
M-POLY-VTD: The Loom Architecture 
and the Paradigm Shift in Volumetric 
Neural Dispatch 
The landscape of artificial intelligence architecture in 2026 is characterized by an escalating 
conflict between model scale and hardware bandwidth limits. As large language models (LLMs) 
and multi-modal architectures expand well beyond the billions of parameters, consumer-grade 
hardware—and even enterprise-grade silicon—encounters a rigid memory bandwidth wall. The 
industry standard has long relied on one-dimensional sequential layer stacks and homogenous 
precision, typically governed by backpropagation algorithms that lock the network state during 
gradient calculation. The introduction of the Loom framework, driven by its core M-POLY-VTD 
(Multi-numerical POLYmorphic Volumetric Tiled-tensor Dispatcher) architecture, represents a 
fundamental departure from these traditional paradigms.1 

By treating neural networks not as sequential pipelines, but as three-dimensional spatial grids 
capable of instantaneous numerical metamorphosis, Loom provides a novel solution to both 
hardware constraints and the biological implausibility of traditional deep learning 
methodologies.1 Designed explicitly as a "Bedrock Edition" next-generation neural inference 
engine, Loom specifically targets the deployment of high-performance, mixed-precision 
workloads on edge devices, such as the memory-constrained Turing-class GPUs.1 

This comprehensive report provides an exhaustive technical analysis of the Loom architecture. 
It investigates the fundamental mechanics of its volumetric dispatch system, details the 
implementation of non-differentiable learning via Neural Target Propagation, analyzes its 
topological DNA engine, and presents a rigorous comparative analysis against both legacy and 
contemporary Python and Golang frameworks operating in the 2026 AI ecosystem. 

The Paradigm Shift: Volumetric Tensor Dispatch (VTD) 
Traditional deep learning frameworks, including the industry-standard PyTorch and TensorFlow, 
construct neural networks as directed acyclic graphs (DAGs) or sequential lists of layers, 
exemplified by structures like nn.Sequential.4 While mathematically sound, this 
one-dimensional abstraction creates rigid execution pipelines that struggle to implement 
complex, biologically inspired routing. The Loom architecture fundamentally dismantles this 
constraint by introducing a 3D Volumetric Coordinate System.1 

Three-Dimensional Geometric Addressing 

A VolumetricNetwork in the Loom codebase is defined by a pre-allocated spatial grid 
possessing defined parameters for Depth, Rows, Cols, and LayersPerCell.1 Every 
VolumetricLayer instantiated within this network is assigned a strict geometric address 
represented by the tuple (z, y, x, l).1 The engine utilizes a flattening algorithm via the GetIndex 



function to map these 3D coordinates to a contiguous 1D array in memory, ensuring that 
hardware cache locality is maintained despite the logical 3D abstraction.1 

This topological design allows the framework to implement a concept referred to as "Spatial 
Hopping." In standard sequential models, data must flow strictly from layer $N$ to layer $N+1$. 
In the Loom volumetric grid, data signals can bypass physically adjacent layers and jump across 
geometric coordinates. This architectural flexibility closely mimics the structure of biological 
cortical columns, enabling the simulation of complex feedback loops and non-linear data flows 
that are impossible to express elegantly in standard sequential pipelines.1 If a specific layer 
utilizes an IsRemoteLink flag, the dispatcher fetches the remote layer dynamically based on its 
designated TargetZ, TargetY, TargetX, and TargetL parameters. This remote layer is then 
injected into the local execution path without altering the underlying memory layout or 
requiring graph recompilation.1 

Dynamic Branching and Polymorphic Routing 

The volumetric approach inherently supports advanced dynamic branching without the 
overhead of custom Python control flow logic. Within the Loom architecture, the LayerParallel 
and LayerSequential types act as container layers that aggregate multiple sub-branches within 
the coordinate space.1 When the ParallelForwardPolymorphic function is executed, the 
dispatcher routes the input tensor to numerous coordinate-mapped branches simultaneously. 
Once the parallel branches complete their forward passes, the layer merges the outputs using 
configurable topological modes. These modes include concat for standard tensor 
concatenation, add for residual aggregation, avg for ensemble smoothing, grid_scatter for 
spatial distribution, and a highly specialized filter mode.1 The filter mode executes a 
Mixture-of-Experts (MoE) logic style, where a designated FilterGateConfig layer processes the 
input to generate gating coefficients. A Softmax function is applied to these coefficients, which 
are then used to compute a dynamically weighted sum of the parallel branch outputs.1 This 
polymorphic routing hub effectively centralizes complex architectural paradigms, reducing 
them to standard geometric operations within the grid. 

Multi-Numerical Polymorphism (M-POLY) 
A critical bottleneck in modern edge-device inference is the massive memory bandwidth 
required to stream weight matrices from global VRAM to the compute units.1 The Loom engine 
addresses this hardware limitation through exhaustive, native multi-numerical polymorphism. 
Unlike standard deep learning frameworks that generally require exporting a model to a fixed, 
lower precision format (such as 8-bit or 4-bit) prior to execution, Loom layers operate as fluid 
polymorphic units.1 

The WeightStore Engine and Dynamic Metamorphosis 

The core of this capability resides in the WeightStore struct. Rather than irrevocably modifying 
the weights, the WeightStore maintains a master Float32 representation of the parameters as 
the absolute source of truth. Alongside this master array, it manages a localized cache of 



actively morphed target precisions mapped by their DType.1 

The engine currently supports an exhaustive list of 21 distinct numerical types.1 These span 
high-precision scientific formats (DTypeFloat64, DTypeFloat32), efficient AI training formats 
(DTypeBFloat16, DTypeFP8E4M3, DTypeFP8E5M2), varying integer quantization formats ranging 
from DTypeInt64 down to DTypeInt2, and extreme sub-byte quantization architectures like 
DTypeTernary and DTypeBinary.1 This exhaustive coverage ensures that Loom can perfectly 
adapt to any target silicon, whether it features native FP8 matrix multipliers or relies heavily on 
integer ALUs. 
When the network undergoes execution, the polymorphism is managed directly within the 
layer dispatcher. In operations such as DenseForwardPolymorphic, CNN3ForwardPolymorphic, 
or LSTMForwardPolymorphic, the engine interrogates the layer's configured DType. If an 
optimized, native fast-path exists for that specific type in the host language (for instance, a raw 
int8 or float64 slice), the engine immediately executes the highly optimized routine.1 

