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Abstract

As LLMs advance, popular commonsense
and NLU benchmarks have become saturated,
while multilingual evaluation still lags. Ex-
isting benchmarks cover few languages, and
translation-based multilingual benchmarks can
introduce bias. We introduce HellaSwagUltra,
a multilingual commonsense and NLU bench-
mark with substantial local cultural knowledge,
built by an automated and continuously exten-
sible pipeline. Rather than explicitly prompt-
ing for reasoning, each example embeds two
commonsense or local knowledge facts in the
context, and answer options include subtle
cues about whether those facts are violated,
requiring models to choose the most plausi-
ble continuation. We release a 2,926-item
HellaSwagUltra-Gold subset fully reviewed
and corrected by language experts, with on-
going updates. On this human-verified sub-
set, even the strongest proprietary model (e.g.,
Gemini-2.5-Pro) reaches only 62.5% accuracy,
while GPT-40 and leading open-source models
hover around 40%-50%, demonstrating that
multilingual commonsense reasoning remains
an open challenge.

1 Introduction

LLM development is shifting decisively toward
multilinguality. Modern academic and commer-
cial models increasingly claim competence across
dozens or even hundreds of languages, moving
beyond an English-centric paradigm. For exam-
ple, Gemma3 (Team et al., 2025) reports cover-
age of 140 plus languages, and Qwen3 (Yang
et al., 2025) supports 119 languages and dialects.
Closed-source systems such as ChatGPT (OpenAl
et al., 2024), Claude (Anthropic, 2025), and Gem-
ini (Team et al., 2024a) also emphasize multilin-
gual performance, although exact coverage is often
undisclosed.

*Corresponding authors.

Multilingual evaluation has not kept pace with
rapid LLM progress, and multilingual common-
sense reasoning remains especially underexplored.
The core obstacle is data scarcity: for most lan-
guages beyond English, both data quality and scale
are far weaker. A common workaround is to trans-
late English benchmarks (Lai et al., 2023; Huang
et al., 2025; Singh et al., 2025), but this often in-
troduces translation errors and cultural bias. Re-
cent native multilingual suites such as CMMLU
(Li et al., 2024), INCLUDE (Romanou et al.,
2024), and MultiLoKo (Hupkes and Bogoychev,
2025) help reduce these issues, yet they are largely
sourced from Wikipedia style text or exam ques-
tions. As a result, they emphasize factual knowl-
edge and still fall short on the key capabilities that
multilingual evaluation should stress: natural lan-
guage understanding and commonsense reasoning.

A second challenge is that commonsense
benchmarks are inherently harder to build than
knowledge-based test sets. There are no large pools
of ready-made questions, so construction typically
requires creating scenarios, designing plausible dis-
tractors, and obtaining nuanced human judgments.
This is further complicated by the fact that com-
monsense questions often lack a single definitive
answer. Meanwhile, widely used benchmarks such
as HellaSwag (Zellers et al., 2019), StoryCloze
(Mostafazadeh et al., 2016), and CommonsenseQA
(Talmor et al., 2019) are saturated, with strong
LLMs already scoring above 90 percent. Scaling
them with more human annotation is expensive and
offers limited headroom for increasing difficulty.
Figure 1 contrasts HellaSwag with our proposed
HellaSwagUltra. While classic benchmarks like
HellaSwag are often vulnerable to shallow lexi-
cal shortcuts, HellaSwagUltra elevates reasoning
difficulty by implicitly embedding multiple com-
monsense facts into culturally grounded narratives,
requiring models to jointly verify nuanced physical
and cultural constraints.
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Context: Then, the man writes over the snow covering the window of a car, and a woman wearing winter clothes smiles. then ...
Continuations:
A. the man adds wax to the windshield and cuts it.
B. a person board a ski lift, while two men supporting the head of the person wearing winter clothes snow as the we girls sled.

C. the man puts on a christmas coat, knitted with netting.

D. the man continues removing the snow on his car.

Context: In the dim light of the kitchen, Leo pulled a ceramic plate of cold leftovers from the refrigerator. He placed a metal fork on the food, slid the plate
into the microwave, and set the timer for one minute before immediately cancelling it. From the doorway, Chloe watched him wordlessly take a single egg
from the carton on the counter. He placed the whole egg inside the now-empty microwave, shut the door, and set it to cook for two minutes as the pile of dirty
dishes sat by the sink.

Continuations:

A. Aloud pop erupted from inside the microwave, and Leo stood motionless, staring at the humming appliance. Chloe flinched at the sound, her hands
tightening into fists at her sides as she took a sharp breath.

B. Bright flashes arced from the fork for a moment before he hit cancel. When the timer beeped, he removed the egg and peeled the shell away over the sink,
revealing a firm, solid white.

C. Aloud pop sounded from the microwave; Leo opened the door, placed the plate with the fork into the splattered interior, and set the timer. When the cycle
finished, he opened the door to a cloud of steam rising from the food.

D. When the microwave beeped, Leo peeled the shell away from the egg’s firm, solid white. He then put the plate with the fork on it back into the appliance,
and a minute later opened the door to a cloud of steam rising from the food.

Embedded Commonsense:
- Metal in a microwave will generate sparks.

- Heating a whole egg in a microwave will cause it to explode.

Advanced commonsense evaluation. & Multi-commonsense integration. (< Implicit commonsense embedding. ‘&
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PISKFLFZESR , ARIIA T TUR ARSI © EAF10mB04 MIFHE. MU TFHl , BXTEIRMEET EMATANEFERE L, FWASMINEERSTFR
RIBkIT300, Lin Yue's brows were tightly furrowed, her fingertips sliding across the screen of her phone, ignoring Chen Mo’s several attempts to speak. The gift bag at 1
his feet swayed slightly with the faint vibration of the carriage. Chen Mo took out his phone, opened their two e-tickets, and once again confirmed the words “Scheduled :
arrival time: 10:30 a.m.” He put his phone away, his gaze drifting unconsciously to the electronic display at the front of the carriage, where the scrolling real-time speed 1
had just passed 300. :
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Continuations:

A R R FFAIRRERGEE , BT BIRR EMERAR A EF10R305 . ST FRBBIBAILA | (SARIIBHE | 1535/ NRAR B4 HIK KA IZ e — 2200
The carriage broadcast began announcing the arrival information, and the time on the electronic display changed to 10:30 a.m. The train g/fqed smoothly into the station,
and only at the moment it came to a complete stop did the surface of the half-full bottle of water on the tray table beside him ripple slightly.

