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1 DISTILLATION PROMPT

After extracting image descriptions and key information from social
media posts, we further refined and standardized the categorization
of generated intentions, as depicted in Figure 1. We incorporated
nine relations from ATOMIC [14], including xWant (After posting
this tweet, the user wants to...), oEffect (Others will... after viewing
this tweet), xAttr (The user posts this tweet because...), xIntent
(The user intended to... by posting this tweet), xReact (The user
feels... after posting this tweet), oReact (Others feel... after view-
ing this tweet), oWant (Others want to... after viewing this tweet),
oEffect (After posting this tweet, the user will continue to...), and
xNeed (Before posting this tweet, the user needs to...), along with an
"Open" category for open-domain intentions. Here, "x" signifies the
user’s thoughts and behaviors post-posting, while "o" represents
the impact on others. "Open" serves to elucidate the motivations
and purposes behind a user’s decision to publish specific content.
By adopting this categorization method, we are able to comprehen-
sively analyze posting intentions, accurately capture the underlying
motives, and deepen our understanding of user behavior.

2 COMPARISION METHODS

2.1 Intention Distillation Baseline

To investigate whether different types of language models signifi-
cantly impact intention generation without the MIKO framework,
we empirically analyzed the plausible rate of generation across
eleven large language models (LLMs): LLama2-7B[15], LLama2-
13B[15], Mistral-7B-Instruct-v0.1[6], Mistral-7B-Instruct-v0.2[6],
Falcon-7B[13], Flan-T5-xx1-11B[2], GLM3[4], GLM4[4], LLava-v1.5-
13B[10], and LLava-v1.6-vicuna-7B[10].

LLama2[15] is an autoregressive language model using an op-
timized transformer architecture. The enhanced versions are fine-
tuned through Supervised Fine-Tuning (SFT) and Reinforcement
Learning with Human Feedback (RLHF) to align more closely with
human preferences for helpfulness and safety. Available configura-
tions include 7B and 13B parameters.

Mistral-7B-Instruct-v0.x[6] comprises instructionally fine-tuned
versions of the Mistral-7B model, using diverse public conversation
datasets to improve the model’s ability to understand and respond
to instructions.

Falcon-7B is a 7B-parameter, causal, decoder-only model by TII,
trained on 1,500 billion tokens from RefinedWeb, with additional
curated corpora to enhance its generative capabilities.

Flan-T5-xx1-11B[2] is an improved version of the T5 model,
fine-tuned on a mixture of tasks for significant performance en-
hancements, providing more sophisticated responses with the same
parameter count.

GLM][4] describes a set of pre-trained language models based
on an autoregressive fill-in-the-blank approach, with variants like
GLM3 and GLM4 designed for specific language processing tasks.

LLava[10] is an open-source multimodal chatbot created by
fine-tuning the LLaMA/Vicuna model with GPT-generated mul-
timodal instruction-following data, leveraging an autoregressive
transformer architecture for improved conversational capabilities.

2.2 Sarcastic Detection Baseline

In our study, we utilize both text-based and multimodal approaches
as baseline frameworks to evaluate the impact of generated inten-
tions. For text-based methods, we integrate TextCNN [7], Bi-LSTM
[5], and SMSD [16]. Additionally, we adopt BERT [3], a robust base-
line in sarcasm detection. In the multi-modal domain, our baselines
encompass HFM [1], D&R Net [17], Att-BERT [12], InCrossMGs
[8], CMGCN [9] , and HKE [11].

TextCNN([7] applies a convolutional neural network (CNN) to
text classification tasks, using multiple kernels of different sizes to
extract key information from sentences (similar to n-grams of mul-
tiple window sizes), enabling it to better capture local correlations.

Bi-LSTM [5] utilizes two LSTM models, forward and backward,
taking into account both past and future information, allowing the
model to better capture contextual relationships in sequence data.

SMSD [16] employs self-matching networks and low-rank bilin-
ear pooling for sarcasm detection.

BERT [3] serves as the competitive baseline for the sarcasm
detection task.

HFM [1] treats text features, image features, and image attributes
as three modalities and proposes a multimodal hierarchical fusion
model to address the challenges of multimodal sarcasm detection.

D&R Net [17] is a novel method for modeling cross-modality
contrast in the associated context, which models both cross-modality
contrast and semantic association by constructing the Decomposi-
tion and Relation Network (namely D&R Net). The decomposition
network represents the commonality and discrepancy between
image and text, and the relation network models the semantic asso-
ciation in a cross-modality context.

