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Abstract. Financial statements are critical for corporate analysis, fraud
detection, and regulatory compliance, yet their complex tabular layouts,
multi-year data structures, and hierarchical relationships pose signifi-
cant challenges for automated reasoning. Existing Visual Question An-
swering (VQA) models struggle to deliver audit-ready responses due
to their inability to explicitly localize evidence and reason over struc-
tured financial data. To bridge this gap, we introduce EviFiVQA, a
large-scale benchmark dataset for evidence-based financial VQA, built
on real-world financial statements. Leveraging FinTabNet, our dataset
contains over 1.5 million question-answer pairs spanning five reasoning
categories, each meticulously annotated with bounding boxes for relevant
table cells to ensure traceable and interpretable responses. EviFiVQA in-
troduces new challenges for Large Language Models (LLMs) and Vision-
Language Models (VLMs) by requiring multi-step numerical reasoning,
explicit evidence localization, and hierarchical financial aggregation — all
within complex, irregular table layouts. We benchmark state-of-the-art
models on EviFiVQA, revealing their limitations in evidence-grounded
understanding of financial statements. We release EviFiVQA to drive
progress in audit-ready financial AI, enhancing transparency and relia-
bility in AI-driven financial analytics. The dataset and code are available
at https://github.com/sachinraja13/EviFiVQA.

Keywords: EviFiVQA · Financial VQA · Evidence-Localization · Au-
ditable AI · Transparent AI · Reliable AI.

1 Introduction

Financial statements serve as the primary foundation for evaluating corporate
performance, detecting fraud, and meeting regulatory mandates [1,2,3]. Conse-
quently, analysts, auditors, and regulators rely heavily on these documents to
form high-stakes judgments. In such contexts, evidence traceability becomes in-
dispensable: any conclusion drawn from a financial report must be backed by
explicit references to the original tables. Without this level of evidence localiza-
tion, AI-driven insights risk being opaque and can compromise the reliability of
the decision-making process.

https://github.com/sachinraja13/EviFiVQA
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Fig. 1: Qualitative example from ChatGPT-4o model. While the answer to the
question is computed correctly, the evidence as bounding boxes were off by a
significant margin (green: ground-truth, red: model output).

Due to the heterogeneous and often complex nature of financial statements,
which commonly feature multi-year column layouts, merged cells, footnotes, and
disclaimers, traditional Optical Character Recognition (OCR) pipelines may in-
troduce digit misreads and break the inherent link between the numeric content
and the document’s visual-spatial structure [4,5]. These issues create difficulties
in validating which cells support a given conclusion and complicate subsequent
audits. As an alternative, large Vision-Language Models [6,7,8,9,10](VLMs) can
directly analyze document images, reducing the vulnerability of text-based pipelines
to OCR errors and maintaining a clearer visual-spatial reference. By combining
layout and textual analysis, these models can reconcile data inconsistencies in an-
nual reports, detect misrepresentations in profit-and-loss statements, and high-
light disclaimers that affect numeric interpretations. When paired with external
accounting knowledge, they also identify anomalies in key financial metrics, pro-
viding a robust foundation for comprehensive risk assessments.

Importantly, by generating bounding-box evidence on the source documents,
these models can facilitate transparency and auditability and interpretability.
Finance professionals or regulatory bodies can directly inspect the exact seg-
ments of financial statements that inform each inference a critical feature for
downstream applications such as portfolio stress testing, fraud detection, credit
risk modeling, and automated compliance checks. As the scope and format of fi-
nancial statements continue to evolve, large Vision-Language Models, with their
capacity to unify image-level reasoning and domain-specific analysis, promise a
scalable and robust approach to future challenges in financial reporting.

However, because most large-scale VLMs are trained on general-purpose
datasets, their specialized performance in financial document analysis remains
uncertain. Addressing this gap necessitates a structured benchmark to system-
atically evaluate and refine VLMs for financial tasks. To this end, we introduce
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Fig. 2: Examples of complex layouts include horizontally and vertically split sub-
tables and multiple denominations within the same statement from EviFiVQA
built on top of FinTabNet [11] dataset.

