The Welvet Architecture and the
Next-Generation Compute Substrate:
Escaping the von Neumann Bottleneck

The trajectory of artificial intelligence has historically been dictated by the constraints of the
hardware upon which it executes. For the past decade, the dominant paradigm has relied
heavily on flat, monolithic, von Neumann linear memory models—typified by deep layer
sequences, uniform floating-point precision, and rigid, fused execution kernels dispatched
synchronously across external memory buses'. Standard deep learning frameworks,
encompassing PyTorch, ONNX, and TensorRT, were engineered explicitly for this specific
hardware configuration, optimizing matrix multiplications over centralized, high-power graphic
processing units (GPUs) and specialized neural processing units (NPUs)'. However, as the
semiconductor industry encounters the insurmountable physical limitations of Moore’s Law and
the latency penalties of the traditional "memory wall," hardware topologies are evolving into
entirely new spatial and computational paradigms. These emerging substrates include
Processing-in-Memory (PIM) arrays, three-dimensional wafer-to-wafer hybrid bonding,
extreme sub-byte heterogeneous precision lanes, and fully asynchronous neuromorphic
event-driven meshes'.

Traditional artificial intelligence software stacks are architecturally incompatible with these
next-generation environments. A sequential, directed acyclic graph constructed in Python and
executed via a heavy C++ runtime cannot map onto a three-dimensional stacked memory vault
without extreme latency overhead, nor can it efficiently navigate an asynchronous spiking
neural network without deadlocking or violating strict timing budgets?. Welvet—an advanced,
polymorphic artificial intelligence engine constructed entirely in Go—represents a profound
departure from these legacy software constraints. Originating from the OpenFluke project,
Samuel Watson created Welvet after an intensive battle with T-ALL, driven by the realization
that modern Al tooling was overly heavy, fundamentally opaque, and insufficiently portable for
deterministic edge and medical applications’. By abandoning the Python and C++ toolchain,
eliminating implicit type coercions, enforcing an absolute storage-truth precision model, and
introducing a three-dimensional volumetric grid architecture updated by a discrete-time step
mesh, Welvet provides the exact software primitive required to exploit next-generation
hardware environments natively'.

This report provides an exhaustive, highly technical analysis of the Welvet software
architecture, meticulously mapping its specific packages and design philosophies against the
physical trajectories of future hardware accelerators, deterministic safety-critical systems,
decentralized edge computing environments, and biologically plausible neuromorphic learning
mechanisms.

The Software-Hardware Disconnect: The CGO and



Python Bottleneck

The contemporary ecosystem of machine learning deployment is fundamentally burdened by
software bloat and structural inefficiency. Deploying an inference model to a
resource-constrained edge device, such as an embedded microcontroller unit, a RISC-V
single-board computer, or an implantable medical device, currently necessitates the integration
of massive C++ toolchains, heavy Python runtime environments, and deeply proprietary
vendor-locked software development kits'. When modern high-level frameworks attempt to
optimize mathematical execution by communicating via the C Application Binary Interface (ABI)
or Go's CGO (C-to-Go) interface, they inadvertently introduce severe performance and
logistical penalties that cripple edge inference throughput’.

The Latency Cost of Foreign Function Interfaces

The boundary between managed memory languages, such as Go or Python, and bare-metal
C/C++ libraries is an exceptionally expensive threshold to cross. Benchmarks of foreign
function interfaces demonstrate that standard CGO invocations introduce significant latency
overheads—frequently exceeding 200 nanoseconds per call'®. This delay is driven by the
necessity of acquiring internal scheduler locks, coordinating execution states between the Go
runtime and external C threads, and executing complex stack alignment protocols'™. A single
byte of stack misalignment on AMDé4 architectures can trigger fatal segmentation faults,
particularly when the callee attempts to utilize Streaming SIMD Extensions (SSE) or Advanced
Vector Extensions (AVX)'°.

