Architectural Analysis of the Loom
Neural Virtual Machine v0.80:
Ecosystem Integration, Planet Bridging,
and the ENTITY Topology Serialization

Executive Summary of the v0.80 “Native Ship"
Architecture

The release of the Loom artificial intelligence engine version 0.80.0, internally designated as the
“Native Ship" update, establishes a fundamental paradigm shift in deterministic neural
computation.' Diverging aggressively from conventional, highly coupled machine learning
frameworks, Loom v0.80 operates as a deterministic neural virtual machine engineered entirely
in pure Go, eliminating all CGO dependencies.’ This architectural independence enables the
engine to execute bit-perfect, cross-platform neural inference and training on disparate
hardware architectures—spanning Apple Silicon, Intel, AMD, NVIDIA, and Qualcomm
Snapdragon processors—without relying on proprietary vendor software development kits
such as CUDA or oneDNN.?

At the core of Loom v0.80 is the Multi-numerical POLYmorphic Volumetric Tiled-tensor
Dispatcher, referred to as the M-POLY-VTD engine." The v0.80 iteration introduces three major
technological advancements that redefine how neural architectures are managed, serialized,
and integrated across the broader artificial intelligence ecosystem. First, the formalization of
the Planet Bridging framework serves as a bidirectional interoperability hub, autonomously
absorbing neural networks natively trained in external engines—specifically JAX, PyTorch,
TensorFlow/Keras, and scikit-learn—into the deterministic Loom runtime.! Second, the
deployment of the native ENTITY (.entity) binary checkpoint format resolves the topological
limitations of legacy file structures like Hugging Face SafeTensors, allowing entire volumetric
computational graphs, recursive branches, and mixed-precision weights to be stored in a
single, rigorously structured payload.” Third, the transition to the WebGPU v1.0.4 backend
(wgpu-native v29) establishes a unified, cross-platform hardware acceleration pipeline utilizing
WebGPU Shading Language (WGSL) compute shaders, ensuring that operations maintain
mathematical determinism down to the microsecond.’

This comprehensive analysis provides an exhaustive deconstruction of the Loom v0.80
ecosystem. It deeply unpacks the mechanics of Planet Bridging and the absorption of the four
major artificial intelligence engines, thoroughly dissects the ENTITY format and its associated
hardware-level quantization caching routines, and evaluates the M-POLY-VTD architecture in
direct comparison to incumbent machine learning frameworks.



Loom vs. Incumbent Al Engines: The Hub and the
Planets Paradigm

The contemporary machine learning ecosystem is highly fragmented and characterized by
severe vendor and architectural lock-in. Major frameworks such as PyTorch, TensorFlow, JAX,
ONNX Runtime, llama.cpp, and CoreML operate as isolated "planets”.! Each of these planetary
ecosystems utilizes proprietary operator dialects, bespoke memory management models, and
restrictive file formats, such as PyTorch's Pickle-based .pt, TensorFlow's SavedModel, or
llama.cpp's GGUF.! Consequently, deploying a neural model across varied hardware often
requires destructive, lossy conversion processes that erode mathematical precision and bind

the computational graph to a single inference engine or cloud provider.?

The Bidirectional Hub Philosophy

Loom reconceptualizes the artificial intelligence ecosystem by positioning itself as a
bidirectional integration hub." Rather than forcing researchers and developers into a
single-framework pipeline, the architecture allows models to flow into its deterministic virtual
machine via streaming or file imports, execute within its rigorously controlled runtime, and
eventually export to standard deployment formats.

When comparing Loom to traditional artificial intelligence engines, several structural and
philosophical divergences become immediately apparent. Foremost is the principle of
codebase independence. Frameworks like PyTorch and ONNX Runtime rely heavily on massive
C and C++ backends bound to Python via complex Foreign Function Interfaces.' Loom is
written entirely in pure Go, ensuring absolute zero CGO dependency. This design eliminates
the notorious environment dependency conflicts inherent to Python and allows the entire
runtime to be compiled into lightweight, highly portable binaries or WebAssembly modules
capable of executing natively in browsers or on edge devices.?

