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Abstract

Training sample quality impacts on deep learning model performances. While
studies in the literature explored the association of outlier samples to model per-
formance in modalities like text or images in the NLP and computer vision do-
mains, it is relatively underexplored in the domain of video classifications. Re-
searchers focused on anomaly detection or theoretical bounding of outliers to-
wards video classifications. However, explicit, systematic empirical studies of
the impacts of these outliers on video classification modeling are still yet to be
explored. Therefore, to bridge this gap, in this work, we systematically ana-
lyze the impacts of outliers, specifically in-distribution outliers, on video clas-
sification performances and show that reducing the outliers from training can
improve video classification performances. Our codes and models can be found at
https://github.com/ckeith26/video-outlier-optimization

1 Introduction

With the ever-increasing data volume, deep learning models have become more popular, including
applications on different domains and different data modalities |Assran et al.[[2023]], Jin et al.| [2018]],
Tong et al.| [2024]], Matthew et al.|[2023]], Dibbo et al.| [2024]], Ramachandram and Taylor| [2017],
Gilakjani et al.| [2011]], Vhaduri and Poellabauer| [2019], (Carlini and Wagner| [2018]], /Wang et al.
[2018]], Xiao et al.|[2024]], [Mullapudi et al.| [2019], [Fedorov et al.| [2024]. For example, natural
language processing (NLP) and computer vision (CV) have become more popular. However, video
applications, commonly called video understanding, are relatively underexplored. Although the NLP
and video both deal with sequential data, i.e., having time dependencies, video is comparatively more
complicated since it deals with spatial and temporal dimensions.

Among the different properties of deep neural network-based models, generalization is an important
property that assesses the model’s real-life applicability. Researchers have focused on the generaliza-
tion of the neural network models for NLP and CV applications. However, the generalization of video
modeling has not been explored adequately. It is also clear from state-of-the-art (SOTA) research
that the training data distribution significantly impacts model performance and, hence, the model’s
generalization capability. Motivated by SOTA research in other modalities like NLP, CV, or Audio
domains, in this project, we explore the generalization of video modeling and the associated impact
of the training data distribution on model performance. In particular, we want to systematically
explore how the outliers impact model performance in video understanding and contribute to the
generalizability of performance. Outliers can be (1) in-distribution outliers, which are necessarily
training samples with distinct patterns, and (2) out-of-distribution (OOD) samples generated through
augmentation or from other similar datasets than the training set, e.g., for the first category, an outlier
can be playing basketball video in blurred that resumes playing soccer. We want to explore the first
category, i.e., in-distribution outliers since those are necessarily training samples and can impact the
performance of the model at a large scale. Specifically, we aim to explore the following research
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question RQ: Do outliers (in-distribution) impact video classification performance? If so, how much,
and whether the impact shows a monotonically increasing pattern, i.e., constantly impacting in a
linear fashion or whether there exists an optimal threshold beyond which the impact drops or changes
the pattern?

We make the following contributions in this paper:

* We provide a systematic study of the impacts of outliers on video classification through Iso-
lation Forest (IF)-based outlier detection and thresholding-based outlier removal approaches

* We perform an exhaustive analysis on the impacts of in-distribution outliers towards the
performance of video classification task

* We compare performances of video classification tasks among the baseline model (with all
outliers) and outlier-removed models utilizing our proposed approaches

2 Related Work

Action recognition and optimization have been widely researched over the past few years. We build
on prior works from two main categories: (1) outlier and out-of-distribution (OOD) data detection,
and (2) video classification and anomaly detection.

2.1 Outlier and OOD Detection

Many works have focused on detecting outliers and optimizing model performance. [Schubert et al.
[2014] provided a generalized view on outlier detection across different domains, including video,
and a theoretical foundation for understanding outliers. Ren et al.|[2019] proposed a method for
detecting OOD samples using likelihood ratios. [Liu et al.[[2020] introduced an energy-based method
for detecting OOD samples in image classification tasks, while Hsu et al.| [2020] proposed methods
for detecting OOD images without the need for OOD data during training. |Zhang et al.| [2021]
investigated the generalization of probabilistic image models to OOD data, focusing on image data
and probabilistic modeling approaches.

However, these papers do not specifically address their impact on deep learning models for video
classification. Ren et al. and Liu et al. focused on image datasets rather than video datasets,
emphasizing OOD detection rather than the impact of outliers on model generalization. While
Schubert et al. developed a framework for detecting outliers in various modalities, they did not
specifically address the performance impact on deep learning models for video classification. Our
approach differs as we analyze the effect of detecting and removing outliers on training video
classification models.

