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1. Analysis
This section provides a more granular analysis of model
performance on the M-DocSum-Bench, expanding upon
the main paper’s findings by examining performance varia-
tions across different summary paragraphs, document con-
text lengths, and quantities of images.

1.1. Paragraph-wise Performance Variations
To assess performance consistency, we analyzed both Text
Score (TS) and Overall Matching (OMatch) across the four
structured summary paragraphs: (1) Background, (2) Pro-
posed Method, (3) Experimental Results, and (4) Conclu-
sion. As illustrated in Fig. 3(a) and (b) in the main paper and
detailed in Table 1, performance is not uniform. For Text
Summarization (TS), models generally achieve the highest
scores on Paragraph 4 (Conclusion), which is attributed to
the clear and information-dense nature of conclusion sec-
tions. Paragraph 2 (Method) ranks second, while Para-
graphs 1 (Background) and 3 (Experiments) receive lower
scores, suggesting greater difficulty with the extensive de-
tails in these sections. For Image Referencing (OMatch),
performance is highest for Paragraph 1, dips significantly
for the middle paragraphs, and slightly recovers for Para-
graph 4. This may stem from stronger image-text alignment
in introductory sections, with more complex reasoning re-
quired in middle sections. Detailed model-specific data in
Table 1 reveals specific behaviors, such as Gemini-Pro’s
state-of-the-art text summarization (e.g., TS of 0.705 and
0.722 in paragraphs 2 and 4) but average image referenc-
ing capability (e.g., OMatch of 0.421 and 0.419 in the same
paragraphs). Furthermore, the upgrade from Qwen2-VL to
Qwen2.5-VL yields general improvements in text perfor-
mance but a varying, and often significant, decline in image
referencing scores.

1.2. Influence of Context Length on Performance
We investigated the impact of document length, measured
in text tokens, on model performance, with detailed results
presented in Table 2 and Fig. 3(c) and (d) in the main pa-
per. A clear trend emerges: as context length increases,
both text and image scores tend to decrease. This degrada-
tion is particularly precipitous for image scores, suggesting
that localizing correct visual information within extensive,
multi-page documents is a primary challenge. Table 2 high-
lights the robustness of leading closed-source models; for
instance, GPT-4o maintains a commanding lead in image-
related metrics (OMatch), and Gemini-Pro demonstrates a

similar lead in text-related metrics (TS), with these leads
generally not diminishing as text length increases. How-
ever, for most other models, the decline in image referenc-
ing capability is a very pronounced trend. When comparing
the 0-5k token range to the 25-30k range, the OMatch scores
for many models decrease by approximately half, highlight-
ing a significant gap in long-context multimodal integration,
particularly for open-source models.

1.3. Impact of Image Quantity on Performance
The number of images in a document presents another scal-
ability challenge. As shown in Table 3 and Fig. 3(e) and
(f) in the main paper , there is a significant decrease in
image referencing scores (OMatch) for all models as the
number of images increases, with the highest scores consis-
tently achieved in documents containing only 1-3 images.
A significant difference is evident between closed-source
and open-source models. Among closed-source models,
GPT-4o exhibits high robustness, with its OMatch score
declining by only 9.4% when comparing the 1-3 image
bucket to the 16-17 bucket, whereas other closed-source
models like Claude-3.5-Sonnet and Gemini-Pro show much
larger drops (34.4% and 39.6%, respectively). Conversely,
open-source models experience astonishing declines; as de-
tailed in the supplementary analysis, the Qwen2.5-VL-7B
and Qwen2.5-VL-72B models show performance drops of
56.6% and 62.6%, respectively, under these conditions. No-
tably, leading closed-source models like GPT-4o maintain
stable Text Scores (TS) irrespective of the image count,
whereas most open-source models show a deterioration
in text quality as image quantity grows, suggesting their
multimodal integration capabilities are more easily over-
whelmed.

2. Ablation
We conducted ablation studies to test model robustness un-
der out-of-distribution (OOD) conditions, specifically by
shuffling image order and removing the abstract.

2.1. Robustness to Image Order Perturbation
Our ablation study first tested the hypothesis that models
should rely on semantic image-text association rather than
positional arrangement by shuffling the image order. As
shown in Table 4 and Fig. 4(a) in the main paper, this pertur-
bation degraded performance across all models, but our pro-
gressive two-stage training demonstrably enhanced robust-
ness. The base model (Qwen2-vl-7B) showed the poorest



Table 1. TS and OMatch Across Different Models and Paragraphs

Model para 1 para 2 para 3 para 4

TS OMatch TS OMatch TS OMatch TS OMatch

GPT-4o 0.596 0.705 0.637 0.531 0.560 0.489 0.610 0.571
Gemini-Pro 0.670 0.547 0.705 0.421 0.647 0.477 0.722 0.419
Claude-3-5-Sonnet 0.623 0.628 0.658 0.458 0.589 0.496 0.685 0.448
Qwen2.5-VL-72B 0.536 0.263 0.568 0.208 0.542 0.288 0.588 0.512
Qwen2-VL-72B 0.475 0.447 0.586 0.372 0.438 0.423 0.485 0.600
Qwen2.5-VL-7B 0.497 0.255 0.558 0.121 0.472 0.157 0.533 0.570
Qwen2-VL-7B 0.433 0.518 0.498 0.293 0.375 0.214 0.479 0.194

Table 2. TS and OMatch Across Different Models and Token Length

Model 0˜5k 5˜10k 10˜15k 15˜20k 20˜25k 25˜30k

TS OMatch TS OMatch TS OMatch TS OMatch TS OMatch TS OMatch

GPT-4o 0.594 0.688 0.605 0.547 0.608 0.514 0.600 0.552 0.621 0.381 0.609 0.414
Gemini-Pro 0.687 0.585 0.688 0.468 0.694 0.366 0.673 0.401 0.688 0.298 0.668 0.283
Claude-3-5-Sonnet 0.630 0.646 0.643 0.464 0.655 0.458 0.623 0.453 0.662 0.333 0.645 0.329
Qwen2.5-VL-72B 0.544 0.463 0.561 0.260 0.559 0.218 0.552 0.234 0.543 0.155 0.517 0.211
Qwen2-VL-72B 0.499 0.604 0.503 0.456 0.514 0.377 0.464 0.302 0.490 0.286 0.467 0.257
Qwen2.5-VL-7B 0.495 0.397 0.477 0.185 0.412 0.158 0.423 0.156 0.412 0.107 0.428 0.184
Qwen2-VL-7B 0.444 0.350 0.449 0.299 0.430 0.275 0.404 0.224 0.442 0.250 0.389 0.197

robustness, with its Image Score (IS) dropping from 0.421
to 0.302. After the first stage of instruction-tuning, robust-
ness improved (IS dropped from 0.615 to 0.450), and after
the second stage (DPO), the final M-DocSum-7B exhibited
even greater robustness, with its IS dropping from 0.636 to
0.483. While M-DocSum-7B is significantly more robust
than the base model (+21.5%), a slight gap remains com-
pared to larger models; its shuffled IS (0.483) is still lower
than that of GPT-4o (0.533), Claude-3.5 (0.512), Gemini-
Pro (0.501), and Qwen2.5-VL-72B (0.491), indicating that
positional bias is a persistent challenge worth further inves-
tigation.

