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ABSTRACT

The Amazon Web Services spot market sells excess computing
capacity at a reduced price and with reduced reliability guaran-
tees. The low cost nature of the spot market has led to widespread
adoption in industry and science. However, one of the challenges
with using the spot market is that it is intentionally opaque and
thus users have little understanding of the underlying dynamics.
In late 2017, the mechanisms underlying the spot market were sig-
nificantly altered—no longer are bid prices used to clear capacity
and as a result the pricing is much less volatile. In this paper, we
revisit prior work with the aim to analyze the differences in market
dynamics between the pre-change and post-change spot instance
market. We then use these analyses to highlight possible properties
of the current and previous pricing algorithms, including artificial
manipulation, dynamic algorithm adjustment, and persistent trends
in market supply, demand, and pricing.
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1 INTRODUCTION

Since its introduction in 2011, Amazon Web Services (AWS) has
sold unused Elastic Compute Cloud (EC2) capacity through a pre-
emptable spot market. The principles behind the spot market are
simple—rather than paying a fixed price for guaranteed availability,
users instead pay for compute instances at a price that is deter-
mined by the market, with the caveat that AWS may reclaim those
instances at any time, and with little warning. The result is that
compute instances may be obtained at a fraction of the price of
their on-demand alternatives.
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Prior to 2017, spot instance prices were determined solely by
market dynamics: that is, by the interplay between supply and
demand. Potential consumers would bid a maximum willingness
to pay, and the spot price was calculated as the maximum price
at which there were just enough bids to successfully clear the
market (consume all excess compute capacity). Compute instances
were then delivered at that price to any consumer who had bid
at or above that price. Likewise, terminations occurred when a
specific consumer’s bid price was exceeded by the present spot
price. Note that the market dynamics were also effected by the
constant variation in supply, due to on-demand provisioning, which
takes precedence over spot instance provisioning.

In late 2017, AWS overhauled the way spot instances are priced,
provisioned, and terminated, with the goals of decreasing price
variability, increasing spot instance durability, and regularizing the
market [2]. Their new (undisclosed) algorithm updates spot prices
over time based on long-term market pressures. Under the new
scheme, the user sets a maximum price for a desired instance type
in a specified availability zone. Depending on the arbitration of
AWS’s algorithm, a spot instance is then provisioned if the user’s
stated maximum exceeds the market price. AWS may then change
the market price over time, and users pay the current market price.
If the market price exceeds a user’s maximum price, the instance
will be terminated. AWS may also terminate instances at any time,
irrespective of the market price and user bids.

As a result of the 2017 change, the extensive prior work on spot
market dynamics [3, 13, 14, 22, 23] is no longer applicable. Thus
we undertake here a before-after analysis in which we compare
the volatility, price, and dynamics of the spot market in order to
determine the effects of the pricing change on the market and with
respect to users. We show that the new market is significantly more
stable with far fewer price events and longer times between price
events. We also show that the seasonal nature of the spot market
has changed with events more uniformly distributed throughout
the week. Finally, we show that the new system exhibits longer
price durations at the expense of providing extremely low prices
for short durations. The result of which is that the changes likely
benefit users with longer running tasks.

The remainder of this paper is structured as follows: Section 2
describes the data used for analysis. In Section 3, we explore changes
with respect to price event-level data and compare the availability
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and duration of spot prices before and after the pricing change. In
Section 4, we present our methodology to evaluate the practical
effects of the change and discuss what the results of this method
mean for spot instance users. In Section 5, we present related work,
and in Section 6 we summarize our contributions.

2 SPOT HISTORY DATA

We begin by presenting a summary of the spot history data that we
use for our analyses, and describe general statistics of those data.

AWS continuously makes available 90 days of historical spot
price data, broken down by operating system, region, availability
zone, and instance type. This data are event-level, meaning that a
price is only recorded when it changes. One benefit of this level of
granularity is that it allows us to examine the volatility of the spot
market through the lens of the pricing algorithm.