Att-BERT [12] is a BERT architecture-based model that fo-
cuses on both intra- and inter-modality incongruity for multimodal
sarcasm detection. In detail, Att-BERT is inspired by the idea of
a self-attention mechanism and design inter-modality attention
to capturing inter-modality incongruity. Besides, the co-attention
mechanism is applied to model the contradiction within the text.
The incongruity information is then used for prediction.

InCrossMGs [8] utilizes an interactive graph convolution net-
work (GCN) structure to jointly and interactively learn the incon-
gruity relations of in-modal and cross-modal graphs for determining
the significant clues in sarcasm detection.

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

106

107

108

109

110

111

112

113

114

115

116



117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148

149

151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174

ACM MM, 2024, Melbourne, Australia

Anonymous Authors

Intention prompt

Generate different intentions if possible. The information are as follows:\\

Text: <post information>. \\

Image description: <image description>. \\
Concept: <concept information>. \\
Action: <action information>. \\

Object: <object information>. \\

Emotion: <emotion information>. \\
Keywords: <five related keyword>. \\

intention human-centric, and generate ten intentions by formulating your answer as:\\

Intention1: After posting this Tweet, the user wants to ...\\

Intention2: After viewing this Tweet, others will ...\\

Intention3: The user posts this Tweet because the user is ...\\
Intention4: The user posts this Tweet because the user intended to ...\\
IntentionS: After posting this Tweet, the user feels ...\\

Intention6: After viewing this Tweet, others feel ...\\

Intention7: After viewing this Tweet, others want to ...\\

Intention8: After posting this Tweet, the user will ...\\

Intention9: Before posting this Tweet, the user needs to ...\\
Intention10: The user post this tweet because...

Based on the information below, guess the intention of why the user post this information.

You can think about the concepts, actions, object, emotions, and keywords. Make the

Figure 1: An example illustrates the instructions for the intention generation.

CMGCNI9] first detects objects paired with image modality
descriptions, uses the description of the objects as a bridge, deter-
mines the importance of the association between the objects of
the image modality and the context words of the text modality,
and constructs a cross-modal graph. Subsequently, cross-modal
graph convolutional networks are used to understand the incon-
sistent relationships between modalities for multi-modal sarcasm
detection.

HKE [11] signifies a hierarchical framework, leveraging both
atomic-level congruities through a multi-head cross-attention mech-
anism and composition-level congruity via graph neural networks,
while a post exhibiting low congruity is identified as sarcastic.

3 MORE CASE STUDY

We show more examples of a raw text-image pair and their cor-
responding knowledge as well as image descriptions (Section 4.1),
key information (Section 4.2), and different aspects of generated
intentions (Section 4.3) in Figure 2. Similarly, plausibility and typi-
cality are used to measure the quality of generated information, and
we can observe that most generated intentions are both reasonable
and comprehensive, in line with human intuitive understanding.
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Social Media Post

Key-information

Intentions

e

—

Just because you don't see it in
the pool doesn't mean you're
not sweating (@GatoradePH
#NothingBeatsGatorade

Image description:

The image features a swimming pool with
several people swimming in it. There are also
a few sports bottles placed on the side of the
pool, likely for the swimmers to stay
hydrated. The bottles are lined up in a
container, and they are of the Gatorade brand.
The scene suggests that the swimmers are
taking a break or preparing to swim, and the
Gatorade bottles are there to provide them
with the necessary fluids to keep them
energized and refreshed during their
swimming session.

Concept: Hydration.

Action: Providing.

Object: Gatorade bottles.

Emotion: Refreshment.

Keywords: Swimming, pool, sports,
energized, hydrated.

xWant: After posting this Tweet, the user wants to remind people about the importance of staying
hydrated even when swimming.
oEffect: After viewing this Tweet, others will be reminded to bring Gatorade for their next

swimming ion.
xAttr: The user posts this Tweet because the user is promoting Gatorade as a refreshing drink for
swimmers.

xIntent: The user posts this Tweet because the user intended to raise awareness about the need for
proper hydration during physical activities.

XReact: After posting this Tweet, the user feels satisfied that they have shared helpful information.
oReact: After viewing this Tweet, others feel motivated to drink Gatorade for their next sports
activity.

oWant: After viewing this Tweet, others want to try Gatorade for their next swimming session.
oEffect: After posting this Tweet, the user will continue to promote Gatorade as a drink for active
individuals.

xNeed: Before posting this Tweet, the user needs to ensure that the image and caption are visually
appealing and informative.