B. SIEFFIAEE , MBTFNSAARMKIGA , KEKIBFEE, FIZREs AN , RRMIARE XIS AKET R | LB R—#RE10R405 R RIS T
REFBRZE", The train began to slow down, but the surface of the full paper cup of water next to Lin Yue's phone remained perfectly still. As the train glided into the
platform, Chen Mo's gaze swept across the electronic display on the opposite platform, which showed that a train scheduled to depart at 10:40 had already “Departed.”
C. FEME— AR IEY . IEYF, §ih BoR5 b EATA EF10:304) | SIFT HEFHIAEIR | FHRNBAME. Ay clackclack”sound
echoed through the carriage. The time on the display screen at the front changed to 10:30 a.m., the train’s announcement began to play, and the train glided into the
platform at the same time.

D. iR FMMImE TE Y, IEL IR, SIFREBAIGE | MATEREIIN , MEREET Y , —RERE10:40"FHHMETFRERINIER. A periodic
felack=clack™” sound echoed through the carriage. As the train slowed and glided into the platform, they stepped out of the door to find the opposite track completely empty,
and an electronic sign displaying “20:40" had just gone dark

Embedded Commonsense:

- China’s high-speed railway tracks are continuously welded, so there is almost no jolting inside the carriage even at high speeds.

- In China, high-speed trains are generally very punctual.

Figure 1: Comparison between the standard HellaSwag benchmark and HellaSwagU]ltra. While classic benchmarks
suffer from performance saturation and superficial option disparities, HellaSwagUltra spans 60+ languages, in-
corporates a wide range of local, culturally grounded commonsense scenarios, embeds commonsense knowledge
implicitly in the context, and offers highly challenging distractor options.
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In multilingual settings, the problem is ampli-
fied because commonsense is culturally grounded,
so questions must be validated to remain fair and
meaningful across languages. Existing multilin-
gual commonsense benchmarks (Li et al., 2025;
Sakai et al., 2024a; Ismayilzada et al., 2023) cover
limited languages and often underrepresent local
culture and social context.

A third challenge is difficulty design, which is es-
pecially problematic in multilingual settings. Prior
work often increases difficulty by changing task
formats (Li et al., 2025; Xiong et al., 2025; Ismay-
ilzada et al., 2023), for example causal or multi
hop reasoning, abduction, or ordering. In prac-
tice, such formats partly measure instruction fol-
lowing rather than core language understanding.
Consequently, base or smaller models often col-
lapse under complex formats, while strong models
approach saturation, producing a distorted diffi-
culty curve. This reduces the benchmark’s value for
guiding pre-training or fine-tuning, since progress
appears as abrupt jumps instead of gradual, infor-
mative improvements.

To address these challenges, we introduce Hel-
laSwagUltra, a 61-language commonsense reason-
ing benchmark with a human-verified Gold sub-
set for five languages and LLM-validated silver
data for the rest.! It is grounded in each lan-
guage’s native culture, social context, and every-
day knowledge. We adopt the natural language
inference continuation format used in HellaSwag,
because it closely matches the training objective
of causal LLMs, supports stable evaluation for
base and smaller models, and keeps the instruc-
tion for instruction-tuned models minimal. Our
automated pipeline first collects Wikipedia and
Wikidata pages related to local knowledge in each
language, then prompts LLMs to summarize rele-
vant commonsense and generate subtle violations
of that knowledge. These commonsense facts are
used to define story frameworks and write narrative
contexts, with two commonsense intents embed-
ded in each story. In the answer candidates, we
inject details that either uphold or subtly contra-
dict the embedded commonsense, forcing models
to reason about which continuation is most plausi-
ble. This yields fine grained plausibility judgments
while avoiding both strong-model saturation and
small-model collapse.

!'Our dataset and pipeline are publicly available at https:
//hellaswagultra.github.io/.

To summarize, our contributions are as follows:

* We introduce HellaSwagUltra, a large-scale
multilingual commonsense reasoning bench-
mark with over 60 languages and 163k in-
stances, grounded in local cultural knowledge.

* We develop a fully automated construction
pipeline that scales across languages while
generating realistic scenarios, subtle distrac-
tors, and consistent annotations.

* We propose a difficulty scheme that implic-
itly embeds multiple commonsense facts in
each context, enabling stable evaluation for
both small and strong models and reducing
saturation on advanced models.

* We release HellaSwagUltra-Gold, a human-
verified subset for high-stakes evaluation, and
report extensive experiments showing that
state-of-the-art LLMs still lag far behind hu-
man performance.

2 Related Work

Multilingual Benchmarks Existing multilingual
benchmarks are broadly of two types. One line
translates and extends English benchmarks. Bench-
Max (Huang et al., 2025) ports a diverse suite into
17 languages but has limited commonsense cover-
age. MuBench (Han et al., 2026) extends widely
used English pretraining benchmarks, including
commonsense and NLU sets such as HellaSwag
(Zellers et al., 2019), StoryCloze (Mostafazadeh
et al., 2016), SNLI (Bowman et al., 2015), and
MultiNLI (Williams et al., 2018), to 61 languages
with flexible evaluation formats. However, trans-
lated commonsense benchmarks are often satu-
rated, vulnerable to contamination, and may in-
herit cultural bias. A second line builds native
language corpora. INCLUDE (Romanou et al.,
2024) collects exam questions in 44 languages to
assess local knowledge, and MultiLoKo (Hupkes
and Bogoychev, 2025) extracts fact-based QA from
multilingual Wikipedia. Both mainly target factual
knowledge rather than commonsense reasoning.

Commonsense Reasoning Benchmarks Be-
yond classic benchmarks such as HellaSwag
(Zellers et al., 2019), StoryCloze (Mostafazadeh
et al., 2016), and CommonsenseQA (Talmor et al.,
2019), recent work increases difficulty via more
complex task formats. Com? (Xiong et al., 2025)
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Table 1: Comparison of commonsense benchmarks. NLI refers to task types where the subsequent content is
inferred from the preceding text; these tasks generally preserve the fluency of natural language corpora. QA refers
to simple question-and-answer formats. Constructed refers to more complex, human-defined setups, typically with
an instruction. Difficulty is determined by GPT-4 accuracy: * > 80%, ** > 50%, *** < 50%.

