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Your ML team probably burned through 40% of its training budget last quarter—and
nobody noticed because the waste happened before a single GPU spun up.

The Three-Year-Old Research That Most Teams
Still Ignore

Here’'s a uncomfortable truth that keeps rattling around my head every time | audit
an ML infrastructure setup: the research community solved the compute-optimal
scaling problem back in 2022. DeepMind’s Chinchilla paper laid it out with

mathematical precision. The optimal relationship between model parameters,
training tokens, and available compute isn’t a mystery—it's a formula.

And yet, in January 2025, I'm still walking into enterprise ML teams that default to
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“bigger model = better results” without a second thought.

The pattern is so consistent it’'s almost comical. A team gets budget approval for a
training run. They immediately start speccing out the largest model their
infrastructure can handle. They source whatever data they can find. They hit “go”
and watch the loss curves descend. Mission accomplished, right?

Wrong. Spectacularly, expensively wrong.

The compute-optimal blind spot isn’t a technical failure. It’s a cultural one.
Teams optimize for model size because that’s the metric that sounds
impressive in stakeholder meetings—not because it’s the metric that
delivers results.

Let me break down what’s actually happening here, because the math matters.
Training a model that’s too large for your available data wastes compute through
diminishing returns. Training on a dataset that’s too large for your model’s capacity
does the same thing. There’s a sweet spot—a compute-optimal ratio between
parameters and tokens—and missing it in either direction burns money.

According to Stanford HAI's 2025 Al Index Report, ML hardware performance in 16-
bit FLOPs has been growing at approximately 43% per year, doubling roughly every
1.9 years. That sounds like good news—and it is—but it also means the cost of
getting scaling decisions wrong compounds faster than ever. Better hardware
doesn’t fix bad architecture choices; it just lets you waste compute more efficiently.

The $4 Billion Training Infrastructure Problem

Let’s talk numbers, because this isn’t an academic exercise anymore.

Menlo Ventures’ 2025 State of Generative Al in the Enterprise report pegs total
enterprise generative Al infrastructure spending at $18 billion this year. Of that,
approximately $4 billion is flowing specifically into model training
infrastructure—GPUs, orchestration layers, the whole stack.

Four billion dollars. On training infrastructure alone.
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Now apply that 40% waste estimate. That's $1.6 billion in enterprise training spend
that’'s evaporating due to suboptimal scaling decisions. Not bad code. Not inefficient
hardware utilization. Just... picking the wrong model-size-to-dataset ratio in the
project’s first planning meeting.

Annual
Improvement Rate

ML Hardware Performance (16-bit FLOPs) 2x every 1.9 years 43%

Metric 2025 Value

Hardware Price-Performance Improving rapidly 30%
Hardware Energy Efficiency Improving rapidly 40%
Enterprise GenAl Infrastructure Spend $18 billion —
Training Infrastructure Spend $4 billion —

The irony here is thick enough to cut with a knife. We're in an era where hardware
is improving at 43% annually, where price-performance gains are running at 30%
per year, where energy efficiency is climbing 40% year-over-year. The infrastructure
has never been better positioned to deliver cost-effective training at scale.

But none of that matters if the scaling decision at the project’s inception is
fundamentally miscalibrated.

Why “Bigger Is Better” Became the Default (And
Why It’s Wrong)

| want to be fair to the teams making this mistake, because it's not irrational. The
“bigger is better” heuristic emerged from genuine empirical observations during the
GPT-3 era. Scaling up models did produce better results, often dramatically so. The
scaling laws that OpenAl and others published showed smooth, predictable
performance improvements as parameter counts increased.

The problem is that those early scaling laws were measuring the wrong thing. They
optimized for final model capability given a fixed compute budget, but they didn’t
account for the efficiency of the path to get there. They asked “how good can we
make this model?” instead of “how efficiently can we achieve a given capability
level?”

Chinchilla-style compute-optimal scaling asks a different question: given your total
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compute budget, what's the optimal split between model size and training duration?
The answer, consistently, is that most teams were training models that were too
large on datasets that were too small.

The original scaling laws told you how to build the biggest model.
Compute-optimal scaling tells you how to build the smartest investment.
They’re not the same thing.

Here’'s what happens in practice. A team has a 10 million token dataset and access
to a compute cluster that could theoretically train a 7B parameter model. Under the
“bigger is better” heuristic, they train the 7B model. Under compute-optimal
scaling, they’'d recognize that 10 million tokens is nowhere near sufficient to
properly train 7B parameters, and they’d either scale down the model or scale up
the data.

