
Exhaustive Analysis of the Welvet Neural 
Runtime: Numerical Demotion and 
Cross-Numeric Training 
Executive Summary 
The transition toward memory-efficient deep learning has historically bifurcated into two 
distinct paradigms: post-training quantization for efficient inference, and mixed-precision 
training leveraging high-precision master weights to accumulate gradients. The 
"down-the-dem" artifact presents an empirical showcase of the Welvet neural runtime, written 
in Go, which challenges this established dichotomy. By repeatedly generating a deterministic 
Dense volumetric network across varying spatial grids, the showcase evaluates the mechanical 
viability of training neural networks across thirty-four native weight data types, twenty 
block-packed quantization formats, and over one thousand cross-numeric permutations, 
crucially executing these updates without retaining a high-precision master weight copy1. 
The empirical evidence demonstrates that the Welvet engine achieves extreme storage 
demotion. Scaling a volumetric grid of Dense layers from 128-bit complex numbers down to 
1-bit binary representations cuts the weight payload by a factor of approximately 0.008, 
shrinking an 8.4 MiB buffer to a mere 68 KiB1. However, the artifact explicitly proves that this 
storage reduction does not yield a proportional reduction in training time. The same demotion 
only accelerates the training step by a factor of 0.83, indicating that dynamic unpacking 
operations, type casting, and wide numerical accumulations in the Matrix-Vector kernels 
dominate the computational pipeline1. 
This report provides an exhaustive interpretation of the down-the-dem findings, translating 
systems-level engineering claims into machine learning implications. It contrasts the Welvet 
approach with state-of-the-art frameworks across academia and industry. The analysis reveals 
that while the runtime establishes a highly robust engineering foundation for heterogeneous, 
master-weight-free execution pipelines, its "all OK" mechanical stability must be carefully 
disentangled from the mathematical reality of gradient descent in low precision. Without 
advanced error-feedback mechanisms, natively dropping master weights subjects the network 
to the well-documented phenomenon of gradient underflow, risking a premature halt to 
algorithmic convergence5. 

Concept Primer: Navigating the Axes of Demotion 
To accurately interpret the artifact, it is necessary to establish the specific taxonomy the 
Welvet runtime utilizes for its numerical experiments. The engine fundamentally decouples the 
physical storage format of the neural weights from the activation hosts and the mathematical 
training methodology. This decoupling allows the framework to isolate the performance costs 



associated with moving data versus computing data. 
The artifact evaluates performance across three distinct axes of demotion. The first axis, 
identified as the dtype or FormatNone axis, evaluates native numerical bytes scaling from 
standard wide types down to exotic sub-byte representations such as 4-bit integers and 1-bit 
binaries1. The runtime refers to these as FormatNone to denote that they are not 
block-quantized with associated metadata like scaling factors or zero-points. The defining 
characteristic of this axis is its reliance on in-dtype stochastic gradient descent. The runtime 
updates these narrow lanes in-place, explicitly discarding the industry-standard practice of 
maintaining a 32-bit floating-point master weight buffer to accumulate small gradient steps1. 
The second axis focuses on packed quantization, mirroring the methodology popularized by 
GGML and the llama.cpp ecosystem8. Unlike the native formats, these block packs group 
weights into chunks that share a high-precision scale and zero-point. The training mechanics 
on this axis differ significantly from the native types. The runtime treats the packed format as 
the absolute ground truth, forcing the engine to temporarily unpack the block into a wider 
scratch space, apply the gradient update in high precision, and strictly re-pack the block1. This 
cycle incurs severe memory thrashing but allows continuous training on formats originally 
designed exclusively for inference. 
The third axis, referred to as the permutation matrix, explores heterogeneous tensor operations 
by testing the complete Cartesian product of the weight storage types against the activation 
hosts1. Because sub-byte types cannot natively exist as activation arrays in standard memory 
architectures, the runtime must pair sub-byte weight types with the nearest valid host on the 
datatype ladder, dynamically resolving casting paths during the forward and backward passes. 
A critical distinction underpinning the entire artifact is the difference between master-weight 
architectures and native-truth architectures. In standard quantization-aware training, 
frameworks simulate quantization noise during the forward pass by inserting fake-quantization 
nodes, but the backward pass bypasses these nodes using a straight-through estimator to 
update a retained high-precision master weight11. This master copy is mathematically 
necessary to accumulate tiny gradient updates that would otherwise round to zero in a 
low-precision grid5. The architectural proposition of the Welvet runtime is that narrow storage 
is the absolute truth, executing direct mathematical updates on the quantized parameters 
without a safety net1. 

