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Abstract

Multimodal summarization with multimodal output (MSMO)
aims to generate coherent textual summaries while select-
ing the most semantically relevant images to enhance ex-
pressiveness. Despite the advancements of large multimodal
models like GPT-4o, LLaMA-3, and Grok-3, these models
often exhibit hallucination and weak visual-text alignment
when applied to MSMO tasks. To address these challenges,
we propose ModalSyncSum, a unified framework that en-
hances semantic consistency and visual faithfulness. It in-
corporates image-aware information extraction to mitigate
visual-text misalignment, QA-based description verification
to detect and correct hallucinated image descriptions, and
named entity-guided refinement to ensure factual accuracy
and entity alignment across modalities. Furthermore, we in-
troduce a new evaluation metric M3AS, which jointly con-
siders image content coverage, text-image alignment, and
summary consistency, filling the gap in evaluating multi-
modal summary quality. Experimental results show that our
model outperforms prompt-based baselines across multiple
datasets, achieving significant gains on ROUGE, BLEU, and
BERTScore, with BLEU improving by 21.95%. In human
evaluation, M3AS exhibits stronger correlation with human
judgments in consistency, image-summary relevance, and fo-
cus, surpassing existing automatic metrics.

Introduction
Multimodal summarization aims to generate outputs that
combine textual summaries and image descriptions, enhanc-
ing the expressiveness of conveyed content (Zhu et al. 2018).
Prior studies have shown its value in applications such as
news reporting, educational videos, and medical documen-
tation (Jangra et al. 2020).

With the rise of large-scale pretrained multimodal models
such as GPT-4o, LLaMA-3, and Grok-3, text summarization
performance has made substantial progress, with generated
summaries achieving near-human or even superhuman qual-
ity on various abstractive summarization benchmarks (Pu,
Gao, and Wan 2023). These models exhibit impressive capa-
bilities in capturing complex linguistic structures and gener-
ating coherent and informative summaries.

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Comparison of summary generation quality be-
tween large multimodal models and our proposed Modal-
SyncSum framework, highlighting hallucination issues.
Prompt-based large models often hallucinate, e.g., mistaking
”hot pink” for ”red” or misinterpreting the title ”highness”
as implying Cambodian royalty, leading to factual errors.
In contrast, ModalSyncSum ensures better semantic consis-
tency and visual-text alignment.

However, in the task of multimodal summarization with
multimodal output (MSMO), these models still face signif-
icant challenges. As illustrated in Figure 1, they are prone
to hallucinations, often misinterpreting visual content and
producing summaries that contradict the actual image se-
mantics. Additionally, visual-textual misalignment remains
prevalent, where generated texts fail to faithfully reflect vi-
sual information, exposing limitations in current fusion and
alignment strategies (Jing et al. 2023).

Moreover, existing evaluation metrics such as ROUGE
and BLEU primarily assess lexical overlap and are insuffi-
cient to capture visual semantics embedded in multimodal
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summaries. Although text-based consistency metrics like
UniEval have been proposed for textual summarization, the
multimodal summarization domain lacks effective metrics
to assess consistency across modalities. This absence makes
it difficult to holistically evaluate the accuracy and coher-
ence of generated summaries from both textual and visual
perspectives.

To address the challenges of semantic consistency and vi-
sual information integration in multimodal summarization,
this paper proposes a novel summarization framework cen-
tered on multimodal consistency, aiming to generate sum-
maries that accurately and coherently reflect both textual and
visual content. The main contributions of this work are as
follows:

• We propose a novel framework that does not require fine-
tuning large multimodal models. It first generates image-
related textual descriptions and then employs a vision-
language pretrained model to extract image-aware tex-
tual segments. These are further validated by a visual
question-answering (VQA) model to assess the consis-
tency between image and generated text. This QA-based
verification is used to guide iterative refinement of the
summary, significantly improving consistency and visual
grounding of the output.

• We design a comprehensive evaluation metric named
M3AS, which assesses multimodal summaries from three
complementary perspectives: image information cover-
age, visual-text semantic alignment, and cross-modal
consistency. This addresses the limitations of traditional
text-only metrics (e.g., ROUGE, BLEU) by incorporat-
ing visual dimensions into the evaluation process.

