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The Test-Time Compute Paradox: Why
Reasoning Models Like o1 and DeepSeek R1
Are Proving That More Inference Compute
Can Destroy Accuracy

The entire AI industry just pivoted to “thinking longer” as the path to superintelligence—but
January 2025 research reveals these reasoning models can literally think themselves into
catastrophic failure.

The $100/Hour Question Nobody’s Asking

There’s a seductive logic underpinning the current AI zeitgeist: if a model thinks longer, it
reasons better. OpenAI’s o1 and o3, DeepSeek’s R1, and a growing constellation of
“reasoner” models have convinced the industry that test-time compute—the
computational resources spent during inference rather than training—is the new frontier of
AI capability.
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The pitch is elegant. Instead of spending billions training ever-larger models, let a smaller
model “think” through problems at inference time. Chain-of-thought reasoning. Multiple
sampling passes. Verification loops. The model deliberates, backtracks, reconsiders.
Intelligence through computational patience.

Except the latest research is revealing something deeply uncomfortable: more thinking
can make these models dramatically worse.

This isn’t a minor edge case. It’s a fundamental challenge to the architectural assumptions
driving hundreds of millions of dollars in AI infrastructure investment. And if you’re
deploying reasoning models in production—or planning to—this paradox should reshape
your entire approach to inference optimization.

The Mechanics of Overthinking: How Reasoning Models
Fail

To understand why more compute can destroy accuracy, we need to examine what
actually happens inside a reasoning model during extended inference.

ICLR 2025 research from DeepMind and collaborators provides the clearest picture yet of
test-time compute dynamics. The study demonstrates that optimal compute allocation
can enable smaller models to outperform models 4× their size—but only under specific
conditions. The key word is optimal.

When you allocate test-time compute naively—simply letting a model think longer or
sample more responses—three failure modes emerge:

1. Over-Searching and Path Proliferation

Reasoning models explore solution spaces through branching thought processes. Each
reasoning step opens new paths. With unlimited compute, the model explores
exponentially more paths, but many of these paths are dead ends or, worse, plausible-
looking routes to wrong answers.

Think of it like a chess engine that considers so many moves ahead that it starts

https://openreview.net/forum?id=4FWAwZtd2n
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hallucinating phantom strategies. The model becomes lost in its own reasoning tree, unable
to distinguish genuinely productive exploration from computational noise.

2. Hallucination Amplification

Extended reasoning chains don’t just add more correct steps—they compound errors. A
small hallucination in step three becomes the foundation for steps four through twenty.
The model, confident in its own reasoning, builds elaborate logical structures on fabricated
premises.

The cruel irony: the more sophisticated the reasoning chain, the more
convincing the wrong answer appears—both to the model and to any
verification system evaluating it.

3. Spurious Reasoning Path Selection

When models generate multiple candidate solutions and then select among them, longer
reasoning chains often win. But length correlates poorly with correctness. Verification
mechanisms—reward models, best-of-N selection—can systematically favor verbose but
incorrect reasoning over concise but correct reasoning.

This creates a perverse incentive structure where the model learns that appearing to
reason thoroughly is more important than actually reasoning correctly.

The Accuracy Collapse Phenomenon

A comprehensive survey of test-time compute published in January 2025 documents
what researchers are calling “accuracy collapse”—the point at which additional inference
compute actively degrades model performance.

The phenomenon is most pronounced in three scenarios:

Ceiling-performance tasks: When a model is already near its maximum capability on
a problem, additional compute introduces noise without adding signal. The model

https://arxiv.org/abs/2501.02497


The Test-Time Compute Paradox: Why Reasoning Models Like o1
and DeepSeek R1 Are Proving That More Inference Compute Can

Destroy Accuracy

www.arturmarkus.com | 4

begins second-guessing correct initial intuitions.
Ambiguous problems: Tasks with multiple valid interpretations suffer when models
over-reason. Extended thinking leads to spurious disambiguation—the model invents
constraints or context that don’t exist.
Easy problems: Simple tasks that a model could solve in one or two reasoning steps
become error-prone when forced through extended deliberation. The model
complicates what should be straightforward.

The data is stark: on certain task categories, accuracy collapse begins after just 2-3× the
baseline compute allocation. By 5×, some models perform worse than they did with no
extended reasoning at all.