Chart-by-Chart Empirical Interpretation 
The down-the-dem artifact provides a dense visual proof board of the runtime's behavior. 
Interpreting these charts requires separating the mechanical realities of data movement from 
the computational realities of matrix arithmetic. 
Payload, Compression, and Serialization Overhead 

The analysis of payload size against nominal bit-widths traces the physical memory footprint of 
the networks. The size-versus-bits curves exhibit a strict monotonic decrease, verifying the 
core claim that the runtime legitimately allocates narrow buffers rather than merely attaching 



low-precision labels to 32-bit floating-point arrays1. By normalizing these sizes against a 
standard 32-bit baseline, the compression ratio charts isolate the memory advantages of 
narrow types. Sub-byte formats fall predictably below the baseline threshold, demonstrating 
linear compression scaling relative to their bit-width. This provides empirical validation that true 
storage demotion is functioning at the allocation level. 
However, a comparison between pure theoretical bit-math and actual heap allocation reveals 
the hidden costs of systems engineering. Divergences in the theory-versus-actual charts 
represent structural padding, alignment constraints required by the CPU architecture, and 
necessary metadata headers1. For sub-byte and packed types, the actual allocated size 
consistently exceeds the theoretical floor. This reflects the unavoidable overhead of addressing 
memory at boundaries smaller than a single byte, a persistent challenge in low-level compiler 
design. 
The serialization tax charts expose a critical vulnerability for production deployments. As the 
raw weight bytes shrink through demotion, the structural metadata required to store them in 
export formats, such as JSON or the native entity format, remains relatively constant. 
Consequently, the tax, defined as the export overhead expressed as a multiple of the raw 
payload, spikes asymptotically for 1-bit and 2-bit weights1. The engineering takeaway is 
profound: shipping highly quantized neural networks requires hyper-optimized binary wire 
formats, because relying on text-based or heavily structured serialization completely negates 
the benefits of extreme numerical demotion. 
Furthermore, the heap-versus-weights charts measure the runtime memory delta against the 
stored payload. A tight correlation in these graphs indicates that demoting the weight storage 
directly translates to reduced active process memory. This is a vital property for edge 
deployments, confirming that the demotion frees up actual system resources rather than just 
compressing the on-disk footprint1. 
Training Time, Phase Breakdowns, and the Pareto Frontier 

The most counterintuitive finding of the artifact is visually confirmed in the train-versus-bits 
and relative train cost charts. Moving a network from 32-bit floats down to 4-bit integers or 
binary representations drastically reduces the memory footprint, but it does not yield a linear 
reduction in training step time1. In several documented instances, training narrower types 
actually takes longer than training standard floating-point types. This inversion occurs because 
standard CPU architectures, such as the tiled backend tested in the showcase, lack native 
silicon instructions for sub-byte multiply-accumulate operations. When the runtime encounters 
a 4-bit tensor, it must extract the byte, apply a bitmask, perform a bitwise shift, and cast the 
resulting value into a wider arithmetic logic unit register before it can interact with the 
activation matrix4. The time saved in fetching compressed data from dynamic random-access 
memory is entirely consumed by the CPU cycles spent unpacking and converting the data 
streams. 
The phase breakdown charts isolate the computational cost of the gradient update itself by 
stacking forward and backward passes against the total training step time. For native types on 
the first axis, the update is relatively fast, reflecting the efficiency of in-place modifications. 



Conversely, for packed quantization types, the training marker sits far above the stacked 
forward and backward bars. This highlights the massive computational penalty of the unpack, 
update, and repack cycle1. The framework must decode the entire block, apply the 
mathematical update in high precision, re-calculate the optimal scaling factor and zero-point 
for the altered block state, and pack the bytes back together. 
Plotting weight size against training time establishes a Pareto frontier, where the optimal 
operational region is the bottom-left quadrant representing small and fast execution1. The data 
demonstrates that while numerical demotion reliably moves data points leftward toward 
smaller sizes, it frequently pushes them upward toward higher latency. Engineers deploying 
these models must recognize that sub-byte quantization on general-purpose hardware is a 
storage optimization, not a compute optimization. Additionally, tracking performance across 
varying grid scales confirms that the computational costs scale cubically, ruling out 
fixed-overhead anomalies and proving that matrix arithmetic dictates the performance 
boundary as the network volume expands1. 
Dtype Versus Quant and the Cross-Numeric Permutations 