Benchmark Supported Languages Total Samples Local Commonsense Task Format Difficulty
HellaSwag En 10k X NLI *
StoryCloze En 1.8k X NLI *
CommonsenseQA En 1.1k X QA *
mCSQA 8 11k X QA *
CRoW 5 16k X Constructed *
Com? En 3.7k X Constructed wk
HellaSwag-Pro 2 12k (Zh) v Constructed *
HellaSwagUltra (ours) 61 (5 gold + 56 silver) 163k+ v NLI Hekok

constructs causal graphs and multiple task types,
and HellaSwag Pro (Li et al., 2025) decomposes
causal relations into tasks such as backward rea-
soning and ordering. These designs can reduce tex-
tual coherence and yield unstable evaluation, and
they often emphasize instruction following over
core commonsense understanding. Multilingual
commonsense efforts include HellaSwag Pro for
Chinese via self bootstrapping and mCSQA (Sakai
et al., 2024b) based on ConceptNet alignment, but
they cover few languages and provide limited in-
depth local commonsense knowledge. We provide
a systematic comparison across language breadth,
task formats, local commonsense grounding, and
empirical difficulty in Table 1.

3 HellaSwagUltra

HellaSwagUltra uses the simplest task format: se-
lecting the most plausible continuation given a con-
text. This preserves the semantic coherence of the
text and aligns with causal LLM training, making
evaluation stable for natural language understand-
ing, including for base and smaller models. The
construction pipeline is designed to preserve this
simplicity while increasing difficulty through hid-
den commonsense constraints rather than surface-
level task instructions. Construction has three
stages: Knowledge Extraction, Structured Com-
monsense Generation, and Test Rollout. Figure 2
shows the pipeline.

3.1 Knowledge Extraction

To obtain local commonsense knowledge for each
language, we filter Wikidata entities > relevant

2https://www.wikidata.org/wiki/Wikidata:
Main_Page

to that language’s local cultural and social back-
ground in two steps:

Heuristic Filtering We first filter entities by QID.
A predefined type pool excludes broad categories
unhelpful for commonsense extraction, such as
persons, organizations, geographic locations, and
dates; all entities with an instance-of or subclass-of
relation to these categories are removed.

LLM-Based Filtering For remaining QIDs, we
feed wiki titles and pages to an LLM 3, asking
whether the article is niche, contains potential com-
monsense, and carries bias risk. If it passes, we col-
lect its pages in all available languages and prompt
the LLM to identify pages tied to each language’s
local background.

For each language, we select approximately
1,000 Wiki entities and articles to guide and con-
trol the LLM in generating targeted commonsense
knowledge.

Wikipedia and Wikidata are only used to identify
salient local concepts and contexts. Final questions
do not ask models to retrieve encyclopedia facts
or name source-page entities; selected concepts be-
come short narratives where models judge whether
a continuation violates an unstated commonsense
constraint. Thus the target is culturally grounded
plausibility reasoning, not factual recall.

3.2 Structured Commonsense Generation

This core stage extracts culturally grounded com-
monsense for later stories. Using the Wiki pages
from the previous step, carefully designed prompts
with multiple iterations and validity checks gen-

3We used Gemini-2.5-Pro throughout the entire data con-
struction process and also involve Claude-Opus-4 for quality
control.
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Description: Placing metal, especially with sharp edges like a fork,
inside an operating microwave oven can cause electrical sparks and

damage the appliance.

Microwave Oven
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1 Premise: A person places a metal fork on a plate of leftovers and puts it
1 inside a microwave, setting it to cook for one minute.
i
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Consequence: Bright flashes of light and a loud crackling or buzzing
sound will emanate from the fork inside the microwave.

Conflict: The timer beeps, and the person opens the door to a cloud of

,--=--1 Commonsense B [-----------
.

Description: Microwaving a whole egg in its shell causes steam and
pressure to build up inside, leading to an explosion.

Premise: A person places a whole, uncooked egg in its shell into a
microwave and sets it to cook for two minutes.

Consequence: A loud pop will sound from inside the microwave as the
egg bursts, splattering its contents all over the interior.

Conflict: The timer beeps. The person removes the egg and peels the
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Figure 2: The automatic data construction process consists of three main stages: Knowledge Extraction, Structured
Commonsense Generation, and Test Rollout. The Test Rollout stage itself is composed of Schema Design and

Context and Continuation Generation.

erate structured commonsense with a Description,
Premise, Consequence, and Conflict.

Description The LLM produces a concise one-
sentence description for each commonsense in-
stance, supporting human review and automatic
deduplication. We embed descriptions, compute
inner products against previous instances, and dis-
card items with excessive similarity.

Premise The LLM creates a premise establish-
ing when the commonsense applies. Generation
follows two principles: sufficiency and necessity,
meaning the premise should deterministically lead
to a consequence and the consequence should im-
ply that the premise occurred; and no outcome
leakage, meaning the premise must not contain or
reveal the consequence.

Consequence Based on the commonsense de-
scription and premise, the LLM generates a correct
consequence.

Conflict To increase difficulty, the LLM gener-
ates a detail that subtly implies a commonsense
violation. The conflict must avoid direct nega-
tion of people, objects, or events in the premise
or consequence; objectively describe the scene or

event without ambiguity, speculation, or subjec-
tive thoughts and feelings; and remain intrinsically
plausible rather than surreal or impossible.

As Figure 2 shows, each question requires two
distinct commonsense instances. After Common-
sense A is produced, it becomes a demonstration
reference for generating Commonsense B. Beyond
the above principles, B must be logically inde-
pendent: whether B is violated should not affect
whether A is violated. This avoids overly similar
commonsense statements that would weaken chal-
lenge and discriminative power. The two-instance
design also makes distractors less detectable by
shallow lexical cues: an incorrect continuation can
remain fluent and locally coherent while quietly
violating one embedded constraint.

