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Abstract

While AI systems are capable of reading texts and seeing im-
ages, they typically perceive surface information explicitly
conveyed with limited abilities to comprehend hidden mes-
sages (e.g., a double-edged remark). We propose the novel
task of advertisement understanding: given an advertisement,
which can be a text, an image, or a video, the goal is to iden-
tify the persuasion strategies used and determine the (possi-
bly hidden) messages conveyed. Efforts on this task could en-
hance machine comprehension capabilities, and provide users
with increased situation awareness w.r.t. the advertised mes-
sage and thus possibly enable mindful decision making. We
believe that this task presents long-term challenges to AI
researchers and that successful understanding of ads could
bring machine understanding one important step closer to hu-
man understanding.

1 Introduction
With the advancement of technology, a new wave of digi-
tal media has emerged, including social media, short-form
videos, and live streaming. These platforms enable individ-
uals to share knowledge and express their opinions. Simi-
larly, they provide enhanced opportunities for advertisers to
promote their products and services. Different forms of ad-
vertisements (ads) have been permeating people’s lives and
bombarding people at all times. When opening an app, an ad
often appears before one can access the main content. When
watching YouTube, a video ad may unexpectedly interrupt
the experience. Repeated exposure to these ads may influ-
ence viewers through psychological persuasion strategies,
gradually steering them toward the advertisers’ objectives.
Often, viewers are unknowingly shaped by the underlying
messages and intentions of the advertisers.

In recent years, the issue of manipulation in advertising
has garnered increasing attention. While advertising is gen-
erally considered a legitimate commercial tool for promot-
ing products fairly, some unethical advertisers exploit so-
cial media platforms such as Twitter and TikTok to deceive
consumers and deliberately tarnish the reputations of com-
petitors (Touahri and Mazroui 2024; Camara et al. 2024;
Aberathne and Walgampaya 2021; Sun et al. 2021; Thejas
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et al. 2019; Blauth, Gstrein, and Zwitter 2022; Millar et al.
2018). Merchants often promote and exaggerate the quality
of their products while selling inferior ones. Unfair business
competitions result in a lose-lose situation for both parties.
Meanwhile, advertising techniques such as user targeting
and ad recommendations continue to evolve, allowing ads
to be precisely targeted at consumers who are more likely to
engage with them (Lin et al. 2024; Rasoolipour and Emami-
ifar 2020; Feng et al. 2021; Quan et al. 2020; Maio et al.
2021). Furthermore, there are also politicians who use ad-
vertising to create political manipulation during campaigns
for election rigging (Horák et al. 2024; Wu et al. 2022b; Vi-
jayaraghavan and Vosoughi 2022). Thus, there is a press-
ing need to alleviate ad manipulation and unveil the possibly
hidden intentions behind ads.

Several persuasion strategies have been employed in ads
to convey ideas and influence people. Persuasion aims at
convincing the target to internalize the persuasive argument
and adopt the new attitude (Rocklage, Rucker, and Nord-
gren 2018; Hogan 2010; Cialdini and Cialdini 2007), such
as persuading consumers to buy products or watch the lat-
est movies. There have been numerous persuasion strategies
developed in advertising, from obvious ones to obscure and
insidious ones (Andrews et al. 2013). One typical strategy is
Comparison, where two competing products are compared
to highlight the advantages of one over the other. Consider
Figure 1(b), which is an animated image. The woman in
the image moves from left to right, i.e., from “your phone”
to “iPhone”. During the movement, the woman’s body be-
comes clearer and clearer. This strategy allows consumers to
know that an iPhone runs smoothly and does not freeze, un-
like other manufacturers’ phones. The ultimate goal of this
ad is to persuade consumers to buy iPhones, with the hid-
den message being iPhones are better than other phones.
Many viewers would have no idea what the ad attempts to
convey if they fail to notice the differences before and af-
ter the movement. Therefore, it is necessary to understand
the persuasion strategies in order to fully comprehend the
ad and the underlying hidden message. Note that the (ex-
plicitly expressed) surface message in this example is that a
woman moves from left to right, while the (implicit) hidden
message is iPhones are better than other phones. Thus, hid-
den messages are not the same as those that are explicitly
described in ads. Moreover, hidden messages are different