Furthermore, Loom abandons the traditional directed acyclic graph architecture utilized by
TensorFlow and PyTorch. Standard engines treat neural networks as sequential layer stacks.
Loom conceptualizes networks as four-dimensional volumetric arrays indexed by spatial
coordinates.’ This geometric grid design allows for complex non-linear topologies, deeply
nested parallel sub-networks, and biological-style spatial feedback loops that represent a
fundamental departure from traditional sequential processing.’

Native Operator Mapping and Universal Polymorphism

To function effectively as a hub, Loom's internal operators must flawlessly mirror the dialects of
external engines. The engine avoids creating proprietary operators, instead implementing
highly optimized equivalents of standard mathematical functions.

Loom Volumetric Layer External Engine Dialect Equivalent
(PyTorch, TF, JAX)



LayerDense Linear, MatMul, Gemm, Dense

LayerCNN1/CNN2/CNN3 Conv1d, Conv2d, Conv3d
LayerMultiHeadAttention MultiHeadAttention, Attention, GQA
LayerLSTM / LayerRNN Recurrent cells, LSTMCell, RNNCell
LayerEmbedding Embedding, Gather

Table 1: Mapping of Loom Volumetric Layers to external framework dialects.’

Traditional engines typically require distinct computational paths and memory structures for
different numerical precisions. For instance, executing a model in INT8 on PyTorch often
requires completely different operator nodes than executing in FP32, necessitating complex
fake-quantization graph injections.®> Loom layers are inherently polymorphic; a single layer can
fluidly morph its numerical representation across 21 distinct data types at runtime while
retaining a pristine, high-precision master copy for backpropagation.’ This allows different
spatial coordinates within the same network to operate at disparate precisions simultaneously,
such as running a reasoning node in Float1é while an embedding lookup executes in a 2-bit
format.’

Planet Bridging: Assimilating the Four Major Engines

The Planet Bridging framework is the architectural mechanism through which Loom
autonomously absorbs computational graphs from external ecosystems. Reaching completion
for all standard volumetric layer types in version 0.5.0, the framework establishes a continuous,
parallel pipeline translating JAX, PyTorch, TensorFlow/Keras, and scikit-learn models directly
into Loom execution environments.’

In-Memory Streaming and Deterministic Validation

Unlike traditional file-based model converters that rely on intermediate representation
languages like ONNX, Planet Bridging relies on live, in-memory weight streaming.! While a
model trains or initializes within its native "planet," a Python-side extractor traverses the active
module tree.! The weights are serialized into a heavily structured JSON layer stream and sent
via a REST APl endpoint to the Loom engine.' Loom intercepts this continuous stream,
dynamically mapping the native framework's tensor shapes and operator dialects to its internal
volumetric structures, ultimately writing the active graph to a .stream.entity file.'

This approach guarantees that the exact mathematical execution state of the foreign engine is
perfectly mirrored in Loom. To definitively prove this fidelity, the Planet Bridging validation suite



executes identical input activation vectors across both the source engine and the Loom virtual
machine, calculating the maximum absolute divergence between the two outputs.

The Bedrock Parity Metrics

The integration has been rigorously benchmarked against a series of foundational tests known

as "bedrocks." The empirical verification metrics provided in the bridging comparison suite
demonstrate the extreme precision of the Loom virtual machine when absorbing these
disparate frameworks.

