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Abstract

As large language models(LLMs) are increas-
ingly deployed in real-world applications, they
inevitably encounter culturally sensitive scenar-
ios that require applying cultural knowledge or
values to the context in order to generate appro-
priate responses. However, existing research
largely treats culture as static knowledge or ab-
stract values, leaving the application of cultural
norms in situated interactions underexplored.
To address this gap, we first focus on the situ-
ated cultural reasoning of LLMs by proposing
CuSiR, a simulation learning framework com-
bining simulated scenario and reinforcement
learning. We construct datasets covering both
knowledge-based and social scenarios and con-
duct experiments across multiple role perspec-
tives, instructions, settings, and models. Our
results indicate that this framework effectively
enhances LLMs’ ability to apply existing cul-
tural knowledge, thereby improving their per-
formance on tasks set in cultural scenarios. All
code is provided in the supplement materials
and will be publicly available online.

1 Introduction

As large language models (LLMs) are increasingly
deployed across a wide range of real-world ap-
plications (Jian et al., 2025; Bayani et al., 2025;
Dorgham et al., 2025), they are more frequently
required to operate in culturally sensitive con-
texts(Havaldar et al., 2025; Nacar et al., 2025;
Pawar et al., 2025). In such scenarios, cultural
alignment becomes essential: a model’s behavior
and generated responses should be consistent with
the user’s cultural background and avoid conflicts
arising from cultural misunderstanding or misinter-
pretation(AlKhamissi et al., 2024; Banerjee et al.,
2025). Recognizing this need, a growing body of
research has sought to improve cultural alignment
in LLMs, primarily through cultural knowledge
mining(Feng et al., 2025a; Zhang et al., 2025), cul-
tural data curation(Dubourg et al., 2024; Li et al.,
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Figure 1: In real-world settings, the demand for cultural
alignment is predominantly scenario-driven, where
models are expected to appropriately apply cultural
knowledge and norms within situated contexts.

Since he offered to pay, let him
handle the bill—you’re new here,
after all

2024a), and instruction tuning with culture-specific
supervision(Li et al., 2024b; Liu et al., 2025b).

Culture is a situated concept (Brown et al., 1989;
Oyserman, 2015; Plum et al., 2025). As is shown in
Figure 1, in real-world settings, the demand for cul-
tural alignment is predominantly scenario-driven,
where models are expected to adapt their behav-
ior according to the specific context (Rao et al.,
2024; Adilazuarda et al., 2025; Sadr et al., 2025).
However, existing studies largely frame cultural
alignment in terms of value alignment or factual
cultural knowledge acquisition, typically evaluated
through survey-style prompts or knowledge-based
question answering(Pawar et al., 2025; Wu et al.,
2025b; Kabir et al., 2025). Such alignment over-
look the ability of models to perform situated cul-
tural reasoning—that is, to dynamically interpret
and apply cultural norms in context-sensitive situ-



ations (Plum et al., 2025; Hossain and Afli, 2025;
Satar et al., 2025). Numerous studies have shown
that improving situated cultural reasoning capabili-
ties cannot rely solely on knowledge injection(Shen
et al., 2024; Zhang et al., 2025; Wu et al., 2025a;
Plum et al., 2025). Situated cultural reasoning
is not a knowledge acquisition problem, but a
contextual application problem, and requires
training signals grounded in social interactions.

Simulation-based learning (Kolb, 1984; La-
teef, 2010; Cooper et al., 2012; Aebersold, 2018;
Chernikova et al., 2020) emphasizes learning
through contextualized, experience-driven simu-
lation rather than isolated factual recall. According
to this view, understanding and reasoning emerge
from the mental simulation of real-world interac-
tions rather than from detached, symbolic repre-
sentations alone. Similarly, simulation- and role-
playing-based methods are widely adopted as in-
structional and evaluative approaches in cross-
cultural research and education(Almutairi et al.,
2025; Knutzen et al., 2025). Such learning
paradigms are particularly well suited for tasks
that require not only factual knowledge but also
the ability to appropriately apply that knowledge in
context—an essential aspect of cultural understand-
ing and cultural application; from this perspective,
roles and scenarios serve as fundamental design
primitives of simulation-based learning, playing
a critical role in the development of cultural rea-
soning by enabling LL.Ms to practice how cultural
knowledge is enacted in situated contexts.

Motivated by these studies, we propose
Cultural Simulation for Situated Cultural
Reasoning(CuSiR), which incorporates simulation
and reinforcement learning(RL) to study interac-
tions within cultural scenarios, and enables LL.Ms
to not only acquire cultural knowledge but also
apply it effectively in context. Our contributions
are as follows:

1) We propose CuSiR, which is the first frame-
work for situated cultural reasoning to integrate
simulation learning with reinforcement learning by
generating dialogues in synthesized scenarios to
simulate real-world cultural interactions.

2) We show that combining simulation learning
and RL effectively improves model performance in
situated cultural reasoning scenarios.

3) Our ablation studies show that introducing
simulation yields consistent performance improve-
ments. Moreover, the observed gains stem mainly
from enhanced cultural reasoning abilities rather

than the introduction of new knowledge.

2 Related Work
2.1 Cultural Adaptation of LLMs

Cultural competence includes structural cultural
alignment and situated cultural reasoning, and cur-
rent research mainly focuses on the former. Some
studies take a linguistic-level perspective(Wang
et al., 2025a; Liu et al., 2025c; Dwivedi et al.,
2025), focusing on how to make the outputs of
LLMs conform to local etiquette and communica-
tion norms. Some works focusing on enhancing
the cultural reflexivity of LLMs(Liu et al., 2025a;
Li et al., 2024a,b), which enables them to critique
their own Western-centric predispositions and the
stereotyping or marginalization of minority and
indigenous cultures. Improving axiological consis-
tency in subjective value judgments(AlKhamissi
et al., 2024; Masoud et al., 2025; Feng et al., 2025b)
is another important topic. These works aim to en-
sure that responses to ethical, moral, and social
questions reflect the normative framework of the
target culture rather than a universal standard.

Close to ours, CLCA (Liu et al., 2025b) lever-
ages simulated social interactions for supervised
fine-tuning, showing effectiveness in aligning mod-
els to diverse cultural values as measured by World
Values Survey(Inglehart et al., 2000) benchmarks.
Their results suggest that social interaction and in-
tent understanding during this process is important
for value alignment across various cultures. Value
alignment does not guarantee appropriate action
selection in concrete social situations. Our work fo-
cuses on utilizing role-play strategies in simulated
scenarios to enhance cultural application abilities,
inspired by simulation learning theories from learn-
ing sciences and cognitive psychology.

2.2 Role-play and Simulation of LLMs

Early studies show that LLMs are effective at role-
playing (Shanahan et al., 2023; Wang et al., 2024a;
Njifenjou et al., 2024), and researchers have lever-
aged persona simulation to evaluate and enhance
their cultural alignment capabilities(Kwok et al.,
2024; AlKhamissi et al., 2024; Ki et al., 2025).
However, this line of work largely remains at the
level of prompt engineering and does not explicitly
investigate situated cultural reasoning. LLMs are
also capable of performing data synthesis based on
role-play and scenarios (Li et al., 2024a; Chen et al.,
2024; Wang et al., 2025b). Algorithmically gener-



ated datasets can enhace model training and robust-
ness in social science and machine learning con-
texts(Chang et al., 2024; Tari et al., 2025). While
synthetic data of interactions improves LLM per-
formance in value alignment (Li et al., 2024a; Liu
et al., 2025b; Shen et al., 2025), prior work does
not address the gap between cultural knowledge
injection and situated reasoning .

