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Abstract

The abundance of multimodal news in digital
form has intensified demand for systems that
condense articles and images into concise, faith-
ful digests. Yet most approaches simply con-
duct unimodal text summarization and attach
the most-similar images with the text summary,
which leads to redundancy both in processing
visual content as well as in selection of im-
ages to complement the summary. We propose
MULSUM, a two-step framework: (i) a Cross-
Vis Aligner that projects image-level embed-
dings into a shared space and conditions a pre-
trained LLM decoder to generate a visually
informed text summary, and (ii) a Diversity-
Aware Image Selector that, after the summary
is produced, maximizes images-relevance to
the summary while enforcing pairwise image
diversity, yielding a compact, complementary
image set. Experimental results on the bench-
mark MSMO (Multimodal Summarization with
Multimodal Output) corpus show that MUL-
SUM consistently outperforms strong baselines
on automatic metrics such as ROUGE, while
qualitative inspection shows that selected im-
ages act as explanatory evidence rather than
ornamental add-ons. Human evaluation results
shows that our diverse set of selected images
was 13% more helpful than mere similarity-
based image selection.

1 Introduction

Every day, the world generates approx. 4 ×
1020 bytes of new data—well over 400 million
terabytes—across social media, news outlets and
enterprise logs.1 The majority of this stream is
multimodal: text is now routinely accompanied
by images, audio snippets or short videos (Rad-
ford et al., 2021). Condensing such heterogeneous
evidence into concise, trustworthy and visually co-

*Corresponding Author
1https://explodingtopics.com/blog/data-generated-per-

day

Figure 1: An example of a traditional MMS article in
which the summary highlights key points from the input
text, including topics such as beef imports and trade.
The accompanying images visually reinforce the textual
summary.

herent summaries has therefore become a central
challenge for information access.

Multimodal summarization (MMS) tackles this
challenge by ingesting heterogeneous inputs—
typically text and the accompanying images—and
producing a concise textual summary plus a cu-
rated image set (see Figure 1). However, existing
systems face two practical challenges. First, token
inefficiency: Most models forward every image
patch through large fusion transformers, incurring a
quadratic cost in sequence length (Cui et al., 2022).
Second, visual redundancy: selectors optimized
only for relevance often choose near-duplicate pic-
tures, undermining user value despite high auto-
matic scores (Jiang et al., 2023).

Recent work has begun to address aspects of
these challenges, though typically in isolation.
ViL-Sum (Cui et al., 2024) combines joint vision-
language encoders with auxiliary alignment tasks
to improve textual quality, but it still incurs the full
cost of vision token processing. UniMS (Zhang
et al., 2022) distills knowledge from a frozen vision-
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language model to enhance image selection, yet it
does not mitigate duplicate choices. Dynamic im-
age methods such as DIUSum (Xiao et al., 2024)
mask clearly irrelevant images at inference time,
leaving the underlying relevance-focused objec-
tive unchanged. In parallel, lightweight alignment
layers have shown effectiveness in captioning and
VQA (Hu et al., 2025), and Maximal Marginal Rel-
evance (MMR) (Carbonell and Goldstein, 1998)
has long been used to balance novelty and preci-
sion in text retrieval. However, these ideas have
largely been explored independently and have not
been integrated into a unified MMS framework.

This paper proposes MULSUM, a text-centered
image-text summarizer that deliberately seeks both
computational economy and visual diversity. We
introduce (i) Vis-Aligner, a single linear projec-
tor that maps one CLS-level CLIP embedding per
image into the LLaMA token space, without sacri-
ficing grounding, and (ii) DAR-Image Selection, an
MMR-inspired image selector that penalizes intra-
set similarity while preserving summary relevance.
Evaluated on the MSMO benchmark, our model
attains the highest ROUGE scores to date and is
preferred by humans to both cosine-only retrieval
and gold reference images (Section 5). An ablation
study confirms that Vis-Aligner alone adds over
1% ROUGE, while DAR reduces duplicate imagery
with no significant loss in automatic precision met-
rics. Our main contributions are as follows:

• We introduce a single dt×dv projection matrix
that maps the embedding of each image into the
same embedding space as text, removing patch-
level fusion while delivering a gain of more than
1% ROUGE in ablation.

