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Abstract

The advent of multi-modal language mod-
els (MLLMs) has spurred research into their
application across various table understand-
ing tasks. However, their performance in
credit table understanding (CTU) for financial
credit review remains largely unexplored due
to the following barriers: low data consistency,
high annotation costs stemming from domain-
specific knowledge and complex calculations,
and evaluation paradigm gaps between bench-
mark and real-world scenarios. To address
these challenges, we introduce MMFCTUB
(Multi-Modal Financial Credit Table Under-
standing Benchmark), a practical benchmark,
encompassing more than 7,600 high quality
CTU samples across 5 table types. MMFC-
TUB employ a minimally supervised pipeline
that adheres to inter-table constraints and main-
tains data distributions consistency. The bench-
mark leverages capacity-driven questions and
mask-and-recovery strategy to evaluate mod-
els’ cross-table structure perception, domain
knowledge utilization, and numerical calcula-
tion capabilities. Utilizing MMFCTUB, we
conduct comprehensive evaluations of both
proprietary and open-source MLLMs, reveal-
ing their strengths and limitations in CTU tasks.
MMEFCTUB serves as a valuable resource for
the research community, facilitating rigorous
evaluation of MLLMs in the domain of CTU.

1 Introduction

Tables have become the predominant format for
presenting structured information across various
domains due to their superior visual (Zheng et al.,
2024; Zhou et al., 2025; Kang et al., 2025) ac-
cessibility compared to sequential text (Wu et al.,
2025; Wang et al., 2024; Shigarov, 2023; Deng
et al., 2022). In financial credit review (Bren-
necke et al., 2021), loan officers need to under-
stand credit report tables(CRTs) and evaluate appli-
cants’ economic profiles, which demands accurate

cross-table contents recognition, domain knowl-
edge application and numerical computation of
assessment metrics. Multi-modal language models
(MLLMs) have recently demonstrated remarkable
visual (Yang et al., 2025; Wang et al., 2025b) un-
derstanding capabilities and achieved promising
results when applied to image processing tasks
across multiple domains (AlSaad et al., 2024; Ye
et al., 2024). Leveraging large-scale pre-training
on diverse domain knowledge and mathematical
reasoning datasets, MLLMs have developed robust
capabilities in domain knowledge integration and
numerical computation. These strengths position
MLLMs as a promising approach to credit tables
understanding (CTU) tasks. Despite these natural
advantages, their capacities have not been com-
prehensively evaluated in CTU tasks during finan-
cial credit review for the following challenges: 1.
Limited Availability of Data.Existing table under-
standing(TU) benchmarks predominantly rely on
generic tables collected from public web corpora.
However, this approach is inapplicable to CRTs as
stringent privacy regulations. 2. Specialized Table
Dependencies and Distributions. CRTs exhibit
domain-specific layouts with strong cross-table de-
pendencies and consistent distributions reflecting
individuals’ economic profiles. Existing bench-
marks fail to capture these characteristics, thereby
introducing data bias into evaluation. 3. High An-
notation Cost. Current TU benchmarks predomi-
nantly focus on tables with minimal domain knowl-
edge and computational requirements. However,
CRTs encode complex economic implications and
numerical relations, requiring extensive domain ex-
pertise and numerical reasoning during annotation,
thus incurring prohibitive costs. 4. Misaligned
Evaluation Paradigm. Existing evaluations pre-
dominantly process tables in serialized text format.
However, this 1D paradigm is inappropriate for
practical credit review, where CTU is performed
through 2D visual processing, creating a funda-



mental gap between evaluation and practice.

To address these challenges, we present MMFC-
TUB (Multi-Modal Financial Credit Table Under-
standing Benchmark), a comprehensive benchmark
for evaluating MLLMs on table structure percep-
tion, domain knowledge utilization and numerical
reasoning in CTU tasks. MMFCTUB comprises
19,000 credit table images with authentic layouts
across 5 categories, incorporating 60 interdepen-
dent fields with coherent per-individual distribu-
tions. The benchmark provides 7,600 test instances
evaluating 54 financial indicators that characterize
applicants’ economic profiles, sourced from 246
applicants with diverse economic backgrounds.

During data curation, we employ MLLM-
assisted programmatic generation to synthesize
credit table images, questions, and annotations
with minimal human intervention and near-realistic
data. To minimize data bias, we reconstruct CRT's
using structure prompts derived from authentic
templates and populate cells with values generated
from applicants’ economic profiles. To preserve
inter-field dependencies while ensuring generation
efficiency, we adopt a three-tier generation pro-
cess: LLLMs generate descriptive features, while
rule-based programs compute high-precision nu-
merical data. CRT images are rendered by com-
piling LaTeX code generated from abstract table
definitions. During evaluation, MLLMs’ are re-
quired to generate answers based on table-related
questions based on capacity-driven questions, to
fine-grained assess MLLMs’ knowledge and calcu-
lation capacities, we employee a mask-and-recover
strategy and hit rate metrics. Based on MMFC-
TUB, we conduct a comprehensive evaluation of
mainstream MLLMs, including both open-source
and proprietary models, as depicted in Table 5. In
summary, our contributions are:

* We introduce a MLLM-assisted program-
matic generation strategy with low human
intervention and high data quality.

* We develop MMFCTUB, a novel benchmark
for comprehensive CTU, measuring the per-
formance across table structure perception,
domain-knowledge utilization and numerical
computing.

* We conduct a comprehensive evaluation of
several popular MLLMs, uncovering their
strengths and weakness across various dimen-
sions.

2 Related Wrok
2.1 Table Understanding

Recent advances in large language models (LLMs)
have spurred significant research in table un-
derstanding (Wang et al., 2024; Deng et al.,
2022; Chen et al., 2024; Cao and Liu, 2025).
TableBench (Wu et al., 2025) evaluates LLM per-
formance across 18 domains and four task types
using real-world industrial tables. FewTUD (Liu
et al., 2022) introduces the first Chinese benchmark
for few-shot table understanding. Sui et al. (Sui
et al., 2024) adopt a task decomposition approach,
assessing LLM capabilities at each intermediate
step (Li et al., 2023, 2025; Zhang et al., 2025; Xu
et al., 2025). However, these works primarily focus
on general-purpose tables represented in serialized
formats such as Markdown, Pandas DataFrames,
or HTML.

2.2 Financial Table Understanding

Comparing with understanding general tables for
LLM (Lu et al., 2025; Chen et al., 2024; Ren et al.,
2025), financial tables are facing with more chal-
lenges since they are feature with more complex
structures, more domain-specific knowledge (Yang
et al., 2024; Guo et al., 2025; Lu et al., 2023) and
numerical relationships. FinQA (Chen et al., 2021)
extracts tables from financial market reports and
provides a dataset for numerical calculation (Su
et al., 2024; Loukas et al., 2022; Khang et al., 2024)
tasks. (Zhu et al., 2021) TAT-QA addresses the
unique requirements of financial tables by defining
subtasks including sequence tagging, aggregation
operators, and scale prediction to evaluate LLM
performance.

2.3 MLLMs for Table Understanding
Benchmark

Multimodal large language models (MLLMs)
(Yang et al., 2025; Wang et al., 2025b) have been
widely applied across domains (Tampubolon, 2025;
Chen et al., 2025), prompting domain-specific
benchmarks to evaluate their capabilities. Finan-
cial tasks require domain knowledge, numerical
reasoning, and table structure perception. (Zheng
et al., 2024) proposes Table-LLaVA, processing ta-
ble images directly with strong performance across
23 benchmarks. FinTab-LLaVA (Park et al., 2025)
introduces a multimodal LLLM tuned on FinTMD
for financial table QA, fact verification, and de-
scription generation. Credit reports encode eco-



Dataset Dom CrT CrTPN CrCDep CrTDep TaS RP AnC Par Kno Comp Ann
TableBench Gen X X X Public x High Text X X 19k
FewTUD Gen X X X Public x  Mid Text X X 3k
Entrant Fin X X X Public x  Mid Text X X 331k
FinTab-LLaVA Fin X X X Public x High Image 7.3k
MMFCTUB Fin 3 Pub Str+ Syn Data Low Image 7.7k

Table 1: Comparison of datasets for TU. Dom: Domain. CrT: Cross-Table. CrTPN: Cross Table Paradigm
Number, CrCDep: Cross Columns Dependencies, CrTDep: Cross Tables Dependencies, TaS: Table Source. RP:
Allign with Credit Review Process. AnC: Annotation Cost. Par: Input Paradigm. Kno: Domain Knowledge.
Comp: Computation. Anno: Annotations. Gen: General. Fin: Financial

nomic profiles through specialized layouts and nu-
merical relationships critical for loan decisions, yet
existing benchmarks inadequately assess MLLM
performance on such tables. We present MM-
FCTUB, a comprehensive benchmark evaluating
MLLMs on financial credit report understanding.

