VIDEONORMS: Benchmarking Socio-Cultural Norm Understanding of
Video Language Models

Anonymous ACL submission

Abstract

As Video Large Language Models (Vide-
oLLMs) are deployed globally, they require
understanding of and grounding in the rel-
evant cultural background. We introduce
VIDEONORMS, the first benchmark to assess
cultural norm competence of VideoLLM:s, con-
sisting of over 1000 (video clip, norm) pairs
from US and Chinese cultures annotated with
socio-cultural norms, adherence and violations
labels, and verbal and non-verbal evidence.
We benchmark a variety of open-weight Vide-
oLLMs on the new dataset which highlight sev-
eral common trends: 1) models perform worse
on norm violation than adherence; 2) models
perform worse w.r.t Chinese culture compared
to the US culture; 3) models have more diffi-
culty in providing non-verbal evidence com-
pared to verbal for the norm adhere/violation
label; and 4) unlike humans, models perform
worse in formal, non-humorous contexts. Our
findings emphasize the need for culturally-
grounded video language model training — a
gap our benchmark and framework begin to
address.

1 Introduction

Al systems based on large language models
(LLMs), including video large language models
(VideoLLMs), are deployed globally, requiring
adaptation to differing cultural contexts. However,
cultural competence of VideoLLLMs has not been
given the same attention as general object/action
recognition (Xu et al., 2016), temporal reasoning
(Li and et al., 2024; Fu et al., 2025; Xiao et al.,
2021; Jang et al., 2017), or narrative understand-
ing (Tapaswi et al., 2016). In the textual modal-
ity, frameworks for evaluating cultural competence
are largely based on understanding social norms —
rules of thumb for human behavior, such as “It is
rude to run a blender at Sam” (Forbes et al., 2020;
Emelin et al., 2021; Hendrycks et al., 2021; Ziems
and et al., 2023) in differing cultural contexts (Shi

et al., 2024; Huang and Yang, 2023; Li et al., 2023;
CH-Wang et al., 2023). In images, benchmarks
testing the models’ cultural knowledge (Winata
et al., 2025) and culturally-aligned image genera-
tion have been proposed (Nayak et al., 2025). In
videos, recent work has explored norms grounded
in the physical world (Rezaei et al., 2025).

Expanding on these approaches, we propose to
evaluate the cultural competence of VideoLLMs
through their understanding of cultural norms: so-
cietal rules or standards that “delineate an accepted
and appropriate behavior within a culture” (Amer-
ican Psychological Association, 2025), when the
input modality is a video. For example, does the
video language model understand that when two
people introduce themselves and shake hands, they
adhere to the greeting norms in US culture? This is
particularly challenging in the multimodal context,
where understanding whether a cultural norm is
present and adhered to requires correct interpreta-
tion of implicit meaning expressed through both
nonverbal cues (e.g., gaze, gestures) (Pang et al.,
2024; Hessels et al., 2025), and verbal features (e.g.,
sarcasm) (Rakov and Rosenberg, 2013; Tepperman
et al., 2006). Additional challenge stems from
the cross-cultural aspect, due to the documented
differences in norms and values across cultures
(Inglehart, 2018; Hofstede, 1984; Gelfand et al.,
2011). To systematically evaluate cultural norm
understanding, we introduce the VIDEONORMS
benchmark and propose 3 tasks: (1) binary classifi-
cation, where given a video clip the model has to
predict whether a particular cultural norm was ad-
hered to or violated; (2) an explanation task where
the model also has to provide verbal and non-verbal
evidence to support its adherence or violation label;
and (3) generation of an applicable cultural norm
(if any) for the video clip. Our contributions are
the following:

* Methodology. To efficiently construct a
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Figure 1: VIDEONORMS Dataset Construction: left panel shows teacher VideoLLM generations using prompting
based on speech act and prior norm understanding; right panel shows the expert annotator editing process.

dataset of videos annotated for cultural norms,
we utilize a two-stage human-Al collaboration
framework: (1) given a 15 second video clip,
a teacher VideoLLM, using a prompt inspired
by speech act theory (Austin, 1962; Searle,
1969), extracts candidate norm category, the
associated socio-cultural norm if exists, an ad-
herence/violation label, and the relevant ver-
bal and/or non-verbal evidence (see the left
panel on Figure 1); (2) trained annotators with
a relevant cultural background review and edit
errors in these candidate annotations (right
panel on Figure 1).

¢ Analysis of disagreements between the
teacher model and human annotators, as well
as among the human raters.

¢« VIDEONORMS Benchmark, the first bench-
mark to evaluate cross-cultural (US and Chi-
nese) norm understanding in VideoLLMs con-
taining video clips from 4 pairs of compara-
ble US-Chinese TV shows in workplace/infor-
mal social settings and drama/comedy genres.
Each clip is paired with human-edited judg-
ments on norm category, adherence/violation
label, and the associated (non)verbal evidence
totaling over 1K (video clip, norm) pairs.

* Empirical analysis. Currently, no studies
compare cross-cultural performance of Video
LLMs w.r.t. understanding of socio-cultural
norms. Across all analyses, we find a consis-
tent pattern: cultural norm understanding in

VideoLLMs is limited by (1) difficulty identi-
fying norm violations compared to norm ad-
herence, (2) cultural misalignment with Chi-
nese culture vs. US culture, and (3) challenges
in formal social contexts compared to infor-
mal settings, in contrast to human disagree-
ment trends.

2 Related Work

Social Norms, Morality, and Cultural Knowl-
edge in NLP ATOMIC and Social IQa mod-
eled everyday commonsense and social interactions
(Sap et al., 2019a,b). Social Chemistry 101 formal-
ized computational investigation of social norms
with language models (Forbes et al., 2020). Moral
Stories added structured narratives to probe norm
adherence vs. violation and consequences (Emelin
et al., 2021). ETHICS/Delphi framed moral judg-
ments at scale but also prompted critical reflection
on dataset design, value pluralism, and the pitfalls
of single “gold” labels (Hendrycks et al., 2021;
Jiang et al., 2025; Talat et al., 2022). NormBank
compiled 155k situational norms grounded in roles
and settings, moving beyond decontextualized rules
(Ziems and et al., 2023). Complementary cross-
cultural resources, GeoMLAMA, XCOPA, Can-
dle/CCSK, and CulturalBench, probe geographic
and cultural variation, showing that model per-
formance and knowledge can vary widely across
regions and languages (Yin et al., 2022; Ponti
and et al., 2020; Nguyen et al., 2022; Chiu et al.,
2024). In multimodal contexts, most work has fo-



cused on cultural knowledge (Winata et al., 2025;
Shafique et al., 2025) and culturally-aligned gen-
eration (Nayak et al., 2025; Havaldar et al., 2025)
recently also exploring norm understanding (Fung
and Ji, 2025; Rezaei et al., 2025). Our main con-
tribution is a dataset for cross-cultural social norm
understanding requiring fine-grained comprehen-
sion of implicit meaning in speech and non-verbal
cues across two cultures.

Video Understanding and Video-Language
Models Modern VideoLLMs connect powerful
vision encoders with LLMs with instruction tuning
(Alayrac et al., 2022; Liu et al., 2023). Extensions
to video unify image/video tokenization and im-
prove temporal reasoning (Lin et al., 2024). Open
families such as Qwen2-VL and InternVL further
expand input resolution, multi-granular perception,
and tool use (Wang and et al., 2024; Zhu et al.,
2025). However, benchmarks predominantly target
temporal or narrative understanding: MVBench,
Video-MME, NExT-QA, TGIF-QA, MSRVTT-QA,
MSVD-QA, and MovieQA (Li and et al., 2024; Fu
et al., 2025; Xiao et al., 2021; Jang et al., 2017;
Xu et al., 2016; Tapaswi et al., 2016). Closer to
social reasoning, MovieGraphs annotates human-
centric situations (relations, emotions, motivations)
in movies (Vicol et al., 2018). To our knowledge,
none of these explicitly evaluate cultural norm ad-
herence/violation.

3 VIDEONORMS Benchmark

To build VIDEONORMS, we designed a multi-stage
human-AlI collaboration framework that integrates
video sampling, Al-assisted norm extraction, and
human refinement. Figure 1 illustrates the overall
process. The collaboration framework has 3 steps:
(1) select clips from eight US and Chinese tele-
vision shows spanning both formal and informal
contexts (Section 3.1); (2) use a teacher VideoLLM
(Gemini 2.0) to extract candidate norm category, ad-
herence/violation, and verbal/non-verbal evidence
(Section 3.2); (3) refine the model-generated data
by obtaining edits from 3 trained annotators with
a relevant cultural background on each instance
(Section 3.3).