Hardware Emulation via Precision Simulation 

For extreme low-bit types or non-standard architectures that lack native CPU or GPU register 
support—such as FP4 or 2-bit quantization—Loom employs a universal fallback via the 
SimulatePrecision function.1 This critical component performs real-time, quantization-aware 
masking of the operations. 
During execution, SimulatePrecision mathematically forces the Float32 master weight to 
behave exactly as its lower-bit counterpart would. For DTypeFP8E4M3, it simulates the limited 
exponent and mantissa bounds; for DTypeInt2, it restricts the weight value to four discrete 
scaling levels; and for DTypeBinary, it clamps the values strictly to -1 or 1.1 This process ensures 
that the mathematical behavior perfectly mirrors the target hardware's operational 
characteristics, allowing developers to execute Quantization-Aware Training (QAT) seamlessly 
without requiring complex third-party fake-quantization node injections like those needed in 
PyTorch.1 

This dynamic morphing allows different spatial coordinates in the Loom network to operate at 
different precisions simultaneously.1 A mission-critical reasoning node could execute in Float16, 
while a massive parallel embedding lookup or a deep 3D convolutional kernel operates in a 
2-bit or 1-bit format. By packing these low-bit representations, the Loom architecture achieves 
up to 98.4% on-disk compression for localized model deployment, effectively breaking the 192 
GB/s memory bandwidth wall that stifles traditional inference on consumer graphics cards.1 

Systolic Grid Propagation: The Discrete-Time Neural 
Mesh 
While the Volumetric Tensor Dispatch provides the spatial architecture, the chronological 
execution of this architecture represents another major innovation. Standard deep learning 
inference operates in a continuously flowing waterfall pattern; layer one finishes, its memory is 
passed to layer two, which computes and passes memory to layer three, until the final output is 
achieved. Loom introduces an alternative execution protocol known as Systolic Grid 



Propagation.1 

Simulating Application-Specific Hardware 

Systolic array processing is heavily utilized in modern AI hardware accelerators (such as 
Google's TPUs) because it allows data to pulse through a grid of specialized processing 
elements, performing multiply-and-accumulate (MAC) operations with maximum data reuse 
and minimal latency.11 The Loom engine brings this hardware-level systolic concept directly into 
its software execution architecture.1 

Under the Systolic Grid Propagation model, the 3D Volumetric Grid is treated as a living, 
discrete-time neural mesh. Instead of a single input flowing sequentially through the entire 
network in one cycle, the SystolicForward function advances the entire 3D grid by a single 
temporal "tick".1 Every coordinate in the network calculates its output simultaneously based 
solely on the input states that were present during the previous tick.1 

Double Buffering and Race Condition Mitigation 

To achieve this synchronous firing without data corruption, Loom relies on a rigorous 
double-buffering mechanism. The network maintains a ReadBuffer and a WriteBuffer for every 
tensor state.1 During the dispatch phase of a single clock cycle, every VolumetricLayer reads its 
required inputs strictly from the ReadBuffer and calculates its pre-activations and 
post-activations. Instead of immediately exposing these new values to downstream layers, the 
results are stored exclusively in the WriteBuffer.1 

Once all active layers in the grid have completed their computations for the current temporal 
tick, the CommitSystolicState function is called. This function atomically synchronizes the grid 
by copying the data from the WriteBuffer into the ReadBuffer, preparing the entire network for 
the next cycle.1 This design explicitly prevents race conditions in highly concurrent processing 
environments. Furthermore, because layers operate asynchronously relative to the continuous 
data flow, the systolic mesh enables true temporal pattern learning. Information takes time to 
propagate geometrically across the network, fundamentally altering how sequence data and 
spatial logic are processed compared to the instantaneous propagation of standard 
feedforward networks.1 

Neural Target Propagation (TargetProp) 
The dominance of backpropagation (BP) in training artificial neural networks is undisputed in 
terms of historical success. However, as the industry moves toward highly quantized, 
non-differentiable networks and autonomous edge learning, the limitations of BP become 
critical liabilities. Backpropagation is widely criticized for its biological implausibility—it requires 
a global error computation, exact weight symmetry, and a "freezing" of the forward activity 
while gradients are sequentially calculated backward through the chain rule.6 Loom provides a 
native implementation of an advanced alternative: Neural Target Propagation (TargetProp).1 

Bypassing the Chain Rule 



Target Propagation reimagines the credit assignment problem.18 Instead of computing 
continuous derivatives and passing them backward, TargetProp computes a proposed "target" 
state for each hidden layer. The objective of each local layer is no longer to explicitly minimize 
the global loss function via partial derivatives, but simply to map its forward activation to this 
newly proposed backward target.1 

The TargetPropState structure within the Loom codebase manages this sophisticated data 
flow.1 During the forward pass, the actual activations of each layer are captured in a 
ForwardActs array. During the subsequent optimization phase, the CalculateTargetPropGaps 
function executes an inverse estimation process. For standard architectures like a Dense layer, 
the estimated target for the input is generated by calculating a weighted importance of the 
downstream targets relative to the layer's master weights.1 Loom extends this logic 
polymorphically to highly complex structures. For instance, in an LSTM layer, the target 
estimation aggregates signals backward through the input, forget, cell, and output gates 
simultaneously, creating a synthesized target for the previous recurrent time step.1 

Gap-Based Hebbian Optimization 

Once the idealized targets are generated for every coordinate in the volumetric grid, the 
engine invokes ApplyTargetPropGaps. Instead of utilizing traditional gradient descent via 
backpropagation, Loom applies a local Hebbian-style learning rule.1 The weight update relies on 
the Local Error Signal, defined as the gap between the proposed target and the actual forward 
activation. 
The update equation roughly follows: $\Delta W = \eta \cdot \text{input} \cdot (\text{target} - 
\text{actual})$. However, Loom introduces an advanced stability mechanism via a LinkBudget.1 
The LinkBudget is dynamically calculated based on the cosine similarity between the forward 
activation vector and the backward target vector.1 If the target signal is highly misaligned or 
corrupted—resulting in a cosine similarity score corresponding to a budget below 0.2—the 
local layer simply ignores the update.1 

