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Abstract: The growth of data volume and the popularity of mobile devices have spawned a large number of low-latency,
high-computing applications. At the same time, under the wave of global new eneraqy, the energy efficiency utilization of
electronic equipment has also received more and more attention. Due to a large delay and occupying the large bandwidth
of cloud computing, and the limited computing power of end devices, mobile edge computing is considered to be the best
way to achieve low latency of complex tasks. WiFi routers can provide high bandwidth and can work as intermediate
nodes for forwarding tasks. In this report, we propose to use dynamic programming based on wifi routers to dynamically
schedule computing tasks to edge computing nodes to achieve maximum bandwidth utilization, under the energy
consumption constraint of the user. The experiment result shows that the DP method compared them with other three
traditional algorithms can get higher bandwidth by using less Energy cost and fewer numbers workers. Besides, we can
effectively search for the last phase Table to save much time by using Computation Reusability.

1. INTRODUCTION

Scheduling computing strategy, as an effective method to reduce delay and improve devices utilization, has attracted more
and more attention. The computing strategy can transfer the user's computing task to an edge node with a lower load or
a higher bandwidth, minimizing the task execution time and providing the user a low-latency experience. This provides
two advantages: 1) an edge node that is close to a user can act as a cloud service provider, decreasing the latency of the
task requirement. 2) It can also improve the network transmission of the centralized server [1]. As per the survey Al, DL
methods [2] are used for handling larger data & computations with limited data items than the traditional methods. DRM
[3] works with resource request for different jobs to reduce the delay in data processing. DL2 [4] schedules a job for
reallocating resources using reinforcement learning. But DL is not that much matches for internal Wifi router based
computations in view of poor decision making policy for training larger data set. From another perspective, in a cloud
computing environment, through resource allocation and dynamic virtual machine configuration, bandwidth can be fully
utilized to complete task migration. VScaler [6] implements autonomic resource allocation using a new method to
reinforcement learning based on a parallel learning strategy in order to get an optimal convergence speed. VCONF [7]
employs model-based RL algorithms to automate the VM configuration process in terms of both adaptability and
scalability. But most of the time, cloud computing strategy has too much latency to handle user's requests on time,
resulting in a bad user experience. In-house WiFi Router-based Computing Strategy to handle Large-Scale workloads
needs to pay more attention to network and bandwidth, which is important to transfer user' tasks to local edge
computing nodes. As suggested in LVRM [8], demanded network bandwidth among VMs should be given higher priority
while allocating users' tasks data to computing workers as insufficient network bandwidth may detain the task execution.
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In this report, we propose an In-house computing system using wifi-routers as agents to assist low-spec nodes to offload
tasks to some of the most compliant nodes. By maintaining a DP table, wifi-router can quickly assign tasks to nodes with
lower load or higher network rates, in order to maximize bandwidth utilization under certain energy consumption
constraints.

2. RELATED WORK
2.1Mobile Edge Computing
Already MEC proved that most of the local Wi-Fi routers are used for heavy loads [9] [10] and EMM method is used for
the energy [11] related operations.
Centralized & Decentralized methods [12] [13] [14] are used under MEC for task scheduling, effective utilization of
resources, better performance. The proposed work [15] [16] contributes reducing the latencies, improving the energy
efficiency through various resources connected to the common communication network. The proposed concept is
focused with internal Wifi routers for heavy loads and the related data operations. There routers support to better
performance in terms of power consumption, less delay, high response time, maximum amount of task completion with
specific limitation for handling heavy loads among devices & users.
2.2 Dynamic Programming
Dynamic programming emerged in the 1950s from R. Bellman. The object of dynamic programming research is a multi-
stage decision-making problem, which can be transformed into a series of interrelated single-stage optimization problems.
Decisions need to be made at each stage. After the decision of each stage is determined, a decision sequence is obtained,
which is called a strategy. The problem of multi-stage decision-making is to seek a strategy to optimize the overall goal of
each stage. The idea of dynamic programming is to divide the solution of a problem into n stages, and the strategy
adopted from the current stage to the final step to realize the goal is the optimal strategy. For example, suppose the total
number of resources in the kth stage is X,, and the number of resources invested in department A is Y,. Then the
amount invested in department B is X,-Y,. Then you can get the income g(Y)+h(X,-Y,), and recover aX,+b*(X,-Y,).
Therefore, the problem will be get Y4, Y,,..., Y,, to maximize

