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Abstract

While Large Language Models (LLMs) have
significantly advanced financial analysis, their
scope has predominantly been limited to mono-
lingual applications, with bilingual Chinese-
English capabilities largely unexplored. To
bridge this gap, we present ICE-PIXIU, in-
tegrating the ICE-INTENT model and ICE-
FLARE benchmark for bilingual financial anal-
ysis. ICE-PIXIU uniquely incorporates a range
of Chinese instruction tasks, alongside trans-
lated and original English datasets, extending
the reach and depth of bilingual financial mod-
eling. Our extensive analysis reveals that in-
tegrating these bilingual datasets, especially
translation tasks and original English data, not
only enhances the model’s linguistic adaptabil-
ity but also deepens its analytical acumen in
financial contexts. ICE-INTENT, in particu-
lar, demonstrates a marked improvement over
general-domain LLMs in bilingual settings,
showcasing the substantial impact of rich bilin-
gual data on the precision and effectiveness of
financial NLP.

1 Introduction

Inspired by the success of general-domain large
language models (LLMs) (Chang et al., 2023),
the exploration of LLMs in the financial sec-
tor is gaining momentum. Starting with the
broad capabilities of models like GPT-3.5 (Kalyan,
2023) and GPT-4 (OpenAl, 2023), the focus has
shifted towards more specialized models such as
BloombergGPT (Wu et al., 2023), which tackles
the complex nuances of financial language and con-
cepts. Subsequently, open-sourced models like
PIXIU (Xie et al., 2023), FinGPT (Yang et al.,
2023b) and InvestLM (Yang et al., 2023c) emerged,
concentrating on various financial tasks. Notably,
PIXIU marks an important advancement in over-
coming the hurdles associated with open-source
comprehensive instruction tuning data and evalua-
tion benchmarks in this field.

Beyond the efforts in English-centric models,
Chinese financial LLMs (FinLLMs) have also
made notable advances. XuanYuan2.0 (Zhang,
2023) exemplifies this trend, focusing on the intri-
cacies of Chinese financial language. This has been
followed by models such as DISC-FinLLM (Chen
et al., 2023) and CFGPT (Li et al., 2023a), which
further the capabilities in Chinese financial analysis
and reasoning. Recently, PanGu- 7 (Wang et al.,
2023) continue pretrained a financial LLMs which
improves the performance on Chinese financial ex-
aminations.

However, there is a significant challenge in their
application and assessment in bilingual contexts,
especially regarding model development, instruc-
tion dataset diversity, and evaluation methodolo-
gies in English and Chinese. As Table 1 illustrates,
most FinLLMs are tailored exclusively for either
English or Chinese, which underscores a significant
shortfall in models proficient in both languages.

This issue is further compounded in the domain
of instruction datasets. While there are tasks en-
compassing classification, extraction, and predic-
tion, these datasets, particularly for Chinese, show
a notable lack of diversity in each task category.
Furthermore, the original English datasets and their
subsequent translations into Chinese, are often
overlooked in the development of comprehensive
bilingual instruction datasets.

Correspondingly, the evaluation methodologies
for these models tend to mirror these linguistic
limitations, focusing mainly on monolingual as-
sessments and failing to comprehensively evaluate
bilingual proficiency. To address these challenges
in the Financial LLM sector, there is a critical
need for more diverse Chinese instruction datasets
in both classification, extraction, and prediction,
alongside a greater focus on the utilization and
translation of original English datasets into Chi-
nese.

To address this issue, we introduce ICE-PIXIU,



Evaluation Open Source

Model Size |Language zh en oft |Model Data ‘Release Date
BloombegGPT (Wu et al., 2023) | 50B en 05 O v X 03/30/23
InvestLM (Yang et al., 2023c) 65B en 09 O v X 09/14/23
FinGPT (Yang et al., 2023b) 7/13B en 06 O v X 11/10/23
PIXIU (Xie et al., 2023) 7/13B en 012 3 v 4 06/01/23
XuanYuan2.0 (Zhang, 2023) 176B zh 01 0 X X 05/19/23
CFGPT (Li et al., 2023a) 7B zh 6 0 0 4 X 09/01/23
DISC-FinLLM (Chen et al., 2023)| 13B zh 70 0 v X 10/24/23
PanGu- 7 (Wang et al., 2023) 1/7B zh 70 O X X 12/27/23
ICE-PIXIU 7B zhen (2512 3 4 4 12/10/23

Table 1: Overview of various FinLLMs. We outline their model size, language proficiency, evaluation counts in
Chinese [zh], English [en] and out-of-field [en-oft] tasks, open source, and release date.

a comprehensive framework that features ICE-
INTENT and ICE-FLARE, the first cross-lingual
bilingual financial model and evaluation bench-
mark, respectively. This framework is character-
ized by several key attributes:

¢ Bilingual Proficiency: ICE-INTENT, a com-
ponent of ICE-PIXIU, demonstrates outstand-
ing bilingual proficiency in English and Chi-
nese, essential for global financial data pro-
cessing.

* Diverse Chinese Datasets: ICE-PIXIU ad-
dresses gaps in Chinese financial NLP by in-
corporating a variety of Chinese classification,
extraction, and prediction tasks, enhancing
training and performance.

¢ Incorporation of Translation and English
Data: The framework expands its capabili-
ties by including translation tasks and English
datasets, bolstering its bilingual training and
application.

* Cross-Lingual Evaluation with ICE-
FLARE: ICE-PIXIU introduces ICE-FLARE,
a rigorous cross-lingual evaluation tool,
ensuring consistent model performance in
diverse linguistic contexts.

* Open-Source Contribution: With its open-
access approach, ICE-PIXIU offers its re-
sources to the research community, fostering
collaborative advancement in financial NLP.

In the creation of ICE-INTENT, we meticulously
gathered 40 datasets, which consisted of 1,185,076
raw data, 563,151 instruction data, and 95,091 eval-
uation data, strategically covering a wide range
of financial tasks. This ensemble, as detailed in

Table 1, comprises 9 datasets each in Chinese clas-
sification (zh-CLS) and English (en), and 8 each in
Chinese information retrieval (zh-IR) and datasets
translated from English (zh-TRAN). This diverse
array not only underscores our method’s commit-
ment to linguistic breadth but also to task-specific
depth, ensuring ICE-INTENT’s proficiency across
various financial scenarios. Complementing this,
ICE-FLARE, our cross-lingual evaluation bench-
mark, incorporates 40 evaluation tasks—25 in Chi-
nese and 15 in English. This robust framework
highlights our approach’s unique strength in pro-
viding comprehensive cross-lingual consistency as-
sessments, a crucial aspect for bilingual financial
language models.

In our evaluation conducted using ICE-FLARE,
we observed distinct performance patterns of our
financial language model in comparison with ad-
vanced general-domain LLMs. The results firstly
emphasized the model’s enhanced capabilities in
cross-lingual tasks, particularly in handling com-
plex and lengthy text, underscoring the critical
role of bilingual data integration in financial lan-
guage modeling. Subsequently, the model exhib-
ited proficiency in translation tasks, highlighting its
adeptness at managing linguistic variations crucial
for global financial contexts. Finally, our model
outperformed general LLMs in tasks specifically
fine-tuned for the financial domain but faced chal-
lenges in less familiar tasks within ICE-FLARE.
This delineates the specialized nature and unique
challenges of the financial sector, reinforcing the
need for tailored financial language models.

2 Method

2.1 Raw Data Construction

In this section, we introduce our bilingual Chinese-
English dataset, designed for multi-task bilingual
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Figure 1: Sunburst chart of datasets with Chinese-
English bilingual multiple financial specific tasks.

instruction tuning and evaluation benchmarks, fea-
turing 34 data types across 13 financial tasks for
applications like text analysis, generation, and pre-
diction, derived from real-world financial contexts.
This dataset stands out by utilizing expert-curated,
high-quality sources, offering cost-efficiency over
ChatGPT-based methods without usage restrictions,
and providing varied data formats and multilingual
support for flexible task adaptation. Details of our
data are in Appendix 4, Table 3.

