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Abstract

Reasoning-tuned LLMs utilizing long Chain-
of-Thought (CoT) excel at single-answer tasks,
yet their ability to model Human Label Varia-
tion—which requires capturing probabilistic
ambiguity rather than resolving it—remains
underexplored. We investigate this through
systematic disentanglement experiments on
distribution-based tasks, employing Cross-CoT
experiments to isolate the effect of reasoning
text from intrinsic model priors. We observe
a distinct "decoupled mechanism": while CoT
improves distributional alignment, final accu-
racy is dictated by CoT content (99% variance
contribution), whereas distributional ranking is
governed by model priors (over 80%). Step-
wise analysis further shows that while CoT’s
influence on accuracy grows monotonically dur-
ing the reasoning process, distributional struc-
ture is largely determined by LLM’s intrinsic
priors. These findings suggest that long CoT
serves as a decisive LLM decision-maker for
the top option but fails to function as a granular
distribution calibrator for ambiguous tasks.

1 Introduction

Reasoning-tuned large language models (LLMs)
with long CoT reasoning achieve strong perfor-
mance on many benchmarks (Touvron et al., 2023;
Dubey et al., 2024; OpenAI, 2023; Wei et al., 2022;
Wang et al., 2023; DeepSeek-AI et al., 2025; Team,
2025c; Hurst et al., 2024), usually measured by
accuracy under the assumption of a single correct
answer (Hendrycks et al., 2021a; Rein et al., 2023;
Wang et al., 2024; Sun et al., 2025; Hendrycks
et al., 2021b). However, many real-world tasks are
inherently ambiguous or subjective, with human
annotators often disagreeing due to genuine seman-
tic uncertainty (Pavlick and Kwiatkowski, 2019;
Aroyo and Welty, 2015). Such Human Label Varia-
tion (HLV) requires models to predict distributions
over plausible answers, making argmax-based eval-
uation insufficient (Uma et al., 2021; Plank, 2022;

Cabitza et al., 2023; Hu et al., 2025). Intuitively,
reasoning through intermediate steps might better
reflect such variations compared to direct answer-
ing (Chen et al., 2025a), motivating us to ask RQ1:
whether long CoT helps models better approximate
human label distributions, and RQ2: whether any
gains come from CoT reasoning or the model’s
latent parametric knowledge.

To investigate RQ1, we utilize ChaosNLI (Nie
et al., 2020), a benchmark capturing collective hu-
man opinions. We analyze the latent answer distri-
butions behind CoT using complementary metrics:
accuracy for correctness, and Jensen–Shannon Di-
vergence (JSD, Endres and Schindelin 2003) and
Spearman’s ρ (Spearman, 1961) for distributional
and ranking alignment. To further disentangle
CoT’s role from model-intrinsic priors (RQ2), we
conduct: i) Cross-CoT experiments, injecting one
model’s CoT into another to test reasoning transfer;
and ii) Step-wise analysis, truncating CoT to track
how influence evolves over reasoning steps.

Our analysis uncovers a notable “split influence”.
While LLMs generally improve distributional align-
ment (lower JSD) after reasoning, this gain is not
uniform across metrics. Using ANOVA to calculate
the variance contribution percentage in our Cross-
CoT experiments, we find that final accuracy is
overwhelmingly determined by the CoT content
(≈99%), confirming the strong role of reasoning
chain in steering the top-1 answer decision. In
stark contrast, the distributional structure—ranking
and probability allocation among non-argmax op-
tions—is largely immune to CoT, remaining gov-
erned by model priors (>80%).

Step-wise analysis further clarifies this dynamic.
While all metrics evolve throughout reasoning,
changes in accuracy are predominantly driven by
CoT and grow monotonically with later steps. By
comparison, changes in distributional similarity
(JSD and Spearman’s ρ) are mostly determined
by the LLM’s intrinsic behavior. This reveals a di-
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chotomy: current long CoT paradigms act as strong
LLM decision makers but weak distribution calibra-
tors. CoT tends to progressively concentrate prob-
ability mass to lock in the most likely answer la-
tently, but fails to govern the reshaping of the prob-
ability landscape for alternative options. This work
highlights the structural limitations of current rea-
soning processes in capturing fine-grained answer
uncertainty and motivates the need for distribution-
aware reasoning mechanisms.

2 Background

HLV in Natural Language Inference. Unlike
the single-label assumption in most benchmarks,
NLI is often inherently ambiguous: a premise and
hypothesis can elicit a spectrum of plausible inter-
pretations, a phenomenon known as HLV (Plank,
2022). Benchmarks such as ChaosNLI capture
this by representing labels as probability distribu-
tions rather than single gold labels (Nie et al., 2020;
Weber-Genzel et al., 2024; Jiang et al., 2023; Hong
et al., 2025a,b). Evaluating models under HLV
requires moving beyond standard accuracy to dis-
tributional metrics that measure alignment with col-
lective human judgments (Kurniawan et al., 2025;
Lee et al., 2023; Leonardelli et al., 2023; Chen
et al., 2024, 2025b,a; Ni et al., 2025).

Reasoning under Distributional Uncertainty.
Recent LLM advancements emphasize reasoning-
intensive paradigms. Long CoT enables models to
decompose problems into intermediate steps (Wang
et al., 2023; DeepSeek-AI et al., 2025; Team,
2025c; Hurst et al., 2024), effectively reducing un-
certainty and producing high-confidence conclu-
sions in deterministic tasks. However, its role in
probabilistic HLV settings is less clear. Generating
explicit reasoning can inadvertently suppress valid
alternative interpretations, potentially biasing the
model toward the top-1 choice. While prior work
has explored confidence-based calibration (Zhao
et al., 2025; Yoon et al., 2025; Mao et al., 2025b),
it remains unclear whether CoT actively shapes
the full output distribution or mainly rationalizes
the final decision, leaving non-argmax probabilities
governed by the model’s intrinsic priors.

