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Abstract: Film and TV video scenes contain rich art and design elements such as light and shadow,
color, composition, and complex affects. To recognize the fine-grained affects of the art carrier,
this paper proposes a multitask affective value prediction model based on an attention mechanism.
After comparing the characteristics of different models, a multitask prediction framework based
on the improved progressive layered extraction (PLE) architecture (multi-headed attention and
factor correlation-based PLE), incorporating a multi-headed self-attention mechanism and correlation
analysis of affective factors, is constructed. Both the dynamic and static features of a video are chosen
as fusion input, while the regression of fine-grained affects and classification of whether a character
exists in a video are designed as different training tasks. Considering the correlation between different
affects, we propose a loss function based on association constraints, which effectively solves the
problem of training balance within tasks. Experimental results on a self-built video dataset show
that the algorithm can give full play to the complementary advantages of different features and
improve the accuracy of prediction, which is more suitable for fine-grained affect mining of film and
TV scenes.

Keywords: film and TV scenes; multitask learning; fine-grained affects; affective value prediction

1. Introduction

The emotional responses and inner feelings distinguished by humans are complex
and diverse, ranging from simple emotions to deep content cognitive semantics. It is of
great value in the imitation of human perception to identify different situations in the
application of multimedia products. As the main carrier of human perception, visual
affective analysis can better explain the interpretation of visual information by identifying
the affects and emotions expressed in the color, composition, facial expressions, and actions
in images and videos. A variety of intelligent apps benefit from video affective recognition,
such as automatic drives, educational robots, rehabilitation for people with autism, and
audiovisual interaction.

In practical applications, video affective prediction for complex scenes is required.
However, the most advanced video affect analysis technology shows excellent performance
in a single scene, but video affective value prediction for complex scenes is an outstanding
problem. Film and TV videos and images, which involve characters, architecture, land-
scapes, and animals, contain rich emotional information. Therefore, this paper adopts
film and TV scenes as the research object for affective value prediction. Most audiovisual
affective analysis studies adopt coarse-grained sentiment to obtain a more intuitive sen-
timent orientation such as binary polarity [1,2], triple classification [3], or basic human
emotions [4,5]; however, the impressed affects that the audience can feel from film and
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TV scenes are not simple, and thus, the polarity classification of only one identified cate-
gory cannot describe the feelings of the audience. We investigate a fine-grained affective
prediction method to capture the perceived details of affects for film and TV scenes.

Mainstream methods of affective analysis are based on a single-task network archi-
tecture [6–10]. Achieving more complex affective prediction requires multiple training
models in parallel, which increases the time and complexity of calculation. The affects of
the same polarity have similar underlying characteristics and are well-suited to be obtained
through simultaneous training. Other elements in the scene, such as composition and
the presence of characters, are also important factors affecting the distribution of affects,
which can assist in model building. In this context, multitask learning is one of the best
solutions for fine-grained affective prediction, which has proved to successfully enhance
the performance of individual tasks with the inclusion of other correlated tasks in the
training process [11]. Pons et al. [12] employ a CNN as a shared layer, focus on multitask
training of image emotion 7 classification and facial action units, define loss functions
separately for each task, and find that emotion recognition can benefit from joint learning
models. Zhao et al. [13] formalize the emotion distribution prediction task as a shared
sparse regression problem and extend it to multitask learning, named multitask shared
sparse regression (MTSSR), to explore the latent information between different prediction
tasks. J. Shen et al. [14] consider the potential mapping relationship between two emotion
models in videos. A framework for multimodal sentiment recognition in videos using
multitask learning is proposed, where the two tasks are defined as categorical sentiment
classification and dimensional sentiment regression, respectively, and a multitask learning
architecture is used to improve the performance of sentiment recognition.

Thus, tasks with small amounts of data available can benefit from being trained
simultaneously with other tasks, sharing a common feature representation and transferring
knowledge between different domains [15–17]. One of the main difficulties of multitask
learning is the joint training process for balancing all tasks. To solve this problem, classical
methods split each task with separate loss functions and sum all the losses [12]. However,
the different magnitudes of tasks may cause the model to be overly biased for some tasks
while ignoring the effects of others; the correlation between tasks is also ignored, resulting
in poor overall results for multiple tasks [18,19]. To obtain the correlation among different
tasks, a joint loss algorithm based on factor analysis (FA) is proposed.

The contributions of this work include the following:

1. A modified multitask learning model with gating network architecture (multi-headed
attention and factor correlation-based progressive layered extraction (MHAF-PLE)) is
proposed for fine-grained affective prediction. The additional label of the presence of
characters in the picture becomes an auxiliary task to improve the prediction effect of
the model.

