Abstract

While resource oversubscription proves efficient for
reusing data center infrastructure, it still faces power under-
utilization problem. Previous studies propose market-based
auction algorithms or DVFS-based schemes to utilize unused
power resources under oversubscription. However, these
methods ignore the power fluctuations of jobs, resulting in
the exacerbated power overload. Meanwhile, the resource
usage in the preceding time window is often used as the auc-
tion target for the next time window. This also introduces the
lagged resource reallocation, which brings more power over-
load. Faced with the above problems, we propose FLAPS to
reduce the power overload probability while maximizing the
power utilization. FLAPS comprises a resource prediction
module and a fluctuation-aware auction module. The predic-
tion model provides accurate power usage prediction for the
next time window by leveraging decile features of job power
usage. The fluctuation-aware auction strategy takes power
usage variance into account, reducing the power overload
caused by power-fluctuating jobs. Our experiments show that
FLAPS can reduce the power overload by 9%-10% on aver-
age while maintaining a resource utilization rate difference of
less than 2.8%, compared to the state-of-the-art power man-
agement algorithms.
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1 Introduction

Expenditures related to power resources constitute a signifi-
cant portion of data center maintenance costs [1,2]. To bet-
ter utilize the power resources, data center usually employs
capacity oversubscription [3-5]. By deploying more servers
than the power capacity allows, the overall power utilization
could be improved. Meantime, if the actual overall power
demand exceeds the physical power capacity, the data cen-
ter needs to use power capping to enforce limitations on the
power usage of running jobs [6, 7].

Figure 1 shows the cluster-wide power resource utilization
using the Google Cluster Trace 2019 [8,9] for one day. Even
with capacity oversubscription applied (area A), the power
under-utilization problem still remains (area C). This is be-
cause the aggregate server power demand fluctuates and does
not always stay at high levels. At the same time, capacity
oversubscription also inevitably brings power overload (area
B), and power capping brings an unpleasant experience to
users.
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Fig. 1: The problems with existing resource oversubscription
techniques.

Many previous studies use market-based auction strategies
to utilize unused power capacity [10—13]. These methods en-
courage more users to use power resources by lowering the
price of unused power [12] or avoid resource preemption by
malicious users by raising the price of unused power [13]. As
for the power overload cases, these methods release existing
power usage by auctioning lower power prices in the future
to reduce the impact of power overload [14].

Dynamic Voltage and Frequency Scaling (DVFS)-based
algorithms, originally designed for power capping, are now
widely used to enhance infrastructure resource utilization. A
mainstream solution entails squeezing more servers into data
centers by regulating the servers’ frequencies to manage in-
creased workloads [15, 16], thus improving energy efficiency
while meeting rising demand.

While these methods may appear effective, they ignore the
potential abrupt fluctuations in power usage by jobs. Existing
methods typically choose a 5-minute time window, and use
the average actual power usage in the previous time window
for resource management of the next time window. Within a
time window, a job’s power usage may surge or drop abruptly,
existing methods will be ineffective. In aggressively provi-
sioned data centers, discrepancies between predicted aver-
age idle resources and runtime usage of newly added jobs
can lead to frequent overload issues. For example, when the
actual idle power is less than the anticipated average value
and the newly introduced jobs consume more than the aver-
age, it can lead to cluster-wide power overload and necessi-
tate power capping. If these jobs entail power fluctuations,
the overall overload in the data center will increase signifi-
cantly. Moreover, these methods utilize resource usage data
from the preceding window to inform resource management
for the subsequent window. Lagged resource data exacerbate
the potential for power under-utilization and overload.

Faced with the above two problems, we find that jobs in
the data center could be divided into power-stable jobs and

power-fluctuating jobs. These jobs can be further distin-



guished by the power usage variance during job execution.
In the job execution process, power-stable jobs will not cause
large fluctuations in power usage. Compared with power-
fluctuating jobs, it is more suitable to be used to fill unused
power capacity without triggering power overload.

Meanwhile, we find that the lag problem in resource usage
data can be solved by resource usage prediction methods. For
power-stable jobs, accurate predictions can be made directly
using the Long Short-Term Memory (LSTM) model. How-
ever, in the case of power-fluctuating jobs, direct attainment
of accurate power usage results using the LSTM model is un-
feasible. Hence, it becomes imperative to devise a dedicated
power prediction model tailored for power-fluctuating jobs.

In this paper, we propose a Fluctuation-Aware Power Auc-
tion Strategy (FLAPS), which includes a power usage predic-
tion model and a fluctuation-aware auction strategy. Lever-
aging the power prediction model, precise computation of
available power resources within the next time window is
achievable. Upon acquiring the accurate power resources, we
employ a market-based auction strategy that capitalizes on
power usage fluctuations to facilitate multiple jobs utilizing
unused power allocations without power overload. Below,
we provide a detailed exposition of our contributions.

e We add the variance of job power usage to the auction
strategy to support jobs with smaller variances to use un-
used power capacity. This strategy can be seamlessly in-
tegrated into various existing auction strategies to ensure
that newly scheduled jobs will not cause power overload
and power capping.

e We build an enhanced LSTM model for power-
fluctuating jobs. The power usage prediction module
improves the vanilla LSTM model by incorporating a

This addition highlights the

decile features of CPU utilization that are most relevant

feature selection layer.

to the prediction results, thereby enhancing the training
convergence speed and inference accuracy of the predic-
tion model.

We evaluate our method based on real Google job
traces [8, 9]. Experimental results show that we reduce the
power overload by 9%-10% on average while maintaining a
resource utilization rate difference of less than 2.8%.

2 Related Work

In recent years, several schemes have been developed for im-
proving power utilization [4, 12, 13, 17] and predicting the

workload [18-21].
solve the power fluctuation problem.

