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ABSTRACT

Recently, large language models (LLMs) have demonstrated outstanding reasoning
capabilities and inference-time scaling on mathematical and coding tasks. However,
their application to financial tasks—especially the most fundamental task of stock
movement prediction—remains underexplored. We study a three-class classifi-
cation problem (up, hold, down) and, by analyzing existing reasoning responses,
observe that: (1) LLMs are easily swayed by contextual viewpoints, tending to
follow analysts’ opinions rather than exhibit a systematic, independent analytical
logic in their chain-of-thoughts (CoTs). (2) LLMs often list summaries from dif-
ferent sources without weighing adversarial evidence, yet such counterevidence is
crucial for reliable prediction. It shows that the model does not make good use of
its reasoning ability to complete the task. To address this, we propose Reflective
Evidence Tuning (RETuning), a cold-start method prior to reinforcement learning,
to enhance prediction ability. While generating CoT, RETuning encourages to
dynamically construct an analytical framework from diverse information sources,
organize and score evidence for price up or down based on that framework—rather
than on contextual viewpoints—and finally reflect to derive the prediction. This
approach maximally aligns the model with its learned analytical framework, en-
suring independent logical reasoning and reducing undue influence from context.
We also build a large-scale dataset spanning all of 2024 for 5,123 A-share stocks,
with long contexts (32K tokens) and over 200K samples. In addition to price and
news, it incorporates analysts’ opinions, quantitative reports, fundamental data,
macroeconomic indicators, and similar stocks. Experiments on this new dataset
show that, as a cold-start method, RETuning successfully unlocks the model’s
reasoning ability in the financial domain. During reinforcement learning, response
length steadily increases under the designed curriculum setting. Furthermore,
inference-time scaling still works even after 6 months or on out-of-distribution
stocks, since the models gain valuable insights about stock movement prediction.

1 INTRODUCTION

Stock Movement Prediction (SMP) is one of the most fundamental and consequential tasks in
finance. It not only directly affects the interests of individual investors but also plays a central role
in algorithmic trading (Mahfooz et al., 2022; [Ta et al., 2018), financial risk control (Adyatma &
Alamsyah| 2022} |Vui et al, 2013)), and intelligent research platforms (Shi et al.;[2020). In recent years,
Large Language Models (LLMs) (Brown et al.,|2020; |Achiam et al.| 2023} |Bai et al., 2023}, [Touvron
et al.,|2023) have demonstrated remarkable reasoning capabilities in domains such as code generation
and mathematical problem-solving (DeepSeek-Al et al., [2025} |OpenAl et al., [2024} |[Uesato et al.,
2022). This has sparked growing interest in exploring whether such models can also excel in financial
tasks. However, it remains an open question whether LLMs’ strength in reasoning and inference-time
scaling can be effectively harnessed for stock price prediction.

In the traditional planning phase of a financial agent, the model has access to a wide range of
information sources—news articles, analyst opinions, research reports, quantitative factor analyzes,
and more. Despite this richness, making reliable and interpretable predictions remains a major
challenge. On one hand, LL.Ms often exhibit strong prior biases due to the optimistic slant of their



Under review as a conference paper at ICLR 2026

training data, which is skewed toward long positions and excludes contrarian views for political or
regulatory reasons. On the other hand, these models tend to lack the ability to construct independent
reasoning frameworks, reconcile conflicting information, and perform reflective analysis—capabilities
that are essential for robust financial decision-making.

To address these challenges, we propose a novel modeling paradigm that treats stock movement
prediction as a generative reasoning task. By processing all textual information sources end-to-end,
this approach aims to simulate the thought process of a human trader, ultimately generating structured
and interpretable predictions. Two key innovations underpin this paradigm.

First, we introduce Reflective Evidence Tuning (RETuning), which instills LLMs to dynamically
construct reasoning frameworks based on diverse information sources, collect and evaluate evidence
for potential price directions (up, down, or hold), and reflect on the evidence before making a final
prediction. This structured approach is a cold-start training mechanism prior to reinforcement learning
(RL). It enables models to avoid merely summarizing or echoing external viewpoints and instead
follow an internally consistent logic, improving both interpretability and accuracy.

Second, we explore the role of inference-time scalability, a technique that has shown promise in
mathematical and programming tasks (Muennighoft et al.,|2025; L1 et al.| 2025)). Specifically, we
investigate whether majority voting can significantly improve predictive accuracy in financial domain.
Although widely successful elsewhere, its efficacy in stock movement prediction has not yet been
systematically examined.

To support this research, we construct a large-scale, high-quality dataset that reflects the complexity
and information density of real-world financial environments. Covering the full year of 2024 across
over 4,000 A-share stocks, this dataset integrates six heterogeneous information sources: news,
fundamentals, analyst opinions, quantitative factor reports, macroeconomic context, and stocks of
similar trends. With over 200,000 samples and an average input length of up to 32K tokens, it
overcomes the limitations of prior datasets that were outdated and lacked information diversity (Xu
& Cohen, [2018; [Luo et al.l 2023} [Zhou et al., [2021). The details of the dataset construction are
discussed in Appendix [C}

Empirical results show that RETuning effectively enhances reasoning structure and improves pre-
dictive performance over strong baselines. It also generalizes beyond stock movement prediction,
yielding significant improvements in other financial tasks, and demonstrates strong performance
under inference-time scaling and out-of-distribution settings.

Our contribution can be summarized as follows: (1) We build a large-scale, long-context financial
dataset with diverse evidence sources beyond price and news, which fill the gap that existing datasets
are outdated and lack information diversity. (2) We introduce RETuning, synthesizing cold-start
responses that guide LLMs to construct and reflect on an analytical framework for stock movement
prediction. It allows significant inference-time scalability of LLMs in the prediction task. (3) We
empirically show that RETuning unlocks prediction ability and generalizes beyond stock movement
prediction. We believe this research lays the groundwork for deploying trustworthy, reasoning-driven
LLMs in real-world financial applications.

2 RELATED WORK

Stock Movement Prediction with LLMs. Recent work has focused on exploring various types
of information sources for stock movement prediction with LLMs. Several studies emphasize the
importance of stock-related news in revealing fundamental market insights (Vargas et al., 2018} [Li
et al.| 2021). Meanwhile, other research highlights the significance of understanding the relationships
between companies and industries (Feng et al.l |2019; [Hsu et al.| 2021). Recent studies have also
provided empirical evidence of the impact of public sentiment on market trends, with researchers
working to extract sentiment and keyphrases from news and social media data (Nguyen et al.;, 2015;
Hao et al.,|2021). However, these works often focus on a single type of information source, such as
news or sentiment, and do not fully leverage the potential of LLMs to integrate multiple heteroge-
neous sources. In contrast, our work aims to construct a comprehensive dataset that incorporates
diverse information sources, including news, fundamentals, analyst opinions, quantitative reports,
macroeconomic indicators, and similar stocks, to enhance the predictive capabilities of LLMs in
stock movement prediction.
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Figure 1: Overview of data sample for one stock at trading day t.

Inference-Time Scaling for LLMs. Inference-time scaling methods (Snell et al.,|2024)) enhance
LLM performance by leveraging additional computation during generation, broadly categorized
into three strategies. Repeated sampling improves diversity and accuracy via parallel candidate
generation, utilizing verification strategies like majority voting (Li et al., 2024a; [Lin et al., [2024;
Wang et al., 2023} [Toh et al., 2024)) or best-of-N (BoN) selection with verifiers (Stiennon et al.,
2020; |Cobbe et al., 2021; Nakano et al., [2022; L1 et al., 2023} [Liu et al.| 2025a), while efficiency
optimizations prune low-scoring paths early (Zhang et al.| 2024b; |Qiu et al., [2024; |Sun et al.} 2024;
Manvi et al., 2024} [Ye & Ng|, 2024). Self-correction iteratively refines outputs using feedback from
tools, external models, or self-critique (Shinn et al., 2023} /Gou et al.l 2024; [Li et al.,[2024b; |Song
et al., [2025), though its efficacy depends on feedback reliability (Olausson et al., [2024} [Huang et al.,
2024} Wang et al., [2024a; [Yang et al., 2024). Tree searching combines parallel and sequential
scaling via algorithms like MCTS or A* (Yao et al., 2023} | Xie et al., [2023; |Long} 2023} |Chari et al.,
2025) guided by value functions (Xu, [2023;Hao et al.} 2023} |Chen et al.,|2024} [Zhang et al.,2024a)).
Training techniques distill these scaling benefits into more efficient models (Gao et al.,[2023}; |Hou
et al.| 2024} |Gulcehre et al., 2023 [Zhang et al.| [2024c). However, these methods have not been
systematically applied to financial tasks, particularly stock movement prediction. Our work aims to
fill this gap by exploring how inference-time scaling can be effectively utilized in this domain.

3 PRELIMINARIES

3.1 STRICT CONTROLLED DATASET FOR STOCK MOVEMENT PREDICTION

We aim to evaluate the ability of LLMs to predict stock movements based on diverse information
sources. To this end, we construct a strict controlled dataset named Fin-2024, which covers the entire
year of 2024, including 5,123 A-share stocks and 209,063 samples. Each sample is designed with a
long context window of 32K tokens. Figure|l|illustrates the data sample for one stock at trading day
t. LLMs will be trained from January to November, and then evaluated on December. In addition, we
also collect data Fin-2025[June] on June 2025 for long-horizon prediction evaluation. The dataset
construction process is detailed in Appendix

Information Sources The dataset consists of diverse information sources that have been proven
valuable in machine learning-based quantitative trading research. These include: (1) News articles
providing real-time market updates and company-specific & sector-specific information, (2) Funda-
mental reports reflecting company financial health and performance, (3) Analyst opinions offering
professional market insights, (4) Quantitative reports containing technical analysis and market
indicators, (5) Macroeconomic indicators showing broader economic trends, and (6) Similar stocks
information for comparative analysis. The information are primarily textual, friendly for LLMs.

Prediction Target We define the prediction target as the price movement between the current
trading day’s opening price and the previous trading-day’s closing price. This setting is less common
in pre-training data compared to closing price-based movements, which helps prevent the model
from exploiting memorization. The setting also avoids the model from decision-making games in
trading periods, which is hard to capture in the given context. Based on price change, we classify the
stock movement into three classes: up for change > 3%, down for < -3%, and hold for else. The
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three-class classification scheme requires more significant signals for price movements than binary
classification. The hold class serves as a decoy. If the model never learns to distinguish between up
and down, it would indicate a shortage on the model’s ability to make price movement predictions.

Evaluation Protocol During evaluation, we require the model to simultaneously predict both the
price change percentage and direction to assess its instruction-following capability and verify the
consistency between the two predictions, as the direction should align with the predicted change
percentage.

3.2 OBSERVATION ON EXISTING MODELS
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Figure 2: Existing LLMs without RETuning CoT Figure 3: Abaltion on CoT prompting. The pro-
perform no better than random guessing in stock posed CoT in Section f.T] can help improve the
movement prediction, and most (except Qwen3 prediction performance on Qwen3 32B, but not
32B) fail to scale at inference time. smaller models. Others lose to random guessing.

To understand the limitations of existing models in stock movement prediction, we analyze their
performance on Fin-2024[December] in Section We use 32 different random seeds to uniformly
sample the prediction (hold, up, and down) to construct the random bound (grey area in the figure).
Any results that are covered by the random bound will be regarded failing to make trust-worthy
prediction. The results reveal two key issues:

Firstly, by investigating existing LLMs’ performance in Figure[2] we observe that current LLMs are
almost randomly guessing the prediction result. And the most models cannot scale their ability of
prediction at inference time. Secondly, we prompt the model with fine-grained CoT (Section[4.1) to
inject knowledge of financial analysis into the reasoning process. We further analyze the responses
of the models, as shown in Figure 3] We find that CoT can help improve the model’s prediction
performance on Qwen3 32B, but not other models.

To understand why these models fail, we further sample multiple responses for case study (Ap-
pendix [E.T) and find that: the outputs of these LLMs tend to be vague, detached from the prediction
target, and biased toward the hold class on label-balanced datasets. Thus, we propose to utilize
supervised fine-tuning to induce coherent, task-specific reasoning to change the output distribution of
these models, as discussed in the following section.

4 REFLECTIVE EVIDENCE TUNING (RETUNING)

This section introduces Reflective Evidence Tuning (RETuning), a two-stage framework designed
to unlock the latent reasoning ability of LLMs in stock movement prediction tasks. As illustrated in
Figure [d, RETuning comprises: (1) an SFT stage to cold-start generative reasoning modeling, and (2)
rule-based reinforcement learning for performance refinement and alignment.