Furthermore, invoking standard CGO breaks the inherent cross-compilation simplicity of the
Go ecosystem. When a project relies on CGO, developers can no longer utilize rapid
compilation commands across diverse operating systems without installing and maintaining
highly complex GCC cross-toolchains tailored to the target hardware'. In the context of edge
Al inference, where an autoregressive network might require millions of rapid function calls
merely to generate a single sequence of tokens, this per-call overhead accumulates into a
crippling structural bottleneck. Empirical benchmarks reveal that pure Go function calls can
execute up to 191% faster than their CGO-mediated equivalents, entirely bypassing the
scheduler lock and synchronization delays'".

Plan 9 SIMD and the Zero-CGO Advantage

Welvet bypasses the C-ABI completely by implementing its core numeric execution paths in
pure Go alongside handwritten Plan 9 Assembly (welvet/simd)'. The Plan 9 assembler, originally
developed for the highly portable Plan 9 operating system and utilized heavily by the Go
toolchain, enables direct, low-level hardware interaction without relying on external compilers
like GCC or Clang™.

While writing Plan 9 assembly requires engineers to manually map computational instructions
to architectural intrinsic equivalents—such as AVX2 for x86 processors or ARM NEON for
modern mobile architectures—the resulting execution bypasses all runtime coordination



overhead®™. Welvet's simd package contains bespoke amdé4 and armé4 assembly kernels,
including highly optimized routines such as DotTile, DotQ4_0, and specialized operations for
1-bit Ternary networks and BitNet sub-byte formats'.

This design yields a profound strategic and logistical advantage: Welvet compiles into a single,
fully static binary for any target operating system or hardware architecture without a single
external dependency’. A systems engineer can inject a highly optimized, hardware-accelerated
Al engine into a sovereign, air-gapped edge environment—such as an orbital satellite bus, a
remote agricultural Internet-of-Things sensor, or a secure medical facility—without needing to
configure a standalone C library dependency or manage a massive LLVM compiler suite'.

To ensure absolute reliability across these static builds, Welvet strictly prohibits silent execution
fallbacks and maintains a rigorous zero-test policy within its engine packages. Instead,
validation is pushed to an external harness package, w2a. During continuous integration, the
wZ2a suite executes over 228,054 independent matrix cells across a full Cartesian product of
layer types, data types, formats, and backend targets, confirming that the Plan 9 SIMD
instructions execute identically across architectures and correctly reject unsupported exotic
formats rather than silently executing highly inefficient host-level emulation’.

Heterogeneous Precision and Extreme Sub-Byte
Computing

Historically, deep learning hardware operated optimally in a uniform precision regime, such as
FP32 (single-precision floating point) or FP16 (half-precision floating point). However, as
parameter counts in Large Language Models and multi-modal transformers escalate into the
hundreds of billions, the physical memory bandwidth required to ferry these weights from
external DRAM banks to the logic calculation cores results in immense power consumption and
severe thermal throttling®. The movement of data has eclipsed the cost of computation itself.
To mitigate the memory wall, the semiconductor industry is aggressively pivoting toward
extreme sub-byte quantization, including 4-bit, 2-bit, and 1-bit Ternary or Binary weight
representations, commonly associated with the BitNet b1.58 architectural paradigm’. At this
extreme edge, hardware accelerators are evolving from uniform architectures to feature highly
heterogeneous vector lanes, where different regions of a single die are dedicated to differing
precisions simultaneously?.

The lllusion and Flaw of the Float32 Master

Traditional Python-based frameworks struggle catastrophically with mixed-precision, sub-byte
networks. If a forward pass utilizes 1-bit weights alongside a 4-bit activation and an FP32
residual connection, systems like PyTorch or ONNX typically employ a technique known as
Quantization-Aware Training (QAT) that silently inflates the sub-byte values back to FP16 or
FP32 in system memory before executing the matrix multiplication'. This silent type coercion
entirely negates the memory bandwidth and energy efficiency advantages that the quantized
format was intended to provide.

Welvet's quant and weights packages eradicate this computational inefficiency through an



absolute, non-negotiable strictness regarding storage truth'. The Welvet engine features 34
native numeric types and 20 quantization formats spanning classic block quants (e.g., Q8, Q4),
k-quants, |Q variants, Affine schemes, and packed 1-bit matrices'. Under Welvet's unified
MatVec microkernel, located in the layers/dense package, there is no silent fallback to a
retained FP32 master weight'.