However, these schemes all could not

Power Utilization. Many researches [4, 17,22-24] keep
an eye on oversubscription to enhance power utilization. One
research direction [10-13] is to use market-based auction
strategies to exploit unused resources in an attempt to max-
imize the benefits of the datacenter operator. Specifically,
spotDC [12] incorporates a demand function based on pric-
ing dynamics, whereby an escalation in prices precipitates a
proportional reduction in the requisite power capacity. Pow-
erGrab [13] strategically employs a demand function contin-
gent on service-level considerations, intricately accounting
for fixed expenses. This approach systematically evaluates
whether the existing power capacity, given the prevailing sys-
tem prices, is sufficient to sustain the mandated service level.
At the same time, some efforts attempt to design methods,
which could achieve peak shaving and valley filling for the
resource usage. ELIS [25] builds a reward-based migrator
designed to efficiently transfer excessive workloads to remote
data centers, which can ensure the QoS of user-facing appli-
cations. Nodens [26] recognizes and focuses on the "to-be-
processed’ workload, achieving fast QoS recovery through
proactive management with just-enough resource allocation.
None of these works consider the fluctuation of task power
usage, which directly causes power overload.

Workload Prediction. Many research works use work-
load prediction to predict the resource usage of a task at the
next time window, which further supports fine-grained task
scheduling. ARIMA-based time series models [18, 19, 27]
attain stationarity through differencing, subsequently fitting
the model using a combination of autoregressive and mov-
ing average components. These models demonstrate lim-
ited accuracy, particularly in handling bursty cloud work-
loads. [28-30] use a machine learning-based model, such as
Bayesian or KNN, to improve prediction accuracy and re-
duce manual intervention. PRACTISE [31] identifies rele-
vant workload features with autocorrelation to predict target
objects. Deep Belief Network [32] is also proposed to make
both long-term and short-term predictions. However, these
works did not take into account the cpu usage distribution
feature, which resulted in their inability to obtain accurate re-
sults with long training times and complex network models.

Workload Analysis.
tion characteristics and resource usage analysis on data cen-

Many studies focus on applica-

ters. One paper from Google [21] delves into the intrica-
cies of memory access analysis concerning specific applica-
tions within conventional CPU clusters. Another paper from
Google [33] focuses on jobs distribution characteristics and



[20th,30th) 1%

[40th,50th) [100th,100th+]

24.4% Decile bins
[20th,30th)
[40th,50th)
== [60th,70th)
[70th,80th)
[80th,90th)

[90th,100th)

35.4% [100th,100th+]

24.4%

[60th,70th) [RH%==""
7.3%

[70th,80th) 4.9%
[80th,90th)

[90th,100th)

Fig. 2: The relation between jobs’ power requests and their
actual power consumption. The power consumption of jobs
can be categorized into different intervals based on their
deciles. The pie chart illustrates the distribution of requested
values across these intervals. E.g., if the request value falls
within the [100th, 100th+] range, it implies that the job never
consumes more power than what is requested. If the value
falls in the [90th, 100th] range, it suggests that the job’s ac-
tual usage exceeds its requested power for 10% of the time at
most.

the relationship between job executions and microstructures
through comprehensive cluster analyses. In recent times,
scholarly attention has been directed towards the examination
of job dynamics within GPU clusters. A notable study by
Facebook [20] systematically investigates the distributional
patterns and inherent characteristics of deep learning tasks
within existing clusters, concurrently optimizing the manage-
ment of job processes. These researches are instructive for
the power management. However, these papers are orthog-
onal to our paper. They will help the bidding function con-
struction, which could be integrated with our paper.

3 Background and Motivation

In this section, we first demonstrate the power usage fluc-
tuations in existing job traces. Secondly, we present the
experimental results of directly using the LSTM model for
power usage prediction. Third, we present the background
of the market-based auction strategy in power management.
Finally, we summarize the challenges for solving the above

problems.

3.1 Power usage fluctuations

While existing power management strategies focus on
24 4improving power efficiency, they regrettably overlook
the power usage fluctuations inherent in both to-be-scheduled
jobs and running jobs. Significant fluctuations in many to-be-
scheduled jobs can make the cluster highly prone to power

overload and capping. Similarly, great fluctuations in run-
ning jobs result in inaccurate assessments of unused power
capacity, consequently increasing the risk of power overload
or under-utilization.

We demonstrate that power fluctuation is a prevalent is-
sue in data centers by using data from the Google Cluster
Trace [8,9] and the Alibaba cluster trace (AMTrace) [34,35].
Utilizing the records provided by the trace, we are able to in-
fer the job’s power usage [36,37] based on its cpu utilization.

The Google Trace models each job’s cumulative distribu-
tion function (CDF) using sampling points and delivers cpu
usage deciles every 5 minutes. We analyze the top-80 jobs
that consume the most power within 48h, comparing their re-
quested power with their actual power usage, as illustrated in
Figure 2. Only 24.4% of jobs adher to their specified power
usage limits throughout their entire execution. Additionally,
25.6% of the jobs exceed the requested power usage within
50% of the time. Furthermore, we collect the average power
usage of all these jobs. Experimental results show that 81.7%
of jobs have an average power usage less than 60th percentile.
This means that these jobs request more power than average
power usage within 40% of the time. These findings indicate
that a significant portion of jobs exhibit substantial power us-
age fluctuations.