3 Experiments

3.1 Setup

Task We experiment on 3 ChaosNLI subsets:
MNLI, SNLI, and αNLI (Bowman et al., 2015;

Reasoning LLMs Abbr.

Qwen/Qwen3-30B-A3B-Thinking-2507 (Team, 2025b) Qwen
deepseek-ai/DeepSeek-R1-Distill-Llama-70B (DeepSeek-AI et al., 2025) R1-Llama
deepseek-ai/DeepSeek-R1-Distill-Qwen-32B (DeepSeek-AI et al., 2025) R1-Qwen
allenai/Olmo-3-32B-Think (Olmo et al., 2025) Olmo
zai-org/GLM-Z1-32B-0414 (GLM et al., 2024) GLM
ByteDance-Seed/Seed-OSS-36B-Instruct (Team, 2025a) Seed
openai/gpt-oss-20b (OpenAI, 2025) GPT

Table 1: Reasoning LLMs and their abbreviation.

Williams et al., 2018; Bhagavatula et al., 2020).
Each instance is annotated by 100 crowdworkers,
enabling reliable human judgment distributions
(HJD). MNLI and SNLI are three-way classifi-
cation tasks (entailment, neutral, contradiction),
yielding 3-d label distributions. αNLI is a binary-
choice task, where annotators select the better hy-
pothesis for a given observation pair, producing 2-d
distributions.1 Dataset details are in Appendix A.

Models To comprehensively evaluate the HLV
performance of reasoning-tuned LLMs, we select
a range of state-of-the-art open-source reasoning
models (details in Table 1). All follow a reason-
then-answer paradigm: generating a long CoT rea-
soning process before outputting a final answer.

Evaluation All NLI instances are reformulated
as multiple-choice questions. Model predictions
are extracted using the first-token probability
method (Santurkar et al., 2023; Durmus et al., 2023;
Liang et al., 2023), where logits are aggregated and
normalized to obtain an output probability distri-
bution over answer options.2 We measure the HLV
alignment between the model-generated distribu-
tion and the corresponding HJD using JSD. We also
report accuracy. Additionally, we include Spear-
man’s ρ in Section 4.1, which is invariant to mono-
tonic transformations. See details in Appendix B.

3.2 Does CoT Improve HLV Performance?

We examine the impact of reasoning by compar-
ing model performance before and after CoT. See
Table 2, the effect of CoT on accuracy is mixed.
While most models improve on SNLI and αNLI,
performance on MNLI is highly unstable. In con-
trast, JSD consistently decreases across nearly all
models and datasets. Importantly, this improved
distributional alignment is often decoupled from

1ChaosNLI is ideal for HLV evaluation as a rare non–social
science benchmark with collective HJDs (Hu et al., 2025).

2While this approximation may not fully capture down-
stream decoding dynamics, our analysis focuses on relative
comparisons across controlled conditions, where this proxy is
consistently applied.
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Task MNLI SNLI αNLI

LLMs/Metrics ACCstart ↑ ACClast ↑ JSDstart ↓ JSDlast ↓ ACCstart ↑ ACClast ↑ JSDstart ↓ JSDlast ↓ ACCstart ↑ ACClast ↑ JSDstart ↓ JSDlast ↓

Qwen 0,688 0,644 0,093 0,080 0,668 0,778 0,144 0,119 0,749 0,890 0,108 0,084
R1-Llama 0,666 0,689 0,082 0,077 0,615 0,750 0,133 0,123 0,839 0,878 0,098 0,091
R1-Qwen 0,734 0,672 0,080 0,072 0,689 0,764 0,127 0,115 0,832 0,860 0,094 0,081
Olmo 0,614 0,609 0,088 0,082 0,738 0,775 0,133 0,122 0,819 0,863 0,107 0,087
GLM 0,670 0,640 0,082 0,077 0,545 0,756 0,134 0,120 0,834 0,888 0,099 0,088
Seed 0,705 0,614 0,077 0,083 0,766 0,777 0,124 0,127 0,868 0,887 0,098 0,095
GPT 0,437 0,672 0,095 0,077 0,596 0,772 0,145 0,119 0,793 0,872 0,112 0,080

Table 2: Results before and after reasoning. start and last denote before reasoning and after completion. Red
indicates an increase, blue a decrease. Arrows next to metric names show whether higher or lower is better.
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Figure 1: Changes after reasoning for Cross-CoT.

accuracy: even when the accuracy decreases (e.g.,
Qwen on MNLI), the output distribution aligns
more closely with human judgments on average.

CoT generally reduces JSD, indicating useful
signals for HLV, but the benefit varies across mod-
els. Models with similar post-CoT accuracy can
exhibit substantially different JSD values, and vice
versa, raising the key attribution question: are the
gains driven by the semantic content of the rea-
soning itself, or by model-specific inductive biases
when interpreting the reasoning text?

3.3 Cross-CoT Evaluation

To disentangle the source of JSD improvements,
we conduct Cross-CoT experiments, injecting rea-
soning paths from different source models into
various inference models. We show the perfor-
mance changes in Figure 1. On MNLI, accuracy
shows mixed patterns. In contrast, consistent with
single-model results, JSD improves across nearly
all Cross-CoT pairings.3 Regardless of the reason-
ing source model, injecting a CoT almost univer-
sally reduces divergence from human distributions.

