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Abstract

Live comments, also known as Danmaku, are user-generated
messages that are synchronized with video content. These
comments overlay directly onto streaming videos, capturing
viewer emotions and reactions in real-time. While prior work
has leveraged live comments in affective analysis, their use
has been limited due to the relative rarity of live comments
across different video platforms. To address this, we first con-
struct the Live Comment for Affective Analysis (LCAffect)
dataset which contains live comments for English and Chi-
nese videos spanning diverse genres that elicit a wide spec-
trum of emotions. Then, using this dataset, we use contrastive
learning to train a video encoder to produce synthetic live
comment features for enhanced multimodal affective content
analysis. Through comprehensive experimentation on a wide
range of affective analysis tasks (sentiment, emotion recogni-
tion, and sarcasm detection) in both English and Chinese, we
demonstrate that these synthetic live comment features signif-
icantly improve performance over state-of-the-art methods.

Code, Dataset, and Appendix —
https://github.com/dzy49/AffectiveLiveComm

Introduction
Live comments, or Danmaku, are a subtitle system origi-
nating from Japan and popularized in China. This system
overlays real-time user-generated messages directly onto on-
line video streams. These comments, synchronized with a
video’s timeline, offer a rich layer of viewer interaction, pro-
viding insights into user emotions, user reactions, and the
video’s broader context (see Figure 1). The richness of these
comments makes them an ideal resource for enhancing mul-
timodal affective analysis, which seeks to interpret and cat-
egorize the emotional content and dynamics of videos. Al-
though prior research, such as the study by Niu et al. (2018),
has demonstrated how live comments can improve perfor-
mance in affective analysis tasks like emotion prediction,
their broader application remains constrained. Many video
platforms do not support live comments, rendering these
insights impossible for videos on those platforms. Conse-
quently, the rarity of live comments poses significant chal-
lenges in fully exploiting their analytical potential.
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That's too hasty

Congratulations!!

OMG, so touching!

So romantic
 Seeing others happy is really touching

I burst into tears

Best wishes

Waited 7 seasons, 
this moment is what I've been 
looking forward to the most

Leonard: Penny, will you marry me?
Penny: Oh, my God, yes.

Figure 1: An example video frame and dialogue from the TV
show The Big Bang Theory with accompanying live com-
ments overlaid. Below each original Chinese comment, we
include its English translation. By training a video encoder
to produce representations similar to these live comments,
we can produce multimodal features that adapt well to af-
fective analysis tasks like emotion recognition.

In this work, we bridge this gap by proposing a novel
method for producing synthetic live comment features to im-
prove the performance of multimodal affective analysis. We
demonstrate the effectiveness of these features in English
and Chinese across several video understanding tasks: senti-
ment analysis, emotion recognition, and sarcasm detection.

One major challenge in affective learning from live com-
ments stems from the nature of existing large-scale live com-
ment datasets which are primarily tailored to the live com-
ment generation task. These datasets typically feature a large
percentage of popular content genres such as video games,
sports, and music videos. However, these categories typi-
cally lack the rich emotional context required for detailed af-
fective analysis. This mismatch complicates the training of
models capable of accurately understanding and interpret-
ing nuanced emotions. Additionally, the majority of these
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datasets are collected from Bilibili, which features amateur-
created videos of everyday life. These videos often provoke
a more limited and homogeneous range of emotional re-
sponses (Rosenbusch, Evans, and Zeelenberg 2019), espe-
cially when compared to the diverse and intense emotions
elicited by content like dramas or documentaries. Moreover,
most datasets comprise exclusively Chinese content, which
further restricts their multilingual applicability.

A second significant challenge is the dependency of exist-
ing methods on the availability of live comments. In the real
world, the presence of live comments can be limited and not
uniformly distributed across all video genres. This reliance
restricts the practical application of these methods, as they
cannot work in scenarios where comments are non-existent.

To address these challenges, we first construct a large-
scale, diverse dataset comprising everyday life videos in
Chinese as well as bilingual TV shows, movies, and doc-
umentaries, enabling our system to learn a broad spectrum
of emotional experiences across various contexts. Then, us-
ing our dataset, we develop a multimodal encoder that ef-
fectively learns from our collected videos and comments
by contrasting different contexts. This encoder is capable
of producing synthetic live comment features from videos,
thereby enabling the inference of emotional context across
modalities, even in the absence of live comments.

