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NOLA Al’'s Atomic Speed: A Novel Optimization Framework for
Training Efficiency in Deep Learning Systems

Abstract

We introduce Atomic Speed, an optimization algorithm designed to significantly reduce the
training time of deep neural networks across a variety of architectures. Unlike traditional
advancements which rely on improved hardware throughput or model scaling, Atomic Speed
achieves performance improvements by altering the learning process itself.

Empirical results demonstrate reductions of 2-4x in training steps and a mean reduction of over
50% in compute time, with no degradation in model quality. These results hold consistently true
across industry leading architectures including Llama, Phi, and DeepSeek, suggesting general
applicability and architecture-agnostic efficacy. Atomic Speed offers an alternative to throughput
optimization by reducing the path length to convergence rather than increasing the speed along
a fixed path.

1. Introduction

The acceleration of Al development has largely been driven by scaling computational resources
and model sizes. This approach proves to be increasingly volatile, risky and CAPEX intensive
due to the unsustainable financial, operational, and environmental costs. For example, training
Google’s Gemini Ultra and OpenAl’'s GPT-4 incurred estimated costs of $191M and $78M
respectively. These cost volumes are not sustainable.

A new approach is needed to flatten the costs of model training and inference. The team at
NOLA Al proudly presents Atomic Speed, a learning-rate and step-wise optimization
technology. Atomic Speed elegantly compresses the training process by reducing both the
number of learning iterations and the computational effort required per iteration.

2. Methodology

Atomic Speed functions as a complimentary enhancement to any industry leading optimization
tool. It is orthogonal and synergistic with both offline quantization and online quantization
technologies, as well as conventional optimizers such as AdamW and SGD with Momentum.

Its design targets two independent axes:

. Enhanced Learning Efficiency: Fewer total training steps (50% on average) are
required to reach a convergence threshold.

. Enhanced Execution Efficiency: Less computation time per training step (50% on

average) significantly reduces the computational overhead across the entire volume of
training steps.
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The Atomic Speed technology supports rapid adoption and is optimizer-agnostic. It requires no
changes to model architecture, infrastructure, or codebase, and can be implemented in existing
ML pipelines without modification to training kernels or data loaders.

3. Empirical Evaluation
3.1 Epoch Reduction Benchmarks

Comparative studies were conducted on multiple model architectures from Microsoft, Meta and
DeepSeek, using standard training benchmarks:

Microsoft Phi-3 vs Atomic Speed :

Phi-3 Mini-Instruct | hoffman-lab/SkyScenes (H_35_P_45 semseq)
Training Loss vs Epoch
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Run 1 - Atomic Speed demonstrates significantly faster convergence (60% faster and 2.5 times
faster descent) compared to the Run 2 - Baseline, while achieving the same low final training
loss. This demonstrates that the Atomic Speed’s method is much more efficient for training this
particular model ("Phi-3 Mini-Instruct" on "SkyScenes" dataset) in terms of the number of
epochs required to reach optimal performance. This efficiency is crucial for reducing training
time and computational resources. The results of Atomic Speed vs. Phi-3 Mini-Instruct indicate
that there is a significant reduction in epochs required to achieve convergence.

Now let’s analyze the results of Atomic Speed vs Llama-3.2-3B.
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Llama-3.2-3B vs Atomic Speed :

Training Loss vs Epoch: Llama-3.2-3B
hoffman-lab/SkyScenes (H_35_P_45 semseq)
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Llama-3.2-3B: 2.2 epochs — 1.0 epoch (2.2x speedup)

These improvements demonstrate consistent, architecture-agnostic model training acceleration
when comparing Atomic to Meta’s Llama-3.2-3B. Atomic Speed provided an approximate 2x
efficiency gain, reducing epochs to convergence from around 2.2 to 1.0. Now let’s have a look
at Atomic Speed in comparison to DeepSeek.

DeepSeek-R1 vs Atomic Speed:

Training Loss vs Epoch: DeepSeek-R1-Distill-Qwen-1.5B
hoffman-lab/SkyScenes (H_35_P_45 semseq)
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DeepSeek-R1 Distill-Qwen-1.5B: 3.5 epochs —~ Atomic Speed 1.67 epochs (2x speedup)

Similar to the previous analyses, the Atomic Speed method demonstrates superior performance
for the DeepSeek-R1-Distill-Qwen-1.5B model on the "SkyScenes" dataset, particularly in terms
of convergence speed.
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Faster Convergence: Atomic Speed reaches optimal training loss much more quickly than the
Baseline approach. This means fewer computational resources (time, GPU hours) are needed
to train the model to a desired performance level.

