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Abstract

In this study, we introduce a novel cover image generation task that produces both a concise summary and a
visually corresponding image from a text-only document. Because no existing datasets are available for this task,
we propose a multimodal pseudo-labeling method to construct high-quality datasets at low cost. We first collect
documents with summaries, multiple images, and captions, and then exclude factually inconsistent instances. Our
approach selects one image from multiple images accompanying each document. Using the gold summary, we
independently rank both the images and their captions. Then, we annotate a pseudo-label for an image when both
the image and its corresponding caption are ranked first in their respective rankings. Finally, we remove documents
that contain direct image references within texts. Experimental results demonstrate that the proposed multimodal
pseudo-labeling method constructs more precise datasets and generates higher quality images than text- and
image-only pseudo-labeling methods, which consider captions and images separately.

Keywords: Multimedia Document Processing, (Semi-)Automatic Generation of Training Data, Summariza-
tion

1. Introduction Aspect MMS MMCIG
. Document text
Text summarization generates concise summaries Inputatinference " tiple images  Documenttextonly
by preserving essential information from docu- Primary outputs  SUMMaY summary
ments. Given the increasing amount of multime- + selected image + generated image
dia content on the web, multimodal summarization Noed images Yes No
(MMS), which produces a textual summary and (doc, multi-image (doc, summary, gold
selects a relevant image f d t, has at- Supervision to train : o imag »S
ge trrom a aocument, has a summary, gold image) image)

tracted significant attention (Li et al., 2018; Palaskar

et al., 2019; Liu et al., 2020; Jangra et al., 2020; Table 1: Comparison of MMS and MMCIG. MMS
Messaoud et al., 2021; Zhuang et al., 2024). assumes the availability of images during both train-
However, existing MMS methods typically require  jng and inference and performs image selection,

inputs composed of both text and multiple images,  \yhereas MMCIG assumes text-only inputs and gen-
making them not directly applicable to text-only sce-  grates a cover image.

narios commonly encountered in content creation
and media. Additionally, pre-trained image gen-
eration models often struggle to produce images
closely aligned with textual inputs, necessitating fur-
ther fine-tuning to improve performance (Lee et al.,
2023; Li et al., 2024). Moreover, creating large-
scale annotated datasets of document-summary-
image pairs for supervised training remains costly
and challenging (Zhu et al., 2018, 2020; Jiang et al.,
2023; Qiu et al., 2024).

To overcome these limitations, we propose a mul-

first generates concise summaries and then pro-
duces visually aligned images from text-only doc-
uments. Table 1 shows the differences between
previous MMS and our MMCIG. MMCIG is directly
motivated by practical needs such as thumbnail
generation for news articles, where creating rep-
resentative images from summaries can improve
content discovery and user engagement (Zhu et al.,

timodal cover image generation (MMCIG) task that 2018, 2020).
To support this, we introduce a multimodal
+ Equal contribution pseudo-labeling method, which is the first system-
* Corresponding author atic approach to constructing high-quality training
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datasets at low cost: (1) Collect documents with
multiple images, their captions, and summaries
from the DailyMail website.! (2) Filter documents
for factual consistency. (3) Independently rank im-
ages and captions by relevance to the gold sum-
maries. (4) Annotate an image with a multimodal
pseudo-label when both the image and its corre-
sponding caption are ranked first in their respective
rankings, ensuring consistency between the textual
and visual content. (5) Remove documents that
explicitly reference images in their text.

We compare our multimodal pseudo-labeling
method for constructing training datasets with text-
only and image-only pseudo-labeling methods. In
the text-only pseudo-labeling method, we rely solely
on caption rankings to annotate a pseudo-label
for an image. For the image-only pseudo-labeling
method, we use only image rankings.

Experimental results demonstrate that our multi-
modal pseudo-labeling method constructs more
precise datasets than the text-only and image-
only methods. Furthermore, models fine-tuned
on our dataset achieve improved performance
in image generation. Human evaluation of both
the constructed dataset and model-generated out-
puts confirms that our multimodal pseudo-labeling
method effectively constructs precise datasets at
low cost, enabling trained models to generate im-
ages closely aligned with summaries. We release
our code and data at: https://github.com/
HyeyeeonKim/MMCIG

Our contribution can be summarized as follows:

» We introduce MMCIG, a practical, text-only in-
put task that couples document summarization
with image generation rather than image se-
lection, bridging a key gap left by prior MMS
formulations.

* We present a multimodal pseudo-labeling
method that jointly leverages image-summary
and caption-summary agreement, preceded
by factuality filtering and followed by explicit
image-reference filtering to reduce leakage
and noise.