2 9 +hix - i) 1)
|<=k<=ta, under the constraints of X, =X
X2=a*Y, +b*(X;-Y-1) ... 2

Xn: a* Y1 +b* (Xn-l - Yn-l)
Yk>= O, Xk>=0,k = 1...n'1
The above problem can be solved by using backward optimization: fk is

Xi

LR LR

A1 =¥l A2 =2 X =¥ o
the current number of resources as X, and then after k stages to complete the system goal, the maximum income
obtained is:
{f () = max{g(y) + h(x - y) + f; (8, + b(x - y))}, k >=2
{f.(x) = max{g(y) + h(x - y)hk =1

For multi-stage decision-making problems, a system can be divided into several stages. At any stage k, the state of the
system can be represented by x,. Each state x, has a decision set Q,(x,), from which a decision g, is selected, the state x,
is transferred to the next state x,.,=T.(X, Q), and the gain R,(X,,0,). The target of the system is to select a decision in its
decision set at each stage to maximize the total benefit of all stages.

3. SYSTEM MODEL
3.1System Architecture
The whole system works to connect to the WAN through one or more controllable networks and devices, usually in the
places like homes or public areas, or company environment. In each of the local WAN systems, there may be one or
more wireless routers and tremendous end devices that connect to Wifi to transform or get data such as phones,
computers and 10T devices. Therefore, a well-designed computing strategy and system is the key to maximizing network
bandwidth and optimizing energy consumption.
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3.1.1 Switch Layer

The Switch layer acts as a management role in connecting all the wifi router clusters. It is a logical abstraction of wifi
routers that enables all alive routers to interconnect with each other. In a large-scale WAN network, it is merged by the
upstream TSP.

3.1.2 Wifi Router Layer

The wifi routers layer is the most important part of the system connecting all the user end devices. It can receive
offloaded tasks from users, calculate to match the optimal assignment strategy using DP method, and schedule tasks to
target worker nodes. Besides, Wifi routers can interconnect with other clusters routers to share information in a
centralized or decentralized way.

3.1.3 User Equipment Layer

User equipment layer is the devices that have limited computation power, such as 10T devices, phones, computers.Due to
limited battery energy or computation power, these user end devices need to offload tasks to will routers using in a
wireless way. Then the wifi routers will calculate the optimal computing strategy by searching DP-table and offloading the
tasks to specific workers. Specifically, the will router itself can also be user equipment because if the will router-workers
cluster cannot handle these tasks given certain conditions(e.g. energy or bandwidth constraints), it will also transfer the
tasks to other wifi router clusters.

3.1.4 Workers Layer

Worker acts as edge computing nodes in the system, similar to Base Station in the MEC system. Workers need to
register themselves to the wifi router in one cluster by heart beating. Also, workers send Ping periodically to wifi routers
with information, including bandwidth(e.g. the link between the worker and the wifi router) and energy cost of that
specific device. In our system, the workers can be servers, laptops, or any other computing nodes.
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Fig 1: System Architecture