The artifact explicitly warns against conflating numerical labels through paired visualizations of 
native types and block-packed types. A 16-bit native float and a 4-bit block-packed format 
may possess similar theoretical bit budgets, but their runtime profiles diverge radically1. The 
native approach requires in-place stochastic gradient descent, resulting in lower conversion 
overhead but higher precision volatility. The block-packed approach introduces scaling factors 
that mathematically protect against outlier values but incur heavy unpacking penalties8. 
Comparing the two axes side-by-side demonstrates that the mechanism of storage is vastly 
more important to training speed than the nominal bit count. 
Finally, the permutation heatmaps test the complete Cartesian product of weight storage types 
against activation hosts. The status map proves that the framework contains no mechanical 
dead-ends or unhandled casting panics across 1,530 unique combinations1. The train-time 
heatmap, which plots execution speed across this matrix, visually highlights a matched diagonal 
where weight and activation types align natively. This optimal ridge is surrounded by 
high-latency off-diagonal zones where dynamic type casting severely bottlenecks the 
computation. While the artifact proves the engine can mechanically resolve any routing path 
without crashing, this robust polymorphism does not guarantee that the resulting 
mathematical updates are stable enough for neural convergence. 

Technical Landscape Survey 
To contextualize the claims made in the down-the-dem artifact, it is necessary to map the 
surrounding technical landscape across quantization theory, inference frameworks, and 
training paradigms. The ecosystem is broadly divided into methods that prioritize deployment 
efficiency and methods that prioritize training fidelity. 
Low-Precision and Quantized Training 

Standard mixed-precision training limits numerical demotion to 16-bit floating-point formats, 



such as FP16 or bfloat16, for both weights and activations. Crucially, these frameworks maintain 
32-bit floating-point gradients and master weights to preserve numerical stability during 
optimization15. Pushing the training pipeline into the ultra-low bit regime, such as 4-bit or 
ternary formats, introduces severe non-linearities that standard optimizers cannot handle 
natively. 
The BitNet architecture and the broader 1.58-bit large language model ecosystem constrain 
weights to ternary values, substituting complex multiplication operations with highly efficient 
integer addition. However, the foundational BitNet training loop still relies on maintaining a 
high-precision master weight matrix updated via a straight-through estimator17. The network 
acts as if it is quantized during the forward pass, but it learns using full precision in the 
background. 
A smaller, specialized body of research aims to entirely eliminate these master weights, 
operating strictly within the quantized lattice. This is conceptually identical to the Welvet 
runtime's in-dtype SGD. However, academic studies demonstrate that without master weights, 
gradient updates that fall below half a unit in the last place of the weight's precision grid are 
mathematically rounded away5. This leads to a phenomenon known as the "Silent Freeze," 
where the gradient remains non-zero, but the weights silently stop moving, and learning 
prematurely halts5. 
To combat this, Error-Compensating Optimizers (ECO) have been developed. These 
frameworks circumvent the need for master weights by injecting the calculated quantization 
error directly into the optimizer's momentum state6. This creates a mathematical 
error-feedback loop that allows training in highly constrained formats like FP8 or INT4 without 
the static memory overhead of a 32-bit copy, achieving near-lossless accuracy by carrying 
forward the sub-grid updates6. Other frameworks, such as LOTION, utilize unbiased stochastic 
rounding to smooth the quantized loss surface, proving mathematically that randomized noise 
can preserve global minima without relying on shadow weights23. 
Post-Training Quantization and Packed Formats 

The packed quantization axis of the down-the-dem artifact closely mimics the dominant 
paradigm for local model deployment. The industry standard for edge and CPU inference is 
driven by the GGML and llama.cpp ecosystems, which utilize block-wise affine quantization 
formats8. These formats pack weights into clusters that share a high-precision scale and 
zero-point. 
Crucially, inference engines unpack these compressed weights into high-precision local 
registers immediately prior to executing the matrix multiplication operations26. The Welvet 
engine mirrors this exact decoding mechanism in its forward pass. Advanced post-training 
quantization methods, such as AWQ and GPTQ, utilize specialized calibration data to protect 
highly salient outlier weights during the packing process, mitigating the accuracy loss 
associated with uniform grid snapping27. Welvet’s current architecture focuses on static block 
packing mechanics without these advanced calibration matrices, relying on the raw mechanics 
of the unpack-and-compute cycle. 



