
Revisions of German Instructional Text as a Window into LLM Plausibility
Estimation

Sonja Hofbauer and Alessandra Zarcone
Technische Hochschule Augsburg

An der Hochschule 1, 86161, Augsburg, Germany
sonja.hofbauer@tha.de, alessandra.zarcone@tha.de

Abstract

When editors revise how-to guides, they may
insert information that the original text left
implicit, providing a window into the world
knowledge needed to complete a task. This
knowledge is typically acquired by first-hand
experience and not through language, and is
thus particularly challenging even for large
language models. We present two German-
language resources derived from wikiHow
articles, (1) WIKIREVS-DE, a corpus of
over 199K sentence-revision pairs, and (2)
PLAUSIR-DE, a benchmark for plausibility
estimation, consisting of 187 cloze sentences,
each paired with 1 original revision and 4 ad-
ditional automatically-generated fillers, anno-
tated with human plausibility judgments. We
test 20 causal and masked language models
for their ability to mirror human plausibility
scores on German procedural texts. The best
model achieves a pairwise accuracy of 92.1%
on the plausible-versus-implausible contrast,
while distinctions involving neutral fillers re-
main comparatively difficult across models.

1 Introduction

Instructional texts such as how-to guides and wiki
pages are a valuable source of procedural knowl-
edge and script knowledge, as they contain de-
scriptions of stereotypical or standardized event
sequences to reach a goal (Barr et al., 1981). We
typically acquire this knowledge from first-hand
experience and not necessarily from linguistic inter-
actions — which arguably makes it difficult to ex-
tract such information at scale from large language
corpora (Chambers and Jurafsky, 2009; Wanzare
et al., 2016).

WikiHow platforms, containing step-by-step de-
scriptions of everyday activities, can be a valu-
able source to harvest knowledge which rarely gets
explicitly reported in language (Chu et al., 2017;
Nguyen et al., 2017; Zhang et al., 2020). Also, as

(1) Entgiftendes Fasten soll den Körper von angesam-
melten Toxinen reinigen.
(2) Es wird im Allgemeinen nach der Urlaubszeit
gemacht, einer Zeit, in der viel Alkohol getrunken
und schweres, zuckerreiches Essen gegessen wird.
(3) Entgiftendes Fasten erlaubt gewöhnlich ____ und
andere Flüssigkeiten, aber kein Essen.
✓ Saft ✗ ein Getränk ✓ Tee
✗ Bier ✓ Brühe

Table 1: An example from Fasten from the German
wikiHow with plausible (✓) and implausible (✗) fillers.

they are collaborative platforms, they offer the pos-
sibility to look into revisions and insertions, which
in turn can be an interesting window into our use of
language and our world knowledge, as they provide
us with cases where an editor deemed it necessary
to make some implicit information explicit, and
consequently what constitutes a plausible insertion
and what does not (Faruqui et al., 2018; Anthonio
et al., 2020; Anthonio and Roth, 2021). Table 1
shows an example from the German wikiHow ar-
ticle for Fasten (‘fasting’): Saft (‘juice’), Brühe
(‘broth’) or Tee (‘tea’) are plausible, Bier (‘beer’)
is ruled out by world knowledge, and ein Getränk
(‘one drink’) is dispreferred because the indefinite
article breaks the coordination of bare mass nouns,
and also because you would expect a specific exam-
ple of a drink before und andere Füssigkeiten (’and
other liquids’), and not the generic expression "a
drink". Judging the plausibility of an insertion can
thus also be a way to test a model’s understanding
of procedural knowledge and in general of a type
of knowledge not typically conveyed by language.
Task 7 at SemEval-2022 (Roth et al., 2022) formu-
lated this as the task of rating the plausibility of
clarification revisions and of alternative fillers in
wikiHow texts.

If extracting procedural knowledge from English
texts is challenging, it is even more problematic for
languages which are not as widely represented. In



this study, we collect (1) WIKIREVS-DE, a cor-
pus of over 199K sentence-revision pairs from the
German wikiHow, and (2) PLAUSIR-DE, a bench-
mark for plausibility estimation, with 187 cloze
sentences, each paired with 1 original revision and
4 automatically-generated fillers, annotated with
human plausibility judgments. We then test 20
causal and masked language models for their abil-
ity to mirror human plausibility judgments on Ger-
man procedural texts. The datasets will be made
available upon the acceptance of this work.

2 Related Work

Wanzare et al. (2016) collect event sequence de-
scriptions for 40 everyday procedural scenarios
(DeScript) from crowdsourced data. Not all events
are verbalized in every description of the same
scenario, as typical ones (based on world knowl-
edge) can often be left implicit. Another source
of script and procedural knowledge is instructional
texts such as wikiHow articles, which can be used
to build knowledge graphs for problem solving
(Chu et al., 2017) or to harvest GOAL-STEP and
STEP-STEP TEMPORAL relations between procedu-
ral events (Zhang et al., 2020).