2.2 Video Classification and Anomaly Detection

Researchers have attempted to detect anomalies in datasets to boost performance for downstream
tasks, including video classification. [Wang et al.|[2018]] concentrated on video anomaly detection and
localization using a joint video representation and an OCELM (One-Class Extreme Learning Machine)
model. |Chang et al.|[2022] explored a method for video anomaly detection using spatio-temporal
dissociation. (Georgescu et al.|[2021]] presented a self-supervised and multi-task learning approach
for anomaly detection in video data. In an older paper, /citeay2001 present new techniques for
outlier detection in high-dimensional data by examining the behavior of data projections, addressing
the challenges of data sparsity and proximity in such spaces. Their method identifies outliers
through the analysis of density distributions in lower-dimensional projections, rather than relying on
full-dimensional proximity measures which are less effective in high-dimensional contexts.

While these studies focus on anomaly detection, they do not directly address the broader impact of
outliers and OOD data on video classification models. Mahmood et al.|[2021]] proposed a method
for anomaly event detection and localization in video clips using global and local outliers. [Pang
et al.|[2020] discussed a self-trained deep ordinal regression approach for end-to-end video anomaly
detection. Zhu et al. examined context-aware activity recognition and anomaly detection in video
dataZhu et al.|[2013]]. |[Deb et al.| [2018]] attempted to detect violence in videos using a novel outlier-
resistant feature encoding method. Mullapudi et al.|[2019] argued for online model distillation to
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Figure 1: Overview of our proposed approach. First, we train the baseline benchmark 1,445, model
with all training samples using the ResNet50 backbone. In addition, we apply our outlier removal
approach to train our outlier removed models m,4;5+;; With different outlier removal ¢ values. We
finally compare all model performances.

improve the efficiency of video inference, addressing efficiency but not directly tackling the questions
of generalization and the impact of outliers or OOD data on model performance Wang et al.| [2020]
present a novel approach called Cluster Attention Contrast for video anomaly detection, which aims
to establish reliable subcategories of normality by employing a contrastive representation learning
task

Our research is distinct in that we methodically detect outliers, compare the results between base
models and various outlier detection models, and aim to improve model generalization in video
classification.

3 Our Proposed Approach

In this work, we first design a video classification model, then we work with the training data and
consider different ways to generate training samples with different outliers to observe their impact
while including them in the model during the training phase.

In Figure[I] we present the overview of our approach. We first train a video classification model as
described below. In the next step, we apply the outlier detection technique and consider different
thresholds for removing different numbers of outlier samples from the pool of all training samples.
At each time, we then retrain models with the outlier removed sets of samples and compare the
performances of those new models with the baseline model (i.e., trained including all outliers). We
describe our approach in detail below.

3.1 Baseline Model Training

Our first step in this work is to train a target model for video classification. We train the model with
all samples, including outliers. We consider such a model as our baseline model mpqse for video
classification. Our goal is to compare this model’s accuracy on test sets with the outlier-removed
model performances and draw a conclusion based on findings about the impact of outliers on video
classification performances.

To train the baseline model mp45., We consider the model backbone as the hybrid LSTM CNN
model. In particular, in the first part of the model m,,45., We consider incorporating the ResNet-50
pretrained model, which will generate the embeddings from all training samples Dy,.. We choose
ResNet-50 pretrained model as opposed to other pretrained models since ResNet-50 is trained on
an image dataset, i.e., an ImageNet dataset, instead of action video datasets that are used to train
other pretrained models. This is because any pretrained models that are trained with action datasets



(video) can impact model performance highly, and that would interfere with the model performance
due to sample quality since we aim to identify the impact of sample quality on model training for
video classification tasks. In the next layer after the ResNet-50, we consider adding the LSTM layers
and, finally, different linear layers up to the classification layer. This is the overall architecture of
the video classification model m,p4s.. For our models trained with removed outliers, i.e., distilled
models m, 45541, We also use the same model architecture but with different training sets of samples
so that the model architecture does not impact the performances.

3.2 Outlier Detection and Outlier Removal

We apply the Isolation Forest (IF) technique (unsupervised) to identify the outliers in the training
data (in-distribution). We first create an IF model with the outlier detection variable set to a specific
threshold, i.e., 1. For experimental purposes, we consider 1 = 5%, 10%, 15%. After creating the IF,
all training samples are fit to the forest and passed to get prediction scores. Based on the returned
scores from the IF, we identify two categories of samples, i.e., non-outliers Dy, ., and outliers
Dy, For example, if the threshold ¢ = 5%, 5% of the total training samples (outliers) will be in
the Dy, and the remaining non-outlier samples set will belong to Dy, . ,. In summary, Dy, . is
the set of non-outlier training samples. We train our distilled models using the Dy, . sets.