AMTrace is designed to analyze the microarchitectural re-
source characteristics of datacenter jobs. Leveraging the cy-
cles, frequency and sampling time from the trace, we can cal-
culate each container’s resource utilization in the job. Fur-
thermore, with the mapping between containers and applica-
tions in the ’container_meta’ table, we can summarize how
each job utilizes resources. Due to the absence of job request
values in AMTrace, comparing them with the actual usage
values is not feasible. We examine the coeflicient of variation
(CV, CV = standard deviation / mean) of power usage in jobs
to demonstrate the variability of resource usage over time.
In Figure 3, we model the probability distribution of CV for
jobs’ power usage. Additionally, we plot the CV probability
distribution for jobs from the Google Trace for comparison.
In AMTrace, jobs are small-scale yet numerous, whereas in
the Google Trace, jobs are larger-scale but fewer in number.
Despite differing load patterns, both data centers show coeffi-
cient of variation peaks exceeding 30% (0.3), indicating high
variability in power usage [38,39]. Our analysis indicates that
power fluctuation during job execution is a common issue in
data centers.

In the appendix (see 9), we model the issue of data cen-
ter overload and present evidence that power fluctuations are
more likely to trigger these incidents.
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Fig. 3: CV probability distribution for jobs’ power usage in
both cluster traces.
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Fig. 4: Comparing LSTM prediction results with actual re-
source usage.

3.2 Power usage prediction

As stated in the above section, severe fluctuations in power
usage may cause power overload. At the same time, fluctu-
ations in power usage of running jobs may lead to imprecise
assessments of unused power capacity. Present research pre-
dominantly relies on the average unused power capacity from
the previous pricing interval, a method that may yield inac-
curate estimations.

In addressing the aforementioned challenge, an intuitive
approach is to use a sequence-based model such as LSTM to
predict the average power usage of all jobs within the current
pricing interval and subsequently derive the power usage for
said interval. We train the LSTM model using the Google
Trace dataset and conduct corresponding inference tests. The
inputs comprise the job’s conventional power usage-related
features (excluding deciles) from the previous 24 time win-
dows, while the output is the job’s average power usage in the
next time window. Figure 4 illustrates the prediction results
with LSTM. As depicted in Figure 4, employing the LSTM
model directly yields a Mean Squared Error (MSE) of 17.2.
This suboptimal performance inadequately addresses the is-
sue of lagged power usage problem.

3.3 Auction strategy in power management

The market mechanism serves as a negotiation platform be-
tween various users and data center operators, optimizing the
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Fig. 5: The general bidding process.

interests of all involved parties. Operators can collect user
feedback through pricing without accessing the private infor-
mation of user jobs. The mechanism finds widespread ap-
plication in real-life scenarios such as smart grids [40, 41],
cloud/edge computing [42,43], and beyond.

In power management scenario, users first bid to express
their runtime power demand, usually in the form of a demand
function. Then the operator adjusts the market prices for dif-
ferent users or jobs. This bidding process needs multiple it-
erations to achieve a Nash equilibrium. The operator’s objec-
tive is to maximize profitability, while users seek to optimize
power utilization at minimal cost.

Figure 5 shows a general bidding process. The auction
strategy first divides time into multiple pricing intervals 7.
Each pricing interval encompasses several bidding slots, rep-
resented by S. At the beginning of each pricing interval T},
a constant system price P; is calculated to guide each user to
make their purchase decision. Subsequently, a sequence of
bidding processes during 7; is employed to calculate the next
system price, denoted as P;,;. Within each bidding slot, the
system computes an intermediate price Pf . The last Pﬁ in the
pricing interval 7; is the system price for the whole pricing
interval T, .

Each user employs a demand function to dynamically re-
spond to the fluctuating system prices. Various demand func-
tions are utilized in the bidding process. For instance, spotDC
[12] incorporates the price-based demand function, wherein
an increase in prices results in a corresponding decrease in
the required power capacity. On the other hand, Power-
Grab [13] leverages the service-level-based demand function,
which factors in fixed expenses and assesses whether the
available power capacity under the prevailing system prices
is adequate to sustain the required service level. If the ser-
vice level cannot be met, the bidding process ceases. The
auction algorithm, conducted in multiple rounds of iteration,
further enhances interactivity and user-friendliness. If the de-
mand function exhibits varying functional expressions under
different conditions, users can adjust their auction decisions
in each round.



Market-based auction strategies have the capacity to ac-
commodate multiple user bidding for available unused power
capacity. Prior studies commonly rely on the utilization of
the average unused power capacity from the preceding pric-
ing interval as a basis for bidding.

3.4 Challenges

Based on the above analysis, we can summarize two chal-
lenges in solving power usage fluctuations.

e The prediction model needs to accurately predict power
usage in the next time window, which supports accurate
power bidding.

e Market-based auction strategies necessitate addressing
diverse power usage patterns. This auction strategy en-
tails filtering out jobs with stable power usage through
the bidding process to mitigate the likelihood of power
overload.

4 The Overview of FLAPS

FLAPS is a market-based power auction method that can sup-
port accurate power usage prediction and reduce the power
overload probability. In market terms, datacenter users are
consumers, intelligent power distribution units managed by
datacenter operators are producers, and agents are used to as-
sist in power redistribution in the market. Figure 6 shows the
design overview of FLAPS, more details are as follows.

The prediction module forecasts the power usage of differ-
ent jobs based on historical records. To ensure fine-grained
power management, the data center divides time into multiple
windows. The infrastructure module is responsible for col-
lecting the power usage of all jobs since current time window
T; starts. Before the near end of T;, the infrastructure mod-
ule passes the collected power usage data to the power usage
prediction module. Then the prediction module predicts the
task power usage in the next time window T'y.

The pricing layer is mainly responsible for setting prices
based on user bidding prices and system power supply con-
ditions. The pricing algorithm takes into account both supply
and demand, as well as the jobs’ load fluctuation character-
istics. Between the pricing layer and the application layer
is a coordination layer. It consists of many agents. Agents
are responsible for participating in bidding and local power
management. It also supports several power controller drivers
to translate the successful bidding decision into actual power
management operations.
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Fig. 6: FLAPS Framework Overview.

