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Abstract

Legal natural language processing (NLP) tasks
often lack a single objective ground truth, as
reflected in label variation across experts’ an-
notations. We test whether two uncertainty sig-
nals based on outputs of large language models
(LLMs), sampling entropy and verbalized prob-
ability, can identify posts where legal experts
disagree. On 1,564 German social media posts
annotated by three legal experts for punishabil-
ity under the German Criminal Code, we evalu-
ate four open-weight LLMs, with reasoning ei-
ther enabled or disabled, and observe a drop in
F1 score on contested posts. Sampling distribu-
tions collapse to near-deterministic judgments
in most conditions, while verbalized probabili-
ties track expert disagreement in aggregate and
support deferral of model errors. Neither sig-
nal, however, reliably identifies individual con-
tested posts: both detect the model’s own er-
rors (AUROC up to 0.83) better than expert
disagreement (up to 0.76), and which signal is
more informative depends strongly on model
and activation of reasoning mode.

1 Introduction

Most contemporary NLP systems are trained and
evaluated on the assumption that every input has a
single correct label (Aroyo and Welty, 2015; Uma
et al., 2021). In legal domains, where law is in-
terpretive rather than empirical, this assumption
breaks down: Whether a provision of the German
Criminal Code (StGB) applies to a given statement
is often a matter of legal judgment rather than fact,
and detecting punishable online content inherits
this ambiguity. On our data, disagreement persists
even among three legal experts, who diverge on
27% of posts (Figure 6). Such variation has several
reasons (Plank, 2022; Xu et al., 2024): the post
itself may be ambiguous, i.e. borderline under the
statute, or the experts may vary in how they apply
the criteria. Three single judgments per post con-
found item ambiguity with annotator variation, so

we call a post contested without claiming a source.
Following Plank (2022), we treat this variation as
information that aggregation to a single gold label
discards, and use expert disagreement as the signal
against which we benchmark model uncertainty.

We use data with annotations by legal experts
from the KISTRA project (Lenz, 2024), conducted
with the participation of the German Federal Crim-
inal Police Office (BKA). On this kind of task,
model performance lags well behind expert judg-
ment (Ludwig et al., 2025), yet the scores are still
measured against a single aggregated label. If even
experts cannot settle some cases, that may set the
wrong objective, and a more attainable goal would
be for models to recognize and flag them.

Contributions. We benchmark two output-based
uncertainty signals, sampling entropy and verbal-
ized probability. Neither of these requires access to
model internals or additional training, which makes
them a practical starting point for uncertainty quan-
tification in applied legal NLP. Prior work using
those signals (see Section 2) focuses on disagree-
ment among crowd workers on subjective tasks.
We ask (RQ1) whether the signals identify con-
tested posts, and (RQ2) whether they are reliable
enough to defer uncertain posts to human review.

2 Related Work

Human label variation. Annotator disagreement
is increasingly treated as signal rather than noise.
Pavlick and Kwiatkowski (2019) show that dis-
agreement in natural language inference persists as
more judgments are collected; Nie et al. (2020) re-
lease per-item human distributions as soft labels to
evaluate against; and Davani et al. (2022) model an-
notators individually instead of aggregating. This
work studies non-expert annotators on subjective
tasks. Our annotators are legal experts applying
statutory criteria rather than lay annotators report-
ing personal views.
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Output-based Uncertainty. Whether a model
aligns with this human variation can be assessed
without access to its internals: verbalized confi-
dence has the model state its uncertainty in words
(Lin et al., 2022; Tian et al., 2023; Xiong et al.,
2024), while sampling-based estimates repeat the
query and read uncertainty off the spread of the
resulting judgments (Lee et al., 2023). Both yield
a per-item score for ranking posts by certainty and
deferring the most uncertain to human review (EI-
Yaniv and Wiener, 2010). Lee et al. (2023) find that
the sampled distribution fails to match the human
one on NLI, and that alignment degrades further
on high-disagreement items.

