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Abstract

While LLMs have shown great success in financial tasks like
stock prediction and question answering, their application in
fully automating Equity Research Report generation remains
uncharted territory. In this paper, we formulate the Equity Re-
search Report (ERR) Generation task for the first time. To ad-
dress the data scarcity and the evaluation metrics absence, we
present an open-source evaluation benchmark for ERR gener-
ation - FinRpt. We frame a Dataset Construction Pipeline that
integrates 7 financial data types and produces a high-quality
ERR dataset automatically, which could be used for model
training and evaluation. We also introduce a comprehensive
evaluation system including 11 metrics to assess the gener-
ated ERRs. Moreover, we propose a multi-agent framework
specifically tailored to address this task, named FinRpt-Gen,
and train several LLM-based agents on the proposed datasets
using Supervised Fine-Tuning and Reinforcement Learning.
Experimental results indicate the data quality and metrics ef-
fectiveness of the benchmark FinRpt and the strong perfor-
mance of FinRpt-Gen, showcasing their potential to drive in-
novation in the ERR generation field. All code and datasets
are publicly available.

Code — https://github.com/jinsong8/FinRpt
Dataset — https://huggingface.co/datasets/jinsong8/FinRpt
Extended version — http://arxiv.org/abs/2511.07322

Introduction

Recently, Large Language Models (LLMs) have reshaped
the field of natural language processing and presented re-
markable capabilities in many specialized domains across
medicine (Tan et al. 2024), law (Izzidien, Sargeant, and Stef-
fek 2024), physics (Polverini and Gregorcic 2024), and fi-
nance (Wu et al. 2023; Xie et al. 2023), etc. Within the finan-
cial domain, many recent studies have shown great progress
in leveraging advanced LLMs into some traditional financial
tasks, such as sentiment analysis (Zhang et al. 2023), infor-
mation extraction (Sharma et al. 2023; Hamad et al. 2024),
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question answering (Yang, Liu, and Wang 2023), etc., which
typically focus on short summaries or brief descriptions.

The media produces a large volume of information about
individual companies every day, which includes both con-
siderable noise and valuable insights. Equity research re-
ports (ERRs) (Siantar and Saraswati 2024) play a crucial
role in filtering and summarizing this information, provid-
ing investors with an in-depth assessment of the company’s
financial state, market position, and investment potential.
An ERR usually consists of many segments, such as a
company’s financial status statement, risk evaluation, stock
trend prediction, etc. Writing it requires specialized financial
knowledge and experience, as well as a deep understanding
of financial markets, industry trends, and company develop-
ment, and is usually done by professional analysts.

Recent advancements in LLMs (Yang, Liu, and Wang
2023; Wu et al. 2023), have made automated ERR gen-
eration (Jejeniwa, Mhlongo, and Jejeniwa 2024; Adeyeri
2024) a feasible endeavor, which could shorten the time re-
quired for company-related information collection and anal-
ysis, providing timely insights and recommendations to or-
ganizations and researchers, allowing them to respond more
quickly to market changes trends. Additionally, ERRs not
only provide comprehensive company analyses but also of-
fer good explanations for stock trends, paving the way for
improved stock price prediction and advancing other Fin-
tech applications. However, generating ERRs automatically
remains an unexplored area due to the following reasons.

From the benchmark perspective, data scarcity (Yaga-
murthy, Azmeera, and Khanna 2023) is a major obstacle.
The input information is typically unstructured and scattered
across multiple sources, such as company announcements,
industry reports, historical stock prices, and news articles,
making it difficult to integrate these diverse data types into
a cohesive and standardized format and further map it to the
final ERR. Most existing evaluation metrics for generative
financial tasks focus primarily on assessing the capabilities
of the methods from an NLP view, such as ROUGE-L, and
BERTScore (Xie et al. 2023), which are insufficient. Firstly,
the evaluation framework should include metrics that assess
the accuracy of key indicators in the generated report, such
as the cash flow. Secondly, evaluating the accuracy of stock



trend predictions is crucial, as it directly influences the po-
tential gains and losses for investors. Finally, since ERRs
rely heavily on finance knowledge, evaluating the profes-
sionalism of the generated reports is another essential com-
ponent of the evaluation system.