This localized gating prevents catastrophic forgetting and runaway exploding signals, allowing 
the network to selectively learn only when a clear, biologically plausible optimization pathway 
exists. Crucially, because TargetProp does not require differentiable functions, Loom can 
natively optimize extreme architectures like binary (DTypeBinary) or ternary networks where 
standard gradients would vanish or shatter.1 

The Topological DNA Engine: Structural Fingerprinting 
Because the Loom architecture allows layers to dynamically hop across a 3D coordinate space 
and shift their numerical precision, tracking and comparing model architectures requires a 
paradigm beyond traditional parameter hashing. If a DTypeFloat32 layer is dynamically 
quantized to DTypeInt8 and moved from coordinate (0,0,0,1) to (0,1,0,1), traditional 
cryptographic hashing or PyTorch state-dict comparisons would instantly register a complete 
mismatch, despite the underlying logic remaining intact. To solve this, Loom integrates a native 
"DNA Engine" designed for hierarchical spatial correlation.1 



Generating Layer Signatures 

The DNA Engine operates on the principles of Topological Data Analysis (TDA), distilling massive 
neural structures into geometric signatures.23 The ExtractDNA function iterates through the 
VolumetricNetwork and converts every layer into a LayerSignature.1 This signature captures the 
physical Z, Y, X, L coordinates, the LayerType, the specific DType, and a dimensionally 
normalized representation of its weights. 
To ensure that quantized models can be compared against their full-precision ancestors, the 
engine utilizes the SimulatePrecision function to expand all active WeightStore versions back 
into a unified Float32 space before applying unit vector normalization (Normalize).1 This ensures 
that the geometric "direction" of the weights—the core logic of the neural node—is captured 
independently of its bit-depth magnitude. 
Identifying Logic Shifts 

Once the structural blueprints (NetworkDNA) are extracted, the CompareNetworks function 
analyzes them.1 It first computes the direct hierarchical overlap by evaluating the 
CosineSimilarity between signatures at identical geometric coordinates.1 

More importantly, the DNA Engine incorporates cross-depth alignment to identify LogicShifts. 
A Logic Shift occurs when a specific layer signature in Model A aligns with a high degree of 
mathematical similarity (e.g., > 0.8 cosine similarity) to a layer in Model B, but resides at a 
completely different spatial coordinate.1 By mathematically tracking these Logic Shifts, 
researchers can observe how automated architectural search algorithms or Systolic 
Propagation patterns naturally migrate logic pathways to more efficient regions of the 3D grid, 
offering unprecedented observability into model evolution over time.1 

Native WebGPU Acceleration and Hardware-Aware 
Tiling 
While spatial routing and target propagation define Loom's theoretical advantages, its 
performance ceiling of 70+ tokens per second on consumer hardware relies heavily on its 
low-level optimization techniques.1 In 2026, browser-based and cross-platform native 
execution is dominated by WebGPU.26 While frameworks like TensorFlow.js struggle with 
WebGPU timestamp queries, asynchronous read limits, and unoptimized fragment-shader 
matrix hacks 28, Loom was engineered from the ground up for native compute shaders with 
storage buffers and workgroup memory.1 

Dynamic L1/L2 Cache Tiling 

Memory bandwidth bottlenecks are most frequently encountered when massive weight 
matrices evict vital activation data from the CPU's limited L1 and L2 caches. To circumvent this, 
Loom implements exhaustive loop-blocking and dynamic tiling. The hardware.go module 
contains the GetHardwareInfo routine, which executes deep OS-level system calls (such as 



sysctl on Darwin or reading /sys/devices/system/cpu/cpu0/cache/ on Linux) to determine the 
exact byte sizes of the L1 Data Cache and L2 Cache.1 

The CalculateOptimalTileSize function utilizes this telemetry to restrict matrix multiplication 
blocks. For CPU execution, loops within DenseForwardTiled or CNN3ForwardTiled load input 
segments into a localized inTileBuf.1 The computation is carefully partitioned so that the entire 
sub-block remains resident in the L1 cache, significantly reducing the global memory fetch 
latency. This approach yields speedups of multiple orders of magnitude for heavily unrolled 
operations like the SwiGLU gated activation (swigluTiledProjectGateUp), where standard 
frameworks often waste cycles on redundant memory reads.1 

WGSL Shader Workgroup Optimization 

For WebGPU execution, Loom abstracts the hardware limits dynamically via 
CalculateOptimalGPUTileSizeFromLimits.1 This algorithm queries the 
MaxComputeWorkgroupStorageSize and MaxComputeInvocationsPerWorkgroup directly from 
the WebGPU adapter.1 

When executing a complex operation such as Multi-Head Attention (MHA) over WebGPU, 
Loom generates specialized WGSL (WebGPU Shading Language) code.1 The ShaderMHA 
kernel allocates workgroup shared arrays for the Keys (K_shared) and Values (V_shared). The 
shader performs matrix multiplication using strict synchronization barriers (workgroupBarrier()) 
to ensure that all threads have populated the shared cache before executing the dot products. 
By sizing the tiles explicitly to consume no more than exactly half of the available workgroup 
storage size, Loom ensures the GPU driver has sufficient overhead to avoid catastrophic global 
VRAM spilling, achieving optimal execution speeds across divergent architectures like Apple 
Silicon, NVIDIA CUDA, and integrated mobile graphics.1 

Sub-System Autonomy: Tokenization, Ensembling, and 
Telemetry 
The Loom framework is designed for embedded edge autonomy, meaning it cannot rely on 
bloated Python ecosystems or external C++ tokenization libraries. It builds critical AI pipeline 
components directly into the core engine. 
Native BPE Tokenization 

Loom avoids dependencies on external text-processing packages by implementing a highly 
resilient Byte-Pair Encoding (BPE) tokenizer entirely in Go.1 The tokenizer natively parses 
standard HuggingFace tokenizer.json schemas, managing vocabularies, reverse vocabularies, 
and intricate merge rank rules.1 Recognizing the unpredictability of edge data, it includes a 
robust byte-fallback mechanism (gpt2ByteEncode and gpt2ByteDecode), ensuring that 
unknown Unicode characters or emojis are gracefully encoded into raw hexadecimal byte 
tokens rather than throwing catastrophic out-of-vocabulary errors.1 This enables completely 
standalone, offline string-to-tensor processing. 



