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Abstract

Memes convey sentiments and humor, and are useful to stimulate interactions and
engagements of audiences during livestreaming. However, little research aids stream-
ers in showing appropriate memes in livestreaming environments. Suggesting relevant
memes timely in a livestream poses significant challenges as it requires multimodal cues
and a nuanced understanding of the livestream context. This study proposes StreaMeme
(liveStream Meme category recommender), a novel system that recommends meme cate-
gories for streamers during livestreaming. StreaMeme employs a visual language model
(VLM) to analyze memes’ humor and sentiments, and digests livestreaming contexts with
a large language model (LLM) to reason for meme recommendations. An LLM is fine-
tuned to exploit streamer speeches, audience messages, meme explanations, and recom-
mendation reasons; its output is then used for our meme category recommendation. Ex-
perimental results on real-world livestreams show that StreaMeme outperforms several

baseline methods, including direct LLM prompting and fine-tuned language models in
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terms of the F{, 5 scores.
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Chapter 1 Introduction

Memes have become an essential communication tool for the younger generation.
They usually combine images and text to convey humor, metaphors, sarcasms, or sen-
timents. In livestreaming, memes can enhance streaming atmosphere and increase the
engagement between streamers and audiences [11]. Although many research studies have
been conducted on meme analysis, particularly in areas such as multimodal feature ex-
traction and its applications in semantics [22, 28, 34], sentiment analysis [1, 8, 24], and
hateful content detection [2, 4, 7, 13], there has been limited focus of helping streamers
show appropriate memes during livestreaming. To address this research gap, we explore

the problem of meme category recommendation in livestreaming.

The meme category recommendation of livestreaming analyzes contexts of live-
streaming to recommend appropriate meme categories for streamers. Here, the context
refers to streamer speeches and audience feedback messages posted in the chatroom. In-
stead of individual memes, this study recommends meme categories. This is because
individual memes are too specific to recommend. Also, by showing a set of memes of
the recommended category, streamers can evaluate which memes entertain the audience
the most. The meme category recommendation is challenging due to several factors. One
key difficulty lies in the metaphorical meaning of memes [34] that involve rich interplay

between a meme’ s text and image modalities. Comprehending a meme thus is not easy.
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Additionally, identifying right moments for meme category recommendations requires
understanding both streamer speeches and the ongoing audience discussion. To ensure
that the recommended meme categories are appropriate and timely, metaphors of memes

as well as livestream contexts must be analyzed.

In this study, we develop StreaMeme (liveStream Meme category recommender),
an effective meme category recommendation system for streamers during livestreaming.
To address the above difficulties, the proposed method leverages a visual language model
(VLM) that explains memes by extracting their metaphorical humor and sentiments. Next,
we utilize a pre-trained large language model (LLM) to derive meme recommendation rea-
sons of livestreaming segments. Finally, an LLM is fine-tuned to generate meme recom-
mendation reasons and meme explanations according to streaming contexts. The outputs

are then examined to recommend an appropriate meme category for a streamer.

Our main contributions are as follows:

* To the best of our knowledge, this is the first work that investigates the meme cat-
egory recommendation of livestreaming. Also, LLMs and prompts are designed to
comprehend metaphorical expressions of memes and livestreaming, and to recom-
mend streamers meme categories timely and correctly.

* We compare StreaMeme with various baseline models, including direct prompting
of pre-trained LLMs and fine-tuned language models. Experimental results demon-
strate that StreaMeme surpasses these baselines, particularly excelling in meme cat-
egory recommendation precision.

* Through our ablation study, we prove that the extracted meme explanations are

helpful to guide our LLM in meme metaphor comprehension during fine-tuning.
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The fine-tuned LLM with meme explanations thus recommends meme categories

successfully.

The remainder of this paper is organized as follows. First, we review related work of
meme analysis and LLM reasoning. Next, the Methodology section details the proposed
system. We evaluate StreaMeme’ s performance in the Experiments and Analysis section.

Finally, we summarize our conclusions.
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Chapter 2 Related Work

