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Abstract

Large language models (LLMs) have shown
considerable promise for annotation purposes,
yet questions remain about their ability to
capture human label variation (HLV) — gen-
uine disagreement between annotators often
observed across NLP tasks. Here, we investi-
gate how label and explanation variation man-
ifests within and across LLMs with respect
to the Natural Language Inference (NLI) task
in English. Using zero-shot prompting with
exact human annotation instructions, we treat
individual model generations as participants
and examine three response sampling strate-
gies: varying generation parameters, leveraging
within-family model size differences, and pool-
ing responses from distinct LLMs. We show
that, while model ensembles can generate label
distributions similar to humans, they likewise
exhibit distinct, idiosyncratic judgments and
disagreement patterns. We further analyze ex-
planation variation, observing that, although
models generate longer explanations than hu-
mans, they demonstrate substantially less stylis-
tic diversity. Our findings suggest that, while
LLMs may serve as useful tools for generating
diverse annotations, they should not be viewed
as drop-in replacements for human annotators —
particularly in applications requiring authentic
representation of diversity in human judgments,
such as NLI.

1 Introduction

A prominent line of NLP research examines the
potential of large language models (LLMs) for an-
notation, either autonomously or in a collaborative
setting with humans (Tan et al., 2024). Numerous
LLM-based dataset generation pipelines have thus
been introduced, incorporating prompt refinement
and verification techniques to generate synthetic
versions of existing datasets (Huang et al., 2025; Ye
et al., 2022a,b). However, while such approaches
appear promising in data augmentation scenarios,
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Figure 1: t-SNE visualization of e5 explanations embeddings
for LIVENLI item 108083c. While a majority of annotators
agree in labeling the item as either, several models and humans
diverge as to whether it can be exclusively true or false.

they generally lack the lexical diversity exhibited
by human annotators and often fail to exceed the
test-set performance of models trained on origi-
nal, human-written training sets (Yu et al., 2023).
Model-generated explanations, too, appear to of-
fer limited utility: often increasing annotation time,
cognitive load, and model reliance in LLM-assisted
(re-)annotation efforts (Wang et al., 2024c), while
failing to introduce novel information or support
associated labels (Wiegreffe et al., 2022).

This line of research has demystified LLMs as
all-purpose, expert annotators, but has primarily fo-
cused on the accuracy discrepancy between LLM
and human-annotated data. One particularly over-
looked aspect of the annotation process heretofore
has been human label variation (HLV), wherein
humans offer divergent judgments on a given item
(Uma et al., 2021; Plank, 2022). Though, histor-
ically, such disagreements are often resolved by
means of majority-voting (or other similar mecha-
nisms), numerous studies have found that incorpo-
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rating such information can aid in understanding
models’ predictive biases. To this end, Natural
Language Inference (NLI) has proved to be an in-
valuable test-bed for understanding the effects of
HLV, with studies reporting that models generally
fail to capture annotator disagreement (Pavlick and
Kwiatkowski, 2019), which often leads to a signifi-
cant performance drop on high-variation items (Nie
et al., 2020). In the era of LLM-assisted annota-
tion, it thus becomes crucial to interrogate whether
LLMs bear distributional similarity to human label
variation — or, alternatively, whether they exhibit
artificial consensus that obscures the ambiguity in-
herent in many annotation tasks.

In this study, we investigate how label variation
manifests within and across LLMs for the NLI task,
and how well such variation compares with what
is observed for various human annotator groups.
Though previous work has largely explored varia-
tion alignment by means of model-specific logits
(Lee et al., 2023; Chen et al., 2024, 2025), we in-
stead treat multiple model outputs — generated
through various ensembling strategies — as dis-
tinct annotators (see Figure 1 for an example). This
approach enables us to examine which ensemble-
based sampling methods best compare to the inher-
ent ambiguity and disagreement present in human
judgments, as well as the extent to which this is
reflected in explanations. We formalize this line of
inquiry with the following research questions:

1. Which ensemble-based sampling strategy best
reflects the distribution and diversity of human
label variation?

2. How does the distribution of label variation in
LLMs compare to that of human annotators?

3. To what extent does label variation in LLMs
correspond to variation in their explanations?

In studying these research questions on English
NLI data, we hope to determine whether — and
how — LLM ensembles can serve as viable proxies
for diverse human annotator groups. We make
all of the model-generated responses available for
download as a new dataset called PartyNLI.1

2 Related work

LLMs as annotators Numerous methods for
leveraging LLMs for annotation tasks have
emerged in recent years, with many showing ini-
tial promise (Ye et al., 2022b,a; Meng et al., 2022).

1https://huggingface.co/datasets/aseaofcars/
PartyNLI

For example, Huang et al. (2025) propose a LLM-
oriented data generation pipeline that employs var-
ious self-refinement and evaluation steps to pro-
duce higher quality data. However, while such ap-
proaches are generally effective for math-oriented
or coding tasks, it has been shown that LLMs typi-
cally fall short when it comes to producing diverse,
creative output that is characteristic of human an-
notators (Yu et al., 2023; Giulianelli et al., 2023).
Baumann et al. (2025) demonstrate that different
model configurations can yield potentially conflict-
ing task solutions, affecting the trustworthiness of
their decision-making processes.

