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Abstract:  

The viewing habits of media have changed with the advent of digital content. This is particularly 

true for programs that were once viewed on television but are now viewed online. Online video 

advertising is growing as more people view online videos. Online video advertising includes online 

video advertising. However, it is only possible to be effective if online service providers and 

advertisers attract as many viewers as possible. Service providers are motivated to maximize their 

profits by selling advertising inventory efficiently, which determines the amount of space that is 

available for advertisements. Unfortunately, many service providers today rely on simple statistical 

tools to predict advertising inventory. This results in inaccurate predictions. This study is designed 

to create a model that accurately predicts advertising inventory, and validate it. Deep learning is 

used to analyze online video channels' raw data and then compare the predictions with actual 

inventory, other machine learning results, and results from work-site methods. These techniques 

and methods can help predict future advertising inventory more accurately. Additionally, detailed 

strategies are recommended for online video advertising. 
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1 Introduction: 

By 2022, online video marketing will be the most efficient form of digital marketing. Video is more 

likely to convert than images or illustrations, has higher customer engagement and a better return 

on investment. This information can be used by marketers to create engaging content that appeals 

to their target audience to increase sales. 

 

Is there any way to predict the future of videomarketing? Here are some amazing Video Marketing 

Predictions 2022. When it came to branding, Video Marketing was changing the game. Video 

marketing is a powerful tool for increasing organic reach and ranking pages in search results. 

Marketers predict that social video stories will be the most popular form of interactive video 
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advertising on all social media platforms. Let's dive into the Video Marketing Predictions that can 

help you predict the future. With AI systems that can tailor content to user preferences, video ads 

will become more personal than ever. In an effort to improve control over ad revenue, social media 

platforms like Instagram and Facebook will continue to restrict videos. 360-degree cameras will be 

more mainstream. 

 

Video ads are increasingly popular as an advertising medium. Video ads are less engaging than 

display ads. Video ads have increased in number. Video ads can be costly to produce and deploy. 

Advertisers and creators often don't know about the effectiveness of a add before it is deployed. 

This makes it difficult for them to make informed decisions. We suggest providing feedback to 

creators and advertisers regarding the effectiveness of videos ads prior to their deployment. The 

proposed model utilizes historical data about the effectiveness of videos ads to determine whether 

new ads are successful due to the visual content. The first step is to evaluate the effectiveness of 

video advertisements to determine their efficacy. This is a complex problem [1]. Effectiveness can 

be measured using many different methods. These are the most common. 

 

The completion rate refers to the percentage of viewers that have seen all the ads. An 

advertisement's average completion rate is the percentage that viewers have seen the entire 

advertisement without stopping. Completion rate is by far the most important metric to measure for 

advertising campaigns. It is not necessarily directly connected with the efficiency and/or 

effectiveness of video advertisements. This could be due to other variables (e.g. mid-roll ads have 

higher completion rates than pre- or post-roll ads). 

 

As far as we know it is the first time that a prediction is based on content on the efficacy of ads on 

video. Our research generally focuses on the effectiveness of advertisements [3 4], [5, and also 

predictions of popularity on video, including predictions based on views[6, propagation in-based 

predictions[7 or feature contributions analysis[8[8]. The research doesn't concentrate on 

advertisements for videos which are based solely on the content. To determine the efficacy of video 

advertisements, we use a multimodal mixed model [9-10] and [11]. This model considers not only 

video content, but also textual metadata. The logistic regression model can be built with textual 

features, as well as an LSTM network is built on visual characteristics. Both models can be 

combined using an infinite combination model. We also present the general framework to let us to 

extend our work to incorporate other classes, like activities-based or audio-based. Multi-modal-

based Learning permits us to run our learning in a parallel process and to train each classifier 

separately. This increases the flexibility and scalability of our framework. Our approach is superior 

than other baseline methods that are based on publicly available data. 

. 

II Related Work 

Online advertising is becoming more popular and investors are investing more. This has led to 

increased academic interest. The effects of online marketing and the motivations behind it were the 

focus of most of the studies. Advertising inventory prediction is a major issue in the advertising 

market. None of these studies were concerned. Xiang et al. [2] Xiang et al. This study was 

experimental and didn't use any user data. Instead, it predicted ads based on digital content. 
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Nakamura et al. [12] analyzed the influences on the CTR of 15s TV commercials and estimated the 

impressions. They predicted four emotional and impressional effects. Based on the questionnaire, 

these are expressed as numbers ranging from 0 up to 1. The questionnaire provided the basis for 

the calculation of impressions. It used audio and video from Commercials on TV, meta-data, such 

as broadcast patterns and classifications of products as well as information on the people who are 

in them. Multimodal data was integrated into the neural networks (Fig. 1.) along with the ads' 

attractiveness was assessed. Comparison was made between the weightage calculated by the 

attention mechanism and that calculated from the video content. 