EviFiVQA, a large-scale Evidence-Based Financial Visual Question Answering
dataset built on top of the established FinTabNet benchmark [11]. Our dataset
is designed to stimulate the development of models capable of delivering audit-
ready responses rooted in explicit references to financial tables, pushing the
boundaries of reliability and transparency in AI-powered financial analytics.

2 Related Work

2.1 Datasets

The emergence of Table-VQA as a research area was driven by datasets that chal-
lenged models to reason over structured tabular layouts. Early benchmarks such
as WikiTableQuestions [12] and Natural Questions [13] focused on querying semi-
structured tables within web pages, emphasizing compositional reasoning over
cell values. While these datasets introduced fundamental concepts like cell align-
ment, filtering, and multi-step logical reasoning, they did not consider scanned
or image-based tables, leaving a gap for subsequent research. A crucial step to-
ward image-based Table QA involved the development of table extraction bench-
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Fig. 3: Examples of different categories of question from a sample image.

marks. PubTabNet [14] and the ICDAR 2019 Table Recognition Dataset have
been instrumental in evaluating table detection and structure recognition, facil-
itating progress in parsing scanned documents. TableVQA-Bench [15] extends
these efforts by aggregating table-image sources from diverse domains, such as
receipts, scientific reports, and business documents, making it a strong testbed
for model generalization. Datasets targeting reasoning over multimodal tabular
data have further propelled the field. TAT-QA [16] integrates both tabular and
textual evidence for financial question answering, emphasizing hybrid reasoning.
FeTaQA [17] encourages free-form answer generation by requiring models to
synthesize information across multiple cells. More recently, TableBench [18] and
VQAonBD [19] have introduced multi-hop reasoning over multiple tables, while
TQA-Bench [20] evaluates LLMs on symbolic joins and large-scale retrieval. An-
other significant dataset is FinQA [21], which focuses on numerical reasoning
over financial reports. It combines natural language questions with both textual
and tabular evidence, requiring models to perform arithmetic computations, ag-
gregation, and multi-step reasoning. FinQA highlights the complexities involved
in financial document question answering, where precise numeric reasoning and
contextual understanding are crucial. These datasets highlight the evolving com-
plexity of Table-VQA tasks and the need for robust models capable of reasoning
over heterogeneous tabular data.

2.2 Methods

Methods for Table-VQA have evolved from semantic parsing to neural network-
based approaches, incorporating both text-based and image-centric techniques.
Early methods such as TAPAS [22] adapted BERT-style transformers for struc-
tured tables by encoding row and column embeddings, enabling models to per-
form aggregation operations directly on text-based tables. Further refinements,
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Num
Images Category 1 Category 2 Category 3 Category 4 Category 5 Total

Training Set 34,790 481,025 285,881 200,482 117,138 165,471 1,249,997
Test Set 3,654 49,386 30,127 21,936 11,678 15,137 128,264
Validation Set 3,943 53,352 31,590 22,583 12,566 16,983 137,074
Total 42,387 583,763 347,598 245,001 141,382 197,591 1,515,335

Table 1: Distribution of questions across varying difficulty categories.

such as intermediate pretraining on counterfactual data [23], enhanced model
robustness. However, these approaches assumed structured, digital input and
struggled with visual tables containing irregular layouts or OCR errors. With
the rise of image-centric Table-VQA, table detection and OCR pipelines be-
came integral. TATR [24] demonstrated how transformer-based architectures
could handle OCR-extracted text, while CascadeTabNet [25] improved struc-
ture recognition via CNN and RNN cascades. TabIQA [26] addressed challenges
in business document QA by integrating region-based CNNs with contextual
question answering models. Similarly, Xue et al. [27] designed a system that first
extracts structured text before applying neural question answering, highlighting
the difficulty of reconciling OCR errors with reasoning tasks. Recent advances
leverage multimodal fusion to enhance Table-VQA. M-TBQA [28] combines tex-
tual embeddings with layout-derived visual cues such as bounding boxes and font
sizes. Graph-based models like Zhang et al. [29] explicitly model row-column re-
lationships, improving interpretability. Hybrid methods such as HYTREL [30]
use hypergraph representations to capture complex table interactions, ensuring
robustness to structural variations. The advent of large language models (LLMs)
has introduced new paradigms in Table-VQA. TAPEX [31] pre-trains models on
synthetic SQL queries to simulate symbolic reasoning. ReAcTable [32] incorpo-
rates chain-of-thought prompting, guiding models to sequentially query, update,
and verify answers. Multi-agent strategies, such as AutoTQA [33], decompose
complex queries into subtasks handled by specialized LLMs, improving answer
interpretability. Furthermore, TableLlama [34] and OmniTab [35] push general-
ist models toward handling diverse table formats, including scanned documents,
structured databases, and hybrid tabular-textual sources.