• Experimental results on multiple MSMO datasets show
that our framework significantly outperforms prompt-
based approaches using state-of-the-art large models,
with notable improvements on ROUGE, BLEU, and
BERTScore. In human evaluation, M3AS exhibits high
correlation with human judgments on key aspects such as
consistency, image-summary relevance, and focus, vali-
dating its effectiveness as an evaluation metric.

Related Work
Traditional Multimodal Summarization
Traditional multimodal summarization methods rely on
modality alignment and fusion techniques—such as joint
embedding and attention mechanisms—to integrate textual
and visual information. Zhu et al. (2018) proposed a multi-
modal optimization framework (MOF) using ROUGE and
Order-ranking to jointly optimize image and text tasks.
Zhang et al. (2023) introduced CISum, a cross-modal frame-
work that employs attention and filtering to generate textual
summaries, visual descriptions, and image selections via a
multi-task Transformer. Tang et al. (2024) leveraged Maxi-
mum Mean Discrepancy (MMD) with CLIP and learnable
filters to enhance modality fusion via BART-based cross-
modal attention. Despite their effectiveness, these methods
often suffer from modality imbalance, where visual data is
underutilized.

Multimodal Summarization with Large Language
Models
The rise of large language models has shifted summariza-
tion from fine-tuning approaches toward zero-shot gener-
ation. Pu, Gao, and Wan (2023) demonstrated that LLMs
significantly improve coherence and readability over tra-
ditional models. In multimodal contexts, the CLIPSyn-
tel(Ghosh et al. 2024) framework combines CLIP’s visual
encoding with LLMs for medical summarization, enhancing
modality complementarity. Wang et al. (2023) introduced
cross-modal knowledge-guided models using graph neu-
ral networks to improve contextual consistency. Adrakatti
(2024) addressed screen content summarization using align-
ment techniques for complex inputs. Tang et al. (2024) fur-
ther improved cross-modal fusion via MMD-based align-
ment and feature selection. Nonetheless, challenges remain
in adapting to cross-modal data distributions, mitigating vi-
sual noise, and ensuring semantic accuracy in generated out-
puts.

Summarization Evaluation
Summarization quality is often evaluated using ROUGE,
BLEU, and BERTScore. While ROUGE focuses on n-
gram overlap, BERTScore measures semantic similarity
via contextual embeddings. InfoLM(Colombo, Clavel, and
Piantanida 2022) extends this by applying information-
theoretic divergence measures (e.g., KL divergence) us-
ing masked language models, offering robust and flexi-
ble semantic evaluation without requiring layer selection.
MTEQA uses question-answering to assess information re-
tention, particularly in multilingual scenarios (Krubiński
et al. 2021).

In recent years, researchers have proposed M-info(Xiao
et al. 2025), an evaluation metric specifically designed for
multimodal summarization. M-info measures the consis-
tency between the information distribution of the gener-
ated summary and that of the input content using Kull-
back–Leibler (KL) divergence. However, despite its effec-
tiveness in evaluating information coverage, M-info falls
short in detecting hallucinations in the generated summaries,
limiting its reliability in assessing factual consistency.

LLM-based evaluation methods have shown superior per-
formance in fluency and coherence. Prompt-based methods
like GPTScore (Fu et al. 2024) estimate generation proba-
bility without training, while tuning-based approaches (e.g.,
X-EVAL(Li et al. 2024)) fine-tune open-source models for
multidimensional evaluation . Despite their strength, such
methods are sensitive to prompt design, computationally ex-
pensive, and currently lack the capacity to assess visual qual-
ity in multimodal summarization.

Methodology
This section presents our proposed multimodal summariza-
tion framework, ModalSyncSum, as illustrated in Figure 2,
along with the evaluation metric M3AS(Multimodal Triple-
factor Assessment Score), designed to assess multimodal
consistency.
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Generate Image Descriptions
Given a news article A = {s1, s2, ..., sm}, where si denotes
the i-th sentence in the article, and an accompanying set
of images I = {Ii, I2, ...In}, where each image Ij corre-
sponds to visual content associated with the article, the goal
is to generate a coherent and semantically relevant textual
description for each image based on the article content.