2.1 Meme Analysis

As memes have become an influential form of communication on the Internet, re-
searchers have proposed various methods to analyze memes in different perspectives. For
instance, the Hateful Memes Challenge, initiated by Facebook [13], invites researchers
to develop methods for identifying offensive content in memes. To address this task,
numerous studies adopt multimodal strategies that integrate text and image features for
classification [2, 4, 15]. Deshpande & Mani [4] developed classifiers based on gradient-
boosted decision trees and LSTMs, utilizing a variety of input features. The textual fea-
tures included embeddings of meme text, named entities, profanity, sentiment, emotion,
and semantic similarity between meme text and image captions. The image-based features
encompassed image captions and outputs from object detection and web entity detection.
These high-level features align with the criteria humans use to evaluate whether a meme
contains hateful content. By incorporating these features, their model achieved perfor-
mance comparable to human judgment and transformer-based models. Lee et al. [15]
introduced DisMultiHate, a framework leveraging self-supervised training to learn dis-
entangled latent representations of text and images for hateful meme detection. The text

representation module employs a BERT encoder, which processes a concatenation of web
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entities, demographic information detected in the meme, and the meme text. The visual
representation module uses an attention-based image encoder, taking regions extracted by
Faster R-CNN as input. The textual and visual representations are then combined and
passed through a regression layer to estimate the likelihood of hatefulness. This approach
outperformed several multimodal baselines in the hateful meme detection task. Similarly,
Cao et al. [2] utilized the implicit knowledge of a pre-trained language model by inputting
the meme text, image caption, a prompt template (“It was [MASK]”’), and examples of pos-
itive and negative cases into ROBERTa. The meme is classified as hateful if the [MASK]

token’s probability of being the positive label exceeds that of the negative label. After
fine-tuning this framework using cross-entropy loss, it achieved an impressive AUC of

90.96, demonstrating its effectiveness in hateful meme detection.

Beyond harmful content detection, researchers also explore meme semantics and sen-
timent analysis. For instance, Prakash et al. [22] introduced PromptMTopic, leveraging
the language modeling capabilities of LLMs for topic modeling on memes. Similarly,
studies by Alluri & Krishna [1] and Pranesh & Shekhar [24] adopt dual-stream methods
that utilize visual and textual encoders to extract features, then classify memes into senti-

ment categories.

Moreover, many scholars have released public dataset to advance meme research in
recent years [13, 17, 23,27, 31, 34]. For example, Sharma et al. [27] launched a sentiment
analysis challenge based on their dataset MEMOTION. Xu et al. [34] introduced MET-
Meme, a multimodal meme dataset enriched with metaphorical features and annotated
for metaphor occurrence, sentiment categories, intentions, and offensiveness degree. Liu
et al. [17] presented FigMemes, a multi-label dataset designed for figurative language

classification in politically opinionated memes. These contributions have significantly
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advanced the field by providing diverse resources for meme analysis.

2.2 Large Language Model Prompting and Reasoning

Large Language Models (LLMs) have demonstrated increasingly sophisticated rea-
soning capabilities through different prompting techniques, as demonstrated by recent re-
search [10, 14, 33]. Wei et al. [33] introduced the concept of chain-of-thought (CoT) rea-
soning approach, which involves a series of intermediate reasoning steps, and compared
model performance using CoT prompting against standard prompting. Their research
demonstrated that LLMs significantly benefit from CoT prompting, achieving substan-
tial performance improvements across complex arithmetic, commonsense reasoning, and
symbolic reasoning tasks. Kojima et al. [14] demonstrated that LLMs perform effectively
as zero-shot reasoners when preceded by the prompt “Let’s think step by step” before each
response. This approach highlights how simple prompting can unlock high-level, multi-
task cognitive abilities in these models. With powerful reasoning capabilities, LLMs can
identify and extract relevant evidence from given contexts and generate detailed explana-
tions of their problem-solving processes. For example, Sun et al. [30] introduced CARP,
which prompts LLMs to perform text classification tasks through progressive reasoning,

achieving significant performance gains on widely-used benchmarks.

Additionally, many researchers have fine-tuned LLMs on datasets containing rea-
soning information, showing strong performance on downstream tasks [3, 16, 21, 32, 35].
For instance, Google’s Flan models were instruction-finetuned on 1.8k tasks, incorpo-
rating data with chain-of-thought (CoT) reasoning. The experiments demonstrated that
the CoT data is crucial to keep reasoning abilities and performances of these models [3].
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Similarly, Yu et al. [35] fine-tuned OPT [36] using data with rationales, enhancing model
performance on logical and causal reasoning tasks. Meta introduced Galactica, an LLM
designed to store, integrate, and reason over scientific knowledge. By incorporating a
working memory token to structure step-by-step reasoning, Galactica achieved significant
performance improvements over chain-of-thought prompting, even with reduced model
capacity [32]. In the research of Lewkowycz et al. [16], they built a dataset of over 200
undergraduate-level questions in science and mathematics from MIT’s OpenCourseWare
(OCW). This dataset is used to train a LLM to solve mathematics, science, and engineering
problems that require quantitative reasoning. The study found that the model can achieve

better performance in a chain-of-thought context instead of a pure mathematical setting.

