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Abstract

In recent years, the popularity of live streaming plat-
forms for gaming, such as Twitch, YouTube Gaming, and
Facebook Gaming, has surged exponentially, establishing a
burgeoning industry around live video game content. Within
this landscape, the ability to effectively curate and high-
light compelling moments from extensive streams has be-
come increasingly valuable for content creators and fans.
However, manual curation of highlights is time-consuming,
relying heavily on human judgment digging through hun-
dreds of hours of content. As far as we know, an automatic
highlighting system does not currently exist. We propose
a multimodal Al system that collects and analyzes visual,
textual, and audio information from live streams and auto-
matically proposes interesting timestamps. The source code
can be found at https://github.com/danicax/
AutoHilAIt

1. Introduction
1.1. Problem Statement

With the growing popularity of live streaming, the need
to create highlights also increased. Streamers and con-
tent creators often struggle with efficiently pinpointing and
showcasing key moments from extensive video footage.
Manually searching through lengthy videos to find excit-
ing clips is both time-consuming and labor-intensive. This
challenge is pronounced for small streamers who may not
have the resources to hire editors, limiting their capacity to
create engaging short-form content for platforms like Tik-
Tok and YouTube.

To solve this issue, we developed Hilait, an Automatic
Highlighting System that extracts video, audio, facial ex-
pressions, chat data, as well as API events for automatic
clip recommendation. Our goal is to develop a comprehen-
sive solution that alleviates the workload for streamers and
editors while ensuring the quality and relevance of the gen-
erated highlights. Our core constraints are:

* Ease of Use: The system must be user-friendly, allow-
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ing streamers to easily integrate it into their workflows
without extensive technical knowledge or setup.

High Clip Quality: The tool must consistently pro-
duce high-quality clips that capture the most engaging
and relevant moments. Similar to what an editor would
choose for their video.

» Time Efficiency: The system should significantly re-
duce the time streamers spend searching for and edit-
ing highlight clips. This includes being able to process
video in a reasonable timeframe.

2. Related Work
2.1. Automatic Video Highlighting

Automatic video highlighting has been extensively in-
vestigated by various research groups. Yang et al. [12]
employed an unsupervised recurrent autoencoder to extract
notable moments from video content. However, their ap-
proach solely relies on visual data, neglecting the chat and
audio components, which are crucial indicators, particularly
in the context of livestreams. Conversely, Fu et al. and Ping
et al. [3, 8] explored the use of synchronized chat reactions
as indicators for video highlights, but their methodologies
were limited to textual data, thereby overlooking signifi-
cant multimodal information. To the best of our knowledge,
no prior work has successfully developed a comprehensive
multi-modal system for automatic video highlighting.

2.2. Facial Feature Extraction

Face detection and facial expression recognition are two
big areas of focus in computer vision in the early days of
deep learning. Thus, a large amount of work have been done
to tackle this problem.

Face Detection Zhang et al. [13] implemented a deep cas-
caded multi-task framework for predicting facial landmarks
and alignment in a coarse-to-fine manner. Deng et al. [2]
introduced RetinaFace, which employs a single-stage ap-
proach for face detection and alignment. YOLOVS [7], de-
veloped as an enhancement of the original YOLO model
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Figure 1. The following is our data processing pipeline. From the video Id, we get 3 inputs: Stream Video, Chat Video, and Game APIL.
Eachis split into their raw data, ie. Face Cam, Screen Video, Audio, Chat video, be processed by their corresponding models, and then

used as input to timestamp the video.

[9], offers significant improvements in speed and efficiency.
In this study, we evaluated these models to determine the
one most suitable for our objectives.

Facial Expression Recognition Goodfellow et al. [4]
started the FER-2013 challenge. They constructed a dataset
of 48 x 48 images of faces with emotions categorized into 7
classes: angry, disgust, fear, happy, neutral, sad, and sur-
prise. Convolutional neural networks [6] have been the
backbone of most of these approaches, as they showed ex-
ceptionally high efficacy in image classification with effi-
cient training. After the initial success of CNN, He [5]
proposed ResNet, utilizing residual connections to enable
more efficient gradient flow, improving the performance of
CNNEs.