Our experimental analysis demonstrates that adding our
synthetic live comment features improves over state-of-the-
art (SOTA) approaches that leverage text, acoustic, and vi-
sual modalities directly. Our system achieves new SOTA
performance on multiple multimodal datasets, particularly
enhancing accuracy in detecting sentiment, emotions, and
sarcasm. This not only underscores the utility of live com-
ments in affective video analysis but also opens new avenues
for multimodal learning applications.

Our main contributions are:
• 1) Live Comments for Affective Analysis dataset (LCAf-

fect), an expansive corpus of over 11 million live com-
ments. It includes bilingual video content (Chinese and
English) spanning a diverse range of topics and genres,
curated to capture a wide spectrum of emotions.

• 2) A contrastive encoder that learns to project videos into
live comment representation space, allowing the infer-
ence of synthetic live comment features for any video.

• 3) A downstream multimodal fusion model for affective
analysis tasks that utilizes not only three modalities but
also our synthetic live comment feature.

• 4) New SOTA across three affective analysis tasks, in-
cluding a 3.18-point increase in accuracy on CH-SIMS
v2 (sentiment analysis), a 2.89-point increase in F1 on
MELD (emotion recognition), and a 3.0-point increase
in F1 on MuSTARD (sarcasm detection).

Related Work
Learning from Comments Previous research has high-
lighted the value of user comments in improving perfor-
mance across various multimodal tasks. Fu et al. (2017)
show that live comments on Twitch help predict highlights
in e-sport games. Similarly, Yang, Ai, and Hirschberg (2019)

show that live comments help identify humor in online
videos. Additionally, Niu et al. (2018) show that features
derived from live comments improve affective content anal-
ysis. Moreover, Hanu et al. (2022) show that user comments
can help learn more contextualized representations for im-
age, video, and audio, thus improving video-text retrieval.

These studies depend on the availability of user comments
which are not always present in the real world. In contrast,
our work seeks to develop a system that is pre-trained to
align video segments with corresponding live comments.
This approach aims to learn a multimodal representation
space that effectively augments various downstream under-
standing tasks. Consequently, our system can be directly ap-
plied to videos lacking associated live comments, producing
synthetic live comment features for such videos. This capa-
bility directly addresses the limitations of prior work, en-
hancing the analysis and interpretation of videos that would
be excluded due to the absence of live comments.
Live Comment Datasets Several datasets featuring live
comments have been established in the literature. LiveBot
(Ma et al. 2018) and VideoIC (Wang, Chen, and Jin 2020)
are large-scale datasets drawn from Bilibili, a site which pri-
marily features short, user-generated videos focused on ev-
eryday life. In contrast, Lalanne, Bournet, and Yu (2023)
collected live-streamed video and comments from Twitch,
a platform centered around video games. Finally, MovieLC
(Chen et al. 2023) is a compilation of famous movies with
accompanying comments from Tencent Video.

Our work builds on these efforts by creating a new dataset
that includes videos from a broader range of platforms. By
integrating multiple video hosting platforms, our dataset in-
cludes both a variety of short, user-generated content and
longer formats like TV shows, movies, and documentaries
in Chinese and English. This expansive collection allows the
study of many genres and enables the training of a multi-
modal encoder that can learn live comment features effec-
tively for affective analysis from diverse videos.
Multimodal Affective Analysis Previously, multimodal
affective computing often relied on hand-crafted algorithms
to perform initial feature extraction. Recently, however,
there has been a shift towards using pre-trained modality
encoders with end-to-end tuning to improve performance.
Specifically, Yi et al. (2024) use CLIP (Radford et al. 2021)’s
spatial encoder and TimeSformer (Bertasius, Wang, and Tor-
resani 2021) to encode visual features, while Wu et al.
(2024) employ pre-trained audio encoders such as Data2Vec
(Baevski et al. 2022) and Hubert (Hsu et al. 2021) to process
acoustic features. Although these studies demonstrate the ef-
ficacy of an end-to-end framework, they are limited to two
modalities. Our work extends this approach by integrating
all three modalities (text, acoustic, visual), achieving more
robust video analysis. Another promising research direc-
tion in affective analysis involves the integration of external
knowledge. Ghosal et al. (2020) employ features produced
by a common sense knowledge model to enhance emotion
recognition, while Hu et al. (2022) exploit the complemen-
tary knowledge underlying sentiment analysis and emotion
recognition to build a knowledge-sharing framework. Our
work parallels these efforts by leveraging external knowl-
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edge derived from live comments.

