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Abstract: Financial large language models (FinLLMs) offer immense potential for financial applications. While
excessive deployment expenditures and considerable inference latency constitute major obstacles, as a prominent
compression methodology, knowledge distillation (KD) offers an effective solution to these difficulties. A compre-
hensive survey is conducted in this work on how KD interacts with FinLLMs, covering three core aspects: strategy,
application, and evaluation. At the strategy level, this review introduces a structured taxonomy to comparatively
analyze existing distillation pathways. At the application level, this review puts forward a logical upstream–
midstream–downstream framework to systematically explain the practical value of distilled models in the financial
field. At the evaluation level, to tackle the absence of standards in the financial field, this review constructs a
comprehensive evaluation framework that proceeds from multiple dimensions such as financial accuracy, reasoning
fidelity, and robustness. In summary, this research aims to provide a clear roadmap for this interdisciplinary field,
to accelerate the development of distilled FinLLMs.

Key words: Financial large language models (FinLLMs); Knowledge distillation; Model compression;
Quantitative trading
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1 Introduction

Over the past few years, substantial progress
in natural language processing (NLP) has been
achieved through the development of large language
models (LLMs), with their powerful capabilities in
contextual understanding, text generation (TG),
and reasoning indicating broad application prospects
across various industries (Zhao ZH et al., 2024). The
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financial industry, being highly dependent on in-
formation processing, analysis, and decision-making
(DM), naturally becomes an important application
scenario for LLM technology (Li YH et al., 2023). Fi-
nancial large language models (FinLLMs) are trained
or fine-tuned on general LLMs using specialized data
from the financial domain, aiming to better under-
stand financial terminology, capture market dynam-
ics, and execute finance-specific tasks (Lee et al.,
2025). The emergence of models marks the rise of
FinLLM research (Liu XY et al., 2023; Wu SJ et al.,
2023; Xie et al., 2023; Zhang and Yang, 2023; Bhatia
et al., 2024). These models have demonstrated appli-
cation potential in various aspects, such as financial
sentiment analysis, market prediction, quantitative
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trading, risk management (RM), report generation
and summarization, and intelligent customer service
(Raza et al., 2025).

However, the deployment of FinLLMs faces sev-
eral major challenges. First, FinLLMs require high
costs (Nie et al., 2024), and training a model such
as BloombergGPT is estimated to cost millions of
dollars. FinLLMs’ large size makes them difficult
to deploy on standard hardware such as mobile de-
vices or regular servers. Additionally, FinLLMs’ la-
tency is a critical issue for tasks that need instant
decisions, such as algorithmic trading executed at
millisecond speeds. These challenges are the main
roadblocks preventing FinLLMs from turning their
potential into practical value.

Knowledge distillation (KD), recognized for its
effectiveness in model compression and knowledge
transmission, constitutes a fundamental strategy for
resolving the difficulties that FinLLMs encounter
in real-world applications (Acharya et al., 2024).
Through a teacher–student paradigm (Li LJ et al.,
2023), it enables smaller, simpler student models
with fewer parameters to learn and inherit the key
capabilities of large teacher models, thereby sig-
nificantly reducing computational resource require-
ments, shortening inference time, and supporting
deployment in resource-constrained environments.
Consequently, KD technology can effectively bridge
the gap between the powerful potential of FinLLMs
and the practical implementation needs of the finan-
cial industry.

FinLLMs and KD are key research areas in ar-
tificial intelligence (AI). Li YH et al. (2023) and Nie
et al. (2024) have published comprehensive surveys
on FinLLMs, detailing their applications and chal-
lenges in financial tasks. Similarly, some researchers
have provided thorough reviews on KD methods and
applications (Xu XH et al., 2024; Yang CP et al.,
2024). However, there is currently no systematic
survey focusing on the integration of KD with Fin-
LLMs. This paper addresses this gap by system-
atically investigating the synergy between KD and
FinLLMs, offering a comprehensive survey to guide
future research.

This paper delivers an exhaustive, systematic
review of the domain by integrating strategies, ap-
plication scenarios, and evaluation methods into a
cohesive analytical framework. First, this paper
divides the distillation strategy into black-box and

white-box categories, then analyzes examples ac-
cording to three different financial scenarios, and fi-
nally discusses the challenges of KD for FinLLMs.
Next, it examines applications by proposing a logi-
cal upstream–midstream–downstream framework to
more clearly elucidate the practical value of distilled
models in the financial field. Finally, to address the
critical lack of evaluation metrics, this paper pro-
poses a set of corresponding, quantifiable, specific
measurement indicators for the three different finan-
cial task scenarios of trading strategies.