3.1 Video Selection

To construct a comparable cross-cultural bench-
mark for social norm recognition, we selected eight
popular television shows, four from the US and four
from China, representing both formal (workplace)

and informal social settings across drama and com-
edy genres. For the US dataset, workplace shows
include Suits (drama), depicting professional in-
teractions in a corporate law firm, and The Office
(comedy), a workplace mockumentary. For infor-
mal settings, we chose Friends and The Big Bang
Theory, both portraying casual interactions among
close friends. The Chinese dataset mirrors this
structure with The Best Partner (workplace drama)
and Amazing Night (workplace comedy) for for-
mal contexts, and iPartment and Home With Kids,
both sitcoms depicting casual interactions among
young adults and family members respectively, for
informal scenarios. For each show, we sample 15-
second clips as input for the video language model
(see Appendix A.1).

3.2 Teacher Model Annotation

During a pilot annotation experiment, we found
that asking the annotators to come up with norm
annotations of videos from scratch was highly inef-
fective: first, there can be many candidate norms,
allowing for a lot of disagreement; second, the task
would take too much time, hence becoming too ex-
pensive and causing annotator fatigue. Instead, we
turn to a human-Al collaboration framework uti-
lized in the past for cultural norm discovery (Fung
et al., 2023; Li et al., 2023; CH-Wang et al., 2023).

To generate candidate annotations of video clips
we use Gemini-2.0-Pro model (DeepMind, 2024),
as it was the only large video model offering inte-
grated video and audio long-context understanding
at the time of the study.

Prompting Our prompt for cultural norm anno-
tation was inspired by speech act theory (Searle,
1969; Austin, 1962) and based on prior work on
norm understanding (Li et al., 2023) and the Lin-
guistic Data Consortium taxonomy (Linguistic
Data Consortium, 2022). Based on prior work
and the initial annotation of 50 video clips in the
pilot study, the following norm categories were
selected: Thanks, Apology, Admiration, Greeting,
and Farewell; Requesting Information and Reject-
ing a Request;, Granting a Request, Agreement, and
Disagreement. We also include a Custom Category
which provides flexibility to capture any remaining
multimodal norms.

After selecting the most relevant category, the
model is asked to generate an applicable cultural
norm within that category.! Our prompt provides

' An applicable cultural norm is both relevant to the scene



examples of norms in both formal and casual con-
texts for each category (for example, one can apol-
ogize with “Ooops!” in an informal context, and
“I would like to express my apology” in a formal
context). Besides identifying the norm and the
norm category, the model is asked to generate the
context in which the situation occurs, the subjects
of the norm, whether the norm is adhered to or
violated, and provide an explanation with verbal
and non-verbal evidence from the clip for the ad-
herence/violation label (see Table 1). The prompt
was also adapted for Chinese culture, including
the translation into Mandarin. See full prompts in
Appendix, Table 5.

English Mandarin

Field Fiela  [xplanation

Timestamp FAEIEE Start and end time of the
event.

Context TEEEFiA  Brief description of the
setting and the social
hierarchy between
participants (e.g., colleagues,
friends, siblings).

Norm 5l Selected from the predefined

Category SN Selected from the predefine
list or dynamically generated
under the Custom Category.

Norm PN o
Subiect T HEM  The 1r¥d1v1du.al to \yhom the
]
norm is applied (without
using character names).

Sll\)lf)crﬁc BAR#IJE A precise articulation of the
expected behavior for the
given context.

A dlﬁgrne?lce %W“:F%%{)ﬁ Indica_tes whether the
behavior represents
adherence or violation.

Explanation f#RBEilH A breakdown of verbal and

nonverbal cues (e.g.,
dialogue, tone, facial
expression, and body
language) that justify the
assessment. Includes
subfields: ¥ 5 IEHE (verbal
evidence) and JETE S UETE
(nonverbal evidence).

Table 1: English and Mandarin output fields, with ex-
planations.

Candidate data statistics Applying these
prompts, Gemini produced 514 unique (video clip,
norm) instance candidate annotations across the
US dataset and 501 across the CN dataset (see
overall statistics in Appendix, Table 8).

(i.e., exhibited by the characters in the video clip) and typi-
cal for the culture (i.e., consistent with expected behavior in
that cultural context). For example, in a US business setting,
shaking hands during introductions is both relevant to greeting
scenes and typical of US professional culture.

3.3 Human Refinement

Each candidate annotation generated above was
further verified by 3 annotators. Annotators vali-
dated or modified each field in Table 1 by checking
whether the selected timestamps isolate the correct
behavior, confirming the norm category, and en-
suring the verbal and nonverbal evidence supports
the adherence or violation label. The interface in-
cludes an Additional Explanation/Feedback field
where annotators briefly document the rationale
for any modifications or confirm agreement with
the teacher model’s output. See a screenshot of
the interface in Appendix B.3. Figure 2 compares
the teacher model’s initial outputs with annotator
refinements for both US and Chinese shows.

We ensured that each annotator’s relevant mono-
cultural identity by confirming their country of
residence, primary language, mono-cultural self-
identification, earliest language in life, and other
factors (see Appendix B.1). Detailed instructions
were provided (see Appendix B.3) and each an-
notator was first trained on initial 20 instances,
where their answered were reviewed to ensure high-
quality completion and instruction following. All
annotators were fairly compensated above the local
minimum wage guidelines.

3.4 Analysis of disagreements

We report Fleiss’s « to measure how often annota-
tors agree across violation/adherence binary labels
beyond chance (Fleiss et al., 1971). We also report
the combined annotator edit percentage, represent-
ing the fraction of instances edited by the annota-
tors. As shown in Table 2, agreement remained rel-
atively high across US shows, with Suits achieving
the highest agreement (x = 0.76), followed by Big
Bang Theory (x = 0.71). The combined annotator
change percentages® for US shows ranged from
18.28% to 26.04%, reflecting relatively accurate
labeling by the teacher model. In contrast, com-
bined annotator change percentages for Chinese
shows were notably higher, ranging from 42.35%
to 53.39%, indicating lower performance of the
model in Chinese context. This aligns with find-
ings in previous research that LLMs perform more
effectively in WEIRD (Western, Educated, Indus-
trialized, Rich, and Democratic) cultural contexts
(Mihalcea et al., 2025; Liu et al., 2025). Conse-
quently, annotators in the Chinese dataset needed

*Total number of fields across all norms and all annotators

that have been changed divided by the total number of fields.
See Appendix A.4 for breakdown by field.



American Show Annotation

Chandler

He's a *he"?

[ Well, yeah. (Long pause.)

J> Shelly

Norm Category: Agreement

Specific Norm: In casual settings
with friends, agreement is usually
expressed in a relaxed and informal
way. Some ways of describing that
can be "Yeah, totally!", "For sure!",
or "Absolutely!"

Norm Adherence: Adherence

Verbal Evidence: When asked if the
person she is describing is male,
she says "Well yeah."

Nonverbal Evidence: She nods her
head as she replies, confirming her
agreement with the question.

Norm Category: Agreement

Specific Norm: In casual settings
with friends, sarcastic agreement
is often expressed in a casual and
sarcastic tone. It can be like Well
ya, obviously! Well, Duh!

Norm Adherence: Adherence

Verbal Evidence: When asked if
the person she is describing is
male, she says "Well yeah". But in
a tone that she is implying that this
is an obvious discovery.

Nonverbal Evidence: She nods
her head as she replies,
confirming her agreement with the
question, but shaking her head
and her hand as if to imply that
this was obvious to anyone who
knows the man she's talking to.

ta

Chinese Show Annotation

Employee B ERF. (The voltage isn't
stable.)

u

YRR EE AHE—TF ! (Find > Supervisor

someone to repair it asap!)
Employee < x4 HathERS, FLA ! (I can
repair it myself, Ms. Kong!)

BRI 123 (Proposal)

REHE: ETEHETLL
RARMEE TIEES,
(One should take initiative
and assume tasks at

FEAH (Norm Category): FABEH
(Admiration)

R{k#138 (Specific Norm): EIFEXIFHE, 3
AT AR HAMMER . (In casual settings,
admirations can be relatively humorous.)

workplace.)
%gﬁgﬂ)ﬁﬂmorm Adherence): &R MERERR: B
(Adherence)

& ={E#E(Verbal Evidence): B 5 LI AE K
KRESHIFSHENERA B A LUSHERE,
FAFEN LRNANSE, WFBER. (The
employee's exaggerated tone and dramatic
claims of competence were unprofessional
for interactions with a supervisor.)