To account for these potential shortcomings, an-
other line of research has explored the potential
of human-LLM collaboration in annotation. For
example, Liu et al. (2022) select ambiguous NLI
items and instruct a model to generate more sam-
ples according to the reasoning patterns present
therein, leading to better out-of-domain perfor-
mance. Wang et al. (2024c) propose a more gener-
alized, multi-step framework in which LLM anno-
tations are passed to a verifier system, the output
of which is used to identify items for human re-
annotation. They also show that model-generated
explanations tend to be occasionally detrimental
to annotation efforts, leading humans to select in-
correct labels and become cognitively overloaded,
echoing earlier findings by Bansal et al. (2021).

Label variation in NLI Plank (2022) argues that
the concept of human label variation is a bottleneck
for progress in NLP, as traditional methods tend to
optimize for a single ground truth and inevitably
discount notions of ambiguity or genuine disagree-
ment across annotators. Pavlick and Kwiatkowski
(2019) demonstrate that this is a persistent issue
for a variety of English NLI datasets, where sys-
tems dramatically fail to learn human-like mod-
els of uncertainty. Nie et al. (2020) attempt to
corroborate this on a larger scale, collecting 100
new human judgments per item for 3 different En-
glish NLI datasets. Ultimately, they show that,
while models vary in the alignment of their soft-
max layer to the distribution of human judgments,
all models perform exceptionally poorly on high-
entropy data points. Building on these findings,
recent work has taxonomized NLI variation: Jiang
and Marneffe (2022) introduce a 10-point disagree-
ment taxonomy utilized in LIVENLI (Jiang et al.,
2023a); Weber-Genzel et al. (2024) propose VARI-
ERR, which disentangles annotation error from dis-
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agreement; Hong et al. (2025) classify instances of
within-label disagreement.

3 Experimental design

We investigate the extent to which LLM label vari-
ation compares to HLV in NLI. Previous work has
sought to accomplish this by means of extracting
and normalizing model logits corresponding to the
NLI label space (entailment, neutral, contradic-
tion) and comparing the resulting (probability) dis-
tribution with the distribution of labels assigned
by a group of annotators (Lee et al., 2023; Chen
et al., 2024). However, this method of distribu-
tion expression has since been found to be poorly
calibrated (Meister et al., 2025; Xia et al., 2025)
and generally inconsistent across prompting set-
tings (Wang et al., 2024b). In this study, we opt
instead to treat models as participants prompted
the same way as the humans — allowing us to
directly assess the distribution of their judgments.
After obtaining a model-generated dataset, we com-
pare human and model label distributions (and their
associated explanations) by means of various dis-
tributional metrics. We divide our experiments into
three categories: 1) the predictions of a SINGLE

model across 5 prompting runs; 2) a MODELMIX,
wherein we sample generations from a combination
of LLMs; and 3) a parameter setting, wherein we
vary generation parameters (temperature (τ ) and
model size).

Data We use LIVENLI, a collection of 122 re-
annotated MNLI items chosen to encompass a
range of disagreement in the original dataset (Jiang
et al., 2023a). For each item (a premise and hypoth-
esis pair), crowd-sourced annotators were asked
whether the hypothesis is “most likely to be true/-
false/either true or false” (according to the standard
NLI labeling scheme of “entailment”, “contradic-
tion”, or “neutral”), with the option to choose multi-
ple labels. They were instructed to write a free-text
explanation for every label they chose, as well as to
highlight the words in the premise and/or hypothe-
sis that are relevant to their explanations. Figure 5
in Appendix A shows the exact instructions pro-
vided to annotators.

Each LIVENLI item features 10 distinct anno-
tations, making it a suitable choice for studying
label variation. To account for variation across
different annotator populations, we also consider
label distributions of the 50 LIVENLI items that
come both from CHAOSNLI (Nie et al., 2020) (100

annotators) and the original MNLI dataset (5 ini-
tial annotators) (Williams et al., 2018). Although
LIVENLI allows for the selection of multiple la-
bels per item, both CHAOSNLI and MNLI instruct
annotators to provide a single label. To account
for this, we convert each multi-label response to a
single label by choosing true or false if these labels
were provided in isolation, and either otherwise.

Zero-shot prompting To simulate the human an-
notation process, we perform zero-shot prompting
on all model variants outlined above. We avoid few-
shot or chain-of-thought (CoT) prompting here, as
we are interested in exploring LLM label and expla-
nation variation out-of-the-box, and because doing
so would condition the model response on infor-
mation that is extraneous to the original annotation
instructions. For input, models are provided a user
prompt, which contains instructions extracted from
the LIVENLI data collection interface. We also
pass a system prompt, which describes the model’s
role for the task, as well as a set of formatting spec-
ifications. For the MODELMIX and model size
experiments, we run five trials across all models,
amounting to 122 · 5 = 610 annotations per model.
Our prompts are available in Appendix B.

Model selection To maximize sample diversity,
we work with a wide range of open and closed-
source LLMs. We select the 10 highest-ranked
models2 from the LMArena leaderboard,3 across
different providers — one per lab to avoid pre/post-
training biases. We refer to this sample as MOD-
ELMIXhi. Additionally, we complement this sam-
ple with another selection of 10 older,4 smaller,
and less-performant models, choosing the previ-
ous version of MODELMIXhi models where pos-
sible (e.g. claude-haiku-3.5 as a complement
to claude-opus-4). In the case of open source
models, we opt to work with their smallest cor-
responding version within the 8B-20B size range.
This sample is called MODELMIXlo, and the com-
bination of all 20 models is MODELMIXall. Here,
it is important to note that differences in model
design are not directly comparable to human demo-
graphic diversity; we therefore make no claims that
MODELMIXall constitutes a proxy for the human
annotator population.