2 Background

2.1 FinLLMs

FinLLMs are large language models (LLMs)
specifically trained or adapted for tasks within the
financial domain (Lee et al., 2025). They are typi-
cally built upon general LLM architectures such as
the Transformer (Raza et al., 2025). FinLLMs often
contain billions of parameters (frequently exceeding
seven billion) and acquire core capabilities for pro-
cessing financial information through pre-training or
fine-tuning on corpora comprising extensive finan-
cial documents—spanning news pieces, annual fil-
ings, academic studies, and social-media chatter—
as well as, in some cases, structured data including
market quotes and financial indicators. In addition
to inheriting the powerful natural language under-
standing and generation abilities of general-purpose
LLMs, FinLLMs develop specialized expertise in fi-
nancial knowledge and reasoning (Li YH et al., 2023).
Fig. 1 depicts the progression from general-purpose
language models (LMs) to finance-specific models
alongside the development of KD.

As depicted in Fig. 2, the essential functionali-
ties encompassed by FinLLMs include: precise com-
prehension of financial terminology, industry con-
ventions, and complex reporting structures; efficient
extraction of key information or generation of sum-
maries from large volumes of financial text (Raza
et al., 2025); analysis of market sentiment and entity-
specific sentiment (Nie et al., 2024); engagement
in financial question answering (QA), provision of
investment suggestions which must be interpreted
with caution, and functioning as intelligent customer
service agents (Raza et al., 2025); logical reason-
ing based on available information to support risk
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Fig. 1 A chronological diagram showcasing the transition of LLMs from broad-domain architectures to finance-
oriented versions, accompanied by advances in KD

assessment and market forecasting (FO); processing
of multimodal financial data, including text, tables,
time series, and visual elements such as charts (Kong
et al., 2024).

Table 1 presents a comparison of several primary
construction pathways for FinLLMs. Mixed pre-
training from scratch constitutes one possible route,
represented by BloombergGPT (Wu SJ et al., 2023),
involving the construction of a model de novo by
leveraging both general-domain sources and large-
scale financial corpora. Although this approach
enables deep customization, it requires substantial
computational resources and is typically feasible only
for large institutions. In contrast, continual pre-
training involves incrementally training an existing
general LLM on financial data, as demonstrated by
FinTral (Bhatia et al., 2024). This method signif-
icantly reduces training costs while improving the
model’s understanding of financial concepts and lan-
guage. Another widely adopted strategy is instruc-
tion fine-tuning, which adapts general LLMs using
domain-specific instruction datasets to enhance per-
formance on targeted financial tasks. Representative

Table 1 Comparison of FinLLM construction
approaches

Construction approach Representative model

Mixed pre-training from scratch BloombergGPT
Continual pre-training FinTral

Instruction fine-tuning
PIXIU

InvestLM
FinGPT

models include PIXIU (Xie et al., 2023), FinGPT
(Liu XY et al., 2023), and InvestLM (Yang Y et al.,
2023). This approach offers advantages such as low
cost, high flexibility, and rapid deployment; however,
it may affect the model’s generalization ability across
broad domains.

2.2 KD

Operating on a teacher–student paradigm (Li
LJ et al., 2023), KD is frequently employed to achieve
model compression and facilitate knowledge trans-
fer. As shown in Fig. 3, through KD, expertise is
transferred from a large, high-capacity teacher model
to a student model that is smaller and more com-
putationally efficient. The primary objective is to



1796 Shi et al. / Front Inform Technol Electron Eng 2025 26(10):1793-1808

Financial understanding

Input question:

What does a negative ROE

mean?

It means the company is

losing money relative to

shareholder equity.

Answer:

Input question:

XYZ Corp Q2 earnings report:

Revenue $2.1B, Net income

$150M, EPS $0.45.

XYZ Corp reported $2.1B in
revenue and $0.45 EPS in

Q2.

Answer:

Information processing

Sentiment analysis

Input question:

ABC Bank faces investigation

over compliance failures.

Negative sentiment toward

ABC Bank.

Answer:

Reasoning & forecasting

Input question:

The Fed raised interest rates

by 0.25%. What’s the impact

on bond prices?

Bond prices may decline as

yields rise.

Answer:

Financial Q&A

Input question:
Q1

Answer:
A1

Input question:
Q2

Answer:
A2

Input:

Revenue has grown steadily
over the past four quarters,

with a slight dip in Q3.

Answer:

Multimodal processing

Question

FinLLM core capability

Fig. 2 FinLLM core capability diagram

Generated knowledge

Teacher LLM Student LLMDatasets

Skill Learning
objective
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for disseminating knowledge from a mentor model to
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reduce computational resource consumption and in-
ference latency, while preserving the performance of
the teacher model as much as possible.

The core mechanism involves training the
student model to replicate various forms of infor-
mation from the teacher, including output distri-
butions, intermediate representations, and relational

structures. This is typically achieved by minimizing
a composite loss function that integrates both the
task-specific loss and the distillation loss.

