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Abstract—Existing Multimodal Large Language Models
(MLLMs) demonstrate excellent performance in handling visual
tasks in everyday scenarios, but they struggle to understand
structured images such as flowcharts and organizational charts.
The complex non-linear structure and rich textual content of
these images often cause structural hallucinations, resulting in
logically inconsistent interpretations. In this paper, we propose
GLA-MLLM, a novel flowchart understanding framework inte-
grating global-local awareness with MLLM generation. GLA-
MLLM operates in three stages: local structural perception,
global semantic understanding, and MLLM-based generation.
First, visual primitive detection, text recognition, and a geometry-
aware Graph Neural Network (GNN) are integrated to trans-
form raw flowchart images into high-fidelity semantic triplets.
Subsequently, an open-source Vision-Language Model (VLM) is
leveraged to extract a global semantic summary, providing high-
level guidance and steering the model toward a coherent logical
interpretation. Finally, these multi-scale cues are serialized into
a structured prompt to fine-tune the multimodal model via Low-
Rank Adaptation (LoRA), enabling grounded and topologically
faithful logical reasoning. We evaluated GLA-MLLM on the
Computerized Block Diagrams (CBD) dataset and the FC_B
handwritten flowchart dataset, where it achieved state-of-the-
art (SOTA) performance, demonstrating strong robustness to
diagram complexity and improved cross-domain generalization.

Index Terms—flowchart understanding, multimodal large lan-
guage models, fine-tuning, structured images, structural halluci-
nations

I. INTRODUCTION

Flowcharts are widely used visual tools for representing
complex logical procedures and decision-making processes
across diverse domains. In software engineering, they are
commonly used for algorithm visualization and automated
code generation [1]; in the medical domain, they support
standardized clinical diagnosis and treatment guidelines [2];
and in business management, they facilitate the optimization
of operational workflows [3]. Consequently, the ability to
automatically parse and interpret flowchart logic into natural
language is of significant importance.

Traditional approaches to flowchart understanding primarily
relied on rigid rule-based systems and basic shape anal-
ysis [4]. While effective under specific constraints, these
methods often struggled to generalize across diverse lay-
outs and to handle the visual noise present in hand-drawn
diagrams [5]. To address these limitations, detection-based

approaches such as Arrow R-CNN were proposed to improve
topological reconstruction by incorporating dedicated arrow
keypoint prediction [6]. More recently, the field has shifted
toward generative approaches based on Multimodal Large Lan-
guage Models (MLLMs). Models such as FlowVQA [7] and
mPLUG-PaperOwl [8] have demonstrated strong capabilities
in resolving complex logical queries. However, due to the
complex and non-linear structure of flowcharts, existing end-
to-end MLLMs often struggle to capture fine-grained textual
details and tend to produce structural hallucinations.

To overcome these challenges, we propose GLA-MLLM, a
novel flowchart understanding framework integrating global-
local awareness with MLLM generation, as illustrated in
Fig. 1. First, the Local Structural Perception Module (LSPM
) integrates visual primitive detection, text recognition, and a
geometry-aware Graph Neural Network (GNN) to transform
raw flowchart elements into high-fidelity semantic triplets; this
process explicitly maps localized connectivity into a structured
format that the MLLM can interpret. We then introduce the
Global Semantic Understanding Module (GSUM) to extract
a global semantic summary of the flowchart’s macro-logic,
which serves as a top-down semantic prior to align the gen-
erative process with the diagram’s overarching intent. Finally,
these multi-scale cues are serialized into a hierarchical struc-
tured prompt to fine-tune the MLLM via Low-Rank Adapta-
tion (LoRA). This approach creates a controllable reasoning
environment that ensures strict topological faithfulness while
maintaining the linguistic fluency required for complex logical
derivation. Experimental results demonstrate that GLA-MLLM
exhibits excellent performance in understanding structured
images. In summary, our contributions are as follows:

(1) We propose GLA-MLLM, a novel framework that inte-
grates global-local-aware perception with MLLM for robust
flowchart understanding. (2) We introduce a structured reason-
ing pipeline that explicitly models both fine-grained structural
cues and global semantic context, effectively mitigating struc-
tural hallucinations in complex and non-linear flowcharts. (3)
Extensive experiments on both computerized and handwritten
flowchart datasets demonstrate that our approach achieves
state-of-the-art performance on flowchart understanding tasks.
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Fig. 1. Overall framework of GLA-MLLM, consisting of three main modules:
(a) a Local Structural Perception Module (LSPM) to detect visual primitives
and extract structural triplets; (b) a Global Semantic Understanding Module
(GSUM) to generate macroscopic summaries; and (c¢) a Generative MLLM
Reasoner that integrates structural and global information to perform enhanced
flowchart logical reasoning.