Each sentence si and image Ij is first encoded into a
shared semantic space using a pre-trained CLIP model, pro-
ducing embedding vectors vsi ∈ Rd and vIj ∈ Rd, respec-
tively. The similarity between sentence si and image Ij is
then computed using cosine similarity:

sim(si, Ij) =
vsi · vIj

∥vsi∥ , ∥vIj∥
(1)

A similarity threshold τ1 is defined to filter sentence-
image pairs. A sentence si is selected as a reference for im-
age Ij if and only if the cosine between si and Ij is greater
than or equal to the threshold τ1. The set of reference sen-
tences for image Ij is denoted as:

Sj = {si ∈ A | sim(si, Ij) ≥ τ1} , (2)
The selected reference sentence set Sj is then used as in-

put to a large vision-language model (LVLM) to generate a
description dj corresponding to image Ij .

Consistency of Picture Description
To ensure the consistency of generated image descriptions,
we adopt a dual-verification strategy utilizing the CLIP
model and the image question-answering model BLIP.

In the initial stage, multiple candidate descriptions Dj =

{dj1, d
j
2, . . . , d

j
m} are generated for each image Ij . The CLIP

model is then used to compute the semantic similarity be-
tween each candidate description dji and image Ij , fol-
lowing the same cosine similarity formulation as in Equa-
tion (1). Descriptions with similarity scores below a prede-
fined threshold τ2 are discarded:

DCLIP
j =

{
dji ∈ Dj

∣∣∣ sim(dji , Ij) ≥ τ2

}
, (3)

Next, to verify factual alignment with the image con-
tent, we construct question prompts Qi from each retained
description dji ∈ DCLIP

j , focusing on fine-grained visual
attributes (e.g., clothing, facial expressions, actions, back-
ground objects). These questions are answered by the BLIP
model based on the visual input Ij :

Bi = BLIP (Ij , Qi), (4)
We then assess the consistency between the generated de-

scription and the BLIP-provided answers. Only those de-
scriptions that are semantically consistent with the answers
are retained:

DFinal
j =

{
di ∈ DCLIP

j

∣∣ Consis(di,Bi) = True
}
, (5)

Finally, the high-quality descriptions in Dfinal
j are aggre-

gated by prompting the language model to merge them into
a complete and coherent final description d∗j .

Summary Generation and Consistency Verification
To ensure fluency and coherence in the generated textual
summary, we first embed the image descriptions into the ar-
ticle based on semantic similarity. For each image descrip-
tion d∗j , we compute its similarity with every sentence si.
The sentence with the highest similarity is identified as the
insertion anchor:

i∗ = argmax
i

sim(d∗j , si) (6)

The modified article Amod is then constructed by insert-
ing d∗j immediately after si∗ . This results in a structurally co-
herent article enriched with visual context. Finally, the news
summary y is generated through LLM based on the content
of Amod.

To further ensure factual consistency between the gen-
erated summary y and the original article D, we propose
a QA-based verification framework. We begin by extract-
ing a set of named entities E from the summary using a
named entity recognition model. Next, entity-specific ques-
tions QE = {qE1 , qE2 , ...qEk } are automatically generated us-
ing prompt-based instructions.

Each question qEi is answered using two sources, from the
summary ayi and from the article aAi . We then compare both
answers for consistency:

Consis(qEi ) =

{
True, if ayi ≈ aAi
False, otherwise

(7)

If inconsistency is detected, ∃ qEi ; Consis(qEi ) = False,
the LLM is prompted to revise the answer or regenerate the
summary:

y ← LLM -Revise
(
y,
{
qEi , a

A
i

})
. (8)

This consistency-checking process is iteratively repeated
until:∀ qEi ∈ QE , Consis(qEi ) = True.

M3AS
To comprehensively evaluate the accuracy of both visual
and textual information in multimodal summarization tasks,
we propose a novel evaluation metric: M3AS (Multimodal
Triple-factor Assessment Score). This metric assesses the
quality of a generated summary from three dimensions: (1)
the semantic content of the image, (2) the semantic similar-
ity between the image and the text, and (3) the consistency
of the summary content.