Master-Weight and Optimizer State Designs 

The industry defaults established by major frameworks assume that memory constraints 
should be solved via tensor distribution, such as sharding optimizer states across clusters, or 
through parameter-efficient fine-tuning methods like LoRA28. These frameworks almost 
universally retain the 32-bit master weights. Removing the master weight entirely reduces the 
static parameter memory footprint by up to a factor of four, but traditional momentum-based 
optimizers degrade rapidly without this high-precision buffer. The decision to run gradient 
descent directly on sub-byte types trades theoretical convergence stability for absolute 
memory minimization, a trade-off that only succeeds if the learning rate and gradient scales 
are perfectly calibrated1. 
Language and Runtime Ecosystems 

The choice of Go for a machine learning runtime provides strong concurrency primitives and 
static binary compilation, offering excellent deployment portability across operating systems30. 
However, it sacrifices access to the massive ecosystem of highly optimized CUDA and Triton 
kernels that dominate Python and C++ frameworks. 
In the Rust ecosystem, frameworks like Candle and Burn offer similar system-level control. 
Candle, developed by Hugging Face, is a minimalist framework targeting serverless 
deployments and WebAssembly environments33. Like the Welvet runtime, it prioritizes binary 
size and CPU-bound inference, supporting GGML block formats natively. However, it relies 
primarily on standard precisions for model training. Burn is a more comprehensive deep 
learning framework featuring advanced compiler backends and explicit support for 
post-training quantization down to 2-bit representations, though it does not currently support 
dynamic quantization-aware training loops35. In the Python ecosystem, tinygrad emphasizes 
just-in-time compilation and graph optimization over massive libraries of pre-written operators, 
supporting low-precision formats but heavily relying on standard backpropagation mechanics 
rather than experimental in-place sub-byte updates37. 

Competitive Analysis: Head-to-Head Comparisons 
To clearly situate the capabilities demonstrated in the down-the-dem artifact, the following 
matrices compare the runtime against the most closely aligned frameworks and 
methodologies in the field. 
Table 1: Training Mechanics and Master Weight Retention 

 

Feature Welvet 
(down-the
-dem) 

PyTorch 
(Standard 
QAT) 

PyTorch + 
ECO 

BitNet / 
1.58b 

Direct 
Quantized 
Training 



Primary 
Focus 

Extreme 
storage 
demotion, 
determinis
m 

Ecosystem 
dominance, 
maximum 
accuracy 

Memory-eff
icient 
large-scale 
LLM 
training 

1-bit / 
Ternary 
inference 
efficiency 

Edge/MCU 
on-device 
fine-tuning 

Training 
Precision 

Native 
sub-byte 
(e.g., 4-bit, 
1-bit) 

Computes 
in 
FP32/FP16 

Quantized 
parameters 
+ FP32 
momentum 

Ternary 
forward, 
FP16/FP32 
backward 

End-to-end 
low 
precision 

FP32 
Master 
Weight 

Discarded 
entirely 

Retained Discarded 
entirely 

Retained Discarded 
entirely 

Gradient 
Estimator 

In-dtype 
truncation 
(Standard 
SGD) 

Straight-Thr
ough 
Estimator 
(STE) 

Error-Feed
back / 
Momentum 
Injection 

Straight-Thr
ough 
Estimator 
(STE) 

STE with 
Stochastic 
Rounding 

Accumulati
on 

Wide 
(Float64) 

Wide 
(Float32) 

Wide 
(Float32) 

Wide 
(FP32/FP16) 

Native low 
precision 

Convergen
ce Risk 

High 
(Vulnerable 
to "Silent 
Freeze") 

Low 
(Industry 
standard) 

Low 
(Mathemati
cally 
bounded) 

Low 
(Standard 
bounds) 

Moderate 
(Requires 
tuning) 

The comparison of training mechanics reveals that the Welvet approach aligns closest with 
Direct Quantized Training methods designed for edge microcontrollers, where memory is an 
absolute constraint. By entirely discarding the master weight and relying on in-dtype truncation 
without error-feedback injection, the framework exposes itself to a high convergence risk, 
contrasting sharply with ECO models that maintain stability by shifting the precision burden to 
the optimizer's momentum state. 
Table 2: Inference, Packing, and Ecosystem Integration 

 

Feature Welvet 
(quant 
axis) 

llama.cpp / 
GGML 

Candle 
(Rust) 

Burn (Rust) Tinygrad 



Implement
ation 
Language 

Pure Go (+ 
WebAssem
bly/C-ABI) 

C / C++ Rust Rust Python 

Supported 
Formats 

34 Dtypes + 
20 Block 
Quants 

GGUF 
(Q4_0, 
Q5_K, 
Q8_0, etc.) 