2. The static information of film and TV scene video keyframes is appended to the
video dynamic information to obtain more complete visual information. Using multi-
headed self-attention, features with rich information can be given higher weights,
which is proved to have a better affective representation ability.

3. A mixed loss function based on factor association constraints is proposed, giving
the same weight to sentiments with strong relevance and combining the change in
weights and losses.

2. Related Work
2.1. Affective Analysis Model

In addition to a specific human emotional state, an affect can refer to any sensory,
physical, mental, or spiritual feeling that can be conveyed and expressed through lan-
guage. Analyzing and understanding a user’s emotional state is a necessary condition for
artificial intelligence, emotional computing, and human-computer interaction. Common
emotion representation models include Mikel’s emotion wheel [12] and Plutchik’s wheel
of emotions [20]. However, the emotions embedded in an image or video are rich, and
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to simply classify them into a certain category is insufficiently precise. The six or eight
common categories do not contain enough emotions, while the labels of the cyclic emotion
or PAD [21] model cannot clearly show the emotion of the target carrier. To increase the
predictive ability for complex scenarios, this paper subdivides affects based on existing
sentiment models.

2.2. Visual Emotional Features

Visual affective prediction is classified from the perspective of features and involves
methods based on low-level visual features, high-level semantic features, and deep learn-
ing features.

Affective prediction methods based on low-end visual features extract low-level visual
features from video images. Commonly used bottom-level feature extraction methods for
the prediction of emotions in video images include GLCM [22] texture features, SIFT [23]
features, and Tamura [24] features. Machajdik et al. [25] combined psychology and art
theory in a method that contains color, texture variations, and simple semantic information.
Lu et al. [26] investigated the influence of shape features, such as straight lines and curves,
on sentiment classification.

Semantic feature-based affective prediction methods translate high-level semantic in-
formation into affect features so as to establish a connection between video image sentiment
and semantics such as objects and scenes. Borth et al. [27] screened 1200 adjective-noun
pairs (ANPs) and constructed a 1200-dimensional feature vector to detect concepts in
images and indirectly express image sentiment. Gao et al. [13] used a topic model to extract
the emotional features of a movie.

The machine learning-based approach performs affective analysis by extracting visual
features of video images and analyzing the differences between visual low-level features
and high-level semantics, which effectively reduces the neglect of affective information.
The convolutional neural network [12] has subsequently become an important technique in
computer vision due to features such as weight sharing and translation invariance and has
been widely used for visual emotion feature extraction in recent years. Fayyaz et al. [28].
proposed the use of a convolutional neural network (CNN) to extract spatial features and
long short-term memory for feature extraction of time series.

Most emotions are embedded within the images, but factors such as the pace of motion,
changes in camera angles, and the narrative structure also influence the emotional response
during viewing. In the extraction of video features related to emotions, Al-Saadawi et al. [6]
used a CNN to process video data for visual feature extraction, focusing on analyzing
facial expressions and body language. In recent years, researchers have begun to apply
Transformers to computer vision tasks to improve the quality of feature representation by
capturing long-distance dependencies between frames. Yang et al. [3] use a transformer
encoder for video vision feature extraction to capture the dependencies between frames.

Traditional affect analysis work considers either video dynamic information or static
information of video keyframes and does not fully exploit the joint visual expression
of video. We use video-image fusion features to improve video affective value predic-
tion, obtain more complete visual information, and enhance the accuracy of fine-grained
affective prediction.

2.3. Multitask Learning

Multitask learning is a migration learning method that aims to improve the perfor-
mance of a single task by simultaneously learning multiple related tasks [29]. The basic idea
is to maximize information sharing and migration ability between tasks by introducing a
shared layer in the network, where added tasks change the weights and update directions
of parameters, thus improving the generalization performance of the classifier [16,30], espe-
cially in the case of small sample sizes [17,31,32]. An important feature of multitask learning
is its ability to capture correlations between tasks by learning shared representations, thus
improving overall system performance.
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Figure 1a shows the structure of hard parameter, hard parameter sharing is the most
basic and commonly used MTL structure, but because parameters are shared directly
among tasks [33], they may suffer from negative migration due to task conflicts. MoE [34]
addressed these by sharing some experts at the bottom layer and combining expert groups
through gated networks. Figure 1b shows the structure of MMoE, MMoE [35] extends
MoE [34] using different gates for each task so as to obtain different fusion weights in MTL.
However, prior knowledge about the network design is important, and MMoE [35] has
difficulty discovering the path of fusion in practice. To represent the joint optimization
of learning and tasks, especially in a non-separable joint approach. Figure 1c shows the
structure of PLE, PLE [36] uses a progressive separation approach on the general framework
of joint learning and tasks, which adds an exclusive expert network to focus more on the
exclusive mode of learning tasks while retaining the shared expert network. However, the
PLE model does not balance well the loss functions of multiple tasks nor exploit well the
unique features within the images and videos themselves, and it still suffers from negative
migration and the seesaw phenomenon when the number of tasks is high. Therefore,
we propose a loss function based on the factor association constraint by combining the
representation learning of feature weights with the attention mechanism in the PLE [36]
model framework. An improved multitask fine-grained affective prediction model is
constructed to solve the feature representation problem and the seesaw phenomenon and
to balance the learning of multiple tasks.
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3. Method
3.1. Proposed Framework

