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Abstract

Over the past years, memes have evolved from being exclu-
sively a medium of humorous exchanges to one that allows
users to express a range of emotions freely and easily. With
the ever-growing utilization of memes in expressing depres-
sive sentiments, we conduct a study on identifying depressive
symptoms exhibited by memes shared by users of online so-
cial media platforms. We introduce RESTOREx as a vital re-
source for detecting depressive symptoms in memes on social
media through the Large Language Model (LLM) generated
and human-annotated explanations. We introduce MAMA-
Memeia, a collaborative multi-agent multi-aspect discussion
framework grounded in the clinical psychology method of
Cognitive Analytic Therapy (CAT) Competencies. MAMA-
Memeia improves upon the current state-of-the-art by 7.55%
in macro-F1 and is established as the new benchmark com-
pared to over 30 methods.

1 Introduction
In the digital age, memes have emerged as a pervasive
form of content on online social media platforms, under-
scoring their escalating significance. In 2020 alone, Insta-
gram, a popular social media app, reported at least one mil-
lion posts shared every day mentioning the word “meme”
(Brown 2022). Beyond entertainment, memes have grown
to become an important outlet for expressive posting as well
(Wang et al. 2019), as people have increasingly begun to
use memes to communicate their emotional struggles, most
particularly depression, where a simple Google search for
“depression memes” shows more than 84, 700, 000 results.
Akram et al. (2020) observe that sharing humor-intended de-
pressive memes can be beneficial for some individuals, as
presenting a negative experience humorously may create a
sense of peer support among viewers who have gone through
similar situations. The importance of the visual modality is
further cemented considering that the majority of social me-
dia posts today contain image or video content which in-
creases engagement by around 100% (Cashyap 2024).

Recognizing the importance of memes in online social
media today, meme analysis research has gained traction,
starting with the Facebook Hateful Memes Challenge (Kiela
et al. 2020). However, research in the area has been mostly
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Concentration Problem

Sleeping Disorder

Feeling Down

Low Self-Esteem

...The image of the puppy, which is often associated with innocence and
happiness, juxtaposed with the DVD of mistakes, emphasizes the irony

and the emotional burden that the person is carrying.

...brain is unable to concentrate on sleeping and instead the memories of
the person's part mistakes are played like a movie from a DVD in their
brain. This indicates that the person is fixated on their past mistakes...

Figure 1: An example of a depressive meme from
RESTOREx with labeled fine-grained depressive symptoms
and explanations from the LLM agent and Human

focused on aspects such as harmfulness (Pramanick et al.
2021) and cyber-bullying (Jha et al. 2024b). In this work,
we work on a relatively understudied area in meme analysis
and apply it to the mental health domain. We work to iden-
tify seven fine-grained depressive symptoms based on the
clinically established 9-scale Patient Health Questionnaire
(PHQ-9) (Kroenke, Spitzer, and Williams 2001).

The task involves multi-label classification for the seven
identified symptoms in the multimodal memes as pro-
posed by Yadav et al. (2023). We derive a new dataset,
RESTOREx, consisting of explanations generated by state-
of-the-art Multimodal Large Language Models and supple-
mented with human-annotated explanations for the memes.
For this task, we examine the application of Multimodal
Large Language Models in understanding complex multi-
modal data of memes in the context of mental health. This
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is a complex task for language models given the mix of sar-
casm, irony and other types of figurative speech involved
in memes. For example, in Figure 1, the meme has the
caption “Me: Alright time to sleep.”, “My brain:”, with
a picture of a puppy holding a DVD that says, “Top 50
mistakes you’ve made”. The human annotator emphasizes
on the meme author’s fixation on their past mistakes, cor-
rectly identifying the ‘Low Self-Esteem’ symptom. Further,
the LLM-generated explanation, recognizing the image of
the sad expression of the puppy (often used in a positive
context) juxtaposed with negative emotions relating to the
DVD, understands the irony of the situation to correctly as-
sign the ‘Feeling Down’ label to this meme. Overall, through
a multi-dimensional understanding of the various figura-
tive speeches in the meme, the method should capture all
four depressive symptoms expressed by the meme author –
Low Self-Esteem, Concentration Problem, Sleeping Disor-
der, and Feeling Down.

In this work, we introduce MAMA-Memeia, a Multi-
Aspect Multi-Agent collaborative framework for identifying
depressive symptoms from memes. We ground this proposed
methodology in clinical psychology by adapting the Cog-
nitive Analytic Therapy (CAT) Competencies (Parry et al.
2021) into our Multi-Aspect prompting setup which is used
by medical professionals for analyzing thinking patterns. We
supplement our analysis with extensive comparative results
establishing the efficacy of MAMA-Memeia as the preemi-
nent method for the task of depression symptom analysis.