For the model size experiments, we select LLM
families for which at least four size variants

2As of July, 2025
3https://lmarena.ai/
4Released before December 2024.
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are available: gemma3, deepseek-r1, and qwen3,
which come in 4, 6, and 7 sizes, respectively.5

Here, we hypothesize that model scaling bears an
effect on how models classify NLI items, and, by
extension, that this manifests as label variation
across sizes. In terms of the temperature mod-
ulation experiments, we choose the top and bot-
tom models ranked by label distribution entropy
(from both MODELMIXhi and lo) as representa-
tives of varying degrees of labeling consistency.
This selection comprises of grok-3-mini, qwen3,
gemini-2.0-flash, and kimi-k2. Table 1 gives
our full model selection.

MODELMIXhi MODELMIXlo

claude-opus-4 claude-haiku-3.5
command-a command-r

gemini-2.5-pro gemini-2.0-flash
gpt-4.1 gpt-4o-mini
grok-4 grok-3-mini

llama-4-maverick llama-3.1-8b
mistral-medium ministral-8b

qwen3-235b qwen2.5-14b
kimi-k2 olmo2-13b

deepseek-r1-671b phi4-14b

Model Size (B)

deepseek-r1 7, 8, 14, 32, 70, 671
gemma3 1, 4, 12, 27
qwen3 0.6, 1, 4, 8, 14, 32, 235

Table 1: Top: MODELMIX models. Bottom: size experiment
models and sizes (in billions of parameters)

Generation parameters When making API calls
to model providers, we do not pass additional pa-
rameters besides the system and user prompts, ex-
cept in the temperature modulation experiments
where we provide a range of 10 distinct τ values
to match the number of human annotations per
item. It is important to note that temperature is
theoretically bounded on [0.0,∞), though values
above 2.0 often tend to result in nonsensical output
(Holtzman et al., 2020), and are therefore clamped
to a reasonable upper bound τmax (often 1.0 or
2.0) by providers. To account for this, we gen-
erate 10 equally spaced values within the range
[0.05 · τmax, 0.95 · τmax], allowing us to generate
a dynamic range of τ values that respects model-
specific calibration.6

5We omit the smallest deepseek-r1 version (1.5B), as it
failed at outputting responses in a structured JSON format.

6While the grok API accepts [0, 2] as a range for τ , we
find that the model does not generate coherent output beyond
τ = 1.5, so we set this as τmax.

4 Measuring label variation

We use entropy (H) as a measure of label vari-
ation within each experimental setting. We also
report Krippendorff’s α for all model settings, as
well as for the LIVENLI annotators, for which
we have access to all 48 annotator identifiers. For
distribution alignment, we calculate the JS diver-
gence between model and human label distribu-
tions, where values closer to 0 indicate closer align-
ment. Since all of these metrics (except α) are
computed at the item level, we report their mean
and standard deviation over all items. Additionally,
we use the Kendall correlation coefficient (Cor.) to
assess whether items that are difficult for humans
are similarly difficult for models, comparing per-
item label distribution entropies across both groups.
For the SINGLE setting, we report statistics for the
model with the best JS score with respect to hu-
mans (grok-3-mini), with all remaining model
scores shown in Appendix C.

4.1 Results

Table 2 displays the label variation results across
all experimental settings for the 50 items com-
mon to LIVENLI, CHAOSNLI and MNLI. SINGLE

(grok-3-mini) does not demonstrate high similar-
ity to any human annotator population, yielding
low within-model variation (low H , high α) as
well as high divergence with human judgments
(high JS). Thus, when only considering evalua-
tion across identically repeated trials, single models
do not exhibit similar label diversity as compared
with that of humans.

Temperature modulation We observe a slight
change in grok-3-mini’s behavior when varying
τ . H increases with respect to SINGLE, indi-
cating that more variation is introduced across
runs when larger τ values are considered. We
observe a similar pattern for qwen3, whose re-
sponses likewise appear to diversify when mod-
ulating generation parameters. Conversely, both
gemini-2.0-flash and kimi-k2 appear to be con-
siderably well-calibrated to changes in τ , exhibit-
ing very little added variation when compared to
sampling with default parameters (see Appendix C
for details).

