










CLIPScore (")Summary Gen. Image Gen. Setting MMCIG BLIPScore (") Txt-Img Img-Img IQA (") IS (") FID (#)

Gold

DALL-E-3 Pre-trained - 20.0 26.4 52.1 0.84 9.3 84.3

Diffusion-2.1
Pre-trained - 28.8 31.5 64.2 0.97 14.8 51.6

Fine-tuned
Text 29.3 31.2 65.1 0.98 15.9 61.1

Image 29.8 31.7 66.0 0.98 15.8 56.8
Multi 30.0y 32.0y 67.1y 0.98 15.1 54.3

Image ! Multi 30.1 y 32.1y 67.2y 0.99 15.1 53.4

Dreamlike
Pre-trained - 27.8 31.5 65.2 0.95 13.5 54.9

Fine-tuned
Text 28.8 30.9 64.9 0.98 15.5 58.6

Image 29.1 31.5 65.7 0.98 15.6 53.7
Multi 29.2 31.4 65.7 0.98y 15.4 53.4

Image ! Multi 29.2 31.6 66.3 y 0.98 15.6 53.5

Llama-3.2-3B
-Instruct

DALL-E-3 Pre-trained - 20.5 26.3 51.3 0.88 9.7 79.9

Diffusion-2.1
Pre-trained - 28.5 31.7 63.9 0.97 15.6 50.6

Fine-tuned
Text 29.1 31.2 64.4 0.98 15.9 62.7

Image 29.8 31.9 65.4 0.98 16.9 55.7
Multi 29.9 32.1y 66.4y 0.98 15.6 53.8

Image ! Multi 30.1 y 32.2y 66.8y 0.99y 15.6 53.5

Dreamlike
Pre-trained - 28.0 30.2 63.9 0.95 13.6 52.9

Fine-tuned
Text 28.6 31.0 64.5 0.98 15.6 58.1

Image 29.1 31.5 65.5 0.98 16.4 54.9
Multi 29.0 31.6y 64.5 0.98 14.5 50.2

Image ! Multi 29.2 y 31.5 65.7 0.98y 15.9 53.9

Qwen2.5-3B
-Instruct

DALL-E-3 Pre-trained - 20.8 26.63 51.6 0.88 9.91 79.81

Diffusion-2.1
Pre-trained - 28.6 31.8 63.4 0.96 14.5 52.4

Fine-tuned
Text 29.1 31.3 64.3 0.98 15.7 61.9

Image 29.7 31.8 65.4 0.98 16.4 55.8
Multi 29.7 32.0y 66.2y 0.98 16.3 54.3

Image ! Multi 30.0 y 32.3y 66.6y 0.98 15.2 52.6

Dreamlike
Pre-trained - 27.9 30.1 63.8 0.95 13.9 53.5

Fine-tuned
Text 28.5 31.0 64.3 0.98 14.9 57.7

Image 29.1 31.6 65.3 0.98 16.3 54.1
Multi 29.1 31.7 64.2 0.98 14.8 50.4

Image ! Multi 29.0 31.6 65.4 0.98 16.3 53.4

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 MMCIGImage and then further
fine-tuned on MMCIGMulti. The notations are the same as those in Table 5.

Model Setting R-1 R-2 R-L BS

Llama-3.2-3B Pre-trained 37.3 14.9 23.7 41.7
Fine-tuned 47.8 24.7 34.3 48.8

Qwen2.5-3B Pre-trained 35.0 13.0 21.9 40.3
Fine-tuned 45.7 22.8 32.7 47.4

Table 9: Experimental results for document sum-
marization.

Model Setting MMCIG Fidelity Alignment
DALL-E-3 Pre-trained - 2.08 2.56

Diffusion-2.1
Pre-trained - 2.81 2.60
Fine-tuned Image 2.84 2.78
Fine-tuned Image ! Multi 2.84 3.02 y

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-

Figure 3: Two example cases showing dis-
agreements between caption-only pseudo-labeling
(MMCIGText) and image-only pseudo-labeling
(MMCIGImage). 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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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 MMCIGMulti. 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 MMCIGText

and MMCIGImage. In MMCIGImage, images are se-
lected solely based on image information, whereas
in MMCIGText, 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 MMCIGImage,
while the MMCIGText 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 MMCIGMulti

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 MMCIGMulti 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
align images 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.



9157

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 MMCIGMulti 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 MMCIGMulti. MMCIGMulti 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 MMCIGMulti.
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