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Abstract
Enriching sentences with qualitative knowledge is crucial for en-
hancing sentiment prediction and making the most of the available
labelled data for training models. This is particularly important in
domains like the financial one, where texts are usually brief and
contain much-implied information. In this article, we introduce
FLEX (Financial Language Enhancement with Guided LLM Execu-
tion), an automated system capable of retrieving information from a
Large Language Model (LLM) to enrich financial sentences, making
them more knowledge-dense and explicit. FLEX generates multiple
potentially enhanced sentences and uses a new logic to determine
the most suitable one. To mitigate hallucinations in LLMs, we de-
veloped a new algorithm to select the most appropriate sentences.
This approach ensures the original meaning is preserved, reduces
excessive syntactic similarity between versions, and maintains the
lowest possible perplexity. These enhanced sentences are more in-
terpretable and directly useful for downstream tasks like financial
sentiment analysis (FSA). Compared to state-of-the-art methods,
FLEX shows improvements in the accuracy of processing FSA tasks.

CCS Concepts
• Information systems→ Information retrieval; Sentiment
analysis; • Applied computing → Law, social and behavioral
sciences; • Computing methodologies → Natural language
generation.
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1 Introduction
Financial sentiment analysis (FSA), which broadly encompasses the
study of investor sentiment and financial textual sentiment [12], is
a key domain within sentiment analysis. Given the complex nature
of financial markets, individuals involved in different market condi-
tions display varied cognitive patterns [28, 30], making it difficult to
dynamically understand and analyze the market for sound financial
decision-making. To tackle the challenges arising from the mar-
ket’s constant fluctuations, automated FSA has garnered significant
attention over the past decade [47]. It has proven to be a power-
ful tool for supporting business decision-making and conducting
financial forecasting [23, 24]. Applications include corporate disclo-
sures, annual reports, earnings calls, financial news, social media
interactions, and more [47, 51]. Sentiment analysis is a complex,
domain-dependent problem. This domain dependence is especially
pronounced in the finance sector [27] due to the focused nature of fi-
nancial topics and the use of highly specialized language [32, 34, 59].
For instance, words like liability and debt are typically viewed nega-
tively in general-purpose sentiment analysis, but they often carry a
neutral meaning in the financial context [12, 52]. Some authors have
tackled these challenges through embedding alignment, which has
proven effective in adapting models to specialized domains [8, 26],
although performance remains predominantly inconsistent in the
field of FSA [21]. Large Language Models (LLMs) have matured sig-
nificantly and gained widespread adoption across various domains
and everyday tasks [42]. This advancement has also had a profound
impact on the financial industry.

Recent models, such as ChatGPT1 and GPT-42, trained with re-
inforcement learning from human feedback (RLHF) [7] and masked
language model objectives, have demonstrated exceptional capa-
bilities across a wide range of natural language processing (NLP)
tasks[2, 29, 39]. These LLMs are trained on datasets covering diverse
genres and topics. While their performance in general NLP tasks
is impressive, their applicability and effectiveness in specific do-
mains like finance still require further exploration, as their impact
could span a wide range of applications [11, 19]. In the financial
domain, LLMs are increasingly crucial for tasks such as invest-
ment sentiment analysis, financial named entity recognition, and
question-answering systems to assist financial analysts [19].

1https://platform.openai.com/docs/models/gpt-3-5
2https://platform.openai.com/docs/models/gpt-4
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However, directly applying LLMs for FSA presents twomain chal-
lenges. First, the difference between the objective functions used in
LLMs’ pre-training and the goal of predicting financial sentiment
can cause LLMs to inconsistently output labels for FSA [40, 46]. Sec-
ond, the typical sources for FSA, like news flashes and tweets, are
often concise and lack sufficient background information [47, 56].
This information scarcity not only affects human judgment [27]
but also poses a significant challenge for LLMs in making accurate
predictions [56].

To tackle these challenges, our study introduces a retrieval-
augmented LLM framework for financial sentiment analysis. Similar
to how a makeup artist enhances a person’s features [61], we pro-
pose a novel method for making a sentence more understandable
and self-explanatory without altering its essence, which is critical
for real-world AI applications [4, 5]. This approach highlights fi-
nancial concepts and implicit propositions by retrieving relevant
information from an LLM, thereby improving FSA. We provide
experimental evidence, demonstrating the model’s effectiveness
on two analytical tasks, namely, perplexity and FSA, using three
benchmark datasets.

