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Abstract. Scheduling a large scale of concurrent jobs is important for managing cloud
computing systems. Existing works often use queue-based models to achieve a single goal,
which cannot adapt to various applications and changing scenarios. To address this is-
sue, we propose a novel scheduling framework-BGScheduler for concurrent tasks in cloud
computing, which flexibly schedules tasks for various optimized goals to deal with chang-
ing requirements of applications. First, we use a bipartite graph model to present tasks’
requirements and physical resources. Second, we choose fairness, constraints and priority
as goals to match requirements and resources with a minimum cost maximum flow algo-
rithm. Third, we propose an incremental optimization method to speed up the procedure
of online solving a bipartite graph. Finally, we have implemented BGScheduler, and the
experimental results demonstrate that BGScheduler has well flexibility to achieve various
scheduling goals in a real scenario, and has decreased the scheduling delay in a simulated
scenario.
Keywords: Task scheduling, Bipartite graphic model, Performance optimization, Cloud
computing

1. Introduction. In recent years, cloud computing has been widely used to provide
Internet-based services with shared resources in various industrial fields [19,20]. A cloud
computing system with thousands of physical machines processes a large scale of submit-
ted concurrent jobs separated into many tasks. Allocating physical resources to concurrent
tasks is an important issue for efficiently managing cloud computing systems [21]. Ex-
isting works scheduling tasks can be categorized as fairness based approaches constraint
based approaches and priority based approaches as follows.

Fairness based scheduling approaches: Delay-schedule [10] based on a queue based
model schedules tasks if resources can meet requirements, and waits for timeout if re-
sources cannot meet requirements. Sparrow [11] based on sampling incrementally adjusts
its scheduling strategy according to runtime status. Mesos [12] is a resource scheduling
framework for heterogeneous tasks, which uses a two-stage queue-based model to provi-
sion tasks with their expected resources. Quincy [8] transforms the issue of provisioning
resources for tasks to solve a problem of minimum cost maximum flow.

Constraint based scheduling approaches: Alsched [2] using a queue based model de-
fines the utility function of allocating resources to tasks, and makes a scheduling decision
based on the calculated utility. Tetrisched [13] which is the extension of Alsched mines the
correlations between tasks according to runtime monitoring data to calculate the overall
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utility. Bistro [14] based on a queue-based model designs an online and offline schedul-
ing framework with a two-stage scheduling and reconfiguration mechanism. Paragon [15]
uses a multi-queue model based method to categorize heterogeneous resources and appli-
cations, analyzes their different resource requirements, and then calculates their utilities
automatically.

Priority based scheduling approaches: Borg [3] with a queue-based model sorts tasks
and rearranges tasks according to their priorities. Omega [16] extends Borg in solving
the runtime interference between tasks. Quasar [17] categorizes tasks and resources, con-
structs a model to evaluate the matching between tasks and resources, and then allocates
resources to target tasks. [18] for data intensive scenarios uses DAG (Directed Acyclic
Graph) models to characterize correlations between tasks, and schedules tasks on nodes
with less network delay.

The above approaches always aim at achieving a fixed scheduling goal regardless of the
requirements of various applications and changing scenarios. They always can achieve a
single goal, which cannot adapt to various applications and changing scenarios in cloud
computing. For example, e-commerce applications ought to process the tasks of recom-
mending commodities for a priority goal, but process the tasks of calculating commodities
for a fairness goal. To address the above issue, we propose a novel scheduling framework
– BGScheduler for concurrent tasks in cloud computing, which considers the changing
requirements of applications, and schedules tasks for an optimized goal. First, we use a
bipartite graph to present tasks’ requirements and physical resources. Second, we choose
fairness, priority and constraints as goals to match requirements and resources with a
minimum cost maximum flow algorithm. Third, we propose an incremental optimization
method to speed up the procedure of online solving the bipartite graph. The contributions
of this paper are as follows.

(1) We propose a bipartite graph to model tasks’ requirements and physical resources,
which can conveniently adapt to deployment environments by adjusting graphic struc-
ture.

(2) We match requirements and resources with a minimum cost maximum flow algorithm,
which can achieve changing goals by adjusting the definition of edge weights (e.g.,
fairness, priority or constraints) in the graph.

(3) We propose an incremental optimization method to solve the bipartite graph, which
can self-adapt to online changing application scenarios with limited computation com-
plexity.

