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Abstract
With the rapid advances of large language models, it becomes increasingly important to systematically evaluate their
multilingual and multicultural capabilities. Previous cultural evaluation benchmarks focus mainly on basic cultural
knowledge that can be encoded in linguistic form. Here, we propose SommBench, a multilingual benchmark to assess
sommelier expertise, a domain deeply grounded in the senses of smell and taste. While language models learn
about sensory properties exclusively through textual descriptions, SommBench tests whether this textual grounding is
sufficient to emulate expert-level sensory judgment. SommBench comprises three main tasks: Wine Theory Question
Answering (WTQA), Wine Feature Completion (WFC), and Food-Wine Pairing (FWP). SommBench is available in
multiple languages: English, Slovak, Swedish, Finnish, German, Danish, Italian, and Spanish. This helps separate a
language model’s wine expertise from its language skills. The benchmark datasets were developed in close collabo-
ration with a professional sommelier and native speakers of the respective languages, resulting in 1,024 questions for
wine theory question answering, 1,000 examples for wine feature completion, and 1,000 examples of food-wine pairing.
We provide results for the most popular language models, including closed-weights models such as Gemini 2.5, and
open-weights models, such as GPT-OSS and Qwen 3. Our results show that the most capable models perform
well on wine theory question answering (up to 97% correct with a closed-weights model), yet feature completion
(peaking at 65%) and food-wine pairing show (MCC ranging between 0 and 0.39) turn out to be more challenging.
These results position SommBench as an interesting and challenging benchmark for evaluating the sommelier ex-
pertise of language models. The benchmark is publicly available at https://github.com/sommify/sommbench.
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1. Introduction sistent information, or does uneven training data

across languages lead to contradictory responses?

While some tasks like food-wine pairing are in-
herently culturally situated, the foundational knowl-

Large language models achieve increasingly
strong performance on multilingual benchmarks

(Pomerenke et al., 2025; Hendrycks et al., 2021),
but a key open question concerns whether lan-
guage models display consistent competencies in
culturally-grounded, expert-level knowledge across
languages, or whether they exhibit language-
dependent behavior that reflects the cultural con-
texts embedded in their training data. This ques-
tion matters as LLMs are deployed globally, where
users interact in multiple languages and expect
coherent, reliable answers (Ni et al., 2025).

We investigate this question within the domain
of sommelier expertise, a field rich with sensory,
factual, and cultural knowledge (Chen, 2022; Es-
chevins et al., 2019; Manske and Cordua, 2005).
Covering eight languages, our work examines
whether a model’s understanding of wine produc-
tion methods, regional classifications, food pairings,
or varietal properties changes depending on the
language used in the prompt, i.e., when a model is
asked in German or in Spanish about the charac-
teristics of a Grlner Veltliner, does it provide con-
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edge underlying them should remain consistent
across languages (Liu et al., 2025; Weeber et al.,
2025). This makes sommelier expertise an inter-
esting testbed for language models, posing two key
challenges: interpreting subjective sensory prop-
erties learned purely from text, and maintaining
cross-lingual consistency for factual knowledge.

To tackle these questions, we introduce Somm-
Bench, a multilingual benchmark covering 8 lan-
guages (English, Slovak, Swedish, Finnish, Ger-
man, Danish, Italian, and Spanish) that evaluates
both cultural knowledge and cross-linguistic con-
sistency through three complementary tasks:

Wine Theory Question Answering (WTQA) A
language model needs to answer multiple-
choice questions, for which we use factual
questions from established sommelier exams
to test consistent knowledge recall across
languages (as detailed in §3.1);
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Figure 1: Performance of leading open and closed-
source language models on the SommBench
benchmark. The radar chart shows model accu-
racy (the higher, the better) in SommBench tasks
revealing key differences in competencies between
tasks and models.

Wine Feature Completion (WFC) A language
model needs to complete missing properties
of a given wine, requiring cross-lingual predic-
tion of sensory descriptors to test coherent
representations (§3.2).

Food-Wine Pairing (FWP) evaluating culturally-
adaptive rationales by recommending pairings
for culturally-specific dishes (§3.3).

This structure allows us to distinguish between
problematic inconsistency (e.g., contradictory facts
about the same wine) and desirable cultural adap-
tation (e.g., culture-specific pairing suggestions).

Our experimental results with the most popular
open and closed weight models on SommBench
confirm that SommBench is an interesting and chal-
lenging benchmark. Even commercial frontier lan-
guage models peak only at 0.65 aggregated score
across tasks. Open weight models, on the other
hand, peak at 0.52. Figure 1 shows exemplary
results of best tested closed weights and open
weights models.

Our main contributions are as follows:

* We introduce SommBench, a novel bench-
mark in eight languages to evaluate LLMs on
culturally grounded wine knowledge, totaling
3024 examples across three different tasks.

+ We demonstrate that, while leading models
possess strong factual knowledge, they strug-

gle with food & wine pairing. In contrast, open-
weights models display a performance de-
crease in non-English languages.

» Our analysis of food & wine pairing tasks re-
veals that many models exhibit a common pos-
itivity bias, favoring approval over rejection..

» We provide a comprehensive analysis of nu-
merous closed and open-weights models, es-
tablishing baselines for cross-lingual consis-
tency and culturally-aware competencies in the
specialized domain of sommelier expertise.

2. Related work

The evaluation of LLMs is shifting towards special-
ized benchmarks. While multilingual datasets like
Global-MMLU (Singh et al., 2024) test translated
general knowledge, cultural benchmarks have be-
gun to address culturally-situated evaluation. Cul-
turalBench (Chiu et al., 2025) tests broad everyday
cultural knowledge across 45 countries through
QA, and BLEnD (Myung et al., 2025) evaluates ev-
eryday cultural knowledge in 13 languages across
16 regions. However, these benchmarks focus
on general cultural literacy rather than deep do-
main expertise requiring professional-level judg-
ment. SommBench complements this landscape
by targeting a domain where expert knowledge is
deeply shaped by cultural practices and linguistic
discourse, spanning from objective factual knowl-
edge (WTQA) through structured attribute predic-
tion (WFC) to subjective expert judgment (FWP).
Unlike broad cultural benchmarks, SommBench
uses parallel multilingual content to directly mea-
sure cross-lingual consistency, and includes struc-
tured prediction and reasoning tasks beyond factual
QA.

This approach is informed by recent work on
defining and measuring culture in LLMs. The sur-
vey by Adilazuarda et al. (2024) notes that most
research measures culture through proxies like re-
gion or values, and finds that domains like “food
and drink” are largely unexplored. Our work also
provides a practical application of theoretical frame-
works like that of Hershcovich et al. (2022), who
identify dimensions of cultural awareness in NLP,
including shared "common ground" (facts), cul-
turally relevant topics or "aboutness," and objec-
tives or "values." SommBench is designed to probe
these dimensions, testing whether factual common
ground remains stable across languages and how
models handle topics and values (e.g., food pair-
ings) rooted in cultural practices.

Our work complements other expert bench-
marks. While broad evaluations like MMMU (Yue
et al., 2024) test for general academic knowledge,
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Figure 2: Taxonomy of Sommelier expertise, categorized into knowledge, profiling, and food wine pairing.

and domain specific benchmarks like DrBench-
mark (Labrak et al., 2024) or procedural ones like
The Recipe Execution benchmark (Nevens et al.,
2024) assess specialized, often monolingual, capa-
bilities, SommBench offers a targeted benchmark
for the cross-lingual coherence of culturally situated
expertise. Within the wine domain specifically, prior
work like WineSensed (Bender et al., 2023) has
focused on learning sensory representations from
multimodal data. In contrast, our goal is to eval-
uate whether LLMs have already assimilated the
complex, language inflected knowledge of a som-
melier and can apply it consistently across different
languages relying solely on textual representations
of sensory properties such as taste, smell, and
appearance.

3. SommBench

SommBench is a multi-task and multilingual bench-
mark designed to evaluate language models on
expert-level wine knowledge and their capabilities
to emulate the behavior of a professional somme-
lier. It comprises three complementary tasks that
capture different facets of expertise: Wine The-
ory Question-Answering (WTQA, detailed in §3.1)
tests factual knowledge, and Wine Features Com-
pletion (WFC, §3.2) assesses the ability to repro-
duce accurate features of wine and Food & Wine
Pairing (FWP, §3.3) evaluates the ability to judge
food-wine pairings covering the taxonomy of som-
melier (Manske and Cordua, 2005; Parra et al.,
2024) expertise displayed in Figure 2.

Crucially, SommBench provides an entirely new
dataset, curated by an internationally recognized
professional sommelier to ensure all tasks reflect
authentic real-world challenges. While the underly-
ing domain knowledge draws on publicly available
sources (e.g. WSET ' curricula, wine retailer), the
specific question-answer pairs with expert-crafted

1https ://www.wsetglobal.com/

distractors, structured wine profiles, and sommelier
pairing judgments are original artifacts that have not
been publicly released prior to this work. This de-
sign is intentional: because the foundational knowl-
edge may appear in pre-training corpora, Somm-
Bench tests whether models can apply and synthe-
sise domain expertise in structured, expert level
tasks rather than simply retrieve memorised facts
providing a robust measure of generalization capa-
bilities.

3.1.