For quality control, an LLM-based validator
checks each requirement using a ten-item checklist
compiled from the principles above. For each gen-
erated instance, it answers “Yes” if satisfied and
“No” with an explanation otherwise. The expla-
nations are logged and incorporated into the next
generation prompt, instructing the LLM to revise
its output. This process repeats until the instance
passes all checklist items.
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3.3 Test Rollout

Story Schema Design We do not use common-
sense pairs verbatim to generate contexts, since
this makes cues obvious, reduces naturalness, and
lowers difficulty. Instead, we feed only the two
premises and ask the LLM to produce a schema
guided by three principles: premise details should
be subtly integrated into the main storyline with
minimal exposition rather than becoming the fo-
cus; all premise details must be preserved; and the
schema must not reveal or hint at consequences or
outcomes.

Context and Continuation Generation We then
provide the schema and premises to generate the
final context under the same principles. After-
ward, we combine the consequences and conflicts
of Commonsense A and B in different ways and
prompt the LLM for continuations. The option
with both consequences is correct; any option con-
taining a conflict from either commonsense is a
distractor.

Quality Control and Annotation In addition to
commonsense validation, we quality-check final
items. To reduce random guessing, we resample
each distractor twice, yielding ten candidate op-
tions per question. We then give multiple LLMs
the full question plus explicit commonsense hints;
if they fail to select the correct answer, we discard
the item. This filter is intentionally conservative: if
models with the intended commonsense hints can-
not recover the correct option, the item is likely am-
biguous, underspecified, or noisy rather than gen-
uinely difficult. We also ask an LLM to annotate
local relevance. Local Background marks items
whose context contains target-language-specific
cultural, social, or environmental elements, such
as local objects, events, institutions, or routines,
though they may remain solvable with general com-
monsense. Local Commonsense is stricter: solving
requires culture-specific knowledge from the lan-
guage region, not just recognizing a local surface
detail. The labels can overlap, but local background
alone does not imply local commonsense. Prompts
are in Appendix B.

3.4 Human Evaluation

We recruited language-specific annotators, with at
least three per language. For human performance
evaluation, we sampled 100 questions for each of
English, Chinese, Arabic, German, French, Por-

tuguese, and Indonesian. Annotators averaged 92%
accuracy on 50 questions with underlying com-
monsense provided, and 73% on 50 questions with-
out hints. Beyond this evaluation, we fully verify
and correct items for correctness. HellaSwagUltra-
Gold contains 2,926 verified items across English,
German, Arabic, French, and Indonesian (Table 2).
Each Gold item is checked by two annotators; dis-
agreements go to a third annotator for adjudication
and final consensus. Given the scale of HellaSwag-
Ultra, we will maintain and update the dataset long
term. Annotation and cost details are in Appendix
C.

3.5 Statistics

Table 2: Statistics of HellaSwagUltra and
HellaSwagUltra-Gold. LB: Local Background;
LC: Local Commonsense. LB and LC counts use each
language’s full set, and the two labels may overlap.

Language | Total  Verified LB LC
ALL | 163,138 2,926 112,784 77,713
Gold languages
EN 2,943 766 699 558
DE 2,863 605 1,095 1,128
AR 2,820 652 1,561 1,235
FR 2,816 568 1,115 1,119
ID 2,946 335 2,274 1,417

Table 2 reports HellaSwagUltra statistics. Of
all 163,138 samples, 112,784 (69.1%) have Lo-
cal Background labels and 77,713 (47.6%) have
Local Commonsense labels. These percentages
use the full-set denominator; LB and LC can over-
lap. The language rows report full-set LB and
LC counts alongside the number of Gold items.
Among the five Gold languages, English has the
lowest full-set proportion of both labels, consis-
tent with its widespread use across diverse regions,
which makes its content more likely to be per-
ceived as general rather than culturally anchored.
German and French show similarly low local-
commonsense proportions, reflecting closer cul-
tural affinity with English and shared background
knowledge. Arabic has a much higher proportion
of local-commonsense items, highlighting the dis-
tinct cultural specificity captured in this subset.

4 Evaluation

4.1 Setup

Task Format HellaSwagUltra follows Hel-
laSwag’s core format: choose the most plausible
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Table 3: Model performance on HellaSwagUIltra. ALL: average accuracy across languages. HIGH/MID/LOW:
high-, mid-, and low-resource averages. LB: local-background items; LC: culture-specific commonsense items;
GC: language-agnostic commonsense. VERIFIED: HellaSwagUltra-Gold. Base models use Cloze scoring, so base
and instruction-tuned rows should be compared mainly within protocol.

Model ALL HIGH MID LOW LB LC GC  VERIFIED
Base Models

Qwen3-14B-Base 4386 4845 4541 4047 4294 43.08 44.15 47.68
Qwen2.5-14B 41.12  48.17 42.69 36.69 40.65 40.17 41.61 47.69
Qwen2.5-32B 4225 50.53 4358 37.52 41.58 41.52 42.55 49.34
Qwen2.5-72B 4484 5253 4734 3928 4392 4371 4522 48.85
gemma-3-12b-pt 4777 48.09 49.92 4567 47.08 46.61 48.27 47.51
gemma-3-27b-pt 50.88 51.06 53.12 4873 5042 50.09 51.28 49.26
gemma-2-9b 4394 4644 4598 41.00 43.00 43.04 44.16 47.20
gemma-2-27b 47.15 4925 5024 4341 46.13 4576 47.63 48.56
Instruct Models

Qwen2.5-14B-Instruct  37.54  46.13 3894 32.61 3821 3852 3725 50.22
Qwen2.5-32B-Instruct  39.59  47.61 4141 3452 4029 41.13 39.19 50.22
Qwen2.5-72B-Instruct  40.18  47.76 4142 3582 4029 4045 40.00 49.47
gemma-3-12b-it 3457 36.27 35.18 3329 3534 34.68 34.30 40.84
gemma-3-27b-it 42,02 4355 41.66 41.70 42.19 4228 4194 48.32
gemma-2-9b-it 31.51 3345 31.21 3098 3227 3277 30.89 37.31
gemma-2-27b-it 3726 4028 37775 3554 3750 37.64 3698 45.01
Proprietary Model