Despite these advances, Table-VQA models still face challenges with noisy
OCR outputs, multi-hop reasoning across tables, and domain-specific adapta-
tion. Ongoing work explores solutions such as denoising retrieval [36], hierar-
chical transformers for structured document parsing [37], and domain-specific
benchmarks like FREB-TQA [38]. Future research must bridge the gap between
structured parsing and multimodal reasoning, ensuring robust, scalable, and in-
terpretable Table-VQA systems for real-world applications.

3 EviFiVQA Dataset

We construct EviFiVQA from publicly available S&P 500 earnings reports (1999-
2019), leveraging FinTabNet [11]. These multi-page PDFs mix textual discussion
with tabular data, and FinTabNet’s table annotations allow us to automate
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Algorithm 1 Dataset Annotation Pipeline
1: Input: Table image or document
2: Output: Annotated QA pairs with bounding boxes
3: Step 1: Datatype Classification
4: Classify cells into categories: year, date, numerical, percentage, empty, text.
5: Step 2: Structural Analysis
6: Identify data rows, column headers, and row headers using heuristic rules.
7: Detect nested sub-tables and segment accordingly
8: Identify Column Headers
9: Identify rows suspected to contain column headers and isolate the cells.
10: Determine the start data column by skipping row/column header cells.
11: Parse cell content to detect specific patterns (e.g., year, denomination, numeric).
12: Classify each row: spans multiple columns or is purely numeric/textual.
13: If no headers are identified, assign generic labels.
14: Identify Document Tree Structure
15: Find partial sums in each column where consecutive entries form the next entry.
16: Remove groupings that are subsets of larger ones.
17: Combine results across columns, reinforcing on textual cues (headers/footers).
18: Normalize scores and prune groupings below a certain threshold.
19: Generate the tree structure recursively representing table hierarchy.
20: Identify Row Headers
21: Extract indentation and numeric groupings.
22: Group adjacent rows with similar indentation.
23: Relate row text to numeric sum groupings.
24: Detect sub-headers or net totals.
25: Consolidate repeated headings under single reference.
26: Identify group headers and associate them with respective row headers.
27: Merge sub-headers with nearest total rows.
28: Assign final row headers or placeholders ensuring no duplication.
29: Step 4: QA Generation
30: Generate template-based question-answer pairs or each category o questions.
31: Paraphrase questions using LLaMA 3.2 7B to ensure linguistic coherence.
32: Return: Final structured dataset with annotated QA pairs.

dataset creation for evidence-based visual question answering (EVQA), validated
through manual checks. Each QA pair specifies all table cells involved in the
answer and includes bounding boxes as evidence.

The FinTabNet tables pose visual challenges of high row/column density,
nested structures, and multi span cells (Figure 2). Additionally, core financial
statements (balance sheets, income statements, cash flow statements) follow a
tree-like hierarchy: broad categories (e.g., assets, liabilities) are roots, subcat-
egories are intermediates, and line items are leaves. This structure facilitates
aggregation, drill-down analysis, and dependency tracking. Consequently, Evi-
FiVQA covers a spectrum of QA tasks, from simple data extraction to more
complex queries requiring a semantic grasp of the table’s hierarchical layout.