We have aggregated nearly three years of pricing history lead-
ing up to the pricing-scheme change and nearly one year of data
produced thereafter. In order to focus on the transition period and
to minimize irregularities due to the addition of new instance types
we restrict our analysis to the three months preceding the change
(Jul-Sep 2017), the three months during which the change occurs
(Oct-Dec 2017), and three months thereafter (Jan—-Mar 2018). At the
point of extraction and storage, data have not been altered. How-
ever, throughout our analyses, we undertake a number of feature
engineering exercises to facilitate analysis.

We first provide an overview of our data and summarize impor-
tant statistical qualities. Table 1 shows the number of price events
that correspond to a specific feature of the data. In total, we analyze
30.4 million price change events over the 9 month period of interest.

Geography: Our data set comprises four regions in the US: us-
east-1, us-east-2, us-west-1, and us-west-2. Each is further divided
into a number of availability zones denoted with a letter. In total,
this gives 14 distinct availability zones to which an instance can
belong, as shown in Table 1a.

Instance Types: AWS offers many different virtual machine
instance types, each with a certain resource capacity, and each
typically named by a one- or two-letter family, a generation, and
a size (amount of resources) [1], For example, m5.x1large is a m-
family (m), fifth-generation (5), extra-large (xlarge) instance type.
The family indicates the general class of application for which the
instance is intended; the generation is updated as new hardware
replaces old; and the size the number of cores, amount of memory,
etc. Our data capture 15 families (see Table 1b), six generations
(see Table 1c), and 11 sizes (see Table 1d) for a total of 102 unique
instance types during the nine-month period studied. AWS users
can also select different operating systems, but we consider only
Linux/UNIX instance types here as other operating systems are not
well represented in the data.

Price: All prices are captured in US$ charged per hour of avail-
ability. The empirical quantiles of price for the 9 months of data
across all instance types and geographies are (rounded to four deci-
mal places places) 0% (min) 0.0000, 25% 0.0938, 50% (median) 0.2103,
75% 0.4103, and 100% (max) 266.8800, with a mean of 0.5572 and
standard deviation 4.8471. The extent of detail here indicates that
AWS have extremely finely grained pricing models that operate to
the fraction of a US$ cent. The price of an instance also follows an

M. Baughman et al.

exponential distribution, which is to be expected—there are many
low prices, and a small number of high prices.

Time: All price events are date-time stamped and represented
in UTC to the nearest second. To facilitate data analysis, we also
added several features, notably the time between events, segmented
by the tuple [zone, type], and the price difference between events.
We also decomposed the date-stamp into its constituent parts (day,
hour, min, etc.)

3 SPOT MARKET ANALYSIS

We now present a before-after analysis of the spot market. We begin
by summarizing general statistics including the mean price and
variability, we then analyze the frequency of event changes, before
reviewing changes to market dynamics.

3.1 General Statistics

The primary change, both stated by AWS and evident in the spot
pricing, is the reduction of variability in the pricing data. Overall,
across our 841 instance type and availability zone combinations, the
average instance is 11.55% cheaper than it was before the change,
though the deltas vary wildly between instance types. While this
increase in mean price is significant, the reduction of spot price
variability represents a much much more noticeable change. Before
the change, the mean standard deviation was 87.9% of the mean
spot price; following the change, the mean standard deviation was
just 7.9% of the mean spot price. The most notable difference is
related to the duration of a given spot price: after the change, spot
price persisted, on average, more than 85x longer than they did
before the change. This increase is consistent with AWS’s claim
that spot pricing is more consistent and that the price is regularized
to fit more long term trends.

3.2 Event Frequency and Period

The number of price updates and thus price events drops dramati-
cally following the switch to the new policy, as shown in Figure 1.
The spike in late November suggests an amount of reorganization
at that time, perhaps as AWS further tuned its pricing algorithm.
Some regions have significantly more price updates than others.
This is true for both different instance types and families. Therefore,
the update to the AWS pricing mechanism appears to increase the
time to algorithmically “consider” a price change. Figure 2 illustrates
how the duration between events has changed over time. For ease
of presentation, time between events (which follows an exponential
distribution) has been log transformed. The distribution of intervals
shows that there are many small intervals and a small number of
extremely large intervals. The extent of these extreme outliers
(right tails of the distribution) can be seen in Figures 2a and 2b.
Also notable is that the frequency of events (y-axis) is much lower
in Figure 2c. Two-sample Kolmogorov-Smirnov tests are used to
check if the time between events follow similar distributions, i.e.
if price changes occur similarly before and after the change in
pricing mechanism. Table 2a indicates that the time between events
has changed significantly. However, it is worth noting that based
on the size of our data, even subtle changes would be considered
significant. Instead, we note that Jan-Mar 18 is further away, i.e.,
more different to Jul-Sep 17 and Oct-Dec 17 than they are from



