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ABSTRACT Traditional federated learning faces significant challenges in multilingual cultural metaphor
transfer because nonindependent and identically distributed language data make it difficult to balance
local cultural heterogeneity with global semantic consistency. Privacy protection mechanisms may
further amplify cultural cognitive bias and reduce transfer quality. To address these issues, this paper
proposes a culturally aware personalized federated learning architecture. Based on Hofstede’s cultural
dimension theory, cultural feature vectors are constructed, cultural weight functions are defined, and a
weighted aggregation strategy is introduced to account for variations in power distance and individualism
across clients. Security is enhanced through differential privacy and secure aggregation mechanisms.
Experimental results show that, compared with FedAvg, the proposed method improves cross-language
metaphor recognition precision and F1-score by 7.4% and 7.1%, respectively. Cultural consistency reaches
0.82, transfer comprehensibility reaches 4.02 , and user matching degree reaches 0.79, while the minimum
back-inference attack success rate is reduced to 0.5%. The results confirm that the proposed architecture
enhances multilingual semantic transfer, cross-cultural consistency, and privacy-preserving collaborative
learning.

INDEX TERMS multilingual culture, metaphor transfer, federated learning, cultural awareness, privacy
protection

I. INTRODUCTION

W ITH the acceleration of globalization and the de-
velopment of artificial intelligence, cross-language

cultural exchanges are becoming increasingly frequent, par-
ticularly in the industry, where global sourcing, design
collaboration, and marketing across diverse consumer bases
necessitate seamless and culturally nuanced communication
[1,2]. How to achieve metaphor transfer between multi-
lingual cultures while protecting data privacy has become
an important challenge in the field of natural language
processing and cultural communication [3,4]. Metaphor is
the core carrier of language expression and cultural cog-
nition. Its transfer not only involves the transformation of
semantic level, but also concerns the deep mapping of
cultural background, values and social experience. Cultural
metaphor transfer is the process of converting metaphorical
expressions in the source language into the target language
in cross-language tasks, while retaining its semantic essence
and adapting it to the cultural cognitive framework and
expression habits of the target language. As an emerging
distributed machine learning paradigm, federated learning
has been widely used in multilingual tasks because of its
advantages of supporting multi-party collaborative modeling
and not sharing original data [5,6]. However, when it comes
to the understanding and transfer of cultural metaphors,

federated learning faces the high heterogeneity of multilin-
gual cultural data, which makes it difficult for the model to
unify the semantic space. The privacy protection mechanism
may also aggravate cultural cognitive biases, resulting in
distorted metaphor transfer results [7,8]. Therefore, there
is an urgent need for a new federated learning architecture
that takes into account both cultural difference modeling and
privacy protection to promote the practical development of
cross-language metaphor transfer. This paper focuses on the
issues of semantic consistency and personalized modeling
in multilingual cultural metaphor transfer. Existing studies
have shown that Phani Krishna P [9] showed that bilinguals
have considerable advantages in cognitive functions and are
more capable of generating novel metaphors than monolin-
guals; Qiao R [10] explored the challenges of cross-language
sentiment analysis, including the impact of language and
cultural differences on sentiment recognition; Hong W [11]
aimed to clarify the contribution of cognitive methods to
translation research by critically reviewing recent studies on
metaphor translation from a cognitive perspective; Sheng A
[12] found that human translators are able to handle political
and ideological factors more skillfully, while the work-
ing mechanism of the neural network machine translation
system lacks the judgment, thinking ability, flexibility and
subjectivity of human translators; Shima T [13] investigated
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the impact of cultural background adjustment on metaphor
effect, and the results showed that adjusting the cultural
context is a factor in increasing the metaphor effect. The
above research shows that metaphor transfer is not only
a task at the language level, but also a deep mapping at
the cultural cognitive level. It urgently needs a federated
learning framework that can perceive and adapt to cultural
characteristics to solve it. In recent years, many scholars
have tried to improve the effect of cross-language metaphor
transfer from different perspectives. Song Z [14] proposed
a model that combines grammatical-aware local attention,
a simple contrastive sentence embedding framework, and
linguistic theory; Šajina R [15] used an encoder-only
Transformer model for multi-task point-to-point learning
for collaboration between agents that learn distinct natural
language processing tasks; Ren J [16] proposed a framework
based on graph neural networks to integrate cross-lingual
word embeddings into the graph knowledge distillation
process for detecting events in low-resource language data
streams; Malan E [17] introduced federated learning with
gradually frozen layers, which gradually reduced the part
of model data sent back and forth, reducing the commu-
nication burden while maintaining the quality of training
services; Wu X [18] proposed an optimized federated model
with privacy protection and automatic learning rate ad-
justment functions. To address the challenges of cultural
bias and heterogeneity in global AI models, particularly
those affecting international collaboration and marketing,
this paper proposes a novel culture-aware personalized
federated learning architecture. This architecture aims to
achieve efficient, secure, and culturally sensitive metaphor
transfer, which is crucial for tasks like localizing fast-
fashion trend predictions and ensuring accurate, culturally-
appropriate product descriptions across diverse markets.
Firstly, based on Hofstede’s cultural dimension theory, this
paper constructs a cultural feature vector and designs a
cultural weight calculation function to introduce cultural
sensitivity into the federation aggregation process. Secondly,
combining contrastive learning and graph neural networks,
this paper constructs a cross-language metaphor shared
representation space, enhances the recognition ability of
cross-language metaphor consistency through MSL (Multi-
Similarity Loss), and uses GraphSAGE (Graph Sample and
Aggregate) to achieve unified modeling of metaphor knowl-
edge graphs. Thirdly, this paper designs a dynamic adapter
module, which is inserted into the Transformer backbone
network and only updates the adapter parameters to achieve
efficient language adaptation while reducing communication
overhead. Finally, this paper introduces differential privacy
and security aggregation mechanism to inject controllable
noise and encrypt it before uploading the gradient to ensure
data privacy and prevent information leakage. This method
innovatively introduces cultural dimension modeling into the
federated learning framework, and improves the model’s
adaptability to multilingual cultural differences through a
culturally aware weighted aggregation strategy; the design