2.2. Robustness to Abstract Removal

We next investigated whether models merely copy the origi-
nal abstract for summarization by removing it entirely, with
results detailed in Table 5 and Fig. 4(b) in the main pa-
per. The overall performance decline across models is not
significant, suggesting a low dependence on the abstract.
The training process again proved effective at enhancing
robustness: the largest decline was seen in Qwen2.5-VL-
7B (9.9%), while the smallest was in our M-DocSum-
7B (2.9%). Notably, while the Stage-1 model achieved a
slightly higher original Text Score (0.660) than the final M-
DocSum-7B (0.644), its performance after abstract removal
(0.605) was lower than that of M-DocSum-7B (0.615). This
provides strong evidence that the second stage of training
enhances the model’s robustness against this type of pertur-
bation.

3. Quantitative Statistics

Figure 1 presents the overall statistics of the 500 high-
quality arXiv articles comprising the M-DocSum-Bench.
The benchmark’s design tests scalability, as shown in the
left panel of Figure 1. Regarding document structure, the
majority of articles contain 1-6 images, with the remainder
distributed uniformly in the 7-17 image range, ensuring the
benchmark encompasses both simpler summarization tasks
and more difficult ones. Token length averages 12,912.4
, with most articles falling between 7.5k and 15k tokens
, and the inclusion of both shorter and exceptionally long
documents highlights the benchmark’s wide-ranging scope
for evaluating long-context comprehension. As shown in
the right panel, the topic distribution is not focused on a
single topic; it is primarily sourced from Artificial Intelli-
gence and related interdisciplinary fields like Engineering,
Computer Science, and Physics. This multi-faceted compo-
sition ensures a broad scope for comprehensive evaluation
and rigorously evaluates the comprehensive capabilities of
models, including understanding, reasoning, locating, and
summarization.

4. Case Study and Evaluation

We present cases generated by M-DocSum-7B and Qwen2-
VL-7B in Figure 2 and Figure 3, and elaborate on the cal-
culation methods of the M-DocEval metrics. In the first
presented case study, the M-DocSum-7B model exhibits
a significant performance enhancement following the two-



Table 3. TS and OMatch Across Different Models and Image Numbers

Model 1˜3 4˜6 7˜9 10˜12 13˜15 16˜17

TS OMatch TS OMatch TS OMatch TS OMatch TS OMatch TS OMatch

GPT-4o 0.567 0.540 0.613 0.616 0.613 0.562 0.605 0.535 0.559 0.591 0.550 0.489
Gemini-Pro 0.670 0.540 0.692 0.520 0.696 0.441 0.678 0.459 0.658 0.392 0.667 0.326
Claude-3-5-Sonnet 0.618 0.680 0.636 0.534 0.640 0.486 0.650 0.485 0.634 0.466 0.645 0.446
Qwen2.5-VL-72B 0.573 0.59 0.562 0.347 0.56 0.256 0.534 0.276 0.519 0.278 0.494 0.337
Qwen2-VL-72B 0.520 0.520 0.516 0.519 0.505 0.438 0.473 0.429 0.467 0.352 0.411 0.402
Qwen2.5-VL-7B 0.511 0.500 0.481 0.301 0.479 0.203 0.461 0.197 0.382 0.188 0.315 0.185
Qwen2-VL-7B 0.431 0.320 0.434 0.346 0.459 0.278 0.420 0.279 0.412 0.233 0.388 0.217

Table 4. Image Score and Decline Rates (Shuffled)

Models Original IS Shuffled IS

GPT-4o 0.638 0.533
Gemini-pro 0.553 0.501
Claude-3-5-sonnet 0.589 0.512
Qwen2.5-VL-72B 0.517 0.491
Qwen2-vl-72B 0.485 0.399
Qwen2.5-vl-7B 0.423 0.373
Qwen2-vl-7B 0.421 0.302
Stage-1 0.615 0.450
M-DocSum-7B 0.636 0.483
M-DocSum-7B w/o stage-1 0.556 0.405

Table 5. Text Score and Decline Rates (W/o Abstract)

Models Original TS W/o abstract TS

Qwen2.5-VL-7B 0.517 0.418
Qwen2-VL-7B 0.449 0.402
InternVL2-8B 0.513 0.435
InternVL2.5-8B 0.529 0.488
Stage-1 0.660 0.605
M-DocSum-7B 0.644 0.615

stage training process. This is specifically reflected in the
Accuracy (Acc) scores, where the model achieves a per-
fect score of 1.0 in three of the four paragraphs, resulting
in average Acc and Completeness (Com) scores of 0.875
and 0.506, respectively. In contrast, the baseline Qwen2-
VL-7B model scores only 0.5 and 0.292 in these respective
metrics. This evidence strongly indicates a substantial im-
provement in text summarization capability, demonstrating
that our model can accurately extract key points from the
source text while preserving a high degree of completeness.
The visualization of the image summarization results fur-
ther highlights these improvements. The original Qwen2-
VL-7B model correctly selects only one image to represent
the introduction paragraph. However, our M-DocSum-7B
is capable of selecting the most representative methodology
diagram from multiple architectural figures and identifying
the primary experimental results chart from several statis-
tical plots. Furthermore, it accurately determines when no
image citation is necessary for paragraphs that do not re-
quire visual summarization. Finally, concerning the specific
scoring formulas, Figure 2 and Figure 3 provides a detailed
breakdown of the calculation process and its results, offer-
ing a visual reference that validates the rationale behind our
evaluation metric design.

5. Human Baseline

To contextualize model performance, we established a hu-
man baseline using human experts (PhD and Master’s de-

gree holders). Due to time constraints, all 500 articles were
evaluated for image summarization, while 50 were evalu-
ated for text summarization. The results, presented in Table
9, reveal a clear distinction. In image summary, humans can
more accurately select figures, achieving an Image Score
(IS) of 74.86, which significantly outperforms the SOTA
(GPT-4o at 63.72) by 11.14%. Conversely, in text sum-
mary, humans (TS 62.28) were more constrained by domain
knowledge and were slightly outperformed by both GPT-4o
(TS 65.76) and our M-DocSum-7B (TS 64.39). This high-
lights the significant performance gap that remains, partic-
ularly in complex visual reasoning and referencing.

Table 6. Human baseline.

