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Abstract

In this paper, we present a localized and culturally adapted Estonian translation of the test set from the widely
used commonsense reasoning benchmark, WinoGrande. We detail the translation and adaptation process carried
out by translation specialists and evaluate the performance of both proprietary and open source models on the
human translated benchmark. Additionally, we explore the feasibility of achieving high-quality machine translation
by incorporating insights from the manual translation process into the design of a detailed prompt. This prompt is
specifically tailored to address both the linguistic characteristics of Estonian and the unique translation challenges
posed by the WinoGrande dataset. Our findings show that model performance on the human translated Estonian
dataset is slightly lower than on the original English test set, while performance on machine-translated data is notably
worse. Additionally, our experiments indicate that prompt engineering offers limited improvement in translation
quality or model accuracy, and highlight the importance of involving language specialists in dataset translation and
adaptation to ensure reliable and interpretable evaluations of language competency and reasoning in large language
models.
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1. Introduction Schema The door opened louder than the win-
dow because the _ had less grease on
The WinoGrande dataset (Sakaguchi et al., 2019) its hinges.
is a widely used benchmark for evaluating the com- Option1  window
monsense reasoning abilities of large language Option 2  door

models (LLMs) (Gemma Team, 2024; Jiang et al.,
2024; Touvron et al., 2023; Grattafiori et al., 2024).
However, this dataset is exclusively in English, lim-
iting evaluation of commonsense reasoning only
to that language. Meanwhile, large language mod-
els have recently become increasingly multilingual,
creating the need for comparable benchmarks that
assess these capabilities beyond English.

A common approach to creating benchmarks for
other languages is to translate an existing bench-
mark from English to the target language. To re-
duce translation costs, machine translation (MT)
systems are often used for this purpose (Lai et al.,
2023; Foroutan et al., 2023; Thellmann et al., 2024;
Singh et al., 2024; Dang et al., 2024; Raihan et al.,
2025). However, evaluation results on machine-
translated data tend to differ from those on human-
annotated data (Kreutzer et al., 2025). This differ-
ence is not easily predictable and may arise from
multiple factors such as models exploiting transla-
tion artifacts (Artetxe et al., 2020) or translation in-
accuracies in test data that obscure the benchmark
task (Plaza et al., 2024). Moreover, machine trans-
lation lacks mechanisms for localization or cultural
adaptation, resulting in datasets that are semanti-

Table 1: An example from the WinoGrande dataset.

cally distant from natural language use by native
speakers. Finally, the WinoGrande benchmark is
particularly difficult to translate across languages
due to the inherent nature of the task and the strict
constraints each example must satisfy.

Considering the aforementioned aspects, we
manually translated, localized and culturally
adapted the WinoGrande test set, which consists
of 1,767 instances, into Estonian, a mid-resource
Finno-Ugric language, to support development and
evaluation of language models for this language.
We discuss in detail the linguistic and translation
challenges encountered in the process, including
the correction of ambiguous and incorrectly labelled
examples that were identified during this work.

We compared this newly created manually trans-
lated dataset to two machine translated versions
produced by OpenAl models. Our experiments with
open and proprietary models show higher accu-
racy on the manually translated, localized, adapted
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and corrected WinoGrande than on the machine-
translated versions, with gains in both the localized-
adapted and corrected subsets.

To further examine the differences, we manu-
ally identified machine translated examples where
the meaning has shifted from the original mean-
ing. We observe that, on average, models score
lower on these examples than on human-translated
equivalents, indicating potential label-sentence in-
consistencies introduced by machine translation.

Among the 1,767 examples in the translated
WinoGrande test set, we manually corrected 89 (5%
of the entire test set), while localization and adapta-
tion was applied to 53 examples (3%). Among the
remaining semantically comparable samples, up to
15.2% lost their original semantics during machine
translation. Taken together, these results demon-
strate the ongoing infeasibility of using current state-
of-the-art LLMs to reliably translate WinoGrande
sentences into Estonian.’

2. WinoGrande Dataset

The Winograd Schema Challenge (WSC)
(Levesque et al., 2012) is a pronoun reference
disambiguation task proposed to evaluate com-
monsense knowledge in Al systems and has
inspired a range of subsequent benchmarks
(Sakaguchi et al., 2019; Rudinger et al., 2018;
Zhang et al., 2020) for testing Al capabilities. The
original WSC is a set of few hundred expert-crafted
examples intended only to assess Al capabilities.
However, it was later demonstrated to be solvable
with fine-tuning deep neural networks on auxiliary
datasets without particular advancements in
commonsense reasoning being made (Kocijan
et al., 2019; Sakaguchi et al., 2019).