II. RELATED WORK

A. Multimodal Large Language Models

Large Language Models (LLMs) have demonstrated ro-
bust capabilities in language comprehension, reasoning, and
generalization [9]. Building upon this, MLLMs extend these
reasoning skills to additional modalities such as image [10],
and video [11]. Typically, MLLMs align target features with
textual features and then integrate them with LLMs for various
text inference tasks. Some train the whole architecture from
scratch [12] and others [13] utilize pretrained LLMs.

Currently, leveraging MLLMs for flowchart understand-
ing has become an active research area. For example,
FlowVQA [7] establish benchmarks for evaluating multi-
directional logical reasoning and multi-dimensional compre-
hension in flowcharts. In addition, mPLUG-PaperOwl [§]
improves diagram analysis by aligning scientific figures with
textual context. However, these end-to-end approaches often
struggle with structural hallucinations and the loss of fine-
grained textual details when processing dense flowcharts.
To address these challenges, we propose GLA-MLLM, a
dual-path framework that explicitly injects local topological
triplets and global semantic summaries into MLLMs to enable
grounded and hallucination-resilient flowchart understanding.

B. Flowchart Understanding

Flowcharts have been widely used across multiple domains,
including software engineering [1], healthcare [2], and busi-
ness [3]. Therefore, many approaches have been proposed
for their automatic understanding and parsing. Traditional

methods typically relied on predefined symbol templates, im-
age processing techniques, and rigid structural grammars [4].
Early researchers such as [5] utilized primitive-based structural
analysis to decompose diagrams into basic geometric shapes
and lines. While these rule-based approaches ensured preci-
sion within specific constraints, they suffered from limited
adaptability to diverse layouts, varied line styles, and hand-
drawn noise. To overcome this rigidity, detection-based Al
approaches were introduced. Bernhard et al. Arrow R-CNN [6]
achieves more accurate topological reconstruction, yet remains
highly rigid when handling irregular hand-drawn strokes,
diverse line styles, and cluttered layouts.

More recently, research has shifted toward generative
approaches to enable more natural and semantically rich
flowchart interpretations. Raghu et al. [14] proposed an end-
to-end framework that parses flowcharts through interac-
tive dialogues with GPT-2, leveraging a retrieval-augmented
generation (RAG) architecture. [15] further introduced Gen-
Flowchart, a generative Al framework that interprets flowchart
logic by mapping visual components to structured semantic
descriptions. Singh et al. [7] advanced this line of work by
proposing FlowVQA, which leverages large-scale multimodal
models to answer complex logical queries within flowchart
structures. Despite these advances, existing generative ap-
proaches often struggle to maintain strict logical consistency
across non-linear execution paths, primarily due to the absence
of explicit structural constraints and a lack of awareness of
global, macro-level intent. As a result, such models are prone
to structural hallucinations and inconsistent reasoning when
processing complex flowcharts. To address these challenges,
we propose a geometry-aware framework. It combines pre-
cise topological refinement with global semantic guidance,
anchoring the generative logic in grounded structural evidence
to effectively mitigate hallucinations in complex flowchart
parsing.

III. PROPOSED METHOD

A. Local Structural Perception Module

The Local Structural Perception Module (LSPM) aims to
convert raw flowchart images into structured, fine-grained cues
for downstream reasoning. It first detects visual primitives and
recognizes associated text, and then binds the recognized con-
tent to the detected elements to support subsequent topological
parsing and triplet construction.

1) Visual Primitive Detection and Text Recognition: We
formulate primitive extraction as a multi-class object detection
task using YOLOVS. The detector localizes six functional
components: terminator, process, decision, data, text, and
arrow.

After localization, textual content within fext and func-
tional boxes is extracted using a pretrained TrOCR model,
which employs an encoder—decoder architecture to recognize
irregular handwritten and printed text. To mitigate the visual
noise prevalent in the FC_B dataset, detected text patches
undergo adaptive contrast enhancement and deskewing before
recognition. The recognized strings are then associated with



their corresponding nodes or arrows via spatial containment
and proximity rules, forming the semantic basis for triplet
extraction. This binding provides geometric and linguistic con-
straints for initial connectivity inference, enabling the model
to distinguish the flow’s source from its destination.