3 MMFCTUB

In this section, we deleve into the meticulous con-
struction of MMFCTUB, introducing our strategic
approach to innovative methods employed to gen-
eration simulation credit report tables data, design
of a comprehensive capability taxonomy, innova-
tive methods leveraged to assess specific capaci-
ties, evaluation metrics definition. Additionally,
we present detailed statistics of MMFCTUB and
contrast it with existing finance table benchmarks,
tthereby illustrating its unique features and contri-
butions to the field.

3.1 Benchmark Construction

Credit Table Selection. In practical loan review
processes, reviewers must scan multiple relevant
tables and extract target data for computation, re-
quiring frequent cross-table understanding. We
therefore adopt a cross-table input paradigm for
our benchmark. Based on consultation with do-
main experts, we select 5 commonly used table
types: credit transaction tables, residence informa-
tion tables, occupation information tables, account
detail tables, and credit agreement tables.

Credit Table Generation. Existing table gener-
ation approaches suffer from two critical limita-
tions: (1)Failing to capture the specific characteris-
tics and requirements of domain-specific scenarios,
necessitating substantial efforts in data collection
and cleaning, and (2) prohibitively high annota-
tion costs when domain experts are involved in
large-scale and complex labeling. To address these
dataset limitations, We propose a novel credit table
generation methodology that aligns with practical

credit review processes while requiring minimal
human effort. As illustrated in Figure 1, our ap-
proach comprises three key components:

1) Instruction Generation. Credit tables ex-
hibit domain-specific layouts and dependencies
defined by experts, represented through table meta-
data. Our data construction pipeline involves 3
steps. (1) extracting metadata from real-world
credit tables using MLLMSs, (2) constructing ab-
stract table representations via LLM based on se-
mantic metadata (Figure 4), and (3) generating
questions targeting credit review indicators through
LLM with expert-designed prompts.

2) Labels Preparation. Credit table computa-
tions involve domain-specific economic indicators
that require complex multi-column and cross-table
aggregations, rendering manual annotation imprac-
tical. To mitigate this, we leverage LLMs to gen-
erate label calculation function code from abstract
table definitions and questions. Ground truth labels
are obtained by executing these functions on the
generated table data.

3) Data Construction. Credit tables exhibit
complex inter-column and cross-table dependen-
cies aligned with applicants’ economic profiles.
We employ a three-stage generation pipeline. Stage
1: LLMs generate user basic information from di-
verse economic profiles defined by income and
credit score distributions. Stage 2: LLMs pro-
duce account detail tables using dependency-aware
prompts, followed by rule-based population of nu-
merically constrained fields using real-world finan-
cial parameters. Stage 3: Summary and agreement
tables are generated from account tables to main-
tain cross-table dependencies. Tables are rendered
as images via LLM-generated LaTeX code for vi-
sual QA tasks. This pipeline ensures structural
authenticity, semantic coherence, and preservation
of complex interdependencies characteristic of real
credit data.

Capacity Taxonomy. Drawing inspiration from



Evaluation Instruction Generationj

Info Extract
Prompt

2
)

lﬂl Table Meta Info
(Inter-column dep,
table structure...

Table Define Prompt.

\ej '::>

| Table Class Definition
: (column, structure,...)

"

Problem Description

against Table Definition

e

Problem Calculation gy 4y ral Table Data
Function

Code Generation

&)

\
2 1
1
hi |
User Distributior]
(Credit Rating...)

1
[}
|
1
|
1
1
1
1
|
[}
|
1
1
1
[}
|

User Basic
Info Table

? : 3 (Residence,

Career,
Credit Rating;
Income)

Stage 2

Granular
Calculation
Logic

_> Supplement
Granular Data

Real-World
Data

Account Detail
(Non-revolving
loan)

Account Detail
(Revolving credit
under credit limit)

Account Detail
(Loan under
credit limit)

Stage 3

Structural
Credit Trading
Summary Table

Structural

EEFredi Aeament

Info Table

Structural
Accounts Detail
Info Table

Structural
% Residential
Info Table

Structural
Professional

AN

—>¢——>

Label
(Calculation Result)

Table Meta Info (Inter-
column dep, inter-table
dep, columns,

table structure...)

(Single Table,
Multiple
Homogeneous

Compiler

MLLM:s Evaluation

Credit Table
(image format)

Credit Table
(pdf format)

Info Table

Figure 1: Detail of Finance Credit Table Understanding Dataset Construction.
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Figure 2: Extracted Table Contents and Meta Info.

the operational workflows of credit reviewers in
real-world assessment processes, we propose three
task categories to evaluate MLLMs’ credit table
understanding capabilities: Table Structure Percep-
tion (TSP), Domain Knowledge Utilization (DKU),
and Numerical Calculation (NC).

TSP assesses models’ capacity to perceive table
structures, including spatial layouts and cross-table
relationships. Evaluation spans two dimensions:
structural perception across multiple paradigms
(Table 3), and scope perception across three table
count ranges (3-5, 6-8, 9-13). By minimizing do-
main knowledge and computational demands in
question design, we isolate structural perception

capabilities. Performance is measured by answer
accuracy. DKU, assesses MLLMs’ capacity to
apply pre-trained financial knowledge, including
terminology, relationships, and formulas. Models
must construct formulations and select variables
based on entity relationships within perceived ta-
ble structures. We categorize domain knowledge
difficulty into three levels: We define three knowl-
edge difficulty levels. Knowledge Perception re-
quires extracting information directly present in
tables, such as field names in headers. Knowledge
Analysis demands deriving information through
joint analysis of question semantics and table con-
tent, such as computing field-level sums or ratios.
Knowledge Reasoning requires applying knowl-
edge from prompt context independent of table
content, where models must comprehend logical
flows and infer intermediate variables for subse-
quent calculations.

NC, MLLMs’ calculation capacity in CTU tasks
derives from general arithmetic reasoning and
domain-specific numerical relationship understand-
ing. We evaluate three operators frequently used
in CTU scenarios: addition (+) for aggregating val-
ues across tables (e.g., summing column values
from different account tables), subtraction (-) for
computing duration metrics (e.g., days between



account opening and closure), and division (<) for
calculating proportional metrics (e.g., credit uti-
lization ratios measuring account borrowing satu-
ration).

Evaluation Paradigm.We establish distinct eval-
uation paradigms for three CTU capacities, us-
ing differentiated questions to isolate specific ca-
pability bottlenecks. For structure perception,
questions require extensive table extraction with
minimal computation, measuring accuracy on un-
masked samples to isolate structural understanding
independent of other capabilities.

For domain knowledge utilization, we em-
ploy mask-and-recovery evaluation where column
names are randomly masked with *XXXX’ tokens.
We use Financial Knowledge Hit Rate (FKHR) to
measure proficiency in identifying and applying
domain-specific knowledge.

P, N K,
FKHR,, = L0l ”‘K”|”|,
ij

(D
where P;; and K;; denote the predicted and label
knowledge groups for question ¢ and group j. The
term |P;; N K;;| counts correctly identified ele-
ments, while |K;;| is the ground truth size. The
metric equals 1 when all elements are correctly
predicted.

N

1

FKHR; = - > FKHR;, )
1=1

where N denotes the total number of questions
in the dataset, and FKHR;; represents the hit rate
for the i-th question on the j-th knowledge group.
This metric reflects the model’s overall prediction
performance on a specific knowledge group. For
numerical calculation, we assess MLLMs through
the mask-and-recovery paradigm. During question
generation, the program randomly masks calcula-
tion operators from an expert-predefined list in the
prompts using "YYYY’ as the mask token. Dur-
ing evaluation, we employ calculation operator hit
rate (COHR) as the metric, quantifying MLLMs’
proficiency in identifying and applying appropriate
operators essential to the calculation process:

|01

1
Z“‘(Ozjk = Piji), ()
k=1

COHR;; = ——
Y10yl
where Oij = {Oijla Oijg, cey Oz]n} denotes the
ground truth operator sequence for the j-th op-
erator group in the i-th question, and P;; =

{P;j1, Pij2, ..., Pijm} represents the correspond-
ing predicted sequence. The indicator function
W (-) returns 1 if the condition is satisfied and O
otherwise. |O;;| denotes the length of the ground
truth sequence.