Mathematical Ensembling and Clustering 

The framework extends beyond basic inference to manage multi-model synchronization. The 
ensemble.go module implements coverage-based logic through 
FindComplementaryMatches.1 This system assesses the binary correctness masks of multiple 
competing models, calculating the combined coverage ratio and cosine similarity of their 
success rates. This allows developers to construct highly optimized "Mixture of Models" 
pipelines that perfectly mathematically complement each other's weaknesses.1 Furthermore, 
Loom natively embeds differentiable clustering via KMeansForwardPolymorphic, which 
transforms standard K-Means into an end-to-end differentiable operation using 
temperature-scaled distance metrics and Softmax gating, allowing classification topologies to 
exist anywhere within the Volumetric Grid.1 

Microsecond Telemetry and Adaptation Tracking 

To maintain observability within the complex 3D grid, Loom embeds a high-resolution telemetry 
suite. The PolyObserver interface allows for real-time interception of tensor states during both 
forward and backward passes.1 Observers like AggregatingObserver capture rolling statistical 
windows containing mean, max, min, and activation sparsity metrics. Furthermore, the 
AdaptationTracker monitors model degradation and recovery dynamically. By recording 
moving windows of outputs, accuracy, and throughput (OutputsPerSec), the network can 
automatically chart its own recovery time when distribution shifts or sudden task changes 
occur, an essential capability for autonomous agents navigating unstructured environments.1 

Comparative Industry Analysis: Loom versus the 
Python Ecosystem (2026) 
The global deep learning industry has historically been entirely dominated by Python-based 
frameworks, specifically PyTorch and JAX.4 Comparing Loom to these modern heavyweights 
highlights distinct philosophical and technical divergences regarding how AI computation 
should be structured. 
PyTorch and TorchAO 

PyTorch has cemented its dominance by utilizing a dynamic, define-by-run paradigm that 
constructs a Directed Acyclic Graph (DAG) sequentially as tensors are processed.4 To address 
the hardware bottlenecks that Loom targets, PyTorch relies on its TorchAO library for 
architecture optimization. By 2026, TorchAO has introduced native support for low-bit 
precision, including 4-bit, 2-bit, and 1-bit quantization formats (specifically targeting ternary 
models like BitNet b1.58), accompanied by Quantization-Aware Training (QAT) to recover 
performance.10 

However, the implementation philosophies differ drastically. PyTorch requires developers to 
explicitly swap out modules in Python code (e.g., calling swap_linear_with_semi_sparse_linear) 



or utilize complex tensor subclasses to invoke these behaviors.35 In contrast, Loom's 
polymorphism is strictly data-driven. A VolumetricLayer simply receives a DType state change, 
and its internal WeightStore handles the physical memory morphing and simulation 
automatically, requiring zero structural changes to the model graph.1 

JAX and Symbolic Execution 

Developed by Google, JAX distinguishes itself with a purely functional programming model, 
relying on immutable arrays and the XLA (Accelerated Linear Algebra) compiler for 
Just-In-Time (JIT) optimization.4 Because of its elegant composability (e.g., jax.grad and 
jax.vmap), JAX has become the premier framework for researchers exploring alternative, 
backpropagation-free learning algorithms like Predictive Coding and Target Propagation.22 

While JAX excels in supercomputing clusters, its strict stateless functional paradigm creates 
immense friction when managing the highly complex recurrent states or persistent nested 
memory hierarchies required by edge hardware. JAX models must pipe state explicitly through 
every function boundary.41 Loom, written in Go, embraces explicit, in-place memory mutation 
(e.g., tensor.Add()) and physical state retention. Furthermore, JAX requires the massive C++ 
XLA compiler stack to run efficiently. Loom operates as a single, compiled Go binary, drastically 
reducing the deployment footprint and removing reliance on complex runtime environments.1 

Feature Comparison: Loom vs. Python Industry Standards 

Architectural Feature Loom (M-POLY-VTD) PyTorch (with 
TorchAO) 

JAX (with Flax/Optax) 

Execution Paradigm 3D Volumetric Mesh / 
Spatial Routing 

1D Sequential / 
Dynamic DAG 

Functional / Compiled 
Static Graph (XLA) 

Implementation 
Language 

Pure Go (Compiled, 
Native Binary) 

Python (C++ / CUDA 
Backend) 

Python (C++ / XLA 
Backend) 

Inference 
Quantization 

21 Types Native (FP64 
down to Binary 1-bit) 

Native FP8, INT4, INT2, 
1-bit via TorchAO 

Native FP8, INT8; 
sub-byte via custom 
libraries 

Hardware Emulation 
(QAT) 

Built-in polymorphic 
SimulatePrecision 

Managed via 
FakeQuantize modules 

Implemented via 
custom JAX primitives 

Primary Optimization Polymorphic BPTT & 
Native Target 
Propagation 

Native Autograd 
(Reverse-mode AD) 

Functional Reverse & 
Forward mode AD 

Target Propagation First-class native 
sub-system integration 

Requires extensive 
custom class overrides 

High research support 
via custom logic flows 

GPU Acceleration WebGPU 
(Cross-platform, Edge 
& Browser) 

CUDA, ROCm, Metal 
(Vendor specific) 

TPU, CUDA, ROCm 
(Heavy compiler 
reliance) 

Structural Analysis Topological DNA 
Engine & Logic Shifts 

Standard 
dictionary/parameter 

Standard 
dictionary/parameter 



hashing hashing 
Deployment Footprint Single executable 

binary, Zero 
Dependencies 

Large runtime (PyTorch 
+ CUDA variables) 

Large runtime (JAX + 
XLA toolchains) 

Comparative Industry Analysis: Loom versus the 
Golang Ecosystem (2026) 
While Python dominates theoretical research, Go (Golang) remains the undisputed language of 
cloud-native infrastructure, powering Kubernetes, Docker, and massive distributed 
microservices.42 The demand to integrate machine learning natively into these Go 
systems—without the latency of REST APIs to Python sidecars or the nightmare of CGO 
(C-bindings) compilation—has driven the development of several Go-native AI frameworks.43 