KD is extensively used in deep learning, particu-
larly in scenarios involving large-scale models such as
FinLLMs. By employing either white-box or black-
box distillation methods, KD significantly improves
model efficiency and deployment flexibility, enabling
real-time applications. However, it inherently in-
volves a trade-off between performance fidelity and
compression effectiveness (Kong et al., 2024):

LKD = (1− α)Ltask(y, Ps) + αLdistill(Pt, Ps), (1)

where LKD represents the overall loss function used
in KD. It is formed by a weighted combination of two
elements. The first term, Ltask(y, Ps), is the task-
specific loss. It is typically computed using cross-
entropy between the student’s predicted distribution
Ps and the true labels y. This term ensures that
the student remains accurate on the primary task.
The second term, Ldistill(Pt, Ps), is the distillation
loss. This process seeks to harmonize the student’s
output Ps with the teacher’s soft target distribu-
tion Pt through the reduction of their divergence.
This mechanism drives the student to assimilate the
teacher’s sophisticated predictive conduct. The hy-
perparameter α ∈ [0, 1] determines how the two loss
components are balanced. It determines whether the
student model focuses more on ground-truth super-
vision or on imitating the teacher.

3 Strategies of distilled FinLLMs

Applying KD to FinLLMs aims to overcome the
limitations of the latter, enhancing their practical
value and feasibility in financial scenarios. More
precisely, through the conveyance of functionalities
from a substantial teacher FinLLM to a compact
student model, KD can significantly reduce the ini-
tially high computational costs and energy consump-
tion for both training and inference (Xu XH et al.,
2024), and substantially shorten the inference la-
tency, meeting the stringent response speed require-
ments of financial applications, such as quantitative
trading, real-time risk control, and online customer
service. The resulting lightweight student models
are easier to deploy in resource-constrained environ-
ments, effectively broadening the application scope
of FinLLMs.
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To systematically understand the application of
KD in FinLLMs, distillation strategies are grouped
into white-box and black-box methods. The white-
box method scrutinizes three independent channels
for knowledge dissemination. The black-box method
focuses on methods that rely on synthetic data.

3.1 KD of white-box

As shown in the lower part of Fig. 4, a white-
box model implies the capability to observe and use

Datasets Teacher model Student model

Logits, features, and relation

Fig. 4 KD of the black-box and white-box

the teacher model’s internal processes (Liang et al.,
2023; Timiryasov and Tastet, 2023; Agarwal et al.,
2024; Gu et al., 2024; Liu ZC et al., 2024). In addi-
tion to using the teacher’s final outputs, its internal
componentsąłsuch as hidden layers and intermedi-
ate computationsąłcan be employed in training the
student model. This enables the student to acquire
deeper knowledge, often resulting in improved per-
formance (Qin et al., 2023; Wen et al., 2023; Wan
et al., 2024; Zhao QY and Zhu, 2024).

3.1.1 Logit-based distillation

As shown in Fig. 5, logit-based distillation is
the most established and widely adopted approach
(Kim et al., 2023). The fundamental principle entails
steering the student model to mirror the teacher’s
logits at the output stratum. These logits contain
the teacher’s dark knowledge (Burnett and Lloyd,
2020), capturing subtle relationships between classes
and reflecting the decision-making logic of the large
language model.

The typical loss function is the Kullback–Leibler
(KL) divergence with a temperature parameter τ
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Fig. 5 Overview of the distillation strategies. IO: input/output; SFT: supervised fine-tuning
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(Hershey and Olsen, 2007; van Erven and Harremos,
2014):

LLogit = KL
(
σ
(zs
τ

)
, σ

(zt
τ

))
, (2)

where zs and zt are defined as the output scores from
the student model and the teacher model, respec-
tively. Through its role, the function σ embodies
the Softmax operation, while τ functions as a tem-
perature hyperparameter to mitigate the sharpness
of probability distributions. This loss is typically
combined with a standard task loss.

3.1.2 Feature-based distillation

Feature-based distillation concentrates on con-
veying expertise from the teacher model’s intermedi-
ate strata to the student model (Liu ZC et al., 2024).
Rather than mimicking the final output, the student
assimilates the teacher’s cognitive framework. This
is achieved by minimizing a similarity loss between
feature maps ft and fs from corresponding layers
of the teacher and student models, respectively. A
widely used measure is the L2 norm (mean squared
error), expressed as

LFeat = ||φt(ft(x))− φs(fs(x))||22, (3)

where ft(x) and fs(x) are identified as the feature
maps generated by the teacher and student models
for a given input x, respectively. When feature di-
mensions are mismatched, the optional linear trans-
formation φ is employed to ensure dimensional con-
sistency. The DiFiLE (Hristova and Satani, 2025)
project applies this method by aligning the word em-
beddings of two models.

3.1.3 Relation-based distillation

Relation-based distillation does not require the
student to mimic individual outputs (Zhao YX et al.,
2024). Instead, it transfers the structural rela-
tionships between data samples as understood by
the teacher. This is achieved by defining a rela-
tional loss that minimizes discrepancies in geomet-
ric structures—such as relative distances, angles, or
correlations—between the teacher and student fea-
ture spaces.