When performing stochastic gradient descent (SGD) or forward inference on packed stores,
the system dynamically utilizes a short-lived unpack scratchpad, calculates the update natively
within the constraints of the specific numeric format, and immediately re-packs the data. The
packed representation remains the definitive storage truth at all times’. By maintaining distinct,
honest execution paths for every supported format, Welvet ensures that specialized sub-byte
Application-Specific Integrated Circuits (ASICs) and ultra-low-power vector ALUs receive
computational instructions in their native numerical language without latency-inducing
memory inflations.

Empirical Benchmarking via the Octo Shell

To demonstrate the efficacy of this zero-inflation methodology, Welvet relies on its apps/octo
module, a complete model shell capable of downloading weights from Hugging Face,
converting them into a proprietary native .entity format, and executing interactive chat or
structured benchmarks'. The architecture allows operators to rapidly benchmark models
across varied precisions. The performance implications of Welvet'’s true sub-byte execution are
evident in the throughput of the SmolLM2-135M-Instruct model, benched across CPU Plan 9
SIMD and WebGPU fused profiles.

Quantization GPU-fused SIMD-fused Entity Disk Size
Format (Tokens/sec) (Tokens/sec) (MB)

Q8_0 (8-bit) 108.2 33.2 252.5

Q6_K (6-bit 73.5 49 216.4

k-quant)

Q5_K (5-bit 71.7 6.3 208.4

k-quant)

Q4_0 (4-bit block) 1121 36.8 188.3

IQ4_NL (4-bit 1Q) 84.1 8.8 188.3

Ternary Packed 106.9 18.9 172.3

(1.58-bit)



Binary Packed 88.3 21.0 140.2
(1-bit)

The above table illustrates the dramatic footprint reductions achieved by the native .entity
structure'. While sub-2-bit formats dramatically reduce memory consumption (e.g., dropping
from 252 MB to 140 MB), the Welvet engine maintains strict mathematical honesty. As noted in
the documentation, high-bit formats maintain linguistic coherency, whereas sub-2-bit formats
often degrade into gibberish without specialized retraining'. Traditional frameworks often mask
this degradation by subtly executing operations in higher precisions under the hood; Welvet
forces the developer to confront the true speed, size, and quality trade-offs inherent in
hardware-level sub-byte optimization'.

The Volumetric Grid: Aligning Software with 3D
Hardware Topographies

Perhaps the most significant structural divergence between Welvet and legacy artificial
intelligence frameworks resides in its approach to spatial topology. Since the inception of
modern deep learning, neural networks have been represented programmatically as linear
stacks or flat directed acyclic graphs’. This one-dimensional and two-dimensional conceptual
model maps adequately to flat, monolithic silicon wafers. However, semiconductor
manufacturing has decisively breached the thermodynamic and reticle limits of
two-dimensional scaling, aggressively pivoting toward advanced 3D integration®.

3D Wafer-to-Wafer Stacking and Hybrid Bonding

To circumvent the severe limitations of Extreme Ultraviolet (EUV) lithography and alleviate the
von Neumann memory wall, the global semiconductor industry—led prominently by
innovations in Chinese foundries adapting to strict export sanctions—has commercialized 3D
wafer-to-wafer (W2W) stacking methodologies'. Technologies such as Yangtze Memory
Technologies Corp's (YMTC) Xtacking architecture physically separate the high-density
memory arrays from the peripheral CMOS logic circuits, fabricating them simultaneously on
separate wafers before bonding them directly face-to-face’. Similarly, Huawei's LogicFolding
and advanced Through-Silicon Via (TSV) interposers enable the vertical stacking of logic,
cache, and memory controllers into highly dense, multi-tiered architectures’'.

The critical mechanical and electrical enabler of this three-dimensional transition is direct
copper-to-copper (Cu-Cu) hybrid bonding'. Traditional 3D packaging relied upon microbumps
and solder, which encounter strict physical scaling limits at a pitch of approximately 10 to 40
micrometers due to severe thermal resistance, parasitic capacitance, and the physical footprint
of the solder itself?'. Hybrid bonding eliminates solder bumps entirely.