Deconstructing the 2017 Changes to AWS Spot Market Pricing ScienceCloud’19, June 25, 2019, Phoenix, AZ, USA

Table 1: Features of the dataset used in this study, in numbers of price events.

(a) Price events by zone (b) Price events by instance family (c) Price events by generation (d) Price events by instance size
Zone No. of events || Grouping Family | No. of events || Generation | No. of events Size No. of events
us-east-la 1295339 General m 6602502 1 1085330 micro 66746
us-east-1b 4097936 || purpose t 92211 le 14999 small 75431
us-east-1c 3087629 c 8544 268 2 5358067 medium 408016
us-east-1d 2860662 || Compute- cc 215020 3 11282104 large 1679234
us-east-le 1886269 || optimised cg 124 4 12394791 xlarge 5113461
us-east-1f 489 835 cr 48693 5 306 920 2xlarge 8108718
us-east-2a 1822934 || Memory- r 8143617 4xlarge 6888 600
us-east-2b 1021140 optimised X 221736 8xlarge 6061439
us-east-2¢ 910951 d 617 218 10xlarge 674428
us-west-1a 1926182 || Storage- h 8999 loxlarge 1238291
us-west-1b 1609008 || optimised hi 20967 32xlarge 56 567
us-west-2a 3090387 i 2439870
us-west-2b 3302754 || Accelerated f 215898
us-west-2c 3041185 computing g 1996 965
P 1274123
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Figure 1: Number of events per day for each region between July 2017 and April 2018 (with Jan-Mar 2018 zoomed in).
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Figure 2: Distribution of time between events for each three month period. Here a log transformation is used to spread the
frequency distribution of time intervals more uniformly, aiding both visualisation and data interpretation.

each other, as indicated by a higher D statistic. This is corroborated The reduction in the number of events prompts the inspection
in Figure 2. of the effect on price itself. Figure 3 depicts the average daily price
(across all instance types, generations, sizes and regions). Here,
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Table 2: Kolmogorov-Smirnov tests. D is the estimated maximum distance between the two distributions under analysis. Con-
sidering a level of significance o = 0.01, we reject the null hypothesis of equivalence of the two distributions in all cases.

(a) Kolmogorov-Smirnov tests inspecting the time between events.

D p-value
Jul-Sep 17 / Oct-Dec 17 | 0.03060 | < 0.001
Jul-Sep 17 / Jan-Mar 18 | 0.60879 | < 0.001
Oct-Dec 17 / Jan-Mar 18 | 0.62835 | < 0.001

(b) Kolmogorov-Smirnov tests inspecting the change in price between events.

D p-value
Jul-Sep 17 / Oct-Dec 17 | 0.03160 | < 0.001
Jul-Sep 17 / Jan-Mar 18 | 0.26168 | < 0.001
Oct-Dec 17 / Jan—Mar 18 | 0.24311 | < 0.001
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Figure 3: Average daily price by family, in US$, between July 2017 and March 2018.

however, we need to be cautious in the presentation of the data.
The price signal has, in general, a high variance, and significant
outliers (as already seen) that have high leverage over measures
like the mean (plotting the median, however, does not look fun-
damentally different). We cannot show error bars indicating one
standard deviation around the mean as they make Figure 3 un-
readable. Similar to the number of events, the mean of the more
expensive families has reduced and there is less variance with time.
This is to be expected as newer instance families will reduce in
price over time.

