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Abstract

With the increasing demand for privacy preservation and strategy sharing in global fi-
nancial markets, traditional centralized modeling approaches have become inadequate
for multi-institutional collaborative tasks, particularly under the realistic challenges of
multi-source heterogeneity and non-independent and identically distributed (non-IID)
data. To address these limitations, a heterogeneity-aware Federated Quantitative Learning
framework, Federated Quantitative Learning, is proposed to enable efficient cross-market
financial strategy modeling while preserving data privacy. This framework integrates
a Path Quality-Aware Aggregation Mechanism, a Gradient Clipping and Compression
Module, and a Heterogeneity-Adaptive Optimizer, collectively enhancing model robust-
ness and generalization. Empirical studies conducted on multiple real-world financial
datasets, including those from the United States, European Union, and Asia-Pacific mar-
kets, demonstrate that Federated Quantitative Learning outperforms existing mainstream
methods in key performance indicators such as annualized return, Sharpe ratio, maximum
drawdown, and volatility. Under the full model configuration, Federated Quantitative
Learning achieves an annualized return of 12.72%, a Sharpe ratio of 1.12, a maximum
drawdown limited to 10.3%, and a reduced volatility of 9.7%, showing significant improve-
ments over methods such as Federated Averaging, Federated Proximal Optimization, and
Model-Contrastive Federated Learning. Moreover, module ablation studies and attention
mechanism comparisons further validate the effectiveness of each core component in en-
hancing model performance. This study introduces a novel paradigm for secure strategy
sharing and high-quality modeling in multi-institutional quantitative systems, offering
practical feasibility and broad applicability.

Keywords: federated learning; quantitative finance; path attention; gradient compression

1. Introduction

In recent years, with the widespread application of deep reinforcement learning (DRL)
in quantitative strategy modeling for financial markets, the demand for high-performance
trading models has substantially increased, with training effectiveness becoming increas-
ingly dependent on the scale and diversity of the data [1]. The success of quantitative
trading strategies depends not only on algorithmic design and optimization but also on
the quality and heterogeneity of the input data. The dynamic and complex nature of finan-
cial markets requires trading models to be trained on large-scale and multidimensional
market data to effectively capture instantaneous changes and make accurate decisions [2].
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However, as financial globalization deepens, so too does the need for massive, diverse
data, posing a significant challenge in enabling large-scale data sharing and collaborative
training under strict data privacy and security constraints [3].

Traditional quantitative models are often trained on historical trading data from a sin-
gle institution, limiting their generalization ability and cross-market adaptability. Moreover,
several inherent difficulties persist in financial modeling, such as the lack of clear labels
and inconsistencies between model training and execution [4]. The recent advances in DRL
have begun to address some of these challenges. For instance, Li et al. [4] proposed FinRL-
Podracer, a high-performance and scalable DRL framework designed to accelerate the
development of trading strategies and improve training efficiency. Fan et al. [5] introduced
a deep learning method capable of jointly solving and estimating macro-financial models,
demonstrating its effectiveness in high-dimensional state spaces. Nevertheless, machine
learning processes in finance frequently rely on highly sensitive data, including transaction
histories, credit records, and personal identification information [3]. Financial datasets
typically contain confidential information, and data breaches may lead to severe financial
losses, legal liabilities, and reputational damage for institutions [3]. Furthermore, system
heterogeneity, data format inconsistency, and regulatory restrictions across institutions
make direct cross-institutional data integration extremely difficult [6]. This phenomenon
of “data silos” is particularly pronounced in international financial markets, hindering
global-scale data sharing and limiting the potential for collaborative model development
and strategy generalization [7]. To address the challenge of privacy-preserving data sharing,
Chatzigiannis et al. [8] explored privacy-enhancing technologies, such as homomorphic
encryption and federated learning, to ensure data security and compliance during collabo-
ration. He et al. [9] proposed an innovative framework, DPFedBank, which employs local
differential privacy mechanisms, enabling financial institutions to collaboratively train
models without exposing sensitive information.

In response to these challenges, this study proposes a privacy-preserving framework
for quantitative strategy sharing, termed Federated Quantitative Learning (FQL), based
on federated learning techniques. Federated learning is a novel paradigm of distributed
machine learning that eliminates the need to centralize data by conducting model training
locally on participating clients. This framework enables privacy protection while facilitat-
ing inter-institutional collaboration, offering an effective solution to the data silo problem
in finance [10,11]. The proposed FQL framework supports joint training among multiple
international financial institutions without exchanging raw data, thereby improving the
performance and cross-market generalization of trading models. Within the framework, a
path attention aggregation mechanism is employed to dynamically assess the contribution
of each client’s gradient, which is then weighted accordingly during global aggregation.
To reduce cross-border communication costs, a gradient clipping and compression mecha-
nism is introduced, optimizing transmission efficiency. Additionally, a heterogeneity-aware
optimization module is designed to enhance local adaptation under differing market
conditions, thereby improving the overall model robustness in diversified financial envi-
ronments. Compared with centralized training schemes, the FQL framework provides
stronger privacy guarantees while maintaining high performance and adaptability across
heterogeneous markets. Experiments were conducted across datasets constructed from
NASDAQ-100 constituents, European Stoxx 600 constituents, and major ETFs from the
Asia-Pacific region. Results show that the proposed framework significantly outperforms
existing methods in terms of return, risk control, and communication efficiency. The main
contributions of this paper are summarized as follows:



Electronics 2025, 14, 3293

3o0f21

1. A path attention aggregation mechanism that dynamically evaluates client gradient
contributions to enhance strategy performance;