Legacy Systems: Gorgonia and GoLearn 

Early iterations of Go machine learning were defined by libraries like GoLearn and Gorgonia.45 
GoLearn provided a "batteries-included" approach similar to Scikit-learn, excelling at classical 
ML tasks (regression, decision trees) but possessing zero capability for deep neural networks.46 
Gorgonia was highly ambitious, functioning as a graph-based computation engine 
conceptually mirroring early Theano or TensorFlow. It supported automatic and symbolic 
differentiation.48 However, by 2026, Gorgonia is largely considered abandoned by the 
community. It lacks support for modern architecture primitives—such as Multi-Head Attention, 
Rotary Positional Embeddings (RoPE), and SwiGLU activations—and relies heavily on CGO for 
CUDA acceleration, breaking the pure-Go deployment model.48 

Modern Contenders: GoMLX and Born ML 

Modern alternatives have emerged to fill the void. GoMLX provides sophisticated Go bindings 
to OpenXLA, effectively granting Go access to JAX-like TPU and GPU acceleration.45 While 
powerful enough to run modern LLMs like Gemma, GoMLX remains dependent on the massive 
C++ OpenXLA toolchain, violating the desired "single binary" philosophy of Go development.45 

Born ML, released in late 2025, represents the closest ideological competitor to Loom. It is a 
pure Go deep learning framework that completely eschews CGO, utilizing WebGPU for 
massive acceleration (achieving >123x speedups over pure CPU execution).42 Born ML natively 
supports modern LLM components, including Transformers, Grouped Query Attention (GQA), 
KV-Caching, and SwiGLU.42 

However, despite its impressive engineering, Born ML adheres strictly to traditional neural 
network paradigms. It utilizes standard sequential layer stacks and relies entirely on standard 
backpropagation via automatic differentiation.42 Loom extends significantly beyond the 
capabilities of Born ML by introducing the 3D Volumetric topology for spatial routing, 
implementing Systolic Grid propagation, supporting extreme sub-byte quantization (21 types 



vs Born ML's standard precisions), and pioneering alternative biological learning algorithms via 
TargetProp.1 

Feature Comparison: Loom vs. Golang AI Ecosystem 

Framework 
Feature 

Loom 
(M-POLY-VTD) 

Born ML GoMLX Gorgonia 
(Legacy) 

Core 
Architecture 
Logic 

3D Spatial Grid 
(Volumetric 
Coordinate 
routing) 

1D Sequential 
Module Stacks 

1D Sequential 
Computation 
Graphs 

Static Graph 
(Theano/TF1 style) 

Compute 
Backend 

Pure Go + 
WebGPU (Zero 
CGO) 

Pure Go + 
WebGPU (Zero 
CGO) 

OpenXLA (Heavy 
C++ bindings) 

CGO / CUDA (C++ 
bindings) 

Modern LLM 
Topology 

MHA, SwiGLU, 
RMSNorm, RoPE 

MHA, GQA, 
SwiGLU, 
KV-Cache, 
RMSNorm 

Gemma Support / 
ONNX translation 

None (Basic 
perceptrons/CNNs 
only) 

Quantization 
Spectrum 

21 Types (FP64 
down to Binary 
1-bit) 

Standard 
(FP32/FP16) 

Standard (Dictated 
by XLA compiler) 

FP32 / FP64 only 

Optimization 
Engine 

Backprop (BPTT) + 
Native Target 
Propagation 

Automatic 
Differentiation 
(Autograd) 

Automatic 
Differentiation via 
XLA 

Symbolic & 
Automatic 
Differentiation 

Non-Standard 
Layers 

Native 
Differentiable 
K-Means 
Clustering 

Requires external 
custom 
implementation 

Requires external 
custom 
implementation 

Requires external 
custom 
implementation 

System 
Telemetry 

Advanced 
Window-based 
Adaptation 
Tracking 

Standard terminal 
logging 

Standard terminal 
logging 

Standard terminal 
logging 

Strategic Outlook and Conclusions 
The Loom M-POLY-VTD architecture represents a radical divergence from the established 
norms of deep learning engineering in 2026. By replacing the 1D computational graph with a 
cycle-accurate 3D Volumetric Grid, the framework physically maps neural structures in a 
manner that accommodates advanced biological routing concepts, such as spatial hopping 
and systolic parallelism. Its exhaustive 21-type polymorphism and simulated precision 
mechanisms confront the hardware memory bandwidth crisis directly, allowing dynamic, 
on-the-fly quantization down to 1-bit precision without requiring structural memory 
reallocation. 



Crucially, Loom transcends the boundaries of a standard inference engine to establish itself as 
a highly experimental research bedrock. The inclusion of Neural Target Propagation breaks the 
industry's reliance on mathematically rigid, synchronous backpropagation. By estimating 
localized targets and executing independent Hebbian updates, Loom provides a 
mathematically viable path for continuous, asynchronous training on power-constrained edge 
hardware. 
Complemented by the DNA Engine's topological signature matching, robust native 
tokenization, and pure-Go WebGPU hardware acceleration, Loom provides a self-contained, 
enterprise-grade ecosystem. It vastly surpasses the limitations of legacy Go frameworks like 
Gorgonia, matches the operational deployment efficiency of modern libraries like Born ML, and 
introduces architectural innovations previously reserved for experimental Python and JAX 
research environments. As the demand for edge-first, offline, and wearable AI deployment 
dictates increasingly extreme quantization and absolute hardware autonomy, the volumetric 
and polymorphic principles demonstrated by the Loom architecture establish a formidable, 
production-ready blueprint for the post-backpropagation era. 

Works cited 

1.​ loom_code_poly.docx 
2.​ Ensemble learning with 3D convolutional neural networks for functional 

connectome-based prediction - PMC, accessed March 12, 2026, 
https://pmc.ncbi.nlm.nih.gov/articles/PMC6777738/ 

3.​ Neural network (machine learning) - Wikipedia, accessed March 12, 2026, 
https://en.wikipedia.org/wiki/Neural_network_(machine_learning) 

4.​ Deep Learning in Practice: A Technical Comparison of PyTorch and JAX - 
Medium, accessed March 12, 2026, 
https://medium.com/@nijesh-kanjinghat/deep-learning-in-practice-a-technical-c
omparison-of-pytorch-and-jax-6458a115dcde 

5.​ torch.nn — PyTorch 2.10 documentation, accessed March 12, 2026, 
https://docs.pytorch.org/docs/stable/nn.html 

6.​ [D] Alternatives to Backpropagation : r/MachineLearning - Reddit, accessed 
March 12, 2026, 
https://www.reddit.com/r/MachineLearning/comments/cwk1gf/d_alternatives_to_
backpropagation/ 