The Live Comment Dataset
Collection of Videos
We collect videos and their accompanying live comments
from several popular Chinese video streaming websites:
Bilibili, Tencent Video, iQIYI, and Youku. Our dataset in-
cludes both Chinese and English content and is partitioned
into three distinct subsets based on content type:
User-Generated Content This subset includes 2, 464
videos from Bilibili featuring naturally occurring conver-
sations from everyday life. The initial set of 682 videos is
available from the Linguistic Data Consortium (UPenn) and
was manually inspected to ensure content quality and rel-
evance. Each video includes interactions involving at least
two people with observable emotions. The remaining 1, 782
videos are sourced from Bilibili’s recommendation API,
which selects content similar to the manually inspected set.
TV shows and documentaries We collect 443 episodes
from 8 TV shows and documentaries. This subset includes
content from multiple platforms, including dramas, sitcoms,
and documentaries focused on social life. Their inclusion
aims to provide the model with insights into scripted content
that elicits a wide range of emotions in different contexts.
Movies Sourced from Tencent Video, this subset features
59 popular comedy, drama, and action films. They feature
the longest videos, enabling the analysis of viewer interac-
tions over extended contexts through live comments.

In addition, we collect text transcripts for the videos. For
user-generated content, transcripts are obtained using Bili-
bili’s API, which uses automatic speech recognition. For
movies and TV shows, we extract transcripts from hard-
coded subtitles via optical character recognition (OCR). We
extract both English and Chinese subtitles when available.

Dataset Statistics
Our LCAffect dataset contains 11, 356, 212 live comments
aligned with 829 hours of video. Table 1 provides a detailed
breakdown of the dataset, including subset-specific statis-
tics. As shown in Table 2, our dataset establishes a new stan-
dard in live comment analysis by offering nearly twice the
video duration found in the largest existing datasets, encom-
passing a broader variety of content types, and featuring over
twice as many live comments as any comparable dataset.

Contrastive Pre-training
Although multiple studies have demonstrated the effective-
ness of live comments in enhancing video understanding,
the availability of live comments is largely limited outside
of China and Japan. This restriction significantly limits the
practical application of these studies. To overcome this chal-
lenge, we propose a video encoder pre-trained on our di-
verse live comment dataset. This model leverages a stan-
dard contrastive learning framework akin to CLIP (Radford
et al. 2021), where positive examples consist of matching
live comments and videos, and negative examples involve
non-matching pairs. The aim is to produce a synthetic live

Category User G
Content

TV
Shows Movies

# Videos 2,464 443 59
# w. Eng. Subtitle - 281 33
# Comm. (k) 2,367 4,272 4,717
Dur. (h) 493.4 212.7 122.9

Avg. Dur. (s) 720.9 1,728.5 7,500.0
Avg. # Comm 960.6 9,643.4 79,956.6
Avg. # Char 8.8 12.1 9.9

Table 1: Subset-specific statistics of our LCAffect dataset.

Dataset LiveBot VideoIC MovieLC LCAffect
# Videos 2,361 4,951 85 2,966
# Comm. (k) 895 5,330 1,406 11,356
Dur. (h) 114 557 175 829
Content Lang. zh zh zh zh & en

Composition User G.
Content

User G.
Content Mov. User G.C.

TV, Mov.

Table 2: Comparison with other live comment datasets.

comment feature from a video span that can be used to en-
hance performance in various affective analysis tasks.

