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Abstract

Despite advances in multimodal learning, challenging benchmarks for mixed-modal image retrieval that combines
visual and textual information are lacking. This paper introduces a novel benchmark to rigorously evaluate image
retrieval that demands deep cross-modal contextual understanding. We present two new datasets: the Entity Image
Dataset (El), providing canonical images for Wikipedia entities, and the Mixed-Modal Image Retrieval Dataset
(MMIR), derived from the WIT dataset. The MMIR benchmark features two challenging query types requiring models
to ground textual descriptions in the context of provided visual entities: single entity-image queries (one entity image
with descriptive text) and multi-entity-image queries (multiple entity images with relational text). We empirically
validate the benchmark’s utility as both a training corpus and an evaluation set for mixed-modal retrieval. The quality
of both datasets is further affirmed through crowd-sourced human annotations.

Keywords: retrieval dataset, mixed-modal retrieval, entity image dataset

1. Introduction

The remarkable progress in multimodal learning
has been fueled by the availability of large-scale
datasets for multimodal retrieval tasks, such as
image-text retrieval tasks MS COCO (Lin et al.,
2014) and Flickr30K (Young et al., 2014), and text-
text retrieval tasks, such as MS MARCO (Bajaj et al.,
2016) and Natural Questions (Kwiatkowski et al.,
2019). However, a comprehensive and challenging
benchmark specifically designed for mixed-modal
image retrieval, where the query context contains
information from both visual and textual modalities,
is notably lacking. This paper addresses this criti-
cal gap by introducing a novel benchmark designed
to rigorously evaluate cross-modal image retrieval
with a strong emphasis on understanding contex-
tual information derived from both image and text
modalities.

To the best of our knowledge, existing bench-
marks do not adequately evaluate a model’s abil-
ity to retrieve images based on complex queries
that combine visual inputs with nuanced textual de-
scriptions. While the Fashion200K dataset (Han
et al., 2017) offers a valuable resource, its domain-
specific focus (fashion) and relatively limited scale
(202K examples) constrain its broader applicabil-
ity. This absence of a suitable benchmark impedes
the thorough evaluation and direct comparison of
machine learning models in scenarios demanding
a deep understanding of textual context in relation
to visual entities within a single query.

To overcome these limitations and foster ad-
vancements in this area, we present a new bench-
mark comprising two distinct datasets: the En-
tity Image Dataset (El) and the Mixed-Modal Im-

age Retrieval Dataset (MMRI). This benchmark
is specifically designed to facilitate rigorous eval-
uation and comparison of diverse machine learn-
ing models for mixed-modal understanding and re-
trieval.

A defining characteristic of our benchmark is
its emphasis on robust contextual understanding,
achieved through the inclusion of non-trivial text
queries that interact with provided visual inputs,
with examples shown in Figure 1. Specifically, the
Mixed-Modal Image Retrieval dataset supports two
novel query types:

Single entity-image queries. These queries
combine a representative image of a specific en-
tity with a textual description detailing its activity or
state, requiring the retrieval of a matching image
depicting that entity in the described context.

Multi entity-images queries. These queries
leverage representative images of multiple entities
alongside a detailed textual description that articu-
lates the contextual relationships among these enti-
ties, demanding the retrieval of an image that accu-
rately portrays the described interaction or scene.

The development of this benchmark, encompass-
ing the meticulous creation of the Entity Image
Dataset leveraging Wikipedia data and the targeted
annotation of the WIT dataset for our Mixed-Modal
Image Retrieval Dataset, signifies a substantial con-
tribution to the field of multimodal image under-
standing. By providing a challenging and contex-
tually rich evaluation platform, this benchmark has
the potential to significantly drive the development
of more sophisticated and effective models capable
of retrieving images based on intricate mixed-modal
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Figure 1: Examples of Entity Image Dataset (El) and Mixed-Modal Image Retrieval Dataset (MMIR). Starting from WIT (Srinivasan et al.,
2021) dataset, entity recognition is applied to identify the entities mentioned in the reference description. For each entity, a unique image
is identified from Wikipedia, as the canonical entity image, in El dataset. In MMIR dataset, we remove the entity name from original
reference description, and replace them with mask ids, [MASK_*], which point to the corresponding entity images. The mixed-modal
context with masked reference description and referenced entity images will be used to match the original image in the WIT dataset.

inputs. We anticipate that the public release of this
benchmark will serve as a valuable and standard-
ized resource for the research community, enabling
objective evaluation and comparison of innovative
approaches in this rapidly advancing domain.