On the method side, relying only on a single LLM (Wu
et al. 2023; Yang, Liu, and Wang 2023) to generate such a
complex financial report is hard to achieve. Recently, many
LLM-based financial multi-agent frameworks have been de-
veloped that could deal with sophisticated scenarios, such as
FinAgent (Zhang et al. 2024b) for trading and FinMem (Yu
et al. 2024a) for decision-making. An ERR typically con-
sists of multiple sections, each of which needs to reflect an
aspect of a company and follow a coherent and logical struc-
ture. To tailor a multi-agent framework for generating ERRs
is also an issue that requires attention.

To bridge the aforementioned gap, this work makes the
first attempt to face the ERR generation task directly and ad-
dress it. The main contributions of our work could be sum-
marized as follows:

* We formally define the task of ERR generation for the
first time, which could be generalized to report genera-
tion in other domains.

e We establish an open-source ERR generation evalua-
tion benchmark, named FinRpt, consisting of a Chinese-
English ERR dataset and a comprehensive evaluation
system. The Dataset Construction Pipeline can automat-
ically generate high-quality ERR data, which could be
generalized to the dataset construction in other similar
tasks.

* To tackle the newly defined ERR generation task, we tai-
lor a multi-agent framework called FinRpt-Gen, which
decomposes the complex task and assigns nine agents
to address it collaboratively. Furthermore, we train these
agents using Supervised Fine-Tuning (SFT) and Rein-
forcement Learning (RL), enabling them to achieve opti-
mal performance.

Related Work

Financial Agents Many LLM-based financial agents are de-
veloped to tackle complex tasks. FinMem (Yu et al. 2024a)
is designed for automated trading. It is optimized by fine-
tuning the agent’s perception range and character profiles,
which improves trading performance and results in higher
cumulative investment returns. Zhang et al. (2024b) features
a dual-level reflection module and a diversified memory re-
trieval system, which enhance its ability to make trading de-
cisions. FinCon (Yu et al. 2024b) is structured with a hier-
archical manager-analyst model, drawing inspiration from
real-world investment firms. It also features a dual-level risk
control system to optimize investment strategies and effec-
tively mitigate risks. CryptoTrade (Li et al. 2024b) integrates
both on-chain and off-chain data sources and employs a re-
flective mechanism to enhance trading strategies.

Evaluation of Financial LLMs There are many evalua-
tion benchmarks for the financial domain, such as MME-
Finacne (Gan et al. 2024), FinanceBench (Islam et al. 2023),
BizBench (Koncel-Kedziorski et al. 2023), FinMME (Luo
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et al. 2025), PIXIU (Xie et al. 2023) and FinBen (Xie et al.
2024), which mainly focus on Financial NLP capabilities
like information extraction and question answering. Among
these, finance-related multiple-choice questions (Xie et al.
2023) are used to assess the model’s understanding of finan-
cial knowledge. Common metrics like ROUGE (Lin 2004)
and BERTScore (Zhang et al. 2019) are widely used to eval-
uate alignment, factual consistency, and information reten-
tion. However, this focus limits the ability to comprehen-
sively assess LLMs across a broader range of complex fi-
nancial applications. Equity Research Report generation en-
compasses many of these evaluation demands, making it
crucial to design a specialized benchmark that can effec-
tively assess ERR generation capabilities and foster its ad-
vancement.

Equity Research Reports Generation Some existing
multi-agent frameworks are tailored for similar tasks with
ERR generation. FinRobot (Yang et al. 2024) is an open-
source Al agent platform for financial applications. By
prompting LL.Ms directly, the system could generate well-
structured financial analysis. A key limitation of FinRobot
is its reliance on fixed annual reports, which restricts its
ability to use real-time or diverse data. Another notable ex-
ample is FinReport (Li et al. 2024a), an explainable stock
earnings forecasting model. Unlike ERR, the report gener-
ated by the model emphasizes explanations of stock predic-
tions and risk assessments obtained through specially trained
modules. Fons et al. (2025) focuses on using LLMs to gen-
erate analytical reports for financial time series. However,
due to the complexity of ERR generation task, there is still a
need to design a customized framework specifically tailored
to address it effectively.