Pre-training Model Architecture
We adopt a CLIP-style contrastive pre-training approach.
During the training phase, we partition each video into seg-
ments s of σ seconds. For each segment si, we gather the
associated text transcript ti, video frames fi, and live com-
ments ci, and treat the segment as an individual training sam-
ple. For this stage, we use only the text and visual modal-
ities. We create our Video-to-Live Comment (V2LC) en-
coder by employing a pre-trained text encoder to encode the
video text transcript into embedding ST and a Video Vision
Transformer (Arnab et al. 2021) to encode the video frames
into embedding SF. These encoded outputs are then inte-
grated using a cross-modality encoder to produce the final
output video segment embedding S. The cross-modality en-
coder employs the Cross-Attention to Concatenation strat-
egy, where we first perform two streams of cross-attention,
and then the output is concatenated and processed by another
Transformer to model the global context.

Let ST and SF denote the transcript text and video frame
embeddings respectively. Let S denote the V2LC output seg-
ment embedding produced by the multimodal interactions:

ST ← Attention (Qt,Kf , Vf) ,

SF ← Attention (Qf ,Kt, Vt) ,

S← Mean (Transformer (Concat (ST,SF)))

(1)

Then, we create the live comment feature embedding C
by encoding a segment si’s corresponding live comments ci
with a second text encoder. We perform contrastive learning
by maximizing the cosine similarity of the video segment
embedding S and live comment embedding C.
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Encoder

(Text)
Cross-

Modality
Encoder

Monica, I want you to have the first taste.
Really?

Oh oh, wait! You only got whipped cream in there! 
You goota take a bite with all the layers.

OK.

10 seconds, you need this or you lose the game.
It is ... it is something to do with transponding.

Oh oh ... He’s a transponster!
That’s not even a word!

I didn’t finish the whole letter!
What!

I fell asleep!
You fell asleep?!

it was 5:30 in the morning, 
and you had rambled on for 18 pages!

SN·CN

S3·C3
3S3·C3

2S3·C3
1

S2·C2
3S2·C2

2S2·C2
1

c3
3

Monica’s face is all red
c2

3

Ross is more at fault
c1

3

Hahaha

c3
2

Haha, this is hilarious
c2

2

So angry watching this
c1

2

Mon's mother is casting
 a pitying look at Mon

c3
1

There is no answer
c2

1

Explosion of anger
c1

1

Ross is snickering

S1·C3
2

S3·C1
3

f1

f2

f3

t1

t2

t3

V2LC Encoder

ST

SF

Video
Frame

Encoder
(Visual)

Video
Transcript
Encoder

(Text)

Figure 2: Our contrastive pre-training approach. We train our V2LC encoder to predict the correct pairings of a batch of
(video, live comment) training examples. Correct pairings of video segment embedding S and live comment embedding C are
highlighted in blue. Comments c13 and c3

2 have high similarity; thus they are correct matches for both Segment 1 and 3.

The goal of the V2LC encoder is to project each in-
put video segment si into the live comment representation
space, so we freeze the live comment encoder and optimize
only the video segment-to-live comment loss, training the
V2LC encoder to match the representation of si’s accompa-
nying live comments. The resulting training objective is:

L = − 1

N

N∑
i=1

[
log

e(Si·Ci)∗τ∑N
j=1 e

(Si·Cj)∗τ

]
(2)

where N is the number of video segment-live comment pairs
in each batch, (Si · Ci) is the similarity (dot product) be-
tween video segment embedding Si and live comment em-
bedding Ci, and τ is a learned temperature parameter.

We use the V2LC encoder to produce synthetic live com-
ment features to augment models for downstream tasks.

Multi-label Objective
The original CLIP architecture was designed primarily for
single-label classification tasks. In our setting, there exists
a many-to-many relationship, where a single video segment
usually contains multiple live comments, and identical com-
ments may appear in multiple video segments. To reconcile
this discrepancy, we have modified the CLIP training frame-
work to accommodate multiple labels: Given a batch of N
videos and K live comments, the model is trained to predict

which of the N×K possible (video, live comment) pairings
across a batch actually co-occur.