Data Collection The question-answer (QA) pairs
were manually constructed by a master sommelier
in English. The dataset comprises 128 question-
answer pairs per language across 8 languages (En-
glish, Slovak, Swedish, Finnish, German, Danish,
Italian, and Spanish), totalling 1,024 questions.

Wine Theory Question-Answering

Data Curation Domain relevance and difficulty
were validated by a master sommelier who as-
sessed the entire question set for authenticity and
expert-level complexity. Each question was au-
thored as a complete four-option multiple-choice
item by the master sommelier, who created both
the correct answer and three distractor options si-
multaneously. The distractors were intentionally
crafted to be plausible alternatives often reflecting
common misconceptions.

Multilinguality The English QA set was initially
translated using GPT-4.1 and then provided to na-
tive speakers for manual validation and correc-
tion into 7 target languages: Slovak, Swedish,
Finnish, German, Danish, Italian, and Spanish.
Each language was validated by one dedicated
native speaker fluent in the target language. The
validators also conducted a verification pass with a
focus on ensuring that all domain-specific nuances
were accurately preserved across languages and
their cultural interpretations.
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The Task Wine Theory Question-Answering
(WTQA) evaluates language models on their
breadth and depth of wine knowledge, spanning
fundamental concepts to expert-level oenological
theory. This multilingual task tests whether models
can accurately recall factual information that forms
the foundation of sommelier expertise, knowledge
traditionally acquired through formal certification
programs like WSET (Wine & Spirits Education
Trust). The multilingual nature of this task adds
a layer of complexity, as models must navigate
domain-specific terminology that may not have di-
rect translations across languages. For example,
terms like "terroir" or "vendange tardive" carry spe-
cific meanings in wine contexts that require cultural
and linguistic understanding beyond simple trans-
lation. We evaluate across multiple languages to
assess models’ ability to perform sommelier tasks
in different linguistic contexts, assuming that wine
expertise is often expected to be exercised in one’s
native language, where specific regional terminol-
ogy is most naturally expressed. Example ques-
tions spanning all four difficulty levels are provided
in Appendix B.

Evaluation The evaluation is handled using a
generative approach where the model is presented
with the question and all four multiple-choice an-
swer options (A, B, C, D), and it is then prompted
to generate its response. We instruct the model
that its response should be a single letter (A, B,
C, or D) and nothing else. The generated output
is subsequently parsed to extract the selected re-
sponse letter ("A", "B", "C", or "D"). For reasoning
models, the reasoning trace is ignored when ex-
tracting the response label. The extracted label is
then compared to the ground-truth response label.
If the generated letter matches the correct one (e.g.,
the model generates "A" and the answer is "A"),
it is marked as correct. Results are reported as
accuracy scores for each language independently,
together with an 'overall’ column showing the aver-
age multilingual accuracy. The prompt template is
provided in Appendix A, Listing figs. 4 to 11.

3.2. Wine Features Completion

Data Collection A structured dataset of 1,000
wines was created by programmatically extracting
information from major retailers and distributors’
websites with a wide range of wine types. We
parsed and normalised nine key attributes: type,
sugar (g/L), alcohol (%), country, region, grape va-
rietals, dryness, body, and acidity. These attributes
represent the core characteristics essential for con-
ducting professional analysis, much like a somme-
lier would. While retailer sourced data may carry
positive framing in descriptive text, WFC targets

structured factual attributes that are less suscep-
tible to such bias than subjective tasting notes or
marketing descriptions.

Data Curation Wine entries missing attributes
were discarded during a comprehensive verification
pass, ensuring every data point is fully populated
and reliable.

Multilinguality Wine Features Completion
(WFC) is multilingual, covering the same set of lan-
guages as WTQA, supporting various languages
for both prompt inputs and the corresponding
output features. To ensure linguistic accuracy,
English prompts and output features were trans-
lated using GPT-4.1 into all target languages and
subsequently provided to one native speaker per
language for manual validation and correction.

The Task The wine features a completion task
designed to evaluate a model’s ability to perform
multilingual structured data generation. WFC chal-
lenges models to infer missing attributes within a
wine’s profile by synthesizing contextual clues from
partially complete data, a capability crucial for real
world applications like knowledge base completion
and recommender systems with partial informa-
tion. To systematically probe different completion
capabilities, we employ a tiered masking strategy
that creates evaluation subsets of increasing diffi-
culty: First, a single mask is applied in ~40% of the
cases, which tests the factual recall ability of the
language model. Second, double-mask (~30%):
masks logical pairs (e.g., [region, country], [type,
grapes], [type, region], [sugar, alcohol]) to assess
simple inference. And lastly, triple-mask (~30%)
masks combinations of three attributes (e.g., [coun-
try, region, type], [alcohol, sugar, grapes], [dryness,
acidity, body]) to evaluate complex compositional
completion under high uncertainty.

A key feature of WFC is its task structure,
which explicitly tests multilingual generation from a
language-independent input. While the input data
is represented in a unified, canonical format, mod-
els are prompted to generate the completed wine
profile in one of eight target languages (e.g., En-
glish, Slovak, German, Danish, Finnish, Swedish,
Italian and Spanish). This output must be returned
in a structured JSON format (Pydantic class style),
testing the model’s ability to map a canonical entity
to its locale specific counterpart.

Evaluation We evaluate performance using dis-
tinct metrics tailored to attribute type: exact match
for categorical fields (type, country, region, dryness,
acidity and body) and mean absolute percentage
error (De Myttenaere et al., 2016) (MAPE) for nu-
merical fields (alcohol, sugar). For these numerical
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attributes, a generated value is considered correct
if its MAPE is 5% or less, and incorrect otherwise.
Further details on the prompt template are provided
in Appendix, Figure 13.

3.3. Food & Wine Pairing

Data Collection The dataset was constructed in
collaboration with a professional sommelier. The
sommelier created the positive instances by pairing
wines with a diverse set of recipes. For the negative
instances, an expert validated sampling strategy
was employed: candidate wine-recipe pairs were
first generated at random and then reviewed by the
sommelier. Only pairs that were explicitly identified
as ’‘negative’ (i.e. bad pairings) were included in
the dataset. This ensures that the negative class
consists of genuinely unsuitable pairings, rather
than random or neutral ones.

Data Curation To ensure consistency and ac-
count for the subjectivity inherent in wine pairing,
one sommelier was responsible for labeling all in-
stances (both positive and negative), thereby ensur-
ing internal consistency and avoiding contradictory
labels.

Monolinguality All Food & Wine Pairing (FWP)
data, including recipes and wine descriptions, is in
English only. Unlike WTQA and WFC, where inputs
are short structured fields amenable to translation,
FWP requires full recipe descriptions with detailed
ingredient lists and preparation steps. Translat-
ing these while preserving culinary nuance across
eight languages would require substantial expert
effort, and validating pairing judgments in each lan-
guage would multiply the annotation burden.

The Task The food & wine pairing task evaluates
models on complex decision-making that requires
domain expertise in both oenology, wine making
and gastronomy. While food & wine pairing recom-
mendations are available online, these often reflect
popular conventions rather than expert reasoning
about flavor profiles, tannin structures, and sensory
balance. This task tests whether models can inter-
nalize and apply the nuanced principles governing
sensory interactions between food and wine, exper-
tise typically acquired through years of specialized
training. The FWP dataset comprises 1000 expert
validated pairings in English only. Models assess
whether a given wine-recipe combination consti-
tutes a good pairing, responding with a binary “Yes”
or “No” decision. This design directly measures the
model’s ability to distinguish harmonious from dis-
cordant pairings without allowing hedge responses.
An example of a good pairing (v') would be A5
Japanese Wagyu with sweet potato, orange, and

collard greens served with Mouro Red 2018 from
Alentejo in Portugal. The wine’s smooth texture
and succulent ripe flavors complement the meat’s
richness and the sweet notes found on the plate.
On the other hand, a poor pairing example could
be demonstrated with a spaghetti pasta recipe with
creamy tomato sauce and chicken and served with
an oaked Barossa Shiraz such as John Duval’s
“Eligo” Barossa Shiraz 2018. Here you have a
sauce with acidity, sweetness and potentially a
touch of umami and a delicate white meat. The
intensity of the wine would take over the dish, while
the intense oak spicing would clash aromatically
with the delicate chicken and tomato flavours.

Evaluation This task is evaluated as a binary
classification, where models predict whether a
given food-wine pairing is suitable (yes/no an-
swers). Since both positive (yes) and negative (no)
responses represent valid ground truth labels, we
use the Matthews Correlation Coefficient (MCC)
(Chicco and Jurman, 2020) as our primary evalu-
ation metric. MCC ranges from -1 to +1 and pro-
vides a balanced assessment of binary classifica-
tion quality by accounting for all confusion matrix
categories (true positives, true negatives, false pos-
itives, and false negatives). Unlike the F1 score,
which priorities the positive class and can be mis-
leading when both classes are equally important,
MCC treats both prediction outcomes symmetri-
cally. This makes MCC particularly appropriate for
our task, where correctly identifying bad pairings is
as valuable as identifying good ones. We further
report class-specific accuracy to identify potential
biases toward positive or negative predictions.

