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How the recent progress of reasoning large lan-
guage models (LLMs), especially the new open-source
model DeepSeek-R1, can benefit financial services is
an underexplored problem. While LLMs have ignited
numerous applications within the financial sector,
including financial news analysis and general cus-
tomer interactions, DeepSeek-R1 further unlocks the
advanced reasoning ability with multiple reinforce-
ment learning-integrated training steps for more com-
plex financial queries and provides distilled student
models for resource-constrained scenarios. In this
paper, we first introduce the technological prelimi-
naries of DeepSeek-R1. Subsequently, we benchmark
the performance of DeepSeek-R1 and its distilled stu-
dents on two public financial question—answer (QA)
datasets as a starting point for interdisciplinary re-
search on financial artificial intelligence (AI). Then,
we discuss the opportunities that DeepSeek-R1 offers
to current financial services, its current limitations,
and three future research directions. In conclusion,
we argue for a proper approach to adopting reason-
ing LLMs for financial Al.
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1 Introduction

Fueled by Web-scale datasets, high-performance
computing devices, and deep learning algorithms, re-
cent years have witnessed the emergence of LLMs
(Chang et al., 2024), which are paving the way to-
ward artificial general intelligence (AGI) (Zhou et al.,
2024). Built on the Transformer (Vaswani et al., 2017)
architecture and trained with extensive text data cor-
pora, GPT-3 (Brown et al., 2020), released by OpenAl
in 2020, first demonstrated an unprecedented abili-
ty to understand, generate, and manipulate human
language in a manner that closely mimics human-
like intelligence, with a number of follower LLMs
including Google’s Gemini (Gemini Team of
Google, 2023) and Alibaba’s Qwen (Bai JZ et al.,
2023). However, early LLMs struggled with halluci-
nation problems (Huang et al., 2025) and usually failed
to solve complex reasoning problems. With the nota-
ble breakthrough of the chain-of-thought (CoT)
prompting technique (Wei et al., 2022), OpenAl re-
leased the first reasoning LLM called OpenAl-ol
(Jaech et al., 2024) in 2024 by training this model
to increase the length of self-generated step-by-step
human-like reasoning processes during the post-training
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process. Despite OpenAl-ol’s remarkable capabilities,
which can achieve human-level or superior performance
on various tasks (including competitive programming,
advanced mathematics, and scientific research), access
to OpenAl-ol is exclusively available to a limited
number of subscribers, restricting its widespread utiliza-
tion and impact across broader communities. In re-
sponse to this demand, the introduction of DeepSeek-R1
(Guo DY et al., 2025) in January 2025 marked a sig-
nificant milestone. As the first open-weight reason-
ing LLM that can achieve a similar performance as
OpenAl-ol, DeepSeek-R1 gained global attention by
democratizing access to advanced Al technologies,
making them nearly cost-free. To take it a step further,
DeepSeek also open-sourced a series of distilled student
models that can be deployed in resource-constrained
conditions.

DeepSeek-R1 and its deployment-friendly distilled
student models have fostered swift applications in
various fields (Peng et al., 2025; Qian et al., 2025),
where financial contexts arguably demand the highest
levels of reasoning capabilities and data-processing pro-
wess due to their inherent complexity and risk. In the
FinTech sector, while models such as BloombergGPT
(Wu et al., 2023) and XuanYuan (Zhang XY and Yang,
2023) have been previously developed specifically for
finance, they often fall short when it comes to sophis-
ticated reasoning tasks such as finance numeric analy-
sis and law and regulation logic thinking. This paper
aims to discuss DeepSeek-R1 from the perspective of
the FinTech industry. Given its open-source nature
and advanced reasoning abilities, DeepSeek-R1 offers
a promising foundation upon which more specialized
models tailored to the exacting demands of financial
service can be constructed.

In this paper, we first introduce the technological
preliminaries of DeepSeek-R1, emphasizing its contri-
butions to the multistep reinforcement learning (RL)-
based training strategy and the exploration of distill-
ing reasoning ability using student models with fewer
parameters. Subsequently, we benchmark the perfor-
mance of DeepSeek-R1 and its distilled students on
two public financial QA datasets as a starting point for
interdisciplinary research on financial Al, compared to
common baseline non-reasoning LLMs. Then, we dis-
cuss how DeepSeek-R1 can benefit current financial
services with its advanced reasoning ability. While
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acknowledging the strides made, we conclude that
there are potential drawbacks to current reasoning
LLMs and discuss three future research directions. In
conclusion, we argue for properly adopting reasoning
LLMs for financial Al research.