Building on these insights, we augmented our dataset with two types of reason-
ing data, e.g., meme explanations and recommendation reasons. We then format the
instruction-response pairs with this augmented data to fine-tune our livestream meme rec-

ommendation model. Further details are provided in the next section.
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Chapter 3 Methodology

3.1 System Overview

StreaMeme suggests streamers meme categories (e.g., happiness or love), indicating
that displaying memes of the recommended categories during live streaming would in-
crease audience engagement. Rather than individual memes, we recommend meme cate-
gories. This is because individual memes are too specific to recommend. Also, by showing
a set of memes of the recommended category, streamers can evaluate which memes en-
tertain the audience the most. Figure 1 illustrates our system architecture, which consists
of a model construction phase and a meme category recommendation phase. In the model
construction phase, a set of livestream videos is collected and each is partitioned into a
series of segments. Domain experts are invited to assess the streamer speeches and the
feedback messages of the audiences in the chatroom to determine if it is appropriate for the
streamer to show a meme at a segment. Moreover, if a meme is deemed appropriate, the
system determines which meme category should be recommended. StreaMeme leverages
LLMs to comprehend metaphors of memes and reasons of meme recommendations. To
this end, the segments are paired with a sample meme of the annotated categories, and are
fed into two auxiliary pre-trained models (i.e., Llama 3 8B Instruct [6] and LLaVA-1.6-
34B [18]) to derive reasons of meme recommendations and meme explanations. These
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textual responses, along with streamer speeches and audience messages, are used to fine-

tune our LLM. In the meme category recommendation phase, segments of a livestream

are examined sequentially. The fine-tuned LLM processes the speech of the streamer and

the feedback messages of the audiences to explain which meme category, including none,

is suitable for recommendations. Below, we detail each system component.

Model Construction Phase

Livestream Preprocessing & Annotation

Livestream Dataset

OpenAlI Whisper

Automatic Speech Recognition

Chatroom Scraping

And welcome to the Sean
Chandler podcast to place
the talk movies and nerdy
stuff. Way too much.
Today I am joined by ...

Cody, lets gooot!”
reat to see Cody here!
orite podeast is

: “July is stacked for ..."

o, happiness |

e surprise

MET-Meme Dataset

Meme Explanation Generation

Meme Explanations

The meme features
aphoto of a dog
standing among
purple flowers ..

‘The meme features
awoman with a
stern expression,
and the text

n‘ LLaVA-1.6-34B

‘The meme features
an image of
Pikachu, a popular
character from ...

Text Encoder (f)

Explanation
Embeddings

s, : Streamer Speech
a, : Audience Messages
¢, : Annotated Meme Category

res; : dation Reason

exp, : Meme Explanation

Streamer Speech (s,)

Audience Messages (a,)

0Q Llama 3 8B Instruct

This segment is suitable
for inserting a happiness-
themed meme b he
streamer, Sean Cl
is welcoming back

seg; |5l 2, e,

seg, s; a; ¢

Segy [Sy Ay Cy

Recommendation Reason (res))

If ¢, # none

Data Augmentation & LLM Fine-Tuning

Embeddings
inc,

Top-10 Similar
Meme Explanations

‘The meme shows a
person lying ona
couch with a cat on
his chest, and ...

XD €Xps s EXDI

If ¢, = none

Augmented Segments

Instruction  Response
s, a, res, exp,
s, a, res, exp,
s, a, res, exp,
s, a, res,

Llama 3.1 8B
Instruct

Fine-Tuned
Llama 3.1 8B

Meme Category Recommendation Phase

Livestream

Vo

Testing Segment Preprocessing

LLM Generation

ine-Tuned
Llama 3.1 8B

T€Sjeyy EXPoy

Meme Explanation
R

Meme Category Embedding Computation

¢, happiness c,: hate

C,: surprise

Frest

Figure 1: Overview of StreaMeme

Text Encoder (f)
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3.2 Model Construction Phase

3.2.1 Livestream Preprocessing and Meme Category Annotation

In the model construction phase, we divide the collected livestream videos into series
of one-minute segments. For each segment seg;, domain experts evaluate both the orig-
inal livestream videos and the accompanying chatroom messages to determine whether
seg; is suitable for meme recommendation, and a meme category ¢; € C'is annotated. In
this research, the set of meme categories, C, is based on the MET-Meme dataset [34] that
six categories of memes covering sentiments of happiness, love, anger, sorrow, hate, and
surprise are selected. In addition to the six sentiment categories, C' includes a dummy
label none indicating that a segment does not deserve a meme recommendation and C' =
{happiness, love, anger, sorrow, hate, surprise,none}. Since the decision of meme
category is relatively subjective, each segment’s ground truth label is determined by two
domain experts. After the annotation, the streamer speech s; is transcribed from the audio

1

of streaming using OpenAl Whisper'. Additionally, the Python library pytube® is em-

ployed to extract the audience messages a; from the streaming chatroom.