Similar to the time between events, we see significant differences
in the change of price captured by events, see Table 2b, with the
same remarks with respect to statistical power, and the difference
in distance between the distributions (denoted by the D statistic),
i.e. the Jan—Mar 2019 distribution is further away (more different).

In summary, the change in pricing mechanism reduced the num-
ber of events (Figure 1), increased the time between events (Table 2a
and Figure 2), and reduced the degree of price change between
events (Table 2b and Table 3). Table 3 also includes statistics after
removing occurrences of the artificial spot price cap set by AWS
(10x the on-demand price) as these prices may represent situations
in which AWS has potentially artificially raised the spot price to
terminate running spot instances [10]. In doing so, we eliminate the
influence of extreme values and observe reduced overall variation,
but still much greater variation than the new pricing model.

We also note that the average change in price represented by an
event is negative, which would suggest a general reduction of price
over time. Yet more notable are the extremes of price change. The in-
crease in time between events seems to afford AWS the opportunity

to be algorithmically less variable with respect to changes in in-
stance costs. This is seen in the reduction in the standard deviation
of changes to price between events. As such, it appears that price
adjustments now occur less often, are smaller, and have lower vari-
ance. These changes indicate a benefit to users requiring instances
for prolonged periods of time (reduced variance and increased price
durations means more predictable costs), while detrimentally af-
fecting users that opportunistically seek short-term use of cheap
instances.

3.3 Event Occurrence

Having observed a change in the number of events, a change in
time between events (it increases), and the price difference between
events, we can also observe that events occur following different
patterns. Figure 4 presents a heat map that corresponds to the
frequency of events with respect to the time of day and day of week
that events occur. It is evident that there has been a change in the
weekly pattern of events. From Jul-Dec 2017 (Figures 4a, 4b) there
is a clear seasonality in the event distribution: fewer events occur
at weekends, and there is a slight tendency for more events at later
hours. Note that UTC is 4 to 8 hours ahead of US time zones.

We observe that in Figure 4c (Jan-Mar 2018) this pattern dis-
appears completely. Aside from a general reduction in events, the
distribution of events over the 24 hour period, as well as over the
week, appear more normalized. Some of the weekly pattern remains:
Sunday appears to have slightly fewer events, and around 10pm
UTC midweek also experiences slightly more events.

Figure 5 shows a heatmap of event frequency per day of the
week based on the minute of the hour. Here, for readability we have
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Table 3: Quantiles, means, and standard deviations of price differences between events, all in US$.

0% (min) 25% 50% (median) | 75% | 100% (max) | mean stdev
Jul-Sep 17 | -255.35 | -0.0002 0.0001 0.0002 255.1 -0.0000 | 7.936363
Oct-Dec 17 | -262.671 | -0.0002 0.0000 0.0002 263.2583 -0.0004 3.2520
Jan-Mar 18 | -5.0264 | -0.0001 0.0000 0.0001 2.8491 -0.0002 0.0310
Jul-Sep 17 (price caps dropped) | -71.7526 | -0.0003 0.0001 0.0004 72.2574 0.0000 | 0.2622
Oct-Dec 17 (price caps dropped) | -70.1337 | -0.0003 0.0001 0.0004 72.1944 0.0000 0.3003
Jan-Mar 18 (price caps dropped) | -5.0264 | -0.0001 0.0000 0.0001 2.8491 -0.0002 | 0.0310
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Figure 4: Frequency of event occurrences per time of day by day of week.
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Figure 5: Frequency of event occurrences per timeslot (minute of hour) by day of week.

(55,601
(50,5511
(45,5011
(40,45

5 (35,4011
3 (30,35] 1
£ (25,3011
S (20,25]
(15,201
(10,15]
(5,101
[0.5]4

percent
30

o

10

L e S s s s B S S S S S
27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 1

L e
2 3 4 5 6 7 8 9 10 11 12 13

weekNo

Figure 6: Frequency of event occurrences per calendar week by minute of hour.

binned (discretized) minute into five-minute portions. The figure
shows a shift in when events occur. Initially, the majority of events
occur at the start of the hour in Jul-Dec 2017 (Figures 5a, 5b), which
aligns well with AWS’s per-hour billing. The week seasonality is
also visible here too. Post change, in Figure 5¢ (Jan-Mar 2018), the
seasonal effect disappears and the majority of events now occur at
the half hour.