2 Preliminaries of DeepSeek-R1

In this section, we briefly introduce some prelimi-
naries of reasoning LLMs, which are divided into three
parts: the concept of CoTs, the DeepSeek-R1 training
process, and DeepSeek-R1 distillation exploration.

2.1 Concept of CoTs

Following the emergence of GPT-3, researchers
recognized the latent reasoning capabilities (Webb
et al., 2023) inside LLMs, despite unreliability in some
tasks. Specifically, it was discovered that even simple
prompt engineering, such as adding “think step by step”
(Kojima et al., 2022), could guide LLMs to generate
human-like sequential reasoning texts and improve
their performance for reasoning tasks. Fig. 1 shows an
example where DeepSeek-V3 (Liu AX et al., 2024) is
prompted to raise and answer a financial question with
and without CoT. The observation that prompting
LLMs can elicit step-by-step reasoning has sparked a
growing research interest in how to systematically
generate high-quality CoT. Subsequent work has ex-
plored various structured forms of CoT, including self-
consistent CoT (Wei et al., 2022), tree-of-thought
(Yao et al., 2023), and graph-of-thought (Besta et al.,
2024). According to OpenAl-ol’s technology report
(Jaech et al., 2024), OpenAl researchers integrated
CoT reasoning deeply into its training process, encour-
aging their model to make longer contemplation of CoT
sequences before giving final answers through RL
(Bai YT et al., 2022; Lightman et al., 2024; Zelik-
man et al., 2024). This advancement allows OpenAl-
ol to tackle more-complex reasoning tasks and pro-
vide clearer insights into its problem-solving process-
es, surpassing previous models such as GPT-4 in mul-
tistep reasoning tasks.

2.2 DeepSeek-R1 training process

To learn to generate accurate step-by-step rea-
soning CoTs, DeepSeek-R1 was trained under four
carefully designed stages (Fig. 2a):
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Future value of investment calculation example

@& Financial question:

Give me a financial question and answer it with and without chain-of-thought.

Question: “If you invest $10,000 in a savings account with an annual interest rate of 5%,
compounded annually, how much money will you have after 10 years?”

Answer without chain-of-thought:

After 10 years, you will have $16,288.95.

Answer with chain-of-thought:

Where:
« FV=Future value

« r=Annual interest rate=5%=0.05
* n=Number of years=10

Plugging in the values:

To calculate the future value of an investment with compound interest, we use the formula:

FV=PVx(1+ry

» PV=Present value (initial investment)=$10,000

FV=10,000%(1+0.05)"°
FV=10,000%(1.05)"
FV=10,000%1.628 894 626 77
FV=16,288.95
After 10 years, you will have $16,288.95.

Fig. 1 Prompting DeepSeek-V3 to raise and answer a financial question with and without chain-of-thought

1. Cold-start supervised fine-tuning (SFT): Thou-
sands of handcrafted high-quality CoTs were collected
to train DeepSeek-V3 noted as M, a powerful LLM
with 671B parameters, and model M, was obtained as
a cold-start point.

2. Reasoning-focused RL: The DeepSeek team
proposed a large-scale RL training strategy, whereby
the group relative policy optimization (GRPO) algorithm
(Shao et al., 2024) and rule-based reward models are
integrated, to guide M,—M, on reasoning-focused
tasks. As a result, M, can learn how to perform multi-
step thinking processes on coding, mathematics, sci-
ence, and logic reasoning.

3. Rejection sampling and SFT: The generated
high-quality CoTs (n=6x10°) were sampled and refined
from the responses of M,, with additional data on
more reasoning tasks. These data together with 2x10°
non-reasoning data, including writing, factual question
answering, and role-playing tasks, were used to super-
vise the M,—M, training process.

4. Final RL alignment: M, further went through
a secondary RL stage to ensure its alignment to

human preferences for helpfulness and safety, to reach
DeepSeek-R1 M,.

