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Abstract

Cultural adaptation in dialogue systems refers
to the ability to generate responses that con-
form to linguistic norms and social expectations
across different cultures. However, existing di-
alogue generation approaches pay limited at-
tention to the role of personality in shaping cul-
tural expression and communication style. We
therefore propose HiCAP, a novel framework
that integrates personality traits into culturally
adaptive dialogue generation. HiCAP employs
a personality-conditioned control mechanism
that hierarchically modulates response style by
first aligning it with the cultural tone and then
refining linguistic expression and content ac-
cording to individual personality attributes. To
embed these factors, the model combines super-
vised fine-tuning and instruction-based tuning,
supported by dynamic instruction templates
and multi-agent demonstrations to capture di-
verse combinations of culture and personality.
Experiments on CulturalPersonas and CPED
show that HiCAP achieves the strongest overall
performance across various dialogue genera-
tion metrics, demonstrating effective cultural
adaptability and personality modelling.

1 Introduction

The ability to understand and adapt to cultural con-
text is a key step towards building human-centric
artificial intelligence (AI) (Shen et al., 2026). In
conversational agents, cultural adaptation (Anik
et al., 2025) refers to the ability to flexibly ad-
just language and interaction strategies in accor-
dance with the values, communication styles, and
expectations associated with diverse cultural back-
grounds, such as different countries, regions, or
social groups. Such adaptability is essential for
fostering trust and effective communication across
global user populations. Accordingly, culturally
aware dialogue agents have broad applications (Liu
et al., 2025a), including international customer ser-
vice, multilingual virtual assistants, cross-cultural

Figure 1: Pairwise Wasserstein distances for Big Five
personality traits across four country pairs, with larger
values indicating greater cross-cultural differences in
trait distributions.

healthcare support, global education platforms, and
mental health counselling, where contextually ap-
propriate and respectful interactions are particu-
larly important for minority groups.

Recent research has advanced the cultural aware-
ness of large language models (LLMs) through the
use of novel data resources and targeted training
strategies. Culture-Gen (Li et al., 2024d) proposes
a prompting framework that systematically elicits
cultural perceptions across countries and topics,
enabling large-scale analysis of implicit cultural
knowledge and bias without external knowledge
bases or manual annotation. By contrast, Culture-
Bank (Shi et al., 2024) constructs an open, struc-
tured knowledge base from culture-related narra-
tives in online communities, using a pipeline that
integrates automated filtering, LLM-assisted extrac-
tion, clustering, and human validation to capture
fine-grained, community-driven cultural practices.
CultureLLM (Li et al., 2024a) further improves
scalability by leveraging representative questions
from the World Value Survey (Haerpfer et al., 2020)
and semantic data augmentation to efficiently ex-
pand training data for low-cost fine-tuning of both
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culture-specific and unified models.
Most existing approaches, however, tend to ne-

glect the role of personality traits in shaping cross-
cultural interactions (Pawar et al., 2025). At the be-
havioural level, culture and personality are closely
intertwined, with cultural context influencing both
the expression and distribution of personality traits
across groups. Cross-cultural studies (McCrae and
Terracciano, 2005; Schmitt et al., 2007) have shown
that average levels of Big Five1 (Costa and McCrae,
2008) traits vary substantially across countries and
cultural contexts, a pattern further illustrated by the
IPIP-NEO data (Johnson, 2014) in Figure 1. Per-
sonality is also systematically reflected in linguistic
style (Yarkoni, 2010; Shen et al., 2025c; Chen et al.,
2025). For example, high openness is associated
with greater curiosity and the use of abstract or
imaginative vocabulary, as reflected in words such
as “poet” or “universe”, whereas high conscien-
tiousness favours structured, goal-oriented expres-
sions and avoids overly casual language. For con-
versational agents, incorporating personality traits
therefore provides an effective means of modelling
cultural and social context.

In this paper, we propose HiCAP (Hierarchical
Cultural Adaptation via Personality), which ex-
plicitly integrates personality traits into culturally
adaptive dialogue generation. The core of HiCAP
lies in a personality-conditioned control mecha-
nism that first establishes a culture aligned baseline
for tone and politeness, and then refines linguistic
style and content selection according to individ-
ual personality traits, thereby enabling hierarchical
modulation of response style. Specifically, during
training, supervised fine-tuning (Dong et al., 2023)
on dialogue data annotated with cultural and per-
sonality attributes allows the model to learn map-
pings between persona representations and stylistic
adjustments through a gating mechanism. In addi-
tion, HiCAP employs slot-filling techniques (Mirza
et al., 2024) to dynamically construct instruction
templates, which are adaptively adjusted based on
users’ cultural background and personality traits.
When explicit user persona information is unavail-
able, the framework infers the most likely cultural
background and personality traits from the input,
ensuring personalised instructions across different

1The Big Five, also known as the Five-Factor Model, is the
most widely accepted framework in personality psychology,
describing five fundamental dimensions of human personality:
Openness, Conscientiousness, Extraversion, Agreeableness,
and Neuroticism (OCEAN).

personality-culture combinations. Inspired by Cul-
turePark (Li et al., 2024b), HiCAP further adopts
multi-agent interaction to generate cross-cultural
dialogue demonstrations, providing representative
exemplars that illustrate the intended communica-
tive style.

Our main contributions are as follows:

• We propose HiCAP, a framework that inte-
grates personality traits into culturally adap-
tive dialogue generation through hierarchical
style modulation, allowing cultural context to
guide overall response style while personality
traits refine individual expression.