2. Methods

This section introduces the method to build two
datasets: the Entity Image Dataset (El), a collec-
tion of canonical entity images from Wikimedia, and
the Mixed-Modal Image Retrieval Dataset (MMIR).
MMIR is a benchmark for evaluating models that re-
trieve images by jointly encoding entity images and
their contextual relationship descriptions. Figure 1
shows examples from both.

2.1. Entity Image Dataset

The Entity Image Dataset (El) comprises curated
canonical images from Wikimedia Commons. For
each entity, a single, representative canonical im-
age was extracted from its Wikipedia page to serve
as a visual identifier.

Given multiple images and language variations
for each Wikipedia entity, a systematic four-stage
process was developed to select the most appro-
priate canonical image: Wikipedia content page
crawling, candidate image identification, consolida-
tion, and final selection. This subsection details the
methodology and trade-offs for constructing El.

Figure 2: An example Wikipedia page with multiple candidate images.

Wikipedia Content Page Crawl

The initial stage involved crawling all Wikipedia Con-
tent’ pages, excluding discussion and comment
pages, totaling approximately 124 million pages
across 279 languages. A Beam (Beam) pipeline
was employed for programmatic processing, filter-
ing, cleaning, and storage of the crawled Wikipedia
data, following the methodology used in WIT (Srini-
vasan et al., 2021).

Candidate Image Identification

This stage focuses on identifying candidate images
for each entity associated with a Wikipedia con-
tent page. An entity represents a real-world object

"For example, English content pages can be found in
https://en.wikipedia.org/wiki/Wikipedia:Contents.
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or concept, such as a person, place, organization,
creative work, or abstract idea. Pages without an
associated entity were excluded from further pro-
cessing. Figure 2 shows an example Wikipedia
content page with multiple candidate images for
the entity "radio".

Given a page p with an associated entity ¢, the
goal is to identify a set of high-quality candidate
images representing e. Several criteria were estab-
lished to ensure image quality and research use:

* Minimum Resolution: Images were required
to have both a height and width of at least 100
pixels. This ensures a minimum level of detail
and avoids very small, low-quality images.

» Research-Permissive Licensing: Only im-
ages with licenses explicitly permitting re-
search use, such as those under Creative
Commons, were considered. This aligns with
the CC-BY-SA license governing Wikipedia’s
textual content and ensures the dataset can
be freely used for research purposes.

Let I, represent the set of images from page p
meeting the quality and licensing criteria. We em-
ploy an image annotation service, such as Google
Cloud (b), that takes an image i € I, as input and
returns predicted entities with confidence scores.
Image i is a candidate for entity e if and only if the
service predicts e in i. If no candidate images are
found for entity e on page p, the page is discarded.
Otherwise, the entity e and its associated candidate
images from page p are recorded.

To facilitate subsequent processing, we record
metadata for each entity and its candidate images.
Entity metadata includes the entity type and names,
in available languages. Candidate image metadata
comprises the image URL, image type, and the
section of page p where the image appeared.

Candidate Image Consolidation

The candidate image identification process can
result in duplicate image candidates for an entity,
and a single entity may have multiple associated
Wikipedia pages, due to several factors. These
include the image appearing on different language
versions of the same entity’s Wikipedia page, the
image being present in multiple sections of a single
page, and the entity being associated with sev-
eral relevant pages (for example, the entity "Barack
Obama" might be linked to both the page of "Barack
Obama" and the page of "List of Presidents of the
United States").

To address this, we perform a consolidation step.
First, all candidate images for a given entity are
merged, regardless of which Wikipedia page they
originated from. Then, within this merged set, can-

didate images are grouped based on their unique
image URL.

If the same image URL appears multiple times
(across different pages or sections), we prioritize
the instance that appears topmost on its respec-
tive Wikipedia page. This heuristic assumes that
images placed higher on a page are more likely to
be representative of the entity.

The metadata associated with all instances of
the image (page sections, entity names) are ag-
gregated. This provides a comprehensive view of
the context. After consolidation, the dataset com-
prises over ~ 4.34M unique entities with candidate
images.

Canonical Image Selection

Choosing a representative canonical image from
the candidate set for each entity requires a robust
selection strategy. Simple heuristics, such as se-
lecting the topmost image on a Wikipedia page, is
proven to be inadequate, particularly when dealing
with entities associated with multiple pages (e.g.,
different language versions).