3. Approach
3.1. Overview

Our system processes a user-provided link to the Twitch
VOD they wish to highlight. Using this link, the system re-
trieves the video recording and chat log via the Twitch APL
Optical Character Recognition (OCR) is employed to iden-
tify the game being played, determining if a connection to
a game API is necessary. After preliminary processing, the
input data is organized into four modalities: video, audio,
textual, and API-specific. Four parallel pipelines are then
used to extract features from each modality. The final step
is formulated as a regression problem, with the extracted
features as inputs and a single excitement score as the out-
put. This score is used to evaluate whether a clip should be
recommended to the content creator. Figure 1 illustrates the
entire system. For the purpose of this class, the focus of this
report will mostly be on the facial expression recognition
pipeline.
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Figure 2. A challenging example of face recognition

3.2. Facial Expression Recognition Pipeline

The Facial Expression Recognition (FER) pipeline is de-
signed to analyze the facial expressions of the streamer
throughout the VOD. The goal is to classify the streamer’s
facial expressions at fixed time intervals to determine if their
emotion is worth highlighting.

The input is video frames from the MP4 in 20 frame in-
tervals. The pipeline consists of two steps:

1. Face detection: locating all faces that appear in the
frame. Furthur filtering is done to eliminate faces that
do not belong to the streamer.

2. Facial expression classification: identifying the dom-
inant emotion based on the facial expression.

3.2.1 Facial Detection

To accurately recognize the streamer’s face, we first em-
ploy YOLOVS [7] to detect candidate faces within the entire
stream window. The model outputs a list of detected faces.
Next, using a pre-trained VGG network provided by Deep-
Face [10], we compute the similarity between each detected



face and an identity image provided by the user. The face
with the highest similarity score is selected and passed into
the facial expression classifier. This ensures that the correct
face is consistently identified throughout the video. Figure
2 shows the importance of such filtering.

3.2.2 Facial Emotion Classification

The facial expression classifier processes the selected face
and outputs a score for each of the seven emotion labels
defined in the FER 2013 dataset [4]. This score is used
as an indicator of the streamer’s emotional state, helping
to identify moments in the video that are worth capturing.
The emotions are classified into one of the seven categories:
angry, disgust, fear, happy, neutral, sad, and surprise. Along
with the dominant emotion, the model also outputs a score
for each of the 7 emotions. This score is then passed to
downstream components as a factor in determining whether
a clip is worth recommending to the streamer.

To tackle this problem, we decided to test an off-the-
shelf emotion classifier provided by DeepFace [11] against
our own models trained on FER 2013. We experimented
with 3 different model setups:

¢ CNN trained from scratch on FER 2013
¢ ResNetl8 trained from scratch on FER 2013

¢ ResNetl8 pretrained on ImageNet and finetuned on
FER 2013

The training details and results are shown in later sections
of the report.

4. Training and Evaluations
4.1. Training

We trained each of our vision model with 0.001 learn-
ing rate, Adam optimizer with CosineAnnealingl.R learn-
ing rate scheduler. Since the training data consists of very
small (48 x 48) images, combating overfitting was the top
priority. Thus, we incorporated dropout with probability
0.5 in each of the networks we trained. Figure 3 shows the
training and the validation accuracy over 20 epochs.

While all three models were able to achieve a very high
training accuracy, they overfit to the training data too fast to
be able to effectively generalize to the evaluation set. This is
reflected in the validation accuracy over the training period.
All three models plateaued at an accuracy lower than 0.64
despite our effort to mitigate overfitting with a learning rate
scheduler.

4.2. Evaluations

To evaluate our system, we conducted both quantitative
and qualitative assessments focusing on clip quality, the

utility provided to the streamer, and a component-wise anal-
ysis to ensure each part contributes valid scores to the final
output. For the sake of brevity, we omit evaluations of the
other individual pipelines and concentrate solely on the Fa-
cial Expression Recognition (FER) pipeline and the overall
system.