3.2.2 Recommendation Reason Generation

Meme category recommendation can intuitively be formulated as a text classifica-
tion problem. In other words, the task assigns a meme category to a segment given the
stream speech s; and audience messages a;. However, topics of livestreaming are very

diverse and memes generally involve complex metaphors. It is therefore difficult to rec-

Thttps:/github.com/openai/whisper
Zhttps://github.com/pytube/pytube
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ommend appropriate meme categories using traditional text mining techniques which nor-
mally based on token matching. To recommend meme categories accurately, StreaMeme
incorporates LLMs. By leveraging the reasoning ability of large language models, we
expect StreaMeme to not only recommend appropriate meme categories but also provide

explanations for its recommendations.

For each segment seg;, the Meta Llama 3 8B Instruct model is prompted to consider
both the streamer speech s;, the audience messages a;, and their interactions. If ¢; of the
segment is not none, we ask the pre-trained LLM to explain the reason of recommending
meme category c¢;, otherwise, the model explains the reason of not recommending. The
recommendation reason res; responded by the pre-trained model is recorded to fine-tune
our LLM of the meme category recommendation. Each segment is then represented as
seg; = (8;,a;,¢,res;) and S = {segy, segs, segs, . .., segy} is the set of the annotated

segments used to construct our LLM of meme category recommendation.

3.2.3 Meme Explanation Generation

In addition to the recommendation reasons above, we extract meme explanations to
help our LLM comprehend meme metaphors. The MET-Meme dataset mentioned earlier
collects a lot of memes. We sample 30 memes for each sentiment category ¢; € C. The
resulting 180 memes then are fed into the pre-trained multimodal model LLaVA-1.6-34B

to obtain metaphorical explanations of the memes.

Let img; be the raw image of a sampled meme, m;. We prompt LLaVA-1.6-34B
with m; and a text instruction asking the model to explain why the meme belongs to
the specified sentiment category c; and the humor of the meme. LLaVA-1.6-34B has

12 doi:10.6342/NTU202501843
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demonstrated extraordinary performance in many multimodal understanding and reason-
ing benchmarks®. The generated explanation, denoted as exp;, is meaningful and typically
describes the interplay between the superimposed text and visual elements in img;. Based
on the replies, the sampled meme is represented as m; = (img;, exp;, ¢;) and a meme ex-

planation dataset M is formed and M = {my, ma, ..., migo}.

3.2.4 Large Language Model Fine-Tuning

In StreaMeme, we fine-tune an LLM to help it reason whether a segment deserves a
meme category recommendation. Figure 2 outlines the function of the fine-tuned LLM.
Specifically, given the context of a segment, that is, the streamer speech and the audience
messages, the fine-tuned LLM outputs the reason of recommending a meme category
(or the reason of not recommending one) and the corresponding meme explanation. The
output will be examined in the meme category recommendation phase to generate the final

meme category recommendation.

We select the Meta Llama 3.1 8B Instruct model [6] as our base model. To fine-tune
it, we construct a training dataset consisting of a set of instruction-response pairs. For
each segment seg; = (s;,a;,¢;,res;) in S, an instruction-response pair is formatted by

chaining up the following information:

* The input instruction generated by simply applying a template “Streamer Speech:

{s:} Audience Messages: {a;}”.

3https://llava-vl.github.io/blog/2024-01-30-1lava-next/
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* If ¢; is none, the response is just res;; otherwise, we sample a meme m; of category

¢; in M and format the response by the template “{res; } This segment is suitable for

inserting a meme in the c; category. The description and explanation of a sample

meme may be like the below paragraphs: {exp;}”.

Streamer Speech

And welcome to the Sean Chandler
podcast to place the talk movies and
nerdy stuff. Way too much. Today I
am joined by two different guests.
First up Griffin. Shiller. Nice to have
you back. What's going on? Good to
be here. It's been a while since we've
done this podcast. Yes. Like we're...

Audience Messages

A: “Its Cody, lets gooo!!”

B: “Great to see Cody here! My
favorite podcast is back.”

C: “July is stacked for me. MI7,
Oppenheimer, Slam Dunk &&”
D: "Cant wait for Guy Gardner!”

— Fine-Tuned LLM ——

Recommendation Reason

This segment is suitable for inserting a
happiness-themed meme because the
streamer, Sean Chandler, is welcoming
back a guest, Griffin, after a long time, and
the audience is excited and enthusiastic
about the podcast’s return. The chat is
filled with positive comments, such as "Its
Cody", "Lets gooo”, "Great to see Cody
here!", and "My favorite podeast is back",
which indicates a sense of joy and
celebration. The streamer's speech is also
lighthearted and playful, with a casual
tone, which matches the happy and upbeat
atmosphere in the chat.