4.1 STOCK MOVEMENT PREDICTION VIA GENERATIVE REASONING MODELING
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Figure 4: Two-stage stock movement prediction model training framework: Stage 1 (Cold Start) uses
multi-source data with human labeling and synthesis pipeline for Reflective Evidence Tuning; Stage
2 applies Reinforcement Fine-Tuning with curriculum learning, reward shaping, and inference-time
scaling for final label determination.

Prompt Engineering RETuning
We frgme the SMP task as a generative reasoning problem, K Dorrion T2oK Dorrition
in W'hICh the LLM leverage its reasoning ability to make pre- e e
dictions. It must construct an analytical framework, extract )
and score evidence from heterogeneous sources, and reflect ¢ :
Task Understanding

before reaching a conclusion. As is shown in Figure[5a] this
contrasts with zero-shot settings, where models superficially = cor
summarize and avoid making grounded predictions.

Task Understanding

Analysis CoT, Analysis

Answer

Then we employ supervised fine-tuning (SFT) to instill this
reasoning structure into the model. The SFT dataset is con- Answer
structed through a semi-automated pipeline (Appendix [C.2)
that uses DeepSeek-R1 (671B) as the backbone model to
rejected sampling to synthesize 118 golden cold-start items.

(a) RETuning guides the model to gen-
erate a principle, collect evidence, and
reflect before making a prediction.

By grounding each prediction in a dynamically built frame- o
work, RETuning promotes robust and context-aware rea- 0.44
soning. This reduces susceptibility to dominant context bias 004j
and improves the model’s ability to rationally weigh adver- 038
sarial evidence—crucial for reliable financial forecasting. 036
By fine-tuning on this structured reasoning process, we find 034
that the model DeepSeek_R1_14b_SFT can scale its predic- 032
tion performance via repeated sampling far beyond random OOZZ
guessing, as shown in Figure[5b] It indicates that the model 1 2 P S
already possesses a certain level of predictive capability. We

can further leverage this weak predictive power to assess (b) DeepSeek_R1_14B_SFT scales pre-
the difficulty of predicting samples, thereby enhancing the ~diction performance via repeated sam-

overall predictive performance of the model more efficiently. Plng:

SMP f1 score

4.2 RULE-BASED REINFORCEMENT LEARNING

To further align model outputs with desired reasoning behavior, we introduce a rule-based reinforce-
ment learning (RL) stage. Rather than relying on simple correctness-based rewards—which are noisy
and statistically uninformative in financial prediction—we design more principled signals through
reward shaping and curriculum learning.

Reward Shaping We design a multi-faceted reward function to capture both the structural and
semantic correctness of model outputs. First, a Format Score ensures that the response adheres to
the expected structured format, maintaining clarity and consistency. The Accuracy Score focuses on
whether the model correctly predicts the directional movement—up, down, or hold. Lastly, the
Consistency Score encourages logical alignment between the predicted percentage change and the
stated directional label. Final score is given by R = « - Format + ( - Accuracy + +y - Consistency,
where «, 3,y are hyperparameters. This design mitigates the issue of misleading signals from noisy.
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Curriculum Learning Not all samples are equally
difficult: hold predictions are often trivial, while con- oo
fident up/down predictions require strong signal inte-
gration. To make training more efficient and targeted,
we propose a curriculum learning strategy:
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We use the cold-started model to generate N (=8 in

practice) predictions for each training sample. The

difficulty of a sample is measured by counting how S S
many of these predictions are incorrect. Based on this

difficulty score, we categorize examples into three Figure  6: Difficulty  distribution
groups: easy (correct € [ZN, N) ), medium (correct given by the  cold-started  model
S [%N, %N) ), and hard (correct € [0, %N) ). (DeepSeek_R1_14B_SFT).

In Figure[6] we observe that a clear correlation between difficulty levels and labels. Low-difficulty
samples are mostly dominated by hold predictions, which tend to be either spurious or too simple to
be informative. High-difficulty samples, on the other hand, often involve up or down predictions but
with weak or noisy signals. In contrast, medium-difficulty samples tend to reflect realistic market
complexities and require non-trivial reasoning. To ensure the model focuses on meaningful learning
signals, we discard both low and high-difficulty examples and train only on medium-difficulty ones,
progressing in order of increasing difficulty.

Inference-Time Scaling We apply majority voting on predicted labels over n repeated generations
with temperature 0.6. The final decision is given by: § = arg maxy e fup down,no1d} 21 LY = ¥

5 EXPERIMENT AND RESULTS

We conduct several experiments to ascertain the effectiveness of RETuning, with the aim to gain
insights into the following: (1) Basically, can we improve the stock movement prediction performance
of LLMs? How does RETuning compare with existing methods? What insights does the model learn
from the data? (2) Can we scale the prediction performance of LLMs at inference time? (3) What are
the key factors that contribute to the success of RETuning? (4) Does the enhanced prediction ability
contribute to other financial tasks?

5.1 EXPERIMENT SETUP

Datasets. We use the data from January to November in Fin-2024 for training, and the December
data Fin-2024[December] for testing. We also use the Fin-2025[June] dataset to evaluate whether
the model persists its scaling ability on prediction performance after 6 months. Besides, we evaluate
the generalization ability on BizFinBench (Lu et al.,|2025), a comprehensive financial benchmark
covering 10 tasks, including Anomalous Event Attribution (AEA), Financial Time Reasoning (FTR),
Financial Tool Usage (FTU), Financial Numerical Computation (FNC), Financial Knowledge QA
(FQA), Financial Data Description (FDD), Emotion Recognition (ER), Stock Price Prediction (SP),
Financial Named Entity Recognition (FNER). The details of the datasets are shown in Appendix [C|

Evaluation and Metrics. We care about the generalization ability and consider three types of
out-of-distribution (OOD) settings: OOD_Stock, OOD_Date, and OOD_Stock&Date. We choose
50 stocks in random as the OOD stocks and the last month of 2024 as the OOD dates. The 50 stocks
are also OOD stocks in Fin-2025[June]. We adopt the standard metrics F1-score because it balances
precision and recall, making it suitable for our multi-class classification task.

Implementation and Baselines. The models are trained on up to 4*8 H100 GPUs. Rollout
n is set to 8. Default results are obtained by greedy decoding. For inference-time scaling,
we use k € {1,2,4,8,16,32} and temperature=0.6. More implementation details are shown
in Appendix Based on DeepSeek_R1_14B_Instruct (originally DeepSeek-R1-Distill-Qwen-
14B (DeepSeek-Al et al., 2025)), we apply RETuning and get DeepSeek_R1_14B_SFT and
DeepSeek_R1_14B_SFT_GRPO, which are after SFT stage and after SFT + GRPO stages, respec-
tively. We also implement DeepSeek_R1_32B_SFT and DeepSeek_R1_32B_SFT_GRPO based on
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DeepSeek_R1_32B_Instruct. We compare to several strong baselines, including: LLMFactor (Wang
et al., 2024b), Finol (Qian et al., [2025), Fin-R1 (Liu et al., 2025b), CMIN (Luo et al., [2023) and
StockNet (Xu & Cohen, 2018)). We also report results of several state-of-the-art open-weight LLMs:
DeepSeek (DeepSeek-Al et al., |2025) (R1-7B, R1-14B, R1-32B, R1-671B, V3-671B), Qwen3 (Yang
et al.,[2025) (8B, 14B, 32B), GPT-OSS (OpenAl et al.,[2025) (20B, 120B).

5.2 RESULTS AND ANALYSIS

Bound —®— DeepSeek_R1_148
k_R1_14B_sft_grpo —@— DeepSeek_R1_328
k_R1_328_sft_grpo

—— DeepSeek_R1_14B_sft
—®— DeepSeek_R1_328 sft

Table 1: Results of different methods on Fin- 0.44
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. . . . Z o
using the CoT prompting in Section [3.2] The 04 ° ° 8 /3\0
relative improvements (%) over the baselines are ¢ o0.38
. . g e S
shown in parentheses. The bestresults areinbold. 2 036 ‘
S 034 8 1
Model F1 Score 0.32
Results of Public Models 0.3
Random Guessing 0.3333
LLMFactor (Wang et al.| 2024b} 0.3345 0.28
Finol (Qian et al.|[2025) 0.0622 1 2 4 8 16 32
Fin-R1 (Liu et al.|2025b) 0.2543 n (log2 scale)
CMIN (Luo et al.|[2023) 0.3275
StockNet {¥u & Cohenfj2018) 0-3081 Figure 7: Inference-time scalability results on
Results with CoT Ablation .
Qwen3_ 8B (Yang et al|p025) 03348 Fln-.20.24[De.c_ember]. SFT model already.has
w/ CoT 0.3319 (-0.87%) prediction ability, and GRPO further refines it.
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Figure 8: Inference-time scalability results on
Fin-2025[June]. Finetuned models continue to
scale via repeated sampling even after 6 months.

The results of different methods on Fin-2024[December] benchmarks

are shown in Table [l We observe that RETuning (SFT + GRPO) significantly outperforms all
baselines, including state-of-the-art open-weight LLMs (DeepSeek, Qwen3, GPT-OSS) and public
models specifically designed for stock movement prediction (LLMFactor, Finol, Fin-R1, CMIN,
StockNet). For instance, DeepSeek_R1_14B_SFT_GRPO achieves an F1 score of 0.4196, which is a
20.75% relative improvement over its instruct baseline (0.3475) and surpasses the best public model
(GPT-OSS-120B w/ CoT at 0.3436) by 22.15%. Similarly, DeepSeek_R1_32B_SFT_GRPO attains
an F1 score of 0.4071, marking a 14.13% relative improvement over its instruct baseline (0.3567)
and outperforming the best public model by 18.55%.

Can stock movement prediction benefit from inference-time scaling? Yes, but the gains from
inference-time scaling are limited. Figure [7] and Figure [§] present the inference-time scalability
results on Fin-2024[December] and Fin-2025[June], respectively. We observe monotonic or near-
monotonic improvements up to n~~8-16, after which returns plateau and can even regress for some
settings. RL (GRPO) makes test-time scaling less necessary by improving one-sample quality, yet
does not increase the peak accuracy.
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Can predictive ability generalize to unseen stocks, future dates, or both? Yes. We evaluate out-
of-distribution (OOD) robustness along two axes: unseen stocks and forward-in-time generalization.
The dataset Fin-2024[December] consists of OOD_Stock, OOD_Date, and OOD_Stock&Date
cases, where RETuning maintains or increases F1 score as the number of inference-time samples
n grows (Figure . On Fin-2025[June] (future dates only), RETuning preserves its advantage and
continues to benefit from moderate repeated sampling (Figure [§)), indicating strong temporal and
cross-ticker generalization.

To further determine how the model scales on different OOD cases, we group the results by OOD
split and present in Figure [JI(LT} The scaling is significant in OOD_Stock, then is OOD_Date.
OOD_Stock&Date is the hardest cases to scale up, but it still outperforms baselines. We leave
detailed analysis in Appendix
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Figure 9: OOD_Stock results Figure 10: OOD_Date results Figure 11: OOD_Stock&Date
on Fin-2024[December] on Fin-2024[December] results on Fin-2024[December]

We also explore how the model scales on different ground truth labels. The results are grouped by
ground truth label and presented in Figure [12]13[I4] The scaling is significant in hold cases, and
the model performance exceeds the baseline on up and down cases. We claim that up and down
cases are more challenging, and RETuning enhances the model’s performance in these scenarios
by enabling it to better leverage its reasoning capabilities, thus to identify factors influencing stock
movements more effectively, thereby allowing the model to make more accurate predictions.

SMP f1
|
|
I3
SMP f1

n (Iog2 scale) n (log2 scale) n (log2 scale)

Figure 12: Ground truth up re- Figure 13: Ground truth hold Figure 14: Ground truth down
sults on Fin-2024[December] results on Fin-2024[December] results on Fin-2024[December]

Ablation on CoT prompting. We further examine the effect of Chain-of-Thought (CoT) prompting
(Table [T). It causes slightly negative effects on smaller models (Qwen3-8B, Qwen3-14B), but
significantly benefits larger models (Qwen3-32B, GPT-OSS-120B, DeepSeek-R1-671B, DeepSeek-
V3-671B). This suggests that larger models have a greater capacity to leverage CoT prompting
effectively. For the 14B model, CoT improves the baseline by +3.71%, while the 32B model only
gains a marginal +0.62%. This indicates that CoT alone yields limited benefits. In contrast, our SFT
and SFT+GRPO variants consistently outperform CoT, suggesting that structured fine-tuning and
reinforcement optimization are more effective than relying on prompting strategies alone.

