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Federally Funded

Fintech Research

Industry/Academia Consortium

First Center of it’s Kind

What is

CRAFT is a multi-university consortium dedicated
to shaping the public-good infrastructure of
tomorrow’s financial system. Through
foundational research in AI governance, systemic
resilience, digital market infrastructure, and
secure data standards, we deliver the tools,
insights, and talent that inform financial policy
and make markets safer, smarter, and stronger.

CRAFT?



CRAFT operates as a collaborative cycle where
industry partners and academic researchers jointly
identify, fund, and advance fintech research aligned
with real-world needs. Projects are proposed,
refined, and selected by members, then developed
through ongoing collaboration into tangible outputs
like white papers, intellectual property, and practical
applications.

How It Works

Faculty Submit
Fintech Research
Proposals

Proposals Are
Voted On By
Industry

Faculty submit concise pre-proposals
aligned with industry needs, which
are developed into structured
research proposals leveraging
academic expertise and
collaboration.

Proposals are pitched to industry
members, who evaluate, refine, and
vote on projects to help shape
research priorities.

Winning Proposals
are funded 
Top-ranked proposals are approved
and funded, with research teams
collaborating with industry partners
and providing ongoing updates and
results.

Industry can
access IP,
Student Talent
Members gain access to research
outputs and engage with faculty and
students, with opportunities to
sponsor projects, recruit talent, and
help bring innovations into real-world
use.



3 Main

CRAFT is built on three core pillars that
together create a unique value
proposition for industry partners.

Our research advances the
technologies shaping financial
markets, our workforce initiatives
develop the next generation of talent,
and our thought leadership efforts
influence the policies and frameworks
that guide the industry forward.

By integrating these pillars, CRAFT
provides members with a strategic
platform to innovate, collaborate, and
lead in an increasingly complex
financial landscape.

Pillars

Research
CRAFT drives collaborative, pre-competitive research across AI,
financial infrastructure, digital assets, and systemic risk. Industry
members work directly with leading faculty and researchers to
develop technologies and frameworks that address real-world
financial challenges and opportunities.

CRAFT builds a direct pipeline to top-tier talent through student-
led research, internships, and hands-on industry collaboration.
Members gain early access to highly trained graduate students
and future hires with expertise aligned to evolving financial
technology needs.

Thought Leadership
CRAFT serves as a neutral platform for dialogue between
industry, academia, and regulators. Through workshops,
publications, and advisory engagement, members contribute to
shaping policy, standards, and the future direction of financial
systems.

Workforce Development



Performance

Phase 1 of NSF Program Successfully
Completed 

125+ Research Proposals Submitted

Over $2 Million Dollars for Research

24 Funded Research Projects

Focus Areas: AI, Language AI, Crypto Assets,
DeFi, Quantum, Cybersecurity, Green Finance 

Policy & Regulatory Engagement

Research & Innovation 

160+ Students 

75 Academic Faculty  

3 Participating Universities 

21 Industry Partners

5 Industry Inspired Workshop

200+ Professionals Engaged Annually

Industry & Academia



 Performance

23 Conference Papers

12 White Papers

40 Project Presentations

90 Individual Project Reports

7 Journal Articles

Publications &
Knowledge Output

Direct Access to Student
Talent

35+ Talent Network
Students

20+ Students Active
Annually

Over 160 Students
Supported

Students Placed at Top Firms

Talent & Workforce
Development 

$300K Annual NSF Funding 

$490K Annual Industry
Funding

1 Patent Pednding 

3 Invention Disclosures

Partnerships with United
Nations & NJFAST

Commercialization,
Impact, & Growth
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Foundation models are trained on global data. Therefore, it is unclear what 
accounting standards they have ingested and �follow�.

Unstructured data, e.g., natural language is ambiguous� this is not a matter 
of more or less exact information extraction, but an inherent feature that 
makes human languages powerful.

It is not clear how one could ensure that relevant information has been 
disclosed unless it is reported in a structured format.

However, we probably want to make LLMs to understand accounting better. 
E.g., relevant standards may need to be fed as context for inference? This 
might be a new role for local jurisdictions.

Does the current alignment of XBRL governance and architecture still work 
with AI-driven environment and technology? What happens if the original 
XML meta-infrastructure is abandoned with open information model?