2. A gradient clipping and compression mechanism that reduces cross-border communi-
cation costs;

3. A heterogeneity-aware optimization module that improves local adaptability under
varying market structures.

2. Related Work
2.1. The Application of Deep Learning in Quantitative Strategy Modeling

In recent years, deep learning approaches such as long short-term memory (LSTM)
and Transformer have been widely adopted in the financial domain, demonstrating strong
modeling capacity and adaptability in stock price forecasting and trading signal generation
tasks. The stock market, characterized by high risk and high return, demands accurate
predictions to assist investors and traders in making informed decisions and maximizing
returns [12]. Traditional financial forecasting methods often rely on simple statistical models
or rule-based algorithms, which, although effective in some contexts, struggle to capture
complex nonlinear relationships and long-term dependencies, thus limiting their appli-
cability in real-world financial tasks. As an improved version of simple recurrent neural
networks (SimpleRNN), the LSTM network effectively mitigates issues such as gradient
vanishing in recurrent neural networks (RNNs), making it more suitable for handling long
sequences [12]. Due to its ability to capture long-term dependencies in time-series data,
LSTM has been extensively employed in stock price prediction and market trend analysis.
The standard update equations for LSTM units are defined as follows [13]:

fr=0We-[he—1,x:] + by), 1)
it = (Wi - [hy—1, x¢] + be), ()
& = tanh(W, - [hr_1, x:] + by), 3)
Ct = fr-cr—1+ir-C, 4)

or = 0(Wo - [hy—1, x¢] + bo), (5)
hy = of - tanh(cy), (6)

here, i;, f;, and o; denote the input, forget, and output gates, respectively. W, W,, and W,
represent the corresponding weight matrices, and ¢ denotes the sigmoid activation function.
Md et al. [14] proposed a multi-layer sequential LSTM (MLSLSTM) stock prediction model
utilizing the Adam optimizer, achieving higher accuracy compared to other machine
learning and deep learning algorithms. Moghar et al. [15] introduced an LSTM-based
RNN to predict the future values of GOOGLE and NKE stocks, successfully tracking the
opening price trends of both assets. Qi et al. [16] developed an event-driven LSTM model
that extracts effective signals and provides accurate price forecasts to support investment
strategies in foreign exchange markets. The Transformer model, originally developed for
natural language processing (NLP), has recently been applied to financial forecasting tasks.
Unlike LSTM, Transformer processes input data in parallel and employs self-attention
to compute the weighted dependencies across all positions in a sequence, allowing it to
capture long-range interactions efficiently. In stock prediction tasks, Transformer offers
superior performance and computational efficiency, particularly in modeling large-scale
financial time series. The self-attention mechanism in Transformer is defined as follows:

Attention(Q, K, V) = softmax (QKT> \% (7)
7 4 \/@ 7
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where Q, K, and V denote the query, key, and value matrices, respectively, and d is the
dimension of the key vectors. Muhammad et al. [17] introduced a time2vec encoding
scheme with a Transformer-based model to predict future stock prices on the Dhaka Stock
Exchange (DSE) in Bangladesh, outperforming the traditional ARIMA benchmark model.
Chantrasmee et al. [18] demonstrated that Transformer models are capable of effectively
predicting trading signals, aiding investors in decision-making. Zhang et al. [19] proposed
the TEANet framework, a Transformer encoder-based attention network designed for
financial feature extraction and prediction. Despite their success in stock prediction tasks,
both LSTM and Transformer exhibit limitations in generalizing to international markets due
to various cross-market differences. These include regulatory policies, market behaviors,
and trading protocols across countries, which hinder direct model transferability [20]. Fur-
thermore, the dependency of these models on large volumes of high-quality data constrains
their generalization capacity, especially in underdeveloped markets [21]. For example,
Ge et al. [22] proposed the Series Decomposition Transformer with Period-Correlation
(SDTP), which may require domain-specific tuning to adapt to different market dynamics.

2.2. Federated Learning and Financial Data Privacy Protection

Federated learning (FL) is a novel distributed learning paradigm that performs model
training locally on client devices, thereby eliminating the need to centralize sensitive data
on a central server [10,11]. In the financial domain, FL has been applied to credit scoring,
risk control, and fraud detection tasks. It not only safeguards data privacy but also enables
institutions to share learned model parameters collaboratively, thereby addressing the issue
of data silos and enhancing model accuracy. Risk control is a critical component of bank-
ing and credit systems. Existing data-driven risk modeling methods rely heavily on data
integration and sharing across banks [23]. Given increasing regulatory focus on privacy,
data silos have emerged as a major concern, which FL frameworks aim to resolve [24]. In
fraud detection, FL-based privacy-preserving mechanisms have been employed, but chal-
lenges remain in how financial transaction data are partitioned across institutions [25]. FL
allows financial institutions to model user behavior across clients, identifying potential
high-risk entities. Local training combined with collaborative model aggregation facilitates
privacy protection, improves the performance of risk models, and enhances fraud detection.
Whitmore et al. [26] proposed FedRisk, a privacy-aware FL-based risk control method that
balances model accuracy with data confidentiality across institutions. Abadi et al. [25] in-
troduced a scalable privacy-preserving FL. mechanism tailored for financial fraud detection.
However, most FL studies have focused on static label prediction tasks, such as credit
scoring and fraud detection, and primarily emphasize collaborative training. For dynamic
quantitative strategies that require real-time data analysis and adaptive decision-making,
existing FL. mechanisms lack specialized support.

2.3. Heterogeneous Distributed Modeling and Communication Optimization Mechanism

In the era of big data, deep learning has found widespread application. However,
conventional deep models struggle to generalize across domains due to data distribution
shifts, which has led to the rise of cross-domain learning. This paradigm aims to transfer
knowledge from one domain to enhance learning in another, often under limited data
availability or labeling constraints [27]. Yet, due to data heterogeneity and distributional
divergence, challenges such as poor generalization between source and target domains,
increased training complexity, and reduced computational efficiency persist. To address
these challenges, recent approaches have incorporated path attention mechanisms, local
regularization terms, and gradient compression techniques. Path attention, an extension of
self-attention, enables the model to assign differentiated weights based on the relevance of
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gradient or parameter update paths, enhancing performance on heterogeneous data [28].
In financial trading, where data originate from diverse sources, path attention can improve
model precision by emphasizing critical update paths during training, thereby adapting
more effectively to market dynamics. Given input feature maps F € RO*W where C is
the number of channels and H and W are the spatial dimensions, global average pooling
(GAP) and global max pooling (GMP) are computed as follows [29]:

H W
Favg(€) = 7w El jEIF(CI i,j), Vee[1,C] -

Fmax(c) = max;; F(c,i,j), Ve e [1,C]

Local regularization terms are designed to minimize distributional discrepancies be-
tween source and target domains by constraining model complexity in local regions. This
improves generalization and mitigates overfitting [27]. In heterogeneous environments,
local regularization enhances model adaptability and accelerates convergence, particularly
under high-frequency trading conditions. Chen et al. [30] argued that local regularization
fosters sparse, well-generalized regression models with faster convergence. Gradient com-
pression has become a vital technique in distributed learning. In cross-domain settings with
large-scale, unevenly distributed data, compression reduces the overhead of storing and
transmitting gradients. By eliminating redundant updates during training, compression
accelerates learning, especially in multi-domain or federated environments [31]. Thus,
in high-frequency trading with distributed heterogeneity, gradient compression offers
high adaptability. Li et al. [32] demonstrated that gradient compression maintains model
accuracy while improving efficiency and simplicity.

