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Introduction and Background

• Human Label Variation: Different annotators may provide divergent yet valid labels, reflecting the

diversity of human judgments.

• Reasoning-tuned Large Language Models: LLMs trained to generate step-by-step reasoning

(Chain-of-Thoughts) before answers, improving interpretability and decision-making.

CoT-based Explanation Extraction

• Modeling HLV via LLMs with human explanations: Human-provided explanation-label pairs help LLMs

capture annotation disagreements but are costly to collect.

• Explanation-Generation via LLMs as Post-hoc: Prior methods ask LLMs to generate explanations after

selecting a label—risking shallow or hallucinated reasoning.

• Chain-of-Thoughts from LLMs as Forward: CoTs naturally embed rationales before answers in a

forward process, enabling richer, label-specific explanations.

Rank-based HLV Evaluation
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(a) Rank versus Value: Rank-based evaluation is

more robust than probability scores, better reflect-

ing human preference patterns.

(b) Closed-World Assumption: Converting labels

into fixed distributions ignores ambiguity—rank-

based evaluation better captures open-ended hu-

man judgments.

CoT2EL Pipeline
Input: Please read the following social scenario and the accompanying question, choose the most appropriate answer from the options provided and start your answer
with a single letter. Scenario: Ash redeemed themselves after retaking the test they failed. Question: How will Ash feel as a result?
A. relieved B. accomplished C. proud Answer:

CoTs: Okay, let’s see. The scenario is that Ash redeemed themselves by retaking a test they failed. The question is asking how Ash will feel as a result. The options
are A. relieved , B. accomplished , and C. proud .
First, I need to understand what each of these emotions means in this context. Redeeming oneself after failing a test suggests that Ash probably worked hard to retake
it and succeeded this time. So, the feelings here would be related to overcoming a challenge.
"Relieved"(A) would mean that Ash is feeling a release from the stress or worry about having failed before. Passing the test might take away that anxiety.
"Accomplished"(B) implies a sense of achievement, having completed something successfully, especially after effort. Since Ash had to retake the test, putting in the
work to pass it now would make them feel like they’ve accomplished something.
"Proud"(C) is more about self-esteem or satisfaction in one’s own achievements. It’s a bit similar to accomplished but more focused on the personal pride aspect.
Now, considering the scenario: Ash didn’t just pass a test; they redeemed themselves. That suggests that failing initially might have caused some shame or
disappointment, so passing now would alleviate that. But redemption often involves not just relief but also a sense of achievement. So both A and B are possible.
But "proud" might be more about the internal sense of pride, whereas "accomplished" is about the feeling of having achieved something through effort. Which one
fits better here? If Ash worked hard to retake and pass, then feeling accomplished makes sense. Relieved is possible, but maybe the primary feeling is
accomplishment. Proud could also be there, but maybe B is more directly related to the effort and success.
I think the best answer is B. Accomplished.

Table 1: CoT Example. The examples, drawn from Social IQa, are processed using DeepSeek R1 (DeepSeek-AI
et al., 2025), with CoT segments related to options A, B, and C highlighted in blue, green, and orange, respectively.
For questions where all options appear plausible, the CoT reflects a step-by-step analysis involving comparison and
evidence evaluation. These segments offer rich material for deriving explanations relevant to our study of the HLV
phenomenon, enabling a deeper understanding of the task and the roots of HLV beyond just the final answers.

ways treat label options as strictly exhaustive or
mutually exclusive. In some contexts, they express
uncertainty or endorse multiple plausible answers,
often via indecisive choices as observed in datasets
like Live NLI and VariErr NLI (green lines in Fig-
ure 2(b)). Converting such annotations into nor-
malized probability distributions imposes a closed-
world assumption—requiring mutually exclusive,
collectively exhaustive labels summing to one (blue
lines)—which limits the label space and overlooks
ambiguous or open-ended responses common in
tasks like CommonsenseQA (Talmor et al., 2019)
or Social IQa (Sap et al., 2019) (orange lines). This
constraint can distort model evaluation by mask-
ing ambiguity. We therefore propose a rank-based
evaluation framework (§5), which better accommo-
dates indecisive and out-of-scope options.

