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Abstract. The proliferation of edge data centers and the application
of exhaustive tuning methods for machine learning with the use of large
training data sets lead to increased power consumption of data centers.
Even when considering improved operational efficiency, the conservative
estimate of the power requirement for data centers in the year 2030 stands
at 900 TWh. To comply with present political requirements, renewable
energy sources must provide most of this power. The high volatility of
these sources produces additional operational constraints for the data
centers. In addition, the share of AI training applications is expected
to increase in the years to come. On the one hand, those applications
often require more data resources than typical interactive applications
while on the other hand, they better tolerate execution delays. To exploit
this tolerance, we represent it by introducing deadlines for the jobs and
present simple scheduling algorithms that use this tolerance to better
consider power constraints.

To examine those scheduling algorithms in a practical environment, we
execute experiments with existing cloud traces. Since there are no traces
available that include a significant portion of AI training jobs with ex-
plicitly specified timing flexibility, we use traces from Google clusters,
extract the available information, and add any missing information sub-
ject to assumptions that are reasonable in practice. We specify in detail
our motives for the extension of the trace data.

Our experimental results show that in practical cases, a greedy accep-
tance approach has a better performance than a threshold based job
acceptance algorithm although the latter has a significantly better worst
case performance. We obtain the best results when combining greedy
acceptance with a biased load allocation strategy instead of using load
balancing. Since some jobs may be highly parallel and rigid, we addi-
tionally consider an allocation algorithm that minimizes the interme-
diate idle times in order to achieve the best use of the available power.
While the last algorithm achieves a small improvement over the other al-
location schemes, it needs a significantly increased computational effort.
The same is true when allocating jobs with the well known backfilling
approach since deadlines require using the conservative variant of back-
filling.

Keywords: Online scheduling · Jobs with deadlines · Power constraints
· Evaluation with simulation
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1 Introduction

Advancements in the area of autonomous driving and smart cities demand an
increase in availability of edge data centers, which is estimated to account for
30% of the total power consumption across data centers [15]. The total power
requirement of data centers is estimated to be around 1% of the global power
consumption: based on the reported data center power consumption of 200 TWh
in 2018, a study by Andrae [1] in 2019 expects up to 2000 TWh by 2030 whereas
Masanet et al. [13] predict around 900 TWh. The latter more conservative esti-
mate is based on observations from existing power utilization patterns at data
centers and assumes further improvements of operational efficiency. The authors
observed an increase in efficiency in the past 10 years due to better server virtu-
alization, improvements in cooling and power provisioning infrastructure, more
efficient processors, and reductions in idle power. They expect this trend to
continue. The results of the SPEC power benchmark for many processors also
emphasize the large contribution of idle power to the total power consumption.
A further reduction of idle time in a data center requires a better scheduling of
the computing jobs. Such better scheduling approaches are limited by the cur-
rent computing on demand approach. Another restriction is the high volatility
of the main renewable energy sources wind and solar that will be the dominating
power producers in the future according to the plans of most governments.

As explained by Mastelic et al. [14], the inefficient consumption of energy in
data centers can be mainly allocated to two components - energy loss and energy
waste. Energy loss is the part of power lost during transport and conversion.
It also includes the energy consumed by the cooling and lighting subsystems.
Energy waste, on the other hand, is the energy spent for the main task in data
centers without any useful output, such as the energy consumed during idle run
times. We focus our study on second component, that is, the mentioned main task
in a data center. For an efficient running of a data center, the critical IT load must
be planned in advance. This is achieved by listing and aggregating the nameplate
power rating and voltage rating of all hardware components such as computers,
network devices, and storage devices and adjusting the information to match
the anticipated load. Alternatively, we can define the total power requirement
as the product of the power required for the normal functioning of a single core,
multiplied by the total cores active in the data center.

Additionally, the increasing usage of AI to find solutions to everyday prob-
lems will lead to a change in the application portfolio of data centers. Unfortu-
nately, the power requirement of these applications is expected to explode due to
the availability of better training data sets and tuning processes. Hao [6] states
that training a single AI model with 213M parameters needs about 201 kWh
compared to 27 kWh for a model with 65M parameters. The consumed power
increased to 656 MWh when introducing a neural architecture search in first
model. Fortunately, such AI training jobs do not require immediate resource
provision contrary to interactive jobs. In order to address the power consump-
tion challenges of the future, we must exploit such timing flexibility to maximize
the use of renewable power. To this end, we express this timing flexibility by



AI-Job Scheduling on Systems with Renewable Power Sources 3

using job deadlines and apply online job scheduling under consideration of those
deadlines. In more detail, conventional jobs have rather tight deadlines while
more flexible jobs have rather loose deadlines. We express the tightness of a
deadline by relating the maximum amount of delay of a job to the processing
time of the job. The result is called the slack of the job.