Our contributions are summarized as follows-

• Novel Dataset: Introducing the RESTOREx dataset, with
LLM-generated explanations and human annotated gold
label explanations.

• Novel Methodology: Introducing the MAMA-Memeia
framework, a novel state-of-the-art multi-agent discus-
sion framework that builds upon the foundations of clin-
ical psychology for multi-aspect prompting.

• In-depth Human Evaluation: Conducted a human eval-
uation with domain experts to address key research ques-
tions regarding LLM-generated content across five as-
pects.

2 Related Work
In recent years, efforts towards the analysis of memes and
subsequent datasets in the area have been focussed mainly
on aspects such as hatefulness (Kiela et al. 2020), harm-
fulness (Sharma et al. 2023a), and emotions (Sharma et al.
2020; Mishra et al. 2023). Recently, Joshi, Ilievski, and
Luceri (2024) attempted to understand the propagation of
meme content across social media platforms.

While most work on modeling for meme analysis has fo-
cused on contrastive learning setups (Mei et al. 2024) and
knowledge fusion techniques (Sharma et al. 2023b), the re-
cent direction of the area has been towards the use of LLMs
(Jha et al. 2024a). Works such as those by Agarwal et al.
(2024) and Zhong and Baghel (2024) have explored the ap-
plication of explanations generated by LLMs for explaining
memes in various contexts. However, rigorous analysis of

LOI FD ED SD LSE CP SH Total

Train 441 1781 1714 997 703 348 1357 7096
Test 66 219 85 78 114 73 82 520

Validation 37 130 54 36 79 28 54 310

Table 1: Class-wise distribution of fine-grained depression
symptom labels in RESTOREx.

the generated content remains a challenge that we attempt to
resolve with this work.

While research on memes expanded, their application in
the mental health domain remained limited. Yadav et al.
(2023) extended meme analysis research towards the mental
health domain with the release of the RESTORE dataset for
detecting fine-grain depressive symptoms in memes. Mazhar
et al. (2025) expand this research by utilizing a knowledge-
fusion and retrieval framework for depression symptom
identification as well as introducing a dataset for detecting
anxiety symptoms. We aim to expand on these works with a
more elaborate method by utilizing LLM agents.

Previous work on depressive symptom analysis has fo-
cused mostly on textual data such as Tweets and Reddit
posts, with limited work on multimodal content such as
memes (Yadav et al. 2023). Works such as Yadav et al.
(2021, 2018); Benton, Mitchell, and Hovy (2017) have
focused on analyzing depressive symptoms by collecting
data from online social media platforms, mostly on tweets
of users for detection or tracking of depression symp-
toms in users. Works such as Yates, Cohan, and Gohar-
ian (2017); Yadav et al. (2020) have served as important
benchmarks for analyzing textual depressive data. Typi-
cally text-based depression symptom analysis works uti-
lize simpler BERT-based methods with specialized mod-
ules (Zhang et al. 2023). Recently, Wang, Inkpen, and
Kirinde Gamaarachchige (2024) analyzed the utility of
LLMs for estimation of the levels of depression by prompt-
ing LLMs with a questionnaire. Chen et al. (2024) have uti-
lized LLMs for synthetic data creation in the form of in-
terviews of depressed users highlighting the capabilities of
LLMs to work in the mental health context. This work aims
to extend depression analysis to the multimodal setting and
applying advanced LLM-based methods, including multi-
agent methods which have not yet been effectively utilized
in depression related tasks.

3 The RESTOREx Dataset
We introduce RESTOREx, a dataset for the multi-label clas-
sification of seven fine-grained PHQ-9 depressive symptom
categories – Feeling Down (FD), Lack of Interest (LOI), Eat-
ing Disorder (ED), Sleeping Disorder (SD), Concentration
Problem (CP), Low Self Esteem (LSE), and Self Harm (SH).
We provide expert annotated human explanations and con-
duct extensive expert analysis of all generated content. Table
1 provides label-wise distribution of RESTOREx.