Unlike the knowledge hit rate which uses set in-
tersection, COHR enforces strict positional match-
ing: an operator at position k is considered correct
only if Oy = P;;. When the predicted sequence
is shorter than the ground truth (k > |Pj;|), the
missing positions are counted as mismatches.

N

1

COHR; = ) " COHRy;, (4)
i=1

where IV denotes the total number of questions in
the dataset. This metric reflects the model’s overall
performance on a specific operator group.

3.2 Dataset Statistics

MMEFCTUB contains 246 users characterized by
credit ratings and monthly income, with equal dis-
tributions across three rating ranges and realistic
income distributions (Figure 5). The dataset com-
prises 19k tables across multiple types, where ta-
ble numbers and categories are determined by user
economic profiles. All distributions are shown in
Figure 5.

The benchmark comprises 18k training and 7.6k
test QA pairs across three formats (calculation,
single-choice, multiple-choice), each targeting spe-
cific MLLM capabilities. To evaluate knowledge
utilization and numerical reasoning, we randomly
mask predefined knowledge elements and compu-
tational operators. Evaluation covers five credit as-
sessment knowledge categories (temporal, amount,
account, weight, ratio), each requiring distinct ta-
ble content scopes and domain reasoning. Knowl-
edge and operator distributions are presented in
Figure 5.

4 Experiment

Utilizing MMFCTUB, we conduct a comprehen-
sive evaluation of diverse MLLMs, encompassing
both open-source and proprietary systems. During
evaluation, we employ the default hyperparameters
specified in their respective official implementa-
tions for inference. We leverage LaTeX code gen-
eration coupled with compilation tools to convert
structured tables into image format, with each table
rendered as an independent image file for visual
processing by the models.
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Z{{:ggaig%ﬁe L and content dependencies.
i Proprietary MLLMs. We evaluate four propri-
g K&iﬁ?ﬁ&?ﬁﬁiﬁi%‘ﬂ” | etary MLLMs: Gemini-3-Flash (Comanici et al.,
_ cremer— 2025), Claude Sonnet 4.5 (Salbas and Buyuktoka,
BRI 2025), GPT-5 (Wang et al., 2025a), and GPT-4o.
e e Gemini-3-Flash leads with 15% higher accuracy

generate_latex(credit_agree

LR than the second-best model, excelling in structure
4 recognition and scope perception. GPT-5 shows
! g superior knowledge utilization across all capability
| jjst'iLgTe‘Xm'f;“f')f‘l’a'" levels, while Sonnet 4.5 achieves best numerical
computation performance. GPT-40 underperforms
at 31% accuracy. We attribute these results to the
distinct capability profiles of each model. Notably,
GPT-5 achieves second-best overall performance
41 Main Results despite weakfer.numerical calculafion than.Sonnet
4.5 and Gemini-3-Flash, suggesting credit table
Open-Source MLLMs. We evaluate several  understanding depends more on visual percep-
prominent open-source MLLMs that support multi-  tion and knowledge utilization than numerical
image inference: Qwen-VL-2.5 (Bai et al., 2025),  calculation, which provides important guidance
Qwen-VL-3 (Yang et al., 2025), Intern-VL-3  for further model optimization.
(Wang et al., 2025b), and Intern-VL-3.5 (Wang  Table Visual Perception. Results demonstrate
et al., 2025b). Notably, Qwen3-VL-235B-think  that increasing table quantity degrades perfor-
achieves competitive performance, surpassing  mance for most MLLMs. Interestingly, however,
GPT-40 (Islam and Moushi, 2025) by 24% in ac-  Gemini-3-Flash achieves its best performance in
curacy, particularly excelling in domain knowl-  the [9,13] group. We attribute this phenomenon
edge utilization and numerical calculation. Inter-  to the model’s superior visual encoding capabil-
estingly, within the same model family, smaller  ities: additional tables provide more visual evi-
models demonstrate superior performance on com-  dence for reasoning rather than imposing compu-
plex table understanding tasks. Among 8B-scale  tational burden, thereby enhancing inference ef-
open-source models, XuanYuan4.0-VL achieves  ficiency and ultimately improving understanding
the best performance across all metrics and even  performance. This suggests that given sufficient

attains the highest score globally on simple cross-  visual capacity, increasing the number of in-
table perception. We attribute this to XuanYuan’s

Figure 4: Detail of Definition of Credit Card.



Distribution of Credit Rating Distribution of Monthly Income

Distribution

6.9%

_2.8%

Table Number

of Table Numbers

& g e et

e ¢ MY, qut® At ned
M mpER moce W 1,000-5,000 B 20,001-50,000 poct Dot it e cup
oA =B ° = 5,001-20,000  50,001-500,000 o 500 1000 1500

Distribution of Masked Knowledge and Operators Masked Knowledge Categories

B Masked Knowledge
Masked Operators

eyl
o

'
<)

N
o

Percentage of Samples (%)
o w
o o

lLLLl -
0 1 2 3 4 5 6 7 >7

Number of Masked Knowledge/Operators

W Temporal B Weight M Account
W Amount M Ratio

o

Table Type
Count P

Distribution of Masked Operators Task Type Distribution
6

2000
1750
1500 1485
Frow
o
©
7501
500
250
0

Fund Flow

Debt Press.

Repay. Will.

Task Type

586 .
Debt & Will.

+

Operator Type )

Figure 5: Dataset Details of MMFCTUB.

MLLMs Structure Perception Scope Perception  Knowledge Utilization Numerical Calculation Final
}SI:’;‘I‘; Df;g:lrgic Hetero. [3,5] [6,8] [9,14] é’;’:; fl‘:;’lv; 1:?;:;:1 Add. Sub. Div.  Acc.
Proprietary Models
Gemini-3-Flash 81.70  76.15 63.92 76.81 76.63 80.69 4147 3481 24.87 43.83 24.12 52.68 78.18
Sonnet4.5 5976 50.84 3339 65.19 59.68 53.01 31.96 31.31 3033 4491 18.67 50.88 52.96
Sonnet4.5-think 69.68 56.70  41.26 66.34 59.89 58.67 37.27 3426 3145 4488 18.02 5495 56.86
GPT-5 77.83  58.41 31.50 68.38 63.82 64.33 52.84 36.71 2798 2247 292 2206 63.68
GPT-4o 2777 27.82 3159 31.16 28.07 2544 1432 953 949 16.31 1631 1348 31.01
Open-source Models
GLM-4_6V 38.81 5299 37.10 4530 43.29 4094 823  8.39 528 931 421 13.37 4393
GLM-4_1V 45.04  50.65 3586 57.48 50.59 43.81 12.07 17.39 578 6.08 3.81 9.87 4575
Keye-VL-1.5-8B 4420 39.66  25.18 5244 49.28 39.62 475 4.19 4.13 697 212 10.39  40.11
Keye-VL-8B 4524 4098 3385 49.53 50.11 4130 7.74 8.3l 834 12.11 25 10.77  42.09
MiniCPM-V-4_5 39.65 30.50  26.10 44.28 38.64 29.49 11.64 297 4.62 456 1.46 537 3401
InternVL3_5-8B 49.37  46.45 36.59 51.66 48.59 4339 10.04 5.02 366 466 254 598  46.37
InternVL3_5-38B 49.83 4574  35.12 51.83 47.55 44.68 10.83 5.13 4.10 471 325 6.18  47.39
InternVL3_5-241B-A28B 50.14  55.21 38.57 52.55 48.61 45.69 12.56 5.1 485 461 382 6.55  47.55
Qwen3-VL-8B 3739  53.18 3230 36.82 38.50 3940 1531 541 6.64 14.19 494 5.88  42.63
Qwen3-VL-8B-think 46.73 4030  31.08 42091 4455 3622 10.30 10.8 7.70 1498 4.57 6.36  43.57
Qwen3-VL-30B-think 5446  42.55 36.37 44.15 45.09 37.11 11.34 11.05 797 1456 5.63 7.15 4592
Qwen3-VL-235B-think 59.52 65.00 37.11 60.67 61.32 5840 2547 24.48 22.89 2495 1510 29.15 55.49
Qwen2.5-VL-72B-Instruct 28.38 2426  26.14 2448 2341 29.69 21.53 523 9.99 10.23 5.16 625  26.69
XuanYuan4.0-VL-8B 61.74 5576 3122 6596 61.41 4993 1941 6.51 376 1490 5.71 11.39  53.07