2.1.1 Chinese Financial Datasets

We present a comprehensive dataset catering to
two pivotal aspects of Chinese financial text anal-
ysis including text classification (zh-CLS), infor-
mation extraction (zh-EXT), text generation (zh-
GEN), prediction (zh-PRE).

zh-CLS. For zh-CLS, our dataset covers es-
sential tasks such as sentiment analysis (FinSA),
semantic matching (FinSM), news classification
(FinNC), negative judgment (FinNJ), and answer
selection (FinAS). 1) Sentiment Analysis. 1t is
the process of analyzing and determining the senti-
ment expressed in financial texts (Sohangir et al.,
2018; Araci, 2019). We’ve compiled well-known
datasets for financial sentiment analysis including
the FE (Lu et al., 2023) and the StockB ! dataset. 2)

"https://huggingface.co/datasets/kuroneko5943/
stock11

Negative Judgment. Financial news negative judg-
ment focuses on identifying finance and economics-
related negativity, unlike broader financial senti-
ment analysis. We use the FinNSP dataset (Lu
et al., 2023), with social media as its source like
the FE dataset, labeling data as "#&" (indicating
a match) or "%&" (indicating a mismatch). 3) Se-
mantic matching. Financial semantic matching
determines if financial texts or sentences are se-
mantically similar, using two datasets: the Bank
Question Corpus (BQC) (Chen et al., 2018) from
Chinese bank customer logs and the Ant Finan-
cial Question Matching Corpus (AFQMC) (Xu
et al., 2020) from the Alipay competition, both uti-
lizing binary classification for match identification.
4) News Classification. Financial news classifica-
tion involves assigning financial articles to cate-
gories based on their content, using the FinNL (Lu
et al., 2023) dataset from sources like Sina and
Tencent Finance. We processed this dataset into
binary and multi-class labeled data, referred to as
NL and NL2, respectively. 5) Answer Selection.
Financial answer selection, a task requiring the
choice of the correct option from "A", "B", "C",
"D" based on a financial context, assesses financial
reasoning and decision-making skills. The FinEval
dataset (Zhang et al., 2023a), comprises 4,661 ques-
tions across finance, economy, accounting, and cer-
tification categories, from which we’ve curated data
for ten key finance subjects as FinEvalF.

For zh-EXT, our dataset includes question
answering (FinQA), named entity recognition
(FinER), relation extraction (FinRE) and event de-
tection (FinED). 1) Question Answering. This task
aims to extract accurate answers from the given
text to answer questions related to an event men-
tioned in the text. We have collected a Chinese
dataset named QA (Han et al., 2022). 2) Relation-
ship Extraction. The Financial RE task identifies
connections between entities using the FinRE (Lu
et al., 2023) dataset, which includes financial news
and entity pairs across 44 categories (e.g. "&
1% (cooperation)"» "# M (shareholding)", etc.). 3)
Name Entity Recognition(NER). The NER task
identifies financial entities using the comprehensive
CNER Chinese dataset (Jia et al., 2020). 4) Event
Detection. Financial event detection involves rec-
ognizing and comprehending specific incidents be-
yond industry categorization. We collected four
datasets 2 from China Conference on Knowledge

2https: //www.biendata.xyz/competition/{ccks_
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Graph and Semantic Computing (CCKS). Unlike
similar work (Lei et al., 2023) that focuses on de-
tecting 254 different event types in four categories,
our task further includes the task of identifying
causal relationships between events (/& B ¥ #F £
7 /Cause event type— %5 & F #F £ 2! /Result event
type).

For zh-PRE, we focus on the Stock Pre-
diction (FinSP) task. It involves categoriz-
ing stocks into three categories ("& I T
& (underperforming)"," ¥ i X % (outperforming
the market)"," ¥ £ (neutral)") by combining stock
data and financial news context. We collected the
StockA dataset (Zou et al., 2022), features stock-
specific news and factors for China’s A-shares mar-
ket, including minute-level price history, setting it
apart from similar datasets (Xu and Cohen, 2018;
Zhou et al., 2021) by offering comprehensive data
on individual stocks. For zh-GEN, we include the
Text Summarization (FinTS) task. It aims to con-
dense complex financial information into concise
summaries. We compiled the FinNA (Lu et al.,
2023) Chinese dataset, referred to as NA, sourcing
content from research reports and focusing on their
conclusions and abstracts as targets.

2.1.2 English Financial Datasets

For our English dataset, we utilize datasets from
PIXIU (Xie et al., 2023), a comprehensive source
for English financial data tailored for LLMs. The
dataset includes five parts: text classification (en-
CLS), information extraction (en-EXT), predic-
tion (en-PRE), reasoning (en-REA) and out-of-field
task (en-OFT). en-CLS covers the sentiment anal-
ysis task using the Financial Phrase Bank (FPB)
and FiQA-SA dataset, the Headline Classification
(FinHC) task using the Headlines dataset (Sinha
and Khandait, 2021), and the Credit Classifica-
tion (FinCC) task. For credit classification that
focusing on predicting whether a real-world user
will default or not, we employ two datasets, Ger-
man (Hofmann, 1994) and Australian (Quinlan).
en-EXT includes the NER task using the CoNLL-
2003 English dataset (Alvarado et al., 2015) named
as NER, annotating financial texts for LOCATION,
ORGANISATION, PERSON, and MISCELLA-
NEOUS entities. en-PRE includes the stock pre-
diction (FinSP) task using three commonly-used
English datasets: ACL18 (Xu and Cohen, 2018),
CIKM18 (Wu et al., 2018) and BigData22 (Soun

2019_4,ccks_2020_4_1, ccks_2021_task6_2, ccks2022_
eventext}

et al., 2022). en-REA tackles the QA task using
FinQA (Chen et al., 2021) as EnQA, and Con-
vFinQA (Chen et al., 2022) dataset, requiring logi-
cal and mathematical reasoning. Additionally, we
introduce en-OFT including NER, text summa-
rization and the Hawkish-dovish Classification
(FinDC) task. In NER task, we utilize the FINER-
ORD (Alvarado et al., 2015) dataset, which pro-
vides labels for entities such as PERSON, LOCA-
TION, and ORGANIZATION. For text summariza-
tion, we use two datasets: ECTSUM (Mukherjee
et al., 2022) and EDTSUM (Zhou et al., 2021).
ECTSUM involves extracting key sentences from
texts, while EDTSUM focuses on generating fitting
news headlines through abstractive summarization.
FinDC aims to classify sentences from monetary
policy texts into a "hawkish" or "dovish" stance, un-
like standard sentiment analysis, using the FOMC
(Shah et al., 2023) dataset.

2.1.3 Translation Datasets

To bolster the model’s proficiency in bilingual and
cross-lingual tasks, we used ChatGPT to translate
eight English datasets (zh-TRA) across four tasks:
stock prediction, question answering, sentiment
analysis, and headline classification—into Chinese,
detailed in Table 3. We fully translated datasets for
text-focused tasks like sentiment analysis and head-
line classification. For the more complex QA and
stock prediction tasks, only validation sets were
translated. The sentiment analysis datasets FPB
and FiQA-SA became CFPB and CFiQA-SA in
Chinese, labeled with sentiments: "7¥ 42" ("Neg-
ative"), " t" ("Neutral"), and "# %" ("Posi-
tive") of sentiment polarity. The Headlines dataset
was translated to CHeadlines, with labels "&"
("Yes"), and "&" ("No"). For the QA datasets
including EnQA and ConvFinQA, we write spe-
cific prompt to retain the information such as ta-
bles, stock names, time series, and other relevant
data, creating new Chinese datasets labeled CEnQA
and CConvFinQA. For stock prediction tasks like
ACL18, CIKM18, and BigData22, we employ reg-
ular expressions to extract the stock descriptions.
After that, we use similar prompt to translate and
retain information such as stock names and time.
Finally, we combine them with historical prices
to form the Chinese datasets named as CACL18,
CCIKM18, and CBigData22, respectively. We dis-
carded error-prone or untranslatable data to main-
tain data quality. An example of our translation
method is in the Appendix.
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2.2 ICE-FIND: Bilingual Financial
Instruction Data

Base on the different task of raw datasets, we
further construct our bllingual Chinese-English
Financial InstructioN Dataset (ICE-FIND),
covering 13 tasks and 36 datasets with K data
samples in total, as detailed in Appendix 4, Table
3. This dataset compilation combined raw data
with expertly devised prompts, generating 20-30
unique prompts for each category. We assessed
these prompts through human evaluations focusing
on accuracy, naturalness, and informativeness
using a 1-3 scale (See Appendix 4 for details), to
identify the most effective ones. These prompts
were tested on various LLMs using the ChatALL
platform 3, showing satisfactory performance in
most cases. For English tasks, we paired each
dataset with all applicable prompts, excluding
EnQA and ConvFinQA tasks. For Chinese tasks,
due to the extensive amount of raw data, we
selected one prompt per dataset at random. The
instruction examples are presented in Appendix
4). The final step involved transforming these
datasets into instruction-tuning samples, compris-
ing human-crafted instructions, input texts, and
responses, formatted in the following JSON format:
{"id": "{data_id}",
"conversations": [

{"from": "human", "value": "{prompt} {input}"},
{"from": "agent", "value": "{answer}"}]}

{data_id} represents the ID of each data sample,
{prompt} is the task-specific prompt, {input} refers
to input, {answer} denotes the expected answer.

2.3 ICE-INTERN: Bilingual Financial Large
Language Model

Leveraging InternLM-7B, a top-performing LLM
for English-Chinese bilingual tasks, we developed
ICE-INTERN-7B using the ICE-FIND dataset. We
fine-tuned variants of ICE-INTERN to measure
the effect of different data types, creating "ICE-
INTERN-CEP-7B" with classification and predic-
tion data, "ICE-INTERN-GE-7B" with extraction,
generation, and reasoning data, "[CE-INTERN-
TRA-7B" with English-to-Chinese translation data,
and "ICE-INTERN-full-7B" with the complete
dataset. We employed QLoRA (Hu et al., 2021), a
parameter-efficient tuning technique, with uniform
2048-token sequence lengths. Optimization was
done using AdamW with a 5e-5 initial learning
rate and le-5 weight decay, plus a 1% total step

3h'ctps ://github.com/sunner/ChatALL

warmup. All models were fine-tuned for one epoch
in batches of 24 on eight A100 40GB GPUs, using
consistent hyperparameters across all models.