Another possibility is to look into sentence-level
revision histories as a source of implicit knowl-
edge, to investigate what knowledge is deemed
worthy of being made explicit by human revisors.
Faruqui et al. (2018) collect a corpus of 43 million
atomic insertion and deletion edits from Wikipedia
across 8 languages, including German, and show
that models trained on this corpus appear to en-
code aspects of semantics and discourse that are
harder to learn from raw text alone. Anthonio et al.
(2020) extend this idea to instructional texts with
wikiHowToImprove, a corpus of sentence-level re-
vision histories from approximately 246,000 En-
glish wikiHow articles. Anthonio and Roth (2021)
build on this corpus to propose a task for resolv-
ing implicit references in English how-to guides,
using 6,014 instances where a referring expression
was inserted during revision. A GPT-based model
with re-ranking recovers the human-inserted refer-
ence among its top-10 predictions in 80.8% of test
cases. Model-generated alternatives are sometimes
judged as equally or more plausible than the human
reference, indicating that implicit references admit
multiple valid resolutions. Roth et al. (2022) pro-
pose SemEval-2022 Task 7, where systems classify
fillers as PLAUSIBLE, NEUTRAL, or IMPLAUSIBLE

given the discourse context, or rank them by a con-
tinuous plausibility score. The human upper bound
on the classification task reaches 79.4% accuracy
and the best system achieves 68.9%, reflecting the
inherent ambiguity of plausibility judgments.

Our work differs from the above as (1) it targets
German rather than English, filling a gap in proce-
dural NLP resources for German; (2) it reframes
the task as zero-shot plausibility scoring using pre-
trained language models without task-specific fine-
tuning, (3) it labels multiple fillers as plausible and
tests if the models can identify them.

3 Data Collection

The creation of the WIKIREVS-DE dataset was
inspired by the approach in Anthonio et al. (2020).

3.1 Data Collection

Anthonio et al. (2020) downloaded English
wikiHow articles in bulk (including their full re-
vision history) via the platform’s Export Pages ser-
vice. Comparable dumps were not available for the
German wikiHow, and the platform’s robots.txt
explicitly prohibited the use of its content for model
training or AI-based retrieval. For this reason, the
data in WIKIREVS-DE and PLAUSIR-DE is used
exclusively for model evaluation and not for model
training, and was collected from articles individ-
ually downloaded via the MediaWiki API1. We
first retrieved a complete list of all page IDs and
titles using the allpages query endpoint, then we
fetched and stored each article. To respect rate
limits, requests were spaced at 12-second intervals
(approximately 300 calls/h). We collected 44,277
articles with complete revision histories.

3.2 Preprocessing

For each article, we collected one JSON file con-
taining the full revision history as a sequence of
snapshots, each representing the article at a given
point in time. We removed (1) revisions after Nov
30th, 20222, to avoid potentially AI-generated con-
tent, (2) revisions by accounts identified as bots3,
(3) duplicates, (4) articles with fewer than two re-
maining revisions after filtering, as they yield no

1https://www.mediawiki.org/wiki/Documentation/
API_documentation

2This date marks the release of ChatGPT (OpenAI, 2022)
3We did not remove initial bot revisions, as many articles

were sourced and automatically translated from the English
wikiHow (with a bot revision as the first revision).

https://www.mediawiki.org/wiki/Documentation/API_documentation
https://www.mediawiki.org/wiki/Documentation/API_documentation


usable revision pairs. XML markup, wiki format-
ting, templates, tables, external links, and image
references were also removed, leaving only natural
language content.

3.3 Sentence Segmentation

The goal of sentence segmentation was to com-
pare sentence sets and identify which sentences
were added or removed between consecutive revi-
sions. The wikiHow-specific Polyglot tokenizer
(Bhat, 2020) used by Anthonio et al. (2020), when
applied to our German data, produced very long
sentences that frequently contain multiple punctu-
ation marks. We therefore evaluated alternative
tokenizers alongside the original as a baseline, in-
cluding three spaCy model-tokenizers (Montani
et al., 2020) and Stanza (Qi et al., 2020), which
uses a fully neural pipeline trained on Universal
Dependencies treebanks covering 66 languages in-
cluding German (Qi et al., 2020). We eventually
selected Stanza, as it offered the best segmentation
quality for German, even if it had the highest run-
time. Stanza systematically split single sentences
into two fragments at semicolons - likely a conse-
quence of the translation origin of many articles
in the corpus, as semicolons are less common in
German than in English, which we corrected by
merging any sentence ending in a semicolon with
the following one. We then identified sentence-
level changes between consecutive revisions (that
is, revisions adding or removing sentences) and
discarded unchanged sentences.

We then filtered out non-German sentences. An-
thonio et al. (2020) used pyenchant4 with an En-
glish dictionary and retained only sentences where
at least 25% of tokens are recognized English
words. As pyenchant does not provide a reliable
German dictionary and struggles with German com-
pound words, we implemented a custom language
filter based on token-level frequency comparison
using wordfreq5: for each token, the Zipf frequency
in German and English is compared, with addi-
tional rules for German stopwords, umlauts, and
compound splitting. A further noise filter removes
sentences containing emojis, sequences of upper-
case characters, or other structural artifacts. Re-
vision pairs where either the removed or added
sentence set is empty after filtering are discarded,
leaving 46,685 revision pairs.