BRIER: RA: X E
FREEBFLE . (The
employee said, “l can
repair it myself, Ms.
Kong.”)

SEIEMAER: RS H0R(Aah
YRR M T TAE A
(The employee's body
language conveyed
readiness to begin
working.)

JEIE RIESE(Nonverbal Evidence): FRARIEL
AR AF K, THBIRE., (The employee's
exaggerated body language were
unprofessional and lacking in composure.)

+a

Figure 2: Examples of Gemini-generated normative behavior annotations and corresponding human refinements for
US (left) and Chinese (right) shows, as recorded through the annotation interface.

to modify a larger fraction of candidate annotations,
which naturally contributes to lower inter-annotator
agreement metrics (0.27 — 0.45).

Dataset Genre Setting Show Fleiss’s x  Change %

Comedy Informal Friends 0.61 23.36%
Us Comedy Informal Big Bang Theory 0.71 18.28%
Comedy Workplace The Office 0.59 26.04%
Drama  Workplace Suits 0.76 20.62%
Comedy Informal iPartment 0.33 50.00%
Chinese Comedy Informal Home with Kids 0.27 46.89%
Comedy Workplace Amazing Night 0.42 53.39%
Drama  Workplace Best Partner 0.45 42.35%

Table 2: Fleiss’s « Scores and Annotator Change Per-
centages by Genre and Setting.

When comparing across genre (comedy/drama)
and setting (workplace/informal), both US and Chi-
nese subsets display higher agreement for work-
place drama shows (Suits x = 0.76 and Best
Partner k = 0.45), while showing lower agree-
ment on comedy shows. Unlike for US shows, the
agreement for Chinese shows in informal settings
yielded lower agreement than workplace settings
(k = 0.27 — 033 vs. kK = 0.42 — 0.45), align-
ing with findings conform with psychology studies
Sino-US workplace flexibility (Lai et al., 2022; Wei
and Royle, 2024).

4 Benchmarking Open-Weight Video
Models for Socio-Cultural Norm
Understanding

We evaluate cultural norm undeerstanding with
three progressively challenging tasks, each
grounded in a localized 15-second video seg-
ment. Transcripts for each clip are obtained with
whisper-large-v3 (Radford et al., 2022) and pro-
vided as part of the prompt, ensuring grounding for
verbal cues. Each instance specifies the clip’s start
timestamp to bind predictions to the correct sub-
span rather than the entire video. Tasks are evalu-
ated in US and Chinese (CN) cultural contexts, and
each is situated within an explicit norm category
(e.g., GREETING, REQUESTING INFORMATION).
For all F1 scores, we report 95% confidence inter-
vals (CIs) computed with confidenceinterval
package (Gildenblat, 2023) using the Takahashi
et al. (2022) method. For average verbal/nonverbal
and Task 3 scores, we report 95% Cls based on the
standard error of the mean.

4.1 Video Cultural Norm Understanding
Tasks and Metrics

Task 1: Predicting Adherence or Violation Given
a video segment, transcript, norm category, and
a specific norm, the model predicts whether the



behavior adheres to or violates that norm (binary
classification). We report, separately for US/Chi-
nese norms, per-class F1 for Adherence (pos) and
Violation (neg).

Task 2: Predicting Adherence/Violation and
Extracting Evidence Building on Task 1, the
model must (i) predict Adherence/Violation and (ii)
generate (a) verbal evidence referencing the spoken
content (e.g., quoted phrases), and (b) nonverbal
evidence referencing visual social cues (e.g., gaze,
gesture, distance, facial expression). We report
the label F1 and for evidence quality, we adopt an
LLM-as-judge protocol: a GPT-5 grader compares
verbal/nonverbal rationales (for correctly predicted
labels) to the reference evidences® in our dataset
using a 5-point rubric (see Appendix C.3). Our
rubric explicitly distinguishes between content per-
ception (scores 1-2: missing visual/verbal cues;
score 3: cues identified without reasoning) and cul-
tural reasoning (scores 4-5: culturally-appropriate
interpretation matching human annotations), see
examples in Table 11. Two of the authors verified
the evaluation on 20 instances, out of which only
2 did not fully adhere to the rubric, confirming the
judge’s reliability. The grader provides a rationale
plus numeric verdict, which we average over all
cases for reporting in the Verbal and Nonverbal
columns. This design emphasizes whether models
cite diagnostic, modality-appropriate cues rather
than merely producing the correct label.

Task 3: Predicting a Cultural Norm Given
a video segment, transcript, and norm category,
the model must generate a specific norm that cap-
tures the exhibited behavior (e.g., “offer a brief
handshake and a friendly greeting in business in-
troductions”). Generated norms are evaluated by
the GPT-5 grader using a 5-point rubric judging
how well the generated norm matches the refer-
ence norm in our dataset. The mean scores are
reported in the Score column.

4.2 Dataset Statistics and Metadata

Table 3 presents the statistics for VIDEONORMS
across both languages and tasks. Our annota-
tion process involves each norm generated by the
teacher model being judged and edited by three
annotators. For Task 1, we aggregate by taking
unique combinations of norm category and specific
norm among the three annotations, with adherence

3When multiple evidences are present due to annotator
edits, we take the maximum similarity score among them.

Statistic US CN
Number of Video Clips 266 249
Number of Norm Categories 137 247
Task 1 & 2: Adherence Classification
Total Cases 724 1113
Adherence 60.9% 80.0%

Violation 39.1% 20.0%

Task 3: Specific Norm Generation

Total Cases 744 1119
Top Norm Categories
Expressing criticism / & H#LIFE  27.2% 3.9%

Requesting information / 153K{5 B, 20.2% 12.9%

Admiration / FiA B 5 7.4% 5.6%
Greeting / [A] {5 6.0% 5.0%
Agreement / IR [F & 27% 4.5%
Disagreement / 15 718 2.7% 10.9%
Granting request / fE4fA1% K 2.6% 2.2%
Rejecting request / F§ 5515 H) 2.6% 1.3%
Apology / F R4 22% 1.7%
Thanks / %1% 1.9% 1.3%

Table 3: Dataset statistics across US and Chinese norms
for Tasks 1-3. Values represent percentages of total
samples per language; Task 3 lists the ten most frequent
norm categories.

labels determined by majority vote among annota-
tors sharing identical category-norm pairs. Cases
with two annotations and without clear majority
agreement are excluded, though these represent a
negligible portion of the dataset. For Task 2, we
additionally compare the generated evidence to all
candidate evidences. Task 3 includes all unique
category-norm combinations across the three anno-
tations.

4.3 Models

We benchmark recent commonly used open-weight
VideoLLMs:

* LLaVA-family models (LLaVA-Next-Video
(Zhang et al., 2024), LLaVA-OneVision (Li
et al., 2024)) extend image-text pretraining
to video by sampling frames and using linear
scaling with Rotary Position Embeddings (Su
et al., 2023) to achieve long-context under-
standing.

e InternVL-3 (Zhu et al.,, 2025) and
InternVL-3.5 (Wang et al., 2025) use
variable visual position encoding (Ge et al.,
2024) for longer multimodal contexts as well
as a native multimodal pre-training approach.