Since present workloads in data centers usually do not include any jobs with
explicit deadlines, we must introduce such deadline to execute a job schedul-
ing study in a practical environment that addresses deadline scheduling in data
centers. This problem does not occur in theoretical studies. In this domain,
Jamalabadi et al. [9] have shown that a threshold based algorithm significantly
outperforms a simple greedy acceptance approach when considering online dead-
line scheduling for load maximization. However, greedy acceptance has practical
advantages since it is better able to address a sudden change of resource avail-
ability and variability in job processing times. Therefore, we are interested in
the performance differences between greedy acceptance and the threshold ap-
proach under practical constraints instead of using worst case conditions as in
the theoretical studies.

In addition, we want to determine which kind of allocation approach is best
suited to complement the chosen acceptance algorithm. The straight forward
approaches are either load balancing or load biasing. If the workload includes
highly parallel and rigid jobs then we additionally consider an allocation that
locally minimizes the idle time when placing a parallel job. Finally, we can exploit
such intermediate idle with the well known backfilling approach.

For our simulation experiments, we must create conditions that represent
scenarios of the expected job workload. As already mentioned, we must adapt
an existing workload. Then we execute extensive experiments. Due to the limited
space available for this paper, we can only present some of the obtained results.
To show that these results are representative for the entire suit of experiments,
we have provided a generally accessible repository that contains all experiments
and additional details of the considered algorithms and the experimental envi-
ronment.

1.1 Our Methods

This section summarizes our methods that belong to three areas:

1. Scheduling algorithms
2. Input data
3. Experiments

Since large data centers are major consumers of electrical power they must pro-
vide in advance an estimate of their power consumption. If they use less power
than this estimate they must pay for the estimated power consumption but may
sell any excess power on the spot market if there is sufficient demand. Unfortu-
nately, a lack of power demand for a data center often coincides with a generally
reduced demand. If the power usage of a data center exceeds its estimate then
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the data center must buy any additionally required power on the spot market.
This situation usually results to high additional costs and must be avoided unless
favorable environmental conditions produce an unexpected increase of available
power.

The results of the SPEC power benchmarks for modern processors indicate
an approximately linear relationship between the power consumption of a rigid
parallel job and its resource consumption (processing time times parallelism).
Since the power consumption of idle processing resources is relatively high, it
is desirable to avoid such idling. Therefore, we use load maximization as our
scheduling objective.

As always in data centers, we are facing an online scheduling problem since
customers typically submit their job requests over time. Note that in our model,
the number of the available active machines in the scheduling problem repre-
sents the power estimate and may deviate from the maximal number of physical
processing resources in the data center. Therefore, the machine number is fixed
within an intermediate time horizon but may be subject to some variation in
the long run. Since the underlying system of a workload trace is typically char-
acterized by the number of cores while scheduling algorithms always refer to
machines, we use cores and machines interchangeably depending on the context.

Any scheduling algorithm for jobs with deadlines comprises an acceptance
and an allocation component. For the acceptance component, we may use a
simple greedy approach that always accepts a new job if there is a schedule
that completes the job and all previously accepted jobs on time. This approach
is flexible and works for any number of machines. Alternatively, we can use a
threshold algorithm that may reject a job although the greedy approach may
accept it. As already mentioned, Jamalabadi et al. [9] have shown that the
threshold algorithm clearly outperforms any greedy approach in the worst case
if the deadlines of the jobs do not allow a large flexibility. We expect that this
property holds for most future jobs with time flexibility. Since the thresholds
depend on the number of machines, the threshold algorithm is not as flexible as
the greedy approach.

Load balancing is the most common allocation approach used by numerous
job scheduling algorithms. Kim and Chwa [10] have provided a worst case anal-
ysis for load balancing with greedy acceptance and load balancing. Jamalabadi
et al. [9] combine the threshold algorithm with an allocation strategy that favors
machines with more load, also known as BestFit strategy [4]. For rigid jobs with
a high degree of parallelism, we consider an allocation approach that produces
the least amount of enclosed idle time for the new job. Many data centers im-
plement a backfilling variant to use some of the enclosed idle time. However,
the observance of deadlines requires the computationally expensive conservative
backfilling variant instead of EASY backfilling to prevent a deadline violation of
a previously accepted job.