• We develop persona-aware learning and
instruction mechanisms that combine
personality-conditioned gating, dynamic
instruction construction, persona inference,
and multi-agent demonstrations to support
dialogue generation aligned with cultural
context and personality traits.

• Experiments on CulturalPersonas and CPED
demonstrate that HiCAP outperforms state-of-
the-art methods across various dialogue gen-
eration metrics. Further analyses validate its
cultural adaptability, personality modelling,
and linguistic quality.

2 Related Work

Training-based Methods: This category com-
prises three main paradigms that include pre-
training from scratch on culturally rich corpora,
continued pre-training on culture-specific data, and
supervised fine-tuning with culturally annotated
datasets. Models such as HyperClovaX (Yoo
et al., 2024) and PersianLLaMA (Abbasi et al.,
2023) follow the first paradigm, achieving strong
native-level cultural competence through large-
scale region-specific training. To improve scal-
ability, continued pre-training has been widely
adopted to adapt general-purpose models to cul-
tural domains, as exemplified by TaiwanLLM (Lin
and Chen, 2023), Komodo (Owen et al., 2024),
SeaLLM (Nguyen et al., 2023), and AceGPT
(Huang et al., 2023). In parallel, supervised fine-
tuning leverages labelled data capturing cultural,
demographic, or social nuances, including Chinese
culture-specific corpora (Bai et al., 2024), the In-
donesian Cendol dataset (Cahyawijaya et al., 2024),
and value survey-based resources for hate speech
detection (Zhou et al., 2023). However, These
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training-based approaches generally incur substan-
tial computational cost (Shen et al., 2025b).
Inference-time Methods: These methods adjust
the generation process through prompt engineer-
ing that explicitly specifies cultural background,
social roles, or value systems, without modify-
ing model parameters. Representative strategies
include culture-specific tokens or templates (Rao
et al., 2024) and the explicit injection of cultural
identity into prompts (Wang et al., 2023). Chain-
of-thought and value-oriented prompting further
encourage reasoning within diverse moral or cul-
tural frameworks (Johnson et al., 2022; Masoud
et al., 2023). Recent studies have also shown that
language-specific prompt designs can mitigate bias
towards dominant cultures, particularly for under-
represented groups (Naous et al., 2023). In ad-
dition, prompt-based cultural alignment tests and
context-aware evaluation prompts have been used
to reveal implicit cultural preferences and assess
cultural adaptability across tasks (Cao et al., 2023;
Fung et al., 2024). However, their capacity to
support adaptation remains constrained when the
underlying model lacks sufficient culture-specific
knowledge.

HiCAP differs from both categories by jointly
modelling culture and personality across training
and inference. Persona-aware supervised fine-
tuning embeds cultural and personality signals into
the model’s internal representations, while dynamic
instructions and multi-agent demonstrations pro-
vide explicit, context-sensitive guidance during
generation. A hierarchical personality-conditioned
control mechanism further modulates response
style by establishing a cultural baseline and refining
it according to individual personality traits.

3 HiCAP Framework

As shown in Figure 2, HiCAP integrates personal-
ity traits into culturally adaptive dialogue genera-
tion through hierarchical personality-conditioned
control. It combines persona-aware supervised fine-
tuning (SFT), dynamic instruction construction,
and multi-agent demonstrations. A hierarchical
control mechanism uses cultural information to es-
tablish a shared stylistic baseline and personality
information to refine expression at the token level.

3.1 Persona-Aware Learning

Persona-aware learning represents cultural back-
ground and personality traits as conditioning sig-

nals during SFT, allowing persona information to
influence the model’s internal representations.

We represent each persona using a structured
profile that combines a cultural category with bi-
nary indicators for the Big Five personality di-
mensions. Let c denote the cultural category and
bi ∈ {0, 1} denote the state of the i-th personal-
ity trait, where bi = 1 and bi = 0 correspond to
high and low levels, respectively. The persona pro-
file is z = [c, b1, b2, . . . , b|P|], where P denotes
the set of personality dimensions. Each discrete
attribute is mapped to a trainable embedding, yield-
ing a culture embedding ec and personality embed-
dings ebi . These embeddings are concatenated and
projected into the hidden space of the backbone
as p = WprojConcat(ec, eb1 , . . . , eb|P|), where
Wproj is a learnable projection matrix and p ∈ Rdh

is the resulting persona representation with hidden
dimension dh. The projected representation is used
for dynamic instruction construction, while the cul-
ture and personality embeddings are retained for
hierarchical modulation.

During SFT, let X denote the dialogue context
and Y = (y1, . . . , y|Y |) the target response. We
optimise the standard next-token prediction loss
LSFT = −∑|Y |

t=1 logPΘ(yt | y<t, X, z), where Θ
denotes the trainable model parameters.

To encourage the hidden representations to re-
tain persona information, we additionally predict
the cultural category and personality traits from
a pooled context representation hX . The culture
head produces ŷc = softmax(Wcls,chX + βcls,c),
where Wcls,c and βcls,c are its trainable weight
matrix and bias vector. For the i-th personality
dimension, the corresponding prediction head pro-
duces q̂i = σ(w⊤

cls,ihX + βcls,i), where wcls,i and
βcls,i are trainable parameters and σ(·) denotes
the sigmoid function. We denote the resulting
auxiliary persona classification loss by Lcls =
ℓcls(z,hX), where ℓcls jointly measures errors in
cultural-category and personality-trait prediction.
This auxiliary supervision encourages the internal
representation to remain aligned with the intended
persona during training.

