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Abstract

This paper introduces DocPlan, a vision-
language training dataset designed to emulate
the stepwise reasoning strategies employed
by human during visual document understand-
ing. DocPlan was constructed to enable vision-
language models (VLMs) to effectively learn
the structured reasoning process that humans
typically follow when interpreting documents.
We reorganized existing document understand-
ing datasets into 133K examples annotated with
the following four sequential stages: Recogni-
tion — Planning — Extraction and Reasoning
— Conclusion. To evaluate the effectiveness of
DocPlan, we fine-tuned the direct prediction-
based VLMs to perform stepwise reasoning
generation across these stages. The experi-
mental results demonstrated that our approach
achieved up to a 13.8%p improvement in accu-
racy on document-based benchmarks. ! 2

1 Introduction

Humans intuitively and effectively understand pat-
terns and trends in data by utilizing not only
text but also visual information when reading
documents (Islam et al., 2024). Recently, var-
ious datasets have been proposed to enhance
the document comprehension abilities of vision-
language models (VLMs) to human-level perfor-
mance (Mathew et al., 2022; Masry et al., 2022;
Mathew et al., 2021). However, existing studies
have predominantly focused on quantifying the
understanding of documents and visual materi-
als by relying solely on direct prediction meth-
ods. This approach presents challenges for VLMs
to learn the reasoning processes underlying their
answers (Zhang, 2024; Islam et al., 2024). Con-
sequently, persistent concerns have been raised
regarding the interpretability and reliability of
these models (Jin et al., 2024). For instance, Fig-
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Figure 1: An example where the answer is correct de-
spite errors in intermediate reasoning on ChartQA

ure 1 illustrates a representative case of a think-
answer mismatch, identified through the restruc-
turing of L1ama3.2-Vision based on the “Think-
Then-Respond” framework (Jin et al., 2024). Ac-
cording to the experimental results, it was fre-
quently observed that even when the model eventu-
ally produced the correct answer, it often engaged
in illogical reasoning or relied on incorrect infor-
mation. This phenomenon has also been reported in
commercial models. For instance, GPT-4V demon-
strated a correct answer accuracy but exhibited an
error rate of more than 27.2% in image interpreta-
tion processes (Jin et al., 2024).

In this context, we raise the following question:
“How can a VLM be endowed with the ability to
plan and reason on the basis of verified facts in a
manner comparable to that of humans?” This study
emphasizes the necessity of stepwise reasoning-
based vision-language datasets that mimic human
visual cognitive problem-solving strategies. Ac-
cording to prior research, when interpreting docu-
ments and visual materials, humans typically fol-
low a sequential process such as “problem identi-
fication and planning — visual cue selection —
text alignment — value comparison — conclu-
sion (Goldberg and Helfman, 2011; Peebles and
Cheng, 2003; Acartiirk and Habel, 2012)”. Reflect-
ing these human cognitive strategies, this paper
introduces DocPlan-pipe, comprising the follow-
ing four stages: “Recognition — Planning — Ex-
traction and Reasoning — Conclusion (referred
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https://huggingface.co/datasets/ShinDJ/DocPlan-133K
https://huggingface.co/datasets/ShinDJ/Docplan-HF-124k

Dataset Images Text type Captioned by #Images # Questions Open Descriptive Reason Extraction Plan
DocVQA Documents Pr,Tw,Hw,BD Human-annotated 10K 39K v X X X X
InfoVQA Infographics BD Human-annotated 2K 14K 4 X X X X
ChartQA Charts BD Human-annotated, Machine-generated 18K 28K v X X X X
TableVQA Tables BD Human-annotated, GPT-based 1K 1.5K v X X X X
OCR-VQA Book Covers BD Human-annotated, Template-based 207K IM v X X X X
PlotQA Plots, Graphs BD Human-annotated, Template-based 225K 28M v X X X X
FigureQA Graphs BD Machine-generated 120K 1.5M 4 X X X X
Llava-CoT | Doc,Chart,General Pr,Tw,Hw,BD GPT-based 100K 410K v v v X X
LlamaV-ol | Doc,Chart,General Pr,Tw,Hw,BD GPT-based 174K unknown X v v X X
Ours Doc,Chart,Info Pr,Tw,Hw,BD GPT-based 28,954 133,623 v v v v v

Table 1: Summary of VQA train datasets where text on the images must be read to answer questions. Text type
abbreviations are as follows: Born Digital: BD, Printed: Pr, Handwritten: Hw, Scene Text: ST, and Typewritten: Tw

to as DocPlan-pipe)”. Based on this framework,
we propose the DocPlan dataset, a comprehensive
dataset consisting of approximately 133K samples
derived from publicly available document-based vi-
sual question answering (VQA) datasets (DocVQA,
InfoVQA and ChartQA). DocPlan includes newly
generated questions that are based on visual docu-
ments and present a step-by-step reasoning process
for solving them. In particular, it employs various
specialized tags grounded in the structured thinking
approach (Wen et al., 2025), designed to encour-
age models to independently plan and execute their
thought processes.

Against this backdrop, the central question ad-
dressed by the proposed DocPlan dataset is whether
VLMs can inherently acquire human-like plan-
ning and reasoning abilities directly from train-
ing data. To investigate this, we fine-tuned VLM,
originally utilizing a direct prediction approach,
with the DocPlan dataset and subsequently evalu-
ated their performance on document-based bench-
marks. The results demonstrated that the proposed
model achieved performance improvements of up
to 13.8%p compared with traditional methods, par-
ticularly excelling in resolving complex reasoning
tasks with greater accuracy and consistency.

Furthermore, the model trained on the DocPlan
dataset demonstrated an improvement in terms of
interpretability of the reasoning process compared
to existing reasoning models. The primary contri-
butions of this study can be summarized as follows:

* We release DocPlan, a four-stage (perceive,
plan, reason, conclude) reasoning dataset re-
flecting human problem-solving behavior.

* We propose a diversity-aware pipeline for gen-
erating and filtering high-quality synthetic
data tailored to VLMs.

* We conduct an in-depth study showing that
explicit plan-and-reason training boosts both
benchmark accuracy and interpretability.

2 Related Work

2.1 Visual Document Understanding Dataset

Recently, the rapid progress of VLMs for visually
grounded document understanding has led to the
emergence of various datasets designed to improve
and evaluate model performance. Early datasets
such as TextVQA (Singh et al., 2019) and OCR-
VQA (Mishra et al., 2019) primarily focused on
extracting and recognizing text within images, sub-
sequent datasets such as DocVQA (Mathew et al.,
2021) and DocMatix (Laurencon et al., 2024) ex-
panded their scope to include the comprehension of
complex structures and layouts in real-world doc-
uments. Furthermore, datasets that independently
address detailed document elements such as plots
(PlotQA (Methani et al., 2020), FigureQA (Ka-
hou et al., 2017)), charts (ChartQA (Masry et al.,
2022)), tables (TableVQA (Kim et al., 2024)), and
infographics (InfoVQA (Mathew et al., 2022)) have
been proposed.

Comparing the “images” and “text type” at-
tributes, as presented in Table 1, we can observe
that existing datasets possess mutually complemen-
tary characteristics. For example, DocVQA and
InfoVQA are similar in that both require text recog-
nition within images. However, InfoVQA addition-
ally demands the ability to interpret complex lay-
outs and multiple charts that characteristic of info-
graphics. ChartQA and PlotQA primarily focus on
numerical logical reasoning tasks (such as classifi-
cation and comparison), whereas DocVQA empha-
sizes text-centric question answering.

Recently, training data generated by augment-
ing existing datasets with reasoning processes
have also been proposed. For example, Llava-
CoT (Xu et al., 2025) utilized GPT-40 (OpenAl
et al., 2024) to construct approximately 100K
reasoning-augmented data based on existing VQA
datasets, and similarly, LlamaV-o1 (Thawakar et al.,
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<QUERY_ANALYSIS>

Where Coronavirus Cases
Are Still Growing Fast

</QUERY_ANALYSIS>

The core intent of the query is to determine the
numerical difference in COVID-19 cases between
Brazil and Russia on day 106. The user has not
specified a preferred response format.

<DEF_PLAN>
<SUB_PLAN>Identify the number of cases for Russia on day 106.</SUB_PLAN>
<SUB_PLAN>Subtract the number of cases in Russia from the number of cases in
Brazil.</SUB_PLAN>

</DEF_PLAN>

Query Analysis Definition of the Plan

Cumulative confirmed COVID-19 cases in

<EXEC_PLAN>

selected countries from day 1 after 100+ cases
<EXTRACTED_INFO>

““markdown

| Country | Cases on Day 106 |

= Brazil = Russia = India Peru
= Chile = Mexico = Pakistan

il 1310000] | oo |
1,200,000 |Russia | 627,646 |
</EXTRACTED_INFO>

1,000,000 SIEXIRA

000 627646] | <ITHINK>

600,000 e

9288591 | EXEC_PLAN>
p
B ~ 267766 | <Exec_PLAN>
200,000 212,802 =

1 10 20 30 40 50 60 70 80 90 106
Days since reaching 100+ cases

<EXTRACTED_INFO>
“““markdown

| Country | Cases on Day 106 |
[ — (] |

| Brazil | 1,310,000 |

| Russia | 627,646 |

0

As of June 28, 2020

Source: European CDC via Our World in Data
</EXTRACTED_INFO>
@ @ @ <THINK>

statista’%

Q: Calculate the difference in the number of

cases between Brazil and Russia as of day 106. | <THINk>

</PLAN_ANS>
</EXEC_PLAN>

.

<SUB_PLAN>Identify the number of cases for Russia on day 106.</SUB_PLAN>

The number of cases in Russia on day 106 is 627,646.

<PLAN_ANS> The number of cases in Russia on day 106 is 627,646. </PLAN_ANS>

<SUB_PLAN>Subtract the number of cases in Russia from the number of cases in Brazil.</SUB_PLAN>

To find the difference between the number of cases in Brazil and Russia on day 106:
- Number of cases in Brazil: 1,310,000

- Number of cases in Russia: 627,646

Difference = 1,310,000 - 627,646 = 682,354

<PLAN_ANS> The difference in the number of cases between Brazil and Russia as of day 106 is 682,354.

N\ ( 1

<FINAL_ANSWER>
The difference in the
number of cases
between Brazil and
Russia as of day 106
is 682,354, This was
calculated by
subtracting the
number of cases in
Russia (627,646)
from the number of
cases in Brazil
(1,310,000).
</FINAL_ANSWER>

Generation of
the Final AnswerJ

Execution of the Plan
2\

MA: Mathematics CP : Coarse Perception

FP: Fine-grained Perception

IR: Instance Reasoning LR: Logical Reasoning Basic ]_\

Calculate the difference in the
number of cases between Brazil
and Russia as of day 106.

What is the title of the
graph shown in the image?

Which country has the highest number
of cumulative confirmed COVID-19
cases as of June 28, 2020?

Identify the country What explicit logic can be identified
represented by the red line in from the fact that all countries start at
the graph. zero cases on day one?

Figure 2: Example of DocPlan training data. DocPlan is an reasoning-oriented training dataset designed for document
understanding. Unlike conventional datasets that consist solely of question—answer pairs, DocPlan extends each
instance into five distinct query types and decomposes the reasoning process into four structured stages, namely, (1)
query analysis, (2) definition plan, (3) execution plan (extraction and inference), and (4) final answer.

2025) proposed sequential reasoning data derived
from step-by-step dialogues with GPT-40. How-
ever, these differ in purpose and approach from the
explicit and systematic “Recognition — Planning
— Extraction and Reasoning” process emphasized
in this study. The detailed characteristics and more
specific comparisons of each dataset are provided
in the Appendix A.

2.2 VLMs with Reasoning and Planning

Early VLMs, such as BLIP (Li et al., 2023),
Llava (Liu et al., 2023), and Kosmos-2 (Peng et al.,
2023), primarily focused on the alignment between
general language models and visual encoders. Fol-
lowing the success of reasoning-centered language
models, these reasoning methodologies began to
be actively incorporated within the vision-language
field as well. Notably, Llava-CoT introduced a four-
stage reasoning mechanism to improve accuracy in
complex visual queries, and the LlamaV-o1 model
strengthened reasoning capabilities through multi-
stage curriculum learning, achieving competitive
performance compared to with closed models such
as GPT-40 or Gemini-1.5-Flash (Team et al., 2024).

However, these models still exhibit a gap with
respect to the systematic visual-cognitive strate-
gies employed by humans during document inter-

pretation stages including “problem identification
and planning — visual cue selection — text align-
ment — value comparison — conclusion”. To ad-
dress this gap, the read-think model (Zhang, 2024)
emerged, explicitly reflecting human planning and
information extraction steps, resulting in significant
performance improvements on the DocVQA task.
This research emphasizes that the verification capa-
bility of the model’s reasoning process of a model
diminishes if the information extraction steps are
not explicitly clarified.

3 Proposed Dataset

In this section, we describe the construction method
of the DocPlan dataset following the DocPlan-pipe
structure. This dataset is designed to enable the
model to acquire stepwise reasoning capabilities
based on human cognitive strategies.