Relational knowledge is considered a deeper
form of dark knowledge. By jointly optimizing re-
lational and task losses, the student learns not only
to solve the task but also to internalize the teacher’s

data organization logic, thereby improving general-
ization. A common way to capture relational knowl-
edge is through the Gram matrix, which quantifies
feature correlations via inner products:

LRelation = ||G(ft(x))−G(fs(x))||2F, (4)

where ft(x) and fs(x) are characterized as the fea-
ture maps, which are produced by the intermediate
layers of the teacher and student models, respec-
tively, for a specified input x. The function G(·)
computes the Gram matrix from a feature map us-
ing the operation G(F ) = FFT, where a feature
map F is multiplied by its transpose FT. The re-
sulting Gram matrix captures the inner products
and correlations among the features, effectively rep-
resenting the model’s internal knowledge structure.
Through its definition, the expression ‖·‖2F repre-
sents the squared Frobenius norm, quantifying the
total squared elements within the disparity matrix
of the teacher’s and student’s Gram matrices. This
loss, when reduced, enables the student model to
be trained in reflecting the teacher’s feature rela-
tionships, thus promoting the assimilation of the
teacher’s sophisticated knowledge frameworks.

3.2 KD of black-box

As shown in the upper part of Fig. 4, black-
box KD encompasses situations in which the internal
mechanisms of the teacher model remain unreachable
(Chang et al., 2019; Nguyen et al., 2022; Galichin
et al., 2025). The student learns solely from the
teacher’s final outputs. The teacher is regarded as a
black box, meaning that its architecture, parameters,
and intermediate activations are unknown (Wang,
2021; Han PC et al., 2024). The student is provided
with the identical input and strives to mimic the
teacher’s output.

In cases where the teacher model is served via an
application programming interface (API), or when
only the input–output interface is exposed due to
privacy or intellectual property (IP) concerns, syn-
thetic data-based distillation becomes essential (Li Z
et al., 2023).

As shown in Fig. 5, this method bypasses in-
ternal access through two stages. First, in the data
synthesis stage, input data from flexible sources is
fed into the teacher model (Lei and Tao, 2023; Chen
XX et al., 2024). Its outputs are used to create a syn-
thetic training set (i.e., input–output pairs). Second,
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within the student training phase, this synthetically
generated dataset is employed to instruct the stu-
dent model via a conventional supervised learning
paradigm. The ultimate aim of this procedure is
to minimize the discrepancy between the student’s
output predictions and the teacher’s corresponding
pseudo-labels, thereby enabling the acquisition of the
teacher’s input–output mapping.

The loss function seeks to harmonize the out-
put distributions of the student and teacher models,
typically using KL divergence:

LSynthetic =
∑

x∈Dsyn

DKL

(
σ
(zs
τ

) ∣∣∣
∣∣∣σ

(zt
τ

))
, (5)

where LSynthetic represents the total distillation loss
calculated over the synthetic datasetDsyn. The over-
arching aim is to reduce this discrepancy, thereby
compelling the student model to assimilate the in-
formation derived from the teacher model’s perfor-
mance on the synthetic dataset. The total loss is
computed by accumulating the individual loss gen-
erated for each sample x within the synthetic dataset
Dsyn. Using KL divergence, symbolized as DKL(·||·),
the individual loss is measured. This metric specif-
ically calculates the divergence between a pair of

probability distributions. The KL divergence specif-
ically operates on two tempered probability distribu-
tions. The first is the student model’s distribution
σ( zsτ ), which is derived from its raw logits zs. The
second is the teacher model’s distribution σ( ztτ ), sim-
ilarly derived from its raw logits zt. Both distribu-
tions are generated by applying the Softmax function
σ(·) and a temperature parameter τ .

Through synthetic data-based KD, the effective
conveyance of knowledge is possible from a robust
teacher model, which acts as a source, to a com-
pact student model, even under black-box conditions
where the inner mechanisms of the teacher model are
entirely concealed.

4 Applications of distilled FinLLMs

KD makes FinLLMs more practical by signifi-
cantly reducing their computational cost and infer-
ence latency, thereby enhancing deployment flexibil-
ity. To systematically analyze these applications,
this section organizes use cases into a three-tier
framework: upstream, midstream, and downstream.
The framework is shown in Fig. 6.

U
ps

tre
am

M
id

st
re

am
D

ow
ns

tre
am

Financial information processing

Web

Financial datasets

News Files
Distilled
FinLLMs

Structured data
Financial information

processing

Report
summarization

and
generation

Information
extraction and

structuring

Financial analysis and prediction

Sentiment analysis Market prediction Risk assessment and
financial fraud detection

Preprocessing
Sentence

embeddings

Multi-instance

learning

NLP  tools doc2vec Market data

Evaluation
Up Downor

Payment details

User information

Transaction location Distilled  FinLLMs

NormalSuspicious

Decision engine

Alarm or manual review

Decision support execution

Signal generation
logic module

Real-time market conditions

News and information

Social media information Distilled FinLLMs Trading signals
(buy, sell, and hold)

Order execution
system

Monitoring and
feedback loop

Fig. 6 Three-tier framework: upstream–midstream–downstream



1800 Shi et al. / Front Inform Technol Electron Eng 2025 26(10):1793-1808

4.1 Upstream: financial information process-
ing

Upstream tasks are foundational to all subse-
quent financial analysis. Their core objective is
to convert vast amounts of unstructured informa-
tion into structured, machine-readable data. In this
role, distilled FinLLMs act as information refineries,
greatly improving processing efficiency and scale.