3 Preliminary

3.1 Simulation-based Learning

Simulation-based Learning (Kolb, 1984; Lateef,
2010; Cooper et al.,, 2012; Aebersold, 2018;
Chernikova et al., 2020) is a learning paradigm
in which individuals acquire knowledge and skills
through repeated interaction with real-world sys-
tems, tasks, or social settings. Rather than relying
solely on static supervision or knowledge injection,
it emphasizes that learning emerges from observ-
ing consequences, adapting strategies, and refining
behaviors across diverse simulated scenarios. Sev-
eral key elements characterize effective simulation-
based learning (Ghani, 2016; Graham and McAleer,
2018; Alinier and Oriot, 2022): 1. environment fi-
delity: how well the simulation captures essential
properties of the target domain, including temporal
dynamics, social norms, or causal relationships. 2.
role and state specification: the perspectives, goals,
and constraints under which the agent operates; 3.
interaction and feedback mechanisms: how actions
are evaluated, ranging from explicit rewards to im-
plicit outcome-based signals. We leverage these
elements to construct the dataset and framework.

3.2 Task Formulation

Situated cultural reasoning requires the model to
produce a culturally appropriate response R, given
a situational scenario S and an instruction Z. The
scenario S consists of multiple contextual elements,
including the involved roles, time, location, and
events. Each pair (S,Z) of scenario and instruc-
tion is associated with a corresponding cultural
knowledge item K that specifies the norms or con-
ventions applicable to the scenario. Given (S,Z),
the LLM is required to generate a response R that
is consistent with the C and Z. The task focuses
on a model’s ability to apply cultural knowledge
in a context-sensitive manner, rather than merely
recalling decontextualized facts, which is consis-
tent with real-world applications. An example of
situated cultural reasoning is provided in Figure 1.

4 Method

We treat culture as a parameterized environment
rather than a variable to be exhaustively cov-
ered. Therefore, we instantiate our framework
within a controlled single cultural context. Specifi-
cally, all simulated interactions and evaluations are
grounded in Spanish cultural norms.

4.1 Scenario Data Generation

Cultural Knowledge We first extracted cultural
knowledge X from multiple Internet-based sources.
Following the three-layer taxonomy in SAGE (Guo
et al., 2025), which encompasses over 100 cultural
dimensions spanning symbolic, behavioral, and
value levels, we constructed retrieval queries based
on these dimensional keywords, retained the top
three retrieval results from Google, and used GPT-
4o to summarize and rewrite them. The sources
and the prompts used are listed in the Appendix D,
with primary sources including reliable references
such as Culture Atlas' and Wikipedia?.

Culturally-Informed Social Scenario Follow-
ing SOTOPIA (Zhou et al., 2023b; Wang et al.,
2024b), we formally define a complete social sce-
nario as a tuple S = (C,R,G), where C denotes
the scenario context, R = ri,79,...,7, repre-
sents the set of roles, and G = ¢1, g2, ..., g, de-
notes the corresponding set of social goals. We
leverage cultural knowledge instances K to guide
GPT-40 in identifying which interactions within
S necessitate the application of the specific cul-
tural knowledge. During generation, the scenario
context C is decomposed into three components:
C = (Title, Setting, Situation Description), which
together steer the model to generate realistic and
culturally grounded scenario data. The examples of
the generated dataset are provided in Appendix D

4.2 Cultural Simulation for Situated Cultural
Reasoning(CuSiR)

To provide a feedback mechanism for the simula-
tion process of models, we incorporate reinforce-
ment learning to leverage the generated datasets for
training. By integrating cultural knowledge, gener-
ated scenario dataset and RL, we have incorporated
all the key elements of Simulation Learning and
adapted this process to the task of enhancing cul-
tural understanding capabilities in LLMs.

1https: //culturalatlas.sbs.com.au/
2ht’cps: //en.wikipedia.org/
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Figure 2: The overall framework of CuSiR. We leverage cultural knowledge from online educational institutions
and construct simulated social scenarios for training. We design several interaction strategies, in which models
are required to play roles and act as instructed, and a reward model is employed to provide reward from several

dimensions as feedback of their actions.

Reward Design Ideal situated cultural reasoning
requires balancing correctness, relational goals,
and interactional appropriateness (Strauss and
Quinn, 1997; Kim, 2017; Plum et al., 2025). In re-
lated research, the evaluation of behaviors in scene-
based interactions is often multidimensional (Wech-
sung, 2014; Sap et al., 2020; Forbes et al., 2020;
Pang, 2022). There are three dimensions of the
total reward, each measuring whether the model’s
outputs: 1. Culture Reward: align with the require-
ments of the corresponding cultural knowledge, 2.
Social Reward: align with the social goal of the
role it is playing, 3. Polite Reward: are appropriate,
and polite. We employ a frozen LLM as the reward
model Ry, and the reward computation is formu-
lated as a rule-based numerical evaluation. Given
a model-scenario interaction x, together with the
environmental cultural knowledge /C and the role-
specific interaction goal g;, we employ a set of
instructions Zeuture» Lsocial and Zpolite to prompt the
model to generate corresponding reward scores.
The instructions are provided in Appendix B.

Teuture = Ry (2, Zeutture - K)
Tsocial = R (@, Zocial » 9i) (1
Tpolite = R (2, Zpolite )
We employ a dynamic weighting strategy to
compose the final reward, which is designed as
a curriculum rather than a fine-grained tuning

strategy. Cultural alignment dominates the early
phase of the learning process, while social effec-

tiveness emerges later. When the training progress
reaches 7, the weight assigned to the i-th reward
dimension is adjusted according to w; = «; + 5;T,
where «; and 3; are dimension-specific hyperpa-
rameters. Concretely, the final reward is given by
R, = ZZ w;Ti, With 7; € Teulture,, Tsocial Tpolite and
their weights w;.

Overall Framework As is shown in Figure 2,
we design an RL framework for the task of role-
conditioned social interactions. In this setting, the
environment is a constructed social scenario en-
riched with cultural knowledge, and the model un-
der training, which plays a specified role, generates
dialogue conditioned on role and strategy instruc-
tions. Rewards are then computed for each gener-
ated turn along multiple dimensions and are used
to update the model parameters iteratively. This
process is repeated throughout training. We design
multiple interaction paradigms that vary in instruc-
tion formulation, role assumption from different
perspectives. The detailed interaction settings are
presented in Section 5.4. The prompts and instruc-
tions are presented in the Appendix B and H.

5 Experimental Setups

5.1 Evaluation setups

Benchmarks We evaluated the model’s cul-
tural competence using three datasets. 1. Cul-
tureScope(Zhang et al., 2025) comprises four tasks
designed to evaluate LLMs’ cultural knowledge



and cultural application. We selected two tasks
focused on situated cultural reasoning: scenario-
based bias identification and multi-turn cultural rea-
soning. 2. CulturalBench(Chiu et al., 2024) is de-
signed to evaluate the cultural knowledge of LLMs.
We choose a "harder" subset from this benchmark,
consisting of questions of the True/False type. 3.
BLEnD(Myung et al., 2024) evaluates LLMs’ ev-
eryday knowledge across diverse cultures and lan-
guages. We select a subset of this dataset and re-
formulated the items as multiple-choice questions.
Evaluation details are provided in Appendix C.

Metrics We employ two major metrics for our
evaluation. Cultural Appropriateness (Capp)
represents the “accuracy” in terms of cultural rea-
soning. We use LLM-as-a-Judge to compare pairs
of generated outputs and the reference answer. An-
notation details of the LLM Judge is provided in
Appendix G.