Although preemptive scheduling offers more flexibility than non-preemptive
scheduling, we only address systems without preemption since preemption of AI
training jobs typically generates a large data footprint that increases the power
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consumption significantly. In addition, Bertogna and Barua [2] state that storing
and retrieving the context of the preemptive state contributes significantly to the
runtime overhead. This approach does not prohibit the preemption of individual
jobs if the preemption is clearly beneficial. Since such decision depends on the
characteristic of the preempted job, we do not discuss such modification of the
schedule in this study.

Our input data are based on the workload traces from a Google cluster [19].
For each job j, we extract practically relevant request data: its submission time
rj , its consumed processing time pj , and its degree of parallelism mj . Since
the original workload traces do not include any deadline information, we must
artificially generate this information. Instead of directly selecting the deadline
dj of a job, we use the individual slack value εj = (dj − rj)/pj − 1. We choose
the slack approach since corresponding theoretical evaluations use a minimum
slack as an input value. We pick a target slack value ε for the workload and
randomly select the individual slack for each job using a lognormal distribution
with the geometric mean ε. Then we use the above expression for determining
the individual deadline.

We must also determine the number of available cores in the simulated sys-
tem, that is, the available amount of power. A lower bound of this number is
given by the maximum degree of parallelism of any job in the applied input set
while the upper bound depends on the smallest number of cores that allows the
acceptance of all requests. Therefore, a single input data set is characterized
by the geometric mean ε and the geometric standard deviation σ of the slack
distribution, the original workload, and the total number of available cores.

We apply discrete event simulation to execute our experiments separately for
each input set. Some experiments only consider jobs running on a single core and
support a direct comparison with the theoretical reference studies while other
experiments also allow jobs with different degrees of parallelism.

1.2 Our Results

We have obtained the following main results.

1. The choice of the acceptance method is dominant for small slack values while
the allocation method becomes more important with increasing slack values.

2. Regardless of the allocation method, greedy acceptance outperforms the
threshold algorithm for small slack values.

3. BestFit is a better allocation approach than load balancing unless we allow
highly parallel requests.

4. For rigid jobs with high parallelism, conservative backfilling and the mini-
mization of idle times for rigid jobs with high parallelism produce slightly
better results than the simple allocation methods but require a significantly
larger computational effort.
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1.3 Related Work

We refrain from the discussion of additional theoretical studies and refer to the
corresponding section in the publication by Jamalabadi et al. [9].

For rigid jobs with a high degree of parallel, we can improve the performance
of most simple scheduling algorithms, like First-Come-First-Serve (FCFS), by
using backfilling, that is, allowing an early start of jobs submitted later if these
jobs do not delay previously scheduled jobs, see, for instance, Mu'alem and
Feitelson [16]. To reduce the resulting significant computational effort, Lifka [12]
proposed a simpler version named EASY backfilling, that only guarantees no
delay for the most restrictive job.

While result descriptions with 2d-graphs only allow a single independent
parameter, heatmaps help in investigating the difference in performance across
two independent parameters in a single representation. Krakov and Feitelson [11]
employ them as tools to analyze the performance of simulation logs of parallel
job schedulers.

For our experimental evaluation, we use traces from a Google Cluster for a
time period of 29 successive days [19]. Dong et al. [5] used these traces for the
evaluation of a proposed scheme to minimize energy consumed by data centers.
Cavdar et al. [3] studied the task eviction event in these traces and proposed
policies for better inclusion of tasks with low priority. Iglesias et al. [8] introduced
a methodology based on prediction, monitoring, and scheduling that improves
the efficiency of scheduling tasks on machines. Later, the authors supplemented
the study with a focus on an eviction policy [7]. Using these traces, Rampersaud
and Grosu [17] evaluated the performance of their algorithms that allow sharing
of memory pages on same physical server. They also extended their study to
understand how their allocation maximizes revenue [18].

2 Scheduling Algorithms

This section describes the scheduling algorithms of our simulation study. We
present an intuitive description of most algorithms and a theoretical analysis of
greedy acceptance together with BestFit allocation. Detailed descriptions of the
algorithms1 and of their implementation are provided in our repository2.

For the acceptance of a new job, we distinguish between greedy acceptance
and a threshold algorithm. Greedy acceptance only rejects a new job if there is
no schedule that completes this job on time without changing the allocation of
any previously accepted job. The threshold algorithm uses a deadline threshold
and rejects a new job if its deadline is less than the threshold. The calculation of
the threshold depends on the number of machines and the load on each machine.