Why Verification Makes Everything Worse

The obvious solution to reasoning errors is verification: have the model check its own work,
or use a separate model to evaluate outputs. This is precisely what systems like o1 and
DeepSeek R1 do, and it’s why their inference costs are so high.

But verification introduces its own failure modes that compound the overthinking problem.

Analysis from Towards AI identifies the core issue: verification mechanisms are themselves
imperfect models. They can be fooled by the same reasoning artifacts that fool the primary
model. Longer chains of reasoning look more thorough, more careful, more rigorous—even
when they’re not.

When you use an imperfect verifier to select among imperfect reasoning chains,
you’re not correcting errors—you’re laundering them through an additional layer
of confident wrongness.

The research shows that models with longer reasoning chains actually show lower accuracy
on ambiguous or ceiling-performance tasks, precisely because verification systems are
biased toward selecting them.

This creates a toxic feedback loop:

https://towardsai.net/p/artificial-intelligence/the-rise-of-reasoner-models-scaling-test-time-compute
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Model generates multiple reasoning chains1.
Longer chains are more likely to contain errors2.
Verification system preferentially selects longer chains3.
Selected answer is more likely to be wrong4.
Engineers observe poor performance, allocate more compute5.
Problem intensifies6.

The Task-Dependency Problem

Perhaps the most practically important finding from recent research is how dramatically
the optimal compute allocation varies by task type.

Sebastian Raschka’s comprehensive analysis of LLM reasoning models breaks down the
efficiency landscape:

Task Difficulty Compute Scaling Benefit Collapse Risk
Easy (model already capable) Minimal to negative High
Medium (within capability range) Moderate, logarithmic Moderate

Hard (at capability frontier) Substantial Low initially, high at
extremes

Impossible (beyond model
capability) None—waste of compute Guaranteed

The implication is that any static compute allocation policy—”always think for X seconds”
or “always generate N candidate solutions”—will be wrong for most tasks. It will over-
allocate for easy problems (introducing errors) and under-allocate for hard problems
(missing potential improvements).

This isn’t a minor optimization consideration. The ICLR 2025 research demonstrates a 4×
efficiency improvement when compute is dynamically allocated based on prompt
difficulty compared to naive best-of-N sampling strategies.

But dynamic allocation requires solving a difficult meta-problem: determining task
difficulty before solving the task itself. You need a reliable difficulty estimator, which is
itself a complex model that can be wrong.

https://magazine.sebastianraschka.com/p/state-of-llm-reasoning-and-inference-scaling
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The s1 Revelation: You Don’t Need What You Think You
Need

While the major AI labs have been building increasingly complex reasoning architectures, a
January 2025 paper introducing “s1” delivered a reality check that should concern anyone
with significant reasoning model infrastructure investments.

The s1 approach is almost embarrassingly simple: take a relatively small model
(Qwen2.5-32B), train it on just 1,000 carefully curated reasoning examples, and use a
technique called “budget forcing” to control test-time compute allocation.

The results: o1-preview level performance on competition mathematics.

This isn’t a marginal improvement or a clever benchmark manipulation. A model trained on
a thousand examples is matching OpenAI’s flagship reasoning system on one of the
standard tests of mathematical reasoning capability.

The implications cascade through every assumption about reasoning model development:

Training data volume: You don’t need millions of reasoning traces. A small, high-
quality dataset may be superior.
Model scale: 32B parameters can match much larger systems when inference is
optimized.
Architectural complexity: Elaborate verification mechanisms may be unnecessary
overhead.
Compute allocation: Simple budget forcing outperforms sophisticated adaptive
schemes in many scenarios.

What Is Budget Forcing?

Budget forcing is a test-time intervention that constrains how long a model can “think”
before producing a final answer. Instead of letting the model deliberate indefinitely or using
complex heuristics to determine when to stop, you impose a hard boundary.

The elegance is in the constraint. By forcing the model to commit to an answer within a

https://arxiv.org/abs/2501.19393
https://arxiv.org/abs/2501.19393
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bounded reasoning budget, you prevent the over-searching and path proliferation that
cause accuracy collapse. The model must prioritize its reasoning resources, focusing on the
most productive lines of thought rather than exploring every possible tangent.