The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

28576



(a) (b)

Figure 1: Examples of static and animated images. Selected frame tokens from the animated image are shown. The first exam-
ple’s hidden message is Eating Mentos will make you as smart as Einstein. The second example’s hidden message is iPhone is
better than other phones as the woman object in iPhone is clearer compared to that in phones from other manufacturers 1.

from ultimate goals, such as buying the products or click-
ing the links. They can be seen as claims established via a
persuasive argumentation process that is eventually used to
provide support for the ultimate goal. Nevertheless, some
ads are straightforward and may not contain hidden mes-
sages (e.g., promotions on Amazon).

How can AI be used to understand ads in order to protect
customers from being manipulated? We propose to use AI
techniques to identify persuasion strategies and extract hid-
den messages conveyed in ads. Specifically, we define the
novel task of ad understanding: given an ad, which can be a
text, an image, or a video, the goal is to (1) detect the per-
suasion strategies, (2) locate where the strategies are, and (3)
generate a description of the hidden messages, if any.

Given the prevalence of ads, it is somewhat surprising that
little attention has been devoted to ad processing in the AI
community (see Section 3 for a discussion of related work).
From a research perspective, automated ad understanding
presents a number of challenges to AI researchers:

Unveiling hidden messages General generation tasks,
such as machine translation (Conia et al. 2024) and cap-
tion generation (Thakare and Walse 2022), typically fol-
low a “what you see is what you get” approach, where
the generated content directly reflects the expressed seman-
tics or visual elements. However, unlike these tasks, ad un-
derstanding involves the challenging subtask of recovering
the underlying arguments that advertisers deliberately with-
held. Specifically, the key claim associated with an argu-
ment, along with the supporting evidences, are often inten-
tionally made implicit, making it challenging to recover hid-
den messages. For instance, in Figure 1(a), current caption
generation models can describe surface messages, such as
an elderly man eating candy. In a more ideal scenario, the
model might produce something like Einstein eating Men-
tos. In ad understanding, however, we need to infer the hid-
den message Eating Mentos will make you as smart as Ein-
stein, which is beyond the capabilities of today’s technolo-
gies. While the existing argument mining approaches devel-
oped in the natural language processing (NLP) community,
which aim to identify the argumentative structure of text,
can identify arguments that are explicitly expressed, they are
unable to infer hidden arguments (i.e., arguments where the

1https://www.youtube.com/watch?v=kQcq3rpne78&t=15s&
ab channel=FahadThetics&t=15

claims and/or premises are not explicitly expressed). A fur-
ther complication is that ads typically feature minimal text
with only a few words but are rich in visual elements. Ex-
tracting arguments from visual elements (as opposed to text)
remains a little-explored area.

Injecting knowledge Background knowledge, especially
historical and cultural knowledge, is often needed to prop-
erly understand ads. Consider Figure 1(a) again. Without the
historical context that “Einstein is an intelligent scientist”, it
might be difficult to grasp the advertiser’s intended message.
Furthermore, semantic/visual shift poses a significant chal-
lenge, as individuals from diverse cultural backgrounds may
interpret the same ad in different ways. For instance, a green
hat refers to a hat that is green in color in western cultures,
but this phrase can be used to signify that someone has been
cheated on in some Asian cultures.

Understanding multiple modalities Ads may be repre-
sented in numerous modalities, such as text, image, video,
and voice, and the hidden messages can be embedded in
multiple modalities. For instance, to understand the ad in
Figure 1(b), we need to capture the details in the visual
modality (i.e., the woman is becoming increasingly clear
from a blurred state) and combine them with extra infor-
mation (e.g., rhetorical devices, such as the metaphor com-
paring the phone to the woman character). How to combine
the information derived from different modalities to properly
understand an ad remains an open question.