3.1 Dataset Curation and Filtering
The RESTOREx dataset is derived from the RESTORE
dataset, which collects meme images from the social media
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(a) Misclassifications in Test Samples:
Original- [FD, LOI], Updated- [FD, LSE]

(b) Non-meme Images: image that corre-
sponds to a quote

(c) Inaccurate ‘Lack of Energy’ sam-
ples

Figure 2: Examples of meme samples from RESTORE that were re-annotated for the curation of RESTOREx

platforms, Twitter and Reddit. The dataset consists of hu-
man annotations for eight fine-grained depression symptom
categories in the test and validation subsets of the dataset.
The training subset is supplemented with automatically cu-
rated samples using keyword-based search (such as ‘eating
disorder memes’, ‘feeling down memes’, etc.).

In the curation of the RESTOREx dataset, we identify
and correct the following inconsistencies in the original
RESTORE dataset: (i) Re-annotated the test and validation
sets of the dataset with additional annotators to mitigate is-
sues with misclassified labels as shown in Figure 2a. (ii) Re-
moved non-meme images such as quotes from the dataset
as shown in Figure 2b. leading to a reduction of about 20%
in the dataset size. (iii) Removed the ‘Lack of Energy’ label
due to the lack of accurate training labels as shown in Figure
2c. This was done as all of the samples for this class in the
training set (471 samples) were automatically curated with
significant issues.

3.2 Explanations in RESTOREx
To enhance the utility of RESTOREx as a resource, we
introduce ground-truth human-written explanations for the
test subset (520 samples). This ground-truth explanation
serves as a resource for future research to compare model-
generated explanations with a human-annotated dataset. An
explanation by the human-annotators, through their nuanced
thought process, encapsulates important aspects such as fig-
urative language (for example, sarcasm and metaphors),
commonsense reasoning, and is grounded in their cultural
awareness which allows explanations to be aware of the cul-
tural phenomena of the time. These detail-rich explanations
serve as a textual description of the cross-modal information
in a meme image.

3.3 Annotation Guidelines
The curation of the RESTOREx dataset consists of two an-
notation tasks for dataset re-annotation and filtering, and for
curation of human-written gold label explanations.
Task 1: For a given meme, the annotators are required
to determine one or more of the seven depressive symp-
toms conveyed in the meme according to PHQ-9 definitions
(Kroenke, Spitzer, and Williams 2001). Any non-meme im-
age is filtered in this process. This annotation is performed
by two annotators trained on the task of fine-grained depres-
sion symptom identification as per the guidelines of the orig-
inal dataset curation (Yadav et al. 2023). The inter-annotator
agreement was captured as the Krippendorff’s Alpha coef-

ficient (krippendorff 2004), a metric widely used for mea-
suring reliability in annotations for multi-label tasks. The
coefficient is obtained as 0.833 using MASI distance (Pas-
sonneau 2006) as the distance function, representing strong-
agreement between the annotators.
Task 2: For each meme, the annotators are required to pro-
vide the human-annotated ground-truth explanations in the
provided text field. The annotator is instructed to capture
their thought process and incorporate details such as the use
of figurative language, commonsense knowledge, cultural
references, and visual cues in their provided explanations.
This annotation process is performed by two domain-expert
annotators.

3.4 LLM Generated Explanations
We propose to extend the dataset further with Multimodal
LLM generated explanations as a proxy for human-written
annotations for large datasets where human annotation is
not feasible such as for the over 7000 samples in the train
dataset. We generate explanations using three open-source
and three closed-source LLMs and conduct a human analy-
sis on these explanations to evaluate their utility as a proxy
for human-written explanations.

Analysis on LLM Generated Explanations We focus on
five research questions in order to comprehensively judge
the quality of LLM generated explanations: RQ1: Are LLMs
fluent?, RQ2: Are generated explanations relevant?, RQ3:
Do LLMs capture figurative meaning?, RQ4: Are LLMs per-
suasive? and RQ5: Understanding the appeal of some ex-
planations. We conduct this analysis on six selected model
explanations and human-annotated explanations based on
a detailed questionnaire on a subset of test samples. We
choose three open source models – LLaVA 1.5, LLaVA-
NeXT, MiniCPM-Vand three closed source models – GPT-
4o, Claude 3.5 Sonnet and Gemini-2.0-flash. The results
of this human analysis clearly establish the superiority of
closed-source LLMs such as Gemini (Team 2024) over
open-source models for the task of RESTOREx motivating
our decision of utilizing such closed-source models as the
backbone of our methodology.