To address this issue, Sakaguchi et al. (2019)
introduced WinoGrande, a large-scale ambiguity
resolution dataset, in total consisting of 44k crowd-
sourced problems inspired by the original Winograd
Schema Challenge. The dataset consists of sen-
tences where in the first part of a sentence two
nouns are mentioned and the second part contains
a blank which corresponds to the mention of one
of the nouns (see Table 1). Some sentences are
paired (hereafter twin sentences), have a lexical
overlap on 70% and share the same set of answer
options (see Table 5). The objective is to decide
which of the two nouns correctly fills the blank.

According to Sakaguchi et al. (2019), the sen-
tences are designed to meet two additional criteria.
First, the answer options must be unambiguous,
meaning that humans would easily be able to se-
lect the correct option without considerable effort.

'"The human translated Estonian WinoGrande
dataset is available at https://huggingface.co/
datasets/tartuNLP/winogrande_et

WSC translations Type
French (Amsili and Seminck, 2017) HT
Portuguese (Melo et al., 2019) HT
Japanese (Shibata et al., 2015) HT
Chinese (Bernard and Han, 2020) HT
Hungarian (Vadasz and Ligeti-Nagy, 2022) MT+PE
Thai (Artkaew, 2025) HT
Hebrew (Shwartz, 2024) N/A
WG translations Type
Icelandic (Snzebjarnarson et al., 2022) HT

8 African languages (Alhanai et al., 2025) HT
Arabic + dialects (Mousi et al., 2025) MT+PE
Italian (Moroni et al., 2024) MT

Kyrgys (Turatali et al., 2025) MT+PE
Nepali (Nyachhyon et al., 2025) MT+PE
Egyptian (Shang et al., 2025) MT
Romanian (Masala et al., 2024) MT
Lithuanian (Nakvosas et al., 2025) MT
Korean (Kim et al., 2025) HT
Basque* (Corral et al., 2024) HT
Persian (Farsi et al., 2025) MT+PE

Table 2: Overview of Winograd Schema Challenge
(WSC) and WinoGrande (WG) dataset translations
across languages. HT indicates human translation,
MT indicates machine translation, and PE indicates
post-editing. Asterisk (*) marks a translation of a
subset of samples.

The authors report that human performance on the
test set is 94%. Secondly, the correct answer op-
tion should not be derivable solely from the local
context or simple word associations. To enforce
the second constraint, the authors applied a bias-
reduction algorithm that extends the idea of filtering
out human-detectable lexical biases to the embed-
ding space. The algorithm identifies and removes
examples that a model could solve by exploiting
statistical regularities in word embeddings rather
than true reasoning. Despite extensive manual and
automatic filtering, the dataset has been reported
to have several issues—such as instances solvable
through simple word correlations, poorly written ex-
amples, sentences revealing the correct answer, or
examples that are genuinely difficult to understand
(Kocijan et al., 2023)—and is not completely free
of artifacts (Elazar et al., 2021).

Although the WinoGrande dataset has turned out
to be less challenging for large language models
than anticipated (Lourie et al., 2021), it measures
the progress only for English, leaving it unclear
how well the success of solving ambiguity resolu-
tion tasks transfers to other languages. To answer
this question, both the Winograd Schema Chal-
lenge and WinoGrande have been translated into
several other languages (Table 2). Additional trans-
lations exist (Shavrina et al., 2020; Aparovich et al.,
2025; Zagar and Robnik-Sikonja, 2022), for a re-
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Ex. English Schema

Estonian Schema

Comment

(A) I much prefer the necklace

that | have over the bracelet
of my friend because the _is
cheap.

Option 1: necklace

Option 2: bracelet

Ma eelistan oma sobra
kdevdru asemel pigem oma
kaelakeed, sest see _ on
maitsetu.

Option 1: kaelakee

Option 2: kdevoru

This example shows the need for deliber-
ate choices to avoid ambiguity. In English,
cheap implies both low price and low quality,
while its Estonian equivalent odav refers
mainly to low price. In translation, cheap is
rendered as maitsetu (“tacky”) rather than
literally, preserving the schema’s intended
clarity and disambiguation.

(B) The girl ate less beans than

meat on the date because the
__made her full.

Option 1: beans

Option 2: meat

Human translated:

Tudruk sbi kohtingul ube

vahem kui liha, sest tal sai _

koht tais.

Option 1: ubadest

Option 2: lihast

Machine translated:
Tudruk s6i kohtingul vdhem
ube kui liha, sest _ tegi ta

The machine translation introduces a num-
ber mismatch: in English, beans (plural) and
meat (singular) pose no issue, but in Esto-
nian, the verb tegi (“made”) agrees only with
the singular. This allows the model to rely
on grammar rather than reasoning, since
the correct answer is also the only gram-
matically fitting one. The human translation
fixes this by rephrasing the schema as be-

kdhu tais.
Option 1: oad
Option 2: liha

came full from the _ instead of the
literal _ made her full, removing the gram-
matical cue.