of a lightweight dynamic adapter significantly reduces com-
munication costs; the metaphor shared space construction
method that integrates contrastive learning and graph neu-
ral networks effectively improves cross-language semantic
consistency and transfer effects; the overall average cultural
consistency reaches 0.82, an increase of 17% compared with
FedAvg, and realizes high-quality multilingual metaphor
transfer under the premise of privacy protection.

II. ALGORITHM DESIGN
A. DESIGN OF CULTURAL-AWARE FEDERATED
LEARNING ARCHITECTURE
This paper constructs a cultural-aware personalized feder-
ated learning architecture (CAP-FL), as shown in Figure 1.
This architecture adopts the classic Client-Server distributed
training structure. Each client holds metaphorical corpus in
a single language and its corresponding cultural background,
and the server is responsible for coordinating global model
updates and maintaining a unified knowledge representation
space [19,20]. Supposing there are N participating client
sets N = {1, 2, . . . , N} in the federated learning system,
each client i ∈ N has a local dataset Di = {(xi,j , yi,j)}|Di|

j=1 ,
xi,j is the input text, and yi,j is the corresponding metaphor
label or metaphor expression. The local model parameter is
recorded as θi, and the global model parameter is recorded
as θ. In each round of federated training cycle t, the server
broadcasts the current global model parameter θt to all
clients. Each client performs local optimization on the model
based on local data:

θt+1
i = argmin

θ

 1

|Di|
∑

(x,y)∈Di

l(x, y; θ) + λR(θ)

 (1)

In formula (1), l(·) is the loss function, R(·) is the
regularization term used to prevent overfitting, and λ is the
regularization coefficient. The traditional federated average
algorithm uses an equal-weight aggregation strategy to up-
date the global model:

θt+1 =

N∑
i=1

|Di|∑N
j=1 |Dj |

θt+1
i (2)

In a multilingual cultural context, there are significant
differences in the cultural dimensions carried by different
languages. This paper introduces Hofstede’s cultural dimen-
sion theory [21,22] and defines the cultural characteristic
vector ci = [PDI, IDV,MAS,UAI,LTO, IND]T of the i-
th client, which represents the six dimensions of power
distance, individualism/collectivism, masculinity/femininity,
uncertainty avoidance, long-term orientation, and indul-
gence/restraint. In order to measure the cultural influence
of each client in federated learning, this paper proposes a
cultural weight calculation function:

wi = α · 1
Z

exp (−β ·D(ci, c)) (3)
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FIGURE 1. Architecture of culturally aware federated learning

In formula (3), D(·,·) is the Euclidean distance or cosine
distance, c is the mean of all client culture vectors, Z is
the normalization factor, and α and β are adjustable hyper-
parameters used to control the influence of culture weight
on the aggregation process. The server uses a weighted
aggregation strategy to update the global model:

θt+1 =

N∑
i=1

wiθ
t+1
i (4)

