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ABSTRACT
Relational query processing is an ideal candidate for serverless computation with its stateless, idempotent, and shortlived properties. However, current serverless offerings for
query processing neither provide millisecond-based pricing
nor allow users to optimize the cost of their queries. To have
tradeoffs between the cost and performance of their queries,
users are limited to using traditional serverful approaches,
which we demonstrate to be 50% slower at approximately
the same cost as serverless approaches. We propose a model
that will allow service providers to dynamically provision
clusters to achieve their users’ desired time-cost tradeoffs.
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INTRODUCTION

Cloud computing achieved widespread adoption over the
past decade, which has freed users from the burden of maintaining their own clusters and allowed them to provision
their clusters on-demand. Similar to cloud computing, serverless computation has freed users from provisioning their own
clusters and allows them to achieve "web-scale" without a
thought for how to optimally provision their clusters. As
serverless computation gains momentum, service providers
are introducing new services that leverage serverless, such
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Figure 1: Spark execution graph for a sample TPC-DS
query. Clearly there is an opportunity for large performance gains and cost savings with elasticity.
as AWS Athena [1] and GCP BigQuery [3], which allow
users to query remote stores without provisioning their own
compute clusters.
Unlike other serverless offerings (e.g., AWS Lambda [2],
GCP Function [4]) that offer millisecond-based pricing, these
services are priced on the amount of data accessed by the
query, which is not optimal for the service provider or the
user. The only way for the user to reduce the amount of
data accessed is to approximate queries, which is not always
desirable. Furthermore, pricing based on the amount of data
accessed does not reflect the actual cost, which is the product
of the wall-clock time, the cost of the compute node used,
and the number of compute nodes used. Thus, the user pays
the same amount for running two select queries (e.g., SELECT
... FROM TABLE_1 and SELECT ... FROM TABLE_2) and
one join query (e.g., SELECT ... FROM TABLE_1, TABLE_2).
Our key observation is that a pricing scheme based on
wall-clock time will allow the service provider to have a
fairer pricing scheme. Additionally, this will allow users to
trade off run time for cost.
We propose a model based on Spark [12] that provides
the optimal time-dollar cost tradeoff to the user and show
preliminary results of a 50% run time reduction with only a
2% increase in cost from using serverless computation.
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METHODS

In order to determine the time-cost tradeoff of user’s queries,
we developed a model that takes the user’s queries and a

sample of their data and returns the time-cost tradeoff curve
to the user and the dynamic cluster provisioning sizes of the
query execution to the service provider.
Because Spark is not serverless, we build our model based
on a simulated version of Spark that always has access to
nodes ready to load remote data and execute tasks without
warming up the JVM and can have multiple Spark drivers
running simultaneously, following the standard of many
cloud service providers. We believe that these are reasonable
requirements for cloud service providers to meet.
With this, we build a model by simulating the query execution using the data gathered when running the user’s
query on sampled data. Without a detailed discussion on the
internals of Spark, the nodes in the Spark execution graph
in figure 1 represents a different stage. Each stage in a Spark
query can be executed independently given that its parents
have finished executing. From figure 1, stages 5, 7, . . ., 33
can be run in parallel, which Spark does but it is clear that
additional resources during the execution would improve performance. Additionally, each stage consists of multiple tasks
that can all be run independently and in parallel. The number
of tasks that can be run in parallel is limited by the number
of CPUs available in the Spark cluster. We assume that the
duration of task t (denoted td ) follows td ∼ Gamma(a, b),
where a and b are estimated using the data we collected on
the sample run. We model task runtimes as Gamma random
variables since the Gamma distribution is nonnegative and
exhibits long-tail behavior. Thus, this model can efficiently
simulate the execution of the Spark query on a cluster that
can dynamically change at any step of the execution.
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RESULTS

To demonstrate the performance gains achievable through
serverless computation, we run a Spark script that executes
common data science queries on the NASA HTTP server
data [5]. Although the regular NASA HTTP data is only 200
MB, we replicated it 25× to reach a size of 5 GB and stored it
in AWS S3. The executed the script on AWS EC2 m5.large (2
CPU and 4 GB RAM) instances with 2 to 64 nodes. Though
the cost of a m5.large node is $0.09 per hour, we use a cost
of $1 per second for ease of comprehension. To simulate the
overhead associated with a serverless Spark, we assume that
it takes 125 ms to set up a new driver to run tasks.
Demonstrating the effectiveness of the provisioned sized
of the cluster in figure 2, we found the cost of running the
script can vary anywhere from $4,800 to $2,661, with the
cheapest provisioned cluster (6 nodes) running the script in
443 seconds (cost $2,661) and the fastest provisioned cluster
(64 nodes) running the script in 75 seconds (cost $4,800).
Thus, the ideal provisioned cluster can lead to savings of 50%.
However, by exploiting dynamic scalablility of serverless

Figure 2: Time-Cost tradeoffs for serverful and serverless computation. Serverless clearly reduces the time
and cost of query execution.

computing, we find that for a budget of $2,750, we can reduce
the run time by 50% (381 seconds to 190 seconds) with only
a 2% increase in the cost ($2,670 to $2,734).
Despite the idealized setting, these results demonstrate the
promise of the performance gains of serverless computation.
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RELATED WORK

Other system query optimizers, like Cherrypick [6], Ernest [11],
and Elastisizer [9], attempt to determine the optimal provisioned cluster. These papers neither determine the execution
of the query at a task granularity nor take into consideration
that the cluster can change during the execution of a query.
From the systems-side, there has been explorations of
building systems for serverless computation. These either
explore the map-reduce paradigm within a serverless context [8, 10] or focus making the communication of serverless
computing more efficient [7].

5

FUTURE WORK AND CONCLUSION

In conclusion, we have shown that serverless offerings have
the potential to be 2× faster than serverful offerings at approximately the same price. We are also developing a model
that takes in an arbitrary query and sampled data to return
a time-cost tradeoff profile with corresponding cluster provisioning. This will provide users with an understanding of
how their queries will perform at various price points and
service providers with a dynamic cluster provisioning for
the user’s desired performance.
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