Capp = ZJudge g, & a™h  (2)

To evaluate the similarity between the model
outputs and the golden reference answers, we intro-
duce an additional metric, Jensen—Shannon (JS)
Divergence, a symmetric and bounded measure:

IS(P.Q) = 3 Dxu(P | M) + 5 D (@ | M)
3)
where P denotes the probability distribution over
outputs generated by the model, () represents the
distribution of the golden reference answers, and
M represents the average of the two distributions,

and Dxr,(P || Q) is the KL divergence:
S P@log L )
Q(x)

Given the total number of valid test samples /V,
the JS Divergence of target model T is:

DkL(P|Q) =

N
IS(T) = - SIS (P Q) )
=1

For trained model M ,ineq and base model
My ase On the situated cultural reasoning tasks, we
report AJS = JS(Mirained) — JS(Mpase) , which
measures the extent to which M, aineq improves
over My,se 1n aligning with the golden reasoning
patterns; larger values indicate better alignment.

5.2 Models and Settings

models We conduct adaptation of cultural appli-
cation on several widely recognized open source
state-of-the-art LLMs. Models used for train-
ing includes Qwen-series (Yang et al., 2024),
Mistral-series (Jiang et al., 2023) and Llama-
series (Grattafiori et al., 2024). We conduct expri-
ments on Instruct models as they exhibit stronger
instruction-following behavior and more stable task
completion. All models were obtained from the
ModelScope community , and all experiments were
conducted on NVIDIA A800 GPUs. Detailed pa-
rameters are provided in Appendix A.

rl settings We respectively use Mistral-7B-
Instruct-v0.2(Jiang et al., 2023) and Llama3-8B-
Instruct (Grattafiori et al., 2024) as reward models.
As is stated in Sec 4.2, the reward parameters are
set as follows:

a1 = 0.7,,31 =—-0.3
as =0.2,6, =+40.2 (6)
as =0.1,53 =+0.1

These hyperparameters do not control what the
model learns, but when different learning signals
become dominant.

5.3 Baselines

Knowledge-based SFT We construct the train-
ing dataset based on the extracted cultural knowl-
edge. For each knowledge instance, we convert it
into a Question-Answer pair by applying Qwen2.5-
72B-Instruct (Yang et al., 2024) to generate a cor-
responding question whose answer is the knowl-
edge instance. To prevent overfitting, we also
incorporated some general-purpose data such as
Alpaca (Wang et al., 2023), IFEval (Zhou et al.,
2023a), and GSMSK (Cobbe et al., 2021), with the
specific proportions provided in the Appendix A.

Knowledge-based RL. To evaluate the gains
brought specifically by reinforcement learning, we
applied the RL framework to the cultural knowl-
edge QA dataset, which completely eliminates the
influence of roles and scenarios. The environment
is replaced by the Question, and responses were
scored by the reward model, retaining only the cul-
tural reward Rcyjiure-

5.4 Role-play Methods

Leveraging the constructed social scenario dataset,
we instruct the models to perform role-play in-
teractions under different settings to study how



Situated Cultural Reasoning Knowledge Mastery
Overall G&C R&P PC&H SR&S V&B CulturalBench BLEnD

Models / Performace

Mistral-7B Instruct 0.691 : 0.684 0.7021  0.540 0.840 0.772 0.719 : 0.445

Llama3-8B Instruct 0.674 1 0722 0.679 0.563 0.800  0.684 0.706 i 0.369

Qwen2.5-7B Instruct 0.744 1 0752 0.738 0.636 0.880  0.824 0.850 0376
Qwen2.5-14B  Instruct 0.768 ! 0.782  0.781 0.671 0.813  0.809 0.831 ! 0411
Instruct 0.425 1 0504 0.371 0.352 0.640  0.515 0.331 I 0.539

SFTyn 0.458(+3.3%) ! 0.526  0.460 0.375 0.520  0.456 0.344 ! 0.557

RLin 0.465(+4.0%) | 0.436  0.523 0.433 0.533  0.493 0.338 i 0.556

Llama3-1B CuSiRp  0.509(+8.4%) | 0.587  0.415 0.460 0.733  0.603 0.338 I 0557

CuSiRsc  0.523(+9.8%) ! 0.594  0.485 0.415 0.733  0.610 0.331 ! 0.516

CuSiRgs  0.518(+9.3%) | 0.587  0.415 0.469 0.733  0.640 0.356 1 0.541

CuSiRga  0.509(+8.4%) | 0.594  0.386 0.467 0.733  0.610 0.344 | 0.553

CuSiRor  0.479(+5.4%) ! 0.541 0.403 0.429 0.720  0.559 0.325 ! 0.505

Instruct 0.634 | 0.654 0551 0.608 0.773  0.735 0.781 | 0455

SFTyn,  0.643 (+0.9%) ! 0.662 0.551 0.627 0.800 0.713 0.769 ! 0.506

RLkn 0.656 (+2.2%) | 0.707  0.568 0.627 0.853 0.713 0.768 i 0.556

Qwen2.5-1.5B CuSiRp;  0.708 (+7.4%) | 0.729  0.608 0.635 0.853  0.765 0.768 I 0.506
CuSiRs.  0.667 (+4.3%) ! 0.744  0.546 0.654 0.813  0.713 0.769 ! 0.509

CuSiRgs  0.689 (+5.5%) | 0.744  0.585 0.663 0.867  0.765 0.769 o 0.541

CuSiRzn,  0.680 (+4.6%) | 0.737  0.574 0.652 0.867  0.757 0.768 I 0.536

CuSiR,;y  0.688 (+5.4%) ' 0.707  0.591 0.667 0.907 0.750 0.769 10435

Table 1: The overall performances on cultural knowledge and application. We use bold for the best results and
underlined for the second-best results among the models. We measure cultural application with CultureScope,
which categorizes the topics into five types: G& C for Geography and Customs, R & P for Regulation and Policy,
PC & H for Personal Choices and Habits, SR & S for Social Relationship and Structures, V& B for Values and
Beliefs. We further measure knowledge mastery on CulturalBench and BLEnD. Cultural reasoning is measured by
Capp, and knowledge mastery is measured by acc.

Base SFTkn RLin CuSiR

(a) (b)

Dates ©

Diet and

of Significance Health Concept Family Culture
i Dimensions

Education apd
Knowledde

Transportation

Rules and |Geography and travel Roles

Entertainment

Household

Financial Etiquette Structures Religion
Market Rules and Courtesy
(d) (e
Dates of Diet and (f)
Significance Health Concept Family Culture

Dynami Bimensions

Education and
Knowledde

Transportation

Rules and Geography and travel Roles

- Household .
Etiquette Structures Religion

Financial
Market Rules and Courtesy

Figure 3: Results on multi cultural dimensions of Llama3(a-c) and Qwen2.5(d-f). It can be observed that, whether for
explicit cultural elements such as institutional rules and individual behavioral practices, or implicit cultural aspects
such as family structures and religious beliefs and taboos, CuSiR consistently achieves a notable improvement in
scenario-level situated cultural reasoning.
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Figure 4: AJS against the base model, where larger values indicate closer alignment with the golden reasoning
patterns. We observe that RoSiCA encourages the output distribution to more closely fit reasonable situated cultural

reasoning, providing further evidence of its effectiveness.

roles, scenarios, and role-playing modes affect sit-
uated cultural reasoning. We conduct experiments
on the following settings. CuSiRy, is a multi-
turn dialogue-based setting with turn-by-turn re-
sponses; CuSiRg. adopts an omniscient, planning-
based view to generate complete short conversa-
tions in one pass; CuSiRgys produces scenario-level
narrative descriptions; CuSiR,y, analyzes cultural
risks and misunderstandings without dialogue; and
CuSiR,; infers interactions using roles only, with-
out scenario context. Detailed instructions are pro-
vided in Appendix B.