This represents a significant state of the art improvement over DeepSeek.

Even more remarkably, with the Phi-3 Mini-Instruct model, Atomic Speed yielded an
approximate 4x efficiency gain, decreasing convergence epochs from roughly 4.0 to 1.0. This
dramatic acceleration directly translates to considerable savings in computational time, energy
consumption, and associated resource costs, highlighting Atomic Speed as a highly effective
method for optimizing deep learning model training.

Overall Observation Across All Provided Benchmarks:

Across three representative models ("Phi-3 Mini-Instruct," "Llama-3.2-3B," and "DeepSeek-R1-
Distill-Qwen-1.5B") on the "hoffman-lab/SkyScenes" dataset, the Atomic Speed approach
consistently outperforms the Baseline in terms of convergence speed. In every case, Atomic
Speed reaches near-zero training loss in a significantly fewer number of epochs, leading to
more efficient model training.

3.2 Aggregate Loss Convergence Profile — A 2X Reduction of Actual Training Steps

A rolling average (100-step window) of training loss over 42,000 steps reveals that models
trained with Atomic Speed consistently demonstrate lower smoothed loss values than those
trained with baseline optimizers.

Smoothed Loss vs. Training Step (100-step Rolling Avg, Up to 42000)
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Our algorithm exhibits reduced variance and more stable convergence trajectories.
4. Efficiency Metrics
The Data clearly shows that Atomic Speed delivers significant gains in two distinct ways. First, it

reduces the total number of training steps, which represents a giant leap forward in the state of
the art. Second, it reduces computation time per training step.
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By reducing compute overhead 50% while still achieving the same results at half the cost,
Atomic Speed immediately becomes a win for the entire industry.

Metric Baseline Optimizer | Atomic Speed Improvement
Training Steps 100,000 50,330 1.99% fewer steps
Compute Time Units 49,870 24,167 51.53% reduction
Final Loss 2.8021 2.7944 Equivalent

Atomic Speed’s mean results across three industry leading models reflects a compound
improvement of over 70% in total training overhead, measured by its ability to reduce training
steps while significantly reducing execution time, thereby greatly reducing the cost of training
across the entire Al sector.

5. System-Level Implications

5.1 For IT Operations and Infrastructure Departments, Atomic Speed adds value and
delivers immediate:

. Scalability: Enhanced throughput without additional hardware scaling.

. Compatibility: Integrates with existing training stacks and infrastructure.

. Sustainability: Reduces power usage and reduces carbon emissions.
5.2 Organizational Impact

. For Software Teams: There is no need for architectural changes, custom kernel
engineering or complex Al training environments.

. For Executives & Ops: Atomic reduces training infrastructure and compute costs by up
to 50%, expedites development cycles and, most importantly, the preliminary data
indicates a near elimination of “re-work” or having to run the model 5 times to “get it
right.” Many enterprises spend north of 30% on rework due to errors and shortcomings
in accuracy.

6. Projected Industry-Wide Cost Savings
Now let’'s examine the total cost to train some of the industry’s leading models. By comparison,

we notionally applied the 75.6% reduction in model training and inference which yields
significant savings:
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Model Original Cost ($M)| Potential Savings ($M)
Gemini 1.0 Ultra 191 144 .4
Llama 3.1-405B 170 128.5
Grok-2 (xAl) 107 80.9
GPT-4 (OpenAl) 78 59.0

This list alone suggests a potential total savings of over $400M, and doesn’t include additional
gains from reduced rework and improved generalization.

7. Discussion and Future Work

Atomic Speed redefines the optimization landscape not by increasing throughput but by
redefining the optimization path. It is orthogonal to quantization and compatible with
enhancements such as AdamW and SGD. Our Future research will focus on:

. Formal theoretical underpinnings of convergence dynamics.
. Expansion to reinforcement learning and multimodal models.
. Energy-aware adaptive scaling strategies and improved veracity.

8. Conclusion

Atomic Speed introduces a paradigm shift in how efficiency is approached in Al training. Rather
than accelerating a fixed training process, it shortens the path to model convergence, yielding
2—-4x reductions in training time and over 50% reduction in compute, with no impact on
accuracy.

This positions Atomic Speed as a foundational component for the next generation of high
efficiency, high-throughput model training and inference systems.
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