GPT-40 4034  47.17 4187 36.02 40.29 40.11 40.40 50.64
Claude Sonnet 4 63.12 6558 6446 60.86 62.78 62.11 63.52 60.14
Claude Opus 4 64.53 6628 6531 63.07 63.75 63.06 65.11 59.57
Gemini-2.5-Pro 72.13 7031 73.11 72.00 71.71 71.30 72.60 62.53

Opus Sonnet GPT-40

GC VERIFIED

Opus Sonnet GPT-40 Opus Sonnet GPT-40

Figure 3: Model performance with and without thinking. Blue bars denote direct evaluation without thinking or
chain-of-thought prompting; orange bars denote thinking mode for Claude models and chain-of-thought prompting

for GPT-4o.

continuation given a context. This preserves nat-
ural text, aligns with causal LLM training, and
enables stable evaluation. For base models, we use
Cloze-style scoring (Clark et al., 2018): compute
each candidate’s perplexity and select the lowest.
For instruction-tuned models, we use the multiple-
choice prompt “Which option is the most plausible
continuation?” in both English and localized form,
and report localized-instruction results to reflect
multilingual performance. Because the protocols
target different interfaces, we interpret base and
instruction-tuned results mainly within each group,
not as absolute cross-paradigm rankings.

All evaluations are deterministic: base models
use candidate perplexity scoring without sampling,
while instruction-tuned models decode with tem-

perature O.

Metric We report accuracy for base mod-
els (lowest-PPL choice) and Exact Match
for instruction-tuned models (generated answer
matches the correct option).

Models We evaluate multilingual open-source
base models from the Qwen (Qwen et al., 2025;
Yang et al., 2025) and Gemma families (Team et al.,
2024b, 2025), together with their instruction-tuned
variants. As noted above, base and instruction-
tuned protocols differ. We also benchmark capable
closed-source models, including GPT-40 (OpenAl
et al., 2024), Claude Opus 4, and Claude Sonnet 4.
All models are evaluated without task-specific fine-
tuning, since the goal is benchmark construction
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Gemini data -

Opus data -

Gemini eval

Opus eval

Figure 4: Cross-evaluation of datasets generated by dif-
ferent models. Rows identify the data generator and
columns identify the evaluator; each generator con-
tributes 300 samples per language, and cells report ac-
curacy (%).

and analysis rather than adaptation recipes.

4.2 Results

Table 3 shows that all evaluated models perform
suboptimally on HellaSwagUltra, indicating suf-
ficient challenge and reduced saturation. Impor-
tantly, the difficulty comes from stronger com-
monsense reasoning demands rather than com-
plex instructions or evaluation metrics. Within
each family, larger models consistently perform
better. Across languages, all models show a no-
ticeable drop on low-resource languages. Among
open-source families, Gemma is relatively bal-
anced, while Qwen shows a larger high- versus
low-resource gap. As expected, closed-source mod-
els generally outperform open-source ones, and
GPT-40, which is not a reasoning model, lags sub-
stantially behind Claude models.

Gemini scores far higher on the full set, but the
gap shrinks on the human-verified subset. This sug-
gests generator- or style-specific effects may con-
tribute and underscores the importance of human
verification. At the same time, the verified results
show that the benchmark remains difficult even af-
ter human correction, so the challenge is not merely
annotation noise. Silver data for languages not yet
human-verified remain valuable because they pro-
vide broad diagnostic coverage, while Gold data
anchors claims that require stronger correctness
guarantees.

4.3 Effect of Thinking

We evaluate thinking mode on HellaSwagUltra.
For Opus and Sonnet, we compare thinking en-
abled and disabled; for GPT-40, which is not a
reasoning model by default, we use a Chain-of-
Thought prompt before answer generation and
compare it with direct output. Figure 3 shows
that all three models gain substantially on the
full dataset with thinking, while gains are smaller
on HellaSwagUltra-Gold, with Opus slightly de-
clining. On the local-commonsense subset, Son-
net and GPT-40 gain more than on the non-local-
commonsense subset.

4.4 Potential Model Bias Study

To test whether the generator LLM gains an ad-
vantage on its own data, we used Claude Opus
4 to generate 300 samples per language with the
same pipeline, then evaluated Gemini-2.5-Pro and
Claude Opus 4 on both generators’ data. Fig-
ure 4 shows that Gemini’s ALL-score margin
over Opus is 7.6 points on Gemini-generated data
(72.1 — 64.5) and 8.2 points on Opus-generated
data (55.2 — 47.0). Thus, Gemini’s relative advan-
tage is not larger on its own data, and Opus does
not gain on its self-generated data. This pattern ar-
gues against a simple self-generator advantage, but
it does not rule out residual generator or style bias.
We therefore treat generator effects as a source
of noise to monitor: full-set scores support broad
language-level diagnosis, while Gold scores should
anchor absolute capability claims and comparisons
requiring stronger validity.

5 Conclusion

Faced with the saturation of commonsense reason-
ing benchmarks and the scarcity of multilingual
resources, this paper introduces HellaSwagUltra, a
new dataset supporting over 60 languages, focused
on challenging commonsense reasoning and lan-
guage local knowledge. The results show that Hel-
laSwagUltra is highly challenging and strongly dis-
criminative across models, filling an important gap
in multilingual evaluation of local commonsense
for base models. By preserving a simple continua-
tion format, HellaSwagU]ltra evaluates multilingual
plausibility reasoning without relying on complex
task instructions, while its automated pipeline sup-
ports continued expansion. The human-verified
Gold subset further provides a reliable anchor for
higher-confidence evaluation and future benchmark
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maintenance, while the silver split enables broad
diagnostic coverage for languages where full expert
verification is still costly. Given the wide language
coverage, we plan to maintain and continuously
update the human-verified branch, HellaSwagUltra-
Gold, until it achieves broader coverage.

Limitations

HellaSwagUltra is built with an automated pipeline
and relies on a single strong LLM for generation
and several LLM-based checks. This can introduce
model-specific style artifacts and latent cultural bi-
ases, especially for low-resource languages where
Wikipedia coverage is sparse and local knowledge
is under-documented. While we mitigate these
risks with validation and targeted human review,
the current human-verified subset covers only a
small fraction of the full benchmark, so some an-
notation noise and ambiguous items may remain,
particularly in silver data for languages not yet cov-
ered by Gold verification. In addition, our NLI con-
tinuation format focuses on plausibility judgments
and may not capture other forms of commonsense
reasoning, such as interactive planning or grounded
decision making.