4https://pypi.org/project/pyenchant/
5https://github.com/rspeer/wordfreq

3.4 Sentence Alignment

We then aligned sentences with their revisions. An-
thonio et al. (2020) used pairwise BLEU (Papineni
et al., 2002) scores to find the best matching sen-
tence, accepting a pair if the similarity exceeds a
threshold of 0.3. For German text, BLEU alone
is less reliable, as semantically similar sentences
often receive low scores due to freer word order,
frequent use of compounds, and stronger morpho-
logical variation (Virpioja and Grönroos, 2015).
We combined multiple scores, that is BLEU (Pa-
pineni et al., 2002), ROUGE-L (Lin, 2004) and
Levenshtein distance, and used metric agreement
as an alignment signal.

For each removed sentence, from the older revi-
sion, all added sentences from the newer revision
were considered as candidates for alignment. For
each candidate pair, we compute the three metrics
and accepted as valid alignments only pairs where
all three metrics agreed on the same target sen-
tence. We evaluated this approach by sampling 100
pairs where all three metrics agreed, and 100 pairs
where they did not, and evaluated if they repre-
sented valid before-and-after revision pairs. For the
sample with agreement, 84 of 100 pairs were cor-
rectly aligned, whereas for the other sample 93 had
no valid alignment, indicating that metric disagree-
ment is a strong signal for rejecting a pair. We se-
lected two threshold combinations with a precision
of 1.0 on the sample: A (BLEU 0.1, ROUGE-L 0.2,
Levenshtein 0.45) and B (BLEU 0.2, ROUGE-
L 0.4, Levenshtein 0.45). We sampled and manu-
ally evaluated 100 borderline cases (50 alignments
accepted by A only and 50 accepted by B only) and
eventually selected A as the final threshold con-
figuration, as it retained substantially more valid
alignments at an acceptable error rate.

3.5 Revision Group Construction

We used the aligned pairs to group all sentence
versions into a chain in chronological order. Since
wikiHow is a collaborative platform, edits are some-
times reverted. Following Anthonio et al. (2020)
we removed all intermediate revisions if the same
version reappeared within five steps. From each
valid chain of length n, we extract n− 1 adjacent
sentence pairs, each representing one revision step.
Each pair is stored together with its position within
the chain (version index) and the total chain length
(revision depth). 96.57% of all groups were revised
exactly once. Deeper chains are rare, with only

https://pypi.org/project/pyenchant/
https://github.com/rspeer/wordfreq


4% reaching a depth of 2 or beyond. The resulting
revision corpus WIKIREVS-DE contains 192,130
groups and 199,293 pairs across 391,423 unique
versions.

4 Filler Generation

To create the plausibility benchmark PLAUSIR-
DE, we selected sentences from the revision corpus
where the insertion formed one resolvable referent,
following syntactic and concreteness criteria, and
generated alternative fillers.

4.1 Candidate Extraction
We extracted pairs where the revised version
was the last known version of a sentence, in or-
der to maintain intentional, persistent edits, and
pairs where the last known version was produced
by a single contiguous insertion and no other
change, using the SequenceMatcher algorithm
from Python’s difflib library6.

We selected insertions following a nominal syn-
tactic structure, matching against a set of POS pat-
terns extracted using Stanza (Qi et al., 2020): im-
plicit references (NOUN, DET+NOUN), fused heads
(ADJ+NOUN, DET+ADJ+NOUN), and metonymy
(ADP+NOUN, ADP+DET+NOUN). Unlike Antho-
nio and Roth (2021), we excluded noun compounds
(NOUN+NOUN), as in German they would typi-
cally be written as a single token (e.g., Küchen-
messer, Haustür)7. We also looked at adjective-
noun patterns, which typically specify the mean-
ing of the head noun Falk et al. (2021), but in
practice these yielded very few instances (Ta-
ble 2). We excluded cases where the head noun ap-
peared in the local context, insertions shorter than
three characters, or where the context contained
fewer than two sentences, and insertions contain-
ing spelling errors, detected by LanguageTool via
the language_tool_python interface8. We also
removed instances where the gap was preceded by
a determiner or possessive, as in such cases the in-
serted phrase did not constitute a complete nominal
unit (e.g. Das ist in der festgelegt.).

We expected concrete nouns to be more suitable
to test representational alignment between humans

6https://docs.python.org/3/library/difflib.
html

7Two-noun compounds in German typically involve mea-
sure phrases, appositions or proper name modifiers (e.g., fünf
Minuten Pause, Stadt Berlin) for which meaningful alternative
fillers are difficult to construct.

8https://pypi.org/project/language_tool_
python/

and language models on implicit world knowledge
(Iaia et al., 2025) and also to lead to more reliable
human plausibility ratings (Pollock, 2018; Köper
and Schulte im Walde, 2016). We thus selected
only insertions where the head noun had a high
concreteness score (4 or higher) using the affective
norms in Köper and Schulte im Walde (2016).

4.2 Coreference-based Filtering
The last filtering step was aimed at only keeping
instances where the inserted phrase constitutes an
implicit reference resolvable from the discourse
context. We used the German Maverick model, a
neural coreference resolver trained on news and
literary texts (Martinelli et al., 2024; Petersen-Frey
et al., 2025), as the Stanza coreference parser used
by Anthonio and Roth (2021) does not provide
a reliable coreference resolver for German. We
parsed the revised target sentence together with
up to 5 preceding context sentences, as Anthonio
and Roth (2021) showed that 71.54% of implicit
references in instructional texts are resolved within
the same or immediately preceding sentence.