Table 2: Performance Comparison of MLLMs Across Different Evaluation Dimensions. Under Structure
Perception: Homo. Static = Cross-table Operations Between Homogeneous Static Tables; Homo. Dynamic
= Cross-table Operations Between Homogeneous Dynamic Tables; Hetero.= Cross-table Operations Between
Heterogeneous Tables. Under Knowledge Utilization: Know. Percep. = Knowledge Perception; Know. Analy. =
Knowledge Analysis; Know. Reason. = Knowledge Reasoning. Under Numerical Calculation: Add. = Addition;
Sub. = Subtraction; Div. = Division. Deep red indicates the highest value in each column, light red indicates the

second highest.

put tables can actually benefit understanding
by providing richer contextual information for
reasoning.

Knowledge Utilization. As shown in Figure 2,

we observe that almost all MLLMs achieve the
highest performance on Know.Percep and the low-
est performance on Know.Reason. We attribute
this phenomenon to the fact that directly retriev-



MLLMs Table Type

Domain Knowledge Task Type Final Acc

Credit Residence Credit Occupation Account

Temporal Amount Account Weight Ratio

Fund Debt Repay. Debt & Repay.

Trans. + Acct. Agreement + Acct.  Details Flow Pressure Willing. Willing. Ability

Proprietary Models

Gemini-3-Flash 58.90  56.06 81.70 80.72 89.47 13.76 45.03 3750 30.64 1596 77.58 74.87 8773 63.64 8854 78.18
Sonnet4.5 4752 35.00 65.89 29.94 50.84 11.80 3595  30.74 2246 3633 57.26 4823 4950 5514 3235 5296
Sonnet4.5-think 51.34  40.28 69.68 43.40 62.62 37.50 4197  29.07 37.37 37.37 59.53 5222  38.65 5541 3865 56.86
GPT-5 39.63  24.83 77.83 45.89 73.10 20.47 2047  32.05 18.88 38.64 61.58 61.58 6649 4419 7647  63.68
GPT-40 20.15 2893 27.77 37.34 33.78 3.79 13.16 7.12 10.33  6.18 2478 3496 4355 2645 31.62 3101
Open-source Models

GLM-4_6V 3458  37.70 38.81 35.96 52.99 2.05 1.05 9.79 744 350 4197 4584 4797 3981 4388 4393
GLM-4_1V 3131 3855 45.04 30.70 50.65 2.95 11.33 9.13 731 3.17 4513 49770 4733 3495 3520 4575
Keye-VL-1.5-8B 3043  23.83 44.20 27.70 39.66 1.11 5.08 5.41 505 201 38.67 4544 39.78 3539 3226 40.11
Keye-VL-8B 3771 3255 45.24 36.41 40.98 343 9.56 7.46 920 4.82 4133 4488  40.74 4572 2791  42.09
MiniCPM-V-4_5 27.18  27.83 39.65 27.83 30.05 242 6.02 4.69 582 227 3335 3695 3394 30.17 2746  34.01
InternVL3_5-8B 34.81 35.99 49.37 37.75 46.45 2.64 8.13 5.39 514 197 4321 5046 5024 4355 4592 4637
InternVL3_5-38B 35.16  36.74 49.83 37.16 46.37 2.75 8.55 5.53 4.06 216 4451 5095 51.32 4415 4631 4739
InternVL3_5-241B-A28B  36.25  35.74 50.14 38.15 47.12 4.85 14.71 6.74 9.12 9.27 4356 4853 5234 4511 47.10 4755
Qwen3-VL-8B 3097  31.31 37.39 34.19 53.18 3.19 11.64 1.92 826 223 3826 49.17 4644 3977 4180 42.63
Qwen3-VL-8B-think 3097  31.31 46.73 34.19 53.18 3.23 11.89 2.13 851 253 39.62 4481 44.60 3570 5255 4357
Qwen3-VL-30B-think 3170 29.82 54.46 33.49 40.30 1.93 13.08 3.29 698 2.63 39.54 4398  40.15 2949 3298 4592
Qwen3-VL-235B-think 36.08  30.36 59.52 39.71 42.72 5.14 15.74 6.82 8.82 948 5323 60.89 5829 5244 3289 5540
Qwen2.5-VL-72B-Instruct 14.16 ~ 22.42 28.38 34.22 31.72 3.15 10.37 5.17 726 4.68 21.69 3475 3245 1621 2932  26.69
XuanYuan4.0-VL-8B 50.66  30.17 61.74 33.25 55.76 4.73 12.36 5.63 4.69 291 5289 5458 5290 5346 39.80 53.07

Table 3: Performance Comparison of MLLMs Across Different Table Types, Domain Knowledge, and Task
Types. Under Table Type: Credit Trans. = Credit Transaction; Residence + Acct. = Residence and Account;
Occupation + Acct. = Occupation and Account. Under Task Type: Repay. Willing. = Repayment Willingness;
Debt & Willing. = Debt and Willingness; Repay. Ability = Repayment Ability. Deep red indicates the highest value

in each column, light red indicates the second highest.
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Figure 6: Comparison of Credit Tables Understanding
with Number of Tables.

ing required knowledge from tables through visual
perception is considerably easier for MLLMs than
inferring knowledge through contextual reasoning.
This indicates that knowledge analysis and reason-
ing capabilities constitute the primary bottleneck
for MLLMs in table understanding tasks. Addi-
tionally, for domain knowledge category, as demon-
strated in Figure 3,we observe that different models
exhibit varying sensitivity to different knowledge
categories. Notably, Gemini-3-Flash shows lower
sensitivity to temporal and ratio knowledge de-
spite achieving the highest overall accuracy. This
suggests that knowledge capability optimization
should adopt differentiated strategies tailored

to each model’s knowledge sensitivity profile.

5 Conclusion

This work introduces MMFCTUB, a novel finance
credit table understanding benchmark specifically
designed to evaluate the capacities of MLLMs in
credit table understanding. MMFCTUB encom-
pass diverse practical credit tables and fine-grained
capacities. Extensive evaluations on MMFCTUB
allow us to identify significant performance limi-
tations among existing MLLMSs in table structure
perception, domain knowledge utilization and nu-
merical computation.

6 Limitations

Our evaluation focuses on the most frequently used
table types in credit review processes. However,
credit reports contain additional information that
reflects applicants’ economic profiles, and metrics
computed solely from our selected tables may intro-
duce bias in comprehensive credit assessment. Fur-
thermore, while MMFCTUB incorporates diverse
table types and quantities to measure MLLMs’ ta-
ble structure perception capabilities, finer-grained
quantification would provide more interpretable
insights. Specifically, operation-level granularity
such as cross-row retrieval would offer more ac-
tionable guidance for improving MLLMs’ true ca-
pacities in table understanding.
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A Dataset Construct Prompts

We introduced the dataset construction process in
Section 3.1, which involves both advanced LLMs
(GPT-5) and MLLMs (Gemini 2.5-Flash). To illus-
trate how these models interact with each pipeline
component, we detail the prompts used in each
generation stage. Given the overall user economic
background distributions (average monthly income,
credit score), table infrastructure specifications,
and inter-table constraints, we employ GPT-5 to
generate detailed loan accounts based on this in-
formation. As shown in Tables 4,5, and 6, credit
reports contain three account types: Quasi-Credit
Card, General Loan Account, and Credit Card Ac-
count. Each account type includes common at-
tributes (e.g., opening date, repayment records) as
well as type-specific fields (e.g., overdraft balance
for Credit Card Accounts). We therefore design
specialized prompts for each account type. The
LLM leverages its domain knowledge to under-
stand the user’s economic profile while adhering to
account generation rules, producing account details
that align with the user’s background. All account
fields are defined based on real-world credit re-
port schemas. Notably, General Loan Accounts
are further subdivided into three subtypes: Non-
revolving Loan Account, Sub-account under Re-
volving Credit Limit, and Revolving Loan Account.
Since these subtypes follow different table con-
struction rules, we design subtype-specific prompts
and generation procedures to ensure compliance
with their respective structural constraints.