At the near end of 7;, multiple tenants can bid for the un-
used power capacity. This bidding process takes into account
the power usage fluctuation of ready-to-submit jobs. If there
is historical power usage data for one job, the historical power
usage characteristic is used. If there is no historical data, the
requested power usage is used. Before 7}, starts, we can get
the results of the bidding process, for example, task A obtain
2% of unused power capacity with price P.

Due to the lightweight coupling of components, FLAPS
can be seamlessly deployed into existing data center manage-
ment systems. The prediction module can be integrated into
the scheduler and invoked to predict the power usage of jobs.
It’s convenient to deploy the pricing layer on existing cluster
management systems, such as Google’s cluster [13]. Current
kernel control systems already monitor and maintain usage
information for the underlying power infrastructure. Agents
can be hosted on load servers or hypervisors.

5 Power Prediction Model

Data center’s idle power can be calculated by subtracting the
power usage of active jobs from its total capacity. Suppose
N denotes the total quantity of resources in the data cen-
ter, R} denotes the predicted average power usage of job
m within time window f;,1, Idle;,; = N = 3 R | denotes
the predicted idle power resource during #;,;. After reallocat-
ing Idle;,, the resources used for capping in the data center

decrease. To avoid severe overload situations, ensuring the
mn

i+1
The analysis of the Google Trace reveals significant varia-

precision of the prediction R”' , becomes imperative.
tions in the characteristics of different jobs. Some workloads
exhibit periodic patterns over time, such as daily fluctuations,
while others, potentially interactive, demonstrate completely
irregular variations in their workloads. Given the presence
of power fluctuations, both statistical models (e.g., ARIMA)
and deep learning models (e.g., LSTM) exhibit limited accu-
racy in predicting irregular workloads. Therefore, we delve
deeper into the trace to improve prediction accuracy.

The problem of power usage prediction can be formalized
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Fig. 7: Correlation of cpu usage distribution with avg cpu usage. CPI stands for cycles per instruction, while MAPI stands for

memory accesses per instruction.

as follows: given the power records in the past ¢ time win-
dows {X" , X"

i—t i1 "
sisting of a set of features {xf], x5, .
the average power usage for the next time window {x;,}.

We employ Pearson [44], Spearman [45] and Kendall [46]
correlation coefficients to assess the relationship between av-

., X!"} of job m, where X" is a vector con-
.., X}, we need to predict

erage cpu usage and other features, as illustrated in Figure
7. Conventional features such as request values, cycles per
instruction, and average memory are correlated with mean
values. Still, there is a notable difference when compared to
the correlation at each decile (field 'CPU usage distribution’
in the trace or "CUD’). Furthermore, among all the decile fea-
tures, the highest correlation is observed from the 40th to 70th
percentiles. Incorporating all deciles directly may introduce
more noise rather than the accuracy. We build the follow-
ing prediction model, as shown in Figure 8, which introduces
decile feature in two ways to maximize its impact.

The power ranges exhibit notable variations among dis-
tinct jobs. Therefore, during data preprocessing, normaliza-
tion is first performed separately for each job. Then the model
performs feature selection after normalization, where one can
filter out decile features with high correlation based on the
statistical results shown in Figure 7. The selected features
are analyzed by LSTM layers to obtain overall statistical pat-
terns. Incorporating layer normalization after LSTM layers
speeds up network convergence, improves training stability,
and enhances model generalization. To address overfitting, a
dropout layer is added after layer normalization.

In the neighboring time window, the distribution of re-
sources exhibits greater similarity. We extract the decile fea-
ture at time #; with fully connected layer and activation elu.
Then the model concatenates the result with the output from
the LSTM module to obtain the final result. The above de-
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Fig. 8: Structure of the prediction model.

sign, which emphasizes the last decile, effectively enhances
prediction accuracy. Meanwhile, as shown in Equation 1, Hu-
ber loss function [47] is chosen to train the model. The key
advantage of Huber loss lies in its ability to strike a balance
between the robustness of MAE and the sensitivity of MSE.

1= fx))? ifly— f(x)| <6

i : (H
o(ly = f(x)| = 30) otherwise

Lé(y’ f(x)) = {

6 Fluctuation-Aware Auction Strategy

FLAPS uses a market-based auction algorithm to allocate idle
resources. The auction process could reflect market supply
and demand changes, and ensure a fair competitive environ-
ment for all users. In this section, we first introduce the entire
auction process and then explain how to incorporate job vari-
ations into the auction algorithm.

6.1 The Auction Process

Figure 9 illustrates the workflow of the auction module, along
with its interaction with other modules. The system can be di-
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vided into two modules, namely the computing module and
the scheduling module. The computing module displays the
jobs’ execution status within the datacenter, including exist-
ing jobs and to-be-scheduled jobs. The scheduling module
demonstrates the process of how to-be-scheduled jobs are se-
lected. This process consists of four stages: the purchase slot,
waiting slot, prediction slot, and pricing slot.

Suppose the data center allocates idle resources at inter-
vals of T. At the beginning of T}, there exists a purchase slot
where users make resource purchases and submit jobs, rely-
ing on the auction outcomes from 7;_;. The scheduling mod-
ule enters the waiting slot until the end of 7;. Then it enters
the prediction slot to predict the idle power for 7;.;. Upon
acquiring information about available idle resources and job
execution details, the module finally enters a pricing slot.