The suggested MTL is a strategy for machine learning in which n learning tasks
are simultaneously executed using commonalities and differences across tasks [37]. The
existing models are computation-intensive and take much time to separately process
different tasks. We subdivided human emotions into 16 emotion adjectives and performed
16 emotion prediction tasks, taking the emotion prediction task as the main task. The
16 emotion adjectives involved warm, magnificent, depressed, happy, relaxed, anxious,
dreamy, hopeful, sentimental, sunny, romantic, oppressive, fresh, cozy, disappointed,
and lonely.

Figure 2 shows the structure of the proposed MHAF-PLE model, including stages of
feature extraction, feature refinement, and joint training. The feature-sharing layer model
is based on the PLE framework. The feature extractor that performs best in the main task



Appl. Sci. 2024, 14, 4391 5 of 17

is first selected for feature extraction via a feature refinement layer with multi-headed
attention as the core in order to learn richer and more comprehensive transferable visual
representations. The affects of the same sentiment dimension are given the same weight
in combination with FA to learn at a similar rate and avoid neglecting the influence of
other tasks due to the overweighting of one affect task. We describe each module in the
following text.
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3.2. Feature Extraction
3.2.1. Video Dynamic Feature Extraction

In the video dynamic feature extraction stage, because the extraction of emotional
features is performed from video scenes that change over time, it is only necessary to extract
image frames at certain time intervals, and the spatiotemporal emotional information in
these frames can be analyzed and extracted without processing the entire video, improving
computational efficiency.

We use ffmpeg to extract keyframes with video context information [38]. Here, the
keyframes represent the first and last frames of each full video sequence. After the first step,
the extracted frames are fed into the pre-trained dynamic feature extractor, including the
TimeSformer model, the MviT model, and the widely used C3D model. The TimeSformer
input is 8 video frames of size 224 × 224 extracted from the video; output is 400-dimensional
video frame features per frame. It utilizes a pre-trained model trained on the kinetics-600
dataset, with attention mechanisms applied in both spatial and temporal dimensions. The
backbone network is a Vision Transformer (ViT) based video module with 12 layers. MviT
outputs 1000-dimensional features per frame, and the C3D model outputs 496-dimensional
features. The mean absolute errors (MAEs) of different video dynamic feature extractors
for the main task are shown in Table 1, with the best performance marked in bold. The
TimeSformer model uses a spatiotemporal separation of attention mechanisms to extend
the image space into spatiotemporal 3D space. We first consider attention between patches
in the same spatial location in the temporal dimension and then consider attention in the
same intra-frame space. This allows us to extract the affective information of video frames
at specific time intervals containing contextual information without the need to extract
features from the whole video, thereby improving computational efficiency. Therefore, the
TimeSformer model, which has the best performance on the main task, was selected after
experimental comparison.
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Table 1. Prediction results based on different video dynamic feature selection methods.

Model MAE of Affective Prediciton

MviT 0.1898
C3D 0.2484

TimeSformer 0.1637

3.2.2. Video Static Feature Extraction

The first frame images of the video are selected, and each image is scaled to a fixed size
of 224 × 224 and then directly fed into the pre-trained image feature extractors Vgg16 [19],
GoogLeNet [39], ViT [40], and CLIP [41] with the network framework of keras. We se-
lected the best-performing 512-dimensional output among the 512, 1024, 2048, and 4096-
dimensional features of the pre-trained VGG16 output, the 1000-dimensional features of
the pre-trained GoogleNet output, and the 1000-dimensional features of the pre-trained
ViT output. CLIP output is 512-dimensional features, the selected pre-trained model for
ClIP is a pre-trained model on a dataset of 400 million images, and the backbone network
is the Vision Transformer (ViT) with a total of 16 layers. The experiments all use the same
experimental environment and experimental parameters; the optimizer is adam, the learn-
ing rate is 0.0002, the dropout is 0.2, the batch size is 50, and the number of epochs is 200.
In addition, in order to improve the persuasiveness of the experimental results, this paper
adopts the 5-fold cross-validation method.