* We provide three datasets, MMCIGrexs
(Caption-only ranking), MMCIGimag. (IMmage-
only ranking), and MMCIGyy; (Multimodal
ranking).

* Our multimodal pseudo-labeling produces
more precise datasets than text-only or image-
only alternatives, and models fine-tuned on
MMCIGyu; generate higher quality, better-
aligned images.

1https://www.dailymail.co.uk

2. Related Work

Text summarization can be categorized into two
types: extractive and abstractive. Extractive sum-
marization selects salient sentences from a given
document (Cheng and Lapata, 2016; Nallapati
et al., 2017; Zhou et al., 2018; Liu and Lapata,
2019), whereas abstractive summarization pro-
duces novel words and sentences (Liu and Liu,
2021; Dou et al., 2021; Liu et al., 2022; Goyal et al.,
2022). Providing a summary with its correspond-
ing image can further improve user-friendliness,
as judged by human evaluation (Zhu et al., 2018,
2020); thus, significant attention has been paid to
multimodal summarization. This task processes
inputs from more than one modality and integrates
information across different modalities to generate
outputs (UzZaman et al., 2011; Bian et al., 2013;
Wang et al., 2016; Li et al., 2017; Sanabria et al.,
2018; Zhang et al., 2024).

Recently, Zhu et al. (2018) created the first
large corpus for the multimodal summarization task
(MMS). The corpus consists of two input modal-
ities, text and multiple images, and provides a
concise summary with its corresponding image.
The integration of image-caption information has
been proposed to better combine textual and vi-
sual features during training and inference (Zhu
et al., 2020; Jiang et al., 2023). To further im-
prove performance on the MMS task, multitask
training methods (Mukherjee et al., 2022; Zhang
et al., 2022b) and graph networks with hierarchi-
cal fusion frameworks for learning intra- and inter-
modal correlations (Zhang et al., 2022a) have been
investigated. Zhang et al. (2024) extracted entities
from the text using an external knowledge graph to
guide a model for image selection.

Despite the success of previous MMS methods,
such methods require both text and multiple im-
ages as input. In practical scenarios where only
text inputs are available, for example, in thumbnail
generation for news articles, MMS cannot produce
user-friendly pictorial outputs. To address this is-
sue, we propose MMCIG, which learns to produce
pictorial summaries from text-only inputs. For this
novel task, we also propose a multimodal pseudo-
labeling method to construct a high-quality training
dataset.

3. Multimodal Pseudo-labeling

The MMCIG task applies to real-world scenarios in
which only text inputs are available for user-friendly
content that requires both text and images as sum-
maries (Zhu et al., 2018, 2020). Due to the ab-
sence of suitable datasets, we propose a multi-
modal pseudo-labeling method to efficiently con-
struct high-quality training datasets.
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Figure 1: Overview of the MMCIG dataset construction pipeline.

Overview of Dataset Construction Pipeline. Fig-
ure 1 shows an overview of the dataset construction
pipeline. We first collect a large-scale multimodal
dataset from the DailyMail website, containing doc-
uments with multiple images, including their cap-
tions and summaries. Then, we filter out factually in-
consistent instances. We independently rank both
images and their captions using gold summaries,
and annotate a multimodal pseudo-label for an im-
age when both the image and its corresponding
caption are ranked first in their respective rankings.
Finally, we remove instances that contain direct
image references within the document.

Filtering for Factual Consistency. The Daily-
Mail dataset suffers from factual inconsistencies
between documents and their summaries; thus,
we first filter these pairs using factuality mod-
els (Guo et al., 2022): BERTScorey,, AlignScore,
and SummaCscore. Each model evaluates the
consistency differently. BERTScorea,; computes
token-level similarity (Zhang* et al., 2020), Align-
Score measures chunk-sentence alignment (Zha
et al., 2023), and SummaCscore considers entail-
ment scores (Laban et al., 2022). We indepen-
dently remove the lowest-scoring 25% of document-
summary pairs for each model and retain only the
document-summary pairs that are kept across all
models to ensure factuality (Guo et al., 2022). For
factuality scoring, we directly compare the gold
summary with the corresponding document.

Ranking Images and Captions. We indepen-
dently rank the images and their captions from each
document using the gold summaries, assuming
captions typically provide descriptive information
about the images (Jiang et al., 2023). Specifically,
we rank images and captions by computing co-
sine similarity with summaries using CLIP (Radford
et al., 2021) and BERTScore (Zhang* et al., 2020),

Algorithm 1 Filtering Algorithm.