FinRpt: Task, Benchmark and Method
ERR Generation Task Formulation

This work formally defines the ERR generation task for the
first time. Given a company’s stock ticker s and the research
date ¢, the system automatically gathers and structures re-
cently relevant information, and then utilizes it to generate
an ERR R. This setup replicates the workflow of a real-
world research analyst when drafting an ERR.

In this paper, the input information source S
[O,F, A, N,P, M| includes Company Information O,
Financial Indicators F, Company Announcements A,
Company-related News NV, Historical Stock Prices P, and
Historical Market Indices M. To define the output ERR
format, we summarize that an ideal ERR of a company
should at least include 6 key segments, despite varying for-
mats across securities firms: Financial Analysis Ry;,, News
Analysis Rje.s, Management and Development Analysis
Rinanage> Risks Analysis R, Investment Potential As-
sessment R;,,est, and Recommendation Rating R,... (rec-
ommend a buy rating or a sell rating). We show a generated
ERR case in the Appendix.

Dataset

To address the issue of data scarcity for this task, we con-
struct a high-quality ERR generation dataset. In this section,
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Figure 1: The Dataset Construction Pipeline, Data Collection Module, and the Dataset Enhancement Module.

we will thoroughly describe both the Data Collection Mod-
ule and the Dataset Construction Pipeline. To enhance clar-
ity, we have visualized the entire process in Figure 1, which
illustrates the sequential steps involved in both data collec-
tion, dataset construction, and dataset enhancement.

Data Collection Module High-quality data ensures that
the analysis, predictions, and insights derived from it are
meaningful and trustworthy. Thus, a well-designed data col-
lection module is necessary, which should be capable of
gathering key information from various credible sources that
provide timely and comprehensive information about a com-
pany.

Building on insights from previous research (Zhang et al.
2024b; Penman 2013; Greenwald et al. 2020; Yu et al.
2024a; Zhang et al. 2024a; Yu et al. 2024b; Fatemi and Hu
2024), we carefully selected six valuable and complemen-
tary types of company-related data and integrated them into
our data collection module:

(1) Company Information O: providing foundational
company information (Yu et al. 2024b). (2) Financial In-
dicators F: reflecting the company’s operational status and
released quarterly (Fatemi and Hu 2024). (3) Company An-
nouncements A: about significant changes in investment de-
cisions, personnel changes, or unexpected events, reflect-
ing the company’s management and development (Zhang
et al. 2024a). Besides, we utilize GPT-40-mini to summarize
the announcements. (4)Company-related News N: reflect-
ing events related to a certain company, influencing investor
sentiment, and impacting stock trends (Yu et al. 2024a).
Similar to announcements summarization, GPT-40-mini is
used to summarize news content and filter out news irrele-
vant to the company’s stock. Besides, we remove brief arti-
cles and leverage BERTScore (Zhang et al. 2019) and Min-
Hash (Broder 1997) to de-duplicate similar news. (5) His-
torical Stock Prices P: reflecting the value of a company to
some extent and providing valuable insights into the poten-
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tial investment assessment (Zhang et al. 2024b). (6) History
Market Indices M: reflecting market conditions, as well as
investor enthusiasm and confidence (Yoo et al. 2021).

Dataset Construction Pipeline To bridge the gap of data
scarcity for ERR generation, we construct an ERR dataset,
which consists of 800 stocks in the CSIS00 Index of the Chi-
nese market. The corresponding companies generally have
a high market value, which results in a substantial amount
of information being available in the media. The data range
is from September 3, 2024, to November 5, 2024, with in-
tervals of one week between analysis dates, resulting in 10
analysis dates for each company stock. The dataset has 6825
data samples (each sample including the input source in-
formation and the corresponding ERR). First, we use the
Data Collection Module to gather the input information
S = [O,F, A, N, P, M] for each stock ticker s and anal-
ysis date ¢ forming an input (s, ¢,.5). We then apply a fil-
tering process to enhance the quality of input data (s, ¢,.5)
that excludes data lacking financial indicators F', those with
fewer than two news articles IV, and those with summarized
announcement A lengths under 300 Chinese characters.