Dataset Annotation: Our dataset annotation framework adopts a bottom-up
methodology, commencing with a functional analysis of the table, followed by
the extraction of its hierarchical structure, and culminating in the generation
of question-answer (QA) pairs leveraging the extracted metadata. The dataset
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Fig. 4: Distribution of image-level parameters. Left: number of rows; Middle:
number of columns; Right: number of questions per statement.

Fig. 5: Distribution of question-level parameters. Left: category of questions;
Middle: number of cells required to compute the answer; Right: number of tokens
in the questions

annotation process follows a structured pipeline to ensure a comprehensive and
unambiguous representation of tabular data as shown in Algorithm 1.

We categorize EviFiVQA’s questions into five types based on the complexity
of reasoning:

1. Extractive (Category 1): Direct lookups (e.g., “Based on this financial
report, what is the net revenue of the organization in 2008?”). The answer
is found by intersecting the correct row and column.

2. Ratio-Based (Category 2): Requires division across rows or columns (e.g.,
“What is the ratio of the net revenue in 2007 to 2008 for this organization?”).

3. All-Years Aggregation (Category 3): Demands operations like avg, min,
max, or compounded growth over a row across multiple years; (e.g., “For
this organization, what is the compounded annual growth rate across all the
years?”).

4. Hierarchical Aggregation (Category 4): Involves summing or averaging
hierarchical sub-entries (e.g., “What is the average value of all the factors
contributing to net income for the year 2008?”).

5. Key-Value Extraction (Category 5): Identifies the key (textual row
header) and its value, typically within a parent-child financial structure (e.g.,
“Which factor contributed most towards net income 2008, and what is its
corresponding value?”).

Each QA pair is linked to bounding boxes along with the individual values for
every cell needed in computing or justifying the answer. Figure 3 shows examples
of these question types for a sample image. Refer Table 1 and Figures 4 and 5
for detailed statistical understanding of EviFiVQA dataset.

Validating the Dataset: We manually validated our dataset by randomly
sampling between 2 and 5 questions from each category for every image in the
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collection. After selecting these questions, we compared the annotated answers
and bounding boxes to the original documents, with subject matter experts
(SMEs) — experienced in finance or accounting-verifying whether each question
was answered correctly and whether the corresponding row and column headers
were accurately mapped. We found that there was 97.37% agreement between
the SME evaluations and our existing annotations, indicating a high level of
accuracy in the dataset. In cases where discrepancies arose, we documented
and removed the entire financial statement from the dataset, further refining
the annotations and strengthening our confidence. Out of the 2.63% erroneous
cases, 1.2% were due to ambiguity induced by paraphrasing the question, 0.4%
cases had ambiguity in answers because of multi-level numerical hierarchy and
remaining 1% cases were due to boundary cases not properly handled by the
automated question generation process.

In parallel, we implemented automated checks to assess hierarchical con-
sistency and arithmetic correctness at scale. We verified that bounding boxes
aligned with the original FinTabNet [11] annotations, and that row and column
headers matched their respective data points. We also recalculated sums, aver-
ages, ratios, and growth rates to confirm the correctness of the annotated values,
flagging any discrepancies that exceeded our predefined tolerance. Additionally,
we employed semantic similarity using SentenceBERT [39] to evaluate the para-
phrased questions on a similarity threshold of 0.85, ensuring they faithfully re-
tained the meaning of the original queries. Whenever we detected mismatches
— whether in bounding box alignments, arithmetic calculations, or textual an-
notations — we removed those annotations. for further manual inspection and
resolved them accordingly. This dual approach, combining both human exper-
tise and automated validation, helped ensure the dataset’s overall robustness
and reliability.