An additional challenge arises when multiple similar
comments from different video segments appear within the
same batch. In our dataset, similar comments naturally oc-
cur more frequently than the more distinct content pairs seen
in the image-text datasets used in CLIP. During pre-training,
if similar comments from different video segments are sam-
pled within the same batch, it might lead to confusion in the
contrastive learning setup. To mitigate this issue, we refine
the training targets such that for a given video segment s,
any live comment c in the batch with a vector similarity ex-
ceeding a predefined threshold θ to any actual live comment
of s is also included in the target label set. Such comments
are deemed correct, thereby allowing the model to learn a
good live comment representation more efficiently.

Downstream Fine-tuning
Multimodal Fusion Encoder
Currently, in multimodal affective analysis, the text modal-
ity is commonly encoded with pre-trained language models
like BERT (Devlin et al. 2019). In contrast, the acoustic and
visual modalities have traditionally relied on hand-crafted
feature extractors such as OpenSmile (Eyben, Wöllmer, and
Schuller 2010) for audio and OpenFace (Baltrušaitis, Robin-
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son, and Morency 2016) for facial expressions (Liu et al.
2022). These tools manually define the features to be ex-
tracted, which might not capture the full complexity of the
data. However, recent work has introduced large-scale pre-
trained encoders for these modalities which have yielded
significant improvements in multimodal affective analysis.
Therefore, we propose a downstream Multimodal Fusion
Encoder that utilizes large-scale pre-trained encoders across
all three modalities—text, acoustic, and visual—to allow
more comprehensive modeling of affective tasks.

We first extract features fm from each modality with pre-
trained encoders, then we use a cross-modality encoder to
fuse them. To accommodate three modalities, we construct
the following cross-modality encoder:

Zt ← SelfAttn. (Attention (Qt,Ka+v, Va+v)) ,

Za ← SelfAttn. (Attention (Qa,Kv+t, Vv+t)) ,

Zv ← SelfAttn. (Attention (Qv,Kt+a, Vt+a)) ,

Z← Concat (Mean (Zt) ,Mean (Za) ,Mean (Zv)) ,
(3)

where
Qm1 = Wq · fm1

Km2+m3 = Wk · Concat(fm2, fm3)

Vm2+m3 = Wv · Concat(fm2, fm3)

(4)

Finally, we pass the concatenated features Z through feed-
forward layers to produce our final prediction.

Augmenting with Live Comment Features
To enhance performance on downstream tasks, first, we ap-
ply self-attention to the synthetic live comment features pro-
duced by the V2LC encoder before mean-pooling. Then,
we take the mean of these attentionally-pooled synthetic
live comment features and concatenate it with Z, our multi-
modal representation from our fusion encoder. These com-
bined features are then processed through feed-forward lay-
ers. We hypothesize that this joint training enables rich in-
tegration of the emotional context captured by the synthetic
live comment features from our V2LC encoder, improving
their efficacy in downstream affective analysis.

Experiments
Evaluation Datasets
We evaluated our work on six widely used affective analysis
datasets: Chinese Multimodal Sentiment Analysis Dataset
(CH-SIMS) (Yu et al. 2020), Chinese Multimodal Sentiment
Analysis Dataset v2.0 (CH-SIMS v2) (Liu et al. 2022), Mul-
timodal Opinion Sentiment and Emotion Intensity (MOSI)
(Zadeh et al. 2016), Multimodal Sentiment Analysis (MO-
SEI) (Bagher Zadeh et al. 2018) for sentiment analysis, Mul-
timodal EmotionLines Dataset (MELD) (Poria et al. 2019)
for emotion recognition, and Multimodal Sarcasm Detection
Dataset (MUStARD) (Castro et al. 2019) for sarcasm detec-
tion. Summaries of the datasets can be found in Table 3.

CH-SIMS: This dataset contains short video segments
from Chinese TV shows and movies, annotated with
modality-specific and multimodal sentiment. We predict the
multimodal sentiment labels.

Dataset Lang #Total
segments

Avg
duration (s)

Avg
word count

CH-SIMS zh 2,282 3.67 15.8
CH-SIMS v2 zh 4,402 3.63 17
MOSI en 2,199 4.2 12
MOSEI en 22,856 7.28 19.7
MELD en 13,708 3.59 8.0
MUStARD en 690 19.17 42.4

Table 3: Statistics of our evaluation datasets.