Reqmre
: Documents Docs = {D1, Do, ..
NLTK.spiis = sentence splitter
NLTK;agger = part-of-speech tagger
Initialize the filtered documents, F =[]
Initialize the NNyora @and VByora lists
fori=1tondo
S «— NLTKSSPM (Dl)
bad_found < False
for j=1t0|S|do
Tag <— NLTKagger (S;)
if Tagnn in NNyora @nd Tagyp, in VByorq then
bad_found <+ True
break
end if
end for
if not bad_found then
17: F.append(D;)
18: end if
19: end for
20: return F
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respectively.

Annotating Images with Multimodal Consis-
tency. By independently ranking the images and
captions, we obtain two separate rankings. An im-
age is assigned a multimodal pseudo-label when
both the image and its corresponding caption are
ranked first in their respective rankings. This
method ensures that the pseudo-labeled image
is visually relevant to the summary and textually
aligned through its caption.

Filtering for Direct Image Reference. Because
the DailyMail dataset often contains direct refer-
ences to image information in the documents (Her-
mann et al., 2015), we filter out such documents.
Algorithm 1 describes how to filter such samples.
We first split each document into sentences with
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MMCIG 1 MMCIG,,5c MMCIGu1ti

Dataset 1 2 3 4 5 6 Avg/Total

Train 140,212 (555.7/55.2)
valid 4,911 (584.6/55.1)
Test 4,968 (566.8/58.2)

140,212 (555.7/55.2)
4,911 (584.6/55.1)
4,968 (566.8/58.2)

48,866 (504.9/55.5)
1,662 (544.7/55.8)
1,774 (506.0/57.2)

Table 2: Statistics of MMCIG datasets. The num-
bers x/y in parentheses indicate the average doc-
ument and summary lengths based on words, re-
spectively.

After Factual After Multimodal After

Original Consistency Consistency POS tagging
Train 293,966 140,212 50,496 48,866
Valid 10,353 4,911 1,726 1,662
Test 10,262 4,968 1,832 1,774

Table 3: Dataset statistics after each filtering step.

NLTK, and then tag a POS for each word.? Next,
we build candidate lists for singular nouns (NNy,oq:
“photo,” “image,” “figure,” “picture,” “photograph”)
and base-form verbs (VByq: “show,” “reveal,” “in-
dicate”). We remove documents containing sen-
tences with both a tagged noun and a tagged verb.
MMCIG Dataset Statistics. We create three ver-
sions: MMCIGr.,; (selecting images via caption
ranking only), MMCIGiaee (via image ranking
only), and MMCIGyr14; (via both image and caption
rankings). Tables 2 and 3 show the statistics of the
MMCIG datasets.

Starting from the original dataset, containing
293,966 training, 10,353 validation, and 10,262
test samples, the dataset is successively filtered
through stages of factual consistency, multimodal
consistency, and POS tagging. After applying fac-
tual consistency filtering, the size of the dataset re-
duces significantly to 140,212 training, 4,911 valida-
tion, and 4,968 test instances. Subsequent filtering
based on multimodal consistency further reduces
the training set to 50,496, validation set to 1,726,
and test set to 1,832 samples. Finally, after POS
tag filtering, the dataset comprises 48,866 training,
1,662 validation, and 1,774 test samples.

For MMClIGimage and MMCIGrrey;, We utilize
the dataset obtained after applying factual con-
sistency filtering. For MMCIGyy1:i, We utilize the
dataset obtained after POS tag filtering. While
both MMCIG ey, and MMCIGi,,.q. share identical
dataset sizes due to their reliance on a single modal-
ity for labeling, MMCIGyy4; contains a smaller num-
ber of instances.

MMCIG Dataset Evaluation. Training and valida-
tion datasets are constructed from our collected
data. To evaluate the pseudo-labeling method it-
self, we use the MSMO test dataset (Zhu et al.,
2018) since it includes multiple human-annotated
gold images for each instance, where each in-
stance consists of a document with multiple im-

” LI [T

®nttps://www.nltk.org/

MMCIG 700 837 843 867 696 50 77.7
Tt (298) (788) (779) (670) (1,323) (3)  (3.861)

723 849 862 869 695 667 785
e (308) (799) (796) (672) (1,322) (4)

MMCIGigun 86.2 88.2 90.0 8838 78.0 100 85.9

(250) (412) (316) (207) (337) (1)  (1,523)

Table 4: Accuracy of MMCIGex;, MMCIGinage,
and MMCIGy,; pseudo-labeling methods eval-
uated on the MSMO test dataset. Columns 1-6
represent the number of gold reference images in
the documents. The numbers in parentheses rep-
resent the number of correctly annotated samples
in the human-annotated MSMO test dataset.