Open: The user post this tweet because they want to establish Gatorade as a go-to drink for people
who engage in physical activities like swimming.
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I just met @neiltyson. Had a
total meltdown. Still in
disbelief.

Tmage description:

In the image, a man and a woman are
standing next to each other, both wearing
winter clothing. The man is wearing a
cowboy hat, while the woman is wearing a
scarf. They appear to be posing for a picture
together. The man is smiling, and the woman
is also smiling, indicating that they are
enjoying the moment. The woman is wearing
a coat, and the man is wearing a jacket. The
scene suggests that they might have met
someone famous, as the woman is described
as having a meltdown and being in disbelief.

Concept: Meeting a famous person.

Action: Posing for a picture.

Object: Winter clothing.

Emotion: Overwhelmed.

Keywords: Meltdown, disbelief, smiling,
famous, coat, jacket, cowboy hat, scarf.

xWant: After posting this Tweet, the user wants to share their excitement and experience of meeting
a famous person with their followers.

oEffect: After viewing this Tweet, others will be curious about who the user met and share their
own experiences of meeting famous people.

xAttr: The user posts this Tweet because the user is amazed and overwhelmed by meeting someone
they admire and want to share their experience with others.

xIntent: The user posts this Tweet because the user intended to express their gratitude for the
opportunity to meet a famous person and document the moment.

XReact: After posting this Tweet, the user feels relieved and happy to have shared their experience
with others

oReact: After viewing this Tweet, others feel happy for the user and inspired to meet their own
idols.

oWant: After viewing this Tweet, others want to ask the user questions about their experience and
who they met.

oEffect: After posting this Tweet, the user will check their notifications and respond to any
comments and messages from followers.

xNeed: Before posting this Tweet, the user needs to select the best image and write a caption that
accurately conveys their emotions.

Open: The user posts this tweet because they want to show off their winter clothing and the
celebrity they met.
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Americans: fixing the medal
tally in their favour since the
#0lympics? were invented.
IT'S GOLD FIRST #Ri02016?

Qs

b.i1 '} MEDAL COUNT - TOP §

o
Lz
£099
-

o s o
ou s s v B
b im0l Gk G2

Image description:

The image features a graphic with a list of
countries and their respective medal counts.
The countries are represented by flags, with
the United States, China, Australia, Japan,
and Great Britain being the top five. The flags
are arranged in a descending order, with the
United States having the most medals,
followed by China, Australia, Japan, and
Great Britain. The graphic is likely meant to
showcase the medal count at the Rio 2016
Olympics, with the United States being the
top performer.

Concept: Olympic medal tally.

Action: Fixing.

Object: Medal count.

Emotion: Pride.

Keywords: Americans, Gold, Rio 2016,
United States, China, Australia, Japan, Great
Britain, Flags, Top performer.

xWant: After posting this Tweet, the user wants to show pride in the United States' performance
at the Rio 2016 Olympics.

oEffect: After viewing this Tweet, others will feel impressed by the United States' dominance in
the medal tally.

xAttr: The user posts this Tweet because the user is a fan of the United States Olympic team and
wants to celebrate their success.

xIntent: The user posts this Tweet because the user intended to start a conversation about the
United States' dominance in the medal count.

xReact: After posting this Tweet, the user feels patriotic and proud of the United States.

oReact: After viewing this Tweet, others feel surprised by the United States' overwhelming
success in the medal tally.

oWant: After viewing this Tweet, others want to learn more about the individual events and
athletes that contributed to the United States' medal count.

oEffect: After posting this Tweet, the user will receive engagement from other users who want to
discuss the Olympic results.

xNeed: Before posting this Tweet, the user needs to research the medal count and order the flags
in the graphic correctly.

Open: The user post this tweet because they want to call out any accusations of the United States
cheating or fixing the medal tally in their favor.
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Figure 2: The additional examples provided showcase the generated descriptions of images, key information, and their associated
intentions. "P" denotes plausibility, while "T" represents typicality. Generated outcomes of high quality are accentuated in
green, whereas those of lower quality are underscored in red. Furthermore, "H" signifies high, and "

the respective scores for plausibility and typicality.

" signifies low, referring to
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