Bedrock Source Engine = Loom Layer Max Absolute Parity Status
Fixture Configuration Difference

dense_bedroc = JAX Linear 16 to 4 1.788 x 10~ 7 PASS (FP32
k v2 Noise)
dense_bedroc PyTorch Linear 16 to 4 2.384 x 10~7 PASS (FP32
k v2 Noise)
dense_bedroc scikit-learn Linear 16 to 4 1.135 x 10~7 PASS (FP32
k v2 Noise)
dense_bedroc  TensorFlow Dense 16 to 4 2.384 x 10~7 PASS(FP32
k v2 (Keras) Noise)
cnn2_bedrock_ = PyTorch Conv2D 16 to 4 5.364 x 10~7 PASS (FP32
v1 Noise)
mha_bedrock_ = JAX MHA 16/2/8 3.576 x 10~7 PASS (FP32
v1 Noise)
Istm_bedrock PyTorch LSTM Cell 3.725 x 109 PASS (FP32
v1 Noise)
embedding_be  All Four Token Lookup 0.000 x 10° EXACT
drock Engines Table

Table 2: Planet Bridging validation metrics demonstrating absorption fidelity across the four

major Al engines.’

In every standard bedrock test—from simple multi-layer perceptrons to multi-head attention
and recurrent memory cells—the discrepancies between the native framework and Loom are



confined strictly to standard |IEEE 754 float32 rounding noise, successfully securing the
required passing conditions.! Notably, the embedding bedrock tests yielded exact
mathematical parity across JAX, PyTorch, and TensorFlow, definitively proving the integrity of
Loom's memory lookup and activation mechanisms.”

The Mixer Integration and Deep Topologies

To validate the integration of complex, highly nested computational graphs, the Planet Bridging
project utilizes advanced integration stacks. The mixer_all_v2 pipeline represents the pinnacle
of this validation, integrating 16 sequential layers spanning 12 distinct topological types. The
data flow dictates execution through a three-dimensional convolutional layer, into a dense
projection, into two-dimensional and one-dimensional convolutions, followed by embedding
lookups, layer normalizations, multi-head attention, root mean square normalization, SwiGLU
feed-forward networks, and finally recurrent memory cells.’

When tested against JAX, PyTorch, and TensorFlow, the entire 16-layer stack successfully

propagated activations with a maximum drift of 4.795 x 107° . While this drift prevents
absolute bit-exactness, the minute accumulation of floating-point error over 16 distinct matrix
multiplications and non-linear normalizations proves the mathematical validity of the
M-POLY-VTD engine in absorbing deep, heterogeneous state machines from isolated
architectural planets.’

The Nine-Step Implementation Architecture

Bringing a layer type to operational status within the Planet Bridging framework requires a
rigorous nine-step implementation checklist.” First, a shared fixture and manifest must be
defined. Second, a Python bedrock script must clone the execution pattern across the Conda
engines. Third, the native pipeline must establish the code for native training and reporting.
Fourth, the system runs an export checkpoint comparison to guarantee that PyTorch ONNX
and TensorFlow SavedModel formats retain fidelity.' Fifth, a live weight extractor must
autonomously walk the module tree. Sixth, the JSON schema is extended to handle the specific
payloads for the new layer type. Seventh, the Go-side builder maps the JSON stream inputs to
the internal volumetric structures. Eighth, the operations for the .entity format are verified for
save and load integrity. Finally, the comparison host user interface is updated to display the
new analytical tab.

The M-POLY-VTD Engine: Multi-Numerical
Polymorphism

The multi-numerical architecture of Loom v0.80 serves as the foundational pillar for its
deployment efficiency. By integrating post-training quantization directly into the runtime
memory model rather than relying on external compilers, the engine achieves profound
optimizations in memory bandwidth and computational latency.



The 21 DTypes Hierarchy

Loom v0.80 natively dispatches both forward inference and backward gradient passes across
21 distinct numerical representations.’ This dynamic morphing is managed by the central
storage component attached to every volumetric layer.

DType Category Precision Formats Storage Size Compression
(Bytes per 1024 Ratio vs FP32
Weights)
High-Precision Float64, Inté4, 8192 0.5x (Inflation)
Uinté64
Standard Float32, Int32, 4096 1.0x (Baseline)

Uint32, Int16, Uint16

Optimized Float16, BFloat16, 1024 /2048 0.25x / 0.5x
Int8, Uint8

Low-Bit FPS8E4MS, 512 0.125x
FPBESM2, Int4,
Uint4, FP4

Extreme Low-Bit Int2, Uint2, Ternary, 1281256 0.0313x / 0.0625x
Binary

Table 3: The 21 supported numerical representations and their physical memory bandwidth
profiles.’