The 7B model will “work.” It will produce outputs. The loss curve will go down. But it
will underperform a properly-scaled smaller model trained on the same data, and it
will cost more to run inference on. The waste is invisible unless you're specifically
looking for it.

The Hidden Cost Cascade

What makes compute-optimal scaling such a critical competency isn’t just the direct
training waste. It’s the cascade of downstream costs that stem from that initial
miscalibration.

Inference Cost Multiplication

An oversized model doesn’t just cost more to train—it costs more to run. Every
inference request burns through more compute than necessary. At enterprise scale,
with millions of daily queries, the differential becomes enormous.

Consider the trajectory of inference costs we've witnessed. According to UMU’s
analysis of Al training and inference economics, the cost to query a GPT-3.5-level
model dropped from $20 per million tokens in November 2022 to $0.07 per million
tokens by October 2024. That's a greater than 280x reduction in approximately 18
months.
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That cost collapse is wonderful for consumers of API-based models. But if you’'ve
trained an oversized proprietary model internally, you're not riding that cost curve.
You're stuck with the inference costs baked into your architecture decision. While
the market price for comparable capability plummets, your internal costs remain
anchored to a suboptimal model size.

Optimization Lock-In

Once you've trained an oversized model and deployed it into production, switching
costs become prohibitive. The model is integrated into your serving infrastructure,
your monitoring systems, your downstream applications. Retraining at the proper
scale means running the entire MLOps cycle again—and explaining to stakeholders
why the expensive model you just shipped needs to be replaced.

Most teams don’t do this. They live with the suboptimal model. They try to optimize
around it with inference tricks and caching strategies. They add more hardware to
maintain latency targets. Each of these compensatory measures adds cost and
complexity that wouldn’t exist if the initial scaling decision had been correct.

Opportunity Cost of Delayed Iteration

Oversized models take longer to train. Every training run eats more calendar time.
This matters enormously in competitive environments where the ability to iterate
quickly determines who wins.

A team that gets their scaling ratio right can run three experiments in the time it
takes a poorly-scaled team to run one. They can explore more architectural
variations, test more hyperparameter configurations, respond more quickly to
shifting requirements. The compounding advantage of faster iteration is enormous
and chronically undervalued.

The Compute-Optimal Decision Framework

So how do you actually implement compute-optimal scaling in practice? Here’s the
framework | walk teams through.

Step 1: Inventory Your Actual Constraints

Before you touch a model architecture, get crystal clear on your real constraints.
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Not your theoretical maximum compute budget, but your practical one. Not how
much data you could theoretically acquire, but how much high-quality data you
actually have.

Most teams overestimate their data quality and underestimate their compute
constraints. Be ruthlessly honest here. A 1 billion token dataset that's 50% noise is
effectively a 500 million token dataset. A GPU cluster that’s only available 60% of
the time due to competing workloads is a 60% cluster.

Step 2: Apply Compute-Optimal Ratios

The Chinchilla paper established that for compute-optimal training, the number of
tokens should scale roughly linearly with the number of parameters. The exact ratio
depends on your specific circumstances, but a reasonable starting point is
approximately 20 tokens per parameter.

This means if you have 1 billion tokens of genuinely high-quality training data, your
compute-optimal model size is roughly 50 million parameters. Not 7 billion. Not 13
billion. Fifty million.

For many teams, this is a shocking number. It feels too small. The impulse is to say
“but we need a bigger model for our use case.” That impulse is usually wrong. You
don’t need a bigger model—you need a properly-trained model at the right scale.

* 1B tokens - ~50M parameter model (compute-optimal)

* 10B tokens -» ~500M parameter model (compute-optimal)
* 100B tokens —» ~5B parameter model (compute-optimal)
* 1T tokens —» ~50B parameter model (compute-optimal)

Step 3: Challenge the Pretraining Assumption

Here's where it gets interesting. Most organizations don’t actually need to pretrain
models at all.

The compute-optimal strategy that’s emerging across sophisticated ML
organizations follows a clear hierarchy: start with off-the-shelf models and API
usage, move to parameter-efficient fine-tuning on domain data, and only consider
pretraining or very large fine-tunes when there’s a clear performance requirement
that APIs cannot meet and sustained usage justifies the infrastructure investment.
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PixelPlex’s analysis of Al development costs in 2025 shows that this tiered approach
dramatically reduces both capital expenditure and time-to-value. The teams that
are actually extracting competitive advantage from ML aren’t the ones with the
biggest training budgets—they’re the ones who’ve figured out the minimum viable
training investment for their specific use case.