For the allocation, the most basic approaches are load balancing and BestFit.
Load balancing allocates the new job to the necessary number of least loaded
machines while BestFit selects a set of machines with the largest possible total

1 https://schedulingsimulations.wordpress.com/pseudocode/
2 https://github.com/testsimulator/Simulation/tree/main

https://schedulingsimulations.wordpress.com/pseudocode/
https://github.com/testsimulator/Simulation/tree/main
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load that still allows a schedule without any deadline violation. For rigid parallel
jobs, we can also use a set of jobs that produces the least amount of additionally
enclosed idle time in a valid schedule. We use the name MinIdle for the latter
algorithm.

We may be able to apply the well known backfilling approach to exploit some
enclosed idle time in the schedule. Since we cannot violate the deadline of any
allocated jobs, EASY backfilling is applicable and we must use the conservative
variant of backfilling although it is computationally more demanding.

In theoretical studies, the competitive ratio is the method of choice to evalu-
ate online algorithms. The competitive ratio is the ratio between the value of the
objective function obtained by an online algorithm to the value of this objective
function produced by the optimal offline algorithm in the worst case. For our
problem, the competitive ratio of the combination of the threshold algorithm
with BestFit allocation is very close to the best possible competitive ratio for
small individual slacks (ε ≤ 1) and sequential jobs, see Jamalabadi et al. [9]
for details and the analysis of the algorithm. The parameter ε is the minimum
individual slack of all jobs as defined in Section 1.1. Kim and Chwa [10] have
combined greedy acceptance and load balancing. This combination achieves a
competitive ratio of 2 + 1/ε for single-core jobs on any number of machines.

2.1 Greedy Acceptance and BestFit Allocation

Algorithm 1 Greedy BestFit

1: for the next job j do
2: update the remaining load for all cores
3: if the least loaded machine completes j on time then
4: accept j
5: determine the most loaded core that completes j on time
6: start j on this core as early as possible
7: else
8: reject j

In this section, we provide a competitive analysis for Algorithm 1 that com-
bines greedy acceptance with BestFit for sequential jobs and small slacks. Our
proof techniques are similar to those used by Jamalabadi et al. [9]. For our
problem, the competitive ratio is the ratio between the total processing time of
all jobs in an optimal offline schedule to the total processing time of all jobs
accepted by greedy acceptance together with BestFit allocation.

Lemma 1. If all jobs are submitted at time 0 then greedy acceptance with the
BestFit allocation strategy guarantees a competitive ratio of 1 + 1

m + 1
ε for the

load maximization problem with m machines and slack ε ≤ 1.
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Proof. Since all jobs have the same submission time, Algorithm 1 does not gen-
erate any intermediate idle.

The notation li describes the load of machine i. We use decreasing machine
load to index the machines: l1 ≥ l2 ≥ . . . ≥ lm. Without loss of generality, we
assume a submission sequence of the jobs such that BestFit determines the load
on machine i before allocating any job to machine i+ 1.

Due to greedy acceptance, Algorithm 1 does not reject any job j with deadline
dj ≥ lm ·(1+ε)/ε. Therefore, we only consider the interval [0, te = lm ·(1+ε)/ε).
The notation P (te) describes the part of the total processing time of all accepted
jobs that any schedule must execute in interval [0, te) if it includes these jobs.

The competitive ratio R is upper bounded by

R ≤
∑m

i=1
li−P (te)+m·te∑m

i=1
li

If Algorithm 1 allocates a job j to machine i with i > 1 then at least load
min{pj , te−li−1}must be executed in interval [0, te) in any schedule that includes
job j.

We obtain the largest competitive ratio if the load on all machines is lm. Since
we may be able to execute the load on machine 1 after time te, the competitive
ratio is less than

R ≤ m·lm−(m−1)·lm+m·lm· 1+ε
ε

m·lm = 1 + 1
m + 1

ε .

ut

If jobs can be submitted at any time then Algorithm 1 may allocate some pro-
cessing time to an interval [ts, te) although it is possible to execute this processing
time before time ts, that is, the algorithm may produce a delayed execution of
some processing time. If the algorithm does not reject any jobs in the interval
I preceding interval [ts, te) then the optimal schedule can use the processing
resources in I to execute jobs allocated to [ts, te) and may execute some rejected
jobs with the additionally available resources in interval [ts, te).