3.2 Dynamic Instruction Construction

Dynamic instruction construction converts the
structured persona representation into explicit
natural-language guidance for response genera-
tion. Let T denote a curated set of instruction
template schemas with parameterised slots. A tem-
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Figure 2: Overview of HiCAP, combining persona-aware learning, dynamic instruction construction, multi-agent
demonstrations, and hierarchical style modulation to generate culturally and personality-aligned dialogue.

plate τ ∈ T is a sequence of ordinary tokens inter-
leaved with semantic placeholders, such as ⟨tone⟩
or ⟨role⟩. Formally, τ = (t1, . . . , ⟨slotk⟩, . . . , tnτ ),
where nτ is the number of elements in the template
and k indexes a slot. Each slot specifies a con-
trollable attribute related to culture, personality, or
interaction context. For the k-th slot, a candidate
set Vk is constructed from high-frequency expres-
sions in labelled dialogue corpora and manually
curated variants to maintain stylistic coverage and
linguistic naturalness.

Table 5 (Appendix A) summarises the slot cate-
gories, slot types, and representative values used in
the dynamic templates.

For a persona representation p and dialogue
context X , each template receives a compatibil-
ity score stemp(τ | p, X) from a learned scor-
ing function. The highest-scoring template is
selected as τ∗ = argmaxτ∈T stemp(τ | p, X).
Each slot in τ∗ is then instantiated with a context-
sensitive value vk ∈ Vk selected by a learned
slot-value predictor. The resulting instruction
τ̂ = FillSlots(τ∗, {vk}k) expresses the relevant
cultural, personality, and interaction guidance in

natural language and is used as explicit condition-
ing during instruction tuning and generation.

When explicit persona annotations are unavail-
able, HiCAP infers the persona profile from the di-
alogue context. Using the prediction heads defined
in Section 3.1, the cultural category is estimated
as ĉ = argmaxj ŷc,j , where ŷc,j is the predicted
probability of cultural category j. Each personality
indicator is obtained as b̂i = I[q̂i ≥ γ], where γ is
a fixed decision threshold and I[·] is the indicator
function. The inferred profile ẑ = [ĉ, b̂1, . . . , b̂|P|]
is mapped to the persona representation p using
the same embedding and projection functions as an
annotated profile.

3.3 Multi-Agent Demonstration

Inspired by CulturePark (Li et al., 2024b), we use
automated multi-agent simulation to generate cul-
turally grounded and personality-consistent dia-
logue demonstrations. Each simulated agent is
assigned a structured persona profile z and its cor-
responding dynamic instruction τ̂ , allowing cul-
tural background and personality traits to shape the
simulated interaction.
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Let ρ ∈ Vrole denote an interaction role, such as
advisor or friend, where Vrole is the set of avail-
able roles. Given a scenario seed X0, which pro-
vides a brief description of the interaction setting,
the relevant role is instantiated in the corresponding
instruction slot. The initial prompt for an agent is
then constructed as Π(z, ρ,X0) = [ τ̂⊕Csys⊕X0 ],
where Csys denotes the system context and ⊕ de-
notes sequence concatenation.

During simulation, agents take turns generating
utterances under their respective persona configu-
rations, producing multi-turn dialogue trajectories
across different cultural backgrounds, personality
traits, roles, and scenarios. Persona conditioning
remains active during generation, allowing these
attributes to influence lexical choice and stylistic
realisation throughout the interaction.

The generated demonstrations are stored with
metadata describing their persona attributes, roles,
and interaction contexts. For each demonstration
u, let au = [c, b1, . . . , b|P|, ρ] denote its struc-
tured metadata. Let ϕ(·) denote a retrieval en-
coder that maps metadata and text into a shared
semantic space. The demonstration is encoded as
eu = ϕ(au ⊕ u).

Given a target persona–context pair (z∗, X∗),
the query is encoded as eq = ϕ(z∗ ⊕ X∗) in the
same semantic space. For each demonstration u
in the demonstration bank D, the retrieval score
is sret(u | z∗, X∗) = sim(eu, eq), where sim(·, ·)
denotes similarity in the embedding space. The
K highest-scoring demonstrations, where K is the
number of retrieved exemplars, form the set E∗.

After persona-aware SFT, HiCAP performs in-
struction tuning with the filled instruction and
retrieved demonstrations as additional condition-
ing. For a training pair (X,Y, z), instruction tun-
ing optimises the standard next-token loss LIT =

−∑|Y |
t=1 logPΘ(yt | y<t, X, z, τ̂ , E∗). At infer-

ence time, the same retrieval procedure supplies
E∗ as culturally and personality-aligned few-shot
exemplars for response generation.

3.4 Hierarchical Style Modulation
Hierarchical style modulation controls how cultural
and personality information influence generation.
Cultural information establishes a shared stylistic
baseline, including properties such as tone and po-
liteness, while personality traits refine expression
according to the current token context.