The contributions of this work can be summarized as follows:
• We propose a novel approach that incorporates semantic
similarity and perplexity to enhance the decision-making
logic and interpretability of a predictive model for FSA tasks.

• We demonstrate that our model’s enrichment approach im-
proves results, even when using the original dataset for fine-
tuning models or making direct predictions.

• We provide the code freely to the community, promoting
accessibility and further research3

2 Related Works
2.1 FSA Models
Sentiment analysis is one of the most commonly used NLP tech-
niques in the financial sector, often employed to predict investment
behaviors and trends in equitymarkets based on news and social me-
dia data [6, 37]. Understanding the effectiveness of such models in
the financial domain could significantly impact many downstream
financial analytical tasks [19]. LLMs are increasingly playing a cru-
cial role in financial tasks such as investment sentiment analysis, fi-
nancial named entity recognition, and question-answering systems
that assist financial analysts [19]. Early approaches [1, 9, 45, 54]
involved fine-tuning models, some of which achieved high per-
formance. However, these models are often too dependent on the
specific datasets used for fine-tuning (evidence shows that FinBERT
performs poorly on certain datasets), highlighting the need for
more flexible, ready-to-use models for FSA. Recent studies indicate
that some LLMs outperform fine-tuned models on certain tasks.
While these LLMs exhibit unprecedented quality, retain accumu-
lated knowledge, and demonstrate excellent generalization ability
as general problem solvers [19], their effectiveness in financial sen-
timent analysis remains critically important. Biased predictions can
also be associated with language models due to the uneven label dis-
tribution [35], sense ambiguity [60], and language preference [58]
for sentiment analysis tasks.

3https://github.com/filippopallucchini/FLEX

LLMs specifically designed for the financial domain, such as
BloombergGPT [49] and FinGPT [53], struggle to generate the ex-
pected sentiment labels due to a mismatch between their training
objectives, typically Causal Language Modeling, and the specific
requirements of financial sentiment analysis [56]. Furthermore, fi-
nancial sentiment analysis often involves brief content, such as
news flashes and tweets, which typically lack sufficient background
information. This brevity and lack of context present a significant
challenge for LLMs, complicating reliable sentiment analysis. Ad-
ditionally, a well-known challenge of LLMs is their inconsistent
reliability in the information they provide. Since financial texts
frequently contain implicit sentiment—where factual information
implies a positive or negative sentiment—it is crucial to address
these challenges to improve the accuracy of FSA [47].

2.2 RAG Models
LLMs showcase impressive capabilities but encounter challenges
like hallucination, outdated knowledge, and non-transparent, un-
traceable reasoning processes. Retrieval-Augmented Generation
(RAG) has emerged as a promising solution by incorporating knowl-
edge from external databases. This enhances the accuracy and cred-
ibility of the generation, particularly for knowledge-intensive tasks,
and allows for continuous knowledge updates and integration of
domain-specific information [13]. RAG [3, 18] is a technique that
combines the strength of context retrieval and LLMs for language
generation [56]. The combination of retrieval and generation in
RAG allows it to utilize two distinct sources of knowledge: the para-
metric memory stored in the LLMs’ parameters and the nonpara-
metric memory obtained from the corpus of retrieved documents.
This dual-knowledge approach enables RAG to effectively guide the
generation process and produce more accurate and contextually
relevant responses. RAG has been widely used in areas such as
open-world QA [20, 36] and code summarization [22, 41]. Although
sentence embeddings usually capture the meaning of the entire
text sequence as a fixed-length embedding [33, 38], it is difficult in
practice to query sentence embeddings for semantic information
or structure on a more granular level [43, 48]. The format would
offer limited expressivity when modeling tasks such as document
retrieval, especially when the task conceptually involves identify-
ing the document parts that respond to the query. For such reason,
previous studies have found empirical success with phrase retrieval
or late-interaction models, which support more granular and ex-
pressive representations of the retrieval corpus [15–17]. Similarly,
approaches like Generate-Read [55] replace traditional retrieval
with LLM-generated content, finding that LLM-generated contexts
often contain more accurate answers due to better alignment with
the pre-training objectives of causal language modeling. They use
a prediction module that aims to reduce redundancy and noise by
generating context directly through the LLM [55].

3 Method
The framework of our proposed model is sketched in Fig. 1, which
consists of two main phases. 1) The MAKEUP phase generates
enriched sentence candidates that maintain the exact semantics
of the original text while clarifying specific financial concepts or
making implicit propositions more explicit.
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Figure 1: Diagram of the proposed FLEX method.