(4) We have implemented a prototype system – BGScheduler, and conducted extensive
experiments in real scenarios to validate the proposed approach by comparing it with
existing ones.

The remainder of this paper is organized as follows. Section 2 gives a problem statement
and presents the overview of our approach. Section 3 presents the construction and
solution of a bipartite graph. Section 4 validates the proposed approach with experiments
in a real scenario and a simulated scenario. Section 5 concludes this paper and directs
the future work.

2. Scheduling Graph Construction.

2.1. Problem statement. We state the problem of scheduling tasks as matching the
resource requirements of tasks with the available physical resources. Then, we define the
problem as follows:

T × R → τ z,
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where T = {T1,1, T1,2, . . . , Ti,t, Ti,t+1, . . . , TM,N} is the task set, Ti,j (1 ≤ i ≤ M, 1 ≤
t ≤ N) is the jth task in the ith job, M is the job set size, N is the task set size;
R = {R1, R2, . . . , RS} is the available physical resource set.

Existing approaches [10-12] scheduling concurrent tasks often use queue-based models
with an FIFS (First Input First Service) strategy, so they cannot achieve multiple goals,
which usually get a local optimal result. To address the above issue, we use a bipartite
graph to characterize requirements and resources, and then calculate the global optimal
results, which achieve the weight of minimum “cost” and maximum “flow” in the graph
edges. As shown in Figure 1, we define the bipartite graph as:

G = (V, E, U,C),

where V is the node set providing physical resources; E is the edge set mapping tasks to
resources; U is the capacities of edges; C is the cost of mapping operations; T in the left
side is the task set; M in the right side is the resource set; Xi, Ri and Mi present a cluster,
a rack and a resource to process tasks, respectively; T1,2 → M1 and T1,2 → U1 are edges,
where M1 and U1 are the candidate resources for processing task T1,2; the capacities and
costs of edges present whether tasks can be allocated with resources.

Figure 1. Bipartite graph model for scheduling tasks

We map scheduling strategies to the bipartite graph by adjusting the graphic struct,
and adapt the bipartite graph to changing requirements of applications by adjusting the
definition of edge weights.

2.2. Scheduling strategies. Existing scheduling frameworks [2,3,8] always can achieve
only one goal, for example, Quincy supports fairness, Alsched supports constraint and
Borg supports priority. However, our framework BGScheduler can support all the above
three scheduling goals. This subsection introduces how to implement them to demonstrate
the flexibility of BGScheduler, which can support various scheduling goals.

2.2.1. Fairness. Fairness is one of the important goals for scheduling jobs, which means
that jobs share available resources equally using a fairness based algorithm (e.g., first
come first serve, round robin). For example, Jobj with Nj tasks has Aj resource units
calculated by a fairness based algorithm. We present fairness with the capacity of an edge
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Figure 2. Graph construction for fairness

as shown in Figure 2. We set the capacity of edge Uj → S as Nj −Aj, and then the flow
of the edge is fu = Nj − Aj, which means that the number of waiting tasks in Jobj is
Nj − Aj. According to the minimum cost maximum flow algorithm [4], Jobj can get Aj

resource units.
We take an example to describe the fairness strategy. We want to assign Job1 with

three tasks T1,1-T1,3 and Job2 with four tasks T2,1-T2,4 to four hosts. Each host processes
one job, and each job requires two resource units. Thus, we set the capacity (i.e., the
maximum number of waiting jobs) of edge U1 → S as 1, and the capacity of edge U2 → S
as 2. Then, Job1 has a waiting task and two running tasks on two hosts, and Job2 has
two waiting tasks and two running tasks on two hosts. Using the above setting, we can
use BGScheduler to fairly assign each job with two hosts.

2.2.2. Constraint. The placement constraint rule can be described as: ⟨task, resources,
utility⟩, where task represents the task to be placed in a node; resources represent the
required resources for the task; utility represents the obtained utility brought from placing
the task on the resources. The problem of placement constraint can be mapped to the
issue of constructing an edge from task to resources (i.e., task → resources). We set the
cost of the edge as (-utility), and then the maximum utility corresponds to the minimum
cost.

As shown in Figure 3, we take an example to describe the constraint strategy. A task
T1 for image analysis requires GPU. A host M1 has GPU, but a host M2 does not have
GPU. Then, we get utility as one, if T1 is placed on M1, but we get utility as zero, if T1 is
placed on M0. We can construct the graph by presenting the above placement constraint,
and then solve the graph to get maximum flow (i.e., minimum cost).