2.2 Modeling HLV with Explanations
Recent studies have shown that explanations can ef-
fectively support the interpretation and analysis of
HLV (Jiang et al., 2023c; Chen et al., 2024b; Weber-
Genzel et al., 2024; Jiang et al., 2023b). However,
collecting human explanations is significantly more
resource-intensive than traditional label-only anno-
tation. To reduce annotation costs, recent studies
have leveraged LLMs to generate explanations for
each label. Evidence shows that with a few hu-
man labels, LLM-generated explanations can rival
human-written ones in forming valid explanation-
label pairs and supporting HLV modeling (Chen
et al., 2024a). However, this approach has three
key limitations: i) it relies on a few human labels to
select final explanations, with performance degrad-
ing when such supervision is absent; ii) it reverses

the annotation process by conditioning explanation
generation on labels, risking hallucinated reasoning
for implausible options; and iii) it treats labels inde-
pendently, lacking comparative reasoning and thus
reducing explanation depth and completeness. To
address these limitations, we study how the poten-
tial of CoTs (Table 1) from LLMs can be leveraged
to explain HLV, given their rich argumentations
and consideration of multiple alternative options.

3 Datasets

To study HLV via explanation-based methods, we
select datasets with multiple annotation choices.
An overview of the selected datasets are shown
in Table 2. Specifically, VariErr NLI (Weber-
Genzel et al., 2024) is a Natural Language Infer-
ence (NLI) dataset which includes annotations and
human-provided explanations from four annotators.
Notably, there are 500 NLI instances that also over-
lap with the Chaos NLI and MNLI datasets, provid-
ing label distributions from 100 and five annotators
for each instance, respectively. This makes VariErr
NLI an especially valuable dataset for conducting
rational, explanation-based analysis of annotation
disagreement in inference tasks.

In addition, we include two multiple-choice
question answering (MCQA) datasets: Social IQa
(SIQA, Sap et al. 2019) and CommonsenseQA
(CQA, Talmor et al. 2019). Both require gen-
eral world knowledge and reasoning to answer cor-
rectly. Importantly, Palta et al. (2024) re-annotated
these datasets, collecting Likert-scale ratings (from
1 to 5) from five annotators for each answer op-
tion (Zhang et al., 2017), as well as human feed-

3

The examples, drawn from Social IQa, are processed using R1, with CoT segments

related to options A, B, and C highlighted in blue, green, and orange, respectively. For

questions where all options appear plausible, the CoT reflects a step-by-step analysis

involving comparison and evidence evaluation. These segments offer rich material for

deriving explanations relevant to our study of the HLV phenomenon, enabling a

deeper understanding of the task and the roots of HLV beyond just the final answers.

Main Results
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Analyses and Takeaways
Datasets VariErr NLI SIQA CQA

Settings/Metrics Distribution Rank-rank Score Rank-rank Score Rank-rank

KL ↓ JSD ↓ TVD ↓ ω ↑ ε ↑ RMSE ↓ MAE ↓ R2 ↑ ω ↑ ε ↑ RMSE ↓ MAE ↓ R2 ↑ ω ↑ ε ↑

baseline 1,0006 0,2644 0,2776 0,4971 0,5119 0,8630 0,7461 0,1300 0,5451 0,6069 0,9101 0,7417 0,4255 0,5395 0,6283
HumanEX 0,9408 0,2455 0,2448 0,7411 0,7872 0,8912 0,7730 0,0912 0,4047 0,4377 0,9209 0,7536 0,4205 0,4507 0,5225

R1 - CoTparser 0,9610 0,2576 0,2637 0,5597 0,5966 0,8222 0,7113 0,2429 0,5450 0,6169 0,8849 0,7298 0,4428 0,5716 0,6419
R1 - EL 0,9583 0,2566 0,2625 0,5693 0,6089 0,8164 0,7184 0,2479 0,5611 0,6179 0,8845 0,7298 0,4554 0,5957 0,6492
R1 - ELfilter-sup 0,9534 0,2552 0,2604 0,6050 0,6408 0,7698 0,6660 0,3176 0,6500 0,6951 0,8646 0,6956 0,4937 0,6114 0,6790