Image information coverage measures the proportion of
key information from the image description that appears in
the generated summary:

Imgcoverage =
|{k | k ∈ Kimg ∧ k ∈ Ky}|

|Kimg|
, (9)

where Kimg denotes the set of key image-related informa-
tion units (e.g., entities, events, relations) from the image de-
scription DFinal

j , and Ky denotes the set of key information
units in the generated summary y.
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Figure 2: An overview of the ModalSyncSum model. (a) CLIP identifies image-relevant sentences and prompts the large model
to generate descriptions; (b) Named entity recognition (NER) and image QA validate the description’s accuracy; (c) The descrip-
tion is embedded into the article, guiding summary generation, which is further verified and refined using NER and text-based
QA.

Image information density measures the ratio of image-
related information to the total key information in the sum-
mary:

Imgdensity =
|{k | k ∈ Kimg ∧ k ∈ Ky}|

|Ky|
, (10)

Scoreimg info =
√

Imgcoverage · Imgdensity (11)

Image Information Score Scoreimg infor ∈ [0, 1] inte-
grates both image information coverage and density. The
score is designed to be sensitive—if either metric is sig-
nificantly low, the overall score will decrease sharply. A
higher Scoreimg infor indicates that the multimodal summary
not only provides comprehensive coverage of image content
but also maintains high compactness and relevance with re-
spect to the image.

Scoreimg&sum =
√
sim(d∗, y) · sim(I, y) (12)

Scoreimg&sum ∈ [0, 1] measures the semantic consis-
tency between the image and the summary. I , y, and d∗

represent images, summary, and images description, respec-
tively. sim formula as shown in Equation (1). The score
combines cosine similarity to assess how well the image
description semantically aligns with the summary. Higher
scores indicate better alignment between the image content
and the summary.

Scoreconsist =

∑N
i=1

(
ri · ci · mi

M · δ
)∑N

i=1 ci
(13)

Scoreconsist ∈ [0, 1] measures the consistency between a
multimodal summary and the original text-image content.
Let E = {e1, . . . , eN} be the set of key summary points,

each converted into a question-answer (QA) pair. The an-
swer correctness ri ∈ 0, 1 is determined using the answer
matching function defined in Equation (7). Each QA pair is
weighted by ci, the frequency of ei in the original text A
and image description DFinal, reflecting its content impor-
tance. Cross-modal alignment is rewarded via mi

M , where
mi ∈ [0,M ] is the number of modalities in which ei ap-
pears, and M is the total number of modalities. δ acts as
a temperature coefficient to control the strength of cross-
modal preference, a higher δ increases sensitivity to mul-
timodal alignment.

This score jointly reflects semantic accuracy, salience, and
modality alignment. Higher values indicate better consis-
tency between the summary and the original multimodal
content.

M3AS = α · Scoreimg info + β · Scoreimg&sum

+γ · Scoreconsist
(14)

where α, β, and γ are weights summing to 1, ensuring a
balanced assessment of image contribution in terms of con-
tent coverage and consistency.

Experiment
Datasets
We conduct experiments on the following datasets:

MSMO(Zhu et al. 2018): A multimodal summarization
dataset derived from the Daily Mail website, featuring man-
ually written bullet-point summaries and associated images
selected by graduate students.

M3LS(Verma et al. 2023): A multilingual multimodal
summarization dataset, organized by language, containing
articles with their corresponding images and metadata.

E-Liputan(Song et al. 2024): A multimodal dataset in
Indonesian, designed for summary-guided generative sum-
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marization, aimed at addressing the lack of Indonesian-
language resources for multimodal summarization models.

Baselines
We compared our model with a wide range of state-
of-the-art unimodal and multimodal summarization base-
lines. For multimodal baselines, we evaluate against Vision-
GPLM(Jing et al. 2023) and VG-GPLMs(Yu et al. 2023),
which integrate visual information into language models
for enhanced generation. We also include Va-SOGM(Song
et al. 2024), an end-to-end two-stage model with summary-
guided visual-text co-attentionl. Additionally, large-scale
general-purpose models like GLM-4V(Zeng et al. 2024),
Grok-3(xAI Team 2024), Gmini(Google DeepMind 2024),
Doubao-Vision-Pro(ByteDance-Seed Team 2024), and
GPT-4o(OpenAI 2024) are compared for their cross-modal
generation capabilities.