Ablation on SFT stage. We compare the effect of applying GRPO directly versus combining it
with an SFT stage (*_SFT_GRPO). For the 14B model, GRPO alone underperforms the baseline
(0.3377 vs. 0.3475), while SFT followed by GRPO achieves a substantial gain (0.4196, +20.75%).
A similar trend is observed in the 32B model: GRPO alone yields modest improvement (0.3683,
+3.22%), whereas SFT+GRPO achieves the best performance (0.4071, +14.13%). These results
highlight that the SFT stage provides essential initialization, enabling GRPO to realize its full benefit.
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Table 2: Performance Comparison of LLMs on BizFinBench (Lu et al.| [2025]). The colors represent
the top three performers for each task: golden indicates the top-performing model, |silver represents

the second-best result, and - denotes the third-best performance.

Model AEA FNC FTR FTU FQA FDD ER SP FNER  Average
Closed-Source LLMs

ChatGPT-03 861230 6130 751360 89.15 91.25 4448 5327 6513 | 73.86
ChatGPT-04-mini (185620 60.10 7123 7440 9573 47.67 5232  64.24
71.80

GPT-40 79.42 56.51 76.20 8237 87.79 98.84 4533 54.33

Gemini-2.0-Flash 86.94 62.67 82.55 [ 90.29 98.62  22.17 56.14 54.43 69.75

Claude-3.5-Sonnet 84.68 -% 88.05 87.35 96.85 16.67 47.60 63.09 65.59

Open-Weight LLMs

Qwen3-14B 84.20 58.20 65.80 82.19 84.12 9291 33.00 52.31 50.70 67.05

Qwen3-32B 83.80 59.60 64.60 85.12 8543 9537 39.00 52.26 49.19 68.26

DeepSeek_R1_14B_Instruct ' 71.33 44.35 5045 8196 8552 9281 39.50 50.20 52.76 59.49

DeepSeek_R1_32B_Instruct ! 73.68 51.20 50.86 8327 87.54 97.81 4150 53.92 56.80 66.29

Our LLMs

DeepSeek_R1_14B_SFT 2 80.63 51.67 52.61 83.53 89.05 96.72 36.68 50.43 50.85 65.36
14B Apnstruct (SFT) +9.25 +7.28 +2.19  +1.53 +3.42 +3.85 -293 +0.24 -1.92 +5.83

DeepSeek_R1_14B_SFT_GRPO?  81.46 52.41 53.47 83.57 89.02 9558 36.83 54.06 51.24 66.92
14B Apgiruct (SFT_GRPO) +10.03 +8.09  +291 +1.64 +345 +2.63 -2.74 +3.82 -1.53 +7.46
14B Agger(SFT_GRPO) +0.82 +0.85 +0.81 +0.06 0.00 -1.23 +0.25 +3.63 +0.42 +1.53

DeepSeek_R1_32B_SFT 80.45 66.42 63.28 [I86I88N 88.43 93.76 [[46.0555:27 68.41 70.08
32B Apnstruct (SFT) +6.75 +15.23 +12.37 +3.64 +0.83 -4.14 +4.52 +1.25 +11.63 +3.75

DeepSeek_R1_32B_SFT_GRPO 80.67 66.83 6445 8679 8852 91.26 [J45I68NNS4I83N 6775 70.44
32B Apstruct (SFT_GRPO) +6.95 +15.62 +13.57 +3.55 +093 -6.64 +4.13 +0.85 +10.93 +4.12
32B Asgr(SFT_GRPO) +0.23 +0.42  +1.23 -0.06 +0.13 -2.53 -042 -043 -0.72 +0.33

t Closed-source LLMs results are sourced from [Lu et al.|(2025). Open-weight LLMs results are reproduced using temperature 0.6.

! DeepSeek_R1_14B_Instruct (32B) here is the short of DeepSeek-R 1-Distill-Qwen-14B (32B) in the original paper (DeepSeek-Al
et al.|[2025).

2 DeepSeek_R1_14B_SFT and DeepSeek_R1_14B_SFT_GRPO are DeepSeek_R1_14B_Instruct model after RETuning SFT stage
and after RETuning SFT + GRPO stages, respectively.

Does the enhanced predictive ability contribute to other financial tasks? Yes. On the financial
benchmark BizFinBench (Lu et al.,[2025)) (Table Q), RETuning generalizes beyond SMP: for 14B, the
average score improves from 59.49 (Instruct) to 65.36 (SFT, +-5.83) and 66.92 (SFT+GRPO, +7.46);
for 32B, it improves from 66.29 to 70.08 (43.75) and 70.44 (+4.12). The 32B models reach top-3
results on several tasks (e.g., FNC, FTU, ER, SP, FNER), while minor regressions appear on highly
saturated dimensions (e.g., FDD after RL: —1.23 for 14B, —2.53 for 32B). Overall, RETuning yields
broad, transferable gains with small trade-offs on a few tasks.

What insights does model learn to predict stock movement? Through analyzing the model’s
responses detailed in Appendix [E.2] we find that the model learns to: 1. Identifying key evidences
that influence daily fluctuations in stock prices from multiple information sources. 2. Trending to
correctly evaluate the short-term impact of gathered evidences, which benefits from the trade-off
ability induced by adversarial scoring. 3. Gradually improving the consistency between the predicted
fluctuation and the movement label during reinforcement learning, which we named "vibe prediction".

6 CONCLUSION

In this work, we explored the underexamined problem of applying large language models (LLMs)
to stock movement prediction. Our analysis revealed that vanilla LLMs tend to rely on contextual
viewpoints rather than developing independent analytical reasoning, which limits their predictive relia-
bility. To address this challenge, we introduced RETuning, a reflective evidence-based tuning method
that encourages models to construct analytical frameworks, weigh adversarial evidence, and refine
predictions through reflection. Experiments on our newly constructed large-scale financial dataset
demonstrate that RETuning substantially improves predictive performance over strong baselines,
enabling more systematic reasoning in the financial domain. Moreover, RETuning generalizes beyond
stock movement prediction, yielding gains across diverse financial tasks, and exhibits robustness
under inference-time scaling and out-of-distribution settings. Overall, this study highlights the impor-
tance of evidence-oriented reasoning in financial LLMs and establishes RETuning as a promising
direction for enhancing their reliability and applicability in real-world financial decision-making.
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ETHICS STATEMENT

To address potential ethical considerations related to our research on large language models (LLMs)
for stock movement prediction, we provide the following statement:

First, regarding data ethics: Our large-scale dataset (spanning 2024 for 5,123 A-share stocks)
is constructed exclusively from publicly available sources, including market price data, publicly
disclosed news, analysts’ public opinions, company fundamental reports, official macroeconomic
indicators, and publicly accessible information on peer stocks. We strictly comply with China’s Data
Security Law, Securities Law, and relevant financial regulatory requirements, ensuring no collection
or use of private, sensitive personal data, or non-public material information that could violate market
fairness.

Second, on potential harm and application boundaries: This research is conducted for academic
purposes only to advance LLM reasoning capabilities in financial tasks. We explicitly emphasize
that our model (RETuning) and findings do not constitute financial advice, nor do they endorse or
promote real-world investment decisions. Stock market prediction inherently carries high uncertainty,
and any practical application of such models for trading could lead to financial risks; we disclaim
responsibility for any losses arising from non-academic use of our work.

Third, on bias and fairness: While we designed RETuning to enhance independent logical reasoning
(reducing undue reliance on contextual viewpoints) and constructed a diverse dataset to cover a broad
range of A-share stocks, we acknowledge potential residual biases (e.g., sector-specific skews in
training data or sensitivity to market cycles). Future work will further validate and mitigate such
biases to improve the model’s fairness across different market scenarios.

Finally, regarding research integrity: Our study involves no human subjects, so institutional review
board (IRB) approval is not applicable. We commit to transparency in dataset construction details
and methodology implementation (as detailed in the full paper) to enable reproducibility. We adhere
to rigorous academic standards to avoid misrepresentation of results or misuse of technical insights.

REPRODUCIBILITY STATEMENT

We make every effort to ensure that the experiments in this paper are reproducible. Specifically,
anonymized source code (training and evaluation scripts), model checkpoints, and processed dataset
splits will be released as supplementary material and at the repositories indicated in the Appendixﬂ
The Appendix contains detailed descriptions of data collection and preprocessing (Appendix [C)), the
prompt templates and example inputs/outputs (Figures|17H27), and the exact training and evaluation
settings including compute and hardware details (Appendix [B] Tables 3] and d). Evaluation splits
used for OOD and long-horizon tests (e.g., Fin-2024[December], Fin-2025[ June]) and the scripts to
compute all reported metrics will also be provided. Where full raw data cannot be released due to
third-party licensing or privacy constraints, we describe the access procedure and provide processed,
reproducible derivatives in the supplementary materials.

BROADER IMPACT

This work investigates the use of large language models (LLMs) for stock movement prediction, a
domain with potentially high economic and societal implications. Our proposed method, RETuning,
demonstrates how reflective evidence organization can enhance independent reasoning in financial
tasks. On the positive side, this research contributes to the broader effort of making LLMs more
reliable in high-stakes applications by encouraging systematic analysis rather than context-driven
imitation. Such improvements may benefit both academic research in reasoning and practical
applications in financial decision-support systems.

At the same time, we emphasize that financial forecasting is inherently uncertain and subject to
market volatility, regulatory constraints, and ethical considerations. Automated prediction systems, if
misused, could amplify risks, encourage speculative behavior, or contribute to unfair advantages for

1https ://anonymous.4open.science/r/RETuning, https://anonymous.4open.
science/r/RETuning, https://anonymous.4open.science/r/RETuning
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certain market participants. Our dataset and methods are designed for research purposes only, and we
strongly discourage their direct use for live trading or investment without rigorous safeguards, human
oversight, and compliance with financial regulations.

More broadly, this work highlights both the opportunities and limitations of applying LLMs in sensi-
tive domains. We hope that our findings spur further research into building transparent, evidence-based
reasoning frameworks that improve model reliability while also ensuring responsible deployment in
practice.

LIMITATIONS

Domain specificity. Our study focuses on the Chinese A-share market in 2024, which provides a
rich testbed but may limit the generalizability of findings to other markets, such as U.S. equities or
emerging markets with different structures, liquidity, and regulatory conditions.

Data coverage. Although our dataset integrates multiple information sources (prices, news, an-
alyst opinions, fundamentals, and macroeconomic indicators), it remains incomplete. Certain
high-frequency signals (e.g., intraday order flow, alternative data, or global macro shocks) are
not incorporated, potentially constraining predictive accuracy.

Model assumptions. RETuning assumes that LL.Ms can benefit from explicitly structuring and
reflecting on evidence. While this holds in our experiments, the approach may be less effective in
domains like healthcare or cryptocurrency, where reliable evidence is scarce, noisy, or difficult to
formalize.

Evaluation scope. Our evaluation mainly relies on F1 scores for three-class stock movement
prediction and selected benchmarks (e.g., BizFinBench (Lu et al., 2025))). Broader metrics, such
as profitability in trading simulations or risk-adjusted returns, are not considered. It takes time to
validate real-world trading performance, which is beyond the scope of this paper.

Computation and scalability. Both training (SFT + GRPO) and inference-time scaling are com-
putationally expensive. This may limit accessibility for smaller institutions or researchers without
large-scale compute resources, raising questions about cost-efficiency in real-world deployment.

FUTURE WORK

Extending to other markets. Future research could examine the effectiveness of RETuning across
diverse markets such as U.S. equities, European exchanges, and emerging markets. This would
validate whether the approach generalizes under different regulatory regimes, liquidity conditions,
and investor behaviors.

Incorporating richer data sources. Enhancing the dataset with high-frequency trading signals,
alternative data (e.g., satellite imagery, ESG reports), and global macroeconomic factors could provide
a more comprehensive information environment and further strengthen predictive power.

Advancing reasoning frameworks. While RETuning encourages evidence-based reasoning, future
work may integrate causal inference, probabilistic reasoning, or game-theoretic perspectives to
capture deeper structures behind stock movements and reduce susceptibility to spurious correlations.