It’s counterintuitive: restricting compute improves results. But it aligns with the broader
finding that more isn’t always better in test-time compute scaling.

The Economic Calculus Shifts

Beyond accuracy concerns, the test-time compute paradox fundamentally changes the
economic calculus of AI deployment.

The industry narrative has been that inference scaling is cheaper than training scaling.
Instead of spending $100 million training a larger model, spend more on inference for your
existing model. The math seemed favorable: inference costs are operational, not capital;
they scale with actual usage rather than sitting idle; they don’t require the same level of
hardware concentration.

But this calculation assumed that more inference compute equals better results. Once you
introduce accuracy collapse, the economics become much more complex.

Consider a realistic scenario:

You’re running a reasoning model at $50/hour in inference costs. Doubling the
compute budget to $100/hour increases latency from 2 seconds to 4 seconds
per query. On 60% of your queries, accuracy improves. On 25%, it stays the
same. On 15%, it gets worse. Your blended accuracy is actually unchanged, but
your costs doubled and your latency doubled.

This is not a hypothetical—it’s the actual pattern observed in production reasoning model
deployments.
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The Latency-Accuracy-Cost Triangle

Traditional ML optimization considers accuracy and cost. Test-time compute scaling adds
latency as a first-class constraint, and the three factors interact in non-obvious ways:

More compute → higher accuracy: Only true within optimal allocation ranges, and
only for appropriately difficult tasks.
More compute → higher latency: Always true, with user experience and timeout
implications.
More compute → higher cost: Always true, but cost-per-correct-answer may be U-
shaped rather than monotonically decreasing.

The FLOPs-matched comparisons from the research literature show that inference
compute scaling can be more cost-effective than training larger models—but this
comparison only holds when you’re in the optimal allocation regime. Outside that regime,
you’re paying for worse results.

What Traditional Benchmarks Miss

Part of the reason the test-time compute paradox has taken so long to surface is that
traditional benchmarks don’t capture it.

Standard evaluation protocols run each test case with the same inference configuration.
They measure accuracy at a fixed compute budget. They report single numbers: “Model X
achieves 87% accuracy on benchmark Y.”

These protocols systematically miss:

Variance across compute levels: How does accuracy change as you scale inference
compute up or down?
Task-specific optima: What’s the optimal compute allocation for each problem
type?
Collapse thresholds: At what point does additional compute start hurting?
Verification failure modes: How do selection mechanisms interact with reasoning
chain length?
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The industry’s shift from “bigger models” to “longer thinking” has created new failure modes
that existing evaluation infrastructure simply doesn’t measure. A model might achieve
impressive benchmark numbers at its default configuration while exhibiting severe
accuracy collapse at higher compute allocations—configurations that many production
deployments actually use.

Practical Implications for ML Practitioners

If you’re deploying reasoning models in production, or evaluating them for deployment, the
test-time compute paradox requires concrete changes to your approach.

1. Profile Compute-Accuracy Curves Per Task Category

Don’t assume that your model’s accuracy improves monotonically with inference compute.
For each major task category in your application, explicitly measure accuracy at multiple
compute levels. Plot the curves. Identify where gains plateau and where collapse begins.

This profiling is infrastructure work that most teams skip, but it’s essential for optimal
deployment.

2. Implement Adaptive Compute Allocation

Static compute budgets—the same inference resources for every query—will
systematically over-allocate for easy queries and under-allocate for hard ones. The 4×
efficiency improvement from optimal allocation isn’t theoretical; it’s practically achievable.

Build or adopt difficulty estimation that routes queries to appropriate compute tiers. Start
simple: response confidence after minimal reasoning can be a useful difficulty proxy.

3. Question Your Verification Mechanisms

If you’re using best-of-N selection, reward models, or other verification approaches, audit
them for length bias. Check whether they systematically prefer longer reasoning chains
independent of correctness.

Consider simpler selection mechanisms. Sometimes the first complete response is better
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than the most elaborate one.

4. Set Compute Ceilings, Not Just Floors

Most inference optimization focuses on meeting minimum latency requirements. The test-
time compute paradox suggests you also need maximum compute limits—ceilings that
prevent over-reasoning even when resources are available.