4 Methodology
In this section we propose the MAMA-Memeia framework, a
collaborative multi-agent discussion framework that utilizes
clinical psychology principles to detect depressive symp-
toms. We first describe the domain expert’s perspective
on the task of depressive symptom classification and then
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Cultural Competence

Knowledge of Depression Ability to Work with
Emotional Content

Knowledge and
Understanding of Mental

Health Problems

Ability to Foster
Therapeutic Alliance

Ability to Engage the
Subject/Client (Meme

Creator)

identify and describe the
reasoning behind the
following: 1. Loss of
Interest:... 7. Self-

Harm:...

You are an expert in
understanding cultural and
metaphorical references ...

all cultural and
metaphorical references.

You are an expert in
understanding the emotional
context of a depressive
meme. ... explain all

emotions shown in the meme.

Cultural Knowledge (Pc) Emotional Knowledge (Pe)Depression Knowledge (Pd)

Figure 3: Cognitive Analytic Therapy (CAT) Competencies (Parry et al. 2021) adapted as guidelines form the basis for Multi-
Aspect Prompting. Multiple criteria combine to form each Knowledge Aspect. We design three Aspect-specific prompts – Pd

(Depression Knowledge), Pe (Emotional Knowledge), and Pc (Cultural Knowledge) – to generate the corresponding explana-
tions – Ed, Ee, and Ec. We use these explanations individually and concatenated as < Ed, Ee, Ec > for our experiments.

present our approach to integrating this perspective in a
multi-agent setup through multi-aspect prompting.

4.1 Domain Expert Perspective
The psychology underlying meme with mental health is cen-
tered around emotional expressions and coping mechanisms
(particularly, in the form of humor). Specifically, meme al-
lows individuals to express complex emotions surrounding
their mental health in a relatable manner through their hy-
pernarrativity (Wagener 2021). They provide a platform for
communal discourse and validation for individuals in sim-
ilar situations by supporting a larger cultural framework to
help process individual experiences (Wagener 2021).

Humor can be used to create emotional distance and to
help people process feelings. This enables them to cope with
stress, depression, and anxiety, especially during important
developmental transitions (Sarink and Garcı́a-Montes 2023;
Erickson and Feldstein 2006). While positive humor (affil-
iative, self-enhancing) is associated with stable psycholog-
ical adjustment, negative humor (especially self-defeating
humor seen in memes) is associated with higher depres-
sive symptoms (Erickson and Feldstein 2006). Therefore,
although it helps tops to build social relationships and nav-
igate depressive symptoms, it harms self-esteem in the pro-
cess (Erickson and Feldstein 2006). Specific to memes, hu-
mor provides an avenue for emotional catharsis by channel-
ing dark or uncomfortable topics toward humor (Sarink and
Garcı́a-Montes 2023).

Cognitive Analytic Therapy for Understanding Depres-
sive Memes Cognitive Analytic Therapy (CAT) is a form
of talking therapy that focuses primarily on identifying pat-
terns of thinking, feeling, and behavior (NHS 2025). It is
widely used in the clinical therapy setting for people living
with depression, anxiety, or eating problems, who self-harm
or have personal or relationship problems. In this study, we
adapted CAT - General Therapeutic Competencies (Parry
et al. 2021) to formulate evaluative guidelines for interpret-
ing memes on mental health themes. It is highly applicable

to the task due to its structured approach to categorizing and
assessing both larger psychological patterns and more subtle
emotional nuances and risk assessments. We leverage eight
CAT criteria focusing on meme understanding – (i) Knowl-
edge and Understanding of Mental Health Problems, (ii)
Knowledge of Depression, (iii) Cultural Competence, (iv)
Ability to Engage the Subject/Client (Meme Creator), (v)
Ability to Foster Therapeutic Alliance, (vi) Ability to Work
with Emotional Content, (vii) Ability to Assess and Manage
Risk of Self-Harm, (viii) Knowledge of Ethical Guidelines.

4.2 Multi-Aspect Prompting

We ground our approach in the CAT criteria described in
section 4.1. These guidelines highlight three major aspects
of knowledge required for understanding depressive memes:
(i) Depression Knowledge - This aspect deals with provid-
ing knowledge about the specific depressive symptoms to
the model. We provide this knowledge with the use of defi-
nitions for the seven symptoms as laid out by (Yadav et al.
2023). These definitions ensure that the model avoids misin-
terpretation of the depressive symptoms.
(ii) Emotional Knowledge - A key consideration while de-
termining depressive symptoms according to the CAT guide-
lines is the consideration of the emotional state of the user.
To this effect, we include this knowledge aspect to ensure
that the model considers the emotional states that may be
associated with depressive themes in the meme.
(iii) Cultural Knowledge - This knowledge aspect aims
to provide information about important cultural phenomena
such as pop culture references or metaphorical interpreta-
tions that form a key part of meme understanding. With the
inclusion of such knowledge it is expected that the model
would be able to recognize the figurative language of the
meme across the textual and visual modalities.