CH-SIMS v2: An extension of the original CH-SIMS
dataset, CH-SIMS v2 adds an additional 2, 121 video seg-
ments and improves the balance and diversity of the dataset.

MOSI: This dataset contains English movie review mono-
logues from YouTube labeled with multimodal sentiment.

MOSEI: An extension of MOSI, MOSEI expands its cov-
erage to include more videos and topics.

MELD: Drawn from the TV show Friends, this dataset
contains utterance-level labels chosen from 7 emotions:
anger, sadness, joy, neutral, fear, surprise, or disgust.

MUStARD: This dataset contains video clips from
Friends, The Golden Girls, Sarcasmaholics Anonymous, and
The Big Bang Theory. These audiovisual utterances, with
their surrounding context, are annotated with sarcasm labels.

Implementation
Data Processing For pre-training, we use a segment
length σ of 8 seconds, balancing between required con-
text and the length of downstream datasets. We sample 8
frames uniformly from each segment. To reduce noise in
the dataset, we employ multiple filtering strategies. First, we
exclude comments lacking substantial content, specifically
those shorter than 2 characters or those without Chinese
characters. Second, we compile a list of low-signal terms
and exclude comments containing these words. For user-
generated videos, we trim the first and last 15 seconds as
they tend to include repetitive comments such as greetings
and farewells. For movies, we trim the first and last 5 min-
utes, and for TV shows, we trim the start and end of each
show.

Segments containing fewer than 5 live comments are ex-
cluded from pre-training to allow efficient GPU batching.
For each epoch, we randomly select 5 live comments per
segment so that a batch with N samples has K = 5N com-
ments. We sample 10% of our data for validation.

Implementation Details We pre-train two variants
of our V2LC encoder: one that uses only Chinese
text transcripts and another that uses English text
transcripts when available. For the Chinese-only vari-
ant, we use Chinese-RoBERTa-wwm-ext (Cui
et al. 2020) as our transcript encoder; for the bilin-
gual variant, we use XLM-RoBERTa-base (Conneau
et al. 2019). For encoding live comments, We use
Chinese-RoBERTa-wwm-ext.

For downstream fine-tuning, we use pre-trained en-
coders tailored to each modality and language. For the text
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Models Modality CH-SIMS v2 CH-SIMS
Acc2 Accw

2 F1 Corr R2 MAE Acc2 F1 Corr MAE

MulT T+A+V 79.50 69.61 79.59 70.32 47.15 31.7 78.56 79.66 56.41 45.3
AV-MC T+A+V 83.46 74.54 83.52 76.04 57.37 28.6 - - - -
VLP2MSA T+V - - - - - - 79.43 79.26 60.38 41.29
MMML T+A - - - - - - 82.93 82.9 73.26 33.2

Ours T+A+V 86.94 76.70 86.88 82.32 66.71 26.6 83.16 83.16 74.32 32.8
+ LC T+A+V 90.12* 80.24* 90.10* 86.14* 70.82* 25.9* 84.88* 84.89* 76.12* 31.9*

Table 4: Results on CH-SIMS and CH-SIMS v2 for Chinese sentiment analysis. The performances of baseline models are shared
by their authors. Our experimental results are averages across three random seeds. T, A, and V indicate text, acoustic, and visual
modalities, respectively. “Ours” denotes our vanilla Multimodal Fusion Encoder and “+ LC” denotes our model augmented with
synthetic live comment features. Asterisks indicate t-test p< 0.05 when compared with our vanilla Multimodal Fusion Encoder.

Models Modality MOSI MOSEI
Acc2 Acc7 F1 Corr MAE Acc2 Acc7 F1 Corr MAE

MulT T+A+V 84.10 - 83.90 71.1 86.1 82.5 - 82.3 71.3 58.0
UniMSE T+A+V 86.9 48.68 86.42 80.9 69.1 87.50 54.39 87.46 77.3 52.3
VLP2MSA T+V 86.28 - 86.26 81.3 69.6 85.97 - 85.89 77.0 53.5
MMML T+A 88.16 48.25 88.15 83.8 64.29 86.73 54.95 86.49 79.08 51.74

Ours T+A+V 88.26 49.62 88.17 84.10 63.4 86.24 54.95 86.21 79.10 51.6
+ LC T+A+V 89.02* 50.14* 89.06* 84.50 63.2 87.15* 55.15 87.12* 80.22* 51.3

Table 5: Results on MOSI and MOSEI for English sentiment analysis.

