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Abstract

The task of saliency prediction focuses on understanding and modeling human visual attention
(HVA), i.e., where and what people pay attention to given visual stimuli. Audio has ideal properties
to aid gaze fixation while viewing a scene. There exists substantial evidence of audio-visual interplay in
human perception, and it is agreed that they jointly guide our visual attention. Learning computational
models for saliency estimation is an effort to inch machines/robots closer to human cognitive abilities.
The task of saliency prediction is helpful in many digital content-based applications like automated
editing, perceptual video coding, human-robot interactions,etc.

The field has progressed from using hand-crafted features to deep learning-based solutions. Efforts
on static image saliency prediction methods are led by convolutional architectures. The ideas were ex-
tended to videos by integrating temporal information using 3D convolutions or LSTM’s. Many sophis-
ticated multimodal, multi-stream architectures have been proposed to process multimodal information
for saliency prediction.

Despite existing works of Audio-Visual Saliency Prediction (AVSP) models claiming to achieve
promising results by fusing audio modality over visual-only models, most of these models only con-
sider visual cues and fail to leverage auditory information that is ubiquitous in dynamic scenes. In this
thesis, we investigate the relevance of audio cues in conjunction with the visual ones and conduct exten-
sive analysis to analyse the cause of AVSP models being superior by employing well-established audio
modules and fusion techniques from diverse correlated audio-visual tasks. Our analysis on ten diverse
saliency datasets suggests that none of the methods worked for incorporating audio. Our endeavour
suggests that augmenting audio features ends up learning a predictive model agnostic to audio . Fur-
thermore, we bring to light, why AVSP models show a gain in performance over visual-only models,
though the audio branch is agnostic at inference.

Our experiments clearly indicate that visual modality dominates the learning; the current models
largely ignore the audio information. The observation is consistent while using three different audio
backbones and four different fusion techniques and contrasts with the previous methods, which claim
audio as a significant contributing factor. The performance gains are a byproduct of improved training
and the additional audio branch seems to have a regularizing effect. We show that similar gains are
achieved while sending random audio during training. Overall our work questions the role of audio in
current deep AVSP models and motivates the community to a clear avenue for reconsideration of the
complex architectures by demonstrating that simpler alternatives work equally well.

vi
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Chapter 1

Introduction

Figure 1.1: Example frames from a multi-person conversation video ( rst column) and the correspond-
ing saliency (second column). ViNet is a visual-only saliency prediction model, and AViNet is an
audio-visual saliency prediction model. AViNet gives better predictions in this example. On the rst
re ection, it appears that audio plays a key role. However, when performing inference with zero audio
[AViNet-0] and random audifAViNet-R], the output predictions are identical. Clearly, the audio is ob-
solete at inference. Our work nds that the audio branch may merely act as a regularizer and motivates

a review of multi-modal interaction in audio-visual saliency prediction models.



1.1 Motivation and Background

The human visual attention (HVA) mechanism facilitates diverse information processing in our sur-
roundings by localizing the most prominent (salient) region[26]. Predicting the salient regions in a scene
is a fundamental ability, which empowers primates to rapidly analyze/interpret the complex surround-
ings by locating and devoting the focus only on sub-regions of interest [30]. Mimicking this ability in
machines is a fundamental research problem [5] and is actively pursued in the domains of computer
vision, cognitive science, robotics, and human-computer interaction. A primary way to address the
problemisto rst compile ground truth regarding where viewers gaze in the scene via eye-tracking hard-
ware, train machine learning models, and perform prediction on novel unseen video computationally.
This task is commonly referred as saliency prediction and is shown to be effective in many downstream
applications such as video surveillance [72], cinematic editing [4 7], video captioning [49], virtual real-
ity [57], video compression[25], human-robot interaction [20], scene classi cation[4], region tracking
[21], proposal re nement[10], etc., owing to it's ability to prioritize the video information across space
and time.

(a) RGB Image (b) Saliency Map (c) Fixation Map

Figure 1.2: An example of Saliency and Fixation Map

From atheoretical perspective, saliency prediction with computational models of saliency correspond
to the mechanism that results in deployment of human attention to a region in an image or video.
For saliency prediction, the ground-truth data is a xation density map (saliency map) obtained from
eye movements of human observers (Fig. 1.2). Audio-visual eye tracking data is required in order to
build a multi-modal saliency model, e.g. for training and evaluation, and investigating the contribution
of modalities. In other words, one has to record xations of observers while both audio and visual
modalities are presented simultaneously and synchronously.