Model size All three model families in the SIZE

experiment exhibit higher H and lower JS than
the τ settings. Notably, α is likewise much lower
here, indicating large disagreement among model
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LiveNLI ChaosNLI MNLI

Experiment Parameters H Cor. ↑ JS ↓ α H Cor. ↑ JS ↓ H Cor. ↑ JS ↓

Human – 0.64 23 – – 0.26 0.72 13 – – 0.72 10 – –

SINGLE – 0.19 28 0.00 0.33 15 0.67 0.19 28 −0.01 0.34 16 0.19 28 0.26 0.37 14

MODELMIXhi – 0.52 23 0.07 0.24 14 0.38 0.52 23 0.07 0.24 13 0.52 23 0.14 0.28 14

MODELMIXlo – 0.60 18 0.03 0.24 14 0.19 0.60 18 −0.15 0.24 11 0.60 18 0.07 0.22 15

MODELMIXall – 0.63 15 0.04 0.21 13 0.27 0.63 15 −0.01 0.21 10 0.63 15 0.19 0.23 13

gemini-2.0 τmax = 2.0 0.07 21 0.07 0.41 20 0.92 0.07 21 0.08 0.39 14 0.07 21 0.11 0.45 13

grok-3-mini τmax = 1.5 0.25 26 0.08 0.33 14 0.70 0.25 26 −0.06 0.34 15 0.25 26 0.36 0.38 13

kimi-k2 τmax = 1.0 0.12 18 −0.04 0.35 17 0.87 0.12 18 0.19 0.40 13 0.12 18 0.10 0.44 10

qwen3 τmax = 1.0 0.28 28 0.00 0.33 17 0.60 0.28 28 −0.15 0.37 15 0.28 28 0.05 0.38 14

deepseek-r1 size 0.49 28 −0.03 0.26 15 0.30 0.49 28 −0.08 0.28 13 0.49 28 0.11 0.29 16

gemma3 size 0.49 25 0.20 0.28 17 0.11 0.49 25 −0.16 0.27 15 0.49 25 0.02 0.26 16

qwen3 size 0.62 21 −0.08 0.25 14 0.25 0.62 21 0.18 0.23 11 0.62 21 0.12 0.25 15

Table 2: Aggregate results across all experimental settings over the 50 items common to LIVENLI, CHAOSNLI and MNLI
(MODELMIX and size metrics are averaged across trials). Highlighted cells correspond to model settings that yield highest
similarity to human metrics. Subscripted values denote average standard deviation per trial in units of the least significant digit —
e.g. 23 is equal to 0.23.
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Figure 2: Entropy per-item for human and MODELMIXall models on the 50 items common to LIVENLI, CHAOSNLI and
MNLI. Jensen-Shannon divergence is overlaid on top of corresponding items with ■.

variants. This is expected, given that each response
originates from a distinct model (rather than dif-
ferent sampling parameters), enabling its unique
architectural characteristics and training procedure
to influence the resulting label distributions. In-
deed, these models differ substantially in train-
ing tokens (e.g., 13 trillion between gemma3 sizes),
post-training procedures, and architectures (Team
et al., 2025; Guo et al., 2025; Yang et al., 2025).
Ultimately, qwen3 demonstrates not only the lowest
JS, but also the largest H , likely due to offering
the most models, as well as the largest spread of
model sizes.

MODELMIX Perhaps predictably, the MOD-
ELMIX experiments yield the most diverse judg-
ments, resembling what is observed across human
annotator groups. This setting accounts for partici-
pant diversity, wherein models are purposely sam-
pled from a large variety of LLM providers. As a
result, MODELMIX is capable of capturing a broad
range of judgment patterns and biases across dif-
ferent model architectures, training methodologies,
and developer philosophies. While MODELMIXhi

and MODELMIXlo exhibit slightly different behav-
iors, the combination of all 20 models generally

yields the closest overall distributional match to
humans (in terms of H , JS, and α). However,
the most notable exception here, and nearly all
other model settings, is Cor., which is strikingly
low. This indicates that, while distributional simi-
larity for labels varies across settings (JS), models
largely do not tend to agree with humans in their
classification of difficult or ambiguous items. Fig-
ure 2 illustrates this phenomenon for LIVENLI,
showing that human and model entropies rarely
align, and that low JS values can be observed de-
spite large differences in H .

4.2 Analysis of MODELMIX Responses

We now conduct an analysis of the labeling patterns
of MODELMIXall over the entire LIVENLI dataset.
Figure 3 (left) depicts the overall distribution of
labels per model and six human participants who
annotated more than 100 (out of the 122) LIVENLI
items (left-top). We notice a drastic difference be-
tween the human and model label distributions: the
former is more balanced across labels and compa-
rable across participants, while the latter is highly
skewed towards the either label — comprising the
majority of most models’ answers. Specifically,
ministral-8b, gpt-4o-mini, and llama-3.1-8b
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Figure 3: Left: Overall distribution of labels by model. Models are ordered by average response consistency (least consistent on
top), with overlaid white squares □ representing average consistency values; Right: Model classification across trials (each cell
represents a single classification within a trial).

all select either for more than 95% of the entire
LIVENLI dataset, with the latter failing to classify
a single item as false. This suggests that models of-
ten attempt to justify choosing both true and false,
even in cases where only a single analysis is valid.
Interestingly, this behavior is not uniform across
all models: for example, llama-4-maverick se-
lects only true or false for over 95% of its answers,
indicating a bias towards decisiveness. While it
is impossible to diagnose the exact reason for a
given model’s behavior, we suspect that it is highly
dependent on the post-training pipeline.

We also notice large differences in consistency
between models, defined as the average amount of
unique labels across trials. In our case, a score
of 1 indicates perfect consistency across trials,
with models deterministically assigning the ex-
act same label to each item. On the other hand,
a consistency of 3 implies that a model covers
the full range of possible labels, suggesting that
it might assign labels at random. With this in mind,
gemini-2.0-flash generally proves to fare the
best (1.07), offering perfectly consistent judgments
for 94% of items, while covering a balanced dis-
tribution of labels in a manner similar to that of
humans. The same can be said for kimi-k2 (1.07),
though it exhibits larger overall skew towards ei-
ther. Conversely, grok-3-mini is the least con-
sistent model (1.43), generally exhibiting overall
confusion between true/false and either. The same
can be said for command-r (1.43), though the label
space here is even further restricted, with the model
seemingly only deciding between true and either.