Our approach combines the confidence score,
provided by the image annotation service, with the
image’s position, within its source Wikipedia page.
Let C. = {c1, ..., c, } represent the set of candidate
images for entity e, and let s; be the confidence
score associated with candidate image c;.

We first apply a confidence threshold, ¢, to filter
the candidate set. A new set, D., is created, con-
taining only those candidates whose predicted en-
tity matches e with a confidence score greater than
or equal to ¢, such that D, = {¢; € C. | s; > t}.

If D, is empty after this filtering step, the entity e
is discarded, as no sufficiently confident candidate
image was found.

If D. is non-empty, the images within D, are
sorted to determine the canonical image by their
positions of the sections on the Wikipedia pages
containing the images. Images appearing in earlier
sections are prioritized, reflecting the assumption
that more representative images tend to appear ear-
lierin an article. If multiple images appear within the
same section, the tie is broken using the confidence
score s;, with higher confidence scores being pri-
oritized. The image with the highest rank after this
sorting process is selected as the canonical image
for entity e.

The selection of the confidence threshold, ¢, sig-
nificantly impacts the number and quality of en-
tities with canonical images. An initial approach
involved randomly sampling entities, having human
raters label their candidate images as valid or in-
valid, and then averaging the optimal thresholds
determined for each entity. However, this method
is proven to be too aggressive, as it is reducing
the number of entities with canonical images to
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approximately 862K and disproportionately filtering
out key entity types of interest, such as locations
and people. Therefore, we adopted a more refined
strategy: identifying key entity types and determin-
ing a separate, optimized threshold for each type.

Entities of Interest: This work focuses on phys-
ical entities, the entities that can be visually rep-
resented, such as people, objects, animals, and
locations. Our goal is to identify high-quality canon-
ical images for these entities. Specifically, we con-
sider the following 8 categories as physical entities:
people, animals, plants, objects, locations, tourist
attractions, historical places, and historical events.
All remaining entities are grouped into an other cat-
egory. The entity types are annotated by the image
annotation services (Google Cloud, b).

To address the limitations of the single-threshold
approach, we implemented a modified strategy that
utilizes category-specific thresholds. For each of
the defined entity categories, we independently
sampled a set of entities and determined the opti-
mal threshold that maximized agreement with hu-
man annotations (as described previously). This
category-specific approach significantly improved
the coverage, resulting in over 1.79M entities with
canonical images, which is a more than twofold
increase compared to the initial approach.

Handling the Other Category: For entities in the
other category, we aimed to filter out non-physical
entities, such as abstract concepts like Trade or
Language, which lack representative canonical im-
ages. During human annotation of candidate im-
ages for these entities, raters were given three
options: (a) "Entity is non-physical”, (b) "Entity is
physical, image is not canonical”, and (c) "Entity is
physical, image is canonical". The threshold for this
category was then chosen to minimize the inclusion
of non-physical entities.

Further details regarding the Entity Image
Dataset can be found in Section 3.1.

2.2. Mixed-Modal Image Retrieval Dataset

We introduce the Mixed-Modal Image Retrieval
(MMIR) dataset, which we construct by leverag-
ing the comprehensive Wikipedia Image Text (WIT)
dataset (Srinivasan et al., 2021). WIT is a care-
fully curated dataset of 37 million image-text pair-
ings, featuring 11 million distinct images and cover-
ing more than 100 languages. The creation of the
MMIR dataset involves two primary steps: filtering
and masking.

2.2.1. Filtering

The WIT dataset includes various associated texts
for each image, such as the reference descrip-

tion, attribution information, and a1t -text? of the
image. Recognizing that the reference descrip-
tion typically provides the most salient information
about the image content, we exclusively consid-
ered image-text pairs where the text corresponds
to this reference description. This initial filtering
step resulted in a refined subset of approximately
17.2 million examples.

2.2.2. Masking

Following the filtering stage, we processed the re-
sulting WIT subset to generate the MMIR examples.
For each image-text pair (i;, t;), where i, represents
the image and ¢; the text, we employed both an im-
age annotation service (such as (Google Cloud,
b)) and a text annotation service (such as (Google
Cloud, a)). The image annotation service identi-
fied entities present in the image i; (denoted as the
set I;), while the text annotation service identified
entities within the text ¢; (denoted as the set T;).
We then determined the intersection of these entity
sets, P, = I;NT;, representing the common entities
identified in both the image and the text. Subse-
quently, we refined P; by removing any entities that
lacked a corresponding canonical image within the
El dataset. Finally, for each remaining entity in P;,
we masked its name within the text description ¢;,
thus generating a mixed-modal image retrieval ex-
ample as shown in Figure 3. We discarded any
original WIT example for which the set of common,
canonical-image-linked entities, P; = (), was empty.