The goal isn’t to train the biggest model you can afford. It’s to achieve
your performance target at the lowest total cost of ownership. These
objectives are often in direct conflict.

Step 4: Leverage Parameter-Efficient Fine-Tuning

When fine-tuning is necessary, parameter-efficient methods like LoRA (Low-Rank
Adaptation) should be your default starting point. The efficiency gains are
staggering.

LoRA and related PEFT methods can achieve 10-100x reduction in trainable
parameters for LLM use cases. This reduction translates almost linearly into training
compute savings and dramatically reduces optimizer memory requirements. A fine-
tuning run that might require 8 A100 GPUs with full parameter training can often be
accomplished on a single GPU with LoRA.

The math here is compelling:

Trainable Relative
Approach Compute Memory Requirements
Parameters
Cost
Full Fine-Tuning (7B - o . .
model) 7 billion 100% High (8+ GPUs typical)
LORA Fine-Tuning (78 70 700 million ~ 1-10% Low (1-2 GPUs possible)
model)
QLoRA Fine-Tuning . o ,
(7B model) 70-700 million 0.5-5% Very Low (single GPU)

For most enterprise use cases—domain adaptation, style transfer, task-specific fine-
tuning—PEFT methods achieve comparable performance to full fine-tuning at a
fraction of the cost. The teams still defaulting to full fine-tuning are leaving money
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on the table.

The Organizational Dynamics of Scaling Decisions

Technical frameworks are necessary but not sufficient. The reason compute-optimal
scaling remains poorly understood outside research labs isn’t a knowledge gap—it's
an incentive gap.

The Prestige Problem

Nobody gets promoted for training a 50 million parameter model that perfectly fits
their data. People get promoted for training billion-parameter models that sound
impressive in all-hands meetings.

This creates a systematic bias toward oversized models. The engineer who
recommends the compute-optimal approach faces an uphill battle explaining why
“smaller” is actually “better.” The engineer who recommends the big model rides a
wave of implicit prestige assumptions.

Changing this dynamic requires explicit incentive realignment. The metrics that
matter should be capability per dollar, not parameter count. Time to production
matters more than training scale. Cost of ownership over model lifetime matters
more than peak performance on a benchmark.

The Visibility Problem

Compute waste is invisible. A properly-run training job and an inefficient training job
look identical from the outside—they both produce a model that works. The waste
only becomes visible when you compare against a counterfactual that doesn’t exist.

This is why so few teams catch their scaling mistakes. There’'s no red warning light
that says “you could have achieved this result 40% cheaper.” The loss curves go
down. The eval metrics look reasonable. The model ships. Everyone moves on to
the next project.

Breaking through the visibility problem requires disciplined benchmarking against
compute-optimal baselines. Before every major training run, teams should explicitly
calculate what the compute-optimal model size would be given their data, and what
performance they’'d expect from that model. This creates the counterfactual that
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makes waste visible.
The Time Pressure Problem

Compute-optimal scaling requires upfront analysis that many teams feel they don’t
have time for. When there’s pressure to start training immediately, careful capacity
planning feels like an indulgent delay.

This is backwards. The time spent on scaling analysis is almost always recouped
through faster training runs and reduced iteration cycles. But the return is delayed
and probabilistic, while the cost is immediate and visible. Under time pressure, the
immediate cost wins.

The fix is to institutionalize scaling analysis as a hon-negotiable phase gate. No
training run starts without a documented scaling justification. The overhead is
minimal—a few hours of analysis for runs that take days or weeks—and the
expected savings are substantial.

Case Study: The Enterprise Fine-Tuning Trap

Let me walk through a scenario | encounter constantly in consulting engagements.

A financial services firm wants to fine-tune an LLM on their proprietary data for
document analysis. They have approximately 500,000 internal documents, totaling
roughly 2 billion tokens after processing. Their ML team proposes fine-tuning a 7B
parameter open-source foundation model.

On the surface, this seems reasonable. 7B parameters is a “modern” model size.
They have access to cloud GPUs. The project gets approved.