Meme Explanation

This segment is suitable for inserting a
meme in the happiness category. The
description and explanation of an sample
meme may be like the below paragraphs:
The meme features a photo of a person
making a peace sign with their hand, which
is often associated with positivity and
friendliness. The text on the meme...

Figure 2: Sample Input and Output of the Fine-Tuned LLM

The base model, Meta Llama 3.1 8B Instruct, is fine-tuned with the training data using

the Parameter-Efficient Fine-Tuning (PEFT) method, specifically Low-Rank Adaptation

(LoRA) [9]. The approach is adopted because it has been proven to be an effective fine-

tuning method that significantly reduces the computational cost [37].

3.2.5 Training Data Augmentation

When preparing the above training dataset, we noticed the meme category distri-

bution was highly skewed. This is because livestreams are normally lengthy, and most

14
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segments have a neutral tone of speech and peaceful audience interactions. As a result
of this, few segments are assigned a sentiment category label. This phenomenon poses a
challenge for our fine-tuning, as the categories in the training data are extremely imbal-

anced.

We design a data augmentation method to generate new instruction-response pairs
of sentiment categories. For each meme m; = {img;, exp;, c;} in M, we employ a text
encoder f to encode exp; into an explanation embedding vector €;. Here, the all-mpnet-
base-v2 model based on the SBERT framework [26] is used as f. Next, we examine the
collected segments in S individually. For a segment seg; whose ¢; is not none, the same
text encoder f is used to encode s; o a; into an embedding vector /i;, where o denotes text
concatenation. Then, we compute the cosine similarities between /2; and the explanation
embeddings in M to identify the top-10 similar memes of sentiment category c¢;. Their
meme explanation exp;’s are individually combined with the segment’s streamer speech
s;, audience message a;, sentiment category c¢;, and recommendation reason res; to form
10 instruction-response pairs. This approach increases the number of instruction-response
pairs regarding each sentiment category tenfold, effectively mitigating the data imbalance

issue in fine-tuning.

3.3 Meme Category Recommendation Phase

In the meme recommendation phase, the fine-tuned LLM is used to evaluate a live-
stream. The bottom half of Figure 1 illustrates the process of our meme category recom-
mendation. As in the model construction phase, we sequentially examine the one-minute
segments of a livestream. Let seg,..; be the segment that currently under examination.
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We first extract the streamer speech s;.; and audience messages a;.s; from the segment.
The textual context is formatted using the template “Streamer Speech: {s;.s;} Audience
Messages: {a.s:}” to create an instruction prompt for the fine-tuned LLM. As shown in
Figure 2, the response of the prompting would explain why the segment deserves (or does
not deserve) a meme category recommendation, together with the explanation of a suitable
meme. Since LLMs generate responses in a stochastic manner, we do not match the re-
sponse of our LLM with specific keywords (e.g., happy) to recommend meme categories.
Instead, we use the SBERT-based sentence encoder f to convert the response into a query

embedding ;.

For each sentiment category of M, we compute the average of the meme explanation
embedding ¢;’s in that category. The centroid embeddings of the sentiment categories
are then measured to compute their cosine similarities to ¢, and the category with the
highest similarity is recommended. Note that if the highest similarity is below a predefined
threshold ¢, we assign a none label to the segment, indicating that the segment is not
suitable for a meme category recommendation. In the Experiments and Analysis section,

we evaluate the effect of ¢ on the system performance.

16 doi:10.6342/NTU202501843


http://dx.doi.org/10.6342/NTU202501843

Chapter 4 Experiments and Analysis

In this section, we first introduce the experiment dataset, evaluation procedure, and
performance metrics. Then, we compare StreaMeme with baseline methods. Last, system

parameters are evaluated to verify the effect of the designed components.

4.1 Dataset, Evaluation, and Metrics

To the best of our knowledge, StreaMeme is the first study to investigate the meme
category recommendation problem. Since no existing dataset aligns with our research,
we evaluate system performance using our own dataset. We constructed an experiment
dataset by collecting 12 livestream videos from four YouTube streamers, primarily fo-
cusing on stream category “just chatting”. While there are many video game livestreams
online, we do not use them for evaluations. This is because the audiences of game stream-
ing love watching game playing. Thus, insertions of memes during game livestreams can
be disruptive. The collected livestream videos covered various topics, and the streamers
engaged actively with their audiences through chatrooms and messages. We partitioned
the videos into series of one-minute segments. Then, domain experts were invited to anno-
tate the meme categories. We adopted the sentiment categories defined in the MET-Meme