Lemma 2. Delayed execution caused by Algorithm 1 can increase the competi-
tive ratio of Lemma 1 by at most 0.3095.

Proof. We assume that delayed execution occurs on d ≤ m machines and deter-
mine the difference ∆(d,m,R) between the competitive ratios of a schedule with
delayed allocation and a reference schedule without delayed execution using the
same value m and generating R. We increase the impact of delayed execution
by also allowing delayed execution on machines 1 and m although delayed exe-
cution on machine 1 is already included in Lemma 1 and Algorithm 1 prevents
such execution on machine l. Since we ignore the restriction of machine 1, the
reference schedule has the reduced competitive ratio 1 + 1/ε, see the proof of
Lemma 1.

We use a continuous extension of the problem and discuss maximization of
∆(d,m,R). Let intervals [0, ts) and [ts, (1+1/ε) ·(tl−ts)) be the two intervals in
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succession with Lemma 1 addressing interval [ts, (1 + 1/ε) · (tl − ts)). Therefore,
time instance tl is the last completion time of any job in interval [ts,R· (tl− ts))
in the online schedule on every machine, see the proof of Lemma 1. Further,
t(x) ∈ [0, ts) with 0 ≤ x ≤ d describes the time instance when machine x
becomes busy. To maximize the impact of delayed execution, we require the
total processing time in time interval [0, tl) and machine interval [0, x) with
x ≤ d to be identical to t(x) ·m. Then we obtain

t(x) ·m =
∫ x

0
tl − t(z)dz

with the solution t(x) = tl · (1− e−x/m).
Then we have

∆(d,m,R) =
m · R · (tl − ts) +m · ts
m · ts +m · (tl − ts) · m−d

m

−R =
R · e− d

m + 1− e− d
m

1− d
m · e

− d
m

−R

To obtain the maximum value, we determine the dependence of ∆(m, d,R on
d and R by derivation. Since ∆(m, d,R never decreases with decreasing R, we
select R = 2 and obtain

∆(d,m, 2) =
e−

d
m + 1

1− e− d
m

− 2.

This function has its maximum value in the permitted range for d
m = − ln d

m ≈
0.567. Then we have

∆(d,m,R ≤ ∆(0.567 ·m,m, 2) ≈ 0.3095.

ut
Finally, we must combine the results of Lemmas 1 and 2.

Theorem 1. Algorithm 1 guarantees a competitive ratio of 1 + 1
m + 1

ε + 0.3095
for the load maximization problem with machine number m and slack ε ≤ 1.

Proof. An interval in the schedule is open if it is not possible to reject any job
with a submission time in this interval. Therefore, at any time instance in this
interval, less than m machines are busy. If this property does not hold, we say
the interval is closed.

We partition the schedule into open and closed intervals such that no open
interval directly precedes or succeeds another open interval. Further we cannot
split any closed interval into an open interval and a closed interval.

If there is a chain of closed intervals and no job has a submission time prior
to the beginning of the first of these closed intervals then Lemma 1 applies to
this chain of intervals since it is not possible to execute any job contributing to
this chain of intervals before this chain of intervals. Therefore, it is sufficient to
consider an alternating sequence of open and closed intervals. Then the combi-
nation of Lemmas 1 and 2 yields the result. ut

The proof also shows that MinIdle cannot achieve a better competitive ratio
for sequential jobs. It is straight forward to see that the competitive ratio is at
least m · (1 + 1/ε) for any algorithm if we allow parallel jobs.
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(c) Total load of different groups of jobs

3 Workload Generation

Since there are no workload traces that we can apply directly for our experi-
ments, we use a hybrid approach: we select published workload traces, apply
some preprocessing steps, and add the missing data using random generation
based on a reasonable distribution.

First, we partition the published Google traces [19] into 29 separate days
based on the submission times of the recorded jobs. Therefore, we eliminate all
jobs that run for more than a day. For further processing, we categorize the
jobs using their processing times and the cores required for their execution, see
Fig. 1a and Fig. 1b. Fig. 1c shows the distribution of jobs based on its resource
consumption or total load, that is the product of its run-time and its required
number of cores.

It is known from other workload traces that many terminations of jobs briefly
after their start-times are caused by programming errors or faulty configurations.
In comparison to their run-time, these jobs have a very large slack. Unfortunately,
we cannot reliably determine such jobs since the workload data do not specify
whether a job has successfully completed. Therefore, we remove all jobs with a
processing time of less than 60 seconds to avoid a misleading parameter selection.
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To establish a reasonably good coverage of the practically relevant problem
space, we use the parameters target slack value or geometric mean of a suitable
distribution, geometric standard deviation of this distribution, and number of
available cores.