Implementation Details
In this experiment, we use the pretrained CLIP1 model to
calculate semantic similarity between images and descrip-
tions. We apply CLIP-ViT2 and BERT-SQuAD3 for QA
validation to check consistency between image descriptions
and summaries, and BERT-NER4 for named entity recogni-
tion to extract key text information.

We set two thresholds for validation: τ1 = 0.3 for image-
description similarity and τ2 = 0.4 for summary-source QA
consistency. For the final scoring function, we set the fusion
weights as α = 0.25, β = 0.25, and γ = 0.5. To evaluate
performance, we sampled 5,000 instances from each of the
three benchmark datasets, using stratified sampling for the
multilingual M3LS to ensure balanced language coverage.

Evaluation Metrics
We employ both automatic and human evaluation metrics
to assess the quality of the generated summaries. For auto-
matic evaluation, we use ROUGE (Lin 2004), a standard
summarization metric that measures n-gram overlap with
a focus on content recall; BLEU (Papineni et al. 2002),
which evaluates lexical and structural similarity based on n-
gram precision; and BERTScore (Zhang et al. 2020), which
leverages contextual embeddings from pre-trained BERT
models to capture semantic similarity beyond surface-level
matches. Additionally, we introduce M3AS, a novel mul-
timodal summarization metric proposed in this work . For
human evaluation, we adapt the criteria from (Koto, Bald-
win, and Lau 2022), (Fabbri et al. 2021), and (Krubiński
and Pecina 2023), using four dimensions rated on a 0–4 Lik-
ert scale: Consistency (factual alignment with the source
content), Fluency (grammaticality and readability), Fo-
cus&Coverage (inclusion of key information and overlap

1https://huggingface.co/openai/clip-vit-large-patch14
2https://huggingface.co/sentence-transformers/clip-ViT-B-32-

multilingual-v1
3https://huggingface.co/google-bert/bert-large-uncased-whole-

word-masking-finetuned-squad
4https://huggingface.co/Davlan/bert-base-multilingual-cased-

ner-hrl

with reference content), and Image-Summary Relevance
(semantic and visual alignment between images and the
summary).

Result and Analysis
Overall Performance
As shown in Table 1, although ModalSyncSum yields rela-
tively lower R-1, R-2, and BLEU scores compared to purely
text-based models and conventional multimodal summariza-
tion methods, it performs better in terms of BERTScore
and M3AS. This indicates that the summaries generated by
ModalSyncSum diverge more from the reference summaries
at the surface level but achieve higher accuracy in seman-
tic alignment and image-text consistency. Equipped with
the proposed ModalSyncSum framework, LVLMs achieve
notable relative improvements across all metrics compared
to direct prompting. On average, ModalSyncSum leads to
+21.3% improvement in R-1, +14.7% in R-2, +15.4% in R-
L, +18.1% in B-1, +25.8% in B-2, +7.8% in BERTScore,
and +23.5% in M3AS. These results demonstrate that
ModalSyncSum effectively enhances LVLM summarization
quality, achieving improved lexical and semantic alignment.

Table 2 presents the performance of our proposed mul-
timodal summarization framework, ModalSyncSum, com-
pared to several state-of-the-art baselines on MSMO,
M3LS, and E-Liputan. ModalSyncSum achieves consis-
tently strong results across all datasets, particularly excelling
in BERTScore and M3AS, indicating its advantage in se-
mantic consistency and multimodal alignment.

In cross-lingual and multilingual settings, ModalSync-
Sum performs slightly lower on M3LS and E-Liputan com-
pared to MSMO, likely due to the limitations of current mul-
timodal pre-trained models in low-resource languages. Nev-
ertheless, its competitive performance on BERTScore and
M3AS suggests strong generalization and language-agnostic
multimodal understanding. Among the metrics, M3AS pro-
vides a more task-aligned evaluation by emphasizing cross-
modal semantic consistency and fusion quality, making it
particularly suitable for assessing real-world multimodal
summarization systems.