3. Data Information

The datasets are released under CC-BY-SA

license, similar to the Wikipedia (Copy-
right) and WIT (License) datasets, and
can be accessed from the link: https://

github.com/google-research-datasets/
wit—retrieval.

3.1.

The Entity Image (EIl) dataset comprises 1.80M en-
tities, each associated with a canonical image. For
each entity, the dataset includes its Wikidata ID,
entity names (in various available languages), and
comprehensive image information such as the im-
age URL and type. Figure 3 illustrates sample
entries from the El dataset for the entities Barack
Obama and Air Force One.

Table 1 presents the distribution of examples
across different entity categories within the El
dataset. As the table reveals, the dataset is pre-
dominantly composed of entities belonging to the

The Entity Image Dataset

2https://en.wikipedia.org/wiki/Alt_attribute.
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Entity Image Dataset (El)

‘Wiki Data ID Qre

Image URL | https:/fupload.wikimedia.org/wikipedia/commons/8/8d/President_Barack_Obama.jpg
Entity names [ Barack Obama |

‘Wiki Data ID Q179969

Image URL | hitps://upload.wikimedia.org/wikipedia/commons/8/8d/President_Barack_Obama.jpg
Entity names [ Air Force One, ok |

Mixed-Modal Image Retrieval Dataset (MMIR)

Original Caption

Hollande and Barack Obama on board Air Force One, 10 February 2014

Masked Caption

Hollande and [MASK_0] on board [MASK_1], 10 February 2014

Image URL

hrlps:ﬁupload.wikimedia.orgMikipediafcommons.n’aiac.n’?-larack_Obama_and_Fran%C3%AToi
s Hollande on_board Air Force One February 2014.jpg

Entity Wiki Data IDs

[ Q76, Q179969 |

Figure 3: Example features of Entity Image Dataset (El) and Mixed-Modal Image Retrieval Dataset (MMIR). The El dataset consists of

the Wiki data ID for the entity along with the entity names (in available languages) and image information. The MMIR dataset consists

of the original caption (from the WIT dataset), the masked caption, the image information (from the WIT dataset), and the Wiki data IDs
for the masked entities.

Entity Type Count
Person 775.18K
Animal 40.63K
Plants 13.06K
Locations 222.72K
Tourist Attraction  189.26K
Historical Places 43.76K
Historical Events 25.95K
Objects 1.63K
Other 486.14K
Total 1.80M

Table 1: Number of examples per entity type in the
Entity Image (El) dataset.

Person and place-related categories (Locations,
Tourist Attraction, Historical Places).

3.2. Mixed-Modal Image Retrieval Dataset

The Mixed-Modal Image Retrieval (MMIR) dataset
encompasses over 9M examples spanning more
than 100 languages, partitioned into train, valida-
tion, and test splits. To ensure consistency, we
maintained the original data splits from the WIT
dataset; specifically, each of the MMIR splits was
derived from the corresponding WIT split through
the entity annotation process, as detailed in 2.2.
Detailed statistics for each split are presented in
Table 2. To the best of our knowledge, MMIR is the
largest multilingual mixed-modal retrieval dataset
currently available.

Statistics on the number of entities per example
in the MMIR dataset are detailed in Table 3. No-
tably, roughly 50% of the examples include only one
entity, and more than 90% of the dataset contains
a maximum of three entities.

Type Train  Validation Test
Examples 9.06M 46.33K 56.67K

Languages 108 107 108

Avg. word tokens 8.5 8.4 8.7

Table 2: Statistics for each split of the MMIR
dataset.

Count
4.79M
2.54M
1.05M
425.37K
181.29K
171.18K

# Entities

apbhwnNn =

>5

Table 3: Statistics on the number of entities per
example in the MMIR dataset.

4. Model-based Evaluation of MMIR

This section assesses the Mixed-Modal Image Re-
trieval (MMIR) dataset’s utility as both a training cor-
pus and an evaluation benchmark for cross-modal
retrieval, using model-based evaluations.