Given that the DeepSeek founder has a back-
ground as a quant investing researcher, it is reason-
able to assume that the DeepSeek team incorporated
finance-related reasoning data at stages 2 and 3. This
addition is of two-fold significance. First, financial
knowledge, being highly structured (Lusardi and
Mitchell, 2014), can enhance the model’s overall re-
asoning capabilities. The well-organized nature of finan-
cial concepts and rules provides a solid framework
for the model to learn and improve its logical think-
ing. Second, as a result, the model is enabled to per-
form exceptionally well on financial reasoning-type
questions. Therefore, DeepSeek-R1 performs well
in our following financial QA experiments. It can also
be concluded that high-quality CoTs play an essential
role in the success of DeepSeek-R1. Note that the
DeepSeek team has open-sourced the weight of
DeepSeck-R1 M, (the model obtained after the
fourth training stage), but not the training data.
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Fig. 2 Overview of the DeepSeek-R1 training pipeline: (a) four-stage training steps from DeepSeek V3 to DeepSeek-R1,
incorporating group relative policy optimization (GRPO)-based reinforcement learning and alignment; (b) knowledge
distillation pipeline using reasoning and non-reasoning data to train compact student models via supervised fine-tuning

2.3 DeepSeek-R1 distillation exploration

According to the training process, DeepSeek-R1
shares the same model size as DeepSeek-V3 with
671B parameters, which is not suitable for resource-
constrained conditions. To equip smaller LLMs with
reasoning ability, DeepSeek researchers explored to
perform SFT on 1.5B—70B Qwen (Bai JZ et al., 2023)
and Llama (Touvron et al., 2023) LLMs on the 800k
samples in stage 3 (Fig. 2b), obtaining models includ-
ing DeepSeek-R1-Distill-Qwen-32B and DeepSeek-R1-
Distill-Llama-8B. The DeepSeek team has shown that

distilling knowledge from these carefully sampled
data is effective, and that smaller LLMs can achieve
competitive results on math and coding tasks, com-
pared to DeepSeek-R1.

Note that these student models are actually dis-
tilled from M,, as described above, rather than from M,.
DeepSeek’s exploration is an early trial to demonstrate
the effectiveness of knowledge distillation (Hinton et al.,
2015). We believe that exploring the ways to obtain
better student models from DeepSeek-R1 M, will be
a promising future research direction.
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3 Benchmarking reasoning LLMs on financial
question answering

In this section, we benchmark DeepSeek-R1 and
its distilled student models on two public financial
QA datasets with common LLM baselines, including
DeepSeek-V3 (Liu AX et al., 2024), OpenAl-ol-preview
(Jaech et al., 2024), and OpenAl GPT-4 (Achiam et al.,
2023), to compare their performances in the finance
area.

3.1 Datasets and evaluation protocols

1. Datasets: FinEval (Guo X et al., 2023) con-
tains a total of 1321 single-choice QA pairs, which
are categorized into four primary types: finance,
economy, accounting, and certificate. Note that FinEval
includes 4661 questions in total, where the answers to
3340 questions are not released. FinancelQ (Zhang XY
and Yang, 2023) includes a total of 7173 single-choice
QA pairs from 10 subjects, such as the China Insurance
Certification Exam, the US Certified Public Accountant
Exam, and financial mathematics exams.

2. Evaluation protocols: All the LLMs are prompted
to give final answers with JSON format CoTs and an-
swers using the prompting template as shown in Fig.
3. It is noted that DeepSeek-R1 answers questions with
a long reasoning content with the “<think>...<\think>"
tag. We report the accuracy on two datasets, where
accuracy is the ratio of the number of correctly an-
swered questions to the total number of questions.

3.2 Main results

The experimental results are summarized in
Table 1. We can find that reasoning LLMs DeepSeek-
R1 and OpenAl-ol-preview significantly outperform
their predecessor general LLMs DeepSeek-V3 and
GPT-4 respectively, indicating that answering finan-
cial questions needs advanced reasoning ability. Fur-
thermore, it can be observed that DeepSeek-R1 and
DeepSeek-V3 perform better than OpenAl-ol-preview
and GPT-4 respectively by a significant margin. We
assume that this is because there exist data biases in
the datasets used, whereby most financial questions are
sampled from Chinese finance-related examinations
and OpenAl-01/GPT-4 lacks Chinese financial knowl-
edge. We can also find that DeepSeek-R1-Distill-Qwen-
32B has very competitive overall performance on these
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two datasets, considering that its learning parameters
(32B) are much fewer than those in DeepSeek-V3/R1
(671B). With 7B learning parameters, which are much
fewer than those in other models, DeepSeek-R 1-Distill-
Qwen-7B cannot achieve satisfactory results.

In addition to reporting the overall accuracy on
FinEval and FinancelQ, we specifically highlight the
performance of the Financial Mathematics subset of
FinancelQ, as all models achieve their lowest scores
in this category compared to other subjects. It can be
noted that DeepSeek-R1 shows a more pronounced
performance advantage in financial mathematics over
other models. This observation further underscores
the importance of specialized knowledge and advanced
reasoning capabilities in handling complex financial
calculations.