4.3. Evaluation of the FER Pipeline

Since our system’s output is directly influenced by the
quality of its individual components, it is essential to ensure
that each pipeline produces results both quickly and accu-
rately. We assessed the components of our facial expression
recognition pipeline based on their speed, robustness, and
accuracy.

We constructed a mini dataset, MiniFace, consisting of
61 random frames from streams of streamers that partici-
pated in our study. We manually labeled the facial expres-
sion on the streamers’ faces.

4.3.1 Speed

We evaluated the speed and accuracy of different face detec-
tors provided by DeepFace using MiniFace. We run the face
detection model on 61 images with enforcing face detection
on. This makes the model return with an error message if
no face was discovered in the image. We discovered that
YOLOVS was able to detect the faces much faster than the
other models (Table 2).

Method Time (s) | Fails
opencv 49.67 25
mtcnn 45.64 0
fastmtcnn 4.58 0
retinaface 7.51 0
yolov8 0.93 0

Table 1. Performance comparison of different methods

Even though the sample size was small, we believed that
YoloV8 demonstrated enough advantages over the other
models, and thus we decided to use YoloV8 as our face de-
tector.

4.3.2 Robustness

The robustness of the face detector is crucial to the
pipeline’s success. Given that streamers can display var-
ious content on their streams, it is essential to accurately
distinguish the streamer’s face from others.

Figure 2 illustrates our model’s performance on frames
containing multiple faces. As shown by the red box near the
bottom left corner of the image, our pipeline successfully
identified the correct face despite the streamer’s best effort
to confuse the model.
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Figure 3. Training and Validation Accuracies

4.3.3 Accuracy

We conducted evaluations on several models: our self-
trained CNN, ResNetl8, a pre-trained and fine-tuned
ResNet18, and the DeepFace facial expression classifier, us-
ing the FER2013 dataset. Although the hyperparameters are
not yet perfectly tuned, the fine-tuned pre-trained ResNet18
achieved a validation accuracy of approximately 63

Subsequently, we assessed our FER pipeline using the
MiniFace dataset. The best performance was achieved by
the ResNet18 model, which was pre-trained on ImageNet
[1] and fine-tuned on FER2013, attaining a 55% accu-
racy. In comparison, the CNN and DeepFace models each
achieved 49% accuracy, while the ResNet18 trained from
scratch correctly labeled only 45% of the samples.

Figure 4 displays the confusion matrices for each model
when evaluated on MiniFace. The matrices reveal a ten-
dency for all models to confuse neutral and sad faces. While
pronounced features such as smiles and frowns are pre-
served, the subtler distinctions between sad and neutral ex-
pressions are often lost when the images are downscaled for
input into the neural networks. This issue is currently mit-
igated by the fact that sadness is a less common emotion
among streamers. As a temporary solution, we recatego-
rized sad faces as neutral.

To address this problem in the future, we plan to train
larger networks that can handle higher resolution inputs us-
ing more extensive facial expression datasets. By retaining
more detailed information, we anticipate improved differ-
entiation between sad and neutral faces by the classifiers.

4.4. Quantitative System Evaluation

The feedback on the quality of our generated clips was
varied. To maintain privacy, the five streamers who pro-
vided feedback will be referred to as N, M, T, S, and E.

epochs
Method Accuracy
CNN 49.2%
ResNet18 46.0%
Pretrained 55.7%
DeepFace 49.2%

Table 2. Performance comparison of different methods

Three of the five streamers (M, T, S) did not submit feed-
back through the rating forms, which may indicate a lack
of interest or time constraints. Notably, none of the respon-
dents provided specific details about the time required to
view the clips or identify better alternative clips.

