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Abstract: - Driven by the evolution of Large Language Models (LLMs), financial forecasting is shifting from
statistical arbitrage to semantic intelligence. To address the limitations of traditional paradigms in processing
unstructured data and modeling complex non-Euclidean spatiotemporal dependencies, this study proposes a
novel hybrid architecture integrating LLMs with Graph Spatiotemporal Networks. First, we construct a
domain-specific financial LLM utilizing "Market-implied Return" as a weak supervision signal to extract
precise asset pricing factors. Second, we introduce a GAT-TCN architecture that couples Graph Attention
Networks with Temporal Convolutional Networks to capture high-frequency non-stationarity and spatial
spillover effects. Furthermore, to ensure interpretability and compliance, we incorporate a "Summarize-
Explain-Predict" (SEP) neuro-symbolic framework aligned via Proximal Policy Optimization (PPO). Empirical
evidence from China's SSE 50 index over a thirteen-year period demonstrates that this architecture achieves
superior goodness-of-fit in volatility prediction and robustness against tail risks compared to traditional
benchmarks, providing a viable technical path for the industrial deployment of LLMs in quantitative
investment.
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1 Literature Review and Theoretical Models. Following this, [2] proposed BERT
Evolution (Bidirectional Encoder Representations  from

Before constructing the theoretical framework of Transformers), which significantly enhanced - the

this studv. it is essential to conduct a detailed and model's capability to understand both short texts and
. Y. - . the deep semantic nuances within complex contexts.
rigorous literature review of the cutting-edge

technologie ortina this architecture and their In the highly specialized vertical domain of
chnologies supporting this architecture a finance, general-purpose large models often exhibit
applications in the financial domain. In recent years,

the cross-fusion of Natural Language Processing suboptimal performance in processing  financial
(NLP), graph computing, and Reinforcement terminology and complex nested logic, primarily

Learning (RL) has provided abundant theoretical due to a lack of domain-specific knowledge graphs

tools for resolving non-stationar rediction and corpora. To address this critical issue, [3]
. 9 . y p demonstrated the immense potential of training a
problems in complex financial systems.

proprietary financial LLM, BloombergGPT, from
scratch. Specifically, this model utilized up to 50

1.1 Foundation of Large Language Models billion parameters and was trained on a massive

and Financial Domain Adaptation financial hybrid corpus containing 363 billion
Regarding the evo_lutlon of NLP infrastructure, the tokens, significantly outperforming general models
Transformer architecture proposed [1] marked a in tasks such as financial sentiment analysis and
turning point by dlscardlng traditional Recurrent Named Entity Recognition (NER). However, the
Neural Networks (RNNSs) in favor of a complete prohibitive cost of pre-training from scratch has
reliance on  self-attention mechanisms, thereby limited its widespread adoption. Consequently, [4]
laying the fundamental ~cornerstone for the studies proposed FinGPT, a data-driven open-source

subsequent development of Large Language
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framework utilizing Low-Rank Adaptation (LoRA)
technology to efficiently fine-tune general base
models, while also introducing reinforcement
learning feedback based on stock prices, which
drastically reduced the barrier to fine-tuning
financial LLMs. Furthermore, one researcher
established a rigorous evaluation benchmark, a
previous researcher, covering seven major
dimensions, including information extraction and
guantitative reasoning, thereby further promoting
the standardization process in this field.

In the quantitative evolution of financial text
sentiment analysis, early research predominantly
relied on static, manually constructed dictionaries
(e.g., the Loughran-McDonald dictionary).
However, semantic analysis based on deep learning
has gradually become the mainstream approach.
Recent studies [5] have rigorously proven that
FinBERT models, when fine-tuned on specific
domain corpora, can more precisely capture the
subtle nuances in financial contexts. [6] crucially,
these models possess an overwhelming advantage in
discovering hidden sentiments that are often
misclassified as neutral by traditional dictionaries.
Regarding the unique context of the Chinese
financial market, [7]. It has been demonstrated that
Chinese financial sentiment dictionaries constructed
using NLP technology possess strong domain
specificity and play an irreplaceable role in
capturing the intricate correlations between policy
sentiment and market returns. In recent years,
scholars have further deeply integrated Transformer
models into sentiment trading strategies. [8]
confirmed that market sentiment scores generated
by advanced language models can effectively
predict the trends of stock indices, while one
specific article [9] explored the economic value of
utilizing LLMs to execute quantitative sentiment
trading.

1.2 Deep Fusion of High-Frequency Time
Series Modeling and Graph
Spatiotemporal Networks

Financial time series forecasting has consistently

remained a core issue in quantitative finance.