3.4. Final Benchmark and Scoring

The final benchmark comprises the three tasks
described above, along with their corresponding,
newly collected, datasets:

+ WTQA: 128 question-answer pairs, totalling
1,024 items in 8 languages

« WFC: 1,000 wine entries for wine feature com-
pletion in 8 languages

* FWP: 1,000 monolingual food-wine pairings

To provide a single, comprehensive number for
evaluating a large language model’s capabilities
as a sommelier, we introduce the SommBench
Score. This score aggregates a model’'s perfor-
mance across all tasks (WTQA, WFC, FWP) into
a unified score. The aggregation method is de-
signed to give equal weight to the different facets
of expertise evaluated in the benchmark: multilin-
gual factual knowledge, structured data completion,
and culturally grounded judgment. The final score
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is calculated as the standard mean of the perfor- Model WTQA WFC FWP Score
mance on each of the three tasks. As the FWP Closed-Weights Models

task is monolingual (English-only) by design, so gemini-2.5-flash 09 063 039 065
English score is used. For the multilingual WTQA SEI?J 8'2 g'gg g'fg 8'23
and WFC tasks, we use the mean score across all gemini-2.5-pro 096 062 012 057
eight languages to directly measure cross-linguistic gpt-5 097 057 017 057
consistency. The final Score is the arithmetic mean g%(";‘m'”' 00986 g-g} 00621 8-2;
of t.hefse three ccomponent scores S, prowdlng a grok-4-fast 093 059 005 052
holistic evaluation of sommelier expertise. gpt-4o-mini 08 062 012 051
gemini-2.5-flash-lite 0.83 0.57 0.06 0.49

gpt-4.1-nano 0.73 0.52 -0.02 0.41

Srwp + Swrqa + Swrc Open-Weights Models

SommBench-Score = 3 qwen3:30b 0.84 048 02 0.5
1 gemma3:27b 076 052 023 050

where Swroa = — SWTOA1 gpt-0ss-120b (r=low) 080 041 020 047

WTQ |L| ; WIQA, gpt-0ss-120b (r=medium)  0.84  0.40 0.18  0.47

1 € gpt-0ss:20b (r=low) 0.67 033 025 042

o _ gpt-0ss:20b (r=medium) 0.72 0.38 0.16 042

and  Swrc = 7] > Swrey gpt-0ss-120b (r=high) 085 007 0.1 034

leL qwen3:8b 064 043 -0.08 0.33

llama3.1:8b 053 044 -0.01 0.32

qwen2.5:3b 048 024 01 027

Table 1: Performance of language models on

4. Experiments

We evaluated a comprehensive suite of 18 large lan-
guage models on SommBench, including both lead-
ing closed-weights models and prominent open-
weights alternatives. Evaluated closed-weights
models are gpt-5 (OpenAl, 2025c), gpt-4.1 fam-
ily (OpenAl, 2025b) (gpt-4.1, gpt-4.1-mini, gpt-4.1-
nano),gpt-4o family (OpenAl et al., 2024) (gpt-
40, gpt-40-mini), gemini family (Comanici et al.,
2025) (gemini-2.5-pro, gemini-2.5-flash, gemini-
2.5-flash-lite) and grok-4 family (xAl, 2025) (grok-
4, grok-4-fast). Evaluated open weight models:
gpt-oss models (OpenAl, 2025a) (gpt-oss-120,
gpt-0ss-20), qwen3 models (Yang et al., 2025)
(qwen3:30b, qwen3:8b), qwen2.5:3b (Team, 2024),
gemmag:27b (Team et al., 2025), llama3.1:8b
(Grattafiori et al., 2024). The overall performance
is summarized in Table 1, using the SommBench
Score a holistic metric 3.4. Our results highlight a
clear performance gap between closed and open-
weights models. The top-performing model is
gemini-2.5-flash, which achieves an overall Somm-
Bench Score of 0.65. It outperforms other strong
closed-weights models, including gpt-4.1 (0.59)
and gpt-5 (0.57). Among the open-weights models,
gwen3:30b achieves the highest score of 0.51. The
subsequent sections provide a detailed breakdown
of model performance on each task, further exam-
ining their specific strengths and weaknesses. All
models were evaluated in a zero-shot setting with
the temperature set to 0 to ensure deterministic
outputs. Reasoning was disabled for Qwen mod-
els, while gpt-oss models were tested at three rea-
soning intensity levels (low, medium, high). Open-
weights models were served on 8xA100 GPUs.
Each configuration was evaluated in a single run.

SommBench. Models are evaluated using the
SommBench score calculated from WFC, WTQA
and FWP tasks. The Qwen models were employed
without reasoning.

4.1. WTQA Results

The wine theory question answering task evaluates
a model’s ability to recall expert level factual som-
melier knowledge across eight different languages.
The results, presented in Table 2, indicate that the
leading closed-source models possess a compre-
hensive and robust understanding of oenological
theory. Top-performing models like grok-4 and gpt-
5 achieve near-perfect accuracy, with scores often
exceeding 95% across the majority of tested lan-
guages. This demonstrates that state of the art
LLMs have successfully assimilated a deep base of
wine knowledge. A key finding from this task is the
variance in cross-lingual consistency. While the top
models maintain their high accuracy irrespective of
the query language, many smaller and open-source
models exhibit a performance degradation in non-
English languages. This disparity is particularly
stark for models like llama3.1:8b, which achieves
an accuracy of 0.70 in English but plummets to 0.27
in Slovak and 0.44 in Swedish. A similar trend is
observed for qwen3:8b, whose performance drops
from 0.75 in English to 0.49 in Finnish or 0.59 in
Danish.

4.2. WFC Results

The wine features a completion task that assesses
the models’ ability to infer missing wine attributes
from a partial profile, testing multilingual structured
generation. The results, shown in Table 3, re-
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Model EN SK sv Fl DE DA IT ES
Closed-Weights Models
grok-4 098 096 097 095 0.97 097 0.98 0.94
apt-5 098 098 0.99 095 0.97 098 0.98 0.93
gemini-2.5-pro 098 095 098 096 0.97 096 0.96 0.95
grok-4-fast 094 094 093 091 094 092 0.94 0.91
gemini-2.5-flash 091 092 093 092 093 094 0.93 0.89
agpt-4.1 091 0.88 092 091 091 093 0.91 0.85
gpt-4o0 091 089 094 09 091 092 09 0.87
gemini-2.5-flash-lite 085 085 0.84 0.78 0.83 0.82 0.85 0.81
gpt-4.1-mini 09 073 084 08 085 081 0.77 0.74
gpt-40-mini 084 077 079 0.7 083 0.81 081 0.81
gpt-4.1-nano 08 069 074 073 0.72 0.72 0.74 0.73
Open-Weights Models
gpt-0ss-120b (r=low) 081 073 0.81 081 0.83 0.79 081 0.80

gpt-0ss-120b (r=medium) 0.86 0.82 0.88 0.81 0.84 0.84 0.84 0.85
gpt-0ss-120b (r=high) 0.88 084 0.87 081 0.86 083 0.89 0.83

qwen3:30b 0.84 081 084 081 0.84 089 0.86 0.86
gemma3:27b 0.78 073 0.77 073 0.76 0.76 0.77 0.75
gpt-0ss:20b (r=low) 0.75 059 0.68 062 0.68 063 0.71 0.67
gpt-0ss:20b (r=medium)  0.72 0.70 0.78 0.68 0.70 0.70 0.76 0.73
qwen3:8b 0.75 054 0.66 049 0.68 059 0.73 0.69
llama3.1:8b 0.7 027 044 051 061 061 057 0.52
qwen2.5:3b 06 043 041 044 048 04 053 055

Table 2: Accuracy scores for language models on
the Wine Theory Question-Answering (WTQA) task
across eight languages (EN: English, SK: Slovak,
SV: Swedish, Fl: Finnish, DE: German, DA: Danish,
IT: ltalian, ES: Spanish). The Qwen models were
employed without reasoning.

veal a difference in cross-lingual consistency be-
tween model types. Top tier closed-source models
such as gemini-2.5-flash, gemini-2.5-pro, and gpt-5
show stability across all eight languages, maintain-
ing high performance with minimal variance. This
suggests their internal knowledge of wine charac-
teristics is largely language independent. In con-
trast, open-source models show a performance
degradation when prompted in languages other
than English. For instance, qwen3:30b’s perfor-
mance drops from 0.57 in English to 0.37 in Slovak,
and llama3.1:8b declines from 0.53 in English to
0.36 in Finnish. A full breakdown of the accuracy
of each attribute is provided in the Appendix in Ta-
ble 11.