7.​ How Modern LLMs Understand Context: Inside RMSNorm, SwiGLU, RoPE & 
Next-Gen Attention | by Vishal Lakshmi Narayanan | Medium, accessed March 12, 
2026, 
https://medium.com/@lvishal1607/how-modern-llms-understand-context-inside-
rmsnorm-swiglu-rope-next-gen-attention-3b3eea7789db 

8.​ I benchmarked 1 bit models on CPU and the results surprised me : r/LocalLLaMA - 
Reddit, accessed March 12, 2026, 
https://www.reddit.com/r/LocalLLaMA/comments/1r2ez9c/i_benchmarked_1_bit_
models_on_cpu_and_the_results/ 

9.​ Quantization-Aware Training (QAT): A step-by-step guide with PyTorch | 

https://pmc.ncbi.nlm.nih.gov/articles/PMC6777738/
https://en.wikipedia.org/wiki/Neural_network_(machine_learning)
https://medium.com/@nijesh-kanjinghat/deep-learning-in-practice-a-technical-comparison-of-pytorch-and-jax-6458a115dcde
https://medium.com/@nijesh-kanjinghat/deep-learning-in-practice-a-technical-comparison-of-pytorch-and-jax-6458a115dcde
https://docs.pytorch.org/docs/stable/nn.html
https://www.reddit.com/r/MachineLearning/comments/cwk1gf/d_alternatives_to_backpropagation/
https://www.reddit.com/r/MachineLearning/comments/cwk1gf/d_alternatives_to_backpropagation/
https://medium.com/@lvishal1607/how-modern-llms-understand-context-inside-rmsnorm-swiglu-rope-next-gen-attention-3b3eea7789db
https://medium.com/@lvishal1607/how-modern-llms-understand-context-inside-rmsnorm-swiglu-rope-next-gen-attention-3b3eea7789db
https://www.reddit.com/r/LocalLLaMA/comments/1r2ez9c/i_benchmarked_1_bit_models_on_cpu_and_the_results/
https://www.reddit.com/r/LocalLLaMA/comments/1r2ez9c/i_benchmarked_1_bit_models_on_cpu_and_the_results/


Generative-AI, accessed March 12, 2026, 
https://wandb.ai/byyoung3/Generative-AI/reports/Quantization-Aware-Training-Q
AT-A-step-by-step-guide-with-PyTorch--VmlldzoxMTk2NTY2Mw 

10.​Welcome to the torchao Documentation, accessed March 12, 2026, 
https://docs.pytorch.org/ao/ 

11.​Mapping Systolic Arrays Onto 3D Circuit Structures: Accelerating Convolutional 
Neural Network Inference - Harvard University, accessed March 12, 2026, 
https://www.eecs.harvard.edu/~htk/publication/2018-sips-kung-mcdanel-zhang.p
df 

12.​Energy-Efficient Dataflow Design for Monolithic 3D Systolic Arrays with Resistive 
RAM - Boston University, accessed March 12, 2026, 
https://www.bu.edu/peaclab/files/2024/10/IGSC2024_WS_Mono3D_Cameraready.
pdf 

13.​NEURAL NETWORKS AND SYSTOLIC ARRAYS: MODELS AND INTEGRATIONS - 
World Scientific Publishing, accessed March 12, 2026, 
https://www.worldscientific.com/doi/pdf/10.1142/9789812778086_0001?download
=true 

14.​FireFly: A High-Throughput Hardware Accelerator for Spiking Neural Networks 
with Efficient DSP and Memory Optimization - arXiv, accessed March 12, 2026, 
https://arxiv.org/pdf/2301.01905 

15.​FangTianSim: High-Level Cycle-Accurate Resistive Random-Access 
Memory-Based Multi-Core Spiking Neural Network Processor Simulator - PMC, 
accessed March 12, 2026, https://pmc.ncbi.nlm.nih.gov/articles/PMC8811373/ 

16.​[2406.16062] Towards Biologically Plausible Computing: A Comprehensive 
Comparison - arXiv.org, accessed March 12, 2026, 
https://arxiv.org/abs/2406.16062 

17.​Towards New Generation, Biologically Plausible Deep Neural Network Learning - 
MDPI, accessed March 12, 2026, https://www.mdpi.com/2413-4155/4/4/46 

18.​Target Propagation in Recurrent Neural Networks, accessed March 12, 2026, 
https://jmlr.org/papers/v21/18-141.html 

19.​NOPROP: Training Neural Networks Without Back-Propagation (March 2025) - 
YouTube, accessed March 12, 2026, 
https://www.youtube.com/watch?v=dlj07gRjxo0 

20.​Forward Target Propagation: A Forward-Only Approach to Global Error Credit 
Assignment via Local Losses - arXiv.org, accessed March 12, 2026, 
https://arxiv.org/html/2506.11030v1 

21.​NoProp: Training Neural Networks without Full Back-propagation or Full 
Forward-propagation - arXiv, accessed March 12, 2026, 
https://arxiv.org/html/2503.24322v2 

22.​Effective methods and framework for energy-based local learning of deep neural 
networks, accessed March 12, 2026, 
https://pmc.ncbi.nlm.nih.gov/articles/PMC12418518/ 

23.​Deep Learning with Topological Signatures - NIPS, accessed March 12, 2026, 
http://papers.neurips.cc/paper/6761-deep-learning-with-topological-signatures.p
df 

https://wandb.ai/byyoung3/Generative-AI/reports/Quantization-Aware-Training-QAT-A-step-by-step-guide-with-PyTorch--VmlldzoxMTk2NTY2Mw
https://wandb.ai/byyoung3/Generative-AI/reports/Quantization-Aware-Training-QAT-A-step-by-step-guide-with-PyTorch--VmlldzoxMTk2NTY2Mw
https://docs.pytorch.org/ao/
https://www.eecs.harvard.edu/~htk/publication/2018-sips-kung-mcdanel-zhang.pdf
https://www.eecs.harvard.edu/~htk/publication/2018-sips-kung-mcdanel-zhang.pdf
https://www.bu.edu/peaclab/files/2024/10/IGSC2024_WS_Mono3D_Cameraready.pdf
https://www.bu.edu/peaclab/files/2024/10/IGSC2024_WS_Mono3D_Cameraready.pdf
https://www.worldscientific.com/doi/pdf/10.1142/9789812778086_0001?download=true
https://www.worldscientific.com/doi/pdf/10.1142/9789812778086_0001?download=true
https://arxiv.org/pdf/2301.01905
https://pmc.ncbi.nlm.nih.gov/articles/PMC8811373/
https://arxiv.org/abs/2406.16062
https://www.mdpi.com/2413-4155/4/4/46
https://jmlr.org/papers/v21/18-141.html
https://www.youtube.com/watch?v=dlj07gRjxo0
https://arxiv.org/html/2506.11030v1
https://arxiv.org/html/2503.24322v2
https://pmc.ncbi.nlm.nih.gov/articles/PMC12418518/
http://papers.neurips.cc/paper/6761-deep-learning-with-topological-signatures.pdf
http://papers.neurips.cc/paper/6761-deep-learning-with-topological-signatures.pdf