The pricing process comprises multiple bidding rounds,
1o, ..., 'y. During the initial phase, the system calculates the
initial price Pj,; based on the predicted quantity of idle re-
sources and the variance of running jobs. Based on Py, the
agent module first updates bidding jobs’ bid-price accord-
ing to the job information submitted by the user. Then it
compares the above bid-prices with jobs’ budget, and col-
lects the willing jobs, along with the corresponding price set
{Pugs s P, 19, After each round, the system adjusts the ba-
sic price P, for the next bidding round according to the
new supply and demand. The auction round repeats until it
reaches the termination condition. After the final round, the
winners acquire resources in the purchase slot at 7, ; and sub-
mit patching jobs.

6.2 The Auction Algorithm

This section specifically elaborates the details of the bidding
algorithm, as shown in Algorithm 1. The system agent deter-
mines the initial price Py, based on the forecasted idle power
and the current status of running jobs (Line 1). The initial
price P, is given by Pi,; = basic,, - (1 +a-C Vsys), where

s while demandNew > sysldle or diff > ratio X sysldle
do

6 demandOld «— demandNew;

7 | Pyl updateBaiscP(P} ., sysldle, sysVar,

8 demandNew,varNew) /+ Calculate the

Pl for round r+1

basic price P, ..

*/

9 updatejobP();

10 updateBid();

1 demandNew,varNew «— updateBidInfo();
12 dif f « [newDemand — sysldle|;

13 end

14 return bidList;

basic,, is determined based on the unit rental price of the data
center. When the data center experiences high volatility, over-
loads are more likely to occur. In these situations, idle power
becomes scarce and must be allocated to more urgent and
higher-value jobs. Therefore, @ can be set to a larger value.
If the running workload is stable, setting a lower a can en-
courage users to submit more jobs, increasing participation
in bidding.

After obtaining the initial price Pj;, each user agent cal-
culates prices based on the job information in the bidding
(Line 2). P, = Py - p*0Vir or P, = Pyl - €V,
where the effect of § is similar to that of @. When confronted
with numerous candidate jobs or when the data center can-
not tolerate fluctuations, increasing 8 can promptly identify
jobs with higher volatility. Unlike the linear changes in Pj,;

or P+ 1

o JOb prices change exponentially based on their co-

efficient of variation. This approach can also be viewed as
a penalty for jobs with high fluctuation. The varying impor-
tance of each job determines its maximum acceptable price.
If this price falls below P,

u;?

the auction for that job terminates
(Line 3). The system agent updates the jobs participating in
the next round of auctions (Line 4). When the total demand is
less than the supply of idle power and the allocated quantity
is close to the amount of idle power, the auction terminates.
Otherwise, the system continuously adjusts prices to ensure a



Algorithm 2: P/*!. Calculation

basic
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Inp ut: Pbasic’
Output: P’*!

basic

Data: 5,6 /» constants */
1 flag « if demandNew > sysldle then 1 else -1;
2 Pl pPro 4 flag - (M) 4 1) .8, -

basic basic sysVar

demandNew .
(( sysldle )+6)’

r+1
3 return Pbam

sysldle, sysVar, demandNew, varNew

successful auction (Lines 5-13).

r+1
The procedure to compute P’ .

2. When updating prices, the parameter flag directs how the

is outlined in Algorithm

system price adjusts based on supply and demand. The ex-

tent of the change in PZZ;C depends on the supply-demand
gap, which in turn leads to higher prices for scarce power.
0 prevents the program from entering an infinite loop when

demandNew is 0. The effect of 3, is similar to S.

7 Evaluation

In this section, we first present the experimental setup of
FLAPS. Secondly, we present the experimental results of
the two sub-modules in FLAPS separately, including the ac-
curacy of the prediction model and the effectiveness of the
fluctuation-aware auction algorithm. Finally, we will demon-
strate the performance improvement facilitated by FLAPS.

7.1 Experiment Setup

7.1.1 Dataset and Testbed

We generate the evaluation workload based on the Google
2019 Trace [8,9]. The dataset is constructed from the "in-
stance_usage" and "instance_event" table. We first aggregate
the total CPU resources used by different jobs(collection_id),
select the top 150 jobs after sorting, and extract the records
for these jobs from the trace within the first two days. The
trace records instance resource usage in 5-minute (300s) in-
tervals, but few records might be shorter if the instance starts,
stops, or undergoes an update within that window. To ensure
data consistency and reduce noise data, we retain records that
have a duration of 5 minutes. When constructing the model,
records of the top-30 jobs will be employed as the test set,
and the remaining records will serve as the training set.

We also build a trace-based simulation testbed of FLAPS
on the physical server, whose specifications are shown in Ta-
ble 2. The top-30 jobs are referenced as "running jobs", and

Table 1: Raw Data From Google Cluster.

Trace Characteristics  Value
Time span of trace 31 days
Cells (clusters) 8
Machines 96.4k
Machines per cell 12.0k
Amount of jobs M
Numbers of users 1951
Submitted tasks 8OM
Scheduler events 1.5G
Resource usage records  7.0G

Table 2: Testbed Server Specification.

Name Value
Model Intel(R) Xeon(R) Gold 5218 2.30GHz
Cores 64 (32%2)
OS Ubuntu 18.04 (kernel 4.15)
Memory 252GB
Disk 29TB

other jobs are referenced as "patching jobs".