Traditional statistical methods (such as ARIMA and

GARCH) typically assume that the data generation

process is linear and stationary, an assumption that

severely contradicts the "leptokurtic and fat-tailed"
characteristics observed in real-world financial
markets. In addressing the modeling challenges of
high-frequency financial time series data, traditional

Long Short-Term Memory networks (LSTM) are

often constrained by serial computation bottlenecks

and the vanishing gradient problem inherent in
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extremely long sequences. To mitigate this, [10] an
existing work proposed the Temporal Convolutional
Network (TCN). Through strict empirical testing,
they proved that networks based on causal dilated
convolutions far exceed traditional RNNs in their
ability to capture long-range feature memory in
sequences. [11] further studies demonstrated the
superior decomposition and prediction capabilities
of the TCN-LSTM hybrid architecture when
processing complex, non-stationary time series.

On the other hand, the stock market is not merely
a collection of isolated individuals but rather a
complex, dynamic network system. Individual
stocks not only exhibit spatial dependence based on
industry chains, equity relationships, or sector
effects, but their price trends also possess significant
spatial spillover effects. An author [12] proposed
Graph Attention Networks (GAT), which introduced
masked self-attention mechanisms for the first time
to handle non-Euclidean graph-structured data,
enabling the model to dynamically learn the
complex relationship weights between nodes.
Subsequently, spatial graph networks have been
widely applied in financial prediction. A study [13]
verified the superior efficacy of dynamic graph
networks in capturing macro market events and
asset pricing network structures. A notable paper
[14] proved the effectiveness of Graph Neural
Networks (GNNSs) in capturing spatiotemporal
dependencies between stocks. Furthermore, a
research [15] confirmed the feasibility of utilizing
machine learning to capture cross-sectional
commonalities in finance to enhance volatility
prediction accuracy. An empirical study [16]
proposed utilizing Temporal Graph Attention
Networks (Temporal GAT) to capture the structural
dynamics of volatility spillover effects. Collectively,
the aforementioned literature indicates that fusing
spatial graph computing with temporal convolution
is a critical path to breaking the current accuracy
ceiling in financial asset pricing prediction.

1.3 Reinforcement Learning, Explainable
Al, and Neuro-Symbolic Systems
To strictly align prediction models with the
objective of actual portfolio excess returns, Deep
Reinforcement Learning (DRL) technology has
been widely introduced into quantitative finance. A
study [17] proposed the Proximal Policy
Optimization (PPO) algorithm, which, by limiting
the policy update step size, greatly enhances the
convergence stability of DRL in non-stationary
environments. Building on this, an investigator [18]
successfully integrated multiple reinforcement
learning algorithms into quantitative trading
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strategies, achieving significant risk-adjusted
returns. Some scholars have further enriched the
empirical evidence of reinforcement learning in
dynamic asset allocation and risk control, [19].

As deep learning becomes ubiquitous in the
financial sector, its "black box" characteristic has
triggered severe regulatory scrutiny. An article [20]
deeply explored the necessity of Explainable
Artificial Intelligence (XAI) and transparency in
financial forecasting, proposing a systematic XAl
classification framework. In financial risk control
compliance applications, a study [21] utilized fine-
tuned language models to process financial reports,
achieving fraud identification efficiency that far
exceeds traditional quantitative benchmarks. One
author [22] also emphasized the value of combining
complex sampling with machine learning to handle
real-world financial fraud scenarios.

To thoroughly resolve the issues of logical rigor
and "hallucination” in financial decision-making by
large models, Neuro-Symbolic systems have
emerged. Neuro-symbolic systems are dedicated to
combining the powerful pattern recognition
capabilities of neural networks with the rigorous
reasoning capabilities of traditional symbolic logic.
A researcher [23] developed the "Summarize-
Explain-Predict” (SEP) framework, utilizing self-
reflective agents and the PPO algorithm to enable
LLMs to generate highly explainable stock
prediction logic. A review [24] explicitly pointed
out that the next step in constructing decision
support systems lies in combining a Domain
Knowledge Base (DKB) to provide deterministic
external anchors for LLMs. A certain scholar [25]
demonstrated how to utilize large language models
to distill complex Basel Accord rules into a
mathematical framework. In summary, while
frontier literature has made excellent progress in
vertical domains, there remains a significant
theoretical gap in how to convert unstructured text
sentiment into high-dimensional spatiotemporal
graph network inputs and ultimately output a
decision loop that meets compliance and risk control
standards, [26]. This study is dedicated to filling this
specific academic void.