3The box plot (Figure 4) in Appendix C shows improve-
ments are widespread across instances, not driven by outliers.
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Figure 2: Last results after reasoning for Cross-CoT.

This confirms: CoT text acts as a portable car-
rier of HLV-relevant information—reasoning
generated by one model can facilitate better dis-
tributional alignment in another. However, the
divergent patterns between accuracy and JSD moti-
vate us to examine why these two metrics respond
differently to CoT, and how CoT influences them.

4 Analyses

4.1 What Does CoT Determine?

If CoT were the dominant driver, models condi-
tioned on the same CoT should converge to similar
outcomes. To test this, we analyze final-step accu-
racy and JSD. The results (Figure 2(a), 2(b)) reveal
a clear dissociation. Accuracy shows a column-
dominant pattern: for a fixed CoT source, accuracy
is nearly identical across inference models, indicat-
ing that CoT largely dictates the argmax decision.
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Task MNLI SNLI αNLI

Metric ACC JSD Spearman’s ρ ACC JSD Spearman’s ρ ACC JSD Spearman’s ρ

Step/Factor LLM CoT Residual LLM CoT Residual LLM CoT Residual LLM CoT Residual LLM CoT Residual LLM CoT Residual LLM CoT Residual LLM CoT Residual LLM CoT Residual

Step 0 100.0% 0.0% 0.0% 100.0% 0.0% 0.0% 100.0% 0.0% 0.0% 100.0% 0.0% 0.0% 100.0% 0.0% 0.0% 100.0% 0.0% 0.0% 100.0% 0.0% 0.0% 100.0% 0.0% 0.0% 100.0% 0.0% 0.0%
Step 1 97.3% 0.2% 2.5% 96.9% 0.4% 2.7% 92.7% 0.4% 6.9% 96.5% 1.4% 2.2% 94.4% 0.9% 4.7% 83.2% 2.4% 14.4% 93.9% 1.4% 4.7% 95.4% 1.3% 3.3% 94.0% 1.3% 4.8%
Step 2 95.7% 0.5% 3.7% 95.3% 0.7% 4.0% 92.3% 1.8% 5.9% 85.1% 8.6% 6.4% 88.2% 4.4% 7.4% 76.1% 8.0% 15.8% 75.7% 10.5% 13.8% 89.3% 3.9% 6.8% 76.3% 10.4% 13.2%
Step 3 91.8% 1.6% 6.6% 93.4% 1.6% 5.0% 91.6% 2.6% 5.8% 75.1% 16.7% 8.1% 82.2% 8.3% 9.5% 73.2% 12.2% 14.6% 64.1% 22.2% 13.7% 81.4% 8.8% 9.8% 64.3% 22.4% 13.3%
Step 4 89.1% 2.2% 8.7% 91.5% 2.9% 5.6% 90.5% 3.6% 5.9% 62.5% 29.1% 8.5% 75.4% 14.0% 10.6% 69.9% 16.4% 13.7% 52.1% 31.2% 16.8% 80.8% 9.5% 9.6% 51.9% 32.6% 15.5%
Step 5 85.2% 4.3% 10.6% 89.3% 4.2% 6.4% 88.0% 4.9% 7.1% 57.4% 32.4% 10.2% 72.8% 16.6% 10.6% 70.8% 13.0% 16.2% 45.2% 41.7% 13.1% 81.6% 10.4% 8.0% 47.2% 41.3% 11.5%
Step 6 79.4% 8.5% 12.0% 87.9% 5.7% 6.5% 83.6% 7.6% 8.8% 58.9% 29.7% 11.3% 72.5% 17.4% 10.1% 71.9% 10.4% 17.7% 35.4% 53.8% 10.8% 84.9% 9.4% 5.8% 36.4% 53.3% 10.3%
Step 7 66.5% 18.4% 15.1% 87.5% 6.1% 6.4% 77.5% 10.1% 12.4% 53.4% 30.6% 16.0% 73.1% 17.2% 9.7% 73.9% 6.6% 19.5% 22.5% 67.3% 10.2% 87.0% 8.2% 4.9% 22.1% 67.5% 10.4%
Step 8 44.1% 38.3% 17.5% 86.4% 7.0% 6.7% 73.3% 14.5% 12.2% 43.0% 33.2% 23.8% 72.1% 19.1% 8.8% 71.8% 7.9% 20.3% 9.6% 76.2% 14.2% 85.2% 10.1% 4.7% 10.1% 76.9% 13.0%
Step 9 22.4% 65.2% 12.4% 84.3% 8.5% 7.2% 73.0% 16.8% 10.3% 34.8% 43.9% 21.2% 71.3% 19.8% 8.9% 77.8% 6.3% 15.9% 5.3% 83.5% 11.2% 81.4% 13.2% 5.4% 5.4% 84.1% 10.5%
Step 10 0.1% 99.5% 0.4% 83.3% 8.7% 8.1% 71.1% 13.1% 15.7% 0.2% 98.6% 1.2% 67.7% 22.2% 10.1% 81.7% 3.3% 15.0% 0.1% 99.4% 0.5% 76.9% 15.2% 7.9% 0.1% 99.4% 0.5%

Table 3: Step-wise ANOVA results. Each CoT is split into 10 segments by sentence, yielding 11 intermediate
answers from no-thinking (step 0) to full-thinking (step 10). ANOVA is computed for each Cross-CoT heatmap.
Red numbers indicate the factor dominating the metric at that step. All step-wise heatmaps are in Appendix G.
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Figure 3: Curve cases for step-wise evaluation. Max and min points are marked. All results are in Appendix H.

