the sibling 
branch remains locked to preserve foundational knowledge. 
To manage the eventual convergence of these independent branches, Welvet utilizes an 
advanced blending mechanism called CamSync. This protocol allows for the inter-cameral 
blending of weights across the spatial mesh4. CamSync operations can be tuned with granular 
precision; developers can execute a soft, gentle blend (e.g., pulling weights toward a mean by a 
minor 1% factor) or enforce a hard, 100% mathematical average across the sister branches4. 
This inter-mesh weight blending is executed post-sample, post-step, or post-pulse, and 
functions accurately across diverse architectures including dense layers, CNN stems, parallel 
branches, and dynamically resolved stack stores3. 

9. Interoperability, the Universal Runtime, and 



Safetensors 
Despite its low-level, highly explicit mechanical nature, the Welvet engine serves as the 
foundational computational layer for higher-order application programming interfaces (APIs), 
most notably interfacing with the LOOM universal AI runtime1. This abstraction ensures that the 
complex C-ABI bridging and manual memory synchronization protocols are wrapped in highly 
accessible development environments for product engineers. 
9.1 Bypassing Format Translation 

A major operational pain point in modern edge AI deployment is the necessity of model 
translation. Developers typically train a model in PyTorch, export it to ONNX, optimize it via 
TensorRT, or convert it to specialized formats like CoreML, TFLite, or GGUF for edge execution. 
Every translation step introduces potential operational bugs, numeric drift where operations fail 
to translate cleanly, and vast maintenance overheads requiring re-conversion after every model 
update8. 
Through the LOOM runtime wrapper, the Welvet engine completely circumvents this pipeline 
by natively ingesting HuggingFace's .safetensors format directly without any intermediate 
conversion8. By bypassing format translation entirely, Welvet drastically reduces the friction of 
deploying models directly to edge hardware. Models such as the SmolLM2 family (ranging from 
135M to 1.7B parameters) or the 1.1B parameter TinyLlama can be instantiated and executed 
natively simply by passing the HuggingFace repository string8. 
For internal persistence and state management across varied sessions, particularly after 
on-device training has modified the weights, Welvet utilizes its own highly optimized .entity file 
structure1. The ENTITY save and reload functions ensure that when weights are synchronized 
back to the Go CPU via SyncToGo, their exact, unadulterated state—including localized 
FormatNone quantization variables and specific mesh topological data—is safely preserved to 
the local disk1. 
9.2 Multi-Language API Surfaces 

The backend complexities of Welvet are exposed to high-level application developers through 
idiomatic, language-specific packages, ensuring maximum platform reach. 

●​ Python: Deployed rapidly via pip install welvet, developers can instantiate a Transformer 
object and load standard tokenizers and .safetensors models using an API syntax nearly 
identical to standard cloud-based Python scripts8. 

●​ JavaScript/Node: Deployed via npm install @openfluke/welvet, making the execution 
engine viable for Chromium and V8-bound edge applications, bringing full inference 
capabilities to web environments8. 

●​ C# / .NET 9.0: Deployed via the Welvet NuGet package, offering deep integration 
targeting the .NET 9.0 framework and higher8. This package natively exposes 12 Welvet 
layer types to the C# ecosystem, including Dense, LSTM, RNN, Conv2D, Conv1D, MHA, 
LayerNorm, RMSNorm, SwiGLU, Softmax, Embedding, and Parallel operations11. 