Dataset Alignment Win
Random 3.60 20
MMCIGpuiti 3.85f 66

Table 5: Human evaluation results. “Win” denotes
the count of pairwise higher scores. 7 indicates
the improvement is significant (p<0.05) compared
with the underlined score using paired-bootstrap-
resampling with 100,000 random samples (Koehn,
2004).

ages along with its summary. Table 4 shows
that MMCIGy,1t; consistently outperforms both
MMCIGrrexs and MMCIGiage by accurately align-
ing summaries with their corresponding images,
even when only one gold reference image is pro-
vided among multiple images in a document. Thus,
our method effectively constructs high-precision
datasets with closely aligned document-summary-
image pairs.

We also conducted human evaluation. We sam-
pled 100 images in the MMCIGyy; test dataset
and created another dataset (Random) by ran-
domly selecting one gold image from multiple gold
images in the MSMO test dataset for the corre-
sponding documents. We used Amazon Mechan-
ical Turk with 80 annotators (US high school or
bachelor’s degree), who rated the image-summary
alignment (1 to 5, 5 is the best). Table 5 shows
that MMCIGy,11; significantly outperformed Ran-
dom, confirming our method effectively annotates
images closely aligned with summaries.

4. Experiments

4.1.

Datasets and Implementation Details. We
used the MMCIG datasets constructed in Sec-
tion 3 for the cover image generation task. Note
that we used only the 1,774 test samples from
MMCIGyy; for evaluation in all experiments
to ensure data quality and consistency. For

Experimental Settings
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Hyper-parameters

Seed 42
Number of training epochs 20
Early stopping 3
Batch size 20
Image resolution 768
Optimizer AdamW
Learning rate 3e-7
Learning rate scheduler  constant

Table 6: Hyper-parameters for open-source image
generation models. DALL-E-3 was used via API
without fine-tuning.

Hyper-parameters

Seed 42

Number of training epochs 20

Early stopping 3

Batch size 8
Optimizer AdamW

Learning rate 1e-4

Lora rank 8

Lora alpha 16

Lora dropout 0.1

Target modules query, key, value, and output

Table 7: Hyper-parameters for text generation mod-
els.

image generation, we employed the following
models: DALL-E-3 (OpenAl, 2023), stable-
diffusion-2-1 (Rombach et al., 2022), and
dreamlike-photoreal-2.0 (Dreamlike, 2023).
We used 30 inference steps with a guidance scale
of 7.5 for both Diffusion-2.1 and Dreamlike.

To summarize documents, we employed the fol-
lowing LLMs: Llama-3.2-3B-Instruct (Meta,
2024) and Qwen2.5-3B-Instruct (Qwen et al.,
2025). We fine-tuned the models on MMCIGyut:
and used greedy decoding. Tables 6 and 7 show
the hyper-parameters for fine-tuning image genera-
tion and summary generation, respectively.

While we fine-tuned parameters for open-source
image generation models, we incorporated a
parameter-efficient fine-tuning method (Mangrulkar
et al., 2022) for summarization, specifically low-
rank adapters, which combine trainable low-rank
matrices with the frozen weights in transformer lay-
ers (Hu et al., 2022).

Evaluation Metrics. To assess the generated
images, we considered traditional evaluation met-
rics, including the Fréchet Inception Distance (FID),
which evaluates the distance between the prob-
ability distributions of gold and generated im-
ages (Heusel et al., 2018), and the Inception Score

Summary

Dozens of workers injured in
apparent gas pipeline explosion
last night Photos of scene show

men in great pain, with parts of
clothes burned off At least 10

victims were hospitalized with

second and third-degree burns
Pemex - the firm that owns the
pipeline in Cardenas - denies it
exploded It claims an accident
involving stolen fuel tank near the
pipe led to blast

Painful: Two victims walk
along the road in Cardenas in
immense pain, with parts of
their clothes burned off

Figure 2: Example of a pseudo-labeled
MMCIGyr,; instance with its caption.

(IS), which evaluates the diversity and semantic
meaningfulness of generated images (Salimans
et al., 2016). In addition, we used CLIPScore to
assess how well the generated images align with
both the generated summaries (Txt-Img) and tar-
get images (Img-Img) (Hessel et al., 2021). Fur-
thermore, we employed CLIP Image Quality As-
sessment (IQA) to measure the visual quality of
images (Wang et al., 2023) and the BLIP score to
evaluate how effectively the generated images align
with the generated summaries (Li et al., 2022).