GGML/GG
UF natively 

Native 
tensors, 
custom 
PTQ 

Custom, 
PTQ 
support 

Sub-Byte 
Inference Unpack  

Wide 
Compute 

Unpack  
Wide 
Compute 

Unpack  
Wide 
Compute 

JIT 
Compiled 
to backend 

JIT 
Compiled 
to backend 

Activation 
Independe
nce 

Yes (1,530 
WxA 
permutatio
ns) 

Implicit via 
casting 
kernels 

Supported Supported Supported 

Training on 
Packed 
Blocks 

Yes 

(Unpack  

SGD  
Repack) 

No 
(Inference 
only) 

No 
(Inference 
primarily) 

No (QAT 
not 
supported) 

Yes (via 
custom 
grad) 

Hardware 
Targets 

CPU, 
WebGPU, 
Plan 9 SIMD 

CPU, CUDA, 
Metal, 
Vulkan 

CPU, CUDA, 
Metal, 
WASM 

WGPU, CPU 
(LLVM), 
CUDA 

CUDA, 
Metal, 
WebGPU 

In the inference and packing ecosystem, the runtime distinguishes itself not through the 
formats it supports—which heavily overlap with llama.cpp and Candle—but through its 
insistence on supporting continuous training loops over block-packed formats. While inference 
engines unpack blocks strictly to execute forward passes, running a full backpropagation loop 
that recalculates block scaling metadata on the fly is highly unusual and accounts for the 
massive latency penalties observed in the empirical data. 

Interpreting the Empirical Story 
The charts and data provided in the down-the-dem artifact paint a vivid picture of the physical 
realities of low-level machine learning systems, exposing the friction between data storage and 
data processing. 



The Asymmetry of Size Versus Time 

The most striking empirical narrative is the complete decoupling of storage demotion from 
computational speedup. The engine successfully drops payload sizes by over 99 percent1. In a 
memory-bound, distributed system, transmitting a 68 KiB payload over a network bus is 
exponentially faster than transmitting an 8.4 MiB payload, yielding massive advantages for 
model synchronization or edge updates. However, the execution time only decreases by a 
fraction. 
This occurs because standard central processing units lack hardware-level instructions for 
sub-byte dot products. When the runtime encounters a highly compressed tensor, it must 
individually read the byte, apply logical bitmasks to isolate the target bits, perform bitwise 
shifts, and ultimately cast the resulting value into a 32-bit or 64-bit floating-point register to 
interact with the activation matrix4. The latency saved in fetching compressed data from 
physical memory is almost entirely consumed by the clock cycles spent unpacking and 
converting the data streams in the processor cache. The artifact honestly acknowledges this 
reality: compute demotion—achieving native low-precision arithmetic acceleration—is entirely 
distinct from storage demotion. 
The Penalty of Packed Training 

The inclusion of training metrics on the packed quantization axis provides a fascinating, albeit 
brutal, benchmark. The standard industry pipeline performs post-training quantization, where 
the model is trained in high precision and the weights are permanently packed strictly for 
deployment27. Allowing continuous training on these packed formats introduces a severe 
bottleneck. 
The empirical phase breakdown shows a massive time penalty for this capability. Because 
block formats store a floating-point scale and zero-point alongside a dozen or more packed 
weights, a single gradient update requires decoding the entire block into a scratch buffer, 
applying the mathematical update, re-calculating the optimal scaling properties for the new 
distribution of values, and re-packing the block into memory. This process induces severe 
memory thrashing and computational overhead, proving that while packed training is 
mechanically possible, it is highly inefficient compared to training on native, non-packed types. 
The Permutation Matrix: Stability Versus Capability 

The permutation matrix successfully runs over a thousand combinations of weight types and 
activation hosts, representing a remarkable feat of systems engineering and memory 
management1. It proves that the framework can dynamically resolve casting paths between 
any two numerical representations, such as routing a 4-bit integer weight against a 16-bit 
unsigned integer activation, without triggering a segmentation fault or unhandled panic. 
However, the artifact's "all OK" status relies strictly on mechanical execution. It does not 
measure the mathematical degradation inherent in asymmetric casting. In practice, multiplying 
highly quantized weights with drastically different activation grids introduces severe noise 
floors that degrade neural representations42. The fact that a framework can multiply two 



incompatible data types without crashing does not imply that a neural network can 
successfully minimize a loss function under those conditions. 