Then we apply the multi-agent framework FinRpt-gen,
introduced in the next Section, with GPT-40 as each LLM
agent, to generate ERRs R automatically, which leads to a
complete data input-output sample (s, ¢,.5, R). To align the
generated ERRs with the expert-written ERRs, we develop
a Dataset Enhancement Module to enhance the quality of
generated ERRs:

(1) Recommendation Rating Corrector: for each sample
(s,t, S, R), the recommendation rate R,.. in R is com-
pared to the ground truth trend label. If they are not con-
sistent, the ERR is regarded as invalid, and this sample will
be re-inferred until the correct predictions are generated. (2)
Expert-written ERRs Corrector: for each sample (s, ¢, S, R),
we retrieve reports related to the stock s during the week
preceding the analysis date ¢ from Eastmoney as the reliable



ERRs Reyperts- Then the retrieved reports Reyperts along
with the generated reports R, are used to prompt an LLM
GPT-4o0 to review and refine the information accuracy, log-
ical consistency, and writing style. The detailed prompt is
shown in the Appendix. (3) LLM Polisher: last, we input
each ERR R into an LLM GPT-4o for writing polish, en-
hancing its readability, coherence, and logical flow.

Based on the above processing steps, the high-quality
ERR dataset FinRpt is constructed, including 6,825 ERRs.
We also provide a corresponding English-translated version.
It could be used for ERR generation evaluation, supervised
fine-tuning, and reinforcement learning.

Dataset Statistics We analyze several statistics of the con-
structed dataset - FinRpt. It contains a total of 6,825 reports
from 2024-09-03 to 2024-11-05. On average, there are about
9 reports per stock, with a total of 683 reports per analysis
date. The detailed industry-wise statistics are shown in Fig-
ure 2.
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Figure 2: The proportion of reports from different industries
of the FinRpt dataset.

We partitioned the dataset as follows: data before 2024-
10-31 was randomly split into a training set and a validation
set with a 9:1 ratio. Samples after 2024-10-31 were used
as the test set. As a result, the training set contains 5,556
samples, the validation set contains 617 samples, and the
test set consists of 652 samples.

Proposed Baseline: FinRpt-Gen

FinRpt-Gen The task of ERR generation requires the
model to have extensive financial knowledge, a standard-
ized report writing style, and exceptional logical analysis
and forecasting abilities. In this work, we propose FinRpt-
Gen, as shown in Figure 3, which is the first multi-agent
framework specifically designed for the ERR generation
task. Given the constructed dataset FinRpt, FinRpt-Gen con-
sists of three modules: an Information Extraction Module, an
Analysis Module, and a Prediction Module, involving nine
agents playing different roles. We show the prompt exam-
ples for every agent in the Appendix.

Information Extraction Module The information extrac-
tion module extracts related information from the given in-
putdata (s, t,.S). This module involves four different agents:
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Figure 3: The framework of the proposed FinRpt-Gen.

(1) News Extraction Agent: ranking the provided news
articles N by the impact of the news on the stock s and out-
putting the top 10 news articles most likely to influence stock
prices. (2) Income Extraction Agent: given the income state-
ment in financial indicators F', extracting key financial met-
rics such as revenue, net income, earnings per share, etc. (3)
Balance Extraction Agent: given the balance sheet in finan-
cial indicators F, focusing on key financial indicators such
as assets, liabilities, and equity. (4) Cash Extraction Agent:
given the cash flow statement in financial indicators F’, fo-
cusing on cash from operations, investing, and financing ac-
tivities.

Based on the well-designed prompts and the table un-
derstanding ability of LLMs (Sui et al. 2024), these
agents can effectively extract key financial indicators and
news for further analysis. According to the ERR format
that has been defined previously, we devise the follow-
ing Analysis Module and Prediction Module to systemat-
ically complete the six specific sections of an ERR R =
[Rfin7 Rnewsa Rmanagea Rrisk; Rinvesta Rrec]~
Information Analysis Module (1) Finance Analysis Agent:
given the output of the Income, Balance, Cash Ana-
lyst Agent, this agent summarizes the company’s financial
health, profitability, and cash flow position, generating the
financial analysis Ry;,. (2) News Analysis Agent: given the
output of the News Analyst Agent, this agent emphasizes
how the selected news may affect the future stock perfor-
mance, then produces news analysis R,,¢.s. (3) Status Anal-
ysis Agent: derives the management and development analy-
Sis Ry anage from recent company announcements. (4) Risk
Analysis Agent: integrates the financial, news, management,
and development analysis content from the aforementioned
analysis agents to analyze the key risks R, that should be
paid attention to.