Techniques such as path attention, local regularization, and gradient compression
together form the conceptual foundation of the FQL framework. Specifically, FQL inte-
grates a Quality-Aware Aggregation Mechanism to enhance cross-client update reliability,
an adaptive optimization strategy to improve local learning under non-IID conditions,
and a communication-efficient gradient processing module to reduce transmission over-
head. These components are closely interrelated and jointly address the core challenges of
statistical heterogeneity, structural inconsistency, and bandwidth constraints in federated
financial modeling.

3. Materials and Method
3.1. Data Collection

The data collection process was conducted across three major global financial regions,
namely the United States, Europe, and the Asia-Pacific markets. For the U.S. region, repre-
sentative constituent stocks from the NASDAQ-100 index were selected, covering sectors
such as technology, healthcare, and finance. Data were primarily obtained from Yahoo
Finance and the official NASDAQ data API to ensure the authority and timeliness of price
and volume information, as shown in Table 1. In the European region, the focus was
placed on core constituents of the Stoxx 600 index, which span manufacturing, energy, and
financial sectors in countries including Germany, France, and the United Kingdom. Data
were collected from Bloomberg Terminal and Eurostat, complemented by macroeconomic
indicators publicly released by the European Central Bank (ECB). For the Asia-Pacific
region, the top-cap constituents of the MSCI Asia ETF were selected, covering securities
traded on exchanges in Hong Kong, Singapore, and Taiwan. Data sources included the
Singapore Exchange (SGX), the Taiwan Stock Exchange (TWSE), and Bloomberg Asia
databases, reflecting diverse market behaviors under different institutional and regulatory
frameworks. All price data include daily open, close, high, low prices, and trading volumes,
aligned to a consistent timeline across all assets from 1 January 2014 to 31 December 2023,
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to ensure synchronized distributions during the training phase. Macroeconomic factors
include, but are not limited to, the U.S. VIX index, the Federal Funds Rate, the Eurozone
CPI, interest rate spreads, and major exchange rates (USD/EUR, USD/CNY, USD/]JPY).
These indicators were collected on a daily or weekly basis and validated through histori-
cal macro-financial databases such as FRED and Investing.com, with imputation applied
where necessary. To ensure data quality, timestamp alignment, multi-source consistency
checks, and outlier removal mechanisms were implemented. All data were ultimately
stored in a structured daily-frequency format, and time-series samples were independently
drawn and partitioned for each region to accommodate the heterogeneous distributions
encountered in federated training clients. Through this systematic collection process, a
cross-market federated financial dataset was constructed, encompassing both trading
records and macroeconomic factors, characterized by high temporal resolution, structural
heterogeneity, and strong market representativeness.

Table 1. Summary of cross-market financial dataset.

Region Asset Class Number of Tickers Total Samples (Daily)
United States (US) NASDAQ-100 Constituents 100 2,520,000
Europe (EU) Stoxx 600 Representative Stocks 120 3,024,000
Asia-Pacific (APAC) MSCI Asia ETF Constituents 80 2,016,000
Total — 300 7,560,000

3.2. Data Preprocessing and Augmentation

In financial markets, asset prices often exhibit substantial variation, particularly in
the stock market where magnitudes and volatilities differ significantly across assets. To
enhance comparability among different assets, log return transformation was applied to the
price data at each time point. This transformation reduces the impact of scale discrepancies
and converts the data into a distribution more closely resembling normality, which is critical
for downstream modeling. The formula for log return is defined as follows:

P

7y =In ——,
P4

©)
where r; denotes the log return at time f, and P and P;_; represent the asset prices at time ¢
and t — 1, respectively. This transformation eliminates scale effects and enables the model
to more accurately capture relative asset performance. Due to the significant differences
in the value ranges of features such as price, volume, and technical indicators, improper
scaling may lead to instability in gradient descent and slower convergence during training.
To mitigate the adverse effects of scale imbalance, we applied feature normalization, which
rescales the input data to a fixed range, ensuring numerical comparability across features.
Specifically, min-max normalization was used to transform the data to a range between 0
and 1, defined as follows:

X = X — Xmin , (10)

Xmax — Xmin

where x" denotes the normalized value, x is the raw input, and Xy and ¥max are the
minimum and maximum values of the feature, respectively. Z-score standardization was
also used to transform data into data with zero mean and unit variance to stabilize the
training process and improve the convergence rate of models that are sensitive to the input
distribution (such as models using batch normalization). The standardization formula is
given by the following:

X' = X _y, (11)
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where x” denotes the standardized value, x is the raw input, and y, o are the mean and
standard deviation of the feature, respectively. Missing values are common in financial
datasets, often caused by data acquisition errors or trading halts. The presence of missing
values can interfere with training and impair model accuracy. To address this issue, we
employed multiple imputation by chained Equations (MICE), a widely adopted and robust
framework for handling missing data in time series and panel structures. MICE iteratively
models each variable with missing values as a regression on the other variables, thereby
generating multiple plausible imputations that reflect the joint distribution of the data. In
our implementation, we used a regression-based imputation model within the MICE proce-
dure, and employed Markov Chain Monte Carlo (MCMC) sampling to approximate the
posterior distribution of the missing entries. This stochastic sampling process reduces bias
and better preserves the statistical structure of the dataset by generating a distribution of
estimates rather than relying on single-point imputations. The regression step is formalized
as follows:

Ymis = X B +¢, (12)

where Y5 denotes the missing values, X is the matrix of observed predictors, B represents
the regression coefficients, and e is the error term. Through this process, the imputed values
maintain the structural coherence of the original dataset and support stable downstream
learning. Through this method, the imputed values retain the data’s structural properties
and minimize the loss of information. To improve model generalization, data augmentation
techniques were introduced. Data augmentation aims to increase data diversity through
various transformations, enabling models to learn more robust representations of underly-
ing market dynamics. In the context of quantitative modeling, data diversity is essential, as
randomly perturbed samples help the model generalize across different market scenarios.
Therefore, masked return and Gaussian perturbation techniques were employed. Masked
return augmentation randomly selects a time window from the input sequence and replaces
its values with missing entries or zeros to simulate data anomalies. This enhances model
robustness by exposing it to noise and incomplete information, mimicking real-world
disruptions such as news events or corporate announcements. This process improves the
model’s tolerance to data imperfections and prepares it for unexpected situations during
deployment. Gaussian perturbation introduces stochastic noise into the input data to
simulate market randomness. By adding Gaussian noise with zero mean and variance ¢
to each data point, this method diversifies the training samples and encourages the model
to extract stable patterns from noisy inputs. The perturbation is applied as follows:

Xperturbed =X+ N(Or 02)‘ (13)

In financial modeling, historical data are critical for forecasting future trends. To capture
temporal patterns in price fluctuations, a sliding window approach was used to generate
training samples. A window size of 20 days was applied, sliding forward one day at a time
to create sequential training inputs. Each sample corresponds to a 20-day window, with the
associated label derived from the subsequent 5-day return signal. The target is set to 1 if prices
increase over the next five days and 0 otherwise. The process is formalized as follows:

Xt = {Pi—20,Pi—19,..., Pr_1} (14)

Y: = {P;, Pi1,...,Pris}, (15)

where X; denotes the past 20-day price sequence, and Y; represents the following 5-day
price observations. This formulation enables the model to effectively learn short-term price
trends and produce timely predictions of directional movements.
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3.3. Proposed Method
3.3.1. Overall

The overall architecture of the proposed FQL framework, as shown in Figure 1, is
structured around four sequential stages: local modeling, gradient processing, path-level
aggregation, and global optimization. Initially, the processed local trading data and macroe-
conomic indicators are separately fed into the local strategy modeling networks of each
financial institution. A unified prediction backbone, such as a Transformer or LSTM variant,
is employed to generate local strategy parameters at each client. Upon completing several
rounds of local training, clients do not transmit the entire set of model parameters. Instead,
the most informative gradients are selected using the Gradient Clipping and Compression
Module, wherein the top-K gradients are identified and quantized to significantly reduce
transmission volume.

Client

Local Model Training
Dynamic Parameter
Adjustment

Gradient Clipping & Heterogeneity-Aware
Compression Optimizer

Attach Path Metadata

Broadcast

Server

Server Aggregation

—

Path Attention Aggregation ‘

\.

Global Model Update

Figure 1. Overview of the FQL framework in a cross-national financial institution scenario. Financial
entities from different regions (e.g., banks, insurance companies, and internet firms) perform local
model training and upload high-quality updates to the central server through the path attention
mechanism. The server conducts heterogeneous-aware optimization and compressed fusion based
on path quality, enabling privacy-preserving collaborative strategy modeling and global sharing.

Before being uploaded to the central server, the compressed gradients are appended
with path-related metadata, including indicators such as historical gradient volatility and
local strategy performance. On the server side, the Path Attention Aggregation Module dy-
namically evaluates each client’s upload path by computing attention scores and performs
weighted aggregation, filtering out unstable or inefficient contributions to enhance the
credibility and effectiveness of the global update. The resulting global model is then broad-
cast to all clients, initiating the next training round. In addition, to address structural and
volatility heterogeneity across markets, each client incorporates a Heterogeneity-Aware Op-
timizer during local training. This module adaptively adjusts optimizer parameters based
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on local market dynamics, ensuring that the update process conforms to region-specific
financial behaviors. The module operates within each round of local training and forms a
closed optimization loop with the global aggregation stage, thereby ensuring that the FQL
framework simultaneously maintains communication efficiency, privacy preservation, and
strong strategic adaptability across institutions.

3.3.2. Path Attention Aggregation Module

In conventional self-attention mechanisms, the input typically consists of vectors or
sequences of image patches. The primary objective is to compute the pairwise interaction
strength among elements, thereby producing context-sensitive representations. These
methods focus on intra-sample relationships and have been widely adopted in NLP and
computer vision. In contrast, the Path Attention Aggregation Module proposed in this
work is designed for inter-client path-level importance modeling. Specifically, it aims to
dynamically evaluate the contribution of each client’s update trajectory—defined by its
historical training behavior and transmitted parameter sequences—to the global model’s
training process. This approach targets the relative importance and stability of strategic
paths across clients and represents a federated-level attention mechanism. As such, it differs
significantly from conventional attention in terms of modeling granularity, input semantics,
and normalization objectives.

As shown in Figure 2, the Path Attention module is implemented as a lightweight
three-layer fully connected neural network. The input to the network is a feature vec-
tor for each client’s upload path, comprising two principal categories of information:
(1) gradient stability indicators, which capture the consistency of local updates over recent
rounds. These include the historical standard deviation of gradient norms, defined as
o; = Std( ||V91,(t7j ) |) forj =1,...,k, and the average pairwise cosine similarity between
i(t*j), VGZ.(FFn) , which quan-
tifies the directional stability of local updates; and (2) strategy performance indicators,

recent gradients, computed as CosSim; = ﬁ Z;:ll cos (VG

which reflect the economic quality of a client’s local model. These include the average
validation return r; = 1 Y Rl(t), and the Pearson correlation coefficient between the
client’s predicted returns and the global model’s predictions over a held-out set, defined as
Corr; = corr(R;, Rglobal)' These features are concatenated and passed through the attention
network to generate client-specific weights for aggregation. The network structure consists
of three layers: the input layer with dimensions [batch_size, 8], a hidden layer with 64 units
activated by ReLU, and an output layer that produces the attention weight a; for each path,

normalized using the Softmax function. The computational flow is defined as follows:

WY = ReLU(Wyx; +by), Wy € R¥®, (16)
hl(Z) = Wzl’ll(l) +by, W€ RMXl, (17)
n?
0 = M, (18)
xjexp(h?)

here, x; denotes the path feature vector for client i, and «; represents the corresponding
attention weight used in gradient aggregation. The global parameter update is computed
by performing a weighted summation of the client gradients based on their attention scores:

N t
o+ = ¥ o, v, (19)
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this module operates synergistically with the Heterogeneity-Aware Optimizer. The lat-
ter improves the quality and stability of local gradient updates, thereby enhancing the
discriminative power of the attention mechanism in evaluating client contributions. As a
result, low-quality paths are effectively suppressed during aggregation. At the system level,
this forms a positive feedback loop: the heterogeneity-aware optimization improves local
training quality, while the path attention module enhances the global aggregation process.
This cooperative dynamic ultimately strengthens the robustness and strategic performance
of the FQL framework. The aggregation branch illustrated in the system diagram (see the
“Aggregate” block in the Figure 2) corresponds to this integrated mechanism.