CAP-FL effectively integrates cultural dimension infor-
mation without sharing the original data, making the model
aggregation process culturally sensitive. The cultural fea-
ture vector constructed in this paper is quantified based
on publicly available national/regional cultural dimension
indices published by authoritative cross-cultural research
institutions such as Hofstede Insights. Abstract cultural
characteristics are transformed into six continuous numer-
ical indicators. Each indicator typically ranges from 0 to
100, representing the relative strength of the culture in
a specific dimension. We associate each language with
representative cultural indices from its primary regions of
use. Subsequently, to make it suitable for federated learning
models, the original index values of all dimensions are
standardized, resulting in a 6-dimensional, numerical cul-
tural feature vector. This vector serves as metadata for the
client and is uploaded to the server during each round of
aggregation for calculating cultural weights. Figure 1 shows
the overall process of the culture-aware federated learning
architecture proposed in this paper. It adopts the classic
Client-Server structure. Multiple language clients (Chinese,
English, French, Japanese, Arabic, and Spanish) perform
model optimization locally and upload gradient updates with

differential privacy to the server. The server calculates the
cultural weight based on the cultural feature vector of each
client, uses a weighted aggregation strategy to update the
global model, and optimizes the aggregation process through
a dynamic weight scheduler; the updated model parameters
are sent to each client to implement a new round of training.
This architecture integrates cultural dimension modeling
and personalized adaptation mechanism while ensuring that
data does not leave the domain, effectively improving the
semantic consistency and privacy security in multilingual
cultural metaphor migration.

B. CONSTRUCTION OF METAPHOR SHARED
REPRESENTATION SPACE
This paper proposes a method for constructing metaphor
shared representation space based on the fusion of con-
trastive learning and graph neural network [23,24]. This
method generates a unified semantic embedding space by
modeling the common features and mapping relationships
between cross-language metaphors, thereby improving the
generalization ability and migration effect of the model
between heterogeneous languages. Supposing the metaphor
representation obtained after the input text x ∈ Xmulti is
encoded by the local language model is z = f(x; θi) ∈ Rd,
θi represents the model parameters of client i, and d is
the embedding dimension. In order to enhance the model’s
ability to identify cross-language metaphor consistency, this
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paper introduces MSL, which is in the following form:

LMSL =
1

|B|

|B|∑
k=1

[
log

1 +
∑
j∈Pk

e−λ(cos(zk,zj)−ϵ)


+ log

(
1 +

∑
m∈Nk

eµ(cos(zk,zm)−ϵ)

)]
(5)

In formula (5), B is the current training batch, zk is
the anchor sample, Pk and Nk represent the positive and
negative sample sets belonging to the same metaphor cate-
gory and different metaphor categories as zk, respectively,
cos(·, ·) is the cosine similarity, λ and µ are the control
gradient scaling factors, and ϵ is the boundary threshold.
On this basis, in order to further explore the correlation
between metaphor structures between languages, this pa-
per constructs a cross-language metaphor knowledge graph
G = (V,E), where the node set V represents metaphor
entities and the edge set E represents the mapping relation-
ship between corresponding metaphor entities in different
languages. In order to achieve effective encoding of graph
structure information, the GraphSAGE algorithm is used
to learn the graph representation in an aggregated manner
[25,26]. For each node v ∈ V , its neighborhood sampling
set is recorded as N(v), and its updated embedding repre-
sentation is calculated as follows:

h(l+1)
v = σ

(
W (l) · CONCAT

(
h(l)
v ,MEANu∈N(v)h

(l)
u

))
(6)

In formula (6), l is the number of layers of the graph
neural network, W (l) is the learnable parameter matrix,
CONCAT is the vector concatenation operation, MEAN
represents the mean aggregation of neighbor node embed-
dings, and σ(·) is the nonlinear activation function. Finally,
the metaphor embedding z output by the local model is
mapped to the graph space, the mapping function is defined
as g(·) : Rd → Rd′

, and the projection loss function is
added:

Lproj = ∥z − g(hv)∥22 (7)

This minimizes the Euclidean distance between the local
language metaphor representation and the standard metaphor
representation in the graph, ensuring that metaphorical ex-
pressions in different languages can converge to a unified
shared space. This section introduces contrastive learning
mechanism and graph neural network modeling to achieve
effective extraction and unified modeling of common fea-
tures of cross-language metaphors, providing a semantically
consistent and clearly structured metaphor representation
foundation for the subsequent federated learning aggregation
process.

C. MULTI-LANGUAGE HETEROGENEOUS DATA
ADAPTATION MODULE
This paper proposes a lightweight model adaptation mech-
anism based on dynamic adapter. This module is inserted

between the layers of the Transformer backbone network
and only updates the internal parameters of the adapter
while keeping the weights of the backbone model frozen,
achieving efficient and low-overhead language adaptation
[27,28]. Supposing the intermediate representation of the
input sequence x ∈ X after passing through the Transformer
encoder is hin ∈ RT×d, T is the sequence length, and
d is the hidden dimension. The traditional Transformer
layer updates the representation through the self-attention
mechanism and the feed-forward network (FFN) [29]:

hout = LayerNorm(hin + SelfAtt(hin)) (8)

hout = LayerNorm(hout + FFN(hout)) (9)

In order to introduce language adaptation capabilities, this
paper inserts a two-layer fully connected adapter module
between each multi-head attention layer and the FFN layer.
Its structure is as follows:

a(h) = W2 · σ(W1 · h+ b1) + b2 (10)

