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Abstract

Deep neural networks (DNNs) have made multi-task learning (MTL) a powerful way
to learn multiple linked tasks at once, using shared models to improve generalization and
speed. But successfully matching task goals is still one of the biggest problems in MTL,
since giving all tasks the same level of value often results in poor performance. To solve
this problem, we suggest a new way to improve MTL in DNNSs: job priorities should be
balanced automatically based on how important they are. Our framework includes a task
priority balance system that changes how much each job contributes to the total loss function
as training goes on. This system uses measures that are relevant to the job, like how hard
it is and how much data is available, to automatically assign resources and set learning
priorities. By managing task priorities well, our system lets DNNs focus more on important
tasks while giving the right amount of resources to less important ones, which makes all
tasks run better overall. We show that our method works by doing a lot of tests on a bunch of
different standard datasets from different fields. The results show that our system regularly
does better than other MTL methods by being more accurate and more general, especially
when job difficulties are uneven. Overall, our framework offers an adaptable and effective
way to enhance MTL in DNNS, boosting performance by constantly balancing job priorities.
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1. Introduction

Multi-task learning (MTL) is a potential way to improve model
efficiency and adaptation in the field of deep neural networks (DNNs) by
teaching them to do multiple connected tasks at the same time [1]. There
are many jobs in the real world that are naturally linked and can benefit
from shared representations learned through MTL. Some examples are
picture recognition, natural language processing, and healthcare analytics.
Traditional MTL methods often give all jobs the same amount of value, no
matter how hard or important they are on their own [2]. This overly simple
method may not give the best results because it doesn’t take into account
changes in how important tasks are and how resources are allocated [12].
During training, tasks with different levels of difficulty or value may need
different amounts of attention. Ignoring these differences can hurt the
model’s total performance. For example, in a medical analysis app, finding
odd diseases might be more important than finding common illnesses.
This means that resources need to be allocated properly.

To solve this problem, we suggest a new way to improve MTL in
DNNs job priorities should be balanced automatically based on how
important they are. Our framework includes a task priority balancing
system that changes how much each job contributes to the total loss
function as training goes on [3]. Our system helps DNNs better use their
resources by including task-specific measures like task difficulty, data
availability, and topic relevance. This way, they can focus on important
tasks and handle less important ones in the right way. The most important
new feature of our approach is that it can change task objectives on the fly
during training. This lets the model learn from the data and task
characteristics over and over again [8]. This flexible method makes sure
that the model uses its resources in the best way possible, which improves
speed for all jobs. This paper goes into great detail about our system and
includes test results that show it works well on a number of standard
datasets from different fields. [13].

2. Methodology
2.1 Task Priority Estimation

Estimating task priorities means figuring out how important each job
is in the context of multitask learning. This evaluation is based on
knowledge of the subject, feedback from stakeholders, and measures
relevant to the job, like how hard it is and how much data is available. The
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Figure 1
Overview of Block Diagram of Proposed Model

system can make good use of resources during training by giving each job
a priority score that shows how important it is. The model shown in figure
1 focuses on learning tasks that have higher importance scores so that they
are learned as well as possible [11]. This approach for setting priorities
makes it easier for the model to meet important goals and change to meet
the needs of different tasks, which improves performance and efficiency
overall.

2.2 Dynamic Task Priority Balancing Mechanism

During training, the dynamic task priority balancing system changes
how much each job contributes to the total loss function [4]. This system
uses measures and priority scores that are specific to each task to figure
out how much weight or value each task has in the loss calculation. In
training rounds, methods are used to change the order of tasks based on
how well the model is doing and how the tasks are structured [10]. For
example, jobs with higher priority scores might get more weight in the
loss function, which lets the model spend more time and energy learning
them [5]. Algorithms also keep an eye on how well the model does on each
job and change its objectives as needed. This flexible method makes sure
that the model puts its resources on tasks that are more important or
difficult. This improves performance and convergence speed across all
tasks in the multi-task learning framework [7].
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3. Deep Neural Network

The Deep Neural Network (DNN) proposed aims to enhance task
performance by dynamically balancing priorities. Through iterative
learning, the model adjusts task importance weights based on real-time
feedback, optimizing resource allocation. By dynamically adapting to
evolving task requirements, it mitigates bottlenecks and enhances overall
system efficiency. This approach allows for improved adaptability in
complex environments, where task priorities may fluctuate. Ultimately,
the DNN'’s ability to dynamically allocate resources based on task
importance fosters enhanced performance and responsiveness, crucial for
real-world applications.

DNN algorithm is as follows

Step 1: Initialize Model Parameters:
- 0 represents the parameters (weights and biases) of the DNN model.
- Initialization: 6(0)

Step 2: Forward Propagation:

1-1

—z =W 41 1)
—-a' =o(2") ()
-a"=X (3)

- a" are the predictions for each task.
Step 3: Loss Calculation:
- Individual loss for task
i:l_i=f_i(a™Ly_i) (4)

e where f iis the task-specific loss function

*  Weighted loss for task i:4.¢, (where A_i is the priority score)
Step 4: Regularization:

- Regularized loss function:

T=Z o, +Regqularization Term (5)

Step 5: Compute Total Loss:
- Total loss: J
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Step 6: Backward Propagation:
- Compute gradients: V _6J using backpropagation.
Step 7: Gradient Descent Optimization:

- Update parameters:

0" =6' -V, ©6)

Step 8: Dynamic Task Priority Update:
- Update task priorities:
A"t =Update Priority (A;,Metrics) 7)

Step 9: Repeat Training Iterations:
- Iterate steps 2-8 for T epochs.
Step 10: Iterative Improvement:

- Fine-tune hyperparameters, regularization terms, or task priorities
based on validation performance.