However, coreference resolution on instructional
texts presents domain-specific challenges, as the
model was trained on news and literary texts. In
the following example, Maverick links the gap to a
coreference chain with [das Radieschen, es, es, es]
rather than with the intended reference das Fleisch:

Würze das Fleisch und schneide das Radi-
eschen für die Garnitur in dünne Scheiben.
Gib in die Pfanne und erhitze es bis es
nicht mehr rosa ist.

Maverick was able to identify antecedent refer-
ents only for 42 of the 333 candidates, reflecting
both the domain mismatch and the relatively small
size of the German corpus. We thus integrated it
with a lexical heuristic to find a match between
the head noun of the insertion and the nouns in
the combined context of both the old and new revi-
sions. 187 candidates were confirmed as implicit
references, compared to 6,014 in the study by An-
thonio and Roth (2021). Table 6 in the Appendix
provides an overview of the filtering statistics.

4.3 Filler Construction
Roth et al. (2022) selected four semantically di-
verse candidate fillers via k-means clustering over
contextualized BERT representations. An initial
attempt to apply the same strategy to German
frequently produced surface forms which were

https://docs.python.org/3/library/difflib.html
https://docs.python.org/3/library/difflib.html
https://pypi.org/project/language_tool_python/
https://pypi.org/project/language_tool_python/


Pattern Phenomenon Example Candidates Final
NOUN Implicit Reference Raum 111 59
DET NOUN Implicit Reference einen Bügel 69 48
ADJ NOUN Fused Head seitlichen Tritt 7 5
DET ADJ NOUN Fused Head ein paar Tage 3 0
ADP DET NOUN Metonymy in ihren Geschichten 105 60
ADP NOUN Metonymy als Ergänzung 38 15
Total 333 187
Unique articles 305 180

Table 2: POS patterns, candidate counts after extraction, and final counts after coreference-based filtering.

morphologically incompatible with determiners or
prepositions in the cloze sentence. We thus sepa-
rated the lemma selection from the generation of
the surface form and collected candidates from a
BERT model and from the article context.

We queried the masked language model
bert-base-german-cased9 in fill-mask mode for
the top-100 token predictions at the gap position,
prepending the article title to the cloze sentence
to provide context. We kept only capitalized al-
phabetic tokens and removed those whose lemma
appeared among the extracted context nouns or
shared a 4-character prefix with a token in the sen-
tence. We ranked the top 50 using a weighted
combination of their cosine similarity to the gold
answer head noun and to the cloze sentence with
the gold answer inserted into the gap.

We also extracted lemmas from the full article
itself, as it is already thematically grounded in the
domain, excluding any lemma present in the local
context or identical to the gold answer head noun
as well as nouns sharing a 5-character prefix. This
step was aimed at excluding related forms sharing
the same prefix (e.g. Papier, ’paper’, Papiertuch,
’paper towel’, Papierrand, ’paper edge’), which
typically show up as model-generated candidates
in a morphologically rich language such as German
(Beyersmann et al., 2020; Varvara et al., 2021).

We prioritized the most contextually plausible
candidates regardless of their mutual similarity,
since all fillers, including the gold answer, were
going to be rated independently for plausibility in
the cloze context. For each candidate, we com-
puted cosine similarity with (1) the embedding
of the original lemma and (2) the embedding of
the original sentence with the gold insertion, us-
ing paraphrase-multilingual-MiniLM-L12-v2
(Reimers and Gurevych, 2019). We combined them

9https://huggingface.co/
bert-base-german-cased

as a weighted sum (0.8 and 0.2 respectively), and
merged the top-10 candidates from each source to
create a top-20 lemma list. The lemmas were in-
flected using the HanoverTagger (Wartena, 2019)
to determine grammatical gender and the original
head noun to determine number. If a preposition,
determiner or preposition-article contractions was
contained in the gold answer (e.g. in dem Bett), the
same generated forms were created for all fillers
(e.g. in der Wiege, im Raum, usw.). Multiple ver-
sions for the same pattern (e.g. in dem Raum, in
den Raum and im Raum) were scored by pseudo-
log-likelihood using the token-masking procedure
with ‘deepset/gbert-large‘ (Salazar et al., 2020) and
selected the one yielding the highest score.

Finally, we ranked all surface forms for all can-
didates using a weighted combination of semantic
similarity and pseudo-log-likelihood over full sen-
tences with the generated surface forms (rather than
the lemma embeddings). Candidates whose surface
form contains the gold answer as a substring were
excluded. The remaining candidates were selected
in ranked order, with the constraint that no two se-
lected fillers may share the same head noun lemma.

Eventually we obtained 935 sentences (187 cloze
instances, each containing 1 gold filler and 4 au-
tomatically generated ones). 71.3% of generated
fillers were drawn from the article text (context)
and 28.7% were generated by BERT (bert)10.

