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Figure 7: Accumulative Returns of LLM Trading Strategies on NFLX
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Figure 8: Accumulative Returns of LLM Trading Strategies on NIO
TSLA
08) —— BH
d — AR
¢ oo g e
5 e s A\ 2 M
g oa —tmm p o
é) 0.0 i
é -0.2
3 —04 \. ]
-0.61 3 h,x/'
—08 A
K > > & & & >
& & & & & &
Date
Figure 9: Accumulative Returns of LLM Trading Strategies on TSLA
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Figure 10: Accumulative Returns of LLM Trading Strategies on DIS

data and 2k test data for

Task 2: Financial Text Summarization. This task, inherited from FinBen’s generation task, is
designed to test the capabilities of LLMs to generate coherent summaries. It provides 8k training
abstracting financial news articles into concise summaries. We utilize three
metrics, such as ROUGE (1, 2, and L) and BERTScore, to evaluate generated summaries in terms of
Relevance. ROUGE -1 score is used as the final ranking metric.
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Figure 11: Accumulative Returns of LLM Trading Strategies on GM

Table 11: Tasks and Datasets of FinLLM Challenge.

Category Tasks Datasets Evaluation Metrics
Training set ~ Test set
Task 1 Financial Classification 7.75k 969 F1 Score, Acc
Task 2 Financial Text Summarization 8k 2k ROUGE-1, ROUGE-2, ROUGE-L, BERTScore

h Rati lative R
Task 3 Single Stock Trading 291 25 _ SharpeRatio, Cumulative Return,
Maximum Drawdown, Daily and Annualized Volatility,

Task 3: Single Stock Trading. This task, inherited from FinBen’s Trading task, aims to evaluate
LLMs’ ability to make sophisticated decisions in trading activities, which is currently restricted
by human’s limited ability to process large volumes of data rapidly. It specifically provides 291
data different from FinBen datasets, to evaluate LL.Ms on sophisticated stock Decisions. We offer
a comprehensive assessment of profitability, risk management, and decision-making prowess by a
series of metrics, such as Sharpe Ratio (SR), Cumulative Return (CR), Daily (DV) and Annualized
volatility (AV), and Maximum Drawdown (MD). Sharpe Ratio (SR) score is used as the final ranking
metric.

G.2 Model Cheating Detection

To measure the risk of data leakage from the test set used in training, we introduce the Data Leakage
Test (DLT). The DLT calculates the difference in perplexity between the training set and the test
set. A larger difference indicates a lower likelihood of model cheating, while a smaller difference
suggests a higher likelihood. For our FinLLM Challenge, we invite Top-3 participant teams per task
for cheating detection.

G.3 Participants and Automatic Evaluation

There are 35 teams registered for FinLLM Challenge, with 12 teams submitting their system descrip-
tion papers. Participants can opt to join one or more task(s).

As shown in Table[I2] the top 3 teams achieved outstanding performance in Task 1. Their models’ F1
scores were comparable to L1aMA3-8B, although slightly inferior to GPT-4 and LLaMA2-70B, yet
significantly outperformed FinMA and other models. The results in Table [I2] further demonstrate that
our FinLLM share task provides an excellent framework for participating teams to achieve superior
experimental outcomes.

Table 12: The Result of Taks 1: Financial Classification

Teams ACC F1 McCC
Team Barclays 0.7626  0.5237  0.7427
Albatross 0.7574 05174  0.7555
L3iTC 0.7544 05149  0.7581

Wealth Guide 0.7513  0.5018  0.7406
Finance Wizard ~ 0.7286  0.4554  0.7008

CatMemo 0.711 0.4199  0.6818
Upaya 0.709 0.4166  0.6941
Vidra 0.7079 04141 0.69

jt 0.4933  0.0141 0.5905
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As illustrated in Table[T3] in terms of the Rouge- 1 metric, the models of these three teams surpassed all
other models, demonstrating superior performance. The results in Table 2 indicate that, for financial
generation tasks, our provided dataset and model framework help participating teams leverage their
strengths and achieve better outcomes.