• We propose a diversity-aware image selector that
jointly optimizes summary-image relevance and
inter-image diversity, yielding the highest human-
usefulness score among the evaluated image se-
lectors.

• Combining Vis-Aligner and DAR, MULSUM es-
tablishes new state-of-the-art ROUGE scores on
MSMO while matching strong baselines on Im-
age Precision and MMAE.

2 Related Work

Early systems coupled hierarchical RNN encoders
with CNN image features and attended to both
streams during decoding, but they delivered only
shallow cross-modal interaction and were prone
to exposure bias (Xie et al., 2023). Transformer

replacements such as UniMS (Zhang et al., 2022),
which builds BART around a visual-guided de-
coder, greatly improved fluency but depend on
caption-rich pre-training corpora. A more recent
work by Xiao et al. (2024) lets the model decide
at run-time whether to use each image, reducing
visual noise but still forwarding all image tokens
through the language stack.

2.1 Multimodal Representation Learning
Pre-trained language models (PLMs) such as BERT
(Devlin et al., 2019), BART (Lewis et al., 2020),
PEGASUS (Zhang et al., 2020), and T5 (Raffel
et al., 2020) remain the backbone for textual encod-
ing because they transfer well to summarization
after lightweight fine-tuning.

For vision encoder, the convolutional backbones
(VGG/ResNet) have largely been replaced by con-
trastively pre-trained models. CLIP (Radford et al.,
2021) aligns 400 M image-text pairs, giving zero-
shot vision-language embeddings. BLIP (Li et al.,
2022) combines contrastive and generative objec-
tives, boosting retrieval and generation but still
reflecting the noise of large web crawls. The Vi-
sion Transformer (ViT) (Dosovitskiy et al., 2020)
shows that purely self-attentive vision models can
rival CNNs, yet naively converting every 16 × 16
patch into a token inflates sequence length. Token-
reduction schemes such as Language-Guided Vi-
sion Token Pruning (LVPruning) drop up to 95% of
visual tokens with little loss in accuracy, signaling
that lighter alignment is feasible (Sun et al., 2025).

2.2 Cross-Modal Fusion Paradigms
Cross-modal fusion in image-text summarization
can be viewed along a timeline of when the two
streams are allowed to meet. In late-fusion mod-
els, text and vision encoders operate independently,
and their global representations are combined using
parametric operators such as Multimodal Compact
Bilinear or Factorized Bilinear pooling (Fukui et al.,
2016; Yu et al., 2017; Liu et al., 2018). While ex-
pressive, these methods incur quadratic complexity
in the hidden dimension, making them costly for
large representations. In contrast, early-fusion sys-
tems convert each image patch into a discrete token
and interleave these with word tokens at the very
first Transformer layer, so that every layer learns
local text-region correspondences. However, the
sequence length (and error propagation from im-
perfect patches) grows rapidly with the number of
images (Schlarmann et al., 2025).
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Figure 2: An overview of MULSUM Framework.

Sitting between the two, hybrid or iterative-
fusion pipelines first obtain modality-specific em-
beddings and then re-apply cross-attention blocks
at several intermediate layers (Zhong et al., 2025),
giving progressively refined alignments at the cost
of extra memory and a continued reliance on cap-
tion supervision.

Collectively, these paradigms highlight a trade-
off: moving fusion earlier or more frequently
strengthens alignment but inflates token counts,
motivating lighter vision-text projectors like our
Vis-Aligner and diversity-aware image selection to
keep compute and redundancy in check.

2.3 Image Selection Techniques

Early systems simply selected the image whose
region-level attention received the largest cumu-
lative weight—a strategy first introduced in the
seminal MSMO model (Zhu et al., 2018) and later
adopted by variants such as Modality-Attention
summaries (Li et al., 2018). Patch-level and hier-
archical extensions have since been proposed to
provide finer granularity, but they still rely on raw
attention mass (Mukherjee et al., 2022).

To reduce noise, subsequent work introduced
learned re-weighting layers—Fusion-Gate by
Zhang et al. (2023) and the visual trade-off mod-
ule by Yuan et al. (2024). Another direction, the
caption-assisted matcher by Rafi and Das (2024),
matches summary sentences to generated image
captions using cosine similarity.