We present visualizations of two DeepSeek-R1
responses to financial mathematics questions in Fig. 3.
DeepSeek-R1 can perform precise calculations and
handle basic compound interest problems in finance.
Nevertheless, because of its restricted advanced finan-
cial knowledge, it may be confused by irrelevant con-
ditions in certain complex problems.

4 Discussion

4.1 Opportunities for financial applications of
DeepSeek-R1

Based on the experimental results, DeepSeek-R1
is able to play the following three roles with its current
financial knowledge:

1. Financial text processor: DeepSeek-R1 is
capable of analyzing financial news, company an-
nouncements, and other textual contents in a more
structured manner through logical reasoning. In our
experiments, DeepSeek-R1 achieves an accuracy of
more than 80% on questions related to the judgment
and interpretation of Chinese economic laws and regu-
lations. Therefore, DeepSeek-R1 can serve as a finan-
cial text processor to help financial officers in scenarios
such as financial meeting summary, research report
analysis, and compliance review.

2. Financial numerical analysis aide: DeepSeek-R1
significantly outperforms other models in FinancelQ’s
Financial Mathematics category, as shown in Table 1.
Accordingly, DeepSeek-R1 can provide users with
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RARENRITRAEFFL00057T, FFEFFTH50057T. BERNE, FFEBRMIGNERARE. FItHAERE#TRBRAS0
77T, KARNERAFENRHESERG40%. NEAPFLH60%. ATRAMNKBHEE, FEHZIEHRFZ () Bit. [CompanyAhad
an accumulated undistributed profit of 10 million yuan at the beginning of the year and a net profit of 5 million yuan this year.
According to the law, 10% of the net profit should be set aside as surplus reserve. It is estimated that the company will need to make a
long-term investment of 8 million yuan next year. The company's target capital structure is 40% debt capital and 60% equity capital.
The company follows a residual dividend policy. The dividends to be distributed this year are () *10 thousand yuan. ]

@ A.480 B.0 C.20 D.520

Question |IFRE—S—SBE, MHBERMEE IR, FEMTISONREX, [Please think step by step and provide the reasoning behind selecting

the correct answer as the output. Your output should follow the JSON format.]

{
"think" :fREYBEZFE, [Your step-by-step reasoning process]
"answer":fRMA, B, C, DHEIRBIIERHESE, [The correct choice from A, B, C, D]

}

Answer: C

<think>\nOK, | am now going to solve this accounting question. . ... (>1000 characters) ... In summary, the correct answer is Option
B.<\think>
{"think":"&%, PARAREM L—ENSFE5005 THRMI0%NEERRARE, BI5057T, FR450757T. [First, Company A
needs to set aside 10% of the net profit from the previous fiscal year, which is 5 million yuan, as the statutory surplus reserve, that is,
& 0.5 million yuan, leaving 4.5 million yuan. ]

RIERRRABER, ARABREBRRAFRBONGEAS, FEEITIIEMNS00STKIARL, W5 H800X60%=48077T. [The
DeepSeek-R1 | company needs to prioritize meeting the equity capital required for investment. The company plans to increase long-term capital by
8 million yuan this year, with the equity portion being 8 million yuan X 60% = 4.8 million yuan]
BT UENTHEFE (45057%) FRUFBBMERR (48057T) , ARERLIW4505TATRE, FREFFA0, " [Since the
distributable profit for the year (4.5 million yuan) is not sufficient to meet the equity requirement (4.8 million yuan), the company
needs to use the entire 4.5 million yuan for investment, and the residual dividend is 0.]
"Answer": "B"}

Comment: ZEEEETEEPAHNFAERG, BERETENRBRIBET, REEZERBAZSINES, FEELZERRRAT. A,
ERSMAT —EFHENHE, ATRTFEMANSHMA, BREEHR, EHELE, RIMERSFE5007TRENEZAMA480737T,
BEIM205 T EPARRT), EMERACES, [The response takes into account all the conditions given in the question, but it overlooks
the fact that under the residual dividend policy, only the cost of investment capital needs to be considered, and there is no need
toconsider the surplus reserve. Therefore, it deducts more items than necessary. The lack of specific financial knowledge leads to the
incorrect answer. Actually, we subtract the cost of equity capital, which is 4.8 million yuan, from the net profit of 5 million
yuan. The resulting 200,000 yuan is the dividend. So the correct answer is Option C.]