Evaluation beyond prediction accuracy. A natural next step is to link model predictions with
financial outcomes, such as profitability, portfolio optimization, and risk-adjusted returns. This would
bridge the gap between benchmark metrics and real-world decision-making.

Efficiency and accessibility. Research on lightweight RETuning variants, parameter-efficient fine-
tuning, and inference-time acceleration could reduce computational costs, making the method more
accessible to practitioners and researchers with limited resources.
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Appendix

A THE USAGE OF LARGE LANGUAGE MODELS (LLMS)

This section details the specific role of Large Language Models (LLMs) in this paper.

We employ LLMs GPT-5 (developed by OpenAl) and Doubao (developed by ByteDance) to enhance
the clarity, coherence, and overall quality of our manuscript. The LLM assistance primarily focus on
language polishing (refining structure, terminology consistency, grammar) and formatting adjustments,
ensuring that the paper meets high standards of academic writing. No other LLMs were used for
research ideation or image generation.

All reviewed/approved by authors. All authors bear full responsibility for the final paper. All
content (including LLM-generated/polished text) was verified: factual claims cross-checked against
datasets/literature, and the manuscript screened to avoid unintended plagiarism.

B IMPLEMENTATION DETAILS

B.1 OPEN SOURCE, OPEN WEIGHTS, AND OPEN DATA

The source code is available at GitHulﬂ The model weights are available at HuggingFaceﬂ The
training and evaluation datasets are available at HuggingFaC

B.2 MODEL TRAINING

The models are trained on up to 4*8 H100 GPUs. Rollout n is set to 8. The training epochs are set

to 3 for SFT and 1 for RL. The details of the data synthesis workflow for building SFT dataset are

shown in Appendix With the help of the SFT model to determine the prediction difficulty, we

further apply GRPO [Shao et al.|(2024)) with curriculum learning and reward shaping. The objective is
[oi

G
Jarro(0) =Elg ~ P(Q), {o:}{2y ~ mold(0|q)]é Z ﬁ Z

{min {wgmdip (M el 6) Am] 8Dk WHMA} ’
ﬂ-eold(oivt‘q’ Oi,<t) ﬂ-eozd(oi»tMa Oi,<t)

r; —mean(r)
std(r)
q = (z,{y;}1,) with prompt = and n generations y.

&)

where advantage Ai,t = G is the group size, § is the coefficient of KL penalty, and

B.3 HYPERPARAMETERS

We report the detailed hyperparameters for Supervised Fine-Tuning (SFT) in Table [3|and for GRPO
in Table ] We use up to 4*8 H100 80GB GPUs for experiments.

B.4 TRAINING FRAMEWORKS

We use Xtuner |Contributors| (2023)) to SFT with DeepSpeed Rasley et al.| (2020) to accelerate training
and ZeRO-3 to reduce memory usage, and verl|Sheng et al.|(2025) to implement GRPO.

C DATASET DETAILS

C.1 FIN-2024 AND FIN-2025

We consider studying the stock movement prediction task based on data from the Chinese A-share
market. Naturally, the collected data are in Chinese, and consequently, the associated prompts and

Zhttps://anonymous.4open.science/r/RETuning
*https://anonymous.4open.science/r/RETuning
*https://anonymous.4open.science/r/RETuning
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Table 3: The training hyperparameters for Supervised Fine-Tuning (SFT). 32B, 14B, and 7B denote
models based on DeepSeek-R1-Distill-Qwen with 32B, 14B, and 7B parameters respectively.

Hyperparameter Category 32B 14B 7B
1. Data Configuration

Train Micro-Batch Size per GPU 1 1 1
Gradient Accumulation Steps 128 128 128
Total Effective Batch Size 1024 1024 1024

(1x128x8) (1x128x8) (1x128x38)
Pack Sequences to Max Length False False False
Data Shuffling Before Packing True True True

2. Model & LoRA Configuration
LLM Torch Dtype torch.floatl6  torch.floatl6 torch.floatl6
LoRA Rank (r) 32 32 32
LoRA Alpha (@) 64 64 64
LoRA Dropout 0.1 0.1 0.1
LoRA Bias Type none none none
LoRA Task Type CAUSAL_LM CAUSAL_LM CAUSAL_LM
Variable-Length Attention False False False
3. Optimizer & LR Scheduler
Optimizer Type torch.optim.AdamW
Learning Rate (LR) 2 x 1074 2 x 1074 2 x 1074
AdamW Betas (81, [2) (0.9,0.999)  (0.9,0.999) (0.9, 0.999)
Weight Decay 0 0 0
Gradient Clipping Max Norm 1 1 1
LR Scheduler Type Linear Warmup + Cosine Annealing
Warmup Ratio (Warmup Epochs / Total Epochs) 0.03 (0.09/3) 0.03 (0.09/3)  0.03 (0.09/3)
Warmup Start Factor 1x107° 1x107° 1x107°
Cosine Annealing Final LR (1,,,55,) 0.0 0.0 0.0
4. Training Strategy & Distributed Config
Training Strategy Type DeepSpeedStrategy
DeepSpeed Zero Optimization Stage 3 3 3
BF16 Precision Enabled True True True
FP16 Precision Enabled False False False
Sequence Parallel Size 8 8 8
Sampler Shuffling True True True
6. Environment & Misc Config

Launcher Type pytorch
Distributed Backend nccl nccl nccl
Multiprocessing Start Method fork fork fork
Deterministic Training False False False
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Table 4: The training hyperparameters for GRPO. 32B SFT, 14B SFT, and 7B SFT denote models
based on DeepSeek R1 with 32B, 14B, and 7B parameters after SFT stage respectively.

Base Model 32B SFT 14B SFT 7B SFT
1. Data Configuration
Training Batch Size 256 256 256
Validation Batch Size 256 256 256
Max Prompt Length 32768 32768 32768
Max Response Length 4096 4096 4096
Data Shuffling True True True
2. Algorithm Configuration
Advantage Estimator GRPO GRPO GRPO
Gamma (y, Discount Factor) 1.0 1.0 1.0
Lambda (A, Advantage Smoothing) 1.0 1.0 1.0
KL Coefficient 0.001 0.001 0.001
Target KL Divergence 0.1 0.1 0.1
Normalize Advantage by Std True True True
3. Actor & Ref Configuration
Learning Rate 3x 1077 3x 1077 3x 1077
Weight Decay 0.01 0.01 0.01
Clip Ratio 0.2 0.2 0.2
Entropy Coefficient 0.0 0.0 0.0
PPO Epochs 1 1 1
Log Prob Micro Batch Size 8 4 4
Tensor Parallel Size 4 4 4
4. Rollout Configuration
Rollout Count (n) 8 8 8
Rollout Mode sync sync sync
Engine Name vllm vllm vllm
Data Type (dtype) bfloat16 bfloat16 bfloat16
Temperature 0.6 0.6 0.6
Max Num Batched Tokens 36864 36864 36864
Tensor Parallel Size 4 4 4
Enable Chunked Prefill True True True
5. Trainer Configuration
Number of Nodes 4 2 1
GPUs per Node 8 8 8
Total Epochs 1 1 1
Checkpoint Save Frequency (steps) 10 10 10
Validation Frequency (steps) 10 10 10
Validate Before Training True True True

22



Under review as a conference paper at ICLR 2026

synthetic data are also in Chinese. This consistency within a single language allows LLMs to achieve
better understanding and more coherent reasoning over the data. Thus, the language model can fully
leverage its pre-trained knowledge in Chinese to analyze the stock market. Therefore, in this paper,
we choose Qwen Bai et al.| (2023)) and DeepSeek |DeepSeek-Al et al.| (2025)) as the backbone models,
both of which are strong Chinese LLMs. We apologize for any inconvenience the language gap may
cause to readers who are not native Chinese speakers, and we hope that this gap will not hinder the
understanding of our work.

The reason why we decide to construct a new dataset to study the stock movement prediction task is
twofold. First, existing datasets (StockNet Xu & Cohen|(2018)), CMIN-US |[Luo et al.|(2023)), CMIN-
CN |[Luo et al.| (2023)), EDT [Zhou et al.| (2021))) are outdated and do not reflect the current market
conditions. Financial markets are dynamic and constantly evolving, with new trends, regulations, and
events shaping the landscape. Using outdated datasets may lead to models that are not well-suited
for current market scenarios. Second, existing datasets lack diversity in data sources. Relying solely
on price and news data may not capture the full complexity of stock movements. Incorporating
additional data sources such as analyst reports, macroeconomic indicators, and quantitative reports
can provide a more comprehensive view of the market and improve prediction accuracy. Rich enough
data sources are crucial for reliable forecasting in the high—signal-noise ratio of financial markets.

Then, we build a new dataset Fin-2024 covering January to December 2024, with a test split set
Fin-2024[December] and an additional long-horizon evaluation set Fin-2025[June]. We collect
data from multiple sources, including stock prices, financial news, analyst reports, macroeconomic
indicators, and quantitative reports. We process the raw data into a structured format suitable for
LLMs, including entity recognition, sentiment analysis, event extraction, and traditional time-series
analysis (for generating quantitative reports). The dataset contains 209,063 data points across 5,123
A-share stocks from various sectors. Each data point includes a timestamp, stock identifier, historical
prices (open, close, high, low, volume), relevant news articles, analyst reports, macroeconomic
indicators, quantitative reports, and the corresponding stock movement label (up/down/hold), which
is based on the change_pct between the open price of the next trading day and the close price of the
current trading day.

In order to ensure data quality, we apply several filtering steps. We remove data points with missing
or incomplete information, filter out stocks with low trading volume or insufficient historical data,
and balance the label distribution in the dataset to avoid bias towards any particular class. The data
processing pipeline is shown in Figure [I5] and the prompt length distribution is shown in Figure[I6]

The final dataset is split into training (90%) and out-of-distribution (OOD) (10%) sets. The training
set is used for model fine-tuning and reinforcement learning, and the OOD set for final evaluation.
The long-horizon evaluation set Fin-2025[June] contains data from June 2025 to assess model
performance in a future market scenario. Please refer to Figure [I3]for detailed numbers and splits.

We present an example of the prompt template in Figure which consists of multiple parts: stock
news (Figure[I8]and Figure[T9), stock price information of the current stock and top-3 similar stocks
(Figure [20), macroeconomic indicators report (Figure [21]), stock fundamentals report (Figure [22]
and Figure 23), stock basic information (Figure [24)), stock quantitative reports (Figure 25), model
response (Figure [26), and model response grading (Figure [27).

C.2 FIN-2024-SFT

The dataset Fin-2024-SFT contains 188 cold-start items and 10K general reasoning sam-
ples.  Firstly, we selected 10K items from https://huggingface.co/datasets/
GeneralReasoning/GeneralThought-323K, which aims to avoid catastrophic forget-
ting [Kirkpatrick et al| (2017) and even strengthen reasoning ability when fine-tuning the model.
These data points are related to math, code, common sense, chatting, role play, writing, etc. However,
they are not allowed to be related to finance to avoid bias, so that we can determine the model’s
performance in a more controlled setting.