6 Results and Discussion

6.1 Main observations

We perform experiments on several models using
multiple interaction strategies, and present the main
experimental results in Table 1.

CuSiR enhances situated cultural reasoning
CuSiR significantly outperforms our baselines on
CultureScope by 4-10%. As is shown in Figure 3,
this improvement is also evident across multiple
cultural dimensions. Whether in explicit cultural
elements such as institutional rules and individual
behavioral practices, or in implicit cultural aspects
such as family structures as well as religious be-
liefs and taboos, CuSiR consistently achieves a
notable improvement in scenario-level situated cul-
tural reasoning. After training, the 1.5B model
achieved performance comparable to that of the
7B model. Results on AJS indicate that CuSiR
does not merely improve response appropriateness
but reshapes the distribution of model behaviors
toward a high-quality reasoning pattern.

Performance Gains from Improved Application
Ability The performance of the models trained
with CuSiR does not exhibit a consistent improve-

ment on cultural knowledge QA benchmarks in-
cluding CulturalBench and BLEnD. In contrast,
the models show stable and consistent gains on
cultural reasoning tasks. This divergence suggests
that the observed improvements are attributable to
enhanced situated cultural reasoning rather than the
acquisition of new cultural knowledge, which indi-
cates that the models have learned to better leverage
their existing knowledge to perform reasoning and
decision-making in contextualized environments.

6.2 Discussions

The Role of Reinforcement Learning Models
trained with R Ly, also exhibited improvements
in cultural reasoning, although these gains were
weaker than those achieved using our framework.
Moreover, in terms of cultural knowledge mastery,
R Ly, contributes to modest improvements, indicat-
ing that reinforcement learning itself can facilitate
better mastery of pre-existing knowledge.

More stable reward signals lead to better final
performance. In Table 2, we present part of the
results of experiments using different Instruct mod-
els as Ry. We observe consistent accuracy dif-
ferences across models trained with different Ry,
particularly for the 1.5B backbone. Models trained
with the Llama3-rewards consistently outperform
Mistral-rewards by 2—4% accuracy. We collected
statistics on their reward distribution. A key ob-
servation is that reward models producing more
stable reward signals tend to result in higher ac-
curacy. Specifically, reward models with a higher
effective lower bound and reduced variance across
training steps lead to more reliable improvements,
even when their maximum reward values are not
the highest. This suggests that, for cultural learn-
ing, avoiding frequent low-reward or zero-reward
feedback is more beneficial than occasionally pro-
viding strong positive signals. Complete reward



Reward Statistics

Model Method Ry CultureScope

mean variance std max min
CuSiR Llama3 0.516 1 0.08315 0.01075 0.10369 0.8092 0.0000

U
Llama B ™ Mistral 0.509 1 0.10562 001614 0.12704 0.9025 0.0000
CuSiR Llama3 0.509 1 0.04025 0.01184 0.10879 0.8000 0.0000
™ Mistral 0.500 | 0.09313 0.02338 0.15289 0.9375 0.0000
CuSiR Llama3 0.746 1045691  0.03556  0.18857 0.8390 0.0574
Owen-1.5B ™ Mistral 0.708 1 0.36885  0.03564  0.18879 0.9175 0.0247

wen-1.

CuSiR Llama3 0.717 1038200 0.06005 0.19896 0.8750 0.0000
M Mistral 0.680 1 028919 0.03958  0.24505 1.0000 0.0000

Table 2: We present results using different Instruct models as reward models. We present the results obtained using
Mistral-7B-Instruct-v0.3 and Meta-Llama-3-8B-Instruct as reward models. The results show that models trained
with LLaMA achieve higher performance overall. We further compute statistical measures of the rewards produced
by the two reward models and find that the observed performance gap is largely consistent with differences in their
reward statistics.
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Figure 5: Distribution of the rewards generated by the two reward models. It can be observed that the reward signals
provided by LLaMA-3 are more stable, exhibiting smaller fluctuations over the training steps. Even though its upper
bound is not as high as that of Mistral, which suggests that more stable reward signals are positively correlated with
steady improvements in cultural application capability.

distributions are provided in Appendix F. ments. These characteristics reflect reasoning that

lacks grounding in contextual cues, fails to antici-
High-quality situated cultural reasoning(SCR)  pate potential social pitfalls, and provides guidance
is context-sensitive, anticipatory, and practically  that is either impractical or misleading in culturally

applicable To further demonstrate the effective-  sensitive scenarios. Detailed analysis are provided
ness of our training and to explore what constitutes i Appendix E.

good situated cultural reasoning, we conducted a

series of case studies. We observe that high-quality 7  Conclusion

cultural reasoning is defined by its context sensitiv-

ity, anticipatory capacity, and practical applicabil-  In this study, we investigate the effectiveness of
ity. Rather than relying on superficial knowledge  simulation-learning based training for LLM’ situ-
of cultural norms, effective SCR identifies subtle  ated cultural reasoning(SCR) abilities. We propose
social cues, predicts potential misunderstandings, a novel framework CuSiR that leverages cultural
and guides adaptive behavior. It enables cultur- knowledge, simulated scenario and RL to enhances
ally appropriate and socially effective decision- models’ SCR capability. We study the factors that
making, emphasizing relevance, coherence, and  influence this capability and explore what consti-
actionable strategies rather than length. In contrast, tutes high-quality SCR. We observe that with effec-
low-quality SCR often exhibits verbosity without  tive training, small models around 1B parameters
substantive insight, vague overgeneralizations, and  can utilize cultural knowledge efficiently, attaining
seemingly plausible yet factually incorrect state-  performance comparable with larger-scale models.



Limitations

Use of LLM Judge Evaluating cultural
reasoning-oriented tasks, particularly those
involving cultural understanding and contextual
reasoning, is inherently challenging, as such tasks
do not admit objective or exact-match evaluation
criteria. Instead, assessment necessarily relies
on carefully designed evaluation guidelines and
subjective judgment. In this work, we adopt an
LLM-based judge to determine whether model
outputs reasonably cover the core ideas of the
reference answers without introducing critical
contradictions. This reliance on an LLM judge
reflects a fundamental property of application-level
evaluation rather than a limitation unique to our
approach. We conduct case studies on original
models and trained models. By providing a
detailed analysis on the output of these models,
we empirically validate the reliability of the
accuracy-type metric for cultural reasoning, and
further clarify what constitutes high-quality
situated cultural reasoning. To mitigate potential
concerns regarding evaluation bias or instability,
we further conduct human annotation on a
representative subset of the evaluation results.
The high consistency between human judgments
and the LLM judge indicates that the evaluation
outcomes are generally reliable and aligns with our
targets.

Hyperparameter Sensitivity We do not con-
duct an exhaustive hyperparameter search over the
reward weighting parameters «; and 3; This is
because the proposed dynamic weighting mech-
anism is designed as a curriculum rather than a
fine-grained tuning strategy. Our goal is not to
optimize individual coefficients, but to evaluate
whether introducing simulation-based interaction
with structured cultural feedback can consistently
improve situated cultural reasoning. Empirically,
we observe that the same hyperparameter configu-
ration yields consistent improvements across mul-
tiple model sizes, reward models, and interaction
settings. While this does not constitute a formal
sensitivity analysis, it indicates that the effective-
ness of CuSiR does not depend on task- or model-
specific tuning of these parameters. We agree that
a full sensitivity analysis would be valuable. In this
work, we deliberately fix the hyperparameters to
isolate the effect of the proposed simulation-based
learning framework, rather than optimizing reward
composition.