Initial efforts on the problem of video saliency predictions were limited to visual-only input. For
instance, larger datasets like DHF1K [68] discard audio information during ground truth collection
and ask users to look at silent videos. However, discarding audio information contrasts with our real-
life behavior, where we simultaneously perceive visual and audio modalities. Psychological studies
[52], [67] indicate the impact of audio in directing the human gaze. To understand the role of audio,
comprehensive eye-tracking analysis [17, 43] demonstrates that while observing a dynamic scene, the



sound will in uence HVA. Audio with distinct categories, e.g., object sound, music, human voice,
surrounding noise, etc., have different degrees of in uence [59].

Plethora of datasets [68, 38, 14, 46, 40, 55, 35, 24, 44, 31, 62] have emerged with encouraging re-
sults and claim audio as a strong cue for multi-modal (audio-visual) video saliency prediction. These
datasets have tried to capture audio-visual sequences of moving objects, dynamic natural scenes with
multiple auditory conditions, short clips of actions, movie clips, unstructured user-made videos by tra-
ditional well controlled psychological experiments. Coutrtal]16], introduced a dataset claiming
the improvement of only speed and accuracy of eye movement using audio-visual stimuli , compared
to just audio or visual modality, according to which eyes tend to xate more on the regions of sound
sources. Bene ting from the growth of data volume, the last decade has witnessed remarkable progress
in saliency detection, and plenty of methods have been proposed and achieved superior performances,
especially the deep learning-based methods that have yielded a qualitative leap in performance.

A series of audio-visual saliency prediction methods followed based on the feature integration theory
(FIT). i.e. individual modalities are mapped into a feature space and a saliency map is obtained by
combining these features. Tavakadt al.[62] proposed an audio-visual deep learning model (DAVE),
where the audio and visual features are both encoded using a 3D Resnet, concatenated and sent to a
decoder. Minet al. [45] predicts audio saliency by canonical correlation of visual and audio features
and then fuses it with deep learning-based saliency models. Most state-of-the-art methods rely on 3D-
CNN blocks to capture multi-level visual features. Alongside, audio features are obtained by feeding
spectrograms into CNNSs. [65, 74, 63] tried to model sound localization for incorporating semantically
rich audio features.

Contextual analysis [62] of the audio-visual saliency model claims that the gain in performance is
due to the model's ability to locate the sound source, showcasing a similar behavior to humans[22] in
attending to the objects in a scene. STAVIS [65] models the spatial sound source localization and obtains
the feature maps that concatenate with the visual features in SUSiNet's [32] (visual saliency model)
and investigates three different ways to fuse the audio modality. The audio branch is initialized by the
weights trained for audio classi cation on the speech command database[69], whereas the video branch
is initialized by the weights trained on the Kinetics Dataset[29]. Some recent efforts, have focused on
face saliency, i.e. predicting the salient face in multi face videos.eLiail. [35] concatenates feature
from three different streams (one for faces, one for visual embedding and one for audio) and decodes
saliency maps using it. In [54] they further extend their idea by bifurcating visual encoder into motion
and textual features and also adding a loss function for sound localization. These works endorse audio
as a signi cant contributing cue by reporting gains over visual-only modality that goes in line with the
behavioral studies [52, 67].

Figure 1.2 shows sample frames from a multi-conversation video and the corresponding ground-
truth saliency. On the rst re ection of comparing visual-only and audio-visual prediction, it appears
that audio plays a key role. However, when the audio-visual model (AViNet in this case) is inferred with
different types of audio (zero and random), the output predictions appear identical, implying that the



audio branch is obsolete at inference. This motivated us to investigate the relevance of audio cues in
conjunction with visual ones in the existing Audio-Visual Saliency Prediction models. Despite audio-
visual models showcasing a gain in performance over the visual-only models, the audio information is
largely ignored and AVSP models end up utilizing the visual information in a better way.

1.2 Contributions

In this thesis, we revisit these methods in audio-visual saliency and make three major observations:

1. We nd that a visual-only baseline either outperforms or provides comparable performance to the
state-of-the-art audio-visual saliency prediction methods.

2. We observe that the audio branch is obsolete at inference i.e., the resulting saliency maps are the
same irrespective of sending zero audio, random audio, or the actual audio corresponding to the
video (Fig. 1.1). We nd that the observation is true for different fusion methodologies presented
in the prior art.