2.4 ICE-FLARE: Bilingual Financial
Evaluation Benchmark

Based on BiFinID, we refer to the evaluation
metrics used in FLARE for similar tasks to de-
sign our bilingual multi-task evaluation benchmark,
ICE-FLARE. The tasks, metrics and compared
benchmarks ([1]JFLARE (Xie et al., 2023), [2]CF-
Benchmark (Lei et al., 2023), [3]JFinCUGE (Chen
et al., 2023), [4]JFLUE (Sanh et al.,, 2022),
[5]Fineval (Zhang et al., 2023a), [6]CGCE (Zhang
et al., 2023b) ) for ICE-FLARE are presented in Ta-
ble 2. (Xie et al., 2023) has already demonstrated
the superiority of FLARE compared to FLUE in
English benchmark. According to Table 2, it is evi-
dent that ICE-FLARE surpasses the existing bench-
marks by a significant margin in terms of both task
diversity and data scalability. Even though Fin-
CUGE has a relatively higher number of financial
evaluation tasks, the difference in quantity on the
evaluation dataset compared to ICE-FLARE is still
close to 8 times. These public benchmarks pro-
vide valuable references and inspiration for our test
construction. However, they still face challenges
in evaluating multilingual FinLL.Ms and there are
limitations in applying them to real-world financial
decision-making scenarios, such as credit classi-
fication. In conclusion, we provide ICE-FLARE,
which offers bilingual evaluation benchmark and a
more comprehensive assessment of diversity tasks,
is necessary for improving bilingual FinLLM:s.

3 Experiments

We select six representative and outstanding LLMs
for evaluating performance.

1) ChatGPT(OpenAl #): ChatGPT-3.5-Turbo
and ChatGPT-4, developed by OpenAl, are widely
recognized LLMs with versatile functionalities.
2) LLaMa (Touvron et al., 2023): LLaMa and
advanced Llama2 are powerful LLMs developed
by Meta Al, with parameter sizes ranging from
7 billion to 650 billion. 3) Baichuan (Yang
et al., 2023a): Baichuan is a LLM developed by
Baichuan-inc for Chinese and English NLP tasks,
available in Baichuan-7B and Baichuan-7B-Chat
variants. 4) ChatGLM (Du et al., 2021):Chat-
GLM is an advanced bilingual LLM developed

4Https: //www.openai.com/chatgpt
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Table 2: The detailed of our bilingual multi-task eval-
uation datasets and metrics in ICE-FLARE. "Cover"
indicates whether the public benchmark ([1]FLARE,
[2]CFBenchmark, [3]FinCUGE, [4]FLUE, [5]Fineval,
[6]CGCE) cover the specific task of ICE-FLARE.

by Tsinghua University and ZhiPu Al, with ver-
sions like ChatGLM?2-6B and ChatGLM?3-6B. 5)
BLOOM (Muennighoff et al., 2022): BLOOM,
developed by the BigScience team, is a versatile
LLM with parameter sizes ranging from 560M to
176B, including Bloomz-7b1. 6) InternLM (Team,

2023): InternLM is a language model developed
by SenseTime, featuring different parameter con-
figurations such as InternLLM-7B. 7) Qwen (Bai
et al., 2023): Qwen is a series of advanced LLMs
introduced by Alibaba Cloud, including Qwen-7B
for conversational capabilities in Chinese.

Following (Wu et al., 2023; Li et al., 2023b; Xie
et al., 2023), we employed two common used zero-
shot and few-shot evaluation methods to assess the
model’s adaptability and performance.

3.1 Results

We present evaluation results of various LLMs and
ICE-INTERN variants on diverse tasks in Figure 2.
The detailed results are shown in Appendix 5.

Model Overall Performance. Overall, ICE-
INTERN-full-7B, a model fine-tuned on the entire
dataset, emerged as the standout performer, achiev-
ing the best results in a significant majority of tasks.
This model demonstrated exceptional superiority,
securing the top spot in 21 out of the total tasks
when including ChatGPT and GPT-4 results, and
an even more impressive 24 tasks when excluding
these two models. This underscores the effective-
ness of domain-specific fine-tuning and the critical
role of task data scale in enhancing LLM perfor-
mance within specific domains. This fully demon-
strates the exceptional superiority of ICE-INTERN
and highlights the importance of domain-specific
instruction fine-tuning and task data scale in im-
proving the performance of LLMs in specific do-
mains.

GPT-4 showcased robust performance, espe-
cially in the English dataset tasks, as indicated
by the results cited from previous studies. While
demonstrating strong performance on tasks within
the English dataset, it evidenced less effective-
ness in Chinese tasks, a trend consistent with
other English financial fine-tuned and backbone
LLMs. This highlights a significant language dis-
parity, where models excel in English language
tasks but face challenges in Chinese financial tasks.
Comparatively, InternLM consistently surpasses
the LLaMA2 model across all tasks, affirming our
decision to utilize InternLM as the foundational
model over LLaMA, as employed in related re-
search (Yang et al., 2023c; Wu et al., 2023; Xie
et al., 2023).

Ablation Study. In our ablation study, we ob-
served distinct patterns in the performance of Large
Language Models (LLMs) when applied to tasks
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Figure 2: Multiple radar charts illustrating the performance of various LLMs and ICE-INTERN variants on diverse

tasks.

involving limited resource languages compared to
English, shedding light on critical considerations
for the development of LLMs in the finance domain.
Specifically, classification and prediction tasks had
minimal impact on the performance of the fine-
tuned ICE-INTERN-CEP-7B model. In contrast,
the inclusion of extraction tasks significantly en-
hanced the capabilities of the ICE-INTERN-GE-7B
model, underscoring the importance of comprehen-
sion and reasoning in financial applications.

Interestingly, the adaptation of translated instruc-
tions for fine-tuning in the ICE-INTERN-TRA-7B
model did not foster improvements, and in some
cases, it led to a decline in performance. This ob-
servation aligns with findings from previous stud-
ies (Chen et al., 2023; Xie et al., 2023), suggesting
that while the InternLM backbone model demon-
strates proficiency in classification tasks, extrac-
tion tasks—which demand a deeper level of under-
standing—are pivotal for augmenting model per-
formance. Additionally, these results highlight the

detrimental effect of low-quality translation data
on model efficacy, suggesting that enhancements
in translation quality are essential for optimizing
the performance of LLMs in multilingual contexts.

Bilingual Case Analysis. In our investigation
into cross-lingual tasks within the financial domain,
specifically FinHC, FinSA, and FinSP, the ICE-
INTERN-full-7B model demonstrated enhance-
ments in performance, with gains ranging from
1% to 10% upon integrating corresponding trans-
lation data during the fine-tuning process. This
pattern indicates a nuanced impact of translation
data on fine-tuning outcomes, particularly evident
in tasks involving short-text classifications such as
FinSA and FinHC, where the benefits appear more
modest. Conversely, in tasks requiring the classifi-
cation of longer texts, such as FinSP which deals
with time-series data, the inclusion of translation
data markedly improves performance.

This differential impact can be attributed to the
inherent characteristics of text length and complex-



ity. Short-text classification tasks, which typically
involve simpler syntactic structures, allow our ICE-
INTERN models to effectively leverage available
Chinese data for reasoning. However, for longer
texts, the addition of English data significantly aug-
ments the models’ reasoning capabilities by pro-
viding richer contextual information. These find-
ings underscore the critical role of text length and
complexity in assessing the value of incorporat-
ing translation data for fine-tuning LLMsS in cross-
lingual settings. They suggest a tailored approach,
where the decision to integrate translation data is
informed by the specific nature of the text involved
in each task, enhancing the effectiveness of LLMs
in handling diverse financial linguistic tasks across
languages.

4 Conclusion

In conclusion, we presented the ICE-PIXIU frame-
work, which consists of the pioneering cross-
lingual bilingual financial model, ICE-INTERN,
and the evaluation benchmark, ICE-FLARE. The
bilingual capability of ICE-INTERN empowers
global finance by breaking language barriers, while
ICE-FLARE enables comprehensive cross-lingual
assessments for various financial tasks. The open
access nature of ICE-PIXIU promotes collabora-
tion and research in financial NLP. The framework
provides a unified solution for diverse financial
applications and ensures reliable cross-lingual con-
sistency through rigorous evaluation. Overall, ICE-
PIXIU contributes to the advancement of research
and development in financial NLP, fostering inno-
vation in the field.