Table 3: Examples of translated WinoGrande schemas.

cast version of the Winograd Schema Challenge
dataset that is part of the SuperGLUE benchmark
(Wang et al., 2020). However, as Amsili and Sem-
inck (2017) noted, translating these tasks is not a
straightforward process and requires solving sev-
eral linguistic challenges such as the disagreement
of translated nouns in number or gender or general
ambiguity of the translated schema.

Another issue with translating these datasets to
other languages is the culture- and region-specific
knowledge that some of these examples assume
and which might be in the role of commonsense
knowledge that is needed to resolve ambiguity.
However, for the speakers of non-English lan-
guages, this type of knowledge can not be expected
to be part of commonsense knowledge meaning
that such examples must be specifically adapted for
the target language. For instance, Snaebjarnarson
et al. (2022) reports having to do cultural adapta-
tion of some of the examples. Alhanai et al. (2025)
assessed cultural appropriateness of WinoGrande
translations into 11 African languages and found
that 20.6% examples can be considered culturally
inappropriate.

3. Human Translated Dataset

This section presents the steps involved in creating
a human-translated Estonian version of the Wino-
Grande dataset. It first describes the translation
process, followed by the description of localization,
cultural adaptation, and error correction. Finally, to
ensure translation quality, we report inter-annotator
agreement on this newly created dataset.

3.1. Translation Process

The translation of the WinoGrande test set into
Estonian was carried out by a master’s student
in translation studies as part of their thesis work.
The translations were revised in collaboration with
a professional translator, who is a master’s level
expert in translation studies. Both translators are
co-authors of this paper.

The translation aimed to preserve as many fea-
tures of the original dataset as possible. In case
of twin sentences, a 70% lexical overlap was main-
tained between the sentences, following Sakaguchi
et al. (2019). Furthermore, since both sentences
in a pair were required to share the same set of
answer options, which were identical not only in lex-
ical form but also in grammatical case, deliberate
manual adjustments were necessary in the trans-
lation. Notably, achieving this is more difficult in
Estonian, as its agglutinative structure complicates
the preservation of morphological uniformity.

When a direct translation resulted in ambiguous
schemas—often because the Estonian equivalent
of a word had a broader or narrower meaning than
its English counterpart—problematic words were
substituted with alternatives that preserved the in-
tended objective of the schema, similarly to Amsili
and Seminck (2017). An example of this type of
adjustment is presented in Table 3 (A).

Similarly to Amsili and Seminck (2017), adjust-
ments were made in cases where a direct transla-
tion of the nouns would have resulted in disagree-
ment in number and would have made the instance
trivial to solve based on verb morphology. An exam-
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English Schema Culturally Adapted

Estonian Schema

Sandra elas mandril,
kuid Piret elas saarel.
Seega oli _ jaoks oma
aias kadaka nagemine
tavapérane.

Option 1: Sandra
Option 2: Piret

(A) Samantha lived in the
city while Patricia lived in
the desert, so _ thought it
common to see a cactus
in their yard.

Option 1: Samantha
Option 2: Patricia

(B) Laura beat Erin in a
game of Mortal Kombat,
then _ said congratula-
tions on the win.

Option 1: Laura

Option 2: Erin

Laura tegi Erele
lauaméangus ,Mees,

kes teadis ussisdnu”
pahe, mispeale dnnitles
_ teda vdidu puhul.
Option 1: Laura
Option 2: Ere

Table 4: Examples of culturally adapted Wino-
Grande schemas in English and Estonian. In Sam-
ple A, correct resolution requires cultural knowl-
edge: the original contrasts city and desert (e.g.,
cacti in deserts), while the Estonian version re-
places these with mainland (mandril) and island
(saarel), and cactus with juniper (kadaka), a plant
associated with Estonian islands. In Sample B, the
game name is culturally adapted, but this knowl-
edge is not necessary for reasoning.

ple of such adjustment is presented in Table 3 (B).

Finally, in order to allow models’ evaluation in the
few-shot setting, we also translated six schemas
from the development set. We selected instances
that represent the variability of the tasks, for in-
stance, sentences from the social and physical do-
main and single and twin sentences.

3.2. Localization, Adaptation and Error
Correction

The dataset was localized by replacing geographi-
cal locations, brands, foods, activities, and animal
species with culturally and regionally appropriate
Estonian equivalents. A total of 53 samples were
localized. As a result of the localization process,
two types of samples can be identified: those in
which the culturally adapted information is neces-
sary for reasoning ( Table 4, A) , and those in which
it is not ( Table 4, B). Names were adapted in all
samples, with English names replaced by typical
Estonian names.