Novelty of EviFiVQA Existing financial visual question answering (VQA)
datasets, such as FinQA [21] and FinTabNetQA [15], have significantly advanced
the field by introducing complex numerical reasoning and table-based question-
answering tasks. FinQA provides 8.5K expert-annotated QA pairs over finan-
cial reports, focusing on numerical reasoning with structured and unstructured
evidence. However, it primarily emphasizes textual and tabular data without
incorporating visual elements or detailed hierarchical structures. FinTabNetQA,
derived from the FinTabNet dataset, extends table-based QA by generating
questions using large language models and rendering tables into images. While
it addresses visual aspects, it lacks manual validation and does not explicitly
model the underlying tree structures of financial tables. In contrast, our Evi-
FiVQA dataset uniquely integrates the inherent hierarchical tree structures of
financial documents to curate aggregation and key-value extraction questions
(refer Table 2). This approach enables models to perform complex multi-hop
reasoning by understanding relationships between financial categories and sub-
categories, a feature not present in previous datasets. Additionally, EviFiVQA
provides comprehensive visual elements and manual validation, with each QA
pair meticulously annotated with bounding boxes for all relevant table cells, of-
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Table 2: Comparison of Table QA Datasets
Dataset (Year) Size Source Annotation Unique Points
WikiTable-Questions
(2015)

2K tables; 22K QA Wikipedia
(HTML)

Crowdsourced
(Natural Qs)

Compositional,
multi-step

WikiSQL (2017) 120K (tables +
SQL)

Wikipedia Crowdsourced (NL
to SQL)

SQL generation,
conditions + aggre-
gations

TabFact (2020) 16.5K Wikipedia Auto-gen + hu-
man check

Fact verification
(True/False), logi-
cal reasoning

HybridQA (2020) 70K QA Tables and text Crowdsourced
(multi-hop)

Combines table +
multi-hop reason-
ing

TAT-QA (2020) 16K QA 10-K financials Experts and
Crowdsourced

Numeric multi-
step, real-world
finance

FeTaQA (2021) 10.3K QA Wikipedia
(semi-
structured)

Crowdsourced
(free-form)

Longer answers,
multi-entity aggre-
gation

FinQA (2021) 8K QA Earnings re-
ports and
FinTabNet

Finance experts Multi-step numeri-
cal calculations

AIT-QA (2022) 10-K forms (5 air-
lines)

SEC EDGAR Human (airline
KPIs)

Airline-specific ta-
bles, KPI queries

TableBench (2023) 886 + 19.7K QA Real-world ta-
bles

ChatGPT and Hu-
man checked

Numeric + multi-
domain coverage

EviFiVQA (2025) 1.5M QA (5 cate-
gories) + Evidence

FinTabNet Automated with
Expert Valida-
tion

Semantic, multi-
step complex
aggregations

fering explicit evidence for the answers. This design enhances interpretability
and addresses real-world challenges such as high-density tables, multi-span cells,
and nested structures, positioning EviFiVQA as a novel and robust benchmark
for evidence-based visual question answering in the financial domain.

4 Evaluation

We propose a new evaluation protocol for evidence-based VQA on financial ta-
bles, designed to capture the correct identification of all relevant cells (their
bounding boxes) and the correctness of the final answer. In particular, we split
the overall metric into two main components: an Evidence Score, which mea-
sures how accurately the system detects the necessary table cells, and an Answer
Score, which assesses the final predicted answer without over-penalizing minor
OCR mistakes. We then combine these two parts into a single, interpretable
metric.

4.1 Evidence Score

Answers to many questions in financial documents require gathering evidence
from multiple table cells, each with its bounding box. To handle this scenario,
we model the set of relevant bounding boxes. Let G = {g1, . . . , g|G|} be the set of
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ground-truth bounding boxes required for the answer, and let P = {p1, . . . , p|P|}
be the set of predicted boxes. At a set level, we treat the matching problem
between G and P.

Intersection-over-Union (IoU): For any predicted box p and ground-truth
box g, we define:

IoU(p, g) =
|p ∩ g|
|p ∪ g|

,

where |p∩ g| is the area of overlap and |p∪ g| is the area of the union of the two
boxes.

Set Matching: We perform a one-to-one matching based on IoU to identify
correct predicted boxes.

1. For each predicted box p, find its best-matching ground-truth box g∗ by
maximizing IoU(p, g).

2. If maxg∈G IoU(p, g) ≥ δ, we count this as a true positive (TP), and we mark
g∗ as matched so it cannot be used for another predicted box.