4. MATHEMATICAL MODEL

In our model, a user request occurs inside a cluster. This request should first be processed inside the cluster under
certain energy constraints. If the computing resources inside the cluster are insufficient, or the energy constraint exceeds
the minimum limit, then it is necessary to consider transferring tasks across clusters. According to the optimization
principle of dynamic programming, a multi-stage decision-making problem, assuming that the first stage of its optimal
decision-making function is q,, and the system shifts to a new state x,, then all the following strategies are sub-problems
based on the initial state x, and must constitute an optimal strategy. The sub-problems of our model in each cluster are
the same problems as the original one, but the scale of the problem has been reduced, which means that our model can
be solved by dynamic programming. From an algorithm perspective, another factor that (discrete variable) dynamic
programming (DP) relies on is the Overlapping Principle of sub-problems: the solution of a problem can be divided into
the solution of several sub-problems, and the calculations to deal with these sub-problems are partially overlapped. The
dynamic programming algorithm uses the Over-lapping Principle of the sub-problems of the problem to design the
algorithm, which can save a lot of calculations.
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For some problems that seem unlikely to be solved quickly, DP works like polynomial-time algorithms, which is called an
efficient algorithm. Based on the system model above, we have t tasks in the task set T = {T,, T,, T;...T;} , and in order to
simplify our model, we use bytes to represent our task size. For example, T1=20 GBytes.In the WAN environment,
suppose we have n clusters(wifi routers), which can be represented as C = {C,, C,, C,...C,}. In each of the clusters, we
have W workers written in W = {w;, w,, w; w,} and U users equipment devices written asU = {U;, U,, U;...U.}
respectively. We assume that all the tasks cannot be divided, and all the assigned workers of a specific task execute
exactly the same size of the task in order to maximize available bandwidth with the energy constraint.
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Fig 2: forward optimization Fig 3: backward optimization
Constructing dynamic programming recursive equations, there are forward optimization Fig.2 and backward optimization
Fig.3. For example, the problem has n stages, define f,() as the optimal solution value of the first k stages (from the first
stage to the k-th stage) of the problem, and then recursively f() to f.,(). Finally, we can get termination condition f,()
expression. If we define f,() as last k stages (from n-k+1 stage to n-th stage), it can be deduced to f;()
e Phase: k=1,23...n, k represent n phase, which means in each phasewe assign workers in specific cluster
e State Variable E:means available energy units consumption(less than the maximum Energy-constraint units) in each
phase k
e Decision Variable X,: means assigning how much energy units consumption in the phase k, and 0 <X,<E,
e State transfer equation: E,,,= E, - X,
e Dynamic basic equation:
fi(Bi) = max[g(E, X)) + fie 1(Ece)]
fi(En) = 0
f(E,) means in k-th phase, maximum available bandwidth given the available energy units consumption E,. g(E,,X,) means
given available energy units consumption E,, assign X, in the k phase and get immediate bandwidth. f,,,(E,,,) means in k+1-
th phase, maximum available bandwidth given the available energy units consumption E,,;.

5. NUMERICAL EXAMPLE OF DP

Table 1: Bandwidth and Energy distribution in cluster

DP-table Clusterl Clusterl Cluster2 Cluster2 Cluster3 Cluster3
allocation BW Energy BW Energy BW Energy
0 0 0 0 0 0 0
1 0.5 100 0.65 80 0.6 95
2 0.6 110 0.7 85 0.7 100
3 0.75 125 0.8 90 0.8 110

For a better understanding of the proposed DP algorithm of computing strategy, we have taken an example as depicted in
Table.1. represents Bandwidth and Energy cost when allocating different numbers of workers in each wife router cluster.
Allocation a certain number of workers from a specific cluster for computational purposes means how many workers in a
specific cluster can be assigned and how much overall bandwidth can be provided (using that many workers) with an
equivalent Energy(cost) units consumption. And we will use backward optimization to solve this problem. For example,
there is a task size of 20 GBytes under energy constraints of 300 units. Let's use the proposed model in the last chapter
and draw several DP tables in every phase as follows.

Table 2: k=3, DP-table

Energy cost units X3 5*(S3) X,
0-94 0 0 0
95-99 1 0.6 1
100-109 2 0.7 2
110-300 3 0.8 3
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From the Table.2. The minimum energy cost is 0 because we can choose not to assign any worker in this cluster. Because
phase 3 is our first step, under the energy consumption constraint(300 units), our maximum energy cost will be 110 units.
Therefore, our maximum available bandwidth is 0.8 MBytes/sec and 3 workers in cluster 3. For example, in phase 3, if we
only have 99 energy units cost, we can get the optimal value of 1 worker and get 0.6 MBytes/seconds bandwidth in this
cluster. f5(S;) = max g(S;,X;), 0 X3 <S3 = 4.f3*%(S;) = maxX,; = 0.8.X3= 3. As a result, given 300 energy units constraint,
our optimal strategy is to assign 3 workers from cluster3 and get maximum 0.8 MBytes/seconds bandwidth. The worst-
case time complexity for this first step will be O(n), where n is the number of workers in this cluster.
Table 3: k=2, DP-table