Task 1 Task 2 Task 3
Models F1 (pos) F1 (neg) Macro F1 F1 (pos) F1 (neg) Macro F1  Verbal / Nonverbal Avg. Score
US Norms
Llava-Next-Video  75.4723-785 18.612.4-247 47.0405-53.4 58.4510-628 624585666 60.4569-642 2.171011/2.041011 2241008
Llava-OneVision ~ 78.8757-82.0 454393-515 62.1550-6s.3 76.0731-787 Sl.las7-562 63.660.1-67.0 2.591+011/2.1410100  2.0710.07
Intern3-VL 56.051.5-60.5 60.156.9-65.1 58.5522-648 S50.0s56-543 61.8580-656 355.9524-59.4 2.724012/2.32:012  2.2940.07
Intern3.5-VL 75.571.8-191  65.360.8-69.9 7046a3-76.4 65.761.7-69.4 64.960.9-689 65.3620-685 2.641011/2.22:010 2.3710.08
Qwen2-VL 73369.6-77.0 62.557.90-672 67.961.8-740 67.2632-707 60.0556-6a2 63.6602-66.9 2.75+0.11/2.092010  2.3310.07
Qwen2.5-VL 49.3445-502 62.8590-66.6 56.la97-62.4 34.8301-307 O6lds76-649 48.luss—516 2.474012/2.070012  2.39+007
VideoChatR1 68.561.6-72.5 65.060.7-69.3 66.860.6-72.0 61.056.9-64.7 64.050.9-67.7 62.559.2-656 2.6710.11/2.21x011  2.3510.07
Chinese (CN) Norms
Llava-Next-Video 89.237.1-912  7.0021-120 48.1429-533 89.ds7.4-006 25.4185-325 572534612 1.7840.07/1.561006 1.75+0.05
Llava-OneVision ~ 78.5759-81.1 474427522 63.0580-67.9 06.363.4-69.1 42.837.0-465 54.5514-572 2.6510.10/2.151000  2.4010.06
Intern3-VL 40.837.1-44.6 37.7338-41.6 39.3339-446 33.0207-365 37.4339-407 352325378 2.904012/2.38:011  2.70+0.06
Intern3.5-VL T2.469.6-751 45.641.1-501 59.0539-640 73370.7-758 47.6432-518 00.4576-633 2.7440.09/2.371008  2.6510.06
Qwen2-VL 754728-781 48.6401-531 62.0570-67.0 67.9650-707 45.641.4-495 56.8539-506 2.73+0.00/2.25+000  2.67+0.06
Qwen2.5-VL S1.7483-551 42.1382-460 46.9117-521 47.5435-511 41.3376-450 444414474 2.874011/2.262000  2.6310.06
VideoChatR1 75.9732-785 48.0434 525 61.9569-669 74.7723-77.1 484437 506 61.6585 645 2.8610.00/2.28:10.00  2.52+0.06

Table 4: Task evaluation results for US and Chinese cultural norms. Highest values per column are bolded separately

for each culture. 95% ClIs in the underscore.

* Qwen2-VL (Wang and et al., 2024) and
Qwen2.5-VL (Qwen et al., 2025) employ ded-
icated Multimodal Rotary Position Embed-
dings (M-RoPE) to represent temporal and
spatial information, enabling the model to
comprehend dynamic video content.

e VideoChatR1 (Li et al., 2025) uses Rein-
forcement Fine-Tuning (RFT) with GRPO
(Shao et al., 2024) for video MLLMs to
achieve state-of-the-art performance on spatio-
temporal perception tasks.

Each model is evaluated under identical proto-
cols per task and language: for segment-level tasks,
inputs include localized timestamps and aligned
transcripts, while evidence and norm-induction
tasks require structured outputs (labels with ver-
bal/nonverbal rationales or specific-norm state-
ments). We do not apply task-specific fine-tuning;
hyperparameters and inference settings are detailed
in Appendix C.2 for reproducibility.

4.4 Results and Findings

Table 4 reports evaluation results for US and Chi-
nese norms across the three tasks. We highlight the
following key observations:

Detecting norm violation is more challenging
than adherence For the CN subset, all models
show significantly lower performance on the norm
violation detection task compared to adherence de-
tection. For the US subset, only 2 models showed
a slightly higher performance for adherence detec-
tion compared to violation detection. Detecting vi-

olations is harder as they rely on subtle non-verbal
cues (e.g., eye-rolling) that VideoLLMs struggle
to capture, evidenced by InternVL3’s lower non-
verbal scores for Violation (2.04) vs. Adherence
(2.62) labels.

Models perform worse on CN culture compared
to US All models performed worse or within 1
F1 score improvement on the CN subset compared
to the US one on the adherence/violation identifi-
cation task (Task 1), indicating the over-alignment
with WEIRD cultures (Mihalcea et al., 2025) simi-
larly to the teacher model. Notably, the gap is not
improved with models specifically advertising mul-
tilingual performance, such as Qwen (5.9 average
F1 gap for Qwen2-VL and 9.2 gap for Qwen2.5-VL)
and InternVL (19.2 and 11.4 gap for Intern3-VL
and Intern3.5-VL, respectively).

Non-verbal evidence is harder to extract than
verbal evidence, indicating a lack of understand-
ing of non-verbal cues in videos. Non-verbal
evidences received lower scores on average across
all models and cultures. Across both verbal and
non-verbal scores, the average score for all models
falls below 3 (on the scale of 1-5) for both Task
2 (evidence extraction) and Task 3 (norm identifi-
cation), indicating unsatisfactory responses in the
majority of cases.

Models perform worse in formal cultural con-
texts Across US and CN cultures and across mod-
els, we see that for drama shows set in workplace
contexts the violation detection is worse than for
more informal contexts, such as shows set in the



comedy genre. Formal workplace settings are more
challenging with norms encoded through subtle
hierarchy and tone rather than expressive actions
found in informal shows, evident from lower non-
verbal scores (2.15 vs 2.28). Full comparison tables
are in Appendix, Table 13 (US) and Table 14 (CN).
Interestingly, while humans achieve the highest
inter-annotator agreement on such shows, models
show the lowest performance.

Models have different strengths Intern3.5-VL
slightly outperforms on US classification tasks,
while Llava-OneVision excels on CN classifica-
tion. VideoChatR1 preserves classification perfor-
mance while generating explanations. For genera-
tion tasks, QwenVL2 achieves the highest verbal
evidence scores (2.75 English, 2.73 Chinese), lever-
aging its stronger language backbone for transcript-
grounded reasoning. Intern3-VL excels at nonver-
bal reasoning (2.32 English, 2.38 Chinese), benefit-
ing from its emphasis on motion and fine-grained
visual grounding.

Error analysis For the best model for each task
in the US subset, we explore how performance
differs by norm category. The distribution of F1
scores by category for the best model for Task 1
is shown in Figure 3a, where it can be seen that
THANKS and GRANTING A REQUEST categories
received markedly lower scores compared to cat-
egories like EXPRESSING CONCERN, GREETING,
REJECTING A REQUEST.

For non-verbal evidence scores (Figure 3b), US
cultural norms that include hand gestures like
FAREWELLS, GREETING achieve higher scores
than those requiring complex emotional under-
standing such as REJECTING A REQUEST, EX-
PRESSING CONCERN, REQUESTING INFORMA-
TION. The distribution per norm category for Task
3 performance (applicable category prediction) is
displayed in Figure 3c, for which EXPRESSING
CRITICISM, REQUESTING INFORMATION receive
much lower scores compared GREETING, APOL-
OGY, FAREWELLS, EXPRESSING CONCERN. Over-
all, our dataset can help diagnose VideoLLMs’
gaps in cultural norm understanding.

5 Conclusion

To evaluate cultural competence of VideoLLMs,
we introduce a benchmark VIDEONORMS, contain-
ing video clips from popular US and Chinese TV
shows annotated for cultural norms, adherence and

Task 1: Macro F1 by Category (EN, Intern3.5)
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(b) Task 2 score distribution per category.

Task 3: Similarity by Category (EN, Qwen2.5-VL)

(c) Task 3 score distribution per category.

Figure 3: F1 score distributions with 95% CIs by norm
category for the US, for Tasks 1, 2 (non-verbal), 3.

violation labels and verbal and non-verbal evidence.
The dataset was constructed via speech act inspired
prompting with a strong teacher VideoLLM and
subsequent edits by three trained annotators for ev-
ery instance. Analysis of annotator disagreements
showed that the teacher model was less accurate
for Chinese culture, and inter-annotator agreement
was highest for shows set in more formal contexts
(drama genre set in workplace compared to come-
dies). We benchmark a variety of open-source Vide-
oLLMs and find the following trends: 1) detecting
norm violations is more challenging than adher-
ence; 2) models perform worse on Chinese culture
compared to US culture; 3) models have more dif-
ficulty in providing non-verbal evidence compared
to verbal for the norm adhere/violation label and
struggle to identify the exact norm corresponding
to a speech-act; and 4) models perform worse in
formal cultural contexts, unlike humans. Overall,
we hope our research serves as an important step
towards understanding the cultural capabilities of
video models.