The current state-of-the-art maps both summary
and image embeddings into a shared CLIP-style la-
tent space and selects the nearest neighbor (Zhang
et al., 2022). While this improves semantic rele-

vance, it frequently returns near-duplicate images
and struggles in domain-specific settings (Zhang
et al., 2023). However, these methods still optimize
only for relevance, overlooking set-level novelty.
Retrieval studies have shown that MMR reranking
(Carbonell and Goldstein, 1998) can effectively di-
versify results with minimal loss in relevance. Yet,
this approach has not been tightly coupled with
MMS decoders.

By integrating an MMR-inspired selector af-
ter joint alignment, our approach preserves the
precision of embedding-based retrieval while ex-
plicitly penalizing redundancy—addressing the fi-
nal gap left by attention-based and similarity-only
schemes.

3 Methodology

The main architecture of the system is shown in
Figure 2. We start with encoding our images us-
ing CLIP, and then employing the Vis-Aligner, our
module that projects the images into the same di-
mension as text. Then the text and image features
are combined to be passed through to the decoder.
Once a summary is generated from the decoder, we
use that summary and projected image tokens to be
passed through our Image Selector that will select a
diverse set of images to complement the summary.
This section formalizes each component in detail.

3.1 Problem Formulation

Let D = {w1, . . . ,wM} be the input text to-
kens and I = {I1, . . . , IN} the associated images.
The task is to generate an abstractive summary
Ŝ = {ŝ1, . . . , ŝL} and to return a diverse set of K
images I⋆ ⊆ I that best complement the summary.
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3.2 Visual Representation & Vis-Aligner
Given an image Ii, we obtain its visual embedding
with the frozen CLIP encoder fclip where dv repre-
sents image embedding dimension:

vi = fclip(Ii) ∈ Rdv . (1)

We retain only the [CLS] token because recent
token-pruning studies report that up to 95 % of
vision tokens can be dropped without hurting cap-
tioning or VQA accuracy, confirming the redun-
dancy of full patch sequences in LVLMs (Huang
et al., 2024). This single token approach is consis-
tent with several studies (Cui et al., 2024; Rafi and
Das, 2024; Zhong et al., 2025; Xiao et al., 2024,
for example).

Lightweight projection. To fuse modalities we
introduce Vis-Aligner, a single learned linear map
W ∈ Rdt×dv , aligning the visual vector to the
LLaMA text-embedding space (dt=4096).

ṽi = Wvi ∈ Rdt , (2)

Compared with multi-layer cross-modal trans-
formers or bilinear fusion, this adds just dt × dv
parameters and no additional self-attention, reduc-
ing FLOPs significantly when compared with early-
fusion baselines that pass every patch token into
the language stack (Endo et al., 2024).

Why not learn a joint space? Vision-language
models that optimize a shared embedding space
often suffer from modality collapse, where textual
cues dominate and visual information is ignored
(Sim et al., 2025). Analysis of CLIP’s geometry
reveal a persistent modality gap—image and text
clusters remain partially separated even after con-
trastive training (Eslami and de Melo, 2024; Pa-
padimitriou et al., 2025)—suggesting that heavy-
weight fusion is not necessary for effective condi-
tioning. By keeping the modalities distinct until the
last linear projection, we (1) preserve the strong in-
ductive biases already baked into the individual en-
coders, (2) avoid over-fitting a small MMS corpus
to a fragile joint space, and (3) enable parameter-
efficient fine-tuning with LoRA on the language
side only.

Vis-Aligner strikes a favorable trade-off: it in-
herits rich semantics from CLIP, aligns to the text
dimension in one shot, and removes the compute
bottleneck of patch-level early fusion—laying the
foundation for the LoRA-tuned LLaMA generator
described next.

3.3 Joint Encoding with the Decoder

We concatenate the visual tokens with text embed-
dings:

X =
[
ṽ1, . . . , ṽN , E(w1), . . . , E(wM )

]
, (3)

where E(·) is the token embedding matrix.2 The
sequence is fed to the decoder gθ to produce hid-
den states H = gθ(X) and, autoregressively, the
summary probability (Touvron et al., 2023).