Based on these, we design three Aspect-specific prompts
Pd (Depression Knowledge), Pe (Emotional Knowledge),
and Pc (Cultural Knowledge) as described in Figure 3.
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FD : 0.8, CP : 0.6

Depression Knowledge (Pd) Cultural Knowledge (Pc) Emotional Knowledge (Pe)

... common anxiety cycle
where an initial threat

(Coronavirus can be deadly)
causes...

 FD : 0.9, LSE : 0.8, SH : 0.85

... popular 'Panik Kalm
Panik' format ... relationship

with mortality and self-
worth......

FD : 0.7, LSE : 0.6, CP : 0.5

... cycle of panic and calmness
triggered by thoughts about a

potentially deadly...

A1 A2 A3

Independent IdeationRound 0

R

FD : 0.8, LSE : 0.85, 
SH : 0.7, CP: 0.6

Considering the other
agents' analysis,

particularly...

FD : 0.9, LSE : 0.8, 
SH : 0.85, CP: 0.7

After reviewing other
interpretations, I'll refine

my analysis....

Upon reviewing the
previous analyses, the

image...

Collaborative Discussion
Round 1

FD : 0.8, LSE : 0.6, 
CP : 0.5

Feeling Down

Low Self-Esteem

Self-Harm

Concentration Problem

Weighted
Vote
0.88

0.82

0.83

0.67

Consensus Resolution

Self-Harm

Low Self-
Esteem

Feeling
Down

Figure 4: Overview of the MAMA-Memeia framework with Gemini-2.0-flash , Claude 3.5 Sonnet , GPT-4o , consisting
of three phases- (1) Independent Ideation: generation of initial predictions and reasoning, (2) Collaborative Discussion: Agents
collaborate and reconsider their predictions, (3) Consensus Resolution: Weighted vote to determine predicted labels.

4.3 MAMA-Memeia: A Multi-Agent Multi-Aspect
Inference Framework

We introduce the MAMA-Memeia framework, which builds
upon the Multi-Aspect Prompting setup by utilizing mul-
tiple agents that capture specific knowledge of depressive
memes in the prediction of the final labels. Our approach is
inspired from multi-agent works (Wu et al. 2024; Du et al.
2024; Chen, Saha, and Bansal 2024) which highlights the
efficacy of multi-agent setups.

We utilize this knowledge in combination with our study
of Multi-Aspect Prompting by deploying three recent state-
of-the-art LLMs - GPT-4o (OpenAI 2024), Claude-3.5 Son-
net (Anthropic 2024) and Gemini-2.0-flash (Team 2024) - in
a multi-agent setup. Our choice of these models is based on
the human analysis provided in subsection 3.4. The MAMA-
Memeia framework consists of three phases: Independent
Ideation, Collaborative Discussion and Consensus Resolu-
tion. It is demonstrated in Figure 4 and described in detail
below for n agents.

Independent Ideation The first step in the MAMA-
Memeia framework is the generation of initial symptom pre-
dictions and reasoning for the given meme from each agent.
Formally, given a list of agents A = {A1, A2, ..., An} of
size n, each agent Ai ∈ A generates an initial prediction,
p
(0)
i , which is a list of si symptoms predicted by it. The

study (Xiong et al. 2024) has shown the effectiveness of
LLM-derived confidence scores, therefore, we also gener-
ate confidence estimates, c(0)i,j ∈ [0, 1] ∀ j ∈ si. Each agent,

Ai, also generates an initial explanation, e(0)i that explains
the thought process behind it’s predictions. To achieve this,
Ai is designated a Aspect-Specific System Prompt, Pa,i ∈

{Pd, Pe, Pc}, for each agent to focus on one knowledge
aspect. Each agent Ai is then prompted with the Aspect-
specific Prompt, Pa,i, the meme image, Mimg , and the user
prompt, Pusr (detailed prompts in suppl.). For each agent,
Ai, this can be formulated as:

p
(0)
i , c

(0)
i , e

(0)
i = Ai(Pa,i,Mimg, Pusr) (1)