In contrast, JSD exhibits a row-dominant pattern:
final divergence is primarily determined by the in-
ference model, with little sensitivity to the CoT.
This suggests that CoT provides a directional sig-
nal, while the final distributional shape remains
constrained by model-specific priors.

We further analyze Spearman’s ρ as a relaxed
non-argmax metric (only rankings). Its heatmap
(Figure 2(c)) mirrors the row-dominant structure
of JSD rather than accuracy.4 We adopt an additive
Analysis of Variance (ANOVA) model to estimate
marginal contributions of CoT and the model’s pri-
ors. Interaction effects, while not explicitly mod-
eled, are captured in the residual term.5 ANOVA
on MNLI confirms this split: CoT explains 99% of
the variance in accuracy, but only a small fraction
in JSD and Spearman’s ρ (8.7% and 13.1%), where
model identity dominates (83.3% and 71.1%). This
asymmetry exposes a fundamental limitation of
current CoT paradigms. CoT is highly effective at
explicit decision-making, capable of overriding a
model’s prior to determine the argmax. However,
in the non-argmax space—namely, the ranking and
probability allocation over alternative options—its
influence sharply diminishes. Models appear to

4Note that, in binary-choice αNLI, ρ is effectively equiva-
lent to accuracy, as only a single non-argmax position exists.

5Details of ANOVA are in Appendix D.

follow CoT for the final choice, but revert to
their latent parametric preferences when dis-
tributing uncertainty.

4.2 When Does CoT Take Control?
Although CoT explains nearly all variance in accu-
racy, its impact on distributional metrics remains
limited. To understand how this asymmetry devel-
ops, we apply early stopping to the CoT, truncat-
ing it at fixed increments and evaluating interme-
diate performance.6 Step-wise ANOVA (Table 3)
reveals a sharp divergence. CoT influence on accu-
racy remains modest during reasoning, then spikes
abruptly at the final step, forming a clear inflection.
In contrast, its influence on JSD and Spearman’s ρ
stays uniformly low, with no point at which CoT
overrides the model’s ranking behavior. To ensure
our findings are not artifacts of the chosen probabil-
ity mapping, we additionally compute JSD using
a standard softmax transformation. As detailed in
Appendix F, this robustness check yields consis-
tent results, confirming the decoupled mechanism
regardless of the normalization scheme.

Notably, the residual variance in our ANOVA
decomposition remains consistently small (often
under 10%). This indicates that the main effects

6Implementation details are elaborated in the Appendix E.
All code, logits, and CoT outputs are publicly available at
https://github.com/mainlp/CoT-HLV.
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overwhelmingly dominate the predictive variance.
Because the additive ANOVA model absorbs any
unmodeled interactions into the residual term, the
minimal magnitude of these residuals assures that
the primary conclusions regarding the decoupled
mechanism remain robust.

This pattern is also illustrated by representative
models (Figure 3). Accuracy often shifts or con-
verges only at the conclusion, while Spearman’s ρ
fluctuates without a consistent trend. Thus, CoT
determines the LLM’s final choice but not the struc-
ture of uncertainty. Our anecdotal evidence in
Appendix I supports that this can be attributed to
the CoT format: standard CoT often ends with
an explicit conclusion, providing a strong argmax
signal, while distributional cues remain implicit.
Consequently, models leverage CoT for decision-
making but revert to intrinsic priors for proba-
bility allocation, exposing a structural inability
of raw CoT to shape answer distributions.

5 Discussion and Future Work

Our results indicate that scaling inference-time
compute via longer CoT is insufficient for resolving
complex semantic ambiguity. Rather than preserv-
ing or refining uncertainty, standard CoT primar-
ily acts as a mechanism for collapsing a distribu-
tion over hypotheses into a single high-confidence
argmax prediction. This suggests a broader lim-
itation of current reasoning paradigms: they are
primarily optimized for decisiveness, rather than
for faithfully representing uncertainty.

Beyond motivating the need for improved HLV
evaluation, our findings point to several concrete di-
rections for advancing both modeling and analysis
of reasoning systems.

First, to better capture HLV, future work should
move beyond implicit reasoning traces and develop
explicitly distribution-aware reasoning frameworks.
Instead of solely optimizing for the final answer,
models should be trained to maintain, calibrate, and
communicate relative uncertainties over compet-
ing hypotheses throughout intermediate reasoning
steps. This may involve new training objectives,
decoding strategies, or supervision signals that ex-
plicitly reward distributional fidelity.

Scope of Evaluation. Our study focuses on NLI-
style multiple-choice question answering (MCQA),
a deliberately controlled setting that enables re-
liable extraction of probability distributions via
first-token probabilities. This design avoids the

additional noise introduced by open-ended gener-
ation, such as answer normalization and semantic
equivalence issues. While MCQA is a standard
benchmark for evaluating reasoning in LLMs, ex-
tending our distributional analysis to settings with
larger label spaces and open-ended outputs is a nat-
ural next step. Such extensions would require more
robust methods for mapping free-form generations
to structured belief distributions.

Calibration vs. Distributional Similarity. Our
evaluation framework emphasizes relative distri-
butional alignment, measuring how closely model-
predicted belief distributions match human anno-
tations using metrics such as JSD and Spearman’s
ρ. However, this setup does not assess absolute
probability calibration with respect to empirical
correctness frequencies. A promising direction for
future work is to jointly study distributional simi-
larity and calibration, for example by incorporating
metrics such as Expected Calibration Error (ECE),
to better understand whether reasoning models are
not only structurally aligned with human beliefs
but also probabilistically well-grounded.