By utilizing an advanced Chemical Mechanical Polishing (CMP) process integrated with dummy
pads, foundries create an ultra-flat dielectric surface (typically SiO2 or SiCN) featuring a



precise, nanometer-scale recess of the embedded copper pads®. Wafers are then perfectly
aligned and brought into contact at room temperature, creating a spontaneous bonding wave
driven by dielectric-to-dielectric van der Waals forces®. A subsequent low-temperature anneal,
frequently around 250°C, forces the recessed copper pads to expand and interdiffuse, forming
a permanent, void-free covalent interconnect®.

This hybrid process achieves interconnect pitches well below 10 micrometers, with
technological roadmaps aggressively scaling toward 400 nanometers®. At this microscopic
scale, the interconnect power per bit is reduced by an order of magnitude, and the latency
added by the interconnect cycle shrinks to negligible levels?. In practical terms, this means that
memory and compute logic are no longer physically separated by a wide motherboard bus;
they are interleaved and stacked at the micrometer level®*. Al hardware startups, such as
Suanmiao Technology with their TokenPU architecture, are already utilizing this to stack 8-layer
DRAM wafers directly atop compute logic wafers via TSVs, achieving memory bandwidths of 16
to 32 Terabytes per second for LLM inference'.

Processing-in-Memory (PIM) and Welvet's Cell Mesh

The ultimate culmination of 3D hybrid bonding and extreme TSV density is
Processing-in-Memory (PIM) or Near-Memory Compute. By embedding micro-logic arithmetic
logic units directly inside individual DRAM or SRAM vaults, data movement—the primary source
of energy consumption and latency in neural inference—is virtually eradicated?.

However, PIM fundamentally breaks the standard von Neumann programming model and
software stack®. A legacy framework like PyTorch cannot seamlessly distribute a sequence of
matrix multiplications across 128 isolated, stacked memory vaults because it natively assumes
the existence of a centralized control thread dispatching bulk tensor tasks to a single,
monolithic accelerator?.

Welvet systematically resolves this software-hardware impedance mismatch through its
architecture package, which fundamentally redefines neural networks as a Volumetric Grid'.
Rather than constructing a flat list of operations, a Welvet model is instantiated as a distinct
spatial coordinate system defined by Depth, Rows, Columns, and LayersPerCell (represented

asa ZxXY xX manifold)’.

Each discrete cell in a Welvet architecture maps logically, and potentially physically, to an
independent PIM vault or a vertically stacked chiplet block®. Furthermore, the routing of data in
W . . N N+1

elvet does not rely on a strict sequential forward pass from layer to layer . By
utilizing the SetRemoteLink(from, to) construct and the HopOrder() evaluation logic, signals can
hop spatially across the volumetric grid in any physical direction, including creating spatial
feedback loops'. Consequently, as PIM accelerators scale in physical complexity, Welvet grids
can be seamlessly distributed across millions of independent compute-in-memory nodes. The
data flows spatially between adjacent logical cells exactly as the hardware's 3D hybrid-bonded
copper interconnects dictate in the physical silicon layer.



Neuromorphic Computing and the Discrete-Time Step
Mesh

Beyond Processing-in-Memory, the extreme frontiers of energy-efficient edge computing are
currently dominated by neuromorphic architectures and Spiking Neural Networks (SNNs).
Processors such as Intel's Loihi 2 and SynSense's Speck utilize fully asynchronous, event-driven
compute cores that communicate exclusively via sparse, binary electrical spikes®. The Loihi 2
chip, for instance, embeds 6 Lakemont x86 microprocessors alongside 128 fully asynchronous
neuron cores connected by a specialized network-on-chip?. These systems operate under
phenomenally strict power envelopes, frequently achieving energy-delay products (EDP) and
TOPS/watt metrics that are orders of magnitude superior to traditional edge GPUs like the
NVIDIA Jetson class for specific continuous vision and inspection tasks’.