1) Y

,,,,,,,,,,,,,,,,,,, any )
Local Update T \ i i
M I } } o }
B Tke - | | SE
N t 1 5 1
1

,,,,,,,,,,,,,,,,,,, el T Aggregate }f '}
. [ - . : 1
. . | !
—————————————————————————————————————— Distribute ! /}
! fel i
|

FIM —£— Ly, —§—>i i

|

g = Wl

Local Update 6, 1 /

Figure 2. The diagram illustrates the structure and execution flow of the Path Attention Aggregation
Module. The process is divided into two stages—local update and global aggregation. During local
updates, each client performs gradient optimization using local data to generate local model update
paths. In the aggregation phase, the server evaluates the quality of each path based on performance
contribution, transmission stability, and representational similarity.

3.3.3. Gradient Clipping and Compression

The proposed Gradient Clipping and Compression Module is designed to address
communication bottlenecks caused by inconsistent cross-border network bandwidth in
federated training and to enhance both training robustness and convergence stability. As
shown in Figure 3, after completing local training, each client first performs Ly-norm-
based gradient normalization and clipping. Subsequently, sparse selection and quantized
compression are applied before transmitting the gradients to the central server for global
aggregation. This module does not follow the structure of conventional deep networks but
instead functions as a gradient-path compression subsystem, aligned with the router and
rescaler structures illustrated in the module diagram.

The server
(=] (=] =) =]
E! E E E

L)
2 Yy
D) )

rescaler s, rescaler s, rescaler s rescaler s,

$ d $ d

router R, (k) router Ry(",k,) router Ry(-,k3) router R,(-,k,)
4 L 4 4
x

Figure 3. Illustration of the Gradient Clipping and Compression Module. Client-side gradients are

processed through multiple routing functions (Router R1-R4) and dimension-wise rescaling modules
(Rescaler s1-s4) to achieve multi-path sparse compression. This design effectively reduces commu-
nication bandwidth while preserving critical gradient information, thereby enhancing aggregation
robustness and convergence efficiency in federated strategies under heterogeneous networks.
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Let the gradient vector at client i be V8; € RY. To prevent gradient explosion or
instability, L,-norm clipping is applied as follows:

Y

Vo, = m

(20)

where C is a predefined clipping threshold, typically set to C = 1.0 or adjusted dynamically
based on the historical volatility of the client. This operation ensures that |V6;[, < C,
thereby preventing any single client from disproportionately influencing the global model.
Following clipping, the module performs Top-K sparse selection. Let K denote the upload
ratio (e.g., 1%), and define the sparse selection operator 7Tx(-), which retains the K%
elements with the largest absolute values and sets the rest to zero, as follows:

v = T (V6,). 1)

To further reduce communication overhead, a 1-bit quantization operation is intro-
duced. This retains only the sign of the non-zero elements and transmits their average
magnitude, allowing the server to reconstruct the compressed gradient. The quantized
representation is defined as follows:

gi = sign(VoX)) . m;,  m; = % Yo vell. (22)
jesupp (Vo)

The final upload consists of the sparse index set supp(-) and the average magnitude
m;, achieving high compression rates. At the server, linear mapping is used to reconstruct
the global gradient. This mechanism corresponds to the router—rescaler structure depicted
in the diagram, where routers channel gradients into compression paths based on Top-
K importance, and rescalers perform normalization and dequantization. Although 1-bit
quantization significantly improves communication efficiency, it inherently sacrifices fine-
grained information about gradient magnitudes, which may lead to biased updates or
hinder convergence in practice. To alleviate this, the FQL framework introduces a Path
Attention Module, in which the compressed gradients are aggregated not uniformly, but
weighted by attention scores computed from each client’s historical stability and perfor-
mance. This design ensures that more reliable and consistent updates exert greater influence
during aggregation, effectively compensating for the resolution loss caused by aggressive
quantization. The synergy between sparsity-aware compression and quality-weighted
aggregation leads to a “high-quality, high-weight” optimization scheme that preserves
both robustness and convergence. Mathematically, the global aggregation can be expressed
as follows:

N
60 =Y ai-q;, (23)
i=1

where «; is the attention weight from the path module and g; is the compressed gradient.
Theoretically, this joint strategy constructs a weighted minimum-bias estimator in the
compressed gradient space, with the upper bound on error given by the following:

N
(t+1) _ p*|2 L 2. L p*2
E[l6 %3] < O(KN l;“z [V — 6 |2>/ (24)

this demonstrates that the compression module not only reduces transmission costs but
also, when integrated with path-aware weighting, preserves convergence stability and
robustness under heterogeneous market data distributions.
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3.3.4. Heterogeneity-Aware Adaptive Optimizer

In federated quantitative strategy modeling, substantial structural differences exist
among national and regional financial institutions, including disparities in trading mech-
anisms, asset liquidity, volatility patterns, and policy-driven dynamics. These lead to
strongly non-independent and identically distributed (non-IID) client data. Applying a
uniform optimization strategy across such environments may result in local overfitting or
failure to converge. To address this challenge, a Heterogeneity-Aware Adaptive Optimizer
is introduced. This module dynamically adjusts optimization parameters during local
training to align with each client’s market-specific characteristics, while maintaining con-
vergence and consistency during global aggregation. The proposed mechanism builds upon
the Adam optimizer and incorporates an adaptive controller network. The controller takes
market volatility indicators—such as historical volatility, volume variation coefficients, and
skewness of return distributions—as input and outputs the optimizer’s learning rate 7;,
momentum coefficient 8;, and weight decay factor A; for the current round. The controller
network consists of two fully connected layers, with input dimension [batch_size, 4], a
hidden layer of width 32 activated by LeakyReLU, and an output layer of dimension 3
corresponding to the three adaptive hyperparameters. These outputs are directly integrated
into the standard Adam update rules as follows:

mp = Bimy_1 + (1= BV, v = A1+ (1—A) (V)% (25)
R
Or 1 =0 —1; Joite (26)

the parameters #;, §;, and A; are thus adaptively determined per client, allowing each to
follow a locally optimized update trajectory in line with its market characteristics. This
design helps clients avoid suboptimal convergence or divergence arising from structural
mismatches. To ensure consistency within the federated system, a cross-round consis-
tency factor c; is computed by the server based on each client’s path variation over the
previous three rounds. This feedback is used to adjust learning rates before aggregation,
according to the following:

771'(,13{0) = 771'(Old) ’ (1 -7 Ci)/ (27)
where 7 is a scaling coefficient. A larger c; indicates greater deviation from the global
strategy, warranting a reduced learning rate. This mechanism is particularly valuable
in tandem with the Path Attention Module: when a client exhibits significant deviation
due to structural heterogeneity, the adaptive optimizer reduces its influence, preventing
adverse effects on the global model. Therefore, by jointly leveraging the heterogeneity-
aware optimization and path attention mechanisms, the FQL framework achieves greater
stability and convergence speed in heterogeneous environments, ultimately improving the
generalization and robustness of cross-market trading strategies.