5 Human Plausibility Annotation

We collected plausibility judgments for the bench-
mark on the Prolific crowdsourcing platform11.
Participants were presented with the article title,
two preceding context sentences and the cloze sen-
tence with the filler highlighted in bold. They were
instructed to rate whether the highlighted phrase

10If a BERT-generated candidate already appeared in the
article text, it was labelled as context filler

11https://prolific.ac/

https://huggingface.co/bert-base-german-cased
https://huggingface.co/bert-base-german-cased
https://prolific.ac/


makes sense in the context of the how-to guide on
a three-point scale: 1 = not plausible, 2 = unclear,
3 = plausible (see Figure 4 in the Appendix).

Each participant encountered at most one filler
variant per sentence, each item was annotated by 3
participants. In order to ensure annotation qual-
ity we selected participants as self-reported na-
tive German speakers, residing in Germany, with
a 100% approval rate on Prolific and at least 20
previous submissions, and we introduced attention
check items to filter out low-quality submissions
(1:10 items) and filtered out submissions with less
than 3/4 correct answers on the attention check
items. Participants were compensated with £3.40
per batch of 40 items, corresponding to an hourly
rate of £12.00 for the estimated completion time
of 17 minutes, in line with the German minimum
wage.

Overall agreement was low (Krippendorff’s α =
0.59), which is a known challenge in this type of
task (see the low human upper bound in Roth et al.
2022). In order to distinguish between sentences
with a lower and higher consensus, we labelled
items following the plausibility pattern of [1,1,3],
[1,2,3], and [1,3,3] as DISAGREEMENT (covering
21.2% of the items, mean score 2.02, α = −0.37,
bringing down low global agreement), as they
showed fundamentally opposing views from the
annotators, and the remaining ones as AGREEMENT

(78.8% of the items, mean score 1.83, α = 0.86).
We assigned PLAUSIBLE, NEUTRAL and IMPLAU-
SIBLE scores by majority vote over three annota-
tions (NEUTRAL was assigned to the [1,2,3] pat-
tern). 335 items (35.8%) were rated as PLAUSIBLE,
138 (14.8%) as NEUTRAL and 462 (49.4%) as IM-
PLAUSIBLE. Table 3 shows data distribution for
all plausibility and agreement labels. The inherent
ambiguity of the middle label, also observed by
Roth et al. (2022), is shown by almost half of the
NEUTRAL items receiving divergent ratings.

6 Experiments

We carried out experiments on 20 pre-trained lan-
guage models spanning two architectures, two train-
ing language conditions, and a range of model sizes
(overview in Table 7 in the Appendix), in order to
evaluate their capability to mirror human plausibil-
ity judgments on instructional texts. All models
are evaluated zero-shot, without any task-specific
fine-tuning, as procedural and world knowledge are
required to resolve these plausibility distinctions.

6.1 Model-based Plausibility Scores

We contrast Masked Language Models (MLMs),
which estimate masked tokens using bidirectional
context, and Causal Language Models (CLMs),
which generate text autoregressively based on left-
to-right next-token prediction.

MLMs include six multilingual models (mbert,
xlmr_base, xlmr_large, xlmv, mmbert_small,
mmbert_base) and six models trained exclusively
on German (gbert_base, gbert_large, dbmdz,
gelectra_base, gelectra_large, gottbert).
We obtained pseudo-log-likelihood (PLL) scores
following Salazar et al. (2020) as plausibility judg-
ments for MLMs. For each item, the cloze sentence
with the corresponding filler is scored by masking
each token individually. We masked each token to
compute the log-probability assigned to it, condi-
tioned on its bidirectional context. The resulting
probabilities are summed and normalized by the
number of candidate tokens. Higher PLL scores
therefore indicate that the inserted phrase is more
compatible with its surrounding context12.

CLMs include four multilingual models (bloom,
lucie, mistral, qwen2) and four specifically fine-
tuned on German data (leo_mistral, leo_llama,
disco_german, sauerkraut). For CLMs, as bidi-
rectional masking is not available, we compute the
mean token-level log-likelihood of the complete
sentence with the filler, using the negative cross-
entropy loss returned by the model.

6.2 Evaluation Metrics

Since all candidates of a group share the same sen-
tential context, we evaluated the models based on
the relative ranking of the fillers, as we assumed
that absolute score magnitudes across different
groups are not directly comparable.

Spearman correlations measure whether mod-
els reflect the full gradation of human plausibil-
ity judgments. To obtain macro-averaged within-
group Spearman correlation (∅ r) we computed
Spearman’s rank correlation between model scores
and mean human ratings within each group and av-
eraged the coefficient across groups. We also report
a globally pooled correlation across all instances
(ρ (gl.)) for comparison with Roth et al. (2022).
However, this must be interpreted with caution,

12For the gelectra models, we use the generator check-
points rather than the discriminator models to obtain token-
level probabilities comparable to the other MLM architectures.



Plausibility Count % Agreement Count % Mean Mean σ

IMPLAUSIBLE 462 49.4 AGREEMENT 399 42.7 1.09 0.09
DISAGREEMENT 63 6.7 1.67 1.33

NEUTRAL 138 14.8 AGREEMENT 78 8.3 1.95 0.3
DISAGREEMENT 60 6.4 2.0 1.0

PLAUSIBLE 335 35.8 AGREEMENT 260 27.8 2.92 0.08
DISAGREEMENT 75 8.0 2.33 1.33

Total 935 100.0 935 100.0 1.87 0.34

Table 3: Combined plausibility and agreement label distribution.