Limitations

Despite the positive contributions of this study, we
recognize the following limitations: 1)Limitations
of larger parameters: Limited computational
resources make it difficult to train models with
more than 7B parameters, which hampers their
potential performance with tuning large scale com-
plete dataset. 2) Adaptability of backbone
LLMs: the performance of fine-tuned models is
influenced by the varying adaptability of back-
bone models to specific language tasks. Back-
bone model selection should be specific task-
dependent. 3) Inconsistent quality of prompts:
Even prompts with domain-expert annotation, in-
struction prompts may exhibit varying performance
across different models. Quality differences can

impact the assessment of poor model training.
4) Potential negative impact: Open-source mod-
els primarily aim to promote research, while com-
mercial misuse can lead to financial risks. Proper
regulation is needed to ensure responsible usage
and mitigate potential harm.

Ethics Statement

Our financial LLMs and datasets adheres to ethical
principles. We prioritize fairness, inclusivity, and
non-discrimination in our language data. While
we can’t review all content, we use it as a text cor-
pus without endorsing any views. Transparency,
fairness, and accountability guide our Al practices.
We comply with laws, protecting privacy and intel-
lectual property. Responsible Al development is
our focus, addressing biases and striving for unbi-
ased outputs. We monitor and evaluate the model
to meet ethical concerns. Our aim is a bilingual
financial model with high ethical standards. Trans-
parency, user well-being, and reliable information
are our priorities. The responsible use of our finan-
cial LLMs and datasets ensures its positive impact
in finance domain.
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Appendix
A Raw Data Statistics

Table 3 presents the specifics of the raw data used
to construct the Chinese-English bilingual dataset
for multi-task financial instruction tuning.

B Data Translation Example

Figure 3 presents the examples of translating En-
glish BigData2?2 into Chinese CBigData22 using
written specific prompts.

C Instruction Prompt Examples

Table 4 presents the example of the Chinese prompt
and corresponding English translation for each spe-
cific financial task.

D Experimental Results

Table 5 presents the performance of different 6B-
7B LLMs, baseline FinLLMs and variants of ICE-
INTERN on the ICE-FLARE bechmark.

E Financial Task Examples



Langugae Type Specific Task Data Raw Instruction Evaluation Data Types License
FinSA FE 18,177 18,177 2,020 social texts Public
StockB 9,812 9,812 1,962 social texts Apache-2.0
FinSM AFQMC 38,650 38,650 4,316 online chat service Apache-2.0
/h-CLS Corpus 120,000 110,000 10,000 bank service logs Public
FinNC NL 7,955 7,955 884 news articles Public
NL2 7,955 7,955 884 news articles Public
zh FinNJ NSP 4,499 4,499 500 social texts Public
FinAS FinevalF 1,115 1,115 222 financial exam Apache-2.0
FinQA QA 22,375 22,375 2,469 QA pairs of news Public
19CCKS 156,834 14,674 2,936 social texts CCBY-SA 4.0
Zh-EXT FinED 20CCKS 372,810 45,796 9,159 news, reports CCBY-SA 4.0
21CCKS 8,000 7,000 1,400 news, reports CCBY-SA 4.0
22CCKS 109,555 59,143 11,829 news, reports CCBY-SA 4.0
FinRE RE 14,973 14,973 1,489 news, entity pairs Public
FinER CNER 1,685 1,685 337 financial reports Public
zh-PRE FinSP StockA 14,769 14,769 1,477 news;historical prices Public
zh-GEN FinTS NA 32,400 32,400 3,600 news, announcements Public
FinSA FPB 4,845 4,845 970 €COoNnomic News CCBY-SA 3.0
! FiQA-SA 1,173 1,173 235 news headlines,tweets Public
en-CLS FinHC Headlines 11,412 102,708 20,547 news headlines CCBY-SA 3.0
FinCC German 1,000 1,000 200 credit records CCBY-SA 4.0
en ! Australian 690 690 139 credit records CCBY-SA 4.0
en-EXT FinER NER 609 609 98 financial agreements CC BY-SA 3.0
ACL18 27,053 27,053 3,720 tweets, historical prices MIT License
en-PRE FinSP BigData22 7,164 7,164 1,472 tweets, historical prices Public
CIKM18 4,967 4,967 1,143 tweets, historical prices Public
. EnQA 8,281 8,281 1,147 earnings reports MIT License
en-REA FinQA ) FhQA 3458 12,594 1,490 earnings reports ~ MIT License
FinSA CFPB 4,845 4,838 970 economic news MIT license
CFiQA-SA 1,173 1,143 233 ews headlines,tweets ~ MIT license
CACL18 27,056 2,555 511 tweets, historical prices MIT license
zh zh-TRA FinSP CBigData22 7,167 798 159 tweets, historical prices MIT license
CCIKM18 4,970 431 86 tweets, historical prices MIT license
FinHC CHeadlines 102,708 10,256 2,051 news headlines MIT license
FinQA CEnQA 8,281 668 133 earnings reports MIT license
CConFinQA 12,594 1,189 237 earnings reports MIT license
FinER FINER-ORD 1,075 - 1,075 news articles CCBY-SA 4.0
en en-OFT FinTS ECTSUM 495 - 495 earning call transcipts Public
mn EDTSUM 2,000 - 2,000 news articles Public
FinDC FOMC 496 - 496 FOMC transcripts CC BY-SA 4.0

Table 3: Details of raw data for the Chinese-English bilingual multi-task financial instruction and evaluation.
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BigData22(ID=47)
Assess the data and tweets to estimate whether the closing price of $ppl will escalate or deflate at
2020-04-01. Respond with either Rise or Fall. Context:

§date,open,high,low,close,adj—close,inc—S,inc—10,inc—15,inc—20,inc—25,inc—30 2020-03-18, 5.5, 6.4,
—+ -7.4,-10.7, -10.7, 10.5, 21.3, 25.8, 32.0, 36.6, 39.9 2020-03-19, 4.4, 6.4, -4.8, -5.3, -5.3, 12.1,
23.6,30.2,36.4,41.7,45.6 2020-03-20,12.5,16.8,-0.6,-8.9,-8.9, ...

2020-03-19: top dog (best p/1) $wdobad dog (worst p/l) $hsedog-house (bottom of list) $togcash
31.1%8$kl 16.8%S$hep 10.9%S$aem 9.5%$nwe 6.7%$ntr 3.2%$hhl 2.9%Sabx 2.4%$cef 2.3%Shse
2.0%8$hgu 1.8%8cng 1.8%$wep 1.3%8$su 2020-03-24: #palladium #gold regaining 200 dma
#platinum #silver undervalued playing catch up after #coronavirus panic sell off.
stimulus+unlimited ge+south african mine closure = much higher prices going forward.

Regular expression matching #Translation Prompts
Assess the data and tweets to estimate Uit O rp SRS, BT A S R AN
: : W, AR CEACY, JL PRl se BLIR) B PR R L
whether the closing price of $ppl will oy Falliiﬂﬁ%ﬂ%%ﬁi?ﬁ%o

escalate or deflate at 2020-04-01.

Respond with cither Rise or Fall. < ( Translate the following financial description into

accurate and fluently expressed Chinese sentences. Do
L. not translate words with a $ sign in front of them, as
#Tweet Description they refer to stock codes. Translate the word "Rise" as
2020-03-19: top dog (best pll) 35" and the word "Fall" as "~ ")

$wdobad dog (worst p/l) $hsedog-
house (bottom of list) $togcash

31.1%8kl 16.8%Shep ~ 10,9%Sacm LA R SR IOA P ARG ) RE O LT, I
Do B ISni S eS| ek, BN KR URCEE), R
.7 70dabX 470dCEC .270dNSC =N 2 Dt TS H BAF] — o2 AN EE
| | 2.0%Shgu _ 18%Scng  1.8%Swep e KRR 24007 /47, BT A $ ) 03] — g AN 22

S FVE, TR BCEAND

~ ( Translate the following financial description into
one or several concise Chinese sentences that are
accurate, fluently expressed, and limited to around 400
characters. Do not translate words with a $ sign in
front of them, as they refer to stock codes)

1.3%S$su  2020-03-24:  #palladium
#gold regaining 200 dma #platinum
#silver undervalued playing catch up
after #coronavirus panic sell off.
stimulus+unlimited qetsouth african
mine closure = much higher prices
going forward.

Preserve historical prices

CBigData22(ID=5)
B PP B FNHESC, f7120204E4 H 1 H Spplig e & B kit & N k. BIZ " Bk e
k", Context:
date,open,high,low,close,adj-close,inc-5,inc-10,inc-15,inc-20,inc-25,inc-30 2020-03-18, 5.5,
6.4,-74,-10.7,-10.7, 10.5, 21.3, 25.8, 32.0, 36.6, 39.9 2020-03-19, 4.4, 6.4, -4.8, -5.3, -5.3,
12.1,23.6,30.2,36.4,41.7,45.6 2020-03-20,12.5,16.8,-0.6,-8.9,-8.9, ...

v

H/202H21F3)J19D: $wdobad 2 i M Bk 112 5%, Shsedog /@i T Ek M 5%, $dog—housese iy 7
1)i €.

Figure 3: Example of translating English BigData22 into Chinese CBigData22 using written specific prompts.
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Specific Task Chinese Prompts English Translations

Sentiment Analysis &7 T AT 4% Bt 69 & 847 B L F 69 &) F 6945 % . R 5] £ Determine the sentiment of the sentences in the provided financial news article,
Py AR, AR, EE T . RE = Z4R identifying whether the sentiment is positive, negative, or neutral. Simply
AL PSR answer "positive’, 'neutral’, or 'negative’.