4.1. Experimental Setup

We employed a dual-encoder architecture with
shared parameters, inspired by Dong et al. (2022).
We used a visual-language model architecture sim-
ilar to PaLl (Chen et al., 2023), to process the
mixed-modal information from visual and textual
inputs. The text encoder was initialized with mT5-
Base (Xue et al., 2021), and the vision encoder with
ViT-Large (Dosovitskiy et al., 2021). The shared
encoder processed both visual and textual embed-
dings, which were then mean-pooled, linearly pro-
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Figure 4: Shared-parameter dual-encoder
architecture for MMIR model evaluation.

[MASK_0] wearing the [MASK_1]
in Versailles, 27 November 1915

jected to 768 dimensions, and optimized using in-
batch sampled softmax loss based on cosine simi-
larity, as shwon in Figure 4.

We fine-tuned the WebLI-10B pre-trained
model (Chen et al., 2023) under three settings: (a)
14 epochs on MMIR, (b) 7 epochs on CC3M (Chang-
pinyo et al., 2021), and (c) 14 epochs on MMIR fol-
lowed by 7 epochs on CC3M. CC3M is a large-scale
dataset of approximately 3 million image-caption
pairs sourced from web alt-text, providing diverse
and realistic image-text relationships for training
multimodal models. We then compared the perfor-
mance of these fine-tuned models with the zero-
shot performance of the pre-trained model.

For fine-tuning, we used the Adafactor opti-
mizer (Shazeer and Stern, 2018) with batch size
1024 and learning rate 10~3. The vision encoder
was frozen during the training. Given that the major-
ity of MMIR examples contain 5 or fewer entities, as
shown in Table 3, we filtered the MMIR training set
by removing examples with more than 5 entities.

4.2. Evaluation Results

We evaluated the fine-tuned models on three bench-
marks with Recall@K, K= 1, 5, 10: the MMIR evalu-
ation set, and the established Flickr30k (Young
et al.,, 2014), and MS-COCO (Lin et al., 2014)
benchmarks. This multi-faceted evaluation aimed
to: (1) validate MMIR as a novel and challeng-
ing evaluation benchmark for mixed-modal / cross-
modal retrieval, (2) quantify the impact of incorpo-
rating MMIR training data on model performance,
both on MMIR and on generalizability to Flickr30k
and MS-COCO, and (3) assess model robustness
across diverse evaluation scenarios.

4.2.1. Evaluation on MMIR Eval Set

We evaluated the MMIR dataset as a retrieval
benchmark by comparing various fine-tuned mod-
els, including a zero-shot model. As shown in Ta-
ble 4, models fine-tuned on MMIR demonstrate a
substantial advantage over those trained on CC3M.
This underscores MMIR’s complex nature, demand-
ing a cohesive understanding of both image and
text — a necessity amplified by multiple entity im-
ages and mixed textual information, in contrast to
CC3M’s single-modality input per encoder tower.
The strong performance of the model fine-tuned
with both MMIR and CC3M further validates MMIR’s
value as a supplementary dataset that enhances
the mixed-modal comprehension abilities lacking
in CC3M.

4.2.2. Evaluations on Flickr30k & MS COCO
Eval Sets

The preceding section demonstrated the efficacy
of the MMIR dataset in enhancing mixed-modal
understanding capabilities. Building on this, we
now evaluate the impact of incorporating MMIR
into training on the standard image-text retrieval
benchmarks, namely Flickr30k (Young et al., 2014)
and MS-COCO (Lin et al., 2014). This evaluation
compares the retrieval metrics of various fine-tuned
models, including the zero-shot pre-trained model.
As shown in last 4 rows of Table 4, the model fine-
tuned on both the MMIR and CC3M datasets per-
forms at a level comparable to the model fine-tuned
solely on CC3M. This indicates that integrating the
MMIR training data into the existing fine-tuning strat-
egy does not negatively impact model performance
on the standard Flickr30k and MS-COCO bench-
marks.

5. Human Evaluation

While model-based evaluation demonstrated the
MMIR dataset’s utility in improving mixed-modal
understanding and its robustness as a training set,
human evaluation provides a crucial validation of
the dataset’s quality. In this section, we employed
crowd-sourced annotators to assess the quality of
both the Entity Image (El) and Mixed-Modal Im-
age Retrieval (MMIR) datasets. For El, we aimed
to validate the representativeness of the selected
canonical images for their respective entities. For
MMIR, we evaluated the semantic coherence be-
tween the masked caption and entity images in
relation to the original caption.