The target slack value indicates the average flexibility of the job requests.
We restrict the target slack value to the range (0, 1). From a practical point of
view, this range is reasonable since an individual slack of 1 requires a user to
wait for the time of the job processing time before the system starts the job.
Since there is no available deadline information from real workloads, we select an
approximately uniform distribution of the target slack values within this range,
see Table 1. In addition, we use the target slack value 0.01 to determine the
algorithm performance for jobs with very little timing flexibility.

The geometric standard deviation of the distribution represents the spread
of the tightness among the jobs of a workload. Again we select an approximately
uniform distribution, see also Table 1. Relating the standard deviation to the
target slack value allows a better comparison for different parameter settings.
The largest value ε/2.0 informally represents a spread of approximately 0.96 · ε,
that is, the additive increase of the individual waiting time is up to 0.71 times
the average waiting time.

Table 1: Geometric mean and geometric standard deviation values of the log-
normal distribution

Statistical Parameter Range of Values

Geometric mean (target slack) ε 0.1, 0.2, . . . , 0.9
Geometric standard deviation σ ε

3
, ε
2.9
, . . . , ε

2

For each configuration of distribution parameters and each workload trace
of a day, we generate ten separate input data sets. While the target slack value
represents a temporary resource bottleneck, the total number of cores (the power
budget in our model) determines the static resource contention. There is no
resource contention and a significant amount of idle resources if all requests can
start at their submission time. To prevent exclusion of individual requests, the
largest number of cores used by any request of the workload is the lower bound
of the core number. For a single-core data set, we select this lower bound to be
10. Between the lower and upper limit, we increase the number of cores from
one data set to the next by a constant amount.
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4 Performance Ratio

To compare the performance of different algorithms for different slack, deviation,
and core parameters, we determine an approximate performance ratio3 of an
algorithm specified by an acceptance/allocation pair for an input set, that is,
the upper load limit over the total accepted load obtained by the approach. The
use of this performance ratio is inspired by the competitive ratio obtained by the
competitive analysis of online algorithms. The upper load limit is the minimum
of the total processing time of all submitted jobs and the total processing time
provided by the system in the considered execution time frame.

The best performance ratio has value 1 while an increase of the performance
ratio denotes a worse performance. Informally, a performance ratio 2 means that
either only 50% of the cores are utilized or only 50% of the submitted job load
is accepted. For Day 11, Fig. 2 shows the upper load limit of a data set and
the load accepted by various algorithms in relation to the total core number.
The vertical bars indicate the range of the results due to executing a simulation
with ten different input sets for each set of parameters, see Section 3. The size
of these bars show the small impact of a specific input set.
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Fig. 2: Total processed load for Threshold, Greedy Balanced, Greedy BestFit on
Day 11 using target slack ε = 0.8 and deviation σ = ε/2.5. The upper load limit
is also displayed. The vertical bar at each experiment point denotes the range of
the results obtained by using the ten different data sets for each configuration
of the parameters.

3 https://schedulingsimulations.wordpress.com/performanceratio/

https://schedulingsimulations.wordpress.com/performanceratio/
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5 Result Representation

The number of active cores is our primary independent parameter since it rep-
resents the available power. Note that our simulation only produces discrete
values. We use the connecting lines to represent the trends between two neigh-
boring values. Our basic result representation displays the performance ratio
of different algorithms over the number of cores for a specific workload while
the other parameters (target slack and geometric deviation of the slack) remain
constant.

In order to show performance differences between two algorithms depending
on two parameters, we use the heat map concept. The second parameter stretches
along the vertical axis while the number of cores uses the horizontal axis. Then
we obtain a mesh of result values. We use colors to represent the performance
difference between two algorithms and apply linear interpolation to generate a
colored area.

6 Simulation Experiments

We have implemented the algorithms in Java4 and used Eclipse IDE 2019-12 for
the simulation. For each configuration of parameters, we execute our algorithms
with each of the ten generated data sets. Then we calculate the mean of the
results that we obtain for each algorithm. This mean is the final result and
depicted in the various representations. As already mentioned, we show the range
of the different results using a vertical bar in Fig. 2. Due to the small impact
of a specific input set, we omit these deviation ranges in further graphs that
represent algorithmic results.