B Evaluation Prompts
C Expert Consultation Process Record

The design and validation of our research frame-
work benefited significantly from consultations
with senior professionals at one of the largest fi-
nancial institutions, which serves over 2 billion
users globally. Through structured interviews with
industry specialists, we gathered critical insights
into consumer credit evaluation. These expert per-
spectives directly shaped the development of this
benchmark. Our consultation panel comprised sea-
soned specialists across credit underwriting, risk
control, and lending operations, each with 8 to
over 15 years of hands-on experience. Each expert
brings unique domain knowledge spanning differ-
ent aspects of the credit evaluation lifecycle, from
initial application review to final credit decision-
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making.

Key findings from our expert consultations high-
lighted several critical aspects:

Expert 1 (14 years, Senior Credit Under-
writer) Specializes in consumer credit assessment
and loan approval decision-making. Extensive ex-
perience in interpreting multi-table credit data in-
cluding credit reports, bank statements, and asset
verification documents.

Expert 2 (12 years, Credit Risk Manager) Fo-
cuses on credit risk modeling and portfolio risk
management. Expert in analyzing credit bureau
reports, identifying default indicators across mul-
tiple data tables, and developing risk assessment
frameworks.

Expert 3 (11 years, Credit Review Special-
ist) Concentrates on credit application review and
financial document verification. Proficient in cross-
referencing information across credit tables, de-
tecting inconsistencies, and validating borrower
credentials.

Expert 4 (9 years, Lending Operations Man-
ager) Manages end-to-end credit approval work-
flows and automation systems. Deep understand-
ing of credit table processing requirements, data
integration challenges, and operational efficiency
optimization.

Expert 5 (10 years, Credit Policy Analyst) De-
signs and implements credit underwriting policies
and scoring models. Expertise in credit scoring
methodology, regulatory compliance (Basel III, lo-
cal lending regulations), and credit table standard-
ization.

Expert 6 (8 years, Credit Data Analyst) Spe-
cializes in quantitative credit analysis and tabular
data processing. Expert in extracting risk signals
from structured credit data, performing multi-table
joint analysis, and building predictive models for
creditworthiness assessment.

The expert panel provided invaluable guidance
on three critical aspects. First, the practical chal-
lenges in processing and integrating multi-table
credit data, including credit reports and asset state-
ments etc.; Second, the information dependencies
and cross-validation requirements across differ-
ent credit tables that underwriters must consider.
Lastly, the real-world task requirements for credit
assessment, including question answering about
borrower profiles, fact verification across multiple
data sources, and comprehensive creditworthiness
summarization. Their domain expertise ensured
that our benchmark addresses authentic industry



Table 4: Prompt for Quasi-Credit Card Account Data Generation

Section Content

Role Definition You are an experienced credit review expert with extensive experience in credit application
approval.

Task Objective Generate the user’s loan information based on the following requirements according to the

user’s credit status, economic situation, residential situation, and employment situation.

Input Parameters

» User’s average monthly income: {average_month_income}
» User’s credit rating: {credit_rating}
¢ Residential situation: {live_tab}

* Employment situation: {prof_tab}

Output Requirement

Generate this user’s semi-credit card usage situation

Required Fields

Issuing institution, Opening date, Account credit limit, Shared credit limit, Shared used limit,
Currency, Business type, Guarantee method, Account status, Due date, Actual repayment
this month, Cutoff date, Overdraft balance, Average overdraft balance in recent 6 months,
Maximum overdraft balance, Unpaid balance overdue for more than 180 days, Total months
of bad debt, Total months of overdue, Total months of settled, Repayment record start month,
Repayment record end month, Account type, Total overdraft periods in repayment record,
Current overdraft periods in repayment record

Account Status Options

Normal, Overdue, Bad Debt, Settled

Constraint Rule

(total months of bad debt + total months of overdue + total months of settled + n) < m
Where:

e m = total months from repayment record start month to repayment record end month
(inclusive)

e n = random integer between 5-12

Currency Assignment

Value should be assigned based on user attributes

Field Format Examples

Date Fields: Opening date: “2020.05.15” (YYYY.MM.DD); Cutoff date: “2024.09.30”; Due
date: “2024.10.25”; Repayment record start month: “2023-01” (YYYY-MM); Repayment
record end month: “2023-12”. Institutional Fields: Issuing institution: “Issuing Institution
GQ”; Business type: “Personal Semi-Credit Card”; Guarantee method: “Credit Guarantee”;
Account status: “Normal”; Account type: “Semi-Credit Card” (fixed); Currency: “RMB”.
Credit Limits: Account credit limit: 50000; Shared credit limit: 50000; Shared used limit:
30000 (< shared credit limit). Balances: Overdraft balance: 4500 (< account credit limit);
Average overdraft balance (6M): 3800; Maximum overdraft balance: 6200; Actual repayment
this month: 3200; Unpaid balance overdue >180 days: 0. Period Counts: Total months of
bad debt: 2; Total months of overdue: 3; Total months of settled: 2; Total overdraft periods:
7; Current overdraft periods: 5.

Output Format

The account situation should be output in JSON object format. The overall output is a JSON
object array, where each JSON object corresponds to one account. The keys within the object
are the required fields for the account, and the values need to be reasonably assigned by you
based on the user’s specific situation. Note: Do not output any thinking process or extra
content. Output strictly according to the specified format.
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Table 5: Prompt For General Loan Account Data Generation

Section Content

Role Definition You are an experienced credit review expert with extensive experience in credit application
approval.

Task Objective You need to generate the user’s loan information based on the following requirements

according to the user’s credit status, economic situation, residential situation, and employment
situation.

Input Parameters

» User’s average monthly income: {average_month_income}
» User’s credit rating: {credit_rating}
* Residential situation: {live_tab}

* Employment situation: {prof_tab}

Output Requirement

Please generate this user’s loan situation, including non-revolving loan accounts, sub-accounts
under revolving credit limit, and revolving loan accounts

Required Fields

Managing institution, Account credit limit, Currency, Business type, Guarantee method,
Account status, Repayment periods, Remaining repayment periods, Actual repayment this
month, Repayment method, Opening date, Closing date, Repayment record start month,
Repayment record end month, Current overdue periods, Repayment due this month, Loan
amount, Account type, Total months of bad debt, Total months of overdue, Total months of
settled

Account Status Options

Normal, Overdue, Bad Debt, Settled

Business Type Options

Personal Commercial Housing Loan, Personal Housing Provident Fund Loan, Commercial
Student Loan, Personal Consumer Loan, Cash Loan

Repayment Method
Options

Installment Equal Principal, Installment Equal Principal and Interest, One-time Principal and
Interest at Maturity, Periodic Interest Settlement with Principal at Maturity, Periodic Interest
Settlement with Flexible Principal Repayment, Equal Principal, Equal Principal and Interest

Account Type Options

Non-revolving Loan Account, Sub-account under Revolving Credit Limit, Revolving Loan
Account

Constraint Rule 1

(total months of bad debt + total months of overdue + total months of settled + n) < m
Where:

e m = total months from repayment record start month to repayment record end month
(inclusive)

e n = random integer between 5-12

Constraint Rule 2

Current overdue periods cannot exceed total months of overdue

Account Credit Limit
Rule

Only has value in revolving loan accounts, value should be assigned based on user attributes

Loan Amount Rule

Only has value in non-revolving loan accounts and sub-accounts under revolving credit limit,
value should be assigned based on user attributes

Repayment Periods Rule

Empty for revolving loan accounts, a specific number for non-revolving loan accounts and
sub-accounts under revolving credit limit, this number should be assigned based on user
attributes

Current Overdue Periods
Rule

Value is determined based on account status, user attributes, and total months of overdue.
Only when account status is Overdue, its value is greater than 0, otherwise it equals 0

Currency Assignment

Value should be assigned based on user attributes

Field Format Examples

Date Fields: opening_date="2013.07.22” (YYYY.MM.DD); closing_date="2015-05-05"
(YYYY-MM-DD); repayment record start month="2023-01" (YYYY-MM); repayment
record end month="2023-12". Account Type: account_type="“Revolving Loan Account” (op-
tions: Non-revolving Loan Account, Sub-account under Revolving Credit Limit, Revolving
Loan Account). Business & Methods: business_type="Personal Consumer Loan” (options:
Personal Commercial Housing Loan, Personal Housing Provident Fund Loan, Commercial
Student Loan, Stock Pledge Repo Transaction, Personal Consumer Loan); ...