Let L denote the number of transformer blocks
and T the number of token positions. We retain the

culture embedding ec and combine the personal-
ity embeddings as epers = Concat(eb1 , . . . , eb|P|).
At transformer block l ∈ {1, . . . , L}, the cul-
ture gate m(l) = σ(F

(l)
cult(ec)) defines a baseline

shared across token positions. For token position
t ∈ {1, . . . , T}, the personality refinement gate
r
(l)
t = σ(F

(l)
pers([h

(l)
t ∥epers])) adapts the modula-

tion to the evolving hidden state h
(l)
t , where F

(l)
cult

and F
(l)
pers are trainable gate networks and ∥ denotes

vector concatenation.
We use a learned depth-dependent mixing coef-

ficient α(l) ∈ (0, 1) that increases with layer depth,
giving personality refinement progressively greater
influence in deeper transformer blocks. The final
token-wise modulation gate is

g
(l)
t =

(
1− α(l)

)
m(l) + α(l)r

(l)
t . (1)

Using the gate in Equation 1, the hidden state is
updated as

h
(l+1)
t = g

(l)
t ⊙f

(l)
Θ

(
LN(h

(l)
t )

)
+
(
1−g(l)

t

)
⊙h(l)

t ,

(2)
where f

(l)
Θ (·) denotes the transformation per-

formed by block l, LN(·) denotes layer normalisa-
tion, ⊙ denotes element-wise multiplication, and 1
is an all-ones vector with the same dimensionality
as the gate. The residual term preserves the con-
textual representation, while persona dependence
enters through the gate controlling the transformed
and residual states.

To keep personality refinement anchored to the
cultural baseline, let ḡ(l) = 1

T

∑T
t=1 g

(l)
t denote

the gate averaged across token positions at layer l.
We define the hierarchical regulariser as

Lhier =
L∑

l=1

∥∥∥ḡ(l) −m(l)
∥∥∥
2

2
. (3)

Equation 3 penalises the average deviation of
the token-wise modulation gate from the cultural
baseline while retaining token-specific variation.
Let Lgen denote LSFT during persona-aware SFT
and LIT during instruction tuning. Combining the
corresponding next-token loss, auxiliary persona
supervision, and hierarchical regularisation, the
training objective for each stage is

Ltotal = Lgen + λclsLcls + λhierLhier, (4)
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Algorithm 1 HiCAP Training and Inference

Require: Context X , persona z, optional target Y ,
demonstration bank D, parameters Θ, learning
rate η

1: if Y is available then
2: Compute Ltotal on (X,Y, z) with layer-

wise hierarchical modulation and Lgen =
LSFT

3: Update Θ using Ltotal with learning rate η
4: (p, ec, epers)← EMBED(z)
5: τ∗ ← TEMPLATE(p, X); τ̂ ←

FILL(τ∗,p, X)
6: E∗ ← RETRIEVE(D, z, X)
7: Compute Ltotal on (X, τ̂ , E∗, Y, z) with

layer-wise hierarchical modulation andLgen =
LIT

8: Update Θ using Ltotal with learning rate η
9: else

10: Infer z← INFER(X) if unavailable
11: (p, ec, epers)← EMBED(z)
12: τ∗ ← TEMPLATE(p, X); τ̂ ←

FILL(τ∗,p, X)
13: E∗ ← RETRIEVE(D, z, X)
14: Ŷ ← DECODE(X, τ̂ , E∗) with layer-wise

hierarchical modulation
15: return Ŷ
16: end if

where λcls and λhier control the contributions of
persona supervision and hierarchical regularisation,
respectively.

Algorithm 1 summarises how the components
described above are integrated in the training and
inference processes of HiCAP.

4 Experiments and Results

4.1 Experimental Setup

Datasets: We adopt CulturalPersonas (Dey et al.,
2025) to evaluate personality expression across dif-
ferent cultural contexts and CPED (Chen et al.,
2022) to examine personality expression and cul-
tural adaptation across different social groups
within a single society. Together, they provide com-
plementary cross-cultural and intra-cultural evalu-
ation settings. CulturalPersonas is a large-scale,
human-validated benchmark designed to assess
how LLMs express personality traits across authen-
tic cultural contexts. It consists of 3,000 scenario-
based question–answer pairs from six countries
(United States, Brazil, India, Japan, Saudi Arabia,

and South Africa). Each instance is associated
with one of the Big Five personality dimensions
and supports both Likert-style multiple-choice and
open-ended evaluation. CPED is a large-scale Chi-
nese dialogue dataset containing over 133,000 ut-
terances across more than 12,000 multi-turn dia-
logues extracted from 40 contemporary Chinese
TV dramas. Utterances are annotated with sen-
timent, emotion, dialogue acts, scene categories,
and static personal attributes, including gender, age,
and Big Five traits.
Implementation Details: We use the BPDD
dataset (Liu et al., 2025b) for supervised fine-
tuning and Phi-4-14B (Abdin et al., 2024) as the
backbone. The model is trained in bfloat16 preci-
sion with a maximum context length of 16K tokens
on an NVIDIA H200 cluster. Both training stages
use the AdamW optimiser with a cosine learning-
rate schedule. Newly introduced modules use a
learning rate of 2× 10−5, while the backbone uses
5×10−6. The dynamic instruction library contains
36 template schemas with 4–9 parameterised slots
each. Culture and personality embeddings have
dimensions of 128 and 64, respectively. The cul-
ture and personality gate networks use two-layer
MLPs with hidden size 2048, while the slot-value
predictor uses an MLP with hidden size 512; all
newly introduced MLPs use GELU activation. The
demonstration index contains approximately 1.2
million persona-aligned utterances, with synthetic
demonstrations capped at 30% of the condition-
ing tokens during instruction tuning to mitigate
overfitting. Decoding uses nucleus sampling with
p = 0.95 and temperature 0.7.
Evaluation Metrics: Following the evaluation set-
tings of CulturalPersonas and CPED, we adopt sev-
eral complementary evaluation metrics, including
BLEU for quantifying surface-level n-gram over-
lap, BERTScore for measuring semantic similarity
between model outputs and reference texts using
contextual embeddings, Perplexity for assessing
generation fluency and predictive confidence, and
the type–token ratio (TTR) together with Distinct-
n for capturing vocabulary richness and variabil-
ity, where TTR focuses on the unique word ra-
tio and Distinct-n extends this to n-gram diver-
sity. These metrics are jointly well suited for cross-
cultural evaluation, as cultural differences are often
reflected in variations in lexical choice, semantic
framing, and stylistic diversity.
Comparative Models: For CPED, we include
Seq2Seq (Sutskever et al., 2014), Transformer
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Dataset Model BLEU ↑ BERTScore ↑ Perplexity ↓ TTR ↑ Distinct-1 ↑ Distinct-2 ↑