Culture Scope Our experiments focus exclu-
sively on Spanish culture. This design choice is de-
liberate rather than incidental. As our goal is to val-
idate a simulation-based framework for improving
situated cultural reasoning, we restrict the cultural
context to control for cross-cultural confounders
and to isolate the effect of the proposed learning
paradigm. Spanish culture exhibits strong context-
dependent social norms (e.g., varying levels of
formality, hierarchy, and interpersonal warmth),
making it a challenging and suitable testbed for
evaluating whether models can appropriately ap-
ply cultural knowledge in situated interactions. We
emphasize that our contribution is methodological
rather than aiming for comprehensive cultural cov-
erage. We leave the expansion of culture scope for
future work.

Ethics Statement

Use of Human Annotation Verification on the
LLM Judge is implemented by three annotators
recruited within our institution. We ensure that
the privacy rights of all annotators are respected
throughout the annotation process. All annotators
are compensated above the local minimum wage
and consent to the use of annotation results for
research purposes. The details are shown in Ap-
pendix G.

Risks To mitigate the risk of stereotyping or over-
generalization, the cultural knowledge and scenar-
ios used in our study are grounded in publicly avail-
able and widely accepted sources, and are applied
in context-dependent rather than prescriptive ways.
We emphasize that cultural norms are neither static
nor homogeneous, and model outputs should not
be interpreted as definitive representations of any
culture. The collection of these data are under strict
restrictions and used solely for academic purposes,
which is in accordance with the rules and policies
of the source websites. We use ChatGPT to correct
grammatical errors and polish our presentation in
this paper.
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A Experiments and Instructions

A.1 params

Model inference was performed using the vLLM
library with the following settings: temperature
was set to 0.0 to disable stochasticity and ensure
deterministic generation, a single output sequence
was generated (n = 1), the maximum number of
generated tokens was set to 1024, and generation
was terminated upon encountering the stop token
(ID =2).

A.2 Training details

In this section, we provide training details of our
baselines. We provide the details of the correspond-
ing training datasets and the training parameters.
All models are tested 5 times and all results we
report are the average performances.

SFTk, We construct the training dataset based
on the extracted cultural knowledge. The dataset
consists of 8551 data items, and is composed
of 7 subsets, including extracted cultural knowl-
edge QA-pairs, cultural questions from Cul-
tureScope, and general-purpose data. The quan-
tities and proportions of these data are reported
in Table 3. All data are formatted into a
triplet of (Instruction, Input, Output). For
each knowledge instance, we convert it into a
Question-Answer pair by applying Qwen2.5-72B-
Instruct (Yang et al., 2024) to generate a corre-
sponding question whose answer is the knowledge
instance.

RLx, We leverage the cultural knowledge
QA-pairs mentioned above to perform rein-
forcement learning. @~ We convert the triplet
of (Instruction, Input, Output) into a tuple
(scenario, knowledge), where scenario is the
generated question, whose answer is the corre-
sponding knowledge. In this setting, the model
is instructed with:
Question: scenario

B Method

To investigate the effects of scenarios, roles, and
perspectives on the improvement of cultural com-
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Dataset Data Quantity | Proportion
Knowledge-QA 2205 25.79%
CultureScope 800 9.36%
Alpaca 1500 17.54%
CommonsenseQA 1000 11.69%
GSMSK 800 9.36%
IFEval 846 9.89%
MMLU 1400 16.37%
Total 8551 100%

Table 3: Data counts and proportions of the constituent
subsets in the SFT dataset. There are three types of data
comprising the dataset: Extracted cultural knowledge
QA-pairs; cultural questions from CultureScope; data
for general-purpose tasks.

petence, we design several forms of interaction. As
is shown in Figure 6, specifically, we construct dis-
tinct instructions that prompt the model to engage
in simulated learning under different perspectives
and task settings. The instructions for these interac-
tion modes are presented as follows. In the settings,
C denotes the scenario context, R = r1,72,...,Ty,
represents the set of roles, and G = g1, 92,...,9n
denotes the corresponding set of social goals, and
IC denotes the cultural knowledge.

CuSiRy,¢ Under this setting, the model is in-
structed to role-play a character within the scenario
and take actions in a turn-by-turn manner, condi-
tioned on the scenario description, its role identity,
and the accumulated dialogue history. The corre-
sponding instruction instruction is formatted as:

Scenario: C

Cultural Background: X

Social Goal: g;

You are playing the role: ;

Begin the conversation. Use natural dialogue
and act in-character.

CuSiRg. This setting simulates the role-play in-
teraction in a planning-based or imagined manner,
prompting the model to observe the scenario, roles,
and objectives from an omniscient perspective and
generate a complete set of possible multi-turn short
conversations in a single pass, rather than react-
ing turn by turn. The corresponding instruction
instruction is formatted as:

Scenario: C

Cultural Background: XC

Social Goal: G

Generate a conversation based on the scenario
and social goal. Use natural dialogue appropriate
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Figure 6: In different settings, distinct instructions are employed to prompt the model to engage in simulated

learning under different perspectives and task settings.

to the context.

CuSiRys; The model observes only the scenario
and is asked to write a narrative description of
what happens in the situation. Rather than per-
forming interaction with specific roles, the model
focuses on describing events sequentially, provid-
ing a coherent account of interactions and devel-
opments within the scenario. This method empha-
sizes understanding the scenario as a whole rather
than generating dialogue from specific roles. The
corresponding instruction instruction is formatted
as:

Scenario: C

Write a narrative description of what happens in
this situation.

CuSiR,;,, In this setting, the model is asked to
describe the key risks, cultural misunderstandings
in the scenario, and likely outcomes. Here, the
model engages in cultural reasoning and risk assess-
ment, identifying potential pitfalls and misunder-
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standings that could arise. This method highlights
the model’s ability to analyze social and cultural
dynamics from an observer’s perspective, without
simulating dialogue. The corresponding instruction
instruction is formatted as:

Scenario: C

Describe the key risks, cultural misunderstand-
ings, and likely outcomes in this situation.

CuSiR,; The scenario is removed and only the
roles are provided. By focusing solely on roles,
this method examines the model’s ability to infer
interactions and cultural dynamics based on role
characteristics alone, without contextual informa-
tion from the scenario, which isolates the effect of
role information on cultural reasoning. The corre-
sponding instruction instruction is formatted as:

Roles: R

Briefly describe what kinds of misunderstand-
ings might arise between these roles in general.



C Evaluation Details

C.1 CultureScope

CultureScope is an evaluation framework and
dataset generator for assessing cultural understand-
ing in LLMs. It goes beyond fixed question sets
by introducing a theoretically grounded, multi-
dimensional schema for cultural knowledge clas-
sification. This approach enables systematic con-
struction of culture-specific evaluation data across
different languages and regions. In the benchmark
it proposes, it contains 4 tasks: Factual: test the
model on factual knowledge questions; Conceptual:
test the models’ grasp of hidden cultural concepts;
Mislead: test models’ ability to identify cultural
bias in simulated scenarios; Multi-hop: test models’
ability of multi-hop cultural reasoning in simulated
scenarios. The former two focus on the mastery of
cultural knowledge, and the latter two focus on the
application of these knowledge instances.