2) Topological Reasoning via Geometry-aware GNN:
While visual detection yields a set of discrete primitives, it
does not directly provide a reliable logical topology. To obtain
a more robust reconstruction of the flowchart structure, we
introduce a geometry-aware GNN to refine connectivity. Each
detected element d; is mapped to a graph node v; characterized
by a hybrid node feature vector x;:

x; = [norm(bbox;) || one-hot(cls;)], (1)

where norm(bboz;) = [z, ye, w, h] denotes the normalized
spatial attributes of the i-th element. Here (z.,y.) and (w, h)
are respectively the center coordinates, width, and height,
scaled relative to the image dimensions (W, H) for resolution
invariance. Meanwhile, one-hot(cls;) € {0,1}% is a one-hot
vector encoding the functional category of the element, such
as a decision, process, or arrow. This term provides explicit
semantic identity to the node’s feature space, allowing the
GNN to distinguish among different primitive types during
topological reasoning.

For any node pair (7,j), we compute a geometric feature
vector consisting of relative displacement (Ax;;, Ay;;), Eu-
clidean distance dist;;, and azimuth angle 6;;. A non-linear
bias layer 1) transforms these features into a prior matrix:

Bij = Y(Awyj, Ayijy, distyj, 0;5). 2

Node-wise hidden representations h; are obtained from the
GNN encoder, and pairwise features are constructed as:

H;j = [h; || hy]. 3)

The final adjacency probability A;; is determined by fusing
these pairwise node representations with the geometric bias:

A = o(MLP(Hy;) + Byj), 4

where o denotes the sigmoid activation function. This
design down-weights geometrically implausible edges and
enhances the robustness of long-range connection predictions.
The resulting matrix A is interpreted as a probabilistic adja-
cency matrix that encodes the refined flowchart topology for
subsequent semantic parsing.

3) Semantic Parsing and Triplet Extraction: Finally, LSPM
derives a symbolic knowledge base from the graph. Text within
shape boundaries is bound to the corresponding node and used
as its semantic label, while text located in the vicinity of
arrows is interpreted as a relational descriptor (e.g., “Yes/No”
branches). Specifically, given the refined adjacency matrix A
and a set of localized text segments S, we first define a
mapping function L(v;) that assigns text to node v; based
on spatial containment, and let e;; denote the directed edge

from v; to v;. The module then constructs a set of semantic
triplets 7" as follows:

T = {{L(vi), R(eij), L(v;)) | Aij > 7}, (5)

where 7 is a confidence threshold, and R(e;;) is the relation
extraction function defined as:

Sk, if dsp € S s.t. dist(sg, e;5) <9,
R(eij):{ oo (s €15) (©)

connected with, otherwise.

where dist(sy, e;;) measures the spatial distance between
text segment s; and the arrow e;;, and 0 represents the
proximity threshold. The module ultimately outputs a set
of semantic triplets ({Head), (Relation), (Tail)), forming a
structured foundation for downstream logical reasoning.

4) Training Objectives and Loss Functions: LSPM is
trained in two stages: a detection loss for visual primitive
extraction and a graph-based loss for topological refinement.
The overall optimization target is a weighted sum:

L= >\det£det + Agnn‘cgnm (7)

where Age and Agng balance the contributions of the two stages.

a) YOLOvVS Loss for Visual Primitive Detection: We
adopt the standard YOLOv8 multi-task loss, which jointly
supervises box regression and category classification. Let D
denote the set of matched predictions and ground-truth targets
produced by the label assignment strategy in YOLOVS. The
detection loss is defined as:

Edet = Lbox + )\cls‘ccls- (8)

For box regression, YOLOvV8 employs an IoU-based loss
with distribution-aware regression. For clarity of presentation,
we abstract it as a unified IoU loss, which effectively handles
scale and aspect-ratio variations during training:

1

Loox = 71
bo: |,D‘

Z (1 — IoU¢(bbox,, bbox,)) , )

(p,9)€ED

where IoU(-) denotes a complete IoU variant and (p,g)
represents a matched prediction—ground-truth pair.