Then, the samples for cold-starting are constructed using a workflow with DeepSeek-R1 (671B) as the
backbone model and the polish prompt (Figure [28)) to generate high-quality, diverse training samples
that follow the proposed thinking schema presented in Section [d.1] These synthesized samples
are further filtered by a reward function, which checks format, validates prediction (<score>,
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Figure 15: Data processing pipeline showing total 209063 points split into train/test, filtered via
multiple steps (lack info, label balance, curriculum learning), and categorized for SFT, RL, OOD

evaluations.
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Figure 16: Prompt length distribution across the dataset, illustrating the varying lengths of input

prompts used for training and evaluation.
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1296
19T R R A LR TROEEITS, HTNT— % BT NEN T 68155 B KRN0k
1298 18, BEALKNKSRER, BEEMSTREREBIRE, ABORPRERASE,
1299 BEIZ—TMMRESRMIUINEIRMELR, FESHRNTHINE, SH— 1 SENT.
1300 HEEER: PRI MNESHBOXREE BEACHRS: PRESHITER;
1301 NTBREHPBEERS, BEEUTE4ER:
1302 1. IEBBATESMIRZIME, MEER. M. STRE, TEXRERZNSHHEEARR
2. BEAEFUNREENE, XFTHRAE. BX. BXRE, FRENENFENDHAERE
1303 3. BEMRENTIHPRSESMAENES, TENEREENEETRR, RS EDLRE
1304 4. MENSHED ARSI
5. AN AEEEDITEHERFR
1305 6. FHARIEXL(ER, WK, BIHITHE, B—XBENE—FIHEH#HITIED, 105
1306 7. #ATERIRMLG, TIHEDN, RRHE, REIRISE, WXUHEH#HITRE, BRRRBEMREEERTRBIENER.
1207 8. ZETIIRXLITS, LHEAZIFHE. W <score>[a, bl</score> RnXIFHIay, XIFHIIbY; aflbASERETE(O,
10]218)
1308 9. LA R AIRKERIE FUUAN 75 m Fn
1309 TR B 47
1310 1B 184 HF LKA T EXEIERIT Y, SEEELO, 10]Z/8), E7E <score>[a, bl</score> HFIBSRIVITS, BIXHEF
ki9ar, ZHEMAbY; aflbRySEEELO, 101218,
1311 2. FREKIETN: IREBIIN T —1 25 BAOFF SN T L4515 BB N KEIE, SSEE-1, 128, BHREISRE
1312 POfiI, 157 <pct_change>0.xxxx</pct_change> FIEBRIIESE,
1313 3. AEFN: B REEMMAT = MEHIEE—
- FRTNIASRERIB AT 3% (B&E £ik): <answersup</answer>
1314 - FRFMAEIRERIE/ NTF -3% (2F TiX): <answer>down</answer>
1315 - FRFMIEIBKEXIRTE —3% 1 3% Z[8 (F’%): <answer>hold</answer>
1316 WIBTFE, IHEITS . KRN, BRI 7E<think></think>, <score></score>, <pct_change></pct_change>H]
1317 <answer></answersti&H, Bll<think>th42bJo IR F2</think><score> b A RIEBITES </score><pct_change> Lt ab g 3K
191s BRIEFM</pct_change><answers b4 R & </answer>,,
1319 ELIERE
1320 Current Trading Date: {{ example.cur_trading_date }({{ get_weekday(example.cur_trading_date) }})
1321 Next Trading Date: {{ example.next_trading_date }}({{ get_weekday(example.next_trading_date) }})
Stock: {{ example.code }}
1322
1323 {/{/ region Eit{EE: ,
example.base_info
1324 // endregion
1325
1326 // region & 1FF {{ example.cur_trading_date }} B+ 9:00 ASFFEIE S
{{ example.news }}
1327 // endregion
e // region FAREEIE:
1329 {{ example.price }}
1330 // endregion
1331 // region Z=MIALE:
1332 {{ example.macro }}
1333 // endregion
1334 // region EAREHIE:
1335 { examplg.fundamental I
// endregion
1336
{% if example.olhcv_price %}
1337 // region f#&:
1338 {{ example.olhcv_price }}
// endregion
1339 {0/0 endif °/o}
1340
1341 {% if example.stock_news %}
// region #1t3 {{ example.next_trading_date }} _£4F 9:30 FEHFHEER:
1342 {% for item in stock_news %]}
1343 85 {{ loop.index0 }}
1344 {item J}
1345 {% endfor %}
// endregion
1346 {% endif %}
1347
1348
1349 Figure 17: The prompt template for stock movement prediction.
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1350
1351
Current Trading Date: 2025-05-30(2H83F)
1352 Next Trading Date: 2025-06-03(£H1=)
1353 Stock: 000555.SZ
1354 //region ELEE] 2025-06-03 4 9:30 FRMFHIEE:
1355 R/E: 0
1356 Title: [ASEE] SEAFME BEETELBTEEA, Content: <p> 5300, M ETHEL SR SHEERA
ER, BESL. BRBROSNKE, FSELFERK, BHRHL. MAREIRRSARIENREL10%, EEBRE, @
1357 MEE., KIARHE, C2BH. RSV, SREG. LS ZMSRRIE, </p><p>  <strong>FBHITRED LINE
1358 KiftR</strong></p><p>  HFEMESRNEHEINSIMPEERE,. 58210, FBEEATREIESET (BE
TMEAIER), NESBRICENRENRITANLIEIE, SENEURFENEEBNNEIESR, zRFER, &8
1359 BERRIEPREDRTANKIEHE, WA, SADBRRT2024E7 A AEE B2 ERABNERL BETNE S5
1360 E, FRBATEOAMES RTHEEST, </p><p>  BHEBTREEY, BETREPOMSBOND, BERBEET
AT KENTFRERRT A RSRENRIIL KER, BEDI RN SERERTEERDEONEREFE, o
1361 BFRIBIERS, ENRIEN, BEMZIAEERR, WERESSENRR, IhiHEEaEEHE—FT7,
1362 </p><p>  ESIEHIAN, BETRSENMECARTIDEEESONE, AHEBEXHHE, BEDNEKERR
. 1, ZRMATFRAER (MUSDTHA, BERENET), M—EXNRAANFERRSHILAKSE, BRRRS. </p>
<p>  <strong>tbASFMR 1A ETT</strong></p><p>  MWRIRBFHEHMZRIE, THSESEEE. HMEFE0
1364 BEZBRELM, ULSTHREOMBEDEARI LikEE, 58220, WETNE—ERRNAER, BISEIBE
. B&. </p><p>  2024F12B50, HETHNEEEKERERI0OFET, FESEREERAEBEOMRIAL
THREHS, MERWI0.0FET, B2, MEISHSNERBEETN, MEEHEARE, LISHNKEIBDLEERES
1366 BETT, </p><p> A HAIBHEINN QIFREDENNRTRT, £ T EEAMRER. </p><p>  <strong>FE
1367 BEMMAR: </strong></p><p>  RREL: HFETH, KRBITHABBERAREN LT IS RITRSON
FIRT, H5SEREMNESSE Y —NEMLIFRRHRAE, BRI ERABARRIEERTRSNBEDRITA.
1368 </p><p>  EEHF: EERTEE SRR AT A BEREEEER00%BRN, EEERS BRI A EREMESE
1369 B RMAME. </p><p>  BHER: BIET (58 FaRNERNSSRRRIaRAE, SEFETRED
£17, BRIATHENEE, BRREASKLRMAE. </p><p> FEREH: RADBRREANDENIRE ME,
1370 FREBFARTHHENEET (JD-HKD), BSNIREERAAMMMSSENA, </p><p>  <strong>ARBEMES
1371 BR: </strong></p><p> SBERL. BERM. ERAHE. MR, ETRG. BMNEE. RENE. L2BRG. TR
1372 &M, FIERH. RIEFH. </p><p> BEMERIR/ETIEICE RE</p>
1373 R
- Title: FMEBERR: HRAIER SRR FARRALIRELRES, Content: <p>  FPRAIGIN 5E31AFEINE, EH,
BREMEEENN BEEN2025 MESRISE FREAH . SMEEREESEKTAAENRTRT, AKERN SN
1375 BERNSRISNHERNEARDS ., DRSBMRHRORRIKE, —OREREARNES, (BESETI—HHaEE
1376 B. BELR., 5K, ALSEENSITRROBIEMERR, BRAEESRTUROES NNEREE, [RETUENSR
SRETERERS, MRRRERFINXENSE, </p><p> TR, EIARRSHNE, SEEERA KRR
1377 2 BAFHAZ2RE =HFEEE. SRNRNSRELAR, SE2TWASHENBERINREES. THRARNE
1378 B, URSHSNFERS, EBLREFEEAMSHEE, FREOALMBARINES, NESSNIERRARLEE, </p> <p>
WIEME, FUSBLSINE. SMASLHFARE. SRABREWES, BFEZSRIROZRE, BMEESFES
1379 WERHBRIIRE. MANEEERRH S R URNEREARS, ENTUENET UEmE " BaITan R SR
1380 B, ‘S FEAREETRE. HFEE. ABL SARARES, TR RURFETE. RWRTEREMAE, R
EEETANRWRATE MARRERHE, RE—LBRASRE, </p><p> W5, BMNEBSHEHOHMEEH
1381 AREREETAF R RAgGent A, HAFENBHHZHSRRSR; WNEE5S SETHRISRHIRABRES
1382 TRE; MEMNEEEL, SNEMVE— SRIEEER BT E MR EXEH. </p><p>  [EE, M
. MEBSER, BAE. MBS, PRESANECTEMUIRHRKNESTZTHMRRS: BMEESENERITILH S8
AREE BA R MMNEESBASSEEAMESRSEEERNN BNEERRTIEINE-SSBRORATE;
1384 FNE B R REMIATWE MAIGCAERSRAESER, </p>
1385 B
1386 Title: M AEN2025 BB SEISIEIEAR A, Content: <p>  HIFRHEIFAMA (IBF Ka2) 5H29H, HEME
1387 EENNMEEN2025- HBSMICE FTRRER. WENERED - BEAR HEH, BESHANE. 25520
5. SRASHESRELERERITARFZMR, </p><p>  ARLIEEELER200REIET, 300SAAAIEE
1388 WEREASS, RETEET. RERT. BEERT. LTHRT. FARESENMNAZAD SRS LERERZN, SRR
1389 X MR RS “ S RAE R R A Al R T RNHTI8” ZE R IIIE, </p> <p>  <strong>HEBREZHERS
R, BE2RNE—RUENRKER</strong></p><p>  HEEAAREENERRER. BESRDE— RN RKERTE
1390 HEPER, MARERBMNE, BNPRSBTESNETRTSMESEE, ERESRMSEHR=, N7 —
1391 ZIBSBIBRSEERE. BUAMAHRIRAENA. HASHRSER, EERPIUREER, BHSHEY. ZBRE
B SMGTREN, NERBFERBERINTBYH. </p><p> HABESHN. SHIEE—NHTEE
1392 ENBESHAR, SERERELSAR, MERTSRMEMSHRE, NESLSBRNHALUERRRIEHE S, BRK
1393 BHRS. MEBUENFROERE, RMSERMSENKE, RIFRARELMNHEEE, [RERSES LS, BF
- T AEERS SNBSS ER, BERTRFRRIPELHES, </p><p>  <strong>MMEBEEEEKT
KF</strong></p><p>  WMIEEBEESKTXAEHGFRT, AXERNIZNAERNSHITNHEROEA
1395 #EH, DMSBMRRNERIKE, —OCERERNES, RESRMTU—SSHNBILR. RERR, 5K, ATSME
1396 REIFARRNRBIERA, CRIBESUTWROSEHNERES, RETIEASRSRRMLRERS, RIRERE
RENAERIT S, BHARRSEHNA, SEEERAMIEES. BAFENR2RE =SEEE, </p> <p> o6
1397 NRNSHRELR, BESMIWESHANBERGNRDEES, SHEANER, URSHBOIERS, TEIRBFEEH
1398 SHEE, ARSTERAERNEDS, WESEHMERALE, “@NEEBEUASENZH, UARARNE, MUEUES
ZHE, HABSSMBTHELNFIES, HRTURRNFES. TXART. </p><p>  SEEH, #MEE5H
1399 ESRTERRR. TEEER. €N, BAS. MES. PREY. BSOS WMEEIMAREE, Fam snese
1400 W, BT EE. 2REFS2MZL. AGCERADERR, ABRSH K, SEARESE ZSHTILE
BEEERE. </p>
1401
1402
1403 Figure 18: Example. Part 1.1: Stock News.
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1404
1405 Be: 3
1406 Title: FMIEELTE S O BHBEEERS, Content: <p>  HIFRPEIFEMT (12% ki) FH, EHMNEE
1407 ENMMEEN2025- RESHICIE NE, FNSRTSITE. SRAERHEANE. SRHABRFEWAES, B2
BLDERS, BNEESFElESMEETRIIRR, </p><p>  E, BMEEERES S DU RS EELRE
1408 B, ERFUEMET BERE"EITENRURRSERE, G FTARESEe. HFRE. AFLE ZARARES,
1409 AHN DWEFEFE. CWRTEREMAEE, tURERETANPWRATE IARREISFS, 2H—ISRRS
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//region f&:

### 000555.SZ price infos
lindex|datelopenlhighllow|closelvolumelturnover_ratelpct_changellowerbandimiddleband|upperband|
| | | | | | | | | ] | |