4.1.1 Report summarization and generation

Financial analysts must process numerous
lengthy documents, such as annual reports and news
releases. Distilled FinLLMs can generate accurate
summaries for these documents, with applications
extending to real-time scenarios. For instance, an
end-to-end trading system uses FinGPT (Liu XY
et al., 2023) to summarize live news feeds, which are
then used for sentiment analysis to generate trading
signals, demonstrating the value of low-latency mod-
els. The DiFiLE project also shows that a distilled
student model, just 64% the size of its teacher, can
process long 104 reports with 30% less training time
while maintaining comparable performance.

4.1.2 Information extraction and structuring

Automatically extracting key data from un-
structured text is a critical, foundational task.
This technology has reached commercial maturity.
In academia, the FinGPT (Liu XY et al., 2023)
project has shown how parameter-efficient fine-
tuning (PEFT) techniques (Han ZY et al., 2024)
like LoRa (Sundaram et al., 2019) can adapt gen-
eral models like Llama2 (Touvron et al., 2023) into
specialized experts for financial named entity recog-
nition (NER). In practice, commercial NLP suites
from companies like John Snow Labs can precisely
extract specific entities from financial filings, such
as company filing numbers (CFNs) and trading sym-
bols, confirming the industrial-grade readiness of this
technology. The efficiency of distilled models makes
them ideal for these tasks, providing robust data for
downstream applications.

4.2 Midstream: financial analysis and predic-
tion

Midstream tasks use the structured data from
upstream processes to perform in-depth reasoning

and prediction, linking data to decisions. In this
paper, by retaining core analytical power at a lower
operational cost, distilled FinLLMs show immense
potential.

4.2.1 Sentiment analysis

This task aims to quantify the sentiment in texts
such as news and social media posts, using it as a fea-
ture for predicting market trends. To capture mar-
ket sentiment in real time, models must be both fast
and accurate. The FinBERT (Huang et al., 2023)
project is a prime example. Through an innovative
two-stage distillation process, it produced a special-
ized financial sentiment model with only 14.5 million
parameters. This model not only achieved 98.9% of
its large teacher’s accuracy on a standard bench-
mark, but also surpassed it on an out-of-domain
dataset (107.5% accuracy), demonstrating that well-
designed distillation can improve both efficiency and
generalization.

4.2.2 Market prediction

Distilled models can be used to predict stock
prices, volatility, or other market indicators. Their
lower resource requirements make it feasible to per-
form more frequent model updates and cover a
broader range of assets.

4.2.3 Risk assessment and financial fraud detection

Financial institutions must constantly monitor
various risks. For financial fraud detection, which
requires real-time processing of massive transaction
volumes, the low latency of distilled FinLLMs makes
them an ideal choice.

The middle part of Fig. 6 shows a real-time fraud
detection system that uses a distilled FinLLM. In
this system, transaction data flow in and are rapidly
scored by the distilled FinLLM module. A decision
engine then flags suspicious transactions for review,
a process whose effectiveness hinges on the model’s
high throughput and low latency. Underscoring this,
Tang and Liu (2024) found that the distilled student
model achieved an F1-score of 92.87%, significantly
outperforming its teachers (81.42%) and showing
that distillation can even enhance performance.
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4.3 Downstream: decision support and exe-
cution

Downstream applications represent the final
mile where analytical insights are converted into ac-
tionable decisions or user-facing services. The low
latency and cost-effectiveness of distilled FinLLMs
are critical for these time-sensitive, large-scale
deployments.

4.3.1 Quantitative trading

In quantitative trading, millisecond latencies
can determine profit or loss. Research reveals a
latency–profitability curve where the fastest model
is not always the best; rather, there is an optimal
balance between speed and quality. The lower part
of Fig. 6 shows a quantitative trading system built
around a distilled FinLLM. Inputs such as market
data and news are processed by the distilled Fin-
LLM module for rapid inference. A logic module
converts these insights into trading signals (buy, sell,
and hold), which are then sent to an execution sys-
tem. The core principle of this architecture is to
leverage the distilled model for low-latency, high-
throughput real-time decision support.

4.3.2 Robo-advisors

The next generation of robo-advisors aims to
provide hyper-personalized advice, a computation-
ally intensive task when scaled to millions of users.
While industry examples like Morgan Stanley’s AI
platform have proven the value of AI-driven person-
alization (increasing client engagement by 35%), KD
is the key technology to democratize this capability
and offer it to the mass market at a low cost.