However, translating conventional artificial neural networks to event-driven hardware has
proven to be an intractable mathematical and engineering challenge for standard frameworks.
Traditional software engines evaluate neural networks as bulk synchronous wavefronts. If a
cyclic, recurrent, or spatial connection exists in the model topology, a standard framework
must unroll it into a fixed time-sequence (e.g., utilizing Backpropagation Through Time) or risk
entering infinite recursive deadlocks®'. Furthermore, frameworks like PyTorch and ONNX
traditionally require fixed input resolutions and static graph evaluations; compiling these
dynamic operations to specialized neuromorphic hardware frequently results in massive
compatibility failures or requires distinct compilations for every minor resolution adjustment’.

The Synchronous vs. Asynchronous Paradigm Shift

Welvet inherently supports and resolves the complexities of neuromorphic deployment
through its runtime/step package'. Instead of relying on a monolithic, synchronous Forward()
execution pass to traverse the network, Welvet implements a highly specialized discrete-time
mesh’.

The entire volumetric grid operates on a strict double-buffered architecture. During a
StepForward execution cycle, every spatial cell simultaneously reads from its isolated input
buffer, evaluates its internal logic—whether it is a standard Dense MatVec, a Mamba selective
SSM, or a Gated DeltaNet (GDN) linear attention mixer—and writes the resulting activation to
the input buffer of its downstream spatial neighbors'.

Because data transmitted via a remote link strictly arrives on the subsequent time tick, cyclic
dependencies and complex spatial feedback loops become trivially easy to evaluate without
risking endless recursion’. This perfectly mirrors the operational reality of neuromorphic
hardware. On an asynchronous chip like Loihi 2, neurons evaluate their localized membrane
potentials and emit binary spikes to neighboring cores on subsequent clock ticks without
requiring a global synchronization lock?”. Welvet's double-buffered step mesh ensures that the
software simulation of spatial, time-dependent networks remains deterministically aligned with
the physical routing constraints and temporal realities of event-driven silicon.



Liberating Credit Assignment: Escaping
Backpropagation

The most profound constraint limiting the deployment of adaptive artificial intelligence at the
extreme edge is the Backpropagation (BP) algorithm itself. While gradient-based
backpropagation has single-handedly driven the modern deep learning revolution, it is
biologically implausible, highly inefficient on distributed or 3D hardware, and crippled by
immense memory bottlenecks®2.

The Structural Flaws of Backpropagation

1. Global Dependency and Update Locking: BP requires an exact, continuous error signal
to propagate from the final output layer sequentially backwards through every
intermediate layer to the original input. Consequently, a specific layer cannot compute or
update its weights until all subsequent downstream layers have successfully completed
their backward passes*. On highly parallel PIM arrays or asynchronous neuromorphic
hardware, this strict sequential dependency creates devastating traffic bottlenecks
where massive arrays of compute modules sit idle, wasting power while waiting for
global error signals to arrive®.

2. The Memory Bottleneck: To compute the derivatives via the chain rule, BP necessitates
storing all intermediate activations generated during the forward pass in memory until
the backward pass is complete and consumes them?*?. For deep networks processing
long contextual sequences, this memory footprint grows linearly, completely
overwhelming the severely limited SRAM available on embedded devices or individual 3D
PIM vaults®'.

3. The Weight Transport Problem: BP demands exact symmetric backward connectivity;
the backward pass must utilize the precise mathematical transpose of the forward
weight matrices to calculate gradients. In biological circuits, neurons cannot access or
replicate the synaptic weights of distant downstream layers®. In specialized Al hardware,
forcing symmetric backward routing vastly complicates the interconnect fabric and TSV
layout®®,

Target Propagation and Local Equilibrium Learning

To overcome these physical and computational barriers, the research community has
dedicated intense focus to developing backpropagation-free credit assignment mechanisms.
These include Target Propagation (TP), Feedback Alignment, Difference Target Propagation
(DTP), and forms of Local Equilibrium Learning (LEL)*.

Credit Assignment = Propagation Hardware Memory Footprint
Methodology Mechanism Constraint



Addressed

Backpropagation Exact global None. Highly High (Requires full
(BP) gradient via synchronous and activation history).
sequential chain memory-bound.
rule®.
Difference Target Generates local Eliminates update Low (Activations
Propagation (DTP) layer-wise virtual locking. Enables consumed locally).
targets using asynchronous
approximate weight updates.

inverse functions®.