Energy cost units X, X, X3 X3 £,%(S,) X,
0 1 2 3

0-79 0 - - - 0 0
80-84 0 0.65 - - 0.65 1
85-89 0 0.65 0.7 - 0.7 2
90-94 0 0.65 0.7 0.8 0.8 3
95-99 0.6 0.65 0.7 0.8 0.8 3
100-109 0.7 0.65 0.7 0.8 0.8 3
110-174 0.8 0.65 0.7 0.8 0.8 0
175-179 0.8 1.25 0.7 0.8 1.25 1
180-184 0.8 1.35 13 0.8 1.35 1
185-189 0.8 1.35 1.4 14 14 2
190-194 0.8 1.45 14 15 15 3
195-199 0.8 145 15 15 15 2
200-300 0.8 145 15 1.6 1.6 3

The Table.3 can be obtained based on Table.2.When there is ho workerassigned from both cluster2 and cluster3, there
will be no Energy cost and bandwidth in the table. If we have 1 worker from cluster2 and no worker from cluster3, we
will get 0.65 MBytes/seconds bandwidth by using 80 Energy units Cost.And if we have O workers from cluster2 and 1
worker from cluster3, from the Table.2, we can get 0.7 MBytes/seconds bandwidth by using 95 Energy units cost. Given
Energy constraint, we can assign workers in cluster2 and use the rest available energy cost to search for Table.2 to fill in
the Table.3. In Table.3, the maximum energy cost will be 300 units and get a bandwidth of 1.6 MBytes/seconds (3 workers
from cluster2, 3 workers from cluster3). For example, if we have an energy constraint of 178 units, from Table.3, we can
choose 1 worker of cluster 2 the energy will be 80 units, and the bandwidth will be 0.65 MBytes/seconds, then there will
be 178-80=98 energy units available. Then we search Table.2 for maximum bandwidth under the limited energy cost of 98
units. We can assign a maximum 1 worker in cluster 3 without exceeding the energy constraint and the total maximum
bandwidth is 0.6+0.65=1.25 MBytes/seconds as the optimal value shown in Table.3. Besides, using the same Energy
constraint of 178 units, if we choose X,=0, the maximum bandwidth will be 0.8 MBytes/seconds by assigning3 workers all
from cluster3 under the available energy consumption of 178 units. And if we choose X2=2 or X2=3, available energy will
be 178-85=93 units or 178-90=88 units, all of which lower than one worker energy cost in cluster3, so no workers will
be assigned in k=3 phase and get maximum bandwidth 0.7 or 0.8 MBytes/seconds respectively. As a result, as X, from0 to
3, we get {0.8, 1.25, 0.7, 0.8} respectively and the optimal computing strategy should be X,=1 and X; = 1 with the energy
constraint of 178 units. Finally, in the phase2: f,(S,) = max [g(S,,X,)+f3(S;), 0 <X2 <82 = 4. f,*(S,) = 1.6 MBytes/seconds.
X; = 3. As a result, the optimal strategy of this second step(with 300 units Energy Constraint) is to assign 3 workers
from cluster2 and cluster3 respectively and get 1.6 bandwidth. Considering the worst-case time complexity of this second
step, it will be O(n?).

Table4: k=1, DP-table

Energy cost units Xy X, Xy X, f1*(Sy) X,
0 1 2 3

0-79 0 - - - 0 0
80-84 0.65 - - - 0.65 0
85-89 0.7 - - - 0.7 0
90-94 0.8 - - - 0.8 0
95-99 0.8 - - - 0.8 0
100-109 0.8 05 - - 0.8 0
110-124 0.8 05 0.6 - 0.8 0
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125-174 08 05 06 0.75 08 0
175-179 125 05 06 075 125 0
180-184 135 115 06 0.75 135 0
185-189 14 12 06 0.75 14 0
190-194 15 13 125 0.75 15 0
195-199 15 13 13 0.75 15 0
200-204 16 13 14 075 16 0
205-209 16 13 14 14 16 0
210-214 16 13 14 145 16 0
215-219 16 13 14 155 16 0
220-274 16 13 14 155 16 0
275-279 16 1.75 14 155 175 1
280-284 16 185 14 155 16 1
285-289 16 19 185 155 19 1
290-294 16 2 195 155 2 1
295-299 16 2 2 155 2 1