High-Follower Streamers (T and M) The two streamers
with the highest follower counts (2 million and 400k fol-
lowers, respectively) expressed high satisfaction with our
clips. They appreciated how our system effectively high-
lighted the exciting moments of the game, which aligned
well with the type of content they aimed to share with their
large audiences.

We analyzed the difference between the streamers’ rat-
ings and our system’s ratings for the clips. While streamer
M did not give a rating for each of the clips we suggested,
they gave our system an overall rating of 9/10.

Streamer T filled out our form with the following ratings:



ResNet18

200

angry{ © o o 2 2 angry{ © 0 1 2 1

1.5

150
fear{ © o o 0 o fear{ © 0 0 o o
125

happy{ 4 2 7 1 o happy{ 1 1 5 3 4

True label
True label

neutral { 5 1 4 neutral { 3 2

sad{ 0 o 0 0 3 sad{ © 0 1 1 1

NN 5 >
@@ s & ¢ & 8

predicted label Predicted label

True label

ResNet18 Pretrained DeepFace

angry{ © o o 2 2 angry{ 1 0 0 1 2

fear{ © 0 0 0 0

fear{ 0 0 0 o o

happy{ 1 o 4 6 happy | 1 1 4 5 3

10
0 29 c neutral 1 7 2

sad{ 0 0 1 1 1

True label

neutral { 0 2

sad{ 0 0 1 0 2

$ & & s P & & & & S
&S ¢ S RS Ed §' & & &

Predicted label Predicted label

Figure 4. Confusion Matrices When Evaluated on MiniFace

Our Score | Streamer T’s Rating

6

o)}

5
8
5

7.5
5
5.5
7
5
4

ENENE RS EURSIR e

Streamer T gave an overall rating of highlight quality a 9/10
as well, and the difference in their rating vs our rating as 1.3
per clip, with a minimum difference of 0 and a maximum
difference of 3.

High-Ranking Streamers (S and N): Conversely, the two
streamers with the highest rankings (both top 200 players
in North America, with approximately 100k and 200k fol-
lowers each) were less satisfied with the generated clips.
Streamer S noted that while the clips were exciting, they did
not align with the educational content he typically produces,
which focuses on in-depth gameplay strategies. He pointed
out that a crucial clip was missed, where he executed a strat-
egy for a full minute, resulting in a single kill. This over-
sight might be due to our interval system not accounting for
clip contexts longer than a minute, as well as our scoring
system potentially overemphasizing multiple kills and chat
activity.

Streamer N felt that our system overemphasized mo-
ments where he “got loud,” indicating that the combination
of API and chat excitement indicators was overly sensitive.
Interestingly, our system does not consider the loudness of
the audio, only the transcribed audio and its sentiment.

Streamer S rated the overall clip quality at 3/10, while
Streamer N gave a 5/10, with the following detailed ratings:

Our Score | Streamer N’s Rating
10 10
8 0
8 2
7 2
7 5

6.5 3
6 0
6 0
6 7
6 5

This table shows an average difference of 3.25 with a mini-
mum difference of 0 and a maximum difference of 8.

This feedback indicates that our system might have over-
valued certain moments due to the convergence of multiple
excitement signals, especially playing too much value on
APIs and Chat reactions.

These mixed results reveal important areas for improve-
ment. Different streamers have different content prefer-
ences, which suggests a need for more customizable and
nuanced models. To better cater to diverse needs, we are
considering developing separate models tailored to differ-
ent types of content. This customization would enhance the
relevance and quality of the highlights generated for each
individual streamer.

4.5. Qualitative Clip Feedback

The most notable success was observed with a 14-hour
VOD from streamer M, where 9 out of 10 generated clips
were utilized in a highlight video by a streamer with 2 mil-
lion followers. The sole error occurred when GPT erro-
neously identified the chat spamming “hello” at the start of
the stream as a highly exciting moment. This feedback un-
derscores the potential of our system while also highlighting
areas that require improvement.