For summarization, we used ROUGE-1 (R-1),
-2 (R-2), and -L (R-L) (Lin, 2004) to assess sum-
marization performance. We also considered
BERTScore (BS) to assess the contextual similarity
between generated and gold summaries (Zhang
et al., 2020).

4.2. Results

We first evaluate images generated using gold
summaries and then evaluate images from gen-
erated summaries. Table 8 shows the results.
While DALL-E-3 suffered difficulties to generate rel-
evant images for summaries, We observed perfor-
mance gains in BLIP, CLIP, and IQA scores with
fine-tuned models compared to pre-trained models.
Furthermore, MMCIGy,; achieved scores that
were better than or comparable to MMCIG.,; and
MMCIGimage, demonstrating the importance of con-
structing a high-quality dataset. While MMCIGrey
and MMCIGiy,ag. are larger and potentially more di-
verse, results indicate that cross-modal alignment
yields better performance even with fewer samples.

Fine-tuning first on MMCIGiya.. and subse-
quently on MMCIGy4; further improved perfor-
mance. However, IS and FID scores exhibit incon-
sistencies due to their limited capability in accu-
rately evaluating images produced by recent gen-
erative models (Jayasumana et al., 2024).

Table 9 shows the results for summariza-
tion models fine-tuned on datasets derived from
MMCIGypu;. LORA fine-tuning yielded consis-
tent performance gains because it enables task-
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CLIPScore (1)

Summary Gen. Image Gen. Setting MMCIG BLIPScore (1) Txtimg Img-img IQA (1) IS(1) FID(])
DALL-E-3  Pre-trained - 20.0 26.4 52.1 084 93 843
Pre-trained - 28.8 315 64.2 097 148 51.6
Diffusion-2.1 Text 29.3 31.2 65.1 098 159  61.1
' Fine-tuned Image 29.8 31.7 66.0 098 158 56.8
Gold Multi 30.0f 32.0f 67.1F 0.98 15.1 54.3
Image — Multi 30.1° 32,17 67.2° 099 151 534
Pre-trained - 27.8 315 65.2 0.95 13.5 54.9
. Text 28.8 30.9 64.9 098 155 586
Dreamlike g6 tined Image 29.1 315 657 098 156 537
Multi 29.2 31.4 65.7 098" 154 53.4
Image — Multi 29.2 31.6 66.3 098 156 535
DALL-E-3  Pre-trained - 205 26.3 51.3 088 97 799
Pre-trained - 285 31.7 63.9 097 156 506
Diffusion-2.1 Text 29.1 31.2 64.4 098 159 627
' Fine-tuned Image 29.8 31.9 65.4 098 169 557
Llama-3.2-3B Multi 29.9 32,17 66.41 098 156 538
-Instruct Image — Multi 30.1f 32.2f 66.81 099" 156 535
Pre-trained - 28.0 30.2 63.9 095 136 529
) Text 28.6 31.0 64.5 098 156  58.1
Dreamlike  pn6 tuned Image 29.1 315 655 098 164 54.9
Multi 29.0 31.6f 64.5 098 145 50.2
Image — Multi 29.2f 315 65.7 098" 159  53.9
DALL-E-3  Pre-trained - 20.8 26.63 51.6 0.88 991 79.81
Pre-trained - 28.6 31.8 63.4 0.96 145 52.4
Diffusion-2.1 Text 29.1 31.3 64.3 098 157 619
' Fine-tuned Image 29.7 31.8 65.4 098 164 558
Qwen2.5-3B Multi 29.7 32,0 66.2f 098 163 543
-Instruct Image — Multi 30.0f 3231 66.6 098 152 526
Pre-trained - 27.9 30.1 63.8 095 139 535
) Text 28.5 31.0 64.3 098 149 577
Dreamlike g6 tuned Image 29.1 316 653 098 163 541
Multi 29.1 317 64.2 098 148 504
Image — Multi 29.0 31.6 65.4 098 163 534

Table 8: Experimental results for cover image generation from gold and generated summaries using
LLMs. Image — Multi indicates that the model was first fine-tuned on MMCIGiy,.6e @nd then further
fine-tuned on MMCIGy.1:i. The notations are the same as those in Table 5.

Model Setting R1 R-2 R-L BS
Pre-trained 37.3 149 23.7 417

Llama-3.2-3B  ginotyned 47.8 247 343 48.8
Pre-trained 35.0 13.0 21.9 40.3

Qwen2.5-3B ko tined 457 22.8 327 47.4

Table 9: Experimental results for document sum-
marization.