TS ImgACC NonAcc OMatch JacSim IS

Human Baseline 62.28 65.62 80.12 69.65 80.07 74.86
GPT-4o 65.76 54.57 70.15 57.85 69.59 63.72
M-DocSum-7B 64.39 54.17 71.56 57.86 69.28 63.57
Qwen2-VL-7B 44.93 40.29 39.95 33.69 50.44 42.07

6. Domain Knowledge

Defining a true Out-Of-Domain (OOD) test set is challeng-
ing given that mainstream LVLMs are pre-trained on exten-
sive academic data. Our primary strategy to mitigate data
contamination was to use recent articles (published April
2024 or later), which are considered OOD as they likely
are not in the pre-training data. Additionally, we conducted



Figure 1. The quantitative indicators of M-DocSum-Bench display fundamental information such as token length, image count, and
document topics.

an experiment comparing performance on our benchmark
(OOD) against older data (from 2017 to 2020, likely In-
Domain), with results shown in Table 7. The findings are
insightful: the Text Score (TS) improves significantly on
the older, in-domain data (e.g., +5.40 for GPT-4o, +10.52
for Step-1o), while the Image Score (IS) remains consistent
across both datasets (e.g., +0.81 for GPT-4o, -0.24 for Step-
1o). This suggests that while models benefit from textual
familiarity, the core challenge of multimodal image refer-
encing is less sensitive to domain-specific knowledge and
remains a consistent bottleneck.

Table 7. Domain knowledge.

TxtCom TxtAcc TS IS

GPT-4o 57.89 (+4.67) 76.13 (+6.42) 65.76 (+5.40) 64.53 (+0.81)
Step-1o 52.12 (+11.12) 86.53 (+5.13) 65.05 (+10.52) 57.44 (-0.24)

7. Prompt Template
We list the prompt templates used in all processes of the
paper, including Prompt template for key point extraction,
Prompt template for summary generation, Prompt template
for reference image extraction, Prompt template for evaluat-
ing text Completeness (Com), Prompt template for evaluat-
ing text Accuracy (Acc), and Prompt template for inference.
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Research Background: Deep Neural Networks 
(DNNs) are widely used in applications such as 
image recognition, speech recognition, and object 
detection, but they require substantial memory 
and computing resources, which can be a 
challenge for resource-constrained devices. 
Processing-in-memory (PIM) offers a potential 
solution by executing multiply-accumulate (MAC) 
operations in memory, thereby eliminating the 
Memory Wall caused by frequent data movement. 
Current SRAM-PIM research focuses on sparsity 
support to further improve computational 
efficiency, with most studies leveraging value-
level sparsity. However, bit-level sparsity, which 
eliminates redundant computations associated 
with zero bits in values, has been explored less. 
While bit-level sparsity has been applied in 
traditional digital accelerators, its efficient 
utilization in SRAM-PIM remains a significant 
challenge due to the rigid crossbar structure of 
PIM-based accelerators.

Proposed Method: The Dyadic Block PIM (DB-PIM) 
framework is introduced as a groundbreaking 
algorithm-architecture co-design solution to 
effectively harness unstructured bit-level sparsity in 
SRAM-PIM. At the algorithm level, the Fixed 
Threshold Approximation (FTA) algorithm is proposed 
alongside a unique bit-level sparsity pattern called 
the dyadic block (DB), which employs Canonical Signed 
Digit (CSD) encoding. This approach maintains the 
random distribution of non-zero bits for accuracy 
while restricting the number of non-zero bits in each 
weight to improve regularity. At the architecture 
level, a customized PIM macro is designed to include 
dyadic block multiply units (DBMUs) and CSD-based 
adder trees, specifically tailored for Multiply-
Accumulate (MAC) operations. Additionally, an input 
pre-processing unit (IPU) is developed to refine 
performance and efficiency by capitalizing on block-
wise input sparsity.

Experimental Results: DB-PIM was evaluated on 
a 28 nm technology platform with a 128 KB 
feature buffer, a 16 KB instruction buffer, and 
other hardware configurations. The FTA algorithm 
demonstrated minimal accuracy loss, with 
accuracy degradation remaining below 1% even 
when applied to all layers of compact NN models. 
The framework achieved significant speedup across 
various NN models, with a speedup of about 
5.20× for AlexNet and 4.46× for VGG19 by 
utilizing weight sparsity. Energy savings were also 
substantial, with energy efficiency improving by 
63.49% to 83.43% across five classical NN models. 
The area overhead of DB-PIM was relatively minor, 
with an overhead of approximately 0.48% 
compared to the digital PIM baseline. The 
framework outperformed existing state-of-the-art 
PIM-based accelerators in terms of utilization, 
peak throughput per macro, energy efficiency, and 
energy efficiency per unit area.

Conclusion: The DB-PIM framework effectively 
utilizes unstructured bit-level sparsity in digital 
SRAM-PIM, overcoming the limitations of 
conventional designs. The results show that DB-
PIM achieves a remarkable 5.20× speedup and a 
74.47% improvement in energy saving by utilizing 
unstructured weight bit sparsity. When combined 
with input bit sparsity, the framework attains 
even more remarkable results, with a 7.69× 
speedup and an 83.43% increase in energy 
efficiency. These results validate the co-design 
approach and highlight its potential to utilize bit-
level sparsity. Future work aims to combine the 
approach with value-level sparsity to maximize 
the exploitation of sparsity in NN models.

Image Idx: None

This paper addresses the computational 
efficiency problem in deep neural networks 
(DNNs) and proposes a novel algorithm-
architecture co-design framework, DB-PIM, to 
effectively exploit unstructured bit-level 
sparsity in digital SRAM-PIM architectures. The 
framework includes an FTA algorithm that 
maintains model accuracy while preserving the 
randomness of non-zero bits and a DB-PIM 
architecture that accelerates these patterns. 
The results show that DB-PIM achieves a 
remarkable speedup of up to 7.69x and energy 
savings of 83.43%.

The proposed DB-PIM framework includes an 
FTA algorithm and a DB-PIM architecture. The 
FTA algorithm employs a fixed threshold 
approximation (FTA) algorithm and a unique bit-
level sparsity pattern, termed dyadic block (DB), 
which employs the Canonical Signed Digit (CSD) 
encoding method. This approach maintains the 
randomness of non-zero bits while limiting the 
number of non-zero bits in each weight to 
improve regularity. The DB-PIM architecture is 
designed to accelerate these patterns, 
specifically tailored for Multiply-Accumulate 
(MAC) operations. It includes dyadic block 
multiply units (DBMUs) and CSD-based adder 
trees, which are specifically designed for 
efficient MAC operations on randomly distributed 
non-zero bits. Additionally, the architecture 
dynamically detects sparse blocks from input 
features, bypassing all-zero-bit blocks to 
enhance computational efficiency.