2) The MAKEUP SELECTION phase consists of a function
that selects the most appropriate candidate from those produced
in the previous phase. Using an embedding model, the function
encodes both the original sentence and each candidate into vector
representations to assess semantic similarity. In addition to seman-
tic similarity, we also consider it crucial to ensure the sentence is
clear and self-explanatory. Thus, the function also incorporates a
measure of perplexity, which reflects how well the sentence aligns
with the language model’s expectations, providing insight into its
readability and naturalness.

Specifically, given 𝐼 is the set of original sentences to be enriched,
where 𝑖 ∈ 𝐼 , the sentence is passed to a decoder-only model, that
comes from the work of Jiang et al. [14] and it is provided by
HuggingFace4. It performs the MAKEUP phase that consists in
creating 𝜁 possible candidates enriched 𝑒

𝑒𝑐 = 𝐿𝐿𝑀 (𝑖), (1)

where 𝑐 = (1, ..., 𝜁 ). The process of MAKEUP SELECTION is per-
formed by a function that considers both the semantic similarity
and the perplexity. In the Sematic Check, each 𝑖 and 𝑒𝑐 is embedded
in an encoder-only model5 𝐸, provided by huggingface, and used
to compute cosine similarity 𝐶𝑆 (𝐶𝑜𝑠𝑖𝑛𝑒 𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦)

𝐶𝑆𝑖𝑒𝑐 = 𝑐𝑜𝑠𝑖𝑚(𝐸 (𝑖), 𝐸 (𝑒𝑐 ))) (2)

where 𝐶𝑆𝑖𝑒𝑐 ∈ [0, 1].
At the same time, in the Perplexity Check, each 𝑖 and 𝑒𝑐 are passed

to the commonly used Python library evalute6 parametrized with
openai-gpt, producing 𝑃 (𝑃𝑒𝑟𝑝𝑙𝑒𝑥𝑖𝑡𝑦)

𝑃𝑒𝑐 = 𝑃𝑒𝑟𝑝𝑙𝑒𝑥𝑖𝑡𝑦 (𝑒𝑐 ) (3)

where 𝑃𝑒𝑐 ∈ [0,∞].
Thus, the𝑀𝑆 function combines these two measures to identify

the best candidates that bothmaximize the semantic similarity score
𝐶𝑆𝑖𝑒𝑐 and minimize the perplexity 𝑃𝑒𝑐 . The function is defined as:

4https://huggingface.co/TheBloke/Mistral-7B-Instruct-v0.2-GPTQ
5https://huggingface.co/sentence-transformers/all-mpnet-base-v2
6https://pypi.org/project/evaluate/

𝑒𝑖 =
𝜁

max
𝑐=1

(
𝐶𝑆𝑖𝑒𝑐 +

(
1−

log(1+𝑃𝑒𝑐 )
log(1+𝑃𝑒𝑐max )

) ���� 𝐶𝑆𝑖𝑒𝑐 >𝜔, 𝑃𝑒𝑐 <𝑃𝑖

)
(4)

where the condition 𝐶𝑆𝑖𝑒𝑐 > 𝜔 ensures that the selected enriched
sentences have a minimum threshold of semantic similarity to the
original sentence. This 𝜔 value depends on the maximum level of
enrichment that we want to allow. Indeed, if a Dataset is composed
by short sentences we will let more contribute to the LLM and vice-
versa. The second condition, 𝑃𝑒𝑐 < 𝑃𝑖 , guarantees that the chosen
sentence is clearer than the original one. The system described
above allows us to control the process of enrichment avoiding as
much as possible the risk taken by the LLM.

4 Experiments
4.1 Datasets
Three datasets are used for the evaluation process. They are the
most used dataset in FSA in literature, particularly in the papers
we used as main references like [10, 19, 50, 56]. The statistics of the
employed datasets can be viewed in Table 1.
Financial PhraseBank (FPB) [27]. In 2014, a milestone dataset,
i.e., FPB, was established, which includes 4,846 news annotated by
16 individuals who have adequate background knowledge in finan-
cial markets from an investor perspective. Based on the strength of
agreement among annotators, it releases four reference datasets,
namely 100%, 75%, 66%, and 50% agreement. In their study, [27]
argues that the overall sentiment may be different from the prior
sentiment polarity of individual words, and incorporating phrase-
structure information and domain-specific use of language could
improve the detection. We use the 100% agreement dataset. The
average sentence length of the dataset is 128.1 so we set the𝜔 value
at 0.72, a quite high value that limits the wide contribution of LLM
but allows enrichment to take place.
FiQA Task 1 [25]. The dataset is from FiQA Open Challenge Task
1, which consists of 498 financial news headlines and 675 posts with
their target entities, aspects, and corresponding sentiment score.
The original dataset has 1173 messages with sentiment scores rang-
ing from -1 to +1. By filtering those scores with an absolute value
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Table 1: Summary statistics of the three FSA datasets (post-
processing).