7.1.2 Baselines

Baseline for Prediction Model. We compare FLAPS with
three other solutions to demonstrate the effectiveness of the
predictive model. Specifically, "History’ refers to the scheme
that substituting the idle resources of the current window
for those of the subsequent window. The second baseline
is "ARIMA’, with which p,q,r chooses the best parameter.
"FLAPS-N’ refers to the model doesn’t concatenate the cud
feature of the last time window. We use three evaluation met-
rics, including MSE = | 3L, (y - §)>, MAE = | 3L, Iy - §
on each prediction window and MAPE = L 3" |(y - §)/yl
Baseline for Overall Solution. To emphasize the en-
hancement in overall performance, we compare our design
with other 6 kinds of the present resource allocation schemes
as summarized in Table 3. Bid-R and Bid-H are both dy-
namic strategies that continue to allocate idle resources dur-
ing job execution using a competitive market mechanism
[12,13]. Both strategies establish resource prices in auctions
solely by considering the total demand. Bid-H doesn’t pre-
dict idle resources but substitutes the future idle value with
the current window’s. Bid-R conducts the auction with the
actual amount of idle resource. Tailored to specific scenarios,
different DVFS-based strategies may vary slightly in the scale
and adjustment ratios [15, 16], however their operational re-
sults consistently exhibit regular patterns. In DVFS-80, we



Table 3: Evaluated Resource Allocation Schemes.

Scheme Acquisition | Auction or Allocate
of Idle Power | Metric

Bid-R | Real | Demand

Bid-H ‘ History ‘ Demand

DVFS-80 | Real | Priority

DVFS-90 | Real | Priority

FLAPS | Predict | Demand & Deviation

FLAPS-H ‘ History ‘ Demand & Deviation

FLAPS-R | Real | Demand & Deviation

assume the data center servers have a 20% frequency reduc-
tion, reducing job power consumption to 80%. The remain-
ing power can be allocated to additional jobs based on their
priority, which also run on servers operating at a 20% re-
duced frequency. Similarly, DVFS-90 denotes servers with
their frequency reduced to 90%. The FLAPS series repre-
sents a dynamic strategy that ensures safety by introducing
standard deviation during auctions. The distinction among
the three lies in the source from which the idle resource is
acquired. FLAPS-R conducts auctions based on real idle re-
sources from the trace, FLAPS uses the predictive results for
auctions, while FLAPS-H employs the current value for the
next window.

7.2 Prediction Model Accuracy Comparison

We initially analyze the resource usage patterns of jobs
in the real-world trace. The temporal correlation of job’s
cpu_average_usage is demonstrated with Autocorrela-
tion Function (ACF), as shown in Figure 10. Jobs can be
roughly categorized into two types based on the strength of
their correlation: regular and irregular. For jobs in (a) and
(b), they exhibit a strong regularity in resource usage, with
a lag order of approximately 288 (5Smin each point), indicat-
ing an approximate daily repeating pattern. Also, their corre-
lation coefficient exceeds the confidence interval, indicating
that the coefficient is statistically significant. For jobs in (c)
and (d), they show less apparent regularity in resource usage,
with correlation coefficients only covering the range of [-0.2,
0.2]. Especially the job in (d), the autocorrelation is poor
when resource usage changes intensely.

Table 4 summarizes the evaluation results of all the four
prediction methods on the Google trace, the best results are
highlighted in boldface.

In FLAPS and FLAPS-N, the window lengths are set 12,
24, 48, 60 (1h, 2h, 4h, 5Sh). ARIMA predicts the target with
all historical data, hence there exists no parameter indicat-
ing the window size. For FLAPS and FLAPS-N, improved
prediction performance is observed when the window size is
set to 24. For this size, FLAPS outperforms FLAPS-N on
MAE, MSE, and MAPE, by decreasing 29.58%, 56.06%, and
38.98%. Our model excels in extracting valuable informa-
tion from ’cud’ features and filtering out noise from irrelevant
’cud’ data, thereby minimizing interference with the model.
FLAPS-N converge in approximately 30 epochs with a loss
on the order of le-4, while FLAPS achieves a loss on the or-
der of le-6 typically only requires 3 epochs. FLAPS acceler-
ates the convergence speed of the vanilla LSTM model. Rela-
tive to ARIMA, FLAPS demonstrates a significant improve-
ment, achieving reductions of 54.8%, 86.5%, and 28.4%
in MAE, MSE, and MAPE. Our model showcases superior
adaptability to scenarios characterized by substantial vari-
ations in workload. In comparison to History, our model
shows a reduction of 39.56% in MAE, 79.49% in MSE, and
21.44% in MAPE. This demonstrates the model’s effective-
ness in addressing lagging issues.

Table 4: Comparison of predict results across four schemes.

Method | Size | MAE | MSE | MAPE
12 | 1.020 | 2.943 | 10.527
24 | 0.976 | 2766 | 11.907
FLAPS | 36 | 1.086 | 3.440 | 11.292
48 | 1161 | 4.044 | 10.626
60 | 1.484 | 10383 | 20.164
12 | 1487 | 7.741 | 16.566
24 | 1.386 | 6295 | 19.515
FLAPS-N | 36 | 1.405 | 6.645 | 17311
48 | 1498 | 7.295 | 23.52
60 | 2.248 | 16.573 | 27.805
ARIMA | - | 2162 | 20551 | 16.632
History | - | 1615 | 13.491 | 15.157

We compile the total resource predictions for 30 running
jobs and compare them with their actual values across 4
schemes, as depicted in Figure 11. Figure 11 compares the
total predicted value and the total actual value across the four
schemes. Due to space constraints, we provide an example
with 50 predicted points. The figure reveals that, upon aggre-
gating all the predicted values of diverse jobs, the FLAPS
predictions closely align with the actual total resources in
the data center. FLAPS-N accurately forecasts the evolving
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Fig. 10: The Autocorrelation Function (ACF) figure of jobs on the *cpu_average_value’. The autocorrelation curve calculates
the correlation between the average CPU value at the current time and the values at subsequent time points. The light blue
shaded area in the graph indicates the range of the confidence interval. When a calculated autocorrelation coefficient falls
outside this interval, it indicates that the coefficient is statistically significant.

trend of total resources in the data center, yet the predicted
values exhibit a noteworthy margin of error. The ARIMA
model’s prediction for the total resource amount shows a no-
table margin of error when compared to the actual values.
This discrepancy arises from the aggregation of subpar pre-
dictions for several irregular jobs.