The most prevalent complaint from streamers pertained
to the difficulty in viewing the generated clips. Initially,
streamers were provided with a CSV file containing times-
tamps of their entire stream, ranked by score. However, they
found it cumbersome to manually copy and paste the times-
tamps into their browser to view the clips. In response to



this feedback, we developed hilait.com, a platform that au-
tomatically displays clips along with their respective times-
tamps. This website not only simplifies the viewing process
but also prompts streamers to rate each clip.

The most significant quality-related feedback came from
Streamers N and S, who thought that our system failed to
capture nuanced conversations and educational content. Al-
though our system is effective at identifying ’hype” clips, it
struggles with subtler moments.

To address this, we propose expanding the range of pa-
rameters beyond basic emotions like “happy” or “sad” to in-
clude categories like “educational” and “’sentimental.” Ad-
ditionally, enhancing the role of facial expression analysis
could be crucial, as nuanced conversations are often re-
flected in facial cues.

4.6. Workflow Integration

We further evaluated our system on how much time our
tool would save. Unfortunately, our streamer friends did
not give us a concrete time as to how much time they saved.
However, they told us that their editors would often watch
their VODs from start to finish to find the best clips. The
consensus from all Streamers was that our system made the
process much faster. We estimated the time spent on re-
viewing the clip by the time it took the streamers to fill out
the ranking form on Google Spreadsheet. Since we only got
ratings from streamers T and N, here are the results:

Streamer | VOD Length | Time spent with tool
T 8 hours 28 minutes
N 2.5 hours 53 minutes

These times were measured without our web Ul As a re-
sult, these estimates are likely inflated due to the streamers
having to copy paste the clips manually into the browser.
However, we could conclude from the numbers that such a
tool would result in significant time save for the streamers
and their editors.

In addition, we received enthusiastic feedback from
Streamer E, a colleague of Streamer T, who indicated that
our tool enabled him to generate short-form content for the
first time. Prior to utilizing our tool, he had been unable to
produce such content due to the absence of an editor and
limited time resources. This feedback underscores the po-
tential of our system to empower smaller streamers by sig-
nificantly lowering the barriers to content creation.

Moreover, Streamers M, N, T, and E expressed interest
in reusing our tool, as long as we could provide them with
a website for navigating suggested clips. This interest sug-
gests that the streamers valued the underlying concept and
functionality of the tool.

5. Conclusion

Our study on different facial expression recognition
models suggests that in order to train a better facial eom-
tion classifier, we would need a dataset with images that are
bigger in scale. While FER2013 can capture bigger facial
features, more nuanced expressions are often lost due to the
48 x 48 image size.

For future improvements, we would like to augment
FER2013 with other newer and more diverse facial expres-
sion datasets. Moreover, more parameter tuning could be
done to potentially improve the accuracy of the model.

On the other hand, the study around the entire system re-
veals the potential of our system. Through the use of models
with different modalities of data, We developed a tool that
makes identifying interesting moments from video streams
easy and fast. The evaluations and feedback from stream-
ers and editors suggests that the system we built, while still
having plenty of room for improvements, already garnered
a lot of interests. It is feasible to utilize different modalities
of data, and such tool, once fully fleshed out, would fit into
streamers’ workflow conveniently.

While the hopes are high, we still need to tackle many
technical challenges before this project can be launched to
our potential users. In addition to the aforementioned im-
provements on the FER pipeline, we would also need to
improve the run time of the software. As a large part of our
code uses off-the-shelf libraries, parallelization has proven
to be tricky, the run time of our software was quite long.
Further more, we would like to implement a tree-like, mul-
tilevel alignment system to align and generate clips at differ-
ent time granularity levels. Moreover, our current system in
aggregating scores from the pipelines has weights manually
tuned by us, resulting in suboptimal weights and therefore
inaccurate scoring. To solve this issue, we would like to col-
lect a labeled dataset and train the regression model using
supervised learning.

We believe that we have built a system with a great po-
tential. We plan to continue working on this project after
the quarter ends, and would love to see the tool be used by
streamers throughout the community.
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