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ABSTRACT: Meeting note generation has become an essential factor in successful collaboration and knowledge
sharing, especially with the fast rise in popular large-scale video conferencing platforms. Manual summarization can be
both time-intensive and imprecise, requiring intelligent automated methods. The traditional summarization techniques
are unsuitable to extract heterogeneous information in meeting transcripts and stay within contextual accuracy. A strong
Al-based model that combines semantic and acoustic characters in order to produce accurate note generation is required
in this paper. The paper provides a Gated Convolutional Neural Network (GCNN) based Al-driven model that is
utilized to generate meeting notes in large-scale video platforms. The proposed system works with the meeting
transcripts by utilizing preprocessing with noise reduction and standard scaling, and hybrid feature extraction based on
TF-IDF and MFCC. The proposed GCNN model incorporates gating mechanisms to retain the significant features by
eliminating the redundancy hence enhancing the contextual understanding. The performance of the proposed model
was evaluated using accuracy of 96%, precision of 95%, Recall of 94% and F1-score of 94%, and the results were
archived for further analysis. It has been demonstrated that the model strongly improves the quality, coherence, and
accuracy of automated summaries, which makes it very effective in real-world collaborative settings.

KEYWORDS: Automated Meeting Notes, Video Conferencing, Gated Convolutional Neural Network (GCNN), Noise
Reduction, Standard Scaling, TF-IDF Embeddings, Speaker-Aware Context, ROUGE, BLEU, Summarization
Accuracy.

L. INTRODUCTION

Recently, generative Al technologies have demonstrated significant potential to enhance semantic communication
networks by enabling the intelligent transmission of data, sharing of knowledge, and situation-based processing [1].
Such developments form the basis for devising automated tools that can process large volumes of heterogeneous
meeting data. On the same note, the use of artificial intelligence in conjunction with real-time communication has led to
the development of an innovative conferencing platform with transcription and translation facilities, thereby enhancing
both accessibility and collaboration in multilingual settings [2]. The development of systems that lay the foundation for
Al-based techniques in note generation tasks is also evidenced by the impact of Al in video production and smart
cinematography [3]. This provides new areas for utilizing multimodal data in automated summarization. In a similar
vein, convolutional neural networks (CNNs) and retrieval-augmented generation (RAG) systems have been found to be
useful in enhancing the contextual perception and refining the results in other Al-driven systems [4]. Video surveillance
has already been utilized with CNN-based systems for tracking and emotion recognition, demonstrating their ability to
adapt to complex, real-time environments [5].

A. Objective
e To create an Al-based system that would automate the process of generating meeting notes on scaled video
conferencing systems and minimize the shortcomings of manual summarization.
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e To pre-process meeting transcripts with noise reduction and standard scaling to enhance the quality of data and to
guarantee data reliability in extracting the features used.

e To conduct a hybrid feature extraction (TF-IDF (semantic features) + MFCC (acoustic features)) in order to obtain a
more detailed representation of the content of a meeting.

e To develop and train a GCNN-based summarization model and use gating to selectively retain important
information and eliminate redundant information to assist in better contextual comprehension.

e To measure the performance of the model on the basis of ROUGE, BLEU, accuracy, precision, and F1-score, and
prove the effectiveness of the model in contrast to the traditional techniques of summarization.

B. Contribution of the work

e Presentation of a GCNN-based summarization framework that uses gating mechanisms to improve the contextual
meaning and remove redundant words in transcripts of meetings.

e Mixed semantic and acoustic feature extraction via hybrid TF-IDF and MFCC, which allows better and more
effective representation of meeting content.

e Writing of a preprocessing that removes noise and performs standard scaling on the heterogeneous meeting data to
enhance its quality and consistency.

e Detailed testing based on various measures (ROUGE, BLEU, accuracy, precision, and Fl-score) in order to
guarantee the strength and stability of the offered model.

e Evidence of the system's effectiveness in a real-world large-scale video conferencing platform, demonstrating
practical benefits that enhance the coherence, quality, and accuracy of automated meeting notes.

The remainder of the document is structured. into important sections that are explained as follows: Section II lists the
current research projects Al-powered based Automated Meeting note Generation using a Gated Convolutional Neural
Network approach in Large-Scale Video Platform that have been completed by different authors. Section III outlines
the workflow of the proposed method, Al-powered based Automated Meeting note Generation using a Gated
Convolutional Neural Network approach in Large-Scale Video Platform findings and performance analysis are shown
in Section I'V. In Section V, together with references, is the conclusion of the suggested work that will be undertaken in
a future scope.