 

To estimate attractiveness, music content, metadata and other information on talent were used. The 

correlation coefficients between ground truth and predicted values were 0.73, 0.67, and 0.80. 

Multimodal data can be used to provide high accuracy. The study was able to identify the effects 

of online video advertisements with great accuracy and to analyze the contributing factors in the 

experiment, it was found it was that CTR estimation accuracy of online video advertisements was 

just 0.4887. This is due to different characteristics of TV and online advertisements (target of 12). 

For instance online video ads may have various metadata in different sizes. Numerous identical ads 

might have different metadata within specific sections. To ensure accurate predictions it is crucial 

to optimize the design and parameters for hyperparameters used in online video ads. 

. 

III Methodology: 

As the market expands, it is crucial to do research on the effectiveness and effects of video 

advertising. Advertisers want to know how to improve their ads' effectiveness. The study of image 

advertisement was extensive. To assess the impact of advertisements on the user most researchers 

utilized the concept of click through rates (CTR). It's the ratio between the number of people who 

watch videos and the frequency they click on it. 

CTR = Number of clicks /Number of impressions 

 

IV Proposed Method  

To determine the efficacy and impact of video advertisements We used the understanding dataset 

for image and video advertisements [22. This dataset contains URLs for advertisements that were 

viewed on YouTube and annotations with annotations by Amazon Mechanical Turkers. Rich 

annotations explain the subject the ads are based on, as well as the effectiveness and sentiment of 

the advertisements. They range from 1-5. We found 2,897 YouTube videos when we first started 

crawling them. Each video ad lasts less than 2 minutes and is maximum 5 seconds long. The 

average length of ads is only 29 seconds. However, most are around 30 seconds. Amazon 

Mechanical Turkers assign each video an Amazon Mechanical Turker label that has a minimum 

five effectiveness scores. One is the most effective, five the best. Each video can have multiple 

effectiveness scores. Each video is rated with different effectiveness scores. We utilized an 

overwhelming vote (with random tie) in order to decide which one was the real deal.  

 

Implementation 

No prior work has been able to match our approach. Six baseline approaches were used to evaluate. 

We are hopeful that we will learn from our experiences. We are proud of our decision to classify 

the effectiveness prediction task in this way. We wanted to compare the performance of the 
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mixture-based approach to that of individual. To solve the problem, we used both an ordinal and 

regression-based formulas.  

 

1) Linear regression: If you are able to create an image of the feature vector for the model it's 

possible to construct an linear regression-based model. In this case we assumed scores y to be 

continuous variables. 

2) Visual Logistic regression. Visual regression models were built using the visual representation 

of features. Also, we converted score y into one-hot encoded vector. 

3) Textual Logistic Regression: The model is based on the representation of feature vectors in text 

(i.e. We developed an algorithm for logistic regression based on the theme in this clip. The model 

forms part of the multimodal mix approach. 

4) LSTM based classification. The model is built on the visualization of feature vectors within text 

(i.e. We have developed an algorithm for logistic regression based upon the subject of this video. 

The model is a an element of the mixed-modal method.. 

 
Figure 1 : Video distribution 

Amazon Mechanical Turkers assign each video a label with an effectiveness score ranging from 1-

5. One is the most ineffective while five of them are most efficient. Each video comes with multiple 

effectiveness scores. We analyzed that the vote of the majority (with tie breaks randomly) for each 

ad as being the truth. 

 
Figure 2 : Histogram of Raw Scores 
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Figure 3: Accuracy in the test scores 

Figure 4 : RMSE scores 

 

 

V Conclusion 

This paper proposes a method using historical effectiveness data and the content of the videos. Rich 

textual metadata is often available for many video ads. Advertisers often provide this information. 

This information can be used in a multi-modal mixed modeling that exploits both visual and text 

content. Our experimentation with publicly available data has shown that our method is superior to 

Other methods that are baseline. Multi-modal mixture models are able to be expanded to include 

additional classification methods (e.g. to improve the performance of your system, you can use 

audio and activity-based classifiers can easily be added to the multi-modal mixture model. We will 

continue to look for the key elements which affect the prediction of effectiveness. These variables 

will enable us to provide direct feedback to the producers of ads and provide suggestions on how 

to improve their ads. 
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