During the manual translation process, 89 sam-
ples in the original dataset were found to be ei-
ther inherently ambiguous or had the wrong an-
swer marked as correct. Such issues were ad-
dressed in the human translated dataset by ad-
justing the schema or editing its answer options to
eliminate ambiguity and ensure correctness. The
labels marking those problematic items in the origi-

nal WinoGrande dataset will be released together
with the Estonian WinoGrande dataset.

3.3.

The human translation and adaptation was carried
out so that the original answer options were al-
ways retained. For example, if the correct answer
in the original English schema was option 1, the
translated and adapted version preserved the same
correct option. To assess human-level agreement
on the resulting dataset, two additional annotators
(both co-authors) independently labeled all items in
the translated dataset. Annotators were instructed
to select the correct answer option if it was clearly in-
ferable from the context, or to mark it "undecidable"
if the item appeared ambiguous and the correct
answer could not be determined.

The Cohen’s kappa between the two annotators
is 0.816, and the Fleiss’ kappa between all three
annotations (including the original) was 0.855, both
values falling into the very high agreement range
according to standard interpretation conventions
(Landis and Koch, 1977). The accuracy was 95%
for Annotator 1 and 92% for Annotator 2. Annotator
1 found 22 items undecidable, while Annotator 2
labeled 106 tasks as such. In the majority of the
cases, the annotators disagreed on which items
were undecidable, with the overlap being only in
eight cases.?

Inter-Annotator Agreement

4. Machine Translated Dataset

We compare the human-translated dataset with
two machine-translated versions produced using
GPT-40 and GPT-4.1. The first version was gener-
ated with a short, generic translation prompt, while
the second was produced using longer, detailed
prompts designed to address the issues observed
in the first machine translated version.

4.1. Simple Prompt

After producing the translations with the simple
zero-shot translation prompt (A.1), we manually
analyzed them for any systematic issues that could
hinder the objective of the tasks or result in devia-
tions from the required format, thereby potentially
affecting the benchmark results.

The manual analysis of the machine translated
data revealed the existence of translated schemas
that can be solved based on grammatical cues
rather than commonsense reasoning (see an ex-
ample in Table 3 (B)). This can lead to predictions
that are either incorrect or correct for the wrong
reasons (Elazar et al., 2021; McCoy et al., 2019),

2These samples are marked in our dataset.
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Language

Twin Sentence 1

Twin Sentence 2

English

| spilled water and jello on the buttons of
the remote. It being sticky is probably not

| spilled water and jello on the buttons
of the remote. It's being sticky probably

because of the _.
Option 1: jello
Option 2: water

Estonian

Ma ajasin vett ja zeleed pultnuppudele.

because of the _.
Option 2: jello
Option 2: water

Ma ajasin vett ja tarretist puldi nuppudele.

Machine translation
Simple prompt

tingitud _.
Option 1: Zelee
Option 2: vesi
Estonian

Machine translation
Detailed prompt

Option 1: Zelee
Option 2: vee

Estonian

Human translation
Option 1: tarretisest
Option 2: veest

Selle kleepuv olemine ei ole tden&oliselt

Ma valasin vett ja zZeleed puldinuppudele.
Selle kleepuvus ei ole tdendoliselt _ tottu.

Ma ajasin puldi nuppudele vett ja tarretist.
Selle kleepumine ei tulene iimselt _.

See on tdéendoliselt kleepuv _ tottu.
Option 1: tarretis
Option 2: vesi

Ma valasin vett ja zeleed puldinuppudele.
See on tdéendoliselt kleepuv _ tottu.
Option 1: Zelee

Option 2: vee

Ma ajasin puldi nuppudele vett ja tarretist.
Selle kleepumine tuleneb ilmselt _.
Option 1: tarretisest

Option 2: veest

Table 5: The machine-translated (Simple prompt) twin sentences show substantial lexical divergence
(marked with underline). Additionally, the answer options differ across the two sentences. Finally, the
options are rendered in the nominative case, which does not fit the grammatical context of the sentence.
The machine translation using the detailed prompt results in less lexical divergence between twin sentences
and ensures that their corresponding options remain consistent with the intended format, with each pair of
twin sentences being assigned identical options. The human translation is also given for the reference.

making the schema unreliable for its intended pur-
pose. Additionally, machine translation sometimes
introduced ambiguity into the schema (see an ex-
ample in Table 3 (A)).