3.1 Overall Structure of the DocPlan Dataset

The DocPlan dataset comprises four stages to re-
flect the DocPlan-pipe structure: (1) query analysis,
(2) definition of plan, (3) plan execution (extraction
and reasoning), and (4) final answer generation.
Figure 2 shows a data sample that includes the
four proposed stages of DocPlan. In contrast to the
conventional method that provides only the query
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Figure 3: Construction process of the DocPlan dataset consists of three stages: (1) query generation, (2) plan and

reasoning generation, and (3) data filtering

and final answer (as shown in the example in Fig-
ure 1), this approach is distinguished by explicitly
presenting four additional pieces of information.
The specific contents of each stage are as follows:

Query Analysis (<QUERY_ANALYSIS>). This
stage is the starting point that analyzes the core
requirements from the given query, determining
the direction for subsequent planning and response
generation. The results of the query analysis en-
hance the consistency and accuracy of the reason-
ing process and improve the interpretability of the
final answer. This stage is denoted by the special
tag, <QUERY_ANALYSIS>.

Definition of the Plan (<DEF_PLAN>). In this
stage, an overall strategy for query resolution is
established based on the preceding query analy-
sis. After the VLMs clearly understand the query
objective, the query is divided and structured into
detailed, achievable sub-goals, systematically defin-
ing the sequence of tasks to be performed in sub-
sequent stages. This process is denoted by the
<DEF_PLAN> tag, signaling the initiation of plan-
ning, and the <SUB_PLAN> tag, indicating detailed
sub-goals.

Execution of the Plan (<KEXEC_PLAN>). In this
stage, the previously defined sub-goals are sequen-
tially executed. Here, the process is designed to in-
tegratively conduct information extraction and rea-
soning because performing extraction and reason-
ing separately frequently results in a phenomenon
in which the original goal is forgotten during rea-
soning (Trivedi et al., 2023). To address this issue,
at each execution of the sub-goals, the task objec-
tives and execution processes are explicitly recon-

firmed, necessary information is extracted from the
document (KEXTRACTED_INFO>), reasoning is per-
formed based on this information (<THINK>), and
an intermediate answer regarding the specific plan
(<PLAN_ANS>) is derived.

Generation of the Final Answer (<FINAL_ANS>)
In the final stage, the intermediate results from the
previous stages are synthesized to generate a final
response to the user query. Through this, a logical
and clear final conclusion can be provided.

3.2 Data Construction Method

We utilized the existing datasets, DocVQA,
ChartQA, and InfoVQA datasets. Figure 3 illus-
trates the overall process for constructing the Doc-
Plan dataset, that is largely divided into (1) question
generation, (2) planning and reasoning data genera-
tion, and (3) filter and validation stages. Each stage
was conducted independently using the Qwen2.5-
VL model (Bai et al., 2025b) to enhance the gen-
eration quality. The detailed procedures for each
stage are as follows, and specific prompts can be
provided in the Appendix B.

Image Collection. We utilized all images pro-
vided in the existing training datasets of DocVQA,
InfoVQA, and ChartQA without modification. We
secured a total of 28K images while maintaining
the original image quality and document structure.

Generation of the Query. Most queries and an-
swers in existing datasets primarily consisted of
simple information extraction queries that limited
the learning of higher-order complex reasoning. Al-
though prior studies, such as Llava-CoT addressed
this issue by filtering for only complex queries, this
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ultimately reduced both the number and diversity
of queries (Appendix B.4). Therefore, in this study,
we additionally generated high-level complex rea-
soning queries suited to the document domain. We
referred to the query classification framework of
MMStar (Chen et al., 2024) and defined five types
of document-specific queries. Step 1 in Figure 3
illustrates the query generation process, and ex-
amples of the generated queries are shown at the
bottom of Figure 2. The five query types were as
follows:

* Fine-Grained Perception (FP): Extraction of
details such as names, dates, and figures.

* Coarse Perception (CP): Understanding the
overall structure and layout.

* Instance Reasoning (IR) : Analysis of the re-
lationships among elements within the docu-
ment.

* Logical Reasoning (LR): Logical flow of the
document and reasoning of implicit conclu-
sions.

¢ Mathematics (MA): Numerical calculation
and comparison within the document

The query difficulty was defined by reconstruct-
ing the criteria from previous studies (Choi et al.,
2021; Hendrycks et al., 2021; Hosseini et al., 2024)
into three levels: Basic, Intermediate, and Ad-
vanced. Query generation was performed using
the Qwen2.5-VL model with prompts reflecting
these query types and difficulty levels (see Ap-
pendix B.2), resulting in 80K newly created queries.
Combined with 82K queries from existing datasets,
this yielded a total of 162K queries.

Generation of the Query Analysis. Query anal-
ysis (KQUERY_ANALYSIS>) was performed for each
of the 162K constructed queries to clarify the user
intent and the type of response desired.

Generation of Plan. Using the generated query
and the result of the query analysis as inputs, a
specific detailed plan (<DEF_PLAN>) for the final
answer was derived. At this stage, the system was
designed to automatically determine the number
(V) of detailed sub-plans (<SUB_PLAN>) according
to the type and difficulty of the query.

Generation of the Extraction and Reasoning
Process. Each detailed plan was used as an input
to extract relevant information from the document
and subsequently generate a corresponding reason-
ing process. This procedure was iteratively repeated

N times, according to the number of sub-plans de-
fined. In each iteration, the intermediate reasoning
outcomes from previous steps were referenced to
ensure logical coherence and continuity throughout
the entire problem-solving process.

Generation of the Final Answer. The final an-
swer was generated by integrating all the interme-
diate results produced in the preceding steps.

3.3 Data Filtering

The initial DocPlan dataset (162K samples)
was synthesized using a Vision-Language model
(Qwen2.5-VL), and therefore may contain various
types of noise such as mismatches between im-
ages and text or hallucinations. To address these
issues, this study applies a filtering process, as il-
lustrated in Step-3 of Figure 3, to refine the data.
The filtering process distinguishes between origin
queries (82K), which have ground-truth answers,
and generated queries (80K), which are without
ground-truth answers. Filtering strategies tailored
to the characteristics of each query type are applied.

Origin Queries For origin queries with ground-
truth answers, a rule-based tag validation is first
performed to filter out samples with formatting
issues such as missing tags, undefined token us-
age, or structural errors. Then, for the samples that
pass this validation, the tuple (Image, Question,
Reasoning Trace, Final Answer, Ground Truth) is
input into Qwen2.5-VL, GPT-40, and Gemini 2.0.
Each model generates results of evaluation met-
rics with confidence metric(Question Interpretation
Accuracy, Image-Reasoning-Answer Consistency,
Overall Appropriateness, and Answerable With-
out Image, Answer—Ground-truth Agreement, Suit-
able for Training Data). Based on the results of
these metrics, an additional filtering process is con-
ducted using a Model Agreement strategy, which
ultimately refines the DocPlan data derived from
origin queries.

Generated Queries For generated queries, a
modified approach is applied since ground-truth
answers are not available. First, the (Image, Query)
pair is input into the GPT-40 model to assess the va-
lidity of the query in relation to the image, filtering
out inappropriate generated queries. For the filtered
samples, the same rule-based tag validation used
for origin queries is then applied. Since ground-
truth answers are not available for these refined
generated query samples, only the (Image, Query,
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Reasoning Trace, Final Answer) tuple is used for
model agreement-based filtering.

Consequently, the DocPlan dataset comprises
133,623 curated samples 68,513 from origi-
nal queries and 65,110 from generated queries.
Prompts and sample counts for each filtering stage
are detailed in Appendix B.5.

4 Experiment

This section describes the experimental method
used to verify the effectiveness of the DocPlan
dataset and presents the results.

4.1 Experimental Settings

We quantitatively evaluated the effectiveness
of the DocPlan data on widely used open-
source VLMs. The experiments were conducted
separately for document-domain benchmarks
(DocVQA _val, InfoVQA_val, ChartQA_test, and
ChartQAPro_test (Masry et al., 2025)). DocVQA
and InfoVQA are evaluated using the ANLS met-
ric, while ChartQA and ChartQAPro use accuracy
scores based on the LLM-as-a-judge (Zheng et al.,
2023) approach with GPT-40. Following Xu et al.
(2025), training was conducted using visual instruc-
tion following, a commonly adopted post-training
approach for VLMs, for a total of three epochs. All
evaluations were performed fairly under consistent
conditions using VLMEvalKit (Duan et al., 2024).
The detailed hyperparameters for model training
and evaluation are described in the Appendix C.

4.2 Intrinsic Evaluation of the Model

Table 2 presents the results of the performance com-
parison among the models trained under various
data conditions. The models presented in this table
are distinguished based on the following data.

e +origin dataset: A model trained on 82K
instances from the existing DocVQA, In-
foVQA, and ChartQA datasets without any
reasoning process

e +DocPlan(origin): A model trained on 68K
reasoning data filtered after converting the
original 82K data into the DocPlan format

* +DocPlan: A model trained on the aforemen-
tioned 68K data (DocPlan(origin)) along with
an additional 65K generated queries

Impact of DocPlan Data. Table 2 presents
for a comparison between the performance
of the baseline model and the model trained

Model DocVQA InfoVQA ChartQA ChartQAPro Avg
SmolVLM2-2.2B 80.9 47.6 66.1 17.8 53.1
+origin dataset 71.0 45.1 63.3 18.3 50.9
+DocPlan(origin) 75.8 43.8 70.8 17.1 51.9
+DocPlan 80.1 444 72.7 18.9 54.0
gemma-3-4b-it 62.0 30.1 574 21.6 42.8
+origin dataset 83.7 50.3 76.1 24.1 58.6
+DocPlan(origin) 82.7 529 81.0 273 61.0
+DocPlan 82.8 50.4 81.3 28.9 60.9
Qwen2-VL-7B 93.1 727 83.1 26.6 68.9
+origin dataset 89.2 66.0 78.6 23.1 64.2
+DocPlan(origin) 91.8 734 79.9 29.9 68.8
+DocPlan 91.8 71.2 83.2 30.0 69.0
paligemma2-10B 69.0 349 342 224 40.1
+origin dataset 71.9 39.5 67.6 16.6 48.9
+DocPlan(origin) 74.9 42.3 71.5 20.7 523
+DocPlan 76.4 42.3 74.5 224 53.9
Llama3.2-11B-V 83.0 41.0 74.2 11.0 52.3
+origin dataset 87.8 59.5 73.4 16.5 59.3
+DocPlan(origin) 90.4 68.3 79.8 27.1 66.4
+DocPlan 91.5 68.2 86.6 30.6 69.2

Table 2: Comparison of model performance across vari-
ous benchmarks under different training configurations.

with the DocPlan data. Overall, a clear per-
formance improvement was observed when us-
ing the DocPlan data for Llama3.2 (Grattafiori
et al.,, 2024), SmolVLM2 (Marafioti et al.,
2025), paligemma?2 (Steiner et al., 2024) and
gemma3 (Team et al.,, 2025). In particular,
paligemma? showed a 13.8%p improvement in per-
formance (from 40.1 to 53.9) when trained with
DocPlan, demonstrating that the DocPlan data ef-
fectively enhances the document and chart under-
standing capabilities of the model.

Direct Prediction vs Plan-Reason Prediction.
Table 2 compares the performance of mod-
els trained with the +origin dataset and
+DocPlan(origin), highlighting the impact of re-
structuring the original data into a planning and
reasoning-oriented format. Through this, we evalu-
ate the benefits of integrating structured intermedi-
ate reasoning steps into the training process. The
results showed that the Llama3.2 model explicitly
trained on planning and reasoning processes exhib-
ited a 7.1%p improvement in performance (from
59.3 to 66.4) compared with the conventional ap-
proach. Similarly, gemma3 also showed a 2.4%p
gain (from 58.6 to 61.0), with particularly notable
improvements in tasks that required complex rea-
soning.

Effectiveness of The Generated Data. One con-
tribution of this study is the use of the gener-
ated queries as training data; which differs from
previous studies. In this case, incorrect answers
may be naturally included. According to prior re-
search, even data that include incorrect answers
can positively affect model performance if the over-
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Model #Param DocVQA InfoVQA ChartQA
Commercial (Zero-shot)

GPT-40 - 85.6 65.1 85.7
GPT-4.1 - 883 70.1 81.0
Claude-3.5 Sonnet - 86.1 47.8 90.8
Open (Fine-tuned)

Llava-CoT 11B 89.8 69.6 82.6
Llama-3.2+DocPlan 11B 91.5 68.2 86.6

Table 3: Performance comparison of various models
on document VQA benchmarks. Zero-shot commercial
systems are shown separately from our fine-tuned open
models.

all inference quality is high (Muennighoff et al.,
2025). Accordingly, we hypothesized that a sim-
ilar positive effect would be observed in VLMs,
and we validated this hypothesis through experi-
ments. A comparison between +DocPlan(origin)
and +DocPlan, as presented in Table 2 showed that
DocPlan using the generated queries demonstrated
an approximately 2.8%p higher performance in the
case of Llama3.2 In particular, the improvement
was more pronounced in the ChartQA task, where
the proportion of generated queries was higher
(presumably because of the large proportion of
ChartQA queries among the generated data). This
supports the hypothesis that the generated data have
a positive effect on the performance of VLMs.

Reasoning Capability in Small-Scale Models.
As reported in the field of language models, small
models tend to exhibit limited performance im-
provements when trained on data involving long
reasoning processes. In this experiment, the small
model, SmolVLM2-2. 2B, exhibited only a 0.9%p
performance improvement in DocPlan training
compared with direct prediction (baseline). This
contrasted with the 16.9%p improvement achieved
by the 11B-sized model under the same conditions
indicating that the performance of the small model
was limited because of frequent repetition issues
during long reasoning processes (approximately
4% of incorrect cases). This result exhibits a trend
similar to the limitations of small models observed
in the language model.