Model EN SK sv Fl DE DA IT ES
Closed-Weights Models
gpt-5 0.57 056 059 055 056 058 059 0.57
gemini-2.5-pro 0.62 061 062 062 062 063 0.62 0.61
grok-4 062 06 059 062 059 061 06 062
gemini-2.5-flash 064 065 0.61 0.63 0.63 063 0.65 0.62
gpt-4.1 0.61 0.64 062 0.63 0.62 0.63 0.62 0.63
grok-4-fast 059 0.6 058 057 0.61 062 057 0.58
gem.-2.5-flash-lite 056 0.61 055 056 059 056 0.55 0.6
gpt-40 062 0.64 0.64 062 0.65 064 0.64 0.62
gpt-4o0-mini 0.65 0.61 061 0.63 0.63 0.61 0.62 0.62
gpt-4.1-mini 06 062 061 061 062 062 059 0.6
gpt-4.1-nano 0.51 048 051 052 054 049 056 0.55
Open-Weights Models
gpt-0ss-120b (r=low) 0.48 040 040 036 042 039 043 043

gpt-0ss-120b (r=medium) 0.47 0.39 0.39 0.36 042 035 044 0.42
gpt-0ss-120b (r=high) 0.02 009 005 003 007 009 010 0.11

qwen3:30b 0.57 037 045 044 051 047 051 049
gemmag3:27b 06 045 053 048 051 051 053 0.51
gpt-0ss:20b (r=low) 043 026 035 024 036 032 0.33 038
gpt-0ss:20b (r=medium) 048 026 038 035 042 034 043 0.39
qwen3:8b 0.57 0.33 041 0.38 047 042 047 043
llama3.1:8b 053 0.34 043 0.36 046 046 045 045
qwen2.5:3b 0.25 0.18 027 022 024 024 0.26 027

Table 3: Wine feature completion results of lan-
guage models across eight languages. Thinking is
disabled for qwen models.

4.3. FWP results

The food & wine pairing task, designed to test
nuanced, expert-level judgment, revealed sub-
stantial differences in model capabilities, as de-
tailed in Table 4. Model performance, measured
by the Matthews Correlation Coefficient (MCC),
ranged from -0.08 to 0.39. The top-performing
model, gemini-2.5-flash, achieved an MCC of 0.39,
demonstrating a moderate but reliable predictive
ability. Several models scored below zero (e.g.,
llama3.1:8b, gpt-4.1-nano, and qwen3:8b), indicat-
ing that their predictions are less reliable than ran-
dom chance.

Results from Table 4 reveal a positivity bias
among many models. They show a strong ten-
dency to approve pairings, regardless of their ac-
tual compatibility. This is particularly evident in
models like gpt-40-mini, which correctly identifies
90% of good pairings (true positive rate) but only
18% of bad pairings (true negative rate). This bias
leads to a high number of incorrect recommenda-
tions. Conversely, a few models like qwen3:30b
display a more conservative bias, being less likely
to approve a pairing. Models with more balanced
performance across both classes achieve higher
scores. For example, gemini-2.5-flash balances its
ability to identify good pairings (0.59 TPR) with its
ability to spot bad ones (0.79 TNR). Similarly, the
open-weights gemma3:27b achieves comparable
performance on both classes (0.65 TPR and 0.58
TNR).

5. Discussion

SommBench is challenging Our results show
that SommBench presents a challenging bench-
mark dataset for current large language models,
with the top performing model, gemini-2.5-flash,
achieving an overall score of only 0.65. To contex-
tualize these scores, we consider uninformed base-
lines: random guessing on the four-way multiple-
choice WTQA task yields 25% accuracy, while a
random binary classifier on the balanced FWP task
yields an MCC of 0.0. This indicates that the bench-
mark is far from being solved and successfully eval-
uates a range of capabilities beyond simple fact
recall. The complexity varies substantially across
the three tasks. The wine theory question answer-
ing task appears to be the most manageable for
current frontier models: gpt-5 (0.97), gemini-2.5-
pro (0.96), and grok-4 (0.96) achieved near-perfect
accuracy, which demonstrates a robust assimila-
tion of specialized, factual oenological theory. The
wine features completion task presents a moderate
challenge. This task requires factual knowledge in
conjunction with multilingual structured generation.
Frontier models like gemini-2.5-flash and gpt-4o0
scored 0.63, suggesting that inferring missing at-
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Model TPR TNR MCC
Closed-Weights Models
gemini-2.5-flash 0.59 0.79 0.39
gpt-4.1 0.72 0.53 0.25
gpt-4.1-mini 0.78 0.40 0.20
gpt-40 0.72 046 0.19
gpt-5 0.58 059 0.17
gpt-4o0-mini 090 0.18 0.12
gemini-2.5-pro 0.68 044 0.12
gemini-2.5-flash-lite 0.83 0.21 0.06
grok-4-fast 0.87 0.16 0.05
grok-4 0.81 0.20 0.01
gpt-4.1-nano 0.81 0.17 -0.02
Open-Weights Models
gpt-0ss:20b (r=low) 0.74 050 0.25
gemmag:27b 0.65 0.58 0.23
qwen3:30b 049 0.70 0.20
gpt-oss-120b (r=low) 0.71 048 0.20
gpt-o0ss-120b (r=medium) 0.70 0.48 0.18
gpt-0ss:20b (r=medium) 0.83 0.31 0.16
gpt-0ss-120b (r=high) 0.77 0.33 0.11
gwen2.5:3b 0.04 099 0.10
llama3.1:8b 0.33 0.67 -0.01
gwen3:8b 0.74 0.20 -0.08

Table 4: Performance of language models on the
FWP task. Models are evaluated using True Pos-
itive Rate (TPR) to measure the identification of
good pairings, True Negative Rate (TNR) for spot-
ting bad pairings, and the Matthews Correlation Co-
efficient (MCC) for a balanced assessment. Think-
ing is disabled for qwen models.

tributes from partial, language independent data is
a non-trivial capability. The food & wine pairing task
is clearly the most complex and serves as the pri-
mary differentiator between models. Performance
in this task, which compares LLM judgment with
sommelier judgment, was overall low. The high-
est score was a moderate 0.39 MCC from gemini-
2.5-flash, while several models scored around the
random baseline of 0.0 MCC (e.g., grok-4 at 0.01,
llama3.1:8b at -0.01, and qwen3:8b at -0.08), indi-
cating their predictions are no better than random
chance.

Open versus closed-weights models There is
a clear difference in performance between closed-
weights and open-weights models. All of the top-
performing models in the benchmark are closed-
weights models. The highest scoring open-weights
model, qwen3:30b (0.51), was outperformed by
nine of the eleven considered closed-weights mod-
els. This disparity is visually evident in Figure 3,
which shows closed-source models clustering in
the high-performance region while the performance

of open-weights models scales with model size,
following similar scaling laws as in Kaplan et al.
(2020).

Model Type Gemini-2.5-flash

Open Source 83
Closed Source
0.6 Gemini—2.5—p§)§
Qwen3-30b
o 0.5- Gemg3:27b .gpt—oss-120b-low/medium
(o]
((/)) .qpt—oss-ZOb-[ow/medium
0.4-
pt-oss-120b-high
LIama—3.1-8b.Q .g
wen3-8b
0.3
@Qwen2.5-3b
3 8 30 120
Model Size

Figure 3: Scaling behaviour. SommBench score
(y-axis) against number of parameters in billions
(x-axis). gemini-2.5-flash and gemini-2.5-pro are
plotted without a specific x-coordinate, as their pa-
rameter counts are undisclosed; they are included
as performance reference points only.

Cross-lingual consistency The gap between
open and closed weights models is largely ex-
plained by a lack of cross-lingual consistency in
open-weights models. While frontier models like
gemini-2.5-pro and gpt-5 demonstrated stability
across languages for WTQA and wine features
completion, open-weights models showed a perfor-
mance degradation in non-English languages. For
example, in the WTQA task, llama3.1:8b’s accuracy
fell from 0.70 in English to 0.27 in Slovak. A similar
decrease was observed for wine feature comple-
tion, where qwen3:30b scored 0.57 in English but
only 0.37 in Slovak. This suggests that for many
open-weights models, expert knowledge seems to
be stored in a language-independent manner but
tied to the linguistic context of the training data pro-
viding further evidence that language and cultural
knowledge is allocated in different spaces of the
models (Namazifard and Galke Poech, 2025).

Impact of reasoning Analysis of reasoning lev-
els using the gpt-oss models revealed a strong de-
pendency on the specific task. Performance on the
WTQA factual recall task increased steadily with
reasoning intensity. Conversely, performance on
the FWP judgment task peaked at the ’low’ setting
with higher levels being detrimental (reminiscent
of “overthinking”). The WFC task produced mixed
results: the ’low’ and ‘'medium’ settings were com-
parable for the 120b model, but the 'medium’ setting
performed better for the 20b variant. Notably, the
’high’ reasoning setting was catastrophic for both
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the FWP (0.11) and the WFC (0.07) tasks on the
120b model. The model engaged in flawed, com-
plex reasoning for FWP and failed to produce the
required structured output for WFC. This empha-
sizes that reasoning is highly contingent on specific
task demands, such as factual retrieval versus con-
strained generation.

Should you trust an AI/LLM sommelier? The
answer depends on the specific task and model.
For factual knowledge, top-tier closed-weights mod-
els like GPT-5 and gemini-2.5-pro demonstrate
near perfect accuracy. However, for nuanced, more
subjective tasks like food & wine pairing, current
models are not capable of emulating expert judg-
ment. This task is the most complex, with the high-
est performing model, gemini-2.5-flash, achieving
only a moderate (0.39 MCC) score. Several other
models perform at the chance level. Many mod-
els exhibit a strong positivity bias (the tendency
to approve rather than reject suggested pairings).
Positivity bias is a well-documented phenomenon in
LLMs, often discussed under the umbrella of syco-
phancy (Perez et al., 2023; Sharma et al., 2025).
However, unlike typical sycophancy studies where
a model agrees with an explicitly stated user opin-
ion, the SommBench FWP prompts are deliberately
neutral: the model is simply asked “Does the wine
pair well with the recipe? Yes or No,” with no user
preference disclosed. This makes FWP a clean test
of intrinsic approval bias rather than sycophantic
behavior in general.