Pθ(Ŝ | X) =

L∏

t=1

Pθ(ŝt | ŝ<t,X). (4)

Instead of updating all θ, we insert
LoRA adapters (Hu et al., 2022) into every
query/key/value projection: W ′

q = Wq + AqBq

where Aq∈Rdt×r, Bq∈Rr×dt and r≪dt (r = 32,
α = 128 in our experiments). Only {Aq, Bq} are
trainable, cutting trainable parameters by ∼96 %
while matching full fine-tuning performance (Hu
et al., 2022; Kim et al., 2024).

3.4 Diversity-Aware Image Selection

Prior MMS work often ranks images solely by rel-
evance to the generated summary, leading to near-
duplicate choices when many images depict the
same scene (Weng et al., 2024) or when numer-
ous thumbnails accompany a long article (Xiao
et al., 2025). Inspired by the classical Maximum
Marginal Relevance (MMR) principle (Carbonell
and Goldstein, 1998)—widely used in IR to bal-
ance similarity and novelty—we adapt the idea to
our aligned image-text space without relying on
CLIP.

Embedding space. After decoding, we obtain
{ṽi}Ni=1 from Vis-Aligner (Section 3.2) and text
embedding of the generated summary using the
same LLaMA encoder. Because both lie in the
same dt-dimensional space, cosine similarity can
measure cross- or intra-modal closeness directly,
avoiding an extra CLIP pass and keeping memory
low.

Iterative selection. We choose K images with
a Diversity-Aware Relevance (DAR) score, a soft
variant of MMR tuned for multimodal summaries:

2Any ordering heuristic—e.g. images first—works empiri-
cally; we adopt this for simplicity.
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I⋆t = arg max
Ii∈I\It−1

[
λ cos(s, ṽi)

− (1−λ) max
Ij∈It−1

cos(ṽi, ṽj)
]
,

(5)

where λ ∈ [0, 1] balances relevance and nov-
elty. Unlike vanilla MMR, similarity scores are
learned during pre-training because Vis-Aligner is
co-optimized with the summarizer, tightening the
semantic coupling between modalities.

By staying inside the task-tuned LLaMA/Vis-
Aligner space, DAR avoids modality gaps reported
for CLIP-based selectors (Yi et al., 2024) and yields
a more diverse yet still on-topic image set, as
confirmed by a human annotations results (Sec-
tion 5.3.1). The approach is conceptually simple,
adds no trainable parameters, and can exploit exist-
ing MMR tooling from IR.

4 Experimental Setup

4.1 Implementation Details
All experiments are conducted with the ViT-L/14-
336 CLIP vision backbone and a LLaMA-7B de-
coder. The model is trained for 6 epochs with an
effective batch size of 128 on two NVIDIA A100
(80 GB) GPUs. The text sequence is truncated to
3072 tokens; at inference the summary decoder
is capped at 256 tokens. We evaluate on the vali-
dation split every 500 update steps and select the
checkpoint with the minimum loss on validation
split. To facilitate reproducibility, we make our
code publicly available.3

4.2 Baseline Systems
We evaluate all baselines and our model on the
MSMO dataset (Zhu et al., 2018) using ROUGE
for text quality and Image Precision (IP) for image
relevance; human ratings cover image-summary co-
herence. Baselines were selected to span three gen-
erations of multimodal summarization research—
early attention models, transformer hybrids, and
recent vision-language frameworks—ensuring a
balanced and competitive test bed.

• MOF (Zhu et al., 2020) — Introduces a multi-
modal objective combining text generation loss
with an image-selection loss guided by synthetic
multimodal references, mitigating modality-bias
during training.

3Code: https://github.com/abidmeeraj/MULSUM

• LAMS (Zhang et al., 2021) — A Transformer
with location-aware fusion blocks that model
high-order interactions between text and the lay-
out position of images in news articles.

• UniMS (Zhang et al., 2022) — Builds on BART;
blends extractive + abstractive objectives, adds
a visual-guided decoder, and distills knowledge
from a frozen vision-language model to avoid
dependence on ground-truth captions.

• SITA (Jiang et al., 2023) — Generates pseudo
image captions with an auxiliary captioner and
uses them as extra supervision, enabling the sum-
marizer to exploit image-text correlations even
when original captions are absent.