Model ∅ r σ(r) ρ (gl.) ρ (z) ∅ MRR σ(MRR) pl. > impl. pl. > neut. neut. > impl.

M
L

M
s

gottbert 0.443 0.426 0.457 0.411 0.783 0.288 0.782 0.778 0.570
gbert_large 0.397 0.447 0.401 0.364 0.783 0.296 0.813 0.765 0.578
xlmr_large 0.362 0.457 0.378 0.346 0.765 0.299 0.777 0.747 0.552
mmbert_base 0.348 0.461 0.386 0.337 0.734 0.314 0.761 0.704 0.586
xlmv 0.335 0.506 0.355 0.324 0.735 0.312 0.746 0.747 0.493
gbert_base 0.334 0.500 0.353 0.311 0.740 0.314 0.774 0.768 0.544
mmbert_small 0.319 0.500 0.336 0.281 0.706 0.319 0.725 0.691 0.615
xlmr_base 0.300 0.452 0.318 0.286 0.717 0.314 0.732 0.679 0.549
gelectra_large 0.276 0.509 0.248 0.250 0.706 0.325 0.709 0.736 0.519
dbmdz 0.216 0.518 0.219 0.210 0.685 0.317 0.686 0.647 0.507
gelectra_base 0.208 0.527 0.198 0.194 0.680 0.329 0.669 0.691 0.469
mbert 0.169 0.485 0.177 0.161 0.647 0.323 0.641 0.617 0.508

C
L

M
s

leo_mistral 0.629 0.296 0.514 0.585 0.884 0.235 0.921 0.847 0.692
leo_llama 0.581 0.345 0.448 0.545 0.873 0.249 0.895 0.844 0.633
lucie 0.578 0.322 0.533 0.535 0.867 0.249 0.897 0.846 0.675
qwen2 0.549 0.336 0.516 0.527 0.861 0.257 0.905 0.787 0.616
sauerkraut 0.540 0.345 0.492 0.509 0.846 0.263 0.879 0.834 0.595
disco_german 0.536 0.354 0.506 0.514 0.875 0.254 0.887 0.803 0.615
mistral 0.522 0.353 0.493 0.487 0.858 0.261 0.869 0.775 0.593
bloom 0.357 0.449 0.333 0.327 0.737 0.322 0.747 0.654 0.575

Table 4: Overall results for MLMs and CLMs. ∅ r: macro-averaged within-group Spearman r. ρ (gl.): global pooled
Spearman. ρ (z): z-normalized global Spearman. Incremental pairwise accuracies are additionally reported for
plausible > implausible (PA), plausible > neutral, and neutral > implausible comparisons. Sorted by ∅ r.

as comparing plausibility scores across different
sentences (different length and lexical content) is
not as meaningful as using them as a correlate of
plausibility within a group. To account for context-
specific scale effects and preserve the relative or-
dering of fillers within a group, we additionally
computed a z-normalized pooled Spearman corre-
lation (ρ (z)) by first z−normalizing model scores
within groups.

Macro-averaged pairwise accuracy (PA) mea-
sures whether models assign higher scores
to the more plausible filler (for PLAUSIBLE–
IMPLAUSIBLE, PLAUSIBLE–NEUTRAL and NEU-
TRAL–IMPLAUSIBLE pairs). Tied scores receive
0.5 points. Accuracies were averaged across pairs.

Mean Reciprocal Rank was computed as a mea-
sure of retrieval quality (∅ MRR Top). For each
group, all fillers with the highest mean human score

were treated as relevant targets, and the reciprocal
rank of the highest-ranked target predicted by the
model is computed. In cases of tied model scores,
tie-aware average ranking is applied.

7 Results

Table 4 reports the results for all MLMs and CLMs.

Masked Language Models gottbert achieves
the highest ∅r (0.443), while gbert_large leads
on PA (0.813). MRR scores follow the same gen-
eral trend, ranging from 0.647 (mbert) to 0.783
(gottbert, gbert_large). ρ(z) values are consis-
tently close to the raw global values. All MLMs
perform best on the PLAUSIBLE > IMPLAUSI-
BLE contrast, with accuracies ranging from 0.641
(mbert) to 0.813 (gbert_large).

Causal Language Models leo_mistral
achieves the highest results across all metrics



(∅r = 0.629, PA = 0.921), followed closely
by leo_llama (∅r = 0.581, PA = 0.895) and
lucie (∅r = 0.578, PA = 0.897). qwen2 ranks
fourth by ∅r (0.549) but second by PA (0.905).
bloom is a clear outlier at the lower end across
all metrics. ρ(z) values are broadly consistent
with the raw global values. All CLMs perform
best on PLAUSIBLE > IMPLAUSIBLE. Excluding
bloom, pairwise accuracies on PLAUSIBLE >
IMPLAUSIBLE range from 0.869 to 0.921.