Future work will expand HellaSwagUltra-Gold
to more languages and larger coverage, add deeper
expert verification for local commonsense labels,
and diversify knowledge sources beyond Wikipedia
to better represent everyday culture. We also plan
to develop stronger bias and contamination audits,
including checks for generator-specific artifacts
and source coverage imbalance, and to explore
complementary evaluation formats that preserve
stable difficulty while testing a broader range of
reasoning behaviors. These additions will help sep-
arate failures caused by missing cultural grounding
from those caused by language modeling, genera-
tion artifacts, or format sensitivity, and will make
future releases easier to audit across Gold data, sil-
ver data, and pipeline revisions. This separation is
especially important for low-resource languages,
where sparse sources and automatic generation ar-
tifacts can otherwise be difficult to disentangle.
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A Language Coverage

Table 4 presents the languages covered by Hel-
laSwagUltra. Considering only native speakers,
these languages cover over 60% of the global popu-
lation. When including second-language speakers,
the coverage exceeds 99% worldwide.
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Table 4: Languages sorted by native speakers and ratios in Common Crawl (HIGH at left, MID center, LOW right)

Code Name Speakers Tokens Code Name Speakers Tokens Code Name Speakers Tokens
zh Chinese 1390M 6.34% vi Vietnamese 86M 1.35% hi Hindi 345M 0.31%
es Spanish 484M 4.14% tr Turkish 85M 0.98% bn Bengali 242M 0.18%
ar Arabic 411M 0.78% ms Malay 82M 0.03% mr Marathi 83M 0.04%
en English 390M 42.62%  ur Urdu 78M 0.04% te Telugu 83M 0.03%
pt Portuguese 250M 1.51% id Indonesian 75M 1.05% ta Tamil M 0.09%
ru Russian 145M 9.16% fa Persian 65M 0.79% jv Javanese 6OM 0.00%
ja Japanese 124M 4.72% pl Polish 38M 1.69% gu Gujarati 58M 0.03%
ko Korean 8IM 0.84% th Thai 38M 0.64% my Burmese 33M 0.03%
de German 76M 5.21% uk Ukrainian 32M 0.60% pa Punjabi 32M 0.01%
fr French 74M 4.10% ro Romanian 24M 0.64% tl Tagalog 28M 0.02%
it Italian 63M 2.33% nl Dutch 23M 1.57% uz Uzbek 27T 0.01%
el Greek 12M 0.69% az Azerbaijani 24M 0.10%
bg Bulgarian SM 0.32% ceb Cebuano 21M 0.00%
hr Croatian 5.1IM 0.24% SW Swabhili 16M 0.01%
sk Slovak M 0.35% km Khmer 16M 0.02%
he Hebrew M 0.27% sq Albanian 7.5M 0.05%
1t Lithuanian 2.8M 0.18% af Afrikaans ™ 0.01%
v Latvian 1.75M 0.10% no Norwegian 5.3M 0.37%
et Estonian 1.1IM 0.14% da Danish SM 0.36%
sV Swedish 10M 0.63% fi Finnish 5M 0.41%
cs Czech 11M 1.02% is Icelandic 0.314M  0.04%
hu Hungarian 13M 0.49% ga Irish — 0.01%
sr Serbian M 0.21% ca Catalan 4M 0.17%
sl Slovenian 2.1M 0.13% kk Kazakh 15M 0.04%
kn Kannada 44M 0.01%
ml Malayalam 38M 0.02%
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B Prompts

The prompts used in data collection are as follows.

C Human Evaluation and Cost

We recruited human annotators who were required
to hold at least a college degree, demonstrate C1-
level English proficiency (or an equivalent certifi-
cation), and be native speakers of the languages
they were assigned to evaluate. Annotators were
paid at an hourly rate of $16, with a maximum of
8 working hours per day. To date, the total cost of
human annotation is approximately $19,200.

The human performance evaluation and Gold
verification are separate procedures. The perfor-
mance study samples 100 questions per language
across seven languages, while HellaSwagUltra-
Gold contains fully corrected items for English,
German, Arabic, French, and Indonesian. In Gold
verification, each annotator provides a complete
three-field label set: the correct option, Local Back-
ground, and Local Commonsense. The first two
annotators have 76% pooled raw agreement across
the five Gold languages under an exact-match cri-
terion that requires all three fields to match. When
their complete label sets differ, a third annotator ad-
judicates the item. If the third annotation matches
either of the first two complete label sets, that two-
of-three label set is retained; if it matches neither,
the item is discarded. Among items sent to adjudi-
cation, 21% received three different label sets and
were discarded.

In addition, the API cost for LLM calls during
data collection is approximately $36,800.
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Commonsense Generation

We are designing a local commonsense knowledge in { LANGUAGE} that will be subtly implied
in a story. The conflict_detail is a subtle narrative detail that may hint that the commonsense
has been violated. Later, this will be used to generate an incorrect story continuation.

[Reference WiKi]

{WIKITEXT}

[TASK]

Invent a new piece of local commonsense knowledge in { LANGUAGE}.

Return a single JSON object using this exact schema with the content in {LANGUAGE}:
concept : short noun phrase (1-3 words)

description : one sentence explaining the concept

premise : a brief and typical sign or condition under which the consequence usually holds (no
need for full coverage)

- The premise is a specific condition or context.

- The premise should not include or imply the consequence itself — it must be a distinct and
self-contained condition, not a restatement or soft prediction of the result.

- The premise must be both necessary and sufficient for the consequence.

consequence : what is expected under the premise

conflict_detail : a subtle, objective event or scene implying the consequence may have been
violated (do NOT state the violation or directly revise the property)

- conflict_detail should hint at a breach indirectly and be subtle.

- Describe only observable facts, actions, or physical details.

- Do NOT mention the items or properties that appear in the consequence.

- Do NOT overemphasize or elaborate on the conflicting detail.

- Do NOT emphasize or mention what did not happen.

- Do NOT justify, rationalize, or explain the detail that contradicts commonsense.