[77|2025-04-30[10.6500[10.8200[10.5800[10.7000/13307055.0000[1.3688|0.0113/9.9833[10.7405[11.4977]
|782025-05-06/10.8800[11.2800[10.860011.2700/27991423.0000|2.87920.0533[10.0506/10.7195[11.3884]
[79]2025-05-07/11.4500[11.5200[11.0400[11.1300|125053400.0000|2.5770|-0.0124/10.0850[10.7055/11.3260|
|8012025-05-08[11.1000/11.3800/11.0900/11.3500|21417050.0000|2.2030|0.019810.1126[10.7595[11.4064|
[8112025-05-09]11.3500/11.5200[11.1600[11.2200[23180221.0000|2.3843|-0.0115[10.2202[10.8165/11.4128)
|82[2025-05-12[11.3200[11.4100[11.230011.3700[19581446.0000[2.0142/0.0134]10.2767/10.8700[11.46 33
|83/2025-05-13[11.490011.5400/11.180011.2300/18089400.0000/1.8607]-0.0123[10.3005[10.9010[11.5015)|
|842025-05-14/11.2000[11.4200/11.1100/11.3100[176 26 700.0000/1.8131/0.0071/10.3064/10.9285(11.5506]
[85[2025-05-15[11.2500[11.3100/10.960010.9900[16474300.0000/1.6946|-0.0283[10.3132/10.9350[11.5568|
[862025-05-16[10.9200[11.0700/10.8900/10.9500}10325300.00001.0621|-0.0036[10.3301/10.9455[11.56 09
|872025-05-19]11.0100/11.2200/10.850011.1100[16296246.0000[1.6 76 2|0.0146/10.3923[10.9760[11.5597|
|882025-05-20[11.1100[11.4200[11.0000[11.2400[18187500.0000[1.8708]0.0117/10.479511.0165[11.5535|
[892025-05-21[11.2400[11.2400[11.0400[11.1600/12196250.0000[1.2545|-0.0071/10.5595(11.048511.5375)|
|902025-05-22[11.0900[11.1800[10.9200[10.9200/13373250.0000[1.3756|-0.0215[10.5639|11.0505[11.5371|
|9112025-05-23[11.0200/11.5500/10.9600/11.0400|43082619.0000|4.43150.0110/10.5607/11.0455[11.5303)
|92/2025-05-26[10.9300/11.1800[10.9300/11.1000/23766 389.00002.4446|0.0054(10.5598|11.0430[11.5262|
|93/2025-05-27/11.1400/11.1500/10.9100/11.0700[16139100.0000/1.6601|-0.0027/10.5880/11.0570[11.5260]
|94/2025-05-28[11.0200[11.1200/10.9200[10.9600/14931917.0000[1.5359|-0.009910.5994/11.0620[11.5246)|
|952025-05-29[10.9600[12.0600[10.9200/12.0600[69115467.0000|7.1093(0.1004/10.5587/11.1380[11.7173)|
|962025-05-30[12.7900[12.8600/12.0100/12.0900[103139544.0000/10.6090/0.0025[10.5564(11.2135/11.8706|

#it#t 300079.SZ price infos (rank 1 similar to 000555.SZ)
lindex|datelopenlhighllow|closelvolumelturnover_ratelpct_changellowerbandimiddieband|upperband|
| | | | | | | | | | | |

(-~ | | | | | | | | | | |
[77|2025-04-30]5.2400[5.3400/5.2200|5.2600/38795267.0000|3.0274|0.0057|4.4328|5.0760/5.7192|
|78]2025-05-06(5.3200/5.4900[5.3100|5.4900/57199858.0000/4.4636|0.0437|4.4271/5.0805/5.7339)
[79]2025-05-07|5.5500]5.6000/5.3700/5.4300|58119984.0000/4.5354|-0.0109|4.4247|5.0830|5.7413]
|802025-05-08]5.4200/5.49005.390015.4700|39975485.0000/3.1195/0.0074/4.5629]5.1405|5.7181|
8112025-05-09]5.45005.4600/5.3100|5.3400|33286401.0000|2.5975|-0.02384.6617/5.1795/5.6973]
|82|2025-05-12/5.3800|5.41005.3400(5.4000|26762700.0000|2.0884/0.0112|4.7279]5.2125(5.6971|
[83/2025-05-13(5.48005.51005.3400|5.3600/28349215.0000]2.2122|-0.0074|4.77305.2365|5.7000|
[842025-05-14/5.33005.4300|5.3000(5.3900|30913111.0000|2.4123|0.0056/4.8200]5.2610/5.7020]
|852025-05-15(5.36005.3800|5.23005.2500|24995500.0000[1.9505|-0.0260]4.85265.2745(5.6964]
|86]12025-05-16]5.2400]5.2900|5.2000(5.2500[17641898.0000/1.3767|0.0000]4.886015.28755.6890]
|8712025-05-19]5.24005.3000/5.1700|5.2800[21042500.0000/1.6420|0.0057|4.9491|5.3070|5.6649|
|88]2025-05-20]5.2700|5.3800(5.2200]5.3800/25037225.0000[1.9538/0.0189/5.0248|5.3310/5.6372|
|89]2025-05-215.44005.5300/5.3400]5.3900/56088305.0000]4.3768|0.0019|5.09745.3525/5.6076|
|90/2025-05-22/5.3600|5.42005.2600/5.2600/35309931.0000|2.7554|-0.02415.1233|5.3595|5.5957]
|9112025-05-23]5.2400/5.4000/5.1600]5.1600|35569924.0000]2.7757|-0.0190|5.09955.3510/5.6025)|
|92[2025-05-26|5.14005.25005.1400|5.2400|23263219.0000[1.81530.01555.1486/5.3255(5.5024|
|93[2025-05-27/5.2700[5.2700/5.1700|5.2400[19213460.0000[1.4993|0.0000|5.1399]5.3180/5.4961
|942025-05-285.2500|5.28005.19005.2300[18887298.0000[1.4739]-0.0019|5.1319]5.3140|5.4961|
|952025-05-29|5.2300|5.4900|5.2100[5.4900/60926160.0000|4.7544|0.0497|5.1339(5.3270|5.5201
|96]2025-05-3015.4500/5.5300|5.3400|5.3800|38312377.0000[2.9897|-0.02005.1455|5.3345|5.5235|

it 300479.SZ price infos (rank 2 similar to 000555.SZ)
1inde‘x\daiﬁlopenllhigh\Ilow\cI?selvollumelt‘umcv‘er_ra}e\pctl_chanlgellonerbandImiddlebandlupperband\

[=—-1 | | | | | | | | | | |
[77|2025-04-30/19.3100[19.850019.1000/19.6600/6985000.0000|3.5470[0.029917.6005[19.3575/21.1145|
|782025-05-06[19.9900/20.2500/19.8100|20.1400|7816845.00003.9694/0.0244[17.6925[19.3115/20.9305|
[7912025-05-07|20.4000/20.5500[19.9300/20.1500|7743299.0000/3.9320/0.0005(17.7607/19.2780|20.7953)
|80|2025-05-08]19.9800|20.4800/19.9800/20.4500|6243600.0000|3.1705|0.0149]18.2142/19.4455|20.6768|
|81/2025-05-09|20.3500|20.3600/19.9200/19.9600|5139300.0000|2.6097|-0.0240[18.6053(19.5585/20.5117|
[82|2025-05-12|20.1500/20.3700/20.0400/20.3300|4720400.00002.3970|0.0185(18.7457[19.6455[20.5453|
|83|2025-05-13]20.6600|20.6700[19.900019.9500/5478600.0000|2.7820|-0.0187/18.8154[19.6880|20.56 06|
|84|2025-05-14[19.9600/20.3300/19.7000/20.1600/6406300.00003.2531/0.0105/18.8529/19.7305/20.6081|
|85|2025-05-15/20.3300|20.350019.350019.3800|6546000.00003.3241|-0.0387(18.8361/19.7230/20.6099)
|86]2025-05-16[19.3800[19.580019.1300/19.4000|4054599.0000|2.0589|0.0010[18.8337/19.7220[20.6103|
|8712025-05-19}19.4000/19.700019.1200[19.6500|4040400.0000|2.0517/0.0129/18.8463[19.7295|20.6127|
|88]2025-05-20119.5900/19.9800[19.3500[19.9100|4695700.0000|2.3845(0.0132/18.8979|19.7605(20.6 231
[89|2025-05-21[19.8100/20.520019.4500[20.0100[11138149.00005.6559|0.005018.9740[19.8015[20.6290|
[90|2025-05-22/19.9500|20.430019.6300|20.3600[11830800.0000|6.0077/0.0175[18.9654/19.8280|20.6906|
[9112025-05-23]20.2400|20.2600/19.3000/19.3600[11955500.0000]6.0710|-0.0491[18.9142[19.7975|20.6808|
[92|2025-05-26(19.5900/20.4800/19.4500[19.6200/9397557.00004.7721|0.0134/18.8996/19.7715|20.6434|
|93]2025-05-27[19.4500[19.6800[19.1300/19.2000|7293700.0000|3.7037|-0.0214/18.8587/19.7575|20.656 3|
|94|2025-05-28]19.2500[19.6200[19.0400[19.1900/6843854.0000|3.4753|-0.0005[18.805819.7365[20.66 72|
|95/2025-05-29[19.2500|20.3800/19.1100/20.3400(13791300.0000|7.0032/0.0599/18.9650|19.8155/20.6660|
|96/2025-05-30]20.2100|20.5800/19.9600|20.0900[10359145.0000/5.2604/-0.0123[19.0761/19.8655|20.6549|

1t 300541.8Z price infos (rank 3 similar to 000555.52)
lindex|datelopen|highllow|closelvolumelturnover_ratelpct_changellowerband|middieband|upperband|

[7712025-04-30/13.1000/13.6000/12.9700[13.4000/48074617.0000/12.43590.0276[10.7158/12.1235[13.5312|
|78]2025-05-06[13.6900]14.2600[13.5300[14.2400(64478106.0000/16.6792|0.0627[10.5460[12.1800/13.8140|
[79]2025-05-0714.3000[14.3800[13.6500[13.8700[57774792.0000[14.9452|-0.0260[10.4577/12.2340[14.0103]
|8012025-05-08[13.8100[14.0200/13.7900/13.8600|34989228.0000/9.0510|-0.0007/10.673312.4010/14.1287|
|8112025-05-09]13.8000[14.2500/13.680013.7800/40699099.0000/10.5280|-0.0058/10.8431/12.5410[14.2389|
|82]2025-05-12/13.9500[14.1000[13.7400[14.0200|30871359.00007.9858|0.0174110.9308[12.6690/14.4072)|
|83/2025-05-13[14.1300/14.2800[13.8200/13.8500|27313896.0000|7.0655|-0.0121/10.9834112.76 30[14.5426|
|84/2025-05-14/14.0000[14.2800/13.8700/14.2600/140205397.000010.4003|0.0296|11.0265[12.8785(14.7305|
|85[2025-05-15[14.0800[14.1100/13.5800[13.6800|32079108.0000(8.2982|-0.0407]11.1103[12.9575[14.8047|
|86[2025-05-16[13.6000[13.8200/13.4900(13.6900/18074531.0000/4.6755/0.0007/11.2250/13.0425(14.8600)
|87]2025-05-19[13.6500[13.8200[13.5500/13.7400[15513988.00004.0132|0.003711.4001/13.1415[14.8829)
|882025-05-20[13.6600/13.7500/13.4100/13.6200[19220998.0000/4.9721|-0.008711.6418[13.2425(14.8432]
|89]2025-05-21[13.7000[14.1300/13.5500(13.8800|35338270.0000/9.1413]0.0191/11.8765[13.3480[14.8195|
|9012025-05-22[13.7100[13.8700[13.4300[13.4700|25255268.0000/6.5330|-0.0295[12.0608[13.4165[14.7722)
|9112025-05-23[13.4000[13.5200/12.930012.9300/26857256.0000|6.9474|-0.0401/12.1381113.4405[14.7429)
|92]2025-05-26[12.9900[13.2500[12.9500[13.2400(15712590.0000|4.0645|0.0240[12.2439[13.4775[14.7111|
|93[2025-05-27/13.2000[13.2800[13.0600(13.160011762310.0000/3.0427]-0.0060[12.4804[13.5340[14.5876)|
|942025-05-28[13.2200/13.3900[13.0600/13.1700[16441706.0000/4.2531/0.0008/12.8171/13.5960[14.3749|
|952025-05-29[13.1700[14.2600[13.1300[14.2600|62903024.0000[16.2717/0.0828|12.8750/13.658014.4410|
|962025-05-30[13.8100[14.0300/13.7100[13.8600/40900299.000010.5801|-0.028112.9654/13.6990[14.4326)|
// endregion