The classification term is implemented as a binary cross-
entropy loss over the 6 functional categories:

1 .
T Z BCE(yznyg)v

Loy =
cl |D|
(p.9)€D

(10)

where ¥, € [0, 1]° is the predicted class probability vector and
vy € {0,1}° is the one-hot ground-truth label.

b) GNN Loss for Topological Reasoning: The geometry-
aware GNN predicts a probabilistic adjacency matrix A €
[0, 1]¥*N " where A;; indicates the likelihood of a directed
connection from v; to v;. Given the ground-truth adjacency
matrix G € {0,1}"*¥ constructed from annotated flow



edges, we optimize the GNN via a weighted binary cross-
entropy to address the strong class imbalance between positive
and negative edges:

Loee ==Y (aGyjlog Ay + (1 — Gij)log(1 — Ayy)),

i#£]
(11)
where o > 1 up-weights positive edges.
In addition, to encourage a coherent directed structure, we
optionally regularize the adjacency predictions with a sparsity

prior: )
Lo = e Z Ajj. (12)
i#£]
The final GNN objective is:
ﬁgnn = ‘Cbce + )\spr'cspr; (13)

where Ly denotes the weighted binary cross-entropy term
in Eq. (11). Through the combined optimization, the detector
learns robust primitive localization, while the GNN learns
geometry-consistent edge inference, resulting in a reliable
structural graph for subsequent semantic triplet extraction.

B. Global Semantic Understanding Module

In the task of understanding structured flowcharts and block
diagrams, purely bottom-up detection methods focus on fine-
grained visual elements but lack the capacity to capture the
macro intent and overall control logic. To mitigate this, we in-
troduce the Global Semantic Understanding Module (GSUM),
which leverages a Qwen3-VL-8B as a global information
extractor. To effectively exploit the VLM, GSUM employs a
task-oriented prompt P that explicitly instructs the model to
adopt a global perspective. The raw image is presented with
the following concise instruction:

From a global perspective, provide a concise, single-
paragraph global semantic summary of the given
flowchart. Your analysis must first identify the ap-
plication domain and overall processing goal, then
synthesize the macro control-flow pattern, including
start/end conditions, primary processing stages, and
critical decision logic, to capture the diagram’s
overarching intent without getting lost in local de-
tails.

The primary output of GSUM is a global semantic summary
denoted as S. This textual descriptor captures high-level
semantics in a joint visual-textual feature space, representing
the macro-logic of the diagram.

C. Generative MLLM Reasoner

We propose an MLLM-based generative reasoner that uti-
lizes semantic triplets and the global summary to perform
flowchart understanding. Specifically, we serialize the seman-
tic triplets 7 and the global semantic summary S into an
structured-evidence prompt and apply parameter-efficient fine-
tuning (PEFT) to adapt the MLLM to this domain-specific
task. At inference time, the model generates a logically coher-
ent interpretation of the flowchart, conditioned on the prompt
context.

1) Prompt Design: Recent studies emphasize that the per-
formance of MLLMs are highly sensitive to prompt formula-
tions, especially when interpreting complex structural data. For
flowchart understanding, MLLMs risk hallucinating logical
paths or skipping critical decision nodes if the reasoning is
not strictly grounded in the extracted topology. To effectively
exploit the synergy between bottom-up extractions and top-
down semantics, our prompt design adheres to three guiding
principles: hierarchical evidence grounding, attribute-aware
serialization, and structural role-based constraints. First, we
explicitly inject both the fine-grained semantic triplets 7 and
the macro-structural summary to anchor the model’s reasoning
in observed connectivity rather than speculative parametric
bias. This graph structure is then serialized into a consistent
((Head), (Relation), (Tail)) format and augmented with node-
specific attributes, such as node types, ensuring a stable
symbolic understanding across diverse layouts. Furthermore,
the system prompt establishes the model’s role as a structural
analyst, imposing strict constraints that encourage Chain-of-
Thought (CoT) reasoning while forbidding the fabrication
of non-existent edges to mitigate hallucination. Based on
these principles, we adopt the following hierarchical prompt
template:

Role: You are a flowchart analysis engine. You must
perform reasoning based strictly on the provided
graph structure and semantic summary.

Task Instruction: [TASK].

Structural Graph Context: [GRAPH_TRIPLETS].
Global Semantic Summary: [GLOBAL_SUMMARY].

2) Parameter-Efficient Fine-Tuning and Inference with
LLM: To mitigate the limited domain awareness and hallu-
cination tendencies of general-purpose MLLMs in flowchart
reasoning, we employ PEFT to adapt the model to structured
symbolic evidence. Specifically, we adopt LoRA by freezing
the pretrained backbone parameters © and injecting trainable
low-rank matrices ® into the attention and cross-modal pro-
jection layers. The model is optimized using a standard cross-
entropy loss over target tokens:

T
L= —ZlogP(g]t |I7P7g<t;®aq))7

t=1

(14)

where 7 is the input image, P is the structured prompt, and
J<t = {¥1,.-.,5t—1} denotes the ground-truth prefix. At
inference time, we use the same prompt format and provide
the semantic triplets and the global semantic summary as
contextual evidence for flowchart understanding.