By utilizing the 1-bit DTypeBinary configuration, the Loom architecture achieves a theoretical
98.4% reduction in memory footprint compared to the standard precision baseline. This
compression effectively breaks the 192 gigabytes-per-second memory bandwidth wall that
traditionally stifles large language model inference on consumer-grade graphics processing
units.®

The WeightStore and Layer Metamorphosis

The polymorphic capability is driven by the WeightStore struct. This component retains a
continuous master array in 32-bit floating point, allocated with strict 64-byte boundaries to
enable advanced vector extensions and SIMD operations on the central processing unit." This
master array represents the unadulterated source of truth, meaning gradients are only ever
applied to the high-precision state.



When a layer's precision is altered via the Morph(dtype) function, the engine generates a
simulated, quantized copy stored within a cached versions map.' For standard integer types,
the formula applies the calculated absolute-maximum scalar factor. For sub-byte precisions like
Int4 or Binary, the values are computationally unpacked into standard bytes during active
memory caching to avoid bit-shifting overhead during the arithmetic dot-product loops. The
dense bit-packing logic into specific nibbles and bit-pairs happens exclusively during disk
serialization.’

Crucially, when the system executes a gradient update during backpropagation, the
ApplyGradients routine modifies the master array and immediately purges all cached low-bit
versions.' This lazy invalidation pattern guarantees that the layer never silently uses outdated
quantized weights, forcing a fresh, mathematically accurate re-quantization on the subsequent
forward pass."

Post-Training Quantization and Q4_0O Block Formats

For layers lacking a dedicated packed shader path on the GPU, Loom utilizes the
MorphToFloat32ForGPU routine.! This system executes a full quantize-and-dequantize
round-trip on the host processor before uploading the data. Consequently, the graphics card
executes standard floating-point shader arithmetic, but the data it receives possesses the
exact rounding degradation of the targeted low-bit precision.' This allows researchers to
accurately simulate post-training quantization fidelity without requiring specialized hardware
shaders for every conceivable numerical format.

For heavy computational workloads like dense transformations and SwiGLU gating, the engine
implements the highly robust Q4_0 block quantization format. Instead of calculating a single
scalar factor for an entire matrix—which frequently leads to catastrophic outlier
destruction—the Q4_0 format groups weights into microscopic 32-element blocks." Each block
contains its own independent 32-bit float scale and 16 bytes containing 32 packed 4-bit
nibbles.! This localized scaling maintains mathematical fidelity exceptionally close to the
high-precision master while still yielding an 8x reduction in required memory bandwidth.

Volumetric Tensor Dispatch and Spatial Routing

The spatial mechanics of the M-POLY-VTD engine represent a significant evolution over
sequential tensor processing. Loom evaluates a neural network not as a pipeline, but as a
three-dimensional geometric space where processing nodes operate based on localized
coordinates.”

The Dispatcher Jump-Table Pattern

A naive implementation of a polymorphic neural network would embed massive switch
statements deep inside the high-frequency execution loops, leading to severe thread
divergence on graphical processors and destroying performance. Loom separates these
concerns via the dispatcher jump-table pattern.' The functions DispatchLayer and
DispatchLayerBackward act as generic runtime routers.' They autonomously inspect the active



layer type and redirect execution to the precise, statically typed polymorphic function.

This decoupling of the grid traversal loop from the arithmetic execution makes future GPU
kernel fusion highly viable. Because the driver operates independently of the mathematical
instructions, it can inspect adjacent topological nodes in the volumetric space and pre-load the
next computational tile's weights into active memory while the current tile is still resolving its
calculations.’