The rest of the paper is organized as follows. Section 2
describes the challenges involved in understanding different
types of ads. Section 3 discusses related work. Sections 4
sketches the initial steps involved in automated ad under-
standing, including corpus construction and model design.
Finally, we present our conclusions in Section 5.

2 Challenges
In this section, we discuss the challenges in processing dif-
ferent forms of ads.

Texts and Images
The most classic ads are image ads, which are usually ac-
companied by text. As shown in Figure 1(a), Einstein holds
Mentos and tells everyone that he eats Mentos. In this ex-
ample, the advertiser’s message is Eating Mentos will make
you as smart as Einstein.
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Figure 2: An example of video ads2. Selected frame tokens from the video are shown. The hidden message is Pepsi is better
than Coke.

When humans understand this ad, three steps are in-
volved: (1) identifying the person and the sentences, (2) em-
ploying the historical knowledge that “Einstein is an intelli-
gent scientist” and the commonsense knowledge that “Men-
tos is a mint”, and (3) identifying the persuasion strategy and
inferring the hidden message. Here, the persuasion strategy
is Testimonial, which relies on having a celebrity support an
idea or product as good or bad in order to influence people’s
opinions without letting them examine the facts carefully.

Compared with static images, animated images are more
complicated. Consider Figure 1(b). This ad depicts a woman
moving from left to right, having the hidden message
iPhones are better than other phones. Besides Comparison,
it employs a persuasion strategy known as Name-Calling,
which involves linking a person or product with a negative
symbol. Here, the vague woman in the ad is metaphorically
linked to the frozen phone. The intent is to give the viewers
the impression that other phones run slower than iPhones.
Understanding this animated image requires that people take
a further step to (1) pay more attention to the gesture and
movement of the woman and (2) know the metaphor and as-
sociate the woman with any other phone.

Challenges For AI systems to identify persuasion strate-
gies and extract hidden messages in text or image ads, they
need to address the following issues:

(1) Extracting detailed information in the ad, such as the
words, clauses, sentences, and image objects. It is difficult
to extract these details accurately from an ad. In spite of the
possibility of using object detection (Zhou et al. 2021; Chen
et al. 2021b) and named entity identification (Shen et al.
2022; Chen et al. 2022) techniques to extract words and im-
age objects, these methods are from sufficient for achieving
our goals. For instance, state-of-the-art object detectors are
only effective at identifying large, common, sharp-edged ob-
jects, but are weak at detecting small objects with blurred
boundaries in the background of images.

(2) Obtaining external knowledge that is not explicitly
mentioned (e.g., Einstein is an intelligent scientist). Though

2https://www.youtube.com/watch?v=GyY15Jkkg2A&
ab channel=HEADSHAUSADS

there are several sources available for knowledge retrieval,
such as the Internet and knowledge graphs (Chacon and Sos-
novsky 2022), it is non-trivial to obtain such knowledge in
practice. For example, even if AI systems successfully ex-
tracted the person from an image, how can they be certain
that it was Einstein and not any other person? Further, even
if AI systems are certain it was Einstein and subsequently
searched for background information about Einstein on the
Internet, how can they confirm which search results are ac-
curate? While there exists work on exploring the injection
of external knowledge into models (Yang et al. 2019; Seyler
et al. 2018), the focus is on injecting a limited amount of
domain-specific knowledge. Ad understanding, in contrast,
requires a large amount of open-domain knowledge.

(3) Identifying the relationship between textual entities
or image objects (e.g., by comparing the different objects
corresponding to the woman in terms of location and clar-
ity, we can infer that the iPhones run faster). Since there
are multiple candidate woman objects in the example, how
can AI systems select two proper candidates for compari-
son, and how can they capture the relationship between the
selected woman objects? Image captioners (Fei 2022; Gao
et al. 2022) could describe the general information of an im-
age (e.g., a woman is walking), but they may neglect spatial
details (e.g., a woman is walking from left to right and is
becoming increasingly clear).