300 16 21 21 2 21 1

From Table.4, under the energy constraint of 300 units, we will use one worker from clusterl to get 0.5 MBytes/seconds,
and there are 300-100=200 energy units available. Then after search Table.3, we use 3 workers from cluster2, get
bandwidth of 0.5+0.8=1.3 MBytes/seconds and there are 200-90=110 energy units available. Finally, we will use 3 workers
from cluster3. The maximum of bandwidth is 1.3+0.8=2.1 MBytes/seconds, so that theminimum task transmission time
will be 20 GBytes2.1 (MBytes/seconds)= 9.752* 10° seconds. f;(S,)= max [g(Sy,X)+f,(S))], 0 <Xi <Si = 4.£,(S)= 2.1
MBytes/seconds. X, = 1. And the optimal assignment strategywill be as following:
Xi=1, X,=3, X5=3;

And for the final step, the worst-case time complexity should be O(n®), where n is the number of workers in each cluster.
For the final optimal strategy, we get a sum of 2.1 MBytes/seconds bandwidth from all the clusters. If the user
request(task) is divisible, we could achieve a maximum bandwidth from all the clusters transferring together under certain
energy constraints. Although the bandwidth might change a little bit when computation prevails, the DP algorithm can
help get an optimal strategy in a transient state or when the fluctuation of bandwidth issmall.

6. PERFORMANCE EVALUATION
In order to evaluate the performance of the proposed DP algorithm, a self-developed discrete event python-based
simulator PYEng-Sim is used. This allows us to set the nodes numbers, network bandwidth, the Energy cost to generate
forward and backward Dynamic Programming tables. We compare the DP algorithm against three normal and widely
used traditional scheduling algorithms: Random, RoundRobin and Local-first in Fig.4. Random is that | collect all the edge
nodes together no matter which wifi router they belong to, and randomly choose certain number of devices. This method
can guarantee all the edge nodes share exactly the same probability to be chosen. Local-first is to use the edge computing
nodes in the local cluster, which might result in overload in the specific cluster because of the Hot-Spot-problem.
RoundRobin is an algorithm that firstly the number of wanted edge nodes divided by wifi router(cluster) number, and
then when assigning a specific number of wanted nodes into a certain cluster, a random strategy will be used to select
nodes within the cluster. Therefore,the RoundRobin algorithm cannot guarantee equal probability among clusters, but it
can ensure computing nodes within a cluster can be equally chosen.
6.1System Architecture
The proposed DP algorithm is evaluated and is compared with Random, RoundRobin and Local-first in our simulation.We
will use 6 wifi router clusters in the system. And in each of the clusters, we have 15 edge nodes respectively. Besides, in
each of the clusters, we will use the Random Library of Numpy to increasingly set the bandwidth and Energy when
selecting more nodes together. For 1-nodes, 1.2 MBytes/seconds, 200 Energyunits cost; 2-nodes,1.5 MBytes/seconds, 300
Energy units cost etc.
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Round Robin

Local-First

Random

Fig 4: Three traditional scheduling Graph
Finally,we have a task20 GBytes with a different Energy Constraint setEC={50,100,150,...1100,1150,1200} units, which are
from 50 to 1200 units with s 50step units size. Taking the above-mentioned performance matrix, the following simulation
results are derived.

6.2 Simulation Results

The proposed algorithm is evaluated by comparing its performance with Random, Local-first, RoundRobin algorithms. In
the experiment, we set fixed bandwidth to see how many workers and how much Energy cost need among these four
algorithms. Besides, another test is that given fixed Energy constraints(which is adhere to our topic in the report), we will
see how many workers need and how much bandwidth we can get from the above four algorithms. From the Figure.5 and
Figure.6, we can see that given a certain bandwidth, Dynamic Programming always needs the least number of workers
compared with another three algorithms, which means DP is better at maximizing bandwidth with fewer workers
installed. And with the fixed bandwidth, DP needs less Energy cost compared with others, which is important and suitable
for our report's topic and be better at saving energy. From the Figure.7 and Figure.8, we can see that with the given
Energy constraint, DP needs similar numbers of workers with RoundRobin and Local-first algorithms. However, if
considered bandwidth, DP can always get the highest bandwidth than others by giving a specific Energy constraint, which
can also prove that our proposed DP method performs better than traditional computing strategy algorithms.