Ablation Study
As shown in Table ??, GPT-4o (Img) performs worse than
the text-only GPT-4o across all metrics, indicating that di-
rectly prompting LVLMs with images may even degrade
summarization quality due to insufficient task alignment.
In contrast, ModalSyncSum significantly improves perfor-
mance over GPT-4o (Img), with +12.7 in R-1, +6.8 in R-L,
+4.8 in B-1, +6.3 in BERTScore, and +6.5 in M3AS, demon-
strating the effectiveness of the proposed framework in en-
hancing cross-modal summarization.

We further examine the impact of removing the image and
summary consistency checking modules. Ablating either
component resultd in noticeable performance degradation,
particularly on BERTScore and M3AS, confirming their
roles in improving semantic coherence and cross-modal
alignment. Overall, the complete ModalSyncSum frame-
work consistently outperforms its ablated variants across all
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Model R-1 [%]↑ R-2 [%]↑ R-L [%]↑ B-1 [%]↑ B-2 [%]↑ BERTScore [%]↑ M3AS [%]↑
Traditional

Multi-modal
Summarization

Vision-GPLM 36.92±0.3 23.10±1.1 31.09±1.2 17.38±1.8 14.75±0.3 34.18±1.4 18.58±0.6
VG-GPLMs 40.16±1.1 25.47±0.3 32.09±1.5 20.69±0.8 16.01±0.5 48.94±2.3 23.19 ±0.6
Va-SOGM 41.94±1.8 28.15±0.6 32.60±0.5 22.32±0.6 18.13±0.4 45.34±1.7 23.43±0.9

LVLM
+

Prompt

GPT-4o 27.22±1.3 18.54±1.2 25.83±1.3 17.46±1.0 10.51±0.4 54.37±2.7 28.93±1.0
GLM-4v 29.12±0.8 19.49±0.4 26.16±0.2 18.70±1.5 11.72±0.1 56.51±2.2 26.18±1.2
Grok-3 28.90±1.4 19.55±0.7 25.84±1.6 16.91±0.4 11.67±0.6 52.03±1.8 27.42±0.6
Gmini 24.06±1.7 17.43±0.3 23.24±0.6 15.44±0.3 9.36±0.2 54.31±1.5 25.86±0.3

Doubao 26.32±0.2 18.93±1.3 24.57±0.4 18.53±0.3 10.48±0.4 51.48±2.3 26.20±1.4

ModalSyncSum

GPT-4o 31.31±0.8 19.06±1.1 25.44±0.1 18.15±0.8 16.96±0.1 59.48±2.9 32.93±0.5
GLM-4v 39.95±1.0 25.74±0.9 32.64±0.4 22.25±1.4 18.03±0.6 60.71±1.4 35.46±0.7
Grok-3 37.23±1.5 24.06±0.1 31.86±0.4 21.45±0.1 17.93±0.4 54.52±2.0 29.43±0.2
Gmini 35.10±1.3 21.39±0.1 28.24±0.6 21.44±0.8 17.36±0.2 57.31±1.6 32.74±0.4

Doubao 36.49±0.4 22.18±0.7 27.57±0.2 19.53±0.1 13.48±0.3 56.48±2.8 31.20±0.8

Table 1: Performance Comparison Across Models on the MSMO Dataset

Dataset Model R-1 [%]↑ R-2 [%]↑ R-L [%]↑ B-1 [%]↑ B-2 [%]↑ BERTScore [%]↑ M3AS [%]↑

MSMO

Vision-GPLM 36.92 ±1.7 23.10 ±0.8 31.09 ±0.5 17.38 ±1.2 14.75 ±1.1 34.18 ±2.0 18.58 ±0.9
VG-GPLMs 40.16±1.6 25.47±1.1 32.09±1.3 20.69±1.1 16.01±0.3 48.94±2.9 23.19±1.2
Va-SOGM 41.94±2.1 28.15±0.8 32.60±2.2 22.32±1.7 18.13±0.8 45.34±2.1 23.43 ±1.6