4.3.3 Intelligent customer service

Financial chatbots must understand user intent
accurately and respond with low latency. In this pa-
per, industry cases clearly show the value of distilla-
tion. For example, Snorkel AI used a large model to
bootstrap the creation of a smaller, specialized bank
chatbot model. Concurrently, cloud platforms like
Amazon Bedrock now offer model distillation as a
commercial service, specifically targeting the deploy-
ment of large-scale, low-latency chatbot systems.

In summary, these applications demonstrate
that distillation technology makes it feasible to use

LLMs for efficient, real-time, and large-scale finan-
cial tasks. However, the successful deployment of
these systems hinges on both the model and high-
quality data, reliable execution systems, and contin-
uous performance monitoring. Therefore, rigorous
validation and responsible deployment of distilled
models are paramount in the high-stakes financial
sector.

5 Evaluation of distilled FinLLMs

5.1 Tasks and datasets for FinLLMs

In this subsection, we outline the evaluation
tasks for large-scale financial models and the cor-
responding datasets. We have systematically orga-
nized this content into a tabular format, as shown in
Table 2.

We refer to the classification method proposed
in FinBen (Xie et al., 2024) to categorize financial
tasks into six types: information extraction (IE), tex-
tual analysis (TA), QA, TG, RM, FO, and DM. IE
refers to the automatic extraction of structured in-
formation (Singh, 2018). TA, sometimes called text
mining or textual analytics, uses FinLLMs to ana-
lyze text for patterns, sentiment, and topics. QA
is a subfield of NLP and information retrieval fo-
cused on building systems that can automatically
respond to human queries posed in natural language
(Pandya and Bhatt, 2021). TG, a subset of natu-
ral language generation, involves producing coherent
and contextually appropriate text, given some in-
puts or conditions (Li JY et al., 2024). RM is the
systematic process of identifying, assessing, and mit-
igating risk event that could adversely affect organi-
zational objectives. FO is the practice of predicting
future events or trends using historical and current
data, applying quantitative methods or qualitative
insights to support strategic DM. DM is the process
of choosing among alternatives by structuring prob-
lems, weighing criteria, and selecting the most fitting
option, often supported by analytic frameworks or
systems.

5.2 A multi-dimensional evaluation frame-
work for distilled FinLLMs

Although KD provides an efficient and feasi-
ble path for the deployment of FinLLMs, this op-
timization process also brings new challenges to the
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Table 2 A summary of datasets, tasks, description, and metrics of FinLLMs

Dataset Task Description Metric

FiNER-ORD (Shah A et al., 2023a) IE NER Entity F1 (PER, LOC, ORG)
CRA (Alvarado et al., 2015) IE NER Entity F1 (PER, LOC, ORG)

FinRED (Sharma et al., 2022) IE Relationship extraction Recall, PPV, F1
REFinD (Kaur et al., 2023) IE Relationship extraction Recall, PPV, F1

FinCausal (Mariko et al., 2020) IE Causal detection Recall, PPV, F1
FNXL (Sharma et al., 2023) IE Numeric labeling Recall, PPV, F1, Hits@1
FSRL (Lamm et al., 2018) IE Textual analogy parsing Recall, PPV, F1

SEntFiN (Sinha et al., 2022) TA Sentiment analysis Recall, Acc, PPV, F1
FinLin (Daudert, 2022) TA Sentiment analysis Recall, Acc, PPV, F1

SentiEcon (Moreno-Ortiz et al., 2020) TA Sentiment analysis Recall, Acc, PPV, F1
Headlines (Sinha and Khandait, 2021) TA News headline categorization F1

FOMC (Shah et al., 2023b) TA Hawkish–dovish classification F1, Acc
FinArg-ACC (Sy et al., 2023) TA Argument component categorization F1, Acc

MultiFin (Jørgensen et al., 2023) TA Multi-classclassification F1, Acc
M&A (Yang LY et al., 2020) TA Deal completeness classification F1, Acc

MLESG (Chen CC et al., 2023) TA ESG issue identification F1, Acc
FinQA (Chen ZY et al., 2021) QA Single-turn QA EM accuracy, F1

TAT-QA (Zhu et al., 2021) QA Single-turn QA EM accuracy, F1
ConvFinQA (Chen ZY et al., 2022) QA Multi-turn QA EM accuracy
ECTSum (Mukherjee et al., 2022) TG Text summarization ROUGE, BERTScore, BARTScore

EDTSum (Zhou et al., 2021) TG Text summarization ROUGE, BERTScore, BARTScore
LendingClub (Feng et al., 2023) RM Credit scoring Acc, F1, MCC, Miss
CCFraud (Varmedja et al., 2019) RM Fraud detection Acc, F1, MCC, Miss

BigData22 (Soun et al., 2022) FO Stock trend forecasting Acc, MCC
ACL18 (Xu YM and Cohen, 2018) FO Stock trend forecasting Acc, MCC