4.3 Comparative Analysis of Performance
with External Models

Table 3 presents the results of performance com-
parisons on the Document Task between the Doc-
Plan model and external models. The DocPlan
model (L1ama-Vision) demonstrates superior per-
formance compared to both the open-source rea-
soning model (Llava-CoT) and commercial mod-
els (GPT-40, Claude-3.5). This indicates that Doc-

Model DocVQA InfoVQA

In-domain

ChartQA TextVQA

Held-out

Qwen3-VL-8B-Instruct 93.94 71.37 75.92 86.72
+DocPlan 94.28 (+0.34) 83.11 (+5.74) 83.32 (+7.40) 86.06 (-0.66)

Gemma3-4B-it 62.0 30.1

574 58.
+DocPlan 82.8 (+20.8) 50.4 (+20.3) 81.3 (+23.9) 6291 (+4.77)

Table 4: Performance on document VQA benchmarks.
DocVQA, InfoVQA, and ChartQA are in-domain;
TextVQA is a held-out benchmark not seen during fine-
tuning.

Model MMMU Model MMMU
SmolVLM2-2.2B 39.8 Qwen2-VL-7B 51.2
+origin dataset 29.9 + origin dataset 40.3
+DocPlan(origin) 0.2 + DocPlan(origin) 43.4
+DocPlan 0.2 + DocPlan 46.0
paligemma2-10B 36.0 Llama3.2-11B-Vision 449
+ origin dataset 38.8 + origin datasets 13.7
+ DocPlan(origin) 33.1 + DocPlan(origin) 259
+ DocPlan 334 + DocPlan 29.9

Table 5: Comparison of various models on MMMU
benchmark.

Plan can achieve competitive performance in the
Document Task with a comparatively small dataset
and resources, outperforming large-scale general-
purpose models.

4.4 Generalization and Robustness

In-domain vs. Held-out Generalization. We
further examine whether the improvements
from DocPlan generalize beyond the bench-
marks used for fine-tuning. DocVQA, InfoVQA,
and ChartQA constitute the in-domain bench-
marks, while TextVQA is held out and not
seen during fine-tuning. As shown in Ta-
ble 4, Gemma3-4B-it+DocPlan achieves a gain of
+4.77%p on TextVQA, suggesting that DocPlan
does not simply induce overfitting to the three
source datasets but instead teaches a structured rea-
soning ability that transfers to unseen domains. For
Qwen3-VL-8B-Instruct (Bai et al., 2025a), which
already performs strongly on TextVQA (86.72),
performance remains essentially unchanged after
DocPlan training (86.06, -0.66%p), we take this
small a change to be within the range of run-to-run
variation rather than evidence of catastrophic for-
getting. At the same time, in-domain gains hold
even for this already strong model, with clear im-
provements on the benchmarks that require multi-
step reasoning, InfoVQA (+5.74%p) and ChartQA
(+7.40%p). Together, these results indicate that
DocPlan improves reasoning in the target domain
without sacrificing held-out performance, even for
recent and stronger base models.
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Model DocVQA InfoVQA ChartQA Avg

Llama-3.2-11B-V 83.1 41.0 74.2 66.1
+origin dataset 87.8 59.5 73.4 73.6
(+Query Analysis) 87.1 61.7 74.1 74.3

(+Definition of Plan) 87.3 61.2 74.2 742
(+Execution of Plan) 90.4 68.3 79.8 79.5

Table 6: Ablation study of the DocPlan-pipe stages on
Llama3.2-11B-Vision using +DocPlan(origin) data.

Model Setting DocVQA InfoVQA ChartQA
Gemma3-4b free-form CoT 53.46 36.1 54.0
+DocPlan 82.8 50.4 81.3
Llama—Visi free-form CoT 84.71 54.83 58.3
amaTvision  pocPlan 91.8 71.2 83.2

Table 7: Controlled comparison between free-form
Chain-of-Thought (CoT) prompting and DocPlan’s
structured reasoning supervision, using the same base
models.

Effectiveness of General Tasks. We analyze the
impact of the DocPlan data on the general-purpose
benchmark MMMU_dev_val (Yue et al., 2024),
which evaluates generic images and object recogni-
tion outside the document/chart domain. As shown
in Table 5, fine-tuning with DocPlan led to a per-
formance drop compared with the baseline, though
this degradation was considerably smaller for mod-
els with stronger underlying capacity than for those
trained with direct prediction (+origin dataset). For
instance, L1ama3.2-11B-Vision dropped less un-
der DocPlan (-15.0%p) than under direct prediction
(-31.2%p), and Qwen2-VL-7B similarly showed a
smaller drop under DocPlan (-5.2%p) than direct
prediction (-10.9%p). This suggests DocPlan-based
training better preserves general reasoning ability
in sufficiently capable base models.

5 Ablation Study and Analysis

Comparison with Free-form Chain-of-Thought.
We compare DocPlan against free-form Chain-of-
Thought (CoT) prompting, in which the model is
asked to reason step by step without any struc-
tured stage supervision. Table 7 reports results
for Gemma3-4b and L1ama-Vision under both set-
tings. Across all three benchmarks, models trained
with DocPlan substantially outperform their free-
form CoT counterparts, with Gemma3-4b+DocPlan
improving over free-form CoT by up to +29.34
points on DocVQA and +27.3 points on ChartQA.
Llama-Vision+DocPlan shows a similar pattern,
with the largest gain of +16.37 points on InfoVQA.
These results indicate that the benefit of DocPlan
does not simply come from encouraging step-by-

Model DocVQA InfoVQA ChartQA AVG.
Llava-CoT 62.8 383 534 515
Llama3.2+DocPlan 87.2 38.3 60.6 62.0

Table 8: Comparison of Llama3.2+DocPlan and
Llava-CoT based on their reasoning traces

step reasoning in general, but from DocPlan-pipe,
the explicit four-stage structure (Recognition, Plan-
ning, Extraction and Reasoning, Conclusion) that
guides the model toward more reliable intermediate
reasoning.

Analysis of the Importance of Each Stage. The
DocPlan dataset is designed to guide models
through a sequential reasoning process. A critical
question here is identifying which stages primarily
contribute to performance improvements. Table 6
shows results from training the Llama-3.2 model
under various conditions with the +DocPlan(origin)
dataset. Specifically, (+Query Analysis) uses
only <QUERY_ANALYSIS> and <FINAL_ANSWER>.
(+Definition of Plan) adds <DEF_PLAN> to
this configuration; (+Execution of Plan) in-
cludes all stages. Our analysis reveals that in-
cluding <EXEC_PLAN> yields the largest improve-
ment (5.3%p). In contrast, <QUERY_ANALYSIS> and
<DEF_PLAN> show minimal gains, likely due to
their similarity to the +origin dataset baseline.

Evaluation of Interpretability. A key advan-
tage of the proposed planning methodology is en-
hanced interpretability. To validate this claim, we
employed the Simulatability Test, which measures
answer accuracy using only the reasoning process,
without incorporating image input. Both quantita-
tive and qualitative evaluations were performed,
with the corresponding results reported in Table 8
and Figure 4. Further details are provided in Ap-
pendix E. Experimental results demonstrate that the
DocPlan model outperforms Llava-CoT by 10.5%p
in quantitative evaluation. In qualitative evaluation,
DocPlan achieves an average win rate of 71.3%,
surpassing Llava-CoT (26.1%) by 45.2%p. These
findings suggest that the planning methodology
employed in DocPlan can effectively improve inter-
pretability over conventional reasoning structures.

Effectiveness of Human Filtering and Error
Analysis To refine the dataset beyond the auto-
matic filtering described in Section 3.3, we applied
an additional human filtering step targeting data
points with a high likelihood of errors. We hypoth-
esized that a high-quality reasoning trace should al-
low GPT-4 to correctly infer the final answer; thus,
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DocPlan Wins Tie DocPlan Loses

0% o a0% 100%

DocVQA 79.0% 5.2%15.8%
InfoVQA 61.8% 0.9% 37.3%
ChartQA 73.2% 1.6% 25.2%

Figure 4: Preference evaluation results on interpretabil-
ity by GPT: L1ama3.2+DocPlan vs. L1lava-CoT

Model DocVQA InfoVQA ChartQA Avg
Llama-3.2-11B-V 83.1 41.0 74.2 66.1
+original dataset 87.8 59.5 73.4 73.6
+DocPlan(origin) 90.4 68.3 79.8 79.5

+Hard Filtering 89.8 68.9 83.4 80.7
+DocPlan 91.5 68.2 86.6 82.1

+Hard Filtering 90.9 69.2 86.2 82.1

Table 9: Ablation study on the impact of Hard Filtering
onLlama3.2-11B-Vision

discrepancies between trace-based predictions and
ground-truth answers were used as indicators of
potential errors. Through this "hard filtering" pro-
cess, we identified 10,207 potentially erroneous
instances from the original pool of 133,623 data
points.

Three human annotators manually reviewed er-
ror instances, classifying them into six error types.
The analysis revealed that most issues stemmed
from formatting (e.g., Answer format, Measure)
rather than core components like Reasoning or
OCR. Of these, 7,041 cases involving minor issues,
such as incorrect unit annotations, were rectified
and reincorporated, while the remaining erroneous
points were discarded.

The resulting refined dataset (+Hard
Filtering) consists of 124,053 data points.
As shown in Table 9, this process yielded an
average performance improvement of 1.2%p for
DocPlan(origin). While these results demonstrate
that reasoning trace—based verification effectively
maintains a low error rate, the marginal gains
suggest that our original automated method also
remains a practical, cost-effective alternative.
Detailed definitions and verification procedures are
provided in Appendix B.5.

Latency and Throughput Analysis DocPlan is
designed to explicitly generate stepwise reason-
ing traces, ranging from <QUERY_ANALYSIS> to
<FINAL_ANS>. Consequently, response lengths are
inevitably longer compared to direct prediction
methods, leading to increased inference latency. As

Model (token) DocVQA InfoVQA ChartQA
SmolVLM2-2.28B 7.7 6.1 6.2
+DocPlan 418.1 494.7 489.3
gemma-3-4b-it 53 39 4.7
+DocPlan 466.0 624.9 598.2
Qwen2-VL-7B 6.1 4.4 4.5
+DocPlan 330.5 4219 325.6
paligemma2-10B 4.8 3.7 3.8
+DocPlan 474.2 588.4 629.8
Llama3.2-11B-V 5.7 8.4 26.1
+DocPlan 177.5 2853 284.3

Table 10: Average number of tokens generated in the
response.

shown in Table 10, the average generated tokens
increased significantly across all models, creating
a clear throughput trade-off (see Appendix F).

However, this increase in inference cost should
be interpreted as a Reliability Cost incurred to
transparently disclose the model’s decision-making
logic, rather than mere verbosity. The results of
the Simulatability Test in Section 5 quantitatively
support this interpretation. When inferring the final
answer using only the reasoning traces generated
by the model excluding image input the DocPlan-
trained model achieved 10.5%p higher accuracy
compared to Llava-CoT. This indicates that the
hundreds of generated tokens possess logical com-
pleteness and substantial evidentiary value required
to reach the correct answer.

In conclusion, DocPlan provides a significant
gain in interpretability that outweighs the necessary
costs of transitioning from "black-box prediction”
to "verifiable reasoning" in document understand-
ing tasks where high reliability is paramount.

6 Conclusion

In this study, we introduce DocPlan, a novel dataset
designed to comprehensively enhance planning
and reasoning capabilities akin to human cogni-
tion within the visual document understanding do-
main. DocPlan systematically structures the entire
process of planning and reasoning generation in a
human-like manner, thereby addressing the limita-
tions of conventional training paradigms that focus
primarily on final answer prediction. Evaluation
results on several state-of-the-art VLMs demon-
strate that leveraging DocPlan achieves significant
improvements over existing methods, both in terms
of accuracy and interpretability of reasoning.

7 Limitations

While DocPlan yields consistent gains in accuracy
and interpretability, we note several minor limita-
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tions that primarily suggest directions for future
work. First, the explicit generation of planning and
reasoning traces increases output length compared
to direct prediction. Although this overhead is in-
tentionally introduced to improve transparency and
is supported by the Simulatability Test, it may
be unnecessary for applications requiring mini-
mal explanation. Second, DocPlan is specialized
for document-centric visual understanding tasks.
Extending the proposed planning framework to
broader vision—language domains remains an in-
teresting future direction. Finally, our experiments
focus on a representative set of open-source VLMs.
Evaluating the approach across a wider range of
architectures and scales may provide additional in-
sights but is beyond the scope of this work.
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A VQA Datasets for Document
Understanding

DocVQA is a dataset comprising 12,767 indus-
trial document images (receipts, letters, tables, etc.)
annotated with 50,000 questions. Its distinguishing
feature is that answers always appear as continu-
ous spans of text within the images. Understanding
the document layout (headers, tables, columns) and
diverse fonts (printed, typed, handwritten) is nec-
essary, with questions categorized into types such
as layout, table/list, running text, and handwrit-
ten. Therefore, DocVQA emphasizes not only pure
text comprehension but also the utilization of page
structure and non-textual information.

InfographicVQA. InfographicVQA consists of
5,485 infographic images collected from the web
and 30,035 questions, characterized by born-digital
images featuring extensive text and diagrams.
Many questions demand numerical calculations,
such as "How many...?" or ratio computations, with
most answers being numeric. Answers can either
be spans extracted from image texts or numeric
calculation results. Compared to DocVQA, Info-
graphicVQA requires comprehension of signifi-
cantly longer sentences and complex visual ele-
ment interactions (charts, icons, etc.), and it also
has a higher proportion of unique questions.