Sentiment Matching ¥ Bf % 69 A N & B U AR & % 89 & L L E44L 4R R Determine whether the two provided financial texts convey similar meanings;
FRECERERE - AAEFIB T @A FLEHMM:  you only need to answer "yes’ or 'no’. Now determine if the following two
sentences are similar.

News Classification ~ #R{E 2R E G R, FIBTHLE T F B . *EFF & According to the content of the financial report, determine whether it belongs
AE, AFSEELF—AXF . IA M T @ to China’, *International’, or *Foreign’, only one category needs to be given.

Rl DECHEGER . Now analyze the following report and answer the category it belongs to:
Negative Judgment R348 PT 4569 & aka7 B & 524K, 4R % % 5 W BT 4 52 4K 5% Based on the given financial news and entities, you need to determine whether
FeHf @A, RAFHEDL A A L the given entities contain negative messages. You only need to simply answer
’yes’ or 'no’.
Stock Prediction VATt AT BB Aa e L, FM2017-10-130 $trv 89 4 & Please carefully analyze the data and tweets, and predict whether the closing
ProAs & LARIE & T #k o AN & L3KIE & T 3k, R ® 4 price of $TRV on 2017-10-13 will go up or down. Please confirm whether it
A B R TR . is going up or down. You can answer "Rise” or "Fall’.

Stock Classification % & /& AT 45K 89 W 3% 48 A= /> 8] 48 % 2~ 4, 45 4R Taking into account the market data over the given 5 days and the company’s
&

EA
Y& 3 B 24 AR % 238 69 % o F) BT % 4 3] 69 ik 2 38 % & % relevant announcements, please judge the movement trend of the company’s
RHRRE P E A RATAE . stock based on the impact of the news on the stock data as *outperforming the
market’, “neutral’, or "underperforming’.

Answer Selection ARIE AT IR 69 & AR IR AL, MOA T wa A3t 5 & 35 4F 5k 4 Based on the financial issue presented, choose the most appropriate one from
FE—A . R B EZE: AL B’ 'C’ ’D’ . the following four options. Your output should be: *A’, ’B’, C’, or 'D’.

Headline Classification i % & s 8 2 G467 5 % &40 X 69 id £ F# . Please consider whether the headline discusses past events related to gold.
ARG R AL KA MY K69 @ & 2 % Does the news headline imply past news about gold? Your answer should be
HRBE . "Yes’ or 'No’.

Question Answering 1R & £ A & Ak UA . HIE A 5B 448 % FAL . = R You need to analyze financial texts and answer related questions based on
R A RREBIESE, TADE RABL S . the content. If you feel confused about the answer, you can reply with *No
relevant parameters’.

Event Detection B AT & AR IR g N FIBTAT A 69 F 4 £ A & K The task is to read a financial announcement, determine all event types and
st ER, AT . HACFHRA F A4 I8 their corresponding entities, and reply in the format *event type, event subject’.
#“XEE . EFFHEY S RAZEE: 1243k The event types should be among those listed in the brackets [‘credit approval
PRS2 3 & violation’,... "suspected fraud’].

Entity Recognition AN TEELFRHER2EEXLH T84 F8F, 42 When analyzing sentences in the China Securities Regulatory Commission
7148 A S ACPER’) « 42 (CORG’) & 3 & ('LOC”)#9 4¥ filing documents, identify specific named entities that indicate individuals
Ttk BRmG RN EHRLMR, FHEAE . (CPER), organizations CORG’), or locations ("LOC’). The answer should

follow the format ’entity Name, entity Type’.

Relationship Extraction # 13 4@ 5~ 47 B 45 & @k 4k i A= St th 2, R JG £ 4 1, Please carefully analyze the given financial report and entity pair, then choose
A, P AR R A A % SR X A B9 &R - 4K the option from [*merge’, *compete’, ...] that accurately describes the rela-
HAESEAE, 4o # 528 T & Zunknown - tionship of the entity pair. Please provide the answer directly; if in doubt, you

may respond with *unknown’

Text Summarization i B & @&, REIEF R AT 8 TR A 4T H Your task is to provide a brief summary of the given text by reading financial

ESAG RN £ £ &, KERHEA—E A S announcements, emphasizing the main arguments, and keeping the length
ESL between one to two sentences