AFTHM—REWIBERAL00005T, EREMRAZE, F—FENELFEWINEN6%, ME_FENWRIU8%IFR XMEMEHITARES. &
i, ATESFAIBYEPREEERINEMRB S 5T?  [Aplans to borrow 10,000 yuan from a company for a period of two years. The actual
annual discount rate for the first year is 6%, while in the second year, the discount is applied twice based on an annual nominal
discount rate of 8%. What is the actual amount that A can borrow at the beginning of the year? () yuan.]

A:9665 B:9660 C:8663 D:8667

@ HBE—S—FBE, MHERMBEIRE, BEMTISONKER, [Please think step by step and provide the reasoning behind selecting

the correct answer as the output. Your output should follow the JSON format.]

Question {
"think" :fREB %242, [Your step-by-step reasoning process]
"answer":fRMA, B, C, DFREFMIEFRER, [The correct choice from A, B, C, D]

}

Answer: C

<think>\nOK, | am now going to solve this financial-math question. . ... (>1000 characters) ... In summary, the correct answer is Option

C.<\think>

{"think":" &R ERBIBEL100005T. [The loan must be repaid in full after two years with a total repayment amount of 10,000 yuan. ]

BEMIHE: BXERE%ATR (SFF—R) , SRMME4%, EFR10000THINEIE ZFHMEIMER: [Discount

& Calculation for the Second Year: The nominal discount rate of 8% is applied twice (every six months), with each discount rate being
4%. The present value of 10,000 yuan at the end of the second year, discounted to the beginning of the second year, is]

DeepSeck-RL | 10000 X (1-0.04)? = 9216

F—EWMIHE: R -FYN9216TIUE—FLIFEIME6%IEIMEI L F, [Discount Calculation for the First Year: Discount the 9,216

yuan at the beginning of the second year back to the present using the actual discount rate of 6% for the first year:]

9216 X (1-0.06) = 9216 X 0.94 = 8663.04"

"Answer": "C"}

Comment: ZEIZEMEFRDRBITESR, HREGHTERZR. [The response breaks down the problem into specific
calculation steps and ultimately arrives at the correct answer.]

Fig. 3 Two cases of DeepSeek-R1’s answers to finance math questions. The original Chinese and translated English contents
are shown for readability. DeepSeek-R1’s reasoning contents (>1000 characters) are in gray and shortened for space limitation.
The same prompting template is used for all LLMs
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Table 1 Benchmarking different LLMs on two financial QA datasets with accuracy in terms of correctly answering

questions
Model Accuracy (%)
FinEval FinancelQ FinancelQ’s Financial Math
DeepSeek-V3 82.20 73.46 54.84
DeepSeek-R1 91.52 86.35 82.80
DeepSeck-R1-Distill-Qwen-32B 82.73 77.19 56.99
DeepSeek-R1-Distill-Qwen-7B 51.17 45.63 18.28
GPT-4 70.03 63.40 37.50
OpenAl-ol-preview 78.11 79.20 72.73

Best results are in bold

numerical analysis insights that have a certain level
of credibility in various financial services, serving as an
analysis assistant. However, note that while the calcu-
lations are deemed credible, they are not infallible and
should be used with due caution.

3. Financial educator: Considering that the text
questions were collected from multiple qualification
examinations for various financial professions, and
because DeepSeek-R1 can provide not only highly
accurate choices but also detailed problem-solving
analysis steps, DeepSeek-R1 can act as a talented ed-
ucator, tutoring beginners in mastering relevant finan-
cial knowledge. However, during this process, the in-
volvement of seasoned professionals is still required
to identify any errors in DeepSeek-R1’s responses.

4.2 Limitations of DeepSeek-R1 in financial
applications

While DeepSeek-R1 has achieved satisfactory per-
formance, it is essential to recognize that there is still
a gap between the examined questions and real-world
financial practices. We identify the following four limi-
tations in applying DeepSeek-R1 to the finance domain:

1. Lack of evaluation on large-scale financial re-
asoning datasets: Our experiments are based on small-
scale, relatively simple single-choice question datasets
as an early step, and DeepSeek-R1 has not been com-
prehensively evaluated for financial fields. It is nec-
essary to establish more large-scale datasets with a
greater diversity of financial question types and more
advanced reasoning application scenarios. Such data-
sets can be used to not only evaluate the performance
of reasoning LLMs but also lay the data foundation
for further improving the performance of reasoning
LLMs in financial domains.