10. The Experimental Ecosystem: Notebook 
Equivalents and Validation 
In the contemporary machine learning community, architectural claims are typically validated 
through the distribution of interactive Jupyter Notebooks (.ipynb). Due to Welvet's foundational 
architecture relying heavily on Go, strict memory control, and explicit native hardware ABIs, 
traditional Python-based web notebooks cannot adequately encapsulate or demonstrate the 
engine's mechanical operations. Instead, Welvet provides a rigorous, code-based experimental 
ecosystem that serves as the equivalent to notebook sources, allowing developers to inspect, 
compile, and validate the engine directly on their own hardware. 
10.1 The Welvet Example Library 

The engine repository contains an exhaustive library of 94 distinct, inspectable examples that 
explore the Welvet engine and its cameral learning capabilities across various hardware 
platforms10. These examples are structured as explicit Go packages and command-line 
applications, intended to be compiled and executed directly to measure true hardware 
response, rather than operating through a hypervisor or web-based notebook container. 
These examples cover the entirety of the engine's architectural foundations. For instance, 
developers can inspect the fundamental core types and backends via 
github.com/openfluke/welvet/core (Example 03), validate the FormatNone MatVec operations 
via the weights package (Example 04), and explore the 20 quantization formats within the 
quant package10. The implementation of the discrete-time step mesh is explicitly detailed in the 
runtime/step example, while the complex spatial mapping is accessible via the architecture 
package (Example 09)10. 
Furthermore, the example library provides dedicated, isolatable scripts to validate specific 
hardware backends. Developers targeting Apple Silicon can compile and execute 
welvet-metal-example (Example 47) and welvet-metal-routing-example (Example 48) via the 
cmd package to empirically test Metal GPU dispatching14. Because native, browser, 
Snapdragon X NPU, Apple Metal, NVIDIA CUDA, and other hardware requirements vary 
drastically, the outputs provided in the repository documentation are carefully captured results 
from raw execution, rather than live simulated runs10. 
10.2 Polymorphic Play: Real-Time Browser Validation 

To demonstrate the real-time continuous learning capabilities of the engine without requiring 
local compilation, OpenFluke provides "Polymorphic Play." This interactive browser demo acts 
as a highly visual, live-execution validation environment16. 
Operating entirely in the browser via WebAssembly, the Go execution core, and a Three.js 
rendering scene, Polymorphic Play orchestrates a controlled, procedural learning 
demonstration16. The environment pits four distinct neural network policies against one 
another, challenging them to dynamically reconstruct a changing 3D heat field in real-time16. 
Unlike a static benchmark, the application exposes the internal mechanics of the Welvet engine 



directly to the user; model sizes, search budgets, and active update counts remain strictly 
visible throughout the three-minute cycle16. This allows researchers to continuously monitor 
and compare the behavioral changes, shadows, and confirmations of the committed experts as 
real neural networks grow and adapt to the procedural environment, validating the continuous 
learning claims of the architecture in a tangible, interactive format16. 

11. Conclusion 
The Welvet 1.7 AI engine architecture acts as a stark, necessary counter-narrative to the 
prevailing trends in machine learning engineering. By prioritizing rigid explicitness over 
comfortable abstraction, and enforcing physical storage truth over the simulated safety nets of 
hidden high-precision master tensors, the engine achieves a level of hardware proximity and 
memory efficiency rarely seen in high-level AI deployment frameworks. 
The relentless progression from the baseline Go CPU implementation through the C ABI 
NativeCPU delegation (v1.1.7), the Qualcomm Hexagon NPU (v1.2.0), Apple Metal (v1.3), discrete 
CUDA/ROCm capabilities (v1.4/v1.5), cross-vendor Vulkan (v1.6.1), and finally the highly 
targeted Apple MLX (v1.7.0) backend represents a methodical conquest of the modern edge 
compute landscape. 
The foundational architectural decisions—specifically the implementation of the volumetric 
step mesh and the utilization of multi-branch cameral networking topologies—provide 
researchers and product engineers with the requisite computational tools to build truly 
autonomous, continuously learning edge agents. By strictly isolating the MatVec core, rejecting 
silent hardware fallbacks, and providing 94 rigorous code examples in lieu of abstract 
notebooks, Welvet guarantees that what is mathematically modeled in software maps cleanly, 
deterministically, and highly efficiently to the physical realities of the silicon it runs upon. For 
systems engineers navigating the complex, unforgiving realities of power-constrained, 
localized intelligence, Welvet offers a highly rigorous, robust, and mathematically transparent 
foundation. 
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