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Abstract

Methods for recognizing cattle behavior via video often neglect the time-consuming and
costly data annotation process, hindering practical and scalable implementation. Active
learning can reduce this burden but is typically not as effective in early, low-data stages.
Initial data selection is important yet challenging in these stages due to the lack ofa priori
information to select informative samples. This lack of initial knowledge is referred to as
the cold start problem in active learning. This challenge becomes even more difficult in
imbalanced classification tasks, such as livestock behavior monitoring.

This study explores cold start effects in active learning for livestock behavior monitor-
ing and introduces a novel framework that combines self-supervised contrastive learning
with active learning. The framework offers a structured way to select a representative and
diverse initial training set for labeling by pre-training a model on a contrastive learning ob-
jective. Experiments were conducted on the CVB dataset, a benchmark for cattle behavior
classification.

Results reveal that active learning strategies with and without self-supervised pre-
training are sensitive to the size and diversity of the initial training set. The proposed
framework failed to consistently outperform baseline models without pre-training and pre-
training was found to have detrimental effects on model performance in most cases. The
findings highlight that active learning’s effectiveness depends on careful initial data selec-
tion and the selection of different sampling strategies across learning stages, emphasizing
that the cold start problem remains a challenging problem in active learning.

Keywords: livestock monitoring, behavior recognition, active learning, cold start, video
representation learning, contrastive learning



Chapter 1

Notations

Active learning: functions and variables

e D: dataset

e [;: the subset of labeled data used for model training at the t'th active learning
cycle. Where Lyg is the initial set of labeled training data

e U;: the subset of unlabeled data used that is queried from at the t’th active learning
cycle. Where L; N U; = () due to the transfer of data between sets

e B;: the budget size, or number of samples to be selected from U; at the ¢’th active
learning cycle

e ¢: query/acquisition function used to evaluate and propose the subset of label can-
didates from the unlabeled data set

e (J;: the subset of U; selected by the query function.

® Osoftmaz: the softmax activation function

® Dsoftmaz: the probability distribution derived from the softmax activation function
® (onc: encoder function

e ¢ classification head function.

e m: model function, defined as the composition (¢enc © ¢cir) of the encoder- and
classification head function

Z: a set of representations/embeddings learned by the encoder function

f: model parameters

e [L: loss function



Chapter 2

Introduction

As early as 1997, the need to transition from traditional livestock farming to precision live-
stock farming (PLF') was recognized and investigated [1]. Due to a rising global demand for
dairy products, coupled with urbanization and a declining farming workforce, the average
herd size in the Netherlands has increased from 57 to 114 cows per farm since the year
2000 [2|. Consequently, automated PLF systems are becoming increasingly important to
uphold productivity, sustainability, and animal welfare on the dairy farm [3].

Video monitoring systems can provide continuous surveillance and analysis of cattle
behavior. In current scientific literature, different automated methods for video behavior
recognition of cattle have been proposed [4]. However, such studies often forego expensive
and time-consuming data collection and annotation. Annotating behavioral data for live-
stock is not a trivial task, as it requires a lot of time and domain-specific knowledge. As
with many vision-based learning tasks, the required data is large with diminishing returns
and bridging the gap between the experimental setting and scalable, real-world solutions
is not sustainable using typical supervised learning practices [5].

Active learning strategies show promise to ease this annotation burden. However, most
active learning studies rely on pre-trained models that have already learned the underlying
task sufficiently to be effective [6, 7, 8, 9]. Empirical studies show that active learning
strategies often fail to identify informative samples during the early stages of model training
due to a lack of a sufficiently learned data distribution [10, 11, 12].

The lack of a prior: information in active learning is called the cold-start problem. This
problem poses a challenge for use cases like video-based livestock monitoring due to multiple
reasons: (1) the data is expensive to annotate due to the need for expert knowledge (2)
the high dimensionality of video data, which often necessitates large datasets to achieve
desirable performance, and (3) the imbalanced nature of livestock behaviors, where many
behaviors are rarely observed. As a result, random selection of the initial training set often
leads to uninformative or insufficiently diverse samples, which can negatively impact the
effectiveness of active learning in later stages.

Prior works on the cold-start problem have achieved promising results on image clas-
sification tasks by using self-supervised contrastive learning (CL) to overcome the initial
data gap [11, 13, 10]. However, these methods do not investigate or address the effectivity
of such approaches in imbalanced classification problems. In addition, contrary to image
classification, accurate monitoring of livestock behavior benefits from learning spatiotem-
poral relations [14, 15, 16, 17|. Representation learning methods for video sequences differ
from those used for static images as they need to accommodate for the additional temporal
dimension [18, 19].

To address these gaps, this research proposes and evaluates a framework that addresses



the cold-start problem for video-based livestock monitoring. It provides an analysis of cold
start effects and the conditions in which they occur when applying active learning to highly
imbalanced video data. Furthermore, the research explores the potential of self-supervised
pre-training to reduce cold-start effects. By combining representation learning with active
learning, this work aims to improve early-stage model performance and contribute to more
sustainable and scalable deep-learning solutions for video-based livestock monitoring.

2.1 Research outline

This research builds upon previous work in active learning, in which the cold-start prob-
lem is addressed through self-supervised contrastive learning methods. The research in-
vestigates the conditions under which cold-start effects occur for different active learning
strategies when applied to the behavior classification task. Furthermore, a framework for
early-stage active learning is proposed and evaluated. In this framework, self-supervised
contrastive learning is applied before active learning, after which the learned representa-
tions are leveraged to guide a more informed selection of the initial training set.
To this end, we formulate the following research question:

RQ How can we design an active learning framework that addresses the cold-
start problem using limited labeled data in livestock monitoring scenarios?

The following sub-questions are complementary to answering said research question:

SQ1 What is the impact of the selection and size of the initial training seed on the effec-
tiveness of different active learning strategies?

SQ2 How does integrating self-supervised contrastive learning influence model generaliza-
tion and active learning outcomes in video-based livestock monitoring?

SQ3 To what extent can features derived from contrastive learning improve the initial seed
selection process compared to random sampling?

In chapter 3 relevant background information is given about precision livestock farming
and some of the techniques and algorithms used in this research. Relevant prior work is
discussed in chapter 4, followed by formalizing a framework for early-stage active learn-
ing in chapter 5. Results of the experimental evaluation are reported in chapter 6, with
supplementary analysis and discussion in chapter 7. Finally, the limitations and potential
future directions of the research are addressed in chapter 8, followed by some concluding
remarks in chapter 9.



Chapter 3

Research background

This chapter is divided into three sections. In the first two sections, we briefly discuss
the importance of monitoring livestock behavior as an indicator of animal welfare. In the
second section, some background information on active learning is given.

3.1 The dairy industry: the Netherlands as leading dairy
country

The dairy industry is a major part of the agri-food industry. It is a global industry where
fresh milk is mostly consumed locally and other products such as cheese or milk powder are
traded on a global export market. Within Europe, the Netherlands are a very important
milk-producing country with an annual production value of roughly 6.4 billion euro and a
turnover of 10 billion euro. Due to the limited space in the Netherlands, farmers are forced
to practice a specialized way of dairy production with a strong focus on a high productivity
per cow.

In recent decades, there has been an increasing emphasis on sustainable practices within
the Dutch dairy sector. This shift is largely in response to the environmental challenges
posed by intensive farming methods. The concentration of livestock has led to concerns
regarding manure management. The sheer volume of manure generated can exceed the
natural absorption capacity of the land, resulting in nutrient runoff that contaminates
water bodies, contributing to eutrophication and other ecological disturbances [20]. In
addition, dairy production contributes heavily to greenhouse gas emissions. The industry
has been striving to implement practices that mitigate these effects, such as improving
feed efficiency, optimizing manure management, adopting circular farming practices and
a strong emphasis on animal health. These changes translate to higher milk yield and
reduced costs for the farmer according to latest research [21].

Despite these efforts, the Dutch dairy industry often approaches and occasionally ex-
ceeds environmental limits. The balance between maximizing production and ensuring
environmental sustainability is delicate and requires continuous innovation.

3.2 Behavior: a welfare and productivity indicator for live-
stock
Most dairy farmers in the Netherlands try to optimize their production with a strong focus

on animal health, the extension of the cow’s productive life, and animal well-being. For
the productivity and well-being of dairy cows, the following parameters are of importance:



e Fertility: one of the main goals for dairy farmers is to achieve one calf per cow per
year. This is important for maintaining milk production levels, as cows need to calve
regularly to produce milk. Heath detection plays a large role in this. Detecting when
a cow is in heat (oestrus) is important for successful breeding. Missed heat cycles
can lead to extended calving intervals, reducing overall milk production. During
estrus, cows often exhibit increased physical activity and may show changes in other
behaviors, such as increased restlessness or mounting behavior [22, 23|.

e Hoof health (lameness): lameness, often caused by lesions in the hoof of the cow,
most often results in decreased productivity and well-being in dairy cows [24]. Lame
cows often have difficulty walking, which affects their ability to feed and reproduce.
Proper hoof care and management can significantly extend a cow’s productive life.

e Feeding: tailored feeding can maximize milk yield and quality. Adjusting feed based
on the cow’s lactation stage, activity level, or milk production rate ensures that cows
have the energy and nutrients required for optimal milk production. In addition,
abnormal feeding patterns, such as reduced feed intake, have been linked to certain
health conditions [25].

e Digestion: cows with healthy rumination patterns are more likely to have a healthy
body condition and higher fertility [26]. Reduced rumination time is often connected
to digestive issues in ruminants. Changes in rumination have been associated with
health problems and, in some cases, with changes in productivity, such as milk yield.

e Udder health: inflammation of the udder tissue (Mastitis) is one of the leading
health issues affecting dairy cows. It can lead to reduced productivity and well-being
and can result in severe health complications for the animal [27].

e Lying time: changes in lying time can indicate physical discomfort or fatigue,
though it may also vary based on environmental and management factors [28].