6 Limitations

Cultural norm understanding is a nuanced topic and
all research on it would have certain limitations.
One of them is the ecological fallacy (Brewer and
Venaik, 2014), or incorrect inference of individual-
level traits based on aggregated national-level cul-
ture data. We note that we do not make any in-
ferences about individuals but rather attempt to
capture a subset of each countries’ cultural norms.
To mitigate the issues of teacher model bias or inac-
curacy (Bender et al., 2021), we theoretically moti-
vate our prompt and ensure extensive human vali-
dation by hiring 3 annotators from the respective
cultures to verify each of the generated instances.
We note that due to inherent trade-offs between
the number of annotators and the number of an-
notated instances, our annotator sample may not
be representative of a particular culture due to the
intra-cultural variation and demographic factor im-
pacts (Plepi et al., 2022; Wan et al., 2023), however,
we mitigated this as much as possible by ensuring
every annotator passes the screening questions (see
Section B.1) and by including disagreements in
our evaluation settings where practical (see Sec-
tion 4.2). Moreover, since this is not a longitudinal
study, we do not capture norm variation across time.
Finally, while the shows that were picked for the
study are broadly popular in respective cultures,
they may not capture all possible cultural norms.
Therefore, we note that our dataset is not meant to
be a final collection of cultural norms for any coun-
try, but rather a proxy or a subset of such norms
aiding contemporary evaluation efforts. As with
any benchmark, however, a potential risk is over-
optimization to the metric, where high performance
does not necessarily mean that the model is cultur-
ally competent. We hope that our dataset paves the
way for larger-scale, representative, longitudinal
annotations of cultural norms using our framework.
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A Candidate Data Details
A.1 Video Clipping and Segmentation

We collected 5-7 clips of 2-3 minutes each from
YouTube for every TV show in our dataset.
YouTube clips were selected instead of full
episodes because they are easier to download and
process into smaller segments. After collection, a
Python script was used to divide each 2-3 minute
clip into 15-second sub-clips. This length was cho-
sen because a 15-second segment typically con-
tains one distinct social norm, allowing the model
to focus on a single interaction or event. Shorter
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and detailed norm outputs, which are described in
the following section.

A.2 Prompting details

Table 5 shows the full speech act theory-based
prompt for candidate cultural norm annotation.
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Table 5: Speech Act Theory Cultural Norm Annotation Prompt

US Prompt

Chinese Prompt

Role:

You are a culturally aware system with knowledge of norms in US
culture. Your task is to analyze video content and detect instances
where specific social norms occur, adhering to cultural expectations
in the US. You will provide a timestamp for each instance, determine
whether the character adheres to or violates the norm, and explain
your assessment based on both verbal and nonverbal cues. Generate the
norm based on the verbal/nonverbal cues.

Instructions:

If norm_category is chosen to be Custom category, replace the
norm_category with the generated norm category. Do not output Custom
category-

Norm Categories:

1. Apology:

Formal Context: business conversation between colleagues Example
Specific Norm: In American business settings, use formal apology like
"I am truly sorry for...“ or "I take full responsibility for..." and
maintain eye contact to convey attentiveness and interest .

Casual Context: conversation between college students

Example Specific Norm: For minor disturbances or inconveniences, a
common phrase used to express apologies in American culture can be
"I’m sorry” "Oops”, "My bad” or "Sorry about that."”

2. Greeting:

Formal Context: business meeting between executives

Example Specific Norm: In American business settings, use formal
greetings like "Hello”, "Good morning”, "Good afternoon”, and "Good
evening”. Handshake is also common.

Casual Context: greetings between friends

Example Specific Norm: In American casual settings, use informal
greetings like "Hey”, "Hi", "Hello”, "How are you?" Or "What’s up"”.
3. Thanks:

Formal Context: business meeting between a junior and senior employee
Example Specific Norm: In American formal culture, expressing
gratitude can be through phrases like "I sincerely appreciate your
time/effort/help” or "I am truly grateful for your consideration”
while maintaining eye contact to convey attentiveness and interest.

Casual Context: conversation between friends
Example Specific Norm: For minor disturbances or inconveniences,
common phrases used to express grateful in American culture can be

"thanks a lot,” "thanks a bunch,” "you’re the best,” "you rock,” or "I

appreciate it,”
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US Prompt

Chinese Prompt

4. Admiration:

Formal Context: colleagues offer feedback

Example Specific Norm: In American culture, a formal compliment
typically focuses on specific achievements, skills, or contributions,
using phrases like "I was impressed by your presentation” or "Thank
you for your hard work on this project.” [0.5em] Casual Context:
conversation between friends Example Specific Norm: In American
culture, casual compliments are often more personal and emotional,
such as "You always know how to make me smile” or "I really admire
your creativity.”

[0.5em]

5. Requesting Information:

Formal Context: meeting between employee and supervisor

Example Specific Norm: Asking coworker’s personal finances. Questions
about a person’s salary, wealth, or how much things cost are
considered an invasion of privacy and very rude.

Casual Context: conversation between friends

Example Specific Norm: In American culture, casual requests are
typically made directly and with a casual tone, often using "could
you" or "would you mind” followed by the request.

6. Granting a Request:

Formal Context: conversation with a colleague

Example Specific Norm: Agree to the request with a positive response
such as, "Of course, I'd be happy to help,” accompanied by a nod or
smile to reinforce willingness.

Casual Context: conversation between siblings
Example Specific Norm: In American casual settings, granting requests
are typically positive tone, often using "of course” or "no problem”.

7. Disagreement:

Formal Context: business discussion between employees

Example Specific Norm: Use respectful language such as "I see your
point, but I'd like to offer another perspective,” while maintaining a
calm tone and open body language to show that the disagreement is
friendly and constructive.

Casual Context: conversation between siblings

Example Specific Norm: In American culture, informal disagreements are
often handled with directness and a focus on resolving the issue,
rather than avoiding confrontation or resorting to indirect language.

8. Agreement:

Formal Context: business meeting

Example Specific Norm: Use respectful language such as "I second that
motion” or "I concur with that statement” for endorsement and
approval.

Casual Context: conversation between siblings

Example Specific Norm: In casual settings with friends, agreement is
usually expressed in a relaxed and informal way. Some ways of
describing that can be "Yeah, totally!”, "For sure!”, or "Absolutely!”
9. Farewells:

Formal Context: business meeting

Example Specific Norm: Use respectful language such as "Goodbye",
"Until next time", "Farewell” or "Take care”.

Casual Context: conversation between siblings

Example Specific Norm: In casual settings with friends, farewell is

usually expressed in a relaxed and informal way. Some ways of

describing that can be "See ya!", "Bye!”, or "Later!"”
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US Prompt

Chinese Prompt

10. Rejecting a Request:

Formal Context: conversation with a colleague

Example Specific Norm: A formal way to reject a request is to be
polite, clear, and professional. Express appreciation first, then
provide a clear but polite rejection, or offer a brief explanation or
suggest an alternative.

Casual Context: conversation between siblings

Example Specific Norm: In American casual settings, rejecting requests
can be more relaxed but still polite and considerate. Some rejection
might use humor if appropriate.

11. <Custom category>:

When the above categories do not apply, generate a new norm category.
Replace the Custom categorywith the newly generated norm category. Do
not output Custom categoryds the norm_category.

Example:

norm_category: Expressing criticism

Casual Context: business meeting

Example Specific Norm: Offer any criticism in a way that emphasizes a
person’s strengths and highlights ways they could easily improve.

12. No norm:
When no social norm can be applied.

Output Format (JSON):

json [ "timestamp”: "start”: "MM:SS", "end": "MM:SS" , “context”:
“Brief description of the setting and hierarchy between the
participants”, "norm_category”: "Category from the above list of
norms”, “norm_subject”: “Specifically to whom the norm is applied to
in this context (no character name)”, “specific_norm”: “Specific norm
in the norm category that is applicable to this context like the
Example Specific Norm”, "norm_adherence”: "adherence/violation”,
"explanation”: "verbal_evidence”: "Description of verbal cues

supporting adherence/violation.”, "nonverbal_evidence”: "Description

of nonverbal cues supporting adherence/violation.” , .... 1 """
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A.3 Candidate Data Statistics

Table 8 shows detailed distribution of candidate
data annotations.

Total number of norm instances detected
| US| China
514 501

Distribution Across Norm Categories

(Video Clip, Norm) Pairs ‘

Requesting Information 37.18% | 17.06%
Admiration 16.25% | 12.97%
Greeting 13.72% | 16.38%
No Norm 7.94% | 15.36%
Agreement 4.33% | 6.14%
Thanks 4.33% | 6.83%
Farewells 3.97% 1.37%
Apology 3.97% | 3.75%
Rejecting a Request 3.61% | 5.12%
Granting a Request 2.53% | 0.34%
Disagreement 2.17% | 14.68%
Custom Categories 46.11% | 41.52%

Expressing Criticism 71.73% | 23.08%

Expressing Concern (US) / Invitation (CN) 2.95% 3.37%

Expressing Frustration (US) / Suggestion (CN) 1.27% 1.92%

Gift Giving 0.84% 1.44%

Reassurance (US) / Business Language (CN) 0.84% 1.44%

Adherence vs. Violation

Adherence 58.95% | 61.08%
Violation 35.99% | 28.54%
N/A 5.06% | 10.38%

Table 8: Summary of teacher model annotations (with
Top 5 custom categories).