CPED

Seq2Seq 0.0077 0.5196 107.30 0.4342 0.0252 0.1846
Transformer 0.1680 0.5519 62.82 0.5687 0.0264 0.2031
CDial-GPT 0.1403 0.5719 17.70 0.6412 0.0602 0.3388
Qwen-2.5-72B-Instruct 0.1710 0.6815 15.50 0.6910 0.0707 0.3587
Llama-3.3-70B-Instruct 0.1621 0.6705 15.92 0.6820 0.0663 0.3451
Gemma-2-27B-IT 0.1553 0.6642 16.88 0.6755 0.0646 0.3385
DeepSeek-V3.1 0.1748 0.6889 15.15 0.6928 0.0723 0.3640
GPT-4o 0.1821 0.7035 14.88 0.6994 0.0752 0.3743
HiCAP (Ours) 0.1884 0.7112 14.72 0.7028 0.0761 0.3812

CulturalPersonas

Qwen-2.5-72B-Instruct 0.1639 0.6764 16.38 0.7162 0.0773 0.3776
Llama-3.3-70B-Instruct 0.1612 0.6727 16.22 0.7141 0.0763 0.3731
Gemma-2-27B-IT 0.1576 0.6683 16.66 0.7083 0.0742 0.3671
Kimi-K2-Instruct 0.1648 0.6849 16.03 0.7256 0.0823 0.3909
DeepSeek-V3.1 0.1677 0.6814 15.88 0.7223 0.0804 0.3862
GPT-4o 0.1714 0.6936 15.62 0.7281 0.0842 0.4023
HiCAP (Ours) 0.1762 0.7001 15.78 0.7309 0.0853 0.3919

Table 1: Dialogue generation performance of different models on CPED and CulturalPersonas. ↑ indicates higher is
better; ↓ indicates lower is better.

(Vaswani et al., 2017), and CDial-GPT (Wang
et al., 2020) models fine-tuned on the dataset. We
further compare HiCAP with several advanced
LLMs, including Qwen-2.5 (Team, 2024), Llama-
3.3 (Dubey et al., 2024), Gemma-2 (Team et al.,
2024), DeepSeek-V3.1 (Liu et al., 2024a), and
GPT-4o (Hurst et al., 2024). Kimi-K2 (Team
et al., 2025) is additionally included for Cultur-
alPersonas.

4.2 Overall Results

Table 1 reports dialogue generation performance
on CPED and CulturalPersonas. On CPED, Hi-
CAP achieves the best performance across all six
reported metrics. On CulturalPersonas, HiCAP
achieves the highest BLEU, BERTScore, TTR, and
Distinct-1, while GPT-4o obtains lower Perplex-
ity and higher Distinct-2. The consistency of the
gains across two substantially different dialogue
settings suggests that HiCAP remains effective un-
der both Chinese multi-turn dialogue and cross-
cultural scenario-based generation.

The metric-level results reveal several distinct
patterns. Improvements in both BLEU and
BERTScore indicate that HiCAP increases agree-
ment with reference responses at both the lexical
and semantic levels, with BERTScore gains show-
ing that the improvement is not confined to surface-
form overlap. On CPED, HiCAP also achieves the
lowest Perplexity while simultaneously obtaining
the highest TTR and Distinct scores, indicating
that greater lexical diversity is achieved without an
accompanying degradation in sequence likelihood.
CulturalPersonas presents a slightly different pat-
tern. HiCAP attains the highest TTR and Distinct-1,

suggesting broader lexical usage, whereas GPT-4o
achieves the highest Distinct-2 and slightly lower
Perplexity. This difference suggests that HiCAP
favours vocabulary-level diversity, while GPT-4o
exhibits greater diversity in local bigram combina-
tions on this benchmark.

The comparison across model families further
highlights the relative strength of HiCAP. Conven-
tional dialogue models, including Seq2Seq, Trans-
former, and CDial-GPT, remain substantially be-
hind recent LLMs, particularly in semantic sim-
ilarity and lexical diversity. Among the general-
purpose LLMs, GPT-4o remains the strongest base-
line on most metrics across the two benchmarks,
with models such as DeepSeek-V3.1 following
closely, while Kimi-K2 also demonstrates strong
lexical diversity. Despite these competitive base-
lines, HiCAP achieves the strongest overall perfor-
mance across both benchmarks. Notably, HiCAP
uses a 14B backbone while competing with sub-
stantially larger models ranging from 27 billion to
1 trillion parameters, suggesting that the observed
gains cannot be explained by model scale alone.