2 Theoretical Framework and

Mathematical Derivation
This chapter details the three core theoretical
modules that constitute the backbone of our
proposed  architecture:  the  Market-Implied
Sentiment Factor Extraction Engineering based on
pre-trained architectures, the GAT-TCN Hybrid
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Neural ~ Network  Architecture  for  deep
spatiotemporal fusion, and the Automated Risk
Control Alignment System based on Neuro-
Symbolic frameworks and PPO, [27]. These
components collectively address the challenges of
semantic understanding, spatiotemporal modeling,
and safe execution in quantitative finance.

2.1 Market-Implied Sentiment
and Bidirectional
Representations

Traditional sentiment dictionary methods are limited

by subjective annotation bias. To resolve this, we

introduce "Market-implied Return" as an objective

weak supervision signal for instruction tuning, [28].

Our semantic feature extractor is built on a multi-
layer bidirectional Transformer encoder. Given
unstructured financial news text X = (z1,z,,...,Z,),

the model converts it into high-dimensional
continuous vector representations via an embedding
layer. Under the Self-Attention mechanism, which
allows the model to weigh the importance of
different words regardless of their distance in the
sequence, the attention weight between any two
tokens is calculated as follows:

Modeling
Encoder

QK"
Attention (Q,K,V) = softmax V. Vv
k
For the mathematical construction of sentiment
labels, we observe the logarithmic return of the
target stocks within a specific time window

following the news release, [29].
ARs,t - Rs,t - Rm,t

Where R,,, is the benchmark return. If AR, ,>€(a
positive statistical threshold), the text is weakly
supervised as “Positive” (y = 1); if AR, , < -¢, it
is marked as "Negative" (y = -1); otherwise, it is
"Neutral" (y = 0), [30].

We employ the Cross-Entropy Loss function to
fine-tune the base model end-to-end:

N
Lentiment = — % Z Z I (yi = C) log (@w)

i=1 ce{—1,0,1}

Where N is the sample size and I(-) is the

indicator function. The output sentiment index
highly condenses the expected excess return signal.
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2.2 Hybrid Neural Network Architecture:
Deep Topological Coupling of GAT-TCN
To effectively handle the high degree of non-
linearity and non-stationarity inherent in the stock
market, this study proposes a hybrid oracle
architecture that deeply couples Graph Attention
Networks (GAT) and Temporal Convolutional
Networks (TCN) in mathematical topology. This
design allows for the simultaneous modeling of
temporal evolution and spatial interdependence.
Temporal Convolutional Network (TCN) for
Long-Sequence Causal Modeling. TCN overcomes
LSTM's gradient vanishing problem by combining
1D fully convolutional networks with strict Causal
Convolution, [31]. This ensures that the output node
y, at time t depends only on inputs at time and

earlier:
k—1
Y — Zf Ty
i=0 A

To capture long-cycle historical memory, TCN
introduces Dilated Convolution. For input sequence
X and filter function f, the discrete convolution
operation with dilation factor d is defined as:

FO&) = @) &) = 31 () -5

As the network depth increases, the receptive
field grows exponentially by O(2"), granting the

model the ability to "memorize" extremely wide

time spans.
Graph Attention Network (GAT) for Dynamic
Spatial Spillover Measurement. GAT allows

network nodes to dynamically assign weights to
their  topological neighbors. Assuming high-
dimensional feature vectors h, and h;for stocks i

and j , the model calculates the raw attention
coefficient using the weight matrix W and the

shared attention vector a :
e; = LeakyReLU (a” [Wh, ||Wh;])

The attention coefficients are normalized using the
Softmax function:

exp (e;)

’ Z exp (ex)

keN,
Finally, the updated feature for stock i, which has

absorbed the spatial spillover effects from related
assets, is calculated as follows:
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B, J(Z o Whj)

JEN; ij

The high-dimensional tensor output from the
GAT layer serves as the standard input sequence for
the TCN layer, achieving orthogonal separation and
non-linear reconstruction of spatiotemporal features.

2.3 Neuro-Symbolic System Integration and
Proximal Policy Optimization (PPO)
To prevent "hallucinations" in trading logic
generation, we integrate the SEP analysis
framework and use the PPO algorithm for value
alignment. We abstract the trading action selection
as a Markov Decision Process (MDP). The state
space includes multi-dimensional price-volume
metrics, GAT-TCN spatial latent vectors, and LLM
semantic ~ factors. The action space is
a, € {Buy,Hold,Sell} .The reward function R, is

directly anchored to the portfolio's Sharpe Ratio,
optimizing for risk-adjusted returns:

Rt: \/ 2520_E 7015

P

Where R, is the strategy's annualized return, R; is
the risk-free rate, o, is the downside volatility, and
C, represents slippage and commission penalties.