3. Boxes in P that do not satisfy IoU ≥ δ with any unmatched ground-truth
box are considered false positives (FP).

4. Boxes in G that remain unmatched after processing all P are considered false
negatives (FN).

Evidence Precision (EP) & Evidence Recall (ER): With the above match-
ing mechanism:

EP =
TP

|P|
, ER =

TP

|G|
.

Intuitively, EP is low if the model predicts many superfluous boxes, while ER is
low if it misses too many required boxes.

Evidence F1: We combine EP and ER into an F1 measure:

EvidenceF1 = 2 × EP× ER

EP + ER
.

Because some questions require aggregating multiple table cells, this EvidenceF1
metric rewards precise yet comprehensive identification of all necessary bounding
boxes. We use a modest IoU threshold δ (0.5) to allow for small misalignments in
bounding-box predictions without harshly penalizing near-correct localizations.

4.2 Answer Score

During our evaluation, the model receives only the document image and a ques-
tion as inputs, and it must produce an answer that we compare to the ground
truth. We aggregate the scores over the entire evaluation dataset to measure
performance. Below, we detail two main components of our scoring protocol:
averaged absolute deviation for numeric answers, and averaged normalized Lev-
enshtein similarity (ANLS) [40,41].
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Averaged Absolute Deviation for Numeric Answers: To account for ex-
act numerical matches or slight numeric deviations, we measure how far a pre-
dicted value is from the ground truth. Let x be the correct numeric value and x̂
be the model’s prediction. We assign a score of 0 if |x̂−x| exceeds |x| (i.e., more
than 100% error). Otherwise, we define:

DeviationScore = 1 −
∣∣x̂− x

∣∣∣∣x∣∣ . (1)

We then average this score over all questions requiring a numeric answer. This
yields a softer evaluation than simple accuracy, especially for minor numerical
differences.

Averaged Normalized Levenshtein Similarity (ANLS): Since our model
relies on OCR to extract tokens from the document image, we also incorporate
a measure that softly handles minor recognition errors. We employ the averaged
normalized Levenshtein similarity (ANLS) [40,41]. Suppose each question qi has
one or more ground-truth answers {aij}, and let ôqi be the predicted answer.
Denoting by NL(·, ·) the normalized Levenshtein distance between two strings
(ranging from 0 to 1), ANLS is computed as:

ANLS =
1

N

N∑
i=1

(
max

j
s
(
aij , ôqi

))
,

s
(
aij , ôqi

)
=

{
1−NL

(
aij , ôqi

)
, if NL

(
aij , ôqi

)
< τ,

0, otherwise,

(2)

where τ (0.5) is a threshold to discount large edit distances. If NL(aij , ôqi) ≥ τ ,
we consider the error significant enough to be an incorrect prediction rather than
a minor OCR slip.

For numeric answers, we combine the Deviation Score in Eq. (1) and ANLS
in Eq. (2) by taking their L2 norm. Both measures lie in [0, 1], so their L2 norm
also lies in [0,

√
2] but we normalize back to [0, 1] if desired:

AnswerScorenumeric =

√(
Deviation Score

)2
+

(
ANLS

)2
√
2

.

For textual answers, we rely solely on the ANLS value as the final measure. By
leveraging exact accuracy, numeric deviation, and fuzzy matching, our approach
remains robust to OCR noise while still rewarding precise answers for business-
document VQA.

Final Answer Score: If an answer is purely textual, we adopt the fuzzy match-
ing score. If it is numeric, we compute numScore directly. For answers that
combine textual and numeric content, we can use a simple weighted average
or product of their respective scores, depending on the nature of the task. We
denote the resulting overall measure by AnswerScore.
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4.3 Combined Metric

Our final metric reflects correct cell identification and the correctness of the
produced answer. We propose combining the two components as a product:

TotalScore = EvidenceF1×AnswerScore. (3)

In this formulation, a perfect bounding-box detection (EvidenceF1 = 1) and a
perfect answer (AnswerScore = 1) yields a maximum TotalScore of 1.0. A model
that identifies only a subset of the relevant cells or provides an approximate final
answer is scored accordingly (i.e., one of the factors diminishes, thereby reducing
the product). This multiplicative scheme effectively balances precision and recall
in the detection stage with the final correctness of the answer.

