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PROBLEM DEFINITION

Existing Visual Question Answering (VQA) benchmarks lack emphasis on
visual grounding and complex spatial reasoning.

They often do not assess models' abilities in understanding intricate
visual structures like flowcharts.

FlowVQA: 2,272 flowchart images sourced from various instructional and
technical content. 22,413 diverse pairs target reasoning skills such as
information localization, scenario deduction, and logical progression.



DUAL STEP FLOWCHART GENERATION PROCESS

GPT-4 is used to generate structured
representations from source texts, such as
converting instructional articles into step-
by-step guides.

First Step: Source texts are converted into
a structured format with control tags (e.g.,
"START," "PROCESS," "DECISION") to
outline the process flow.

Second Step: The structured text is
transformed into Mermaid.js flowchart
scripts using predefined templates, with
control tags helping to map steps to
specific node types.

The scripts are compiled into high-
resolution PNG images of flowcharts..



Q/A GENERATION AND VERIFICATION PROCESS
Four types of questions are created: Fact
Retrieval, Applied Scenario, Flow Referential,
and Topological. These categories assess
various aspects of flowchart comprehension
and reasoning skills.

GPT-4 is used to generate questions and
answers based on tagged textual
representations, Mermaid.js scripts, and few-
shot examples. Each question type has
specific prompts to ensure quality and
relevance.

Topological questions are created using a
graph syntax parser and script.

Each question has three paraphrased "gold
standard" answers to accommodate variations
in model responses. The Q/A pairs undergo a
rigorous human verification process to ensure
accuracy and quality.



DATASET STATASTICS

CUSTOMERS



RQ1: Does the newly introduced visual multimodal dataset, FlowVQA, present a significant challenge to current multimodal language models
(VLMs), and can it offer valuable insights for their future development?

RQ2: How do factors such as (a) the source of flowcharts, (b) the type of questions posed, and (c) the inherent complexity of the flowcharts affect
the efficacy of VLMs?

RQ1: Can the performance of VLMs on visual question answering tasks related to flowcharts be enhanced through specific directives tailored to
flowcharts? Additionally, does fine-tuning these models with the training split of the FlowVQA dataset improve their proficiency?

RQ4: Is there an observable directional bias in existing VLMs when handling flowchart-based visual question answering tasks?

Setting for Zero Shot and Zero-Shot Chain of Thought (CoT) is same as other work. Text-Only Few-Shot CoT with Reasoning Directives: A custom prompt
outlines reasoning steps specific to flowchart-related questions. This approach uses a few examples (few-shot) to guide the model through directional stimulus tags,
step-by-step rationales, and answers.

Fine-Tuning: The VLM is fine-tuned on the FlowVQA training set and then prompted to answer questions, enhancing the model's performance on the specific dataset.

Responses generated by the VLMs are evaluated by three other models (GPT-3.5, Llama-2 70B, Mixtral 8*7B) to determine correctness through a detailed rationale
and majority vote, focusing on the accuracy and coherence of the responses.

BASELINE EVALUATION SETTING



BASELINE RESULTS



DIRECTIONAL BIAS TEST

Creating an inverted "Bottom Top" set of flowcharts, where start nodes are at the bottom and end nodes at the top, to test the VLMs'
adaptability to non-standard flow directions.

The top-performing models from earlier evaluations are tested on 1,500 inverted flowchart-question pairs to detect any directional
bias, by comparing their performance on standard versus inverted flowcharts.



DISCUSSION

The dataset is challenging for all evaluated models, with the
best-performing model achieving only 68.42% accuracy. This
indicates a significant scope for improvement in handling
complex visual information.

Few-shot Chain of Thought (CoT) with reasoning directives
significantly improves performance, particularly in proprietary
models like GPT-4, which saw up to a 12% improvement
compared to other strategies.

Proprietary models generally outperform open-source models,
with GPT-4 notably surpassing others by up to 30%. This
highlights the potential for proprietary models in tackling
complex visual question answering tasks.

A noticeable directional bias was observed, as models showed
a significant drop in performance (up to 15%) when answering
questions about inverted flowcharts, suggesting a reliance on
standard flowchart orientations.
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