II. RELATED WORK

Qasim Gandapur et al., (2023) To reduce the number of individuals required to oversee the street and increase the
number of persons that can be retained in the street, the paper illustrates an automated deep learning framework
(ConvGRU-CNN) in order to undertake video surveillance, in order to detect and prevent anomaly events. It
implements ResNet-50 to learn Angelos-Spatial feature and ConvGRU to learn the temporal chain according to UCF-
Crime data. Through the results of the model; the real-world anomaly detection has been determined to be relying on a
high degree of accuracy; which was 82.22% in comparison with the equivalent model.

The author Jebur et al., (2022) summarized the deep learning-based anomaly detection for the video surveillance field
related to human behavior recognition, anomaly classification, and applications in computer vision. It lists methods that
include CNNs for modeling the spatial information and RNNs for modeling the temporal information, by network type,
datasets and metrics. Benchmark data obtained by methods using CNN and RNN models achieved 80% - 90% accuracy
(higher than that of conventional methods).

The researcher Patalas-Maliszewska et al., (2021) has presented a scheme of automatic appraisal, creation of
instructions, and live recognition of worker deeds in fabrication targeting Industry 4.0. This fusion brings together
CNN, and CNN-SVM linking with YOLOv3 Tiny to spot actions and validate through MAE amidst reference and
testing frames. The setup attained a system accuracy of 94% showing excellent results for training as well as checking a
task.

The author Raam et al., (2024) has presented a model based on CNN that reads macro-expressions of customers via
video calls, helping enterprises decode the emotions of their customers when interacting digitally. The system uses
CNNs trained on FER-2013 and JAFFE datasets for emotion classification, beating the mini exception model. It
registered 69.90% accuracy on FER-2013 and 73.24% on JAFFE; thus, it effectively recognized emotions.
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Sassi Hidr et al., (2025) The paper enhances human activity recognition using smartphone accelerometer data by
comparing CNNs, CNN-based autoencoders, and optimized LSTM RNNs. Using the WISDM dataset, the LSTM RNN
achieved 96.1% accuracy, outperforming CNN and ML methods with up to 6.4% higher performance. This was
achieved by leveraging temporal relationships in sensor data through optimized LSTM architectures for real-time HAR.

TABLE I. COMPARISON TABLE FOR RELATED WORK

Ref. No. Author(s) & Year Domain & Focus Area Techniques and Outcome Results
Methodologies Used
11 Thakur et al. (2025) | Video-based learning, Quiz | Fine-tuned Gemma-9B | BLEU score increased
generation, Al for education model, YouTube | from 453 to 68.7,
Transcript API, | accuracy improved
preprocessing, MCQ | from 64.5% to 81.9%
generation,
customization
12 Lee et al. (2025) Psychological testing, | LLM-based multi- | Improved construct
Automatic Item Generation | Agent system, | relevance, clarity,
(AIG), LLMs AutoGen, human-in- | contextual specificity,
the-loop feedback, | and reduced bias
multi-stage item | (qualitative
evaluation improvements)
13 Zhang et al. (2025) | Autonomous driving, | Vehicle-in-the-Loop High-fidelity
Simulation, Digital twins with scaled cars, Al- | simulation, reduced
powered Digital Twin | expenses, effective
models, formal safety | validation of driving
benchmarks controllers
14 Zhu et al. (2025) Computer vision, Multiple | VT-MOT dataset (582 | Outperformed state-of-
Object Tracking (MOT), | videos, 401k frames, | the-art MOT methods
Multimodal data fusion 3.99M  annotations), | with robust visible-
progressive fusion | thermal fusion
framework
15 Li (2025) Recommendation  systems, | Comparison of ETC, | Thompson  Sampling
Multi-Armed Bandit | UCB, and Thompson | achieved best
algorithms, Short-video | Sampling using TikTok | performance with faster
platforms interaction data convergence and
robustness; UCB
moderate; ETC weakest