Tiled Traversal and Coordinate Spatial Hopping

During execution, the runtime engine iterates through the geometric space following a reading
order loop: iterating through the depth axis (2), followed by rows (Y), columns (X), and finally
the nested layer index (L)." When the network is configured for tiled execution, the forward
polymorphic system blocks the spatial traversal into 4x4x4 spatial neighborhoods. This
drastically improves data locality, ensuring that physically adjacent layers maintain their weight
data warmly cached within the L2 and L3 layers of the physical processor.'

To enable complex architectural routing, every node in the grid possesses an IsRemoteLink
property.! When activated, the layer bypasses standard sequential data flow. Instead, it reads
the output activation directly from an explicit target coordinate located elsewhere in the
geometric grid.! This mechanism facilitates massive skip connections, multi-expert routing
where parallel branches read from a singular source, and intricate cross-depth signals that
form the backbone of modern residual architectures.’

The Step Mesh Engine and Biological Recurrence

Classical artificial intelligence engines execute inference as a single-shot forward pass. The
data enters the initial node and propagates sequentially until the final output is materialized.
The Loom v0.80 Step Mesh Engine treats the volumetric grid as a living, continuous mesh
governed by a discrete neural clock cycle.'

Clock-Cycle Double Buffering

Each "tick" of the neural clock fires every single layer in the three-dimensional grid
simultaneously.’ To prevent catastrophic thread race conditions during this massive concurrent
execution, the engine enforces strict double-buffering. Each layer calculates its state by
reading exclusively from the output buffers generated in the previous clock cycle,
subsequently writing its new state to a completely separate next-buffer.! Only after all
calculations conclude are the buffers mathematically swapped.

Because an activated remote link always targets the data from the previous neural tick rather
than the current instantaneous state, it creates genuine temporal recurrence. A layer located
deep in the grid can route a signal backwards to the input processing layers. The input layer will
subsequently utilize this feedback during the next clock cycle. This creates a discrete-time
equivalent of biological neural memory across the entire mesh.’

Neural Target Propagation and Hebbian Learning



Loom v0.80 addresses the severe computational constraints of standard Backpropagation
Through Time by integrating the Tween state—a highly optimized execution of Neural Target
Propagation.' Traditional backpropagation relies on continuous chain-rule calculus, which
demands massive memory reserves to store activation histories and suffers from vanishing
gradients across deeply nested architectural graphs. Tween offers a gap-based Hebbian
learning alternative that estimates idealized layer outputs without requiring exact derivatives.'
In the pure gap-based mode, the network abandons the chain rule. It estimates target
activations for localized layers by calculating weighted importance vectors based exclusively
on the layer's internal synaptic connections. The engine then utilizes a Link Budget algorithm,
computing the normalized cosine similarity between the actual layer output and the localized
target, to dynamically gate the weight updates.’ If the link budget registers below a strict
mathematical threshold, the synaptic update is forcefully bypassed.' This prevents the
introduction of corruptive noise into functional spatial nodes. This target propagation allows
Loom to perform continuous, asynchronous online learning on power-constrained edge
hardware without maintaining massive, volatile gradient tape histories.’

Topological Evolution: The DNA Engine and NEAT

The extreme architectural flexibility provided by the Volumetric Tensor Dispatcher is actively
exploited by Loom's internal DNA Engine and NeuroEvolution of Augmenting Topologies (NEAT)
framework." Standard comparison algorithms evaluate neural networks by measuring direct
weight matrices. This technique fails catastrophically when analyzing networks operating at
disparate precisions, as an integer representation cannot be directly compared to a
floating-point structure.

Layer Signatures and Logic Shift Detection

Loom resolves this limitation via Topological Fingerprinting. The ExtractDNA function traverses
the three-dimensional grid, applies the precise post-training quantization scalar factor to the
master weights, and generates an L2-normalized unit direction vector for every active layer.'
Because scalar magnitude is nullified by the normalization process, a high-precision float32
layer and its identically trained 8-bit integer counterpart will produce virtually identical unit
vectors, registering a cosine similarity nearing absolute 1.0."