Feedback Routes global Solves the weight Moderate.
Alignment (FA) errors through transport problem.
fixed, random Reduces hardware
asymmetric routing complexity.
matrices®.
Local Equilibrium / Relaxes states to Ideal for fully Minimal (Zero
Forward-Only fixed points using asynchronous backward pass
purely local neuromorphic required).
Hebbian rules or event-driven
energy functions®. | meshes®.

Target propagation functions by computing virtual "targets" for hidden layers rather than
calculating exact loss gradients®. Through the use of approximate inverse mappings—often
implemented as local autoencoders or fixed reverse projection matrices—each layer
independently computes what its optimal output should have been to minimize the final
network loss®.

Mathematically, if the forward mapping of a layer © is defined as hi = fi(his) , Target
Propagation utilizes an approximate inverse function 9i 1o project the target activation from

layer * down to layer i—1 . This process fundamentally alters the optimization landscape.
Recent theoretical frameworks and rigorous mathematical analyses demonstrate that Target
Propagation closely approximates a Gauss-Newton optimization method, contrasting sharply
with Backpropagation's standard first-order gradient descent®®. By replacing the exact
transposed chain rule with a localized target vector, the network can undergo highly efficient
weight updates without freezing upstream computational nodes.

Welvet's Integration of Target Propagation



Welvet natively supports and integrates these advanced, memory-efficient credit assignment
protocols through its highly specialized systems/tween package'. Rather than locking the
volumetric grid into a rigid, auto-differentiated tape utilized in traditional graph runners, the
tween system supports generalized target propagation via Hebbian layerwise gaps and
backward chain rules utilizing highly optimized SIMD DotTile and Saxpy computing budgets'.
Because Target Propagation effectively decouples the layer updates, distinct spatial cells within
the Welvet grid can compute their local targets and execute their stochastic weight updates
entirely asynchronously. This mechanism acts as the ultimate software catalyst for
Processing-in-Memory arrays and multi-tiered 3D logic stacks. In a densely packed 3D chiplet
environment, pumping a global backpropagation error signal through vertical TSVs from a
top-tier memory die down to a bottom-tier logic die generates immense thermal stress and
consumes heavy internal bus bandwidth?.

By utilizing Welvet's tween system leveraging Target Propagation, the burden of credit
assignment remains mathematically localized. The memory reads, target generation, and
parameter updates occur entirely within the isolated 3D cell. This localized approach drastically
lowers the overall thermal footprint, mitigates interconnect congestion, and completely
circumvents the "update locking" that severely cripples PyTorch models when deployed on
edge computing hardware®.

Deterministic Execution and Safety-Critical Regulated
Systems

As artificial intelligence migrates rapidly from low-risk consumer applications (e.g., chat
interfaces and recommendation engines) into sovereign, life-critical domains—such as medical
diagnostics, surgical robotics, aerospace flight control, and autonomous industrial
inspection—the criteria for software validation radically shift. In the medical device industry,
software must strictly conform to rigorous international standards, principally IEC 62304
(Medical device software — Software life cycle processes) and ISO 14971 (Application of risk
management to medical devices)*°.

The Perils of Non-Deterministic Al

Regulatory agencies, including the U.S. Food and Drug Administration (FDA) and the UK
Medicines and Healthcare products Regulatory Agency (MHRA), require Class C (life-critical)
medical software to demonstrate universally predictable, reproducible, and mathematically
verifiable behavior?®. Traditional Al frameworks fail this evidentiary standard due to deep,
inherent non-determinism. In execution engines like PyTorch or TensorRT running on
commercial GPUs, internal concurrency handling and kernel scheduling are highly
unpredictable. Race conditions, micro-drifts in floating-point precision across varying thread
executions, and non-deterministic atomic operations dictate that providing an identical input
vector to an Al model twice does not guarantee a bit-for-bit identical execution sequence®.
When execution order is variable, the system's "reachable state space” explodes exponentially.
Hazard analysis—a core, non-negotiable requirement of ISO 14971—becomes practically



intractable because the software can effortlessly enter unanalyzed, unpredictable states based
purely on nanosecond-level timing variations induced by operating system load*°.