Table 4: Example of the Chinese prompt and corresponding English translation for each specific financial task.
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& & § &
) 8 2 8 ) = 5 = 3
=3 3¢ 3% % . ¢ .8 . % _ 5% E %
i 0 g E < = = 5 A = Z b4 Z
Type S'p}eclﬁc Metrics Dataset E g £ g | - g 2 £ =) [T] = % o~ 5 o &
ask 5 = = =~ T} T} g =z 1T £ = O = = =) = E
= ‘5 = = = = & o 2 Q 3 B = Z = g
R 2 2 = 5 5 = 2 & = Z =
g = g &
FinSA  Accurs FE 0.587 0442 0.002 0423 0000 0572 0366 0329 0349 0553 0306 0.624 0.534 0760 0.778 0.743 0.760
m ceuracy StockB  0.196 0.058 0.000 0.047 0.000 0389 0431 0310 0441 0297 0070 0282 0202 0422 0593 0.636 0.593
Fl StockB  0.177 0.098 0.000 0.078 0.000 0.443 0482 0313 0462 0279 0098 0344 0201 0395 0571 0575 0.578
FinSM Fl Corpus  0.008 0.154 0.002 0292 0.002 0444 0334 0682 0704 0278 0218 0255 0230 0.854 0.859 0.846 0.854
m AFQMC  0.004 0296 0.014 0266 0012 0470 0560 0323 0391 0292 0460 0373 0.095 0.743 0.609 0.594 0.743
FinNC Fl NL 0.245 0219 0.002 0280 0.000 0453 0348 0.645 0816 0375 0.164 0267 0261 0950 0922 0.954 0.950
zh-CLS " NL2 0.000 0.049 0.000 0.066 0.000 0.049 0.074 0.034 0273 0.039 0.004 0.002 0.060 0.786 0.774 0.768 0.786
iﬁ:f;fg FinNJ Fl NSP 0.041 0217 0.000 0.353 0.004 0.558 0.636 0.935 0916 0351 0435 0208 0442 0.692 0.692 0.695 0.692
Finas Accuracy  FinevalF 0302 0320 0014 0266 0.185 0423 0243 0491 0.662 0320 0284 0369 0261 0441 0410 0387 0441
F1 FinevalF 0295 0319 0.024 0.171 0.190 0418 0.096 0481 0.686 0247 0264 0362 0220 0442 0387 0376 0.442
FinRE F1 RE 0.012 0.039 0.000 0.011 0.000 0.076 0.026 0211 0340 0.015 0.014 0.108 0.009 0.092 0.088 0.103 0.103
FinSP Fl StockA  0.131  0.000 0.000 0.000 0.000 0220 0.154 0422 0383 0.03 0050 0315 0000 0.340 0.637 0.630 0.617
FinQA  Accuracy QA 0.098 0.001 0.000 0.001 0.000 0.99 0.00 0256 0.064 0001 0092 0201 0.123 0.167 0.864 0.860 0.855
FinER  Entity F1 CNER  0.000 0.000 0.000 0.000 0.000 0000 0.000 0.101 0.103 0.000 0.00 0.000 0.00 0.000 0483 0482 0.468
19CCKS  0.080 0.013 0.003 0.001 0012 0001 0001 0010 0011 0003 0003 0.004 0004 0.005 0.831 0.825 0.824
/h-EXT FinED  Precision  20CCks 0052 0.006 0.002 0.001 0009 - 0001 0001 0008 0002 0.002 0002 0003 0.006 0740 0.741 0.743
1-GEN 21CCks  0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.004 0.000 0.000 0.000 0.000 0.000 0.001 0.001 0.002
zh- 22CCks  0.000 0.001 0.001 0.000 0.002 0.001 0.000 0.006 - 0001 0.003 0.000 0.021 0007 0.647 0.642 0.660
19CCKS ~ 0.081 0.013 0.003 0.001 0012 0.001 0.001 0010 0012 0003 0.006 0.005 0.007 0.005 0.831 0.825 0.824
Fl 20CCks  0.068 0.011 0.002 0.03 0015 - 0002 0001 0010 0.003 0004 0.004 0005 0.004 0.705 0.703 0.702
21CCks  0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.003 0.000 0.000 0.000 0.000 0.000 0.001 0.001 0.001
22CCks  0.001 0.001 0.001 0.001 0.004 0.001 0.001 0.008 - 0.001 0004 0000 0.002 0.007 0.588 0581 0.595
FinTS  Rouge-1 NA 0.078 0.028 0.006 0.104 0.001 0256 0.142 0.093 - 0145 0006 0014 0010 0.050 0284 0.289 0.287
BertScore NA 0.676 0.527 0.482 0.649 0.496 0.748 0.603 0.710 - 0651 0603 0.607 0603 0707 0.824 0.823 0.824
BartScore NA -5.704 -6.845 -7.274 -4.539 -7.293 -4.097 -4.301 -5.882 - 4153 -6.661 -6.194 -6.640 -6.044 -4.180 -4.183 -4.027
Accuracy CFPB 0.005 0.203 0.000 0.098 0.000 0424 0239 0.699 0.196 0273 0256 0.085 0.038 0.545 0498 0.846 0.849
FinSA
- CFPB 0.010 0.129 0.000 0.092 0.000 0.348 0.340 0.642 0306 0209 0346 0.091 0.067 0.529 0485 0.845 0.846
CFiQA-SA  0.652 0401 0.000 0350 0.000 0.617 0773 0400 0.120 0.668 0420 0.784 0.616 0.752 0.709 0.796 0.868
Jh-TRA CACLI8 0550 0585 0.591 0.577 0.589 0.485 0.556 0.544 0568 0.566 0.581 0.564 0.585 0438 0442 0581 0.417
Accuracy  CBigDatal8 0.667 0.686 0.686 0.686 0.686 0440 0.673 0.629 0642 0.686 0535 0.585 0.660 0.365 0.403 0.660 0.321
FinSP CCIKMI8 0384 0372 0372 0372 0372 0.605 0384 0326 0419 0372 0407 0477 0361 0.605 0.628 0395 0.605
CACL18  -0.034 0.008 0.00 0.021 -0.002 0.004 0012 0002 0010 -0.017 0.099 0.076 0.022 0.044 0.042 0.039 -0.034
MCC  CBigDatal8 -0.013 0.000 0.000 0.000 0.000 -0.042 -0.023 -0.024 0.066 0.000 0.067 0.037 -0.109 0.028 -0.056 0.114 -0.033
CCIKMI8  0.084 0.000 0.000 0.000 0.000 0.133 0.084 -0.250 0.032 0.000 -0.066 0.040 -0.141 0.037 0.204 -0.021 -0.119
FinHC ~ AvgFl  CHeadlines 0.503 0.500 0.500 0.500 0.500 0.695 0.500 0.769 0.818 0.504 0.607 0.716 0.626 0.690 0.526 0.952 0.957
FinQA EM Accuracy (CENQA ~ 0.000 0.000 0.000 0.000 0.000 0000 0.000 0000 0000 0.000 0000 0.000 0.000 0.000 0000 0.000 0.008
CCUTACY ConFinQA  0.068 0.004 0.000 0.008 0.000 0.021 0.000 0.000 0.021 0.000 0.008 0.030 0.276 0.013 0.046 0.169 0.228
Accuracy FPB 0.388 0.231 0.000 0.286 0.001 0.741 0.696 0.780* 0.760* 0.319 0.278 0.808 0.435 0.353 0.384 0398 0.867
FinSA Fl FPB 0.231 0.171 0.000 0.127 0.002 0.744 0.702 0.780* 0.780* 0.353 0.292 0.809 0.436 0.349 0331 0415 0.866
FiQA-SA 0742 0327 0.000 0.370 0.000 0.551 0.754 0.600% 0.800% 0.349 0.096 0.532 0477 0477 0503 0.480 0.848
ACL18 0503 0500 0487 0.508 0.488 0511 0490 0.500% 0.520% 0.510 0483 0.492 0493 0.515 0519 0.525 0.502
Accuracy  BigDatal8 0.550 0.525 0.448 0.484 0.448 04769 0.508 0.530* 0.540% 0469 0452 0472 0.496 0.555 0.520 0.483 0.450
FinSP CIKMI8 0460 0478 0.419 0496 0418 0499 0470 0.550* 0.570* 0469 0421 0430 0461 0563 0.556 0.534 0.493
ACL18  -0.034 -0.010 0.000 0.010 0.023 0.035 -0.038 0.005* 0.020* 0.019 -0.026 0.001 -0.014 0.017 0.029 0.045 0.023
MCC BigDatal8  0.002 -0.013 0.000 -0.012 0.000 0.008 -0.017 -0.025* 0.030* -0.014 0.030 0.063 -0.002 0.042 0.030 0.017 -0.012
CIKMI8  -0.053 0.009 0.000 -0.028 -0.026 0.043 -0.056 0.010% 0.020% -0.034 -0.016 -0.044 -0.038 -0.001 -0.007 0.005 0.042
:g;i FinHC  AvgFl Headlines  0.600 0.600 0.600 0.600 0.600 0.655 0.600 0.770% 0.860* 0.600 0.551 0.600 0.600 0.682 0.668 0.780 0.965
en-PRE Fl German  0.649 0.525 0.525 0.525 0.525 0525 0476 0200% 0.550* 0.525 0.525 0548 0.192 0.525 0525 0525 0318
en-REA g oc Australian 0412 0260 0.260 0260 0358 0273 0502 0.410% 0.740% 0260 0288 0260 0.599 0260 0.260 0.260 0.421
MCC German ~ 0.231 0.000 0.000 0.000 0.000 0.000 -0.166 -0.100% -0.020* 0.000 0.000 0.012 0.002 0.000 0.000 0.000 -0.306
Australian ~ 0.000 0.000 0.000 0.000 0.153 -0.017 0.065 0.000* 0.470* 0.000 -0.097 0.000 0.232 0.000 0.000 0.000 -0.030
FinpC  Accuracy FOMC 0288 0256 0.000 0319 0000 0464 0454 0.600% 0.690* 0252 0208 0.557 0.476 0385 0373 0488 0.429
F1 FOMC  0.207 0.172 0.000 0323 0.000 0470 0441 0.640% 0.710% 0.131 0.155 0.541 0.480 0.375 0372 0455 0.424
FinQA EM Accuracy . ENQA 0010 0000 0000 0000 0.000 0000 0000 0580% 0.630* 0000 0.000 0.004 0001 0000 0.000 0.001 0.001
Y ConFinQA  0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.600% 0.760* 0.000 0.001 0.000 0.000 0.000 0.000 0.000 0.000
FinER  Entity Fl NER 0.000 0.000 0.000 0.012 0.000 0.248 0.012 0.770* 0.830* 0.000 0.000 0.039 0.392 0.000 0.006 0.000 0.362
Y FINER-ORD 0.000 0.000 0.000 0.000 0.000 0.021 0.000 0.280% 0.770* 0.000 0.000 0.008 0.000 0.000 0.000 0.000 0.000
R ;  ECTSUM  0.000 0.000 0.000 0000 0.000 0.000 0000 0.000 0.000 0000 0.000 0000 0.000 0000 0.000 0.000 0.000
ouge- EDTSUM  0.013 0.015 0.007 0.027 0.009 0.175 0.036 0.170* 0.200* 0.032 0.008 0.051 0.033 0.009 0.018 0.017 0.015
FinST Bert$ ECTSUM  0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
CISCOTe  EDTSUM 0522 0.447 0.445 0483 0445 0599 0536 0.660% 0.670* 0478 0508 0.552 0467 0476 0536 0.505 0.500
Bart$ ECTSUM -5.178 -5.178 -5.178 -5.178 -5.178 -5.178 -5.178 -5.178* -5.178* -5.178 -5.178 -5.178 -5.178 -5.178 -5.178 -5.178 -5.178
artScore EPTSUM  -6.996 -6.923 -7.036 -6.902 -6.957 -4.048 -6.845 -3.640% -3.620% -6.973 -7.083 -6.951 -6.964 -7.107 -6.945 -6.925 -6.927
Best Result Including ChatGPT 2 0 1 0 0 1 0 1 16 1 1 1 1 1 10 6 21
Count excluding ChatGPT 2 0 1 0 0 5 0 - - 1 2 5 4 2 10 7 24

Table 5: The performance of different 6B-7B LLMs, baseline FinLL.Ms and variants of ICE-INTERN on the
ICE-FLARE bechmark. All results via our evaluations are the average of three runs. Results with "*" of ChatGPT-
3.5(ChatGPT) and ChatGPT-4(GPT4) on English dataset are cited from (Xie et al., 2023). Results in bold indicate
the best results across all models. Results with "_" indicate the best results among models excluding ChatGPT.
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FE Context: B ZHFEMEMNTMNCIRER? LFEHELS, A2, FLELFAR DMl AIHET .
Answer: 4 # 8 48 38 1R @ AL
StockB  |Context: ¥ /8% B4 # M 3, @B A T ZM100 ! BEAXA Z .
Answer: 4 &89 338 4R & ¥ HEIEN
CFPB  |Context: % 32 £2007% % = F L 9% A1 20065 FI A #6807 BT (9807 £ L) & £300% BT (4307 £70) -
Answer: 4 #8648 38 4R & 4 W F
CFiQA-SA |Context: $CERN-Z50#7200MA £ 7% 8 & X L R RFG KA XA, EHRZ T IOMAKL T-B 47 X 3%$70 -
Answer: 4 k89 338 1R AR IFN
FPB Context: Hearst will be able to consolidate about 20% of all Russian market for advertising in press after the purchase.
Answer: Sentiment analysis of financial news is positive.
FiQA-SA  [Context: $SLV-4.44% at 18 now AWFUL, down from 42.50

Answer: Sentiment analysis of financial news is negative

Table 6: Examples with context description and annotated answer for financial semantic matching task.