5 Measuring explanation variation

Unlike labels, variation in model-generated expla-
nations is not as easily quantifiable or interpretable.
Following previous studies, we employ Jaccard
similarity between word unigrams at the item level
(JAC) to account for surface-level variation in lex-
ical choice. We note, however, that many model-
generated explanations quote text from the premise
and hypothesis, which can potentially inflate pair-
wise similarity. We thus de-lexicalize explanations
with respect to their corresponding LIVENLI item,
removing trigrams that overlap directly with the
premise/hypothesis. In addition to JAC, we also
report word count (wc) and vocabulary size (V )
(both delexicalized). While these measures are lim-
ited to lexical properties and do not reflect deeper
semantic variation, they nonetheless allow us to
compare how explanations are expressed across
both annotator populations.

Beyond lexical overlap, a broader issue affecting
the measurement of explanation variation is topic
bias. This is particularly salient when working with
general-purpose encoders, as inter-item explana-
tions generally yield much higher similarity to each
other than to any other unrelated item, even if their
associated labels differ. Indeed, we find that dif-
ferent general-purpose embeddings tend to cluster
explanations perfectly by item (see Appendix G for
details). We thus adopt three distinct vector-based
representations for the measurement of explanation
variability:

1. EMBe5: general-purpose text embeddings
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Figure 4: Left: Distribution of lexical metrics across LIVENLI, for some human annotators (n > 100 items) and MODELMIXall

models. Right: Distribution of vector-based metrics within human and MODELMIXall groups.

from Wang et al. (2024a), from which we
subtract the embedding for the corresponding
(concatenated) premise + hypothesis string.

2. EMBstyle: embeddings from Patel et al.
(2025), capturing stylistic differences across
authors, while minimizing topic similarity.

3. EMBtfidf : sparse TF-IDF vectors fit on de-
lexicalized explanations (as done for JAC).

As a basic measure, we report average pairwise
cosine distance (Dpair), allowing us to verify the ex-
tent to which explanations differ across annotators.
Additionally, we calculate the average distance to
(explanation) centroid (Dcent), which provides fur-
ther insight into the overall coherence or diversity
of the explanation set. Lastly, we report the maxi-
mum pairwise distance (Dmax), (otherwise known
as diameter in graph theory), which identifies the
most divergent pair of explanations and provides a
measure of the full range of variability. Importantly,
our calculations are made at the label level for each
item, so as to avoid conflating disagreement with
variation. We report results for human participants
and MODELMIXall over LIVENLI (all remaining
results can be found in Appendix H).

5.1 Results

Figure 4 (left) displays the results for explanation
variation measures. Visualizing the distribution of
lexical metrics across humans and models, there
is a clear distinction between the two groups. Ev-
ery model exhibits higher median wc, V , and JAC

scores across LIVENLI items, indicating that mod-
els generate longer, more lexically-rich explana-
tions, even after de-lexicalizing with respect to the
items. Interestingly, we observe a range of expla-

nation lengths and vocabulary sizes within both
groups: participant w9 returns a median 14 tokens
per explanation, while w4 produces more than dou-
ble that amount: 30. The range for models is even
more stark, with grok-4 returning the highest me-
dian word count of any model (79), as well as the
longest overall explanation (137).

The embedding-based metrics (Figure 4 right)
show another consistent trend: models in MOD-
ELMIXall demonstrate far less variation across all
metrics and embedding types when compared to
humans. This is particularly interesting given the
above findings, which show that models tend to
generate far longer and more lexically diverse ex-
planations. For example, the average distance be-
tween EMBe5 embeddings is significantly smaller
for models than humans, suggesting that all 20
models may rely on similar descriptive strategies
for explanations. This is further corroborated by
Dcent demonstrating that model explanations tend
to cluster more tightly, and Dmax which indicates
smaller overall spread and fewer outliers.

Interestingly, while the magnitude of average
distance remains largely comparable across EMBe5

and EMBstyle, the overall distribution of values
proves to be strikingly different. Specifically, the
median average distance across models is 0.02 in
the latter case, suggesting that models adopt a sin-
gular authorship “style”, while human explanations
are more individually distinct (0.23). This insight
is backed up by Dmax, which follows a similar,
left-skewed distribution with a low median value of
0.11 (compared to 0.46). Finally, although the dif-
ference in variability between models and humans
is the most subtle for EMBtfidf , we nonetheless ob-
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Premise Do you want to see historic sights and tour museums and art galleries?
Hypothesis You wouldn’t like to visit historic places, museums, and art galleries, would you?

w22 (true) The heart of both of these questions seems to match.

w7 (either) The context is asking if someone would like to do these things, and there is no indication of whether or not they do.

gpt-4.1 (false) The context asks if you want to see historic sights and tour museums and art galleries, which presupposes an interest or desire. The statement, however,
asserts (in negative form) that you would not like to visit historic places, museums, and art galleries. Since the context implies a positive preference and
the statement implies a negative one, assuming the context is true, the statement is most likely false.

claude-haiku-3.5 (either) The statement uses a negative question format which creates ambiguity. The context suggests an interest in historic sites and museums, while the statement
uses a double-negative phrasing (’wouldn’t like’) that could imply either agreement or disagreement with the original context. The interpretation depends
on the tone and intention of the speaker, making it possible to read the statement as either confirming or contradicting the original interest.