This vectorization allows the engine to autonomously detect "Logic Shifts"." When comparing
two evolving network topologies, the system executes a cross-position best-match search. If a
distinct functional feature representation has migrated from one spatial coordinate to a
completely different coordinate over the course of training, the logic shift detector highlights
the migration, enabling researchers to track functional identity across severe structural
mutations.’

Genetic Splice and NEAT Structural Mutations

The engine supports full evolutionary algorithms through genetic crossover and structural
mutations. During a crossover event via the SpliceDNA command, the engine queries the



cosine similarities to modulate weight interpolation.” In the default "blend" mode, layers
exhibiting high cosine similarity blend their weights symmetrically. Conversely, divergent layers
dynamically bias the interpolation towards the parent network possessing the highest global
fitness score, ensuring that destructive topological conflicts are minimized.’

Coupled with the NEATMutate engine, the platform operates as a fully autonomous
architectural search environment. The mutation engine applies six distinct perturbations:
adding Gaussian noise to synaptic weights, randomly swapping activation functions, mutating
the specific layer type, toggling execution logic, inserting spatial skip connections, and
randomly dropping remote links." By applying these mutations to cloned populations and
evaluating them against specific fitness functions, Loom breeds highly optimized topological
structures over vast generational sweeps without human intervention.

The ENTITY (.entity) Checkpoint Architecture

The v0.80 update fundamentally resolves the checkpoint serialization dilemma via the
introduction of the ENTITY format, formally denoting "Every Numerical Type In Native
TopologY".! While legacy formats like Hugging Face's .safetensors provide excellent raw weight
extraction, they are inherently "flat" structures. They rely on string-based dictionary keys and
entirely lack the structural capacity to embed complex volumetric routing, parallel nested
branches, or mixed-precision per-layer quantizations directly into the file definition.’

Wire Layout and Compression Physics

The ENTITY format bridges this gap by unifying the architectural graph and the native-packed
weights into a single, highly compressed binary artifact.! The layout is engineered to bypass the
extreme serialization overhead of Base64 text parsing, which typically inflates standard JSON
persistence files by roughly 33 percent.’

The .entity file initiates with an 8-byte magic string, followed by a format version integer and a
flags variable reserved for future lossless Zstandard compression.' This is followed by a
length-prefixed JSON header detailing the complete network specification. Crucially, the
header includes the exact mathematical scalar factors calibrated during quantization, and an
index array mapping the spatial topological coordinates directly to raw byte offsets in the
binary payload.' The contiguous tail of the file contains the raw, bit-packed weight arrays,
entirely devoid of string representations.’

Serialization Weights on Embedded Mixed-Precisi Header Size
Format Disk Topology on Layer

Parsing
SafeTensors Raw HF Data None (Flat No Minimal

Types Dictionary)



Loom JSON Baseb4 Strings Full Volumetric Yes Massive

Grid
ENTITY (v1) Raw Native Full Volumetric Yes Moderate
Packing Grid

Table 4: Comparative analysis of neural serialization formats.'

Validation testing on the Lucy bedrock suites confirms that by eliminating the Baseé4
overhead, the ENTITY format achieves a stable average file size reduction of 27.6% compared
to Loom's JSON checkpoints, while maintaining strict byte-for-byte idempotency during
recursive save-and-load validation cycles.!

Deconstructing GPU Caching: entity_qg4.go

To fully comprehend the sophistication of the ENTITY implementation, an architectural
dissection of the entity_g4.go subsystem is required. This module governs the Q4_0 block
quantization handling for both disk storage and WebGPU execution.’

The alignment rules for the graphical processing unit are extremely stringent. The
PackQ4_OGPU function is responsible for converting raw high-precision data into quantized
structures, but it forces a minimum 512-word alignment to strictly conform to WebGPU storage
buffer alignment requisites.” Inside this function, groups of four 8-bit quantized weights are
aggressively merged into single 32-bit words using bitwise shift arithmetic.’

During the execution of binary serialization, an 8-byte header is dynamically allocated to record
the total number of scales and the count of packed weights. The floating-point scale values are
intercepted at the bit level using standard arithmetic libraries and appended to the byte slice in
Little-Endian byte order, ensuring cross-platform capability across varying processor
architectures.’