The mean absolute errors (MAEs) of different feature extractors for the main task are
shown in Table 2, with the best performance marked in bold. Therefore, the CLIP model,
which has the best performance on the main task, is selected after experimental comparison.

Table 2. Prediction results based on different video static feature selection methods.

Model MAE of Affective Prediction

Vgg16 0.1057
GoogLeNet 0.0950

ViT 0.1432
CLIP 0.0885

3.3. Feature Refining

Because direct feature concatenation alone cannot effectively mine the unique features
within the videos and images themselves, using a single gated network may result in the
network overly emphasizing similar parts and failing to mine the unique information
within the features. Therefore, the work of fine-grained affective prediction of video in
complex scenes must address the heterogeneity of video and image features and mine
the unique feature information within the videos and images themselves. Based on this,
we introduce a feature refinement module to give higher weights to the information-rich
features, as shown in Figure 3.

The feature refinement layer accepts the output of the feature extraction layer, which
has video features containing dynamic features and image features containing static fea-
tures; the features have different semantics and belong to different spaces. We use the
feature refinement module to represent video and image features and mine their unique
feature information. A multi-headed attention mechanism uses attention weight calculation
to control feature flow and integration. Attention mechanism-based models have been
shown to universally enhance the effectiveness of features [42–47]. We use a multi-headed
mechanism [48], which realizes learning features from different dimensional semantic
representation subspaces, improving fine-grained affective prediction accuracy.
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Video and image features are input separately to the fully connected layer, whose
output is subjected to multi-headed self-attention, which uses multiple attention heads to
compute the similarity between query and index vectors in different subspaces and extract
richer contextual information. Multi-headed attention can learn richer feature combina-
tions using different dimensional semantic feature subspaces, preventing overfitting by
integrating the results of multiple mutually independent attention computations and thus
improving fine-grained affective prediction results.

3.4. Loss Function
3.4.1. Factor Analysis

The process of FA can be divided into two stages: factor extraction and factor rotation.
In the first stage, the original variables are transformed into a set of common factors that
explain the common variance of the original variables, such as by the maximum likelihood,
minimum residual, or principal component method. In the second stage, the extracted
factors are rotated so that each more clearly represents a set of original variables.

Standard FA analysis [49] aims to extract the potential common variables from multiple
parameters, while this paper designs a loss function based on the FA method. Specifically,
the magnitude of loss associated with larger load values for the same common factors
should be as close as possible to each other. Therefore, affects with stronger correlations
are given the same weight, which ensures that they learn at a similar speed in the training
process. Each affect dimension can be represented by a linear combination of a few potential
factors plus a special factor for each affect dimension.

The maximum variance orthogonal rotation method in principal component analysis
was chosen to test for changes in the number of factors. By analyzing the variance explained
by principal components, the variables that contribute to the total variance can be identified
so as to better understand the characteristics and structure of the data. Components with
eigenvalues greater than 1 are selected as principal components, and appropriate factors
are selected based on the cumulative variance ratio. The number of factors selected should
generally include more than 60% of the total variance. The principal component results of
the FA of affect using the truth values of affect words are shown in Table 3.
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Table 3. Results of factor analysis of 16 affective adjectives.

Component Factor 1 Factor 2 Factor 3

Warm 0.913 −0.298 0.100
Hopeful 0.798 −0.352 0.275
Happy 0.872 −0.335 0.005

Romantic 0.65 −0.241 0.48
Relaxed 0.839 −0.449 0.126

Fresh 0.711 −0.357 0.359
Cozy 0.908 −0.299 0.015

Sunny 0.872 −0.326 0.151
Magnificent −0.054 −0.239 0.849

Dreamy 0.432 −0.235 0.791
Lonely −0.397 0.795 −0.085

Sentimental −0.269 0.897 −0.235
Disappointed −0.259 0.904 −0.232

Depressed −0.349 0.893 −0.209
Oppressive −0.511 0.739 −0.21

Anxious −0.427 0.827 −0.247

Indicator
Eigenvalue 10.863 1.826 1.208

Variance (%) 67.897 11.414 7.551
Cumulative (%) 67.863 79.311 86.862

Table 3 shows that the eigenvalues of the three extracted factors are greater than 1,
and the total cumulative variance ratio is 86.7%, indicating that the FA results using the
three factors are credible. The corresponding maximum absolute value of the factor load
is marked in bold in Table 3. The first common factor shows larger loadings on warm,
hopeful, happy, romantic, relaxed, fresh, cozy, and sunny emotions than on other emotions,
indicating that these eight emotions have a strong correlation and are considered positive-
class emotions. The second common factor shows larger loadings on loneliness, sadness,
loss, disappointment, depression, and apprehension than on other emotions, indicating that
these six emotions have a strong correlation and are regarded as negative-class emotions.
The third common factor shows larger loadings on magnificent and dreamy emotions than
on other emotions, indicating that these two emotions are strongly correlated and can be
considered scene-class emotions.