CoT Format Ablations. Finally, while the ob-
served decoupling effect remains consistent across
different source and reasoning models in our Cross-
CoT framework, we do not isolate the causal contri-
bution of specific reasoning formats. In particular,
it remains unclear whether elements such as ex-
plicit final-answer cues or structural regularities
in CoT directly govern decoding behavior. Fu-
ture work could investigate this question through
controlled format-level ablations, synthetic CoT
interventions, or human-authored reasoning traces,
enabling a more fine-grained understanding of how
reasoning structure influences model predictions.

6 Conclusion

From an HLV perspective, we identify a funda-
mental “split influence” in CoT reasoning: while
reasoning content predominantly determines the
LLM’s final argmax choice latently, the probability
landscape of alternative options remains anchored
to the model’s intrinsic priors. This exposes a struc-
tural limitation where standard CoT effectively col-
lapses ambiguity for decision-making but fails to
calibrate fine-grained uncertainty for alternative,
plausible answers. Consequently, advancing HLV
modeling requires moving beyond implicit reason-
ing traces toward distribution-aware paradigms.
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Limitations

Our work has two main limitations. First, our eval-
uation relies solely on final human label distribu-
tions, as ChaosNLI lacks annotated intermediate
reasoning steps. Consequently, our step-wise anal-
ysis compares intermediate model outputs against
the final human consensus rather than step-specific
ground truth. Addressing this limitation would re-
quire future improvements in human annotation,
where reasoning steps and intermediate answers
are collected for direct comparison. An alternative
approach could be the use of relative references:
for example, treating the intermediate answers gen-
erated by a CoT-provider LLM as the gold standard
to evaluate the faithfulness of other LLMs. An-
other possibility is to employ an entailment model
to determine whether each reasoning step in a CoT
entails the previous step, thereby inferring interme-
diate answers recursively. However, both of these
approaches are highly dependent on the accuracy
of the model itself; inaccuracies could introduce
evaluation biases.

Second, our study does not include a direct hu-
man evaluation of the textual content of the CoTs.
Instead, we focus on assessing CoTs in terms of
their impact on LLM behavior, especially answer
distributions. While this approach emphasizes the
effect of reasoning on model outputs, it overlooks
the quality of the specific text content. Conduct-
ing human evaluation of long CoTs is particularly
resource-intensive, given their length and the effort
required to annotate individual sentences and their
interrelations. Nevertheless, considering the grow-
ing importance of CoT reasoning in NLP, carefully
designed human evaluation to verify whether ex-
treme values in reasoning metrics correspond to rea-
sonable positions in the text represents a promising
direction for future work. Such evaluation could
help us better understand the effects of CoT on
LLM reasoning.

Ethical Considerations

This work primarily involves the analysis of NLI
datasets and open-sourced LLMs. All data used
are publicly available and do not contain person-
ally identifiable information. No sensitive or po-
tentially harmful content is generated or utilized
in this study. Therefore, we do not anticipate any
ethical concerns arising from our work.

Use of AI Assistants The authors acknowledge
the use of ChatGPT solely for correcting grammat-
ical errors, enhancing the coherence of the final
manuscript.
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A Datasets

To evaluate the model’s ability to capture collec-
tive human uncertainty and label disagreement, we
utilize the ChaosNLI dataset (Nie et al., 2020). Un-
like standard NLI benchmarks that typically rely on
a single “gold” label derived from a majority vote
(often among 3–5 annotators), ChaosNLI provides
a dense distribution of human annotations.

• Data Source: The dataset consists of purely
English examples, selected from of SNLI
(1514 items, Bowman et al. 2015), MNLI
(1599 items, Williams et al. 2018) and αNLI
(1532 items, Bhagavatula et al. 2020).

• Selection Criteria: The examples were
specifically chosen to target ambiguous in-
stances. The authors filtered for examples
where the original annotators disagreed (e.g.,
a 3 vs. 2 vote split) or where the model predic-
tions significantly deviated from the majority
label.

• Annotation Process: Each example in
ChaosNLI is annotated by a crowd of N =
100 independent workers. This high volume
of annotators allows for the estimation of a
true label distribution yhuman over the three
classes (Entailment, Neutral, Contradiction),
rather than a deterministic class label. As for
αNLI, annotators are asked to select the better
hypothesis from a sentence pair for a given
observation pair.

• Objective: The dataset serves as a testbed
for measuring how well a model’s predicted
probability distribution pmodel aligns with the
distribution of human judgment yhuman, of-
ten measured via Jensen-Shannon Divergence
(JSD).

B Evaluation Details

This section elaborates on the details of the exper-
imental setup. We first describe the experiment
details, and then introduce how the NLI task is
transformed into a multiple-choice question an-
swering (MCQA) format. We finally introduce
the procedure for extracting and converting first-
token probabilities, followed by a formal definition
of the evaluation metrics used in this paper.

B.1 Experiment Details

All LLMs are evaluated using the initial or rec-
ommended parameter settings provided by their
respective developers, ensuring that each model
generates Chain-of-Thought (CoT) outputs consis-
tent with its intended behavior and style. Since our
analysis focuses on the model logits rather than the
sampled textual outputs, variations in sampling-
related parameters (e.g., temperature, top-k, or
top-p) do not affect the logits-based evaluations.
This design ensures that our comparisons reflect
the models’ intrinsic preference distributions rather
than stochastic differences introduced by the de-
coding process.