Uncertainty in Legal NLP. Ludwig et al. (2025)
classify punishable incitement to hatred under §
130 StGB and report a persistent gap between
LLMs and legal experts regardless of legal con-
ditioning, weakest on the interpretive elements
of the offense. Xu et al. (2024) calibrate case-
outcome classifiers (fine-tuned encoders) against
judges’ split votes at the European Court of Human
Rights: the models separate split from unanimous
cases but align only weakly with the vote distribu-
tion itself. Closest to our work, Ni et al. (2026)
compare the two signals on crowd-annotated data
and find that verbalized distributions capture dis-
agreement better while sampling predicts the ma-
jority label better.

3 Experimental Setup

Data. The dataset comprises 1,564 social media
posts retrieved from the KISTRA corpus (Lenz,
2024), each annotated by three legal experts for
punishability under the German Criminal Code and,
where applicable, the specific section.! A detailed
description of the data is given in Appendix A. By
majority vote, 24% of posts are punishable. We call
a post contested when the experts split 2—1 (424
posts, 27.1%) and unanimous otherwise.

Inference. Each post was judged based on a
fixed, four-step checklist (candidate provisions,
statutory criteria, freedom-of-expression balanc-
ing, decision), decomposing the assessment into
the elements of the offense following Zufall et al.
(2022); the full prompt is given in Appendix C.
Each model returns a binary judgment for punisha-
bility, the applicable section, and an integer (0 to
100) probability for the post being criminal.

18§ 86, 111, 126, 129, 130, 140, 166, 185 ff., or 241 StGB.

Models and Evaluation. We evaluate Qwen3
(8B, 32B) and Gemma 4 (12B, 31B) models with
and without reasoning by drawing ten samples per
post at the recommended temperatures.> We report
precision, recall, and F1 score against the majority
vote (overall and separately for contested and unan-
imous posts). We call a prediction a model error
when it deviates from this majority vote, i.e., from
the aggregated expert label, which on contested
posts rests on a 2—1 split. We further evaluate both
uncertainty signals by selective prediction against
model errors, by their ability to separate contested
from unanimous posts, and against the human soft
label, i.e., the share of experts voting punishable.
The separation of contested from unanimous posts
and the fit to the soft label address RQ1, while se-
lective prediction against model errors addresses
RQ2.

Uncertainty Signals. From the ten samples per
post we derive two per-item scores. Sampling en-
tropy is the binary entropy of the share of sam-
ples judging the post punishable. The verbalized
P(punishable) of a post is the mean of the ten
reported values on a 0 to 1 scale, and as an uncer-
tainty score we use its closeness to 0.5. Both scores
can be used to rank posts from the most to least un-
certain, so that the most uncertain can be withheld
from automatic prediction, and e.g. prioritized for
human review.

4 Results

Classification. Figure 8 shows that the binary
F1 score® against the majority vote ranges from
0.46 to 0.69 across conditions and models. Strat-
ifying as in Figure 1 shows that F1 on contested
posts stays between 0.45 and 0.61, but that the
gap to unanimous posts is split by model family:
For the Gemma models, F1 drops by 0.15 to 0.17
on contested posts, while for the Qwen models,
the two subsets are indistinguishable within their
confidence intervals. Model errors, therefore, con-
centrate where experts disagree for Gemma but not
for Qwen models. Precision and recall are reported
in Appendix B, where the Gemma (Qwen) models
tend to favor precision (recall).

2We use the recommended temperatures (0.6 and 0.7) for
Qwen3 (Yang et al., 2025) and (1.0) for Gemma 4 (Gemma
Team, 2026). As temperature differs between conditions, we
compare entropy by AUROC.

3Prediction for a post is the majority of the ten samples;
the 0.4-4.2% with a 5/5 split counts as not punishable.
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Figure 1: F1 against the majority vote on posts with
unanimous expert labels and on contested posts.

Sampling Entropy. Figure 2 shows the distri-
bution of the share of punishable judgments by
LLMs, grouped by human soft label. The distribu-
tions peak at 0, at 1, or both, but asymmetrically:
52-90% sit entirely at O on posts no expert judged
punishable, while only 31-63% sit entirely at 1
when all three did, and 4-19% still sit at 0. Without
reasoning the collapse is stronger still: up to 95%
of posts receive ten identical judgments (Gemma
31B). Ranking items by entropy yields nearly flat
risk-coverage curves (Figure 3, top), with error-
detection AUROC between 0.62 and 0.71 with rea-
soning and between 0.53 and 0.60 without. Rea-
soning helps, but even the best condition removes
few errors.