3.3 Training Distilled Models

We train the distilled models m,4;s¢:; With the non-outlier sample sets Dy, . (Section@ obtained
through applying our outlier removal technique utilizing the IFs. We obtained different Dy, , sets
using different threshold . For each of the Dy, _ , sets, we train the m,q;st;; models, where these
models have the same architecture as the baseline classification model mpqse (Section [3:1). We
finally tested each of the m,,4;s¢;; models and baseline classification model 1,45 On the same test
set to compare the performances of different models trained with different training sets, highlighting
the impact of outliers inclusion in the training samples.

4 Experiments and Results

In this section, we present the experimental setup for our proposed technique and detailed analysis,
along with discussions of our findings. We illustrate our analysis step by step.

4.1 Experimental Setup

We trained both our baseline model m,pqse and distilled models m.q;s¢4; for 15 epochs on the
UCF-101 dataset. We consider training m.pqse With 100k training samples, i.e., Dy,.. We then apply
steps illustrated in Sectionto obtain the outlier removed sets, i.e., Dy, ., used to train m.qisti
models. We also tested all models with 20k test samples from the dataset.

We trained all models with 128 batch sizes with cross-entropy loss optimized with the SGD optimizer.
Specifically, we consider training with learning rate [r = 0.01 and momentum mn = 0.9. In Table[]
we present our hardware details, including GPU and RAM for the experiments.

For comparisons, we consider two major performance metrics, i.e., TOP-1 ACCURACY and TOP-5
ACCURACY. We compare (in terms of these performance metrics) both mypgse and My q;s¢; With
different numbers of outliers removed.

Table 1: Hardware Details of our Experiments.

| Parameter | Value |
CPU INTEL 15-13600k
Core 14
RAM 16GB
GPU NVIDIA 3090
VRAM 24GB
Space 1TB




Table 2: Performance comparisons of our model with and without different outliers (Note that v
indicates the percentage of outliers removed from training sets).

Accuracy | ¢ Top-1 Acc Top-5 Acc
Mybase 0% 0.590 0.827
Maydistil 5% 0.583 0.836
Mydistil 10% 0.583 0.816
Maydistil 15% 0.564 0.806

Table 3: Workload for Our Project.

| Category | Sayanton | Cameron

1. Determine Datasets and Models
2. Choose Outlier Algorithms

3. Develop Optimization Framework
4. Present Results

SENENEN
SENENEN

4.2 Performance Comparisons and Analysis

In Table@l, we present the performances of our mypese and my,q;stq; models, tested on the same test
set. Observe that, as expected for each model, the test accuracy improves in the top-5 accuracy metric
compared to the top-1 accuracy. Note that the clean test top-1 accuracy is lower since we trained
models only for 15 epochs. A higher number of epochs can improve the top-1 accuracy further.

While we compare the performances among the mqpase and m.,q4;s¢;; models, we observe that the
model Mmypqese has 0.01% worse top-5 accuracy than m,,4;s¢; model with ¢» = 5%. This indicates the
model with 5% outliers removal boosts performances in video classification models. However, the
baseline model has a slightly better top-1 accuracy, which is attributed to random noise in a single
run. A more comprehensive experiment with multiple runs (mean =+ std) could better illustrate the
scenario.

We further run models by removing higher numbers of outliers, e.g., ¢ = 10%, 15%. We observe
that both top-1 and top-5 accuracies of m,,q;s+;; models are lower compared to the baseline mpqse
model, respectively. We believe the outlier removal can also negatively impact model performances.
This is attributed to conclude that, there might exist an optimal value of 1, which can positively
impact video classification performances. Further increasing or reducing 1) can negatively impact
model performances. One possible future research direction can be identifying a generalizable
optimal threshold of outlier removal, i.e., ¥ that can positively impact model performances, i.e.,
generalizability.

4.3 Project Workload

We identify the major workloads below. In Table[3] we present the details of the team workloads and
breakdown. We follow this throughout our project during the term.

5 Conclusion

While analyzing the impacts of outliers on model performance is not relatively new in NLP or
computer vision tasks, it is indeed an underexplored direction for the video classification domain.
Although researchers have investigated the theoretical bounding of outliers and different outliers
handling, i.e., anomaly detection techniques, there still remains a gap to systematically study the
impacts of outliers on video classification task model performances. Our study bridges this gap by
revealing outliers really matter in video classification. In particular, our analysis shows that, while
outliers, in general, can reduce model performances, removing large-scale outliers can downplay
overall performances. This calls for further investigations on the optimal threshold for outlier removal
to boost video classification performances at scale.
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