ChartQA ChartQA is composed of approxi-
mately 20,000 real-world chart images collected
from sources like Statista, Pew, OWID, and
OECD. It provides 9,608 human-authored ques-
tions (ChartQA-H) and 23,111 auto-generated
questions (ChartQA-M) about 4,804 charts. The
dataset covers various chart types including bar
charts, line graphs, and pie charts. Questions in-
volve complex compositional queries requiring
arithmetic and logical operations such as sum, dif-
ference, and average, as well as queries about vi-
sual attributes like colors and sizes. Models must
first process chart images to extract underlying
data tables (ChartOCR), then utilize Transformer-
based QA models combining visual features with
extracted table data (e.g., Vision-TaPas, VL-T5).
Unlike earlier datasets like DVQA/FigureQA,
ChartQA features numerous human-authored ques-
tions while retaining open-ended answers not re-
stricted to fixed vocabularies.

TableQA TableVQA-Bench is a benchmark
dataset designed to evaluate visual question an-
swering (VQA) performance using table images

from various domains, comprising a total of 894
table images and 1,500 questions. It extends the
existing TableQA dataset by including four subsets
(VWTQ, VWTQ-Syn, VTabFact, FinTabNetQA).
The questions require complex operations such as
summation, comparison, and conditional filtering,
beyond simple cell-value extraction. Notably, the
dataset includes artificially generated table images
that diversify visual attributes such as fonts, colors,
and borders, in addition to real-world table cap-
tures, to comprehensively assess the model’s visual
generalization capabilities.

PlotQA PIotQA is a large-scale visual question
answering dataset consisting of 224,000 scientific
plot images and approximately 280,000 questions.
It was proposed to overcome the limitations of pre-
vious datasets such as FigureQA and DVQA, in-
cluding limited diversity in data labels, lack of sup-
port for numerical answers, and a focus on overly
simple questions. Specifically, PlotQA introduces
a hybrid approach in which some questions are an-
swered by first extracting a structured table from
the plot image and then applying a table-based
question answering engine. This method signifi-
cantly improves performance, achieving an accu-
racy of 22.52 on PlotQA, outperforming existing
models.

FigureQA It is a synthetic dataset designed to
comprehensively evaluate a model’s understanding
of charts and its visual question answering (VQA)
capabilities. The dataset consists of 140,000 chart
images of various types—including bar graphs,
line graphs, and pie charts—and approximately
1,800,000 yes/no question—answer pairs. Each im-
age is generated with arbitrary values and includes
at least two color legends, while the questions are
crafted to assess the model’s ability to interpret
visual elements such as legend colors, order, and
numerical relationships within the graph. A key
characteristic of this dataset is that all questions
are solvable using visual information alone, with-
out relying on text OCR. Due to these properties,
the dataset emphasizes the need for accurate vi-
sual structure parsing, understanding of color-value
relationships within charts, and the ability to per-
form figure-based reasoning through visual pattern
recognition rather than language-based knowledge.

DVQA This dataset is constructed to evaluate
bar chart interpretation and visual question answer-
ing (VQA) performance. It consists of 300,000 bar
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chart images and approximately 3,487,194 ques-
tion—answer pairs generated based on those images.
Each image is associated with various types of
questions, including chart structure understanding,
specific value retrieval, and numerical comparison.
The answers are designed to require precise inter-
pretation of the visual elements within the graph.
Since the charts are dynamically generated with
varying text and numerical information (e.g., item
names, values, abbreviations), it is difficult to rely
on a predefined fixed vocabulary. As a result, the
dataset demands an integrated capability in OCR-
based text recognition, chart structure parsing, and
numerical reasoning.

Docmatix Docmatix is a large-scale document
VQA dataset composed of 2.4 million images ex-
tracted from over 1.3 million PDF documents, con-
taining 9.5 million questions, thus expanding ap-
proximately 240 times compared to the existing
DocVQA dataset. The primary feature of Docmatix
is its comprehensive coverage of various query
types that can arise in realistic document under-
standing scenarios. For example, it encompasses
complex tasks like extracting information from ta-
bles or lists, multi-step reasoning, and document
layout comprehension. Unlike previous datasets,
which primarily focus on simple fact-checking
questions, Docmatix distinguishes itself by reflect-
ing diverse cognitive tasks required in actual docu-
ment analysis, thus maximizing model practicality.

Llava-CoT This dataset is designed to train sys-
tematic step-by-step reasoning capabilities for com-
plex visual-language question answering (VQA)
tasks. It consists of approximately 99,000 im-
age—question pairs, each accompanied by a Chain-
of-Thought (reasoning process) and a final an-
swer. Each sample is structured using four explicit
tags: <SUMMARY>, <CAPTION>, <REASONING>, and
<CONCLUSION>, which delineate the stages of rea-
soning. The questions cover a wide range of infer-
ence types, including numerical calculation, logical
judgment, situational reasoning, and scientific in-
terpretation. The dataset is designed not only to
assess the correctness of the final answer but also
to evaluate the validity and logical coherence of the
entire reasoning process. In particular, the ability to
integratively interpret both visual and linguistic in-
formation and to explicitly articulate the reasoning
steps is crucial.

LlamaV-0ol It is a dataset designed to perform
complex multi-step visual reasoning. Unlike pre-
vious approaches that focused solely on answer
accuracy, this work proposes a novel evaluation
strategy that rigorously assesses the validity and
logical coherence of the reasoning process itself.
From a training perspective, the model adopts a cur-
riculum learning strategy, gradually increasing the
level of difficulty to facilitate structured learning.
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B Detailed Information for Data
Construction

B.1 Why was the Qwen2.5-VL-72B model
chosen to generate the DocPlan dataset?

GPT-40, Gemini2.0, and the Qwen2.5-VL family
have all achieved state-of-the-art (SOTA) perfor-
mance on recent vision—language tasks. Therefore,
to select a model for generating the DocPlan dataset
proposed in this study, we built a validation set us-
ing images from existing document VQA datasets
and input prompts to generate DocPlan sample data.
According to the evaluation results of the generated
data, Qwen2.5-VL-72B showed the lowest error
rate among the three models. Furthermore, since
we conduct GPT-based qualitative evaluations, we
judged that using a model from the same family
to generate data could introduce bias. Given that
Qwen2.5-VL-72B is an open-source model, we
also determined that it could enhance the repro-
ducibility of the data generation method proposed
in this study, and thus selected it as the final data
generation model. (The data generation process
was carried out using an NVIDIA DGX system
equipped with 8 H100 GPUs.)

B.2 Prompt for Query Generation

Figure 6 shows the prompts used to generate
queries for the five query types (FP, CP, IR, LR,
MA) and three difficulty levels (Basic, Interme-
diate, Advanced), based on images from existing
datasets, as defined in Section 3.2.

B.3 Prompt for Data Generation

The DocPlan dataset was constructed following
the DocPlan-pipe. To enhance data quality, a step-
by-step generation method was adopted, and the
prompts used for data generation at each stage are
shown in Figure 7 to Figure 10.

B.4 Analysis of Query Diversity in DocPlan
and Llava-CoT

Llava-CoT was constructed using only queries
from existing datasets within the document domain.
This approach has the advantage of enabling re-
liable evaluation in comprehensively understand-
ing both the visual and textual elements of doc-
uments, as it is based on queries from credible,
pre-existing datasets. However, it lacks diversity in
query types, which limits its ability to encompass
complex or high-level reasoning required for doc-
ument understanding. To address this limitation,

our study generated additional queries from vari-
ous document formats and information extraction
perspectives. Figures 11 and 12 illustrate the dis-
tribution of query diversity in the DocPlan dataset
and the Llava-CoT dataset within the document
domain, respectively. These comparisons confirm
that the DocPlan dataset demonstrates significantly
greater query diversity compared to Llava-CoT.

B.5 Detailed Filtering process

Since the newly generated queries do not have
ground truth answers unlike those in existing
datasets, we used a combination of closed vision-
language models such as GPT-40 and Gemini 2.0,
along with open models like Qwen2.5-VL-72B, to
perform a Pass/Fail evaluation for improving data
quality. Only the samples that received a “Pass”
from all models were selected for inclusion in the
final dataset. The data filtering process consisted
of two stages, and the detailed procedures for each
stage are described below.

Query Filtering The generated queries were
evaluated using a Pass/Fail approach based on three
criteria: Query Appropriateness, Answer Possibil-
ity, and Final Response Feasibility. Query Appro-
priateness assesses whether the query is appropri-
ate given the document’s content and context. An-
swer Possibility determines whether a valid answer
can be derived from the document, and Final Re-
sponse Feasibility evaluates whether a model can
generate a coherent and complete response to the
query. Additionally, a Confidence metric was intro-
duced, and only samples with a confidence score
between 95 and 100 were retained. The filtering
prompt used in this process is shown in Figure 13.

Model Agreement For the responses based on
the filtered queries following the DocPlan-pipe for-
mat, a Pass/Fail (O/X) evaluation was conducted
based on the following five criteria:

1. Question Interpretation Accuracy: As-
sesses whether the query is interpreted accu-
rately within context, ensuring that its mean-
ing is clear and appropriate.

2. Image-Reasoning-Answer Consistency:
Evaluate whether the reasoning derived from
the image aligns with the actual content of
the image, and whether the answer logically
follows from this reasoning.
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3. Overall Appropriateness: Examines the
overall naturalness and validity of the query-
response pair.

4. Answerable Without Image: Determines
whether the question can be sufficiently an-
swered using only document information,
without relying on the image.

5. (Optional) Answer—-Ground-truth Agree-
ment: Evaluates whether the generated an-
swer matches the provided ground-truth re-
sponse in content and intent. This includes
checking for semantic alignment, factual con-
sistency, and relevance. This criterion is ap-
plied only when ground-truth data is available.

6. Suitable for Training Data: Assesses
whether the sample is appropriate for use as
training data.

A Confidence metric was also applied to each cri-
terion, and only samples with a confidence score
between 95 and 100 were selected. The filtering
prompt used in this stage is shown in Figure 14.

Hard Filtering As detailed in the additional fil-
tering procedure of Section 5, we constructed a
fine-grained DocPlan dataset by applying an extra
hard-filtering stage to the samples that had already
been refined by the pipeline in Section 3.3. The
statistics for the samples retained after each step ap-
pear in Table 12,13. In total, the curated dataset con-
tains 124,053 examples 65,347 origin queries and
58,706 generated queries. For the origin queries,
we supplied GPT-40 with only the reasoning trace
omitting the question, the original final answer, and
all images to obtain a new final answer. Comparing
these answers with the ground-truth responses re-
vealed 10,207 erroneous cases. Subsequent review
by three annotators identified 7,041 instances as
minor issues(e.g., inconsistent unit notation). these
were corrected and reinstated. The remaining 3,166
items, judged to be clear errors, were removed. Hu-
man evaluation was carried out by three students
(two in computational linguistics and one in lin-
guistics) see Table 11 for details. Because each ex-
ample contains the query, the full reasoning trace,
and the answer, annotation was time-consuming, SO
the 10k examples were single-annotated rather than
cross-validated. For the generated queries, we like-
wise produced new final answers. In the absence
of ground-truth labels, we measured the similarity
between the original and newly generated answers

using BERTScore (Zhang et al., 2019). Only those
instances with a BERTScore of 0.8 or higher were
retained in the final dataset. The Final Answer was
generated using the prompt shown in Figure 10.

Analysis of Error Sample Through the hard fil-
tering process, samples that were ultimately clas-
sified as errors were reviewed by seven human an-
notators. The error types were broadly categorized
into seven groups, with each category defined as
follows:

1. Unit: Errors caused by the presence or ab-
sence of unit expressions, such as “30” — “30
km”.

2. Measure: Errors due to differences in numer-
ical expression, for example, “30,423” —
“Approximately 30,000”.

3. Answer format: Errors stemming from vari-
ations in answer format or phrasing, such as
6617m a b0y7’ % £‘b0y”.

4. Reasoning: Reasoning-related errors where
OCR was performed correctly, but the model
misinterpreted the problem conditions during
the reasoning process, leading to an incorrect
final answer.

5. Final Answer: Cases where both OCR and
reasoning were performed correctly, but the
final answer failed to reflect the conclusion
derived from the reasoning process.

Error Type Distribution (%)

Answer
format

Measure
22.3%
20.2%

Others '

Reasoning

Final answer

OCR
Unit

Figure 5: Distribution of error types as categorized by
human annotators during error analysis.

Examples of each error type are shown in Figure 15.
to Figure 21, and their statistical distribution is
presented in Figure 5.
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Category Human Annotator 1 Human Annotator 2

Human Annotator 3

Birth Year Born in 1996 Born in 1998

Born in 1997

Major Computational Linguistics | Computational Linguistics Linghistics
Education Level Master’s graduate Enrolled in Master’s program | Master’s graduate
Primary Language Korean Korean Korean

Table 11: Demographic and academic background of the three human annotators who participated in the filtering. All
annotators are at least a bachelor’s degree. Annotators 1 and 2 majored in computational linguistics, while Annotator
3 majored in linguistics. Two annotators have completed a master’s program, and one is currently enrolled.

Prompt for Question Generation

Role & Task
Analyze the given document to generate questions acros:

s five categories (CP, FP, IR,

LR, MA) with three difficulty levels (A/B/C). All questions must require explicit

document reference.

Core Principles

1. Document Dependency : Every question must require analyzing the document image.
2. Progressive Difficulty : Clear distinction between A/B/C levels.