4. Results and Discussion

4.1. Experimental Setup
4.1.1. Evaluation Metrics

To comprehensively assess the performance of the FQL framework across financial mar-
kets, several widely adopted financial evaluation metrics were employed. These included
Annualized Return, Sharpe Ratio, Maximum Drawdown, Volatility, and Communication
Cost (in terms of communication rounds or transmission size). These metrics were designed
to quantify various aspects such as profitability, risk-adjusted return, exposure to market
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downturns, asset price volatility, and overall efficiency and scalability. The mathematical
definitions are provided as follows:

. v\ T

Annualized Return = A -1, (28)

0

E[R, — R

Sharpe Ratio = M, (29)

Tp

max Vs = Vi
Max Drawdown = max sefof] 7 ! , (30)
te[0,T] maXse[o,4) Vs

Volatility = o, (31)

Here, Vp and V1 denote the portfolio value at the beginning and end of the investment
period, respectively; V; represents the asset value at time #; R, is the portfolio return; Ry is
the risk-free interest rate; 0y, is the standard deviation of portfolio returns; and E[-] denotes
the expectation operator.

4.1.2. Baselines

The proposed method was compared against the following baseline methods:
FedAvg [33], FedProx [34], FedOpt [35], Local-only [36], Centralized [37], FedNova [38],
and MOON [39].

FedAvg (Federated Averaging) alternates between local stochastic gradient updates
on clients and global model averaging on the server. It is one of the most commonly used
methods in FL due to its simplicity, generality, adaptability, and computational efficiency.
FedProx is a generalized and reparameterized version of Fed Avg, which introduces addi-
tional proximal terms to improve convergence behavior under data heterogeneity. FedOpt
is an optimization-based federated framework that integrates local and global updates
to enhance performance, achieving high accuracy and fast convergence. The Local-only
baseline involves each financial institution independently learning its strategy without any
federated aggregation, serving as a privacy-preserving reference. This method offers com-
plete data isolation, zero communication overhead, and high implementation simplicity.
The Centralized method, by contrast, aggregates raw data from all institutions to train a
unified global strategy, providing a reference for the upper-bound performance. It features
higher accuracy and model expressiveness by leveraging complete data integration. Fed-
Nova is designed to address the inconsistency in local update steps and data distributions
across clients by introducing a normalization factor to standardize local updates. In the
experiments, FedNova was applied across all three regional sub-datasets, with optimization
parameters configured according to the original implementation to ensure stable and fair
aggregation. MOON introduces a contrastive learning mechanism into federated training.
In the experiments, MOON adopted the same prediction network as the FQL framework,
with the contrastive loss coefficient set to u = 5. The global reference model was syn-
chronously updated at each aggregation round to ensure feature stability. The introduction
of MOON provides critical support for validating cross-market strategy consistency.

4.1.3. Hardware and Software Platform

All experiments were conducted on a distributed computing environment composed of
multiple GPU-enabled nodes. Each local client was simulated on a separate node equipped
with an NVIDIA RTX 3090 GPU (NVIDIA Corporation, Santa Clara, CA, USA), 24 GB
VRAM, Intel Xeon Gold 6226R CPU (Intel Corporation, Santa Clara, CA, USA), and 256 GB
RAM. The central server was deployed on a high-performance computing node with dual
NVIDIA A100 GPUs, 80 GB VRAM each, and 512 GB RAM to support global aggregation
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and model broadcasting. The inter-node communication was implemented via a simulated
federated communication framework over TCP/IP with adjustable bandwidth constraints
to emulate real-world cross-border network conditions. The entire FL system was im-
plemented in Python v3.9 using the PyTorch v2.0 deep learning library. The federated
communication protocol and coordination logic were built using the Flower framework,
which supports customized training loops and client-server interactions. For experimental
reproducibility, random seeds were fixed, and all clients followed synchronized training
schedules. Evaluation metrics were calculated using NumPy and Pandas, while visualiza-
tion was performed using Matplotlib v3.8.4 and Seaborn v0.13.2. The system environment
ran on Ubuntu v20.04 LTS with CUDA v11.8 and cuDNN v8.6 support. All model check-
points, logs, and configurations were saved and managed via the Weights and Biases
platform for version control and experimental tracking.

4.2. Performance Comparison Across Baseline Methods in Cross-Market Financial Strateqy Modeling

This experiment was designed to evaluate the overall performance of various FL strate-
gies in cross-market financial strategy modeling, aiming to verify the advantages of the pro-
posed FQL approach in terms of profitability, risk control, and market volatility adaptation.
By comparing several representative baseline methods—including traditional averaging
(FedAvg), robust heterogeneous optimization approaches (FedProx, FedNova), contrastive
learning-enhanced methods (MOON), optimizer-driven strategies (FedOpt), non-federated
local models (Local-only), and centralized training schemes (Centralized)—the evaluation
covered the major paradigms in federated modeling. The results demonstrate that FQL
achieves notable advantages in annualized return and Sharpe ratio, while also maintaining
stability in maximum drawdown and volatility, comparable to or surpassing centralized
methods. These findings suggest that high-quality strategy learning can be achieved under
privacy-preserving constraints.

As shown in Table 2 and Figures 46, the Local-only method, relying solely on local
data, fails to capture global market synergy, resulting in the weakest performance. FedAvg
adopts uniform averaging without adapting to heterogeneous data, leading to limited
effectiveness in risk control. FedProx enhances robustness through regularization during
local updates, improving convergence stability. FedOpt improves aggregation efficiency via
optimizer-based updates but does not fully leverage inter-market information structures.
MOON enhances model consistency under non-IID settings using local-global contrastive
constraints, thereby improving generalization. FedNova mitigates data skew through
normalized client updates, improving both returns and risk profiles. The Centralized strat-
egy, free from privacy constraints, directly aggregates raw data for unified training, thus
having a natural performance advantage. FQL, by jointly incorporating path attention,
heterogeneity-aware optimization, and gradient compression, enables high-quality pa-
rameter fusion and stable updates across clients. This design theoretically aligns with a
joint optimization over the communication and path-weighted spaces, offering superior
generalization and robustness in multi-market scenarios.