BQC Context: 1:8 NI Z XA F N AINLTEE2HD? AREBEIKLAM? 2. FTRBEEL P52 QiEAIN
Answer: /N2 85 & K5 U A AR RLEY
AFQMC |Context: 1:&"IZ & B J K 1~ fe A 18 g 2: 35 BN & — REZ A 4 Re A 1a g

Answer: M A~4 Gk & K 18 LA BLEY

Table 7: Examples with context description and annotated answer for news classification task.

NL Context: [T AtRik : PG X LN T A34% A T AR A%, A S PAA2.091C LI A GL4R 7 RE 3738 /2 M it R 1.2812 7T, R B
VA2.59ML 7 % ik db 7 #h LA A AR 69 A Gl 69 1501 LEM T A . KRR H AT, 7 H L EEHEH LM 100 - KKK H 7Tk
Jo o ol dE B A AR AE34% 00 AR -
Answer: 1838 & P B R 3

NL2 Context: Bx B & 7K & 7 . 12 BIDAX304% 3 #%0.44% . 3% B & N 10045 2 7K 1.29%- % BCAC408 X #K0.7% B M 37 36 L5075 %

#0.63% -
Answer: REH R EBRKE

Table 8: Examples with context description and annotated answer for financial sentiment analysis task.

CHeadlines

Context: £ E M F &, ZMBA T ok, mPIEE %2 £ BHOKIE -
Answer: 12 RE ¥ ZRB SN A THEGENL .

Headlines |Context: Gold holds near 3-1/2 week low as investors opt for riskier assets.
Answer: Yes, the headline suggests a downward direction for gold.
Table 9: Examples with context description and annotated answer for financial headline classification task.
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StockA

Context: #F AL, NABKFAIAREARTFLFRALT (XKTMTHXARZFELE T MO LR EEFALZEERY
WE) » BHRFRLREME GEHARAD . 839288) HEA AR T A LEMIEERL QAT RARHZR?) MR A% . REAL
ATHALGEETRRRBBARNGT R, MV FAH AL LR . BB FEN LM 2021-01-04 34.63 34.9763 2021-01-05 34.63
35.5122 2021-01-06 35.1659 34.0116 2021-01-07 33.8879 32.3048 2021-01-08 32.0987 32.3213.

Answer: & &8 &I 71

CACL18

Context: $codiZ 189 & @# %% T . open, high, low, close, adj-close, inc-5, inc-10, inc-15, inc-20, inc-25, inc-30 ; 2015-09-16, -0.8, 0.2,
1.3, 1.0, 1.0, -0.9, -0.1, -0.1, -0.3, 0.0, 0.5; 2015-09-17,-1.4, 0.9, -1.7, 1.6, 1.6, -2.0, -1.7, -1.5, -1.8, -1.6, -1.2; 2015-09-18, -0.9, 0.2, -1.5,
0.1, 0.1, -1.6, -1.8, -1.5, -1.8, -1.7, -1.3; 2015-09-21, -0.5, 0.3, -1.8, 0.7, 0.7, -1.5, -2.3, -2.1, -2.4, -2.3, -2.1; 2015 -09-22, 1.3, 3.4, -0.4,
-3.1,-3.1,1.7,0.8,0.9,0.9,0.7,1.0;2015-09-23,-0.8,0.7,-0.8,0.7,0.7,1.0, 0.1,0.3,0.2,-0.0,0.2; 2015-09-24,-0.1,1.5,-0.7,0.1,0.1,0.7,0.1,0.1,0.2,-0.1,0.1;
2015-09-25,1.5, 1.9,0.0,-0.9, -0.9,1.0, 1.0, 0.8, 1.0, 0.8, 0.9; 2015-09-28, 1.2, 1.2, -0.8, -0.2, -0.2, 0.5, 1.2, 1.0, 1.2, 0.9, 1.0; 2015-09-29, 1.3, 2.1,
0.3, -1.8,-1.8, 2.0, 3.0, 2.6, 2.8, 2.9, 2.8. $coditF & A % X, 18.6% 4 /R B 047 IF AR A8 3% 4%/ B A7 45 H 69 Lk o

Answer: $codi®1X & M7£2015-9-304 £ 3k

CCIKM18

Context: $chkiZ #185 & @A % 4= T, date, open, high, low, close, adj-close, inc-5, inc-10, inc-15, inc-20, inc-25, inc-30; 2017-10-05-
0.7 0.7- -09. 0.7- 0.7> 0.0 0.6> -1.3, -3.8, -5.6,-7.0; 2017-10-06, 1.4, 1.7, -1.9,-2.3,-2.3,2.0,2.9,1.4,-0.8, -2.8, -4.5;2017-10
09: 0.2, 0.7,-14,-0.2,-0.2,14,2.7,1.9, 0.1, -2.2, -3.9;2017-10-10,7.9, 8.2, 0.0, -6.7, -6.7, 6.8, 8.9, 9.0, 7.5, 5.0> 3.2;2017-10-11, -0.8,
0.8,-4.8,1.0,1.0,4.1,6.6,7.4,64,4.2,24;2017-10-12,1.3,2.1,-1.8,-2.5,-2.5, 44, 8.1. 9.7- 88, 6.8, 5.3;2017-10-13, 0.5,1.3,-0.8, 0.8,
0.8: 2.0, 6.2: 82, 7.8 6.3, 4.6-

Answer: $chké 4 & - £2027-10-194 L3k

CBigData22

Context: $msftiZ FA#) & @& %% T date, open, high, low, close, adj-close, inc-5, inc-10, inc-15, inc-20, inc-25, inc-30; 2020-10-09, -2.1,
0.0, -2.1, 2.5, 2.5, -2.5,-2.8, -3.6, -4.0, -4.0,-2.5 ; 2020-10-12, -1.2, 1.1, -2.1, 2.6, 2.6, -3.9, -4.7, -5.5, -6.1, -6.3, -5.1; 2020-10-13,-0.1,1.1 4
1.1,0.7,0.7,-3.0, -4.6, -5.6, -6.4, -6.5, -5.8; 2020-10-14, 1.0, 1.5, -0.8, -0.9, -0.9, -1.2, -3.3,- 4.2, -5.2, -5.5, -5.0; 2020-10-15,-1.2, 0.3, -1.7, -0.5,
F0.5,0.2,-2.4,-3.2,-4.3,-4.7,-4.7; 2020-10-16, 0.2, 1.2, -0.2, 0.0, 0.0, 0.6, -1.8, -2.8, -3.8, -4.5, -4.6; 2020-10-19, 2.9, 3.8, -0.2, -2.5, -2.5, 2.4, 0.9,
0.2, -1.1, -1.9, -2.2; 2020-10-20, 0.5, 1.3,-0.7, 0.2, 0.2, 1.5, 1.1, -0.2, -1.2, -2.0, -2.2; 2020-10-21,-0.8, 1.0, -0.8, 0.1, 0.1, 0.8, 1.2, -0.1, -0.9, -1.8,
-2.2;2020-10-22, -0.4, 0.5, -1.5, 0.0, 0.0, 0.4, 1.4, -0.1, -0.7, -1.7,-2.1 -

Answer: $msfté 5 & # £2020-10-23 4 L3k

ACLI18

Context: The recent trend of $codi is as follows. date, open, high, low, close, adj-close, inc-5, inc-10, inc-15, inc-20, inc-25, inc-30; 2015-03-30,
0.0,0.4,-0.9, 0.0, 0.0, -0.0, -0.8, -1.6, -2.1, -2.4, -2.6, 2015-03-31, 0.1, 0.3, -0.8, -0.3, -0.3, 0.2, -0.4, -1.0, -1.7, -2.0, -2.2; 2015-04-01, 1.1, 1.1,
F0.7,-1.2,-1.2,1.2,0.9, 0.5, -0.4, -0.7, -0.9; 2015-04-02, -0.2, 0.4, -0.4, -0.2, -0.2, 1.0, 1.2, 0.7, -0.1, -0.4, -0.6; 2015-04-06, -0.6, 0.5, -0.9, 0.6,
0.6, 0.2, 0.6, 0.2, -0.6, -0.8, -1.1;2015-04-07, -0.4, 1.4, -0.4, 0.2, 0.2, -0.2, 0.4, 0.0, -0.5, -1.0, -1.2; 2015-04-08, 0.0, 0.2, -0.4, 0.1, 0.1, -0.4, 0.2,
0.0,-0.4,- 1.0, -1.2; 2015-04-09, -0.5, 0.2, -1.1, 0.6, 0.6, -0.7, -0.4, -0.5, -0.7, - 1.4, -1.7; 2015-04-10, 0.1, 0.4, -0.5, 0.2, 0.2, -0.5, -0.6, -0.5,-0.8,|
F1.5,-1.7;2015-04-13, 1.4, 1.9, 0.0, -0.7, -0.7, 0.2, 0.1, 0.3, -0.0, -0.6, -0.9. $codi - current report filing (8-k) 2015-04-13: william blair starts
compass diversified $codi at outperform.