In WinoGrande dataset, the answer options al-
ways appear in the sentence. What distinguishes
the English dataset from the Estonian dataset is
the way the answers appear in the schema. In the
English dataset, the answer and its antecedent typ-
ically appear in the same form, except for changes
in the possessive case for antecedents. In con-
trast, in the Estonian dataset both the answer and
its antecedent can appear in any of the 14 gram-
matical cases, with the case of the antecedent usu-
ally being different from the case of the answer.
This nuance becomes apparent in the machine-
translated dataset, where the answer options are
translated independently of the sentence context
and are usually rendered in the nominative case.
Consequently, they often fail to fit grammatically
within the sentence, which may require a different
case for proper syntactic agreement (see Table 5).

For twin sentences, we observed that machine
translation often fails to maintain structural and lex-
ical consistency. The machine translated sentence
pairs frequently diverge in wording, and the answer
choices may be translated inconsistently (see Ta-
ble 5). While this misalignment may not affect over-
all performance metrics, it undermines the integrity
of the dataset’s original format.

4.2. Detailed Prompt

Next, we developed two detailed prompts—one
for single sentences (A.2) and the other for the
twin sentences (A.3)—and used them to generate
a revised translation of the dataset using OpenAl
GPT-4.1. The prompts were supplemented with five
single and ten twin few-shot examples, respectively.
The additional samples were manually selected and
translated to reflect different linguistic challenges
in the task translation.

These prompts specifically targeted systematic
shortcomings identified in the initial machine trans-
lation with the simple prompt, such as incorrect
inflection of answer options, insufficient lexical over-
lap between twin sentences (less than 70%), nu-
merical mismatches, and overly literal translations
that could compromise the interpretability of the
schema. The prompt was supplemented with a list
of Estonian names, each labeled with gender (male
or female) and inflected across all 14 grammatical
cases, to enable automatic localization of names
in the translation. The instruction for substituting
the names with Estonian ones from the list was
included in the prompt.

5. Benchmarking Models

Our comparison of the newly created datasets is
based on their applicability as reliable benchmarks
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for evaluating commonsense reasoning in Estonian.
For that purpose, we first used them to obtain and
compare overall results across a range of open and
closed LLMs (this section). We then conducted a
subset-level analysis (Section 6) of these results to
better understand the differences in results across
the datasets.
The set of models evaluated is following:

* Five proprietary models: Gemini 2.5 Pro, Gem-
ini 2.5 Flash (Gemini Team, Google, 2025),
Claude Sonnet 4.5 (Anthropic, 2025), GPT-4.1
(OpenAl et al., 2024), GPT-5 (OpenAl, 2025);

» Four open models in the moderate to large
range: Llama 3.3-70B and Llama 3.1-
405B (Llama Team, 2024), Gemma 3-27B
(Gemma Team, 2025), and Qwen 2.5-72B
(Yang et al., 2025);

» Three open models in the smaller range:
Llama 3.1-8B (Llama Team, 2024), Aper-
tus 8B (Hernandez-Cano et al., 2025), Eu-
roLLM 9B (Martins et al., 2024).

All models were evaluated on all four versions
of the WinoGrande dataset: the original English
dataset, the human translated Estonian Wino-
Grande, and the two machine-translated Estonian
versions of the dataset. The Gemini 2.5 Pro model
was evaluated with minimum thinking (128 token
budget), Gemini 2.5 Flash and GPT-5 were evalu-
ated in no thinking mode, and Claude Sonnet 4.5
was evaluated in default thinking mode. All models
were prompted in few-shot setting using three ex-
amples from the translated development set items.
The accuracy results are presented in Table 6.

Compared to the original English WinoGrande
test set, the performance of proprietary models on
the Estonian human-translated dataset was gener-
ally similar, with the average difference being only
0.4%.

Performance differences were more pronounced
among open models in the moderate to large model
range, where on average, the models performed
5.5% better on English compared to human trans-
lated Estonian dataset. While most models per-
formed worse on the Estonian dataset, interestingly
Gemma 3-27B performed slightly better.

Among smaller models, the average perfor-
mance was the same on both English and Estonian
datasets, with Llama 3.1-8B and Apertus-8B per-
forming only slightly above chance level on both
datasets. EuroLLM-9B was the strongest of the
small models according to accuracy, and performed
1.7% better on the Estonian dataset than on the
English one.