• BART-VGG (Cui et al., 2024) — A strong
early-fusion baseline that simply feeds VGG-19
CLS features into BART, gauging the benefit of
stronger encoders and alignment tasks used in
ViL-Sum.

• ViL-Sum (Cui et al., 2024) — A joint Trans-
former encoder trained with two auxiliary tasks—
image re-ordering and image selection—that en-
force paragraph-level vision-language alignment
via multi-task learning.

• DIUSum (Xiao et al., 2024) — Adds an image-
usefulness predictor that scores each picture, ap-
plying hard masking or soft attention scaling for
dynamic image utilization during decoding.

• BERTAbs (Xiao et al., 2024) — A text-only ab-
stractive baseline (BERT encoder + Transformer
decoder) included to quantify the absolute gain
from introducing visual information.

Collectively, these systems demonstrate steady
progress: from simple attention over ResNet fea-
tures to multi-task alignment and dynamic image
gating. Yet they still struggle with token efficiency
(large vision branches) or redundancy (returning
near-duplicate images). Our Vis-Aligner shrinks
the vision pathway to a single CLS projection, and
our DAR-selector explicitly penalizes redundancy—
yielding the best ROUGE and other relevant evalu-
ation metrics. Detailed scores are given in Table 1
and Section 5.

4.3 Dataset
We benchmark on the MSMO (Multimodal Sum-
marization with Multimodal Output) corpus re-
leased by Zhu et al. (2018).4 The dataset was
crawled from the Daily Mail website and pairs each
news article with all in-page images and the article

4It is distributed under a restrictive, “research-only” terms.
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Model ROUGE-1 ROUGE-2 IP MaxSim MMAE

Baselines

ATG (2018) 40.63 18.12 59.28 25.82 3.35
ATL (2018) 40.86 18.27 62.44 13.26 3.26
HAN (2018) 40.82 18.30 61.83 12.22 3.25
MOF (2020) 41.20 18.33 65.45 26.38 3.37
LAMS (2021) 43.07 20.28 - - -
UniMS (2022) 42.94 20.50 69.38 29.72 -
SITA (2023) 43.64 20.53 76.41 33.47 3.37
BART-VGG (2024) 43.75 20.70 - - -
ViL-Sum (2024) 44.29 20.96 66.27 32.17 3.55
DIUSum (2024) 42.23 19.83 - - -
BERTAbs (2024) 41.85 19.40 - - -

Proposed MULSUM (Our) 44.75 21.13 72.5 28.48 3.44

Table 1: Results of published baseline models in existing studies.

headlines are combined to create a reference sum-
mary; annotators additionally flag reference images
judged most representative of the story. Articles av-
erage ∼ 650 words and contain about nine pictures,
giving a realistic, image-rich setting. The release
includes both textual references (for ROUGE-style
scoring) and image labels, enabling joint evalua-
tion of summary quality and image relevance. Its
scale, open license, and established leader-board
have made MSMO “the MNIST of multimodal
summarization” and the de-facto test bed for recent
models such as ViL-Sum, UniMS and DIUSum.

4.4 Evaluation Metrics

To judge both the textual and visual quality of a
multimodal summary we adopt the metric suite first
standardized in the MSMO benchmark.

• ROUGE (Lin, 2004) — n-gram overlap mea-
sures between the generated text and the gold
abstract; widely used for abstractive summariza-
tion.

• Image Precision (IP) (Zhu et al., 2020, 2018)
— the fraction of predicted images that also ap-
pear in the human summary; it captures visual
salience image retrieval.

• Max-Sim — cosine similarity between the em-
bedding of the selected image and that of the
reference image, taking the maximum across all
candidate-reference pairs.

• MMAE (Multimodal Automatic Evaluation)
— the composite score proposed (Zhu et al.,
2018); it is a weighted linear combination of
ROUGE (text salience), Image Precision (image
salience) and MaxSim (cross-modal relevance),
with weights tuned to maximize correlation with
human judgments.

Together, ROUGE assesses the linguistic half
of the task, while IP, Max-Sim and their MMAE

aggregation quantify how well the chosen images
complement the summary and how much unneces-
sary redundancy has been avoided.