The PPO algorithm limits the strategy's single
update step size by constructing a clipped surrogate
objective function:

LOUP (9) = E, [min (7} (0) A, clip (r,(0),1—¢,1+ E)At)]

Where r,(#) measures the deviation amplitude

between the new and old strategies, flt is the
estimated advantage function, and e is the truncation
hyperparameter.This mechanism establishes an

intelligent closed loop from natural language
understanding to safe quantitative execution.

3 Research Design and Empirical
Data Construction

3.1 Sample Selection and Multimodal Data
Processing

This study selects constituent stocks of the SSE 50

Index in the Chinese A-share market. The

backtesting period covers daily high-frequency

datasets from January 4, 2023, to December 31,

2025, covering various market phases, including
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bull markets, bear markets, and consolidation
periods to ensure robustness. We selected four
representative stocks: ICBC, Kweichow Moutai,
Dagin Railway, and NARI Technology.

The model input integrates numerical volume-
price features (strictly Z-score standardized with
winsorization) and the "Market-implied Sentiment
Factor" sequence extracted by the large model. Time
series  segmentation  strictly  follows  the
unidirectional flow principle to prevent future data
leakage. This multimodal approach aligns with
research into social media sentiments, such as
Reddit market sentiment analysis using LLMs, [32].

3.2 Asset Volatility Fat-Tail Heterogeneity
Analysis

Empirical data reveal significant heterogeneity and
"leptokurtic fat-tail" characteristics across different
sectors. Defensive assets like ICBC show a
volatility standard deviation of only 1.06%, while
growth assets like NARI Technology reach 1.33%,
with maximum daily volatility spikes up to 5.99%.
Such extreme fat-tail effects imply that traditional
models based on stationarity assumptions will
collapse before such sudden anomalies.

As shown in Figure 1, asset volatility fat-tail
heterogeneity illustrates the Volatility Std (%) and
Max Daily Extreme (%) for four assets. ICBC
(Blue/Defensive) shows low values (1.06, 3.58),
while NARI Technology (Red/Growth) shows high
values (1.87, 5.99), highlighting the risk profiles.

Fig : Asset Volatility Fat-Tail Heterogeneity
(Blue: Defensive Low-Vol, Red: Growth High-Extreme)

10
ICBC

Kweichow Moutai

0.90

Dagin Railway 414

NARI Technology

Volatility Std (%)

Fig. 1: Asset Volatility Fat-Tail Heterogeneity
Source: created by the author.

Max Daily Extreme (%)

3.3 Graph Relation Network Construction
Mechanism

To activate the topological computing mechanism of

the GAT layer, we constructed a multi-layer

adjacency graph matrix. The edge weights are not

static but deeply integrate multiple sources: sector
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membership based on the Shenwan Industry
Classification, the Pearson partial correlation
coefficient matrix based on residual returns, and the
real supply chain order association graph extracted
from supply chain reports parsed by the Large
Language Model. This multi-view approach ensures
a comprehensive  representation of  asset
interconnectedness. This ensures a comprehensive
representation  of  asset  interconnectedness,
leveraging dynamic graph neural networks to
capture evolving structural dependencies .

4 Empirical Results Evaluation and
Multi-Dimensional Attribution
Analysis

This section compares the GAT-TCN hybrid

architecture against Support Vector Machine

(SVM), Bidirectional LSTM (BiLSTM), and CNN-

LSTM in predicting high-frequency stock price

volatility. We employ multiple metrics, including

RMSE, MAPE, and R-squared, to provide a holistic

assessment.

Predictive
Hybrid

4.1 Multi-Dimensional
Superiority of
Architecture

Empirical statistics establish the comprehensive

leadership of the GAT-TCN hybrid model in

handling complex financial distributions.

the

Fig : Multi-Model Performance Radar Chart

RMSE — s
(Lower) BLSTM

" Recall
(Higher)

Fig. 2: Multi-Model Performance Radar Chart
Source: created by the author.