Comparing the machine translated Estonian
WinoGrande versions to the human translated ver-
sion reveals that all models obtain higher perfor-

MT
Simple Detailed

EN HT

Proprietary models

Gemini 2.5 Pro 89.6 91.1 83.9 82.7
Gemini 2.5 Flash  87.8 88.6 82.2 81.8
Claude Sonnet4.5 94.7 93.7 88.3 87.4
GPT-4.1 85.4 82.6 76.1 77.2
GPT-5 83.5 829 76.6 76.4
Average 88.2 87.8 81.4 81.1
Open models: moderate to large range

Gemma 3-27B 73.6 74.6 68.8 69.6
Qwen 2.5-72B 834 714 65.7 66.2
Llama 3.3-70B 79.9 74.8 69.4 69.7
Llama 3.1-405B 84.3 784 72.0 72.7
Average 80.3 74.8 68.9 69.6
Open models: smaller range

Llama 3.1-8B 55.5 54.2 53.8 53.1
Apertus-8B 519 515 51.2 51.2
EuroLLM-9B 59.6 61.3 59.4 57.7
Average 55.7 55.7 54.8 54.0

Table 6: Accuracy results reported across models
for the WinoGrande English test set (EN), Esto-
nian human-translated version (HT), the Estonian
machine-translated version using a simple prompt
(MT Simple), and the detailed prompt (MT Detailed)

mance on the human translated dataset. A detailed
investigation of this observation is presented in Sec-
tion 6.

Contrasting the results on the two machine trans-
lation versions reveals only minor differences, sug-
gesting that the translations obtained with the de-
tailed prompt did not yield an substantial effect on
the models’ performance.

6. Subset-Level Analysis

We analyzed the impact of cultural adaptation, and
error correction in human translation on the overall
results by calculating the models’ accuracies for
subsets of samples that were culturally adapted (n
= 53), corrected (n = 89), and the rest that were
deemed semantically comparable (n = 1,617). The
8 samples that both annotators found ambiguous
were excluded from the subset analysis. For these
analyses, we compared the results of open mod-
els of moderate to large size, as smaller models
often performed near random even on the English
dataset. We compared the results across three
versions of the dataset—the original English, the
human translated Estonian, and the machine trans-
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EN HT MT
Culturally adapted n = 53

Gemma 3-27B 849 811 778
Qwen 2.5-72B 86.8 774 73.6
Llama 3.3-70B  88.7 81.1 815
Llama 3.1-405B 92.5 83.0 81.1
Average 88.2 80.7 785
Corrected n = 89

Gemma 3-27B 494 719 416
Qwen 2.5-72B  58.4 685 427
Llama 3.3-70B 61.8 73.0 47.2
Llama 3.1-405B 56.2 78.7 48.3
Average 56.5 73.0 449

Semantically comparable n = 1,617

Gemma 3-27B 745 746 709
Qwen 2.5-72B 84.6 71.2 67.3
Llama 3.3-70B 80.5 746 704
Llama 3.1-405B 85.6 78.2 74.0
Average 81.3 747 707

Table 7: Accuracy on different subsets for the En-
glish (EN), Estonian human-translated (HT), and
the Estonian machine-translated version using the
detailed prompt (MT).

lated Estonian created with the detailed prompt.®

6.1. The Impact of Cultural Adaptation

We compared how models perform on culturally
adapted examples versus those human translated
examples that did not undergo such adaptation.
During the human translation process, 53 schemas
were thoroughly adapted by editing the content of
the schema to reflect cultural relevance. We ob-
serve that, across all models, accuracies are on
average 6% higher on the human translated sub-
set that was culturally adapted (Table 7, Culturally
adapted samples) compared to the human trans-
lated subset that did not undergo such adaptation
(Table 7, Semantically comparable samples). Re-
gardless of the slightly higher accuracies, we do not
interpret this as evidence of the models’ stronger
ability to reason based on cultural knowledge. This
is because the nature of the adaptations varies:
some introduce contextually relevant information—
such as geographic references—that require cul-
tural or situational understanding, while others in-
volve changes unrelated to reasoning (Table 4).

3The machine translated dataset created with the sim-
ple prompt shows very similar results.

Model MT Simple MT Detailed
MT HT MT HT
Altered meaning n = 246 n =191
Gemma 3-27B 63.4 772 623 749
Qwen 2.5-72B 671 72.0 655 69.6
Llama 3.3-70B 675 80.1 655 754
Llama 3.1-405B 66.3 821 639 738
Average 66.1 779 643 734
Retained meaning n = 1371 n = 1426
Gemma 3-27B 712 741 721 745
Qwen 2.5-72B 66.5 711 675 715
Llama 3.3-70B 708 736 711 745
Llama 3.1-405B 749 775 753 7838
Average 708 7441 715 748

Table 8: Comparison of the accuracy scores for
schemas where machine translation (MT) either
altered or retained the original meaning.

6.2. The Impact of Incorrect Schemas

Problematic English schemas were identified man-
ually during the translation process. The results
presented in Table 7 (Corrected samples) confirm
the lower quality of these English schemas, as the
performance on this English subset is close to the
chance level.