Table 3: Selected participant explanations from Figure 1.

serve the same overall trend. The distances here are
generally larger, given that tfidf vectors are sparse,
and only account for lexical overlap. With this in
mind, the very high values of EMBtfidf returned for
humans remains largely consistent with the story
so far, indicating very low lexical overlap.

5.2 Qualitative analysis of explanation content

Reason. Type Human Label Model Label

Sh Hu Mo N C E N C E

78105n 3 0 1 0.4 0.6 0.0 0.4 0.6 0.0
80517e 1 2 1 0.6 0.0 0.4 0.65 0.0 0.35
61285n 3 0 1 0.8 0.0 0.2 0.75 0.0 0.25
73518e 4 0 1 0.6 0.3 0.1 0.4 0.35 0.25
49807n 3 0 2 0.9 0.0 0.1 0.75 0.1 0.15
126837e 1 1 1 0.0 0.0 1.0 0.15 0.0 0.85
140704e 3 1 0 0.6 0.3 0.1 0.9 0.05 0.05
76016c 2 1 0 0.3 0.7 0.0 0.75 0.25 0.0
20274n 2 0 0 0.8 0.2 0.0 0.8 0.0 0.2
101940n 3 1 3 0.6 0.0 0.4 0.42 0.42 0.16
26460n 3 1 5 0.3 0.0 0.7 0.75 0.2 0.05
108083c 1 1 5 0.5 0.0 0.5 0.6 0.4 0.0

Table 4: Left: Explanation types shared (Sh) by both humans
and models, only put forth by humans (Hu) or models (Mo)
for 12 LIVENLI items. Center, Right: Distribution of neutral
(N), contradiction (C), and entailment (E) labels by Humans
and Models.

We further explore whether LLMs generate ex-
planations with reasoning patterns comparable to
those of humans. We selected 12 LIVENLI items
(10% of the data) for manual analysis: six items
with the highest and lowest three JS scores, and
six sampled uniformly at random (accounting for
all humans and the first trial of MODELMIXall). Ta-
ble 4 displays the counts of reasoning types shared
between humans and models, as well as novel ones
employed by each annotator group. We find that,
for most items, LLMs come up with similar reason-
ing types to those of humans, though they may not
necessarily assign the same label (green) — e.g., a
subset of models and humans diverge in classify-
ing 20274n as true or false, but do not exhibit any
novel explanations. We also observe the opposite
phenomenon, where both annotator groups demon-
strate almost perfect JS alignment, but nonetheless

introduce novel reasoning types (yellow). Indeed,
the low JS items (red) demonstrate the starkest
contrast between model and human explanations,
with both groups exhibiting non-overlapping bi-
modal label distributions. In such cases, models
appear to introduce many more novel reasoning
types, though these tend to relate to concepts hu-
mans don’t generally mention, like tone.

For illustrative purposes, we display four ex-
planations for the lowest JS item 108083c in Ta-
ble 3, which complements Figure 1. Interestingly,
w22’s explanation matches semanticists’ analysis
of the entailment relationship between questions
(Groenendijk and Stokhof, 1984). We observe that
claude-haiku-3.5 and w7 agree on either, and
that the gist of the explanations is similar: the
answer to the question is not known. However,
claude-haiku-3.5 also produces a hallucination
(statement uses a double-negative), and discusses
the speaker’s tone, which no humans mention.
gpt-4.1 justifies its false prediction by interpret-
ing the hypothesis as asserting that the addressee
does not want to visit historic places. However,
while the hypothesis implies a dispreference of the
addressee for visiting historic places, it certainly
does not assert it, as the hypothesis is a question. In
fact, negative tag questions like this are commonly
used to make playful offers — for instance, asking
a child who loves ice cream, You wouldn’t want
some ice cream, would you?

6 Conclusion

In this study, we investigated label and explana-
tion variation in the context of LLM-based annota-
tion. Rather than attempt to directly align LLMs
with human label distributions, we analyzed var-
ious settings in which LLM judgments could be
solicited, focusing on variation in generation pa-
rameters, within-family model size differences, and
combinations of distinct LLMs. We found that
the extent of label variation depends largely on the
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choice of individual models, with some demonstrat-
ing much higher labeling consistency than others.
Furthermore, we showed that increased variation
can be observed when eliciting judgments across
models within the same family, or across ensem-
bles of distinct models. Crucially, however, while
various distributional metrics imply that model and
human variation is characteristically similar, we
demonstrated that models tend to disagree in their
judgment of difficult items and exhibit striking id-
iosyncrasies that are not observed in humans.

Given the attested diversity of labeling tenden-
cies, we conducted another experiment, wherein
we investigated the extent of explanation variation
across models. Interestingly, we found that, while
models appear to generate longer explanations than
humans, they exhibit far less variation in lexical
choice and writing style. In our qualitative analy-
sis of a small sample of items, we observed that,
while models often align with human explanation
contents, they can be more imaginative, but also
sometimes wrong. Such findings open the door
for future research on explanation evaluation in the
face of ambiguity, disagreement, or hallucinations.