We have conducted our experiments for all 29 days with the exception of
instances with a parallelism limit of 5000 cores (only for Days 9, 11, and 18)
and the time consuming backfilling experiments (only for Day 11). Although the
total load, the number of jobs, and the relation between load and parallelism
differ significantly among the various days of the workload, we obtain qualita-
tively similar experimental results for the different days. We show this effect
by displaying the results of three different days for the same set of parameters.
Fig. 3 shows the single-core workload with a medium target slack value ε = 0.5
and deviation σ = ε/2.5 for the day with the largest number of single-core jobs
(Day 18), the day with the largest total load of single-core jobs (Day 9), and
a day with an average distribution (Day 11). Note that the large load of Day
9 produces a shift of the peak on this day. Based on these results, we discuss
the outcome of the experiments using the simulations for a single day (Day 11).
Further, we have provided the complete results of our simulation on our web
page5.

4 https://github.com/testsimulator/Simulation/tree/main
5 https://schedulingsimulations.wordpress.com/

https://github.com/testsimulator/Simulation/tree/main
https://schedulingsimulations.wordpress.com/
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Fig. 3: Performance ratio of Threshold, Greedy Best Fit, and Greedy Balanced
for Days 9, 11, and 18 using the same target slack ε = 0.5 and the same deviation
σ = ε/2.5

6.1 Single-Core Results

To eliminate the impact of idle time generated by job allocation, we first consider
only workloads with sequential jobs. First we address the impact of deviation
σ and discuss heat maps that display the difference of the performance ratio
between Greedy BestFit and Greedy Balanced depending on the geometric stan-
dard deviation (vertical) and the total number of cores (horizontal), see Fig. 4a
for target slack ε = 0.8 as an example. Heat maps for other target slack val-
ues look similar. Since the heat map shows vertical features stretching over the
whole range of the standard deviation, the standard deviation has no significant
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Fig. 4: Performance ratio against Greedy BestFit for geometric standard devia-
tion σ and number of cores on Day 11 using target slack ε = 0.8

impact on the performance difference between both algorithms. Therefore, we
ignore parameter σ for evaluating the algorithms.

Fig. 3 shows that Greedy BestFit generally outperforms Threshold and Greedy
Balanced. To determine the dependence of this result on the slack, we compare
the performance ratios of Threshold and Greedy BestFit since both approaches
use the same allocation method. We select a medium value σ = ε/2.5 and gen-
erate the heat map for the parameters target slack value ε and number of cores,
see Fig. 4b. The figure shows that Greedy BestFit clearly outperforms Threshold
for small slacks while both algorithms perform similarly for large slacks. This
result even holds for a single workload with very small slack ε = 0.01 and small
deviation σ = ε/2.0, see Fig. 5a.

Therefore, we can state as a first result that for small slacks, greedy accep-
tance performs very well for practical workloads.

While Greedy BestFit and Greedy Balanced have almost the same perfor-
mance for small slacks, see Fig. 5a, Greedy BestFit has a better performance
ratio for larger target slack values and a certain range of cores, see Fig. 5b. Note
that the dependence on the number of cores is more pronounced in Fig. 5b than
in Fig. 4b. Both figures combined indicate that for an increasing target slack, the
performance ratio difference between Threshold and Greedy Balanced decreases.
Taking into account the BestFit allocation strategy of Threshold, this observa-
tion supports the claim that the acceptance part of the scheduling algorithm
plays a dominant role for small slacks while the allocation part becomes more
important for larger slacks. Fig. 5b shows that the dominance of BestFit over
load balancing disappears for installations with many cores (low resource con-
tention) or for installations with very few cores (very high resource contention).
But since BestFit allocation is never worse than load balancing, it is useful to
generally prefer BestFit over load balancing.

Next, we discuss the total accepted load in relation to the number of cores.
Based on the result of Fig. 5b, we select ε = 0.8 and σ = ε/2.5, see Fig. 2. The
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Fig. 5: Performance ratios Threshold, Greedy Balanced, Greedy BestFit on Day
11

load gap constantly increases as long as the total number of cores determines
the upper load limit (until about 80 cores). Remember that a large number of
idle cores represents a low energy efficiency.