Because these schemas were corrected during
the human translation process, performance on the
human translated Estonian samples is considerably
higher compared to the same subset in English.
This improvement in accuracies highlights the im-
portance of quality assurance in schema transla-
tion. Importantly, the results indicate that the ad-
justments preserved the integrity of the tasks and
schemas were not rendered trivial by the edits, as
the outcomes from the subset of corrected schemas
do not differ considerably from those of the subset
of 1,617 human translated schemas that did not
undergo such corrections (Table 7, Semantically
comparable samples).

The performance of the machine translated ver-
sion of this subset is very low, even below the
chance level. This demonstrates that the errors
in the original English dataset propagate during the
machine translation process in unexpected ways,
potentially amplifying the original errors.

6.3. The Impact of Machine Translation

To study the effect of machine translation on the
results, we had a qualified translator (the same per-
son who did the human translation) manually ana-
lyze the subset of 1,617 semantically comparable
samples to identify instances where the machine
translation had altered the meaning of the original
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Version Sentence Option1 Option 2

EN So _ was sorry because Christine’s cat was bitten by Christine  Jessica
Jessica’s dog when they got into a fight.

MT-detailed Nii et _ oli kahju, sest Kristiina kass hammustas Jessika Kristiina Jessika
koera, kui nad kaklesid.

Back translation So _ was upset, because Kristiina’s cat bit Jessica’s dog Kristiina  Jessica

when they were fighting.

Table 9: Example showing original English sentence, its machine-translated version in Estonian, and
the back translation with Open Al GPT-5. The schema has become ambiguous in translation and the
meaning has also shifted (e.g., “the cat bit the dog” versus “the dog bit the cat”).

sentence. In this labeling, meaning was the sole
evaluation criterion; grammatical issues, unnatu-
ral phrasing, or other surface-level errors were not
considered problematic unless they affected the
sentence’s meaning. The guiding question was:
Does the machine-translated schema convey the
same meaning as the original English schema?.*

The analysis of the machine translations gener-
ated with the simple prompt identified 246 (15.2%)
schemas in which the meaning was lost or altered.
The translations produced with the detailed prompt
resulted in 191 (11.8%) such schemas. An exam-
ple of a schema with a shifted meaning is shown
in Table 9.

We then compared results on the subset of
schemas where machine translation had altered
the meaning to those where machine translation
had retained the meaning (MT columns in Table
8). The shifts in meaning have a clear impact on
performance—with one exception (Qwen 2.5-72B),
all models perform worse on machine translated
schemas with altered meaning. With the simple
prompt, the difference in accuracies between the
averages of the two subsets is 4.7% and with the
detailed prompt it is 7.2%. However, it must be
noted that, besides human-perceived shift in mean-
ing, machine translated instances contain other
artifacts that may affect the accuracy even when
the meaning is retained. Thus, we also compared
the subset of schemas with retained meaning with
the human translated version of the same subset
(rows in the lower part of Table 8). This compar-
ison shows that the accuracies on the machine
translated datasets are lower (3.8% with the simple
prompt and 3.3% with the detailed prompt) indicat-
ing that there are issues beyond altered meaning
in the machine translated data that also potentially
affect task integrity.

7. Discussion

In this paper, we presented the Estonian transla-
tion of the WinoGrande test set, which has been

“These annotations will be released with the dataset.

translated and culturally adapted by translation spe-
cialists and annotated to ensure that translated
Estonian schemas satisfy the requirements of the
WinoGrande benchmark. We evaluated model per-
formance on the Estonian dataset to assess their
reasoning abilities in Estonian. We also explored
whether the insights gained from the translation pro-
cess can be used to engineer a detailed machine
translation prompt capable of producing a machine
translated dataset of comparable quality.

We observed that the performance for proprietary
models was notably good for all models on the En-
glish and Estonian dataset, and the results were
similar on both datasets. The difference was more
pronounced for the open models. The open models
performed slightly worse on the Estonian dataset.
Smaller range models demonstrated generally poor
performance on the task itself, with the exception
of EuroLLM-9B, which is specifically trained for Eu-
ropean languages.

During the translation process, we identified a
number of flawed schemas in the original dataset.
Unlike the original Winograd Schema Challenge
dataset, which was developed by experts, Wino-
Grande was crowd-sourced. This difference in
methodology likely accounts for the variability in
schema quality and also speaks for the importance
of involving language specialists in the develop-
ment of benchmark tasks requiring advanced lin-
guistic competence.

We noted a substantial difference in the number
of items the annotators labeled as undecidable.
Although the discrepancy is numerically large, we
do not consider it significant, as the annotators’
accuracy remained close to the reported human
performance level (94%) on the English test set
(Sakaguchi et al., 2019).