3. Category Integrity : Strict adherence to category definitions.

4. MA Validation : Include MA only when numerical/mathematical elements exist.

Category Definitions

1. Coarse Perception (CP): Document structure, layout, overall purpose

2. Fine-grained Perception (FP): Specific details (names, dates, values)

3. Instance Reasoning (IR): Element relationships within document

4. Logical Reasoning (LR): Implications, conclusions, logical flow

5. Mathematical Analysis (MA): Numerical calculations/relationships (conditional)

Difficulty Criteria
- Level A (Basic):
« Single-element extraction
« Direct text/location reference
+ Example: "What is labeled in the top-right corner?"
- Level B (Intermediate):
« Two-element connection
« Simple inference required
« Example: "How does [Concept A] relate to [Diagram B]?"
- Level C (Advanced):
« Three + element synthesis
* Multi-step reasoning
« Example: "What conclusion can be drawn from [X] and [Y] combined with [Table Z]?"

MA Handling Rules
1. Automatic exclusion if document contains:
- Only ordinal numbers (1st, 2nd)
- Simple dates without
2. Mandatory inclusion when:
- Numerical comparisons exist
- Formulas/statistical data present - Requires arithmetic operations

Workflow

1. Document Analysis:
- Identify key sections and data types
- Flag potential mathematical content

2. Category Mapping:
- Tag content segments with applicable categories
- Validate MA eligibility

3. Question Generation:
- Generate 3 questions per category (A/B/C)
- Apply difficulty escalation filters:
A — B: Add element connection
B — C: Require cross-reference + synthesis
- Omit entire MA section if inapplicable

4. Quality Control:
- Validate document dependency: Add locators like "[Figure 3]" in questions
- Ensure no overlap between categories
- Confirm progressive complexity within each category

Output Format
Strictly follow this structure:

Coarse Perception (CP)

- Level A: [Direct layout question]

- Level B: [Structural relationship question]
- Level C: [Purpose inference question]

Fine-grained Perception (FP)
- Level A: [Specific detail extraction]
- Level B: [Detail comparison]
- Level C: [Contextual interpretation]

Instance Reasoning (IR)

- Level A: [Element identification]

- Level B: [Bilateral relationship]

- Level C: [System network analysis]

Logical Reasoning (LR)

- Level A: [Explicit logic identification]

- Level B: [Implicit assumption detection]
- Level C: [Holistic conclusion synthesis]

Mathematical Analysis (MA) (Conditional)
- Level A: [Single-value calculation] or None
- Level B: [Comparative analysis] or None

- Level C: [Predictive modeling] or None

Figure 6: Prompt for question generation
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Prompt for data generation: query Analysis

You are an expert in analyzing user queries. Your primary goal is to:
- Identify the core intent behind the user’s question.
- Determine if the user has specified a preferred response format (e.g., brevity, detail, list, table, code, tone).

Instructions:

- Focus on the main purpose of the query rather than surface details.

- If the user’s query is vague, infer the most logical intent based on context.
- Do not answer the question or extract evidence from documents in this step.

Output Format:
<QUERY_ANALYSIS>

Clearly state the intent of the query.
</QUERY_ANALYSIS>

Key Guidelines:

Be concise and precise—focus on intent.

Do not answer the question—only analyze it.

Do not extract or refer to documents in this step.

Follow the exact format for consistency in multi-turn reasoning.

Figure 7: Prompt for data generation - query analysis

Prompt for data generation: pefinition of Plan

You are an expert in creating concise and actionable plans to solve complex problems. Your role is to
develop clear steps (PLANS) necessary to derive the final answer based on the user query and the provided
query analysis results.

2. Plan Creation (STEP 2)
Objective
- To create clear and concise PLANS necessary to compose the final answer.

Key Guidelines
1. Number of PLANS

- The number of sub-plans should be determined by comprehensively considering the complexity of the
question, the amount of information, and the scope of analysis.

- Use specific indicators such as the type of question, the volume of data to process, and the number of
steps required to derive the final answer in order to decide on an appropriate number of sub-plans.

- It is important not to be constrained by specific numbers and to adjust freely according to the nature of
the task.

- Ensure that the logical connections between each step are maintained.

2. Plan Format
- Use imperative sentences (e.g., "Identify...", "Extract...", "Summarize...").
- Focus only on the action required for each step.
- Avoid unnecessary explanations or references to specific documents, images, or evidence.

3. Logical Connection
- Ensure each PLAN logically follows from the previous one and leads to the next.

4. Complexity Assessment
- Consider the following factors to gauge the complexity of the query:
1. Step-by-step reasoning: Whether multiple intermediate conclusions are needed.
2. Amount of information: Whether the query involves a large volume of data or multiple elements.
3. Scope of analysis: Whether the query requires comparing scenarios or synthesizing information.

Output Format

<DEF_PLAN>

<SUB_PLAN>[Ist PLAN]</SUB_PLAN>
<SUB_PLAN>[2nd PLAN]</SUB_PLAN>

<SUB_PLAN>[Nth PLAN]</SUB_PLAN>
</DEF_PLAN>

Figure 8: Prompt for data generation - definition of plan
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Prompt for data generation: Execution of Plan

Method
- Execute each Sub Plan by creating an <EXEC PLAN> block for each step.
- Strictly adhere to the details outlined in each SUB_PLAN without deviation. Ensure that all actions and
analyses are directly aligned with the stated sub-plan objectives.
- Extracted evidence (text, paragraphs, table, etc.) from the document should be placed within the
<EXTRACTED_INFO> tag in Markdown code block(using triple backticks) format.
- Formatting Guidelines for Extracted Information.
- If a summary is needed, provide it in the <THINK> tag instead of modifying the original content.
- When table format is required, maintain the original table structure as closely as possible for clarity and
accuracy.
- When table format is necessary, ensure that:
- The table structure is faithfully preserved.
- Data is accurately copied without modification.
- The format follows standard Markdown table syntax:
- | [column] | [column] |
| | |
| | |
| [data] | [data] \
| [data] | [data] |
| [data] | [data] |
- The <EXTRACTED_INFO> tag is not mandatory and may be omitted when information extraction is
not required.
- Logical analysis of the extracted information should be presented in the <THINK> tag, adjusting
dynamically based on the number of extracted information points.
- The execution result (Plan Execution Result) should be written inside the <PLAN_ANS> tag.

Output Format

<EXEC_PLAN>

<SUB_PLAN>[Plan Title]</SUB_PLAN>

<EXTRACTED_INFO>

*“*markdown

[Extract relevant evidence (e.g., specific sentences, data, tables, etc.) from the document, preserving the
original format (text, paragraphs, tables, etc.) without modification. If no information extraction is needed,
this section can be omitted.]

</EXTRACTED_INFO>
<THINK>
[Analyze the provided information and derive a logical response based on extracted information]

- If one piece of information is extracted: Provide one logical deduction.

- If two pieces of information are extracted: Provide two logical deductions that build on each
other.

- If three or more pieces of information are extracted: Present step-by-step reasoning in multiple
deductions, ensuring each point logically follows from the extracted data.
</THINK>
<PLAN_ANS> [Provide a concise and well-reasoned execution result based on extracted evidence.]
</PLAN_ANS>
</EXEC_PLAN>

Figure 9: Prompt for data generation - execution of plan

Prompt for data generation: Final Answer

4. Final Answer Composition (STEP 4)

Objective

- You will be provided with the user query, query analysis results, the generated plan, and the sequentially
executed plan. Your role is to generate the final answer based on the provided information.

Method
- Compose the final answer using the <FINAL_ANSWER> tag. If the user specifies a desired format, follow
it; otherwise, provide a clear and appropriately detailed response for easy understanding.

Output Format
<FINAL ANSWER>
[Final answer content]
</FINAL_ANSWER>
I EEEEE————————————

Figure 10: Prompt for data generation - final answer
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Figure 11: Query diversity distribution of the DocPlan dataset

Figure 12: Query diversity distribution in the document domain of the Llava-CoT dataset
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Prompt for query filtering

You are an evaluator. Your task is to first extract all readable text from a given document image. Then, based on the
extracted text and a related query, assess the following three criteria:

Whether the query is appropriate.
Whether it is possible to provide an answer.
Whether a final response can be given based on the extracted content and the query.

You must respond strictly in the following format without any deviation, explanation, or additional commentary. Do not
add any extra text.

[Response Format — Use exactly this template]

Query Appropriateness: O / X

Answer Possibility: O / X

Final Response Feasibility: O / X

Reason for Inability to Respond: (Only include this line if any of the above is 'X')
Confidence Level: (0~100%)

Figure 13: Instruction template for evaluating the appropriateness, answerability, and response feasibility of queries
based on extracted text from document images

Prompt for Model Agreement

You are an evaluator for a visual question answering system. Your task is to assess the quality of a given answer based
on an image and a question.

You will be provided with:

1. An image

2. A question about the image

3. A Reasoning Trace about the question
4. An answer to that question

5. (Optional) Ground-truth answer

Evaluate the following criteria:
1. Question Interpretation Accuracy — Was the question correctly understood in the context of the image?
2. Image-Reasoning-Answer Consistency — Does the reasoning align with the content of the image, and does the
answer logically follow from the reasoning?
3. Overall Appropriateness — Is the answer appropriate overall?
4. Answerability Without Image — Can this question be answered reasonably without seeing the image?
5. Answer—Ground-truth Agreement — Does the answer match the provided ground-truth? (only if ground-truth is
supplied)
6. Suitability for Training Data — Should this example (image, question, answer) be used as training data?

— When evaluating criterion 5 (Training Data Suitability), take into account all previous criteria. Especially, if the
question is answerable without the image (criterion 4 = O), consider whether that reduces its value as a visual training
sample.

For each criterion, respond with:
*"0O" for Yes/Correct, or "X" for No/Incorrect
* A numeric confidence score from 0 to 100 (integers only)
! Output must strictly follow this format. Do not provide any explanations.

Output:

Question Interpretation Accuracy: O/X (Confidence: NN)
Image—Reasoning-Answer Consistency: O/X (Confidence: NN)
Overall Appropriateness: O/X (Confidence: NN)

Answerable Without Image: O/X (Confidence: NN)

(Optional) Answer—Ground-truth Agreement: O/X (Confidence: NN)
Suitable for Training Data: O/X (Confidence: NN)

Input:

Question: {question}
Reasoning: {Reasoning Trace}
Answer: {answer}
Ground-truth: {Ground-truth}

Figure 14: Instructions for evaluating answer quality based on image-question-Reasoning-answer sets, covering
criteria such as interpretation accuracy, consistency, and training data suitability
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Stage Before After Change
Format error 82,275 74,893 7,382
Model Agreement 74,893 68,513 —6,380
Reasoning Consistency 68,513 58,306 —10,207
Human Filtering 58,306 65,347 47,041

Table 12: Remaining dataset size after each filtering stage for origin queries

Stage Overall Basic Intermediate Advanced
Format error 80,397 — 78,293 32,303 — 31,597 31,389 — 30,395 16,705 — 16,301
Query Filtering & Model Agreement 78,293 — 65,110 31,597 — 28,167 30,395 — 27,358 16,301 — 9,585
Reasoning Consistency & Metric 65,110 — 58,706 28,167 — 26,976 27,358 — 24,027 9,585 — 7,703

Table 13: Remaining dataset size after each filtering stage for generated queries

Error type:Answer Format Example

Q:Which item that we consume uses 1,800 gallons of water? Short answer required.
f I
POWER, FARMING, AND THE PUBLIC ARE TOP CONSUMERS, <EXEC_PLAN> ) ) ) o
ANERICAN YATER USE <SUB_PLAN>Identify the item associated with 1,800 gallons of water in the image.</SUB_PLAN>
AMERICAN WATER US <EXTRACTED_INFO>
““markdown
A pound of beef, from farm to plate, uses 1,800 GALLONS OF WATER.
5 & </[EXTRACTED_INFO>
\ <THINK>
Q \ The image clearly states that a pound of beef requires 1,800 gallons of water from farm to plate. This
- - - ., directly answers the query about which consumed item uses this amount of water.
i Xk 1k b 3 PLAN A
1] n 0 0 ] <PLAN_ANS> A pound of beef is the item that uses 1,800 gallons of water. </PLAN_ANS>
: 7 i i </EXEC_PLAN>
AND THEN THERE'S THE "HIDDEN WATER" IN WHAT WE CONSUME AND ITEMS WE USE EVERY DAY. ( 0
<EXEC_PLAN>
A ATT BULE A pound of beef, from <SUB_PLAN>Confirm that this item is something we consume.</SUB_PLAN>
<N use up to farm to plate, uses <EXTRACTED_INFO>
““markdown
5 GM_[UNS LH[][] EM_]_[]NS A pound of beef, from farm to plate, uses 1,800 GALLONS OF WATER.
A G </EXTRACTED_INFO>
for every hour It P > <THINK>
Beef is indeed an item that humans consume. The phrase "from farm to plate” indicates its journey
~ through the food production process until it reaches the consumer as a consumable product.
</THINK>
el alinlvete " . <PLAN_ANS> Beef is confirmed to be an item that we consume, and it uses 1,800 gallons of water
The core intent of the query is to identify a specific item that consumes 1,800 gallons of water during its per pouﬁd </PLAN_ANS>
production or use. The user prefers a short answer. <IEXEC P.LAN> =
<IQUERY_ANALYSIS> =
N D
<DEF_PLAN>
<SUB_PLAN>Identify the item associated with 1,800 gallons of water in the image.</SUB_PLAN> ::';A"—ANSWEb Label + A pound of beef
<SUB_PLAN>Confirm that this item is something we consume.</SUB_PLAN> *Ap
</DEF_PLAN> </FINAL_ANSWER>

Figure 15: An example of an Answer Format error, where the system’s response does not exactly match the expected
label due to formatting differences. In this case, the correct answer is “A pound of beef”, but the model outputs
“beef”, omitting necessary details. Such errors typically occur when the answer is overly abbreviated or lacks
required context compared to the expected format.
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Error type:Unit Example

Q: How many daily active users did Pokmon GO have on August 16, 20162 Answer briefly.