5 Experiments

5.1 Experiment Setup

We use large vision-language models as baselines to benchmark the proposed
dataset. We conduct experiments on a single M1-Ultra Chip with 64 GB unified
memory using the framework of Apple’s MLX [42]. We conduct our experimental
study in two setups — (i) Zero-shot Setting: we use a pre-trained model to
directly predict the output through prompt engineering, and (ii) Fine-tuned
Setting: we fine-tune the pre-trained model on one randomly selected QA pair
from each category of questions for each document image in training set for two
epochs because of resource limitations to identify the best-performing baseline.
We then fine-tune this baseline on the entire training dataset for one epoch. For
finetuning the model, we use the evidence bounding boxes and the individual
answer annotations to generate chain of reasoning tokens as a part of the ground-
truth. We use a learning rate of 5e-5 with a cosine decay learning schedule
and 500 steps to warm up the learning rate for all our fine-tuning experiments.
Further, we fine-tune the base model, keeping the vision backbone frozen and
using 4-bit quantized LoRA for all the projection matrices.

Method #Params Deviation ANLS Answer Evidence Combined
Score Score Score Score Score

QWEN2-VL [6] 7B 0.28 0.35 0.32 0.06 0.02
LLaVA [7] 7B 0.25 0.33 0.29 0.04 0.01
Pixtral [8] 12B 0.29 0.36 0.33 0.07 0.02
Llama-3.2-vision [10] 11B 0.30 0.38 0.34 0.07 0.02
DeepSeek-VL [9] 7B 0.33 0.47 0.41 0.09 0.04

Table 3: Performance comparison of vision-language models in a zero-shot set-
ting. All scores are averaged for each QA pair across all categories of questions.
Combined Score multiplies Answer Score and Evidence Score, reflecting the re-
quirement for both a correct answer and correct evidence.
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We experiment with vision-language models implemented as a part of MLX-
VLM [43] library and support fine-tuning. We compare QWEN2-VL [6], LLaVA [7],
Pixtral [8], DeepSeek-VL [9] and Llama-3.2-vision [10]. For each of these models,
we use the same prompt — "Question String + Answer in a JSON format such
that value corresponding to the key ’ans’ contains the answer and value corre-
sponding to the ’bboxes’ key is a list of bounding box coordinates of the cells
that were used to compute the answer".

5.2 Experimental Results

In Table 3, the zero-shot performance of these vision-language models remains
uniformly low across all metrics, emphasizing the difficulty of extracting precise
information from complex financial statements with no domain-specific adapta-
tion. Even the best-performing model (DeepSeek-VL) achieves only 0.33 numer-
ical deviation and 0.09 Evidence Score, resulting in a Combined Score of 0.04.
Such low accuracy underscores two central challenges. First, identifying the cor-
rect numeric or textual answer in highly dense layouts requires specialized rea-
soning about rows, columns, and multi-year structures that generic pre-training
does not provide. Second, the models typically fail to highlight the relevant cells,
as indicated by Evidence Scores below 0.10 for all methods. This issue is partic-
ularly problematic in a financial context, where each value should be explicitly
tied to its source for audit ability and regulatory compliance. The net effect
is that zero-shot VLMs struggle to achieve reliable performance, as Combined
Scores barely exceed 0.01 for most baselines.

Method #Params Deviation ANLS Answer Evidence Combined
Score Score Score Score Score

QWEN2-VL [6] 7B 0.38 0.50 0.44 0.18 0.08
LLaVA [7] 7B 0.35 0.47 0.41 0.11 0.05
Pixtral [8] 12B 0.40 0.51 0.46 0.19 0.09
Llama-3.2-vision [10] 11B 0.43 0.55 0.49 0.21 0.10
DeepSeek-VL [9] 7B 0.48 0.63 0.56 0.28 0.16

Table 4: Performance comparison of vision-language models after fine-tuning
on one randomly sampled QA pair from each category for each image for two
epochs.