TABLE 1
HYPERPARAMETER SETTINGS FOR FINE-TUNING AND INFERENCE.

Parameters

lora_rank: 64, lora_alpha: 128, lora_dropout: 0.05
cutoff_len: 2048, learning_rate: 1.0e-4
num_train_epochs: 10.0, warmup_ratio: 0.1, bf16: true
temperature: 0.9, top_p: 0.9

Stage

Fine-tuning

Inference




IV. EXPERIMENTS

We first describe the experimental settings in Section IV-A,
followed by a presentation of the main results in Section IV-B,
then the ablation study in Sections IV-C.

A. Experimental Settings

Datasets. To evaluate the performance of our proposed
flowchart understanding framework, we utilize two pub-
lic datasets: the Computerized Block Diagrams (CBD)
dataset [16] and a handwritten flowchart dataset (FC_B) [16].
The CBD dataset is a benchmark designed for complex
computerized flowcharts and contains 502 images. The FC_B
dataset is a publicly available collection of online handwritten
flowcharts, commonly used to evaluate the generalization
capability of flowchart understanding models.

Evaluation Metrics. The flowchart understanding task in
this paper is formulated as an image-to-text generation prob-
lem, where the model is required to produce a natural language
description given a flowchart image. To comprehensively
evaluate the quality of the generated descriptions, we adopt
four widely used metrics that assess complementary aspects
of generation performance, including BLEU [17], ROUGE-
1/L [18] and Perplexity (PPL) [19].

Implementation Details. We utilized Qwen3-VL-8B as the
primary model for our experimental framework. We use the
LlamaFactory framework to fine-tune LLM based on LoRA
and fine-tuning parameters and inference parameter settings
at each stage can be found in the Table I. For LSPM, a
YOLOV8-based primitive detector is trained for 100 epochs on
the merged CBD and FC_B datasets to recognize functional
components. Subsequently, a geometry-aware GNN composed
of two GAT layers with a 256-dimensional hidden space is
pre-trained for 50 epochs on the same merged dataset using
the AdamW optimizer and a BCE loss to refine topological
connectivity. Finally, the refined structural cues are parsed into
semantic triplets using a confidence threshold 7 = 0.5 and a
proximity threshold 6 = 0.05, providing a grounded logical
foundation for the generative reasoner.

Baseline Models. To comprehensively evaluate the effec-
tiveness of our approach, we compare against a broad range
of baseline models covering four representative paradigms
of flowchart understanding. First, we assess general vision
language understanding using mPLUG [20] and the OCR-
free Donut [21]. Second, we include multi-stage structural
parsing pipelines that combine visual detectors (Faster R-CNN
or BloSum) with sequence-to-sequence generators (BART or
TS). Third, we evaluate recent large-scale MLLMs, includ-
ing GPT-40, Claude 3.5 Sonnet, and Gemini 2.5 Flash, as
strong black-box baselines under both zero-shot and few-shot
settings. Finally, we adopt BlockNet [22] as the primary task-
specific baseline, which represents the current state-of-the-art
for flowchart understanding.

TABLE II
PERFORMANCE COMPARISON ON THE CBD DATASET. BOLD INDICATES
BEST, UNDERLINE INDICATES SECOND BEST.

Models BLEUT R-11t R-L1T PPL|
mPLUG 3.74 15.18 12.45 5.46
Faster R-CNN + BART_L 17.29 31.16 28.50 17.93
Faster R-CNN + T5_L 22.11 40.10 36.80 12.06
BloSum + BART_L 33.47 75.24 68.45 8.33
BloSum + T5_L 42.18 80.78 74.20 7.55
Donut 54.73 75.50 71.30 38.35
GPT-40 69.50 85.33 79.50 5.95
Claude 3.5 Sonnet 72.50 88.40 82.15 5.82
Gemini 2.5 Flash 71.15 87.25 81.30 6.01
BlockNet 72.31 88.90 82.40 6.87
GLA-MLLM 74.63 92.96 89.23 5.15
TABLE III

PERFORMANCE COMPARISON ON THE FC_B DATASET. BOLD INDICATES
BEST, UNDERLINE INDICATES SECOND BEST.