Figure 20: Example. Part 2: Stock Price Info of Current Stock and Top-3 Similar Stocks.
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1565 Figure 21: Example. Part 3: Macroeconomic Indicators Report.
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Figure 23: Example. Part 4.2: Stock Fundamentals Report.
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1798 RE, BT REERANN, EAHHSTE,
ree 4. SR B e
1800 - FEARAEENRESASTNER, HUFSTFERIRIE L KaEE,
1801 - HMERERT (BERETER) SEAFEAE (SH. BSH) HNFE.
a0 _ SSTIBMEBE (11300079.5Z. 300479.57) AIEAIIREBEAIESIER.
1803 5. AT RB B SRR E B
— ***U%%**:
1804 _BAE: SABNFAREEERE, MACDS XIERS L5,
1805 - BER BRRED AR R T ETIRREGER, AN ERENESRZL S,
1806 - B EESRABASBMAEEIEERE, 5%h%ELAERRISEREL,
CBHERENN: BMARIRRHE0%I, SR ASTRAR.
1807 — |2
1808 - BAEESR: 2024E 54, NEhn, SERNRATHAGEEESN.,
~ REDMEE S EEKGER T AR KRR E, AR EE D 2,
1809 ~ RAREMS: 12.00THFEIGI2 10T ERXOEH, BNEBMEETSEMA,
1810 6. FHEEIT A+
1811 N % = ik
1812 1. RRAEBNES (99): REBEREERKE, MACDS XHIABE,
2. BUERIIFEN (8%): BBREMERISAIRIEE, ATETHIRLK.
1813 3. BHISENE (85): —KESATASHRE, FREAESLSE,
1814 4. BEBAN (79): BARBERBHESAL TRSHAED.
- RS E R
1815 1. EXEEDS (79): SHRENSRANAHLGEESE, TZSEANLER.
1816 2 RAEEN (69): EEKGEER T4 RIRRE SHE,
. 3. HRAREES (69): 1210TXOBERESN, BEEESTASETHESI KK TE,
4. BSREURA (5%): MENEHS, TLTEDERE.
1818
1510 7. BRI S HE
- MBBERITE AR, ASBAEISETEIE, BN TTEERII2.107ME %L,
1820 - EHHNSRUEEEDIE, TAEEIRAMERZEN.80TTHIE.
1821 - ZEINEMEEE (300079.57) FERIATIRR FAKIBIETS%, HRIRBLENNRL AT AERA AR I .
1822 8. **E AT T E*:
1823 - ERkF95: (9+8+8+7)/4=8.0
- THFHS: (7+6+6+5)/4=6.0
1824
1825 9. R ERFT**:
. EREATEESHIRE, BRATENESSHENTVRLRE, BRESNAFREN, ZEIEFREEETEAR
=, MtE—FRBEENE, HEs%ES, HENEE L,
1827
1828 </think>
1829
1830 <score>[8.0, 6.0]</score>
<pct_change>0.0300</pct_change>
1831 <answer>up</answer>
1832
1833
1834
1835 Figure 26: Example. Part 7: Model Response.
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[Ground Truth] Using provided label: up
[Ground Truth] Final change_pct: 0.0355665839536807, Status: up

[Format Validation]
Format validation: PASS
Format score: 1

[Content Validation]
Expected: up
Predicted: up
Content validation: FULL MATCH
Content validation: UP BONUS
Content validation: change_pct GOLDEN MATCH <- [0.03-0.0355665839536807| < 0.01
Content validation: change_pct and answer FULL MATCH

Final Score

Format: 1
Answer: 4
Total: 6

Figure 27: Example. Part 8: Model Response Grading.

<change_pct>, <answer>) against the ground truth, and ensures adherence to the desired output
style. At this stage, 300 samples passed the validation. From these, we cherry-picked 188 samples
in total, which required approximately six hours of expert annotation (around 100 USD) for final

curation.

Notably, the financial data we collected spans the entire year of 2024 and June 2025. Among these,
the data from January to November 2024 were used for training. From this subset of training, we
extracted 300 instances (100 labeled as up, 100 as hold, and 100 as down) to construct the cold-start
dataset for synthesis.

RETuning guides the model through a multistep process:

1.

Understand the Task. The model first internalizes the task—predicting the direction of
price movement from the previous close to the next open, with a +3% threshold—improving
alignment and reducing hallucination.

. Establish Analytical Principles. It constructs a dynamic analytical framework (e.g., funda-

mentals, news trends, macro signals), independent of analyst commentary.

. Extract Evidence. The model collects multiple context-based signals and assesses their

support for each directional hypothesis.

. Group and Score. Extracted evidence is grouped and scored by directional leaning, forming

a soft-evidence pool.

. Reflect and Reconcile. Averaging directional scores, the model enters a reflection phase to

resolve conflicting evidence.

. Produce Structured Output. The model generates a final decision in a consistent, inter-

pretable format, specifying both direction and percentage change.

In detail, we employed the following workflow:

* Step 1: Multi-Source Data Aggregation. We systematically collected a diverse range

of financial data covering the period from January 2024 to June 2025. This included
quantitative data, such as historical stock prices (open, high, low, close) and trading volumes,
alongside qualitative data from relevant financial news articles. For training purposes, we
focused on the January—November 2024 subset, from which 300 balanced instances (up,
hold, down) were selected for cold-start data synthesis. To ensure the dataset’s breadth and
representativeness, we selected a varied portfolio of stocks from multiple market sectors.

Step 2: Structured Prompt Formulation. We engineered a series of structured prompts
designed to elicit detailed, context-aware analytical reasoning from the language model.
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These prompts incorporated explicit instructions, illustrative examples (few-shot learning),
and comprehensive contextual information (e.g., market conditions, company background) to
precisely guide the model’s generation process according to our proposed thinking schema.

* Step 3: Controlled Response Generation. Leveraging the 671B-parameter DeepSeek-R1
model, we executed inference on the engineered prompts. To foster response diversity and
prevent deterministic outputs, we employed stochastic sampling techniques, specifically
temperature sampling and top-k sampling. This allowed the model to explore a wider range
of analytical paths and linguistic styles.

e Step 4: Hybrid Quality Assurance. The generated responses underwent a rigorous
two-stage filtering process. Initially, automated metrics were used to assess fundamental
quality attributes such as textual coherence, logical consistency, and relevance to the prompt.
Subsequently, all machine-vetted samples were subjected to manual review by a financial
expert to discard any outputs that were factually incorrect, nonsensical, or failed to meet the
required analytical depth.

* Step 5: Semantic Data Augmentation. To enrich the dataset and enhance model robustness,
we applied several data augmentation techniques to the high-quality samples. Methods
such as paraphrasing, synonym replacement, and back-translation were utilized to create
semantically equivalent but syntactically diverse training instances, thereby reducing the
risk of overfitting to specific phrasings.

* Step 6: Final Dataset Curation. The fully processed and augmented data was compiled
into the final training set. During this stage, we ensured a balanced class distribution among
the target labels (up, down, hold) and a representative allocation of stocks across different
sectors and market conditions to form a well-rounded and unbiased dataset for fine-tuning.

RE—EWARE, BRBEAS TENXAHTEE, RERSFE, BINET, SECMEFROMYEHE"ELE. His, HeR
HXARIZZ TGN, FTRERXFEMEBESHRD . EARDRMMEATIMIBRIOITE, RAFREHERFIART.,

Rin—T, mEER, REEER think @8 7 XLEXERS, B WMEEHXMMIESABHNXERGNEES; BEECHRS: BHES
DB PITERX; shiSHREDNAEBE; MASWAE HESESINER, LESEN,

AR, fEthinkFHAREMR, HSERTHARESNER, MELAMEMBISEER, BIBCHDITELR, BIEEFIRMES. ERSthinkiIET2
f, NiZESEHRN. NETENER, REEEEERRFXMES.

EE, HeENRE DN M<score> BN KHRIILE, ttill<score>[6.0, 7.5]</score>, M EFKEETIIH 6, FTHEETFIH RT.5.
R <pct_change> BAIFKEKIEZE A think EFUIIAYRKEXIRBIAICES, thill<pct_change>-0.0150</pct_change>, MBKEKIETNA-0.0150,
[EBY, <answer>EHUNAY 7 @ZEMthink EFUURI S [EFETES, thill<answer>hold</answer>, M7 @AM hold,

B, RHFHEINA T AT«

1. SRESHEHR, EHIHES BAIEAAT, L “BRMERENRELF (002786.82) EF—1R5H (B1202451R15H) MFE
MHEXTF20241 512 B ENINMIEES”,

2 ABXREN, EERASHML. AISEEENBLEESE.

3. B MIEEURASRE DT, J&//region Mi1& ... //endregion FEYERFIMERNR, HTRAMKEE

4. EEENEHERITDE, SMIMEMEISINN, THEM, RRHE, RELEES, WXEHEHTRE, #—5M0mH (EmsEs) EHeEm
¥, BERBETERITYEIRERER T A aENER.

? Eﬁﬁju}émmﬁ” BRENSERNE—NETHREE, BAEARTAET. MEEEESNETHEEMAT, WNNHITHRE
rEnNEE,

[1Ee5] #61:

//region &Rl

{{ example_thought_before_polished }}
//endregion

//region {24 EIthink

{{ example_thought_after_polished }}
//endregion

//region BEHBHIA
{{ todo_thought_to_be_polished }}
//endregion

//region JHBRIFISE R
{{ stock_movement_prediction_prompt_without_task_desc }}
//endregion

IREEHERIZEIETE “//region FAMER/FHIthink” F1“//endregion” Z B,

Figure 28: The polish prompt allows the backbone model to generate refined responses that follow
the proposed thinking schema in Section 4.1}
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C.3 BIZFINBENCH

BizFinBench|[Lu et al.|(2025)) is a comprehensive financial benchmark covering 10 tasks, including
financial analysis, financial news classification, financial text summarization, financial question an-
swering, and financial named entity recognition. We evaluate the generalization ability of RETuning
on BizFinBench. The details of each dataset type are as follows.

* Anomalous Event Attribution (AEA): This dataset evaluates the model’s ability to trace
financial anomalies based on given information such as timestamps, news articles, financial
reports, and stock movements. The model must identify the cause-and-effect relationships
behind sudden market fluctuations and distinguish relevant factors from noise.

* Financial Numerical Computation (FNC): This dataset assesses the model’s ability
to perform accurate numerical calculations in financial scenarios, including interest rate
calculations, return on investment (ROI), and financial ratios.

* Financial Time Reasoning (FTR): This dataset tests the model’s ability to understand and
reason about time-based financial events, such as predicting interest accruals, identifying
the impact of quarterly reports, and assessing financial trends over different periods.

* Financial Tool Usage (FTU): This dataset evaluates the model’s ability to comprehend user
queries and effectively use financial tools to solve real-world problems. It covers scenarios
like investment analysis, market research, and information retrieval, requiring the model to
select appropriate tools, input parameters accurately, and coordinate multiple tools when
needed.

* Financial Knowledge QA (FQA): This dataset evaluates the model’s understanding and
response capabilities regarding core knowledge in the financial domain. It spans a wide
range of financial topics, encompassing key areas such as fundamental financial concepts,
financial markets, investment theory, macroeconomics, and finance.

 Financial Data Description (FDD): This dataset measures the model’s ability to analyze
and describe structured and unstructured financial data, such as balance sheets, stock reports,
and financial statements.

* Emotion Recognition (ER): This dataset evaluates the model’s capability to recognize
nuanced user emotions in complex financial market environments. The input data encom-
passes multiple dimensions, including market conditions, news articles, research reports,
user portfolio information, and queries. The dataset covers six distinct emotional categories:
optimism, anxiety, negativity, excitement, calmness, and regret.

* Stock Price Prediction (SP): This dataset evaluates the model’s ability to predict future
stock prices based on historical trends, financial indicators, and market news.

* Financial Named Entity Recognition (FNER): This dataset focuses on evaluating the
model’s ability to identify and classify financial entities such as company names, stock
symbols, financial instruments, regulatory agencies, and economic indicators.

Table 5] presents a detailed breakdown of the dataset, covering the evaluation dimensions, correspond-
ing metrics, the number of instances per task, and the average token length per entry. Notably, the
dataset shows considerable variability in input length, spanning from a minimum of 22 tokens to
a maximum of 4,556 tokens. This wide range not only mirrors the complexity and heterogeneity
of real-world financial scenarios but also poses a meaningful challenge for models—specifically,
in demonstrating their capability to process both short and long financial texts effectively. Table[6]
presents their maximum token length, minimum token length, and average length.