4.3 Ablation Study

We conduct an ablation study of the key compo-
nents of HiCAP, as shown in Table 2. We focus on
three complementary generation metrics: Distinct-
1 (D-1), Distinct-2 (D-2), and Perplexity (PPL),
which jointly assess lexical diversity and fluency.

We first examine the impact of replacing the
backbone language model. Using the vanilla Phi-4
model without HiCAP components yields the low-
est diversity and the highest perplexity, indicating
the contribution of the proposed components to
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Component D-1 ↑ D-2 ↑ PPL ↓
Vanilla Phi-4 0.0697 0.3228 18.04
Replace Phi-4 with Qwen-2.5-14B 0.0850 0.3913 15.64
Replace Phi-4 with Llama-3.1-8B 0.0823 0.3754 16.29
w/o Persona-Conditioned Gating 0.0729 0.3397 17.04
Replace Token-Wise with Scalar 0.0761 0.3538 16.93
w/o Personality Inference 0.0784 0.3602 16.47
w/o Dynamic Template Selector 0.0738 0.3441 16.52
w/o Demonstrations 0.0792 0.3653 15.98
w/o Instruction Tuning 0.0733 0.3426 17.18
w/o Supervised Fine-Tuning 0.0764 0.3544 16.91

HiCAP 0.0853 0.3919 15.78

Table 2: Ablation results for HiCAP on CulturalPer-
sonas. ↑ indicates higher is better; ↓ indicates lower is
better.

generation quality. Replacing the Phi-4 backbone
with Qwen-2.5-14B achieves comparable diversity
with slightly lower perplexity, while Llama-3.1-8B
produces intermediate results. This indicates that
the framework generalises across different back-
bones, while the stronger performance of the larger
models may also reflect known scaling effects (Ka-
plan et al., 2020).

The removal of persona-conditioned gating
causes a clear drop in both diversity metrics and
an increase in perplexity, highlighting its central
role in integrating personality and cultural features
into the backbone model. Without this mechanism,
the stylistic control learned from these signals is
largely lost. Replacing token-wise gating with a
scalar alternative likewise reduces diversity and in-
creases perplexity, although the degradation is less
severe than when gating is entirely absent. This
comparison confirms that fine-grained, token-level
control is more effective than a single global coef-
ficient for modulating the influence of personality
and cultural information during generation.

Eliminating the personality inference branch re-
sults in moderate reductions in both diversity and
fluency. Even when cultural information is pre-
served, the lack of personality predictions limits the
model’s ability to vary stylistic and lexical choices,
particularly when explicit personality labels are
unavailable in the input. Disabling the dynamic
template selector leads to a more pronounced drop
in diversity, as the model is constrained to a single
static template with fixed slot values, reducing its
adaptability across contexts. By contrast, demon-
strations exert a relatively limited impact on gen-
eration quality. Although they facilitate alignment
with context-specific styles, the backbone retains
strong generation capability in their absence.

The final ablations examine the two post-training
stages of HiCAP. Removing instruction tuning
leads to a clear decrease in both diversity met-
rics and an increase in perplexity, underscoring its
contribution to context-sensitive generation while
maintaining fluency. Persona-aware supervised
fine-tuning also contributes substantially, although
its removal results in a smaller degradation across
all three metrics. This pattern suggests that both
post-training stages are important, with instruction
tuning contributing more strongly to the measured
diversity and fluency of the final model.

4.4 Additional Analyses
4.4.1 Implicit Personality Recognition
To evaluate the personality inference capability of
HiCAP when explicit persona annotations are un-
available, we assess its ability to recover the Big
Five traits directly from dialogue context on the
CPED dataset. In this setting, recognition depends
on subtle linguistic cues, pragmatic tendencies,
and context-dependent expressions because explicit
trait descriptions are absent (Shen et al., 2025a).

Methods AGR CON EXT NEU OPN Avg F1
SVM 70.83 57.90 60.89 47.76 49.47 57.37 54.74
LSTM 70.01 60.56 64.73 53.75 54.93 60.80 59.81
BERT 75.89 63.48 68.21 52.67 55.42 63.13 61.47
RoBERTa 78.08 63.72 67.65 53.60 55.58 63.73 61.98
TrigNet 82.76 66.52 69.15 58.52 54.50 66.29 63.45
PS-GCN 82.87 67.75 72.48 58.50 56.60 67.64 64.80
GPT-4o 80.16 65.40 71.59 59.80 53.29 66.05 63.54
PsyCoT 80.18 65.83 69.43 53.35 56.15 64.99 62.77
EERPD 84.03 73.91 74.29 52.67 56.44 68.27 67.06
HiCAP 85.36 75.18 74.92 60.24 57.31 70.60 68.74

Table 3: Performance comparison (%) for Big Five
personality recognition on CPED.

For this task, we compare against classic ma-
chine learning and neural models such as SVM
(Tighe et al., 2016), LSTM (Tandera et al., 2017),
BERT (Devlin et al., 2019), and RoBERTa (Liu
et al., 2019), together with methods developed
specifically for Big Five personality detection, in-
cluding TrigNet (Yang et al., 2021), PS-GCN (Liu
et al., 2024b), PsyCoT (Yang et al., 2023), and
EERPD (Li et al., 2024e). As shown in Table 3,
HiCAP achieves the highest average accuracy and
Macro-F1 among all compared methods, outper-
forming EERPD by 2.33% and 1.68%, respectively.
The gains across all five traits suggest that the per-
sonality inference mechanism can reliably recover
personality information from implicit linguistic and
contextual signals even when explicit trait descrip-
tions are unavailable.
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Figure 3: Cross-country comparison of HiCAP’s im-
provement in cultural–personality alignment from cul-
tural priming on CulturalPersonas.