Prediction Module The Prediction Agent in the predic-
tion module collects the analysis content of Ry¢;y,, Ryecws,
Ripanage and R, along with the historical stock prices P



and history market indices M, then forecasts the investment
potential assessment R;,,,.s+ and the recommendation rating
R,cc. A recommendation rating refers to an evaluation or
assessment given to an investment that reflects the analyst’s
opinion or suggestion regarding its performance potential,
which is typically categorized as “buy” or “sell”.

Supervised Fine-Tuning (SFT) Within the FinRpt-gen
framework, we focus on fine-tuning the four most critical
agents: Finance Analysis Agent, News Analysis Agent, Sta-
tus Analysis Agent, and Prediction Agent. These agents han-
dle the most complex tasks of generating deep, professional
insights. We use demonstration samples from the corre-
sponding sections of the FinRpt dataset. For example, given
a data sample (s,t,S, R), for the Finance Analysis Agent,
the input is the content generated from the Income Extrac-
tion Agent, Balance Extraction Agent, and Cash Extraction
Agent. The output is the Financial Analysis Ry;, section.
The fine-tuning leverages SFT with LoRA (Hu et al. 2022),
aiming to learn a set of low-rank adapter parameters A6 to
maximize the likelihood of generating the target text Y given
an input X. The optimization objective is formulated as:

> log P(Y|X; 60 + A6),
(va)eDdemo

max

where Dgemo 1S the demonstration dataset for the respective
agent, 0 represents the original parameters of the model,
and A6 are the low-rank parameters learned via LoRA.

Reinforcement Learning (RL) To further enhance the
Prediction Agent, we introduce a reinforcement learning
phase following SFT. This stage moves beyond pattern im-
itation to optimize the agent’s output for real-world invest-
ment objectives. We employ DAPO (Yu et al. 2025), an ad-
vanced policy gradient algorithm derived from GRPO (Shao
et al. 2024), to align the agent’s generation with key metrics
of accuracy and rationale quality.

First, We design a reward function, Reward(Y,Y™), to
holistically evaluate a generated response Y = [Rinvest, Rrec)
against its ground-truth Y* = [R} ., Rk ]. This reward is
a weighted combination of the recommendation rating R
accuracy and the quality of the investment analysis Rjpyest
measured by ROUGE (Lin 2004). It is defined as follows:

Reward(Y,Y™) = a - ACC(Rurec, Rre.)

+ B . ROUGE'l(RiﬂVeSl7 R;;)vesl)

+- ROUGE-L (RiﬂVeSla Ritlvest)v
where «, (3, and -y are hyperparameters that balance the im-
portance of each component. In our configuration, we set
these parameters to = 0.6, 3 = 0.2, v = 0.2. This setup is
designed to prioritize recommendation accuracy while also
considering the quality of the analytical content.

The DAPO algorithm then optimizes the policy my by
maximizing a clipped surrogate objective, a principle inher-
ited from PPO (Schulman et al. 2017) to ensure stable train-
ing. The objective can be conceptually expressed as:

JO) ~E [mm (r(e)A, clip(r(8),1 — e, 1 + eh)A)] .

Here, () is the probability ratio between the new and old
policies, and A represents the standardized advantage of a

~
~
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generated sequence. This objective encourages updates that
improve rewards while penalizing large policy shifts. The
full, detailed formulation is provided in the Appendix.

Evaluation System

To comprehensively evaluate the generated ERRs, we de-
vise a comprehensive evaluation system, which along with
the previously constructed FinRpt dataset, forms a complete
benchmark.