In formula (10), W1 and W2 are the learnable parameter
matrices for dimensionality reduction and dimensionality
increase, b1 and b2 are bias terms, and σ(·) is a nonlinear
activation function. The adapter output is added back to the
original input and normalized:

hadapted = LayerNorm(h+ a(h)) (11)

To further improve the adaptability of the adapter to
different language feature distributions, this paper introduces
language-specific scaling factor γl and translation factor βl

to form a dynamic language adaptation mechanism:

hlang = γl ⊙ hadapted + βl (12)

In formula (12), ⊙ represents element-by-element multi-
plication, γl and βl are obtained by the language identifier
index l ∈ {1, 2, . . . , L}, which is used to adjust the adapter
output to match the feature distribution of the target lan-
guage in the shared metaphor space. In order to reduce
the communication cost, this paper adopts a parameter
separation strategy. In the federated learning process, only
the adapter parameter θadapter is transmitted instead of the
entire model parameter. Let the global model backbone
parameter be fixed to θbase, and the local client only updates
the adapter parameter θ(i)adapter. The final aggregation process
is defined as:

θt+1
adapter =

N∑
i=1

wi · θ(i),t+1
adapter (13)

wi is the cultural perception weight of the i-th client. The
dynamic adapter module proposed in this section achieves
effective adaptation to multilingual heterogeneous data by
fine-tuning local parameters without changing the backbone
model, providing a unified structural and language-sensitive
local model update path for subsequent federated aggrega-
tion.
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D. CULTURAL SENSITIVITY MODELING AND
WEIGHTED AGGREGATION
This paper proposes a dynamic weighted aggregation strat-
egy based on cultural dimension information to make the
model updating process culturally sensitive [30,31]. Assum-
ing that the cultural feature vector of each client i ∈ N is
ci ∈ R6, and its dimensions have been extracted according
to Hofstede’s cultural dimension theory and standardized by
mean normalization:

ĉi =
ci − µc

σc
(14)

In formula (14), µc and σc are the global mean and
standard deviation of all client culture vectors respectively.
On this basis, the cultural influence weight function of the
client is defined as follows:

wi = α · exp(−β · ∥ĉi − c̄∥2W ) (15)

In formula (15), c̄ = 1
N

∑N
i=1 ĉi is the global cultural

center point; ∥·∥2W is the square of the Mahalanobis distance
with the weight matrix W ∈ R6×6, which is used to
emphasize the importance differences of different cultural
dimensions; α and β are hyperparameters that control the
smoothness of the weight distribution. The weighted aggre-
gation strategy proposed in this study is calculated based
on the complete six-dimensional Hofstede culture feature
vector. In each round of federated training, after the server
receives the model gradient update ∆θi uploaded by each
client, it uses the weighted average strategy to perform
aggregation:

∆θglobal =

N∑
i=1

wi∑N
j=1 wj

·∆θi (16)

This mechanism ensures that clients with stronger cultural
influence occupy a higher proportion in the global model
update. To further improve the adaptability of the aggre-
gation strategy, this paper introduces an adaptive weight
scheduler to dynamically adjust parameters α and β based
on the historical aggregation error and the migration quality
evaluation index fed back by the local adaptation module.
Assuming the aggregate loss of round t is:

Et =
1

|B|
∑

(x,y)∈B

l(x, y; θt) (17)

The scheduler updates the weight parameters according
to the following rules:

α(t+1) = α(t)+η ·∇αEt, β(t+1) = β(t)+η ·∇βEt (18)

In formula (18), η is the learning rate, ∇αEt and ∇βEt

are the estimated values of the gradient of the loss with
respect to the weight parameters.

E. GRADIENT COMMUNICATION MECHANISM UNDER
PRIVACY PROTECTION
This paper proposes a dual privacy protection mechanism
that combines Differential Privacy (DP) and Secure Ag-
gregation (SecAgg) [32,33]. This paper employs a differ-
ential privacy mechanism that adds Gaussian noise to the
gradient of the local model on the client side, resulting
in output perturbation. This mechanism injects controllable
noise before the client uploads the local model gradient, and
ensures that the server can only obtain the aggregated global
updates through an encryption protocol, thus achieving a
cross-language metaphor transfer training process with "data
within the domain", as shown in Figure 2.

