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Abstract. Machine learning model training relies on parameter server
architecture and data parallel mechanism. It is important to achieve
deadline-guarantee, energy-saving, and efficient network bandwidth
usage objectives simultaneously. In this paper, an integer programming
model is formulated to optimize the problem in the scenario of machine
learning training. We then propose a heuristic Computing Job Schedul-
ing and Routing Planning (CSRP) method to minimize the violation rate
of user deadlines, the used server number, and the network cost. CSRP
schedules the computing jobs and selects paths based on computing job
characteristics and network status. Due to the features of the same com-
puting parameters requirements for parallel computing, the bandwidth
consumption can be further reduced by path aggregation. Therefore, we
further propose Aggregated CSRP to select the aggregation node and
aggregated paths. We evaluate the performance of our proposed algo-
rithms on trace-driven experiments with results showing that CSRP and
Aggregated CSRP outperform other methods in terms of deadline guar-
antee, energy saving, and efficient network bandwidth usage.

Keywords: Job scheduling · Path planning · Parameter server ·
Parallel computing

1 Introduction

Machine learning has become an indispensable tool in a wide range of applica-
tions. The growing number of parameters [1] in machine learning models has
led to significant improvements in performance but also poses a new challenge
in the increased demand for computing. Due to the computation-intensive char-
acteristic of model training, a single machine fails to complete the computing
jobs timely. Thus, distributed computing based on data parallelism becomes the
mainstream solution. Nowadays, using the parameter server architecture to com-
plete distributed computing jobs has become a new trend. The parameter server
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is used to manage, store, and synchronize parameters among different comput-
ing nodes, enabling efficient communication and flexible consistency [2]. In the
parameter server architecture, the parameter server distributes the same model
parameters to the distributed computing nodes, and the computing nodes send
the calculated gradient data to the parameter server to update the computing
parameters until the job is completed. And the nodes compute different data
blocks in parallel. During this process, there is a large number of communica-
tion requirements [3] between the parameter server and computing nodes, which
consume high bandwidth tremendously. Therefore, planning appropriate paths
for computing jobs is a key issue. To meet users’ demands and improve resource
utilization, it is necessary to schedule jobs and plan paths. Thus, this paper aims
to optimize computing job scheduling and path planning problems.

Computing job scheduling requires comprehensive consideration of user
demands and economic benefits. It’s crucial to guarantee the deadline for user
satisfaction. Besides, minimizing energy consumption is essential for reducing the
operating costs of computing clusters. Path planning issue is rarely considered
when scheduling computing jobs. In job scheduling, the shortest path algorithm
is commonly used for routing, which results in inefficient network bandwidth
usage and increases the unnecessary cost of operators. Therefore, in busy clus-
ters with many computing jobs, simultaneously achieving deadline-guarantee,
energy saving, and efficient network bandwidth usage objectives are worthy of
research.

This paper proposes an approach to optimize computing job scheduling and
path planning for training jobs under the parameter server architecture. The
approach simultaneously takes consideration of satisfying deadline guarantee,
energy saving, and reducing network bandwidth usage. Path planning includes
three aspects: computing node selection, path selection between the parameter
server and computing nodes, and path aggregation planning. Firstly, we formu-
late an integer programming model to optimize these problems. Secondly, we
propose a heuristic algorithm, named Computing Job Scheduling and Routing
Planning (CSRP) based on the improved particle swarm algorithm to solve the
problem. CSRP provides innovative computing job scheduling solutions that con-
sider the characteristics of jobs in the current queue, the computing cluster, and
the network status. Besides, CSRP also provides path planning for each com-
puting job to satisfy efficient bandwidth usage. Thirdly, we propose Aggregated
CSRP, which aggregates the planned paths within the network to further reduce
bandwidth consumption.
We summarize our contribution as follows:

• We propose the CSRP approach to optimize computing job scheduling and
path planning, which simultaneously achieves deadline-guarantee, energy-
saving, and efficient network bandwidth usage objectives.

• We propose the path aggregation algorithm to select the aggregation node and
aggregated paths planned by CSRP within the network, further improving
network usage.
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• We conduct trace-driven simulations, and the results show that CSRP and
Aggregated CSRP outperform other methods in terms of deadline guarantees,
energy saving, and efficient network bandwidth usage.

2 Related Work

Recently, many job schedulers have been proposed to meet various user needs,
Hadoop Yet Another Resource Negotiator (YARN) [5] system utilizes three
schedulers: FIFO (First-In-First-Out), where the order of job submission deter-
mines their scheduling sequence. The Capacity scheduler [6] is the default sched-
uler of Hadoop 2.0. It sets up queues for users, and each user queue is allocated
a certain amount of computing resources. The fair scheduler [7] guarantees the
fair sharing of computing resources among users.