As shown in Figure 2, the "Multi-Model
Performance Radar Chart" compares SVM,
BiLSTM, CNN-LSTM, and GAT-TCN across four
metrics: RMSE (Lower is better), (Higher is better),

2
R (Higher is better), and MAPE (Lower is better).
GAT-TCN (Blue line) covers the largest area,
indicating superior performance across all metrics.
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For defensive assets like ICBC and Kweichow
Moutai, GAT-TCN demonstrated extreme fitting

2
capability, with IocaIR approaching 0.99. When
facing high-elasticity targets with violent variance
mutations like Dagin Railway or NARI Technology,
CNN-LSTM's RMSE deteriorated to 1.40, whereas
GAT-TCN successfully suppressed the composite
prediction RMSE to 0.66. Compared to the second-
best CNN-LSTM, GAT-TCN reduced the prediction
error (RMSE) by 52.9%, the percentage error
(MAPE) by 49.6%, and increased the goodness of

2
fit (R ) by 15 percentage points (reaching 0.95).
These results are consistent with modern machine
learning perspectives on realized volatility
forecasting.

Daily Return
o
e
(=]

= Ground Truth
= GAT-TCN (Ours)
== CNN-LSTM (Baseline)

* Extreme Events

T T T T
0 0 100 150 200 25
Trading Day

Fig. 3: Volatility Forecast Time Series
Source: created by the author.

As shown in Figure 3, the volatility forecast time
series graph plots daily return against trading days.
It compares Ground Truth (Grey), GAT-TCN
(Blue), and CNN-LSTM (Green). Red dots indicate
extreme events. The GAT-TCN line tracks the
Ground Truth and extreme events much more
closely than the baseline.

4.2 Ablation Study of Investor Sentiment
Large Model Factors
We conducted a controlled variable ablation study
by forcibly stripping the "Deep Semantic Investor
Sentiment Index" extracted by the Financial LLM.
Results indicate that after removing the text
sentiment factor, the model's residuals rapidly
amplified during extreme market mutations, and the
recall rate for tail volatility prediction decayed
sharply to 65.4%. Reintroducing the semantic

2
sentiment factor increased the mean by an

absolute value of 0.028, and the tail event recall rate
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jumped to 89.7%. This scientifically confirms that
irrational investor sentiment is a key driver of short-
term price deviations.

Table 1. Ablation Study on Sentiment Factors

. Tail
Ablation RMSE R? Event
Configuration

Recall
GAT-TCN 0.92 0.922 65.4%
GAT-TCN 0.66 0.950 89.7%

Source: created by the author.

As shown in Table 1, GAT-TCN with the LLM
factor achieves lower RMSE (0.66 vs. 0.92), higher
R-squared (0.950 vs. 0.922), and significantly
higher tail event recall (89.7% vs. 65.4%) compared
to the version without the LLM factor.

4.3 Automation of Trading Risk Control and

Neuro-Symbolic System Efficacy
Addressing the "hallucination” issue in large model
business code generation, we built the LLSec
automated compliance system, integrating a domain
knowledge base. Blind tests show the system
achieved an average Function Point Identification
(FPI) rate of 91.97% on a massive validation set. In
"Bond Trading Rules" tests with the most complex
logic nesting, the system's parsing accuracy
(94.20%) significantly surpassed human legal
experts (83.25%). The traditional rule parsing
process, which takes days, was compressed to under
6 minutes, eliminating the deep trust fear caused by
"algorithmic black boxes", [32].

5 Conclusion

The comprehensive integration of Large Language
Models, non-Euclidean Graph Spatiotemporal
Networks, and Neuro-Symbolic Reinforcement
Learning with quantitative investment represents an
epoch-making revolution that reconstructs the
essence of financial market price discovery from the

underlying logic of information processing
philosophy.
This study, by introducing "Market-implied

Return" to fine-tune deep Transformer architectures,
precisely extracts market-implied deep sentiment
factors. On this solid data foundation, we creatively
derived and implemented a hybrid oracle model
deeply coupling Graph Self-Attention mechanisms
with Dilated Causal Convolutions (GAT-TCN).
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Based on rigorous backtesting of SSE 50 core
constituent  stocks, this composite  model
simultaneously deconstructs and reproduces the
market's deep long-term memory and instantaneous
spatial spillover ripple effects with unprecedented
high-dimensional ~ non-linear  feature  fitting
capabilities,  constituting a  comprehensive
dominance over all traditional benchmark models.

Furthermore, this study cross-disciplinarily
introduces and deeply fuses Proximal Policy
Optimization (PPO) with the "Summarize-Explain-
Predict" (SEP) neuro-symbolic system, thoroughly
conquering the "hallucination” malady of generative
large models. Modern quantitative machine systems
can now not only make excellent dynamic decisions
with positive expected values in non-stationary
markets full of unknown frictions but also provide
impeccable compliance traceability and logical
endorsement for every massive transaction at the
legal level. The core technical path established in
this study points a clear lighthouse for the
development of the next generation of safe,
transparent, and highly intelligent global capital
decision support systems.
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