Structured Data in the Age of AI
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https://www.linkedin.com/in/aleksiaaltonen

Thank You!

https://www.linkedin.com/in/aleksiaaltonen
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Data are the key resource
in the AI-driven economy.

However,
data are not oil.

Data are human-made material that 
are designed and produced under 

organizational circumstances.

Data
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Data Design and Production

Data design Data-producing arrangement
(e.g., XBRL)

Organizational environment

Data points

Designers Producers

Users
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Can AI Reasoning Improve Accounting 
Estimation? 

Evidence from CECL Allowance

Arion Cheong
Stevens Institute of Technology

Sponsored by:
CRAFT (Center for Research toward Advancing Financial Technologies) / Park Avenue Finance
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Background: 
Current Expected Credit Los s  (CECL)
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Incurred Loss  Model vs . CECL Model
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1. Indus try Approach
a. Los s  ra te methods : Snapshot, Weighted Average Remaining Maturity, 

Vintage methods .
b. Non-los s  ra te methods : Roll-ra te methods , probability of default, dis counted 

cashflows .

2. Academic Approach
a. Forward-looking measures  outperform his torical net charge-offs  in one-year 

prediction with a  cros s -s ectional regres s ion (Harris  e t al., 2018).

b. Bank s tock prices  capture lifetime los ses  beyond reported a llowances  under 
vintage analys is  (Wheeler, 2021).

c. Macroeconomic forecas ts  improve long-term los s  predictions  with a  model 
that combines  cros s -s ectional predictions  and a  dynamic factor model, 
which incorporates  macroeconomic variables  (Lu & Nikolaev, 2022).

Expected Credit Los s Es timation
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Critical Audit Matters  (CAMs)

Bank Annual 
Report Year

Excerpt

Bank of 
America

2024 “Als o included in the allowance for loan and leas e los s es  are 
qualita tive res erves  to cover los s es  that are expected but, in the 
Corporation’s  as s es s ment, may not be adequately reflected in the 
quantita tive methods  or the economic as s umptions”

J PMorgan 
Chas e & Co

2023 “…allowance for loan los s es ...is  a  critical audit matter [given] the 
s ignificant judgment and es timation by management in determining 
the quantita tive calculation utilized in their credit los s  es timates  and 
the adjus tments  to take into cons ideration model imprecis ion, 
emerging ris k as s es s ments , trends  and other s ubjective factors  that 
are not yet otherwis e reflected in the credit los s  es timate

TD Bank 2023 “Auditing the allowance for credit los s es  was  complex…becaus e of.., 
the forward-looking nature of the key as s umptions , …in meas uring the 
ECL. Key areas  of judgment include evaluating:…the as s umptions  us ed 
in the ECL s cenarios  including forward-looking information, as s igning 
probability weighting; and the as s es s ment of the qualita tive 
component applied to the modeled ECL
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 Current es timation models  cannot reflect qualitative adjus tments .

– Capture s tructured numeric rela tions  only (Harris , Khan, & Nis s im, 2018; Wheeler, 2021; Lu & Nikolaev, 2022).

– Not capture qualita tive reasoning that subject matter experts  apply to the s ame 

data  (e.g., non-linearities , bank-specific risk).

 Human experts  face bounded rationality cons traints  (Simon, 1955, 192; Hogarth 1993; Libby e t al. 2002).

– Res tricted information acces s  (inability to proces s  a ll available data), 

– Limited computational capacity (reliance on heuris tics  that introduce biases  

such as  anchoring; Tvers ky & Kahneman, 1974), and 

– Difficulty evaluating hierarchical complexity.

Research Gap: Qualitative Adjus tments  
& Bounded Rationality
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Qualitative Adjus tments
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 Background

– As  evidenced, regulators  and auditors  have expres sed concerns  regarding the 

reliability, cons is tency, and potentia l bias  in these es timates .

– These observations  reflect increased manageria l dis cretion and es timation 

uncerta inty

 Research Ques tion: Can AI reasoning improve the es timation of a llowance for 

credit los ses  (ACL) under the current expected credit los ses  (CECL) model by 

augmenting traditional methods?

Research Ques tions
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 Goals :

– Task 1: Develop a  Bayes ian shrinkage framework that combines  econometric 
baselines  with LLM expert views , providing a  theoretically grounded approach 
to qualita tive adjus tments .