4.4.2 Cultural Priming Effects
Cultural priming explicitly provides cultural cues
at inference time, allowing the model to condition
generation on a specified cultural frame. Although
HiCAP already infers and encodes cultural infor-
mation internally, explicit cultural cues may further
reduce uncertainty in culturally conditioned expres-
sion.

As shown in Figure 3, cultural priming produces
additional improvements under both the Likert-
style multiple-choice (MCS) and open-ended gen-
eration (OEG) settings on CulturalPersonas, mea-
sured by relative reductions in Wasserstein distance.
The largest marginal gains are observed in South
Africa, India, and Saudi Arabia. This pattern may
reflect greater divergence between these cultural
contexts and dominant pretraining distributions,
making explicit cultural grounding more benefi-
cial. The gains in the United States are smaller,
possibly because HiCAP’s internal cultural infer-
ence is already closer to the target cultural priors
without additional prompting. These results sug-
gest that cultural priming provides greater benefit
when the model’s internal cultural representation
is less closely aligned with the target context.

4.4.3 Automatic Linguistic Evaluation
To evaluate the linguistic quality of HiCAP’s gener-
ated dialogues, we use an LLM-as-a-judge frame-
work (Li et al., 2024c) on CulturalPersonas and
CPED. The framework assesses fluency and co-
herence based on grammatical naturalness, seman-
tic appropriateness, and contextual consistency
within the dialogue. LLM-based evaluation has
been widely used for assessing generated text and
has shown strong agreement with human linguistic
judgements (Zheng et al., 2023).

Evaluator Fluency (%) Coherence (%)

GPT-5 98.8 98.5
Claude-Sonnet-4.5 98.3 98.2
Gemini-2.5-Pro 98.1 97.8

Macro Average 98.4 98.2

Table 4: Evaluation of HiCAP’s dialogue quality by
three external LLM-based evaluators.

Specifically, three external evaluators, GPT-
5 (Singh et al., 2025), Claude-Sonnet-4.52, and
Gemini-2.5-Pro (Comanici et al., 2025), are em-
ployed to assess HiCAP’s outputs using a unified
evaluation prompt, provided in Appendix B and
shown in Figure 4.

As shown in Table 4, HiCAP achieves average
fluency and coherence scores of 98.4% and 98.2%,
respectively. GPT-5 yields the highest scores, fol-
lowed closely by Claude-Sonnet-4.5 and Gemini-
2.5-Pro. The small differences across evaluators
may reflect variations in their sensitivity to stylistic
diversity and discourse continuity. Their closely
aligned scores indicate consistent assessments of
HiCAP’s output quality. The slightly lower coher-
ence scores may arise from conversational fillers
and elliptical constructions that occur naturally in
dialogue, while the high average scores indicate
that the generated responses remain generally flu-
ent and contextually coherent.

4.5 Case Analysis
Qualitative analyses of culturally adaptive response
generation and safety risks are provided in Ap-
pendix C.1 and Appendix C.2, respectively.

5 Conclusions

We proposed HiCAP, a framework for cultur-
ally adaptive dialogue generation that uses per-
sonality traits to capture individual variation in
cultural expression. HiCAP combines hierarchi-
cal personality-conditioned control with persona-
aware learning, dynamic instruction construction,
and multi-agent demonstrations. Experiments on
CulturalPersonas and CPED demonstrate strong
cultural adaptability, personality expressiveness,
and overall generation quality, while ablation stud-
ies validate the contributions of the key compo-
nents. Future work will explore finer-grained cul-
tural and personality representations and extend
HiCAP to multilingual and multimodal settings.

2Claude-Sonnet-4.5 System Card
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6 Limitations

HiCAP has several limitations. Cultural aware-
ness in dialogue systems remains dependent on the
availability and diversity of training data. Current
corpora are heavily skewed towards high-resource
and English-centric settings, with limited cover-
age of low-resource languages, regional dialects,
and subcultural contexts. Extending beyond text to
culturally representative images and videos could
further strengthen contextual grounding and under-
standing of local norms, helping to mitigate cultural
bias and improve global applicability.

More refined cultural modelling is also required.
Many existing approaches rely on coarse labels
such as country or language, which are insuffi-
cient to capture intra-cultural variation. Integrat-
ing psychological personality models with anthro-
pological frameworks may support richer cultural
representations. Such dimensions should be the-
oretically grounded and empirically meaningful.
Combining fine-grained cultural factors with per-
sonality traits may enable more precise and context-
sensitive adaptation without oversimplification.

Another limitation concerns the dynamic nature
of culture. Current language models have lim-
ited capacity to continuously update their cultural
knowledge as linguistic norms and social practices
evolve. Continual learning or online adaptation
could enable models to absorb emerging patterns
while preserving accumulated knowledge. Human–
AI co-adaptation based on feedback from specific
communities may further support evolving cultural
competence.

Finally, personality modelling remains challeng-
ing in terms of stability and reliability. Minor
prompt variations can lead to substantial shifts in
inferred personas, and certain personality config-
urations may increase the likelihood of unsafe or
impolite outputs. More robust personality control
mechanisms are needed to maintain behavioural co-
herence across contexts while balancing expressive
flexibility with safety constraints.