Correlation between models We computed a
Spearman correlation of group-wise pairwise ac-
curacy (PA) between model pairs and found that
model pairs within the same family (either CLM
or MLM) had a higher correlation (found the same
items hard: within CLM, n = 28 possible model
pairs, ρ = 0.59; within MLM, n = 66 possible
model pairs, ρ = 0.53) than model pairs across
families (across families: n = 96 possible model
pairs, ρ = 0.30, see Figure 1).

Figure 1: Spearman correlation of group-wise pairwise
accuracy (PA) between model pairs.

Error Analysis We looked at the 30 items
(groups) where the most models failed to rank
the fillers in line with the annotated plausibility
labels (scoring at or below chance), and the 30
items where models most consistently matched the
annotation. Of the 30 easiest items for the models,
11 contained the lemma of the plausible filler head
noun or a variation of it in the context, which may
have helped the models, e.g. Kratzer / Kratzern:

Kratzer von Plexiglas entfernen. Es kann
jedoch leicht zerkratzt und beschädigt wer-
den. Wenn du tiefe Kratzer in Plexiglas hast,
musst du vielleicht Schleifpaper verwenden,
um sie zu entfernen. Ansonsten kannst du
oberflächliche Kratzer leicht mit einem in

dem Handel erhältlichen Produkt zu der Ent-
fernung oder mit einer Heißluftpistole ent-
fernen.
Plausible: von Kratzern

Furthermore, 5 cases were temporal expressions,
which arguably have a rather fixed structure and
were therefore also arguably easier: der ersten 48
Stunden, zwei bis drei Mal, gefähr 60-65 Tage, wie
vielen Tagen pro Woche, 2 bis 12 Stunden.

On the other hand, out of the 30 cases that were
most challenging for the models, only 3 contained
a variation of the plausible lemmas in the context.
Most of them, like the following ones, seem to
require actual world knowledge, procedural knowl-
edge or knowledge of the physical world to be
resolved:

Eine Windeltorte Motorrad oder ein Windel-
motorrad basteln. Stecke die Decke fest,
damit nichts verrutschen kann. Stelle das
Rad auf ( so dass es auch aussieht wie ein
Rad ). Stelle das zweite Rad davor und stecke
die losen Enden in das zweite Rad.
Plausible: der Babydecke

Zahnpastaflecken wieder herausbekommen.
Für viele Methoden zum Entfernen von
Flecken brauchst du Wasser. Du musst sicher-
stellen, dass der Stoff keinen Schaden nimmt,
wenn er mit Wasser in Berührung kommt.
Wenn das Kleidungsstück nur gereinigt
werden kann, verwende kein Wasser, anson-
sten hinterlässt es einen Fleck.
Plausible: in der Reinigung

Einen Frontflip machen (für Anfänger). Du
kannst aber auch einige Schritte nach der
Drehung nach vorne laufen, um den Impuls
auszugleichen. Du kannst den Impuls auch
für die nächste Bewegung nutzen. Mache für
Letzteres einen Schritt nach vorne.
Plausible: mit einem Bein

8 Discussion

Model Performance Within the CLM group,
performance is strong but model-dependent, with
a clear top tier emerging across all metrics
(leo_mistral, leo_llama, and lucie). The
PLAUSIBLE > IMPLAUSIBLE contrast is resolved
most reliably across all CLMs, whereas NEUTRAL

> IMPLAUSIBLE remains the most difficult distinc-
tion. bloom falls clearly behind the rest of the CLM
group and shows the highest variance, indicating
unstable performance across groups.



Within the MLM group, performance is more
variable and no comparably dominant top tier
emerges, as the leading model varies by metric.
Across all MLMs, performance varies considerably
across cloze groups. Model rankings shift across
the three plausibility contrasts, with some models
performing well on certain contrasts but compara-
tively weakly on others. Like the CLMs, the MLMs
show consistently lower accuracies on NEUTRAL

> IMPLAUSIBLE than on the other two contrasts.

Lang. ∅ r ρ (z) ∅ MRR ∅ PA

CLM DE 0.572 0.538 0.869 0.895
CLM multi. 0.502 0.469 0.831 0.855
MLM DE 0.312 0.290 0.729 0.739
MLM multi. 0.306 0.289 0.717 0.730

Table 5: Metrics by architecture and training language.

Language and Model Size German-trained
CLMs outperform multilingual CLMs, while the
gap is small for MLMs (Table 5). Among the multi-
lingual CLMs, lucie performs notably well, com-
parable to the German-fine-tuned LeoLM family
(leo_llama, leo_mistral). Unlike the other mul-
tilingual models, lucie was pretrained on five Eu-
ropean languages with a substantial German share
(Gouvert et al., 2025), while the LeoLM models
add 65B German tokens via Stage-2 continued pre-
training on top of predominantly English Llama-
2 bases (Plüster, 2023). The other multilingual
CLMs sit at the opposite end: German is not listed
in the language composition for bloom (Workshop
et al., 2023), while qwen2 (Yang et al., 2024) ex-
plicitly includes German in the training languages
but provides no per-language token breakdowns.
Also a similar pattern emerges among the MLMs.
xlmr_large was trained on CC-100 (∼2.7% Ger-
man tokens, Conneau et al. 2020), yet it out-
performs several German-only MLMs. The top-
ranked gottbert and gbert_large suggest that
recipe and scale can partly offset a small German
share. Contrastingly, xlmv, despite being roughly
four times larger than xlmr_large, ranks behind
the much smaller gottbert and gbert_large.
The two ELECTRA models rank in the lower half
despite sharing a training lineage with gbert_*
(Chan et al., 2020), indicating that the generator
architecture is less suited to plausibility scoring
than the standard BERT architectures used by the
top-ranked German MLMs.