– Task 2: Fine-tune LLMs  via  Group Relative Policy Optimization (GRPO) to 
improve the quality of LLM expert views  within the framework.

– Task 3: Evaluate robus tnes s  acros s  different pre-tra ined LLMs  and tes t for 
look-ahead bias .

Research Goals
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Motivation: CECL requires  forward-looking adjus tments  to baseline credit los s  
es timates , typically through management overlays . We use LLM-generated 
forecas ts  as  s tructured expert views  to form adjus tment s ignals , and incorporate 
them into the baseline us ing a  Bayes ian shrinkage framework (Stein, 1956; J orion, 1986).

Bayes ian Shrinkage: 
Augmenting the Baseline

Baseline
(s tandard model 

es timate) Adjus t and Combine
• Us e LLM es timates  to adjus t the 

bas eline
• If LLM res ults  vary a  lot  make 

s mall adjus tments  on the bas eline
• If the bas eline is  les s  reliable 

make large adjus tments  on the 
bas elineLLM Views

(multiple LLM 
es timates )

Augmented 
Result
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How it works :
 We s tart with a  baseline forecas t.
 The LLM generates  multiple forecas ts  for each bank, and we take their average as  a  

consensus  view.
 The final es timate adjus ts  the baseline toward the LLM view, depending on how 

reliable the LLM s ignal is .

The framework adjus ts  its elf:
 When LLM forecas ts  are incons is tent → the adjus tment is  small, and the es timate 

s tays  close to the baseline. 
 When the baseline result is  unreliable→ the es timate shifts  more toward the LLM.
 When more LLM forecas ts  are used to get the consensus  view → the LLM s ignal 

becomes  more reliable and the es timate shifts  more toward the LLM view.

Bayes ian Shrinkage: Augmenting the 
Baseline
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We evaluated the Bayes ian shrinkage framework us ing a  pre-tra ined LLM (Qwen3-
1.7B) acros s  one-year to five-year prediction horizons , and compared it agains t the 
econometric baselines  (Harris  e t al., 2018; Lu & Nikolaev, 2022) and the regres s ion-based augmented 
model.
Forecas t accuracy:
 The Bayes ian augmented model achieves  a t leas t 37.7% MSE and 41.6% MAE 

improvements  over the baseline acros s  a ll horizons , with the max MSE and MAE 
improvements  of 74.2% and 61.6% at five-year prediction horizons .

Bayes ian vs . regres s ion-based augmentation:
 The Bayes ian approach outperforms  the regres s ion-based approach acros s  a ll 

horizons , with a t leas t 23.5% MSE and 31.5% MAE improvements  over the 
regres s ion model, because it as s igns  bank-specific weights  ra ther than a  s ingle 
weight a t each time point.

Key takeaway: Even with a  pre-tra ined general-purpose LLM, the Bayes ian framework 
extracts  useful s ignal and improves  baseline forecas ts , es tablishing the value of the 
augmentation approach.

Results : Pre-Trained LLM with 
Bayes ian Shrinkage
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Why fine-tune? Pre-tra ined LLMs  are general-purpose. To s erve as  reliable expert 
views  in the Bayes ian framework, the LLM needs  to reason specifically about credit 
los s  es timation.

How it works : GRPO (Group Relative Policy Optimization; Shao et al., 2024) fine-tunes  the LLM 
by generating a  group of candidate forecas ts  for each bank and each quarter, s coring 
them agains t actual outcomes  via  a  reward function, and updating the model to favor 
better candidates  over weaker ones  within the s ame group.

GRPO: Fine-Tuning the LLM Expert
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 Number of Banks : 1,196

 Sample Period: 2001 Q1 – 2025 Q2

Predictors  for NCO Rate

Predictor Type Definition Source Examples

Bank-level 
variables

Internal bank-
specific credit risk 
indicators  (Lu & Nikolaev, 
2022; Harris  et a l. 2018)

FR Y-9C 
reports

Current NCO rate, 
Nonperforming loans , 
Average loan yields , 
Floating-ra te loan share

Macroeconomi
c variables

Economy-wide 
conditions  affecting 
borrower repayment 
ability (Lu & Nikolaev, 2022; Harris  
et a l. 2018)

FRED-QD; 
Bureau of 
Economic 
Analys is

Unemployment ra te, 
Infla tion ra te, GDP growth, 
CPI, HPI, and Disposable 
income
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 Objective: Select a  subset of bank-level 
and macroeconomic variables  that will 
be added in the GRPO-LLM prompt.