The Comparison table 1 illustrates five recent studies of various different fields that provide an area of study, methods
and results of the research. Thakur et al (2025) suggested Quiz-Tube to a fine-tuned model of a Gemma-9B system to a
system to be used in automatic quiz. Quiz-Tube showed increment in BLEU and accuracy. A psychological test item
generator to generate a psychological test, an algorithm to generate a test item Lee et al., (2025) have suggested a multi-
agent LLM method of test item generation, which qualitatively generates test items and qualitatively reduces bias.
Zhang et al. (2025) Vehicle in the loop simulator using artificial intelligence-driven digital twins offers both high
fidelities testing and low-cost testing capabilities. Zhu et al., (2025) VT-MOT is superior tracking outcome apparent
thermal MOT dataset. Li (2025) compared various MAB algorithms in an experiment and such findings revealed the
strength of Thompson Sampling in terms of recommendation.

III. PROPOSED METHODOLOGY

The methodology proposed in the automated generation of meeting notes with the help of a Gated Convolutional
Neural Network (GCNN) starts with the stage of gathering meeting transcripts that are the main type of data. Because
unfiltered transcripts are usually noisy, inconsistent, and irrelevant, a preprocessing step is implemented which includes
reduction of noise and standard scaling to improve the general quality of the data. A hybrid feature extraction with Term
Frequency -Inverse Document Frequency (TF-IDF) and Mel-Frequency Cepstral Coefficients (MFCC) are conducted
after preprocessing. Whereas TF-IDF helps to retrieve the semantic meaning of textual data, MFCC helps to get
acoustic patterns which gives the system the opportunity to use both linguistic and paralinguistic characteristics to
better understand the context. These characteristics are subsequently sent to the GCNN model, the gating mechanism is
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important in selectively keeping important information and removing redundancy. This will make the model
sufficiently balance between incorporating new representations of semantics and the initial input. Lastly, the GCNN
produces summarized meeting notes, which are measured with the help of the set performance measurements like
ROUGE, BLEU, accuracy, precision, and F1-score. These analyses prove that the suggested methodology can greatly
increase the consistency, validity, and the quality of meeting summaries, and it is a powerful solution in the context of
the real-life collaborative setting shown in figure 1.

A. Dataset using Meeting Transcripts

The data is based on transcripts of actual meetings in the real world, where several people take part in discussions with
diverse topics being discussed. The transcripts are structured using speaker identifiers and dialogue turns so that one
can track the speaker and the conversation time. It contains natural conversational features like pauses, interruptions,
overlaps, repetitions and informal phrases which render it very representative of actual meeting situations. These
properties not only serve to give some background to the process of communication flow but also are challenging to
preprocess and analyze. The data is specifically useful in applications of summarizing meetings, recognizing speakers,
classifying dialogue acts, and context-sensitive conversation modeling.
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Fig.1. Proposed Overview Block Diagram

B. Preprocessing using Noise Reduction with Standard Scaling

In general, large-scale video conferencing systems, good preprocessing is essential to successful automated meeting
note generation. Our framework is Noise Reduction and Standard Scaling fused together since they are the fundamental
preprocessing methods. Noise Reduction removes any background distractions to audio records, and all speaker input is
clear. Standard Scaling is the next method that standardizes both acoustical and text features to have a mean of zero and
a unit variance. This standardization controls the changes in intensity and minimizes feature bias, which offers constant
input to the Gated Convolutional Neural Network (GCNN). The combination of these steps increases the quality of
features, temporal and semantic learning, and provides a contextually aligned, accurate membership of the meeting
notes to facilitate effective working together.

X(f) = Y(f) = N(©) (1)

This is a spectral subtraction mechanism that is employed in the preprocessing of Noise Reduction in this equation 1. In
the formula, Y(f) represents the spectrum of the noised audio signal, which comprises of the desired speech and the
undesired background noise. N(f) is the estimated noises spectrum which is estimated through analysis of silent or
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noisy areas of the recording. We have solved the problem by calculating X(f) the clean signal spectrum by subtracting
the noise spectrum, which we estimate, of the noisy signal. The process works well in rejecting the irrelevant
disturbances whilst retaining the important speech elements, thus enhancing the quality of audio clarity and the quality
of downstream feature extraction.
X ==t @)

This equation 2 is used to define the Standard Scaling methodology of preprocessing. In this case, the original value of
the feature is denoted by X, the average value of the feature distribution is denoted by 1, and the standard deviation of
the feature distribution is denoted by o. The transformed value X’ will be a normalized distribution with a mean of zero
and a variance of one, by subtracting the mean and dividing with the standard deviation. This is done to eradicate
feature biasing that occurs due to varying scales so that every feature makes equal contribution to model training.