dataset [34] where six meme categories including happiness, love, anger, sorrow, hate,
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and surprise were selected for evaluations. For each segment, the experts evaluated the
content presented by the streamer (i.e., the streamer’s speech) and the audience interac-
tions (i.e., the audience messages) to determine its appropriate meme category. A “none”
category label was assigned if the experts determined the segment did not warrant a meme
recommendation. In order to test the generality of StreaMeme, we further divided the sen-
timent categories into two polarity groups. The positive includes sentiment categories of
happiness and love, and the negative contains anger, sorrow, and hate. Note that category
surprise is neutral, we thus exclude the segments with a surprise category label when test-
ing the polarity-based meme category recommendations. Table 1 shows the statistics of the
experiment dataset and the distribution of meme categories. In average, each livestream
video has 155 segments. The average token lengths of streamer speeches and audience

messages in a segment are 220.03 and 257.94, respectively.

Table 1: The Statistics of the Experiment Dataset

Statistic Value
Number of Livestream Videos 12
Length of Videos (min.) 1869.30
Total Number of Segments 1863
Average Number of Audience Messages in a Segment  21.16
Average Number of Message Tokens in a Segment 257.94
Average Number of Speech Tokens in a Segment 220.03

Number of Segments in Each Category

Love
13

Hate
16

None
1764

Happiness
33

Sorrow | Anger | Surprise
13 12 12

We adopted the 10-fold cross-validation to evaluate the performance of StreaMeme.
Specifically, we randomly partitioned the segments in 10 subsets and evaluated system
performance in 10 runs. Each run evaluated one subset of the segments, and the remaining
segments were used for our model construction. The results of the 10 runs were averaged

to report the global system performance. The performance metrics include precision and
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recall. Note that the precision and recall scores are averaged by means of the Fj 5 mea-
sure. In practice, meme category recommendations need to be accurate because displaying
an irrelevant meme would ruin livestreaming atmosphere and further diminishes user ex-
perience. The Fj 5 measure emphasizes precision over recall, and is well-accepted for
evaluating the overall performance of a task that penalizes false positives (i.e., irrelevant
meme category recommendations) more than false negatives (i.e., missed meme category
recommendations) [20, 25]. For each meme category c, the precision, recall, and Fj 5

scores are calculated as follows:

. 15,1 S,
Precision = ——————
|Se|
15,1 S,
Recall = ———
| Sl

Precision x Recall
(0.52 x Precision) + Recall’

Fos = (14 0.5%) x

where S, stands for the set of segments that are recommended to category c. Symbol S,
is the set of segments that are annotated to category c. The macro average is adopted to

report the performance scores across all meme categories.

4.2 Comparison with Baseline Methods

Since meme category recommendation involves predicting the category label of a
segment, it can be formulated as a classification problem. We therefore compare two
baselines that directly prompt an LLM to perform the classification task. Additionally,
two supervised classification baselines that utilize the training segments to fine-tune a

language model are evaluated. Note that in our meme category recommendation phase,
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the input of StreaMeme consists of the streamer speech of a testing segment and the cor-
responding audience messages. To obtain fair comparison results, each of the follow-
ing baselines simply takes a segment’s streamer speech and audience messages to predict

meme categories.

e Llama3.1 ,cro-shot:
For each testing segment, a clear task description followed by the streamer speech
and the audience messages is compiled to form a prompt. The prompt is inputted
to the Meta Llama 3.1 8B Instruct model to predict the meme category without
demonstrations.

e Llama3.1 fey-shot:
This baseline enhances Llama3.1,.,.snot by including a few of demonstrations in the
formatted prompt.

* BERT e
The baseline utilizes the streamer speeches, the audience messages, and the meme
category labels of the training segments to fine-tune BERT (Bidirectional Encoder
Representations from Transformers) [5] with a downstream classification task. The
fine-tuned BERT model then takes the streamer speech and the audience messages
of a testing segment as input and predicts the meme category as the output.

* RoBERTay,.:
Similar to BERTy,, this supervised classification baseline fine-tunes RoBERTa
(Robustly Optimized BERT Approach) [19] to perform the meme category recom-

mendation.

The prompts of Llama3.1 ¢;o.snot and Llama3. 1., snot are based on the following tem-

plate:
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“You are an Al assistant tasked with identifying the context and topic of a short
livestream segment based on the streamer s speech and the chat from multiple audiences
in the chatroom. Your goal is to determine whether a meme in a given category can be
inserted into the livestream segment. Consider both the streamer s context and the audi-
ence S interactions. Your evaluation should fall into one of the following categories: {L}.
Use the “none” category if the segment is unsuitable for a meme. Provide only one of the

categories without any additional content.”