All experiments were conducted on two NVIDIA
A100-SXM4-80GB GPUs. On average, complet-
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ing a single experiment—which involves generat-
ing step-wise intermediate logits for one LLM on
a single dataset using a given Chain-of-Thought
(CoT)—takes approximately 20 hours. This re-
flects the computational demands of step-wise eval-
uation across multiple inference steps and high-
lights the resource-intensive nature of detailed logit-
level analyses for large language models.

B.2 MCQA Format
The conversion to the MCQA format is illus-
trated in Table 4. Since MNLI and SNLI belong
to the same category of NLI datasets, they are
transformed using an identical three-way multiple-
choice formulation. In contrast, αNLI is converted
using a separate binary-choice MCQA format, re-
flecting its distinct label structure.

B.3 First-Token-Probability and Metrics
B.3.1 First-token Probability
Take MNLI as an example. Conditioned on
the prompts described above, we further map
LLM outputs from discrete options in [A,
B, C] to probability distributions, which we
treat as model judgment distributions (MJDs).
Specifically, we define a one-to-one mapping
f : O → L from the option set O to the label
space L, where O = {A,B,C} and L =
{ENTAILMENT, NEUTRAL, CONTRADICTION}.
Both O and L are subject to permutation to
mitigate positional and label-order biases.

Let the textual output of an LLM be represented
as a sequence of tokens w = [w1, w2, . . . , wk],
where wi ∈ V , k denotes the output length, and
V is the model vocabulary. Instead of using the
decoded output, we extract the pre-decoding logits
corresponding to the first generated token w1:

sw1 = [s1, s2, . . . , sn], n = |V |,

where sj denotes the logit associated with the j-th
vocabulary token.

We restrict our attention to the subset of logits
corresponding to the option tokens in O,

sOw1
= [sA, sB, sC ],

which encode the model’s relative preference over
the candidate options. Since the normalization
transformation preserves the entropy of the original
logits, whereas the softmax transformation (espe-
cially when applied with a temperature parame-
ter) can alter entropy, we adopt the normalization

transformation for our evaluations, because entropy
plays a critical role in the computation of JSD, and
using a transformation that artificially modifies it
could bias the assessment. Therefore, to more ac-
curately measure the LLMs’ intrinsic probabilistic
preferences and their native reasoning behavior, we
rely on the norm transformation rather than softmax
in our analysis.

To convert these scores into a probability distri-
bution pO, we then apply a normalization step.

pOnorm(j) =
sj∑|O|
j=1 sj

, (1)

This procedure yields a well-formed probability
distribution over labels, enabling fine-grained com-
parison with human-annotated label distributions.

B.3.2 Rank Correlation Metric
To quantify the agreement between ranked prefer-
ences from different sources (e.g., human annota-
tions versus model predictions), we employ rank
correlation metrics. Let {(xi, yi)}ni=1 denote paired
ranks from two sources.

Spearman’s ρ (Spearman, 1961) Spearman’s
rank correlation coefficient measures the Pearson
correlation between ranked variables and is defined
as:

ρ = 1− 6
∑n

i=1 d
2
i

n(n2 − 1)
, (2)

where di = xi − yi denotes the rank difference for
the i-th item. Spearman’s ρ captures monotonic
relationships and is robust to nonlinear transforma-
tions of the underlying scores.

B.3.3 Distribution-Based Metric
For settings where both human annotations and
model outputs are represented as probability distri-
butions, we adopt distributional similarity metrics.

Jensen–Shannon Distance (JSD) (Endres and
Schindelin, 2003) Given two discrete probability
distributions P and Q, the Jensen–Shannon Dis-
tance is defined as:

DJSD(P∥Q) =

√
1

2
(DKL(P∥M) +DKL(Q∥M)),

(3)
where M = 1

2(P +Q) and DKL(·∥·) denotes the
Kullback–Leibler divergence. JSD is symmetric,
bounded, and well-defined even when P and Q
contain zero-probability entries, making it suitable
for comparing soft label distributions.
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Datasets MCQA Transformation

MNLI & SNLI Please determine whether the following statement is true (entailment), undetermined
(neutral), or false (contradiction) given the context below and select ONE of the listed
options and start your answer with a single letter.
Context: {premise}
Statement: {hypothesis}
A. Entailment
B. Neutral
C. Contradiction
Answer:

αNLI Please determine which of the two hypotheses (A or B) is more likely to explain the
transition from the beginning observation to the ending observation and select ONE of the
listed options and start your answer with a single letter.
Beginning: {begining-observation}
Ending: {ending-observation}
A. {hypothesis1}
B. {hypothesis2}
Answer:

Table 4: The MCQA transformation for NLI tasks.

C Box-plot for Cross-CoT Experiments

This section presents the distribution of the Delta
JSD metric over all instances in the dataset, aiming
to show that the observed reduction in JSD reflects
a global trend rather than being driven by a small
number of extreme cases that artificially lower the
mean.

As illustrated in Figure 4, we visualize per-
instance Delta JSD values using box plots, where
the central line denotes the median, the boxes cor-
respond to the interquartile range (IQR), and the
whiskers extend to 1.5×IQR. Across the majority
of experimental settings, the distributions are cen-
tered below zero, indicating a consistent overall
decrease in JSD. These results suggest that the im-
provement captured by the average JSD is broadly
shared across data points, rather than being domi-
nated by a few outliers.

D ANOVA Details

To quantify the relative influence of different fac-
tors on the observed scores, we employ a two-way
Analysis of Variance (ANOVA) with an additive
(no-interaction) design. This statistical framework
allows us to decompose the total variance of the de-
pendent variable into contributions from multiple
categorical factors.