2. Reduced but still-existing hallucination: The
financial sector is an area under high regulation, and
even a minor error can have far-reaching consequences.
Although DeepSeek-R1 can reduce the impact of
hallucinations by demonstrating step-by-step reason-
ing process, hallucination risks still persist and are
more difficult to detect. There is a need to explore
more-advanced strategies to enhance the interpretability
of DeepSeek-R1’s black-box nature and reduce hallu-
cinations, such as combining neural and symbolic
operations (Chervonyi et al., 2025) and developing
trustworthy LLMs (Liu Y et al., 2023).

3. Lack of model collaboration: For elementary
financial text analysis tasks, such as corporate entity
extraction, strong reasoning capabilities are not always
necessary. Generation of excessively long thought
chains by DeepSeek-R1 may instead reduce process-
ing efficiency, while DeepSeek-V3, which directly
provides answers, may be more cost-effective. Thus,
DeepSeek-R1 needs to learn more from humans, who
can seamlessly switch between fast (system 1) and
slow (system 2) thinking (Hua and Zhang, 2022) and
thus strike a balance through model collaboration.

4. Lack of multimodality ability: Beyond text-
based data, the financial services domain requires
handling multimodal data, including charts, images,
audio, and price time-series data. At present, DeepSeek-
R1 is limited to the text modality. Expanding its capa-
bilities from text-centric domains to multimodal sce-
narios remains for exploration.

4.3 Future directions for DeepSeek-R1 in financial
applications

DeepSeek-R1 has already led the discussion among
Al practitioners across various industries. From the
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perspective of FinTech, here we put forward three po-
tential research directions related to DeepSeek-R1:

1. Federated financial reasoning LLMs: Consider-
ing the DeepSeek-R1 training process, the scaling law
(Kaplan et al., 2020) of high-quality reasoning data
still holds. However, building large-scale financial
datasets is challenging, considering privacy laws and
financial regulations. To address this issue, the par-
adigm of federated learning (Fan et al., 2023; Kuang
et al., 2024) can be adopted for training financial re-
asoning LLMs, where data privacy can be preserved.
An implementation of federated financial LLM training
frameworks is illustrated in Fig. 4. Moreover, protecting
the high-quality reasoning CoT data generated by finan-
cial LLMs is an important research topic for federated
financial reasoning LLMs. Exploring how to implicitly
inject “copyright-protection watermark” information
into the reasoning CoT is a worthy research direction.

Federated financial

server LLM
Federated LLM
aggregation
‘Local financial‘ ‘Local financial Local financial‘
Local-preserved LLM 1 LLM 2 LLM N
data usage 1 : 1 _ = =
— ILocaI fmanmall Local financial] ‘Local flnanmal‘
dataset 1 dataset 2 dataset N

Fig. 4 An implementation of federated financial LLM
training frameworks

2. Multimodel collaborative financial Al: Currently,
DeepSeek-R1 requires extensive CoTs to solve every
given problem. It is necessary to consider integrating
fast thinking to more efficiently address problems in
financial scenarios. Therefore, future financial Al should
be constructed through the collaboration of fast- and
slow-thinking models, and there have been some early
attempts (Miao et al., 2024; Sun et al., 2024). In addi-
tion to this paradigm combination, considering that
DeepSeek-R1 has explored distilling easy-to-deploy
student models with certain reasoning capabilities,
methods for the cooperation between large and small
language models to achieve a more computation-friendly
and low-carbon financial Al need to be explored.

3. Multimodality financial agent: Building of ad-
vanced agent systems for financial services requires
handling data from multiple modalities. Key research
directions include developing multimodality reasoning
large models that can understand and generate dif-
ferent modalities of financial data. Previous studies
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(Daiya and Lin, 2021; Zhang WT et al., 2024) have
demonstrated that integrating multimodality features
can further enhance performance compared to relying
solely on single-modality text data.

5 Conclusions

In conclusion, DeepSeek-R1 is set to inspire in-
depth research and diverse applications in financial
services. This paper details DeepSeek-R1’s technology,
benchmarks its performance on two financial QA da-
tasets, and discusses its opportunities and limitations.
As an early effort to spark interest in integrating re-
asoning LLMs into financial Al, however, our study
has the following limitation: it has been tested only on
single-choice questions with insufficient model com-
parisons. We leave the upgradation of this research for
our future work and also as open problems to the re-
search community. This work proves DeepSeek-R1’s
potential in finance, and we advocate proper use of
reasoning LLMs and suggest future financial Al re-
search directions.
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