C. AI-Powered GCNN Framework for Automated Meeting Notes

The suggested framework applies a combined approach to feature extraction combining TF-IDF (Term Frequency-
Inverse Document Frequency) and MFCC (Mel-Frequency Cepstral Coefficients). The textual transcripts of the
meetings are subjected to TF-IDF, which highlights and prioritizes the most informative words so that significant words
can play a useful part in summarization. On the audio front, MFCC is utilized to represent the necessary acoustic
attributes of speech, which imply human auditory perception and differentiate between the characteristics of a speaker.

TABLE II. FORMULAS FOR TF-IDF AND MFCC FEATURE EXTRACTION

S. No Formula Explanation
1 _ fia Frequency of term t in document d,
TE(t, d) = ¥ ed normalized by total terms.
2 IDF (t)=log (( N )) | Reduces weight of common terms, N = total
1+df(6) documents, df(t) number of documents
containing term tt.
3 TF — IDF(t, d) Combines term frequency and importance
= TF(t,d) X IDF(t) across documents.
4 X(k) Converts time-domain signal into frequency
_ ZN_lx(n)e_jZ"k“/N domain.
n=0
5 m Maps frequency f (Hz) to Mel scale,
= 2595.1log,(1 mimicking human hearing.
f
+ 700)
6 Cn Discrete Cosine Transform (DCT) of log
M Tn energies gives cepstral coefficients.
= z cos [—(m
m=1 M
—0.5)]

Table 2 shows fundamental formulae employed in the feature extraction phase of the proposed framework. TF, IDF, and
TF-IDF are used to reflect the significance of words in the text that occur in the meeting transcripts, so that commonly
used words that have contextual meanings are emphasized. In audio case, Fourier Transform is used to transform time-
domain signals into the frequency domain whereas Mel scale maps the frequencies to resemble the human auditory
perception. The last step is the Discrete Cosine Transform (DCT) that creates the cepstral coefficients, which denote the
spectral characteristics of speech. TF-IDF and MFCC complement each other and give precise meeting note generation.

D. Al-Powered GCNN Classification for Automated Meeting Notes

A Gated Convolutional Neural Network (GCNN) is used to do the classification process in the proposed framework. In
contrast with conventional CNNs, GCNNs provide gating to regulate the flow of information, enabling the model to
focus on the model on the important aspects and inhibit noise. In meeting data, GCNN categorizes contextual ones by
attentively capturing both speech and text semantic relations. The classification formulas shown in table 3.

TABLE III. FORMULAS FOR GCNN CLASSIFICATION
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S. | Formula Explanation
No

1 z=W=xx+b Convolution operation where input x is transformed using
weights W and bias b.

2 g = o(Wg xx + bg) The gating function uses a sigmoid (o) to control the flow
of information.

3 h = tanh(W}, * x + by,) A candidate hidden representation that captures nonlinear
semantic features.

4 y=g0h+(1-g0Ox Final gated output: combines the new representation h
with the original input x.

5 y = softmax(W, + b) The softmax layer converts the processed features into
probabilities and assigns them to the target categories.

The figure 2 illustrates a gated CNN-based classification model for anomaly intrusion detection. It begins with the
original sequence processed by a Seq2Seq model to generate a predicted sequence, both of which are embedded into a
representation matrix. Convolutional layers with filters of size nxm are applied, followed by ReLU activation for
feature extraction. One branch passes through a sigmoid-based gate to control information flow, while the other directly
extracts features. The gated and non-gated outputs are combined to form a feature map, which undergoes pooling and
softmax classification. The model finally categorizes inputs as normal or abnormal behaviors.