Most if not all of these parameters influence the behavior of the cows and can be
detected with behavior monitoring [29]. Combined with content and hormone analysis of
the produced milk, the aim is not only to detect anomalies but to predict them earlier to
allow the farmer to react sooner. This allows for fast intervention which reduces treatment
costs and prevents production losses.

However, manually monitoring behavior across large herds is challenging, time-consuming,
and open to a subjective interpretation. Automated monitoring through sensors offers a
potential solution to this problem, enabling continuous and scalable animal behavior mon-
itoring.

3.3 Batch active learning

Batch active learning has been proposed as an alternative to traditional supervised learn-
ing, particularly in scenarios where labeling data is expensive or time-consuming. Unlike
supervised learning, which relies on randomly selected or fully labeled datasets, batch ac-
tive learning focuses on selecting a subset or batch of the most informative samples for
annotation, given a fixed labeling budget.

The primary goal is to maximize the utility of the labeled data by ensuring that the
selected batch contributes significantly to improving the model’s performance. This ap-
proach is especially beneficial in domains with high data annotation costs, such as medical
applications, autonomous driving, or livestock monitoring.



The selection of these informative samples is guided by specific strategies designed
to optimize the batch’s utility. These strategies often rely on measures of uncertainty,
such as prediction confidence, or diversity, which aims to select a diverse set of samples
representative of the broader dataset. However, the scope of active learning strategies
extends beyond these metrics, incorporating approaches that integrate domain knowledge
or even hybrid combinations of multiple criteria to improve the selection of samples [30].
In this research, three distinct active learning strategies are evaluated. A brief explanation
of each strategy is provided below:

3.3.1 Max-Entropy

One commonly used active learning strategy is entropy-based sampling. A strategy that
is used to select a batch of high-uncertainty samples. For a classification model with K
classes, let psoftmax (y|x; @) represent the predicted probability distribution of the sample .
The entropy of this distribution is then given by:

K

H(y|x;0)==> ply="k|x;0)logply =k |x;6),
k=1

A batch of B samples, referred to as the query Q¢ : {x},x35,...,x}5} is selected by
maximizing the total entropy for the batch from the unlabeled pool U:

{x},x5,..., x5} = argQgg;%':B%H(y | x;0),

3.3.2 Cluster-Margin

The Cluster Margin strategy selects a batch of samples that are closest to the decision
boundary while using an additional diversity constraint. Let U; be the unlabeled pool at
iteration ¢, and @y the batch of B samples to be selected. Using similar notation and
definitions as for Max-Entropy, the uncertainty margin for a sample x is defined as the
difference between the two highest predicted probabilities psloftmax and pzoftmax

: _ 1 2
Margln(x) = DPsoftmax — Psoftmax

To enforce further diversity constraints, Cluster-Margin uses the embeddings of the
unlabeled set (Zp, ) and divides the space into C' clusters using hierarchical agglomerative
clustering. They select the k,, samples with the lowest margin and iteratively traverse
across clusters to select label candidates from these low-margin samples. More details on
the implementation are given Citovsky et al.[31].

3.3.3 Core-Set

The Core-Set strategy, proposed by Sener et al. [12| poses the sample selection as a k-
center optimization problem. Unlike uncertainty-based methods, Core-Set relies on the
idea of minimizing the distance between the selected batch and the rest of the data in a
feature space.

Given labeled and unlabeled sets L; and Uy, let z; € R represent a feature embedding
of the model’s penultimate layer. Core-Set aims to select a batch Q; C U; that minimizes



the maximum distance of any unlabeled sample to its closest selected sample in ;. This
can be formalized as:

{xI,x3,... 7XZ} = argQQUltTjgh:ng%f):ggg |22 — ZCI)HQa
Since solving the above optimization problem exactly is often computationally expen-
sive, a greedy approximation is used. The batch is constructed iteratively by adding one
sample at a time that maximizes the minimum distance to the already selected samples.
At the i-th step, the next sample is selected as follows, where ;1 is the set of ¢ — 1
samples already selected in the batch.

; = ar max min ||z, — z
i gXEUt\Qi—1 qeQi-1 H * q||27



Chapter 4

Related work

This work finds its application in precision livestock farming through video-based moni-
toring (1). Its main focus is to reduce the data annotation effort by combining ideas from
two separate but related domains in deep learning research: active learning strategies (2)
and contrastive learning for videos (3). We discuss relevant prior work for these topics and
identify some of the gaps existing in current literature.

4.1 Video-based livestock monitoring

An extensive body of research exists around recognizing livestock behavior from video
[4]. For example, Avola et al. explored skeleton-based action recognition using a two-
branch stacked LSTM-RNN’s [32]. Guo et al. [16] train a bidirectional GRU model to
learn spatiotemporal features from cattle videos and identify common behaviors such as
feeding, grooming and walking. Jiang et al. conducted a study on a convolution network
for recognizing the anomalies in movement associated with lameness in dairy cows [33].
Lodkaew et al. [34] proposed a pipeline for estrus detection that tracks key points to detect
mounting and sniffing behaviors characteristic of cows in heat. Similarly, Wang et al. adapt
the YOLOvV5 model to detect mounting behaviors in cows with high recognition accuracy
[35]. Fuentes et al. developed a deep learning approach for recognizing hierarchical cattle
behavior using spatiotemporal information [36]. Later, the same authors extended their
work by presenting methods for tracking and re-identification of the individual cows [15].
Wu et al. [17] propose a method for monitoring the respiratory behavior of multiple
cows using techniques such as optical flow and phase-based motion magnification. Bai et
al. |37] proposed and evaluated the X3DFast model, a lightweight and efficient approach
for classifying dairy cow behaviors by combining elements of X3D [38] and SlowFast [39]
architectures.

A limiting factor in the existing research is that the datasets used for experimental eval-
uation are often small, not disclosed, or highly curated to a particular farm or cow breed
[14, 40]. Annotating behavioral data for livestock is no trivial task, as recognizing and
labeling cattle behavior from video requires a certain degree of domain-specific knowledge.
In addition, empirical and theoretical studies in deep learning suggest that performance im-
provements diminish as models get larger and are trained on more data [5]. Consequently,
bridging the gap between experimental- and commercially viable and well-performing so-
lutions requires significant investment of resources. Alternative learning paradigms such
as active learning could be more cost-effective by accelerating the development of livestock
monitoring solutions and reducing the needed resources.



4.2 Active learning for animal monitoring

To the best of our knowledge, no evaluation of active learning strategies for video-based
livestock monitoring has been conducted in the literature. However, different active learn-
ing frameworks have been applied to related problems such as animal activity recognition
6, 7, 8, 9].

4.2.1 Active learning frameworks

Most research regarding active learning concerns itself with proposing new criteria for
evaluating the value of unlabeled data. After evaluation, a query strategy decides whether
one sample has sufficient value to be considered for labeling by the annotator. Ultimately,
an effective query strategy aims to reduce labeling effort by selecting samples that yield
the best improvement given a data budget. Query strategies can be divided into three
categories: uncertainty-based, representation-based and hybrid methods.

Uncertainty-based methods

Some of the earliest and most commonly applied strategies are based on the confidence
of the prediction, represented by the softmax probabilities produced as the output of a
classifier. There are different ways to select samples based on model confidence: Least
Confidence selects samples with the lowest posterior probability of the predicted label.
The Margin method selects samples that have small differences between the top-k pre-
dictions [41]. Entropy-methods [42] select samples with the highest entropy across pre-
dictions. Confidence-based methods have their limitations as models can quickly become
over-confident in their predictions during early stages or when limited data is available,
resulting in unstable performance [30, 10|.

Recognizing this limitation, Gal et al. [43] proposed to use Bayesian CNNs to get a
more accurate approximation of the true posterior probabilities. They use Monte Carlo
(MC)-dropout to quantify uncertainty in neural networks.

Generative and adversarial methods also made their way into active learning. Zhu et
al. use GAN’s to generate samples with high prediction uncertainty rather than selecting
them from unlabeled data [44]. Similarly, Tran et al. [45] propose to generate data that
lies at the intersection of decision boundaries between classes. Other prior work proposes
task- and model-agnostic approaches by estimating the influence of a sample on the test
loss |46, 47]. While these methods report promising results they do impose higher compu-
tational requirements. For example, with MC-dropout, the computational load increases
proportionally to the number of forward passes used to derive an estimate for uncertainty.
GAN’s likewise increase the computational load by requiring an additional model for sam-
ple generation.

Representation-based methods

A point of critique for uncertainty-based selection is that they tend to over-signify the se-
lection of difficult data. As a result, the query contains a small subset of noisy/outlier data
that might not represent the majority of the data. Contrary to this, representation-based
methods emphasize the selection of typical and diverse data while avoiding redundancy.
Yin et al. [48] propose to minimize redundancy by calculating distance measures be-
tween the features of the query and the labeled set. The authors of CoreSet [12] pose active
learning as a k-center clustering problem and use a greedy optimization algorithm to itera-
tively select samples that are farthest from the labeled samples in the latent space. Other



work proposes similar ideas by optimizing different criteria like probability coverage [49]
and Wasserstein-distance [50]. Adversarial learning has also been used in representation-
based active learning. Dual-optimization between auto-encoders and discriminators is used
to minimize the difference between the labeled data distribution and unlabelled pool dis-
tribution [51, 52, 53|.