Some schedulers used to meet user deadline guarantees have been extensively
studied. DAPS [8] maximizes the satisfaction of job deadlines through preemp-
tive job scheduling. Elastic [9] is an improved scheduling algorithm to ensure the
constrained-deadline of elastic tasks by periodically modeling real-time work-
loads and computing periods for a system of elastic constrained-deadline tasks.
Lyapunov-based methodology [10] is proposed to solve scheduling problem with
both deadline and throughput constraint, demonstrating sharp performance.

There are also some studies focused on job schedulers that improve resource
utilization and reduce costs. Stratus [11] tends to make the allocated resources
either mostly full or empty while considering the tradeoff between the dead-
line guarantee and the monetary cost based on estimated JCT (job completion
time). DCOTS [12] tries to complete users’ jobs by the deadline and maximize
the providers’ profit within budget. These works cannot satisfy the deadline
guarantee, energy saving, and efficient utilization of network resources simul-
taneously, and none of the above studies takes into account the path planning
problem when scheduling jobs.

3 Problem Formulation

In this section, we model the problem of computing job scheduling and path
planning in a computing cluster as an integer programming problem. And select
the job scheduling time and transmission paths to meet the deadline guarantee
of as many jobs as possible while minimizing energy consumption (determined
by the number of active servers) and the network cost (determined by network
bandwidth usage).

Deadline-Guarantee Objective. To provide deadline guarantee computing
service to task tj , the sum of its actual start time and its execution time interval
should be no larger than its deadline, that is, We use Jv to denote the number
of jobs whose deadlines are violated.

Jv = |J | − |{tj |tj ∈ J ∧ er
tj + Δtj ≤ ed

tj}|. (1)
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where J represents the set of all tasks of all jobs. er
tj , ed

tj and Δtj are task
tj ’s actual running start time, deadline, and execution time respectively. The
scheduler needs to minimize the deadline cost, which is defined as the deadline
violation rate of all jobs, that is Rdv.

Rdv =
Jv

J
. (2)

Energy-Saving Objective. We use Su to denote the set of all used computing
servers through the entire scheduling process, which is defined as energy cost.
The scheduler needs to minimize energy cost, that is Su.

Su = {sk|sk ∈ S ∧
∑

tj∈J

ctj ,sk
> 0} (3)

where S represents the set of all computing servers and ctj ,sk
represents

whether task tj is assigned to run on server sk.

Efficient Network Bandwidth Usage Objective. The network load are
parameter information and gradient information. There are frequent information
interactions in the computation, thus consuming a large amount of network
bandwidth and resulting in network costs. The network cost (denoted by N) is
calculated by.

N = l · h (4)

where l represents the path load degree and h represents the hop count of
the path. The bottleneck bandwidth is the link with the smallest remaining
bandwidth on the path (denoted by BWb). Let the link capacity be C, and the
path load degree l can be calculated as follows.

wij =

⎧
⎪⎨

⎪⎩

BWb · f2 BWb

C > 90%.

BWb · f 50% < BWb

C ≤ 90%
BWb

BW b

C ≤ 50%
. (5)

where f is the path load factor, which is a constant set by the operator. The
definition of network cost is based on network bandwidth resource, therefore a
lower network cost indicates efficient network bandwidth usage.

Constrains. A valid job schedule needs to ensure that at any time ∈ during
T , there are no more than Cc

sk
tasks running in any server sk ∈ S, where T

represents the entire time during when jobs in J are scheduled.

∀sk ∈ S, nsk
≤ Cc

sk
. (6)

where nsk
denotes the largest number of concurrently running tasks on sk

during T, which is calculated by.

nsk
= max{|{tj |tj ∈ J ∧ er

tj ≤ Θ ≤ er
tj + Δtj ∧ ctj ,sk

= 1}|}∀Θ∈T . (7)
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A valid job schedule needs to ensure that for any task ∈ J its scheduling
time cannot exceed the start time of the job.

es
tj ≤ er

tj . (8)

where es
tj is task tj ’s start time. A valid path planning needs to ensure that the

adjacent nodes selected by path planning should be available links in the network.
Define the network topology as G. G = (V,E), where V and E represents the
set of nodes and the set of edges respectively.

(vi, vi+1) ∈ E, i = 1, 2, ..., h. (9)

Also, the end node of the path should be a computing node.

vh+1 ∈ S. (10)

Optimization Objective. To address the problem of deadline-guarantee and
energy-saving computing job scheduling and path planning, we integrate the
objectives defined by Eqs. (2), (3), and (4) into a unified objective function,
denoted as Cost. We assume that energy saving (Eq. (3)) is β times as important
as network load minimization (Eq. (2)). Then, based on [13] that provides the F-
score (or Fβ) formula to represent such a relationship in combining two metrics,
the problem is modeled as an integer program.

min Cost =
(1 + β2) · N̄ · Su

β2 · N̄ + Su
· Jv

J
(11)

subject to Constraints (6), (8), (9) and (10)

where N̄ represents the average network cost for each job. Formula (11)
first combines objectives (3) and (4) so that it minimizes the energy cost and
the network cost with the consideration of weight β [13]. Then, Formula (9)
combines objective (4) to minimize the deadline cost.