Collaborative Discussion In the next phase of our frame-
work, all agents undergo R rounds of collaborative discus-
sion. This is done to ensure each agent is fairly exposed to
the thought process of other agents before coming up with
their final predictions. For each discussion round, r, every
agent is provided a Discussion prompt, Pdsc, which has mul-
tiple characteristics. The discussion prompt first introduces
the agents to the idea that they are in a collaborative envi-
ronment by asking them to review the responses of other
agents and then reconsider their response. We call this the
initiator prompt, Pini. Secondly, the discussion prompt for
discussion round, r, consists of the responses of the other
agents for round, r− 1 (for r = 1 this refers to the Indepen-
dent Ideation phase). Each agent is provided with both ex-
planation, e(r−1)

j , as well as predictions, p(r−1)
j , generated

by the other agents, A \ Ai. This is supplemented with the
confidence estimates, c(r−1)

j , for each prediction in p
(r−1)
j .

The availability of all three components, explanation, pre-
dictions, and confidence estimates, allows the agent to con-
dition on the reasoning and confidence associated with the
predictions before it reconsiders its initial judgement. The
round r discussion prompt, for agent Ai, is:

P
(r)
dsc,i = Pini +

∥∥n
j=1,j ̸=i

{e(r−1)
j , p

(r−1)
j , c

(r−1)
j }

This discussion prompt is then passed along with the entire
conversation history of the agent, h(r)

i , to obtain the predic-
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Model Macro-F1 Weighted-F1

Unimodal Text
OCR:

BERT (Devlin et al. 2019) 62.02 62.63
MentalBERT (Ji et al. 2022) 63.77 64.47
BART (Lewis et al. 2020) 44.71 49.46
MentalBART (Yang et al. 2023) 61.76 62.43

Explanation:
BERT 63.39 63.96
MentalBERT 64.62 65.27
BART 55.81 57.11
MentalBART 64.96 64.30

Unimodal Image
ViT (Dosovitskiy et al. 2021) 34.96 39.04
ResNet (He et al. 2015) 27.14 33.46
EfficientNet (Tan and Le 2019) 25.18 31.61

Multimodal
Image + OCR

CLIP (Radford et al. 2021) 45.83 48.09
VisualBERT (Li et al. 2019) 62.70 63.67
ViT + BERT 38.57 42.24

Image + Explanation
CLIP 39.23 42.56
VisualBERT 62.37 62.25
ViT + BERT 37.78 40.58

Previous SOTA
Yadav et al. (2023) † 65.18 64.67

MAMA-Memeia 72.73 72.45
∆MAMA-Memeia - † ↑ 7.55% ↑ 7.78%

Table 2: Comparison of MAMA-Memeia with unimodal and
multimodal baselines along with previous state-of-the-art.

tions, confidence estimates and explanation of the agent for
round r as:

p
(r)
i , c

(r)
i , e

(r)
i = Ai(P

(r)
dsc,i, h

(r)
i ) (2)

Consensus Resolution At the end of N = R + 1 rounds,
we determine the final predictions through our consensus
resolution algorithm which performs a weighted vote be-
tween the agents based on the confidence estimates. For a
given threshold, t, the final labels, L, are determined as fol-
lows:

L =

[
j

∣∣∣∣∣ ( 1n
n∑

i=1

c
(N)
i,j I{j ∈ p

(N)
i }) > t ]

]
(3)

The consensus resolution algorithm is used in order to
eliminate labels for which the agents have low confidence.
It also ensures that there is a balance between the agents
and extremely high confidence of one agent does not bias
MAMA-Memeia.

5 Experiments: Benchmarking RESTOREx
Baselines To establish the effectiveness of the MAMA-
Memeia framework, we first compare its performance to
several relevant unimodal and multimodal baseline architec-
tures as described in Table 2. These baselines use the fol-
lowing models: (i) Unimodal Text: BERT, MentalBERT,
BART, MentalBART (ii) Unimodal Image: ViT, ResNet,
EfficientNet (iii) Multimodal: CLIP, VisualBERT, BERT +
ViT, SOTA (Yadav et al. 2023)

   MAMA-Memeia : FD, SH,  LSE

   Gemini : FD, SH,  LSE, LOI

   Claude : FD, SH,  LSE

   GPT-4o : FD, SH

Figure 5: Meme example with predicted labels from various
LLMs and MAMA-Memeia.