Hybrid methods

Some active learning frameworks combine criteria from both uncertainty- and representation-
based strategies. Many authors have proposed to add additional diversity constraints to
uncertainty sampling, either through unsupervised clustering or intra/inter-class diversity
measures [54, 55, 31|. Kirsch et al. [56] propose an extension of BALD by approximating
the mutual information between a batch of points and model parameters and using depen-
dencies within the queried batch to remove redundant samples. Wang et al. [57| propose
to exploit the abundance of unlabelled data using a hybrid learning strategy. They select
low-confidence samples for active learning while assigning pseudo-labels to samples with
high prediction confidence. Gao et al. [58] leverage unlabelled data differently by minimiz-
ing a consistency loss on augmented versions of the unlabelled data and selecting samples
with low consistency for active learning.

4.2.2 Limitations of active learning frameworks

Uncertainty-based methods rely on a non-biased, truthful estimation of uncertainty by the
model. Recent works have shown that uncertainty measures are particularly unsuited in
cases where the data budget is low, or when dealing with high dimensional data [13, 12,
11, 49]. Both of these limitations apply to video-based livestock monitoring. Uncertainty
metrics are often not as effective when the model has not sufficiently learned the underlying
data distribution [10]. While representation-based methods are less dependent on model
output, they equally depend on initial knowledge learned by the model to be effective. A
prerequisite for these approaches is to learn robust representations that encode information
relevant to the downstream task while being robust to variance or biases in the data.

Without this a priori knowledge, most active learning strategies often fail to outperform
random selection. In most active learning frameworks, this initial knowledge gap is filled
by randomly selecting an initial batch for supervised training. However, the effectiveness
of active learning strategies is highly inconsistent depending on this initially selected batch
[11]. This inefficacy in the early stage of active learning is called the cold-start problem.
Ultimately, active learning fails to reduce annotation efforts consistently when this problem
is not addressed.

4.2.3 The cold start problem in active learning

The cold-start problem was originally used to describe the lack of a priori information in
recommender systems. However, it extends beyond such systems and has been mentioned
as one of the core challenges in active learning as well [30]. Little research into the cold
start problem in active learning has been conducted outside of the field of natural language
processing [59].

Recent work has studied and addressed the cold start problem in image classification.
Some approaches kick-start the learning process without the need for initial supervised
training by using contrastive learning on unlabeled images. [11, 13, 60]. The latent space
is then clustered and annotated with pseudo-labels, after which representative samples are
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selected from each cluster for labeling. This strategy aims to select 'prototypical’ training
examples with additional diversity constraints by leveraging the grouping of features that
automatically form through contrastive learning.

Haconen et al. [10] provide a theoretical analysis of the effectiveness of different ac-
tive learning strategies under different data budgets and empirically validate a new active
learning strategy to reduce cold-start effects. Yehuda et al.[49] propose a new querying
strategy for early active learning that maximizes probability coverage of the latent space.
Most recently, Samet et al. [61] proposed to find the best initial query by posing the
subset selection as a linear optimization problem. They select samples that maximize di-
versity between and within samples and evaluate this method on the task of 3D semantic
segmentation.

In video-based livestock monitoring, inference is often applied to sequences of frames
rather than static images. Spatio-temporal features are more capable of capturing long-
term, complex behavior than static features derived from images as they can accommodate
for motion over time [16, 15, 37|. Self-supervised learning methods for images are less effec-
tive when applying them to video sequences due to the additional temporal dimension and
redundant information found in video [62]. Image-based augmentation methods risk con-
text bias [18] which are present in fixed environments such as free-stall barns. Addressing
the cold-start problem for video data could benefit from an adaptation of the contrastive
learning method to learn better video representations.

4.3 Contrastive learning for video representations

A large body of research already exists on contrastive learning for video representations
[63]. Contrastive learning provides a self-supervised way to push positive input pairs closer
together while pushing negative input pairs farther apart. In images, positive and negative
samples were often formed by applying some augmentation to the same image (rotation,
cropping, color jitter et cetera) to create positive sample pairs and select unrelated im-
ages as negative pairs. While these techniques have also seen effective use in video-based
learning, augmentations going beyond static image augmentation can, in some cases, out-
perform the latter by learning more robust spatiotemporal features [63|. For example, by
selecting positive samples from the same video at a random offset from the anchor video.

Some research has proposed to use optical flow as an additional supervisory signal to
encode motion cues into the learned embeddings, either by learning to predict optical flow
descriptors |64, 65|, using optical flow for positive sample mining [66] or by learning to
assign RGB and optical flow input to the same consistent prototypes [19]. The downside
of such methods is that while they report promising results, they create a large additional
computational overhead for the generation of the optical flow vectors or by introducing
dual optimization schemes of multiple models.

Others combine video pre-text tasks with a contrastive learning loss. Hu et al. [67]
apply temporal matching and ordering to push segments from the same video together
while simultaneously predicting the temporal ordering of the clips. Huang et al. [18]
exploit the motion vectors and keyframes used in compressed H264 videos and combine
context matching and motion prediction with contrastive learning.

Singh et al. [68] apply a contrastive loss to maximize agreement between the same
videos at different playback rates. Lorre et al. [69] propose to apply contrastive predictive
coding, in which a model is trained to predict the latent representation of future video
segments while using a contrastive loss function to ensure that it can distinguish between
correct and incorrect future representations.
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When reviewing the available work on self-supervised video representation learning, the
findings are threefold:

1. Downstream video learning tasks can benefit from spatiotemporal augmentations
beyond static image augmentations or introducing a supervisory temporal signal
during self-supervised training [63].

2. Representations derived from contrastive learning inherently form clusters with di-
versity constraints due to the characteristics of the instance discrimination task [70].

3. The maximization of agreement in contrastive learning within clusters provides a
quantitative metric to select diverse and prototypical samples within each subset
[13, 10].

4.4 Key findings

Annotating livestock behavior data is difficult and time-consuming, necessitating cost-
effective solutions to bridge the gap between experimental and practical applications.
While active learning can ease the annotation effort, such strategies suffer from the cold-
start problem when limited data is available. As far as is known, no research has been done
to investigate such cold-start effects in the context of imbalanced video classification prob-
lems. Research that addresses the cold start problem in image classification has achieved
promising results by leveraging contrastive learning. When applying such works to videos,
the approach could benefit from adapting the contrastive learning method to the temporal
dimension inherent in video data.
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Chapter 5

Research methods

1. Self-supervised pre-training 2. Unsupervised initial set selection 3. Active fine-tuning

keys ‘
EMd Lcontrastive
queue
Z
I Zo
. | }

FIGURE 5.1: A high-level overview of the proposed framework. 1) Self-supervised
contrastive learning is applied to learn discriminative groupings of features from
the input data without downstream annotations. 2) Pseudo-labels are assigned to
the embeddings using an unsupervised clustering algorithm. From each cluster, a
representative sample is selected by maximizing the typicality (the inverse Euclidean
distance to the nearest neighbors). 3) The initial seed is labeled and used as a
starting point for different active learning strategies.

U, 2

5.1 Proposed active learning framework

Inspired by recent findings in active learning research [13, 10| and video representation
learning [63], this research extend their methodologies to behavior classification from video
and provides an analysis on a new use-case: livestock behavior recognition from video.

A high-level overview of the proposed framework has been visualized in figure 5.1 and
consists of the following stages: 1) self-supervised pre-training 2) unsupervised initial seed
selection 3) active fine-tuning.

5.1.1 Self-supervised pre-training

In this framework, self-supervised contrastive learning is used to learn such initial repre-
sentations of the data, using the data itself as a supervisory signal. This can be achieved
through instance discrimination. A task in which a model learns to identify augmented
versions of the same sample (positive examples) from a set of augmented versions of other
samples (negative examples). Positive pairs are generated from augmented views of the
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same video, while negative pairs are sampled from augmented views of different videos in
the dataset.

Given a dataset D with N videos, e.g. D = x1,29,...,zxy and some augmentation
function 7 (z;;t), applied to the data. Let z; € R be the vector learned by the model
to represent sample z; and let 2z, be the representation of x; under some different kind of
augmentation (e.g. sampled with an offset, cropped or flipped around the horizontal axis).
Now, let N; be the set of representations of the negative set for sample x;. Finally, let
T represent a smoothing factor commonly referred to as the temperature constant of the
loss. The contrastive loss can be described using equation 5.1.

exp (2 - 2p/T)
exp (zi - 2p/T) + Xopen; €XP (2i - 2n/T)

LintoncE = —E |log (5.1)

The underlying motivation for using self-supervised learning before active learning is
that it enables the model to learn initial data representations without relying on behavior
annotations as a supervisory signal. This makes it particularly valuable for tasks where
the amount of labeled data is limited.

The model is optimized to learn meaningful features from the data to perform the
instance discrimination task well. Thus, the hypothesis is that this prior knowledge can
serve as a good foundation for the downstream task and potentially reduce cold-start effects
as seen in the earlier stages of active learning.

5.1.2 Unsupervised initial seed selection

One of the potentially advantageous effects of self-supervised contrastive learning is that
the model is encouraged to construct an embedding space where distances reflect seman-
tically meaningful differences in the data [70]. As a result, the embeddings ideally form
groupings of similar data points—given that the model has learned this discrimination task
sufficiently.

Within these groups, the point with the highest density or centrality could be described
as a representative prototype, capturing the main characteristics of each group [10]. The
hypothesis is that by identifying these prototypes, it is possible to select a subset from the
data that is both diversified and representative of the underlying data distribution. Both
of these are important criteria for selecting an initial training set and could be used as a
more informed alternative to randomly sampling the initial training data.

An unsupervised clustering algorithm such as k-Means can be used to divide the embed-
ding space into C clusters, where C can be optimized to capture each of these prototypical
groups. The prototypes of each group can then be identified through the use of some
adjacency or density measure such as the inverse Euclidean distance to the other members
of each cluster (termed the typicality of a sample).