Budget forcing isn’t just an efficiency technique; it’s an accuracy technique.

5. Re-evaluate Large Model Assumptions

The s1 results demonstrate that smaller models with optimized inference can match larger
models with standard inference. Before scaling model size, verify that you’re in the optimal
compute regime for your current model.

You might get better results from inference optimization than from model upgrades.

The Deeper Questions

Beyond practical deployment considerations, the test-time compute paradox raises
fundamental questions about the nature of AI reasoning.

Is Extended Reasoning Actually Reasoning?

When a model generates long chains of thought, is it actually reasoning through problems,
or is it pattern-matching to the structure of reasoning traces it saw in training?

The accuracy collapse phenomenon suggests something closer to the latter. Genuine
reasoning should improve with more deliberation, up to the point where all productive
analysis is complete. But these models don’t exhibit that pattern—they get worse in ways
that suggest they’re generating reasoning-shaped text rather than executing reasoning
processes.
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What Does “Thinking” Mean for LLMs?

The marketing language around reasoning models—”thinking longer,” “deliberating,”
“reflecting”—anthropomorphizes computational processes in ways that may be deeply
misleading.

When we force a model to generate more tokens before producing a final answer, we’re not
giving it more time to think. We’re forcing it to produce more intermediate text, which then
conditions its subsequent token generation. This is a fundamentally different process than
human deliberation, and the assumption that “more is better” doesn’t transfer.

Where Are the Real Gains?

If naive compute scaling causes collapse, and sophisticated allocation requires solving hard
meta-problems, where do genuine reasoning improvements come from?

The s1 results point toward data curation: small amounts of high-quality reasoning traces
may be more valuable than massive amounts of compute applied to low-quality reasoning.
The path to better AI reasoning might not be “more thinking” but “better examples of
thinking.”

The Industry Reckoning Ahead

The test-time compute paradox is not yet widely understood in the AI industry. The
narrative of “reasoning models as the future” remains dominant. Infrastructure investments
continue to assume that inference scaling is uniformly beneficial.

But the research is accumulating. The January 2025 papers represent a critical mass of
evidence that can’t be ignored indefinitely. And the practical implications—wasted
compute, degraded accuracy, failed deployments—will force the reckoning even if the
research doesn’t.

The next phase of AI development won’t be about models that think longer. It will
be about models that know when to stop thinking.
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This is a harder problem than it appears. It requires not just better reasoning capabilities
but better meta-reasoning—the ability to evaluate the value of additional deliberation
before engaging in it. Current architectures don’t have this capability in any robust sense.

What Comes Next

The productive path forward likely involves several concurrent developments:

Better difficulty estimation: Routing systems that can predict optimal compute
allocation before executing full inference.
Improved verification: Selection mechanisms that aren’t fooled by length and
verbosity.
Training objective changes: Reward structures that don’t incentivize reasoning
theater.
Architectural innovations: Models designed with compute-optimal inference as a
first-class concern.
Benchmark evolution: Evaluation protocols that measure compute-accuracy
tradeoffs rather than fixed-budget accuracy.

None of these are simple. All of them require recognizing that the “thinking longer”
paradigm has fundamental limitations that can’t be engineered around with more compute.

The companies and teams that internalize this reality early will have significant advantages.
They’ll avoid wasted infrastructure investments, achieve better results with fewer
resources, and build systems that actually work in production rather than just on
benchmarks.

The companies that don’t will spend the next two years wondering why their reasoning
models keep getting worse as they throw more compute at them.

The Paradox Resolved

There’s no real paradox here, of course. More compute can destroy accuracy because
these models aren’t actually reasoning in any robust sense—they’re generating text that
has the statistical structure of reasoning traces, and that structure can be optimized for
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without optimizing for correctness.

The “paradox” only exists if you anthropomorphize the models, assuming that “thinking
longer” means the same thing for an LLM that it means for a human. It doesn’t. And the
sooner the industry internalizes that distinction, the sooner we can build AI systems that
actually work.

The future of AI reasoning isn’t about thinking longer. It’s about thinking better. And the
research is finally giving us the tools to understand the difference.

Test-time compute scaling follows a curve with a peak—find your optimal point before
accuracy collapse makes your most expensive inferences your worst ones.
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