Because the 16 emotions can be divided into three dimensions, the same loss weight is
assigned to emotions within the same dimension for multitask learning weight optimization
so as to improve the accuracy of fine-grained emotion prediction for movie and TV scenes.

3.4.2. Joint Loss Function

We adopt a multitask modeling approach, with joint primary and secondary tasks
for fine-grained affective prediction. In the main task, the loss function is based on the
extraction of affective dimensions from the FA, and tasks of the same category are learned
at the same speed. Hence, the tasks of each category have the same degree of importance
and receive the same attention, balancing the loss and avoiding seesaw phenomena [50–52].
MAE is used for the affective regression task and categorical cross-entropy loss for the
classification task. The joint loss function to be minimized is

L = Wpos∑np
1 losspos+Wsce∑ns

1 losssce+Wneg∑nn
1 lossneg+∂losspp, (1)

where Losspos, Losssce, Lossneg, and Losspp are the respective losses incurred in the positive
emotions, scene emotions, negative emotions, and classification tasks.

When training a multitask network, it is difficult to balance the training of these tasks,
and the change rate of loss can reflect the difficulty of learning a task, so the average value
of the loss change rate of different emotion tasks is considered. Considering the average
value of the loss change rate of the same dimension of emotion after a certain number of
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rounds of training, the weight of corresponding tasks can be changed, which connects
different categories of emotions and reduces the dominance of a certain category of emotion
task, which could result in an inability to converge. The ratio of the mean values of loss
change rates for different dimensions after a certain number of training rounds is

Losspos : Losssce : Lossneg = Kpos : Ksce : Kneg, (2)

The respective weights of positive emotion, scene emotion, and negative emotion for
a proposed scheme a are defined as follows:

Wpos = aKpos, (3)

Wsce = aKsce, (4)

Wneg = aKneg, (5)

where the multiplicative factors Kpos, Ksce, and Kneg regulate the magnitudes of the weights.

4. Experimental Results
4.1. Dataset

Public video affective datasets are mainly multimodal. MOSI is a widely-used dataset
comprising 2199 discourse video clips from 93 YouTube videos, containing six aspects of
emotion labeled as happy, sad, angry, fearful, disgusted, and surprised, with scores for each
label ranging from −3 (strongly negative) to +3 (strongly positive). The MOSEI dataset is
the larger version of MOSI, containing 22856 annotated video clips on 250 different topics.
The labels are the same as MOSI. CH-SIMS is a Chinese unimodal and multimodal affective
analysis dataset that contains 2281 refined video clips. These video clips are collected from
different movies, TV series, and variety shows. Each sample has one multimodal label
and three unimodal labels, and the affective scores are categorized into three categories:
−1 (negative), 0 (neutral), and 1 (positive) [3]. However, the unimodal labels only contain
positive, neutral, and negative categories and cannot be well adapted to the fine-grained
affect analysis task of this paper, so we choose to self-construct the film and television
scene dataset containing fine-grained affective labels, which can better segment and deeply
analyze the affect of the art carriers.

We self-constructed a movie and TV scene video dataset whose samples consisted of
long-shot clips extracted, such as from existing movie and TV scene videos, architecture,
landscape, and animals, involving a wide range of scenes, characters, and landscapes, with
half the labeling balanced. The sample video intercepted the first frame image, as shown in
Figure 4.
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Table 4 shows the 16 affective adjectives [53] for the fine-grained prediction in this
paper. On this basis, a subjective evaluation experiment was conducted, and the score of
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each adjective was the average of 30 subjects after removing outliers. The corresponding
emotion label for each sample was the real value of y ∈ [0.0, 5.0], which is the emotion score.

Table 4. Set of emotional adjectives.

Warm Magnificent Depressed Happy
Relaxed Anxious Dreamy Hopeful

Sentimental Sunny Romantic Oppressive
Fresh Cozy Disappointed Lonely

Four ways of sampling were used to obtain 1600 video clips of movie and TV videos
with a length of 10 s. After sampling the frames, each image was compressed to a fixed
size of 224 × 224 pixels. Figure 5 shows the training–validation loss plot with or without
data enhancement, which indicates that the proposed data enhancement method effectively
prevents overfitting.
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4.2. Implementation

All experiments were performed in Python, PyTorch was applied for video dynamic
feature extraction, and Keras was applied for model implementation. During training, the
ADAM optimizer was used, with a learning rate of 0.0002. The training was performed
200 times with a batch size of 200. The loss function weight setting was designed to
compute the average loss for different affective dimensions over 50 iterations.