6.2 Multi-Core Results

Typical workloads in large computer installations contain a large number of
parallel jobs. These parallel jobs are usually responsible for most of the system
load, see Fig. 1c in Section 3. When trying to allocate a rigid parallel request,
we may not always find sufficient cores that become idle at exactly the same
time. Therefore, we must delay the start of this request and produce some idle
time on some cores. Since this problem does not occur for single-core requests,
we consider a specific allocation method MinIdle that selects the allocation that
generates the minimum amount of this idle time. Our experiments show that
Greedy MinIdle is slightly better than Greedy BestFit for a parallelism limit of
30 cores, see, as an example, Fig. 6a that uses target slack ε = 0.5 and deviation
σ = ε/2.5. For 120 cores, the improvement is a bit larger, see Fig. 8b. However,
Greedy MinIdle generates these better results at the expense of a significantly
larger run time that further increases with the number of cores.

Since an extension of Threshold to a multi-core environment produces a
similar result to that of the single-core simulation, see Fig. 6a, we ignore the
Threshold approach for multi-core requests.

We extend our comparison between Greedy BestFit and Greedy Balanced
for single core jobs to instances with parallelism limits of 30 cores, 120 cores,
and 5000 cores, see Fig. 6b, 7a, and 7b, respectively. We observe that a workload
with a parallelism limit of 30 cores qualitatively behaves similar to the single-
core workload in Fig. 5b. Quantitatively, the difference in the performance ratio
is slightly less. For a parallelism limit of 120 cores, we must increase the core
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Fig. 6: Results with parallelism limit of 30 cores on Day 11 using σ = ε/2.5
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Fig. 7: Performance ratio Greedy Balanced - Greedy BestFit for target slack
value ε and number of cores on Day 11, with deviation σ = ε/2.5

range significantly and observe a qualitatively similar behavior but with again
less differences in the performance ratio. There are also some configurations for
which Greedy Balanced is slightly better than Greedy BestFit. For a parallelism
limit of 5000 cores, Greedy Balanced is almost always better than Greedy Best-
Fit. However, we must note that the large number of cores forces a sequential
execution of all highly parallel requests (almost 5000 cores) roughly dividing the
schedule into several layers. It is not surprising that load balancing is the best
approach for allocating requests within these layers.

The existence of enclosed periods of idleness in cores due to highly paral-
lel requests generally occurs in large computer installations. Most installations
use various forms of backfilling to exploit this idleness for other jobs. Since we
must guarantee every previous allocation agreement, we must apply conserva-
tive backfilling that only allocates new requests if no allocation of an old request
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Fig. 8: Performance ratio of Greedy Best Fit and Greedy Balanced with and
without backfilling for Day 11, target slack ε = 0.5, and deviation σ = ε/2.5.

is violated although conservative backfilling produces a significant management
overhead. In this study, we only want to determine whether conservative back-
filling has a different impact on Greedy BestFit and Greedy Balanced. Since the
time requirement of the simulation is very high, we only determine the impact
of backfilling for two configurations of Day 11. In both cases, we pick target
slack value ε = 0.5 and deviation σ = ε/2.5. In Fig. 8a, we set the parallelism
limit to 30 cores while it is 120 cores in Fig. 8b. We can see that the effect of
backfilling is more pronounced for 120 cores while it has only little impact for
30 cores. Since the larger parallelism limit generates more idle time, there are
more opportunities to find an earlier allocation for jobs with less parallelism.
Informally, this is the same reason that leads to the already stated superiority of
Greedy Balanced over Greedy BestFit for a parallelism limit of 5000 cores. For
a parallelism limit of 120 cores, Greedy BestFit with backfilling is clearly better
than Greedy MinIdle without backfilling.

7 Conclusion

In this study, we used simulation experiments whether a simple greedy accep-
tance approach is well suited for load maximization of workloads with job dead-
lines. We expect that AI training jobs and the dominance of renewable energy
sources will lead to such deadlines in future data centers. Our results show that
in practically relevant environments, greedy acceptance even outperforms other
algorithms with an almost optimal competitive ratio.

For jobs with little parallelism, the BestFit allocation strategy outperforms
load balancing thus confirming the theoretical worst case analysis. The allocation
strategy is particularly relevant if the jobs have more than just a very small
timing flexibility.

For jobs with more parallelism, we can further improve the energy efficiency
of data center by using some intermediate allocation approach that minimizes
the additional idle time of the allocation. Unfortunately, this approach requires
a significant computational overhead and may therefore not be suited for appli-
cation in practice.
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Finally, the well known backfilling allocation may also be not suitable for
the load maximization problem. It also produces a better energy efficiency but
due to the need of conservative backfilling, again the computational overhead is
significant.

Altogether, our experiments show that we can exploit timing flexibility of
jobs with very simple job scheduling algorithms that also leave some room for
additional modifications and extensions of the execution model.
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