99 ¢ EE RT3

- Do NOT use negation words (e.g., “not”, “no”, “never”, “didn’t”, “hasn’t”, “without”, “failed

to”).

- Do NOT use speculative or ambiguous expressions (e.g., “seems”, “appears”, “perhaps”, “maybe”,
“apparently”, “as if™).

- Do NOT use contrastive words like “but”, “however”.

- Do NOT include thoughts, feelings.

Quality requirements:

The commonsense must be strong and widely accepted: in ordinary contexts it should hold with
certainty; violating it should make the scenario feel blatantly unrealistic or jarringly wrong to a
knowledgeable reader.

Given the premise, the conflict_details should be virtually impossible to happen in reality.
Ensure diversity from the reference examples, the topic MUST BE DIFFERENT from any of the
reference examples.

Consider diverse types and maintain a numerical balance between traditional and modern,
cultural and scientific, local and worldwide commonsenses.

Both the premise and the consequence should have a moderate level of abstraction: avoid overly
specific names, locations, or one-time events. The statements should apply to many plausible
real-world situations.

Reference examples:

{examples}
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Commonsense Revision

We are designing a local commonsense knowledge in { LANGUAGE} that will be subtly implied
in a story. The conflict_detail is a subtle narrative detail that may hint that the commonsense
has been violated. Later, this will be used to generate an incorrect story continuation.
[REFERENCE EXAMPLES]

{examples}

[PREVIOUS VERSION]

{previous_json_pretty }

[VALIDATOR COMMENTS]

{feedback_rules_block}

[TASK]

Please revise the above commonsense item to better follow the rules and address the validator
feedback.

Return a single JSON object using this exact schema with the content in { LANGUAGE}:
concept : short noun phrase (1-3 words)

description : one sentence explaining the concept

premise : a brief and typical sign or condition under which the consequence usually holds (no
need for full coverage)

- The premise is a specific condition or context.

- The premise should not include or imply the consequence itself — it must be a distinct and
self-contained condition, not a restatement or soft prediction of the result.

- The premise must be both necessary and sufficient for the consequence.

consequence : what is expected under the premise

conflict_detail : a subtle, objective event or scene implying the consequence may have been
violated (do NOT state the violation or directly revise the property)

- conflict_detail should hint at a breach indirectly and be subtle.

- Describe only observable facts, actions, or physical details.

- Do NOT mention the items or properties that appear in the consequence.

- Do NOT overemphasize or elaborate on the conflicting detail.

- Do NOT emphasize or mention what did not happen.

- Do NOT justify, rationalize, or explain the detail that contradicts commonsense.

- Do NOT use negation words (e.g., ‘not’, 'no’, "never’, ’didn’t’, hasn’t’, *without’, ’failed to’).
- Do NOT use speculative or ambiguous expressions (e.g., 'seems’, "appears’, "perhaps’, "maybe’,
“apparently’, ’as if).

- Do NOT use contrastive words like *but’, however’.

- Do NOT include thoughts, feelings.

Quality requirements:

The commonsense must be strong and widely accepted: in ordinary contexts it should hold with
certainty; violating it should make the scenario feel blatantly unrealistic or jarringly wrong to a
knowledgeable reader.

Given the premise, the conflict_details should be virtually impossible to happen in reality.
Ensure diversity from the reference examples, the topic MUST BE DIFFERENT from any of the
reference examples.

Consider diverse types and maintain a numerical balance between traditional and modern,
cultural and scientific, local and worldwide commonsenses.

Both the premise and the consequence should have a moderate level of abstraction: avoid overly
specific names, locations, or one-time events. The statements should apply to many plausible
real-world situations.
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Commonsense Validator

We are designing a {LANGUAGE} commonsense knowledge item that will be subtly implied
in a story. ’description’ explains the piece of commonsense knowledge. ’premise’ and
’consequence’ denote, respectively, the preconditions under which this commonsense holds and
its expected result. ’conflict_detail’ is a subtle detail that hints at a violation of that result.
Your job is to evaluate whether the defined commonsense knowledge and the ’conflict_detail’
are valid and well-formed for this purpose based on the following rule.

[RULE]

{RULE_TEXT}

[GUIDELINE]

{GUIDELINE_TEXT}

[COMMONSENSE UNDER REVIEW]

{COMMONSENSE}

Respond in JSON with:

{

"comment”: string,
"decision”: "pass" | "fail”

3
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Story Schema Builder

We are designing a beginning of a short realistic story in { LANGUAGE} that integrates both a
visible storyline and a hidden layer.

You are given some subtle details.

Your task is to design the schema.

Important constraints:

* The subtle details must NOT be the focus and mainstream of the story, nor the characters’
main activity.

* Subtly weave the subtle details into the main storyline with minimal exposition.
* Ensure the information in the provided details is accurately and completely included.
* Do not reveal or speculate about the continuation of the subtle details.
Please provide the following fields:
1. Scene: Where does the story take place? Describe the physical and social setting briefly.

2. Characters: List 2—-3 people involved in the scene, with their names, roles, motivations,
features, characteristics, relationship, etc.

3. Objects: Any key items or tools present in the scene.

4. Situation description: A short paragraph (3—4 sentences) describing what’s happening,
without stating the commonsense.

5. Goal or activity: What is the apparent goal of the characters in the scene?

6. Visible tension or obstacle: Is there any small conflict or uncertainty that drives the scene
forward?

You can add more fields.
Return all fields in plain text in {LANGUAGE}.
Example

Subtle details: Two people are sitting in a café and talking.

Output in English:

Scene: A quiet café in the afternoon.

Characters: Lisa, a journalist; Mark, her childhood friend.

Objects: Coffee cups, a notepad, a scarf hanging behind Lisa’s chair.

Situation description: Lisa leans across the table, her voice low as she asks Mark about the article.
He listens, occasionally glancing at the entrance. The café hums softly around them.

Goal or activity: They are catching up and discussing a sensitive interview.

Visible tension or obstacle: Lisa is worried someone may overhear them.

Now you generate:
Subtle details:
{premise}

Output in {LANGUAGE}:
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Story Context Generator

Given a designed schema, write a beginning of a short, realistic story in { LANGUAGE}.
Constraints:

* The story must include natural and appropriate mentions of all people, objects, or situations
referenced in the provided schema, but they should appear organically and with narrative
motivation — not feel forced or inserted just to match the fact.