7 Limitations

There are several limitations to our work. Chief
among these is that we report our results with
respect to a single dataset (LIVENLI). However,
though we surveyed multiple NLI datasets for our
experiments, LIVENLI was the only one that cov-
ered every one of our prerequisites, such as offer-
ing an opportunity to study label and explanation
variation. Nonetheless, we acknowledge that this
limited sample may contain biases or artefacts of
which we were not immediately aware. By ex-
tension of this, we likewise only study one task
(NLI), which, despite being well studied, features
many inherent problems (Pavlick and Kwiatkowski,
2019). For future work, we would like to extend
our method towards other, potentially more com-
plicated tasks, to verify if our results hold. One
potential candidate is CoS-E (Rajani et al., 2019),
which collects explanations for extractive QA.

Regarding the methodology described in Section
5, we acknowledge that our experiments target vari-
ation on a largely lexical and form-oriented level.
While our results are informative, they are nonethe-
less incapable of capturing disparate lines of rea-
soning and argumentation expressed in free-text
explanations. This is certainly desirable, but is dif-

ficult to capture by automated means and aggregate
metrics (e.g. BLEU, ROUGE, METEOR). Future
work will explore this avenue further, assessing the
feasibility of questions-under-discussion (QUD) as
a means of eliciting “reasoning types” in explana-
tions (Namuduri et al., 2025).

Lastly, we acknowledge a common limitation
of NLP research that also applies to our study:
working with monolingual English data. While
similar degrees of human label variation have been
reported for Chinese (Hu et al., 2020) and Japanese
(Yanaka and Mineshima, 2022) NLI annotation ef-
forts, it is entirely possible that the results described
here would not be fully robust against a thorough
multilingual evaluation. To this end, it has been
shown that annotators make different inferential
judgments based on cultural background (Huang
and Yang, 2023). We leave this as an additional
avenue for future work.
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A LIVENLI annotation instructions

Figure 5 depicts the LIVENLI interface, which was
converted to a plain-text user prompt and passed
to all models.

B Prompt Templates

Figures 6 and 7 show the exact prompts used for
the experiments in this study.

C Label Variation per Model

Table 5 shows the results for all label variation met-
rics across individual models. While we make note
of variation across models, no individual model
matches the performance of the ensemble experi-
ments outlined in Section 4.1.

D RANDOMMIX

Though it might appear that collecting the largest
possible sample of models is the best way to ensure
variation in annotation tasks, we acknowledge that
this is often not practical due to high API inference
costs. As such, we run an additional experiment
wherein we simulate 1000 random draws of 10
MODELMIXall models in order to verify the sta-
bility of random samples against our metrics (an
experiment to which we refer to as RANDOMMIX).
As Figure 8 shows, each metric lies largely in the
same range as either MODELMIX across 1000 tri-
als, with JS showing the least variability. These
findings indicate that a sample of distinct LLMs
can provide an acceptable proxy of human label
variation.

E Label Distributions (τ )

Figure 9 depicts the per-item consistency for all
models in the τ parameter experiments (we omit
top-p as it is very similar to this plot). This corrobo-
rates our main findings, showing that grok-3-mini
and qwen3 are largely inconsistent across varying
values of τ , while the two other models are gener-
ally stable.

F Label Distributions (SIZE)

Figure 10 depicts the per-item consistency for all
models in the size experiments. Interesting, we
find that some models exhibit the same sorts of
biases discussed in Section 4.2. For example,
qwen3-0.6B largely answers decisively, yet incon-
sistently (per our metric), exhibiting a clear prefer-
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Figure 5: Screenshot of the LIVENLI data collection interface. Taken from (Jiang et al., 2023b)

System Prompt

1 You are an expert at natural language inference tasks.
2 Always provide your responses as valid JSON that can be parsed by Python 's json.loads() function.
3
4 Your response format should be:
5 {
6 "classification ": {
7 "label": "...",
8 "explanation ": "..."
9 },

10 "highlights ": {
11 "context ": "...",
12 "statement ": "..."
13 }
14 }
15
16 For classification labels:
17 - If selecting multiple classes , sort them alphabetically and join with hyphens (e.g., "either -false -true")
18
19 For highlights:
20 - Mark highlighted segments with '<<' at the beginning and '>>' at the end
21 - Only highlight the most important words/phrases mentioned in explanations
22
23 CRITICAL: Respond with ONLY the raw JSON object. Do not use markdown formatting , code blocks , or any wrapper text.
24
25 Do NOT wrap your response in:
26 - ```json ... ```
27 - ``` ... ```
28 - Any markdown formatting
29 - Any explanatory text before or after the JSON

Figure 6: System prompt provided to all models.

ence true or false. Conversely, gemma3-1B shows the opposite trend in consistently answering either.
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User Prompt