A.4 Annotator Change Percentages by Field

Table 9 shows percentages of changes per field by
U.S. and Chinese annotators.

Field US (%) China (%)
timestampStart 2.40 4.86
timestampEnd 3.05 11.78
context 4.99 56.82
normCategory 14.59 50.83
normActors 29.44 53.83
specificNorm 16.99 57.88
normAdherence 13.62 26.28
verbalEvidence 23.35 64.54
nonverbalEvidence 19.71 53.89

Table 9: Overall Percentage of Changes per Field by
U.S. and Chinese Annotators

B Annotation Details

B.1 Screening Questions and Answers

Below are the screening questions used for both
American and Chinese annotators:

16

* Were you raised monolingual?

* What’s your earliest language in life, and
what’s your primary language?

* Do you identify yourself as monocultural or
multicultural?

* What’s your highest education level com-
pleted?

* What is your country of birth? How many
years have you lived in your current country
of residence?

For the U.S. annotators, all three were raised
monolingual. English is the first and primary lan-
guage of all three annotators. All three identify
as monocultural and have completed a Bachelor’s
degree. All were born in the United States and have
lived there for their entire lives.

For the Chinese annotators, all three were raised
monolingual. Mandarin is the first and primary
language of all three annotators. All three identify
as monocultural and have completed a Bachelor’s
degree. All were born in China and have lived there
for their entire lives.

B.2 Annotator Survey

After the annotators received their offers, we asked
them to complete a short follow-up survey. This
survey included questions about their demographic
background and prior exposure to the shows used
in the study. Specifically, annotators were asked
to provide their age, indicate which of the four
shows they had previously watched, and rate their
familiarity with each show.

The U.S. annotators were 27, 28, and 29
years old, while the Chinese annotators were
between 25, 28, and 29 years old.

For the U.S. annotators, two had watched
Friends and Big Bang Theory, while all three
had watched The Office and Suits. Of the two
annotators who had watched Friends, one gave
a familiarity rating of 5/5 and the other gave a
2/5. For Big Bang Theory, both annotators gave
a familiarity rating of 5/5. For The Office, two
annotators gave a familiarity rating of 5/5, and the
third gave a 4/5. For Suits, two annotators gave
a familiarity rating of 5/5, and the third gave a 3/5.

For the Chinese annotators, all three had



watched iPartment and Home with Kids, while
only one had watched Amazing Night and none
had watched Best Partner. For iPartment, two
annotators gave a familiarity rating of 5/5, and
the third gave a 4/5. For Home with Kids, the
first annotator gave a familiarity rating of 5/5, the
second gave a 4/5, and the third gave a 3/5. The
annotator who had watched Amazing Night gave a
familiarity rating of 3/5.

B.3 Annotation Instructions and User
Interface

Figure 4 shows the detailed instructions provided
to the annotators. Figure 5 shows the annotation
interface.

C Experimental details

C.1 Open-Weight Model Inference prompts
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common phrase used

e 1o express apologies in American culure can be ' sory", "Cops", My bad" o “Sory
Enter Your Username - aboutthat
Ploase entr your usemame o procee « Graeting:

ing:
 Formal Context: business meeting between execulives.

P like "Hell’
“Good moming", "Good afternoon”, and "Good evening’. Handshake s also common.
o Casual Context: greetings between friends

Your username

Welcome to the Al Evaluation Interface settings, Tike "Hoy' H,
T 1o helpyou “Helo, How are you?” Or “Whats
cips. Your . . and + Thanks ,
necessary. each section, you will selectthe Thi the review. Watch N 2 Junior an: ol rouh
. and offe make. Your valuable interaction. throusf

phrases like I sincerely appreciate your timeleforthelp" or ' am truly grateful for your
consideration" while maintaining eye contact o convey attentiveness and interest.
o Casual Context: conversation between friends

* Please be aware that the Al-

2. Timestamp Fields
‘annotating the results.

Timsstamp St Timestamy En used
General Instructions oo oos to express gratitude in American culture can be “thanks a lot", thariks a bunch,"youre the
best’, "you rock", or " appreciate "
« Admiration:
P —
Yoy iat " incorrect edit it o Fomal Contoxt: coleaguos offer foadback
10 eflectthe accurate time range.
typically focuses on
3. Context Field specic achievements, skils, or contributons, using phrases ik *| was impressed by your
presentaton, or “Thank you for your hard work on this project”
Video Clip content o Casual Context: conversation between friends

Casun conrsaton among ranc p
‘and direct, focusing on appearance, skils, or achievements, aiming to make the recipient

feel good immedlately. "1 love your outit or ™
kil the interaction. Adjust the context f it drawing"".
— scenario. + Requesting Information:
e ContextField . ° between
4 4. Norm Category Selection i

——— o oty S . salary, wealth,or how much invasion of p v
e - 9 ko « Casual ontext: conversation botween frionds
—— I < Rocusing mormaton ’ and
[ o= with a casual o, often using "could your or “would you mind" followo by the roquost.
— i = « Granting a Reque:
e e e o . | svestenom o Fomal Context conversation with a coleague

Sosor
e bl D Example Specific Norm: Agree to the request with a positive response such as, "Of course,
2 b happy L help” accomparied by a nod o smie o reinorce willngness,

 Gasua Cotext: conersation btwen sbirgs

Vorbl Evidoncn e "Norm Category’ drop-down fed, i e s " ’
Inthe "Norm Catagory” drop-down fed,please chooss the most appropriate caegory that el s o ot o1 s ropent

corresponds o he siuation presented in the clp. f you select"No Norm Applicable” n ths fied, you ‘
Norverol Eidarce ot needt il i an of thefollowing el All ter fields il be gnored, and you can proceed o + Disagreement:
forotness  Formal Context: business iscussion beween employees
Exampl Specic Norm: Uss respectilanguage such as | se@ your pin, b ik fo
Norm Catogory conoxts and axarmlo specfc norms: ofer anaher perspecive* whi maintaiing & caim tone and open body language toshow
hatthe dissgreement s il and costrctive.

Norm Adherence S

‘Additional Explanation
oedback

EDERE| revoeeonouers + Apology: » Casual Context: conversaton between siings
o Formal Context: business conversation between clleagues i informal i
« Exhied which [R—— Example Specific Norm: In American business seting, use formal apology ke *| am tnly drectness and a ing the issue, raher tesoring
systom, Sony for..”or take fll esponsiiiy for..” and maintain eye contact o convey toindiectlanguage.
+ You can typing d inte + Agreement:
e crop-down mens. o Casual Contoxt: convarsation between collago studerts - Formal Context: business mesting
+ The platform s designed Example Specifc Norm: a i orl concur
afront s, 1o express apologies in American culure can be fm sorry’ "My badt or “Sorry withtht tatsmont:for sndorsement and approval
+ Each page . and you will go through the about that.” o Casual Context: conversation between siblings.
content + Greeting: frends, i
o Formal Contex: business mesing between execufives relaxed and informal way. Some ways of describing that can be "Yeah, otally”
Breakdown of Each Section Example Specifc Norm: In American business setings, use formal greetings fke "Hellc", or“Absolutely”
) - *Good moming’, “Good afteroon", and Good svening'. Handshale s aiso common. + Farowols:
1. Video Clip Section o Casual Context:greetings between fiends o Formal Context:business meeting

Exemple Specific Norm: Use respectful language such as *Goodbye", “Until next time",
*Farewelr"or "Take care’
© Casual Context: conversation between siblings.
Example Specific Norm: In casual settings with friends, farewell is usually expressed ina [rves Lo [ |
relaxed and informal way. Some ways of describing that can be *See yal", ‘Byel", or "Latert”
+ Rejecting a Request -

11. Navigation Buttons

o Formal Context: conversation wih a coleague
Example Specifc N . clear, and “Save” button to ensure your
professional then provide a clear Joroffera Once your ch  the “Saver bulton wil turn
brief explanation or suggest an alemative. green to indicate successul saving. Afler clicking “Save.” the “Next”button willbe enabled, allowing
 Casual Gontext: conversation between siblings Yo o move to the next norm. Uil you cick the *Save” button, the “Next” button will remain disabled
Examplo Specific Norm: In American casual sattings, rjecting requsts can be more rlaxed 1o 6nsur that your atthe botiom
but st poite and considerate. Some rejecton might use humor i appropriate. . 50 you can track
Yourprogress as you evaluale each orm
5. Norm Actors
Nom Acers: Conclusion
Leonard Hofstadier refully 3 of
leeming and
Identiy

Youre unsure of the name. I the curren example, "Leonard Hofstadter” the speaker” or “the man

with glasses" are all acceptable. Points to Pay Attention to When Doing the Annotation

6. Specific Norm For example,
Spectc Nom: " areacy,
Wwe don'nesd to changs It “dsagroement.

Phvase uestons pollely sing hrases e Caud you loaso oxlin. 7

“Thats an atom. Thus,
Describe the expected behavior in detai. I the description is vague or Incorrect, efine the ot an slom. Thu

‘oxplanation .