Basic Metrics Basic metrics are used to evaluate the gen-
erated ERRs from the perspective of text similarity and pre-
diction accuracy. (1) CompletionRate: reveals the proportion
of cases where the method successfully generates the ERR
in the required format. (2) Accuracy: evaluates the accuracy
of the generated recommendation rating (buy or sell). (3)
BERTScore (Zhang et al. 2019): evaluates semantic simi-
larity using BERT embeddings. (4) ROUGE-L (Lin 2004):
one of the ROUGE metric family, which is commonly used
for evaluating the quality of summaries, text generation, and
machine translation. (5) NumberRate: measures the size of
the mathematical number in the generated report Ny, to
that in the reference ERR N,.r, revealing the richness of
numerical content in the generated report. It is calculated by
NumberRate = min(Nger, /Nyef, 1).

LLM Evaluations To assess the generated ERRs from the
aspects of semantic meaning and context, we developed a set
of metrics by referring to relevant academic research (Pen-
man 2013; Greenwald et al. 2020) and industry practices:
(1) Financial Numeric (FN): evaluates the precision of the
data presented and the depth of the financial analysis in the
report. (2) News: assesses how relevant and comprehensive
the news analysis is in relation to the company and its stock
performance. (3) Company & Market & Industry (CMI):
measures the model’s insight into the company’s manage-
ment structure, development trajectory, market trends, and
overall industry environment. (4) Invest: evaluates whether
the investment recommendations are grounded in thorough,
logical, and well-reasoned analysis. (5) Risk: assesses how
thoroughly the report analyzes the potential risks associated
with investing in the stock. (6) Writing: measures overall co-
herence, readability, and logical consistency.

We leverage a conservative approach to compare the per-
formance of LLMs following previous works (Zheng et al.
2023; Liu et al. 2024; Fu et al. 2023). For each sample,
the ERRs generated by different models are compared pair-
wise using a Judge Agent (GPT-40). To eliminate position
bias, the judge evaluates the ERRs twice, with their order
swapped. A win is recorded only if one answer is preferred
in both orders; otherwise, the result is marked as a tie. Once
the judging process is finished, we could calculate the Win
Counts, the Tie Counts, and the Loss Counts.

Adjusted Win Rate =
Win Counts + 0.5 - Tie Counts
Win Counts + Loss Counts + Tie Counts

We further calculate the Adjusted Win Rate for the sake of
comparison.



Category Method CompletionRate Accuracy ROUGE-L BERTScore NumberRate
XuanYuan-13B-Chat 100% 33% 22.55 68.21 90.32%
Gemma2-9B 100% 40% 24.97 70.83 38.92%
Qwen2.5-7B-Instruct 100% 45% 28.08 72.06 82.52%
Qwen2.5-14B-Instruct 100% 46% 29.74 74.24 83.40%
Qwen2.5-72B-Instruct 100% 46% 30.17 73.77 90.00%
Llama3.1-8B-Instruct 100% 45% 26.77 71.63 68.06%
Single LLMs Llama3.1-70B 100% 46% 29.09 72.99 76.39%
GLM4-9B-Chat 100% 45% 28.14 73.20 60.67%
GPT-40 100% 48% 40.72 79.57 95.72%
GPT-40-mini 100% 47% 39.45 78.89 95.75%
Gemini-2.5-Pro 100% 50% 41.79 80.29 87.23%
FinRpt-Gen (Gemma2-9B) 95% 47% 32.83 72.63 80.99%
FinRpt-Gen (Qwen2.5-7B-Instruct) 98% 48% 34.51 72.65 84.29%
FinRpt-Gen (Qwen2.5-14B-Instruct) 100% 48% 36.27 77.05 93.16%
FinRpt-Gen with FinRpt-Gen (Qwen2.5-72B-Instruct) 100% 49% 36.88 76.14 94.00%
open-source LLMs FinRpt-Gen (Llama3.1-8B-Instruct) 93% 45% 30.03 68.38 58.92%
FinRpt-Gen (Llama3.1-70B-Instruct) 97% 48% 34.28 73.43 83.39%
FinRpt-Gen (GLM4-9B-Chat) 100% 50% 38.35 76.66 76.09%
. . FinRpt-Gen (GPT-40) 100% 51% 48.44 82.09 98.62%
clﬁ;gg‘;ﬁﬁg Ivﬁl\‘ds FinRpt-Gen (GPT-40-mini) 100% 50% 44.09 80.82 97.01%
FinRpt-Gen (Gemini-2.5-Pro) 100% 51% 48.58 82.12 90.57%
FinRpt-Gen with FinRpt-Gen (Llama3.1-8B-Instruct-SFT) 100% 50% 48.67 82.14 94.14%
fine-tuned LLMs FinRpt-Gen (GLM4-9B-Chat-SFT) 100% 51% 48.64 82.16 93.86%
FinRpt-Gen (Qwen2.5-7B-Instruct-SFT) 100% 54% 48.83 82.21 94.48%
Our FinRpt-Gen (Qwen2.5-7B-Instruct-SFT-RL) 100 % 55% 49.06 82.43 95.15%