Verbalized Probability. The median verbalized
P(punishable) increases monotonically with the
human soft label (Figure 4), so the signal does
carry information about expert disagreement at the
population level. Per item, however, its IQR spans
large parts of the unit interval. The Gemma models
stay near zero at 0/3—1/3 and rise steeply thereafter,
though the 2/3 bucket lands mid-scale (medians
0.50 and 0.67) rather than near one. We measure
calibration against the human soft label rather than
the majority vote, since Baan et al. (2022) show
that calibration to an aggregated label is problem-
atic when annotators genuinely disagree. The ver-
balized value is also unstable across the ten sam-
ples of the same item (Appendix B, Figure 9). As
a selective prediction signal, however, it clearly
outperforms sampling entropy. Ranking items by
closeness of the verbalized probability to 0.5 yields
informative risk-coverage curves (Figure 3, bot-
tom), with error-detection AUROC between 0.73
and 0.83 with reasoning and between 0.65 and 0.81

without.

Comparing the Signals. The two signals are not
interchangeable. Their per-item rank correlation
ranges from 0.80 (Qwen3 32B with reasoning)
to —0.14 (Gemma 31B without reasoning) (Fig-
ure 10), and reasoning strengthens the coupling for
every model. As an estimate of the human soft
label, verbalized probability is the more informa-
tive signal. It achieves a lower Brier score and
Jensen-Shannon divergence than the sampling dis-
tribution in all eight conditions (Appendix B, Fig-
ure 11). Detecting expert disagreement itself, the
target of RQ1, is harder for both signals (Figure 5).
Discriminating contested from unanimous posts,
verbalized uncertainty reaches AUROC values be-
tween 0.63 and 0.76 while sampling entropy stays
between 0.51 and 0.65, both well below the best
error-detection AUROC of 0.83. The picture is the
same under AUPRC, which accounts for the 27%
share of contested posts: verbalized uncertainty
reaches 0.33 to 0.46 and sampling entropy 0.28 to
0.37, against 0.271 for a random ranking. Strat-
ifying by majority class (Appendix B, Figure 7)
shows where this separation comes from. Verbal-
ized uncertainty distinguishes 1/3 from 0/3 posts
about as well as in the pooled setting, while sam-
pling entropy is near chance in most conditions; on
majority-positive posts both signals separate 2/3
from 3/3 close to chance. Across both metrics and
both strata, the ordering of the two signals is sta-
ble, but neither truly reaches the level at which
contestedness could be read off a single post.

5 Discussion and Outlook

Neither signal answers our questions cleanly. For
RQI, the alignment with expert disagreement ex-
ists but is weak. Sampling entropy is nearly silent:
the judgment is binary, the model commits to it,
and repeated samples of the same post rarely di-
verge. The collapse is directional: sampling gen-
erally reproduces each family’s precision—recall
asymmetry rather than the experts’ split, which is
why entropy is uninformative about contestedness
even where it is confidently wrong. Verbalized
probability instead recovers the ordering of con-
tested and unanimous posts in aggregate, yet with
a moderate AUROC it cannot reliably identify in-
dividual contested posts. Regarding RQ2, we con-
clude that neither signal works as a disagreement
router. What verbalized probability does support is
error-based deferral. Ranking posts by closeness
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to 0.5 and deferring the most uncertain half sends
71-92% of model errors to review. For Gemma
31B with reasoning, at the upper end of that range,
the retained half has an error rate of 2.4%. Part
of that is composition, since the retained posts are
only 13% punishable against 24% overall, which
puts the majority-class baseline on this subset at the
same 13%. The model’s error rate is 18% of that
baseline. The skew is the cost. Review receives
72% of all punishable posts and 79% of contested
posts. The verbalized probability agrees with the
models’ own verdict in 98-99.6% of posts and is
best read as a graded restatement of that verdict.
It tracks how committed the model is, and com-
mitment predicts the models’ own errors far better

than it predicts whether a post is contested.