7.3 Flucuation-aware Auction Results

7.3.1 The Variation in Demand and Standard Deviation

Figure 12 depicts the fluctuations in both the overall resource
demand and total standard deviation throughout the auction
process. As shown in Figure 12 (a), When the initial price
P, is low, the total demand exceeds the target idle resource.
As the auction rounds increase, the overall demand and stan-
dard deviation gradually decrease. When the total demand
falls below the target value and the difference is within a spe-
cific threshold, the auction concludes. In contrast, when the
initial price P;,; is high, both the overall demand and stan-
dard deviation increase as the number of auction rounds pro-
gresses, converging towards the target value, as shown in Fig-
ure 12 (b).

7.3.2 Price

Figure 13 illustrates the variation in prices during the auction
process. As the total demand surpasses the idle resources
(Figure 13 (a)), P;

hasic 2radually rises. The price varies sig-

nificantly among jobs with different features. For the los-
ing job, a higher standard deviation per unit resource results

in a higher auction price and higher growth rate, reaching
their price budget more rapidly. In this manner, the system

r
basic

promptly filters out power-flucation jobs. If opposite, P
gradually decreases, facilitating the procurement of resources
for jobs with lower per-unit standard deviation, as shown in
Figure 13 (b).

7.4 Impact on System Performance

7.4.1 Difference in Patching Jobs

Figure 14 compares the characteristics of winning jobs
across various schemes, including FLAPS and Bid-H. Since
Bid-H barely distinguish between power-stable and power-
fluctuating jobs, the unit price remains uniform across jobs
with varying characteristics. As the points encircled in Figure
14 (b), although the jobs exhibiting a higher standard devia-
tion in unit resources, they can still achieve successful bids
owing to the higher maximum price. FLAPS impose pricing
penalties on power-fluctuating jobs, resulting in the failure of
these jobs in the auction. They comprehensively consider the
characteristics of jobs along with their maximum price, pri-
oritizing jobs with smaller standard deviations. In the DVFS
series, jobs are selected based on their priority, without con-
sidering price.

7.4.2  System Performance Comparison

With the job lists obtained from different schemes, we sim-
ulate the usage curve and calculate the system performance,
the details are outlined as follows. Since time is discretized
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trate the difference between the auction price and the maxi-
mum price of the jobs.

Fig. 14: The comparison of winning jobs between FLAPS
and Bid. The x and y axes represent the job’s two attributes:
The x-axis represents the standard deviation introduced per
unit resource, while the y-axis signifies the maximum price
per unit resource.

into 5-minute slots, the two-day trace we construct consists
of a total of 288 slots, where a subscript i signifies the i-
th 5-minute interval. According to section 2, the prediction
model performs best with a window size of 24. Hence, the
comparison of the schemes starts from i = 25. In addition,
certain slots have few idle power (less than 5% of the total
rated power), and these are beyond the scope of our discus-
sion. Utilizing the fields ’cpu_usage_distribution’ and ’aver-
age_cpu’ of each job, we first simulate the resource usage
curve of each job for each slot i in seconds, totaling 300
points. Then we aggregate the overall resource curves within
each slot based on the job lists from different schemes. Based
on the curve, we determine the overload ratio and resource
utilization for each schemes at time slot i.

The results of different slots are illustrated in the CDF
graph, as shown in Figure 15. Contrasted with FLAPS-
H, FLAPS demonstrates superior prediction accuracy, lead-
ing to a more substantial enhancement in resource utiliza-
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Comparison of four schemes on system perfor-

tion. For FLAPS series, the overall overload capacity is rela-
tively small. This suggests that even in the presence of over-
load, the situation remains manageable and does not pose a
threat to the normal operation of the data center. The over-
load capacity ratio is concentrated between 8% and 13% for
FLAPS series. In contrast, the Bid series displays the high-
est overload ratio, peaking at 50%. Furthermore, in over
60% slots, its overload ratio exceeds 15%. On average, to
attain a 5% enhancement in resource utilization, Bid series
introduces an overload capacity approximately 30%, poten-
tially resulting in significant downtime and disruptions. In the
DVES series, lowering server frequency extends jobs’ execu-
tion time, boosts CPU utilization, and improves infrastructure
efficiency. Lower server frequencies lead to higher overall re-
source utilization in the data center. For example, DVFS-80
achieves higher utilization than DVFS-90. On the other hand,
while reducing server frequency dampens jobs’ power fluctu-
ations, adding more jobs can still combine to overload the
data center. Lower server frequencies result in higher over-
load rates in data centers. DVFS-80 experiences overloads of
around 15%-40%, while DVFS-90 sees around 10%-45%.

FLAPS can reduce the power overload by 10.89% and
9.12% on average compared to Bid-H and DVFS-90. With
an overload ratio of no more than 15%, the discrepancy in
resource utilization between FLAPS and Bid-H, as well as
DVFS-90, is 2.4% and 2.8%, respectively. Therefore, utiliz-

ing FLAPS not only facilitates a well-rounded enhancement
in resource utilization but also ensures the security of the data
center.