This initial sampling strategy can be formalized as follows: Let Z = {z1,29,...,2n}
represent the representation vectors corresponding to each video, where z; € R%. An
unsupervised clustering algorithm (e.g., k-Means) is used to partition Z into C' clusters as
seen in equation 5.2

C
Uc.=2, canc;=0 forij. (5.2)

c=1

For a given cluster C., the goal is to identify prototypes P. C C. by maximizing the
inverse Euclidean distance to the k-nearest neighbors within the same cluster. The inverse
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Euclidean distance for a sample z; € C, is defined in equation 5.3.

D(z) = Z o (5.3)

N o) |2i — zj|2

where Nj(z;,C.) represents the set of k-nearest neighbors. The initial sampling strategy
can then be defined using equation 5.4. Where b, is the number of prototypes to select
from cluster C.. The samples corresponding to the prototypes selected from each cluster
are combined into the initial labeled training set Lo with initial budget size By.

P. = ar ma; D(z;), 5.4
¢ gsgcc,S)T:ch% (2:) (5.4)

Lastly, two additional parameters are used to constrain the optimization problem:

® N, q: defines the maximum number of nearest neighbors included in the computation
of the typicality score. Constraining the number of neighbors ensures that local
density variations are not diluted, which allows the identification of multiple high-
density (sub-)prototypes within the same cluster.

e S,,in 1s the minimal number of members that a cluster needs to have to be considered
for sampling. This parameter is used to reduce the potential accumulation of outliers
from small, unrepresentative clusters in the representation space.

5.1.3 Active fine-tuning

At the start of each active learning cycle, a query Q; C U;_1,|Q| = By is selected from
the unlabeled dataset and added to the labeled set L; < Ly—1 U@ and U; + Uy \ Q.
This newly labeled dataset is then used for model training in a supervised manner.

This query set is selected based on several criteria. Depending on the strategy, these
criteria are based on either the model output or some intermediate representation of the
data, such as the embeddings at the final encoder layer. The downside of using such model-
specific criteria is that they can be biased or unreliable if the model is not sufficiently
adapted to the data.

As mentioned previously, active learning frameworks therefore rely on an initial super-
vised training phase to be effective. This initial phase can take up a considerable amount
of resources depending on the characteristics of the dataset and the difficulty of the task to
be learned. Furthermore, stopping criteria for transitioning from initial supervised training
to active learning are not well-defined or task-specific, potentially wasting resources.

With the integration of pre-training and informed initial seed selection, the hypothesis
is that the data requirements of this initial supervised training phase can be reduced or
even left out due to the additional a priori knowledge of the data.
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FIGURE 5.2: Representative frames from the CVB dataset showing three distinct
behavior classes.

5.2 Dataset

The proposed framework is evaluated on the CVB dataset for cattle behavior recognition
[40]. It was proposed as a benchmark for research in livestock management to provide a
transparent and fair comparison across research efforts.

The dataset contains 502 videos of multiple cows recorded in a pasture environment
from four different camera perspectives. Each frame has been annotated with bounding
box annotations as well as a distinct behavior label. Consecutive bounding boxes of the
same cow are given a unique identifier to keep track of each animal across a video. Figure
5.2 depicts one of the frames and some examples of the bounding box annotations found
in the dataset.

5.2.1 Behavior distribution

The authors have included 11 distinct behavior labels, of which 9 are potentially relevant
indicators for cattle health as discussed in Chapter 2.1. These behaviors are grazing, rest-
ing while lying, ruminating while lying, resting while standing, ruminating while standing,
walking, running, drinking and grooming. The remaining two behaviors (hidden and other)
are more ambiguous and contain all observations that were either too difficult to assess
due to occlusion by other cows or could not be assigned to any of the behaviors mentioned
above.

Cattle naturally exhibit some behaviors more frequently than others. This has been
reflected in the class distribution of the dataset. Cows in pasture environments tend to
spend the majority of their time passively grazing, resting, or ruminating which cumu-
latively make up 72% of the available annotations. The remainder of the annotations
belong to more infrequent types of behavior such as drinking, grooming, or walking. The
distribution of these behaviors has been visualized in figure 5.3.

5.2.2 Data pre-processing

From each track, defined as the consecutive bounding box annotations belonging to the
same cow, segments of 32 frames are sampled with a stride of 2. At 30 FPS, each segment
thus spans roughly 2.1 seconds of video footage. The bounding box annotations vary in size
and aspect ratio across a track which leads to inconsistent resolutions between the frames
in a segment. Most video classification models except some vision transformers require
consistent resolution across frames. To satisfy this requirement each frame is scaled such
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FIGURE 5.3: The class distribution of the CVB dataset reflects the natural imbal-
ance in different behaviors exhibited by cattle.

that the aspect ratio of the original bounding box is maintained while any remaining area
is zero-padded.

To be compatible with most video classification models, the resulting video segments
are converted to a tensor format (RE*T*HXW) with C channels, T frames, and some height
H and width W. The dataset is split into a training- and validation set of roughly 80%
and 20% respectively as provided by the research by Zia et al. [40]. This division remains
unchanged throughout all experiments.

5.3 Active learning protocol

The following protocol describes a general set of instructions executed identically across all
active learning experiments. Three active learning strategies, namely Max-Entropy [42],
Cluster-Margin [31] and Core-Set [12] are used to draw samples from the unlabeled pool
iteratively. The active learning strategies are then compared against a random sample.

Each model is fine-tuned on an initially chosen sample of varying size after which active
learning is applied to select label candidates. The samples selected by the query strategy
are added to the labeled set after which the model is reset to its initial state and re-trained
on the updated labeled set. The re-initialization step is performed to avoid unwanted side
effects such as catastrophic forgetting or any other influence from previous active learning
iterations [71]. The budget of each query is kept consistent at 3% of the dataset throughout
all experiments.

5.4 FEvaluation metrics

In each experiment, model performance is evaluated on a held-out validation set using
micro- and macro-average F1 scores. Ryotqr and Piye refer to the summed recall and
precision across all classes and M denotes the set of class labels. Macro averages were
chosen due to the nature of the dataset, as reporting global accuracy measures can give a
biased representation of model performance when applied to highly imbalanced datasets.
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Chapter 6

Experimental results

6.1 Experimental outline

According to the framework and protocols established in chapter 5, a series of experiments
were conducted to provide answers to each of the research questions. Additional infor-
mation about the practical implementation of each experiment can be found in Appendix

B.

6.1.1 Experiment: the influence of the size and selection of the initial
training set on active learning outcomes

Initially, the effect of the choice and size of the initial training set on different active learning
strategies is assessed in isolation to establish a baseline for comparison. The initial training
set is determined by randomly sampling various percentages of the available data. For each
initial training size, multiple random samples are taken and compared.

The initial training sizes were 5, 10, 15, 20, and 25 percent respectively. Starting from
a model trained on these initial training sets, the active learning protocol, as described
in section 5.3.1, was followed in each experiment. The query budget for selecting label
candidates was kept consistent at 3% throughout the experiment. Further details regarding
the implementation, and choice of hyper-parameters are addressed in appendix B.

We assess the influence of the initial training set across three different dimensions, by
analyzing its effect on: model performance, model uncertainty and label candidate selection
respectively.

6.1.2 Experiment: the influence of pre-training on active learning out-
comes

To assess the effect that contrastive learning has on active learning outcomes, the model is
pre-trained on the instance discrimination task through self-supervised contrastive learn-
ing. The MoCo framework [72] with key/query model optimization and queue mechanism
is used to pre-train the model on the instance discrimination task. In this setup, a non-
linear projection head is appended to the model’s backbone to map the features to an
embedding space where the contrastive loss is applied.

The model that performs best during a linear evaluation on the behavior classification
task is selected for further evaluation (figure A.3b). The execution of this experiment is
identical to the previous experiment and all models are analyzed along the same three
dimensions.
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6.1.3 Experiment: informed selection of the initial training set

Lastly, the underlying structure of the feature representations derived from self-supervised
pre-training is used to draw a representative sample using the unsupervised selection
method described in chapter 5. The embedding space is divided into 100 clusters us-
ing the k-Means algorithm, after which they are sorted by increasing size. Starting from
the smallest cluster, prototypes with the highest typicality score (as defined in chapter 5)
are iteratively selected from each cluster. The number of neighbors to be included in the
calculation of the typicality score was set to 20 and clusters with less than 5 members were
ignored during selection.

This cycle is repeated, starting from the smallest unsaturated cluster until the total
budget is exhausted. The proposed initial sampling method is compared to random sam-
pling in terms of class distribution of the initial seed as well as classification performance.

6.2 Experiment: the influence of the size and selection of the
initial training set on active learning outcomes

6.2.1 Analysis of model classification performance

Figure 6.1 depicts global macro Fl-scores for the evaluated active learning strategies start-
ing from three different sizes and selections of the initial training set. In addition, class-wise
F1l-scores and averages are reported in table 6.1. Notably, the overall performance on the
validation set varies significantly across different initializations. Findings are discussed for
each initial budget.
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F1GURE 6.1: Comparison of global macro Fl-scores of different active learning
strategies when varying the size of the initial training set.
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% of labels used for the initial training set
Behavior 5% 10% 15% 20% 25%
Grazing 0.88 0.91 0.92 0.92 0.92
Resting (lying) 0.66 0.78 0.79 0.81 0.80
Resting (standing) 0.70 0.73 0.77 0.79 0.80
Hidden 0.30 0.48 0.57 0.56 0.56
Ruminating (lying) 0.44 0.68 0.64 0.70 0.68
Drinking 0.37 0.74 0.72 0.77 0.75
Ruminating (standing)  0.44 0.42 0.48 0.59 0.72
Other 0.10 0.13 0.18 0.20 0.21
Walking 0.33 0.45 0.37 0.51 0.50
Grooming 0.11 0.13 0.23 0.52 0.55
Running 0.00 0.00 0.00 0.00 0.50
Global average (micro) 0.70 0.79 0.79 0.81 0.81
Global average (macro) 0.39 0.53 0.52 0.58 0.63

TABLE 6.1: Comparison of average Fl-scores per class for various data budgets
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when fine-tuning end-to-end on the behavior classification task

Small initial budget (5%)

None of the active learning strategies can outperform random sampling consistently when
starting from this initialization. It can be observed that the diversity-based method (Core-
Set) achieves competitive performance to random sampling. Cold-start effects occur when
using uncertainty-based methods (Max-entropy and Cluster Margin), as both of these
strategies perform consistently worse on the validation set compared to random sampling

until a large portion of the entire data budget has been exhausted.

