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Overview Algorithm
Algorithm 1 DRL (DDQN) for Offloading Tasks in a Distributed Fog Com-

puting Environment

Objective

@ The objective is to design a Mult-Agent DRL

Input : K, ., 5, U, F, A(t), environment action space (£), and reward (p),

based Task Offloading and Resource Allocatio

number of training episodes
Output: Trained agent’s policy and Q-values
Step 1: Define the environments
Tasks to be offloaded Ky, Ko... ), Task Size (T'S);
Get initial state representation of F; be 5; with a transition s, resource (M5,
C's:)), action (A:), and reward function for the DRL agent (5;, A:);
Step 2: Initialize the DRL agent
Initialize the deep neural network architecture for the DRL agent;
Initialize the hyperparameters learning rate o = (0.1, discount factor v = 0.1,and

Cloud Layer

Approach for Fog Computing Environment to:-

O Optimize task offloading decision with minimizing

the cost of computation delay and energy

consumption to improve the delay critical QoS
requirements for real time applications _ ?

® We consider a network and computation model

Distributed Fog Nodes

described as a multiple tasks with multi-Fog exploration rate ¢ = ¢?;
_ [Taskl = Kaskn ] [Taskl ... Taskn J [Taskl ... Taskn J Step 3: Loop for training
environments and the complex nature of task o .
Edge Send Result tg Initialize the environment and reset the state;

End device

requirements in both wired and wireless-based for each time step in the episode do
e [.1] Y T T by Ja .
services ¥, (('I | Get observation state E(t);
, , o Choose an action a; from the action space based on the DRL agent’s policy;
@ The major focus will be S B . . i i
g o Offload the task K; to a Fog node according to the chosen action a;;
<

Observe the next state s, reward R(t);

Store the experience (S, A, R, §') in the replay buffer D;

if the train starts then then

Update the neural network parameters using the D with (-Learning;
Problem Approaches (Methodology) Update the exploration and exploitation rate with epsilon-greedy decay:
if the episode is finished then

* IoT-Edge-Fog specifically between ngy = U J_ _. B

distributed FOG while sending task to Send Task to Edge

neighbor Fog and returning result back User/End Devices

@® The heterogeneous and dynamic nature of the Fog Ty . .
- . | break out of the time step loop;
networks 7 @ S Distributed Fog Network .
O Resource status and task allocated in each Fog node Local Network N end if
Fog Gateway )> .
—_— end if

varies through time — e
—Task queve Update the target network parameters (if using a target network):

N
. Repeat the training loop for a specified number of episodes or until conver-
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@ These are main concerns in

O Where to offload,

. Offload Task

BOCIICCS
end for
Step 4: End of algorithm

O Communication model,

O Computation model and it ist of tasks Obtain Result

Local Environment

O D/R Learning approaches and extract real-time ol Agent Declsion nt .
F2
information from the Fog and Task. renmaten ‘ TR N Conclusions
Send Task information Announce the decision
@ Generally, our model is allows to do i . _ .
T » We deployed a MADRL based task offloading algorithm in the
O Generate data from the the environment and store it in 9 State . . . L. ..
the replav buffer R Fog to enhance different delay-sensitive application domains in a
P ' QHApet ] me . e real-time manner.
O Use the data to train the model from the replay I - Undate Feature weidht
dale Feature wel o [ . . « .
buffer online network b sl o Specifically, techniques for optimizing the cost of task
i Replay Buffer [ ‘ . . . . .
O Inject the agent with Fog environment and enable fo a1 _ :E i computation delay and energy consumption QoS requirements in
- : : Koloide Q3 | S e task offloading for both dynamic and static topological Fog
with history using Deep Learning R Q4 | oo .
o ol 05 3 architectures
O Evaluate the result L Update local and Fog state information j

Update state with N iteration
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