(4) Detecting rhetorical devices and their associations
(e.g., the vague woman represents the frozen phone, which is
the metaphorical device.). Numerous rhetorical devices ex-
ist (e.g., metaphor, sarcasm, hyperbole, idioms, and puns),
and it is a challenge for AI systems to understand which
rhetorical device is used in an ad. Moreover, how can AI
systems know the metaphor associated with the detected de-
vice (e.g., linking a vague woman to a frozen phone)? While
the majority of existing approaches to rhetorical device iden-
tification focus on identifying a particular rhetorical device
(e.g., Metaphor (Rohanian et al. 2020; Stowe, Utama, and
Gurevych 2022) and Exaggeration (Wright and Augenstein
2021)), ad understanding requires not only detecting possi-
bly multiple rhetorical devices simultaneously, but also de-
termining what the metaphor is.
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Figure 3: An example of video ads 3. The selected frame tokens from the video are illustrated. The hidden message is Buying
insurance can help anyone and provide life security.

Videos
Another form of ads is videos. Videos, which encompass
texts, images, and audios, are a more complex form of ads.
Videos often convey messages and ideas to the viewer by
presenting a story. Figure 2 shows the frames in a video ad,
which has no text. In this video, the child first buys two cans
of Coke from the vending machine. Then he puts both cans
under his feet to increase his height so that he can click the
Pepsi button. Finally he leaves with the Pepsi contentedly
and discards the Coke. This video conveys the hidden mes-
sage Pepsi is better than Coke via Comparison. Typically,
the Storytelling strategy is used by advertisers in video ads
to make potential customers feel like they can relate to the
story. One needs to watch the entire video instead of a clip
to know the story behind the ad. For instance, if one only
watches the first half of the video (a child is buying Coke),
the hidden message would be Coke is delicious.

More sophisticated video ads incorporate text, narration,
and background music. As shown in the ad in Figure 3, the
male protagonist is eager to help others every day: he helps
the elderly to push carts, he helps beggars, and he delivers
fruits to the poor. At the end of the video, there are a few
questions (written in the subtitles and narrated by the actor),
such as “what do people who help others desire the most?”
The video finally gives the answer (“Buy insurance to help
the hero”), which suggests that it is an insurance ad. The
superficial message of the video is that the male protago-
nist is constantly helping others, but the hidden message is
Buying insurance can help anyone and provide life security.
After watching the first half of the video, people can only
see that the male protagonist helps others. They must com-
bine the subtitles with the narration at the end of the video to
understand the final purpose of the ad. By using sad music
and relating concepts (e.g., “begging” represents “poverty”,
“sunsets” represent “difficulty”), the whole video creates a
negative atmosphere, seeking to warn the viewers that if
they do not purchase insurance, they will become vulnera-

3https://www.youtube.com/watch?v=uaWA2GbcnJU&
ab channel=thailifechannel

ble and need help from others, and implicitly prompt them
to purchase insurance. Here, the attempt to create a nega-
tive atmosphere is related to the Emotional Appeal strategy,
where advertisers persuade the audience by evoking an emo-
tional response. Compared to image ads, video ads require
a deeper comprehension from humans. Specifically, humans
need to (1) understand not only texts and images, but also
audios and emotions; (2) perceive the whole video instead
of a clip; (3) identify the symbols used and their related con-
cepts (e.g., “flowers” are related to “hopes”, “sunsets” are
related to “difficulty”).

Challenges For AI systems to understand video ads, the
following research questions need to be addressed: (1) Ex-
tracting information from multiple modalities, including
texts, images, audios, and emotions. While there is a vast
amount of work on extracting multimodal features, the ma-
jority of these efforts have only been able to extract the fea-
tures from two or three modalities (Khare et al. 2021; Huang
et al. 2020). In ad understanding, AI systems should be able
to encode not only all modalities, including emotions, but
also extract the correlations among modalities since some
multimodal features need to be understood as a whole.