We need to be a little cautious with the exact interpretation of the
heat maps as we are comparing different frequency ranges: there are
significantly more events per day in Jul-Dec 2017 than Jan-March
2018. To provide a little context and assist in the interpretation
of these figures, Figure 6 presents the frequency of events as a
normalized weekly percentage, i.e. each column sums to 100% and
each cell represents the percentage of events that occurred in that
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5 minute interval for the corresponding week. What we see is that
while more events occurred at the start of the hour as a proportion
of the total weekly events this is less pronounced. Interesting is
that Figure 6 clearly delineates exactly when AWS rolled out the
new pricing mechanism in US regions. We also note that the effect
of Figure 5c is also visible in Figure 6 but is less pronounced.

3.4 Changes in Market Dynamics

Having explored the changes in event occurrences we now explore
how the spot market changes have affected market dynamics.

3.4.1 Spot Prices Over Time. In general, the spot market before the
change was highly variable, often exhibiting a high frequency of
large price changes. However, the new system seems to have some
small sporadic changes but these are much less pronounced and
not clearly discernible at the resolution shown in Figure 3.

3.4.2  Availability of Spot Instances. Figure 7 shows the availability
of the r3.4xlarge instance type across regions and availability
zones as the price increases. (Distributions for other instance types
exhibit similar trends.) We observe two features that are particularly
interesting. The first, which is readily observed in Figure 7 and well
expected given AWS’s own statements, is the definite upper limits
of availability in the new data (which has not been cropped at all).
Additionally, the relative linearity seems to indicate the artificial
setting of spot prices, as well as defined upper and lower bounds.
The second, which appears both before and after the change, is
the appearance of multiple discernible inflection points along the
availability curve. This could show one of two things: 1) AWS has
imposed pressure on pricing or hard upper and lower price bounds
for both the old and new pricing schemes, or 2) bids are generally
made near round pricing figures, so this would indicate the new
spot pricing is still influenced by bid pricing (indirectly by way of
demand at a given price).
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Figure 7: Cumulative availability of the r3.4xlarge instance
type vs. bid price for both the old and new pricing schemes.

3.4.3 Spot Price Duration. Figure 8 shows the cumulative price
duration—the time that a bid price remains above the spot price.
The primary observation is the orders-of-magnitude difference
between price duration under the old versus new pricing schemes.
However, more interesting is the prevalence of “stair-stepping” that
we observe where the duration jumps at given points, while still
growing in between. This possibly indicates that AWS adjusts (both
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before and after the scheme change) the spot price both at regular
intervals and when demand exceeds a certain threshold. We can
also identify that, at least this specific instance type, us-east-1f
has a cumulative duration curve nearly identical both pre- and post-
change. Finally, we see a more logistic shape in the data, whereas
the new data (at least for shorter durations) exhibits much more
linear or even exponential behavior.
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Figure 8: Cumulative duration of the r3.4xlarge instance
type for both the old and new pricing schemes.

4 PRACTICAL IMPLICATIONS OF CHANGES

We next investigate the implications of the spot pricing change
for end users. To this end, we use historical spot pricing data to
simulate bidding scenarios, and investigate the outcomes of those
scenarios under the old and new pricing schemes.

4.1 Methodology

For each availability zone-instance type combination, we calcu-
lated the expected cost of an arbitrary workload that would take
X seconds to run on that specific instance type. To do this, we
measured, for each possible bid price, the distribution of durations
given that specific max bid. If all occurrences of that given max bid
are durable for longer than the simulated workload duration, the
expected cost is simply the duration-weighted mean spot price for
the simulated duration of the workload. If no durations possess the
necessary durability (i.e., if the spot instance does not stay under
the simulated max bid price for the entire duration of the workload
at any point in the time series), then we record this as a “did not
finish," automatically forcing a higher maximum bid and, therefore,
higher expected cost.