Assuming that the local model gradient output by the
i-th client after the t-th round of training is updated to
∆θ

(t)
i ∈ Rd. To meet the differential privacy requirements,

adding a noise vector ξ
(t)
i ∼ N (0, σ2

i Id) that follows a
Gaussian distribution, σi is the noise standard deviation, and
Id is a d× d unit matrix. The noise intensity is determined
according to the following dynamic adjustment strategy:

σi = γ ·

(
|Di|∑N
j=1 |Dj |

)−ρ

· (∥ĉi − c̄∥+ ϵ) (19)

In formula (19), |Di| represents the size of the local
dataset of client i; ĉi and c̄ are the standardized cultural fea-
ture vector and the global cultural center point respectively;
γ, ρ, and ϵ are the hyperparameters for controlling the noise
scale; the noise decreases as the data scale increases, while
the perturbation to clients with large cultural differences is
enhanced to balance the conflict between privacy protection
and model performance. The gradient update after perturba-
tion is defined as:

∆̃θ
(t)

i = ∆θ
(t)
i + ξ

(t)
i (20)

On this basis, a secure aggregation protocol is introduced
to ensure that the server cannot directly access any single

client’s ∆̃θ
(t)

i . Each client uses the shared encryption key
sk to encrypt the local gradient, and performs an XOR
operation with the random mask generated by other clients
before uploading to form the final submitted encrypted
gradient:

∆θenci = Encsk

(
∆̃θ

(t)

i ⊕m
(t)
i

)
(21)

m
(t)
i is a random mask generated by negotiation among

all clients, satisfying
∑N

i=1 m
(t)
i = 0 to ensure that the

masks cancel each other out during the aggregation phase.
After receiving all encrypted gradients, the server performs
decryption and aggregation operations:

∆θ
(t)
global = Decsk

(
N∑
i=1

∆θenci

)

=

N∑
i=1

(
∆̃θ

(t)

i ⊕m
(t)
i

)
=

N∑
i=1

∆̃θ
(t)

i

(22)
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FIGURE 2. Gradient encryption and aggregation flow chart

Finally, the server uses the above aggregated gradients to
update the global model parameters:

θ(t+1) = θ(t) − η ·∆θ
(t)
global (23)

η is the learning rate. To avoid slow model convergence
due to frequent noise injection, this paper designs a dynamic
noise threshold mechanism to automatically adjust the noise
injection intensity according to the historical training loss
change trend:

σ
(t+1)
i =

{
σ
(t)
i , Et < τ,

σ
(t)
i · κ, otherwise

(24)

Et represents the training loss of the t-th round, τ is
the set loss threshold, κ ∈ (0, 1) is used to reduce the
noise intensity to improve the convergence speed. The
key hyperparameters in the CAP-FL architecture proposed
in this paper are shown in Table 1. Figure 2 illustrates
the privacy-preserving gradient communication mechanism,
which uses differential privacy and secure aggregation for
"data-in-domain" federated learning. After local training, the
client injects differential privacy noise into the gradient,
generates a random mask, and uploads the encrypted result.
The server decrypts the aggregated gradients, removes the
mask, and obtains the global model update. This update
is then sent to clients for the next round. This process
ensures efficient, secure cross-language metaphor transfer
while guaranteeing user data privacy.

TABLE 1. Model hyperparameter settings

Parameter Name Value / Range Description

Learning Rate 0.001 Controls the step size of model updates
Cultural Weight Control
Coefficients

α = 1.0, β = 0.5 Adjusts the influence of cultural features
during aggregation

Contrastive Learning
Temperature

0.1 Regulates sensitivity to positive/negative
sample distances

Graph Neural Network Layers 2 Number of GNN layers used for
cross-lingual metaphor graph modeling

Adapter Bottleneck Dimension 64 Hidden layer size in dynamic adapter
module

Differential Privacy Noise Scale Gaussian noise, dynamically
adjusted

Varies based on data size and cultural
differences, with a base privacy budget of
1.0

DP Scaling Factors γ = 0.8, ρ = 0.5,
ϵ = 1.0

Parameters controlling noise injection
intensity

Secure Aggregation Mask
Dimension

Same as model parameters Ensures encrypted gradients remain
aggregatable

Aggregation Frequency Once per round Controls communication efficiency
Maximum Training Rounds 40 Prevents overfitting and controls training

duration

III. EXPERIMENT AND VERIFICATION
A. EXPERIMENTAL DESIGN
This paper constructs a multicultural metaphor corpus in six
languages: Chinese (zh), English (en), French (fr), Japanese
(ja), Arabic (ar), and Spanish (es). Each language is selected
from news reports, literary works, social media comments,
etc. to ensure the cultural diversity of the corpus and the
authenticity of the language expression. All text samples
are manually annotated, including metaphorical expression
boundaries, ontology mapping relationships and their corre-
sponding cultural background labels. The dataset is divided
into training set, validation set and test set according to
the ratio of 8:1:1, and a control group (FedAvg) and an
experimental group (CAP-FL) are set up for comparative
training under the same initialization conditions, as shown
in Table 2.