<EXEC_PLAN>

o <SUB_PLAN>Identify the bar corresponding to August 16 on the chart.</SUB_PLAN>
<EXTRACTED_INFO>

““markdown

| Date | Number of Users (in millions) |

|

| August 16 | 30 |

</[EXTRACTED_INFO>

<THINK>

The bar corresponding to August 16 is clearly labeled with the number 30, indicating the number of
daily active users in millions.

<ITHINK>

<PLAN_ANS> The bar for August 16 shows that Pokémon GO had 30 million daily active users.
<IPLAN_ANS>

</EXEC_PLAN>

<EXEC_PLAN>
<SUB_PLAN>Read the number of daily active users from the top of the identified bar.</SUB_PLAN>
<EXTRACTED_INFO>
““markdown
| Date | Number of Users (in millions) |

- - |
| August 16 | 30 |

Juiy 12 July 14 July 19 August 16

</[EXTRACTED_INFO>

<THINK>

The number at the top of the bar for August 16 is 30, which represents the number of daily active
<QUERY_ANALYSIS> users in millions.

The core intent of the query is to find out the number of daily active users for Pokémon GO on August <ITHINK>

16, 2016. The user prefers a brief response format. <PLAN_ANS> On August 16, 2016, Pokémon GO had 30 million daily active users. </PLAN_ANS>
<IQUERY_ANALYSIS> </EXEC_PLAN>

s N
<FINAL_ANSWER>
30 million Label : 30
</FINAL_ANSWER>

<DEF_PLAN>
<SUB_PLAN>Identify the bar corresponding to August 16 on the chart.</SUB_PLAN>
<SUB_PLAN>Read the number of daily active users from the top of the identified bar.</SUB_PLAN>
</DEF_PLAN>

Figure 16: An example of a Unit error, where the predicted answer includes an unnecessary unit or uses an incorrect
unit compared to the expected label. In this case, the correct answer is “30”, but the model outputs “30 million”,
adding a unit suffix that does not match the label format.

/Error type:OCR Example

Q:What was Suriname's gross domestic product in 2019? Keep it brief.

<EXEC_PLAN>
<SUB_PLAN>Locate the year 2019 on the x-axis of the chart.</SUB_PLAN>
 Zoomable Statistic: Select the range in the chart you want to zoom in on. x <EXTRACTED_INFO> ¥ e -
““markdown

B The year 2019 is located on the x-axis of the chart.

</[EXTRACTED_INFO>

<THINK>

The year 2019 has been successfully located on the x-axis, which is the first step in determining
Suriname's GDP for that year.

<ITHINK>

<PLAN_ANS> The year 2019 is identified on the x-axis. </PLAN_ANS>

</[EXEC_PLAN>

<EXEC_PLAN>
<SUB_PLAN>Find the corresponding GDP value on the y-axis for the year 2019.</SUB_PLAN>
<EXTRACTED_INFO>

““markdown

The corresponding GDP value for the year 2019 is approximately 3.47 billion U.S. dollars.

</EXTRACTED_INFO>

<THINK>

The GDP value for Suriname in 2019 is approximately 3.47 billion U.S. dollars as indicated on the
y-axis.

<ITHINK>

<PLAN_ANS> The GDP value for Suriname in 2019 is approximately 3.47 billion U.S. dollars.
<IPLAN_ANS>

</[EXEC_PLAN>

<EXEC_PLAN>
<SUB_PLAN>Report the GDP value in billion U.S. dollars for Suriname in 2019.</SUB_PLAN>

<QUERY_ANALYSIS> _ _ _ ‘ -
The user wants to know the gross domestic product (GDP) of Suriname in 2019 and prefers a brief <PLAN_ANS> The gross domestic product (GDP) of in 2019 was 3.47 billion
response. U.S. dollars. </PLAN_ANS>

</QUERY_ANALYSIS> </[EXEC_PLAN>

<DEF_PLAN>
<SUB_PLAN>Locate the year 2019 on the x-axis of the chart.</SUB_PLAN> <FINAL_ANSWER>
<SUB_PLAN>Find the corresponding GDP value on the y-axis for the year 2019.</SUB_PLAN> 3.47 billion U.S. dollars Label : 3.7
<SUB_PLAN>Report the GDP value in billion U.S. dollars for Suriname in 2019.</SUB_PLAN> </FINAL_ANSWER>
</DEF_PLAN>

Figure 17: An example of an OCR error, where incorrect text extraction from the chart leads to an inaccurate answer.
In this case, the system misinterprets the value for 2019, producing “3.47 billion U.S. dollars” instead of the correct
value “3.7.” Such errors typically occur when optical character recognition fails to accurately read numbers or labels
from the image.
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/Error type:Measure Example

Q:How many liters of metered water

were consumed

in Malaysia in 2019? Answer briefly.

2012 2013 2014 2015 2016

© Additional Information

2017 2018

<EXEC_PLAN>
<SUB_PLAN?>|dentify the value for 2019 from the bar chart</SUB_PLAN>
<EXTRACTED_INFO>

““markdown

| Year | Consumption in billion liters per day |

| 2019°] 6.82

</EXTRACTED_INFO>

<THINK>

The bar chart shows that in 2019, Malaysia consumed 6.82 billion liters of metered water per day.
<ITHINK>

<PLAN_ANS> In 2019, Malaysia consumed 6.82 billion liters of metered water per day.
</PLAN_ANS>

<[EXEC_PLAN>

<EXEC_PLAN>
<SUB_PLAN>Multiply the identified value by one billion to convert it into liters</SUB_PLAN>
<EXTRACTED_INFO>

““markdown

| Year | Consumption in billion liters per day |

| g
12019*| 6.82 |

</[EXTRACTED_INFO>

<THINK>

To convert the consumption value from billions of liters per day to just liters, we need to multiply 6.82
by one billion (1,000,000,000). This calculation will give us the total number of liters consumed in a

day.

<QUERY_ANALYSIS>

2019, with a preference for a brief response.
<IQUERY_ANALYSIS>

The core intent of the query is to find out the total volume of metered water consumed in Malaysia in

Calculation: \( 6.82 \times 1,000,000,000 = 6,820,000,000 ) liters per day.
HINK>

<PLAN_ANS> In 2019, Malaysia consumed 6,820,000,000 liters of metered water per day.
</PLAN_ANS>
</[EXEC_PLAN>

<DEF_PLAN>

</DEF_PLAN>

<SUB_PLAN>Identify the value for 2019 from the bar chart</SUB_PLAN>
<SUB_PLAN>Multiply the identified value by one billion to convert it into liters</SUB_PLAN>

<FINAL_ANSWER>
6,820,000,000
<IFINAL_ANSWER>

Label : 6.82

Figure 18: An example of a Measure error, where the predicted answer differs from the expected label due to unit
conversion or rounding issues. In this case, the system outputs “6,820,000,000 liters” instead of the expected “6.82”,
as it converts the value from billions to raw liters rather than keeping the original unit.

/Error type:Reasoning Example

Q:Who is regarded as one of the most successful players in the history of English football? Keep it brief.

Wayne Rooney

Bobby Chariton

Gary Lineker

Jimmy Creaves

Michsel Owen

Tom Finey

Nat Lofthouse

Alan Shearer

Frank Lampard

Vivian Woodward

Sryan Robson

Geoft Hurst

Stan Mortensen

Steven Gerrara

Mick Channon

B Collapse statistic

<QUERY_ANALYSIS>

The core intent of the query is to identify a highly successful player in English football history, with a preference for a brief
response.

</QUERY_ANALYSIS>

<DEF_PLAN>

<SUB_PLAN>Identify the top players based on goals scored from the chart.</SUB_PLAN>

<SUB_PLAN>Analyze the historical significance and achievements of the top players identified. </SUB_PLAN>
<SUB_PLAN>Determine which player is most commonly regarded as one of the most successful in English football
history based on the analysis.</SUB_PLAN>

<IDEF_PLAN>

<EXEC_PLAN> ... <[EXEC_PLAN>

Y Yo

<EXEC_PLAN> ... <[EXEC_PLAN>

NI A N/ U

<EXEC_PLAN>
<SUB_PLAN>Determine which player is most commonly regarded as one of the most successful in English football
history based on the analysis.</SUB_PLAN>

<THINK>
Consider

the factors of goal ing prowess, historical significance, and overall impact on the sport:

1. Wayne Rooney stands out due to his ive career achit and records.

2. Bobby Charlton is highly esteemed for his pivotal role in England's World Cup victory and his legendary status at
Manchester United.

3. Gary Lineker's ini adds to his legacy.

4. Jimmy Greaves' prolific scoring record solidifies his place among the greats.

5. Michael Owen's individual accolades highlight his peak performance.

Among these, Wayne Rooney and Bobby Charlton are often cited as two of the most successful players in English football
history due to their comprehensive achievements and lasting legacies.

<ITHINK>

<PLAN_ANS> Wayne Rooney and Bobby Charlton are most commonly regarded as two of the most successful players in
the history of English football. </PLAN_ANS>

</EXEC_PLAN>

J

<FINAL_ANSWER>
Wayne Rooney and Bobby Charlton
<I/FINAL_ANSWER>

Label : Wayne Rooney

J

Figure 19: An example of a Reasoning error, where the system fails to correctly follow the logical steps required to
answer the question. In this case, instead of providing the expected single answer “Wayne Rooney”, the system
outputs “Wayne Rooney and Bobby Charlton”, indicating incorrect reasoning in selecting the most relevant entity.
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/Error type:Final Answer Example

Q:What is purchase order number? Answer the question with short words or phrases.

'DATE ASSIGNED: Noveaber 1,2000
PURCHASE ORDER NUMBER: 4012
'DUB DATE (éray January3,2000
WRITER'S FEE: $3,500. One-ird (S1167) may b nvoiced pon commencecaca of wor; o
(51167 and one i may b iviced vpom sbmision of e paper o the
tacget joual (81,166). Out-ofpocet expensesfo lephone cals,fases,
‘maiings will bereiminsed following sbensson of ropes receips.
macceptabe, . the manuscript needs o be ctily ewriten. Th ol pymeat
once ll mterls have been rtumed o DesigaWote.
"o  lower version. Yo may cither submit b copyof e ocumest slong with
ik cotaoing th fl,or 4 ¢ mal version.
mbera th 0p ght ha we ave assiged i e, "RMR2I2), lese nsxt
is number withinbeces (g, (2122) o f more han ooe ciaton,
Pl i
{Lobo 1997)).
clearty onthe k.
ASSIGNED BY:
Karea D Mitlan, PRD. Dt Novemmber 1, 2000
ASSIGNMENT ACCEPTED BY:
FionaM Hem POD.  Due:

<QUERY_ANALYSIS>
The user wants to know the definition or meaning of a "purchase order number" and prefers a concise response using
short words or phrases.
</QUERY_ANALYSIS>

<DEF_PLAN>

<SUB_PLAN>Identify the section of the document that contains purchase order information.</SUB_PLAN>
<SUB_PLAN>Extract the purchase order number from the identified section.</SUB_PLAN>
<IDEF_PLAN>

<EXEC_PLAN>
<SUB_PLAN>|dentify the section of the document that contains purchase order information.</SUB_PLAN>
<EXTRACTED_INFO>

““markdown

PURCHASE ORDER NUMBER: 4012

</EXTRACTED_INFO>

<THINK>

The document clearly states the purchase order number in a dedicated line, making it straightforward to identify.
<ITHINK>

<PLAN_ANS> The section containing the purchase order information is identified as "PURCHASE ORDER NUMBER:
4012". </PLAN_ANS>

</[EXEC_PLAN>

<EXEC_PLAN>

<SUB_PLAN>EXxtract the purchase order number from the identified section.</SUB_PLAN>
<EXTRACTED_INFO>

"“markdown

4012

</[EXTRACTED_INFO>

<THINK>

The extracted purchase order number is 4012, which directly answers the user's query.
<[THINK>

<PLAN_ANS> The purchase order number is 4012. </PLAN_ANS>

</EXEC_PLAN>

<FINAL_ANSWER>
A unique number identifying a purchase order.
<IFINAL_ANSWER>

Figure 20: An example of a Final Answer error, where the reasoning steps and extracted information are correct,
but the final answer is incorrect. In this case, although the model correctly identifies the purchase order number as
“4012”, it outputs a definition instead of the expected numeric value.

Error type:Others (Label Error) Example

~

Q:Which state has the life expectancy average lower than 75? Keep it brief.

LIFE EXPECTANCY
in the United States

<EXEC_PLAN>

<SUB_PLAI ify states with life
<EXTRACTED_INFO>

p— *"markdown

LIFE EXPECTANCY | State | Life Expectancy |

[ EEEKK) — o |

| Mississippi | 74.91 |

_PLAN>

</[EXTRACTED_INFO>

<THINK>

The map shows the life expectancy for each state. The only state with a value below 75 is Mississippi,
with a life expectancy of 74.91.

<ITHINK>

<PLAN_ANS> Mississippi has a life expectancy average lower than 75. </PLAN_ANS>
</EXEC_PLAN>

( <EXEC_PLAN> ... </EXEC_PLAN> )

<EXEC_PLAN>
<SUB_PLAN>List states with values below 75</SUB_PLAN>
<EXTRACTED_INFO>
I - ““markdowr
I I_i | State
> | Mississippi | 74.91 |

n
| Life Expectancy |

.