Table 1: Performance comparison of FinRpt-Gen against baselines under the evaluation of basic metrics.

Experiments
Experiment Setting

Implement Detail The open-source models were ac-
cessed via the Ollama Python Library locally, while the
closed-source models were accessed through their official
APIs. The SFT phase was conducted on 8 NVIDIA 3090
GPUs, and the RL phase used 8 NVIDIA A100 GPUs. We
randomly selected 100 samples from the FinRpt test set for
evaluation. For detailed hyperparameters and further imple-
mentation specifics, please refer to the Appendix.

Baselines We evaluate our method against four types of
baselines: (1) standalone state-of-the-art LLMs, (2) our
FinRpt-Gen framework with closed-source LLMs, (3) the
framework with open-source LLMs, and (4) the framework
with fine-tuned open-source LLMs. Please see the Appendix
for a more detailed description of all baselines.

Main Results

Main Results of Basic Metrics We compare the per-
formance of FinRpt-Gen against strong baselines, and the
results are shown in Table 1, from which we can draw
the following conclusions: The performance of the multi-
agent framework FinRpt-Gen is significantly better than that
of single LLMs, which highlights the effectiveness of our
multi-agent framework. In the case without SFT and RL,
the performance of the closed-source models Gemini-2.5-
Pro and GPT-40 is better than the selected open-source mod-
els with a clear margin. This is an expected outcome, as
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Gemini-2.5-Pro and GPT-40 are widely recognized as lead-
ing models in the field. After applying SFT on the con-
structed dataset FinRpt, there is an obvious improvement
in performance compared to the results without SFT, and it
even outperforms these two closed-source models in almost
all evaluation aspects. After further enhancement through
RL, optimal performance is achieved. This partially reflects
the high quality of our dataset.

Main Results of LLM Evaluations Based on the LLM
evaluation metrics previously detailed, we compare the per-
formance of models from a financial professionalism per-
spective. The results are shown in Figure 4. And the detailed
quantitative results are available in the Appendix. This radar
chart illustrates our trained model achieves excellent perfor-
mance comparable to GPT-40 and surpasses all other strong
baselines. Notably, our trained model even excels FinRpt-
Gen (GPT-40) in CMI, News and FN metrics. By compar-
ing the results, we can also conclude the effectiveness of the
FinRpt-Gen framework and the training dataset FinRpt. To
further validate the reliability of our LLM evaluation, we
conducted a human evaluation study in Appendix.

Resource Requirements Analysis The framework’s re-
source requirements are minimal. The entire process of gen-
erating an ERR, from data crawling to report creation, is
completed in approximately 3 to 4 minutes. For a detailed
breakdown of the resource requirements, including process-
ing times and API costs, please refer to the Appendix.
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Qwen-72B-Instruct
—— FinRpt-Gen (GLM4-9B-Chat)
—— FinRpt-Gen (Qwen-72B-Instruct)
— GPT-40

FinRpt-Gen (GPT-40)
- FinRpt-Gen (Qwen-7B-Instruct-SFT-RL)
Figure 4: The performance comparison under the LLM eval-
uation metrics.