Dataset FPB FiQA SEntFiN
Positive 570 507 2832
Negative 303 264 2373
Neutral 1391 - 2701
Total Size 2264 771 7906

larger than 0.3, only 771 messages are left and mapped to the posi-
tive/negative classes exactly as [50]. The average sentence length
of the dataset is 74.3 so we set the 𝜔 value at 0.43 (proportionate
concerning the value used for FPB), a quite low value that allows a
big contribution of LLM.
SEntFiN 1.0 [44]. To address the problem of scant benchmark
dataset for fine-grained FSA, a challenging task that requires exten-
sive human efforts for annotation, [44] released SEntFiN 1.0 and
made it publicly available to promote further research. SEntFiN is
a human-annotated dataset that includes 10,753 news headlines
with their entity and corresponding sentiment. Commonly, multiple
entities are present in a news headline with different sentiment
expressions and SEntFiN has 2,847 headlines that contain multi-
ple entities, which may have conflicting sentiment [44]. For this
reason, we consider just those documents without conflict in our
experiment. The average sentence length of the dataset is 57.1 so
we set the 𝜔 value at 0.2 (proportionate concerning the value used
for FPB), a quite low value that allows a big contribution of LLM.

4.2 Setups
We evaluate our approach using three different frameworks, all
without the enrichment process:

• FSAwith decoder-only zero-shot: Predict sentence sentiment
using a pre-trained LLM in a zero-shot setting.

• FSA with decoder-only few-shot: Predict sentence sentiment
using a pre-trained LLM with a few-shot prompt.

• FSA with encoder-only: Fine-tune and predict sentiment
using a pre-trained encoder-only model.

First of all, we tested if a decoder-only model is facilitated in
predicting the sentiment of a financial sentence after the enrich-
ment. So, we prompt the input sentence asking the LLM4 to predict
the sentiment (POSITIVE, NEGATIVE) or (POSITIVE, NEUTRAL,
NEGATIVE) depending on the nature of the dataset used both with
zero-shot learning and few-shot learning.

For the few-shot scenario, we randomly selected one example per
label from the respective dataset: 3 for FPB, 6 for SEntFiN (which
contains twice as many as FPB), and 2 for FIQA. Specifically, we
compared the model’s accuracy in predicting the sentiment of the
dataset with and without enriched sentences to assess whether
enrichment aids a pre-trained model in predicting a sentence’s
financial sentiment.

Following this, we conducted another FSA using an encoder-
only model that was pre-trained and fine-tuned without enriched
sentences.

Table 2: Performance comparison measured by accuracy.

Dataset FPB FiQA SEntFiN Avg.
Decoder-only - Zero-shot
Mistral 75.1% 80.9% 70.9% 75.7%
Mistral + FLEX v0.2 83.5% 86.8% 73.7% 81.3%
Mistral + FLEX v0.3 85.3% 89.5% 76.1% 83.6%
Decoder-only - Few-shot
Mistral 87.2% 80.5% 67.7% 78.5%
Mistral + FLEX v0.2 90.1% 87.9% 75.3% 84.4%
Mistral + FLEX v0.3 90.3% 90.3% 77.3% 86.0%
Encoder-only - Fine-tuning
DistilBert 93.2% 71% 86.0% 83.4%
DistilBert + FLEX v0.2 94.7% 82.6% 84.4% 87.2%
DistilBert + FLEX v0.3 95.4% 91.6% 86.0% 91.0%