B. EVALUATION OF CROSS-LINGUAL METAPHOR
RECOGNITION PERFORMANCE
The cross-lingual generalization ability of the model is
evaluated on the target language test set that is not involved
in local training. Due to the uneven distribution of positive
and negative samples in the metaphor recognition task,
this paper uses precision, recall and their harmonic mean
F1 Score (F1) as the core evaluation indicators. The F1
calculation formula is as follows:

F1 =
2 · Precision · Recall
Precision + Recall

(25)

Precision measures the accuracy of the model in pre-
dicting metaphorical expressions, and Recall measures the
coverage of actual metaphor samples. Figure 3 shows the
metaphor recognition performance comparison between Fe-
dAvg and CAP-FL in six languages. The horizontal axis
is the six languages (Chinese, English, French, Japanese,
Arabic, and Spanish), and the vertical axis is the three
indicators of F1 Score, precision, and recall. As can be
seen from the figure, CAP-FL outperforms FedAvg in all
languages and all indicators, with the largest F1 improve-
ment reaching 9.1% (Japanese) and the smallest being 5.1%
(English), with an average improvement of about 7.1%. In
terms of precision, CAP-FL has the most significant im-
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TABLE 2. Dataset statistics

Language Total Samples Training Set (80%) Validation Set (10%) Test Set (10%) Hofstede Cultural Index

Chinese 10,000 8,000 1,000 1,000 65.2
English 12,000 9,600 1,200 1,200 73.5
French 9,000 7,200 900 900 68.4
Japanese 8,500 6,800 850 850 61.7
Arabic 7,000 5,600 700 700 54.9
Spanish 9,500 7,600 950 950 70.1

provement in Japanese (8.6%), and the largest improvement
in recall (9.5%) in Japanese. This shows that the culture-
aware federated learning architecture proposed in this paper
has significant advantages in the cross-language metaphor
transfer task. The improved performance stems from CAP-
FL’s effective modeling of multilingual cultural differences.
Unlike FedAvg’s equal-weight strategy, which suffers from
cultural cognitive bias and semantic shift, CAP-FL uses
Hofstede’s cultural dimension theory and a weighted ag-
gregation mechanism to enhance adaptation across cultural
backgrounds. By combining dynamic adapters and con-
trastive learning, it constructs a unified metaphor represen-
tation space, significantly improving cross-language consis-
tency. Crucially, the added complexity of differential privacy
and secure aggregation did not hurt performance; instead,
it mitigated data heterogeneity, confirming the method’s
success in balancing privacy with model efficacy.

C. ANALYSIS OF CULTURAL CONSISTENCY LOSS
To measure the semantic consistency of model outputs
across different languages, the last layer of metaphor em-
bedding vectors of each language model are extracted, and
the cosine similarity matrix is calculated:

Sij =
z⊤i zj

∥zi∥∥zj∥
(26)

Then defining the cultural consistency loss function:

Lconsist = − 1

N2

N∑
i=1

N∑
j=1

log
(
1 + e−γ(Sij−τ)

)
(27)

γ is the scaling factor, and τ is the target similarity
threshold. This indicator is used to evaluate whether the
model effectively aligns cultural metaphor expressions in
different languages. Figure 4 shows a comparison of the
similarity matrices of the two federated learning methods,
FedAvg and CAP-FL, on the consistency of cross-language
metaphor embeddings. The horizontal and vertical axes
are the six target languages and source language labels
(Chinese, English, French, Japanese, Arabic, and Spanish),
and the color depth reflects the degree of semantic similarity
of metaphorical expressions between different languages.
As can be seen from the figure, the similarity of CAP-FL
in most language pairs is significantly higher than that of
FedAvg, with an overall average of 0.82. In the "Chinese-
English" combination, FedAvg is 0.72, while CAP-FL in-
creases to 0.85; in the "Chinese-Spanish" combination,
FedAvg is 0.7, and CAP-FL reaches 0.92, showing stronger
cross-language alignment capabilities. The overall similarity

between Arabic and other languages is relatively low, indi-
cating that its cultural uniqueness poses a greater challenge
to the model. CAP-FL shows a higher concentration of
similarities near the diagonal between languages, indicating
that it has more advantages in modeling a unified semantic
space.

D. METAPHOR TRANSFER COMPREHENSIBILITY
EVALUATION
This paper invites native speakers of the target language
to manually score the metaphorical expressions generated
by the transfer. The scoring dimensions include natural-
ness, cultural fit and semantic clarity, with a full score
of 5. This evaluation is used to verify whether the model
meets the cultural adaptation requirements while maintain-
ing semantic consistency. Figure 5 shows the comparison
between FedAvg and CAP-FL in terms of cross-language
metaphor transfer comprehensibility. The horizontal axis is
six languages (Chinese, English, French, Japanese, Arabic,
and Spanish), and the vertical axis contains the average
scores of the three dimensions of naturalness, cultural fit,
and semantic clarity. As can be seen from the figure, CAP-
FL is significantly better than FedAvg in all languages and
all dimensions. In terms of naturalness of Chinese, CAP-FL
reaches 4.12, significantly higher than FedAvg’s 3.68; in
terms of cultural fit of Arabic, CAP-FL scores 3.68, while
FedAvg is only 3.13; in terms of semantic clarity of English,
CAP-FL reaches 4.31, significantly higher than FedAvg’s
3.89. Overall, CAP-FL achieves an average score of 4.02
in six languages, 0.46 points higher than FedAvg’s 3.56,
indicating that it has significant advantages in improving
the naturalness, cultural adaptability and semantic clarity of
model-generated expressions.