5 Results

5.1 Main Results

Our model MULSUM achieves the best textual
quality among all baselines, posting 44.75 / 21.13
ROUGE-1/2, surpassing the strongest published
baseline, ViL-Sum, by +0.46 / +0.17 respectively.
Gains hold against other contemporaries such
as UniMS (+1.81 R-1), LAMS (+1.68 R-1) and
DIUSum (+2.52 R-1). The improvement is at-
tributable to two architectural choices: (i) the Vis-
Aligner projector, which removes redundant vi-
sion tokens yet keeps fine-grained grounding (Sec-
tion 3.2), and (ii) LoRA-tuned LLaMA condition-
ing, which allows longer textual contexts without
retraining the entire backbone. Both decisions
align with recent evidence that token-efficient vi-
sion branches and LoRA techniques yield higher
language-side scores in multimodal summarization.

On the image side, MULSUM records Image Pre-
cision = 3.44 and MMAE = 28.48—competitive but
slightly below ViL-Sum (3.55 / 32.17) and SITA
(3.37 / 33.47). Two factors explain this gap:

• Relevance-diversity trade-off. Our Diversity-
Aware Relevance selector (Eq. 5) explicitly penal-
izes redundancy across the chosen images. While
this lowers the chance of hitting the single “ref-
erence” picture used by MSMO metrics, human
judges prefer the richer, non-duplicate sets gen-
erated (see Section 5.3.1). A relevance-only ab-
lation (Section 5.2) scores higher on Precision /
MMAE (+2.3 / +0.02) but repeats visual content,
confirming the trade-off.

• No caption supervision. Systems such as SITA
augment training with pseudo image captions,
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which tighten cross-modal similarity signals and
naturally boost embedding-based metrics (Jiang
et al., 2023). By contrast, MULSUM relies solely
on task-tuned Vis-Aligner embeddings; this de-
sign keeps compute modest but sacrifices a small
amount of measured alignment.

Despite these factors, MULSUM still delivers
an absolute 0.12 point higher improvement rate
than reference images in our redundancy analysis
(Section 5.3.1), suggesting better user-perceived
visual complementarity. An example of generated
summary accompanied with the selected images is
shows as Figure 3.

In summary, MULSUM moves the state of the art
on textual quality while maintaining competitive
visual scores; the slight dip in MMAE and Preci-
sion is an artifact of our deliberate diversity bias,
further quantified in the human evaluation results.

5.2 Effectiveness of Vis-Aligner
To evaluate the contribution of the Vis-Aligner mod-
ule, we conducted an ablation study comparing
the full system against two baseline variants: (i)
one with no visual input, and (ii) one using ran-
dom noisy images in place of actual visual content.
This study aims to isolate the impact of meaning-
ful image features in the alignment and generation
process. The detailed results are given in Table 2

A paired t-test revealed that the performance dif-
ference between the full system and each of the
two ablated variants was statistically significant
(p < 0.05), confirming the importance of real vi-
sual grounding. In contrast, the difference between
the two ablated systems (no images vs. noisy im-
ages) was not statistically significant, suggesting
that the model derives little to no benefit from non-
informative or random visual input.

These results highlight the effectiveness of the
Vis-Aligner in leveraging meaningful visual fea-
tures for improved performance.

System ROUGE-1 ROUGE-2

MULSUM 0.4475 0.2113
No Images 0.4356 0.2065
Noisy Images 0.4365 0.2072

Table 2: Ablation study evaluating the impact of the
Vis-Aligner module using ROUGE scores.

Discussion. Incorporating real visual tokens via
Vis-Aligner yields an improvement of 1.2 percent-

age points in ROUGE-1 and 0.5 percentage points
in ROUGE-2 scores compared to the text-only vari-
ant, despite introducing only a single CLS-level
token per image. Moreover, replacing the real pic-
tures with Gaussian-noise tensors yields scores sta-
tistically indistinguishable from the text-only con-
trol (paired t-test), confirming that the gain is due
to meaningful visual cues rather than extra param-
eters or token count. A paired t-test between Full
and each ablated variant shows significance, con-
firming that the gain is due to meaningful visual
cues rather than extra parameters or token count.