Innovation, Precedent, and Missing Elements 
What is Novel 

The architecture detailed in the down-the-dem artifact contains several highly novel 
engineering approaches. Constructing a heterogeneous training pipeline that dynamically 
unpacks, updates, and repacks block-quantized data on the fly is a rare capability, as most 
frameworks relegate block-packing exclusively to inference1. Furthermore, the absolute 
removal of the master weight during continuous training is a radical departure from 
mainstream quantization-aware training6. Implementing this direct quantized training paradigm 
across a full volumetric grid, supporting 34 concurrent data types in a purely Go-native 
architecture, provides extraordinary deployment portability and deterministic execution across 
diverse hardware environments30. 
What is Precedent 

Despite its novelties, the framework relies heavily on established mathematical precedents. The 
block quantization logic on the second axis directly implements the mathematical packing 
structures pioneered by the GGML ecosystem9. Furthermore, the artifact notes that 
matrix-vector multiplication relies on wide numerical accumulation1. Using high-precision 
registers to accumulate the sum of low-precision multiplications is the standard industry 
workaround to prevent immediate numerical overflow, a technique present in virtually all 
modern quantized architectures42. The realization that sub-byte packing causes processing 
bottlenecks on non-specialized hardware is also a well-documented phenomenon in systems 
literature4. 
What is Still Missing 

The most glaring omission in the artifact is an evaluation of algorithmic convergence. Dropping 
the master weight causes gradient updates to suffer from the Silent Freeze5. If a network 
attempts a stochastic gradient descent step of 0.001 on an 8-bit integer weight space, the 
update will round to zero, freezing the network's ability to learn. Without advanced techniques 
like stochastic rounding or momentum error-injection, the in-place updates are mechanically 
functional but mathematically compromised6. Additionally, the benchmarks rely on a CPU-tiled 
backend, lacking the fused backward GPU kernels necessary for large-scale, accelerated 
training3. Finally, the artifact relies on synthetic, identity-like dense networks; it lacks perplexity 
metrics or standard loss curves that prove the massive permutation matrix actually results in 
functional intelligence rather than just successful memory allocation. 

Recommended Follow-Up Experiments 
To transition the framework from a fascinating systems showcase into a mathematically 



validated training architecture, specific targeted experiments must be prioritized. 
First, loss landscape and convergence profiling is required. Training a small transformer 
architecture on a standard language modeling dataset utilizing the native 8-bit and 4-bit 
pipelines would provide critical data. By comparing the resulting validation perplexity against a 
standard 32-bit baseline and monitoring the gradient tensors, researchers could definitively 
identify the onset of the Silent Freeze and measure the exact mathematical cost of discarding 
the master weight5. 
Second, the integration of error-compensating optimizers should be evaluated. Augmenting 
the standard stochastic gradient descent loops with a momentum buffer designed to absorb 
the truncation error of the in-place sub-byte updates could solve the underflow problem6. 
Measuring whether retaining the error in the momentum state allows highly quantized native 
types to match the convergence trajectory of classical models would validate the architecture 
for production training. 
Third, stochastic rounding verification is essential. Replacing the deterministic rounding 
function currently used when casting wide accumulated gradients back down to narrow 
storage with unbiased stochastic rounding could prevent optimization stagnation20. Analyzing 
the impact of randomized noise across the permutation matrix would confirm whether 
statistical methods can replace the need for high-precision shadow copies. 
Finally, memory bandwidth profiling on graphics processing units must be conducted. Porting 
the low-level kernels to native GPU compute shaders and measuring the exact point at which 
memory bandwidth bottlenecks supersede the computational cost of unpacking would 
explicitly isolate the hardware threshold where extreme storage demotion translates into 
end-to-end training acceleration. This would provide the definitive boundary between software 
ambition and hardware reality. 
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