For annotation, we employed a fixed human rater
pool based in US/Canada and India. The raters
were compensated appropriately taking their loca-
tion and the complexity of the task into account.
The raters were given detailed instructions about
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Training Set 0-shot MMIR CC3M Combined
Eval Set R@1 R@5 | R@1 R@5 | R@1 R@5 | R@1 R@5
MMIR I+T =1 7.32 2522 | 13.17 41.23 5.83 20.65 | 12.19  40.29
I -I+4+T 8.10 26.17 | 13.36 40.51 6.45 22.51 | 11.90 39.27
Fiickr30K 15T 63.60 93.00 | 48.90 88.10 | 65.10 94.00 | 64.90 94.10
T > 1 4498 81.72 | 34.46 7412 | 51.10 86.54 | 52.04 86.32
MS COCO I T 30.34 67.46 | 22.18 58.02 | 36.56 73.54 | 36.44 73.92
T 1 21.84 55.04 | 10.28 39.06 | 27.56 63.47 | 27.75  63.46

Table 4: Model-based retrieval evaluation on MMIR, Flickr30k, and MS COCO, comparing zero-shot and
the models fine-tuned with MMIR, CC3M, MMIR+CC3M. Best Recall@1/5 are highlighted. Retrieval
tasks: Image-to-Text (I—T) and Text-to-Image (T—1) for Flickr30k and MS COCO, Image+Text-to-Image
(I+T—1) and Image-to-Image+Text (I—1+T) for MMIR.

Majority Rating  Percentage
Excellent 76.8%
Good 20.5%
Average 1.5%
Poor 0.9%
Very Poor 0.3%

Table 5: Distribution of majority ratings for how
well canonical image matches the entity in the El
dataset. Majority rating is computed as the rating

with the highest consensus among the raters.

the tasks as shown in the evaluation templates in
Figure 5.

5.1. Evaluating the El Dataset

We randomly sampled 680 English examples from
the El dataset, with each example evaluated by 5
independent human raters. Raters assessed how
well the provided canonical image represents the
corresponding entity, guided by the evaluation tem-
plate shown on the left in Figure 5.

As shown in Table 5, the majority ratings for the
canonical image’s match to the entity were over-
whelmingly positive, with over 97% of examples
rated Good or Excellent. The majority rating was
determined by the highest consensus among the 5
raters. This strong agreement underscores the high
quality of the canonical image selection process in
the El dataset, indicating that the chosen images
effectively represent their associated entities.

The per-category distribution of these majority
ratings, detailed in Table 6, further demonstrates
the consistency of this high quality. Across all entity
categories, at least 90% of the examples received
ratings of Good or Excellent, suggesting a robust
and effective canonical image selection process
across diverse entity types within the El dataset.

In addition to evaluating the semantic match be-

tween the entity and its canonical image, we also
tasked the human raters with directly assessing the
visual quality of these images. The results indicated
that for over 99% of the examples, the canonical
image was judged to be of good quality.

5.2. Evaluating the MMIR Dataset

Given that prior work (Srinivasan et al., 2021) has
already validated the quality and image relevance
of the original descriptions within the WIT dataset
(the source of our captions), our human evalua-
tion for the MMIR dataset focused on a different
critical aspect. Specifically, we assessed whether
the masked caption, when presented alongside the
corresponding entity image, provides sufficient con-
textual information to maintain semantic coherence
with the original, unmasked caption.

For this evaluation, we randomly sampled ap-
proximately 2350 English examples from the MMIR
dataset, with each example evaluated by 5 inde-
pendent human raters (guided by the evaluation
template shown on the right in Figure 5). The major-
ity ratings for the semantic coherence between the
masked caption, the entity image, and the original
caption were positive, with over 81% of examples
rated Good or Excellent. The majority rating was
determined by the highest consensus among the 5
raters. This strong result underscores the high qual-
ity of MMIR dataset’s creation, indicating that the
masked caption, in conjunction with the entity im-
ages, successfully provides the necessary context
to align with the meaning of the original caption.

6. Conclusion

Our work proposed a new benchmark for evaluat-
ing mixed-modal image retrieval. Concretely, we
presented two new datasets: the Entity Image
Dataset, providing canonical entity images, and
the Mixed-Modal Image Retrieval Dataset, de-
rived from the WIT dataset. We empirically validate
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Majority Rate Plants Hist. Events Locations Person Tour. Attr.  Animal Hist. Sites  Objects
Excellent 72.13% 55.46% 52.69%  92.0% 73.97% 81.56% 83.14% 75.54%
Good 23.19% 35.26% 44.29%  7.38% 25.08% 15.92% 15.29% 21.94%
Average 1.91% 7.22% 1.29% 0.62% 0.32% 1.55% 1.57% 1.94%
Poor 1.91% 1.65% 1.51% 0.0% 0.63%  0.39% 0.0%  0.58%
Very Poor 0.86% 0.41% 0.22% 0.0% 0.0%  0.58% 0.0% 0.0%

Table 6: Distribution of Majority Ratings per category for how well Canonical Image matches the Entity for
the El dataset. Majority rating is computed as the rating with the highest consensus among the raters.