 Rationale: The full s et of variables  (245 
variables ) cannot be incorporated due 
to prompt context length cons tra ints  
(~ 1500 tokens ).

Feature Selection Proces s

XGBoos t (gradient-
boos ted decis ion 

tree model)

Machine 
Learning Model

SHAP (SHapley 
Additive 

exPlanations )

Feature 
Selection

Select predictors  
(union of mean and 
max abs olute SHAP 

importance)

Results



16

 Load Language Model: Pre-tra ined 
language model (Qwen3-1.7B).

 Set Learning Rules  (Hyperparameters ): 
– Learning speed 
– Penalizes  large deviations  from 

prior updates
– Degree of exploration in predictions  
– Number of ques tions  to ask per 

itera tion
 Build RL Environment:

 Prompts : Feed bank and macro 
data  → ask "What's  next quarter's  
NCO rate?"

 Reward: Measure prediction 
accuracy agains t actual outcomes , 
confidence level, prediction 
s tability, and reasoning.

GRPO: Initialization 
(Model and 

Environment)
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Phas e 1: GRPO Fine-Tuning Data

Preparation (per Round)

1. Provide the model with the prompt 
containing bank-specific content.

2. Generate multiple responses  (e.g., 8) 
with s light randomness .

3. Evaluate each response us ing the reward 
function.

4. Compare responses  with the group and 
determine rela tive quality (s tandardize 
s cores ).

GRPO - Fine-Tuning Iteration
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Reward Components

Reward Component Objective Weight

Prediction Accuracy Measures  numeric accuracy of the next-
quarter NCO prediction

0.8

Confidence Interval 
Calibration

Rewards  well-calibra ted and accurate 
confidence intervals  of NCO rate 
prediction

0.1

Reasoning Quality and 
Formatting

Measures  how thoroughly the model 
explains  its  prediction

0.1



20

Reward Convergence during 
GRPO Fine-Tuning
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Phas e 2: Model Update (Per Data Chunk/Round)

1. Compute Los s  Function (Optimization Objective Function)

1. Prioritize better responses  while limiting large changes  to the model.
2. Adjus t the model not to deviate s ignificantly from previous  policy.
3. Add entropy term to mainta in divers ity and avoid premature convergence.

2. Update Model Parameters

1. Adjus t parameters  us ing gradient descent to reduce los s .
2. Apply clipping and small updates  to ensure s tability.

GRPO: Fine-Tuning Iteration



22

Phas e 3: Evaluation and Checkpoints  (per Round)

1. Run periodic tes ts  on out-of-s ample validation data to detect overfitting or poor 
generalization.

2. Save checkpoints (model parameters  + full metadata : model vers ion, itera tion 
number, times tamp, key hyperparameters , progres s  metrics ) every N s teps  for 
reproducibility.

GRPO: Fine-Tuning Iteration
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We fine-tuned the LLM us ing GRPO and compared its  performance agains t the pre-
tra ined LLM within the Bayes ian framework. Results  are currently available for one-
year and two-year horizons .
Fine-tuned vs . pre-trained (within the Bayes ian framework):
 One-year horizon: the Bayes ian model us ing fine-tuned LLM forecas ts  achieves  

23.4% MSE and 18.4% MAE improvement over the Bayes ian model us ing pre-
tra ined forecas ts . 

 Two-year horizon: the improvement remains  pos itive a t 9.6% MSE and 21.8% MAE.
Key takeaway:
 Fine-tuning produces  more accurate expert views , which the Bayes ian framework 

rewards  with greater weight —further improving the augmented forecas t. Longer-
horizon results  are in progres s .

Updating fine-tuning s etup:
 We are refining the GRPO framework by us ing a  binary reward (threshold-based) to 

improve tra ining s tability, a ligning with s tandard GRPO settings  that emphas ize 
binary accuracy s ignals .

Results : Fine-Tuned LLM with 
Bayes ian Shrinkage
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Robus tnes s  tes t with a different pre-trained LLM:
 Bes ides  Qwen3-1.7B, we tes ted the Bayes ian framework with another pre-tra ined 

LLM (Qwen2.5-3B-Ins truct) to check whether the results  depend on a  specific 
model. 