E. MODEL COMMUNICATION EFFICIENCY EVALUATION
This paper records the client upload parameter amount and
communication time in each round of federated training.
The communication efficiency index is defined as:

ηt =

∑N
i=1∥∆θ

(t)
i ∥F

Tt
(28)

∥·∥F represents the Frobenius norm, and Tt represents the
total time consumed in the t-th round of communication.
This indicator is used to analyze the impact of dynamic
adapters and privacy mechanisms on communication over-
head. Figure 6 shows the communication performance com-
parison between FedAvg and CAP-FL in the cross-language
cultural metaphor transfer task. The horizontal axis is the
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FIGURE 3. Cross-language metaphor recognition performance evaluation; Figure 3(a)F1 value; Figure 3(b)Precision; Figure
3(c):Recall

FIGURE 4. Metaphor vector similarity matrix; Figure 4(a) FedAvg group; Figure 4(b)CAP-FL group

FIGURE 5. Metaphor transfer comprehensibility evaluation; Figure 5(a) Naturalness; Figure 5(b) Cultural fit; Figure 5(c) Semantic
clarity

communication round, and the vertical axis is the uploaded
parameter amount, communication time and communication
efficiency. As can be seen from the figure, the average
parameter upload volume per round of FedAvg is 20.4MB,
while that of CAP-FL is only 5.1MB, a decrease of more
than 75%; in terms of communication time, the average of
FedAvg is 10.6 seconds, while that of CAP-FL is controlled
within 3.1 seconds on average; in terms of communica-
tion efficiency, the communication efficiency of FedAvg is

slightly higher than that of CAP-FL, and CAP-FL generally
remains above 1.4 MB/s. Overall, CAP-FL significantly
reduces communication overhead while ensuring privacy,
demonstrating stronger scalability and practicality.

F. PRIVACY LEAKAGE RISK CONTROL ASSESSMENT
This paper simulates the process of attackers inferring sen-
sitive client information through model updates, and defines
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FIGURE 6. Communication efficiency evaluation; Figure 6(a)Upload parameter quantity; Figure 6(b)Communication time
consumption; Figure 6(c)Communication efficiency

the success rate of the inferring attack as:

Pattack =
1

|D|
∑
x∈D

1(x̂ = x) (29)

x̂ is the data sample reconstructed by the attack model,
1(·) is the indicator function, which verifies the protection
effect of the differential privacy mechanism under different
disturbance levels. Figure 7 shows the trend of the recon-
struction success rate of FedAvg and CAP-FL methods when
facing model back-stepping attacks as the noise intensity
changes. The horizontal axis is the standard deviation of the
noise injected by differential privacy, that is, the intensity
of the disturbance injected into the model update, and the
vertical axis is the success rate of the back-test attack.
From the figure, it can see that under noise-free or low-
noise conditions (σ=0.1), the inversion attack success rate of
FedAvg is as high as 87%, while CAP-FL is slightly lower
at 84%; as the noise intensity increases, the inversion attack
success rates of both decrease, but under the same privacy
budget, CAP-FL is always better than FedAvg, and CAP-FL
drops to a minimum of 0.5%. When σ=0.3, the success rate
of FedAvg’s inverse attack drops to 68%, while CAP-FL
has dropped to 60%; when σ=0.5, the success rate of CAP-
FL’s inverse attack is only 42%, while FedAvg remains at
51%. The overall trend shows that CAP-FL has stronger
data leakage prevention capabilities under the same privacy
protection mechanism.

FIGURE 7. Privacy leakage risk control assessment

G. USER CULTURAL PREFERENCE MATCHING
EVALUATION
This paper collects user feedback data on migration results
and constructs a user-metaphor interaction matrix R ∈
RM×K , M is the number of users, and K is the number
of candidate metaphors. The matching degree between the
recommended metaphor and the user’s cultural background
is calculated based on the collaborative filtering algorithm:

smk =
umvk

∥um∥∥vk∥
(30)

um and vk are the embedding vectors of user and
metaphor respectively. Table 3 shows the cultural preference
matching evaluation results of the CAP-FL method proposed
in this paper on users of different languages, including the
average matching degree and user satisfaction score. As
can be seen from the table, English users have the highest
average match (0.87) and a satisfaction score of 4.32;
Arabic users have the lowest match (0.68) and a satisfaction
score of 3.65, reflecting the adaptation challenges faced
by the model in languages with large cultural differences.
Overall, the average matching degree of users in each
language reaches 0.79, and the average satisfaction score
is higher than 4 points, indicating that the model can better
capture the relationship between users’ cultural background
and metaphorical expressions, and has strong personalized
recommendation capabilities.