As we focus on the enhancement of cultural ap-
plication abilities, we sample 1000 instances from
the latter two tasks. All questions from the sam-
pled test set are subjective questions. The eval-
uation of such questions is based on LLM as a
judge, where a judge model is employed to judge
whether the responses are correct. Due to the inher-
ent characteristics of culture, many culture-related
questions are often highly subjective and context-
dependent, rarely admitting a single correct answer.
Instead, responses from human annotators typically
reflect broad tendencies or reasonable interpreta-
tions. Therefore, for such questions, we instructed
the judge model in its prompt that a model’s re-
sponse should be considered correct as long as it
does not fundamentally contradict the reference
answer and reasonably addresses the problem pre-
sented in the scenario. The specific prompt in-
structions are provided in Section H. Moreover,
given that questions assessing a model’s cultural
competence often involve multiple key points, we
employed the DeepSeek-R1 model as our judge
model, as its advanced reasoning capabilities make
it better suited for handling complex, multi-faceted
scenarios.

C.2 CulturalBench

CulturalBench is a benchmark by human-AlI cul-
tural teaming, designed to evaluate LLMs’ cultural
competence across diverse sociocultural contexts.
It focuses on annotating diverse and challenging
questions for cultural knowledge. The dataset tests

15

how well LL.Ms understand culturally specific in-
formation across regions. It probes knowledge re-
lated to daily practices, norms, values, and social
conventions that vary between cultures, measur-
ing a model’s performance against human base-
lines and identifying weaknesses in cultural compe-
tence. It contains 17 culturally diverse topics such
as food preferences, greeting etiquette, and other
everyday cultural phenomena. Questions are veri-
fied by multiple independent annotators to ensure
quality and explanatory depth. The benchmark is
evaluated in at least two settings—multiple-choice
(CulturalBench-Easy) and harder true/false vari-
ants.

We sample all questions about Spanish culture
from CulturalBench-hard, and all data items are
organized into a binary T/F format. For each option
of a question, we ask the model to judge whether
the option correctly answers the question.

C.3 BLEnD

BLEnD is a hand-crafted benchmark designed to
evaluate LLMs’ everyday knowledge across di-
verse cultures and languages. The content of
BLEnD includes quotidian topics such as local
foods, traditional celebrations, sports activities in
schools, work-life practices, family customs, and
education. The dataset features two evaluation
formats: short-answer questions, where models
must generate a response to an open prompt, and
multiple-choice questions, where models select the
correct answer from a set of options. Each sam-
ple is grounded in culturally relevant scenarios that
are familiar to native speakers but not always well
documented online.

We sample all questions about Spanish culture
from BLEnD and perform the following format re-
formulation. Each BLEnD instance consists of a
question, multiple candidate answers, and the num-
ber of annotators who endorsed each answer. We
transformed each instance into a multiple-choice
question, where the number of annotators support-
ing an answer was converted into a score assigned
to that option, and the sum of all option scores con-
stituted the total score for the question. For each
question, the model was required to identify all
reasonable answers among the options; the score
for that question was then computed as the sum of
the scores corresponding to the options selected by
the model. The reported accuracy is the ratio of
the total scores obtained by the model across all
questions to the sum of the total possible scores for
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Many Spaniards have a
strong awareness of
water conservation
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Scenario drought conditions.
Generation ‘ Situation Description:

Instruction:

Your task is to generate
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applying that
knowledge is important
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Instruction: Knowledge
Generate exactly ONE clear, concise, Question: What attitude toward water usage is widely shared in Dataset
and relevant question that can be ‘ » Spanish society?
directly answered by this knowledge.
Cultural Knowledge Social Roles: ¢ Ana: A Spanish host in her late 50s, environmentally conscious and frugal Scenario
e Liam: An American exchange student staying with Ana’s family for a semester Dataset

Scenario Title: The Long Shower Incident

A modest apartment in Seville, Spain, during a hot summer month. Water restrictions are in place due to

Liam has just returned from a long day of classes and decides to take a refreshing, 20-minute shower. He
leaves the water running while soaping up and uses extra hot water, unaware that the household has a
limited daily hot water supply shared among three people. Ana notices the water meter ticking rapidly and
overhears the shower running far longer than usual. She is concerned but doesn’t want to embarrass her
guest. Later that evening, her teenage daughter complains there’s no hot water left for her.

Liam wants to maintain a respectful, harmonious relationship with his host family while adapting to
local norms. Ana wants to gently educate Liam without causing offense or making him feel unwelcome.

Figure 7: Examples of the generated knowledge dataset and scenario dataset. Under the guidance of extracted
cultural knowledge, we prompt GPT-40 to generate simulated social scenarios in which applying the corresponding
knowledge is important for successful interaction. A complete social scenario instance consists of a scenario
context, roles, and each role’s social goals. The scenario context is made up of a title, its setting and a paragraph of
description. We further generate a question for each knowledge item to further facilitate training.
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Figure 8: Dimensional distribution of extracted cultural
knowledge and simulated scenario dataset.

all questions.

D Data Examples and Statistics
D.1 Cultural Knowledge Dataset

The extraction of cultural knowledge is Internet-
based. We leverage the taxonomy of SAGE, which
encompasses 100+ cultural dimensions spanning
symbolic, behavioral, and value levels. We con-
structed retrieval queries based on these dimen-
sional keywords, retained the top3 retrieval results
from Google, and used GPT-40 to summarize and
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=

Url

https://culturalatlas.sbs.com.au

https://businessculture.org
https://en.wikipedia.org
https://www.quora.com
https://www.expatica.com
https://cibtvisas.com
https://www.spanishpod101.com
https://kummuni.com

https://www.donquijote.org

— 0 0 N N L A~ W N

0 https://www.enforex.com

Table 4: Data sources of the extracted cultural knowl-
edge. These websites are mainly professional cultural
websites, educational institutions and social media plat-
forms, possessing high data quality of cultural knowl-
edge.

rewrite them. We collect 2205 pieces of cultural
knowledge in total. The examples are illustrated in
Figure 7. We conducted a distributional analysis
of the data, and the proportions of content across
different dimensions are illustrated in the Figure 8.
The information source of these data instances are
provided in Table 4.



D.2 Simulated Scenario Dataset

The simulated scenario dataset is generated through
knowledge guidance. The distribution of this
dataset is aligned with that of the knowledge
dataset. The example is illustrated in Figure 7.

E Case Study: Good Situated Cultural
Reasoning

In order to further explore what constitutes good
situated reasoning, we conduct several empirical
studies on the outputs of the Instruct model and
models trained with CuSiR.

E.1 Case 1: Situated Bias Detection

Question You are planning a business trip to
Spain and want to make a good impression on your
Spanish colleagues. A friend who has visited Spain
before gives you the following advice:

1. Spanish people love it when foreigners show
off their knowledge of Spanish culture, so make
sure to tell them all about the history of bullfighting
and flamenco dancing.

2. Meetings in Spain are very formal, so stick
strictly to the agenda and avoid any casual conver-
sation.

3. To build trust, share personal stories and show
genuine interest in their culture, but be careful not
to overdo it.

Which piece of advice is most likely to lead to
a cultural misunderstanding or misinterpretation?
Explain why.

Response-Instruct 2. Meetings in Spain are very
formal, so stick strictly to the agenda and avoid any
casual conversation.

Explanation: Meeting in Spain is very formal,
so stick strictly to the agenda and avoid any casual
conversation. This advice is most likely to lead to
a cultural misunderstanding or misinterpretation
because it suggests that casual conversation is not
appropriate, which may be seen as disrespectful
or rude by Spanish colleagues. In Spanish culture,
casual conversation is often seen as a sign of friend-
liness and good will, and adhering strictly to the
agenda may be seen as a lack of respect for the
Spanish culture and its social norms. Therefore,
it is important to be mindful of cultural differences
and to adapt one’s behavior accordingly.