Symbol L denotes the set of meme categories. For the sentiment-based meme cat-
egory recommendation, it is {happiness, love, anger, sorrow, hate, surprise}. For the
polarity-based recommendation, L = {positive, negative}. In the few-shot baseline,
we randomly sampled one demonstration for each meme category, including none. As
a result, the prompt for the sentiment-based recommendation includes 7 shots, while the
prompt for the polarity-based recommendation task contains 3 shots. For our method, the
similarity threshold ¢ used for meme category recommendations is set at 0.7. Later, we

examine the effect of ¢ under different parameter settings.

Table 2 shows the performances of the sentiment-based and polarity-based meme
category recommendations. The best and the second-best results of each evaluation metric
are boldfaced and underlined, respectively. Compared to the performance scores of the
polarity-based recommendation, the scores of the sentiment-based recommendation are
low. This is because the categories of the sentiment-based recommendation involve deep
emotions that the differences between some of them are subtle (e.g., happiness vs. love).
It is therefore not easy to predict sentiment categories. Nevertheless, for the sentiment-
based meme category recommendation, the F{ 5 score of our method is significantly better

than those of the baselines. Without fine-tuning, the pre-trained LLMs of Llama3.1 ,¢;0_snot
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and Llama3. 1 f_snot cannot comprehend complex metaphor of meme categories, speeches
of streamers, and audience messages mentioned in the given prompts. Though few-shot
examples are provided, the LLMs can merely answer some plain and simple cases. As a

result of this, the precision scores of Llama3.1 .0 snot and Llama3. 1y, snot are suboptimal.

Table 2: The Comparisons between StreaMeme and the Baselines

Sentiment-Based Meme Category Recommendation

Recall Precision Fy5
StreaMeme 0.225 0.224 0.215
Llama3.1 ,cr0-shot 0.207 0.203 0.182
Llama3. 1 fow-shot 0.251 0.204 0.170
BERT} 46c 0.171 0.154 0.149
RoBERTa,,. 0.202 0.165 0.165

Polarity-Based Meme Category Recommendation

Recall Precision EFy 5
StreaMeme 0.456 0.498 0.478
Llama3.1,c0-shot 0.431 0.384 0.290
Llama3.1 oy shot 0.470 0.421 0.379
BERT 4 0.426 0.416 0.410
RoBERTay . 0.442 0.501 0.467

Under the sentiment-based recommendation, BERT},,. and RoOBERTay,. are inferior
to Llama3.1 ,¢;osnot and Llama3. 1y snot. However, the former two baselines outperform
the latter two under the polarity-based recommendation. We speculate the size of training
data affected the fine-tuning of BERT},s. and RoBERTa,,s.. In the sentiment-based rec-
ommendation, the training segments of each sentiment category are too few to fine-tune
the language models. By aggregating the training segments of sentiments, BERT},s. and
RoBERTa,,s successfully fine-tuned their language models and therefore achieved good

performance results in the polarity-based recommendation.

StreaMeme outperforms BERT},sc and RoOBERTay,,. significantly. This is because

our fine-tuning exploits meme explanations and recommendation reasons. We found that
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the topics of the evaluated livestreaming are very different. The contexts of the training
segments (i.e., the streamer speeches and the audience messages) are diverse that make
LLMs hard to infer the association between meme categories and streaming context. The
auxiliary explanations of meme and recommendation reasons help StreaMeme capture the
humor and metaphor embedded in livestreaming. Consequently, StreaMeme achieves the
best performance score. This comparison result also validates the value of fine-tuning

when dealing with sophisticated meme category recommendations.

Compared to the scores of the sentiment-based meme category recommendation,
nearly all scores of the methods in the polarity-based meme category recommendation
improved. As mentioned above, some sentiment categories are very close. Hence, in
the sentiment-based recommendation segments of these categories often mis-classified.
By grouping these sentiments into positive or negative polarities, the meme category rec-
ommendation problem becomes easier to solve. Therefore, the results of the methods
improved. Again, under the polarity-based setting, our method is still the best in terms of

Fos.

To further test the robustness of our method, we conducted a binary meme recom-
mendation experiment. In this experiment, segments with a none category label are treated
as “not recommended” and the others are regarded as “recommended”. The recommended
binary labels are compared with the ground truth to report system performances. We de-
signed this experiment to see if StreaMeme is capable of reminding streamers moments

suitable for meme recommendations.

Table 3 shows that our method surpasses the baseline methods again. Note that our

precision score (0.528) has improved against the polarity-based experiment. We found
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that metaphors of streamers speeches and audience messages sometimes are difficult to
reason, especially those with a sarcastic sense. As a result, our LLM predicted a wrong
polarity label. While the predicted polarity label was opposing, our LLM still identified

appropriate moments for meme recommendations. Hence, the precision score improved.