Instructions Instructions.
You will evaluate how well the provided image represents the mentioned entity.
Review the entity's name, the image labeled as the canonical representation, and
any additional context such as a one-line description from Wikipedia. Use this
information to make an informed rating based on how accurately the image reflects

the entity. « Usethese

Entity Croix de Guerre (Wiki URL]

[MASK_0] wearingthe [MASK_1] in Versailles, 27 Novernber 1915

Image

Wiki URL

How well does the image represent the entity?

« Very Poor « Poor « Average « Good « Excellent

Is the image of sufficient quality for representation?

. Yes « No - Yes

Review the masked caption and the original caption and rate how well does the entities represent the overall caption

« Inthe masked caption, placeholders like [MASK_0] indicate where the text has been replaced by the corresponding entity image
« Each [MASK_X] aligns with an entity image provided in the same order

Masked Caption

« No Match

te how well caption and entity images match the original caption

Original Caption

Emilienne Moreau wearing the Croix de guerre in
Versailles, 27 November 1915

Wiki URL

How well does the combination of the masked caption and the entity images match the original caption?

« Poor Match . Average « Good Match « Excellent Match

Does the masked caption provide enough contex! to help the entity images align with the original caption?

- No

Figure 5: Human evaluation template for El dataset (on the left) and MMIR dataset (on the right).

Major Rate # Entities

1 2 3 3+
Excellent 556.3% 62.5% 82.1% 68.8%
Good 182% 15.9% 11.0% 25.0%
Average 50% 84% 3.6% 3.9%
Poor 83% 92% 05% 05%
Very Poor 99% 1.9% 0.0% 0.0%
Undecided 32% 21% 28% 1.8%

Table 7: Distribution of Majority Ratings for how
well the combination of entity images and masked
caption matches the original full caption for the
MMIR dataset.

the dataset’s utility as a training corpus and eval-
uation set for mixed-modal retrieval. Furthermore,
the quality of both datasets was affirmed through
crowd-sourced human annotations.

7. Ethical Considerations

The ElI and MMIR datasets are generated from
existing Wikipedia and WIT datasets, and therefore
adheres to the corresponding copyrights.

8. Limitations

While the El and MMIR datasets have been gener-
ated with a snapshot of Wikipedia data, there are
new entities and images being added in Wikipedia
and facts being evolved over time. For example,
over time some of the facts (captured in captions)
may become stale or images being changed or
deleted. Hence, it is important to regenerate the
datasets with updated Wikipedia snapshots over
time to create a more relevant corpus.

9. Bibliographical References

Payal Bajaj, Daniel Campos, Nick Craswell,
Li Deng, Jianfeng Gao, Xiaodong Liu, Rangan
Majumder, Andrew McNamara, Bhaskar Mitra,
Tri Nguyen, et al. 2016. MS MARCO: A Human
Generated MAchine Reading COmprehension
Dataset. arXiv preprint arXiv:1611.09268.

Apache Beam. https://beam.apache.org/.

Soravit Changpinyo, Piyush Sharma, Nan Ding,
and Radu Soricut. 2021. Conceptual 12m: Push-
ing web-scale image-text pre-training to recog-
nize long-tail visual concepts.

9356


https://beam.apache.org/
http://arxiv.org/abs/2102.08981
http://arxiv.org/abs/2102.08981
http://arxiv.org/abs/2102.08981

Xi Chen, Xiao Wang, Soravit Changpinyo, AJ Pier-
giovanni, Piotr Padlewski, Daniel Salz, Sebastian
Goodman, Adam Grycner, Basil Mustafa, Lucas
Beyer, Alexander Kolesnikov, Joan Puigcerver,
Nan Ding, Keran Rong, Hassan Akbari, Gau-
rav Mishra, Linting Xue, Ashish V Thapliyal,
James Bradbury, Weicheng Kuo, Mojtaba Seyed-
hosseini, Chao Jia, Burcu Karagol Ayan, Car-
los Riquelme Ruiz, Andreas Peter Steiner, Anelia
Angelova, Xiaohua Zhai, Neil Houlsby, and Radu
Soricut. 2023. PaLl: A jointly-scaled multilingual
language-image model. In The Eleventh Interna-
tional Conference on Learning Representations.