Output Format

The account situation should be output in JSON object format. The overall output is a JSON
object array, where each JSON object corresponds to one account. The keys within the object
are the required fields for the account, and the values need to be reasonably assigned by you
based on the user’s specific situation. Note: Do not output any thinking process or extra
content. Output strictly according to the specified format.
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Table 6: Prompt Credit Card Account Data Generation

Section Content

Role Definition You are an experienced credit review expert with extensive experience in credit application
approval.

Task Objective You need to generate the user’s loan information based on the following requirements

according to the user’s credit status, economic situation, residential situation, and employment
situation.

Input Parameters

» User’s average monthly income: {average_month_income}
» User’s credit rating: {credit_rating}
¢ Residential situation: {live_tab}

* Employment situation: {prof_tab}

Output Requirement

Please generate this user’s credit card usage situation

Required Fields

Issuing institution, Shared credit limit, Shared used limit, Used limit, Average used limit in
recent 6 months, Maximum used limit, Remaining installment periods, Opening date, Cutoff
date, Repayment record start month, Repayment record end month, Account credit limit,
Currency, Business type, Guarantee method, Account status, Due date, Repayment due this
month, Actual repayment this month, Current overdue periods, Total periods of bad debt,
Total months of overdue, Total months of settled, Business type

Account Status Options

Normal, Overdue, Bad Debt, Settled

Constraint Rule 1

(total months of bad debt + total months of overdue + total months of settled + n) < m
Where:

e m = total months from repayment record start month to repayment record end month
(inclusive)

e n = random integer between 5-12

Constraint Rule 2

Current overdue periods cannot exceed total months of overdue

Current Overdue Periods
Rule

Value is determined based on account status, user attributes, and total months of overdue.
Only when account status is Overdue, its value is greater than 0, otherwise it equals 0

Currency Assignment

Value should be assigned based on user attributes

Field Format Examples

Date Fields: opening_date="2020.05.10" (YYYY.MM.DD); cutoff_date="2024.10.31";
due_date="2024.10.25"; start_time="2023-01" (YYYY-MM); end_time="2023-12". Ac-
count Type: account_type="“Credit Card” (fixed, can only be Credit Card). Sta-
tus & Institution: issuing_institution="Issuing Institution AQ”; business_type="Credit
Card”; guarantee_method="Unsecured”; account_status=“Overdue”; currency="RMB”.
Credit Limits: shared_credit_limit="50000"; shared_used_limit="30000" (< shared
credit limit); credit_limit=*50000" (independent); used_limit=*32000" (independent
usage); avg_used_limit_6m="28000"; max_used_limit="45000". Repayment Fields:
this_month_due="5000" (estimated based on status, balance, method, overdue periods);
actual_repayment="0" (when status is Overdue or Bad Debt: actual < due; otherwise: actual
= due); remaining_installment_periods="12". Period Counts: b_count=2 (total months
of bad debt); num_count=3 (total months of overdue); c_count=2 (total months of settled);
current_overdue_periods="3" (must be < num_count, >0 only when status is Overdue).

Output Format

The account situation should be output in JSON object format. The overall output is a JSON
object array, where each JSON object corresponds to one account. The keys within the object
are the required fields for the account, and the values need to be reasonably assigned by you
based on the user’s specific situation. Note: Do not output any thinking process or extra
content. Output strictly according to the specified format.
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Prompt for Generating User Basic Information (Residence/Occupation)

You are an experienced credit review expert with extensive experience in credit application approval. You need to
generate user information based on the following requirements according to the user’s credit status and economic
situation. You must ensure that the generated information matches the user’s credit status and economic situation,
and also ensure content diversity. User’s average monthly income: {average_month_income}, User’s credit rating:
{credit_rating}. Please generate this user’s residential situation and employment situation. The residential situation
should be output in JSON object array format, where each JSON object includes: number, residential address, home
phone, residence status, and information update date. The employment situation should be output in JSON object
array format, where each JSON object includes: number, employer, employer type, employer address, employer
phone, occupation, industry, position, professional title, year of joining current employer, and information update
date. The number of JSON objects in the JSON object arrays is not fixed. You can decide based on the user’s situation.
The information within each JSON object represents this user’s residential address and employment situation during
that period, showing the overall changes in the user’s residential and employment situations. You need to ensure
diversity in the user’s personal situation - do not concentrate in one residential area or workplace, and both m and n
should be considered according to the user’s personal situation. Follow the format of the example below. Note: Do
not output any thinking process or extra content. Output strictly according to the given format.

The overall structure is a JSON object containing two fields, each with a JSON object array as its value, where n is the
number of residential situation JSON objects and m is the number of employment situation JSON objects:

{{ "live_tab": [{{ "number": "1", "residential_address": "Room C5XX, Building 7, Chunxiao Garden North
District, Chaoyang District, Beijing", "home_phone": "010-832XX", "residence_status": "Mortgage",
"info_update_date": "2015.05.01" }}, }, "prof_tab": {{{ "number";: "1", "employer": "Corporate
Department, Credit Reference Center, People's Bank of China", "employer_type": "Government/Public
Institution", "employer_address": "Room 305, Building A, International Enterprise Building, No. XX Financial Street,
Xicheng District, Beijing", "employer_phone": "010-83233XX", "occupation": "Clerical and Related Workers",
"industry": "Financial Industry", "position": "Mid-level Management", "professional_title": "Intermediate",
"year_joined": "2008", "info_update_date": "2015.05.01" }},

Figure 7: Prompt for User Basic Information (Residence/Occupation).

Prompt For Generation of Abstract Definitions for Tables

Generate Python code to define a class for the credit report table in the image.
Requirements:

1. Class Structure

- Class name should reflect the table type.

- Include ALL fields from the target columns: {tar_columns}

- Follow the table metadata specifications: {table_meta_information}
2. Required Methods

a) Constructor (__init_)

- Initialize all fields with appropriate default values

- Include type hints for all parameters

- Validate data types if necessary

b) to_json() method

- Convert the object to JSON format

- Return a dictionary that can be serialized

- Handle nested structures if any

- Include proper encoding for Chinese characters

c) to_json_file(filename)

d) to_latex()

- Generate LaTeX table code for the object

- Include table headers matching the original format

3. Data Type Specifications

- Use appropriate Python types (int, float, str, datetime, etc.)

- Follow the data formats defined in {table_meta_information}
\_-Add validation for required fields

Figure 8: Prompt for Generation of Abstract Definitions for Tables.
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Prompt For Generation of Indicators Corresponding to Tables

Figure 9: Prompt for Generation of Indicators Corresponding to Tables.

Prompt for Generating Calculation Functions and Questions of Indicators Corresponding to Tables

Figure 10: Prompt for Generating Calculation Functions and Questions of Indicators Corresponding to Tables.
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Prompt for Generating Calculation Functions with MASK

# Prompt Ternplate: Add Masking Logic to Calculation Function.

You have an existing calculation function ‘{calcu_function}" that contains a question: {question}. From this question,
we have extracted: Field names (comple_column_list): ‘{tar_comple_column_list}" - Data fields strongly related to
the calculation target Operators (comple_equ_list): ‘{tar_comple_equ_list}" - Calculation operators used in the
question Important: Both lists are ordered sequentially as elements appear in the question string.