Minority classes such as walking, drinking, and grooming are poorly recognized. Ob-
serving from figure 6.2a, these classes are relatively underrepresented in the initial training
set and often confused with one of the majority classes (figure 6.3). It is evident that,
given this initialization, the model shows a consistent bias towards grazing and resting

behaviors.
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FIGURE 6.3: Confusion matrix at 5% initialization, normalized over the true be-
havior labels.

Medium initial budgets (10 — 15%)

Given a slightly larger initialization set, a clear difference in the effectivity of different
active learning strategies is observed compared to a smaller initial budget. The Cluster-
Margin strategy consistently outperforms all other strategies throughout iterations. In
addition, the entropy-based strategy, while still inferior to random sampling, exhibits less
pronounced detrimental effects on model generalization.

Observing figure 6.2b, minority samples are slightly more represented in the initial
training set and the error rate and its spread have been reduced compared to the previ-
ous initialization. Not all classes have improved from the addition of data. Resting and
rumination in the standing pose are commonly confused (figure 6.4).
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FIGURE 6.4: Confusion matrix at 10% initialization, normalized over the true
behavior labels.
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Large initial budgets (20 — 25%)

In (relatively) larger initial budgets, the effectivity of uncertainty-based methods over
other strategies is apparent. A relative improvement over the 100% baseline is observed
for the Max-Entropy strategy (figure 6.1b), indicating that, with sufficient initialization,
this strategy can surpass generalization performance compared to when all data is used.
However, as the data budget is exhausted further, this relative improvement diminishes.
In observing the confusion in model predictions, as seen in figure 6.5), bias towards
majority predictions has been reduced to a large extent. Although many of the minority
behaviors in standing pose are still misclassified.
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FIGURE 6.5: Confusion matrix at 20% initialization, normalized over the true
behavior labels.

6.2.2 Analysis of model uncertainty

A viable stage to initiate uncertainty sampling can be hypothesized as follows: the majority
of correct predictions should exhibit very low entropy, indicating high confidence, while the
majority of incorrect predictions should have a relatively high entropy in their probability
distributions. Furthermore, the distribution of entropy should have stabilized to some
extent, such that the addition of a few samples does not result in drastic changes in
distribution. Lower-entropy, correct predictions are a prerequisite to minimize redundancy
in sample selection, while incorrect predictions with high entropy are necessary for the
selection and correction of ambiguous, difficult cases that the model can improve upon.
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FIGURE 6.7: Initial proportions of incorrect predictions and their corresponding
entropy when observed across different initial training sizes

To investigate the dynamics in model uncertainty, the proportions of correctly and
incorrectly predicted samples, and their prediction entropy have been visualized in figure
6.6-6.7 across different initial training sets.

The resulting figures indicate that common behaviors, such as grazing and resting are
well recognized with relatively low uncertainty, regardless of the initial budget size. On
the other hand, minority classes (e.g. drinking, ruminating, grooming, walking), show a
relatively large proportion of incorrect predictions with low entropy in the smaller initial
data budgets. This signifies that the model is not only predicting these samples poorly
at these stages but is highly confident in its incorrect predictions. When starting active
learning based on maximizing uncertainty, these minority classes are thus mostly ignored
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in initial iterations, potentially causing long-term detrimental effects to the recognition of

such minority classes.

6.2.3 Analysis of label candidate selection
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=3
3
e
3
=3
3

=3
>
=3
>
=3
>

4
n
4
n
4
n

N
=
I
=
I
=

e
&
e
&
e
&

(normalized per class)
(normalized per class)

I

o
I
o

Selected data proportion
(normalized per class)
Selected data proportion
Selected data proportion

g

"”alﬁ,,g
M0

g’b”’m’

Behavior Behavior Behavior

(A) Max-Entropy (B) Cluster-Margin (c) Core-Set

FIGURE 6.9: Class distribution of selected label candidates in the first 3 active
learning iterations (20% initialization)

As shown in figures 6.2a, minority classes are under-represented and poorly recognized
when the initial labeled budget is small. Previous analysis on model uncertainty shows
that these minority classes are misclassified with high confidence, which could indicate that
decision boundaries have not sufficiently developed.

This is reflected in the class distribution of selected samples across iterations, where mi-
nority classes are prioritized less in the early stages (figure 6.8). Consequently, uncertainty-
based methods fail to identify sufficient minority samples to improve over random or di-
versity sampling, leading to cold-start effects. With larger initial budgets, minority classes
become better represented and decision boundaries more developed, enabling uncertainty-
based methods to more effectively identify them for labeling as reflected in figure 6.9.

The diversity-based strategy (Core-Set) is least influenced by the size of the initial
training set, as reflected in less pronounced differences between the selected behaviors
across different initializations. This finding is in line when observing the performance
across active learning iterations, where minor differences are observed (figure 6.1b).
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6.2.4 Conclusions
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FIGURE 6.10: The impact of varying the initial training set size on the global macro
Fl-score of various active learning strategies, shown as the difference compared to
the randomly sampled baseline.

Figure 6.10 depicts a type of phase transition in which the performance of active learn-
ing strategies over the randomly sampled baseline shifts as the size of the initial training set
increases. The size of the initial set appears to have a significant impact on the effectivity
of the uncertainty-based methods in particular, in which this phase shift is most apparent.
In these active learning strategies, the cold-start phenomenon arises when starting from
an initial seed of 5% as active learning strategies, especially those based on model uncer-
tainty, perform consistently worse on the validation set compared to random sampling. An
analysis of class distribution and model confusion, combined with the model’s classification
performance (Table 6.1), suggests that the imbalanced nature of the dataset introduces a
bias toward majority classes due to insufficient representation in the initial sample.

This bias is evident when observing the distribution of entropy in low-budget initializa-
tions. The model produces overly confident predictions in favor of these majority classes,
making model uncertainty an unreliable metric for sample selection.

In addition to initial seed size, the make-up or distribution of the initial seed appears
to have a long-term effect on the effectivity of the active learning strategy. This is reflected
by differences in model performance within the same active learning iteration. These
differences can be sufficiently large in some cases that the best active learning strategy is
not consistent across different samples of the same initial starting budget.

Observing either macro or micro average scores alone might give a biased view of the
performance increases. Micro Fl-score only increases by 15.7% after increasing the training
data 5 times, whereas the macro average increases by 74.3%. Furthermore, even under a
very low budget of 5%, we already reach 82.6% of the total potential realized when training
with 100 percent of the available labels. For this reason, a supplementary analysis based
on micro Fl-score has been provided in chapter 7.
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6.3 Experiment: the influence of pre-training on active learn-
ing outcomes

6.3.1 Analysis of model classification performance

% of labels used for the initial training set
Behavior 5% 10% 20%
Baseline CL Baseline CL Baseline CL

Grazing 0.88 0.87 0.91 0.87 0.92 0.89
Resting (lying) 0.66 0.73 0.78 0.77 0.81 0.78
Resting (standing) 0.70 0.72 0.73 0.73 0.79 0.77
Hidden 0.30 0.41 0.48 0.45 0.56 0.45
Ruminating (lying) 044 060 068 069 070  0.70
Drinking 0.37 0.63 0.74 0.64 0.77 0.64
Ruminating (standing) 0.44 0.42 0.42 0.61 0.59 0.77
Other 0.10 0.11 0.13 0.10 0.20 0.16
Walking 0.33 0.05 0.45 0.07 0.51 0.17
Grooming 0.11 0.23 0.13 0.11 0.52 0.16
Running 0.00 0.00 0.00 0.00 0.00 1.00

Global average (micro)  0.70 0.73 0.79 0.77 0.81 0.77
Global average (macro)  0.39 0.43 0.51 0.46 0.58 0.57

TABLE 6.2: Comparison of average Fl-scores per class for various data budgets
when fine-tuning pre-trained models on the behavior classification task

Table 6.2 provides a detailed overview of class-wise Fl-score with- and without applying
self-supervised contrastive learning as a pre-train step. In addition, figure 6.11 depicts
active learning outcomes for the pre-trained models. Results are discussed for each initial
budget.
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Small initial budget (5%)

The observed scores indicate that the pre-trained models surpass the baseline model in
recognizing most classes during initialization, suggesting better initial adaptation to the
behavior classification task. However, pre-trained models show a stronger bias towards
the majority class grazing, with a larger proportion of minority classes being classified
incorrectly.

In addition, the initial improvements are short-lived when observing model performance
across active learning iterations. The relative improvement in the first 5 active learning
iterations is significantly smaller compared to the baseline model, with only a 32.6% in-
crease in macro-average Fl-score. When using all available labeled data, macro-F1 score
plateaus at 0.64 versus 0.73 were observed in baseline models, indicating a relatively poor
recognition of minority classes.
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FIGURE 6.12: (Pre-trained) confusion matrix at 5% initialization normalized over
the true behavior labels.