Models Modality MELD MUStARD
F1w Pw Rw F1w

SVM T+A - 65.2 62.9 63.0
UniMSE T+A+V 65.51 - - -

Ours T+A+V 66.73 68.2 67.4 67.5
+ LC T+A+V 69.62* 70.6* 70.5* 70.5*

Table 6: Results on MELD for emotion recognition and
MUStARD for sarcasm detection.

modality, we use Chinese-RoBERTa-wwm-ext for Chi-
nese datasets and RoBERTa-base for English datasets
(Liu et al. 2019). For the acoustic modality, we adopt
Chinese-HuBERT-base to encode Chinese data and
Data2Vec-audio-base for English data. For visual
features, we process all data using TimeSformer-base.

Other implementation details are specified in the Ap-
pendix.

Baseline Models
We compare our model against multiple competitive base-
lines:

Multimodal Transformer (MulT) (Tsai et al. 2019): Cho-
sen for its pioneering approach of applying attention across
modalities, MulT enables dynamic adaptation between
modalities at different time steps, addressing the challenges
posed by unaligned multimodal data.

Support Vector Machine (SVM): Known for its robust

performance on small-sized datasets, SVM can, at times,
surpass neural models. Following Castro et al. (2019), fea-
tures are concatenated via early fusion and fed into an SVM
classifier.

Acoustic Visual Mixup Consistent framework (AV-MC)
(Liu et al. 2022): The current SOTA for CH-SIMS v2, AV-
MC introduces a modality mixup module as data augmen-
tation, which mixes the acoustic and visual modalities from
different videos to enhance performance.

Multimodal Sentiment Knowledge-sharing Framework
(UniMSE) (Hu et al. 2022): Chosen for its strong per-
formance on MOSEI and MELD, this model proposes a
knowledge-sharing framework that unifies two affective
analysis tasks: multimodal sentiment analysis and emotion
recognition in conversation, demonstrating the effectiveness
of utilizing complementary knowledge in affective tasks.

Vision-Language Pre-Training To Multimodal Sentiment
Analysis (VLP2MSA) (Yi et al. 2024): Chosen for its use
of pre-trained vision models, VLP2MSA extracts spatio-
temporal features from sparsely sampled video frames, of-
fering advantages over traditional visual feature extraction.
It captures not only facial expressions but also body move-
ments, providing a more comprehensive analysis of visual
information.

Multimodal Multi-loss Fusion Network (MMML) (Wu
et al. 2024): The current SOTA for CH-SIMS and MOSI,
MMML utilizes pre-trained acoustic models as feature ex-
tractors for the acoustic modality.
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Features Logistic Reg. w/ Multi. Fusion Enc.
Acc2 F1 Acc2 Corr MAE

Erlangshen 72.89 72.83 86.28 82.21 27.3
COLD. 75.63 75.62 87.27 83.72 26.4
VIT-face 78.70 78.55 86.39 82.69 26.6

Ours (LC) 73.66 73.68 90.12 86.14 25.9

Table 7: Results of our feature comparison study.

Metrics
We evaluate model performance using standard metrics for
each task as established in the literature. Further details can
be found in the Appendix.

Results
We present our experimental results on sentiment analysis
in Tables 4 and 5 and emotion recognition and sarcasm de-
tection in Table 6. First, we note that our vanilla Multimodal
Fusion Encoder before live comment feature augmentation
(as indicated by “Ours”) outperforms all of our baselines in
nearly every metric across all tasks. This demonstrates the
strength of utilizing pre-trained encoders for all modalities
in affective analysis and establishes a new SOTA on its own.

When we treat this vanilla Multimodal Fusion Encoder
as a strong baseline, we see that the addition of synthetic
live comment features (as indicated by “+ LC”) yields ad-
ditional gains, outperforming the vanilla Multimodal Fusion
Encoder (and our other baselines) by significant margins.