D.1 Problem Setup

Let yij denote the observed score associated with
the i-th model configuration and the j-th CoT set-
ting. In our implementation, we consider:

• A model factor with I = 7 levels (indexed
by i),

• A CoT factor with J = 7 levels (indexed by
j),

• One observation for each (i, j) combination.

The data are organized into a long-form table
with three columns: score, model, and param,
where both model and param are treated as cat-
egorical variables.

D.2 Additive Two-Way ANOVA Model

We adopt an additive two-way ANOVA model with-
out interaction terms, formulated as:

yij = µ+ αi + βj + εij , (4)

where:

• µ is the overall mean score,

• αi represents the main effect of the i-th model,

• βj represents the main effect of the j-th CoT,

• εij is the residual error term.
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This formulation assumes that the effects of the
two factors are independent and additive, and that
no interaction between model and CoT is modeled.
This choice aligns with our goal of isolating the
marginal contribution of each factor.

D.3 Estimation via Ordinary Least Squares

The model is estimated using Ordinary Least
Squares (OLS), implemented as:

score ∼ C(model) + C(param), (5)

where C(·) denotes categorical encoding. The fit-
ted model is then passed to a Type-II ANOVA pro-
cedure, which computes sums of squares for each
main effect after accounting for the other factor.

D.4 Variance Decomposition

ANOVA decomposes the total sum of squares (SS)
as:

SStotal = SSmodel + SSparam + SSresidual, (6)

where:

• SSmodel captures variance explained by the
model factor,

• SSparam captures variance explained by the
CoT factor,

• SSresidual captures unexplained variance.

Each sum of squares is associated with an F -
statistic and corresponding p-value, allowing statis-
tical significance testing of factor effects.

D.5 Contribution Percentage

To improve interpretability, we further compute the
variance contribution percentage of each factor:

Contributionk =
SSk

SStotal
× 100%, (7)

where k ∈ {model, param, residual}.
This metric reflects the proportion of total vari-

ance attributable to each source. In our implementa-
tion, these percentages are rounded to one decimal
place and reported as the final output of the analy-
sis.

D.6 Interpretation
The resulting contribution percentages provide a
clear quantitative comparison of how much vari-
ability in the scores is explained by:

• differences between models,

• differences between CoT settings,

• unexplained residual noise.

This two-way additive ANOVA thus serves as an
effective tool for disentangling and comparing the
marginal effects of multiple experimental factors
in our evaluation framework.

Note that our analysis employs an additive two-
way ANOVA without explicit interaction terms.
Since LLM inference in our framework is fully de-
terministic—yielding identical pre-decoding logits
for a fixed prompt and CoT sequence—multiple
runs per experimental cell are unnecessary. Con-
sequently, the additive model is specifically de-
signed to isolate and quantify the marginal effects
of the CoT content versus the intrinsic model prior.
Any potential interaction effects, along with un-
explained variance, are cleanly absorbed into the
residual error term (ϵij).

E Implementation for Early Stopping

E.1 Accumulative 10% Segmenting of
Chain-of-Thoughts

To facilitate analysis of reasoning progression in
CoT outputs, we segment each text into ten accu-
mulative portions, corresponding approximately to
every 10% of the text length (Mao et al., 2025a;
Zhao et al., 2026; Liu et al., 2026). Formally, given
a text T of length L, we aim to identify cut points
p1, p2, . . . , p9 such that pi roughly corresponds to
i · L/10, with the final point p10 = L.

Our procedure combines sentence-aware and
heuristic splitting strategies. First, we parse T into
sentences using a syntactic parser and extract all
sentence-ending positions. If at least nine sentences
are available, we select each cut point pi as the near-
est sentence end to i ·L/10, ensuring monotonicity
of cut points. If fewer than ten sentences exist, we
iteratively split the longest existing segment, pri-
oritizing natural boundaries such as punctuation
(e.g., semicolons, commas) and spaces, and resort-
ing to midpoint splits when no suitable boundary
is found.

Finally, we enforce strict monotonicity of cut
points and construct the accumulative segments
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S1, S2, . . . , S10 where Si = T [: pi]. This ensures
that the last segment always reproduces the full
original text. This method preserves original spac-
ing and punctuation, providing natural and inter-
pretable checkpoints for CoT analysis at decile
intervals.

E.2 Early-Stopping and Answer Token
Extraction

To reliably extract intermediate reasoning outputs,
we adopt an early-stopping strategy. Specifically,
at each accumulative CoT segment cut point, we ap-
pend a special token sequence signaling the model
to terminate reasoning and produce an answer, e.g.,
“\n</think>\n\nBased on the reasoning so
far, the Answer is:”. This encourages the
model to emit the Answer token at that interme-
diate stage, preventing incomplete or excessively
long continuations.

After obtaining the logits for the first token fol-
lowing this prompt, we convert them into a proba-
bility distribution using the first-token probability
method. This approach allows us to quantify the
model’s intermediate answer distribution at each
10% reasoning checkpoint, providing a fine-grained
view of decision-making evolution along the CoT.

F Robustness Check for the Softmax
Transformation

Using logits (or first-token probabilities) as confi-
dence proxies is standard in prior work on LLM un-
certainty and MCQA evaluation (Chen et al., 2024;
Dong et al., 2026). Because first-token scores are
deterministic given the input and unaffected by
sampling hyperparameters, they provide a stable
signal of model preference, which our work fol-
lows.