TABLE 3. Statistics of user cultural preference matching evaluation results

Language Average Matching Score User Satisfaction Score (1–5)

Chinese (zh) 0.82 ± 0.13 4.15
English (en) 0.87 ± 0.10 4.32
French (fr) 0.80 ± 0.15 4.08
Japanese (ja) 0.75 ± 0.17 3.92
Arabic (ar) 0.68 ± 0.21 3.65
Spanish (es) 0.83 ± 0.12 4.21
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H. ABLATION STUDY ON THE CULTURAL WEIGHTING
MECHANISM
To systematically evaluate the contribution of the culture-
aware aggregation mechanism to overall performance, this
paper designs an ablation experiment. Under the same
training and testing conditions, starting from the complete
model, the culture-aware aggregation mechanism module is
removed while the remaining configurations are fixed. Both
models are trained and tested under identical conditions. To
verify the core value of the cultural perception aggregation
mechanism, this paper designed an ablation experiment.
Table 4 clearly reveals the contribution of this module
to the overall performance. When this core module was
removed, the model performance showed a significant and
comprehensive decline: the average F1 score for cross-
linguistic metaphor recognition dropped sharply from 76.0%
to 69.2%, a decrease of 6.8%. This directly proves the
decisive role of cultural weights in improving the model’s
generalization ability and accuracy. At the same time, in
terms of key indicators measuring the quality of cross-
cultural semantic alignment, cultural consistency dropped
from 0.82 to 0.77, and the user’s rating of transfer compre-
hensibility also decreased from 4.02 to 3.87. These data
collectively indicate that the cultural feature vectors and
weighted aggregation strategy based on Hofstede theory
are not optional additions, but core components for effec-
tively coordinating semantic shifts between different cultural
clients and achieving high-quality cross-linguistic metaphor
transfer. Their absence will seriously weaken the model’s
performance in multilingual cultural scenarios.

TABLE 4. Ablation Study Results Comparison

Model Cultural perception
aggregation mechanism

Avg. F1 Score
(%)

Cultural
Consistency

Transfer
Com-
pre-

hensi-
bility

Full Model √ 76 0.82 4.02
— 69.2 0.77 3.87

IV. CONCLUSION
This paper proposes a novel Culture-Aware Personalized
Federated Learning (CAP-FL) architecture specifically to
address the challenges of semantic consistency and privacy
protection in multilingual cultural metaphor transfer. This
is highly relevant to the industry, where consistent meaning
for terms related to style, quality, or sustainability must
be maintained across diverse international design, manu-
facturing, and retail units while ensuring the confidentiality
of local market data. The method incorporates Hofstede’s
cultural dimension theory by designing a cultural weight
function to introduce cultural sensitivity into federated ag-
gregation. It uses contrastive learning and Graph Neural Net-
works (GNN) to create a cross-language metaphor shared
representation space, enhancing semantic alignment via
Multi-Similarity Loss and GraphSAGE. A dynamic adapter
module achieves efficient, lightweight language adaptation,

while differential privacy and secure aggregation ensure
data privacy. Experimental results show CAP-FL signif-
icantly outperforms FedAvg in cross-language metaphor
recognition, with an average F1 improvement of 7.1%. It
also effectively boosts cultural consistency (average 0.82),
transfer comprehensibility (average 4.02), and user cultural
preference matching (average 0.79). Future work will fo-
cus on expanding the model to include a wider range of
languages and concentrate on finer-grained cultural cogni-
tive modeling. For the industry, this will further improve
adaptability in complex cross-cultural scenarios, ensuring
highly localized AI systems that can accurately capture
nuanced fashion trends, material preferences, and regulatory
language across the world’s most diverse manufacturing and
consumer markets. The core innovation of the culture-aware
personalized federated learning architecture proposed in this
paper lies in its integration of macro-level, interpretable
cultural theories into the model aggregation decision-making
process. Techniques such as knowledge distillation and local
fine-tuning typically aim at data-level adaptation, i.e., fitting
the unique distribution of local data by adjusting model
parameters. In contrast, the cultural weights introduced by
CAP-FL serve as a priori, sociologically based guiding
signals. They do not rely on implicit features generated
after model training, but rather utilize Hofstede’s cultural
dimension—external knowledge independent of the training
data—to proactively and purposefully coordinate the learn-
ing directions among different cultural clients during the
aggregation phase. This design enables the model to fun-
damentally understand and compensate for semantic shifts
caused by cultural differences, rather than merely passively
adapting to their outcomes.
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