7 Ethical Considerations

Personality and culture are deeply interconnected
yet highly variable across individuals and soci-
eties. Treating them as fixed or tightly coupled
attributes risks reinforcing stereotypes and obscur-
ing within-culture diversity. Apparent differences
in self-reported traits may reflect social norms or
measurement bias rather than genuine psycholog-

ical variation. Hard-coding “typical personalities”
for specific cultures can therefore produce homo-
geneous responses that fail to capture individual
differences. Culturally and personally adaptive sys-
tems should model these factors probabilistically
and contextually, preserving flexibility across indi-
viduals and situations.

The integration of cultural and personality sig-
nals raises concerns about bias and privacy. Per-
sona conditioning may amplify social stereotypes
or reproduce biases present in training data, such
as associating gender or nationality with partic-
ular traits. Datasets annotated with cultural and
personality information may also contain sensitive
personal data. Responsible development therefore
requires safeguards for data collection, anonymisa-
tion, and use, together with transparent evaluation
procedures to identify and mitigate bias.

Personalisation and diversity must also be bal-
anced with fairness and user autonomy. Tech-
niques such as on-device learning and federated
aggregation can support user-specific adaptation
while reducing the risk of data exposure. Users
should retain explicit control over interaction styles
and personality settings, ensuring that personali-
sation remains transparent and consensual. Eval-
uation frameworks should also emphasise multi-
perspective alignment, allowing dialogue agents
to represent diverse cultural viewpoints without
enforcing a single normative stance.
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A Instruction Template Schema

Slot Category Slot Type Example Values

Cultural background

<culture> Japanese, British, Arabic
<culture_adj> Japanese, British, Arabic (adjective form)
<cultural_norm> values politeness, encourages directness
<language> Japanese, English, Spanish

Personality traits

<trait_high> high agreeableness, high conscientiousness
<trait_low> low neuroticism, low openness
<trait_behavior> calm and friendly, meticulous and careful
<trait_emotion> reserved and modest, enthusiastic and expressive

Role and task context

<role> assistant, advisor, friend
<task> answer questions, provide suggestions
<tone> formal, casual, humorous, warm
<formality> formal expressions, conversational style

Table 5: Slot types and example values used in dynamic
instruction templates.

B Prompt for Linguistic Evaluation

Figure 4: Unified prompt used to evaluate the fluency
and coherence of HiCAP’s generated dialogues.

To ensure consistency and fairness across differ-
ent LLM judges, we use a unified prompt to assess
the fluency and coherence of HiCAP-generated di-
alogues. Figure 4 presents the complete prompt
used in the evaluation.
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Figure 5: Representative examples of HiCAP’s culturally adaptive response generation under different personality
configurations and interaction scenarios.

C Case Analysis

C.1 Culturally Adaptive Response Generation

Figure 5 presents six representative scenarios span-
ning Japanese, British, and Arabic personas with
different personality configurations, social roles,
and interaction contexts. The generated responses
vary systematically in tone, formality, emotional
expression, and communicative strategy according
to these conditions.

For example, the Japanese personas with high
agreeableness and low extraversion favour reassur-
ing, modest, and socially restrained responses, as
reflected in the supportive response to an anxious
friend and the preference for small conversations
at a birthday party. The British persona with high
conscientiousness responds to workplace pressure
with structured planning and a professional tone,
while the high-openness traveller adopts a more
exploratory style centred on trying local experi-

ences and communicating flexibly. The Arabic
personas with high agreeableness produce warm
and empathetic responses in interpersonal situa-
tions, while the public-queue example combines
politeness with assertive norm enforcement. These
differences show that the same cultural setting can
support distinct response styles as personality traits,
social roles, and conversational contexts change.

These cases qualitatively illustrate how personal-
ity conditioning enables HiCAP to realise culturally
adaptive responses across different social roles and
conversational contexts.

C.2 Safety Risk Analysis
We evaluate the overall proportions of negative
and dangerous responses produced by HiCAP on
the CPED dataset. For each HiCAP variant, we
sample generated replies under the CPED gener-
ation settings described in Section 4.1 and use
the same three external LLM judges introduced
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in Section 4.4.3, namely GPT-5, Claude-Sonnet-
4.5, and Gemini-2.5-Pro, to determine whether a
reply should be labelled as negative or dangerous.
Negative responses refer to sentiment deterioration
that may escalate social tension, while dangerous
responses refer to content involving threats, severe
moral violations, or safety-critical harm.

Model Negative Dangerous

HiCAP-Llama-3.1-8B 0.33 0.06
HiCAP-Qwen-2.5-14B 0.71 0.17
HiCAP-Phi-4-14B 0.49 0.12

Table 6: Proportions (%) of negative and dangerous
responses across HiCAP variants on CPED.

As shown in Table 6, all HiCAP variants have
low measured rates of negative and dangerous re-
sponses under this evaluation setting. HiCAP-
Qwen-2.5 has slightly higher proportions, which
may be related to its stronger reproduction of emo-
tionally charged conversational styles and sub-
tle sentiment shifts in Chinese drama contexts.
HiCAP-Llama-3.1 shows the lowest rates, while
HiCAP-Phi-4 lies between the two. More impor-
tantly, dangerous-response rates remain within a
narrow and very low range of 0.06% to 0.17%
across all evaluated variants. Together with the
controllability results reported above, this suggests
that HiCAP can support persona-conditioned stylis-
tic variation while maintaining low measured safety
risk under the evaluated setting. The differences
across backbones further indicate that residual
safety behaviour may also depend on the under-
lying model.
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