Vis-Aligner filters each image down to a task-
tuned projection that is maximally informative for
LLaMA’s early-fusion stream; removing or corrupt-
ing these vectors erodes summary quality, while the
gap between the two ablations indicates that ran-
dom visual noise neither harms nor helps because
the language model learns to ignore unaligned to-
kens. These results corroborate recent evidence
that lightweight, CLS-level vision tokens carry suf-
ficient semantics for downstream tasks when ap-
propriately aligned (Endo et al., 2024; Weng et al.,
2024) and underline the advantage of projecting—
not jointly re-encoding—visual features (Cui et al.,
2024). The next subsection (Section 5.3) repeats
this analysis for the image-selection module, show-
ing that our diversity-aware scorer recovers the
slight drop in MMAE and Image Precision ob-
served in Section 5.1

5.3 Effectiveness of Image Selector
Starting from the same summaries produced by our
Vis-Aligner-enhanced generator, we compare two
post-hoc image selectors:

• Similarity-only: top-K images by cosine similar-
ity between the summary embedding s and each
visual token ṽi—the prevalent practice in recent
MMS work (Zhu et al., 2018; He et al., 2023).

• DAR: the relevance-diversity scorer of Eq. (5),
that iteratively balances cosine similarity with
pairwise dissimilarity.

Selector MMAE IP

Similarity-only 3.46 74.8
DAR 3.44 72.5

Table 3: Impact of diversity-aware retrieval on visual
metrics.

Image Precision and MMAE scores on the
MSMO are shown in Table 3. DAR lowers
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Figure 3: A real example, sampled from test dataset. Input articled is trimmed for visibility.

redundancy at the cost of a marginal drop in
relevance-oriented metrics—an anticipated trade-
off in the MMR framework. The −0.3 pp shift
in IP and −0.02 in MMAE reflects cases where
multiple near-duplicate images vie for the same
salient concept; Similarity-only tends to pick the
most stereotypical image, while DAR intention-
ally spreads selections across different aspects,
echoing findings in diverse image summariza-
tion (Celis and Keswani, 2020; Riahi Samani and
Ebrahimi Moghaddam, 2020). Figure 4 presents
an illustrative test set example that supports the
previous observations and demonstrates the effec-
tiveness of DAR-based image selection.

λ IP MaxSim MMAE

0.4 70.7 24.30 3.38
0.5 70.8 28.46 3.39
0.6 72.6 24.31 3.40
0.7 72.5 28.48 3.44
0.8 72.6 24.34 3.44
0.9 73.4 28.57 3.46

Table 4: Effect of varying λ on IP, MaxSim, and
MMAE.

To further assess the sensitivity of the relevance-
diversity balance parameter λ, we conducted an
analysis on the validation set. Specifically, we
swept λ ∈ {0.4, 0.5, . . . , 0.9} and reported the IP,
MaxSim, and MMAE scores (see Table 4). We ob-
served that MaxSim exhibits small, non-monotonic
fluctuations, consistent with the tendency of near-
duplicate images to increase similarity to the sum-
mary while reducing overall diversity. Based on
this analysis, we selected λ = 0.7 as the optimal
trade-off: it maintains a high IP score (72.5, within

0.9 of the best observed value) while avoiding the
larger MMAE increase noted at λ = 0.9. Notably,
this same setting of λ = 0.7 was used in the human
evaluation (Section 5.3.1), where DAR-generated
image sets were preferred not only over cosine-only
retrieval but also over gold-standard references—
supporting the conclusion that the selected balance
yields informative and non-redundant image sets.

5.3.1 Human Evaluation of Image-Summary
Alignment

Automatic metrics alone cannot fully capture how
well a set of images complements a textual sum-
mary (Zhuang et al., 2024). To address this, we
conducted a controlled human evaluation, adher-
ing to established best practices for multimodal
assessment (Gao et al., 2023; Romanov et al.,
2023). Three graduate students—diverse in gender
and all proficient in English—served as annota-
tors. Each annotator evaluated 100 randomly se-
lected items from the MSMO dataset. For each
item, the three image sets—(i) gold reference, (ii)
cosine-similarity retrieval, and (iii) our DAR-based
selection—were presented in randomized order,
and the item sequence was independently shuffled
for each annotator to mitigate anchoring and order
effects. Annotators rated each set’s overall rele-
vance and usefulness using a 5-point Likert scale.
Annotators were paid at a rate exceeding the local
living minimum wage.