D EVALUATION DETAILS

We evaluate our model using several metrics, including accuracy, precision, recall, and F1-score.
These metrics provide a comprehensive view of the model’s performance across different aspects.
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Table 5: Overview of BizFinBench [Lu et al.| (2025) Datasets

Category Data Evaluation Dimensions Metrics Numbers  Avg Len.

Reasoning Anomalous Event Attribution (AEA) Causal consistency Accuracy 1064 939
Information relevance
Noise resistance
Financial Time Reasoning (FTR) Temporal reasoning correctness Accuracy 514 1162
Financial Tool Usage (FTU) Tool selection appropriateness Judge Score 641 4556
Parameter input accuracy
Multi-tool coordination

Numerical calculation  Financial Numerical Computation (FNC) Computational accuracy Accuracy 581 651
Unit consistency
Q&A Financial Knowledge QA (FQA) Question comprehension Judge Score 990 22

Knowledge coverage
Answer accuracy

Financial Data Description (FDD) Trend accuracy Judge Score 1461 311
Data consistency

Prediction recognition ~ Emotion Recognition (ER) Emotion classification accuracy Accuracy 600 2179
Implicit information extraction
Stock Price Prediction (SP) Trend judgment, Causal reasoning Accuracy 497 4498
Information extraction  Financial Named Entity Recognition (FNER) Recognition accuracy Accuracy 435 533

Entity classification correctness

Table 6: Token Length Statistics of BizFinBench [Lu et al.[(2025).

Dataset Min Max Avg Count

NER 415 1,194 5331 433
FTU 4,169 6289 45555 641
AEA 680 1,396  938.7 1,064
ER 1919 2569 2,1785 600
FNC 287 2,698 6505 581
FDD 26 645 3109 1461
FTR 203 8265 1,162.0 514
FQA s 45 217 990
SP 1254 5532 4498.1 497

D.1 DETAILED RESULTS ON FIN-2024[DECEMBER]

We present detailed results on Fin-2024[December] for different baselines in Figure The results
are grouped by the number of repeated sampling counts n (logs scale: 1, 2, 4, 8, 16, 32). Performance
is measured using the stock movement prediction (SMP) F1 score. It can be observed that current
LLMs struggle to achieve satisfactory performance on this challenging task. Most of them are
not able to scale up their performance with increasing n. In contrast, our proposed RETuning
method demonstrates significant improvements, especially when combined with larger models and
reinforcement learning techniques. Notably, the DeepSeek_R1_32B_SFT_GRPO model achieves
the highest F1 score of approximately 0.44 at n = 32, showcasing the effectiveness of our approach
in enhancing model capabilities for stock movement prediction.

D.2 RESULTS GROUPED BY OOD SPLIT ON FIN-2024[DECEMBER] AND FIN-2025[JUNE]

This section analyzes the performance of different models on the stock movement prediction (SMP)
task, a 3-category classification problem based on price changes, under four out-of-distribution
(OOD) scenarios. The evaluation focuses on the models’ ability to scale up by increasing the repeated
sampling count n (log scale: 1, 2, 4, 8, 16, 32). Performance is measured using the SMP F1 score,
and the comparison includes a baseline (Random Bound), the 14B/32B variants of DeepSeek-R1,
and their optimized versions (SFT, SFT+GRPO).
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Figure 29: Detailed results on Fin-2024[December] for different baselines.
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Figure 30: Overall f1 score results on Fin- Figure 31: OOD_Stock f1 score results on Fin-
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Figure 32: OOD_Date f1 score results on Fin- Figure 33: OOD_Stock&Date f1 score results
2024[December]. on Fin-2024[December].
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Figure 34: OOD_Date f1 score results on Fin- Figure 35: OOD_Stock&Date {1 score results
2025[June]. on Fin-20254[June].

D.2.1 OVERALL OOD PERFORMANCE

As shown in Figure which aggregates results from the OOD_Stock, OOD_Date, and
OOD_Stock&Date scenarios, two consistent trends emerge. First, a clear performance hier-
archy is observed: 32B models consistently outperform their 14B counterparts, and optimiza-
tion further improves results (SFT > Base; SFT+GRPO > SFT). Among all configurations, the
DeepSeek_R1_32B_SFT_GRPO model achieves the highest F1 score of approximately 0.44 at
n = 32, followed by the 32B SFT and Base models. Importantly, all variants surpass the Random
Bound baseline (F1 < 0.30), demonstrating the benefits of both scaling and optimization. Second,
all models exhibit monotonic gains as n increases. For instance, DeepSeek_R1_32B_SFT_GRPO
improves from about 0.36 at n = 1 to 0.44 at n = 32, corresponding to a relative gain of roughly
22%. In contrast, the 14B baseline improves only from 0.28 to 0.34 over the same range. These
results confirm that repeated sampling consistently enhances performance, with larger and optimized
models benefiting the most.

D.2.2 OOD_STOCK SCENARIO (UNSEEN STOCKS)

Figure evaluates performance when predicting trends for stocks unseen during train-
ing. This setting achieves the second-highest peak performance across all scenarios, with
DeepSeek_R1_32B_SFT_GRPO reaching about 0.45 at n = 32. The performance gap between 32B
and 14B optimized models widens to roughly 0.07 at this sampling level, underscoring the importance
of parameter scale for generalizing to new stocks. Moreover, F1 scores rise sharply as n increases.
For example, the 32B SFT model improves from 0.37 at n = 1 to 0.43 at n = 32, a gain of around
16%. These findings suggest that repeated sampling effectively reduces noise in trend estimation for
unfamiliar stocks, thereby mitigating the distribution shift.

D.2.3 OOD_DATE SCENARIO (UNSEEN TIME PERIODS)

In the OOD_Date setting (Figure [32), where models are tested on unseen time periods such as
December 2024, performance is notably weaker. This scenario yields the lowest peak among all four
settings, with the best-performing model (32B SFT+GRPO) reaching only about 0.42 at n = 32.
Even with maximum scaling, the gains are modest: DeepSeek_R1_32B_SFT_GRPO improves by
only 0.08 (from 0.34 to 0.42) as n increases from 1 to 32, which is smaller than the gains observed in
stock-based shifts. These results indicate that temporal distribution shifts, likely caused by market
regime changes, are more difficult to address with repeated sampling alone.

D.2.4 OOD_STOCK&DATE SCENARIO (DUAL DISTRIBUTION SHIFTS)

The most challenging case, involving both unseen stocks and unseen time periods, is shown in
Figure Surprisingly, this dual-shift setting achieves the highest overall peak performance.
DeepSeek_R1_32B_SFT_GRPO reaches approximately 0.50 at n = 32, surpassing even the
OOD_Stock scenario. The scaling effect is particularly strong: the model improves by about
0.12 (from 0.38 to 0.50) when n increases from 1 to 32. Moreover, the performance gap between the
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32B optimized model and the 14B baseline widens substantially with larger n. These results highlight
a synergy between model scale and repeated sampling, suggesting that larger models are especially
capable of leveraging additional samples to disentangle stock-specific volatility from time-dependent
shifts.

D.2.5 SUMMARY OF SCALING-UP ABILITY ACROSS OOD SCENARIOS

Taken together, the results provide several key insights. First, repeated sampling proves to be
a universally valid strategy, as all models improve with increasing n across every OOD setting.
Second, the magnitude of gains is scenario-dependent: the largest improvements occur in the dual
OOD_Stock&Date scenario (12-22% increase), while the OOD_Date scenario yields the smallest
gains (8—15%), reflecting the particular difficulty of temporal shifts. Third, the optimal configuration
for scaling-up ability is the DeepSeek_R1_32B_SFT_GRPO model at n = 32, which achieves
F1 scores of roughly 0.50 (OOD_Stock&Date), 0.45 (OOD_Stock), 0.44 (Overall OOD), and 0.42
(OOD_Date), consistently outperforming all other settings by 5-15%. Finally, the results underscore
the synergy between model scale, optimization, and repeated sampling: larger models not only
benefit more from optimization but also extract greater value from additional samples, with the effect
most pronounced in dual-shift scenarios.

D.3 DETAILED RESULTS ON BIZFINBENCH

We present the detailed results of various large language models on the BizFinBench benchmark |Lu
et al.| (2025), as summarized in Table[/| The evaluation encompasses a range of tasks, including
financial entity recognition, financial question answering, financial text classification, and more. The

results are color-coded to highlight the top three performers for each task: golden indicates the

top-performing model, [silver represents the second-best result, and - denotes the third-best
performance.

E CASE STUDY

E.1 CASE STUDY ON ZERO-SHOT COT PROMPTING

We present a case study comparing the responses of GPT40, DeepSeek-R1 and Qwen3 under two
different prompting strategies: zero-shot prompting without Chain-of-Thought (CoT) and zero-shot
prompting with CoT. The results are illustrated in Figures [36]and 37}

We observe that without CoT prompting (Figure 36), the models struggle to provide accurate and
relevant answers. Their responses often lack depth and fail to address the nuances of the questions. In
contrast, with CoT prompting (Figure [37), the models demonstrate improved reasoning and accuracy.
The step-by-step thought process enabled by CoT helps the models to break down complex questions
and arrive at more precise answers.

E.2 CASE STUDY ON COLD-STARTED RESPONSES

We present a case study comparing the original response and the cold-started response generated by
DeepSeek_R1_14B_Instruct and DeepSeek_R1_14B_SFT. The results are illustrated in Figure @
Before applying cold-starting techniques, the original response tends to be verbose and includes
unnecessary elaboration. After cold-starting, the response becomes more concise and is much longer,
which indicates the cold-started model is leveraging its reasoning capabilities to provide a more
comprehensive answer. This demonstrates the effectiveness of cold-starting in enhancing the clarity
and relevance of model-generated responses.
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Table 7: Performance Comparison of Large Language Models on BizFinBench (2025).
The models are evaluated across multiple tasks, with results color-coded to represent the top three

performers for each task: golden indicates the top-performing model, [silver | represents the second-
best result, and - denotes the third-best performance.

Model AEA FNC FTR FTU FQA FDD ER SP FNER  Average
Close-Source LLMs
ChatGPT-03 861231 61.30 175367 89.15 19125 O8I55) 44.48 5327 65.13 73.86
ChatGPT-04-mini 18562 60.10 7123 7440 9027 9573 47.67 5232 64.24 71.29
GPT-40 7942 56.51 76.20 82.37 87.79 < 98.84 4533 5433 65.37
Gemini-2.0-Flash 86.94 6267 7397 8255 90.29 [98.62  22.17 [US6MEAN 54.43 69.75
Claude-3.5-Sonnet 84.68  63.18 4281 [ 88.05 8735 96.85 16.67 47.60  63.09 65.59
Open-Weight LLMs
Qwen2.5-7B-Instruct 73.87 32.88 39.38 79.03 83.34 7893 3750 51091 30.31 56.35
Qwen2.5-72B-Instruct 69.27  54.28 70.72 8529 87.79 9743 3533 55.13 54.02 67.70
Qwen2.5-VL-3B 53.85 15.92 17.29 895 81.60 59.44 39.50 52.49 21.57 38.96
Qwen2.5-VL-7B 73.87 32.71 40.24 77.85 8394 7741 3883 5191 33.40 56.68
Qwen2.5-VL-14B 37.12 4144 5308 82.07 8423 797 3733 5493 4747 49.52
Qwen2.5-VL-32B 76.79  50.00 62.16 8357 8530 9595 40.50 5493 68.36 68.62
Qwen2.5-VL-72B 69.55 54.11 69.86 85.18 87.37 9734 3500 5494 5441 67.53
Qwen3-1.7B 7740 3580 3340 7582 73.81 78.62 2240 4853 11.23 50.78
Qwen3-4B 83.60 4740 50.00 78.19 8224 80.16 4220 50.51 25.19 59.94
Qwen3-14B 8420 5820 6580 82.19 84.12 9291 33.00 52.31 50.70 67.05
Qwen3-32B 83.80 59.60 64.60 85.12 8543 9537 39.00 5226 49.19 68.26
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Figure 36: Zero-shot responses. The model struggles to provide accurate and relevant answers
without the step-by-step reasoning process enabled by CoT prompting.
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Figure 37: CoT Prompting responses. The model demonstrates improved reasoning and accuracy
when guided through a step-by-step thought process.
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Figure 38: Case study on cold-started responses. Left is the original response, and right is the cold-
started response. The cold-started response is more concise and to the point, avoiding unnecessary

elaboration.
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