The experimental results demonstrate that the 
proposed DB-PIM framework achieves a 
remarkable speedup of up to 7.69x and energy 
savings of 83.43% over the dense PIM baseline. 
The speedup is achieved by utilizing 
unstructured weight bit sparsity, and when 
combined with input bit sparsity, the speedup 
increases to 7.69x. The energy efficiency is also 
improved by up to 83.43% compared to the 
dense PIM baseline. The area breakdown 
analysis shows that the additional logic required 
for the DB-PIM framework is relatively minor, 
approximately 0.48%. The comparison with prior 
works shows that DB-PIM achieves up to 3x 
improvement in actual utilization, 3.14x 
improvement in peak throughput per macro, and 
higher energy efficiency and energy efficiency 
per unit area.

This paper proposes a novel algorithm-architecture 
co-design framework, DB-PIM, to effectively 
exploit unstructured bit-level sparsity in digital 
SRAM-PIM architectures. The framework includes 
an FTA algorithm that maintains model accuracy 
while preserving the randomness of non-zero bits 
and a DB-PIM architecture that accelerates these 
patterns. The results show that DB-PIM achieves a 
remarkable speedup of up to 7.69x and energy 
savings of 83.43%.

1. This paper proposes the Dyadic Block PIM (DB-PIM) framework to exploit unstructured bit-level sparsity in digital     
SRAM-PIM.

2. The framework integrates the FTA algorithm, CSD encoding, and a customized architecture to address computational 
dependency and low utilization issues.

3. Experimental results demonstrate that DB-PIM achieves up to 7.69× speedup and 83.43% energy savings, with 
minimal accuracy loss across various neural network models.

4. The proposed approach significantly improves utilization, throughput, and energy efficiency compared to existing 
PIM-based accelerators.

5. Future work aims to combine the DB-PIM framework with value-level sparsity techniques to maximize the 
exploitation of sparsity in neural network models.

Com = 1.5 / 5 = 0.3

Com = 2.5 / 5 = 0.5

+0.5 +1

From M-DocSum:

From Qwen2-VL:

Key points from paragraph 4:

Evaluation Com and Acc of Conclusion:

"accuracy": "Completely Accurate",
"fluency": "Fluent",
"repetitions": 0,
"hallucinations": 0,
"distortions": 1

Acc = (4 - 0 - 0) / 4 = 1.0

"accuracy": "Mostly Accurate",
"fluency": "Fluent",
"repetitions": 1,
"hallucinations": 0,
"distortions": 0

Acc = (3 - 0 - 1) / 4 = 0.5

accuracy: “Completely Accurate” 4, “Mostly Accurate” 3, “Partially Accurate” 2, “Inaccurate” 1
fluency: “Fluent” 0, “Mostly Fluent” 1, “Not Fluent” 2
penalty_times = repetitions + hallucinations + distortions
Acc = (accuracy - fluency - penalty_times) / 4

From M-DocSum: From Qwen2-VL:

Evaluation of Reference Images:

Ground truth reference images:    [  1,    3,   6,  ‘None’]

Reference images from M-DocSum:  [  1,    3,   6,  ‘None’]

Reference images from Qwen2-VL:  [  1 ,   2,   3,     4   ]

ImgAcc = 3 / 3 = 1 NonAcc = 1 / 1 = 1 OMatch = 4 / 4 = 1
JacSim = Jaccard Similarity( set(1,3,6,’None’), set(1,3,6,’None’) ) = 4 / 4 = 1

ImgAcc = 1 / 3 = 0.33 NonAcc = 0 / 1 = 0 OMatch = 1 / 4 = 0.25
JacSim = Jaccard Similarity( set(1,3,6,’None’), set(1,2,3,4) ) = 2 / 4 = 0.5

Evaluation Criteria

Interleaved summarization from M-DocSum-7B:

Interleaved summarization from Qwen2-VL-7B

Partially 
Included

Figure 2. Presentation 1 of Case Study and M-DocEval Evaluation Methodology.



Research Background: Link prediction (LP) is a 
critical area in graph data analysis, focusing on 
inferring the connectivity between nodes. This 
task is essential for applications such as social 
network friend recommendations, knowledge 
graph completion, and drug-protein interaction 
prediction. While LP has been categorized into 
heuristic methods, embedding methods, and graph 
neural network (GNN)-based methods, GNN-
based models have recently achieved significant 
improvements in capturing intricate relationships 
within graphs. However, the high performance of 
GNN-based models is challenging to interpret 
due to their complex neural network structures. 
Persistent homology (PH), a topological data 
analysis method, has been successfully applied 
to graph classification and node classification 
tasks but has seen limited use in LP. The TLC-
GNN is a notable exception, integrating PH with 
GNNs to enhance LP performance, though it 
requires node attributes for its operation.

Proposed Method: The proposed method, PHLP, 
leverages persistent homology to analyze the 
topological structure of graphs for LP. It employs 
angle hop subgraphs and a new node labeling 
technique called Degree DRNL to better 
distinguish graph information. PHLP calculates 
persistence images (PIs) for subgraphs with and 
without target links, transforming each target 
node into a vector comprising these PIs. The 
method uses a classifier to predict the existence 
of target links based on these vectors. 
Additionally, MA-PHLP is introduced to analyze 
data from multiple angles, enhancing the 
extraction of diverse topological information. The 
hybrid method integrates PHLP with existing 
subgraph methods, such as SEAL and WP, by 
concatenating PHLP vectors with the outputs of 
these models before classification.

Experimental Results: The performance of MA-
PHLP was evaluated using the area under the 
curve (AUC) as the primary metric across eight 
benchmark datasets. MA-PHLP demonstrated 
competitive performance, achieving scores 
comparable to state-of-the-art models. Notably, 
it outperformed several baselines, including SEAL 
and WP, on most datasets. The Power dataset, 
which is known for its low performance in LP, 
showed significant improvement with MA-PHLP, 
achieving the highest AUC score among baseline 
models. The hybrid methods, which combined MA-
PHLP with SEAL and WP, further enhanced 
performance, particularly on the Power dataset. 
Ablation studies revealed that Degree DRNL 
significantly improved performance, especially on 
the Power dataset, where it increased the AUC 
score by over 4 points. The analysis of subgraphs 
with node labeling showed that the number of 
nodes in positive links was smaller than in negative 
links, highlighting the importance of node selection 
in the analysis of small graphs.

Conclusion: This study introduces PHLP, a novel 
method that applies persistent homology to 
analyze the topological structure of graphs for LP. 
By employing angle hop subgraphs and Degree 
DRNL, PHLP enhances the analysis of graph 
topology. Experimental results demonstrate that 
PHLP achieves competitive performance across 
benchmark datasets, including state-of-the-art 
performance on the Power dataset. The 
integration of PHLP with existing GNN-based 
methods further improves performance across all 
datasets. This approach provides explainable 
algorithms without relying on complex deep 
learning techniques, offering valuable insights into 
the factors that influence LP performance in 
graph data.
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This paper proposes PHLP, an explainable method 
that applies PH to analyze the topological 
structure of graphs to overcome the limitations 
of GNN-based methods for LP. By employing the 
proposed methods, such as angle hop subgraphs 
and Degree DRNL, PHLP improves the analysis of 
the topological structure of graphs. The 
experimental results demonstrate that the 
proposed PHLP method achieves competitive 
performance across benchmark datasets, even 
SOTA performance, especially on the Power 
dataset. Additionally, when integrated with 
existing GNN-based methods, PHLP improves 
performance across all datasets. By analyzing 
the topological information of the given graphs, 
PHLP addresses the limitations of GNN-based 
methods and enhances overall performance. As 
demonstrated, PHLP provides explainable 
algorithms without relying on complex deep 
learning techniques, providing insight into the 
factors that significantly influence performance 
for the LP problem of graph data.