Leonard n he norm actos fld.

7. Norm Adherence Selection

we shoukd
uloof a thumb', principle. Please chock
< Adoronce the "Norm Category Selecton” secton fo exampis of specfic noms.

Violated. If ot adjust it

8. Verbal Evidence

Vel Evidance:

Tho queson
P ——

New Features (Since April 9th, 2025)

idence. Verify and oy necessary.

9. Nonverbal Evidence With the same usernarme.

. you car
Nonuertal Evidence: Fornstance,
100,
Loonas s expresson 333 oo sogges i sy 100. However, please don't

forget 0 go back 1 where you et of before the urp.
Describe facial expressions, tone, and body language. Ifthe description is inaccurate, edit .

10. Additional Explanation/Feedback

Addtons ExlnatoniFoodback:

Ifyou make any changes to the default answers (whether in the text boxes or the dropdown
selections). In this section, clearly Y
change or why you disagreed vih the Algenerated default

Figure 4: Detailed instructions provided on the first page of the user interface. The page is cut into 5 screenshots,
from left to right, in this figure.

18



Cultural Norm Video Annotation

Watch on 2 YouTube

Timestamp Start: Timestamp End:
0:06 0:07
Context:

Awoman greets a man in an office setting.

Select a Norm Category:

Greeting v
Norm Actors:

Person initiating a greeting.
Specific Norm:

In American casual settings, use informal greetings like "He How are you?" Or "What's

up”. 4

Select Norm Adherence:
Adherence ~
Verbal Evidence:

The woman greets the man with "Hey Gorgeous, How's it going?", which is a relaxed and informal
greeting commonly used among people who know each other. Y
4

Nonverbal Evidence

Her tone is friendly, aligning with casual greeting expectations.

Additional Explanation/Feedback:

< Frévious Q m

Norm 1 of 514

Figure 5: User Interface shown to annotators. It comprises of a 15 second clip with an option to edit the predicted
norm from Teacher model.
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Table 10: Prompt templates for cultural norm analysis tasks in Chinese and English contexts.

Culture

Task

Prompt Template

CN

1

TR EETEESAASCREIR RS, P ESXLE S RITIANE -
Eﬂf% SR T R BTIRR A, 18 T (B S R A Bt T AT, AR
PLAM -

£S5 RIS - AIAOIA 45 & U HITE R AT B RS EITE, AIWHZ TR &
WP e -

258 P BOFIRIT AL (ts)

YEEAIAICAR . {transcript)

YREMTERA]: {norm_category}

R BARMIYE: {specific_norm}

HIREMN A S 8 8 ER .

g S =

FIEEF]: {norm_category}

HSF/AER: GESF/ER]

CN

TR EFPEMSMEASCEIRKRS, P ESHE RN E -
Eﬂ%; NHESRME T R BT AR B, EE TR A SR B AT T, AR
g -

TE55: ARGEIUAR - IO © 26 SCUATE R A AR AR FSTI TS, PIBTZ TR &
PoBSFEE R, FERIE TIN5 5 L 2 015 5 FNIETE SRR R SRR IR AT -

2558 BT IS A {ts)

YEREFIAICA . {transcript}

LEEIMTEZESA]: {norm_category}

R BRMYE: {specific_norm}

iy A% =

HIEZEA]: {norm_category}

HSF/id R DESF/ER

EEIER: Dk BRI ES IR, A BA0E . EE]

JFEF IR : DRAMMMEEIEE SR, 6l BEES - RES)]

CN

ER—DEFFEESIERSCCEIRR RS, 5T ESE SR IRN 2 -
&ﬂ%; R T F BOTIRRTIA], 35 TR 8] 55 A A Bo AT 0T, AR A
LB -

E55: R - BIIOUR - S8 STHATERT, BR S — 1 5 KA R E R

{ER

258 R BOFIART Al (ts)
YHEAIAICAR . {transcript)
YEREFVERSA]: {norm_category}
A% =

HIEEA]: {norm_category}
BERHITE: [ B AU B AR

UsS

You are a culturally aware system with knowledge of US social norms. Analyze
video content using US cultural context.

Note: The timestamp start is included so that your analysis is tied to the
correct segment of the video, not the entire clip.

Task: Given the video, its transcript, cultural norm category and a specific
cultural norm, determine if the norm is adhered to or violated.

Given Timestamp Start: {ts}

Given Transcript: {transcript}

Given Norm Category: {norm_category?}

Given Specific Norm: {specific_norm}

Output format:

Timestamp Start: {ts}

Norm Category: {norm_category}
Adherence/Violation: [Adherence/Violation]

Continued on next page
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Table 10 (continued): Prompt templates for cultural norm analysis tasks

Language

Task

Prompt Template

US

2

You are a culturally aware system with knowledge of US social norms. Analyze
video content using US cultural context.

Task: Given the video, its transcript, cultural norm category and a specific
cultural norm, determine if the norm is adhered to or violated, and provide
verbal and nonverbal evidence for your decision based on the video.

Given Timestamp Start: {ts}

Given Transcript: {transcript}

Given Norm Category: {norm_category?}

Given Specific Norm: {specific_norm}

Output format:

Timestamp Start: {ts}

Norm Category: {norm_category}

Adherence/Violation: [Adherence/Violation]

Verbal Evidence: [Verbal evidence from the video, e.g., spoken phrases, tone]
NonVerbal Evidence: [NonVerbal evidence from the video, e.g., body language,
expressions]

US

You are a culturally aware system with knowledge of US social norms. Analyze
video content using US cultural context.

Task: Given the video, its transcript and cultural norm category, provide a
specific norm related to the below category exhibited in the video.

Given Timestamp Start: {ts}

Given Transcript: {transcript}

Given Norm Category: {norm_category?}

Output format:

Timestamp Start: {ts}

Norm Category: {norm_category}

Specific Norm: [Brief specific norm from the video]
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C.2 Hyperparameters

We evaluate models in the 7B-8B parame-
ter range to ensure fair comparison across
architectures: LLaVA-Next-Video-7b-hf,
Llava-Onevision-qwen2-7b, InternVL3-8B,
InternVL3.5-8B, Qwen2-VL-7B-Instruct,
Qwen2.5-VL-7B-Instruct, and
VideoChat-R1-7B. All models are loaded in
bfloat16 precision using Flash Attention 2 for
efficient inference, with each model deployed on a
single GPU. For video processing, we uniformly
sample 32 frames from each clip as input. We em-
ploy an adaptive temperature strategy: generation
begins at temperature 0.0 for deterministic outputs,
and if the response fails to conform to the required
task structure (e.g., missing labels or evidence
fields), we incrementally increase temperature
by 0.2 per retry attempt. This approach balances
output consistency with generation flexibility
when models struggle with structured formatting
requirements.

C.3 LLM-as-a-Judge Prompts

Table 12 shows the prompts used for the LLM-as-
a-Judge GPT-5 evaluator.
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Generated Non-Verbal Evidence

The person asking the question is standing and
appears to be addressing a group of seated individ-
uals, suggesting an interview or meeting setting.

Score Gold Non-Verbal Evidence

1.0 He points directly at her, singling her out from
the group which could be seen as aggressive or
confrontational.

3.0 She is smiling and making eye contact with the

people she is thanking, indicating sincerity.

The person is smiling and appears to be engaged
in a friendly conversation.