The mean ratings by the annotators are shown in
Figure 5. Despite slightly lower automatic pre-
cision, the DAR selector yields the highest hu-
man usefulness score, validating our claim that
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System Summary: “Borussia Dortmund beat Magdeburg 5-0 in the German Cup on Tuesday night. The German third-tier side
unveiled a quite remarkable crowd display. The banner read : ' You think the game is over , the games have only just begun.”

Reference
Selection

(Gold Standard)

Similarity-only
Baseline
(Cosine)

DAR Selection
(Ours)

Failure Mode: High Visual redundancy, limited coverage of match.

(i) Atmosphere (Specific Banner) (ii) Outcome (In-game Action) (iii) Player Poster (diversity)

Figure 4: Qualitative comparison of image selection strategies.

Figure 5: Mean Human Ratings for each image set.

diversity is a critical—but previously overlooked—
dimension of multimodal summarization quality.

6 Conclusion

We presented MULSUM, a compact image-text
summariser that unites a single-token visual pro-
jector (Vis-Aligner) with a diversity-aware image
selector (DAR). Vis-Aligner maps one CLIP [CLS]
vector per image into the LLaMA space, elimi-
nating patch-level overhead, while DAR applies an
MMR criterion to select non-redundant yet relevant
images.

On MSMO, MULSUM attains state-of-the-art
ROUGE-1/2 scores (44.75 / 21.13) and matches the
strongest baselines on image metrics. Removing

Vis-Aligner or corrupting images cuts ROUGE by
more than 1 percentage point, and human judges
prefer DAR’s image sets to both cosine retrieval and
the gold references, confirming the effectiveness of
our proposed systems.

Limitations

Although MULSUM advances the state of multi-
modal summarization, several practical limitations
remain.

First, all experiments are limited to the English-
language MSMO corpus of news articles with still
images—the only publicly available dataset, to our
knowledge, that includes articles, in-page images,
summaries, and reference image labels for end-to-
end multimodal summarization. Consequently, our
model has not been tested on other domains such
as scientific figures, social media memes, or video
frames, where components like the Vis-Aligner
and DAR selector may require re-tuning. Build-
ing cross-domain benchmarks is thus a key future
direction.

Second, our evaluation is based on MSMO’s ref-
erence image labels and automatic metrics, which
tend to favor topical overlap with the summary. Be-
cause of this, DAR occasionally sacrifices a small
amount of image precision in order to enhance
semantic coverage—behavior that is not fully cap-
tured or rewarded by current evaluation metrics.

Third, in cases where all original in-article im-
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Generated Summary:
Callum Wilson scored and made another as
Bournemouth beat Middlesbrough. Wilson has
been out of action since January with a knee
ligament injury. Eddie Howe is contemplating
unleashing Wilson on Premier League
defences.

Example 1

High redundancy, focusing in-game action only.

Original In-Article Images

Generated Summary:
Whitefish Energy signed a contract five days
ago to restore power in Puerto Rico. The
company is based in Whitefish , Mont. ,
Zinke's hometown. The company had just two
Energy Department contracts under its belt.
One was for just $ 172,000 ...

Example 2 Original In-Article Images

Generated Summary:
Broken filters can cost more than $1,000 to
replace so drivers are removing them. 1,800 cars
caught without the filter since 2014, the Driver
and Vehicle Standards Agency found. Many more
could be getting away with it because emissions
tests do not always detect the alterations.

Example 3 Original In-Article Images

No visual diversity.

High visual redundancy.

Figure 6: Examples of high visual redundancy in the input images.

ages are visually redundant or lack meaningful di-
versity, our system may struggle to produce a di-
verse image set. Figure 6 illustrates such failure
cases. Addressing this limitation will require mech-
anisms that can detect and mitigate redundancy in
the candidate image pool, which we identify as
another key direction for future work.

Finally, while MULSUM explicitly targets global
image-summary relevance and inter-image diver-
sity, it does not yet account for fine-grained
alignment—for example, whether individual ob-
jects or events within selected images correspond
precisely to elements of the summary. Large mul-
timodal language models (MLLMs) could poten-
tially be used to model such fine-grained alignment.
However, this would require sophisticated proto-
col design and likely human verification, making it
a promising but complex avenue for future explo-
ration.
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