Our evaluation focuses on the relative allocation
of probability mass across options (Human Label
Variation). We note that softmax introduces an
exponential rescaling that may change the entropy
of the original score distribution, while entropy
is an important factor in uncertainty evaluation.
To better preserve the relative allocation structure
across options and to maintain a more pronounced
difference, we therefore adopt linear normalization
over the candidate option tokens (A/B/C).

Importantly, in our MCQA setting we empir-
ically observe that the logits at the A/B/C po-
sitions are consistently positive and well sepa-
rated across all evaluated reasoning models and

prompts—typically above 10. This avoids potential
sign issues in linear normalization. We believe this
property is partly due to our strongly constrained
output format. Under these conditions, linear nor-
malization yields valid non-negative vectors that
sum to 1.

We also consider that softmax is a reasonable
alternative and include it as an additional robust-
ness check here. Robust check results (MNLI
Step-ANOVA with softmax (t=10) JSD, Table 5)
below lead to the same conclusions as the linear-
normalization JSD results reported in Table 3.

Step LLM (%) CoT (%) Residual (%)

0 100.0 0.0 0.0
1 97.9 0.4 1.7
2 96.7 0.6 2.6
3 95.6 1.3 3.2
4 94.3 1.9 3.8
5 92.8 2.3 4.9
6 91.4 3.1 5.4
7 90.4 3.2 6.4
8 88.8 3.8 7.4
9 86.3 5.6 8.1

10 77.1 13.3 9.6

Table 5: Robust check for step-wise ANOVA on MNLI
Softmax (t=10) JSD.

G All Heatmaps for Step-wise Evaluation

This section presents the full set of heatmaps ob-
tained from our step-wise evaluation, which are
subsequently used to compute the ANOVA effect
sizes reported in Table 3. Specifically, we provide
heatmaps for accuracy (Figure 5), JSD (Figure 6),
Spearman’s ρ (Figure 7).

H All Curves for Step-wise Evaluation

This section presents all curves obtained from the
step-wise evaluation, providing a complementary
perspective to the heatmaps. Specifically, we show
the progression of accuracy (Figure 8), JSD 9,
and Spearman’s ρ (Figure 10) across inference
steps. These curves allow us to track how each
metric evolves throughout the reasoning process,
revealing dynamic trends in model performance,
distributional alignment, and rank correlation over
time.
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I Analysis of CoT Formats

To further investigate the “split influence” observed
in our quantitative results—where CoT determines
the final accuracy but leaves the distributional struc-
ture (JSD and Spearman’s ρ) largely anchored to
model priors—we conducted an examination of the
generated reasoning traces.

As discussed in Section 4.2, step-wise analysis
reveals that accuracy often shifts or converges only
at the conclusion, while Spearman’s ρ fluctuates
without a consistent trend. Thus, CoT determines
the LLM’s final choice but not the structure of un-
certainty. We attribute this to the structural format
of CoT: reasoning traces typically culminate in ex-
plicit, decisive conclusion statements (e.g., “There-
fore, the answer is...”), which strongly steer the
accuracy in the final steps.

Table 6 presents anecdotal evidence from the
αNLI dataset. We observe a consistent pattern
across models:

• Explicit Conclusion at the End: The reason-
ing process consistently ends with a strong,
definitive statement identifying the correct op-
tion (e.g., “So, A must be the correct choice”).
This explicit signal aligns with the sharp rise
in accuracy observed in the final steps of our
step-wise analysis.

• Implicit Distributional Weighing: While the
models argue for the best option, they rarely
explicitly articulate the relative probability of
the alternative options in a way that would
restructure the output distribution. Conse-
quently, while the final decision is explicitly
dictated by the CoT’s conclusion, the distri-
butional structure over non-argmax options
remains latent and implicit, governed largely
by the model’s intrinsic priors.
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Model & Case Reasoning Excerpt (Conclusion Phase) Observation regarding Final Choice vs.
Structure

Qwen
(Instance 2: Sandy)

“...Therefore, A is better. I think B is a distractor.
[...] The instruction says ‘select ONE of the listed
options’... So, my response should be just ‘A’.”

Decisive Locking: The reasoning con-
cludes by explicitly discarding the alter-
native and locking onto the single target
token ‘A’, driving the final accuracy with-
out refining the relative probability space.

GLM
(Instance 3: Bananas)

“...Therefore, B cannot explain why they’re talking
about eating a banana. So, A must be the correct
choice. [...] Therefore, A is correct.”

Convergence to Argmax: The trace cul-
minates in strong assertions (“must be”,
“correct”), which serve to fix the model’s
final decision, explaining why accuracy
converges at the end while latent distribu-
tions remain implicit.

GPT
(Instance 1: Ron)

“...That suggests his actions. So A is more appro-
priate. Thus choose A. [...] We must start answer
with a single letter... So final answer: ‘A’.”

Explicit Selection: The reasoning shifts
from semantic evaluation to an opera-
tional selection command (“Thus choose
A”), confirming that the CoT acts as a
decision-maker for the top option.

Table 6: Examples of CoT reasoning traces from the αNLI dataset. The excerpts illustrate how CoT reasoning
typically ends with explicit conclusion statements. This structural characteristic supports our finding that CoT
content determines the final choice (Accuracy) through explicit reasoning, while the underlying structure of
uncertainty (JSD/Ranking) remains latent and less affected by these definitive concluding remarks.
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Figure 4: Delta JSD box plot.
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Figure 5: Steps ACC.
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Figure 6: Steps JSD.
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Figure 7: Steps Spearman’s ρ.
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Figure 8: Curves ACC.
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Figure 9: Curves JSD.
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Figure 10: Curves Spearman’s ρ.
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