ModalSyncSum 39.95±1.7 25.74±1.3 32.64±1.4 22.25±1.7 18.03±1.0 60.71±1.1 35.46±1.1

M3LS

Vision-GPLM 34.91±1.3 21.99±1.1 29.60±1.6 17.64±1.5 14.25±0.6 31.26±2.2 16.10±1.1
VG-GPLMs 38.90±1.8 27.61±0.6 33.74±1.5 22.81±1.1 18.47±0.3 46.07±2.0 21.25±1.7
Va-SOGM 38.77±2.4 28.43±0.9 34.35±0.7 21.75±1.3 18.21±1.4 42.69±1.5 20.11±0.7

ModalSyncSum 35.19±1.3 26.51±0.5 32.81±1.0 20.81±0.6 17.39±1.1 59.92±1.9 33.69±1.0

E-Liputan

Vision-GPLM 30.95±0.6 22.42±1.2 27.37±2.1 16.54±1.4 13.15±1.1 35.53±2.1 18.65±1.3
VG-GPLMs 31.20±1.3 24.28±1.3 29.30±0.3 20.27±1.4 13.50±0.4 48.62±1.4 23.48±1.3
Va-SOGM 32.92±0.4 27.49±0.6 30.07±1.1 21.84±1.9 14.47±1.2 56.16±1.9 23.24±1.4

ModalSyncSum 34.66±2.1 27.53±1.4 32.79±1.7 21.58±0.6 15.25±1.2 58.68±2.6 32.73±0.7

Table 2: Performance on MSMO, M3LS, and E-Liputan Datasets. ModalSyncSum uses the GLM-4v model by default

Model R-1↑ R-L↑ B-1↑ BERTScore↑ M3AS↑
GPT-4o 31.31 25.44 20.15 59.48 –
GPT-4o (Img) 27.22 25.83 17.46 54.37 28.93
w/o ImgC 35.18 29.14 20.49 57.26 30.07
w/o SumC 32.63 28.46 19.95 55.32 33.13
ModalSyncSum 39.95 32.64 22.25 60.71 35.46

Table 3: Ablation Study Results. Img: image modality;
ImgC: image consistency; SumC: summary consistency.

metrics, demonstrating its effectiveness in addressing both
linguistic and visual challenges in multimodal summariza-
tion.

Human Evaluation
To further evaluate the effectiveness of the proposed frame-
work, we conducted a human evaluation involving 15 grad-
uate students from diverse academic backgrounds, including
computer science, journalism, and law. For each model, 500
samples were randomly selected from the MSMO dataset,
and participants assessed the generated multimodal sum-
maries—comprising both text and images—using a struc-

Figure 3: Human Evaluation Experiment

tured questionnaire. Prior to scoring, all evaluators were
briefed on the definitions and criteria for the four evaluation
metrics to ensure consistent and objective judgments.

As shown in Figure 3, ModalSyncSum outperforms
all baselines across multiple criteria, especially on Con-
sistency—highlighting the effectiveness of its consistency
checking. It also excels in Fluency and Focus&Coverage,
benefiting from large-scale language models.

Metric Validation: M³AS
To assess the effectiveness of M³AS in aligning with
human judgments, we evaluate its correlation with four
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Figure 4: The correlation coefficients between M³AS and
four human evaluation metrics: Consistency, Fluency, Fo-
cus&Coverage, and Image-summary relevance.

Group Scoreimg info↑ Scoreimg&sum↑ Scoreconsist↑ M3AS↑
G1 13.69 42.60 45.36 36.75
G2 11.56 21.33 51.74 34.09
G3 13.60 41.27 24.37 25.90
G4 15.48 42.05 52.51 40.63

Table 4: Ablation study results illustrating the sensitivity of
M³AS under four perturbation settings. G1: modifying 1–2
key details in the image description; G2: substituting the
original image with an irrelevant one; G3: altering 1–2 key
details in the generated summary; G4: using the original, un-
altered data.

critical human-centric criteria on 500 manually annotated
multimodal summaries. As illustrated in Figure 4, M³AS
demonstrates consistently strong alignment with Consis-
tency (0.9588), Image-summary relevance (0.9221), and
Focus&Coverage (0.8672), markedly surpassing traditional
metrics such as ROUGE, BLEU, and BERTScore. These re-
sults indicate that M³AS excels in capturing core aspects
of multimodal summary quality, particularly factual accu-
racy, information completeness, and cross-modal alignment.
Although its correlation with Fluency (0.46) is relatively
lower, it remains competitive with other metrics, reflecting
a greater emphasis on semantic and structural fidelity. Over-
all, M³AS offers a more comprehensive and human-aligned
evaluation of multimodal summaries, underscoring its utility
as a robust assessment tool in multimodal settings.