Ablation Study

To demonstrate the effectiveness of the components used in
FinRpt-Gen (Qwen2.5-7B-Instruct-SFT-RL), abbreviated as
FinRpt-Gen in this section, we compare it with four variants:
(1) FinRpt-Gen w/o Finance Extraction: removing Income,
Balance, and Cash Extraction Agents and inputting the cor-
responding information into the Information Analysis Mod-
ule directly. (2) FinRpt-Gen w/o News Extraction: removing
the News Extraction Agent and inputting news data into the
Information Analysis Agent directly. (3) FinRpt-Gen w/o 3
Analysis Agents: replacing the Finance, Status, and Risks
Analysis Agent with one single LLM (GPT-40).

Method Accuracy ROUGE-L BERTScore
w/o Finance Extraction 47 38,93 76.50
w/o News Extraction 49 46.02 81.20
w/o 3 Analysis Agents 51 45.92 81.38
FinRpt-Gen 55 49.06 82.43

Table 2: Ablation study results over 3 variants.

The ablation results are shown in Table 2, from which
we can see that FinRpt-Gen outperforms other variants with
clear advantages. The performance of FinRpt-Gen drops sig-
nificantly without the Finance Extraction Agent, highlight-
ing the necessity of this agent. Similarly, the absence of
the News Extraction Agent leads to a noticeable decline in
performance, demonstrating the value of pre-extracting and
summarizing key news of the agent. Furthermore, utilizing
three Analysis Agents outperforms relying on a single GPT-
4 model, confirming the importance of the specialized de-
sign of each Analysis Agent.
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ERRs FN News Invest Writing Average
Expert-written 4.57  4.00 4.13 4.33 4.30

FinRpt 433 420 4.10 4.17 4.20
Kappa Score  0.85  0.86 0.89 0.84 0.86

Table 3: Comparing the quality of ERRs in dataset FinRpt
and expert-written ERRs.

Dataset Quality Study

Human Evaluation In the Data Construction Pipeline, the
Dataset Enhancement Module is devised to enhance the data
quality. To investigate the dataset quality thoroughly, we also
conduct a human evaluation. We randomly sample 30 ERRs
from the FinRpt dataset and 30 ERRs written by experts.
Then three senior financial analysts are invited to rate each
ERR from four aspects as devised in LLM Evaluations Sec-
tion with a scoring range of 0 to 5. These three senior an-
alysts are carefully chosen based on their extensive experi-
ence and expertise in the field, ensuring they can provide re-
liable assessments. We also provide them with detailed eval-
uation guidelines and criteria to ensure consistency in their
judgments. As the results presented in Table 3, the scores
of FinRpt and expert-written are very close, suggesting a
high level of data quality. Besides, we categorize the evalua-
tion scores of each ERR into three classes and calculate the
Fleiss’ kappa score (Landis and Koch 1977) (ranging from
-1 to 1) to evaluate agreement among the evaluators. The
kappa scores are shown in the last line of Table 3, confirm-
ing the consistency and reliability of the human evaluation.

Case Study We randomly select an ERR case from FinRpt
dataset. The case is presented in Appendix. This case shows
the high quality of our dataset from the following four per-
spectives. (1) The detailed quantitative financial metrics un-
derscore the report’s accuracy and thoroughness in financial
analysis. (2) The forward-looking strategic analysis offers
investors valuable insights into long-term growth drivers and
potential risks. (3) The clear investment thesis, supported by
quantitative data and strategic context, reflects a balanced
approach to stock valuation. (4) The well-structured format
ensures clarity and easy navigation, enhancing the report’s
usability for investors. Collectively, these perspectives high-
light the high quality of our dataset, underscoring its utility
as a valuable resource for the ERR generation task and other
Fintech fields.

Conclusion

This paper formulated the Equity Research Report genera-
tion task, and proposed an open-source benchmark FinRpt
consisting of a high-quality ERR dataset and a comprehen-
sive evaluation system designed to assess various aspects
of ERR generation. Additionally, we tailored a multi-agent
framework FinRpt-Gen for this task by applying SFT and
RL to our proposed datasets. Experimental results demon-
strate the data quality, metric effectiveness of benchmark
FinRpt, and strong performance of FinRpt-Gen, highlight-
ing its potential to advance ERR generation.
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