In most cases, we obtain duration distributions where the sim-
ulated workload would finish sometimes but not every time. For
example, if we consider a bid of $0.20 and a simulated 6-hour work-
load. We observe that half of our sampled durations last for more
than six hours and half for less than six hours (i.e., somewhere in
those six hours the spot price exceeds the bid price). In this case
we calculate the expected cost as two times the duration-weighted
mean of the time-series within those windows. This is because, on
average, if we have a 50-50 chance of instance durability, then we
will have to run the workload an equivalent of two full times in
order to achieve completion without a preemption.

Using these expected costs, we can then compare the incurred
costs of different workload durations on different instance types
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between on-demand and spot instances under both the old and new
pricing schemes. When simulating on-demand instances, the cost
is simply the duration multiplied by the cost per time unit.

4.2 Assumptions

While we believe that this analysis provides necessary and accu-
rate insights into the dynamics and cost effectiveness of spot in-
stances and spot pricing methodologies, we do rely on three obvious,
though largely unavoidable assumptions in these calculations. The
first is that we use the same provisioning and termination algorithm
for the post-change simulation as the pre-change simulation. While
we know for a fact that the pricing algorithm has changed, the new
method used by AWS is not public and, therefore, we could not
easily recreate it for our own purposes. However, we do know that
the new pricing is based on “long-term pressures" which indicate
some consideration of the relative values of supply and demand,
and as such may still roughly approximate the old behavior though
on a much more long-term and artificially smoothed scale. The
second assumption we use is that these simulated workloads of ar-
bitrary duration are not checkpointed, though one could view these
simulations as the minimum required time between checkpoints
rather than a workload as a whole. The third and final assumption
we make is the independence of pricing and market pressures with
respect to our own simulated workloads. In other words, we do
not factor in the effect, albeit small, that our provisioning of a new
instance would have on the overall market supply and demand.

4.3 Results

Using this simulation framework, we can evaluate the cost effec-
tiveness of spot instances under new and old pricing. Further, we
can use this expected cost information to highlight cases where
one pricing scheme may be more beneficial to certain use cases.

First, when comparing spot instance cost effectiveness with on-
demand usage, we see that, on average, the old pricing system
allowed spot instances to be more cost-effective than on-demand
instances for any workload shorter than about 340 hours, or roughly
two weeks. However, there were availability zone-instance type
combinations that would become more expensive if they had to
avoid preemption for even as little as half an hour. Looking at
the new pricing scheme, we observe that in all combinations, spot
instances are cheaper than on-demand instances for at least one
month, and in many cases indefinitely. (This is simply due to the fact
that the new time-stabilized spot prices effectively never exceed the
on-demand price. However, this is where our assumption of the old
termination algorithm begins to fail as this shows that user-facing
pricing is insufficient to predict terminations. Otherwise, in such a
case where a max bid of the on-demand price would never be met,
all rational users would use the spot instances instead.)

Next, comparing the expected costs of the pricing systems to
each other, we see a benefit on the side of the new pricing scheme
in that, for workloads of uniformly distributed durations up to one
month, it is generally much cheaper than under the old pricing
system. However, the generality begins to break down when we
look at the lower end of the workload duration as, for durations
under an hour, the old pricing system is more cost-effective due to
the presence of lower “dips” in pricing, albeit for short durations.
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Therefore, we can see that the end-user cost-effectiveness with
respect to on-demand pricing has generally increased but, for users
interested in securing spot instances for only a short time, the costs
have increased as there are no longer the pricing “valleys" that we
used to see within the spot market (though, conversely, there are
also no pricing “peaks").