Our experiments with machine translation
showed that, despite fine-tuning the translation
prompt to account for the dataset’s intricacies and
the specific target language, the detailed prompt
failed to produce a dataset of human-comparable
quality. It is also important to highlight that con-
structing an effective prompt tailored to a specific
language and dataset demands detailed knowl-
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edge of the dataset’s structure and purpose as well
as the potential linguistic challenges it presents in a
given language. As such, the process still requires
significant input from language experts to ensure
the prompt is both linguistically and contextually ap-
propriate. Our analysis of the machine-translated
dataset focused solely on shifts in meaning during
translation. We did not evaluate the translations for
grammatical accuracy or the naturalness of the lan-
guage. Further research could explore how these
factors influence model performance.

8. Conclusion

The Estonian translation of the WinoGrande test set
provides a valuable linguistic benchmark for Esto-
nian and supports the development and evaluation
of multilingual language models. The experimen-
tal results demonstrate strong performance from
proprietary language models in Estonian, while out-
comes from open-source models show greater vari-
ability. The comparison with machine translation
shows that prompt engineering offers limited ben-
efit to translation quality and the results obtained
with machine translation may not accurately reflect
the models’ language comprehension or reason-
ing. When a model is presented with incoherent
or semantically distorted input alongside answer
options, it will return a prediction. However, such
predictions can be uninterpretable because they
do not provide meaningful insight into the model’s
linguistic understanding or reasoning capabilities,
since the input lacks a coherent structure to support
such inference.
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A. Translation Prompts

A.1. Simple Translation

Please translate the given example in JSON format into Estonian. Retain the JSON structure. Do
not translate the keys. Translate the values only. Please output only the JSON object, nothing else.

A.2. Detailed Prompt for Single ltems

Please translate the given example in JSON format into Estonian so that it reads as if originally
written in Estonian: natural, fluent, and culturally appropriate. It consists of a sentence and two
answer options.

Do not translate word for word. Always choose the contextually correct meaning of each word,
especially adjectives, idioms, and figurative expressions - never use a literal dictionary equivalent if it
does not fit the situation. Ensure that both answer options remain grammatically and semantically
valid in the sentence, without revealing or implying which is correct. Pay particular attention to
number and case: both answer options must agree in grammatical form so they can fit the same
syntactic slot. If the two answer options translations differ in grammatical number (singular vs plural),
replace one option with a contextually appropriate alternative so that both options agree in form
(e.g. both plural nouns, both singular nouns). The replacement must still preserve the fairness and
neutrality of the question.

Replace all names with appropriate ones from the provided table, matching gender and applying
the correct Estonian case endings. Select appropriate names at random. A name may be reused
across different sentences, but not within the same sentence. Maintain neutrality and difficulty: the
question must stay fair, challenging, and unbiased.

Retain the JSON structure. Do not translate the keys. Translate the values only. Please output only
the JSON object, nothing else. Do not escape with backticks or add line breaks.
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A.3. Translation Prompt for Twin Sentences

The following are sentence pairs with a gap expressed with the underscore and two answer options.
Your task is to translate each sentence pair into Estonian so that it reads as if originally written in
Estonian: natural, fluent, and culturally appropriate.

The sentence pairs have a lexical overlap of at least 70%, and their translations must also maintain at
least 70% overlap. This overlap should be preserved consistently, without introducing unnecessary
variation. Do not vary style, synonyms, or sentence structure between them. Answer options must
also remain exactly the same in these sentence pairs.

Do not translate word for word. Always choose the contextually correct meaning of each word, espe-
cially adjectives, idioms, and figurative expressions — never use a literal dictionary equivalent if it does
not fit the situation. Ensure that both answer options remain grammatically and semantically valid in
the sentences, without revealing or implying which is correct. Pay particular attention to number
and case: both answer options must agree in grammatical form so they can fit the same syntactic slot.

If the two answer options translations differ in grammatical number (singular vs plural), replace one
option with a contextually appropriate alternative so that both options agree in form (e.g. both plural
nouns, both singular nouns). The replacement must still preserve the fairness and neutrality of the
question.

Do not fill the gap. Replace all names with randomly chosen ones from the provided table, matching
gender and applying correct Estonian case endings. Both names in a sentence must be the same
gender, and names may be reused across sentence pairs but not within the same sentence. For
sentence pairs, use the same names consistently in both sentences.

Do not add names where none exist. Maintain neutrality and difficulty: the question must stay fair,
challenging, and unbiased. You will receive a JSON list containing two examples as input. Your
output should also be JSON list containing the translated sentences and answer options. Make sure
you translate only the values and not the keys. Please output only the JSON list, nothing else. Do
not escape with backticks or add addtional line breaks.
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