Answer: The closing price of $codi will rise at 2015-04-14.

CIKM18

Context: The recent trend of $aal is as follows. date, open, high, low, close, adj-close, inc-5, inc-10, inc-15, inc-20, inc-25, inc-30; 2017-01-17,|
1.7,2.1,-0.2,-1.9,-1.9,2.5, 09, 1.3, 2.0, 2.3, 2.0; 2017-01-18, -0.5, 0.3, -2.1, 1.9, 1.9, 0.2, -0.7, -0.7, 0.1, 0.2, 0.2; 2017-01-19, 0.8, 1.8, -0.8,
0.8, -0.8, 0.5, 0.2, -0.1, 0.8, 1.0, 1.1; 2017-01-20, -1.0, 0.3, -1.6, 1.6, 1.6, -1.1, -0.9, -1.6, -0.9, -0.6, -0.3; 2017-01-23, 2.0, 2.4, -0.4, -2.2,
-2.2,0.8,1.5,0.6,1.1,1.6,1.8 2017-01-24, -1.0, 0.5, -1.6, 1.3, 1.3, -0.1, 0.3, -0.5, -0.3, 0.2, 0.5; 2017-01-25,-0.0, 0.6, -0.6, 0.8, 0.8, -0.8, -0.6, -1.1,)
1.1, -0.5, -0.4; 2017-01-26, -2.3, 0.2, -2.5, 3.5, 3.5, -3.2, -3.7, -4.1, -4.4, -3.8, -3.7 2017-01-27,6.5,6.5,-0.5,-5.3,-5.3, 1.8, 1.4, 1.5, 0.9, 1.4, 1.7;
2017-01-30, 1.6, 2.3, -2.3,-4.4,-4.4,5.5,5.5,5.9,5.3,5.6,6.1.

Answer: The closing price of $aal will fall at 2020-9-28.

BigData22

Context: The recent trend of $intc is as follows. date, open, high, low, close, adj-close, inc-5, inc-10, inc-15, inc-20, inc-25, inc-30; 2020-09- 14,
F1.1,0.6,-1.1,0.3, 0.3, -0.4, 1.3, 1.0, 0.5, 0.1, -0.2; 2020-09-15, -0.4, 1.2, -0.5, 1.2, 1.2, -1.1, -0.1, -0.1, -0.6, - 1.0, -1.3; 2020-09-16, 0.3, 1.3, -0.4,
0.7,0.7,-1.5,-0.9,-0.7, -1.2, -1.5, -1.9; 2020-09-17, -1.9, 0.3, -2.0, -0.1, -0.1, -0.9, -1.2, -0.5, -0.9, -1.3, -1.7; 2020-09-18, 0.9, 1.2, -1.7, -0.9,
0.9, 0.2, -0.4, 0.4, 0.1,-0.4,-0.7; 2020-09-21, -0.7, 0.0, -1.8, -0.3, -0.3, 0.7, -0.1, 0.7, 0.5, 0.0, -0.3; 2020-09-22, -0.1, 0.5, -1.0, 0.5, 0.5, 0.2, -0.4,
0.1,0.1,-0.4, -0.7; 2020-09-23, 2.1, 2.7, -0.3, -2.3, -2.3, 1.9, 1.7, 2.1, 2.3, 2.0, 1.6;2020-09-24, -1.3, 1.0, -1.5, 0.7, 0.7, 0.7, 1.1, 1.0, 1.6, 1.3, 0.9;
2020-09-25, -2.0, 0.7, -2.4, 1.6, 1.6, -0.8, -0.4, -0.6, 0.0, -0.2, -0.5.

Answer: The closing price of $intc will rise at 2020-9-28.

Table 10: Examples with context description and annotated answer for financial stock prediction task.

QA

Context: 11198 EF, HLTAREFEZRIEFRAIRIRARNNZEY, GEHEFREZZEZ T20LLG ) FEAZERAR .
Answer: X% 7 £k TR .

CEnQA

Context: T AR TRAELFLARGEAREZ DR, GREADHESFR Pr LT, R A201cc201d- B I, &k, 4E500,
AREa 454 2012-12-31- 100.0. 100.0: 100.0; 2013-12-31> 131.8, 1324, 135.6; 2014-12-31, 137.0. 150.5: 156.2; 2015-12
31, 1314, 152.6> 153.9; 2016-12-31- 152.3. 170.8 188.9; 2017-12-31, 193.5. 208.1- 230.9 -

Answer: B B4R E 9 H0.935 -

CConFinQA

Context: YA T & FLi22007F 422008 F F WA T # &9 H47, &2 (AB A1) . <table class= wikitable’><tr><td>1</td><td></td><td>%&
(A BFT) </td> </tr> <tr> <td>2</td ><td>20075F F LA </td> <td>$991.1</td> </tr> <tr><td>3</td> <td>E & & H </td> <td>-
17.1 (17.1) </td> </tr> <tr> <td>d</td> <td>M¥ X 69 &7 B F</td> <td>-12.0 (12.0) </td> </tr> <tr> <td>5</td> <td># # L P A </td>|
<td>-7.4 (7.4) </td> </tr> <tr> <td>6</td> <td>H fu</td> <td>4.6</td> </tr> <tr> <td>7</td><td>2008F # A </td> <td>$959.2</td>|
</tr> </table> -

Answer: 2007 69 4 & $991.1 -

EnQA

Context: The following table provides a comparison of the accumulated total return of citi common stock over a period of five years, which is
listed on the nyse under the ticker symbol 201cc201d. date, citi, s&p 500, s&p financials. 31-dec-2011, 100.0, 100.0, 100.0; 31-dec-2012, 150.6,|
116.0, 128.8; 31-dec-2013, 198.5, 153.6, 174.7; 31-dec-2014> 206.3, 174.6, 201.3; 31-dec-2015, 197.8, 177.0, 198.2; 31-dec-2016, 229.3, 198.2,
243.4.

Answer: The percent of the growth for s&p financials cumulative total return from 2013 to 2014 is 26.6.

ConFinQA

Context: The following is an analysis comparing the changes in net income between 2007 and 2008. <table class="wikitable’><tr> <td>1</td>|
<td> </td> <td> amount (in millions)</td> </tr> <tr><td>2</td> <td>2007 net revenue</td> <td>$991.1</td> </tr> <tr> <td>3</td><td>retail
electric price</td> <td>-17.1 ( 17.1 )</td> </tr> <tr> <td>4</td> <td>purchased power capacity</td> <td>-12.0 ( 12.0 )</td> </tr> <tr>|
<td>5</td> <td>net wholesale revenue</td><td>-7.4 (7.4)</td> </tr> <tr> <td>6</td> <td>other</td> <td>4.6</td></tr> <tr> <td>7</td>|
<td>2008 net revenue</td> <td>$959.2</td> </tr> </table> -

Answer: The net revenue in 2008 is $959.2.

Table 11: Examples with context description and annotated answer for financial question answering task.

NER Context: The proceeds of the equipment advances will be used solely to reimburse Borrower for the purchase of eligible equipment.
Answer: Entity name is Borrower, and the corresponding entity type is person (PER).
CNER  |[Context: % - &FHAKD, RRUSHELI IHEERTEFERTR .

Answer: FRG ARERRE &, £ REORG; #4K % MHRE L 4k, £ ZPER -

Table 12: Examples with context description and annotated answer for financial entity recognition task.
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19CCKS |[Context: 12 % 5 £(000622) B 1E & & % R A E 7 #kfs Wk LB RAL(600315) B E R E R E A ML .
Answer: R ZTZWEN, FHEFNEIE L

20CCKS |[Context: 2018510 H » T 2By T X i ~% 4R, & E2018F9H280 . Al BAfi 5 AESTEHRBIASSLL, £FAERBRK.
Answer: ¥ RA LM 5354, FH AL TR

21CCKS Co:’text: EAERETARGEEREE TE, MK i BT, % RBEAR KK - BE AP, GHBAN ZRNIEE ZER
P ZHHYH -
Answer: B R FEH XM ZELR Y, RREARLTAE, ZSRFAEXVZTFTHNE TR, EREKLZIH

22CCKS |Context: HIZE K AN 2 ik B2 ; BB Z K F o X2 DA RIT FAE3DIENy ; WBITMIN T =4 A OTEN -

Answer: FHERE KRR, FHEIAZREMRE

Table 13: Examples with context description and annotated answer for financial event detection task.

NA

Context: £4 0 &%+ FRAMi0S154E NMRMR, LG Face DK X B RO FTHH . BEREFMRE, AFRIRoELAD
HIDZ G, FAMHAREZTREAAE, AP RBFERE, 22 RKBEIA—ROEID, ZRZF &0 FAME M F6GRET B B 45
A2, TR ez .

Answer: AR H & % ¥ Ri0S15.4M KRR Z A5 R 0 F 69 @ 2 R4 .

Table 14: Examples with context description and annotated answer for financial text summarization task.
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