Table 13: The Result of Taks 2: Financial Text Summarization

Teams Rouge-1 Rouge-2 Rouge-L BertScore BartScore
Wealth Guide 0.308893532  0.179468097  0.281924302 0.85959909 -4.961457408
Albatross 0.369077581  0.201058395  0.322684316  0.872049115  -3.933526929
LBZ 0.534616211  0.358105428  0.492179554  0.911732047  -3.407560172
L3iTC 0.366093426  0.187210467  0.304610677  0.875037043  -4.257126737
Finance Wizard ~ 0.521037018 0.34060938 0.473530112 0.90836845 -3.497988865
Vidra 0.284955468  0.134760859  0.228638961  0.858682767  -4.169740305
Revelata 0.500411369  0.333023818  0.464356474  0.907018743  -3.805486962
Upaya 0.529459817  0.358203218  0.486046685  0.910644962 -3.45155009

As shown in TabldI4] the Top-1 Wealth Guide team excelled in the Sharpe Ratio metric, surpassing
other teams and demonstrating outstanding performance. While it may not match the performance of
GPT-4, it still outperforms other large models. These results from Table 3 once again underscore
the significance of organizing the FinLLM share task. The FinLLM Challenge not only assesses the
performance of large language models (LLMs) but also fosters further research into applying LLMs
in the financial domain.

Table 14: The Result of Taks 3: Single Stock Trading

Teams Sharpe Ratio Sharpe Ratio-DRIV ~ Sharpe Ratio-FORM  Sharpe Ratio-JNJ Sharpe Ratio-MSFT
Wealth Guide ~ 0.9263852228 0.485625528 1.585611423 0.078737051 1.555566991
Upaya 0.467489019 0.380232272 0.108506918 -1.102831656 -0.278385232
Albatross 0.48383204 0.251306057 -1.435471054 -1.558522674 1.309971626
CatMemo -0.619939784 -1.393291177 0.175932289 0.383243051 -0.879157198

H Performances of non-LLM methods

In this section, we present the performances of non-LLM methods on stock movement prediction
and financial NLP tasks from previous papers. Note that non-LLM methods are task-oriented, each
model can only run on a specific task.

H.1 Stock Movement Prediction

Stock movement prediction performance of non-LLM models are shown in Table The results are
from (Xie et al.l [2023b).

Table 15: Stock movement prediction performance of non-LLM models, measured with the accuracy
(ACC) and the Matthews correlation coefficient (MCC). The best performance is in bold.
Method BIGDATA22 ACL18 CIKM18
ACC  MCC ACC MCC ACC MCC
Logistic regression (LR) 0.53 0.02 0.52 0.04 0.53 -0.04

Random forest (RF) 0.47 -0.11 0.52 0.03 0.54 0.01
LSTM 0.51 0.01 0.53 0.06 0.53 0.02
Attention LSTM (ALSTM) 0.49 -0.03 0.52 0.04 0.53 -0.01
Adv-ALSTM 0.50 0.01 0.53 0.07 0.54 0.02
DTML 0.52 0.07 0.58 0.18 0.54 -0.00
XGBoost 0.52 -0.04 0.49 -0.02 0.58 0.07
XGBRegressor 0.46 -0.13 0.50 -0.01 0.53 -0.03
ALSTM-W 0.48 -0.01 0.53 0.08 0.54 0.03
ALSTM-D 0.49 0.01 0.53 0.07 0.50 -0.04
StockNet 0.53 -0.00 0.54 -0.03 0.52 -0.02
SLOT 0.55 0.10 0.59 0.21 0.56 0.09

H.2 Financial NLP Tasks

BERT-based model results of financial NLP tasks are shown in Table @ The results are from (Shah
et al.,[2022).

https://doi.org/10.52202/079017-3033 95741



Table 16: Financial NLP tasks performances of BERT-based models. The best performance is in
bold.

Method FPB Headline NER  FiQA SA
Accuracy AvgFl1 Fl1 MSE
BERT-base 0.856 0.967 0.79 0.073
FinBERT 0.872 0.968 0.8 0.070
FLANG-BERT 0.912 0.972 0.83 0.054
ELECTRA 0.881 0.966 0.78 0.066
FLANG-ELECTRA 0.919 0.98 0.82 0.034

H.3 Financial Risk Management Tasks

Traditional model results of financial risk management tasks are shown in Table The results are
from (Feng et al.| [2024).

Table 17: Performance of various models on financial risk management datasets. The best perfor-
mance for each metric is in bold.