Medium initial budgets (10 — 15%)

For the majority classes, both models perform comparably across medium budget sizes
with marginal differences in F1 scores. However, models that were pre-trained with self-
supervision show poor performance in recognizing minority classes and a larger discrepancy
between micro and macro average F1 scores. Similar to previous findings, a stronger bias
towards majority classes is observed compared to baseline models 6.13. However, pre-
trained models are able to discriminate between rumination and resting in similar postures
(standing- or lying) more often compared to baseline models, indicating a better separation
of both classes in the representation space.
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FIGURE 6.13: (Pre-trained) confusion matrix at 10% initialization normalized over

the true behavior labels

Large initial budgets (20 — 25%)

Similar observations as in previous budgets are made for larger budgets. Global macro-F1
scores are similar, yet give a biased view of model performance due to the recognition of the
running class. Overall recognition of minority behaviors is significantly worse in comparison

to baseline models.

Figure 7?7 shows the correct and incorrect classification rates for

20% initializations respectively. It can be observed that the models that received self-
supervision are more biased towards predicting the largest majority class (grazing), even
for larger initial budgets. The stagnation of improvement in the recognition of minority
classes indicates that pre-trained models do not adapt well to additional data compared

to baseline models.
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6.3.2 Analysis of model uncertainty

A striking difference in model uncertainty between models that received self-supervised
pre-training and models without pre-training is a larger proportion of high uncertainty in
predictions. This uncertainty persists firmly across an increasing initial budget, whereas in
baseline models, the proportion of highly uncertain samples often decreases as more labels
become available.
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While the relative proportion of incorrect predictions decreases for most classes as more
data becomes available, the persistent high uncertainty implies that the pre-train model
struggles to learn from additional data effectively. The persisting bias towards the majority
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class, as well as the persisting proportion of high-uncertainty samples, could suggest that
pre-trained models are under-fitting to the dataset.

6.3.3 Analysis of label candidate selection

Figure 6.17 and 6.18 depict the label candidates selected by each active learning strategy
during the first 3 iterations. Similarly to previous observations (figure 6.8 and 6.9), minority
classes are prioritized less when starting from a small initial budget.

One interesting observation that differs from the baseline models is that even in later
training stages, all active learning strategies spend a considerable percentage of the total
budget on grazing samples. For example, in the first iteration, max-entropy sampling as-
signs 33% of the budget on grazing samples, which was only 18% on average for models that
did not receive pre-training. Likewise, Core-Set spends 54% (previously 45%) towards this
class and Cluster-Margin selects 21% versus the previously observed 12%. This suggests a
degree of redundancy in sampling, hindering improvement across iterations.
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6.3.4 Conclusions

Figure 6.19 depicts a similar phase transition as observed in baseline models (figure 6.10)
with less pronounced differences between strategies in larger initial budges. No significant
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F1-score of various active learning strategies when applied to pre-trained models,
shown as the difference compared to the randomly sampled baseline.

differences between the effectivity of different sampling strategies were observed after pre-
training, indicating that pre-training did not reduce cold-start effects.

The analysis highlights that self-supervised contrastive pre-training initially benefits
recognition of most behavior during initialization when the label budget is small (5%),
particularly for the majority classes. However, pre-training results in inferior performance
as more data becomes available. In particular, recognition of minority behaviors degrades
significantly compared to the baseline models.

In active learning outcomes (figure 6.1¢), long-term performance plateaus below the
baseline established by previous models that did not receive pre-training. An analysis
of the confusion rates as well as the uncertainty in predictions suggests a strong and
persisting bias towards majority classes. Such biases are reflected in the selected sample
candidates of each active learning strategy, which spend a considerably larger proportion
of its budget on majority classes. The early plateau, combined with poor recognition of
minority behaviors and high uncertainty in predictions suggests that pre-training causes the
models to consistently underfit to the data, a complementary analysis is given in chapter
7.

6.4 Experiment: informed selection of the initial training set

6.4.1 Analysis of model classification performance

Table 6.3 displays classification performance on the validation set when using the pro-
posed initial training set selection method versus random selection. The proposed sam-
pling method, which maximizes typicality across representation clusters, does not show
consistent improvements over random sampling of the initial training set and is found to
be detrimental in large budgets.

6.4.2 Analysis of behavior distribution of the initial training set

When observing the average distribution of behaviors selected by both random and in-
formed sampling strategies, some notable differences are visible. In small budgets, a rela-
tively larger proportion of walking samples are selected by the informed sampling strategy
compared to random samples. However, the additional representation in the initial training
set results in detrimental performance on class recognition. Meanwhile, despite sampling
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similar amounts of the drinking samples, models trained on the dataset derived from in-
formed sampling show considerably better recognition in this category.

% of labels used for the initial training set

Behavior 5% 10% 20%

Random  Typical Random  Typical Random  Typical

Grazing 0.88 0.87 0.91 0.90 0.92 0.91
Resting (lying) 0.66 0.72 0.78 0.77 0.81 0.80
Resting (standing) 0.70 0.64 0.73 0.76 0.79 0.82
Hidden 0.30 0.32 0.48 0.48 0.56 0.54
Ruminating (lying) 0.44 0.58 0.68 0.65 0.70 0.73
Drinking 0.37 0.53 0.74 0.72 0.77 0.78
Ruminating (standing) 0.44 0.33 0.42 0.38 0.59 0.48
Other 0.10 0.07 0.13 0.32 0.20 0.27
Walking 0.33 0.16 0.45 0.26 0.51 0.35
Grooming 0.11 0.04 0.13 0.49 0.52 0.33
Running 0.00 0.00 0.00 0.00 0.00 0.00
Global average (micro)  0.70 0.71 0.79 0.78 0.81 0.80
Global average (macro)  0.39 0.39 0.53 0.52 0.58 0.55

TABLE 6.3: Comparison of average Fl-scores per class for various data budgets
when using random sampling versus informed sampling for initial training set se-
lection.
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6.4.3 Conclusions

The proposed informed sampling strategy failed to outperform random sampling for the
initial training set consistently. For larger labeling budgets, it often underperformed, in-
dicating that the representation space learned via self-supervised contrastive learning may
not sufficiently separate behaviors and prototype-based selection offers little advantage
over random sampling. However, only a single parameter configuration was evaluated,
highlighting the need for further research on the effects of each parameter.

The effect of informed sampling over random sampling in active learning outcomes
was not investigated in this research and would require further investigation. Despite
similarities or differences in class distribution, it is difficult to deduce any claims about
the relationship between class representation and the realized performance in behavior

prediction.
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Chapter 7

Discussion

This section discusses complementary insights to the previously obtained results (section
6) through additional analyses.

7.1 Experiment: the influence of the size and selection of the
initial training set

7.1.1 Analysis of micro-F1 score in active learning outcomes
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FiGURE 7.1: Comparison of global micro Fl-scores of different active learning
strategies across varying initial budgets

Macro-averages can give a more complete view of model performance across all behav-
iors. Therefore, the macro Fl-score was mainly used as an evaluation metric to compare
different active learning strategies. However, this metric can give a biased view of perfor-
mance in certain cases. For example, the macro Fl-score may increase considerably while
the total error rate across all samples increases.

Figure 7.1 depicts the micro-F1 score for active learning outcomes across different ini-
tializations. It can be observed that the overall improvement in the micro F1-score is much
smaller than the macro Fl-score. This is mainly caused by the majority of classes that
are being recognized well across all budgets (table 6.1). Notably, the micro F1 score does
follow similar patterns as observed for the macro F1 score in terms of active learning out-
comes, albeit at a smaller scale. Improvements over random sampling are relatively small
compared to the macro F1-score, which by itself can give an inflated sense of improvement.
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7.1.2 Analysis of spread in class-wise performance during initialization
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FIGURE 7.2: The observed averages in class-wise performance change when in-
creasing the number of initial samples (n = 10 versus n = 3).

The results presented in section 6 are based on only three random initializations per
initial training set size. This is a limitation imposed by the high computational cost of
training and evaluating active learning strategies. In active learning, where performance
can vary based on the choice of the initial labeled set, this limited sampling risks intro-
ducing bias into the interpretation of the effectiveness of different strategies. Training the
initial model requires only a fraction of the computational resources compared to evalu-
ating multiple active learning iterations. Thus, we choose to analyze the class-wise model
performance of the initial model using a greater number of random samples.

Figure 7.2 demonstrates this by comparing performance from ten different random
initializations as opposed to three. The previously reported mean (denoted by the red
cross) often deviates from the newly observed mean (indicated by the horizontal zero-
crossing line), highlighting the influence of sampling variability. Notably, this discrepancy
diminishes as the initial budget increases to 20%, suggesting that larger budgets could
reduce the impact of random initialization variability. However, even with 10 random
initializations, the statistical significance remains limited. The variability introduced by the
small sample sizes used in this study should be considered when interpreting the reported
results.

7.2 Experiment: the influence of pre-training

7.2.1 Linear evaluation versus end-to-end fine-tuning of pre-trained mod-
els

Table 7.1 summarizes the average model performance on held-out data when trained using
different initial budget sizes with and without pre-training. Linear evaluation suggests
that some adaptation to the target domain has occurred, as seen by an improvement
in micro- and macro-average F1 scores. However, contrastive learning only provides an
advantage when limited data is available. The results achieved during linear evaluation
seem contradictory to those observed when fine-tuning the entire model. To investigate
whether truly informative features have been learned, we vary the depth of the classification
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head during evaluation by introducing one or more fully connected layers, followed by a
non-linear activation function as suggested by Chen et al. [73|. The results given in figure
7.3 suggest that the features learned by the encoder are useful to the downstream task
and can even achieve similar or improved performance compared to fine-tuning the entire
model while requiring a fraction of the computation.