---1. Task Requirements. Modify the calculation function to implement the following masking logic:

1) Field Name Masking- Randomly select [1, len(comple_column_list) - 2] distinct field names from
‘comple_column_list’- Use string matching to locate each selected field name in the ‘question’ string- Replace the
field name at its corresponding position with "XXXX"- Add the replaced field names to ‘comple_column’
(semicolon-separated string)

2) Operator Masking- Randomly select [1, min[4, len(comple_equ_list))] operators from ‘comple_equ_list'- Use
string matching to locate each selected operator in the "question’ string- Replace the operator at its corresponding
position with "YYYY"- Add the replaced operators to ‘comple_equ® (semicolon-separated string)

3) Final Output- The final "‘question’ should contain both “XXXX” and “YYYY” replacements- ‘comple_column':
Semicolon-separated string of masked field names- ‘comple_equ': Semicolon-separated string of masked operators.
2. Function Signature

““--FUNCTION REQUIREMENTS: ) e )

(Function Signature: “python def calculate_mask_{calcu_function, comple_column_list,
comple_equ_list{table_obj) -> dict:

""" Returns:

dict: {

‘indicator_name’: str, ‘answer’: float/int/str, ‘question’: str, ‘task_type’: str, ‘question_detail’: str,
‘comple_column’: str, ‘comple_equ’: str,

U

Figure 11: Prompt for Generating Calculation Functions with MASK.

needs and accurately reflects the complexity of ac-
tual credit evaluation workflows in contemporary
consumer lending operations.

C.1 Dataset Details
C.2  Question Sample

This benchmark evaluates the model’s capabilities
in processing credit report tables for credit assess-
ment tasks across three dimensions: table structure
perception, domain knowledge application, and nu-
merical computation. The result of each metric
serves as part of the basis for the final credit assess-
ment decision. These metrics primarily evaluate
loan applicants from four perspectives: repayment
capacity, repayment willingness, debt pressure, and
cash flow conditions.
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Figure 12: Relationship between the number of knowledge elements to be supplemented for a single metric
(denoted as Number of Columns in the prompt) and the final table understanding (TU) accuracy. Here, Number of
Columns refers to the quantity of knowledge elements that need to be recovered in the prompt, while Accuracy
denotes the resulting TU accuracy across different metrics.

18



Coefficient of Credit Usage
Diversification and Annualized Repayment
Capacity Overlimit Overdraft Risk Score Borrowing Pressure of Loan Applicants

Amount Amount Amount

Weight Weight Weight
Linkage Coefficient between Residential
Stability and Comprehensive Debt Linkage Coefficient between Residential
Capital Flow Health Coefficient Repayment Capacity Stability and Capital Flow Health
Amount Amount Amount

Weight Weight Weight
Linkage Coefficient between
Multi-Dimensional Debt Concentration and Cross-Account Capital Turnover Cross-Account Repayment Rhythm Matching
Residential Stability Efficiency Coefficient Degree and Residential Stability
Amount Amount Amount

Weight Weight Weight
Credit Liability Pressure Early-Warning Cross-Account Average Fund Occupancy
Index Credit Account Capital Flow Health Index Period
Amount Amount Amount

Weight Weight Weight

—*— Gemini-3-flash Sonnet-4.5_think —*- GPT-40 ¢ GPT-5 *— Qwen3-VL-235B- --<-- InternVL3_5-241B

Figure 13: Demonstrate the distribution of knowledge hit rates across different metrics.
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JA What s the ratio of average overdraft balance of quasi-credit card accounts to average Options
balance of loan accounts? A 1.40% B.1.27%

Input: Partial table data from a personal credit report (in Chinese format)

$8®  Task: Identify valid table range - Supplement missing fields (XXXX/YYYY) - Calculate and select answer G 1kED RRLOSH

|

Debt Burden

Model Reasoning Process (C

-of-Th

Avg Balance Comparison

&

Account Detail Table  Single Selection

ék Step 1: Identify Quasi-credit Card Accounts

- CBC Quasi-credit Card: Overdraft = ¥ 12,000 RMB
- CCB Quasi-credit Card: Overdraft = ¥ 6,500 RMB

Step 2: Identify Loan Accounts

- Commercial Housing Loan: ¥ 2,624,219
- Housing Provident Fund Loan: ¥ 926,299
- Consumer Loans (3 accounts): ¥ 91,958

Total: ¥ 18,500 Count:2  Avg: ¥ 9,250

Total: ¥ 3,642,476  Count: 5

Avg: ¥ 728,495.2

%k Step 3: Calculate Ratio

Ratio = Avg Overdraft (Quasi-credit) / Avg Balance (Loans) = 9,250 / 728,495.2 = 0.01270 = 1.27%

1.27%

Calculated Result

Evaluation Result

B

Selected Option

B

Ground Truth Label

Figure 14: Demonstrate of Table Structure Perception

-]
i
R

(25pts) + Repayment Gap (20pts)

What is the Credit Debt Pressure Warning Index considering debt scale, credit utilization,
overdue severity, and repayment capacity gap?

Input: Partial table data from a personal credit report (Employment Info + Account Details)

Task: Identify valid accounts = Supplement missing operators (YYYY) = Calculate composite index
Composite Index=Absolute Debt Pressure (30pts) + Credit Utilization Pressure (25pts)+ Overdue Accumulation

Options
A. 46.8 pts B.52.9 pts
C. 58.2 pts D. 63.5 pts

Operator
Supplementation

(YYYY Placeholders)

Model Reasoning Process (Chain

Debt Burden

Debt Pressure Warning Index

Employment + Account Tables

Single Selection

ék Step 1: Data Filtering - Valid Accounts Identification

Type Used Limit  Overdue
ICBC (Normal) Credit Card ¥ 28,000 ¥ 35,000 ¥0
CMB (Overdue) Credit Card ¥22,000 ¥25,000 ¥779
CCB (Normal) Credit Card ¥15,000 ¥ 18,000 ¥0
BOCOM (Normal) Credit Card ¥8,500 ¥ 12,000 ¥0
Type Overdraft Limit
ICBC (Normal) Quasi-Card ¥ 2,500 ¥ 8,000
CCB (Normal) Quasi-Card ¥ 5,000 ¥ 12,000
ABC (Normal) Quasi-Card ¥ 3,200 ¥ 15,000

7 valid accounts ~ Total Debt: ¥ 85,000 Total Limit: ¥ 125,000

dk

Step 2: Four-Dimension Pressure Score Calculation

Absolute Debt Pressure Score (30 ptsMx)

Total Debt: ¥ 85,000, Total Credit Limit: ¥ 125,000
Theoretical Monthly Repayment = ¥125,000x 0.3 + 12 =
¥3,125

Annual Repayment Capacity = ¥3,125x 12 = ¥ 37,500
Pressure Ratio = 85,000 + 37,500 = 2.267 (exceeds 2.0 cap)
Score = min(30,2.267 x 30 + 2.0) = 30.0 pts

Credit Utilization Pressure Score (25 ptsM¥)

Individual Utilization Rates:

ICBC: 80.0%, CMB: 88.0%, CCB: 83.3%, BOCOM: 70.8%
ICBC-Q: 31.2%, CCB-Q: 48.3%, ABC-Q: 21.3%

Average Utilization Rate = 60.4%

Score = min(25, 0.604 x 25 + 0.8) = 18.9 pts

Overdue Accumulation Pressure Score (25 pts™Max)
Total Overdue Amount: ¥ 779 (CMB account only)

Total Debt: ¥ 85,000

Overdue Pressure Ratio = 779 + 85,000 = 0.92%

Score = min(25, 0.009 x 25) = 0.2 pts

Repayment Gap Pressure Score (20 ptsM#)
CMB Gap: max(0, 3,200-1,500) =¥ 1,700(others = 0)
Total Repayment Gap: ¥ 1,700 | Total Due: ¥ 9,000
Gap Rati0 = 1,700 +(9,000 + 1) = 18.9%

Score = min(20, 0.189 x 20) = 3.8 pts

Evaluation Result - Credit Debt Pressure Warning Inde

Med-Risk: 40~59 pts

52.9 pts

Final Score

B

Bﬂ

Selected Option

Ground Truth Label

Figure 15: Demonstrate of Domain Knowledge Utilization
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ﬂ What is the Non-Performing Asset Concentration Ratio for all valid accounts? Options

Input: Partial table data from a personal credit report(in Chinese format)

Task: Identify valid table range = Supplement missing fields (XXXX/YYYY) = Calculate and select answer
Formula: (XX+NPL Credit Card Balance+XX)+ (XX + Total Credit Card Balance+Total Quasi-credit Overdraft)x 100%
Filter: Account Status # Settled; All account balances >0

A. 100.00% B. 85.00%

C. 70.00% D. 55.00%

< T EHE

Field : ] 5

iraft Balanc:

Supplementation o smEmil

Model Reasoning Process (C|

Debt Burden ~ NPL Risk Assessment  Account Detail Table ~ Single Selection

ék Step 1: Identify Valid Accounts (Status # Settled) @k Step 2: Four-Dimension Pressure Score Calculation
v CBC Quasi-credit Card: Overdraft = ¥ 12,000 RMB NPL Credit Cards:
V' CCB Credit Card: Overdue, Balance = ¥ 4,900 ICBC ¥ 7,800 + CCB ¥ 4,900 + CMB ¥ 3,000 = ¥ 15,700

v CMB Credit Card: Bad Debt, Balance = ¥ 3,000
V' Zhongyuan Quasi-credit: Overdue, Overdraft = ¥ 10,500
v Zhengzhou RCB Quasi-credit: Overdue, Overdraft = ¥ 5,800

NPL Quasi-credit Cards:
Zhongyuan ¥ 10,500 + Zhengzhou RCB ¥ 5,800 = ¥ 16,300

X Bank of Zhengzhou Quasi-credit: Settled (Excluded) Total NPL Assets: ¥ 32,000
ék Step 3: Calculate Total Balances @ Step 4: Calculate NPL Concentration Ratio
Total: ¥ 32,000 Credit Cards: ¥15,70  Quasi-credit: ¥ 16,300 Ratio = 32,000 + 32,000 x 100% = 100.00%

Evaluation Result - High Risk Alert

All assets are non-performing

100% A AR
| CalculatedResut  SelectedOption  GroundTruthlabel

Figure 16: Demonstrate of Numerical Computation
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Account (Credit Agreement ID: ZDJK20250015)

Managing Institution Opening Date Account Credit Limit Loan Amount
Commercial Bank PD 2020.08.15 2849450 2800000
Account Type Currency Business Type Guarantee Type
Non-revolving Loan Account CNY Personal Commercial Housing Loan Mortgage
Account Status Five-tier Classification Payment Due Date Monthly Payment Due
Normal N/A 2023.12.25 15800
Actual Monthly Payment Last Payment Date Total Payment Terms Remaining Payment Terms
15800 2023.12.25 360 318
Maturity Date Current Overdue Periods Current Overdue Amount As of Date
2050.07.31 0 0 Aug 15, 2050
Principal Overdue 31-60 Days Principal Overdue 61-90 Days
0 0

Balance: 2624219

Bad Debt Periods: N/A

Repayment History | As of 2023-12

1 2 3 4 5 6 7 8 9 10 11 12
N N N N N N N N N N N N
2023
0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 | 0.00
N N N N N N N N N N N N
2022
0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 | 0.00
N N N N N N N N N N N N
2021
0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 | 0.00
2000 N/A N/A N/A | N/A N/A N/A | N/A N/A N N N N
N/A N/A N/A | N/A N/A N/A | N/A N/A 0.00 | 0.00 | 0.00 | 0.00

Account Closure Date: N/A

Table 7: Credit Account Table Details
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Account (Credit Agreement ID: ZDJK20250015)

Managing Institution

Opening Date

Account Credit Limit

Loan Amount

Commercial Bank XH 2022.05.20 279066 180000
Account Type Currency Business Type Guarantee Type
Sub-account under CNY Personal Consumer Unsecured
Revolving Credit Loan
Account Status Five-tier Classification Payment Due Date Monthly Payment Due
Normal N/A 2023.12.18 5580
Actual Monthly Last Payment Date Total Payment Terms Remaining Payment
Payment Terms
5580 2023.12.18 36 16
Maturity Date Current Overdue Current Overdue As of Date
Periods Amount
2025.04.30 0 0 May 20, 2025

Principal Overdue 31-60 Days

Principal Overdue 61-90 Days

0 0
Balance: 91958
Bad Debt Periods: N/A
Repayment History | As of 2023-12
1 2 3 4 5 6 7 8 9 10 11 12
2003 N N N N N N N N N N N N
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
2002 N/A N/A N/A N/A N/A N N N N N N N
N/A N/A N/A N/A N/A 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Account Closure Date: N/A
Table 8: Credit Account Details
Occupation Information (ID: 1)
ID 1 Company Zhengzhou Shunda Logis-
tics Co., Ltd.

Company Nature | Private Enterprise Company Address | No. 12, Area B, Logistics
Park, Intersection of West
3rd Ring Road and Long-
hai Road, Zhongyuan
District, Zhengzhou City,
Henan Province

Company Phone | 0371—67123456 Occupation Commerce and Service
Personnel

Industry Transportation, Storage Position General Staff
and Postal Services
Title None Entry Year 2021
Update Date 2023.08.15

Table 9: Occupation Information Table Details
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Account (Credit Agreement ID: ZDJK20250015)

Managing Institution Opening Date Account Credit Limit Loan Amount
Commercial Bank ZJ 2021.11.10 300000 238907
Account Type Currency Business Type Guarantee Type
Revolving Loan Account CNY Personal Consumer Loan Unsecured
Account Status Five-tier Classification Payment Due Date Monthly Payment Due
Normal N/A 2023.12.21 1200
Actual Monthly Payment Last Payment Date Total Payment Terms Remaining Payment Terms
1200 2023.12.21 N/A N/A
Maturity Date Current Overdue Periods | Current Overdue Amount As of Date
2024.03.21 0 0 Nov 10, 2026

Principal Overdue 31-60 Days

Principal Overdue 61-90 Days

0 0
Balance: 0
Bad Debt Periods: N/A
Repayment History | As of 2023-12
1 2 3 4 5 6 7 8 9 10 11 12
003 N N N N N N N N N N N N
0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 | 0.00
002 N N N N N N N N N N N N
0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 | 0.00
2021 N/A N/A N/A | N/A N/A N/A | N/A N/A N/A | N/A | N/A N
N/A N/A N/A | N/A N/A N/A | N/A N/A N/A | N/A | N/A | 0.00
Account Closure Date: N/A
Table 10: Revolving Credit Account Details
Residence Information
ID Address Phone Status | Update Date
1 | Room 502, Unit 2, Building 3, No. XXX Zhengzhou City | 0371—67845621 | Rented | 2023.08.15

Table 11: Residence Information Table Details
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Credit Agreement 1

Management Institution | Credit Agreement ID | Effective Date | Maturity Date Credit Limit Purpose
Commercial Bank ZZ E705 2021.09.15 2024.08.31 Non-revolving Loan Limit
Credit Limit Credit Quota Credit Quota ID Used Limit Currency
71747 71747 M806 19831 CNY
Credit Agreement 2
Management Institution | Credit Agreement ID | Effective Date | Maturity Date | Credit Limit Purpose
Commercial Bank HN E357 2023.08.20 2025.03.15 | Revolving Loan Limit
Credit Limit Credit Quota Credit Quota ID Used Limit Currency
15000 15000 MO953 0 CNY
Credit Agreement 3
Management Institution | Credit Agreement ID | Effective Date | Maturity Date | Credit Limit Purpose
Commercial Bank JR E788 2024.11.28 2025.10.31 Revolving Loan Limit
Credit Limit Credit Quota Credit Quota ID Used Limit Currency
96148 96148 M626 7993 CNY
Credit Agreement 4
Management Institution | Credit Agreement ID | Effective Date | Maturity Date Credit Limit Purpose
ICBC Zhengzhou Branch E680 2021.09.15 2024.12.31 Credit Card Shared Limit
Credit Limit Credit Quota Credit Quota ID Used Limit Currency
15000 15000 M461 12800 CNY
Credit Agreement 5
Management Institution | Agreement ID | Effective Date | Maturity Date Credit Limit Purpose
Zhengzhou Bank E326 2021.09.15 2024.12.31 Credit Card Independent Limit
Credit Limit Credit Quota | Credit Quota ID Used Limit Currency
15000 15000 M952 12800 CNY
Credit Agreement 6
Management Institution Agreement ID | Effective Date | Maturity Date Credit Limit Purpose
CCB Zhengzhou Jinshui Branch E287 2023.03.20 2024.12.31 Credit Card Shared Limit
Credit Limit Credit Quota | Credit Quota ID Used Limit Currency
8000 8000 MO064 7200 CNY
Credit Agreement 7
Management Institution | Agreement ID | Effective Date | Maturity Date Credit Limit Purpose
CCB Jinshui Branch E468 2023.03.20 2024.12.31 Credit Card Independent Limit
Credit Limit Credit Quota | Credit Quota ID Used Limit Currency
8000 8000 M526 7200 CNY

Table 12: Credit Agreement Tables Details.
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