Table 11: Examples illustrating the distinction between perceptual accuracy and cultural reasoning in our non-verbal
evidence rubric. For score 1.0, the core non-verbal cues are not captured. For score 3.0, while the core non-verbal
cue of smiling is captured, the reasoning that it indicates sincerity is absent.
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Task Prompt

Norm Similarity (Task 3) For norm similarity:
Your task is to evaluate cultural awareness of an Al model. Grade how well the generated
norm matches the reference norm. Use the following rubric:
1 - Neither the setting is captured and the norm content is completely different.
2 - Captures some of the norm content but the setting is very different.
3 - Captures some of the norm content and the setting.
4 - Captures the setting and the essential content, but minor differences exist, like differ-
ences in wording.
5 - Captures the setting and perfectly captures the content of the norm without introducing
hallucinations.
First output your reasoning, then your final verdict after the words "Final Verdict:"
Reference norm: {ref_norm}
Generated norm: {gen_norm}

Verbal Evidence Similarity For verbal:

(Task 2) Your task is to evaluate cultural awareness of an Al model. Grade how well the generated
verbal evidence matches the Gold verbal evidence. Use the following rubric:
1 - Neither the content of characters’ speech is captured, nor the reasoning from the gold
evidence.
2 - Does not capture the content, but contains a similar line of reasoning as the gold
evidence.
3 - Essentially captures the content, but minor differences exist, and no reasoning is
provided.
4 - Essentially captures the content, but minor differences exist, and contains the same line
of reasoning as the gold evidence.
5 - Perfectly captures the content of the speech without introducing hallucinations and
contains the same line of reasoning as the gold evidence.
First output your reasoning, then your final verdict after the words "Final Verdict:".
Gold verbal evidence: {gold}
Generated verbal evidence: {gen}

Non-verbal Evidence Similarity =~ For non-verbal:

(Task 2) Your task is to evaluate cultural awareness of an Al model. Grade how well the generated
non-verbal evidence matches the Gold non-verbal evidence. Use the following rubric:
1 - Neither the characters’ actions or emotions are captured, nor the reasoning from the
gold evidence.
2 - Does not capture actions or emotions, but contains a similar line of reasoning as the
gold evidence.
3 - Essentially captures actions or emotions, but minor differences exist, and no reasoning
is provided.
4 - Essentially captures actions or emotions, but minor differences exist, and contains the
same line of reasoning as the gold evidence.
5 - Perfectly captures actions or emotions without introducing hallucinations and contains
the same line of reasoning as the gold evidence.
First output your reasoning, then your final verdict after the words "Final Verdict:".
Gold verbal evidence: {gold}
Generated verbal evidence: {gen}

Table 12: LLM-as-a-Judge prompts to compare the similarity of generations with dataset references.

C.4 Evaluation breakdown by shows
Table 13 shows the US results broken down by show, and Table 14 shows the CN results.
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Task 1 Task 2 Task 3

Model Show  F1 (pos) F1(neg) Samples F1 (pos) F1 (neg) Verbal Nonverbal Samples Score Samples
friends 74.9 23.8 204 56.7 66.4 2.275 1.985 214 2.124 210
Llava-Next-Video bbt 73.8 11.1 158 61.3 65.2 2.303 1.936 172 2.123 162
office 70.1 20.0 184 57.9 67.3 2.157 2.043 182 2.223 189
suits 82.2 16.4 174 57.9 46.5 1.882 2.215 176 2.500 178
friends 62.0 63.5 204 58.8 65.5 2.771 2.389 213 2.262 210
Intern3-VL bbt 55.9 63.6 158 51.1 66.0 2.680 2.184 172 2.198 162
e office 67.1 71.1 182 59.0 68.0 2.640 2.439 178 2.446 185
suits 37.0 45.2 174 28.2 47.3 2.797 2217 176 2.270 178
friends 80.2 66.2 204 69.5 63.6 2.773 2.177 214 2.257 210
Intern3.5-VL bbt 73.9 65.2 161 65.1 67.4 2.517 2.103 175 2.248 165
' office 77.2 75.1 181 68.3 72.3 2.714 2.230 179 2.529 188
suits 69.5 51.9 174 59.0 55.6 2.485 2.396 176 2.466 178
friends 75.6 59.7 204 66.7 59.8 2.925 2.134 214 2.495 210
Qwen2-VL bbt 75.1 58.8 158 68.0 55.6 2.620 2.157 172 2.173 162
ens office 72.6 73.5 182 63.4 69.4 2.775 2.042 180 2.325 187
suits 69.2 54.3 174 70.0 51.1 2.618 2.009 175 2.299 177
friends 62.7 69.1 204 47.9 66.7 2.608 2.040 214 2.294 211
Qwen2.5-VL bbt 51.5 63.3 158 38.7 65.5 2.271 2.010 172 2.259 162
’ office 55.9 71.5 182 37.5 65.5 2.480 2.190 180 2473 187
suits 23.6 46.1 174 12.0 46.6 2.508 2.051 176 2.522 178
friends 79.1 41.1 204 77.9 49.2 2.774 2.055 214 2.052 211
LI Onevision bbt 75.5 31.3 158 69.3 42.0 2.757 2.068 172 1.988 162
AVADNEVISION  office  80.3 66.7 182 76.4 662 2623 2.085 180 2129 187
suits 80.1 28.9 174 79.2 41.3 2211 2.358 176 2.124 178
friends 76.0 71.7 204 65.7 68.8 2.704 2.190 214 2.493 211
VideoChatR1 bbt 69.0 64.9 158 61.0 64.4 2.713 2.176 172 2.185 162
office 70.0 70.7 182 64.3 68.8 2.608 2.133 180 2.258 187
suits 57.8 50.9 174 52.6 52.0 2.637 2.363 174 2416 178

Table 13: US results per show
Task 1 Task 2 Task 3

Model Show F1 (pos) F1 (neg) Samples F1 (pos) F1(neg) Verbal Nonverbal Samples Score Samples
ipartment 333 46.1 275 24.7 452 2.730 2.119 279 2.611 275
Intern3-VL legal 36.6 18.9 253 30.8 19.2 3.030 2.758 259 2.573 253
hwk 59.1 19.0 313 50.4 21.6 3.361 2.603 311 2.938 306
amazing_night 17.4 53.6 271 11.6 53.2 2.453 2.142 273 2.629 272
ipartment 70.1 53.7 275 71.6 54.9 2.606 2.171 278 2.457 276
Intern3.5-VL legal 70.5 26.2 254 69.9 26.7 2.760 2.571 258 2.545 255
’ hwk 84.6 30.1 313 84.1 322 2.891 2.467 310 2.766 312
amazing_night 54.1 55.8 271 60.1 60.1 2.642 2.256 273 2.796 269
ipartment 70.2 52.1 275 66.9 51.3 2.630 2.232 279 2.451 275
Qwen2-VL legal 78.4 26.1 254 65.7 24.7 2.540 2.118 259 2.838 253
wen= hwk 87.1 32.0 313 83.2 31.1 3.022 2.449 311 2.666 305
amazing_night 53.2 60.5 271 38.6 57.6 2.552 2.052 273 2.717 272
ipartment 50.4 50.7 275 45.4 49.1 2.531 2.242 279 2.511 274
Qwen2.5-VL legal 37.6 19.0 254 34.4 19.7 3.056 2.264 259 2.756 254
’ hwk 70.8 26.0 313 67.0 26.0 3.254 2.518 311 2.630 311
amazing_night 314 58.6 271 27.0 57.8 2.587 1.953 273 2.622 270
ipartment 85.2 16.9 274 85.8 35.6 1.796 1.444 249 1.757 276
Liava-Next-Video legal 95.1 0.0 247 94.8 8.7 1.741 1.426 212 1.690 252
hwk 96.3 0.0 306 94.7 17.1 1.946 1.790 291 1.748 313
amazing_night 77.3 2.0 266 78.3 23.1 1.529 1.474 236 1.796 269
ipartment 73.8 52.3 275 60.9 46.6 2.653 2.170 279 2.330 276
Llava-Onevision legal 87.1 24.3 254 70.9 214 2.521 1.987 259 2.323 254
i hwk 82.8 31.7 313 76.5 28.8 2.904 2.386 308 2.377 310
amazing_night 63.9 58.4 269 46.7 57.0 2.433 1.971 269 2.590 268
ipartment 71.2 54.5 275 71.3 54.6 2.511 2.109 279 2.402 276
VideoChatR 1 legal 75.7 25.6 254 75.6 26.4 2.713 2.221 259 2.408 255
co-hal hwk 87.6 36.9 313 85.3 373 3331 2.504 311 2751 309
amazing_night 59.7 57.6 271 58.0 58.6 2.673 2.209 271 2.479 240

Table 14: Chinese results with breakdown by shows
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