Frozen Micro Fl-score Macro F1l-score

% of labels Baseline CL | Baseline CL

5% v 0.626 0.634 0.302 0.340
10% v 0.678 0.684 0.404 0.428
20% v 0.692 0.707 0.425 0.441
100% v 0.734 0.726 0.510 0.497
5% X 0.696 0.728 0.388 0.427
10% X 0.786 0.769 0.526 0.463
20% X 0.812 0.773 0.577 0.574
100% X 0.835 0.812 0.727 0.642

TABLE 7.1: Comparison of micro- and macro- Fl-score after performing linear
evaluation (v/) and end-to-end fine-tuning (X) with various initial label budgets.
CL refers to the models that received self-supervised pre-training while Baseline
refers to the models that did not.
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FIGURE 7.3: Increasing the depth by introducing additional non-linear layers in
the classification head improves performance on the validation set during linear
evaluation.
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7.2.2 Analysis of activation maps across varying initial budgets

Figure 7.4 illustrates the activation maps of the same frame, taken from a sample of each
behavior class across different models that were trained using a different percentage of
labels. Interestingly, as the data budget increases, the point of high activation appears
to shift. For example, in drinking and grooming behaviors, higher-budget models ap-
pear to become more focused on the animal, suggesting a change in how models learn
to detect these behaviors. Notably, some differences emerge between models that were
pre-trained using self-supervised contrastive learning and those that received no such pre-
training. This could signify that initial features learned through self-supervision can cause
persisting differences in the features learned by the model as it is being fine-tuned to the
downstream task. For minority classes such as drinking and grooming, the baseline model
predominantly activates regions on the animal itself, whereas models leveraging contrastive
pre-training often exhibit activations around the animal rather than directly on it. A more
robust, quantitative analysis is required to substantiate these observations and determine
their significance in the model’s predictions.

Baseline Pre — trained
5% 10% 20% 0% 5% 10%

20%

FIGURE 7.4: Comparison of activation maps across different model initializations
and behavior classes
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In addition, the focus of these activation maps uncovers some potential for data leakage
in the dataset. For example, in observing the activations of the ruminating cow (third row),
high activation is seen around the number drawn on the coat of the animal, as used for
labeling purposes. Such numbers could be exploited given that each cow has a particular
distribution of behavior within the dataset. However, in similar cases such as the grazing
cow (first row), fixation on these numbers is not observed. Another form of potential
data leakage is the water reservoir commonly visible in samples of behavior type drinking
(seventh row. Strong activations are observed on and around such drinking reservoirs in
certain models. This suggests that the visibility of such contextual cues is currently being
exploited by the model to some extent.

However, visual inspection of the activation maps does not constitute a strong founda-
tion of proof. A more elaborate analysis is required to determine the potential and degree
of data leakage in this dataset.

7.2.3 Analysis of learning dynamics across active learning iterations for
baseline and pre-trained models
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FIGURE 7.5: Learning dynamics of the training and validation set across active
learning iterations (starting from an initial budget of 5%)

Figure 7.5 depicts the micro F1 scores on both training and validation sets throughout
epochs and label budgets (5% - 60%). Learning dynamics for all active learning strategies
can be found in Appendix A (figure A.1). Two observations can be made: (1) learning
dynamics of the pre-trained models show a larger degree of instability, as seen in the fluc-
tuation across epochs, and (2) pre-trained models show limited adaptation to the training
data and as a result plateau much earlier. Based on these observations, two hypotheses
are formalized to explain the observed difference in learning dynamics.

The case for under-fitting pre-trained models

As shown in figure 7.5b, the self-supervised models plateau earlier on both the training
and validation data. The early plateau observed during training could suggest that the
pre-trained models are unable to fully adapt to the training data, indicating a degree of
consistent under-fitting during training. Such claims could be supported by the obser-
vation that pre-trained models are consistently more biased towards majority classes in
comparison to baseline models (figures 6.12-6.14).

39



A potential explanation to this under-fitting could lie in the characteristics of the
instance discrimination task learned during self-supervised pre-training. In this task, the
model is driven to learn general representations that help identify similar, augmented
samples. Representations that are helpful to perform this task might not align perfectly
with the downstream task. Consequently, the learned representations may lack the fine-
grained, task-specific features to discriminate between behaviors.

Addressing this issue may require incorporating mechanisms during pre-training to
mitigate such discrepancies, such as class-aware contrastive losses, re-weighting strategies
or better positive/negative mining strategies, to ensure that self-supervised representations
are better aligned with the downstream classification task.

The case for over-fitting baseline models

As shown in Figure 7.5a, baseline models can achieve near-perfect recognition of the train-
ing data, while the validation accuracy plateaus much earlier. This generalization gap sug-
gests that the model stores information that does not contribute to recognizing unseen data
but instead memorizes specific aspects of the training set. Rather than the self-supervised
models under-fitting, the baseline models may be overfitting to specific patterns in the
training data. If data leakage does occur, such memorization can lead to artificially in-
flated validation performance, where non-relevant features (e.g., contextual elements) drive
predictions. As suggested in the previous analysis of activation maps, examples of these
features might include coat numbers, objects, specific textures, or background cues that
could correlate with certain behaviors.

In this context, the observed gap between the baseline and self-supervised models might
reflect the baseline models’ reliance on non-generalizable information. Consequently, the
performance achieved by pre-trained self-supervised models, while potentially lower, may
be more realistic and indicative of true generalization.
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7.3 Experiment: informed selection

7.3.1 Analysis of the spread in performance metrics for informed versus
random selections

Figure 7.6 displays the spread in classification performance on the validation set when
using the proposed initial training set selection method versus random selection. There is
insufficient evidence to suggest that informed sampling reduces variability in initial model
performance compared to random sampling. The range of micro- and macro-average F1
scores across initialization is relatively similar to that observed in models where the initial
training set was sampled randomly. It should be noted that, due to the small sample size
(n =5), results do not bear statistical significance.
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FIGURE 7.6: Comparison of model classification performance when sampling the
initial training set randomly versus sampling according to the maximization of
typicality as proposed in chapter 5
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Chapter 8

Limitations and future work

The proposed framework was not able to solve the cold-start problem in active learning
when applied to the behavior recognition task. In this section, we discuss some of the
potential limitations of the research as well as the potential for future work.

8.1 Limitations of the dataset

The CVB dataset used in this study contains footage recorded exclusively at a single pas-
ture. While this setup simplifies data collection and provides a controlled environment for
experimentation, it introduces limitations that must be considered when interpreting the
results. One of the key concerns is the potential for data leakage. Since all data originates
from the same location and cows, the model might unintentionally learn environment- or
animal-specific cues that do not generalize beyond this particular setting. Some of the
findings discussed in previous sections suggest the potential for data leakage based on the
coat pattern numbers.

In addition, the scale of the available data was limited, only spanning a total of 2
hours of footage. The lack of diversity in such a dataset may limit the ability to learn
representative features for some rare behaviors of interest, for which data is quickly depleted
in these experiments. This same lack of data could hinder the effective implementation
of contrastive learning approaches on the target domain. Empirical research suggests that
the approach used for contrastive learning is inherently data-hungry and was originally not
designed for problems where large data imbalances occur.

Due to these limitations, the ability of such models to recognize the same behavior
across different settings remains uncertain. Future research should address these limita-
tions by collecting footage from multiple pastures or barns. Furthermore, data leakage due
to contextual information such as the environment can be minimized through better seg-
mentation of the animals. Well-aligned segmentation masks contain much less background
information than bounding boxes used in this research.

Lastly, while not investigated in this work, others researchers have demonstrated the
potential of other modalities such as depth information or optical flow to aid in behavior
recognition. There is strong evidence in other research to suggest that drawing from
multiple data modalities, even besides image- or video based information can drastically
improve performance on a variety of different problems.

Although contextual cues, such as background information, have previously been men-
tioned as a potential risk for data leakage, they also offer a potential to enhance model
performance when used appropriately. For instance, the proximity of an animal to a feed
bunk can serve as a strong prior for predicting feeding behavior. Similarly, the state of
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dormancy and the animal’s position in cubicles can be valuable priors for identifying rest-
ing or ruminating behaviors. By carefully integrating these environmental cues, models
can make more informed predictions.

8.2 Limitations of self-supervised contrastive learning approach

There is a notable instability in the learning dynamics when fine-tuning the model that was
adapted to the target domain through contrastive learning (figure 7.5b). Linear evaluation
shows that some adaptation to the target domain has occurred, (table 7.1). Yet, models
that were pre-trained with a contrastive loss consistently under-fit the training data. The
instability in the learning dynamics could be due to a few factors introduced during the
contrastive domain adaptation.

Given that adaptation to the target domain has already taken place during the con-
trastive learning step, fine-tuning to the downstream task could require a much lower,
tuned learning rate compared to previous experiments. However, a sensitivity analysis to
confirm this hypothesis has not been conducted. Another hypothesis is that features that
are learned during instance discrimination do not align well with the downstream task. One
observation is that while the classification performance of the majority classes remains rela-
tively stable (table 6.1), the adapted model is still not as capable of discriminating between
similar minority classes as our baseline model. The induced bias towards these majority
classes introduces an artificial, potentially misleading improvement in summary statistics,
while recognition of minority classes remains relatively poor.

Additionally, the current contrastive learning approach uses instance discrimination as
a supervisory signal for training. One concern, given the characteristics of the dataset and
task, is that we risk over-clustering the representations and learning features that are not
helpful to the downstream task. The model does not necessarily learn to push together
similar behavior but only similar instances of that behavior. This is a side-effect of the
negative sampling strategy which considers all samples outside of a track to be different,
even when these two tracks might show the same behavior.

This is less of a concern in large and more diverse datasets such as Kinetics-400. There
is more inherent diversity between different activity classes across relatively different en-
vironments. In our case, the environment remains fixed and diversity between activities
can be minimal. For example, consider the difference between resting while lying versus
ruminating while lying. The pose and background remain very similar. This difference lies
mostly in a small repetitive movement of the head/jaw while ruminating.