 Acros s  both LLMs , the Bayes ian model cons is tently delivers  s trong gains  over both 
baseline and regres s ion models  acros s  a ll prediction horizons :

– MSE improvement over baseline: ~30– 74% (Bayes ian) vs . ~1– 32% (regres s ion) 
– MAE improvement over baseline: ~34– 62% (Bayes ian) vs . ~0.8– 24% (regres s ion)

Look-ahead bias :
 We split the s ample into two periods : before and after each LLM's  knowledge cutoff 

date (Qwen3-1.7B: 2024Q4; Qwen2.5-3B: 2024Q1), to tes t whether the LLM is  
relying on information it should not have acces s  to a t prediction time.

 Performance is  cons is tent before and after the cutoff:
Bayes ian improvements  remain high —MSE: ~70– 74% → ~73– 79%; MAE: ~55–
62% → ~66– 68%.

 Regres s ion improvements  are also s table before and after the cutoff:
MSE: ~ 2– 3% → ~ 4– 7%; MAE: ~ 1– 2% → ~ 2– 4%.

Results : Robus tnes s  and Look-Ahead 
Bias
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 Developed a  Bayes ian framework that combines  econometric baselines  with LLM 
forecas ts  for CECL es timation
– Pre-trained LLM (Qwen3-1.7B, Bayes ian model): a t leas t 37.7% MSE and 41.6% 

MAE improvement over baseline; up to 74.2% MSE and 61.6% MAE (5-year)
– Outperforms  regres s ion-based augmentation by a t leas t 23.5% MSE and 31.5% 

MAE (due to bank-specific weighting)

 Robus t acros s  pre-trained models  (Qwen3-1.7B, Qwen2.5-3B): Bayes ian MSE 
~ 29– 74% and MAE ~ 34– 62% acros s  horizons  → gains  come from the framework, 
not a  specific model

 No look-ahead bias : performance remains  s table before/ after cutoff (Bayes ian MSE 
~ 70– 74% → ~ 73– 79%, MAE ~ 55– 62% → ~ 66– 68%)

 Applying the GRPO approach to fine-tune an LLM in order to further improve 
Bayes ian results

Conclus ion
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Takeaways

 AI has  the potentia l to augment the accounting es timation proces s , with human 
expertis e remaining es sentia l for guiding model des ign and validating outputs .

 Des igning effective reward functions  is  itera tive, requiring human judgment to 
balance objectives  (accuracy, interval quality, and response format cons is tency) 
and diagnose tra ining fa ilures .

Next Steps
 Increase the number of LLM forecas ts  per bank (from 5 to 30) to s trengthen the 

consensus  s ignal.
 Extend the Bayes ian shrinkage framework to rela tive views  acros s  banks  (e.g., how 

does  one bank compare to another?), connecting to peer as ses sment in CECL 
practice.

 Tes t with additional pre-tra ined LLMs  (e.g., Llama, Gemma) to evaluate robus tnes s .
 Continue to improve the GRPO framework and fine-tune the LLM.

Takeaways  & Next Steps
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Thank You!



XBRL Enhanced LLM Agents for Financial Analytics

AI and Structured Data Forum: Optimizing Performance

Dr. Steve Yang

School of Business
Stevens Institute of Technology

May 15, 2026



Outline

Motivation: Why XBRL Enhanced LLMs

Methodology: De-noise with RAG and FinLoRA using XBRL

Results: Performance Gains from the XBRL Enhanced LLMs

Next Frontier: Accounting Knowledge Graph RAG Method

Conclusion: Toward Intelligent Financial Systems
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Why Do We Need XBRL-Enhanced LLMs for Financial Analysis?

▶ Financial analysis:
▶ Compute valuation metrics,
▶ Compare trends,
▶ Normalize financial data,
▶ Project future cash flows.

▶ Traditional LLMs struggle with:
▶ Structured financial data
▶ XBRL taxonomy understanding
▶ Numerical reasoning
▶ Financial formula construction

▶ XBRL provides:
▶ Standardized semantics
▶ Structured relationships
▶ Machine-readable financial context

Key Research Question

Can LLMs leverage XBRL structure to
become reliable financial analysis agents?