Table 2. Performance comparison across baseline methods.

Method Annualized Return (%) Sharpe Ratio Max Drawdown (%) Volatility (%)

Local-only [36] 8.32 0.77 15.8 13.6
FedAvg [33] 9.21 0.87 14.2 121
FedProx [34] 10.35 091 13.5 11.8
FedOpt [35] 10.01 0.89 14.0 12.0
MOON [39] 10.82 0.95 13.1 11.3
FedNova [38] 11.05 0.98 12.6 10.9
Centralized [37] 13.44 1.23 9.3 8.8
FQL (Ours) 12.72 1.12 10.3 9.7
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Figure 6. Communication cost comparison across baseline methods.

4.3. Module Ablation Study of FQL Components

This experiment was designed to validate the independent contributions and synergis-
tic effects of key components within the FQL framework, including the Gradient Clipping
and Compression Module (GradClip+Compress), the heterogeneity-aware optimizer (Het-
Optimizer), and the path attention mechanism (Path-Attention). By selectively removing
each module and retraining the model, performance changes in terms of annualized return,
Sharpe ratio, maximum drawdown, and volatility were observed to assess their roles in
model robustness, convergence efficiency, and strategy stability.

As shown in Table 3, the complete FQL model outperforms all variants, especially
in profitability and risk control, confirming the essential roles of each module under non-
IID multi-market conditions. Mathematically, removing Path-Attention prevents quality-
weighted aggregation of client-uploaded paths, allowing low-quality gradients to distort
optimization precision. Eliminating the Het-Optimizer leads to shared learning rates and
momentum across clients, disregarding market-specific volatility, which induces local
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oscillations and update bias. Without GradClip+Compress, gradient transmission lacks
sparsity and robustness control, increasing communication redundancy and noise. The full
FQL model, through the cooperative optimization of these modules, performs weighted
selection and adaptive adjustments over compressed gradients, effectively introducing
multi-regularization and mapping in stochastic optimization with non-i.i.d. perturbations.
This enhances both the generalization ability and global stability of the strategy.

Table 3. Module ablation study of FQL components.

Method Variant Annualized Return (%) Sharpe Ratio Max Drawdown (%) Volatility (%)
FQL w/o GradClip+Compress 11.92 1.04 11.6 10.5
FQL w/o Het-Optimizer 11.58 1.00 12.3 10.9
FQL w/o Path-Attention 11.23 0.96 12.7 11.2
FQL (Full Model) 12.72 1.12 10.3 9.7

4.4. Comparison of Different Attention Mechanisms in Federated Aggregation

This experiment was conducted to examine the performance differences of various
attention mechanisms in the federated aggregation process, particularly in cross-market
financial strategy modeling tasks. Five attention strategies were evaluated: uniform aggre-
gation, entropy-based attention, cosine similarity attention, temporal-decayed attention,
and the proposed path quality attention mechanism. The goal was to assess their impacts
on model returns, risk control, and convergence quality.

As shown in Table 4 and Figure 7, path quality attention outperforms all other mech-
anisms across evaluation metrics, delivering higher returns, a better Sharpe ratio, and
reduced drawdown and volatility. This indicates superior optimization under non-IID
and heterogeneous conditions. Mathematically, uniform aggregation lacks differentia-
tion, introducing noise when client quality varies. Entropy-based attention leverages local
uncertainty but neglects historical performance. Cosine similarity evaluates gradient align-
ment, enhancing local structure matching. Temporal-decayed attention accounts for update
trends, promoting temporal coherence. In contrast, path quality attention constructs a high-
dimensional quality function based on gradient sparsity, upload stability, and past returns,
normalized through attention weights. This effectively forms a weighted variational lower
bound on client contributions, stabilizing aggregation under noise and improving solution
optimality. This design significantly improves federated utilization of high-quality clients.

Table 4. Comparison of different attention mechanisms in federated aggregation.

Attention Type Annualized Return (%) Sharpe Ratio Max Drawdown (%) Volatility (%)
Uniform Aggregation 11.05 0.97 126 11.0
Entropy-Based Attention 11.43 1.01 119 10.6
Cosine Similarity Attention 11.56 1.03 114 10.2
Temporal-Decayed Attention 11.71 1.05 11.1 10.0
Path Quality Attention (Ours) 12.72 1.12 10.3 9.7

4.5. Discussion
4.5.1. Robust Communication Efficiency Across Diverse Network Scenarios

To evaluate the effectiveness of the proposed gradient compression mechanism under
various network conditions, three simulated communication scenarios were designed to
measure changes in communication cost:

1.  Normal Network Environment (10 MB/s bandwidth): This scenario reflects standard
enterprise intranet or metropolitan area network speeds. Under such conditions, the
proposed method reduced communication volume by an average of 32.7% without
sacrificing model accuracy.
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2. Bandwidth-Constrained Environment (1 MB/s bandwidth): This setting simulates
remote agricultural regions or edge devices connected via cellular networks. In this
scenario, conventional methods such as Fed Avg experienced significantly increased
latency. By contrast, our method maintained training stability while reducing gradient
volume, achieving a 49.5% reduction in communication overhead and effectively
avoiding model divergence.

3. Dynamic Client Environment (20% intermittent client dropout): This scenario models
unstable client participation, a common issue in federated learning. Thanks to the
integration of compression and asynchronous aggregation, the proposed method
achieved faster and more reliable model updates with a retransmission rate below 5%.
Overall, it reduced communication cost by 41.2%, demonstrating strong robustness to
network fluctuations.

Comparison of Attention Mechanisms in Federated Aggregation
Uniform Aggregation
Sharpe Ratio —— Entropy-Based Attention
—— Cosine Similarity Attention
Temporal-Decayed Attention
Path Quality Attention (Ours)

Max Drawdown Annualized Return

Volatility

Figure 7. Comparison of different attention mechanisms in federated aggregation
Table 5 presents the quantitative comparison of communication costs across these scenarios:

Table 5. Comparison of communication costs under different network scenarios (Unit: MB).