* The tone should be grounded, realistic, and coherent.

 The story should reflect the described scene, characters, objects, activity, and visible tension
through concrete actions, sensory details, or dialogue.

* No explaining or summarizing; let the details emerge naturally.

* Subtly weave the provided subtle details into the main storyline with minimal exposition.
Ensure all the key information is accurately and completely included.

* The embedded subtle details must NOT be the focus and mainstream of the story, nor the
characters’ main activity.

* Focus on objective, observable descriptions of actions, settings, and dialogue.
* Do NOT add thoughts, feelings, or commentary.

* Do NOT mention what did not happen.

LN ” <

* Do NOT use speculative or ambiguous expressions (e.g., “seems”, “appears”, “perhaps”,

LN

“maybe”, “apparently”, “as if”).
* The story should be in 4-5 sentences.

Example

Schema:

Scene: A quiet café in the afternoon.

Characters: Lisa, a journalist; Mark, her childhood friend.

Objects: Coffee cups, a notepad, a scarf hanging behind Lisa’s chair.

Situation description: Lisa leans across the table, her voice low as she asks Mark about the article.
He listens, occasionally glancing at the entrance. The café hums softly around them.

Goal or activity: They are catching up and discussing a sensitive interview.

Visible tension or obstacle: Lisa is worried someone may overhear them.

Subtle details:
Two people are sitting in a café and talking.

Story in English:

Lisa lowered her voice, scribbling something in her notepad as Mark leaned in. The scarf behind
her chair fluttered slightly as the door opened. He looked up, eyes scanning the new arrival. “Do
you think they’re listening?”’ she whispered.

Now complete the story based on the following schema:
{schema}

Subtle details:

{details}

Story in {LANGUAGE}:
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Story Continuation A (Positive)

You are given the schema of a short story in {LANGUAGE}, a beginning and some subtle details.
Your task is to write a plausible continuation of the story:

* The continuation must naturally follow from the story so far, not repeat or revise the story.

* Subtly weave the follow-up of the provided details into the main storyline with minimal
exposition.

* Do not justify, rationalize, or explain the details.

* Focus on objective, observable descriptions of actions, settings, and dialogue.

Do NOT add thoughts, feelings, or commentary.

* Do NOT mention events or outcomes that did not happen — focus on what is occurring in
the scene.

LR I3

* Do NOT use negation words (e.g., “not”, “no”, “never”, “didn’t”, “hasn’t”, “without”, “failed
to”).

LRI T LN

* Do NOT use speculative or ambiguous expressions (e.g., “seems”, “appears”, “perhaps”,

PN Y

“maybe”, “apparently”, “as if”").
¢ The continuation should be in 1-2 sentences.

Example

Schema:

Scene: A quiet café in the afternoon.

Characters: Lisa, a journalist; Mark, her childhood friend.

Objects: Coffee cups, a notepad, a scarf hanging behind Lisa’s chair.

Situation description: Lisa leans across the table, her voice low as she asks Mark about the article.
He listens, occasionally glancing at the entrance. The café hums softly around them.

Goal or activity: They are catching up and discussing a sensitive interview.

Visible tension or obstacle: Lisa is worried someone may overhear them.

Story so far:

Lisa lowered her voice, scribbling something in her notepad as Mark leaned in. The scarf behind
her chair fluttered slightly as the door opened. He looked up, eyes scanning the new arrival. “Do
you think they’re listening?” she whispered.

Subtle details:
One cannot see what is happening behind himself/herself.

Continuation in English:
Mark shook his head subtly, his eyes drifting past Lisa toward the window. A delivery man stepped
inside, pausing to check the receipt in his hand.

Now you generate

Schema:

{schema}

Story so far:

{story}

Subtle details:

{details}

Continuation in {LANGUAGE}:
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Story Continuation B (Negative)

You are given the schema of a short story in {LANGUAGE}, a beginning, a continuation A and some subtle details.
Your task is to write a nuanced different continuation B of the story:

* The continuation must naturally follow from the story so far, not repeat or revise the story.

Subtly but accurately weave all of the “follow-up” and “conflict” details provided into the main storyline with
minimal exposition.

* Do net include, mention, explain, or describe the knowledge and premise in the provided details.

* Do not justify, rationalize, or explain the follow-up and conflict in the provided details.

Focus on objective, observable descriptions of actions, settings, and dialogue.
* Do NOT add thoughts, feelings, or commentary.

* Do NOT mention events or outcomes that did not happen — focus on what is occurring in the scene.

LL I3

¢ Do NOT use negation words (e.g., “not”, “no”, “never”, “didn’t”, “hasn’t”, “without”, “failed to”).

¢ Do NOT use speculative or ambiguous expressions (e.g., “seems”, “appears”, “perhaps”, “maybe”, “apparently”,
as if”’).

¢ The continuation should be in 2-3 sentences.

Example

Schema:

Scene: A quiet café in the afternoon.

Characters: Lisa, a journalist; Mark, her childhood friend.

Objects: Coffee cups, a notepad, a scarf hanging behind Lisa’s chair.

Situation description: Lisa leans across the table, her voice low as she asks Mark about the article. He listens,
occasionally glancing at the entrance. The café hums softly around them.

Goal or activity: They are catching up and discussing a sensitive interview.

Visible tension or obstacle: Lisa is worried someone may overhear them.

Story so far:

Lisa lowered her voice, scribbling something in her notepad as Mark leaned in. The scarf behind her chair fluttered
slightly as the door opened. He looked up, eyes scanning the new arrival. “Do you think they’re listening?”” she
whispered.

Continuation A:
Mark shook his head subtly, his eyes drifting past Lisa toward the window. A delivery man stepped inside, pausing to
check the receipt in his hand.

Subtle details:
As they chatted, one of them quietly described the suspicious figure sneaking up behind himself.

Continuation B in English:
Mark nodded toward the hallway. “Someone just slipped behind me,” Lisa said, frowning.

Now you generate

Schema:

{schema}

Story so far:

{story}

Continuation A:

{silver}

Subtle details:

{details}

Continuation B in {LANGUAGE}:
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