In the experiment, affective value prediction was a regression task trained and evalu-
ated with MAE loss, and in auxiliary tasks, classification was evaluated with a cross-entropy
loss function and AUC. In the movie and TV scene video dataset, the training and testing
sets were in a 4:1 ratio. To better represent the videos, dynamic and static features of the
first and last frames were fused separately.

4.3. Results
4.3.1. Algorithm Prediction Results Based on Different Feature Selection Methods

To better select the video characterization method, experiments were conducted on
the fine-grained affect regression task and the character landscape binary classification
task group. We fused the intermediate frame features for experimental comparisons by
concatenating the first and last features. Image feature extraction uniformly used the
pre-trained CLIP model, while video feature extraction uniformly used the pre-trained
TimeSformer model. The experiments were conducted on a self-constructed dataset of film
and television scene videos.

The experimental results are shown in Table 5, with the best scores marked in bold. To
observe the effect of multi-frame fusion on training, we output the update process of loss
in different cases, as shown in Figure 5.
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Table 5. Prediction results based on different feature selection methods.

TimeSformer + CLIP

First Frame Frame

Component TimeSformer TimeSformer + Clip First + Last First + Middle + Last

Warm 0.0522 0.0248 0.0270 0.0254
Hopeful 0.1754 0.0713 0.0606 0.0621
Happy 0.1936 0.0715 0.0548 0.0565

Romantic 0.1613 0.0545 0.0507 0.0529
Relaxed 0.2080 0.0793 0.0571 0.0597

Fresh 0.1646 0.0577 0.0581 0.0593
Cozy 0.1877 0.0581 0.0514 0.0527

Sunny 0.1901 0.0694 0.0589 0.0602
Magnificent 0.1331 0.0508 0.0472 0.0481

Dreamy 0.1613 0.0526 0.0472 0.0513
Lonely 0.1887 0.0707 0.0643 0.0661

Sentimental 0.1556 0.0661 0.0643 0.0650
Disappointed 0.1536 0.0676 0.0546 0.0551

Depressed 0.1518 0.0670 0.0519 0.0523
Oppressive 0.1686 0.0737 0.0506 0.0643

Anxious 0.1731 0.0651 0.0580 0.0612
Average (MAE) 0.1637 0.0694 0.0542 0.0558

Classification (%) 76% 97% 98% 97%

There are three findings from Table 5. Relative to the single video dynamic feature,
the mean value of the MAE for the main emotion prediction task using video image fusion
features was reduced by 0.1012, and the MAE values for each emotion task were also
reduced, with coziness showing the largest reduction of 0.1296 and warmth the smallest
reduction of 0.0274. The accuracy of the auxiliary task was improved by 20.75%. Therefore,
video image fusion features were used for the subsequent study. Relative to the single-
frame feature, the multi-frame fusion feature impaired three affective tasks but improved
13 affective tasks, as well as the auxiliary task; the mean value of the MAE for the affective
regression task was reduced by 0.0353, and the accuracy of the auxiliary task was improved
by 1%. Compared with the fusion feature of adding intermediate frames, the first and last
frame fusion features impaired the loss regression task but improved the rest of the tasks,
and the mean value of the MAE for the emotion regression task was reduced by 0.0016. The
best performance was achieved using the first and last frame fusion features. This shows
that multi-frame fusion features can form a clearer, more complete, and more accurate
description of the video, expand spatiotemporal information, reduce uncertainty, increase
reliability, and improve the accuracy of fine-grained affective prediction. Fusing the first
and last frame features instead of all frames can reduce the uncertainty and redundancy of
the output based on the maximum merging of relevant information.

4.3.2. Algorithm Prediction Results Based on Different Task Selection Methods

To verify the effectiveness of the proposed multitask learning task settings and the
applicability of multiple tasks on the proposed model, different emotion tasks were selected
for comparison, along with the introduction of other auxiliary tasks. We selected the
positive emotion “warmth” as the central emotion, which performed well and added main
tasks for predicting positive or negative emotions based on it. Considering the balance
between the number of positive and negative emotion tasks, an equal proportion of emotion
polarity tasks were added. For the selection of auxiliary tasks, we considered commonly
used emotion polarity classification tasks. Because characters and scenery are the main
subjects in film and television scene videos, we considered the classification of whether
characters are present. The selected tasks are shown in Table 6. Video feature extraction
uniformly employs the pre-trained TimeSformer model, and features are uniformly selected
as fused features of image and video. Within the framework of multitask learning, we



Appl. Sci. 2024, 14, 4391 12 of 17

adopt an expert-gating sharing mechanism to share the underlying feature representation.
The experiments are conducted on a self-constructed dataset of film and television scene
videos, the corresponding prediction results are shown in Table 7.