Two complementary hypotheses may explain this
positivity bias. First, a training data hypothesis:
wine-related content on the web skews positive —
retail descriptions, food blogs, and pairing guides
tend to recommend pairings rather than reject them.
Models may therefore have learned a simplistic
prior that food + wine = good pairing. Second, an
RLHF hypothesis: preference tuning rewards help-
ful and agreeable outputs, which could further bias
models toward approval. Because our prompts
contain no user opinion to agree with, classical
sycophancy is unlikely to be the sole explanation;
the bias likely also reflects the skewed distribution
of pairing-related training data. The most extreme
case is GPT-40-mini, which predicted “yes” for 86%
of all pairings despite a perfectly balanced 50/50
ground truth, suggesting the model defaults to ap-
proval rather than exercising genuine pairing judg-
ment. Of 1,500 negative (expert-rejected) pairings,
GPT-40-mini incorrectly approved 1,226, resem-
bling an 82% false-positive rate. This suggests
that frontier models could reliably automate factual
wine descriptions, but deploying them as a virtual
sommelier for meal recommendations is inadvis-
able. Current models too often fail to distinguish a
genuinely good pairing from a poor one.

6. Conclusion

We introduced SommBench, an expert-curated
benchmark in eight languages designed to eval-
uate the cultural and cross-lingual capabilities of
large language models in the domain of sommelier
expertise. It comprises three tasks: wine theory
question answering, wine feature completion, and
food-wine pairing.

Evaluating multiple LLMs on SommBench re-
vealed key challenges in current state-of-the-art
models. While leading models possess strong fac-
tual knowledge, many open-weight models show
substantially lower performance in non-English lan-
guages, highlighting the need for more robust mul-
tilingual capabilities. Furthermore, we discovered a
positivity bias in the food-wine pairing task, demon-
strating that emulating subjective, expert-level judg-
ment remains a major challenge — even for frontier
language models.

SommBench highlights three critical challenges
for globally deployed LLMs: cross-lingual consis-
tency in culturally-grounded knowledge, the gap
between factual recall and expert judgment, and
the multilingual capabilities required for culturally
situated domains. Addressing these challenges is
crucial for developing language models that can be
trusted across linguistic and cultural contexts.

Future Work Building on our findings, we iden-
tify four directions for extending SommBench. (1)
Collecting annotations from a diverse panel of cer-
tified sommeliers to measure inter-annotator agree-
ment and derive a consensus-based ground truth.
(2) Making the food-wine pairing task fully multi-
lingual by providing complete recipe descriptions
in all eight target languages. (3) Enriching wine
feature completion with subjective sensory descrip-
tors, such as tasting notes and aroma profiles. (4)
Moving beyond binary classification to a generative
pairing task in which models recommend wines
and justify their choices in natural language.

7. Limitations

+ All tasks are based on the annotations of a
single master sommelier, and no formal inter-
annotator agreement study was conducted.
This single-annotator design was a deliberate
methodological choice: wine evaluation is in-
herently subjective, and using a single con-
sistently calibrated expert eliminates the noise
that arises from reconciling conflicting opinions
across annotators, a well-known challenge in
subjective annotation tasks. The benchmark
therefore measures alignment with a coher-
ent, expert-level standard rather than an aggre-
gated consensus, which we argue is more ap-
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propriate for a domain where even certified pro-
fessionals routinely disagree on pairings and
tasting descriptors. We acknowledge this as a
limitation and plan to extend future iterations
with annotations from a diverse panel of som-
meliers, enabling formal inter-annotator agree-
ment analysis and a more robust, consensus-
based ground truth.

» The FWP task is limited to English. Unlike the
structured inputs of WTQA and WFC, FWP
relies on full recipe descriptions whose transla-
tion and re-validation across eight languages
would require considerable expert effort. This
limits the benchmark’s ability to evaluate cross-
lingual and culturally-adaptive reasoning in the
context of food-wine pairing, and extending
FWP multilingually is a priority for future work.

» The WFC task focuses on objective, struc-
tured attributes (e.g., alcohol content, country
of origin, acidity level) and does not evaluate
a model’s ability to generate the rich, subjec-
tive sensory descriptors, such as tasting notes
and aroma profiles, that are fundamental to
sommelier expertise.

» The benchmark currently covers eight Euro-
pean languages, selected to represent several
major wine-producing and wine-consuming
cultures. However, this scope is not globally
representative. Expanding to additional lan-
guages, particularly from wine regions in the
Americas, Africa, and Asia, would be a valu-
able step toward a truly global evaluation of
wine expertise.

8. Ethical Considerations

We have developed a multilingual sommelier bench-
mark. The benchmark has been developed in con-
junction with a recognized, award-winning som-
melier and with native speaker validation in the
respective languages. We do not expect that this
benchmark would incur any new risks (other than,
potentially, mispredicted wine & food pairings), but
rather contributes to evaluating how fairly language
model capabilities are distributed across languages
and cultures. SommBench is intended strictly as
a research benchmark and should not be used to
replace the expertise of trained sommeliers. Given
the limitations observed in the food-wine pairing
task, results should not be used to market Al sys-
tems as reliable wine advisors. As the dataset
concerns the alcohol domain, responsible deploy-
ment considerations should be taken into account
in any downstream application. The dataset does
not contain any personally identifiable information.

9. Author Contributions

We list author contributions according to the Con-
tributor Roles Taxonomy (CRediT)?:

« Conceptualization: W. Brach, L. Galke

Poech

+ Data curation: J. Dupouy (en), W. Brach
(en, sk), T. Bedej (en), J. Pichna (fi), L. Galke
Poech (de), E. Saarensilta (fi), J. Nielsen (dk),
G. Barmina (it), A. Blasi Nufiez (es)

« Formal analysis: W. Brach, L. Galke Poech
+ Investigation: W. Brach, J. Nielsen
 Project administration: W. Brach

» Software: W. Brach

« Writing — original draft: W. Brach, L. Galke
Poech.

* Writing — review & editing: W. Brach,
J. Pichna, L. Galke Poech, J. Nielsen,
G. Barmina, A. Blasi Nunez, J. Pichna,
E. Saarensilta

» Funding acquisition: K. Kosfal, M. Ries,
P. Schneider-Kamp

» Supervision: L. Galke Poech, K. Kosfal,
M. Ries, P. Schneider-Kamp

10. Acknowledgements

This work was supported by the Science Grant
Agency - project VEGA 1/0300/25. This work was
further supported in parts by the strategic initiative
on Danish Foundation Models.

References

Muhammad Farid Adilazuarda, Sagnik Mukherjee,
Pradhyumna Lavania, Siddhant Shivdutt Singh,
Alham Fikri Aji, Jacki O’'Neill, Ashutosh Modi, and
Monoijit Choudhury. 2024. Towards measuring
and modeling “culture” in LLMs: A survey. In Pro-
ceedings of the 2024 Conference on Empirical
Methods in Natural Language Processing, pages
15763—-15784, Miami, Florida, USA. Association
for Computational Linguistics.

Thoranna Bender, Simon Mge Sarensen, Alireza
Kashani, K Eldjarn Hjorleifsson, Grethe Hyldig,
Seren Hauberg, Serge Belongie, and Frederik
Warburg. 2023. Learning to taste: A multimodal
wine dataset. arXiv preprint arXiv:2308.16900.

?https://credit.niso.org

490


https://doi.org/10.18653/v1/2024.emnlp-main.882
https://doi.org/10.18653/v1/2024.emnlp-main.882
https://credit.niso.org

Bernard Chen. 2022. Wineinformatics: A New Data
Science Application. Springer Nature.

Davide Chicco and Giuseppe Jurman. 2020. The
advantages of the matthews correlation coeffi-
cient (mcc) over f1 score and accuracy in bi-
nary classification evaluation. BMC genomics,
21(1):6.

Yu Ying Chiu, Liwei Jiang, Bill Yuchen Lin,
Chan Young Park, Shuyue Stella Li, Sahithya
Ravi, Mehar Bhatia, Maria Antoniak, Yulia
Tsvetkov, Vered Shwartz, and Yejin Choi. 2025.
Culturalbench: A robust, diverse, and challeng-
ing cultural benchmark by human-ai culturalteam-
ing.

Gheorghe Comanici, Eric Bieber, Mike Schaeker-
mann, Ice Pasupat, Noveen Sachdeva, and et al.
2025. Gemini 2.5: Pushing the frontier with ad-
vanced reasoning, multimodality, long context,
and next generation agentic capabilities.

Arnaud De Myttenaere, Boris Golden, Bénédicte
Le Grand, and Fabrice Rossi. 2016. Mean ab-
solute percentage error for regression models.
Neurocomputing, 192:38—48.

Anastasia Eschevins, Agnés Giboreau, Perrine
Julien, and Catherine Dacremont. 2019. From ex-
pert knowledge and sensory science to a general
model of food and beverage pairing with wine
and beer. International Journal of Gastronomy
and Food Science, 17:100144.