3. Now, the interesting question is that if audio does not play any role, why does adding the audio
branch lead to performance gains, at least on some datasets, as reported in previous efforts? Based
on our experiments, we hypothesize that the additional branch acts as a regularizer, and the actual
audio data has no role in performance improvement. We observe similar performance gains while
sending randomly shuf ed audio during training, which is unrelated to the video. To our surprise,

a similar performance gain is observed by training an AVSP model on a visual-only dataset with
random audio.

We perform comprehensive experiments to support the aforementioned claims. Our experiments
comprise ten different datasets, four different fusion mechanisms, three different audio backbones, and
varying experimental setups (no audio, real audio, zero audio, randomly shuf ed audio, random vectors
as audio). We would like to emphasize that we are not claiming any architectural novelty in this work;
the goal is primarily to understand the multi-modal learning and provide essential cues that will help
better design and evaluation of future audio-visual saliency prediction models. This work questions
the role of audio in current end-to-end trained deep learning saliency prediction methods. It motivates
reconsideration of the complex architectures for audio-visual saliency prediction by demonstrating that
the simpler alternatives work equally well. It encourages a more rigorous evaluation of the saliency
prediction methods in the multi-modal setting. And nally, it highlights the limitations of the current ef-
forts and motivates exploration of ways to actually exploit the audio information for the task of saliency
prediction.



1.3

Thesis Outline/Organization

The rest of the thesis is organized as follows:

Chapter 2 discusses the related work(psychological studies and computation modeling) and con-
temporary architectures of multi-modal Saliency Prediction that demonstrate the performance
gains by adding audio.

Chapter 3 discusses our methodology to analyze the role of audio in existing state-of-the-art
saliency prediction models and validate the ef cacy of audio branch. We hypothesize that the
audio module acts as a regularizer and produce experimental validation for the same.

Chapter 4 presents the datasets, training procedure and evaluation metrics used.

Chapter 5 focuses on extensive experiments performed to examine the role of audio in current
AVSP models. The study is carried out on ten different audio-visual saliency datasets and also
attempts to investigate the cause for incremental gains in current AYSP models over the visual-
only models.

Chapter 6 summarizes our work and presents the concluding thoughts with future direction by
highlighting the limitations of the current efforts and exploring ways to exploit the audio infor-
mation for the task of saliency prediction.



Chapter 2

Related Works

Humans are intelligent multi-sensory creatures, capable of spotting and focusing on certain parts of
audio or visual stimuli in a cluttered environment (i.e., have attentional behavior). Itis, hence, unsurpris-
ing that inspired by such observations psychologists and neuroscientists have been studying attentional
mechanisms underlying auditory, visual, and auditory-visual attention. Several decades of research on
attention mechanisms have amassed arich literature on the topic. The last decade has witnessed remark-
able progress in saliency detection, and plenty of methods have been proposed and achieved superior
performances, especially the deep learning-based methods that have yielded a qualitative leap in per-
formance. Covering the whole literature is, thus, beyond the scope of this thesis. Instead, to stress the
in uence of audio on multi-modal attention models, the following sections provide a brief account of
relevant studies.

2.1 The role of audio in HVA

Hearing and sightwhich mainly are relied on by humans when perceiving the world, occupy a con-
siderable portion of the received external information[37]. Our brain comprehensively understands the
environments by integrating these multi-modal signals with different forms and physical characteristics.
For example, in the cocktail party scenario with many speakers, we can locate the one of interest and
enhance the received speech with the aid of his/her lip motion. Hence, audio-visual learning is essen-
tial to our pursuit of human-like machine perception ability. Its purpose is to explore computational
approaches that learn from audio-visual data.

The span of behavioral studies on audio-visual attention is broad and covers a wide range of exper-
iments on primates and humans. In such experiments, an observer is often presented with a stimulus
and his neural and/or behavioral responses are recorded (e.g.using single unit recording, brain imaging,
or eye tracking). Audio matters in Human Visual Attention (HVA). Papai et al. [51] points everyday
examples like stopping in our tracks at the sudden car honk while absentmindedly crossing a street.
However, is it still crucial while watching a video with a monaural audio? Numerous studies suggest
that it is. Cheret al.[11] captured eye gaze on images with no audio, coherent audio and incoherent