Despite following a different set up than Roth

et al. (2022), without task-specific fine-tuning, we
also observed that multiple fillers can be accept-
able within the same context, and that distinctions
involving the NEUTRAL category appear compar-
atively difficult for language models. Similar dif-
ficulties are also reflected in the human annota-
tions, where disagreement between annotators con-
tributed to the ambiguity of the NEUTRAL category.

9 Conclusion

We introduced WIKIREVS-DE, a revision corpus
of wikiHow texts with 192,130 groups and 199,293
revision pairs and PLAUSIR-DE, a German bench-
mark for plausibility estimation in instructional
texts derived from the revision histories. We eval-
uated a range of pre-trained causal and masked
language models in a zero-shot ranking setting
on PLAUSIR-DE. The results indicate that several
models, particularly German-adapted CLMs, show
moderate alignment with human plausibility judg-
ments, while distinctions involving neutral fillers
remain comparatively difficult across models.

Overall, the study provides an initial German re-
source and an exploratory evaluation setup, which
can be used to investigate implicit procedural
knowledge in language models through the lens
of plausibility judgments on instructional texts.

Limitations

Corpus quality posed a major challenge through-
out dataset construction. Compared to the English
setup of Roth et al. (2022); Anthonio and Roth
(2021), the German wikiHow corpus was substan-
tially smaller and contained (semi) automatically-
translated articles. Although the corpus initially
contained a large number of revisions, many of
them ultimately proved unusable because they con-
sisted primarily of automated translations, format-
ting changes, or markup edits. Another challenge
concerned the extraction of implicit references, as
the initial coreference-based approach identified
only very few candidate instances.

The usage of the German wikiHow data for
model training is not allowed, so our study was
limited to zero-shot model behavior. Moreover,
the lack of transparency on the amount of Ger-
man training for most models makes it difficult to
directly attribute performance differences to differ-
ences in German-language exposure.
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Cloze Candidate Filtering Steps Count % of total
Total revision pairs 192,130 100.00
Filter: no single-token insertion 166,008 86.41
Filter: invalid POS pattern 1,979 1.03
Filter: insufficient context 4,170 2.17
Filter: answer span too short 13,547 7.05
Filter: non-nominal or enumeration 5,711 2.97
Filter: incomplete NP gap (DET issue) 116 0.06
Filter: answer overlaps with context 127 0.07
Filter: abstract head noun 116 0.06
Filter: spelling errors 23 0.01
Remaining cloze candidates 333 0.17
Coreference-based selection
Selected via Maverick coreference model 35 0.02
Selected via context heuristic 152 0.08
Final cloze tasks 187 0.10

Table 6: Filtering and selection pipeline for cloze task construction. Percentages are relative to the total number of
revision pairs.

Model Base Size Training Language
Causal Language Models (CLM) – German (fine-tuned)
leo_mistral (Plüster, 2023) Mistral 7B DE fine-tuned
leo_llama (Plüster, 2023) LLaMA-2 7B DE fine-tuned
disco_german (DiscoResearch, 2023) Mistral 7B DE fine-tuned
sauerkraut (VAGO solutions, 2023) Mistral 7B DE fine-tuned
Causal Language Models (CLM) – Multilingual
bloom (Workshop et al., 2023) BLOOM 7.1B multi. (46)
lucie (Gouvert et al., 2025) LLaMA-3.1 6.7B multi. (5)
mistral (Jiang et al., 2023) Mistral 7B multi. (EN-dom.)
qwen2 (Yang et al., 2024) Qwen 7B multi. (29+)
Masked Language Models (MLM) – German
gbert_base (deepset, 2019a) BERT 110M DE
gbert_large (deepset, 2019b) BERT 335M DE
dbmdz (Bayerische Staatsbibliothek, 2019) BERT 110M DE
gelectra_base (deepset, 2020a) ELECTRA-Gen. 34.2M DE
gelectra_large (deepset, 2020b) ELECTRA-Gen. 51.9M DE
gottbert (Scheible et al., 2024) RoBERTa 125M DE
Masked Language Models (MLM) – Multilingual
mbert (Google, 2018) BERT 172M multi. (104)
xlmr_base (Meta AI, 2019a) RoBERTa 270M multi. (100)
xlmr_large (Meta AI, 2019b) RoBERTa 550M multi. (100)
xlmv (Liang et al., 2023) RoBERTa 1.2B multi. (100)
mmbert_small (Marone et al., 2025) ModernBERT 140M multi. (1800+)
mmbert_base (Marone et al., 2025) ModernBERT 307M multi. (1800+)

Table 7: Overview of evaluated language models.



Figure 2: Filler Generation Pipeline (German wikiHow)



Figure 3: Filler Generation in Anthonio & Roth (2022)



Figure 4: Annotation instructions shown to participants on Prolific.
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