Aaron Grattafiori, Abhimanyu Dubey, Abhinav
Jauhri, Abhinav Pandey, Abhishek Kadian, Ah-
mad Al-Dahle, Aiesha Letman, Akhil Mathur,
Alan Schelten, Alex Vaughan, Amy Yang, An-
gela Fan, Anirudh Goyal, and et al. 2024. The
llama 3 herd of models.

Dan Hendrycks, Collin Burns, Steven Basart, Andy
Zou, Mantas Mazeika, Dawn Song, and Jacob
Steinhardt. 2021. Measuring massive multitask
language understanding.

Daniel Hershcovich, Stella Frank, Heather Lent,
Miryam de Lhoneux, Mostafa Abdou, Stephanie
Brandl, Emanuele Bugliarello, Laura Cabello Pi-
queras, llias Chalkidis, Ruixiang Cui, Constanza
Fierro, Katerina Margatina, Phillip Rust, and An-
ders Sggaard. 2022. Challenges and strategies
in cross-cultural NLP. In Proceedings of the 60th
Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers),
pages 6997-7013, Dublin, Ireland. Association
for Computational Linguistics.

Jared Kaplan, Sam McCandlish, Tom Henighan,
Tom B Brown, Benjamin Chess, Rewon Child,
Scott Gray, Alec Radford, Jeffrey Wu, and Dario

491

Amodei. 2020. Scaling laws for neural language
models. arXiv preprint arXiv:2001.08361.

Yanis Labrak, Adrien Bazoge, Oumaima El Khettari,
Mickael Rouvier, Pacome Constant Dit Beaufils,
Natalia Grabar, Béatrice Daille, Solen Quiniou,
Emmanuel Morin, Pierre-Antoine Gourraud, and
Richard Dufour. 2024. DrBenchmark: A large
language understanding evaluation benchmark
for French biomedical domain. In Proceedings
of the 2024 Joint International Conference on
Computational Linguistics, Language Resources
and Evaluation (LREC-COLING 2024), pages
5376-5390, Torino, Italia. ELRA and ICCL.

Chen Cecilia Liu, Iryna Gurevych, and Anna Korho-
nen. 2025. Culturally aware and adapted nlip:
A taxonomy and a survey of the state of the
art. Transactions of the Association for Com-
putational Linguistics, 13:652—689.

Melissa Manske and Glenn Cordua. 2005. Un-
derstanding the sommelier effect. International
journal of contemporary hospitality management,
17(7):569-576.

Junho Myung, Nayeon Lee, Yi Zhou, Jiho Jin,
Rifki Afina Putri, Dimosthenis Antypas, Hsuvas
Borkakoty, Eunsu Kim, Carla Perez-Almendros,
Abinew Ali Ayele, Victor Gutiérrez-Basulto,
Yazmin Ibanez-Garcia, Hwaran Lee, Sham-
suddeen Hassan Muhammad, Kiwoong Park,
Anar Sabuhi Rzayev, Nina White, Seid Muhie Yi-
mam, Mohammad Taher Pilehvar, Nedjma Ousid-
houm, Jose Camacho-Collados, and Alice Oh.
2025. Blend: A benchmark for lIms on everyday
knowledge in diverse cultures and languages.

Danial Namazifard and Lukas Galke Poech. 2025.
Isolating culture neurons in multilingual large lan-
guage models. arXiv preprint arXiv:2508.02241.

Jens Nevens, Robin de Haes, Rachel Ringe, Mi-
hai Pomarlan, Robert Porzel, Katrien Beuls, and
Paul van Eecke. 2024. A benchmark for recipe
understanding in artificial agents. In Proceedings
of the 2024 Joint International Conference on
Computational Linguistics, Language Resources
and Evaluation (LREC-COLING 2024), pages
22-42, Torino, ltalia. ELRA and ICCL.

Shiwen Ni, Guhong Chen, Shuaimin Li, Xuanang
Chen, Siyi Li, Bingli Wang, Qiyao Wang, Xingjian
Wang, Yifan Zhang, Liyang Fan, Chengming Li,
Ruifeng Xu, Le Sun, and Min Yang. 2025. A
survey on large language model benchmarks.

OpenAl, :, Aaron Hurst, Adam Lerer, Adam P.
Goucher, Adam Perelman, Aditya Ramesh,
Aidan Clark, AJ Ostrow, and et al. 2024. Gpt-40
system card.


http://arxiv.org/abs/2410.02677
http://arxiv.org/abs/2410.02677
http://arxiv.org/abs/2410.02677
http://arxiv.org/abs/2507.06261
http://arxiv.org/abs/2507.06261
http://arxiv.org/abs/2507.06261
http://arxiv.org/abs/2407.21783
http://arxiv.org/abs/2407.21783
http://arxiv.org/abs/2009.03300
http://arxiv.org/abs/2009.03300
https://doi.org/10.18653/v1/2022.acl-long.482
https://doi.org/10.18653/v1/2022.acl-long.482
https://aclanthology.org/2024.lrec-main.478/
https://aclanthology.org/2024.lrec-main.478/
https://aclanthology.org/2024.lrec-main.478/
http://arxiv.org/abs/2406.09948
http://arxiv.org/abs/2406.09948
https://aclanthology.org/2024.lrec-main.3/
https://aclanthology.org/2024.lrec-main.3/
http://arxiv.org/abs/2508.15361
http://arxiv.org/abs/2508.15361
http://arxiv.org/abs/2410.21276
http://arxiv.org/abs/2410.21276

OpenAl. 2025a. gpt-oss-120b & gpt-0ss-20b model
card.

OpenAl. 2025b. Introducing gpt-4.1 in the api.
https://openai.com/index/gpt—-4-1/.
Accessed: 2025-10-22.

OpenAl.  2025c. Introducing  gpt-
5. https://openai.com/index/
introducing-gpt-5/. Accessed: 2025-10-
22.

Mario O Parra, Jesus Favela, Luis A Castro, and
Daniel Gatica-Perez. 2024. Towards wine tast-
ing activity recognition for a digital sommelier. In
Companion Proceedings of the 26th International
Conference on Multimodal Interaction, pages
108-112.

Ethan Perez, Sam Ringer, Kamile Lukosiute, Karina
Nguyen, Edwin Chen, Scott Heiner, Craig Pet-
tit, Catherine Olsson, Sandipan Kundu, Saurav
Kadavath, et al. 2023. Discovering language
model behaviors with model-written evaluations.
In Findings of the Association for Computational
Linguistics: ACL 2023, pages 13387-13434,
Toronto, Canada. Association for Computational
Linguistics.

David Pomerenke, Jonas Nothnagel, and Simon
Ostermann. 2025. The ai language proficiency
monitor — tracking the progress of llIms on multi-
lingual benchmarks.

Mrinank Sharma, Meg Tong, Tomasz Korbak, David
Duvenaud, Amanda Askell, Samuel R. Bow-
man, Newton Cheng, Esin Durmus, Zac Hatfield-
Dodds, Scott R. Johnston, Shauna Kravec, Timo-
thy Maxwell, Sam McCandlish, Kamal Ndousse,
Oliver Rausch, Nicholas Schiefer, Da Yan, Mi-
randa Zhang, and Ethan Perez. 2025. Towards
understanding sycophancy in language models.

Shivalika Singh, Angelika Romanou, Clémentine
Fourrier, David | Adelani, Jian Gang Ngui, Daniel
Vila-Suero, Peerat Limkonchotiwat, Kelly Marchi-
sio, Wei Qi Leong, Yosephine Susanto, et al.
2024. Global mmlu: Understanding and address-
ing cultural and linguistic biases in multilingual
evaluation. arXiv preprint arXiv:2412.03304.

Gemma Team, Aishwarya Kamath, Johan Ferret,
Shreya Pathak, Nino Vieillard, Ramona Merhej,
Sarah Perrin, Tatiana Matejovicova, Alexandre
Ramé, and et al. 2025. Gemma 3 technical re-
port.

Qwen Team. 2024. Qwen2.5: A party of foundation
models.

Franziska Weeber, Tanise Ceron, and Sebastian
Padd. 2025. Do political opinions transfer be-
tween western languages? an analysis of un-
aligned and aligned multilingual llims. arXiv
preprint arXiv:2508.05553.

xAl. 2025. Grok 4. https://x.ai/news/
grok-4. Accessed: 2025-10-22.

An Yang, Anfeng Li, Baosong Yang, Beichen
Zhang, Binyuan Hui, and et al. 2025. Qwen3
technical report.

Xiang Yue, Yuansheng Ni, Kai Zhang, Tianyu
Zheng, Ruoqi Liu, Ge Zhang, Samuel Stevens,
Dongfu Jiang, Weiming Ren, Yuxuan Sun, Cong
Wei, Botao Yu, Ruibin Yuan, Renliang Sun, Ming
Yin, Boyuan Zheng, Zhenzhu Yang, Yibo Liu,
Wenhao Huang, Huan Sun, Yu Su, and Wenhu
Chen. 2024. Mmmu: A massive multi-discipline
multimodal understanding and reasoning bench-
mark for expert agi. In Proceedings of CVPR.