Table 3: The Comparison under the Binary Meme Recommendation

Recall Precision [Fj 5

StreaMeme 0.356 0.528 0.479
Llama3.1,c0-shot 0.708 0.376 0.415
Llama3.1 oy -shot 0.859 0.390 0437
BERT 0.598 0.414 0.437
RoBERTap. 0.502 0.386 0.402

4.3 Effect of the Similarity Threshold

Figure 3 shows the performance of StreaMeme under different settings of similarity
thresholds . In general, a large threshold leads to a strict meme category recommendation.
In other words, when ¢ is large, a testing segment will not be classified to any category
unless the output embedding of our fine-tuned LLM is very similar to one of the meme
category embeddings. As shown in the figure, the recommendation performance improves
as t increases. However, setting ¢ too high degrades our recommendation performance.
Since a large ¢ would misclassify a lot of testing segments into the none category, the
precision and recall scores decline accordingly. We suggest setting ¢ at 0.7 because of its

superior F{ 5 performance.
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Figure 3: Performance under Different Similarity Threshold Settings

4.4 Effect of Meme Explanations

Finally, we conduct an ablation study to assess the importance of meme explana-

tions. Table 4 shows the performances of StreaMeme with and without meme explana-

tions. When without meme explanations, only the recommendation reasons of the training

segments are used in the instruction fine-tuning stage. Accordingly, the fine-tuned LLM

simply outputs the recommendation reasons of the testing segments for meme category

recommendations. As shown in the table, the performance scores of StreaMeme decline

if meme explanations are excluded. As the extracted explanations reveal metaphorical

information of memes, incorporating them in the fine-tuning process provides valuable

guidance in associating streaming contexts with sentiment categories. Our system perfor-

mance thus deteriorates if this valuable information is missing.
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Table 4: Experiments Results with and without Meme Explanations

Sentiment-Based Meme Category Recommendation

Recall Precision s

StreaMeme 0.225 0.224 0.215

StreaMeme_cyplanation ~ 0.200 0.200 0.189
Polarity-Based Meme Category Recommendation

Recall Precision EFy 5

StreaMeme 0.456 0.498 0.478

StreaMeme_cyplanation ~ 0.420 0.518 0.459

4.5 Recommendation Time Analysis

To evaluate the applicability of our method in real-time streaming scenarios, we mea-
sured the processing time of each component involved in the meme category recommen-
dation phase. All tests were conducted on an NVIDIA GeForce RTX 4090 GPU. For
a one-minute livestream segment, transcribing audio into streamer speech using OpenAl
Whisper takes an average of 1.61 seconds. The fine-tuned Llama 3.1 8B model requires an
average of 2.23 seconds to generate reasoning output. Finally, encoding the output into
a query embedding and computing the similarity scores against all meme category em-
beddings takes approximately 0.005 seconds on average. These results indicate that our
method operates with minimal latency and is well-suited for real-time recommendation in

livestreaming environments.
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Chapter S Conclusion

In this paper, we have developed StreaMeme, an innovative system that leverage
LLMs for livestream meme category recommendations. Our system involves fine-tuning
a large language model (LLM) using streamer speeches, audience messages, recommen-
dation reasons, and meme explanations. The final recommendation label is determined
through computing the cosine similarities between the LLM output and the centroid em-
beddings of each meme category. Experimental results demonstrate that StreaMeme sur-
passes four baseline models including direct prompting of LLMs and supervised fine-
tuning of language models, which highlights its effectiveness for real-world livestream

applications.

The research is subjected to the following limitations. First, the recommendation rea-
sons and meme explanations are generated by prompting the pre-trained LLM and VLM.
Although our instruction templates work well, there is still a room for prompt engineer-
ing. As responses of LLMs can be sensitive to the prompt templates [12, 29], we will
explore optimal prompts in an automated way. Now, the memes we used are based on
an existing dataset. Memes quickly become outdated. To stay current, we will create
and update our meme dataset periodically. Additionally, while we have collected the first
dataset for evaluating meme category recommendations, its size remains limited. Data

annotation is time consuming. In the future, the experiment dataset will be extended and

27 doi:10.6342/NTU202501843


http://dx.doi.org/10.6342/NTU202501843

will also be released to stimulate future research. Finally, all evaluations have been con-
ducted offline using annotated data. As a key direction for future work, we plan to build a
complete system implementation of our method, enabling real-time deployment and user
assessment. This will help us better evaluate the practical effectiveness, appropriateness,
and user engagement potential of our meme recommendation framework in live streaming

environments.
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