Table 6. Selected tasks with corresponding numbers.

Number Task

1 Positive emotion (warm) predictions + character classification + emotional
polarity classification

2 Positive emotion (warm) prediction + negative emotion (disappointed)
prediction + character classification

3 Positive emotion (warm and magnificent) prediction + negative emotion
prediction (disappointed and depressed) + character classification

4 Positive emotion (warm, magnificent, and sunny) prediction + negative
emotion prediction (disappointed and depressed) + character classification

Table 7. Prediction results based on different task selection methods.

Task Number

Predict Result 1 2 3 4 Proposed Task

Warm 0.0370 0.0270 0.0258 0.2500 0.0248
Sunny / / 0.0781 0.0725 0.0694

Magnificent / / 0.0600 0.0536 0.0508
Disappointed / 0.0892 0.0754 0.0720 0.0676

Depressed / / / 0.7567 0.6700
Character

Classification 69% 71% 71% 75% 97%

Emotional polarity
classification 65% / / / /

As can be seen in Table 7, with the increase in the number of tasks, the MAE for each
emotion task decreases, and the prediction effect is significantly improved; similarly, the
accuracy of the binary categorization of character landscapes increases with the increase
in the number of emotion tasks. This shows that the proposed model is suitable for fine-
grained emotion prediction tasks with a large number of tasks and multitask learning of
multiple emotion tasks, sharing more information between emotion tasks and improving
the overall effect of the model. As indicated in bold in Table 7, when the number of tasks is
17, the MAE for each emotion task decreases, and the accuracy of the binary categorization
of character landscapes reaches 97%. Therefore, the proposed model was based on 17 tasks
for carrying out research.

4.3.3. Algorithm Prediction Results Based on Different Loss Functions

We designed experiments to verify the effectiveness of the joint loss function combined
with FA and the affective weight setting combined with loss means for fine-grained affective
prediction. The proposed joint function was compared with different loss weight cases,
such as the consistency of all affect loss weights and the comparison of loss weight outlines,
with results as shown in Table 8.

The following three findings can be obtained from the comparison of the experimental
results in Table 8. First, in the self-constructed film and TV scene dataset, using the joint
loss function that combines FA achieves better performance, reducing the MAE by 0.0026
compared with the setting with consistent weights for all affects. Second, using the weight
setting that combines the loss means for each category of affects after a certain number of
rounds of training is better than the weight setting that combines only FA but not the loss
means after a certain number of rounds of training, reducing the MAE by 0.0017. Third,
using a large scaling factor, i.e., a large weight, reduces the MAE by 0.0025 compared with
a small weight, and the MAE for each affect is mostly reduced. The best performance,
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highlighted in bold in Table 8, is achieved when using the combination of three types of loss
together. Therefore, we choose weights with large weight outlines for further discussion.

Table 8. Prediction results based on different loss functions.

Emotion Task Weight Consistency FA FA + Loss Weight FA + Loss Weight +
Amplification Factor

Warm 0.0240 0.0210 0.0210 0.0185
Hopeful 0.0545 0.0488 0.0455 0.0465
Happy 0.0518 0.0452 0.0447 0.0394

Romantic 0.0489 0.0482 0.0488 0.0504
Relaxed 0.0586 0.0508 0.0475 0.0465

Fresh 0.0519 0.0521 0.0510 0.0501
Cozy 0.0447 0.0567 0.0587 0.0444

Sunny 0.0525 0.0545 0.0538 0.0523
Magnificent 0.0505 0.0585 0.0529 0.0498

Dreamy 0.0541 0.0507 0.0472 0.0456
Lonely 0.0479 0.0430 0.0427 0.0433

Sentimental 0.0452 0.0369 0.0343 0.0328
Disappointed 0.0542 0.0423 0.0419 0.0418

Depressed 0.0433 0.0429 0.0381 0.0352
Oppressive 0.0464 0.0614 0.0589 0.0586

Anxious 0.0686 0.0469 0.0451 0.0371
Average 0.0500 0.0474 0.0457 0.0432

Within a specified range, an increase in the loss weight correlates with decreased MAE
for each task. This relationship is evident upon examining the last two columns in Table 8.
Specifically, when the weight a is set to 10, the trend of variation in the predictive results
for the primary task is delineated in Table 9. The amplification factor k is defined within a
range from 1 to 9. As the k progressively increases, the overall MAE reaches its minimum
value at k = 5, which is in bold in Table 9. By employing magnification adjustments, it
becomes feasible to pinpoint the optimal equilibrium within the primary task of affective
prediction and between the primary and auxiliary tasks. However, an excessively large
value of k can disrupt this balance, resulting in diminished performance.

