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• First to revisit the Uniform Information Density hypothesis in the context of LLM reasoning

• Global non-uniformity and local uniformity in surprisal correlate with reasoning success

• Deviations from such patterns serve as an internal signal for predicting failure cases

One Slide Summary

2



1. Implications of CoT Reasoning in LLMs
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• Small and irrelevant perturbations in the reasoning chain can reduce accuracy

• Longer reasoning steps do not necessarily reflect the true difficulty of the problem

Fragility of CoT

Reasoning of Fluency? Dissecting Probabilistic Confidence in Best-of-N Selection (arXiv preprint 2026)

The Illusion of Thinking: Understanding the Strengths and Limitations of Reasoning Models via the Lens of Problem Complexity (NEURIPS 2025)

GSM-Symbolic: Understanding the Limitations of Mathematical Reasoning in Large Language Models (ICLR 2025) 4



• UID Hypothesis in Human Communication:

• speakers distribute information evenly to balance clarity and efficiency

• Our Question: 

• Does a similar principle govern reasoning in LLMs?

How do we know if LLMs are reasoning effectively?

A Cross-Linguistic Pressure for Uniform Information Density in Word Order (TACL 2023)

Speakers optimize information density through syntactic reduction (NEURIPS 2006) 5



2. Exploring the UID Hypothesis 

in LLM Reasoning
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• Given earlier sequence 𝒖<𝒏 = [𝑢1, 𝑢2, … , 𝑢𝑁−1], 

• surprisal of the unit utterance 𝑢𝑛 is defined as 𝑠 𝑢𝑛 = − log 𝑃 𝑢𝑛 𝑢<𝑛)

• Unit (eg. words, sub-words)

Definition of Surprisal

Revisiting the Uniform Information Density Hypothesis (EMNLP 2021)

Prob. of next unit 

given earlier units
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• Load of processing a word is related to how unexpected the word is (i.e., its surprisal)

• Processing effort for a sentence: 

• (i) a super-linear function of surprisal + (ii) utterance length

Surprisal Theory in Psycholinguistics

Revisiting the Uniform Information Density Hypothesis (EMNLP 2021) 8



• Efficiency is maximized when information (per-unit surprisal) is distributed as 

uniformly as possible throughout a signal

Uniform Information Density Hypothesis

Revisiting the Uniform Information Density Hypothesis (EMNLP 2021) 9



•  Two ways of quantifying “uniformity” (local and global) in psycholinguistics

Quantifying Linguistic Uniformity

Revisiting the Uniform Information Density Hypothesis (EMNLP 2021) 10



Global Uniformity in LLM Reasoning

• Global Uniformity via variance over the entire vector of reasoning steps

Var( ෤𝑢) =
1

𝑁
 σ 𝐼𝐷𝑖

′  − ത𝑢 2
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Local Uniformity in LLM Reasoning

• Local Uniformity via step-by-step spikes and falls in a reasoning trace

• 𝑆 = 𝑇+ + 𝑇−

𝑇+

𝑇−
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How we use UID scores as trace-level selectors

• UID scores act as selectors by ranking them by smoothness and consistency

Candidate Reasoning Traces

UID

UID

UID

Rank

Select the Best Trace

13



Our Core Finding

•  Local Uniformity and Global Non-Uniformity achieve highest accuracy in LLM Reasoning
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3. Positioning Relative to

Answer-level Aggregation Methods
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• Most notably majority voting, operate by comparing multiple final answers

Answer-level Aggregation Methods are Dominant

Self-Consistency Improves Chain-of-Thought Reasoning in Language Models (ICLR 2023) 16



• We focus on trace-level selection, where a single reasoning trajectory is chosen

• Also, our approach is compatible with output-based sampling

Why Our Approach is Unique

Scalable Best-of-N Selection for Large Language Models via Self-Certainty (NEURIPS 2025) 17



3. Does the UID Hypothesis Hold 

in LLM Reasoning?
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Main Results

•  Reasoning traces exhibiting local uniformity and global non-uniformity

   achieve the highest accuracy
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4. Further Analyses
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•  UID-guided reasoning selection scales with model capacity

Analysis 1: Model Size Analysis
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•  UID-guided selection yields robust generalization beyond math domains

Analysis 2: Domain Generalization
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• Stable step-level information flow with trajectory-level variation yields the 

highest accuracy, even under small sampling budgets.

Analysis 3: Sample Size Analysis
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5. Why Does UID Differ between 

Human Communication and LLM Reasoning?
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• We compare two prompts to test if UID deviations stem from differing objectives

Human Communication vs. LLM Reasoning

25



• Human communication is listener-optimized

• LLM reasoning is computation-driven

• Only local smoothness reliably indicates reasoning coherence

Human Communication vs. LLM Reasoning
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• Uniform Information Density does not hold globally in LLM reasoning

• High-quality reasoning exhibits local smoothness but global structure

• Information distribution metrics are effective signals of reasoning quality

Conclusion
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Thank you
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App1. Quantifying Linguistic Uniformity 

in LLM Reasoning
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•  Entropy as a proxy for information density (Theoretical Justification)

• reflects both model confidence and variability in reasoning

• quantifies the expected number of bits required to encode the predictive distribution

Quantifying Linguistic Uniformity in LLM Reasoning (1)

Revisiting the Uniform Information Density Hypothesis (EMNLP 2021) 30



•  Entropy as a proxy for information density (Empirical Justification)

• entropy measures the difference between highest and lowest trends more profoundly than others

Quantifying Linguistic Uniformity in LLM Reasoning (1)
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•  Justification for Step-wise Segmentation

• well-known heuristic aligning with how LLMs structure free-form reasoning

• But, also robust to other segmentation strategies as well

Quantifying Linguistic Uniformity in LLM Reasoning (2)

Deep Think with Confidence (ICLR 2025)

L1: Controlling How Long A Reasoning Model Thinks With Reinforcement Learning (COLM 2025) 32



App2. Qualitative Analyses 

of Reasoning Traces
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• High-variance traces encode informative shifts, whereas low-variance doesn’t

Qualitative Analyses on Global UID

34



• Locally variant traces encode non-informative shifts, whereas the opposite doesn’t

Qualitative Analyses on Local UID
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