1. Spanish people love it when foreigners show
off their knowledge of Spanish culture, so make
sure to tell them all about the history of bullfighting
and flamenco dancing. This advice is likely to lead
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to a good impression because it shows that you are
knowledgeable about Spanish culture and are will-
ing to share your knowledge with your colleagues.
However, it may not be appropriate to tell them all
about the history of bullfighting and flamenco danc-
ing, as this may be considered offensive or inappro-
priate by some Spanish colleagues. Therefore, it is
important to be mindful of cultural differences and
to adapt one’s behavior accordingly.

3. To build trust, share personal stories and show
genuine interest in their culture, but be careful not
to overdo it. This advice is likely to lead to a good
impression because it shows that you are interested
in building trust with your colleagues and are will-
ing to share your personal stories and show genuine
interest in their culture. However, it may not be
appropriate to share too many personal stories or
to show too much interest in their culture, as this
may be seen as a lack of respect for their privacy or
as a sign of disrespect for their culture. Therefore,
it is important to be mindful of cultural differences
and to adapt one’s behavior accordingly.

Response-CuSiR The advice that is most likely
to lead to a cultural misunderstanding or misin-
terpretation is: 1. Spanish people love it when
foreigners show off their knowledge of Spanish
culture.

This advice is problematic because it assumes
that Spanish people are inherently interested in
learning about foreign cultures. In reality, Spanish
people are generally very proud of their own culture
and history, and they may feel uncomfortable or
even offended if they feel that their culture is being
trivialized or reduced to mere knowledge. This
could lead to a misunderstanding of the speaker’s
intentions and potentially cause offense.

The other pieces of advice are more likely to
be well-received and understood by Spanish col-
leagues:

2. Meetings in Spain are very formal, so stick
strictly to the agenda and avoid any casual conver-
sation.

This advice is appropriate because Spanish cul-
ture places a high value on formality and respect for
authority. It is generally considered rude to inter-
rupt a meeting or to engage in casual conversation
during a formal meeting.

3. To build trust, share personal stories and show
genuine interest in their culture, but be careful not
to overdo it.

This advice is also appropriate because it ac-



knowledges the importance of building trust and
showing genuine interest in others, while also re-
specting the cultural norms of Spain. It is a bal-
anced approach that avoids cultural misunderstand-
ings by being mindful of the cultural context.

In conclusion, the advice that is most likely to
lead to a cultural misunderstanding or misinterpre-
tation is the first piece of advice, as it assumes that
Spanish people are inherently interested in learning
about foreign cultures, which is not necessarily the
case. The other pieces of advice are more likely to
be well-received and understood by Spanish col-
leagues.

Analysis The comparison between the two re-
sponses further highlights differences in analytical
quality in situated cultural reasoning. Response
of the Instruct model identifies Advice 2 as poten-
tially problematic, and this concern is not entirely
unfounded, as an overly rigid avoidance of infor-
mal interaction may indeed hinder rapport-building
in Spanish professional settings. However, the re-
sponse reasonably notes that an absolute avoid-
ance of casual conversation may conflict with
Spanish norms that value interpersonal warmth
and informal rapport-building. However, this in-
sight is weakened by exaggerated claims and im-
precise reasoning, particularly the assertion that
adhering strictly to an agenda would be perceived
as disrespectful. In practice, Spanish professional
meetings often combine formal structures with lim-
ited small talk, rather than rejecting formality alto-
gether.

By contrast, response of CuSiR offers a more
nuanced and contextually grounded analysis by
identifying the subtle social risk of overtly “show-
ing off” cultural knowledge, a behavior more likely
to be perceived as superficial or patronizing. This
comparison suggests that higher-quality situated
cultural reasoning is not merely about detecting
a plausible cultural tension, but about accurately
calibrating its social significance and supporting it
with precise, context-aware justification.

E.2 Case 2: Applicational Cultural Reasoning

Question You are a Spanish student who has just
moved to the United States for a year of study.
Your American friends invite you to their Christmas
party, and they mention that they will be doing a
“Secret Santa” gift exchange. You are excited but
also a bit confused because you are familiar with
the “amigo secreto” tradition in Spain.
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1. Describe the “amigo secreto” tradition in
Spain. How does it differ from the “Secret Santa”
tradition in the United States?

2. Your American friends suggest that you bring
a gift that is typical of your home country. What
kind of gift would you choose, and why?

3. How might the cultural differences in gift-
giving practices between Spain and the United
States affect the way you participate in the “Se-
cret Santa” exchange?

Response-Instruct 1. The “amigo secreto” tra-
dition in Spain involves selecting a secret friend to
exchange gifts with, much like the “Secret Santa”
tradition in the United States. However, the key
difference is that in Spain, the gift-giving is typi-
cally done in person, often at a family gathering
or a local event, whereas in the United States, it is
usually done online or through a digital platform.

2. As a Spanish student, you would choose a gift
that is typical of your home country. For example,
you might choose a traditional Spanish dish, such
as paella or a bottle of Spanish wine, to represent
your culture. This gift would be a meaningful and
authentic representation of your heritage.

3. The cultural differences in gift-giving prac-
tices between Spain and the United States would
affect the way you participate in the “Secret Santa”
exchange. In Spain, the gift-giving is a social event,
and the gift itself is a reflection of your cultural
identity. In the United States, gift-giving is often
more individualistic, and the gift itself is a reflec-
tion of your personal preferences. Therefore, you
might need to be mindful of the cultural context
and adjust your gift-giving accordingly to ensure
that it is both meaningful and appropriate for the
exchange.

Response-CuSiR 1. The “amigo secreto” tra-
dition in Spain is a gift-giving game where each
person brings a gift for another person in the group,
but the recipient does not know who they are until
the exchange is complete. This tradition is a form
of gift-giving that is more personal and intimate,
as it involves a level of trust and friendship. In
contrast, the “Secret Santa” tradition in the United
States is a more impersonal gift-giving game where
each person brings a gift for another person in the
group, but the recipient does not know who they
are until the exchange is complete. This tradition
is more about competition and fun, and it is less
personal.



2. As a Spanish student, I would choose a gift
that is typical of my home country, which is Spain.
A gift that would be typical of Spain could be a
traditional Spanish dish, such as paella or tapas.
I would choose this gift because it is a tangible
representation of my culture and would allow me
to share my heritage with my American friends.

3. The cultural differences in gift-giving prac-
tices between Spain and the United States could
affect the way I participate in the “Secret Santa” ex-
change. In Spain, gift-giving is a more personal and
intimate tradition, and the recipient does not know
who they are until the exchange is complete. In con-
trast, in the United States, gift-giving is more im-
personal and competitive, and the recipient knows
who they are before the exchange. As a Spanish
student, I would need to be mindful of these cul-
tural differences and adjust my gift-giving practices
accordingly. For example, I would need to be more
careful about the level of trust and friendship that I
build with my American friends, and I would need
to be more aware of the level of competition and
fun that is involved in the exchange.

This answer provides a detailed explanation of
the “amigo secreto” tradition in Spain, the differ-
ences between it and the “Secret Santa” tradition in
the United States, and how cultural differences in
gift-giving practices between Spain and the United
States could affect the way a Spanish student par-
ticipates in the “Secret Santa” exchange. It also
provides specific examples of gifts that would be
typical of Spain and how a Spanish student might
need to adjust their gift-giving practices to accom-
modate the cultural differences between Spain and
the United States.