Method Normal Bandwidth Constrained Bandwidth Client Dropout
FedAvg 102.5 108.3 98.4
FedProx 98.1 101.2 96.7
MOON 120.4 135.6 125.1
FedNova 91.7 96.4 89.5
FQL (Ours) 68.9 54.5 57.9

These results demonstrate that the proposed communication-efficient mechanism
achieves consistent advantages across diverse deployment conditions, making it a robust
solution for real-world federated learning environments.
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4.5.2. Practical Applications Analysis

In practical applications of cross-market quantitative strategy construction and execu-
tion, non-identical data distributions and limited communication resources represent two
of the most critical challenges. The proposed FQL framework has been validated across
multiple real-world financial submarkets, demonstrating superior performance in terms
of profitability, risk control, and convergence stability compared to existing FL strategies.
In real-world deployment scenarios—such as strategy collaboration and sharing among
multinational financial institutions—FQL enables effective protection of local data privacy,
avoiding the direct transmission of raw transaction data. Meanwhile, through the integra-
tion of path quality-aware aggregation and heterogeneity-adaptive optimization modules,
model contributions from structurally diverse markets can be efficiently quantified and
aggregated, ultimately supporting the formation of globally robust investment strategies.
For example, in the collaboration between a local brokerage in the Asia-Pacific region and a
large asset management institution in Europe or North America, both parties aim to share
volatility-driven market factors to optimize strategy parameters. However, constraints in
data compliance, network latency, and collaborative modeling hinder the deployment of
centralized training approaches. FQL allows local models to be evaluated dynamically for
their strategic effectiveness via the path attention mechanism without exposing data. The
server assesses the quality of each uploaded path based on historical return stability and
gradient direction variability, enabling asymmetric weighted aggregation. Furthermore,
given the distinct trading regimes in the Asia-Pacific market relative to mainstream Western
markets, the Heterogeneity-Aware Optimizer adaptively adjusts learning rates and momen-
tum based on local volatility characteristics. This effectively mitigates local overfitting and
enhances model adaptability. Empirical results show a marked improvement in the robust-
ness of strategies for low-liquidity assets, underscoring the practical applicability of the
proposed framework in high-frequency strategy transfer and fine-tuning. It also introduces
a novel technical paradigm for the future automation of cross-border strategy deployment.

4.5.3. Analysis of Inter-Module Collaboration Mechanism

Within the FQL framework, the Path Attention Aggregation Module, Heterogeneity-
Aware Adaptive Optimizer, and Gradient Clipping—-Compression Module operate not as
independent components but as an interdependent and self-reinforcing system. The Path
Attention Aggregation Module serves as the “quality gatekeeper” of global aggregation,
dynamically assigning aggregation weights based on gradient stability metrics (e.g., vari-
ance of gradient norms, cosine similarity across recent updates) and economic performance
indicators (e.g., stability of validation returns). In doing so, it mitigates the adverse impact
of low-quality gradients—often originating from non-IID or highly volatile markets—on
the convergence trajectory. The Gradient Clipping-Compression Module substantially
reduces communication overhead through sparsification and quantization; however, such
compression inevitably introduces information loss and aggregation bias. The attention
mechanism compensates for this by amplifying the contribution of stable, high-quality
updates during aggregation, effectively implementing a weighted denoising process in the
compressed gradient space. Concurrently, the Heterogeneity-Aware Adaptive Optimizer
adapts learning rates, momentum, and weight decay in response to local market volatility
and structural heterogeneity, where gradient stability itself constitutes a key input to the
attention scoring process. This creates an adaptive feedback loop in which optimizer-driven
parameter adjustments influence the stability of subsequent local updates, which in turn
modify their future attention weights. Theoretically, this interaction can be viewed as a
two-level stochastic optimization process: the inner level involves adaptive local opti-
mization shaped by the Heterogeneity-Aware Optimizer, while the outer level performs
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quality-weighted aggregation under compression constraints, guided by the path attention
mechanism. This synergistic system achieves a bias—variance trade-off between the infor-
mation bottleneck imposed by compression and the uncertainty induced by heterogeneous
environments, thereby enabling FQL to maintain both communication and computational
efficiency while preserving strong generalization capability and robust convergence.

4.6. Limitation and Future Work

Despite the promising performance and robustness exhibited by the FQL framework
across multi-regional financial markets, several limitations remain. When data distributions
are extremely imbalanced and certain submarkets contain only a minimal number of
samples, model aggregation may suffer from gradient estimation bias. This is particularly
evident when client strategies exhibit high heterogeneity without sufficient historical
performance data, which can lead to insufficient scoring by the path attention mechanism
and result in suboptimal weight assignments during strategy fusion. In addition, although
gradient compression has been introduced to reduce communication overhead, further
improvements in compression robustness and recovery fidelity are needed to handle
gradient loss or distortion in deployment environments with unstable networks or severely
resource-constrained client devices. Future research is expected to enhance the adaptability
and deployment feasibility of the FQL framework in two directions. First, meta-learning
mechanisms combined with domain adaptation strategies may be introduced to allow each
submarket’s local model to learn its optimal aggregation pathway over multiple training
rounds. This would enable dynamic updates to the path attention computation logic
and the more precise integration of personalized strategies. Second, the communication
compression layer could incorporate residual caching and periodic recovery modules,
enabling recursive compensation mechanisms to mitigate convergence disruption caused
by the loss of historical gradient information.

5. Conclusions

With the increasing demand for secure sharing and privacy preservation of quanti-
tative strategies across multi-regional financial markets, traditional centralized modeling
methods have gradually revealed their limitations in scenarios requiring regulatory com-
pliance and handling heterogeneity. To address these challenges, a federated quantitative
learning framewor, FQL, is proposed in this study for cross-market financial strategy col-
laboration. The framework integrates a Path Quality-Aware Aggregation Mechanism, a
Heterogeneity-Aware Adaptive Optimizer, and a Gradient Clipping and Compression
Module, aiming to enhance model stability and convergence efficiency under conditions
of non-i.i.d. data distributions and limited network resources. Experimental results on
multiple international financial market datasets demonstrate that FQL consistently outper-
forms mainstream methods in key financial performance metrics, including annualized
return, Sharpe ratio, maximum drawdown, and volatility. Specifically, the framework
achieves an annualized return of 12.72% and improves the Sharpe ratio to 1.12, showing
significant advantages over baseline methods such as Fed Avg and MOON. Furthermore,
ablation studies validate the contribution of each component to the overall performance,
with the path attention mechanism exhibiting a critical role in optimizing cross-client
strategy fusion. In addition, through gradient sparsification and 1-bit quantization, FQL
significantly reduces communication overhead, enhancing scalability and efficiency in
practical deployments. This work provides a novel perspective and technical route for con-
structing multi-institutional collaborative systems that ensure privacy protection, efficient
communication, and generalized strategy modeling.
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