QwQ - CoTparser 0,9504 0,2534 0,2589 0,5698 0,6201 0,8607 0,7248 0,2536 0,6002 0,6346 0,9006 0,7326 0,4329 0,6253 0,6734
QwQ - EL 0,9488 0,2535 0,2583 0,5962 0,6357 0,8597 0,7220 0,2670 0,6089 0,6443 0,8882 0,7317 0,4357 0,6270 0,6966
QwQ - ELfilter-sup 0,9471 0,2528 0,2552 0,6104 0,6475 0,7709 0,6672 0,3212 0,6394 0,6830 0,8787 0,7197 0,4541 0,6378 0,7109

Table 4: Results for the structure ablation study (QwQ as judge).

2018; Wang et al., 2019; Srivastava et al., 2023),
making our approach broadly applicable in practi-
cal settings. In contrast, open-ended tasks—such
as summarization or free-form sentiment classifi-
cation—while very interesting, pose greater chal-
lenges for automated evaluation, especially under
HLV settings, where subjectivity and ambiguity
are pronounced. These tasks typically require ex-
tensive human validation, and current metrics for
open-ended outputs remain underdeveloped for nu-
anced human disagreement modeling.

We believe that once rank-based evaluation and
EL-based modeling are better understood and val-
idated in these contexts, they can be adapted or
extended to open-ended tasks.

Qualitative Comparison Between Human and
Machine-generated Explanations. Qualitative
comparison between LLM- and human-generated
explanations is indeed valuable, but also challeng-
ing in the HLV setting. Many traditional expla-
nation metrics—such as lexical overlap, syntac-
tic similarity, or semantic similarity (Giulianelli
et al., 2023)—fail to capture the subtle, multidi-
mensional reasoning signals that impact label vari-
ation. As noted in Chen et al. (2025a), even minor
lexical choices in explanations can shift annota-
tors’ perceived plausibility of labels, and human vs.
model explanations often diverge subtly in word-
ing, though these differences may have minimal
effect on downstream judgments by LLM judges.

Due to the limitations of existing automatic ex-
planation evaluation metrics, we rely on LLM-as-
judge setups to assess the quality of the explana-
tions more comprehensively.

8 Conclusion
We have demonstrated that CoTs offer a rich and
underexplored source of explanation for model-
ing human label variation, shifting from the tra-
ditional reverse explanation paradigm to the for-

ward, rationale-grounded paradigm. Our proposed
pipeline is able to extract high-quality explanation-
label pairs by leveraging LLMs and refining them
through linguistically-grounded discourse segmen-
tation models. Our results show that combining
LLMs with discourse segmenters improves the
alignment of model explanations with the inher-
ently diverse perspectives of human annotators.
Furthermore, our proposed rank-based evaluation
framework reflects a more faithful match to human
annotation behavior, moving beyond distributional
comparisons.

We believe our findings lay the groundwork for
more robust, explanation-driven, and linguistically-
enhanced approaches to understanding and evalu-
ating human label variation. While this work only
leveraged discourse segmentation, explicitly incor-
porating discourse relations—such as contrast or
causal—may help and provide deeper insights into
how reasoning structures map onto human disagree-
ment, ambiguity, and aid interpretation.

Limitations

One limitation of our approach lies in the use of
discourse segmenters that were trained on exist-
ing discourse datasets, which may differ in style
and content from the CoT reasoning text we ana-
lyze. As a result, the segmenter outputs may not
optimally reflect the discourse structure inherent to
CoTs, which often contain informal, fragmented,
or model-specific reasoning styles. Moreover, we
did not conduct a comprehensive evaluation of seg-
menter performance on CoT data but instead re-
lied directly on the segmenter outputs. While the
performance of the discourse segmenters is rela-
tively good for English (as shown in Appendix
A), future work might benefit from developing
or fine-tuning these discourse models specifically
on the annotated CoT data, which could poten-
tially improve the precision and interpretability of
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• supporting statements within CoTs are

more predictive of human choices than

the opposing ones;

• ranking strategies aligned with human
annotation practices lead to better ap-

proximation of human label variation;

• well-structured input prompts signifi-
cantly enhance the informativeness.
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