Model Setting MMCIG Fidelity Alignment
DALL-E-3 Pre-trained - 2.08 2.56
Pre-trained - 2.81 2.60
Diffusion-2.1  Fine-tuned Image 2.84 2.78
Fine-tuned Image — Multi  2.84 3.02f

Table 10: Human evaluation results. The notations
are the same as those in Table 5.

specific adaptation through lightweight parameter
updates, consistent with prior studies on summa-
rization (Juseon-Do et al., 2024).

4.3. Analysis

Human Evaluation. We also evaluated gold sum-
maries and generated images by asking annotators
to rate image fidelity (reality) and summary-image
alignment. We sampled 100 images per model-

Document Image

Producer Michael Simon de
Normier filed a criminal
complaint with a branch of state
police in Germany's North
Rhine-Westphalia region this
week The Germa n producer

alleges the Weinstein Co. only
paid back a small portion of the
$2 million it was loaned to film
the 2008 drama The Reader He
has accused the film body of
failing to take legal action to
recoup the loan

German producer Michael
Simon de Normier claims
Harvey Weinstein and his
company; only paid back a

small portion of the $2 million
it was loaned to film the 2008
drama The Reader

Weinstein and his former
company are not named in the
complaint, rather de Normier
points the finger at the German

tax-funded film body NRW

D

The files were being stored on
three Amazon Web Services S3
buckets. They contained posts and
comments gathered from Asia
and the Middle East.. The files

were gathered by Cent Com, the

US Central Command in Florida ..
They were found by cyber securi%
firm Up Guard which downloade
them in full .. Cent Com said none|
of the information was sensitive

but would not say why it was
being gathered ..

They were stored by cent

Com, the US Central Cent com, the US Central

Command HQ in Tampa,
Florida, said none of the
information was sensttive

Command, under folders
titled ‘Cent com Archive' and
‘Cent com backup'

Figure 3: Two example cases showing dis-
agreements between caption-only pseudo-labeling
(MMCIGrt.) and image-only pseudo-labeling
(MMCIGiyage). A check mark indicates the first
image or caption based on rankings.

setting combination and used Amazon Mechanical
Turk with 80 annotators (US high school or bache-
lor's degree) to rate fidelity and alignment (1 to 5,
5 is the best). Table 10 presents the results. We
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Document

A Royal Navy officer was killed
when her car crashed into a
saloon carrying a family-of-
four and burst into flames as

she drove home for
Christmas, .. a Toyota MR2
which collided head-on-with

a Renault Megane .. a 44-year-

old woman passenger suffered

serious injuries while two 11-

year-old children were
threated for minor injuries..

Sub-Lieutenant Anna Bolam

Sub-Lieutenant Anna Bolam,
28, was driving a Toyota MR2
when it crashed. It collided
head-on with a Renault

was killed as she drove home
for Christmas. The 28-year-
old's Toyota crashed .. Her
vehicle overturned before
bursting into flames after the
head-on crash Driver and
passenger

Megane and overtuned before
burstinginto flames. Lt Bolam,
who was the only person in the
Toyota, died atthe scene on ..

1+ Document

Pineapple on pizza is a deeply
divisive issue among food fans,
with some claiming it to be one
of the tastiest toppings
available, .. But now another
fruit looks set to steal
pineapple’s crown as the most
controversial pizza topping of
all time: strawberries. .. a
picture of cheese pizza topped
with strawberries, while adding
the caption: Strawberries [are
better than] pineapples.

Twitter user @user1 posted a
picture of a pizza covered
with strawberries and melted
cheese, with one slice already
eaten. They captioned the
picture strawberries [are
better than] pineapples ..

Strawberries have sparked a
furious debate on Twitter after
a picture was shared. The
picture shows a pizza topped
with strawberries and cheese.
The caption reads Strawberries
[are better than] pineapples.

Figure 4: Example of generated images and sum-
maries with their gold references.

observed that models fine-tuned on our MMCIG
datasets significantly improved alignment between
a summary and an image without compromising
the fidelity. The relatively lower scores obtained by
DALL-E are due to its tendency to generate images
in a cartoon-like style.

Case Study for Pseudo-labeling. Figure 2 shows
an example from MMCIGy.;. The image and
caption contain key information from the summary,
highlighted in gray, such as “workers injured,” “last
night Photos,” “in great pain,” and “clothes burned
off.” This alignment ensures that the selected im-
age is visually relevant to the summary and ac-
curately represents the textual content, which en-
ables us to construct more coherent and relevant
document-image-summary pairs.