4 Proposed Methods

In this section, the algorithms of the CSRP and Aggregated CSRP are discussed.
The problem mentioned above can be proven to be NP-hard by using a simple
reduction from the generalized assignment problem [14]. In response to this
problem, we propose a heuristic CSRP method based on the improved particle
swarm algorithm.

4.1 CSRP: Computing Job Scheduling and Route Planning

In the iteration process, we first evaluate the fitness value of each particle and
determine the individual best and swarm best positions in the current stage.
Then, we calculate the updating probabilities based on the particle’s current



152 H. Song et al.

position, its individual best position, and the swarm’s best position. Finally,
particles update their positions and velocities according to these updating prob-
abilities. In summary, this algorithm utilizes the stochastic nature of probability
to enhance the particles’ searching ability and overall efficiency. The position of
each particle represents the scheduling time and the path of the computing job,
which consists of h + 2 dimensions.

pi = {pi0 , pi1 , ..., pih+1}. (12)

where pi represents the position of the ith particle, pi0 represents the schedul-
ing time of computing jobs, and the other dimensions represent each hop of the
path. The study found that a larger w helps the particle to search a larger space
and find a new solution domain, while a smaller w is conducive to searching for
a better solution in the current solution space. To adjust the search speed of the
position space and avoid the algorithm from falling into a local optimal solution,
we use the following method to update the inertial parameters.

wk = wmax − (wmax − wmin) · r

n
. (13)

where r represents the serial number of the algorithm iteration round and
n represents the number of algorithm iterations. wmax and wmin represent the
maximum value and the minimum value of the set inertia parameter respectively.
The speed update of particles is as follows, c1 and c2 represent the learning
factors of particles, r1 and r2 represent a random number between [0, 1], pbesti
represents the current optimal position of the ith particle, and gbest represents
the optimal position of all particles.

vi(k + 1) = wkvi(k) + c1r1(pbesti(k) − pi(k)) + c2r2(gbest(k) − pi(k)) (14)

We use the probability mapping method to update the position as shown
below. The sigmoid function is used to map the velocity to the [0, 1] interval as
the probability. This value is the probability that the particle will take a value
of 1 in the next step.

s(vik) =
1

1 + exp(−vik)
(15)

The position is updated based on a probability map as follows.

pi =
{

1 rand() < s(vik)
0 otherwise

(16)

Use CSRP to prioritize high-priority computing tasks and select light-load
paths.

4.2 Aggregated CSRP

Aggregation transmission can save network bandwidth usage while meeting com-
munication requirements in computation. It is effective to aggregate paths within
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Algorithm 1: Computing job scheduling and path planning
Data: Computing Job information, link state information, computing node set

S;
Result: Scheduling time ertj and path for each job;

Initialize: Set the maximum and minimum inertia parameters wmax and wmin,
learning parameters c1 and c2, the number of particles X, and the number of
iterations n.
for each particle i do

Initialize the particle’s attributes: pi, vi, pbesti.
end
for k = 1 to n do

Update the inertia parameter w.
Get the current optimal position of the particle swarm gbest.
for each particle i do

Update Particle Velocity vi.
Update particle position with constraints pi.
Update group optimal position gbest.

end

end

the network to reduce network bandwidth usage. Therefore this paper proposes
a path aggregation algorithm to aggregate multiple paths of the same computing
job at the current time and selects appropriate aggregation nodes and paths. The
aggregation node is responsible for parameters multicast and gradient aggrega-
tion within the network. Specifically, Aggregated CSRP first traverses the paths
of the computing nodes that complete the same computing job at the current
time, which are obtained by CSRP, and selects the appropriate aggregation node
and the aggregated paths between the parameter node and the aggregation node
using the Dijkstra algorithm.

Suppose there are m computing nodes currently completing the same com-
puting job. The path of each computing node is given by algorithm 1. The weight
of the link in the topology is defined as BWu

C , where BWu and C represent the
used bandwidth and the capacity of the network link respectively.

5 Evaluation

In this section, we conduct trace-driven simulation experiments and evaluate the
performance of CSRP and Aggregated CSRP, then compare the performance
with other methods.