2.2.3. Priority. The tasks with a high priority can first obtain resources. The cost of
allocating resource unit v composed of various physical resources (e.g., memory utilization,

Figure 3. Graph construction for placement constraint
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and CPU utilization) to task w is defined as:

cost(w, v) = [w1, w2, . . . , wn] ×


memory
CPU

...
dn

 ,

where wi (1 ≤ i ≤ n) presents the weight of the ith physical resource.
As shown in Figure 4, we take an example to describe the priority strategy. We set the

priorities of three tasks T1, T2 and T3 as one, two and five. Then, we calculate the cost
as α1, α2, α3 (α1 < α2 < α3) according to the cost calculation formula. We can construct
the graph by presenting the above costs, and then assign the tasks with priorities (e.g.,
T3) by solving the constructed graph.

Figure 4. Graph construction for priority

3. Scheduling Graph Solution. We can solve the problem of minimum cost max flow
as follows.

Target function:

min
∑

(w,v)∈E

c(w, v)f(w, v),

Constraint conditions:

0 ≤ f(w, v) ≤ u(w, v) ∀(w, v) ∈ E,∑
(w,v)∈E

f(w, v) −
∑

(v,w)∈E

f(v, w) = b(v) ∀u ∈ V,

where w and v present the node of task requirements and the node of physical resources
in the graph; c(w, v) and f(w, v) present the cost and flow of edges when allocating task
w to resource v; u(w, v) is the capacity of edge (w, v).

We solve the problem by finding a minimum cost with iterations in the constraint of a
maximum flow, or finding a maximum flow with iterations in the constraint of a minimum
cost. Existing approaches (e.g., cost scaling [4], and network simplex [5]) of solving the
problem often have a high computation complexity and a few changes in the graphic
structure, so they cannot adapt to dynamic application scenarios. Thus, we propose an
incremental approach of solving the graph, which speeds up the calculation by caching
temporary results and reuse them in each iteration. As shown in Algorithm 1, we adjust
the local graphic structure of the constructed graph in the constraint of a minimum cost
to increase the flow, and incrementally find an optimum graph with iterations.
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Algorithm 1: Incremental Graph Solution
Input: Graph G(V,E, U,C)
Output: Minimum cost flow f of graph G
1. Procedure Incremental CostScaling(G)
2. Initiate f = CostScaling(G)
3. While detecting a Event do
4. Update graph G according to Event
5. f ′ = CostScaling(G, f)
6. Execute scheduling
7. f = f ′

8. End While
9. End

10. Procedure CostScaling(G, f)
11. ϵ = C, p(i) = 0 ∀i ∈ V , f ′ = f
12. While ϵ ≥ 1

n
do

13. (ϵ, f, p) = refine(ϵ, f ′, p)
14. End While
15. return f ′

16. End
17. Procedure refine(ϵ, f, p)
18. ϵ = ϵ/α
19. ∀(v, w) ∈ E, if cp(v, w) < 0 then f ′(v, w) = u(v, w)
20. While existing a push or a relabel operation that applies
21. Select such an operation and apply it
22. End While
23. return (ϵ, f ′, p)
24. End

Algorithm 1 detects the events (e.g., task submission, and task failure) of global changes
in the graph with an event driven mechanism (lines 3-7); updates the graphic structure
with the results of graphic solution in the last iteration, when some events occur (10-16);
updates relaxation conditions with iterations (lines 17-24). The computation complexity
is decided by the scale of changes in the graph, which is O(VE ) in the best condition,
and is O(V 2E log(VE )) in the worst condition, where V is the number of nodes, and E
is the number of edges.

4. Evaluation.

4.1. Experimental environment. As shown in Figure 5, the experiments include a
real scenario to validate that BGScheduler can achieve various scheduling goals, and a
simulated scenario to evaluate the scheduling delay of BGScheduler.

Real scenario: the experimental environment includes two racks; each rack has ten
hosts; each host has 24 cores, 2.4GHz Intel Xeon CPU and 24G DDR3 memory, Cen-
tOS 7 and Docker 1.0; each host in the first rack has a GPU; racks and clusters deploy
Gigabit Ethernet routers.

Simulated scenario: we use a Google’s open dataset [6] which records the historical
monitoring data of Google’s clusters including ten thousand physical nodes, each of which
is configured with 24 cores, 64G, memory and 10Gbps networks.