Han et al. (2024), XBRL Agent: Leveraging Large

Language Models for Financial Report Analysis
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Can LLMs Understand XBRL?
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Motivating Results: LLM Limitations

▶ Moderate performance on
XBRL terminology.

▶ Weak performance on
domain-specific report queries.

▶ Poor performance on financial
math and numeric reasoning.

5



Key Limitations of Pure LLMs

▶ Limited financial domain
knowledge

▶ Weak mathematical reasoning

▶ Difficulty in interpreting
structured XBRL data

Implication: pure LLMs are
not sufficient for reliable
XBRL-based financial analysis.
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Toward XBRL Financial Analysis Agents
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Agent Reasoning Workflow

Core Idea

The agent combines retrieval, calculation, and reasoning to answer financial questions.
8



Methodology: RAG and FinLoRA with XBRL

▶ Problem:
▶ LLMs lack

financial/XBRL
knowledge

▶ Solution: FinLoRA
▶ Parameter-efficient

fine-tuning
▶ Train on financial +

XBRL datasets

▶ Core idea:

Learn domain-specific representations via low-rank updates

▶ Key advantages:
▶ Gained significant improvements in ”Domain Query to

XBRL Reports” and ”Financial Math” performance
▶ But still low in numeric reports

9



Why Fine-Tuning is Needed

▶ General LLMs fail on financial tasks:
▶ Misinterpret XBRL tags
▶ Incorrect financial calculations

▶ Example:

Base model selects wrong XBRL tag; LoRA fixes it

▶ Root causes:
▶ Lack of financial data in pretraining
▶ Complex structured formats (XBRL)

10



LLM Fintuning Performance Gains

▶ Average improvement: +25/+35% for financial math, and +25/+30% on
XBRL numbers.
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FinLoRA Performance Gains

General Financial Financial Certificate Financial Reporting Financal Statement Analysis0
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Models
Llama 3.1 8B
Llama 3.1 70B
DeepSeek V3
GPT 4o
Gemini 2.0 FL
Llama 3.1 8B LoRA
Llama 3.1 8B QLoRA
Llama 3.1 8B DoRA
Llama 3.1 8B rsLoRA
Gemini 2.0 FL Fine-tuned

▶ LoRA-based models significantly outperform base LLMs

▶ Average improvement: +36%
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Next Step: Knowledge GraphRAG Finetuning

▶ Limitation: All information,
regardless of its native
structure, must be serialized
or “linearized” into a
one-dimensional sequence of
text tokens.

▶ Solution: A Natively
Graph-Aware LLM
Architecture
▶ The “Graph-as-a-Token?

Modality
▶ Semantically-Rich Retrieval

using Graph Embeddings
▶ Joint Multimodal Training
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Conclusion: Taking Advantage of the Full Potential of XBRL

Vision

Develop AI chatbots and agents capable of interpreting and answering questions using
XBRL data.
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Conclusion: Toward Intelligent Financial Systems

▶ Key Insight
▶ XBRL provides structured, high-quality financial information and knowledge
▶ LLMs alone are insufficient for reliable financial analysis

▶ Our Framework
▶ Agent Systems: reasoning, retrieval, and tool integration
▶ RAG + FinLoRA: efficient domain adaptation for financial intelligence
▶ GraphRAG: understanding accounting domain knowledge for financial intelligence

▶ CRAFT Impact
▶ Industry-ready AI solutions for financial institutions
▶ Bridging structured data (XBRL) with generative AI
▶ Enabling transparency, efficiency, and innovation in capital markets
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Steve Yang
syang14@stevens.edu



1

Standards and Machine Learning

Xiao-Yang Liu Yanglet, Ph.D, Fu Foundation School of 
Engineering and Applied Science, Columbia University; 

Researcher, SecureFinAI LAB
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Fine-Tuning FinGPT for XBRL Using Low-
Rank Adaptation
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FinAuditing: Multi-Document Benchmark
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Financial Truth Infrastructure for AI Agents
The Provenance–Validation–Compliance Layer for Agent-

scale Systems
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Financial Truth Infrastructure for AI Agents
Validation: Tagging-Retrieval-Matching Pipeline
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Guardrails for Secure and Privacy-Preserving FinAgents