When loading a massive language model, the collectEntityQ4_OLayer routine automates the
separation of the transformer modules. For a multi-head attention object, it precisely extracts
and quantizes the query, key, value, and output projection matrices into distinct Q4_0 binary
blobs. Crucially, it intentionally isolates the sensitive auxiliary parameters—such as the
pre-attention normalization weights—into raw, uncompressed high-precision blobs.' This
selective mixed-precision strategy guarantees that normalization layers bypass aggressive
quantization, preventing catastrophic activation collapse during autoregressive inference.’
Upon deserialization, the system immediately establishes persistent GPU buffers utilizing strict
storage and copy-source usage flags, transferring the data to the VRAM for instantaneous
shader dispatch.”’

Hugging Face Citizenship and the 3D Unlock

Historically, Hugging Face language models acted merely as temporary "guests” within external



virtual machines; the model weights were instantiated in temporary memory but heavily
constrained by the rigid topology of the source architecture. Loom v0.80 changes this
paradigm entirely via the ImportHFToEntity application programming interface.' This API
intercepts standard .safetensors files and explicitly converts them into native .entity citizens.
This architectural transformation is termed the "3D Unlock." Once a large language model is
mapped into the volumetric network and saved as an ENTITY, it is no longer constrained to a
flat sequential stack.! Researchers can seamlessly manipulate the loaded file to introduce
parallel executing branches, weave spatial skip connections across deep transformer blocks,
graft entirely new sub-networks onto the base language model, or apply the aforementioned
topological mutation algorithms directly to the foundational weights.'

WebGPU Acceleration and Hardware Determinism

Achieving cross-platform hardware acceleration without relying on proprietary, vendor-locked
C libraries necessitates bypassing rigid software development kits like CUDA or TensorRT.
Loom v0.80 achieves universal hardware determinism by integrating the openfluke/webgpu
v1.0.4 package.' This implementation compiles highly optimized compute shaders dynamically
at runtime, deploying them against underlying Metal on macOS, Vulkan on Windows and Linux,
and DirectX 12 graphics pipelines.’

Command Fusion and VRAM Management

A critical bottleneck in standard GPU programming is the extreme overhead associated with
host-to-device synchronization calls. If a framework submits a separate command buffer for
every token generated across a massive transformer, the driver communication overhead
rapidly eclipses the actual mathematical execution time. The Loom WebGPU backend
mathematically negates this via the BeginFrame and FlushFrame command queuing pattern.’
Upon invoking the execution sequence, the engine establishes a singular, shared command
encoder. The entire computational sequence—encompassing the forward inference pass, the
dispatch of activation derivatives, Mean Squared Error partial loss accumulation, gradient
backpropagation, and localized synaptic updates—is mapped sequentially into the encoder via
continuous dispatch functions.! Once the entire neural topology has recorded its operations,
the system executes a single, monolithic submission to the VRAM.

This queuing architecture reduces driver communication overhead from hundreds of
round-trips per step down to a singular call. All intermediate multi-dimensional tensors are
retained natively on the physical GPU memory, reading back only highly condensed partial
scalar arrays for CPU monitoring.' Furthermore, the network dynamically detects optimal
tensor tile sizes based directly on the hardware's specific computational limits, oscillating fluidly
between single-core and multi-core mappings based on available register pressure.

BitNet Ternary CPU Paths

For edge deployments lacking sophisticated graphics hardware, Loom v0.80 implements a
highly specialized CPU path for BitNet b1.58-style ternary weights.' The target representation



utilizes absolute states of -1, 0, and +1. When active, the system utilizes packed 2-bit ternary
matrix-vector kernels that store 16 ternary weights per 32-bit unsigned integer.’

The dot-product loop consumes one word at a time via an unrolled, branchless decode
sequence, completely eliminating standard floating-point multiplication in favor of high-speed
addition and subtraction logic.' This ensures that even highly complex architectures can sustain
viable inference speeds on strictly power-constrained hardware processors.