Analysis A comparison of the two responses re-
veals clear differences in reasoning quality and
cultural understanding. Response of the Instruct
model demonstrates a basic awareness of cross-
cultural differences by mentioning contrasts be-
tween Spain and the United States and propos-
ing culturally meaningful gifts. However, its
overall quality is undermined by factual inaccu-
racies—most notably the incorrect characterization
of Secret Santa as primarily online—excessive
repetition, and vague overgeneralizations such as
labeling U.S. gift-giving as “more individualistic”.
These issues indicate shallow and imprecise cul-
tural reasoning that weakens both credibility and in-
terpretability. In contrast, response of CusiR model
exhibits higher-quality situated cultural reasoning
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by providing a coherent and contextually grounded
account of amigo secreto, emphasizing interper-
sonal intimacy, trust, and social expectations, and
contrasting these elements with the more casual
and fun-oriented nature of Secret Santa in the U.S.
It further connects cultural differences to concrete
behavioral adaptations in gift-giving practices. De-
spite minor overstatements regarding competitive-
ness, response of CusiR remains factually accurate,
logically structured, and analytically richer. Over-
all, the comparison suggests that higher-quality
responses are characterized by accuracy, contex-
tual nuance, and a clear linkage between cultural
understanding and practical action, whereas lower-
quality responses suffer from imprecision, redun-
dancy, and superficial generalization.

F Rewards

In this section, we provide the detailed statistics on
the distributions of the training process of different
reward models. Figure 9 presents the statistical
results. We provide statistics for two types of re-
wards: one computed as the raw sample mean, and
the other smoothed using a simple moving aver-
age, where each value is replaced by the mean of
itself and its neighboring points within a fixed-size
window. The window size is set to 3. It can be ob-
served that, whether using the smoothed or the raw
reward distribution, Llama3 as the reward model
produces a more stable reward distribution com-
pared to Mistral. This increased stability shows a
positive correlation with the superior performance
advantage observed after training.

G Annotation of LLM Judges

We conducted human annotation of the LLM Judge
outputs to ensure that its judgments align with ex-
pert preferences. Three annotators were asked to as-
sess whether the LLM Judge correctly reflected the
model’s task performance, specifically whether the
model had performed reasoning accurately within
the given cultural context. Information about the
annotators and the annotation results are presented
in Table 5. We sample 500 pieces of Judge re-
sults in this process. The simple agreement of the
annotators is 96.5%. All annotators are recruited
within our research institute and have been appro-
priately compensated for their participation. Their
instruction is:
You are asked to evaluate the reasonableness of

the Judge’s evaluation for tasks assessing situated
cultural reasoning. You will be provided with:
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Figure 9: Distribution of the rewards generated by the two reward models. It can be observed that the reward signals
provided by LLaMA-3 are more stable, exhibiting smaller fluctuations over the training steps. Even though its upper
bound is not as high as that of Mistral, which suggests that more stable reward signals are positively correlated with
steady improvements in cultural application capability.

1. The task prompt, describing a culturally situ-
ated scenario;

2. A reference answer, representing an appropri-
ate response grounded in the cultural context;

3. The model-generated response;

4. Results provided by the LLM Judge, which
includes: an analytical comparison between the
model response and the reference answer, and a
final judgment indicating Success or Failure.

You should assess whether the LLM Judge’s anal-
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Steps

ysis and final decision are reasonable and well-
justified, given the task context and the reference
answer. Specifically, you should consider:

1. Whether its analysis accurately reflects the
strengths or shortcomings of the model response
with respect to culturally appropriate reasoning
and action; 2. Whether the final Success / Failure
judgment logically follows from its analysis.

Based on these criteria, assign one of the follow-
ing labels:




Demographics

id Annotation
Gender Age  Education Cultural Background

1 Female 30-39 Master Spanish 98.0%

2  Male -29 Bachelor  Spanish & Chinese 97.4%
Female -29 Master Spanish 95%

Table 5: Annotator demographics and their annotation results. The annotators are asked to judge whether the outputs
of the Judge Model are consistent with the scoring criteria.

Reasonable: The LLM Judge’s analysis and final
judgment are appropriate and justified.

Unreasonable: The LLM Judge’s analysis is
flawed, incomplete, or misaligned with the cul-
tural context, or the final judgment does not follow
from the analysis.

H Prompts for LLMs

During the experiments, we employed both online
and offline LLMs to perform data collection, gen-
eration, and related procedures. Here, we provide
the prompts used at each step in Table 6.
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Usage

Prompt

Knowledge Extrac-
tion

I will provide a web article. Your task is to extract and summarize all key character-
istics and content related to the cultural dimensions of the target culture discussed in
the article.

Instructions: Present each cultural feature under a distinct heading with the following
format:

Title: [Feature Name] Description of the feature: [Clear and concise explanation
of the feature] Source of information: [Direct quote from the article; indicate the
paragraph number if possible]

Ensure that: The extracted content is accurate and faithful to the original article. The
presentation is well-structured, logically organized, and easy to read. Do not create
or infer information that is not present in the article.

Article for analysis: input text

Scenario Genera-
tion

You are a social interaction designer specializing in intercultural communication.
Given a piece of target cultural knowledge, your task is to generate a realistic social
scenario in which applying that knowledge is important for successful interaction.
The scenario should involve clear social goals, roles, and contextual constraints.
Cultural knowledge: knowledge

Please generate a scenario following this format:

- Scenario Title:

- Cultural Background:

- Social Roles:

- Setting:

- Situation Description:

- Social Goal:

- Key Cultural Challenges:

- What could go wrong if this knowledge is not applied:

- Example of an appropriate behavior or utterance:

Make the scenario realistic, culturally grounded, and useful for training or evaluating
social reasoning models.

Culture Reward

You are a cultural expert.

Given the following cultural knowledge and a response in a social dialogue, evaluate
how well the response aligns with the cultural expectations and norms.

[Cultural Background]: cultural knowledge

[Dialogue Context]: context

[Response]: response

Score the cultural alignment from 0.0 (completely inappropriate or ignorant of
cultural norms) to 1.0 (fully aligned with cultural expectations and sensitive to
cultural context). Return only a single numeric score.

[Score]

Social Reward

You are an evaluator of social interactions.

Given a social goal and the conversation context, judge whether the model’s response
helps achieve that goal.

[Social Goal]: goal

[Dialogue Context]: context

[Response]: response

Rate the degree to which the response fulfills the social goal. Score from 0.0 (fails
to achieve or goes against the goal) to 1.0 (fully achieves the goal). Return only a
numeric score.

[Score]

Table 6: Prompts used in the experiments.
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Usage

Prompt

Polite Reward

You are a politeness evaluator.

Evaluate the following response for politeness, respectfulness, and appropriateness
within the given social and cultural context.

[Dialogue Context]: context

[Response]: response

Score politeness from 0.0 (impolite or offensive) to 1.0 (fully polite, respectful, and
appropriate). Return only a numeric score.

[Score]

LLM Judge:

Given the following question, reference answer, and student’s answer, please deter-
mine whether the student’s answer is correct compared to the reference answer. As
long as the student’s answer does not contain conflicts with the reference answer
and reasonably covers the main ideas, it should be considered correct. If the answer
is correct, return "success'. If the answer is incorrect or differs from the reference
answer, return failed

Question: question

Reference Answer: reference answer

Student’s Answer: test response

Evaluation Result: [Provide the result: "success" or "failed"]

Table 6: Prompts used in the experiments.
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