To address the link prediction problem, this 
paper proposes a novel method called PHLP, 
which employs persistent homology (PH) for link 
prediction. PHLP focuses on how the presence or 
absence of target links influences the overall 
topology. The PHLP utilizes the angle hop 
subgraph and new node labeling called Degree 
DRNL, distinguishing the information of graphs 
better than DRNL. Using only a classifier, PHLP 
performs similarly to state-of-the-art (SOTA) 
models on most benchmark datasets. 
Incorporating the outputs calculated using PHLP 
into the existing GNN-based SOTA models 
improves performance across all benchmark 
datasets. To the best of our knowledge, PHLP is 
the first method of applying PH to LP without 
GNNs. The proposed approach, employing PH 
while not relying on neural networks, enables 
the identification of crucial factors for 
improving performance.

The authors compared the proposed method on 
the Power dataset. The advantages of the 
proposed method are ..., and the disadvantages 
are .... The experimental scheme/experimental 
setup is as follows: ... Experimental results and 
analysis: Compared with the ... model, the 
proposed model improved by ... on the ... dataset. 
This indicates ...

This paper proposes PHLP, an explainable method 
that applies PH to analyze the topological 
structure of graphs to overcome the limitations of 
GNN-based methods for LP. By employing the 
proposed methods, such as angle hop subgraphs and 
Degree DRNL, PHLP improves the analysis of the 
topological structure of graphs. The experimental 
results demonstrate that the proposed PHLP 
method achieves competitive performance across 
benchmark datasets, even SOTA performance, 
especially on the Power dataset. Additionally, when 
integrated with existing GNN-based methods, PHLP 
improves performance across all datasets. By 
analyzing the topological information of the given 
graphs, PHLP addresses the limitations of GNN-
based methods and enhances overall performance. 
As demonstrated, PHLP provides explainable 
algorithms without relying on complex deep learning 
techniques, providing insight into the factors that 
significantly influence performance for the LP 
problem of graph data.

1. This paper addresses the link prediction (LP) problem, which involves inferring the connectivity between nodes in graph data.

2. LP is crucial for applications such as social networks, bioinformatics, recommendation systems, and supply chain optimization.

3. Existing LP methods are categorized into heuristic methods, embedding methods, and graph neural network (GNN)-based methods.

4. Heuristic methods rely on predefined structural features but struggle with capturing complex relationships.

5. Embedding methods map nodes into low-dimensional vector spaces but often require large dimensions and may fail to capture similar neighborhood structures.

6. GNN-based methods achieve superior performance by leveraging local and global graph information but are difficult to interpret due to their complexity.

7. Persistent homology (PH), a topological data analysis tool, has been successfully applied to graph and node classification tasks but is underexplored for LP tasks.

8.Previous works, such as TLC-GNN, have integrated PH with GNNs but require further research for datasets without node attributes.Com = 1.5 / 8 = 0.188

Com = 4.5 / 8 = 0.563
From M-DocSum:

From Qwen2-VL:

Key points from paragraph 1:

Evaluation Com and Acc of Research Background:

"accuracy": "Mostly Accurate",
"fluency": "Fluent",
"repetitions": 0,
"hallucinations": 0,
"distortions": 1

Acc = (3 - 0 - 1) / 4 = 0.5

"accuracy": "Completely Accurate",
"fluency": "Fluent",
"repetitions": 1,
"hallucinations": 0,
"distortions": 0

Acc = (4 - 0 - 1) / 4 = 0.75

accuracy: “Completely Accurate” 4, “Mostly Accurate” 3, “Partially Accurate” 2, “Inaccurate” 1
fluency: “Fluent” 0, “Mostly Fluent” 1, “Not Fluent” 2
penalty_times = repetitions + hallucinations + distortions
Acc = (accuracy - fluency - penalty_times) / 4

From M-DocSum: From Qwen2-VL:

Evaluation of Reference Images:

Ground truth reference images:    [   1,    3,  4,  ‘None’]

Reference images from M-DocSum:  [   1,    3,  4,  ‘None’]

Reference images from Qwen2-VL:  [‘None’, 1,  5,     4   ]

ImgAcc = 3 / 3 = 1 NonAcc = 1 / 1 = 1 OMatch = 4 / 4 = 1
JacSim = Jaccard Similarity( set(1,3,4,’None’), set(1,3,4,’None’) ) = 4 / 4 = 1

ImgAcc = 0 / 3 = 0 NonAcc = 0 / 1 = 0 OMatch = 0 / 4 = 0
JacSim = Jaccard Similarity( set(1,3,4,’None’), set(1,4,5,’None’) ) = 2 / 4 = 0.5

Evaluation Criteria

Interleaved summarization from M-DocSum-7B:

Interleaved summarization from Qwen2-VL-7B

Completely 
Included

+0.5 +1

Partially 
Included

Figure 3. Presentation 2 of Case Study and M-DocEval Evaluation Methodology



Prompt Template: Key-Point Extraction

You are a professional academic article summarization expert. The user will give you a content−rich academic article, and please help extract relevant information. Please strictly follow the requirements and format below:

**Task Overview:**
You need to extract key information from the given academic article and organize this information into four paragraphs:
**Paragraph 1: Research Background**
**Paragraph 2: Proposed Method**
**Paragraph 3: Experimental Results**
**Paragraph 4: Conclusion**

**General Requirements:**
**Language:** Use concise and easy−to−understand words for summarization.
**Key Information Extraction Principles:**
**No Repetition:** Do not extract the same information point repeatedly.
**Atomicity:** Ensure that each key information point is independent and the smallest indivisible unit of information.
**Traceability:** Ensure that each key information point can be traced back to its corresponding basis in the original text.
**Quantity Limit:** The number of key information points in each paragraph should not exceed 10.

**Specific Requirements for Each Paragraph:**
**Paragraph 1: Research Background**
**Content:** Extract key information about the research background and the current state of research domestically and internationally from the **Introduction**, **Background** or **Related Work** sections of the article.
**Example Sentences:**
‘‘This paper addresses the ... problem and proposes a ... method.’’
‘‘Existing methods for the ... problem include ..., ..., etc. These methods have ... advantages but are limited by ... disadvantages and cannot meet the ... requirements.’’