The exact cause of the observed plateau and instability in learning dynamics has not
been determined, which makes it difficult to draw conclusions about the effectiveness of
the proposed method. Future research should investigate the underlying causes of insta-
bility in fine-tuning after contrastive domain adaptation. Another promising direction is
to revisit the contrastive learning objective itself. Instead of instance discrimination, fu-
ture work could explore task-aware or prototype-based contrastive learning strategies that
consider the inherent structure of the problem. In addition, there is room for improvement
in addressing the imbalance in class representations during contrastive learning. Future
work could explore minority-class-aware negative sampling or use some additional prior
knowledge to guide the negative and positive sampling selection process.
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8.3 Limitations of the proposed selection method for the ini-
tial selection set

The approach used to select the initial training set by maximizing typicality across rep-
resentation clusters relies heavily on the quality of the representations learned during the
pre-training stage. Beyond this, its success is influenced by three hyper-parameters, each
of which carries potential trade-offs:

e Number of clusters: Setting an inappropriate number of clusters can lead to
over-clustering or under-clustering of the representation space. Over-clustering risks
dividing the data into too many small groups, potentially leading to redundancy. On
the other hand, under-clustering can lead to overly broad clusters, reducing diversity
in the selected samples and missing finer distinctions between behaviors.

e Number of neighbors included in the calculation of the typicality score:
The number of neighbors used to determine the typicality can largely influence sample
selection. If too many neighbors are considered, density measures may be diluted,
making it difficult to identify clear, local prototypes. However, selecting too few
neighbors might put too much emphasis on local density variations, which could
result in selecting samples that do not effectively represent the entire cluster.

e Minimum number of samples per cluster: The threshold for the minimal num-
ber of samples in a cluster can have a large impact on the selection process. If set too
high, this parameter can exclude rare behaviors that are important in the behavior
classification task. However, if the threshold is too low, it risks selecting outliers that
are not representative of the broader dataset.

Future work should perform a more systematic analysis of these hyper-parameters and
how they influence sample selection for a broader range of problems. Furthermore, methods
to optimize or automate the selection of these parameters, based on data distribution or
task-specific requirements could further improve the approach.

8.4 Limitations in the evaluation of active learning strategies

A limitation of this research is that the evaluation method used during active learning
is computationally expensive and may not be as practical for commercial applications.
Specifically, the approach of fully re-training the model at each iteration, while standard
in research settings, adds a significant computational cost that reduces the overall cost-
effectiveness of active learning.

Furthermore, the hyper-parameters, such as the learning rate and regularization param-
eters, were determined based on the learning dynamics observed during the initialization
phase and remained fixed throughout the active learning process. This approach neglects
the fact that as more labeled data is incrementally added, the model’s learning dynamics
may shift. Consequently, using fixed hyper-parameters may lead to sub-optimal conver-
gence.

Future work could address these limitations by exploring more efficient evaluation
strategies during active learning, such as fine-tuning the model from previous iterations
instead of full re-training or applying continual learning strategies. Additionally, adaptive
hyper-parameter optimization techniques, such as learning rate schedules or warm-ups
could improve convergence and model performance across iterations. Implementing such
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approaches could make the practical applicability and scalability of active learning more
feasible.

Lastly, the active learning strategies evaluated in this research were not explicitly de-
signed to handle scenarios with significant class imbalances, which can hinder their effec-
tiveness in these contexts. These strategies may prioritize majority-class samples due to
their higher prevalence in the data, leaving minority classes underrepresented in the labeled
dataset.

Future work could focus on incorporating active learning strategies that explicitly ad-
dress class imbalance. For example, some active learning strategies use weighted uncer-
tainty metrics that give higher priority to uncertain samples from minority classes, ensur-
ing a more balanced representation in the labeled dataset. Another promising approach is
diversity-based sampling tailored to identify and prioritize underrepresented samples in the
feature space, effectively boosting the representation of minority classes. Furthermore, in-
corporating domain knowledge about the problem could further mitigate these challenges.
For example, prior knowledge about the expected behavior distribution or the relationships
between classes could guide the sampling process, ensuring a more representative selection
of samples.

8.5 Limitations of active learning as a learning paradigm

Active learning was not able to consistently offer a substantial improvement over regular
supervised learning practices during this research. The effectiveness of each active learning
strategy is determined by many factors that might not always be known beforehand such
as a sufficient amount of pre-training, selection of the best strategy at different stages
of model training, and the characteristics of the classification problem. However, active
learning is only one branch of a broader set of techniques developed to make machine
learning more efficient and sustainable. There has been a surge of interest in alternative
approaches such as self-supervised, semi-supervised, and few-shot learning. These methods
likewise show considerable potential for reducing the amount of costly annotations. There
appears to be a consensus that the field of machine learning as a whole should move to more
sustainable practices by leveraging unlabeled data more effectively, using a minimal amount
of annotated examples while striving to reduce the computational complexity /footprint of
training and maintaining deep learning models.
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Chapter 9

Conclusion

This study investigated the cold-start problem in applying active learning to livestock
behavior monitoring from video data. A framework for early-stage active learning was
proposed and assessed for its impact on reducing cold-start effects. The posed research
questions were addressed as follows:

Regarding the main research question, the findings indicate that the proposed frame-
work did not effectively reduce cold-start effects in the behavior classification task. The
success of active learning strategies remained heavily dependent on the size and make-up
of the initial training set. Furthermore, different strategies demonstrated varying levels of
effectiveness at different stages of the learning process.

The size and selection of the initial training set were found to have a large impact
on the performance of active learning strategies. Cold-start effects were mostly observed
when the initial budget was small, leading to an under-representation of minority classes
and a resulting bias toward majority classes in both model predictions and label candidate
selection. Additionally, uncertainty-based strategies were found to be poorly calibrated
in low-budget scenarios, yielding suboptimal results. Larger initial budgets helped reduce
cold-start effects, enabling uncertainty-based strategies to outperform random sampling.

Self-supervised pre-training did not yield improvements over baseline models and, in
fact, negatively impacted active learning outcomes. Pre-trained models exhibited a per-
sistent bias toward majority classes, poor recognition of minority classes, underfitting on
the training set, and unstable learning curves. These issues remain poorly understood and
require further investigation.

Regarding informed initial training set selection, no substantial advantage was ob-
served over random sampling. Both methods performed similarly at lower initial budgets
and showed a slight performance decline with larger budgets. While differences in behav-
ior distributions were noted between the methods, no conclusive relationship was found
between sample selection and model generalization.

The findings highlight that cold-start effects remain a significant challenge in imbal-
anced classification problems such as livestock behavior monitoring. Addressing this issue
requires further research to develop more robust methods for mitigating cold-start effects.
Potential directions include exploring alternative pre-training approaches to improve rep-
resentation learning for minority classes and refining active learning strategies to handle
imbalances more effectively.
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Chapter 10

Disclaimer: use of Al tools

During the preparation of this work, generative Al tools such as ChatGPT were consulted
to review and improve the clarity of the research paper. No research findings, data analysis,
or original contributions were derived using such tools. The conclusions presented in this
study are the sole product of the authors’ independent work.
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Appendix A

Learning dynamics of active
learning- and self-supervised
pre-training experiments

A.1 Active learning (baseline models)
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FIGURE A.1: Learning dynamics of the evaluated active learning strategies when
applied to baseline models (starting from an initial budget of 5%)
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A.2 Active learning (pre-trained models)
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FIGURE A.2: Learning dynamics of the evaluated active learning strategies when
applied to self-supervised pre-trained models (starting from an initial budget of 5%)
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A.3 Self-supervised contrastive pre-training
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FIGURE A.3: Learning dynamics observed during self-supervised contrastive pre-
training. The contrastive loss objective has been visualized on the left and on
the right the macro-average F1l-score when performing a linear evaluation of the
behavior classification task
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Appendix B

Practical implementation

B.1 Backbone architecture

The S3D [74] architecture was chosen as the backbone architecture for all experiments in
this research. This backbone was chosen due to its ubiquitous use in prior works.

B.2 Pre-training

All pre-training experiments were conducted using a single NVIDIA A100 GPU. We use
momentum contrastive learning (MoCo) [72] with InfoNCE loss as our objective function.
All models were trained for 250 epochs with a batch size of 32 and a queue size of 512.
Gradient descent with the Adam optimizer |75| was applied, starting from a learning rate of
1-1073 and a weight decay of 5-107%. Other hyper-parameters were kept identical to those
used in previous research by Han et al. [76]. For more details about the implementation,
we refer to their work.

B.3 End-to-end fine-tuning

All fine-tuning experiments were conducted using a single NVIDIA Tesla T4 GPU. In the
experiments that do not use contrastive learning, we apply transfer learning and fine-tune
the model trained on the Kinetics-400 dataset[74]. Each model was fine-tuned for 50 epochs
using a batch size of 16. SGD was used as an optimizer with an initial learning rate of
11073 and weight decay of 1-107%. Dropout was applied before the final classification
layer with a probability of 0.3. Each sample was augmented by cropping, flipping, or
adjusting the brightness, contrast, and saturation values. For more implementation details
we kindly refer to the repository attached to this work.

B.4 Linear evaluation

Similarly to end-to-end fine-tuning, experiments were conducted using a single NVIDIA
Tesla T4 GPU. We follow a consistent linear evaluation protocol in which we connect one
or more dense layers to the output of the frozen encoder. In the case of multiple dense
layers, we introduce non-linearity by applying ReLLU as an activation function between
dense layers. We apply global batch normalization and train the classification head on
the downstream task for 50 epochs. Batch size was set to 16 and SGD was used as an
optimizer with an initial learning rate of 1-10~2 and weight decay of 1-107%.
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