Two observations qualify this picture. First,
which signal is informative depends heavily on
model family, scale, and reasoning mode. The
same recipe that works for one model can be un-
informative or even inverted for another, so any
deployment must validate its uncertainty signal
per model rather than assume transferability. Sec-
ond, although the per-model picture varies, the
aggregate ordering is stable. Verbalized probabil-
ity approximates the human soft label better than
the sampling distribution does, as it does for the
lay annotators in Ni et al. (2026). Our selective-
prediction results extend that ordering to a setting
they do not test.
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We view these results as a baseline for a do-
main in which the ground truth itself is contested.
Output-based signals tell us more about when a
model is likely wrong than about when the post
is ambiguous (cf. Baan et al., 2024). Whether that
difference is recoverable inside the model through,
e.g., probing or disagreement predictors trained on
human soft labels remains open, and this bench-
mark makes it testable.

Limitations

Data access. The raw KISTRA data cannot
be released due to data sensitivity and eth-
ical considerations, which limits reproducibil-
ity to researchers with equivalent access agree-
ments. Code for inference and evaluation is
available at https://github.com/LauraMBraun/
two-lawyers-three-opinions.

Annotation depth. Three annotations per post
may understate true legal ambiguity, and a single
round of judgments cannot separate item ambiguity
from annotator variation. Separating them would
require repeated judgments after a washout period
or a larger annotator pool, and recruiting additional
qualified legal experts was not feasible within this
study.

Comparability confound. Human labels and
model signals differ in granularity. Three votes
place the human soft label on four levels, and since
binary entropy is symmetric around 0.5, ten sam-
ples leave sampling entropy with six distinct values,
most items at the lowest. Verbalized probability
is finer-grained, so part of its advantage may be
resolution rather than information.

Prompt sensitivity. We did not vary the prompt
systematically, since our goal was evaluating un-
certainty quantification rather than optimizing ac-
curacy, though prompt design likely also affects
calibration.

Scope of contribution. This paper reports no
new UQ method. We instead characterize the use-
fulness and limits of two easily accessible signals
in a domain where the ground truth is itself highly
contested.

Ethical considerations

Data sensitivity. The dataset contains posts se-
lected for potential criminal relevance. We there-
fore report only aggregate statistics. Inference ran
only locally on open-weight models and posts were
never sent to a third-party API.

Uncertainty is not a substitute for human judg-
ment. Verbalized probability and sampling en-
tropy are behavioral signals, not correctness guar-
antees, and should not be mistaken for legal cer-
tainty.
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Cost of errors. This is especially important given
the persistent LLM-expert performance gap (Lud-
wig et al., 2025) and substantial expert disagree-
ment, since false negatives and false positives carry
different but equally serious societal costs.
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A Detailed Dataset Description

Because the raw data cannot be released, we de-
scribe the corpus here as fully as aggregate statis-
tics allow. It consists of 1,564 German-language
social media posts drawn from the KISTRA project.
Posts are short, with a median length of 157 charac-
ters. Each post was independently labeled by three
legal experts with the applicable StGB section or
"Kein Paragraph" if none applies. The binary label
is derived from this. Posts also include auxiliary
annotations on ideological background and type of
criminality (which were annotated by social and
political scientists). By majority vote, 373 posts
(23.9%) are punishable. The expert votes split into
942 posts with zero of three votes for punishable,
249 with one, 175 with two, and 198 with three, so
424 posts (27.1%) are contested at the binary level
(Figure 6). At the section level, all three experts
assigned the same label for 69% of posts, exactly
two agreed on 28%, and no two agreed on 3%. At
least one expert assigned a section in 622 posts, and
at least two distinct positive sections appear in 103
posts. Table 1 reports the distribution of all 4,692
individual section annotations. § 130 (incitement
against groups) dominates the positive labels.

Punishability 0
disagreement - L

Section
disagreement

Punishable by o
majority vote - i

Figure 6: Label distribution across all 1,564 posts. Sec-
tion disagreement: experts named two or more distinct
sections (103 posts).

Section Annotations Share
Kein Paragraph (none) 3,499  74.6%
§ 130 691 14.7%
§ 185 ff. 194 4.1%
§ 140 158 3.4%
§111 57 1.2%
§ 86a 34 0.7%
§ 166 26 0.6%
§ 126 16 0.3%
§ 241 12 0.3%
§ 86 4 0.1%
§ 129 1 0.0%

Table 1: Distribution of the 4,692 individual expert
section annotations (three per post).