Table ?? shows that each sub-score of M³AS effectively
captures different types of perturbations. G4 (original data)
achieves the highest scores across all metrics, indicating
strong consistency under clean input. G1 leads to a drop in
Scoreimg info, showing sensitivity to image description errors.
G2 results in a low Scoreimg&sum, reflecting disrupted image-
summary alignment. G3 significantly lowers Scoreconsis and
overall M³AS, highlighting the impact of summary incon-
sistencies. Overall, M³AS demonstrates clear discriminative
ability across different perturbation types.

Hyperparameter Search for M³AS
Table 5 presents the performance of ModalSyncSum un-
der different values of τ1 (the threshold for filtering ref-

τ1 τ2 R-1↑ R-L↑ BERTScore↑ M3AS↑
0.1 * 36.53 30.19 57.17 28.80
0.2 * 36.04 30.48 55.05 33.08
* * 34.95 28.64 60.71 35.46

0.4 * 28.36 23.87 52.91 32.01
0.5 * 27.56 21.09 47.81 25.24

* 0.1 38.37 29.19 56.30 31.73
* 0.2 36.85 28.54 58.59 31.66
* 0.3 34.08 28.56 60.02 33.45
* * 34.95 28.64 60.71 35.46
* 0.5 32.21 27.32 57.33 34.72

Table 5: Ablation results of τ1 and τ2 settings. * indicates
the default setting (τ1=0.3, τ2=0.4).

erence sentences based on image-text similarity) and τ2
(the threshold for filtering candidate descriptions based on
image-description similarity). As τ1 increases from 0.1 to
0.5 (with τ2 fixed at the default), ROUGE-1, ROUGE-2,
and ROUGE-L scores first remain stable and then decline,
while BERTScore and M³AS peak at τ1 = 0.3, with values
of 60.71 and 35.46, respectively. This indicates that increas-
ing τ1 reduces the number of selected reference sentences,
which may lower the lexical overlap between the generated
image descriptions and the reference summaries, thus caus-
ing a drop in ROUGE scores. When τ1 is too high, very few
sentences are selected as references, significantly reducing
the consistency between image descriptions and the source
text, which leads to a sharp decline in M³AS.

A similar pattern is observed for τ2: as it increases
from 0.1 to 0.5, ROUGE scores generally decrease, while
BERTScore and M³AS peak at τ2 = 0.4. This suggests that
stricter filtering reduces the number of candidate descrip-
tions, potentially lowering lexical overlap and thus ROUGE
scores. Excessively high τ2 values filter out too many can-
didates, impairing the semantic completeness of image de-
scriptions and negatively impacting M³AS.

Conclusion
To address the hallucination problem and the imbalance
between visual and textual attention in large-scale multi-
modal summarization models, this paper proposes Modal-
SyncSum, a novel multimodal summarization framework.
ModalSyncSum first converts image content into textual
descriptions and leverages Named Entity Recognition and
Question Answering models to verify the consistency of
these descriptions. The framework then fuses the original
text with the image descriptions to generate an initial sum-
mary, followed by a second-stage consistency verification
between the summary and the visual content. Based on this
verification, prompt-based refinement is applied to guide
the model in correcting factual errors and improving con-
tent consistency. Furthermore, we introduce a new evalu-
ation metric, M³AS, which emphasizes semantic relevance
and information consistency between text and images, offer-
ing a more task-specific and reliable assessment for multi-
modal summarization. Experimental results across multiple
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datasets demonstrate that ModalSyncSum achieves consis-
tently strong performance, confirming its effectiveness and
generalizability in multimodal summarization tasks.
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