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Reasoning Improves Accuracy - But at What Cost?
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• Recent Advances in Test-Time Scaling
• Chain-of-Thought (CoT)
• Self-Consistency
• Tool-augmented reasoning

→ Higher asymptotic accuracy
• But…

• Accuracy improves slowly with more tokens
• Token usage grows rapidly
• Diminishing marginal returns

• Key Question
Reasoning improves accuracy, but 

in a highly inefficient way .Can we achieve deep reasoning 
without paying the full token cost?



Reasoning Miscalibration
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 Overthinking 
→ verbose, tangential reasoning

 Underthinking
 → premature termination



When Does Reasoning Go Wrong?
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 Case 1 — Trivial but Ambiguous 
→ Overthinking

Example: “Is 2 + 3 even?”

Model may busy:
• Define parity
• Consider modular arithmetic
• Provide multiple formulations
• Re-verify (let me count my fingers)
• ….

Model keeps reducing something that cannot be 
reduced further.

 Case 2 — Hard and Rare 
→ Underthinking

Example: “How many 4-digit numbers can be formed 
using digits {1,2,3,4,5}, if no digit is repeated and the 
number is even? Answer in 5 seconds”
Model may say:
“There are 5 digits, choose 4 → 5P4 = 120, I think half 
of them are even → 60”
• No verification
• No intermediate check
• Stops early

The model fails to invest where uncertainty is 
reducible.

It’s not about too many tokens or too few tokens.
It’s about allocating compute incorrectly.
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Model may busy:
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 Case 2 — Hard and Rare 
→ Underthinking

Example: “How many 4-digit numbers can be formed 
using digits {1,2,3,4,5}, if no digit is repeated and the 
number is even? Answer in 5 seconds”
Model may say:
“There are 5 digits, choose 4 → 5P4 = 120, I think half 
of them are even → 60”
• No verification
• No intermediate check
• Stops early

The model fails to invest where uncertainty is 
reducible.

It’s not about too many tokens or too few tokens.
It’s about allocating compute incorrectly.

How can we guide LLMs to allocate computation 
adaptively based on task complexity?

We reinterpret reasoning as a resource allocation 
problem under uncertainty.



Two Types of Uncertainty in Reasoning

• When a model is unsure, why is it unsure?

8

 Epistemic Uncertainty (Reducible)
The model doesn’t know enough —
but more reasoning could help.

Query: “Compute 37 × 48.”
If the model hesitates, it's because:
• It hasn't completed the multiplication
• It hasn’t derived the intermediate steps
More reasoning → uncertainty decreases.

 Aleatoric Uncertainty (Irreducible)
The ambiguity comes from the input itself.
More thinking doesn’t help.

Query: “Is the bank open?”
• Which bank?
• Which city?
• Which time?
Even infinite reasoning can’t resolve missing info.



Reasoning as a Sequence of Sub-Problems

• LLM reasoning is multi-step — implicitly 
solving a chain of sub-questions.

• Different sub-questions have different 
uncertainty profiles:

• Some steps are structural / strategy 
(high epistemic → benefit from more compute)

• Some steps are routine execution 
(low epistemic → extra tokens are wasteful)

• Miscalibration happens when we spend 
too much compute on easy steps, and too 
little on hard steps.
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Compute: 𝟏𝟏 − 𝟐𝟐 + 𝟑𝟑 − 𝟒𝟒 + ⋯+ 𝟗𝟗𝟗𝟗 − 𝟏𝟏𝟏𝟏𝟏𝟏
Sub-questions:
• Pair terms to identify a pattern
• Compute the sum of each pair
• Aggregate to get the final total
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Budget Allocation Model (BAM)

• We start with a simple assumption inspired by neural scaling laws
• Allocating more tokens reduces epistemic uncertainty, but with diminishing returns.
• Uncertainty decreases roughly as a power law with compute:

• Given a total token budget 𝐵𝐵, the optimal allocation of budget across subquestion is:
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s: sub-questions
b: tokens allocated
𝑐𝑐: initial uncertainty
𝛽𝛽: difficulty parameter

Allocate more tokens to sub-questions that:
• Start with high uncertainty (large 𝑐𝑐)
• And where additional compute is still effective (moderate 𝛽𝛽)

• Extremely easy steps get few tokens.
• Extremely hard steps also get few tokens.
• Moderately difficult steps get the most.