3.1 Model Training:

The Adam optimization method is used to change the model
parameters over and over again during training, using gradient information
to get the total loss function as low as possible [6]. The training process is
watched, and job orders are changed automatically based on criteria for
convergence or validation performance. If some jobs do better or need
more care, their goals are changed on the fly so that resources are used
more efficiently [9]. This flexible method makes sure that the model
focuses on learning tasks in the best way possible, which leads to better
performance and agreement. During the training process, it also improves
the model’s ability to expand and adjust to different job needs.

a. Compute gradients:
gt=VoJ(6t-1) (8)

b. Update biased first moment estimate:
mt = Blmt -1+ (1-Bl)gt 9)

c. Update biased second raw moment estimate:
vt = B2vt -1+ (1- B2)gt2 (10)
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d. Correct bias in first and second moment estimates:

m' =mtl— Bt
v =ovtl- B2t

e. Update parameters:

Ot=0t—1—om™ +06

4. Result and Discussion

1147

11

12)

(13)

The proposed method, a Deep Neural Network (DNN), performs
well on a number of different rating criteria as presented in table 1. It does
a good job of putting data points into the right category, with an accuracy
of 92%. The accurate score of 94% shows how well it can find positive
cases out of all the expected positives. In addition, the DNN has an 89%
recall rate, which means it can find most of the real good observations.
The harmonic mean of precision and memory, the F1 score, is 92%. This
shows that there is a fair trade-off between accuracy and recall. The area
under the curve (AUC) of 95% also shows that the DNN is very good at

telling the difference between positive and negative groups.

Table 1

Evaluation parameter DNN algorithm

Algorithm Accuracy Precision Recall F1 Score AUC
DNN 92 94 89 92 95
Figure 2

Performance evaluation of DNN
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Figure 3
Representation of Confusion Matrix of DNN

Based on the “DNN” algorithm’s accuracy, precision, recall, F1 score,
and AUC (Area Under the Curve), the bar graph shows in figure 2 its
success measures. A colored bar for each measure shows it, and the length
of the bar shows the algorithm’s score for that metric. The graph shows in
figure 2 that the DNN gets high marks for all measures. For example, its
precision score is 94% and its AUC score is 95%. The results show that the
algorithm can correctly sort data points into groups, keep a good balance
between accuracy and memory, and tell the difference between good and
bad groups with great accuracy.

In the field of machine learning, a confusion matrix is a way to see
how well a classification model is working. It tells you how many true
positives, true negatives, fake positives, and false negatives there are in
each class. This grid helps figure 3 out how accurate, precise, recallable,
and other measures the model is. In the matrix, each cell shows the number
(or percentage) of times the model’s forecasts were correct compared to
the real truth for a certain class.

Table 2
Performance Metric of DNN and CNN Technique after Adam optimization

Algorithm | Accuracy | Precision Recall F1 Score AUC
DNN 0.93 0.95 0.91 0.94 0.95
CNN 0.88 0.9 0.85 0.87 0.91




A FRAMEWORK FOR MULTI-TASK LEARNING OPTIMIZATION 1149

0.8

0.6 -

Scores

0.4 -

0.2

0.0 -

Accuracy Precision Recall
Metrics

Figure 4

Representation of Comparison of performance metric of DNN and CNN

The table 2 shows the rating measures for two different algorithms,
and they are DNN and CNN. The DNN method gets an accuracy of 93%,
which shows the number of cases that are successfully identified. Precision,
which is a measure of how well good expectations work, is high at 95%.
The memory, which shows how well the person was able to find good
examples, is 91%. The F1 Score, which is a harmonic mean of accuracy and
memory, is 94%, which means that the two measures are equal. Also, the
AUC number, which measures how well the model can tell the difference
between classes, is 95%. The CNN algorithm does a little worse than DNN
in all of the tests that were done.

The figure 4 shows how the bar graph compares the performance of
two algorithms, DNN and CNN, across a number of different evaluation

Accuracy Comparison of Algorithms

Algorithm

Figure 5

Comparison of Accuracy with Optimization
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measures. A group of bars, each with a different color, shows each
algorithm.

The different colors in figure 5 show different measures, such as
Accuracy, Precision, Recall, F1 Score, and AUC. The equivalent number for
the measure is shown by the height of each bar. This image makes it easy
to see how well the algorithms work on a number of different factors at
once, which can help with making decisions and choosing a model.

4. Conclusion

In conclusion, the method shown provides a structured way to
improve the performance of deep neural networks by optimizing their
ability to do multiple tasks at once. By changing the order of tasks based
on subject knowledge and model performance, the framework encourages
better learning across multiple tasks at the same time and better use of
resources. This flexible approach not only makes the model work better
overall, but it also makes better use of the data and computing power that
are available. The framework has the potential to solve difficult real-world
problems and improve the abilities of deep neural networks in many areas
because it can change the order of tasks during training.
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