Baseline Results As shown in Table 2, MAMA-Memeia
outperforms the previous State-of-the-Art results of (Ya-
dav et al. 2023) by 7.55% in macro-F1 score and 7.78%
in weighted-F1 score. The setup by Yadav et al. (2023) uti-
lizes multimodal fusion based on conditional adaptive gat-
ing with pre-trained ResNet and BERT models which are
fine-tuned for the task of depressive symptom classification.
The superior performance of MAMA-Memeia highlights the
effectiveness of Large Language Model based approaches
over these traditional pre-trained models. This is further con-
firmed compared to the fine-tuned unimodal and multimodal
baselines which sit well below the benchmark set by MAMA-
Memeia. Further, Table 2 highlights the importance of the
textual modality for the fine-grained depressive symptom
analysis task as shown by the sharp improvement in per-
formance from the unimodal image setup to the unimodal
text setup. The utility of the LLM generated explanations is
also established as a consistent increase in performance can
be seen by substituting OCR with LLM generated explana-
tions as the textual modality as seen with the BART model
improving in macro-F1 from 44.71% with OCR to 55.81%
with explanations.

Experimentation with Multimodal LLMs We experi-
ment with a variety of different open-source and closed-
source models to provide explanations for memes as shown
in Table 3. These setups are compared in both Single-Agent
and Multi-Agent setups, as well as with a variety of prompt-
ing setups including the Multi-Aspect prompting (cf. Sec-
tion 4.2). Finally, we compare MAMA-Memeia and other
LLM based approaches with results derived using gold-label
human-written explanations. For a representative variety in
the generated content, we put careful consideration into the
choice of our models. We ensure a mix of open-source
and closed-source models with various base foundational
LLMs that these Multimodal LLMs are built upon. Based
on these criterias, we generate explanations from six popular
Multimodal LLMs - LLaVA 1.5 (Liu et al. 2023), LLaVA-
NeXT (Liu et al. 2024), MiniCPM-V (Hu et al. 2024), GPT-
4o (OpenAI 2024), Claude 3.5 Sonnet (Anthropic 2024),
Gemini-2.0-flash (Team 2024).

Results and Ablation As seen in Table 3, the performance
of closed-source models such as Claude 3.5 Sonnet is sig-
nificantly better compared to the open-source models such
as LLaVA 1.5. The significant performance boost for the
GPT-4o and Gemini-2.0-flash models with the Multi-Aspect
Prompting setup indicates towards the effectiveness of these
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Method FD LOI SH ED LSE CP SD Macro-F1 Micro-F1 Weighted-F1

Human Explanations 63.00 47.00 77.00 72.00 54.00 57.00 81.00 65.00 62.00 64.00

Vanila LLM Explanations
Open-Source LLMs

LLaVA 1.5 55.00 37.00 34.00 48.00 38.00 47.00 67.00 47.00 48.00 48.00
LLaVA-NeXT 62.00 43.00 60.00 71.00 46.00 53.00 79.00 59.00 57.00 59.00
MiniCPM-V 62.00 40.00 53.00 73.00 51.00 53.00 78.00 59.00 58.00 59.00

Closed-Source LLMs
GPT-4o 63.00 39.00 58.00 73.00 46.00 54.00 86.00 60.00 57.00 60.00
Cluade 3.5 Sonnet 70.78 48.25 77.71 81.01 54.35 57.92 88.76 68.39 66.19 68.74
Gemini-2.0-flash 63.09 32.02 75.86 75.47 49.22 60.47 80.22 62.34 58.19 62.55

Multi-Aspect Prompting
Depression Knowledge (Pd)

GPT-4o 65.13 53.33 79.52 78.21 45.02 58.46 86.22 66.56 62.67 65.66
Cluade 3.5 Sonnet 68.27 45.45 77.30 82.93 48.46 60.09 84.71 66.74 63.60 66.75
Gemini-2.0-flash 66.40 46.60 73.85 74.21 55.86 65.92 78.95 65.97 64.93 65.99

Cultural Knowledge (Pc)
GPT-4o 69.55 49.43 69.50 79.22 49.87 60.60 86.06 66.31 64.67 66.60
Cluade 3.5 Sonnet 71.09 45.57 72.99 83.23 44.95 56.67 85.21 65.67 62.61 66.31
Gemini-2.0-flash 66.77 38.96 61.88 75.74 45.55 53.46 76.50 59.84 57.99 61.04

Emotional Knowledge (Pe)
GPT-4o 65.52 48.61 76.39 76.39 49.87 68.57 83.87 67.03 64.36 66.31
Cluade 3.5 Sonnet 62.27 40.14 70.73 80.77 42.04 47.39 86.75 61.44 56.62 61.33
Gemini-2.0-flash 66.54 48.43 73.47 77.78 53.98 65.93 79.37 66.50 64.92 66.33