4.3 Baselines
We examine our method by comparing to the following baselines:
Mistral 7B is a 7-billion-parameter language model optimized
for high performance and efficiency in NLP tasks. It incorporates
several technical innovations that enhance its functionality, in-
cluding Grouped-Query Attention, Sliding Window Attention, and
advanced fine-tuning capabilities. We examine two versions of
Mistral, namely, Mistral-7B-Instruct-v0.2-GPTQ and Mistral-7B-
Instruct-v0.3-GPTQ for generating the enrichment, respectively.
These models are termed FLEX v0.2 and FLEX v0.3. Then, we use
Mistral-7B-Instruct-v0.2-GPTQ as a backbone to predict labels. We
compare the vanilla version of Mistral-7B-Instruct-v0.2-GPTQ (Mis-
tral) to the ones that combine the enrichment generated by FLEX
v0.2 (Mistral + FLEX v0.2) and FLEX v0.3 (Mistral + FLEX v0.3),
respectively.
DistilBERT is a compressed version of the BERT model, developed
to be smaller, faster, and more efficient while maintaining strong
language understanding capabilities. Its key innovations include the
use of knowledge distillation during the pre-training phase, a novel
triple-loss function that integrates language modeling, distillation,
and cosine-distance losses, as well as the implementation of large-
batch training with gradient accumulation and dynamic masking.
Similarly, we also examine the enrichment generated by different
Mistral versions, e.g., FLEX v0.2 and FLEX v0.3.

5 Results
The performance results of Mistral and DistilBERT models, both
with and without the integration of FLEX versions, are summarized
in Table 2. For decoder-only models (Mistral), the integration of
FLEX v0.2 and v0.3 shows a clear improvement in both zero-shot
and few-shot learning tasks across all datasets. In the zero-shot
setting, Mistral combined with FLEX v0.2 achieves an average ac-
curacy of 81.3%, compared to 75.7% without FLEX, demonstrating
a substantial improvement. Mistral + FLEX v0.3 further increases
accuracy to 83.6%, with notable gains particularly in the FPB and
SEntFiN datasets. Similarly, in the few-shot setting, Mistral + FLEX
v0.2 achieves an average accuracy of 84.4%, instead Mistral + FLEX
v0.3 improves the accuracy to 86.0%.
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Table 3: Case Study.

Setup Content Predicted True
Original In the second quarter of 2010 , Raute ’s net loss narrowed to EUR 123,000 from EUR 1.5 million in the same

period of 2009 .
NEGATIVE POSITIVE

w/ FLEX Raute’s net loss was reduced from EUR 1.5 million in the second quarter of 2009 to EUR 123,000 in the
same quarter of 2010, reflecting a notable improvement in the company’s financial situation.

POSITIVE

Original $AAPL short some 592.49 POSITIVE NEGATIVEw/ FLEX Shorting 592.49 shares of $AAPL stock is a bearish bet on the stock, with the expectation that its price will
decrease in the near term and generate a profit from the subsequent decline.

NEGATIVE

Original 3rd red day in a row ? $TSLA POSITIVE NEGATIVEw/ FLEX A third red day in a row for $TSLA’s stock price indicates a bearish trend. NEGATIVE
Original EXL beats profit estimates, cuts sales outlook NEGATIVE POSITIVEw/ FLEX EXL beats profit estimates, signifying that the company’s earnings per share for the quarter were higher

than the consensus forecast.
POSITIVE

Original Religare Finvest NCD issue oversubscribed 1.31 times NEGATIVE POSITIVEw/ FLEX Religare Finvest NCD issue oversubscribed 1.31 times, meaning the demand for the non-convertible
debentures exceeded the supply by 31%.

POSITIVE

Original The solid fuel is heated before sludge is mixed therein . POSITIVE NEUTRALw/ FLEX The solid fuel is heated before sludge is mixed therein, a standard practice to ensure the fuel is free of
impurities before the sludge is added.

NEUTRAL

Original Homebuilders - $RYL breaking below support, watch this one. $SPY POSITIVE NEGATIVEw/ FLEX The homebuilding industry is experiencing a downturn, and the stock price of $RYL is reflecting this trend,
as it has broken below a significant support level and is now trading below the $SPY index.

NEGATIVE

Figure 2: Accuracy across datasets (FPB, FIQA, SEntFiN) for
different iterations.
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For encoder-only models (DistilBERT), the results are particu-
larly impressive in the fine-tuning setting, where the integration of
FLEX v0.2 and v0.3 significantly boosts performance. DistilBERT
alone achieves an average accuracy of 83.4%, but with FLEX v0.2,
this increases to 87.2%, with the most substantial improvement
observed in the FiQA dataset, where accuracy rises from 71% to
82.6%. FLEX v0.3 further enhances the model’s accuracy to 91.0%,
with gains across all datasets, including a notable jump in FiQA
accuracy to 91.6%. These results indicate that the FLEX framework,
particularly version 0.3, is highly effective in improving fine-tuning
performance for financial sentiment analysis tasks, enabling mod-
els to better capture domain-specific nuances in complex financial
data.