(2) Understanding the whole story, since it is possible
to misinterpret a video by understanding only a portion of
it. Analyzing contextual information from a video remains
a challenging problem. Even though some videos are only
a few minutes long, they may contain thousands of frame
tokens. Currently available tools for image captioning (Fei
2022; Gao et al. 2022; Fei 2021) are unable to capture con-
textual information over a long sequence. Furthermore, they
are unable to automatically select the most important frames
to describe, often overlooking many important frames.

(3) Relating symbols to their concepts (e.g., “sunsets”
represent “difficulty”, which evokes a negative emotional re-
sponse). It is generally not easy to recognize symbols that
are not among the ones that are attention-capturing or eye-
catching. For instance, the sunset in the fifth frame token
from Figure 3 is hidden in the background. A further compli-
cation is that a symbol can be used to refer to different con-
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cepts. For instance, while “sunsets” represent “difficulty” in
this example, this symbol may represent “relaxing rest after
a long day’s work” in another scenario. While the correla-
tions between symbols and concepts can be extracted from a
knowledge graph (KG) (Chen, Hu, and Sun 2022; Halliwell
2022), mapping symbols to nodes in KGs is not trivial.

3 Related Work
Existing work on computational advertising Work on
computational advertising has focused on user targeting,
identification of deceptive ads, and ad generation (Zhang
et al. 2024; Zhao et al. 2024). These efforts primarily involve
understanding surface-level information in ads such as the
semantics of words and visual elements, and often neglect
the persuasion strategies used and the arguments advertisers
tried to make. Recently, some studies have examined per-
suasion strategies in memes (Abaskohi et al. 2024; Chikoti,
Mehta, and Modi 2024). Understanding the persuasive argu-
ments being made is critical for recognizing the advertisers’
objectives. However, there is little research on understanding
persuasive arguments in multimodal inputs, including ads.

Potentially useful techniques for ad analysis Next, we
discuss techniques and tasks that are potentially relevant for
analyzing ad content. Visual objects and morphemes in ads
can be extracted using methods for object detection (Wang
et al. 2021; Chen et al. 2021a; Zhou et al. 2021; Jeong
et al. 2021; Joseph et al. 2021) and named entity identifi-
cation (Shen et al. 2022; Chen et al. 2022; Das et al. 2022;
Chen et al. 2021c; Wang and Henao 2021). Though these
methods are useful for extracting information, they do not
model the relationships among the different pieces of ex-
tracted information, which are essential for analyzing move-
ments in ads. Multimodal sentiment analysis (Ling, Yu, and
Xia 2022; Wu et al. 2022c; Yu et al. 2020) can help de-
tect emotions directly expressed in words and images, but
are relatively weak at detecting emotions that are only im-
plicitly or subtly expressed. Existing natural language gen-
eration systems, such as image captioners (Fei 2022; Gao
et al. 2022; Fei 2021) and machine translation systems (Li
et al. 2022; Chiang et al. 2022; Hu et al. 2022), could be
employed to describe the surface content of a single video
frame or clip. Although an important step for our task, they
remain inadequate as far as extracting the hidden message
from the entire video is concerned. Methods for hand gesture
detection (D’Eusanio et al. 2022; Silpani, Suematsu, and
Yoshida 2022) can help identify the state changes of objects
in ads. Tools for propaganda identification (Vijayaraghavan
and Vosoughi 2022; Wang et al. 2020) could analyze per-
suasion strategies. Datasets, including Coco (Lin et al. 2014)
and ImageNet (Deng et al. 2009), may provide data that can
assist in extracting image objects. Research is needed to de-
termine their effectiveness for ad understanding.

4 Approach
Given the challenges in ad understanding, how we can ad-
dress this task? We propose to employ state-of-the-art ma-
chine learning techniques, especially deep learning, as their
success in NLP and computer vision.