This instability is not merely theoretical; it manifests profoundly in edge deployments. A recent
adversarial evaluation comparing identical MobileNetV2 models on an NVIDIA Jetson Orin
Nano Super demonstrated that while an Al inference model may maintain output accuracy
(achieving a Safety-Threshold Exceedance Rate, or STER, of zero), it can simultaneously violate
critical timing constraints**. In the experiment, the CPU-bound path utilizing ONNX Runtime
FP32 degraded by 7.2x under combined deployment load, resulting in a mean latency 9.8x
higher than the GPU TensorRT FP16 path. This nanosecond-level scheduling unpredictability
ultimately breached the 10 Hz clinical cycle budget by 65%, creating an unacceptable risk
profile for real-time medical interventions**.

The sequential development lifecycles embedded in the |IEC 62304 standard do not
fundamentally align with the continuous, iterative nature of machine learning model training®.
Consequently, the FDA has introduced Predetermined Change Control Plans to allow
manufacturers to pre-validate specific operational envelopes for adaptive algorithms®,
However, without a deterministic runtime environment, generating the required objective
evidence for these control plans remains nearly impossible.

Welvet's Predictable State Transitions

Welvet's core architecture fundamentally circumvents non-determinism at the most
foundational execution level, rendering it a uniquely qualified candidate for IEC 62304 certified
environments'. By enforcing discrete-time step meshes via runtime/step and completely
discarding implicit C-runtime multithreading and dynamic graph recompilations, Welvet
bounds the execution flow into an absolute, rigorously reproducible sequence.

Given an initial grid state So and a strictly defined sequence of input events Ey, By, ...En ,

a Welvet volumetric network will progress through the exact same mathematical state

transitions to reach a final state Sn every single time, completely regardless of the underlying
host operating system scheduler or background system load*. There are no asynchronous
race conditions during evaluation because every node strictly reads from its frozen static input
buffer during the tick, computes its internal logic matrix, and writes to an isolated, segregated
output buffer before the next temporal tick is authorized to commence’.

Furthermore, Welvet's absolute prohibition of “silent fallbacks" and its rigorous adherence to
storage-truth (e.g., maintaining exact format and dtype compliance) ensure that there is zero
numeric drift’. If a neural network is validated by quality assurance engineers in a controlled
laboratory environment utilizing Q4_0 quantized weights on an x86 simulator, it is
mathematically guaranteed to execute with identical bit-for-bit precision when deployed on an
ARM Cortex-M micro-controller inside an implantable pacemaker.

To prove this fidelity, Welvet implements a massive cross-numeric training capability located in
Chapter 65 of its documentation (down-the-dem)’. The engine executes a full 34 x 15 x 3
permutation matrix, asserting that after a StepMesh operation across varying weights and



activations, there is absolutely no retained FP32 master contaminating the localized updates’.
This robust traceability and mathematical certainty satisfy the IEC 62304 requirement for
objective verification evidence, empowering medical manufacturers to integrate highly
complex Al models directly into clinical pathways without failing pre-market FDA audits due to
inference-layer timing instability.

Living Networks: Metacognition, Evolution, and
Decentralization

Beyond the mechanics of core execution and regulatory compliance, Welvet supports an
expansive array of sophisticated system-level frameworks explicitly designed to push Al past
static, frozen inference and into the realm of self-modifying, sovereign systems operating at
the far edge.

Genetic Topologies and Self-Observation

Traditional Al development treats neural architecture as a highly static parameter defined
strictly before the training phase begins. Welvet challenges this limitation by treating the entire
Volumetric Grid as a living, mutable entity capable of adaptation. Through the
layers/metacognition package, specific nodes in the grid can apply heuristic stability
rules—such as dynamic gating, localized scaling, or forced resets—without requiring complex
external framework intervention or dtype morphing'.