1 Read the following Context and Statement (introduced respectively by the [CONTEXT] and [STATEMENT] tags):
2 [CONTEXT] {}
3 [STATEMENT] {}
4
5 Choose one or more from the following:
6
7 If you feel uncertain and you feel that multiple options apply , choose them all instead , even though it might feel

contradictory.
8 Assuming the context is true , the statement:
9

10 - true: is most likely to be true
11 - either: can be either true or false
12 - false: is most likely false
13
14 Explain , in a few sentences , why you chose your answer.
15 If you chose more than one option , elaborate in wich circumstances each option is possible.
16 Explain all the options you chose.
17 Your explanation should include new information and refer to specific parts of the sentences. It should NOT simply

repeat the sentences.
18 Avoid "The context and statement means the same/opposite thing". Specify which part of the context and statement

means the same/opposite thing.
19 Avoid "Just because X doesn 't mean Y". Say under what circumstances X does not mean Y, or say that X can mean Y or Z.
20 Avoid "The statement is ambiguous/it's not clear what it means". Elaborate what the possible meanings are and why it

is ambiguous.
21
22 Highlight the words in the Context and Statement that are relevant to your explanations.
23 Your explanations should refer to specific words/parts of sentences.
24 Highlight those words and phrases that your explanations mentioned.
25 Only highlight the words that are most important for the explanations.

Figure 7: User prompt provided to all models.
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Figure 8: Metric values after 1000 random trials of RANDOMMIX (10 models).

G Text Embedding Comparison

Though many prior studies have utilized off-the-
shelf text embeddings to investigate LLM expla-
nations, Figure 11 demonstrates a clear problem
with that method. Here, we show that three near-
SOTA text embeddings (sampled from the top of

the MTEB leaderboard) all cluster explanations by
item, exhibiting a strong topic signal. This is likely
due to the fact that, for a given item, all correspond-
ing explanations will contain considerable lexical
overlap — as well as other semantic similarities.
As such, any two explanations within a given item
will yield a much shorter distance to each other
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Experiment H JS ↓ KL(P ||Q) ↓ KL(Q||P ) ↓ Agree ↑ α

Human Participants 0.71 - - - - 0.26

MODEL MIXall 0.63 0.22 1.28 0.78 0.72 0.26
MODEL MIXhi 0.53 0.25 2.54 0.88 0.74 0.37
MODEL MIXlo 0.60 0.25 2.16 0.80 0.66 0.18

claude-haiku-3.5 0.05 0.44 9.68 1.11 0.60 0.93
claude-opus-4 0.17 0.37 7.35 1.15 0.69 0.71
command-a 0.05 0.41 8.75 1.26 0.68 0.93
command-r 0.26 0.46 9.54 2.56 0.49 0.57
deepseek-r1 0.21 0.36 6.81 0.82 0.66 0.65
gemini-2.0-flash 0.04 0.45 10.31 1.48 0.57 0.95
gemini-2.5-pro 0.16 0.38 7.31 1.03 0.64 0.69
gpt-4.1 0.05 0.40 8.63 1.25 0.74 0.92
gpt-4o-mini 0.09 0.43 9.48 1.21 0.57 0.63
grok-3-mini 0.24 0.34 5.85 0.63 0.70 0.64
grok-4 0.16 0.39 7.69 0.93 0.64 0.64
kimi-k2 0.04 0.40 8.63 0.87 0.66 0.95
llama-3.1-8b 0.05 0.46 10.46 1.20 0.57 0.55
llama-4-maverick 0.08 0.49 11.32 3.51 0.44 0.89
ministral-8b 0.09 0.46 10.15 1.28 0.55 0.50
mistral-medium 0.10 0.41 8.48 0.73 0.62 0.88
olmo2 0.23 0.41 7.85 1.12 0.56 0.58
phi4 0.10 0.41 8.85 1.18 0.63 0.84
qwen2.5 0.07 0.42 9.21 1.05 0.60 0.90
qwen3 0.24 0.36 6.45 1.23 0.63 0.62

Table 5: Aggregate results across all experimental settings for every individual MODELMIX model. All metrics computed with
respect to 5 individual runs, then averaged across items.

Figure 9: Model classification across trials, with varying τ (each cell represents a single classification within a
τ -adjusted trial).

than to explanations pertaining to other items —
even if they represent different labels or divergent
reasoning patterns. As such, we opt to de-lexicalize
our embeddings with respect to the premise and
hypothesis text.

H Extended Explanation Variation
Results

Figures 12, 13, and 14 show the results across
all embedding-based metrics for the τ , top-p, and
model size experiments. Though there is some
slight variation across experiments, the overall
trends are very similar to what is observed in Figure
4.
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Figure 10: Model classification across trials, with varying model size (each cell represents a single classification
within a trial).
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Figure 11: t-SNE-reduced text embeddings across the entire LIVENLI dataset.

centroid_dist diameter distance

e5
style

tfidf

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

gemini−2.0−flash_temp_ablation

grok−3−mini_temp_ablation

human

kimi−k2_temp_ablation

qwen3_temp_ablation

gemini−2.0−flash_temp_ablation

grok−3−mini_temp_ablation

human

kimi−k2_temp_ablation

qwen3_temp_ablation

gemini−2.0−flash_temp_ablation

grok−3−mini_temp_ablation

human

kimi−k2_temp_ablation

qwen3_temp_ablation

Value

E
xp

er
im

en
t

Experiment gemini−2.0−flash_temp_ablation grok−3−mini_temp_ablation human kimi−k2_temp_ablation qwen3_temp_ablation

Figure 12: Explanation variation results for τ experiments.
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Figure 13: Explanation variation results for top-p experiments.
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Figure 14: Explanation variation results for model size experiments.
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