Transformer Subsystem and Complex Layer
Mechanics

The execution rigor of the Loom architecture is exceptionally visible within localized operator
implementations and complex nesting trees. The framework supports infinite recursive depth
through its parallel and sequential container layers.

Nested Activation Trees

When executing a parallel layer, the engine fans the input tensor across every branch
simultaneously, utilizing combination modes such as element-wise addition, concatenation, or
"filter" modes that emulate soft Mixture of Experts (MoE) routing via learned gating weights.'
To make this arbitrary nesting fully mathematically differentiable, the system utilizes an
Activation Tree concept within the tensor structures. Each parallel branch produces its own
pre-activation tensor, which is collected and stored within a nested slice on the returned
master tensor.! During backpropagation, the gradient calculator recursively walks this nested
tree structure, ensuring every deeply buried sub-layer receives the exact cached
pre-activation state necessary to precisely compute its gradient without requiring external
memory bookkeeping.’

Multi-Head Attention and Softmax Variations

For language modeling, the engine handles extensive contemporary transformer constraints
internally. The LayerMultiHeadAttention element natively supports Rotary Positional Encodings
(RoPE), calculating angular rotations directly on the query and key projection phases to map
relative spatial distances without explicit position embeddings.' The architecture natively
supports Grouped Query Attention (GQA), radically reducing memory bandwidth constraints
by sharing identical key and value heads across multiple query heads.' For autoregressive text
generation, dynamic Ring-Buffer KV caching increments explicitly via an offset parameter to
prevent redundant token reprocessing, effectively remembering the full context history across
thousands of tokens.'

Softmax Variation Produces Exact Stochastic Primary
Zeros Properties Architectural Use
Case



SoftmaxStandard No No General
classification
distributions.

SoftmaxTemperatur =~ No No Sampling sharpness
e and generation
control.
SoftmaxGumbel No Yes Differentiable
discrete sampling
exploration.
SoftmaxMasked Yes (At Mask) No Causal attention

and logical bounds.

SoftmaxSparse Yes No Hard sparse
attention expert
routing.

SoftmaxGrid No No Multi-group
multi-label

classifications.

Table 5: Variations of the Softmax layer and their specific architectural deployments.’

The LayerSoftmax element supports ten mathematically diverse variations.! Beyond standard
implementation, the engine natively handles temperature modulation for sampling entropy,
Gumbel noise injection for stochastic exploration routing without breaking mathematical
differentiability, and explicit causal masking algorithms. Advanced modes such as Sparsemax
and Entmax are capable of generating rigid, mathematically exact absolute zeros in the output
distributions, heavily aiding in explicit expert routing mechanics and highly interpretable visual
attention systems.’

Conclusion

The deployment of the Loom v0.80 M-POLY-VTD engine, coupled with the finalization of the
Planet Bridging framework and the ENTITY topological serialization format, signifies a critical
maturation in hardware-agnostic artificial intelligence infrastructure. By eliminating the
structural necessity for CGO wrappers and proprietary vendor environments, the ecosystem
provides unprecedented deployment ubiquity.

The Planet Bridging capability fundamentally mitigates the severe vendor and architectural



lock-in currently plaguing the machine learning industry. It allows researchers to leverage the
massive training stability of existing PyTorch or JAX ecosystems, stream those weights live with
verifiable floating-point parity, and inject them into a deterministic virtual machine capable of
extreme topological manipulation and dynamic quantization. Furthermore, the formulation of
the ENTITY checkpoint protocol corrects the architectural myopia of flat-tensor storage
mediums. By embedding three-dimensional volumetric indexing, mixed-precision data types,
recursive branching trees, and highly localized graphics caching definitions directly into a single
compressed binary, neural models cease to be rigid mathematical formulas. Within the Loom
architecture, they are transformed into malleable software objects capable of evolutionary
genetic splicing, dynamic spatial reconfiguration, and autonomous hardware adaptation.
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