At a broader level, the systems/evolution and systems/dna packages allow Welvet to implement
dynamic topology search and NeuroEvolution of Augmenting Topologies (NEAT) directly on the
host device'. The dna package empowers a grid to extract its exact topological, spatial, and
numeric footprint (ExtractDNA). The evolution package can subsequently perform SpliceDNA
or NEATMutate operations to mathematically crossbreed networks on the fly'. Because Welvet
meticulously retains exact dtype and quantization states during cloning (CloneGrid,
SetFromF32), a network running autonomously on an edge rover or deep-sea drone can
organically evolve its own spatial architecture to adapt to novel environmental stimuli without
ever requiring a connection to a centralized cloud GPU cluster.

Sovereign Decentralization and Grid Introspection

Edge networks often suffer from highly unreliable communication links, extreme packet loss,
and severe bandwidth constraints. Standard federated learning protocols struggle under these
adversarial conditions, often requiring robust TCP connections to transmit gigabytes of
backpropagation gradients®.

Welvet addresses this limitation through decentralized, lossy-tolerant distribution primitives.
The stub/fountain package employs LT (Luby Transform) fountain codes to recover specialized,
fragmented weight blobs over highly lossy links'. Instead of demanding full, sequential file
transfers, a Welvet instance can mathematically reconstruct complete model updates from a
scattered stream of UDP packets. Coupled with stub/donate—a lightweight UDPJUSON-based
frame distributor featuring distinct server modes like ServerLocalLM—local networks of Edge



devices can share computational tasks and model components seamlessly without embedding
heavy HTTP web servers or Python middleware'.

To monitor these complex interactions without slowing down the core engine, Welvet utilizes
systems/tanhi, a best-effort UDP JSON-lines Heads-Up Display (HUD) that emits telemetry and
epoch sweeps non-blockingly'. Similarly, the footprint of the grid is meticulously tracked via
stub/memory (monitoring Host and GPU RAM down to the megabyte) and stub/evaluation,
ensuring that the architectural blueprint generated by systems/telemetry never exceeds the
physical constraints of the hardware'.

Concluding Strategic Outlook

The modern artificial intelligence ecosystem is approaching a critical physical and
mathematical juncture. The exponential scaling of Large Language Models and dense
transformer networks has fundamentally outpaced the thermodynamic and physical limitations
of standard von Neumann architectures. Moving petabytes of data from external memory
banks to monolithic compute units incurs prohibitive thermal costs and latency penalties,
prompting the global semiconductor industry to rapidly transition toward
Processing-in-Memory arrays, advanced 3D wafer stacking, hybrid direct copper-to-copper
bonding, and fully asynchronous event-driven neuromorphic substrates.

However, current software frameworks, heavily bound by Python's Global Interpreter Lock,
severe CGO latency overheads, and the strict sequential dictates of the Backpropagation
algorithm, are fundamentally unsuited for this asynchronous, highly parallel, spatially
distributed hardware future. They lack the architectural primitives necessary to map execution
seamlessly to three-dimensional structures and lack the deterministic precision required for
deployment in heavily regulated medical and industrial sectors.

Welvet completely circumvents this entire legacy stack. By writing the engine in pure Go
supplemented with handwritten Plan 9 SIMD assembly, Welvet eradicates the C-ABI latency
bottleneck, enabling the deployment of zero-dependency static binaries to isolated edge
devices. By implementing a 3D Volumetric Grid architecture updated via a double-buffered,
discrete-time step mesh, it flawlessly mirrors the physical topology of stacked PIM arrays and
the temporal realities of spiking neuromorphic processors.

By substituting global, memory-intensive backpropagation with mathematically rigorous Target
Propagation and Hebbian layerwise learning, it eliminates the memory bloat and thermal stress
that cripple constrained edge hardware. Furthermore, its unwavering commitment to
deterministic execution and strictly bounded numerical types satisfies the most rigorous
safety-critical verification standards demanded by IEC 62304 and ISO 14971, allowing complex
Al to be deployed securely into life-critical clinical environments.

Ultimately, Welvet is not merely another iterative inference engine. It is a foundational software
blueprint—a new computational primitive designed specifically to bridge the immense gap
between biological plausibility, extreme hardware constraints, and the next generation of
three-dimensional semiconductor manufacturing.
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