Figure 3 presents examples from MMCIGrey
and MMCIGimage. In MMCIGipa., images are se-
lected solely based on image information, whereas
in MMCIG.., captions are considered to form
document-image-summary pairs. However, ranked
images and captions do not always align; thus, the
constructed image-summary pairs often lack coher-
ence and relevance (Zhu et al., 2020). In the first
example, the summary relies on textual information,
while the selected image does not accurately cap-
ture entities such as the person, “Michael Simon
de Normier.” In the second example, the key infor-
mation “The files were being stored” is clearly rep-
resented in the first ranked image in MMCIGiage,
while the MMCIG.,; image fails to capture this.
This demonstrates the limitation of relying exclu-
sively on either caption or image information.
Case Study for Generated Outputs. Figure 4
shows examples of outputs generated by Llama-
3.2-3B and Diffusion-2.1 trained on MMCIGyput;
compared to gold summaries and images from the
test dataset. We observed that the model gener-
ates summaries and relevant images. In addition,

providing pictorial summaries can enhance user en-
gagement compared to textual summaries alone,
which highlights the importance of the proposed
task when only textual inputs are available (Zhu
et al., 2018, 2020).

Figure 5 shows additional example outputs gen-
erated by the Diffusion-2.1 models from summaries
generated by the fine-tuned Llama-3.2-3B including
DALL-E-3. DALL-E-3 tended to produce cartoon-
like images, whereas diffusion models generated
more realistic images. Additionally, the model
trained on MMCIGy,y;; produced images closely
aligned with their corresponding summaries.

5. Discussion and Conclusion

Our primary focus is on constructing a new large-
scale dataset and proposing a generation-based
pipeline for cover image generation, rather than on
developing or benchmarking retrieval algorithms.
Retrieval-based methods typically select images
from a predefined pool, while our task empha-
sizes generating novel cover images conditioned
on textual summaries, which presents different chal-
lenges and objectives. Moreover, MMS assumes
images at inference, whereas MMCIG assumes
text-only inputs.

CLIP is trained through contrastive learning to
alignimages with text and is effective for image gen-
eration (Radford et al., 2021). However, it typically
uses 77 token context windows. To address this
limitation, recent image generation models such as
Stable Diffusion (Podell et al., 2023) and Flux (Labs,
2024) also incorporate the encoder from T5 (Raf-
fel et al., 2023). While the fine-tuned portion can
handle up to 256 tokens (and technically accepts
up to 512), only the first 256 tokens are learned
in a way that supports meaningful alignment, and
there is no guarantee of strong alignment beyond
that point (Ozaki et al., 2025). Thus, instruction-
tuned text-to-image models are not suitable when
conditioned on the full article. Moreover, the gen-
erated images are required to be closely aligned
with summaries rather than full articles (Zhu et al.,
2018, 2020).

In this paper, we proposed a novel task of MM-
CIG that generates textual summaries and their
corresponding images from text-only documents
to output user-friendly content. Due to the lack of
available datasets for this task, we proposed a mul-
timodal pseudo-labeling method to efficiently con-
struct high-quality training datasets. Models trained
on our datasets produce informative summaries ac-
companied by visually corresponding images, as
confirmed by automatic and human evaluations.
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Summary

She's clearly bright as a button and eager to please.
But despite her bright amber eyes and bouncy nature,
Zoey the border collie has been trying to find a loving
home for two years. Tomorrow will mark her second
anniversary of being handed in to the RSPCA after her
previous owners became overwhelmed by her energy levels.
Now the animal charity is appealing for someone to come
forward and offer the sheepdog the care and attention she needs.
After being handed in on New Year's Day 2014, Zoey was housed
in a foster home where she has been receiving agility training.
RSPCA trustee Sarah Harris, who is keeping Zoey on her farm
in Dorset where she teaches canine agility classes. She said:
* Zoey is extremely obedient and her recall is excellent .
She would be the ideal partner for someone wanting to do agility
for fun or competitively, as she is so willing to please. ' | feel she is
from working stock as she has a strong eye for sheep and is
Constantly watching for commands. * Generally it does takes a while
for the perfect forever home to come forward for the foster dogs, but
poor Zoey has been waiting a very long time now. = She would just love
to have a cosy home to call her own, but it is so very important that she
has an outlet for all her energy .' * She is not the sort of dog who will
be content with a walk at either end of the day . Ideally her new owners
will carry on with her agility training, as she definitely needs some form
of work. * She needs a very confident owner as she can become worried
if she senses a person is nervous. * Zoey is such a special dogand |
know the right owner is out there somewhere. * We would love to hear
from anybody who thinks they could give this super dog exactly
what she needs, and so desperately wants . ' To adopt Zoey email ...