8 Overhead of FLAPS

We evaluate the overhead introduced by the FLAPS frame-
work, accounting for the costs of both the prediction model
and the auction algorithm. The prediction model’s over-
head arises from training and inference. Our model employs
around 5 million parameters, and the training dataset in the
prototype system comprises 42K records. During the train-
ing phase, We preset 40 epochs with an average early stop at
30 epochs. Each epoch takes 100 seconds on average, mak-
ing the total time approximately 3000 seconds. After the ini-
tial model construction, frequent updates are unnecessary. In
cases of significant load characteristic changes, incremental
training with the new trace is feasible. Given the model’s
good initial weight, parameter adjustments are minor. Early
stopping typically occurs around 20 epochs, and adding 1k
data takes about 50 seconds. During the inference phase, the
average time cost for predicting a single job is 40ms. In pro-
duction scenarios involving the prediction of multiple jobs,
increasing parallelism can ensure that the prediction time re-
mains controllable. In the prototype system, the auction al-
gorithm typically runs for about 50ms to 80ms. With a large
number of jobs, adjusting the price coefficient can reduce the
algorithm’s execution time.

9 Conclusion

In this paper, we propose a Fluctuation-Aware Power Auc-
tion Strategy (FLAPS), which aims to reduce power usage
overload. FLAPS identifies the previously unnoticed power
fluctuation and further emphasizes that it can be recognized
by the variance in jobs. Firstly, FLAPS enhances the LSTM
model by adding a feature selection layer. Second, FLAPS
employs a fluctuation-aware auction mechanism designed to
prioritize power-stable jobs. We have implemented FLAPS
and the experimental results show that, compared to the state-
of-the-art power management algorithms, FLAPS reduces the
power overload by 9%-10% on average while maintaining a
resource utilization rate difference of less than 2.8%.



Appendixes

In this Section, we model the issue of data center overload
and provide theoretical analysis that power fluctuations are
more likely to trigger these incidents.

Appendix A Problem Definition

We list the notations of major variables in Table 5. Define E
be the event of whether the data center is overload or not. E =
1 iff the data center is overload, otherwise E = 0. Define Q as
the event that the data center retains idle resources during the
execution of M, and allocates them to M. The problem is to
determine how to select job set M to minimize the probability
of event E occurring, given the occurrence of event Q, i.e.
min{Pr(E = 1|Q)}.
M

Appendix B Probability Calculation

We derive Pr(E = 1|Q) according to its definition, demon-
strated in Eq. 2, the explanation of the key steps is as fol-
lows. Pr(E = 1N Q) denotes that upon incorporating the
successfully auctioned tasks into the running job queue, the
actual resource usage of the data center surpasses the total
rated resource. Hence, Pr(E = 1 N Q) = Pr(Y > N). Since
we have supposed there exists idle resources in the data cen-
ter, and these idle resources are allocated to M, we can ob-
tain Pr(Q) = 1. Since the tasks execute independently within
containers [48], there is no correlation among their resource
usage. Hence, X, and Xj, can be treated as independent vari-
ables. According to the principle of independence, the joint
probability is the dot product of individual probabilities.

Pr(E = 1|0)

_P(E=1nQ) Pr(Y>=N) _
= y;VPr(Y =)

= Z Pr(X; = x1,---, X = xa) @

X1 geees X X1+ X5 2N

- Z Pr(X; = x1) - ... - Pr(Xp, = X3)

X1 seees X2 X1+ X5 =N

Appendix C Simplification of the Formula

According to Equ. 2, the computation of Pr(E = 1|Q) en-
tails calculating all Pr(X; = x;) where X; € MU M based
on jobs’ history records and the corresponding Pr(X; = x;)
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Table 5: Notations in the Problem Formulation

Notation | Description

m Variable, the running job.

m Variable, the auction job candidates.

M Set, consisting of all running jobs.

M Set, consisting of all jobs participated
in the auction.

X Discrete random variable, the resource
usage of job m over time.

X Discrete random variable, the resource
usage of job 71 over time.

N Constant, the total quantity of resource
in the data center.

Y Discrete random variable, the total re-
source usage of the data center over
time.

are multiplied and then accumulated according to different
combinations. The equation exhibits high time and space
complexities, rendering it inappropriate for implementation
within auction algorithms. Instead of direct computation, we
found that there exists an upper bound for the overloading

probability formula, as proven in Theorem 9.

Theorem. Suppose M = X, + ...+ X, and M =X, +...+X,,
then Y = M + M. E(M) and E(M) denote expected value of
M and M, o(M) and O'(M) denote standard deviation of M
and M. Then it follows:

o(M)? + o(M)>?

PE= O = N b - ey

Proof.
Pr(E = 1|Q)
=Pr(Y > N) =Pr(M + M > N)
=Pr(M +M —EM + M) >N — E(M + M))
<Pr(M+ M —EM + M) > N - E(M + M))
o(M + M)?
(N - EM + M))?
_ o(M)? + o (M)?
(N — E(M) - E(M))?

(According to Chebyshev’s inequality)

(3
The explanation for the final step in Equ.3 is as follows.
Since each task executes in an isolated container environ-
ment, the variables X, ..., X,, in M and Xj,...,Xs in M are
mutually independent. According to the linearity of expecta-
tion, E(Y) = E(M + M) = E(M) + E(M). As the variables
are uncorrelated, the covariance between variables is 0, then
a(Y): = (M + M)? = o(M)? + o«(M)*. 0
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Appendix D Analysis

When allocating the same idle resources to different sets of
jobs My and M,, then E(M,) = E(M,). We apply the Equ. 3
with the variable M; and M,, we can obtain that

o(M)? + o(M;)?

4
(N — E(M) - E(M/)) @

PrM,(E =1|Q) <

o(M)* + o (M)
(N — E(M) — E(M>))?

If ¢(M)* > o(M,)?, sup{Pry; (E = 1|Q)} > sup{Pry; (E =
1/Q)}. For different auction job set, if it has a smaller upper

Pry, (E = 1]Q) < 5)

bound, all possible probability values are lower, under which
relative safety can be assured. Hence, when distributing iden-
tical resources, a smaller standard deviation (or variance)
within the chosen set implies a relatively safer data center.
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