Here’s what actually happens:

Full fine-tuning of the 7B model requires 8 x A100 GPUs for two weeks
Total compute cost runs approximately $150,000

The resulting model performs well on their eval set

Inference requires dedicated GPU infrastructure—another $30,000/month
Stakeholders declare the project a success

R WNME

Here’s what should have happened:
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1. Compute-optimal analysis reveals 2B tokens supports roughly a 100M
parameter model optimally

. But 100M models lack the base capabilities needed for document analysis

3. This signals that fine-tuning isn’t the right approach—retrieval-augmented
generation over a foundation model APl would be more appropriate

4. Alternatively, LoRA fine-tuning of the 7B model would require 1x A100 for
three days

5. Total compute cost: approximately $2,000

6. LoRA-adapted model performance is comparable to full fine-tune

7. Inference can run on smaller GPUs or even CPU with quantization

N

The difference between these two paths is roughly $180,000 in the first year,
growing from there. And the team that took path one genuinely believes they made
the right choice, because they don’t have visibility into the path not taken.

The Build vs. Buy Recalculation

Compute-optimal thinking fundamentally reshapes the build vs. buy calculus for ML
capabilities.

When you accurately account for the true cost of training—including the scaling
overhead from suboptimal decisions—the threshold at which custom training makes
sense shifts dramatically upward. The APl economics have become almost absurdly
favorable.

Consider: inference costs for GPT-3.5-level capabilities dropped 280x in 18 months.
That's not a gradual decline—that’s a market transformation. And GPT-3.5-level
capability from 2022 exceeds what most enterprise fine-tuning projects are actually
achieving.

The teams that are winning in 2025 aren’t the ones with the most aggressive
training programs. They’'re the ones who’ve correctly identified the narrow band of
use cases where custom training provides irreplaceable value, and they're
executing ruthlessly within that band while using APIs for everything else.

The most compute-optimal training run is often the one you don’t do. API
costs are falling faster than training efficiency is improving. Every month
you delay custom training, the bar for when it makes sense gets higher.
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Building Compute-Optimal Culture

Implementing compute-optimal scaling isn’t a one-time fix. It requires sustained
organizational change.

Establish Scaling Review as a Phase Gate

Every training run above a threshold budget ($10k is a reasonable starting point)
should require explicit scaling justification. What's the compute-optimal model size
given available data? If the proposed model size differs, why? What's the expected
cost differential?

This creates accountability and visibility. It forces the analysis that most teams skip.
It surfaces the implicit assumptions that drive oversized models.

Track Cost per Capability Unit

Define meaningful capability metrics for your use cases, and track cost per unit of
capability achieved. This might be cost per point on a custom eval benchmark, cost
per percentage improvement in production KPIs, or cost per user satisfaction score.

The absolute numbers matter less than the trend. If cost per capability unit isn’t
declining over time, something is wrong with your scaling approach.

Celebrate Efficiency, Not Scale

Publicly recognize teams that achieve strong results with minimal compute. Make
the “small, fast, cheap” project as prestigious as the big flagship training run. Share
post-mortems on scaling decisions—both successes and failures.

Culture follows incentives. If you want compute-optimal behavior, you need to
reward compute-optimal thinking.

Maintain Continuous Learning on Scaling Research

The scaling laws we understand today will continue to evolve. New architectures
may shift optimal ratios. New training techniques may change the efficiency
frontier. Teams need mechanisms to stay current on scaling research and translate
it into practice.
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This means allocating time for research review, maintaining connections to the
academic ML community, and treating scaling knowledge as a competitive asset
worth investing in.

The Path Forward

We're at an interesting inflection point. The infrastructure for efficient ML training
has never been better. Hardware is improving at 43% annually. PEFT methods have
matured into production-ready techniques. The research on compute-optimal
scaling is robust and well-validated.

Yet the gap between what’s possible and what’s practiced remains enormous.
Billions of dollars in enterprise ML spend are being allocated based on scaling
heuristics that research obsoleted three years ago.

Closing this gap requires treating compute-optimal scaling as a core
competency—not a nice-to-have optimization, but a fundamental business
capability. The teams that master it will build better models faster and cheaper. The
teams that don’t will compete at a structural disadvantage that compounds over
time.

The 40% waste isn’t inevitable. It's a choice. The research has been available for
years. The techniques are well-documented. The only remaining barrier is
organizational will.

Every training run you launch without compute-optimal analysis is a bet that the
intuitive scaling decision is the right one. In 2025, that’s a bet most teams are
losing.

The most expensive mistake in modern ML isn’t choosing the wrong
architecture or the wrong hyperparameters—it’s choosing the wrong
scale, in the first hour of the project, based on intuitions that research
invalidated three years ago.
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