| —

|

——

Zoey the border collie has been trying to find
a loving home for two years. The dog was
handed in to the RSPCA after her previous

owners became overwhelmed by her energy

levels. Now the animal charity is appealing
for someone to come forward and offer
the sheepdog the care and attention she needs

IMAGE—7Multi

Document

parked school bus was visiting him from South Korea and begged him to
slow down seconds before the deadly impact. The victim, identified as,
Nara An, 24, was in the passenger seat when pharmacy student Kyung
Song, 29, slammed into the vehicle in Flushing, New York, at 3:30 a.m.
on Friday, after a suspected night of drinking. After seeing her mangled
body, Song reportedly tried to kill himself with string from his hoodie after
shouting: * Oh no! ‘ As police arrived at the scene he was believed to
Have lit up a cigarette outside the vehicle. Scroll down for video
According to The New York Daily News, An was planning to return to her
native South Korean within days. Song also reportedly told detectives that
she begged him to slow down after they left a bar. © When he saw the girl
inthe passenger side, he hit himself on the head two times,' a witness
who only gave a first name, Mike, said. * He was completely dazed,' Mike
added. Police say that Song was twice the legal blood-alcohol limit when
he drove his $60,000 Porsche into a bus outside Thomas Jefferson
Elementary School in Flushing. When police arrived at the scene, they
saw the roof of the car was completely razed off . Song had marks around
his neck from where he tried to strangle himself. The New York Daily
News reports that Song said he was driving his girlfriend home but that he
wasn't exactly sure where she lived. Song survived the wreck with only
minor injuries, reports ABC. Song was charged with a DWI at the hospital
and was arraigned on a vehicular manslaughter charge on Friday night.
Song, who is studying to be a pharmacist, appeared in court on Friday
night in a light green hospital gown tucked into sweatpants. Song told the
court that he drank three shots of whiskey and three bottles of Heineken
before the crash. ' | knew [my girlfriend] was about to die and | wanted to
die,' he said in court. He is being held on $750,000 bond or $500,000 ..

Awoman killed after her allegedly drunk fiance drove his Porsche into a

St y

Nara An, 24, was in the passenger seat when
pharmacy student Kyung Song, 29, slammed into
the vehicle in Flushing, New York, at 3:30 a.m. on

Friday. An was planning to return to her native

South Korean within days. Song also reportedly
told detectives that she begged him to slow down
after they left a bar. Song was charged with a DWI

at the hospital and was arraigned on a vehicular
manslaughter charge on Friday night

Figure 5: Another example of generated images and summaries.

Limitations

Although we proposed the MMCIG task and demon-
strated the effectiveness of the proposed multi-
modal pseudo-labeling method, several limitations
remain.

First, constructing MMCIGy.; requires docu-
ments with multiple images and their corresponding
captions. This may limit the applicability to other
domains or languages that lack such rich multi-
modal datasets. In addition, we primarily consid-
ered the dataset from DailyMail, which may cause
biases related to content style or cultural context
due to the nature of this specific domain. How-

ever, our approach is the first systematic method
for constructing pseudo-labels based on a multi-
modal approach. In the future, we plan to construct
multilingual datasets for different domains for the
proposed task.

Second, our current POS- and rule-based filter
may miss synonyms, plural forms, and contextual
cues, leading to false positives and negatives. We
plan to enhance it by considering a hybrid approach
that combines regex and semantic search.

Third, when generating images for named en-
tities, such as specific people mentioned in the
generated summaries, our image generation mod-
ule struggles to accurately generate images corre-
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sponding to these named entities. This may be due
to challenges in learning the visual representations
for less common entities. In the future, we plan to
incorporate external resources to improve image
generation for named entities.

Ethics Statement

This section considers the potential ethical issues
associated with our model. We proposed MM-
CIG for the cover image generation task, which
is trained on MMCIGyiti. MMCIGy i was con-
structed from the DailyMail dataset, which is a pub-
licly available summarization dataset. Therefore,
MMCIG might produce incorrect summaries and
images that reflect biases present in the dataset.
To mitigate these issues, we cleaned the dataset
using factuality models to reduce incorrect or mis-
leading content, since our model generates images
based on textual summaries. However, this may
not remove all biases present in the dataset. In the
future, we plan to consider bias detection methods
to better construct MMCIGy ;.
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