492


http://arxiv.org/abs/2508.10925
http://arxiv.org/abs/2508.10925
https://openai.com/index/gpt-4-1/
https://openai.com/index/introducing-gpt-5/
https://openai.com/index/introducing-gpt-5/
https://doi.org/10.18653/v1/2023.findings-acl.847
https://doi.org/10.18653/v1/2023.findings-acl.847
http://arxiv.org/abs/2507.08538
http://arxiv.org/abs/2507.08538
http://arxiv.org/abs/2507.08538
http://arxiv.org/abs/2310.13548
http://arxiv.org/abs/2310.13548
http://arxiv.org/abs/2503.19786
http://arxiv.org/abs/2503.19786
https://qwenlm.github.io/blog/qwen2.5/
https://qwenlm.github.io/blog/qwen2.5/
https://x.ai/news/grok-4
https://x.ai/news/grok-4
http://arxiv.org/abs/2505.09388
http://arxiv.org/abs/2505.09388

A. Prompts

This section presents the prompt templates used
for each task. WTQA prompts are shown in all
eight languages, followed by the FWP and WFC
prompts.

Across all tasks, prompts were designed to min-
imise variance unrelated to domain knowledge. We
therefore kept the instruction format stable, used
explicit output constraints, and avoided additional
chain-of-thought style guidance that could advan-
tage some model families over others. The aim
was to measure sommelier competence rather than
prompt-following creativity.

For WTQA, each language version is a close
translation of the same underlying instruction tem-
plate. Native-speaker validators checked not only
grammatical correctness but also whether wine-
specific terminology retained the intended register
and meaning. This is especially important in a
domain where terms such as appellations, produc-
tion methods, and tasting vocabulary are often bor-
rowed across languages or only partially translated
in practice.

For WFC and FWP, the prompts were likewise
kept intentionally direct. In WFC, the structured out-
put requirement tests whether models can reliably
map partial evidence into a canonical schema. In
FWP, the binary decision format prevents hedging
and forces a clear judgment, making it easier to
study approval bias and disagreement with expert
labels.

Si expert someliér.

Tvojou ulohou je odpovedat na nasle-—
dujucu otdzku s moZnostou vyberu z
viacerych odpovedi.

Tvoja odpoved MUSI byt jediné pismeno
(A, B, C alebo D) a nic¢ iné.

Otéazka: {question}

Spravna odpoved Jje (A, B, C alebo D):

Figure 5: Prompt used for Slovak WTQA.

Optred som en ekspert-sommelier.

Din opgave er at besvare fglgende mul-
tiple choice-spgrgsmal.

Dit svar SKAL vere et enkelt bogstav
(A, B, C eller D) og intet andet.

Sporgsmal: {question}
Valgmuligheder:

(A) {a}

(B) {b}

(C) {ct}

(D) {d}

Korrekt svar (A, B, C eller D):

Act as an expert sommelier.

Your task is to answer the following
multiple—-choice question.

Your response MUST be a single letter
(A, B, C, or D) and nothing else.

Question: {question}
Options:
(a) {a}
(B) {b}
(C) {c}
(D) {d}

Figure 6: Prompt used for Danish WTQA.

Correct Answer (A, B, C, or D):

Figure 4: Prompt used for English WTQA.
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Verhalten Sie sich wie ein erfahrener
Sommelier.

Thre Aufgabe ist es, die folgende
Multiple—-Choice-Frage zu beantworten.
Ihre Antwort MUSS aus einem einzigen
Buchstaben (A, B, C oder D) bestehen
und darf nichts anderes enthalten.

Frage: {question}
Optionen:

(a) {a}

(B) {b}

(C) {c}

(D) {d}

Richtige Antwort (A, B, C oder D):

Figure 7: Prompt used for German WTQA.




Agisci come un sommelier esperto.

Il tuo compito e rispondere alla
seguente domanda a scelta multipla.
La tua risposta DEVE essere una sola
lettera (A, B, C o D) e nient’altro.

Domanda: {question}
Opzioni:

(a) {a}

(B) {b}

(C) {c}

(D) {d}

Risposta corretta (A, B, C o D):

Toimi sommelier—asiantuntijana.
Tehtdavandsi on vastata seuraavaan moni-
valintakysymykseen.

Vastauksesi on oltava yksi kirjain (A,
B, C tai D) eikd mitd&n muuta.

Kysymys: {question}
Vaihtoehdot:

(A) {a}

(B) {b}

(C) {c}

(D) {d}

Oikea vastaus (A, B, C tai D):

Figure 8: Prompt used for Italian WTQA.

Actua como un sumiller experto.

Tu tarea consiste en responder a la
siguiente pregunta de opcidén multiple.
Su respuesta DEBE ser una sola letra
(A, B, C o D) y nada més.

Pregunta: {question}
Opciones:

(a) {a}

) {b}
) {c}
) {d}

Respuesta correcta (A, B, C o D):

Figure 9: Prompt used for Spanish WTQA.

Agera som en expert-sommelier.

Din uppgift dr att svara pa foéljande
flervalsfraga.

Ditt svar MASTE bestd av en enda bok-
stav (A, B, C eller D) och inget annat.
Fraga: {question}
Alternativ:

() {a}

) {b}
) {c}
) {d}

R&tt svar (A, B, C eller D):

Figure 10: Prompt used for Swedish WTQA.

Figure 11: Prompt used for Finnish WTQA.

The following prompt was used for the Food &
Wine Pairing (FWP) binary classification task.

Act as an expert sommelier.

Your task is to evaluate the pairing of
a given wine and recipe.

Your response MUST be Yes or No and
nothing else.

Recipe: {recipe}
Wine: {wine}

Does the wine pair well with the

recipe? Yes or No:

Figure 12: Prompt used for the Food & Wine Pairing
task.

The following prompt was used for the Wine Fea-
ture Classification (WFC) structured extraction task.

494



Analyze the following wine description:
{passage}

Based on this text, populate ALL fields
of the required JSON structure.

For any attributes not explicitly men-—
tioned, predict the most likely value
based on the other information pro-
vided,
adheres to the required data type and

ensuring the predicted wvalue

enum constraints.

Required JSON fields:

- type: "red" "white" "rose" |
"sparkling" | "dessert" | "fortified"
- sugar: float (residual sugar in g/L)
— alcohol: float (alcohol content in
%)

- country: str (production country)

- region: str (geographical region or
appellation)

- grapes: list[str] (primary grape va-
rietals)

- dryness: "dry" | "medium dry" |

"medium sweet" | "sweet"

- body: "light bodied" | "medium bod-
ied" | "full bodied"

- acidity: "slightly acidic" | "medium
acidic" | "acidity" | "very acidic"

Figure 13: Prompt used for the Wine Feature
Completion task. The model receives a partial wine
description and must populate all fields of the required
JSON structure.

B. Example WTQA Questions

Table 5 shows example questions from the Wine
Theory Question-Answering task, with two ques-
tions per difficulty level.

These examples illustrate how difficulty in-
creases from basic terminology to highly spe-
cialised oenological knowledge. The progression
is important for interpreting the main results: very
strong aggregate WTQA performance does not
only reflect success on introductory concepts, but
also competence on questions that require famil-
iarity with region-specific terminology, vinification
procedures, and certification-style theory.

Level 1: What does “spumante” mean? Op-
tions: (A) Sparkling; (B) Still; (C) Semi-
sparkling; (D) Flat. Correct answer: A.
What does “frizzante” mean? Options:
(A) Still; (B) Sparkling; (C) Dry; (D) Lightly
sparkling. Correct answer: D.

Level 2: What is the term for removing sediment
from Champagne? Options: (A) Dis-
gorgement; (B) Riddling; (C) Dosage; (D)

Assemblage. Correct answer: A.

Where was Pinotage developed? Op-
tions: (A) Australia; (B) South Africa; (C)
New Zealand; (D) Chile. Correct answer:
B.

Level 3: What is batonnage? Options: (A) Stir-

ring the lees; (B) Punching down the cap;
(C) Racking the wine; (D) Fining the wine.
Correct answer: A.
What are the four main styles of Madeira
(driest to sweetest)? Options: (A) Tinta
Negra, Verdelho, Bual, Malmsey; (B)
Verdelho, Sercial, Malmsey, Bual; (C)
Malmsey, Bual, Verdelho, Sercial; (D)
Sercial, Verdelho, Bual, Malmsey. Cor-
rect answer: D.

Level 4: What is the German term for noble
rot? Options: (A) Trockenbeerenauslese;
(B) Spéatlese; (C) Edelfaule; (D) Beere-
nauslese. Correct answer: C.
What vine training system is used in Al-
sace? Options: (A) Pergola; (B) Bush
vine; (C) Cordon; (D) Guyot. Correct an-
swer: D.

Table 5: Example questions from the WTQA task across
all four difficulty levels. Level 1 covers basic wine
terminology, Level 2 tests intermediate knowledge,
Level 3 requires advanced understanding, and Level 4
targets expert-level oenological knowledge.

C. Dataset Statistics

Tables 6 and 7 summarise the composition of each
benchmark task.

We include these statistics to make the bench-
mark design more transparent and to contextualise
the reported model scores. The WTQA distribution
is intentionally skewed toward intermediate and
advanced questions, reflecting the fact that profes-
sional wine knowledge extends well beyond basic
terminology. Likewise, the WFC distribution follows
the empirical availability of retailer data rather than
an artificially balanced sampling scheme, making
the task closer to practical catalogue-completion
settings.