</[EXTRACTED_INFO>

<THINK>

Based on the comparison, Mississippi is the only state with a life expectancy value below 75.
<ITHINK>

<PLAN_ANS> The state with a life expectancy average lower than 75 is Mississippi. </PLAN_ANS>
<[EXEC_PLAN>

<QUERY_ANALYSIS>

The core intent of the query is to identify which U.S. state has an average life expectancy lower than 75
years, with a preference for a brief response format.

</QUERY_ANALYSIS>

<DEF_PLAN>

<SUB_PLAN>|dentify states with life expectancy values</SUB_PLAN>
<SUB_PLAN>Compare each state's value to 75</SUB_PLAN>
<SUB_PLAN>List states with values below 75</SUB_PLAN>
</DEF_PLAN>

<FINAL_ANSWER>
Mississippi
<IFINAL_ANSWER>

Label : Missippi

Figure 21: An example of an Others (Label Error) case, where the error does not fall into standard categories and is
caused by issues such as incorrect ground-truth labels or problematic questions. In this example, the label contains a
typo (“Missipi” instead of “Mississippi”), even though the model’s reasoning and answer are correct.
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C Training Details and Hyperparameters

C.1 Training Details

The Vision-Language Models (VLMs) used in this
study were trained on the DocPlan dataset us-
ing the Visual Instruction Tuning (VIT) approach.
The VIT, proposed by Liu et al., efficiently trains
VLMs composed of a visual encoder, a projection
layer, and a large language model (LLM), integrat-
ing visual and linguistic information to generate
high-quality multimodal responses. Although the
SmolVLM2-2.2B, Qwen2-VL-7B, paligemma2-
10B, and Llama3.2-11B-Vision models adopted
in this research differ in detailed structures, they
share a common core architecture and were trained
following the same VIT-based protocol. The train-
ing procedure for VIT can be summarized into
three steps: (1) Tokenization of visual information,
(2) Combination of multimodal sequences, and (3)
Supervised Fine-Tuning through next-token pre-
diction. When an image and user instruction text
are input, the input image v is first passed through
the visual encoder H(-) to obtain an image repre-
sentation Z,. This representation is then projected
into an embedding space understandable by the
language model via the projection layer Proj(-),
resulting in R,.

H(v) = Z,, Proj(Z,) = R, (1)

In the case of user instruction text (q), it is embed-
ded through the language model’s embedding layer
G(-) to produce R,,. Finally, the text embeddings
R, and image embeddings R, are combined into
a single multimodal sequence X, separated by a
special image token [IMG].

G(q) = Ry, Concat(Ry, [IMG], R,) = X (2)

This sequence X is fed into the language model
and trained toward the Supervised Fine-Tuning ob-
jective via next-token prediction. The loss function
employed in this process is the Causal Language
Modeling Loss, defined as follows:

T
L(0) == logP(yi| §<i, X) (3
=1

Recent studies have adopted methods of jointly
training the projection layer, LLM, and even the
visual encoder. However, this study adopted the
original VIT training method to ensure experimen-
tal stability.

Parameter Value
optimizer AdamW (8-bit)
learning rate Se-4

cosine
cosine_with_min_Ir

Ir scheduler
Ir scheduler type

min Ir le-6
epoch 3
batch Size 2
gradient accumulation 2
warmup ratio 0.01
precision bfloat16
IIm lora
projection layer lora

frozen
g, k, v, 0, up, down, gate,
embed, Im_head

vision encoder

lora_trainable

Table 14: Applied hyperparameter settings

C.2 Hyperparameter Settings

In this study, LoRA (Hu et al., 2022) was used for
training the VLM on DocPlan. Detailed hyperpa-

rameter settings related to training are provided in
Table 14.

C.3 Evaluation Prompt for ChartQA and
ChartQAPro

In this study, we found that the commonly
used evaluation metric, relaxed accuracy, adopted
by existing benchmarks such as ChartQA and
ChartQAPro, falls short in capturing the seman-
tic validity of answers. Therefore, we adopted the
LLM-as-judge approach for a more accurate evalu-
ation. The prompt used for evaluation is shown in
Figure 22.

D Example of DocPlan dataset

The DocPlan dataset contains a varying number of
subplans depending on the complexity of the image
and the query. Figures 23, 24, and 25 illustrate
examples with 1, 2, and 3 subplans, respectively,
demonstrating how the structure of step-by-step
reasoning changes with task difficulty.

E Detailed GPT Prompts & Comparative
Reasoning Examples

To evaluate whether the DocPlan dataset-trained
model proposed in this study demonstrates im-
provements in interpretability compared to other
reasoning-based VLMs, a comparative evaluation
was conducted against the Llava-CoT model. The
evaluation utilized an LLM-as-judge method to
assess: (1) the Final Answer derived from inputs
containing only questions and reasoning processes
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- Otherwise respond with "X"

Input Format:

Question: {question}
Option: {Option}

Label: {answer}

Model Answer: {prediction}

Output Format:
Result: O/ X

You are given a question, a correct label (answer), and a model-generated answer. Your task is to
evaluate whether the model's answer is correct.

- Treat the model answer as correct (respond with ""O") if any of the following is true:
1. It contains exactly the correct option letter (e.g. “A”).
2. It contains the letter plus punctuation (e.g. “A)”, “A.”).
3. It contains the full text of the correct option (e.g. “banana”).
4. It combines letter and text (e.g. “A) banana”, “A. banana”).

Figure 22: Instructions for evaluating the correctness of model-generated answers in ChartQA and ChartQAPro

using structured matching rules

~1 Sub Plan Data Example

+10. What vas the last grade of achool you completed? Was Lts...(READ LIST) - == —

[Geeae voneat

TERMINATE, ERASE AND RE-USE

Some high school (9-12).
High school graduate
co!

(©0 Nt READ) [Refused..

TERHINATE, EFASE AND RE-USE

11, Are you....(READ LIST)

211
X - [cuEcK quora contror,

14. 15 you total yearly family income ove
*. IF ovER

Rder $2:
OR UNDER $15,000 . 000: 1S IT OVER OR UNDER §35,0007

X 2241

—— =2 [wecomo onLy one
-3 | AnswER IN Q.14
@ -4

$35,000 or more..

-1
-2
-3
-
-5 Phoer
-6
E
-8
-9
-0

15. Check city:

Albany.
Albuquerque.

os Angeles.

Little Rock.

5,0007 (1P UNDER $25,000: IS IT OVER
)

—23

24~

CHECK QUOTA CONTROL. DETERMINE IF RESPONDENT NEEDED, THEN INVITE 70 PARTICIPATE,
USING THE FOLLOWING INVITATION. .a

£926 25505

Q:What is the Total Yearly Family income?

(" <QUERY_ANALYSIS>
The user is asking for the total yearly family income as indicated in the provided document. The
intent is to find the specific income range that was selected by the respondent. There is no
specified format for the response.

\_ </QUERY_ANALYSIS> Y

<DEF_PLAN>
<SUB_PLAN>|dentify the question related to total yearly family income and its corresponding
answer.</SUB_PLAN>

</DEF_PLAN> )

/ <EXEC_PLAN> \

<SUB_PLAN?>Identify the question related to total yearly family income and its corresponding
answer.</SUB_PLAN>

<EXTRACTED_INFO>

"“markdown

14. Is your total yearly family income over or under $25,000? (IF UNDER $25,000: IS IT OVER
OR UNDER $15,000 ... IF OVER $25,000: IS IT OVER OR UNDER $35,000?)

Under $15,000....
$15,000 - $24,99¢

</EXTRACTED_INFO>

<THINK>

The extracted information shows that the respondent has checked the box for "Under $15,000"

in response to the question about their total yearly family income. This indicates that their

income falls within this specified range.

<ITHINK>

<PLAN_ANS> The total yearly family income is under $15,000. </PLAN_ANS> j

\<IEXEC_PLAN>

<FINAL_ANSWER>
The total yearly family income is under $15,000.

<IFINAL_ANSWER>
= J

Figure 23: An example of DocPlan data with one subplan.

without images, (2) the accuracy of the derived Fi-
nal Answer, and (3) interpretability preference. The
prompts used for each evaluation are shown from
Figure 26 to Figure 28, and comparative examples
are provided in Figure 29.

F Detailed Token Distribution Analysis

To provide a more granular understanding of the
inference cost associated with DocPlan, we ana-
lyzed the average number of generated tokens per
DocPlan-pipe stage across all models and bench-
marks. The detailed statistics are presented in Ta-
ble 15, and the key observations for each stage are
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/2 Sub Plans Data Example

Q: How many categories are there?

<QUERY_ANALYSIS>

The user wants to find the AUTH. NO. associated with TYRONE W AUSTIN in the provided document. The

preferred response format is a direct and concise answer.
</QUERY_ANALYSIS>

]

|

<DEF_PLAN>
<SUB_PLAN>Identify and list all the { in the </SUB_PLAN>
<SUB_PLAN>Count the total number of categories identified.</SUB_PLAN>
</DEF_PLAN>

/" <EXEC_PLAN>

<SUB_PLAN>Identify and list all the
<EXTRACTED_INFO>

“markdown

CATEGORIES

in the

</SUB_PLAN>

Your Personnel Working Abroad

- Medical students in clerkships or research programs
- House staff members in clinical or research programs
- Visiting faculty at foreign medical schools

- Faculty members in research programs

Foreign Personnel in Your School

- In internship programs of affiliated hospitals
- In residency programs of affiliated hospitals
- In fellowship programs of affiliated hospitals
- Post-graduate fellows in the basic sciences
- As visiting faculty

</EXTRACTED_INFO>
<THINK>

The extracted information shows two main sections: "Your Personnel Working Abroad" and "Foreign
Personnel in Your School." Each section lists specific categories under it. By counting these, we can
determine the total number of categories.

<ITHINK>

<PLAN_ANS> There are 9 categories listed in the document. </PLAN_ANS>

\ </EXEC_PLAN>

/~ <EXEC_PLAN>

<SUB_PLAN>Count the total number of categories identified.</SUB_PLAN>

<THINK>

From the previous step, we have identified 9 distinct categories under the two main sections. Counting
these confirms the total number.

<ITHINK>

<PLAN_ANS> The total number of categories is 9. </PLAN_ANS>

\_ </EXEC_PLAN>

N

[

<FINAL_ANSWER>
The document contains a total of 9 categories.
<IFINAL_ANSWER>

Figure 24: An example of DocPlan data with two subplan.

summarized as follows.

Query Analysis. This stage consumes the fewest
tokens across all configurations but serves as a crit-
ical prerequisite that determines the direction of
subsequent reasoning. Notably, Gemma3, which al-
located a relatively higher number of tokens to this
stage, recorded the highest average performance
improvement (18.1%p) under the +DocPlan con-
figuration.

Definition of Plan. In most models, +DocPlan
recorded higher performance compared to
+DocPlan(origin), supporting the premise that
DocPlan’s structured planning, rather than simple
data augmentation, substantially contributes to
reasoning quality.

Execution of Plan. As the stage accounting for
the majority of total inference cost, significant per-
formance improvements were observed in ChartQA
for models such as Llama-Vision (74.2 — 86.6) and
Gemma3 (57.4 — 81.3). Notably, Llama-Vision
achieved top-tier performance while maintaining
the lowest total token consumption (284.3 tokens),
whereas paligemma2 showed relatively limited im-

provement despite a higher token count (629.8 to-
kens). This suggests that the quality of the struc-
tured execution path, rather than the absolute quan-
tity of tokens, governs overall performance.

Final Answer. This stage consumed the fewest
tokens with minimal variance across models, im-
plying that the difference in final performance is
determined by the quality of the reasoning chain
established in the preceding stages rather than the
answer generation itself. These findings reaffirm
that DocPlan’s stepwise reasoning design achieves
both token efficiency and performance enhance-
ment.
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3 Sub Plans Data Example

92.150.8%
8587.3%gy,

81.7% 75.70.,82-1% 81.181.5%

® 2012 @ 2013 © 2014 @ 2015 ® 2016 © 2018

Q: Compare the share of businesses with
50-249 employees between 2013 and 2016.

/~ <QUERY_ANALYSIS>
The user's query is asking to compare the share of businesses
with 50-249 employees between the years 2013 and 2016. The
intent (INTENT) is to analyze the data for the specified
employment size range and determine if there was an increase,
decrease, or no change in the share of businesses over the
given time period. There is no specified preferred response
format, so a clear comparison will suffice.