5.1 Experiment Setup

In the simulation, we build up a computing cluster consisting of 1500 computing
nodes. For the setup of our simulation, we utilized Google cluster-usage Traces
2011 [15] as a reference. We perform a random selection of 9000-24,000 jobs
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Algorithm 2: Path aggregation.
Data: Computing job paths and the network topology G;
Result: The aggregation node and the aggregation paths;

for i = 1 to m do
for j = 1 to h do

for k = 1 to m do
Use the Dijkstra algorithm to get paths between the node j and
other computing nodes.

end
Calculate the sum of weight in the paths.

end
Select the path with the minimum sum of weight and identify its
aggregation node.

end

with a step size of 3000 and get resource usage and computing information from
the traces. The topology of the computing cluster adopts the Jupiter network
topology [16] of the Google data center. The computing capacity of each server
was set to 8 computing slots by default according to [17]. And we assume that
the data set of the computing jobs has been distributed in parallel among the
computing nodes and set the constant f to 3. The default value of β in objective
(11) is 4, implying that the cluster manager regards energy cost as 4 times more
significant than network cost.

We use Aggregated CSRP to denote the use of the path aggregation algo-
rithm combined with CSRP. We compared our methods with the following job
schedulers: FIFO, Fair [6], Capacity [7], and Deadline aware [8]. These sched-
ulers complete the computation on the nearest available computing node from
the parameter server using the shortest path principle.

5.2 Results Analysis

Figure 1 shows the deadline violation rate of each scheduler versus the num-
ber of jobs. The deadline violation rate follows FIFO ≈ Capacity ≈ Fair >
Deadline aware > CSRP ≈ Aggregated CSRP . FIFO, Capacity and Fair
schedule jobs without deadline awareness. Deadline aware and CSRP schedule
jobs with deadline awareness have better performance than other schedulers.
CSRP improves FIFO and Deadline aware by 44.2% and 10.3% respectively.
The Deadline aware algorithm prioritizes the job with the shortest waiting time
and preempts the current job, which may lead to deadline violations and unsat-
isfactory performance due to multiple preemptions by jobs with even shorter
waiting times. Aggregated CSRP has a similar deadline violation rate as CSRP
since they all regard the deadline violation rate as an important part of the
objective function and explore the global excellent solution.

And We measured the energy saving by the number of inactive servers. Since
other scheduling algorithms do not consider the energy-saving objective, our
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Fig. 1. Deadline violate rate
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Fig. 2. Energy saving
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Fig. 3. Network Cost
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Fig. 4. Overall Cost

simulation shows that there are no idle servers to be deactivated to save energy
while using these schedulers except CSRP and Aggregated CSRP. And CSRP
and Aggregated CSRP have similar performance in terms of energy saving, Fig. 2
shows the number of inactive servers of CSRP, indicating that they achieve
energy saving. As the number of jobs increases, the energy saving decrease,
because more servers are necessary to compute more jobs. All servers will be
occupied with running jobs when many jobs require computing, resulting in no
energy saving.

Figure 3 shows the network cost of each scheduler. The results show that
the network cost follows Deadline aware > FIFO > Fair > Capacity >
CSRP > Aggregated CSRP . Comparing schedulers do not consider path plan-
ning and transmit information through the shortest path. The results imply
that CSRP can reasonably plan paths and improve network bandwidth uti-
lization. Further observations show that CSRP reduces network cost by 5.6%,
30.4%, and 36.3% compared with Capacity, FIFO, and Deadline aware respec-
tively. CSRP can achieve better performance than FIFO and Deadline aware
because it has a global view of path planning. And the results show that Aggre-
gated CSRP reduces network cost by 40.1% compared to CSRP, indicating that
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Aggregated CSRP can greatly reduce network bandwidth usage compared with
CSRP through path aggregation within the network.

Figure 4 shows that the cost (defined by equation (11)) follows FIFO ≈
Capacity ≈ Fair > Deadline aware > CSRP > Aggregated CSRP . The
results show that CSRP and Aggregated CSRP are more effective in minimiz-
ing the objective function than the compared schedulers. Further observations
show that CSRP reduces the cost by 53.7% and 25.2% compared with FIFO
and Deadline aware respectively. Aggregated CSRP reduces the cost by 21.4%
by reducing network cost. Figure 4 indicates that the proposed algorithms are
effective in satisfying multi-objectives.

6 Conclusions

This paper aims to achieve the deadline guarantee, energy saving, and efficient
network bandwidth usage objectives simultaneously in computing clusters. In
this paper, we formulate the problem of Job Scheduling and Routing Planning
using integer programming with multi-objectives. And we propose the CSRP
algorithm based on particle swarm and path aggregation CSRP algorithm to
solve this problem. Simulation experiments show that CSRP and Aggregated
CSRP are effective in achieving multi-objectives compared to other schedulers.
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