We evaluate BGScheduler with resource utilization, the average time of processing
tasks, the average time of waiting tasks, and system normalized performance (SNP).
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Figure 5. Experimental testbed

We use batch workloads and interactive workloads to evaluate our approach. For batch
workloads, we use CPU sensitive MergeSort jobs, memory sensitive PageRank jobs, net-
work sensitive TPC-H jobs, and GPU sensitive jobs image analysis. For interactive work-
loads, we use HTTP service Httpd, SQL database MySQL, and distributed cache Redis
operations.

4.2. Scheduling validation. We compare BGScheduler with well-known open source
scheduling framework Firmament [7] implementing Quincy supporting fairness, Swarm
[8] implementing Alsched supporting constraint, and Kubernetes [9] implementing Borg
supporting priority. Each of the above three frameworks supports only one scheduling
strategy. The experiments in this subsection aim at validating that BGScheduler can
support all the above three scheduling strategies flexibly.

4.2.1. Fairness. We compare BGScheduler with Firmament supporting fairness and a
typical random strategy using batch, interactive and mix workloads. As shown in Figure
6, the SNP of BGScheduler is similar to that of Firmament, and twice than that of
Random. The experimental results demonstrate that BGScheduler can well support the
fairness-based scheduling strategy.

Figure 6. SNP of different task schedulers
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Figure 7. Average scheduling times of different schedulers

Figure 8. Average processing times of different schedulers

4.2.2. Constraint. We compare BGScheduler with Swarm supporting constraint and a
typical random strategy in the average time of processing tasks using image analysis
workloads. We set the number of tasks as ten and twenty, respectively. As shown in
Figure 7, the average processing time of BGScheduler is similar to that of Swarm, and
twice than that of Random, when the task number is ten; the average processing time
of BGScheduler is the best, when the task number is twenty. As shown in Figure 8, the
average processing time of BGScheduler is the least, when the task number increases.
The experimental results demonstrate that BGScheduler can well support the constraint
scheduling strategy, and is better than Swarm in performance.

4.2.3. Priority. We compare BGScheduler with Kubernetes supporting priority and a typ-
ical random strategy in the average time of processing tasks using three batch workloads.

As shown in Figure 9, the delays of TPC-H tasks with the same priority are more than
five seconds, because short tasks are hungry when long tasks occupy resources. As shown
in Figure 10, the delays of TPC-H tasks with a higher priority are less than one second.
The experimental results demonstrate that BGScheduler, which is similar to Kubernetes
in performance, can well support the constraint scheduling strategy.
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Figure 9. Average scheduling times of different schedulers in the same priority

Figure 10. Average scheduling times of different schedulers in different priorities

4.3. Performance evaluation. We use a Google’s open dataset, and use two scenarios
with five thousand and ten thousand machines, respectively. We compare BGScheduler
with a queue based Random algorithm and a Cost Scaling (CS) algorithm in scheduling
delay. As shown in Figure 11 and Figure 12, the scheduling delays of three algorithms
increase with the number of tasks in a near linearity. The delay of CS is much more
than that of BGScheduler and that of Random, which increase rapidly with the number
of tasks. The delay of BGScheduler is the least in the scenario with ten thousand nodes,
which has the best performance. The results can be explained that our proposed method
can online incrementally solve the bipartite graph with much less computation complexity.

5. Conclusions. This paper proposes a novel scheduling framework – BGScheduler for
concurrent tasks in cloud computing, which considers the changing requirements of ap-
plications, and schedules tasks for an optimized goal. First, we use a bipartite graph to
present tasks’ requirements and physical resources. Second, we choose fairness, priority
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Figure 11. Processing times of different schedulers in five thousand sim-
ulated nodes

Figure 12. Processing times of different schedulers in ten thousand sim-
ulated nodes

and constraints as goals to match requirements and resources with a minimum cost max-
imum flow algorithm. Third, we propose an incremental optimization method to speed
up the procedure of solving the bipartite graph. Finally, the experimental results demon-
strate that BGScheduler has well flexibility to achieve various scheduling goals in a real
scenario, and has efficiently decreased the scheduling delay in a simulated scenario.

In our future work, we plan to improve BGScheduler as follows. Currently we manually
set parameters according to domain knowledge, but unsuitable parameters will affect the
results. We plan to study automatic method to choose suitable parameters by learning
from historical records. Furthermore, solving graphs requires high computation complex-
ity, so we plan to speed up the procedure by filtering and merging redundant data.
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