Wikipedia Copyright. https://en.wikipedia.

org/wiki/Wikipedia:Copyrights

Zhe Dong, Jianmo Ni, Daniel M. Bikel, Enrique Al-
fonseca, Yuan Wang, Chen Qu, and Imed Zitouni.
2022. Exploring dual encoder architectures for
question answering.

Alexey Dosovitskiy, Lucas Beyer, Alexander
Kolesnikov, Dirk Weissenborn, Xiaohua Zhai,
Thomas Unterthiner, Mostafa Dehghani,
Matthias Minderer, Georg Heigold, Sylvain Gelly,
Jakob Uszkoreit, and Neil Houlsby. 2021. An
image is worth 16x16 words: Transformers for
image recognition at scale.

Google Cloud. a. Analyzing Entities | Cloud
Natural Language APl.  https://cloud.
google.com/natural-language/docs/
analyzing-entities.

Google Cloud. b. Detect labels in an
image by using the Cloud Vision API.
https://cloud.google.com/vision/
docs/detect-labels—-image—-api.

Xintong Han, Zuxuan Wu, Phoenix X. Huang, Xiao
Zhang, Menglong Zhu, Yuan Li, Yang Zhao, and
Larry S. Davis. 2017. Automatic spatially-aware
fashion concept discovery. In ICCV.

Tom Kwiatkowski, Jennimaria Palomaki, Olivia Red-
field, Michael Collins, Ankur Parikh, Chris Alberti,
Danielle Epstein, lllia Polosukhin, Jacob Devlin,
Kenton Lee, et al. 2019. Natural Questions: a
Benchmark for Question Answering Research.
TACL, 7:453-466.

WIT License. https://github.com/
google-research—-datasets/wit/blob/
main/LICENSE.

Tsung-Yi Lin, Michael Maire, Serge Belongie,
James Hays, Pietro Perona, Deva Ramanan, Pi-
otr Dollar, and C. Lawrence Zitnick. 2014. Mi-
crosoft COCO: Common Objects in Context. In
Computer Vision — ECCV 2014, pages 740-755.
Springer International Publishing.

Noam Shazeer and Mitchell Stern. 2018. Adafactor:
Adaptive learning rates with sublinear memory
cost.

Krishna Srinivasan, Karthik Raman, Jiecao Chen,
Michael Bendersky, and Marc Najork. 2021. WIT:
Wikipedia-based image text dataset for multi-
modal multilingual machine learning. In Proceed-
ings of the 44th international ACM SIGIR confer-
ence on research and development in information
retrieval, pages 2443-2449.

Linting Xue, Noah Constant, Adam Roberts, Mi-
hir Kale, Rami Al-Rfou, Aditya Siddhant, Aditya
Barua, and Colin Raffel. 2021. mt5: A massively
multilingual pre-trained text-to-text transformer.

Peter Young, Alice Lai, Micah Hodosh, and Julia
Hockenmaier. 2014. From image descriptions to
visual denotations: New similarity metrics for se-
mantic inference over event descriptions. TACL,
2:67-78.

9357


https://openreview.net/forum?id=mWVoBz4W0u
https://openreview.net/forum?id=mWVoBz4W0u
https://en.wikipedia.org/wiki/Wikipedia:Copyrights
https://en.wikipedia.org/wiki/Wikipedia:Copyrights
http://arxiv.org/abs/2204.07120
http://arxiv.org/abs/2204.07120
http://arxiv.org/abs/2010.11929
http://arxiv.org/abs/2010.11929
http://arxiv.org/abs/2010.11929
https://cloud.google.com/natural-language/docs/analyzing-entities
https://cloud.google.com/natural-language/docs/analyzing-entities
https://cloud.google.com/natural-language/docs/analyzing-entities
https://cloud.google.com/vision/docs/detect-labels-image-api
https://cloud.google.com/vision/docs/detect-labels-image-api
https://github.com/google-research-datasets/wit/blob/main/LICENSE
https://github.com/google-research-datasets/wit/blob/main/LICENSE
https://github.com/google-research-datasets/wit/blob/main/LICENSE
http://arxiv.org/abs/1804.04235
http://arxiv.org/abs/1804.04235
http://arxiv.org/abs/1804.04235
http://arxiv.org/abs/2010.11934
http://arxiv.org/abs/2010.11934