Level Count | Description

Level 1 8 | Basic wine terminology

Level 2 33 | Intermediate knowledge

Level 3 66 | Advanced understanding

Level 4 21 | Expert-level oenology

Total 128 | per language (1,024 across 8)

Table 6: WTQA question distribution by difficulty level.
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Wine Type Count
White 283
Sparkling 270
Red 231
Rosé 161
Dessert / Fortified 55
Total 1,000

Table 7: WFC wine profile distribution by type. The five
most represented countries are France (346), ltaly (182),
Spain (138), Germany (76), and Austria (44).

For the WFC masking strategy, approximately
40% of profiles have a single attribute masked, 30%
have two attributes masked, and 30% have three
attributes masked, as described in the main text.

The FWP dataset is perfectly balanced with 500
positive (good pairing) and 500 negative (bad pair-
ing) examples.

This balance is particularly important for inter-
preting FWP scores. Because the task contains
equal numbers of positive and negative examples,
models cannot obtain strong results simply by over-
predicting one class. As a consequence, the gap
between true positive and true negative rates of-
fers a direct view into whether a model behaves
like a cautious evaluator or defaults to approving
pairings.

C.1.

Table 8 shows three representative wine profiles
from the WFC dataset. Fields marked with [2] are
masked and must be predicted by the model.

Example WFC Entries

» Barone Pizzini Animante Franciacorta Dosag-
gio Zero: type = sparkling; sugar = 1.0 g/L; alco-
hol = 12.0%; country = ltaly; region = Lombardy;
grapes = Pinot Blanc, Pinot Noir, Chardonnay;
dryness = dry; acidity = [2]; body = full bodied.

* Riunite Il Fojonco Lambrusco: type = red;
sugar = 41.0 g/L; alcohol = 8.0%; country = ltaly;
region = Emilia-Romagna; grapes = Lambrusco
Grasparossa; dryness = medium sweet; acidity
= [?]; body = medium bodied.

« St. Stephan’s Crown Tokaji Aszu 5 Puttonyos
2019: type = dessert; sugar = 154.0 g/L; alco-
hol = 12.0%; country = Hungary; region = Tokaj-
Hegyalja; grapes = Furmint; dryness = sweet;
acidity = acidic; body = [?].

Table 8: Example wine profiles from the WFC dataset.
Models receive profiles with selected attributes replaced
by [?]1 and must predict the missing values.

C.2. Example FWP Entries

Table 9 shows representative food—wine pairings
from the FWP dataset, including both expert-
validated good pairings and bad pairings.

« yes: Riesling Blend, Domaine Weinbach, Alsace
2023 — Steamed lobster; kumquat and charred
cucumber, spiced shellfish-citrus broth.

» yes: Amontillado Sherry, Lustau, Andalucia —
Slowly baked patty pan filled with guajilla and
ancho pepper; mole sauce.

* no: llramato Pinot Grigio 2022 — Wild rabbit,
langoustine and Jerusalem artichoke crumble
with wild garlic crust.

» no: Arthur Metz Vin d’Alsace 2021 — Mini Christ-
mas cakes.

Table 9: Example entries from the FWP dataset. Good
pairings (yes) are sourced from sommelier
recommendations; bad pairings (no) are deliberately
mismatched combinations validated by domain experts.

D. Full results

This section provides extended results for the FWP
and WFC tasks. We first report full FWP metrics
including F1 scores along with a visual compari-
son, followed by a per-attribute breakdown of WFC
accuracy.

The appendix tables make three recurring pat-
terns easier to see. First, frontier models are al-
ready very strong on factual recall, but that strength
does not transfer cleanly to judgment-heavy pairing
decisions. Second, WFC performance is uneven
across attributes: discrete fields such as wine type
and country are generally easier than body, acidity,
and sugar. Third, several models achieve accept-
able overall scores while still displaying pronounced
class imbalance or weak calibration, which is why
the per-metric view remains informative even when
the main paper already reports aggregate results.

Model TPR | TNR | F1 | MCC
gemini-2.5-flash 0.59 | 0.79 | 0.69 | 0.39
gpt-4.1 0.72 | 0.53 | 0.62 | 0.25
gemmag3:27b 0.65 | 0.58 | 0.61 | 0.23
qwen3:30b 0.49 | 0.70 | 0.59 | 0.20
gpt-4.1-mini 0.78 | 0.40 | 0.58 | 0.20
gpt-4o 0.72 | 0.46 | 0.59 | 0.19
gpt-0ss:20b 0.76 | 043 | 0.58 | 0.19
gpt-5 0.58 | 0.59 | 0.58 | 0.17
gpt-oss-120b 0.69 | 0.46 | 0.57 | 0.15
gpt-4o0-mini 0.90 | 0.18 | 0.47 | 0.12
gemini-2.5-pro 068 | 044 | 0.55 | 0.12
gemini-2.5-flash-lite | 0.83 | 0.21 | 0.47 | 0.06
grok-4-fast 0.87 | 0.16 | 0.45 | 0.05
grok-4 0.81 | 0.20 | 0.45 | 0.01
llama3.1:8b 0.33 | 0.67 | 0.48 | -0.01
gpt-4.1-nano 0.81 | 0.17 | 0.43 | -0.02
qwen3:8b 0.74 | 0.20 | 0.43 | -0.08
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Table 10: Performance of language models on the FWP
task. Models are evaluated using True Positive Rate
(TPR), True Negative Rate (TNR), F1 score, and
Matthews Correlation Coefficient (MCC).

D.1. Per-Attribute WFC Breakdown

Table 11 shows the per-attribute WFC breakdown,
split into two narrow appendix tables for readability.
Discrete attributes such as wine type and country of
origin are predicted near-perfectly by most models,
whereas continuous or subjective attributes sugar,
body, and acidity remain the most challenging.

Model Type Country Region Grapes Dry.
Closed-Weights

gpt-5 1.00 1.00 0.43 0.81 0.63
gemini-2.5-pro 0.99 0.99 0.77 0.87 0.57
grok-4 1.00 1.00 0.68 082 0.63
gemini-2.5-flash 1.00 1.00 0.85 0.86 0.59
gpt-4.1 1.00 1.00 0.81 0.84 0.56
grok-4-fast 0.99 1.00 0.58 0.79  0.63
gem.-2.5-flash-lite 1.00 0.98 0.68 0.84 0.42
gpt-40 1.00 1.00 0.87 0.92 0.54
gpt-40-mini 0.98 1.00 0.68 0.87 0.55
gpt-4.1-mini 0.97 1.00 0.72 0.89 0.55
gpt-4.1-nano 0.83 0.98 0.54 0.83 0.35
Open-Weights

gpt-0ss-120b (r=low) 0.32 0.13 0.54 0.86 0.64
gpt-0ss-120b (r=medium) 0.37 0.15 0.55 0.86 0.60
gpt-oss-120b (r=high) 0.06 0.01 0.12 0.15 0.09
qwen3:30b 0.41 0.76 0.55 0.84 0.52
gemma3:27b 0.87 0.59 0.47 0.80  0.70
gpt-0ss:20b (r=low) 0.26 0.14 0.51 0.69 0.50
gpt-0ss:20b (r=medium) 0.32 0.09 0.49 0.77 0.57
qwen3:8b 0.48 0.67 0.47 0.77 0.51
llama3.1:8b 0.45 0.61 0.38 0.74 0.65
qwen2.5:3b 0.24 0.21 0.05 0.43 0.38

Table 11: Per-attribute WFC accuracy for structural
attributes (type, country, region, grapes, and dryness),
aggregated across all eight languages. Best values per

group are in bold.

Model Body Acid. Alc. Sugar
Closed-Weights

gpt-5 0.19 0.12 091 0.06
gemini-2.5-pro 024 0.13 091 0.10
grok-4 0.18 0.06 0.88 0.21
gemini-2.5-flash 0.21 0.18 0.87 0.12
gpt-4.1 0.15 0.18 0.94 0.14
grok-4-fast 020 0.12 0.82 0.17
gem.-2.5-flash-lite 023 0.17 0.72 0.12
gpt-40 0.18 0.18 0.88 0.12
gpt-40-mini 0.26 0.17 0.93 0.17
gpt-4.1-mini 023 0.18 0.79 0.15
gpt-4.1-nano 0.21 0.16 0.67 0.12
Open-Weights

gpt-0ss-120b (r=low) 0.18 0.15 0.71 0.19
gpt-oss-120b (r=medium) 0.19 0.15 0.60 0.18
gpt-0ss-120b (r=high) 0.03 0.05 0.05 0.05
qwen3:30b 0.19 0.16 0.69 0.18
gemma3:27b 022 0.15 0.70 0.13
gpt-0ss:20b (r=low) 0.15 0.15 043 0.18
gpt-0ss:20b (r=medium) 0.22 0.19 0.57 0.21
qwen3:8b 0.14 0.09 0.62 0.16
llama3.1:8b 0.14 0.13 0.65 0.17
qwen2.5:3b 0.14 0.12 043 0.17

Table 12: Continuation of Table 11, reporting body,
acidity, alcohol, and sugar accuracy for the WFC task.
Best values per group are in bold.
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