24.​Topological Deep Learning: An Emerging Paradigm in Data Science - SIAM, 
accessed March 12, 2026, 
https://www.siam.org/publications/siam-news/articles/topological-deep-learning-
an-emerging-paradigm-in-data-science/ 

25.​A Survey of Topological Machine Learning Methods - Frontiers, accessed March 
12, 2026, 
https://www.frontiersin.org/journals/artificial-intelligence/articles/10.3389/frai.2021
.681108/full 

26.​GPU Acceleration in Browsers: WebGPU Performance Benchmarks and 
Real-World Applications - Mayhemcode, accessed March 12, 2026, 
https://www.mayhemcode.com/2025/12/gpu-acceleration-in-browsers-webgpu.
html 

27.​WebGPU in 2025: The Complete Developer's Guide - DEV Community, accessed 
March 12, 2026, 
https://dev.to/amaresh_adak/webgpu-in-2025-the-complete-developers-guide-3
foh 

28.​WebGPU vs. WebGL: Performance Benchmarks for Client-Side Inference - 
SitePoint, accessed March 12, 2026, 
https://www.sitepoint.com/webgpu-vs-webgl-inference-benchmarks/ 

29.​WebGPU bugs are holding back the browser AI revolution | by Marcelo Emmerich 
| Medium, accessed March 12, 2026, 
https://medium.com/@marcelo.emmerich/webgpu-bugs-are-holding-back-the-b
rowser-ai-revolution-27d5f8c1dfca 

30.​The undetected support of timestamp-query extension when using WebGPU 
backend · Issue #6691 · tensorflow/tfjs - GitHub, accessed March 12, 2026, 
https://github.com/tensorflow/tfjs/issues/6691 

31.​Best AI Agent Frameworks for 2026 - Airbyte, accessed March 12, 2026, 
https://airbyte.com/agentic-data/best-ai-agent-frameworks-2026 

32.​Why Python still dominates in 2026 despite performance criticisms - Reddit, 
accessed March 12, 2026, 
https://www.reddit.com/r/Python/comments/1ra2yt2/why_python_still_dominates
_in_2026_despite/ 

33.​GitHub - microsoft/BitNet: Official inference framework for 1-bit LLMs, accessed 
March 12, 2026, https://github.com/microsoft/BitNet 

34.​Quantization-Aware Training in TorchAO (II) - PyTorch, accessed March 12, 2026, 
https://pytorch.org/blog/quantization-aware-training-in-torchao-ii/ 

35.​GitHub - pytorch/ao: PyTorch native quantization and sparsity for training and 
inference, accessed March 12, 2026, https://github.com/pytorch/ao 

36.​Quantization Overview — torchao 0.16 documentation, accessed March 12, 2026, 
https://docs.pytorch.org/ao/stable/contributing/quantization_overview.html 

37.​PyTorch vs. JAX - Medium, accessed March 12, 2026, 
https://medium.com/@heyamit10/pytorch-vs-jax-18f49a471184 

38.​JAX: High performance array computing — JAX documentation, accessed March 
12, 2026, https://jax.dev/ 

39.​Beyond backpropagation: JAX's symbolic power unlocks new frontiers in 

https://www.siam.org/publications/siam-news/articles/topological-deep-learning-an-emerging-paradigm-in-data-science/
https://www.siam.org/publications/siam-news/articles/topological-deep-learning-an-emerging-paradigm-in-data-science/
https://www.frontiersin.org/journals/artificial-intelligence/articles/10.3389/frai.2021.681108/full
https://www.frontiersin.org/journals/artificial-intelligence/articles/10.3389/frai.2021.681108/full
https://www.mayhemcode.com/2025/12/gpu-acceleration-in-browsers-webgpu.html
https://www.mayhemcode.com/2025/12/gpu-acceleration-in-browsers-webgpu.html
https://dev.to/amaresh_adak/webgpu-in-2025-the-complete-developers-guide-3foh
https://dev.to/amaresh_adak/webgpu-in-2025-the-complete-developers-guide-3foh
https://www.sitepoint.com/webgpu-vs-webgl-inference-benchmarks/
https://medium.com/@marcelo.emmerich/webgpu-bugs-are-holding-back-the-browser-ai-revolution-27d5f8c1dfca
https://medium.com/@marcelo.emmerich/webgpu-bugs-are-holding-back-the-browser-ai-revolution-27d5f8c1dfca
https://github.com/tensorflow/tfjs/issues/6691
https://airbyte.com/agentic-data/best-ai-agent-frameworks-2026
https://www.reddit.com/r/Python/comments/1ra2yt2/why_python_still_dominates_in_2026_despite/
https://www.reddit.com/r/Python/comments/1ra2yt2/why_python_still_dominates_in_2026_despite/
https://github.com/microsoft/BitNet
https://pytorch.org/blog/quantization-aware-training-in-torchao-ii/
https://github.com/pytorch/ao
https://docs.pytorch.org/ao/stable/contributing/quantization_overview.html
https://medium.com/@heyamit10/pytorch-vs-jax-18f49a471184
https://jax.dev/


scientific computing - Google Developers Blog, accessed March 12, 2026, 
https://developers.googleblog.com/jax-symbolic-power-unlocks-new-frontiers-i
n-scientific-computing/ 

40.​PC: Scaling Predictive Coding to 100+ Layer Networks - arXiv, accessed March 12, 
2026, https://arxiv.org/html/2505.13124v1 