CIKM18 (Wu HZ et al., 2018) FO Stock trend forecasting Acc, MCC

PPV: positive predictive value; Acc: accuracy; ESG: environmental, social, and governance; PER: person; LOC: location;
ORG: organization; EM: exact match; MCC: Matthews correlation coefficient

performance, reliability, and security of the mod-
els. In the high-risk financial field, relying solely on
traditional NLP benchmarks is far from enough, as
they cannot measure the accuracy of financial facts,
nor detect the potential decline in the inference fi-
delity and robustness of the model in a dynamic
market (Brown et al., 2020). To fill this critical gap,
this subsection aims to propose a structured, multi-
dimensional evaluation framework, providing a set
of systematic evaluation criteria for the research and
deployment of distilled FinLLMs.

This subsection aims to redefine the six core
dimensions required for evaluating the distillation
of FinLLMs. While these dimensions are designed
to be as orthogonal as possible to minimize over-
lap and ensure focused assessment, we acknowledge
potential interdependencies (Ribeiro et al., 2016).
These dimensions collectively form the theoretical
foundation of this evaluation framework, with clear
boundaries defined to handle any overlaps during
implementation.

5.2.1 Financial accuracy and factuality

This is the most basic dimension, but its con-
notation goes beyond the traditional NLP concept
of text similarity. It demands that the model’s out-
put remains factually aligned with real-world finan-
cial data. This dimension is particularly concerned
with auditing the inherent hallucination problem of
LLMs (Ji et al., 2023). Any statement that contains
erroneous financial data, contradicts market facts, or
lacks evidence should be considered inaccurate or un-
true. To distinguish, accuracy focuses on factual cor-
rectness, while factuality emphasizes evidence-based
consistency without fabrication (Costantino and Co-
letti, 2008).

For trading strategy tasks, a model’s main ob-
jective is to maximize risk-adjusted returns. This
dimension is measured by the Sharpe ratio, distin-
guishing accuracy (factual alignment with historical
returns) from factuality (evidence-based predictions)
(Jensen, 1968). As the authoritative metric for risk-
adjusted returns, the Sharpe ratio directly quantifies
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the strategy’s ability to convert risk into effective re-
turns, serving as the core standard for evaluating its
ultimate economic value:

Sharpe ratio =
E[Rp −Rf ]

σp
. (6)

As a metric for risk-adjusted return, the Sharpe
ratio assesses an investment’s performance against a
risk-free asset, incorporating the investment’s inher-
ent risk. Rp refers to the anticipated return of a given
portfolio or trading strategy, Rf denotes the risk-free
rate of return, and σp corresponds to the standard
deviation of the strategy’s excess return Rp − Rf , a
measure that quantifies its overall volatility or risk.
A higher Sharpe ratio indicates a superior compen-
sation for the level of risk undertaken, rendering it
an established benchmark for evaluating the efficacy
and performance of various trading approaches.

For risk assessment tasks, the evaluation focus
for this category of tasks lies in precision, reliabil-
ity, and compliance. This dimension is measured
by value at risk (VaR) accuracy, with the accuracy
focusing on precise loss estimates and factuality on
evidence alignment (Jorion, 1996; Duffie and Pan,
1997):

P (ΔV ≤ −VaR) = 1− c. (7)

VaR is a statistical metric that estimates the
possible level of financial risk in a company or invest-
ment portfolio over a defined period. The change in a
portfolio’s value throughout a specific period is sym-
bolized by ΔV , c is the confidence level (e.g., 95%
or 99%), and VaR is the maximum loss expected
at that confidence level. The equation thus defines
VaR as the threshold such that the probability of the
portfolio’s loss exceeding this value is equal to 1− c.
VaR accuracy, as discussed in the paper, is com-
monly appraised via backtesting, a procedure that
entails a comparison of the count of realized losses
that exceed the VaR projection with the number of
exceedances forecasted by the model at the 1 − c

probability threshold.
Through backtesting, the precision of the

model’s predictions regarding market tail risk can
be verified, which is the key to evaluating its core
functional effectiveness.

For sentiment extraction tasks, the evaluation
of these tasks focuses on the validity of the informa-
tion produced and the model’s processing capabil-
ities (Loughran and McDonald, 2011). The evalu-

ation of this dimension does not focus on linguistic
correctness but is instead achieved by calculating the
correlation between the model’s output and the key
market indicators (Dow and Gorton, 1997), with ac-
curacy on factual matches and factuality on evidence
support. This relationship is usually measured by
the Pearson correlation coefficient:

ρS,M =
cov(S,M)

σSσM
, (8)

where S represents the time series of the sentiment
index generated by the model, and M represents the
time series of the market indicator. cov(S,M) is the
covariance between these two series, while σS and
σM are their respective standard deviations. With
values ranging from −1 to +1, the correlation coef-
ficient ρS,M shows a stronger linear relationship as
its magnitude approaches 1. A statistically signifi-
cant correlation serves as the direct evidence of the
information’s financial value.