B Additional Figures

Figures 8 to 11 provide the per-condition detail
behind the results reported in the main text.
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Figure 7: AUROC for discriminating contested from
unanimous posts, separately within majority-negative
posts (0/3 vs. 1/3, n = 1,191) and majority-positive
posts (2/3 vs. 3/3, n = 373).
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Figure 8: Precision, recall, and F1 for binary punishabil-
ity against the majority vote across all conditions, with
95% bootstrap confidence intervals.
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C Prompt

System prompt

You are a trained annotator in a research study on German criminal law. Your
task: for a German-language social media post, judge whether the post fulfills
the elements of a criminal offense under the German Criminal Code (StGB).

The posts are publicly published social media content collected for research
purposes and your judgments are used for scientific annotation only. Work like a
briefed research annotator with a fixed checklist. Go through the steps below
and decide only at the end. You do not need to write a full legal opinion. What
matters is that you apply the statutory criteria and reach a reasoned judgment.

Judge strictly by the statutory criteria. Many posts are offensive,
inflammatory, or tasteless without being criminal, and some sound harmless but
do fulfill the elements of an offense. Do not let caution in either direction
substitute for the legal analysis.

At the end you will report two things:

1. Your judgment (punishable): your single best answer, as a human annotator
would give it - true if the post fulfills the elements of an offense, false if
not.

2. A probability estimate (p_punishable): an integer from @ to 100 for how
likely it is that the post is in fact criminal. Interpret it as a frequency:
among 100 posts where the evidence looks exactly like it does here, in how many
would "criminal” turn out to be true? Important: p_punishable is NOT your
confidence in your answer.

If you confidently judge a post as not criminal, p_punishable is LOW (close to
@), not high. If you confidently judge it as criminal, p_punishable is high.
Only a genuinely uncertain case sits near 50.

Figure 12: System prompt
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User prompt template

Assess the following post using the four steps. Think them through internally
and at the end, output only the JSON - no intermediate steps in the visible text.

Step 1 - Candidate provisions: briefly check which of the following could
plausibly apply: § 130 (Volksverhetzung, incitement against groups), § 185 ff.
(Beleidigung, insult), § 111 (Aufforderung zu Straftaten, public incitement to
crime), § 140 (Billigung von Straftaten, condoning crimes), or less commonly §
166, § 86a, § 126, § 241, § 129. If none plausibly applies, go straight to Step
4.

Step 2 - Apply the criteria of whichever provision(s) are in play: § 130: Is the
statement directed against a group defined by nationality, origin, religion, or
ethnicity (or against individuals specifically because of that membership)? And
is there, in addition, incitement to hatred, a call for violence, or an attack
on human dignity (insulting, maliciously disparaging, or defaming the group)?
Mere criticism of a religion, politics, government, or immigration as such is
not enough; it requires both the group reference AND one of these acts.

§ 185 ff.: Is contempt expressed toward an identifiable person or a small,
clearly delimited group? Crudeness toward "those in power”, a party, or a large
diffuse group usually isn't enough; a concrete attack on a specific person's
honor is required.

§ 111: Is there a public and serious call for a specific crime? A mere wish,
sarcasm, or a vague hint is not a call to action.

§ 140: Is a concrete, already-committed serious crime (e.g. a murder or an
attack) publicly endorsed?

Step 3 - Check freedom of expression, if a provision from Step 2 could apply:
weigh both directions with an open mind. Art. 5 GG (freedom of expression) also
covers sharp, polemical, and hurtful criticism - but not everything: a targeted
attack on human dignity, the defamation of a specific person, or a serious call
for violence falls outside its protection. Decide this concrete case on its own
terms, not schematically.

Step 4 - Decide and report: settle on your judgment and your probability
estimate, then end your answer with exactly one JSON object and nothing after it,
in exactly this shape:

{"p_punishable"”: <integer from @ to 100>, "punishable”: <true or false>,
"section”: "<§8 NNN or Kein Paragraph>"}

Keep the field names and the literal string "Kein Paragraph” exactly as shown;
do not translate it. The angle brackets are type placeholders, not suggested
answers. If punishable is false, section is the literal string "Kein Paragraph”;
if true, name the single best-fitting provision in "§ NNN" notation.

Post:

nnn

{text}

nnn

Figure 13: User prompt template. {text} is replaced by the post under assessment.
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