**Paragraph 2: Proposed Method**
**Content:** Extract key information about the main method used in this paper from the ‘‘Method’’, ‘‘Model’’, or ‘‘Framework’’ sections of the article.
**Step−by−Step/Module Extraction (if applicable):** If the method includes multiple steps, components, modules, or strategies, please extract them in the following format:
Subtitle 1: Name of step/component/module/strategy
Describe the specific content in detail, explaining the specific approach, motivation, effect, etc....
**Example Sentences:**
‘‘To address the ... problem, this paper proposes a ... method/model.’’
‘‘The core idea of this method/model is ...’’
‘‘This method/model includes the following key steps/components/modules/strategies. They are ...’’

**Paragraph 3: Experimental Results**
**Content:** Extract key information about the experimental design and results from the ‘‘Experiment’’, ‘‘Results’’, or ‘‘Analysis’’ sections of the article.
**Example Sentences:**
‘‘The authors compared the ... model on the ... dataset.’’
‘‘The experimental scheme/experimental setup is as follows: ...’’

**Paragraph 4: Conclusion**
**Content:** Extract key summary information from the **Conclusion** or **Summary** sections of the article.
**Example Sentences:**
‘‘This paper proposes a ... method...’’
‘‘Experiments have verified ...’’

Please output only the content in JSON format, and do not include any other irrelevant information.
The overall output format is as follows:

[
[
{‘‘type’’: ‘‘title’’, ‘‘text’’: ‘‘Research Background’’},
{‘‘type’’: ‘‘key points’’, ‘‘text’’: [‘‘Key point 1’’, ‘‘Key point 2’’, ‘‘Key point 3’’, ...]}

],

[
{‘‘type’’: ‘‘title’’, ‘‘text’’: ‘‘${Title of the proposed method & model}’’},
{‘‘type’’: ‘‘key points’’, ‘‘text’’: [‘‘Key point 1’’, ‘‘Key point 2’’, ‘‘Key point 3’’, ...]}

],

[
{‘‘type’’: ‘‘title’’, ‘‘text’’: ‘‘Experimental Results’’},
{‘‘type’’: ‘‘key points’’, ‘‘text’’: [‘‘Key point 1’’, ‘‘Key point 2’’, ‘‘Key point 3’’, ...]}

],

[
{‘‘type’’: ‘‘title’’, ‘‘text’’: ‘‘Conclusion’’},
{‘‘type’’: ‘‘key points’’, ‘‘text’’: [‘‘Key point 1’’, ‘‘Key point 2’’, ‘‘Key point 3’’, ...]}

]
]

Output:



Prompt Template: Summary Generation

You are a scientific summarization assistant. Your role is to take disjointed key points from a scientific article and rewrite them into fluent, coherent, and grammatically correct paragraphs, each with a concise title. You are provided with
the original article text and a set of key points for each of four paragraphs.

Your output *must* adhere to the following strict rules:

1. **Semantic Preservation:** The meaning of the original key points must be completely preserved. Do not introduce any new information, interpretations, or inferences that are not directly stated in the provided key points.

2. **Fluency and Coherence:** The rewritten paragraphs must be easy to read and understand. Sentences should flow logically, and transitions between ideas should be smooth. Combine, reorder, and rephrase the key points as needed to
achieve a natural and cohesive style.

3. **Verifiability (Grounding):** Every statement in your generated summary *must* be directly and explicitly supported by the provided original article text. A reader should be able to easily find the source of each piece of information
in the original text. Avoid any claims or conclusions not found in the article.

4. **Paragraph Structure:** Your output must consist of exactly four paragraphs.

5. **Integration:** Do not explicitly mention or list the key points (e.g., ‘‘Key point 1 says...’’). Instead, weave the information from the key points seamlessly into the prose of the summary.

6. **Titles:** For each paragraph, generate a short, descriptive title based on the provided key points. The title should accurately reflect the main topic of the paragraph. The title *must* be placed at the very beginning of the paragraph
and be formatted in **bold**.

7. **Output Format:** The final output *must* be a single Python list containing the four summary paragraphs (with titles) as strings. The format should be: ‘[summary1, summary2, summary3, summary4]‘, where ‘summary1‘, ‘
summary2‘, ‘summary3‘, and ‘summary4‘ are the four generated paragraphs, *each including its bolded title*.

8. **Output Only Summary:** Do not include any introductory remarks, concluding statements, explanations, or *any* text other than the Python list itself. Output *only* the list.

Here is the original article text and the key points for each of the four paragraphs I need you to summarize:

**Original Article Text:**
{txt}

**Here are Key Points:**
{key points}

Please generate the four−paragraph summary, strictly adhering to all instructions provided in the system prompt. Remember to generate a **bolded** title at the beginning of each paragraph and output the result as a Python list in the
format: [summary1, summary2, summary3, summary4]. Each element of the list should be a complete paragraph, including its title.

Output:



Prompt Template: Reference Image Extraction

You are a professional academic paper analysis assistant. Your task is to select the ‘‘gold standard’’ image that best aids understanding for a given paper abstract paragraph.

You will receive the following input:

1. **Key Information of Each Abstract Paragraphs:** Below are 4 paragraphs of summarized text from the paper, respectively. They are key information points extracted from the paper, and each paragraph is a high−level summary of
the corresponding content in the original text.

{key points}

2. **Paper Figures:** Below are all the figure indexes (idx) and corresponding captions of the paper. Each figure has a unique idx in front of it.
{cap list}

**Task Instructions:**

For each given abstract paragraph, please complete the following steps:

1. **Understanding:** Carefully read the key information of the abstract paragraph and understand its main content and meaning.

2. **Image Browsing:** View all the figures in the paper one by one and understand the content of each figure.

3. **Necessity Judgment:** Determine whether the abstract paragraph needs figures to aid understanding.
If ‘‘not needed’’, please skip directly to the ‘‘Output’’ section.
If ‘‘needed’’, please proceed to the next step.

4. **Image Selection:** If figures are needed, select the ‘‘gold standard’’ figure from all the figures in the paper that best meets the following criteria:

**High Relevance:** The content of the figure is highly relevant to the abstract paragraph and can accurately and intuitively reflect the theme or key information of the paragraph.

**Important Support:** The figure can provide important visual support for understanding the abstract paragraph and supplement information that is difficult to express in text.
**Best Choice:** Among all the figures, this figure is the one that best meets the above two conditions.

**Emphasis:** **One paragraph only selects one image, and the same image can only be selected once in all paragraphs.** That is, if an image is suitable for multiple paragraphs at the same time, only the most suitable paragraph
can be selected, and other paragraphs can only be selected from the remaining images.

5. **Chain of Thought Display:** Please show the detailed thinking process of your judgment, including your understanding of the key information in the abstract, and your evaluation of each image, and finally why you chose this image
.