Dataset Method Metric Value
Credit Card Fraud ANN F1 0.85
MCC 0.17
ccfraud EGRNN++ F1 0.90
MCC 0.34
Polish Bayesian F1 0.99
MCC 0.57
Travel Insurance Random Forest F1 0.91
MCC 0.15

Limitations

Despite the novel efforts to benchmark LLMs in the financial domain through FinBen, we acknowl-
edge several inherent limitations that could impact the benchmark’s effectiveness and applicability:
Dataset Size Limitations: The restricted size of available datasets, a common issue in open-source
financial data, may affect the models’ financial understanding and generalization across various
contexts. Model Size Limitations: Due to computational constraints, our evaluation was limited to
the LLaMA 70B model, potentially overlooking the capabilities of larger or differently architected
models. Generalizability: The tasks, particularly trading and forecasting, are based on American
market data and English texts, possibly limiting the benchmark’s applicability to global financial mar-
kets. Potential Negative Impacts: While FinBen aims to advance financial language understanding,
it is crucial to consider potential misuse, such as propagating financial misinformation or exerting
unethical influence on markets. Responsible usage and further safeguards are essentiafﬂ

Ethical Statement

The development and dissemination of the FinBen by the authors carry full responsibility for any
potential violation of rights or arising legal issues. All raw data we used are publicly available and do
not contain any personal information. Diligent efforts have been undertaken to ensure the construction
of the FinBen respects privacy and conforms to established ethical guidelines. The datasets compiled
within FinBen are shared under the MIT license, with the expectation that users agree to adhere to its
conditions.

This manuscript, inclusive of any associated source codes, datasets, and appendices ("Material"),
is designated exclusively for academic and educational pursuits. It is crucial to acknowledge that
the Material does not provide financial, legal, or investment counsel, nor should it be utilized as a
foundation for any form of decision-making.

While the authors have exerted reasonable diligence to verify the accuracy and reliability of the
Material, no explicit or implied warranty is extended regarding its completeness or suitability for any

For a detailed ethical and legal statement concerning this work, please see Appendix.
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specific application. The authors, along with their affiliated entities, absolve themselves of liability
for any losses, damages, or other consequences, whether direct or indirect, that may emanate from
the employment or reliance upon the Material. It is incumbent upon the user to seek professional
consultation for financial, legal, or investment determinations.

By referencing or employing this Material, individuals consent to indemnify, defend, and hold the
authors, along with any affiliated organizations or persons, harmless against any claims or damages
that may arise from such utilization.

Disclaimer: We are sharing codes for academic purposes under open-source license. Nothing
herein is financial advice, and NOT a recommendation to trade real money. Please use common
sense and always first consult a professional before trading or investing.

Checklist

1. For all authors...
(a) Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope? [Yes]
(b) Did you describe the limitations of your work? [Yes] See Limitation (Section [H.3).

(c) Did you discuss any potential negative societal impacts of your work? [Yes] See Ethical
Statement (Section [H.3).

(d) Have you read the ethics review guidelines and ensured that your paper conforms to
them? [Yes] See Ethical Statement (Section [HL.3).
2. If you are including theoretical results...

(a) Did you state the full set of assumptions of all theoretical results? [N/A]
(b) Did you include complete proofs of all theoretical results? [N/A |

3. If you ran experiments (e.g. for benchmarks)...

(a) Did you include the code, data, and instructions needed to reproduce the main experi-
mental results (either in the supplemental material or as a URL)? [Yes] See Introduction
(Section[T).

(b) Did you specify all the training details (e.g., data splits, hyperparameters, how they
were chosen)? [IN/A] Our benchmark only includes the evaluation process.

(c) Did you report error bars (e.g., with respect to the random seed after running experi-
ments multiple times)? [Yes] See TableE}

(d) Did you include the total amount of compute and the type of resources used (e.g., type
of GPUs, internal cluster, or cloud provider)? [Yes] See Experimental Settings (Section

B).
4. If you are using existing assets (e.g., code, data, models) or curating/releasing new assets...

(a) If your work uses existing assets, did you cite the creators? [Yes]
(b) Did you mention the license of the assets? [Yes]

(c) Did you include any new assets either in the supplemental material or as a URL? [Yes]
Our Introduction (Section [I)) contains a link for all data used in FinBen.

(d) Did you discuss whether and how consent was obtained from people whose data you’re
using/curating? [Yes] Our dataset statistics (Table [2)) contains licenses for all used
datasets.

(e) Did you discuss whether the data you are using/curating contains personally identifiable
information or offensive content? [Yes] See Ethical Statement (Section [H.3).
5. If you used crowdsourcing or conducted research with human subjects...
(a) Did you include the full text of instructions given to participants and screenshots, if
applicable? [N/A]
(b) Did you describe any potential participant risks, with links to Institutional Review
Board (IRB) approvals, if applicable? [IN/A]

(c) Did you include the estimated hourly wage paid to participants and the total amount
spent on participant compensation? [N/A]
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