Given bandwidth, how many workers needed s Given bandwidth, how much Energy cost
| 1400 — pe

™ oe
801 — Randam —— Aandom
Roundfobin

RoundRobin
—— Lacal-First

1200

—— Local-First

&
Energu cast

Mum of workers
B

[
=

=]

T
19 15 20 25 3 35 5 1a 15 20 25 30 35

Fig 5: With similar bandwidth, how many Fig 6: With similar bandwidth, how much
workers needed Energy cost

Local-first algorithms. However, if considered bandwidth, DP can always get the highest bandwidth than others by giving a
specific Energy constraint, which can also prove that our proposed DP method performs better than traditional
computing strategy algorithms.
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Given Energy constraint, how much bandwidth can get

11— o

| = Random
PoundRobin
—— lLocal-First

Figure 8: With similar Energy constraint,

B0

Energy cost

BOO

how much bandwidth can get

Table 5: With similar Energy constraint and bandwidth, how many workers needed

1200

Energy cost Bandwidth DP Random RoundRobin Local-first

95 3.0 5 6 7 5
142 5.4 9 9 13 9
191 6.6 12 12 14 14
248 9.3 15 17 19 18
297 10.5 18 18 21 20
337 12.2 19 20 24 23
389 14.3 23 24 27 28
449 15.7 25 26 29 31
495 18.2 29 31 33 33
549 19.6 32 33 35 35
598 21.1 35 36 38 38
648 22.3 38 40 39 42
700 24.3 42 43 45 45
749 25.7 45 46 47 47
800 27.1 48 49 50 49
850 28.6 51 50 51 53
899 29.9 54 55 53 56
943 315 55 56 57 59
999 333 59 60 58 62
1049 34.7 60 62 62 63
1098 36.0 64 65 64 66
1147 37.6 67 67 66 69

This Table.5 can show more direct cooperation among the algorithms. We use DP algorithm results as standard to
compare all the others methods. With the very similar Energy constraint and bandwidth, among which DP can get higher
bandwidth using less Energy cost, DP methods nearly always use the least number of workers. The table can prove that
DP has a better prospect to research.

6.3 Time Complexity and Resuability

In this part, we set there are six wifi router clusters as mentioned above, but a different number of workers in each
cluster, from 10 to 30 workers. Using backward optimization as the solution of DP algorithm, in the phase k(the kth wifi
router), if we do not save the last phase's table the always calculate the table every time, the time complexity of phase k
will be T(k)= (N + N* + ... + N) * N“**N in which N is the number of workers inkth wifi router.The timecan be seen
in Fig.9.
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However, because of the Calculation reusability of DP, we can save the table of every phase and when we need to
calculate table-K, we just easily search for table-K-1, which has been saved in advance. Therefore, the time complexity by
using Calculation reusability is N**N***N. The result is shown in Fig.10, lots of time have been saved.

Given num of workers, how much time for certain K Reuse last phase Table
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Fig 9: Given num of workers, how much Fig 10: Resuse last phase Table

time for certain K

6.4 Task Transmission Simulation

In this part, we fix the energy budget and search for resources to complete the load within that budget and hence has an
implication of time. We use the same experiments settings with the first part, using a data size of 50GBytes, and the
energy constraints are also from 100 to 1200 units. The Figure.11 shows that given a certain workload if energy
constraint increases, there will be less time spent. And among all the algorithms, DP always achieves less time spent
performance, especially in a lower Energy Constraint, proving that the DP algorithm works well in Energy-aware
computing strategy.

Given different load, how much time for different energy
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Figure 11: Given different load, how much time for different energy

7. CONCLUSION
In this report, we deal with an In-house wifi router-based computing strategy for large-scale workloads and have
proposed an efficient DP method to maximize bandwidth under the Energy Constraint. We collect bandwidth and Energy

cost from every cluster into a table. In every phase, we assign an energy quota and get the current best choice to fill in
the DP table.
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Our method is generic and can replace bandwidth with other factors such as CPU load, Memory size,etc with certain
constraints.Our proposed DP method is simulated extensively to compare our result with similar algorithms solving the
same problems and the superiority of our method over others is clearly demonstrated. Besides, by simultaneously using
forward and backward optimization, we can achieve Calculation reusability and save much time-consuming. And giving
specific workload, the DP method uses less time to translate tasks than the other three algorithms. However, with the
purpose of improving the method and making it more robust, we will strive to use the DP mechanism in real-world In-
house wifi router environment, which will be the future of this work.
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