41.​Language modeling with Jax and RNNs - Random Projections, accessed March 
12, 2026, https://svenschmit.com/jax-language-model-rnn 

42.​I Skipped My Birthday to Give Go Its First Real ML Framework - DEV Community, 
accessed March 12, 2026, 
https://dev.to/kolkov/i-skipped-my-birthday-to-give-go-its-first-real-ml-framewo
rk-13gj 

43.​GOLANG VS PYTHON 2026—Which Programming Language Wins? - Doomshell, 
accessed March 12, 2026, 
https://www.doomshell.com/blog/golang-vs-python-2026/ 

44.​I Read “Why I'll Never Use Golang for ML Again” — And Built a Framework to 
Prove It Wrong | by Andrey Kolkov | Medium, accessed March 12, 2026, 
https://medium.com/@kolkov/i-read-why-ill-never-use-golang-for-ml-again-and
-built-a-framework-to-prove-it-wrong-fccead625a79 

45.​Go in the AI/ML Landscape: A Practical Guide - Medium, accessed March 12, 
2026, 
https://medium.com/@vladimirvivien/go-in-the-ai-ml-landscape-a-practical-guid
e-d36d44f360d2 

46.​GoLearn: A Good Choice For Machine Learning - Open Source For You, accessed 
March 12, 2026, 
https://www.opensourceforu.com/2025/05/golearn-a-good-choice-for-machine-
learning/ 

47.​Golang vs Python for AI & Machine Learning: Which One is Better in 2025? - 
Rubyroid Labs, accessed March 12, 2026, 
https://rubyroidlabs.com/blog/2025/05/golang-vs-python-ai-machine-learning/ 

48.​gorgonia/gorgonia: Gorgonia is a library that helps facilitate ... - GitHub, accessed 
March 12, 2026, https://github.com/gorgonia/gorgonia 

49.​Are golang ML frameworks all dead - Reddit, accessed March 12, 2026, 
https://www.reddit.com/r/golang/comments/1gfi902/are_golang_ml_frameworks_
all_dead/ 

50.​Why Machine Learning in Go Struggles — and Why I'm Not Giving Up | by Davide 
Marro, accessed March 12, 2026, 
https://levelup.gitconnected.com/why-machine-learning-in-go-struggles-and-wh
y-im-not-giving-up-46158452d0d0 

51.​Born ML - GitHub, accessed March 12, 2026, https://github.com/born-ml 
52.​born-ml/born: Production-ready ML framework for Go with ... - GitHub, accessed 

March 12, 2026, https://github.com/born-ml/born 

https://developers.googleblog.com/jax-symbolic-power-unlocks-new-frontiers-in-scientific-computing/
https://developers.googleblog.com/jax-symbolic-power-unlocks-new-frontiers-in-scientific-computing/
https://arxiv.org/html/2505.13124v1
https://svenschmit.com/jax-language-model-rnn
https://dev.to/kolkov/i-skipped-my-birthday-to-give-go-its-first-real-ml-framework-13gj
https://dev.to/kolkov/i-skipped-my-birthday-to-give-go-its-first-real-ml-framework-13gj
https://www.doomshell.com/blog/golang-vs-python-2026/
https://medium.com/@kolkov/i-read-why-ill-never-use-golang-for-ml-again-and-built-a-framework-to-prove-it-wrong-fccead625a79
https://medium.com/@kolkov/i-read-why-ill-never-use-golang-for-ml-again-and-built-a-framework-to-prove-it-wrong-fccead625a79
https://medium.com/@vladimirvivien/go-in-the-ai-ml-landscape-a-practical-guide-d36d44f360d2
https://medium.com/@vladimirvivien/go-in-the-ai-ml-landscape-a-practical-guide-d36d44f360d2
https://www.opensourceforu.com/2025/05/golearn-a-good-choice-for-machine-learning/
https://www.opensourceforu.com/2025/05/golearn-a-good-choice-for-machine-learning/
https://rubyroidlabs.com/blog/2025/05/golang-vs-python-ai-machine-learning/
https://github.com/gorgonia/gorgonia
https://www.reddit.com/r/golang/comments/1gfi902/are_golang_ml_frameworks_all_dead/
https://www.reddit.com/r/golang/comments/1gfi902/are_golang_ml_frameworks_all_dead/
https://levelup.gitconnected.com/why-machine-learning-in-go-struggles-and-why-im-not-giving-up-46158452d0d0
https://levelup.gitconnected.com/why-machine-learning-in-go-struggles-and-why-im-not-giving-up-46158452d0d0
https://github.com/born-ml
https://github.com/born-ml/born

	M-POLY-VTD: The Loom Architecture and the Paradigm Shift in Volumetric Neural Dispatch 
	The Paradigm Shift: Volumetric Tensor Dispatch (VTD) 
	Three-Dimensional Geometric Addressing 
	Dynamic Branching and Polymorphic Routing 

	Multi-Numerical Polymorphism (M-POLY) 
	The WeightStore Engine and Dynamic Metamorphosis 
	Hardware Emulation via Precision Simulation 

	Systolic Grid Propagation: The Discrete-Time Neural Mesh 
	Simulating Application-Specific Hardware 
	Double Buffering and Race Condition Mitigation 

	Neural Target Propagation (TargetProp) 
	Bypassing the Chain Rule 
	Gap-Based Hebbian Optimization 

	The Topological DNA Engine: Structural Fingerprinting 
	Generating Layer Signatures 
	Identifying Logic Shifts 

	Native WebGPU Acceleration and Hardware-Aware Tiling 
	Dynamic L1/L2 Cache Tiling 
	WGSL Shader Workgroup Optimization 

	Sub-System Autonomy: Tokenization, Ensembling, and Telemetry 
	Native BPE Tokenization 
	Mathematical Ensembling and Clustering 
	Microsecond Telemetry and Adaptation Tracking 

	Comparative Industry Analysis: Loom versus the Python Ecosystem (2026) 
	PyTorch and TorchAO 
	JAX and Symbolic Execution 
	Feature Comparison: Loom vs. Python Industry Standards 

	Comparative Industry Analysis: Loom versus the Golang Ecosystem (2026) 
	Legacy Systems: Gorgonia and GoLearn 
	Modern Contenders: GoMLX and Born ML 
	Feature Comparison: Loom vs. Golang AI Ecosystem 

	Strategic Outlook and Conclusions 
	Works cited 