When exposed to only a single QA pair per category in each image, every
model sees a notable improvement in both exactness of answers and bounding-
box localization (see Table 4). DeepSeek-VL, for instance, increases its numerical
deviation score from 0.33 to 0.48 and its Evidence Score from 0.09 to 0.28, nearly
quadrupling the combined Score to 0.16. We, therefore, choose DeepSeek-VL as
the baseline for our detailed experiments. While these numbers remain substan-
tially lower than required for real-world adoption, they illustrate how even lim-
ited domain-relevant data can guide the model toward better numeric reasoning
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Fig. 6: Qualitative example from finetuned baseline on 2 different categories of
questions from two different samples in the validation set.

and visual grounding in complex tabular layouts. Nonetheless, a numerical devi-
ation score of 0.48 and exact match score of 0.28 still implies that roughly three
out of four answers are incorrect, and an Evidence Score around 0.28 means
most relevant cells are still overlooked. These findings reinforce the need for
continued investigation into domain-specific representation learning, especially
given the intricate hierarchical structures, multi-year columns, and specialized
calculations found in financial statements. Models that can robustly handle ra-
tio analysis, partial sums across rows, and multi-step numeric derivations are
crucial for delivering accurate, audit-ready outputs, and the relatively low post
fine-tuning scores confirm that bridging this gap is far from trivial.

Category of Deviation ANLS Answer Evidence Combined
Questions Score Score Score Score Score
Category 1 0.62 0.82 0.73 0.40 0.29
Category 2 0.54 0.77 0.67 0.34 0.23
Category 3 0.57 0.81 0.70 0.36 0.25
Category 4 0.50 0.72 0.62 0.29 0.18
Category 5 0.39 0.63 0.52 0.23 0.12
Averaged 0.53 0.75 0.65 0.32 0.21

Table 5: Approximate performance of DeepSeek-VL on each question category
after fine-tuning on the entire training dataset for one epoch. All scores are
averaged for each QA pair across each categories of questions individually.

The results in Table 5 indicate that after fine-tuning with the entire training
dataset for one epoch, Category 1 (extractive questions) is significantly more



EviFiVQA 15

tractable than the others, with both high ANLS (0.82) and a relatively strong
Evidence Score (0.40), reflecting the ease of directly mapping a single cell to
the correct answer and bounding box when no multi-step operations are needed.
In contrast, Category 2 and Category 3, which require ratio computations and
multi-year aggregation, respectively, show moderate performance gains in ANLS
and Answer Score but still dip below Category 1 in Exact-Match and bounding-
box localization, likely due to the extra step of identifying multiple cells be-
fore numerical operations. Category 4, requiring hierarchical aggregation across
multiple table segments, sees lower numerical deviation score (0.50), and the
Evidence Score declines to 0.29, underlining the difficulty of correctly localizing
every component in a more involved computation. Category 5, which combines
the aggregation challenge with key-value extraction, is consistently the hardest,
posting an numerical deviation of 0.39 and a Combined Score of 0.12. This drop
is consistent with the model’s struggle to pair the correct numeric figure with
its corresponding row header in a multi-hop inference setting. Overall, these
category-level results underscore how progressively higher-order reasoning-such
as tracking multiple rows and columns or merging hierarchical sub-totals-places
an increasing burden on the model’s numeric capabilities and ability to ground
answers in specific table regions. Figure 6 shows two qualitative examples, one
negative and one positive for reference.

6 Conclusion

In conclusion, EviFiVQA provides a novel and rigorous platform for training
and evaluating evidence-grounded reasoning in the financial domain. By focus-
ing on multi-hop numeric computations, hierarchical table structures, and ex-
plicit bounding-box localization, our benchmark highlights the unique challenges
present in financial statements-especially those requiring audit-ready, transpar-
ent answers. Our experiments with leading vision-language models reveal the
considerable gap between general-purpose VQA performance and the special-
ized needs of real-world financial analysis. We hope that EviFiVQA spurs new
research directions in interpretable modeling, domain-adaptive training, and ad-
vanced numerical reasoning, ultimately paving the way for more transparent and
reliable AI systems in finance.
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