Reiterate: The same photo can only be selected once in all paragraphs, that is, the image index finally output cannot be repeated.

Please carefully understand the 4 paragraphs of key information of abstract paragraphs summary text, and output your annotation results in JSON format, including the following fields:

* ‘‘imageRef’’ (str): If an image is needed, this field is the index idx of the most suitable image, replacing idx with natural numbers such as ‘‘1, 2, 3, 4, 5, ...’’; if an image is not needed, this field is ‘‘None’’.

* ‘‘imageCaption’’ (str): If an image is needed, this field is the title of the image; if an image is not needed, this field is ‘‘None’’.

* ‘‘reasoning’’ (str): If an image is needed, please show the detailed thinking process of your judgment; if an image is not needed, this field is ‘‘None’’.

**Output format:**

[
{
‘‘imageRef’’: ‘‘idx’’,
‘‘imageCaption’’: ‘‘image caption here’’,
‘‘reasoning’’: ‘‘thinking process here’’

},

{
‘‘imageRef’’: ‘‘idx’’,
‘‘imageCaption’’: ‘‘image caption here’’,
‘‘reasoning’’: ‘‘thinking process here’’

},

{
‘‘imageRef’’: ‘‘idx’’,
‘‘imageCaption’’: ‘‘image caption here’’,
‘‘reasoning’’: ‘‘thinking process here’’

},

{
‘‘imageRef’’: ‘‘idx’’,
‘‘imageCaption’’: ‘‘image caption here’’,
‘‘reasoning’’: ‘‘thinking process here’’

}
]

Output:



Prompt Template: Text Completeness (Com)

You are a professor of Artificial Intelligence with strong logical reasoning skills, specializing in the analysis of academic literature and the interpretation of sentence semantics. You will be provided with summarized statements extracted
from research papers. Your task is to assist the user in performing semantic judgment tasks on these statements.

You are given a text paragraph summarized from a scientific article and a list of key information points. Please iterate through the list of key information points. For each key information point, determine whether it appears in the text
paragraph.

Note that when comparing the key information to the text paragraph, you do not need to consider the order of the information. You only need to determine whether the key information appears in the text paragraph.

The criteria for judgment are to categorize the relationship between the key information and the text paragraph into the following three cases:

1.**Completely Included**: The key information is fully contained within the text paragraph, no more and no less.

2.**Partially Included**: The key information is partially contained within the text paragraph, but not completely.

3.**Not Included**: The key information is not contained within the text paragraph.

After making your judgment, please explain the reason for your judgment.

**Important Reminders**:
1. As long as the overall sentence meaning is consistent, it can be judged as **Completely Included**. It is not necessary to explicitly repeat a specific phrase or proper noun.

2. The criterion for **Partially Included** is that the amount of information in the sentence from the list does not match the paragraph, is incomplete, or the main information is missing.

3. The following descriptions can be considered equivalent in meaning: ‘‘existing methods − other methods’’, ‘‘method − model − framework’’, ‘‘performance improvement − state−of−the−art results’’, and ‘‘training − optimization’’.

Here are the provided text paragraph and the list of key information points:

−−−−−−−Text Paragraph Start−−−−−−−

{paragraph}

−−−−−−−Text Paragraph End−−−−−−−

Key Information List:
{key points}

Please output your judgment results. Only output the JSON format content, do not output any irrelevant information. The output must strictly adhere to the following JSON format:

[
{
‘‘key point’’: ‘‘Copy the content of a key information point here’’,
‘‘relationship’’: ‘‘State the name of your classification here (Completely Included, Partially Included, Not Included)’’,
‘‘reason’’: ‘‘Explain your reasoning here’’

},

{
‘‘key point’’: ‘‘Copy the content of a key information point here’’,
‘‘relationship’’: ‘‘State the name of your classification here (Completely Included, Partially Included, Not Included)’’,
‘‘reason’’: ‘‘Explain your reasoning here’’

},
...

]

Output:



Prompt Template: Text Accuracy (Acc)

You are an expert specializing in the evaluation of scientific paper abstracts. Your task is to assess the informational accuracy of each paragraph within a given abstract. Please complete this task by following a structured process that
includes: establishing reading rules, performing accuracy assessment, identifying any deduction items (errors or omissions), and evaluating the overall fluency.

You are provided with a list of text paragraphs summarized from a scientific article, along with the original source text. Your task is to evaluate the informational accuracy of each of these summarized paragraphs.

There are four paragraphs in total. Working at the paragraph level, please analyze each paragraph individually and determine whether its content aligns with the original text. Specifically, assess whether there are any semantic distortions,
errors, repetitions, or hallucinated information, and evaluate the fluency and coherence of the language.

Specific Requirements:

**1. Overall Paragraph Accuracy Assessment (Based on each paragraph):**

Evaluate the overall accuracy of the paragraph and assign one of the following ratings:

**1. Completely Accurate:** The paragraph content is fully consistent with the original text, with no omissions, distortions, errors, or hallucinated information.
**2. Mostly Accurate:** The paragraph content is generally consistent with the original text, but contains minor, unimportant omissions, deviations, or slight errors.
**3. Partially Accurate:** The paragraph content partially aligns with the original text, but contains several omissions, deviations, errors, or a small amount of hallucinated/distorted information.
**4. Inaccurate:** The paragraph content significantly deviates from the original text, with numerous errors, hallucinations, or severe distortions.

**2. Deduction Item Identification (Based on each paragraph):**
Identify the following issues within the paragraph and record the number of occurrences for each:

**1. Repetitions:** Includes repetitions within a sentence, between sentences within the paragraph, and with other paragraphs.
**2. Hallucinations:** Content appearing in the paragraph that is not mentioned in the original text.
**3. Distortions:** Changes in the meaning of key information due to omissions, additions, or modifications.

**3. Fluency and Coherence Assessment (Based on each paragraph):**
Evaluate the overall fluency and coherence of the paragraph and assign one of the following ratings:

**1. Fluent:** The expression is clear, natural, logically coherent, and easy to understand.
**2. Mostly Fluent:** The expression is generally clear, but there are a few minor instances of awkwardness or incoherence.
**3. Not Fluent:** The expression has several issues, with logical jumps and difficulty in understanding.