Combined (Pd + Pc + Pe)
GPT-4o 64.94 51.37 79.52 79.77 44.73 59.69 86.75 66.68 62.62 65.74
Cluade 3.5 Sonnet 67.65 45.45 76.83 83.64 49.53 58.72 84.71 66.65 63.51 66.62
Gemini-2.0-flash 65.28 48.18 72.73 76.83 53.71 66.67 78.95 66.05 64.41 65.71

MAMA-Memeia 72.46 52.27 76.06 80.50 59.87 77.37 90.57 72.73 71.15 72.45
− Aspect-specific Prompting 70.95 49.70 80.28 82.12 58.27 73.91 87.90 71.88 70.31 71.51

Table 3: Comparison of MAMA-Memeia with Mulitmodal LLM based single-agent setups and Human-annotated explanations.
MAMA-Memeia is the best performing method in macro, micro and weighted F1 scores. Vanilla LLM Explanations refer to
the prompting setup without the inclusion of CAT knowledge based prompts. FD: Feeling Down, LOI: Lack of Interest, SH:
Self-Harm, ED: Eating Disorder, LSE: Low Self-Esteem, CP: Concentration Problem, SD: Sleeping Disorder.

knowledge-based prompting setups. This is also noted with
the ablation with removing aspect-specific prompting (refer-
ring to the Multi-Aspect setup). Compared to the Human Ex-
planations, our framework achieves an improvement of more
than 8% and Claude 3.5 Sonnet achieves an improvement of
more than 4% in weighted-F1 score supporting our proposal
for utilizing LLM generated explanations as an automated
and low-resource alternative to human annotations.

Qualitative Analysis We perform a qualitative analysis of
the outputs of the GPT-4o, Claude 3.5 Sonnet and Gemini-
2.0-flash models along with the MAMA-Memeia framework
to infer trends in predictions made by these models. An ex-
ample of this analysis is provided in Figure 5. As seen in
Figure 5, we observe the that the Gemini-2.0-flash model is
prone to over-prediction while the GPT-4o model is prone
to under-prediction. This behavior is partly explained when
observing the length of the explanations generated by these
models where the Gemini-2.0-flash model consistently out-
puts the lengthiest explanations among the set. However,
given the black-box nature of these models, further analysis
is required for detailed understanding of this phenomenon.
This offers an explanation for the improved performance of
the MAMA-Memeia framework where the averaging of the
confidence of each of these models yields better results.

Analyzing the patterns in the multiple rounds of debate
between the models, we observe that the models frequently
correct and influence each other through their detailed expla-
nations. For instance, as in Figure 4, only one of the mod-
els (Claude 3.5 Sonnet) correctly predicts the symptom of
Self-Harm and corrects the other two models in their pre-
dictions over the rounds of debate. This self-correction ten-
dency stands out as a major strength of MAMA-Memeia.

6 Conclusion
We introduced RESTOREx a dataset for fine-grained classi-
fication of depressive symptoms in memes augmented with
ground-truth human explanations and LLM generated expla-
nations for memes. We presented MAMA-Memeia, a Multi-
Agent Multi-Aspect inferencing framework, grounded in lit-
erature in Psychology, for classifying depressive symptoms
in multimodal meme data. We demonstrated that MAMA-
Memeia consistently outperformed traditional methods and
improved upon single-agent LLM approaches for the task.

While we utilize closed-source models for our MAMA-
Memeia framework, we look forward to developing methods
for effective utilization of open-source LLMs in future work
given the pressing need for open and transparent research on
LLMs in sensitive domains such as mental health.
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Ethical Statement
This work builds upon the original RESTORE dataset (Yadav
et al. 2023), which contains publicly available meme images
collected from social media; the original authors ensured
that all data were anonymized. Because our study concerns
the sensitive domain of mental health content, we emphasize
that the proposed system identifies depressive symptoms ex-
pressed within meme content only and is not intended for di-
agnosing or profiling any individual. Our multi-agent frame-
work leverages large language models that may introduce
additional biases, and we release all methods and data re-
sources solely for research purposes. We caution against
deploying such LLM-based systems in high-stakes men-
tal health or content-moderation settings without substan-
tial expert human oversight, particularly for critical symp-
toms such as self-harm. We further acknowledge that the
closed-source models used in our framework provide lim-
ited transparency regarding their architectures and training
data, which constrains interpretability. Finally, because our
approach performs inference using existing pretrained mod-
els rather than training large models from scratch, its envi-
ronmental impact is comparatively limited.
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