For Chinese sentiment analysis, we observe a 3.18-point
increase in accuracy and a 3.82-point improvement in Pear-
son Correlation (Corr) on CH-SIMS v2, and a 0.9-point de-
crease in Mean Absolute Error (MAE) on CH-SIMS.

For English, in emotion recognition, we see a 2.89-point
increase in weighted F1-score on MELD. In sarcasm detec-
tion, we see a 3.0-point increase in weighted F1-score on
MuSTARD. And in sentiment analysis, we also see improve-
ments, though more modest. This is likely due to the genre
shift from our pre-training dataset to the English sentiment
analysis benchmarks. As noted in the dataset section, MOSI
and MOSEI primarily contain YouTube monologues featur-
ing one speaker which differs significantly from the conver-
sational content in our collected pre-training corpus.

Affective Features Comparison Study
Affective Feature Baseline Models We compare our syn-
thetic live comment features with features from models
trained for related affective analysis tasks:

Text-based Chinese sentiment features from Erlangshen-
Roberta-sentiment (Erlangshen) (Zhang et al. 2022):
representations from a text sentiment analysis model
(Chinese-RoBERTa-wwm-ext fine-tuned on 227, 347
sentiment-labeled texts from 8 datasets).

Text-based Chinese offensive language features
from COLDETECTOR (Deng et al. 2022): represen-
tations from an offensive language detection model
(Chinese-RoBERTa-wwm-ext fine-tuned on 37, 480

sentences annotated with binary offense labels from the
COLDataset).

Image-based facial emotion recognition features from
Vit-face-expression (VIT-face) (Todor Pakov 2024): repre-
sentations from a facial emotion recognition model (Vision
Transformer (Dosovitskiy et al. 2020) fine-tuned on 35, 887
faces from the FER2013 dataset, annotated with one of
seven emotions: Anger, Disgust, Fear, Happiness, Sadness,
Surprise, and Neutral).

Affective Feature Experiments We evaluate the effec-
tiveness of our synthetic live comment features through con-
trolled experimentation in two settings. In the first, we train
a logistic regression classifier on individual features to mea-
sure how well each feature discriminates our evaluation data.
In the second, we augment our vanilla Multimodal Fusion
Encoder with individual features to evaluate how well each
feature can be leveraged by more expressive multimodal
models. For these experiments, we focus on Chinese sen-
timent analysis with CH-SIMS v2 due to the diversity of its
content and the amount of data available for fine-tuning. Ad-
ditional experimental details can be found in the Appendix.
We present the results of these experiments in Table 7.

Affective Feature Comparison Results When using a
simple logistic regression classifier, our synthetic live com-
ment features outperform text-based Chinese sentiment
from the Erlangshen even though that model was trained on
a large quantity of task-specific sentiment data. Additionally,
though less performant, our features are competitive with
our other baseline features from models that benefit from
supervised training on related affective tasks.

The strength of our synthetic live comment features be-
comes apparent when we move to our Multimodal Fusion
Encoder. In this setting, they outperform the baselines by
wide margins across all metrics considered. We hypothe-
size that though our synthetic live comment features are less
discriminative in a linear model for a specific affective task
(like sentiment analysis), they encode rich information that
can be adapted to any affective task by the more expressive
multimodal models that have become the standard in AI to-
day. Our experimental results demonstrate this effectiveness.

Conclusion

In this work, we demonstrate the efficacy of synthetic live
comment features in multimodal affective analysis. By con-
structing the LCAffect dataset and training a multimodal
encoder on it, we enable the inference of these synthetic
features for any video content. Our enhanced multimodal
model, augmented with synthetic live comment features,
achieves new SOTA results in sentiment analysis, emotion
recognition, and sarcasm detection across both English and
Chinese content. This advance confirms that synthetic live
comment features can effectively capture a broad spectrum
of affective states, opening new avenues across diverse di-
mensions of affective analysis.
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Castro, S.; Hazarika, D.; Pérez-Rosas, V.; Zimmermann, R.;
Mihalcea, R.; and Poria, S. 2019. Towards Multimodal Sar-
casm Detection (An Obviously Perfect Paper). In Korho-
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