Table 9. Prediction results based on different settings of k.

k MAE of Affective Prediciton

1 0.0432
3 0.0389
4 0.0388
5 0.0361
6 0.0387
7 0.0403
8 0.0412
9 0.0432

4.3.4. Comparison with Other Algorithms

Table 10 lists the results of the different comparison methods on the self-constructed
dataset. We selected the classical multitask learning framework Share-Bottom, the classical
gated network PLE model, the approach of Pons et al. [12], which uses a CNN as a shared
layer for sentiment analysis, and the MMTrans-MT network proposed by Jinrui Shen
et al. [14], which uses 4 Transformer encoders as a shared layer for sentiment analysis. To
compare with the MHAF-PLE model proposed in our paper, the experiments are conducted
in the same experimental environment, and the same features are used for comparison.
The results show that MHAF-PLE has the best performance, with improvements in the
average absolute error for both fine-grained sentiment prediction for the primary task and
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character categorization for the secondary task. The MAE of MHAF-PLE is reduced by
0.1800, 0.1362, 0.1534, and 0.1538 compared to Share-Bottom, PLE, RF [12], and MMTrans-
MT [14] models, respectively; in addition, the classification accuracy for the secondary task
is also improved by 17%, 18%, and 43%, 39% compared to Share-Bottom, PLE, RF [12], and
MMTrans-MT [14] models, respectively. The MAE for each sentiment is also reduced, which
suggests that compared to Share-Bottom and PLE models, RF [12], and MMTrans-MT [14],
the proposed method performs well in fine-grained affective analysis.

Table 10. Prediction results based on different models.

Task Share-Bottom PLE RF. [12] MMTrans-MT [14] MHAF-PLE (Ours)

Warm 0.2498 0.1761 0.1619 0.2069 0.0185
Hopeful 0.2329 0.1870 0.1888 0.2027 0.0465
Happy 0.2787 0.1880 0.2252 0.2243 0.0394

Romantic 0.2217 0.1724 0.1868 0.1870 0.0504
Relaxed 0.2695 0.2315 0.1856 0.2295 0.0465

Fresh 0.2555 0.1733 0.2289 0.1945 0.0501
Cozy 0.2603 0.1810 0.1936 0.2123 0.0444

Sunny 0.2503 0.1891 0.1830 0.2163 0.0523
Magnificent 0.1341 0.1025 0.1697 0.1601 0.0498

Dreamy 0.1836 0.1510 0.2062 0.1852 0.0456
Lonely 0.2636 0.2178 0.2126 0.1907 0.0433

Sentimental 0.1784 0.1578 0.2027 0.1831 0.0328
Disappointed 0.1780 0.1637 0.1928 0.1698 0.0418

Depressed 0.1900 0.1757 0.1905 0.1933 0.0352
Oppressive 0.2159 0.2245 0.2147 0.1905 0.0586

Anxious 0.2101 0.1801 0.2038 0.2047 0.0371
Average 0.2232 0.1794 0.1966 0.1970 0.0432

Character
classification 80% 79% 55% 59% 98%

The MHAF-PLE model integrates the attention mechanism and gives higher weight to
information rich in both video and images, enabling better mining of emotional feature
representation. The constraint design based on factor association can adjust the learning
speed and proportion through the loss function according to the characteristics of fine-
grained affects, improving the accuracy of prediction.

5. Conclusions and Future Work

Considering the fine-grained affective prediction problem of film and TV scene videos,
we proposed a multitask prediction model, MHAF-PLE. The algorithm combines dynamic
video information with keyframe image information as the input, enhancing the PLE-based
gating network with a multi-headed attention mechanism as the primary algorithmic
framework. A joint loss function was designed based on factor correlation, ensuring the
same learning speed for special affects with strong correlation. The experimental results
showed that detecting the presence of characters in the video is an important auxiliary task
for affective prediction. MHAF-PLE achieves improved accuracy by adding this task.

The affective attributes of film and TV video are reflected at a multi-dimensional level,
especially the high-dimensional characteristics of cognition and perception. However, they
are not clearly determined. In the future, we will continue to explore the hidden visual
information representation of time and space of pictures from the perspective of designed
artworks. In addition, it would be valuable to find the correlation between objective
parameters and perceptual attributes through an artificial model for both prediction and
artistic appreciation.
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