4.4 Suitability for Scientific Computing

The spot market presents opportunities for acquiring low-cost re-
sources to meet the sporadic and non-deadline-constrained needs
of scientific applications. We have previously investigated the use
of spot resources to cost-effectively [7] and reliably [22] provision
computing resources for various scientific applications, including
medical imaging [9], genomics [16], and workflows [4]. Here we
discuss the implications of the market changes for such workloads.
We showed above that the new pricing algorithm generally in-
creases spot instance prices, while decreasing price variance. While
these changes may make short-duration tasks more expensive (e.g.,
those that can be completed within a pricing valley), for longer
running jobs the new market dynamics may benefit scientific com-
puting. Most notably, in previous work we showed that naive use
of the spot market may result in significant costs for scientific com-
puting, upwards of an order of magnitude more than when using
on-demand instances [8]. This increase was primarily as a result
of pricing “peaks” and an inability to adapt accordingly. The re-
duction in price variance alleviates these concerns and ultimately
reduces the associated risk of using the spot market. Furthermore,
more stable prices reduce the need for elaborate provisioning tools
designed to dynamically select suitable, yet low-cost instances and
to exchange risk with reliability via bidding strategies.
Conversely, the fact that termination decisions are no longer
associated with bid price creates new challenges. Without under-
standing termination dynamics, it is difficult for users to predict
total cost when using spot instances or to have any certainty re-
garding instance durability. Under the old model, researchers could
trade off risk (potential total cost) against durability by bidding well
above the market price. Such strategies are no longer applicable.

5 RELATED WORK

In order to devise strategies how to interact with the spot market,
a thorough understanding of the market dynamics and potential
drivers is necessary, which has led to research into potential drivers
of the observed spot prices. Prior to the change in pricing and
termination policy it was often believed that the spot market prices
were mostly demand-driven. However, researchers were able to
show that market demand does not account for the entirety of
price changes that can be observed, and that observed prices were
driven by (hidden) externalities [3, 23]. While a purely demand-
driven model was not empirically observable, the introduction of
the new pricing policy moves spot market pricing even further
away from demand-driven fluctuations. While the change to the
spot market is relatively recent, there are already some published
studies describing the effects of the new model. Like our study,
researchers have applied various statistical measures and equality
indices to analyze the spot market. These studies confirm that the
frequency of price changes as well as previously observed spikes
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in prices have decrease, and adjustments to the spot prices have
become more smooth after the policy change [5]. Interesting, others
have shown that while the average spot price has decreased, the
real cost has increased as artificial peaks included before the change
were likely not market driven [10].

With the frequent price changes prior to the policy change, the
design and analysis of bidding strategies and frameworks that help
users interact with the spot market has been another common re-
search topic. Due to potential termination of spot instances when
the bidding price falls below the current spot market price, both
price estimation and availability estimations were crucial criteria.
Examples of bidding strategies and frameworks that have been
explired include minimum bid estimations under price and avail-
ability constraints [15], revenue maximization models [23], bidding
strategies taking into account if jobs can be interrupted [24], and
integration of fault-tolerance policies [21]. In addition, to account
for uncertainty in the availability and runtime of spot instances,
we have previously proposed a method to provide probabilistic
guarantees of execution duration [22].

An important aspect of bidding strategies is the forecasting of
the expected spot price in the future, and various approaches have
been explored in the context of spot prices. Forecasting methods
include parametric models maximizing price expectations [13, 14],
cost minimization models using Constrained Markov Decision Pro-
cesses [11, 19], and prediction models that account for additional
aspects such as application migration and potential service down-
time [12, 18]. Recently, the use of neural networks for price forecasts
in spot markets has shown promise [6].

6 SUMMARY

We have seen through our analyses that there are substantial changes
in terms of the frequency of price events, the time between events,
the price change represented by an event, and the price distribution
(in terms of mean and variance) between the old and new pricing
schemes. There is also some evidence that price events now take
place in different parts of the hourly billing cycle, previously at the
start of the hour, and now around the half hour point. Seasonal
effects (in terms of the day of the week) have changed, previously
there were fewer price events at weekends, and outside business
hours. Now this seems to have been normalized across the week, yet
still with some amount of reduced activity at weekends. We have
also identified qualities of the pricing data that seem to indicate that
AWS readjusted the algorithm (or has set it to automatically read-
just) during the transition. We have also found that the new system
offers significantly increased duration (thereby benefiting users
with longer running tasks) at the expense of providing extremely
low prices for short durations.

In future work, we will continue to collect data regarding spot in-
stance terminations so as to explore how the new market algorithms
affect termination behavior. We also will inspect the effects of the
change in pricing mechanism on the ability to forecast the AWS
spot price, which will be of interest to users seeking to estimate
costs for specific applications.
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