5.2.2 Reasoning fidelity

The focus of this dimension is to determine if,
through KD, the student model has simply commit-
ted the teacher model’s responses to memory or has
genuinely grasped the foundational logical reason-
ing. A high-fidelity model should have a trustworthy
and interpretable decision path. When evaluating,
indicators such as faithfulness and informativeness
should be used to quantify the quality of the expla-
nation, ensuring that the explanation is based on
evidence and meaningful (Jain and Wallace, 2019).

5.2.3 Robustness

The financial market is full of uncertainty. The
goal of this dimension is to evaluate whether the
model’s performance will deteriorate sharply when
faced with extreme market fluctuations, noisy data,
or unexpected black swan events. Furthermore, ro-
bustness should include two key aspects, each with
specific evaluation methods: backtesting robustness
and time robustness. Backtesting robustness eval-
uates whether the model has lookahead bias in the
backtest, which means that it has inadvertently used
future information. This can be assessed using sta-
tistical tests like out-of-sample validation or rolling
window analysis to detect bias (De Prado, 2018).
Time robustness evaluates whether the signals gen-
erated by the model have a long-term signal decay
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problem; that is, whether the effectiveness of the
strategy will weaken over time due to market adap-
tation. This can be quantified via time-series metrics
such as exponential decay modeling or performance
degradation curves over extended periods (Boller-
slev, 1986).

Sometimes, robustness is assessed through the
maximum drawdown (MDD), supplemented by
sub-metrics for backtesting and time robustness
(Magdon-Ismail and Atiya, 2004):

MDD = max
t∈[0,T ]

(
supτ∈[0,t]X(τ)−X(t)

supτ∈[0,t]X(τ)

)
. (9)

A risk metric known as MDD measures the
biggest decline in a portfolio’s or strategy’s value
from its highest point to its lowest point over a spe-
cific timeframe. t is the total time horizon, X(t)

represents the portfolio’s asset value at time t, and
supτ∈[0,t]X(τ) denotes the peak (supremum) value
of the portfolio in the interval from the start (τ = 0)
up to time t. The MDD calculation thus finds the
maximum percentage loss from a running peak to a
subsequent low point. This metric is crucial for eval-
uating robustness because it reveals the worst-case
loss that an investor might have experienced, pro-
viding a direct reflection of a strategy’s resilience in
adverse market conditions.

MDD reveals the strategy’s performance under
the most unfavorable historical market conditions,
providing a direct reflection of its risk resilience and
stability.

5.2.4 Uncertainty quantification

This is a key new dimension for the probabilistic
output characteristics of LLMs. Because the outputs
of LLMs are drawn from a distribution instead of
being deterministic, a single prediction may be mis-
leading. This dimension seeks to assess the model’s
capability to deliver a dependable confidence inter-
val for its predictions, which is crucial for effective
risk control. Evaluation can involve metrics like cali-
bration error or expected calibration error (ECE) to
measure how well predicted probabilities align with
the actual outcomes (Guo et al., 2017).

5.2.5 Compliance and security

This dimension represents the rigid constraints
of real-world deployment. It includes two aspects:

first, whether the model and its outputs comply with
the regulatory requirements of financial regulatory
authorities, assessed through automated compliance
audits (Barocas et al., 2023); second, whether the
model can successfully safeguard the confidentiality
and privacy of the financial data during processing
and generation, evaluated via privacy metrics like
differential privacy epsilon values or data leakage
tests (Dwork et al., 2006).

5.2.6 Efficiency

This is the fundamental motivation of KD. This
dimension seeks to measure the model’s efficiency re-
garding resource usage, including its inference speed,
computational cost, memory usage, energy consump-
tion, and model compression ratio, to determine
whether it truly achieves the goal of efficient deploy-
ment within specific hardware or cost budgets. Mul-
tiple indicators ensure comprehensive coverage, such
as floating-point operations per second (FLOPs) for
computational cost and peak memory usage during
inference (Liebenwein et al., 2020).

6 Conclusions

This paper provides an in-depth analysis of
KD as a critical solution to the deployment bottle-
necks of financial large language models (FinLLMs),
namely their high resource consumption and infer-
ence latency. To systematically address this is-
sue, this paper presents three core contributions.
First, it establishes a taxonomy for KD strategies,
organizing existing methods along two dimensions:
the knowledge transfer pathway and the distilla-
tion strategy. Second, it proposes an upstream–
midstream–downstream application framework en-
compassing information processing, analysis, and
prediction, and decision support to clearly demon-
strate the value of distilled models across the entire
financial workflow. Finally, to address the current
lack of evaluation standards, it constructs a com-
prehensive assessment framework with multiple di-
mensions, including financial accuracy, reasoning fi-
delity, and robustness, designed to supplement tradi-
tional NLP benchmarks. Ultimately, this work pro-
vides a strong basis for the dependable deployment
and practical value realization of distilled FinLLMs
within the financial sector.
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