\</QUERY_ANALYSIS>

~

/

/”~ <DEF_PLAN>
<SUB_PLAN>EXxtract the share of businesses with 50-249
employees for the year 2013.</SUB_PLAN>
<SUB_PLAN>EXxtract the share of businesses with 50-249
employees for the year 2016.</SUB_PLAN>
<SUB_PLAN>Compare the shares from 2013 and 2016 to

determine any changes.</SUB_PLAN>
\_ </DEF_PLAN>

<EXTRACTED_INFO>

““markdown

| Employment size | Share of businesses |
| | |

1 ] 1
| 50-249 | 59.2% |

</EXTRACTED_INFO>

<THINK>

The share of businesses with 50-249 employees in 2013 is 59.2%.
</THINK>

!PLAN_ANS> The share of businesses with 50-249 employees in 2013 is 59.2%. </PLAN_ANS>

</EXEC_PLAN>

KEXEC_PLAN>
<SUB_PLAN>EXxtract the share of businesses with 50-249 employees for the year 2013.</SUB_PLAN>

AN

KEXEC_PLAN>
<SUB_PLAN>Extract the share of businesses with 50-249 employees for the year 2016.</SUB_PLAN>

<EXTRACTED_INFO>

““markdown

| Employment size | Share of businesses |
| | |

I | I
| 50-249 1 73.1% |

</EXTRACTED_INFO>

<THINK>

The share of businesses with 50-249 employees in 2016 is 73.1%.
</THINK>

</EXEC_PLAN>

!PLAN_ANS> The share of businesses with 50-249 employees in 2016 is 73.1%. </PLAN_ANS>

AN

/” <EXEC_PLAN>

<THINK>

</THINK>

</PLAN_ANS>
\</EXEC_PLAN>

<SUB_PLAN> Compare the shares from 2013 and 2016 to determine any changes.</SUB_PLAN>

Comparing the shares, we see that the share of businesses with 50-249 employees increased from 59.2% in 2013 to 73.1% in 2016. This indicates a
significant rise in the share of businesses within this employment size range over the three-year period.

<PLAN_ANS> The share of businesses with 50-249 employees increased from 59.2% in 2013 to 73.1% in 2016, indicating a significant rise.

VAN

Vs
<FINAL_ANSWER>

</FINAL_ANSWER>

The share of businesses with 50-249 employees increased from 59.2% in 2013 to 73.1% in 2016, indicating a significant rise over the three-year period.

J

\S

)

Figure 25: An example of DocPlan data with three subplan.
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Model Query Analysis  Definition of Plan  Execution of Plan  Final Answer

DocVQA

SmolVLM2 27.715.9 61.1/25.5 352.6/226.2 49/3.8
Gemma3 28.7/6.4 49.7/20.7 323.6/282.2 39/3.5
Qwen2-VL 27.717.0 46.4/184 343.8/222.2 5.0/3.4
paligemma?2 22.6/6.0 37.0/20.1 248.6/260.5 4.6/3.2
Llama-Vision 22.8/5.1 38.8/17.4 267.2/184.2 4.1/3.2
InfoVQA

SmolVLM2 33.4/6.2 75.3/18.2 455.2/265.5 33/32
Gemma3 35.0/7.2 59.7/16.2 446.7/232.4 3.0/29
Qwen2-VL 31.6/7.2 55.7/14.5 432.1/202.3 33/2.6
paligemma2 29.8/7.3 60.5/16.3 419.0/171.7 34/35
Llama-Vision 27.6/6.5 52.6/15.5 368.1/153.5 29/32
ChartQA

SmolVLM2 33.8/6.6 73.9/21.9 514.1/264.9 3.6/2.0
Gemma3 36.2/7.2 61.3/17.8 519.2/277.9 33/1.7
Qwen2-VL 31.6/6.3 55.2/15.6 437.4/213.0 3.6/2.2
paligemma2 29.7/6.1 59.2/18.9 436.6/206.7 34/1.7
Llama-Vision 27.6/5.1 51.0/15.2 357.2/162.3 22/1.3

Table 15: Average number of generated tokens per DocPlan-pipe stage (mean/std). Each value represents the token
count for the corresponding stage across different benchmarks.

You are given a question and a structured reasoning trace that includes analysis, step-by-step
planning, and conclusions.

Your task:

- Carefully read the reasoning and extract the most accurate final answer to the question.

- The answer must be short and specific (e.g., a word or phrase).

- Always output exactly one line starting with: final answer:

- Do not leave the answer blank.

- Even if the reasoning is indirect, you must infer the best possible answer from the provided content.

Question:
{question}

Reasoning:
{reasoning}

[Output format]
final_answer:
<Your final answer here — must not be empty>

Figure 26: Instructions for identifying and outputting a concise, specific final answer based on structured reasoning
in response to a question
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You are given:
- A list of semantically equivalent correct answer variants.
- A model's prediction.

Your task:

- Determine whether the prediction has the same meaning as any of the correct answer variants.
- Focus only on meaning, not formatting or wording.

- If the prediction matches any of the variants in meaning, output: Correct

- Otherwise, output: Incorrect

- Output exactly one word: Correct or Incorrect

- Do not include any explanation or additional text.

Correct Answer Variants:
{Label}

Model Prediction:
{Model prediction}

[Output format]
Correct

or

Incorrect

Figure 27: Instructions for determining whether a model’s answer is semantically equivalent to a list of correct
answer variants, with strict output rules

You are a human evaluator comparing the interpretability of reasoning between two Al models.

You are provided with:

- An image (assume it is visible to you)

- A question about the image

- Two model responses that include reasoning and a final answer

Task:

Evaluate which model demonstrates more interpretable reasoning based on both the image and
the text. By "interpretable", we mean:

- Is the reasoning logically consistent and easy to follow?

- Does it clearly connect visual evidence from the image to the answer?

- Are intermediate steps transparent and well-explained?

If one model is clearly more interpretable, choose that model.
If both models are similarly interpretable, select "tie".

Inputs:
Question: {question}

Model A Answer:
{model_a_answer}

Model B Answer:
{model_b_answer}

Respond with only one of the following exact outputs:
- A model is better

- B model is better

- tie

Do not provide any explanation or additional text.

Figure 28: Instructions for evaluating and selecting the more interpretable reasoning between two Al model responses
based on image-grounded questions
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—Example of comparison between Llava CoT and DocPlan

Question:
How many merchant wholesalers were there in
Ontario as of December 2020?

Answer:
399

Answer from Llava CoT

<SUMMARY> To solve the problem, I will identify the number of merchant wholesalers in Ontario from the bar graph in the image. I will
look specifically at the bar labeled "Ontario'" and note the number associated with it. </SUMMARY>

<CAPTION> The image is a bar graph showing the number of merchant wholesalers across various provinces and territories in Canada as
of December 2020. Each bar represents a different location, with numbers on the x-axis representing the count of establishments. Ontario
is the first bar and has the highest value in the graph. </CAPTION>

<REASONING> To determine the number of merchant wholesalers in Ontario, I will locate the bar labeled "Ontario" on the graph. The
length of the bar and the number next to it indicate the total count of wholesalers. According to the graph, Ontario has a bar that extends

to the value 399 on the x-axis. This signifies there are 399 merchant wholesalers in Ontario. </REASONING>

<CONCLUSION> 399 </CONCLUSION>

Answer from Self-Planning DocPlan-pipe

<QUERY_ANALYSIS>

The core intent of the query is to find out the specific number of merchant wholesalers in Ontario as of December 2020. The user has not
specified a preferred response format.

</QUERY_ANALYSIS>

<DEF_PLAN>
<SUB_PLAN=>1dentify the bar corresponding to Ontario in the chart.</SUB_PLAN>
<SUB_PLAN>Read the number of establishments indicated for Ontario.</SUB_PLAN>
</DEF _PLAN>

<EXEC_PLAN>
<SUB_PLAN>Identify the bar corresponding to Ontario in the chart.</SUB_PLAN>
<EXTRACTED_INFO>

““markdown

| Province | Number of establishments |

| | |

1 I
| Ontario | 399 |

</EXTRACTED_INFO>

<THINK> The bar corresponding to Ontario is clearly identified and shows a value of 399. </THINK>
<PLAN_ANS> The number of merchant wholesalers in Ontario as of December 2020 was 399. </PLAN_ANS>
</EXEC_PLAN>

<EXEC_PLAN>

<SUB_PLAN>Read the number of establishments indicated for Ontario.</SUB_PLAN>
<EXTRACTED_INFO>

““markdown

| Province | Number of establishments |

| | |

1 I
| Ontario | 399 |

</EXTRACTED_INFO>

<THINK> The number of establishments indicated for Ontario is 399, which directly answers the user's query.</THINK>
<PLAN_ANS> There were 399 merchant wholesalers in Ontario as of December 2020. </PLAN_ANS>

</EXEC_PLAN>

<FINAL_ANSWER>
There were 399 merchant wholesalers in Ontario as of December 2020.
</FINAL_ANSWER>

Figure 29: Example of comparison between Llava CoT and DocPlan
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G Statistical Analysis of DocPlan Dataset

Average Data Tokens by Query Type and Difficulty

Basic @ Intermediate @ Advanced

-
- I
- I
- I
w
0 2000 4000 6000 8000 10000 12000 14000

Figure 30: Across all three difficulties, questions categorized as LR tend to have longer token lengths. In most query
types, token lengths decrease from ‘Advanced’ to ‘Intermediate’ to ‘Basic’, indicating that lower difficulties are
generally associated with shorter token lengths.

<SUB_PLAN> Distribution by Image Type

Image Type (Source)
601 —— InfoVQA
—— DocVQA
—— ChartQA
50 A .
—— Generation
£
3 40 +
—
o
(0]
g 30 A
C
(0]
et
& 20
10 A
0 -
0 1 2 3 4 5 6 7 8 9 10 11

SUB_PLAN Step Index (More Detailed Binning)

Figure 31: Sub-Plan distribution by image type. The number of Sub-Plans tends to be clustered clustered around
2 and 3. InfoVQA has the largest proportion at 3 Sub-Plans. DocVQA and ChartQA are spread relatively evenly
from 1 to 4, while Generation shows a more balanced distribution across all values from 1 to 6, suggesting a wider
variety of Sub-Plan counts.
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Detail Distribution of the SUB_PLAN

CPJ\«T- 1261 162 15 0 0 0 0 0 0
cP B 51 4 0 0 0 0 40000
cp.cH 21 6 1 0 1 0
FP_A | 24347 47602 10 0 0 0 0 0
5000
FP_B | 15 1 1 0 0 0
FP_C 15 2 0 0 0 0
2
=
2 RAA 3 0 0 0 0 0
g IR
a 3000 g
3 IRBA 36 1 0 0 0 0 Z
& S
E 8
% rRc 340 % 7 o 2 o
3
LR A 12 2 1 3 0 0 L 1000
LR B 5 0 0 0 0 0
LR_C 230 23 3 1 1 0
F 100
MA A1 2 1 0 0 0 0
MA_B 39 9 0 0 0 0
Macd{ 12 4 271 1499 1589 1121 211 89 31 5 0 1
. . . - . - . . . . . . 0
0 1 2 3 4 5 6 7 8 9 10 11

Number of <SUB_PLAN>

Figure 36: Heatmap of query type and query difficulty. The number of generated Sub-Plans ranges from 0 to
11, with the average clustered around 3 to 4. This reflects a strong bias toward FP_A type questions. For questions
with more than 6 Sub-Plans, the dominant types are IR and LR, and the majority of these questions are labeled
as difficulty level C. This suggests that as questions require more reasoning or have higher difficulty, they tend to
generate more Sub-Plans.
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<SUB_PLAN> Distribution InfoVQA

<SUB_PLAN> Distribution DocVQA

Number of <SUB_PLAN>

Number of <SUB_PLAN>

o 2000 2000

6000
Number of ltems

<SUB_PLAN> Distribution ChartQA

2600 10000 12000 o

5000

10000

<SUB_PLAN> Distribution Generation

20000 25000
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Number of <SUB_PLAN>

18.47:

Number of <SUB_PLAN>

35,371

o 2500 5000

7500

10000
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15000 25000 30000 35000
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Number o tems

Figure 37: Detailed distribution of Sub-Plan counts across four image types: InfoVQA, DocVQA, ChartQA, and
Generation. It can be observed that both the questions with no Sub-Plans(0) and those with more than 6 Sub-Plans
are primarily from the Generation image type.

Question Type Distribution

20(’)00

40(’)00 60(’)00

Number of Docs

80(’)00

100’000

Figure 38: DocPlan includes not only simple lookup questions but also a substantial number of high-level reasoning
types such as how and command. While why-type questions are rare due to the lack of explicit reasoning in
documents, implicit reasoning is effectively covered through how and command types, enhancing the dataset’s

reasoning depth.

Question Length

Final Answer Length (Log)

Context Token Count

Percentage (%)

Query Type
— cp
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Percentage (%)

Query Type

— P

Percentage (%)

Query Type
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— P
— R
— R
— MA

0 20

a0
Number of words in question

80

0 20 40 60 80 100
Number of words in final answer

120

140

500 1000 1500 2000

Number of tokens in context

2500 3000 3500

Figure 39: Each query type exhibits a distinct token length distribution, indicating varying levels of reasoning
complexity depending on the type.
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Question Length by Query Difficulty

Final Answer Length by Query Difficulty (Log Scale)

Context Token Count by Query Difficulty

Percentage (%)

Query Difficulty Query Difficulty 0 Query Difficulty
— Advanced — Advanced — Advanced
—— Basic 10t —— Basic —— Basic
—— Intermediate — Intermediate — Intermediate
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[ 20 60 80 20 40 60 80 100 120 140 [ 500 1000 1500 2000 2500 3000 3500

Number of words in question

Number of words in final answer

Number of tokens in context

Figure 40: As query difficulty increases, the lengths of questions, answers, and contexts grow accordingly. This
trend highlights the clear separation of difficulty levels in the DocPlan dataset.
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Figure 41: Each stage—DEF PLAN, EXEC PLAN, THINK, FINAL ANSWER—exhibits distinct lexical patterns
aligned with its functional role: problem setup, information retrieval, reasoning, and summarization. This reflects a
clear division of reasoning steps through language use.
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Word Cloud: Question Word Cloud: Full Context
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Figure 42: User questions often include terms like answer, please, response, indicating the expected answer format.
In contrast, the full context contains directive words such as identify, section, value, document, guiding the model
on where and how to locate relevant information within the document.
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Figure 43: User interface employed for the human filtering process
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