In summary, we can observe that FLEX can provide positive
utilities across all the evaluation setups.

5.1 Ablation Study
We conducted an ablation study to enhance the robustness of our
model and underscore the contribution of each component. Specifi-
cally, we tested each dataset using three distinct approaches, each
designed to illustrate the importance of individual elements of our
method. The experiments were performed on the decoder-only
fine-tuning task, as it yielded the best performance, as discussed in
the previous section. The approaches we tested are:

• No Makeup Selection: Sentences are enriched directly us-
ing the LLM4 without the makeup selection phase, meaning
the LLM produces only one candidate.

• No Semantic: The LLM generates candidates as described
in Sec.3, but the selection is based solely on the perplexity
criterion, choosing the enriched sentence with the lowest
perplexity value.

• No Perplexity: The LLM produces candidates as outlined
in Sec.3, but the selection is made solely using the semantic
criterion, choosing the enriched sentence with the highest
cosine similarity to the original sentence.

Fig. 2 first highlights the value of generating multiple candidates
rather than relying solely on the LLM’s output. Additionally, the
results reveal the significant impact of both components in our
candidate selection criteria. The notable differences in trends be-
tween FPB, SEntFiN, and FIQA can be attributed to the varying
sizes of these datasets. The FIQA dataset contains fewer documents
compared to the other two, making longer sentences beneficial for
the encoder during the fine-tuning training phase. This explains
why the model without restrictions achieves the second-best per-
formance.
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Notably, the lowest performance is observed in the “No per-
plexity" solution, as it relies solely on semantic similarity with the
original sentence, inherently resulting in shorter sentences. Never-
theless, the higher-quality sentences resulting from our selection
criteria yield the highest accuracy. This can be explained by the lim-
itations of using perplexity or semantic similarity alone. Perplexity
by itself does not consider the similarity to the original sentence,
which is crucial as it carries the sentiment label. Conversely, relying
solely on semantic similarity risks tying the enriched sentence too
closely to the original one, without adding meaningful content. For
this reason, our approach uses perplexity to ensure that the new
sentence is more predictable than the original while maintaining
relevant semantic connections.

5.2 Case Study
In this section, we conduct case studies on the three datasets em-
ployed to qualitatively illustrate how our method is able to provide
additional information that is useful for more accurate predictions.

As shown in Table 3, FLEX can paraphrase the original sentence
such that the expression is more straightforward while also fitting
to the financial domain. For instance, in the first example, our
method reworded “net loss narrowed" to “net loss was reduced"; and
in the second example, “short" to “shorting shares of stock". The
reworded expressions are easier to understand to both human and
the machine, as indicated by the predictions with and without FLEX.

From the results, we can also observe that FLEX is able to cor-
rectly interpret and elaborate on the financial phenomena described
in the given input, strengthening the intended sentiment of the
original text. For instance, in the first example, FLEX further ex-
plained the stated fact by adding “reflecting a notable improvement
. . . "; in the second example, shorting shares of stock is interpreted a
“bearish bet" and “with the expectation that its price will decrease . . . ";
in the third, “a third red day in a row" is elaborated with “indicates a
bearish trend"; in the fourth, “beats profit estimates" is expanded as
“earnings . . .were higher than the consensus forecast"; and in the fifth,
“oversubscribe" is elaborated to emphasize “demand . . . exceeded the
supply". It can be seen that the elaborations are not only true to the
original meanings, but also contain explicit sentiment indicators
that aid the machine’s prediction.

On the other hand, FLEX is also capable of expanding on facts
unrelated to financial sentiment. For instance, in the sixth example,
it added an explanation that the stated phenomenon in the original
sentence is a standard practice in handling fuel, which helped the
machine classify it as neutral in the financial context.

Furthermore, from the last example, it can be observed that FLEX
is also capable of completely rewriting a sentence when the input
is too informally worded. The rewritten sentence is true to the
original meaning, i.e. “RYL breaking below support", while being
clearer and more comprehensible for both humans and machines.

6 Conclusion
In this work, we proposed an FSA approach that enhances the
original input by incorporating semantic enrichment and perplexity
measures, enabling the predictive model to make more accurate
label predictions, based on a more comprehensive and coherent
input.

Experimental results validate the effectiveness of our method
across various setups, including zero-shot, few-shot, and fine-tuning
frameworks. The ablation study further confirms the utility of the
introduced semantic and perplexity checks. Future work can ex-
amine the enhancement of the method from the perspective of
syntax [57] and pragmatics [31].
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