Corpus Construction
As there are no available datasets focusing on our task, the
first step involves constructing an annotated dataset. We rec-
ommend that each ad in the dataset be annotated with four
types of information: (1) the surface message(s); (2) the per-
suasion strategies; (3) the visual/textual elements in the ad
through which the persuasion strategies are realized; and (4)
the hidden message(s). The surface information (e.g., sto-
ries in videos) is essential for identifying persuasion strate-
gies and generating hidden messages, as machines need to
know what ads express explicitly. Consider the first video
ad example. Knowing “Coke is stepped upon, while Pepsi
is held” contributes to identifying the Comparison strategy.
Persuasion strategies can be borrowed from existing inven-
tories (Singla et al. 2022; Rocklage, Rucker, and Nordgren
2018; Hogan 2010). For each persuasion strategy, we anno-
tate the textual elements (e.g., words, clauses, sentences), the
visual elements (e.g., image objects), or the artifacts (e.g.,
video frames, or video clips) through which the strategy is
realized. For instance, we should annotate the bounding box
of the person Einstein in the “Einstein” example, as the per-
son Einstein is related to the Testimonial strategy. In the first
video example, we should annotate the clip of the video de-
scribing “The kid is holding Pepsi”, as the clip is related to
the Comparison strategy. Finally, for hidden messages, an-
notators should produce a textual description of each mes-
sage implicitly conveyed the in ad. Note that some ads have
multiple messages, while others have none.

The next question is: how can we resolve annotation con-
flicts? There are a thousand Hamlets in a thousand people’s
eyes. The same ad may be understood differently by differ-
ent individuals. We think this inconsistency is acceptable.
We argue that the annotated strategies or hidden messages
may be different, but they would not be contradictory. Ad-
vertisers may employ ads to convey different messages to
different groups of consumers, and AI systems should learn
all these possibilities. Here, we suggest setting a threshold
value to solve annotation conflicts. As mentioned before,
it is not necessary for different annotators to annotate the
same ad exactly the same. We could calculate inter-annotator
agreement values and set different threshold values, then test
the performance of models in the experiments with respect
to different threshold values. After that, we could select a
threshold value that does not cause significant changes in
experimental performance.

Model Architecture
Given a dataset mentioned before, we can train a model to
perform ad understanding in a supervised fashion. Never-
theless, there are several considerations that should be taken
into account when designing the model architecture.

Unveiling hidden messages As mentioned in the intro-
duction, one of the key challenges involves the subtask of
identifying the hidden message(s) conveyed in an ad, if any.
While it may be possible to train a model that directly maps
an ad to its hidden message(s), it is conceivably a very
challenging learning task. An alternative approach that we
believe is promising is argument mining, which is a sub-
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field of NLP where the goal is to identify the argumenta-
tive structure of a text document. Argument mining involves
(1) identifying the argument components (i.e., the claims
and premises/evidences) and linking them (i.e., determining
which premises support which claim) to form an argument
tree, where the root node corresponds to the hidden message,
the children of the root node correspond to the claims/evi-
dences that support the hidden messages, and each grand-
child of the root node correspond to claims/evidences that
support their parent node. Each leaf node of the tree corre-
sponds to either a visual/text element that can be extracted
from the ad or a piece of background knowledge relevant to
ad interpretation.

While argument mining in NLP typically involves extract-
ing argument components that are explicitly expressed in
text, the key challenge involved in building argument trees
for ads is that some claims in the tree (i.e., the non-leaf
nodes) may not be explicitly expressed. To address this chal-
lenge, we propose to build the tree in a bottom-up fashion
(e.g., Ng and Li (2023)). Specifically, we can first identify
the surface messages (using an image captioner), extract text
spans and visual elements from the ad, and obtain relevant
background knowledge from external KGs or multimodal
large language models (LLMs). These elements form the
leaves of the argument trees. Then, we can use a reasoner
(which can be an existing LLM or one that is fine-tuned for
our task) to generate possible conclusions that can be de-
rived from any subsets of these leaf nodes. Each of these
conclusions will then serve as the parent of its supporting ev-
idences (i.e., the leaf nodes). These conclusions can further
be combined with each other or with any subset of the leaf
nodes to derive further conclusions, allowing us to incre-
mentally build an argument tree in a bottom-up fashion. This
process can continue until we reach the root node, which, as
mentioned above, corresponds to the hidden message.