Efficiency-aware Effectiveness Evaluation Score (       )

• Many existing works measure efficiency 
as accuracy per token:

• We propose to weights the A/T metric by 
accuracy to favor methods that maintain 
high correctness:

12

Example
For Model A :

ℰ3 =
0.92

2000 = 0.000405

For Model B:

ℰ3 =
0.452

1000 = 0.000203

Now the scores are different: the high-
accuracy model is strongly preferred. 

Example
For Model A (Acc = 90%, Tokens = 2000), 
and Model B (Acc = 45%, Tokens = 1000), 
they achieve the same A/T score:

𝐴𝐴/𝑇𝑇 = 0.00045
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Structured & Adaptive Reasoning

Plan-and-Budget implements 
uncertainty-guided compute 
allocation:
• Planning: Decompose 

queries into sub-questions
• Local Budgeting: Allocate 

tokens adaptively across 
steps

• Uncertainty-Aware: 
Reduces epistemic 
uncertainty efficiently

• Training-Free: Works with 
any LLM at test time
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Step 1: Plan
(Structure the Reasoning)

• Decompose query into sub-
questions

• Estimate relative difficulty
• Provide a soft reasoning scaffold

Purpose: Reduces speculative 
exploration.

Step 2: Budget
(Allocate Compute Locally) 

• Assign token budgets per sub-
question strategically

• Use uncertainty-aware scheduling
• Adapt allocation within fixed total 

budget

Purpose: Aligns compute with 
epistemic uncertainty.
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We approximate optimal allocation using simple 
decay schedules:
• Allocate more tokens to early (high-uncertainty) steps.
• Gradually reduce budget across sub-questions.
• Different decay shapes reflect different assumptions.
• All schedules are lightweight and training-free.

Practical Budget Allocation via Decay 
Scheduling
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Experiment Setup
 Tasks

3 key tasks covering math, general 
reasoning, and long-horizon planning:
• MATH-500

• Multi-step symbolic reasoning
• Exact match accuracy

• NaturalInstructions
• Instruction following
• ROUGE score

• TravelPlanner
• Constraint-heavy planning
• Hard constraint pass rate

17

 Models
4 main-stream reasoning LLM without 
fine-tuning:
• DS-Qwen-32B
• QwQ-32B
• DS-LLaMA-70B
• o4-mini

 Metrics
• Accuracy / ROUGE / Pass rate
• Average tokens (completion tokens)

• 𝐸𝐸3 = 𝐴𝐴2

𝑇𝑇

• Vanilla reasoning
• Global budget constraints
• Planned global budgeting
• Plan-and-Budget (ours)



Extensive Results

• We conduct extensive 
experiment covering 3 kinds 
of tasks X 4 LLMs

• And you are probably too 
busy to read through them…
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Adaptive Allocation Improves Efficiency
• Consistent gains across datasets
• Largest improvement: +193.8%
• Improvement holds across model scales
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Up to +70%
Accuracy Gain!

Up to -39%
Token Reduction!

Up to +193.8%
        Gain!



Adaptive Allocation Improves Performance at Lower Cost
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• Left = fewer↓ tokens
• Up = higher↑ correctness
• Global budget 

→ left but down (underthink)

• Plan-and-Budget
→ left and up (calibrated 
reasoning)

Efficient reasoning 
requires calibrated 

compute allocation, not 
simply reducing tokens.



Global Budgets Misallocate Compute Across Difficulty

• Global budget uniformly reduces tokens
→ performance drops across difficulty 

levels
• Plan-and-Budget reallocates compute

→ improves Easy and Hard queries
• Effects vary across models and datasets

→ consistent trend is adaptive 
redistribution
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The problem is not difficulty alone, it 
is uniform compute allocation across 

heterogeneous queries.



Key Takeaways

1. Reasoning Miscalibration is a Core Bottleneck: LLMs often misallocate 
compute at test time:
• overthinking on simple queries, 
• underthinking on complex ones. 

2. Adaptive Allocation Improves Efficiency and Accuracy: Plan-and-Budget:
• decomposes reasoning into structured sub-problems, 
• allocates tokens based on uncertainty, 
• achieves better performance with fewer tokens. 

3. Structured Control Enables Efficient Reasoning
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Compute should be allocated based on uncertainty,
not applied uniformly across reasoning steps.
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