The original text content is as follows:
{ori txt}

The input list of summarized text paragraphs is as follows:
{text}

The output should be a list containing evaluations for the 4 paragraphs. Each paragraph’s evaluation must be in strict JSON format:

[
{
‘‘paragraph’’: ‘‘Paragraph 1’’,
‘‘accuracy’’: ‘‘Completely Accurate/Mostly Accurate/Partially Accurate/Inaccurate’’,
‘‘repetitions’’: 0,
‘‘hallucinations’’: 0,
‘‘distortions’’: 0,
‘‘fluency’’: ‘‘Fluent/Mostly Fluent/Not Fluent’’

},

{
‘‘paragraph’’: ‘‘Paragraph 2’’,
‘‘accuracy’’: ‘‘Completely Accurate/Mostly Accurate/Partially Accurate/Inaccurate’’,
‘‘repetitions’’: 0,
‘‘hallucinations’’: 0,
‘‘distortions’’: 0,
‘‘fluency’’: ‘‘Fluent/Mostly Fluent/Not Fluent’’

},

{
‘‘paragraph’’: ‘‘Paragraph 3’’,
‘‘accuracy’’: ‘‘Completely Accurate/Mostly Accurate/Partially Accurate/Inaccurate’’,
‘‘repetitions’’: 0,
‘‘hallucinations’’: 0,
‘‘distortions’’: 0,
‘‘fluency’’: ‘‘Fluent/Mostly Fluent/Not Fluent’’

},

{
‘‘paragraph’’: ‘‘Paragraph 4’’,
‘‘accuracy’’: ‘‘Completely Accurate/Mostly Accurate/Partially Accurate/Inaccurate’’,
‘‘repetitions’’: 0,
‘‘hallucinations’’: 0,
‘‘distortions’’: 0,
‘‘fluency’’: ‘‘Fluent/Mostly Fluent/Not Fluent’’

}
]

**Important Notes:**

* Please read the original text and the abstract paragraphs carefully to ensure the accuracy of your evaluation.

* When assessing accuracy, consider information completeness, the presence of errors, hallucinations, and semantic distortions.

* Repetition includes not only literal repetition but also semantic repetition.

* Semantic distortion refers to changes in the meaning of key information due to improper information processing.

* Only output the JSON format content, do not output any irrelevant information.

Output:



Prompt Template: Inference

You are a professional academic summarization agent. I will provide you with the text of an illustrated academic article. The article will also include images. Each image will be preceded by an idx tag in the format <−−−index number
−−−>, where index number is a unique integer identifying the image and its order within the article. Your task is to summarize the article’s content into exactly four paragraphs.

For each paragraph of your summary, you must:

**Summarize Content:** Provide a concise and accurate summary, following the exact template provided for each paragraph below. Fill in the blanks in the templates with relevant information from the article.

**Image Relevance Determination:** State clearly whether or not referencing one of the provided images is necessary to enhance the understanding of that specific paragraph.
If an image is necessary, specify the image using its idx tag (e.g., ‘‘imageRef’’: ‘‘idx number’’). You will also create a concise and descriptive ‘‘imageCaption’’ for the selected image (e.g., ‘‘imageCaption’’: ‘‘caption’’).
If an image is not necessary, use ‘‘imageRef’’: ‘‘None’’ and ‘‘imageCaption’’: ‘‘None’’.
**Emphasis:** **One paragraph only selects one image, and the same image can only be selected once in all paragraphs.** That is, if an image is suitable for multiple paragraphs at the same time, only the most suitable paragraph can

be selected, and other paragraphs can only be selected from the remaining images.

**Specific Requirements for Each Paragraph:**

**Paragraph1. Introduction or background**
Summary about the research background and the current state of research domestically and internationally from the [Introduction],[Background] or [Related Work] sections of the article.

**Example Sentences:**
‘‘This paper addresses the ... problem and proposes a ... method.’’
‘‘Existing methods for the ... problem include ..., ..., etc. These methods have ... advantages but are limited by ... disadvantages and cannot meet the ... requirements.’’

‘‘imageRef’’: ‘‘idx number’’, ‘‘imageCaption’’: ‘‘caption’’

**Paragraph2. Proposed Method**
Summary about the main method used in this paper from the ‘‘Method’’, ‘‘Model’’, or ‘‘Framework’’ sections of the article.
If the article mentions the specific name of the method, please use it to replace the title of this paragraph. If the article does not have an explicit model name, you can use a general description, such as ‘‘Proposed Improvement Method

.’’
If the method includes multiple steps, components, modules, or strategies, please extract them in the following format:

**Subtitle 1: Name of step/component/module/strategy**
Describe the specific content in detail, explaining the specific approach, motivation, effect, etc.
**Subtitle 2: Name of step/component/module/strategy**
Describe the specific content in detail, explaining the specific approach, motivation, effect, etc.
...

**Example Sentences:**
‘‘To address the ... problem, this paper proposes a ... method/model.’’
‘‘The core idea of this method/model is ...’’
‘‘This method/model includes the following key steps/components/modules/strategies. They are ...’’

‘‘imageRef’’: ‘‘idx number’’, ‘‘imageCaption’’: ‘‘caption’’

**Paragraph3. Experimental Results**
Summary about the experimental design and results from the ‘‘Experiment’’, ‘‘Results’’, or ‘‘Analysis’’ sections of the article.

**Example Sentences:**
‘‘The authors compared the ... model on the ... dataset. The advantages of the proposed method are ..., and the disadvantages are ....’’
‘‘The experimental scheme/experimental setup is as follows: ...’’
‘‘Experimental results and analysis:’’
‘‘Compared with the ... model, the proposed model improved by ... on the ... dataset. This indicates ...’’

‘‘imageRef’’: ‘‘idx number’’, ‘‘imageCaption’’: ‘‘caption’’

**Paragraph4. Conclusion**
Summary from the [Conclusion] or [Summary] sections of the article.

**Example Sentences:**
‘‘This paper proposes a ... method...’’
‘‘Experiments have verified ...’’
‘‘Experimental results show ...’’

‘‘imageRef’’: ‘‘idx number’’, ‘‘imageCaption’’: ‘‘caption’’

The overall output format is as follows:

[
{
‘‘summary’’: ‘‘the summary of Paragraph 1’’,
‘‘image’’: {‘‘imageRef’’: ‘‘idx’’, ‘‘imageCaption’’: ‘‘caption’’} or {‘‘imageRef’’: ‘‘None’’, ‘‘imageCaption’’: ‘‘None’’}

},

{
‘‘summary’’: ‘‘the summary of Paragraph 2’’,
‘‘image’’: {‘‘imageRef’’: ‘‘idx’’, ‘‘imageCaption’’: ‘‘caption’’} or {‘‘imageRef’’: ‘‘None’’, ‘‘imageCaption’’: ‘‘None’’}

},

{
‘‘summary’’: ‘‘the summary of Paragraph 3’’,
‘‘image’’: {‘‘imageRef’’: ‘‘idx’’, ‘‘imageCaption’’: ‘‘caption’’} or {‘‘imageRef’’: ‘‘None’’, ‘‘imageCaption’’: ‘‘None’’}

},

{
‘‘summary’’: ‘‘the summary of Paragraph 4’’,
‘‘image’’: {‘‘imageRef’’: ‘‘idx’’, ‘‘imageCaption’’: ‘‘caption’’} or {‘‘imageRef’’: ‘‘None’’, ‘‘imageCaption’’: ‘‘None’’}

}
]

Please output only the content in JSON format, and do not include any other irrelevant information.

Output:
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