III. RESULTS & DISCUSSION

The suggested meeting note generation system based on Gated Convolutional Neural Network (GCNN) has proven to
be a better system than conventional transcription and summarization systems. Empirical analysis on large-scale data of
video conference sessions demonstrates that the model is effective in capturing contextual meaning, speaker
contributions, and salient information and generates unified and succinct summaries. Performance scores like ROUGE
and BLEU suggest increased recall and accuracy when identifying relevant content whereas accuracy, precision, and
F1-scores confirm that the same key segments are extracted by different speakers and different topics. Combination of
speaker-conscious context and TF-IDF embeddings in summarization further increases the quality of the
summarization, thus making the system strong, scalable, and useful in real-world learning experiences.
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Fig. 2. Analysis of summary length distribution
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The histogram in figure 3 below demonstrates the distribution of generated length of summary in the dataset. Most of
the summaries are in smaller ranges especially between 20 to 50 words, which means that brief summaries are common
and more desirable. As the length of the summary is larger, there is a discernible decrease and the number of summaries
longer than 100 words is comparatively small. This implies that automated summarization systems can be effective in
summarizing information, as it is concise and at the same time contains important information. The frequency also
shows that too long summaries are very rare and may not be as convenient to understand lightly. In general, the graph

depicts successful summarization which is in line with user readability.
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Fig. 3. Preprocessing of Meeting Transcripts
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Pretreatment is also very important in enhancing the quality of input information in generating meeting notes using Al.
The fillers, redundancy, and superfluous punctuation that are also present in the original transcripts tend to create noise
to the model during learning. Using methods like lowercasing, filler removal, stop word elimination and lemmatization
the data is ultimately converted into a concise and meaningful representation. As illustrated in the example, speech
noise such as “um, uh, etc. are eliminated and important words such as server downtime and backup system are
maintained and vital information is retained to enable them to be summarized in the right manner as indicated.

An important process of converting the pre-processed meeting transcripts into machine-readable formats to train deep
learning models is known as feature extraction. The TF-IDF algorithm attributes weights to words depending on how
they appear in the utterances, which makes words that are likely to have significant meanings such as backup,
downtime, and reliability and the prevalent words to be limited. Spoken context vectors were also added to the textual
features to maintain conversational dynamics by combining one-hot speaker identifiers with textual features.

Model Training Metrics (GCNN)
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Fig. 4. GCNN Model Training and Validation Loss Convergence

The training and validation loss curves of the Gated Convolutional Neural Network (GCNN) with 20 epochs are
depicted in the graph presented in figure 4. First, the loss of validation varies slightly which is due to the adjustments of
the model in the initial stages of training. Training and validation losses keep on decreasing as the epochs advance to
signify successful learning and generalization. The ability of the GCNN to learn gradually and to discover the semantic
and contextual dependencies without excessive overfitting is indicated by the gradual decrease. Towards the last
epochs, the training and validation losses become similar close enough to show that the model is stable and achieves
better performance in automated meeting note generation, which proves that the preprocessing and feature engineering
strategies work indeed.

Accuracy, Precision, Recall. and F1-Score Evaluation
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Fig. 5. Evaluation of GCNN-Based Meeting Note Generation: accuracy, precision, Recall and F1-Score
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The performance rates presented in figure 5 reflect high levels of efficiency of the Gated Convolutional Neural
Network (GCNN) when it comes to the production of automated meeting notes. The accuracy of the model was 96%
and indicates the overall reliability of the model in summarizing and capturing the content of the meeting. The system
had a precision of 95 and was able to reduce false positives since majority of the information extracted was useful. The
94% of recall score means that the model is capable of capturing most important details without leaving out important
information. The balanced trade-off between recall and precision is confirmed by the F1-Score of 94%. These findings
reveal the strength and usefulness of GCNN in a large-scale video conferencing context.

III. CONCLUSION

The generation of meeting notes has become a key element in successful collaboration and sharing of knowledge
particularly with the increase in video conferencing at a large scale. The traditional procedure of summarization by
humans is lengthy and inaccurate, and so smart automated techniques are required. Conventional methods of
summarization do not gain heterogeneity of information provided they preserve contextual accuracy. To overcome this,
the paper is a proposal of a Gated Convolutional Neural Network (GCNN)-based Al model that produces meeting notes
based on transcripts. This system involves preprocessing including noise removal and standard scaling and hybrid
feature extraction using TF-IDF and MFCC. To maximize contextual information, the GCNN uses gating to ensure that
important features are maintained and redundancy is removed. The model scored 96% accuracy, 95% precision, 94%
recall and 94% F1 score with the output stored to be analyzed. Finally, Lastly, the framework promotes quality and
consistency of automated summaries. In the future scope, more complex embeddings and multi-lingual support as well
as real-time processing will be incorporated, making it more flexible and scalable.
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