To exemplify, consider building an argument tree for the
ad in Figure 1(a). First, we identify the leaves, which cor-
respond to the key text spans (such as “mentos”) and visual
elements (such as the object “Einstein”) and extra knowl-
edge (Einstein is an intelligent scientist). Next, from the text
spans and the visual elements, we can infer that “Einstein is
eating Mentos”, which becomes the parent of these leaves.
Combining this with the background knowledge “Einstein
is an intelligent scientist”, we can infer the hidden message
“Eating Mentos will make you as smart as Einstein”, which
corresponds to the root node of the tree.

Building an argument trees for ads is not as straightfor-
ward as described. During tree construction, there are situa-
tions where the conclusion (i.e., parent node) derived from
the children nodes corresponds to a metaphor, as in the ad
in Figure 1(b), where we need to draw the conclusion that
”a blurred woman” and ”a clear woman” are metaphorically
linked to ”your phone” and ”iPhone” respectively. Deriving
conclusions that are metaphors is a largely unexplored task,
especially from examples like this where the metaphor is de-
rived by combining information from two modalities.

Encoding modalities As our input is multimodal, it is nat-
ural to train a multimodal model to encode all modalities.

Off-the-shelf encoders like text encoders (e.g., SpanBERT),
visual encoders (e.g., ResNet) and multimodal encoders
(e.g., ViLBERT) could be employed (Wu et al. 2022a; Duan
et al. 2024; Su et al. 2022; Zheng et al. 2021). As noted be-
fore, external relevant knowledge (e.g., background knowl-
edge) may be needed to understand ads. If the extra knowl-
edge is obtained from text or images, it can also be encoded
using the aforementioned encoders. However, some exter-
nal knowledge is not extracted from traditional modalities.
For instance, information extracted from KGs corresponds
to the graph modality and needs to be encoded using tailored
encoders. Specifically, since graphs contain not only nodes
but also relations, we need to adopt representation tools like
TransE (Cai et al. 2018) that are tailored to KGs.

Inter- and intra-modal alignments are essential for com-
prehending multimodal information and can be investigated
through existing multimodal alignment techniques. For ex-
ample, the text span “tank” can have ambiguous mean-
ings, as it could refer to either a tank top or a military
tank. By aligning different modalities, the image modality
can help disambiguate its meaning. However, current multi-
modal alignment methods can only identify obvious multi-
modal relationships, so it is worth further exploring how to
align more subtle inter- and intra-modal connections, such
as aligning “iphone” and “your phone” in Figure 1(b) with
the clear person and the blurred person respectively.

Injecting knowledge Ad understanding may require a
vast amount of background knowledge. One type of back-
ground knowledge is commonsense knowledge. While com-
monsense knowledge has been used extensively used in dif-
ferent NLP tasks in recent years, the kind of commonsense
has largely be restricted to commonsense about entities (e.g.,
a celebrity’s gender or hometown) and events (a bombing
event is typically followed by a killing event) as well as the
relationships between them. Unlike in these tasks, which
rely primarily on what we refer to as concrete common-
sense, in ad understanding it is not uncommon for us to ad-
ditionally require abstract commonsense. Different types of
abstract commonsense exist, such as those related to color
and plants. For example, as shown in Figure 3, the rising
sun symbolizes hope, whereas blooming flowers represent a
pleasant mood. Understanding the emotions being conveyed
is essential to properly understanding this and other ads.

Where can abstract commonsense be extracted from?
There are already many knowledge bases for concrete com-
monsense, such as Wikipedia, but to our knowledge, few fo-
cuses on abstract commonsense. How to quickly assemble
a large, high-quality knowledge base of abstract common-
sense sense is a research question that needs to be addressed.

5 Conclusion
We introduced the task of ad understanding. A solution to
this task could alleviate advertising manipulation by unveil-
ing the hidden messages underlying an ad for its target audi-
ence. We believe that ad understanding can pose long-term
challenges to AI researchers, and that the deep understand-
ing needed by an ad understanding system could bring ma-
chine perception one step closer to human perception.
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