Models BLEUT R-1T RLT PPLJ
mPLUG 351 481 1210  4.68
Faster RCNN + BART_L | 22.19  41.63 3740 1358
Faster R-CNN + T5_L 27.81 5047 4490 1091
BloSum + BART_L 1549 3539 3120  14.10
BloSum + T5_L 2004 4085 3615  13.46
Donut 69.29 7337  69.10  26.89
GPT-4o 62.17  89.06 8240  4.79
Claude 3.5 Sonnet 6540  90.15 8320 475
Gemini 2.5 Flash 6420 8970  82.85  4.92
BlockNet 6774  90.63 83.15  5.13
GLA-MLLM 70.77 9329 83.69 442

B. Main Results

The performance of the proposed GLA-MLLM framework
on the CBD and FC_B datasets is summarized in Table II and
Table III, establishing a new state-of-the-art across all metrics
by consistently outperforming traditional pipelines, document-
level models, and general-purpose MLLMs. Specifically, on
the CBD dataset, GLA-MLLM achieves a BLEU score of
74.63 and a ROUGE-L of 89.23, surpassing the previous
task-specific leader, BlockNet, due to the LSPM’s ability to
refine detections into a probabilistic adjacency matrix via a
geometry-aware GNN. This structural grounding yields ex-
ceptional cross-domain robustness; on the handwritten FC_B
benchmark, GLA-MLLM attains a ROUGE-1 score of 93.29
and the lowest PPL, maintaining high performance where rigid
OCR-dependent models like BloSum + T5_L degrade.

Furthermore, by integrating GSUM’s macro-logic sum-
maries with LSPM’s bottom-up semantic triplets, GLA-
MLLM surpasses general-purpose models like GPT-40 and
OCR-free models like Donut. A key observation from our
comparative analysis is the necessity of fine-tuning over pure
prompting. While general-purpose MLLMs often rely on zero-
shot or few-shot prompting to interpret diagrams, such meth-
ods frequently struggle to eliminate structural hallucinations,
especially in dense or non-linear layouts where linguistic
biases can lead the model to infer incorrect paths. In contrast,
our LoRA-based fine-tuning explicitly forces the MLLM to
align its generative reasoning with the provided topological



signals. This supervised adaptation ensures superior logical
faithfulness and linguistic quality, yielding the lowest PPL
scores across all benchmarks while remaining closely an-
chored to the underlying flowchart topology.

TABLE IV
ABLATION RESULTS ON THE CBD AND FC_B DATASETS. W/0 LSPM,
w/0 GSUM, AND W/0 FT DENOTE REMOVING THE CORRESPONDING

COMPONENTS.
Variant CED FC_B
BLEUtT R-11t PPL| BLEU?T R-11T PPL|
GLA-MLLM (Full) 74.63 92.96 5.15 70.77 93.29 442
w/o LSPM 63.80 86.90 10.20 61.12 85.30 5.80
w/o GSUM 65.45 84.12 9.12 57.30 81.55 8.45
w/o Fine-tuning 42.15 45.30 14.25 48.40 72.15 12.80

C. Ablation Study

To evaluate the contribution of each component within
the GLA-MLLM framework, we conduct an ablation study
and the results are summarized in Table IV. The removal
of LSPM causes a significant performance drop across all
metrics, proving that GNN-derived topological triplets provide
a critical logical prior that goes beyond simple node-level
semantics. Excluding GSUM leads to increased PPL and
degraded coherence, highlighting the necessity of macro-intent
extraction for guiding the generative reasoner and maintain-
ing a consistent logical flow. Finally, the collapse in zero-
shot performance underscores that supervised fine-tuning is
indispensable for bridging the substantial domain gap between
general-purpose MLLMs and the specialized task of structured
flowchart interpretation.

V. CONCLUSION

In this paper, we propose GLA-MLLM, a novel flowchart
understanding framework integrating global-local awareness
with MLLM Generation. By harmonizing local topological
triplets with global semantic summaries, our approach anchors
the generative process in grounded structural evidence, effec-
tively mitigating the structural hallucinations common in end-
to-end models. Furthermore, the integration of hierarchical
structural prompting and fine-tuning allows the MLLM to
overcome domain-specific challenges and layout irregulari-
ties. Extensive experiments on computerized and handwritten
benchmarks demonstrate that GLA-MLLM achieves logically
faithful, domain-aware, and linguistically coherent interpreta-
tions. These results indicate state-of-the-art performance on
flowchart understanding tasks.
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