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Abstract - Cloud Business Intelligence (BI) systems
increasingly require processing ever-growing datasets with
agility and minimal operational overhead. Serverless
computing — epitomized by services like AWS Lambda — has
emerged as a promising architecture for scalable data
analytics workflows. This paper explores how serverless
architectures can be leveraged to build scalable, cost-
efficient, and agile data analytics pipelines on the AWS
cloud, integrating theoretical underpinnings with industry
case studies and performance comparisons. We discuss the
paradigm shift from traditional cluster-based ETL and data
warehousing to Function-as-a-Service (FaaS) and fully-
managed services, highlighting benefits such as automatic
scaling, fine-grained billing, and reduced DevOps burden. At
the same time, we address challenges including cold-start
latency, statelessness, data shuffling overhead, and
orchestration complexity, along with recent research
advances aimed at mitigating these issues. We present a
reference serverless Bl architecture on AWS (utilizing
services like AWS Lambda, Glue, S3, Athena, and
QuickSight) and an event-driven analytics pipeline design,
complete with system diagrams. Through deep analysis of
academic studies and practical benchmarks, we show that
serverless analytics workflows can achieve high scalability
and throughput (e.g., processing hundreds of millions of
records in minutes) with significantly lower operational
complexity and cost — often 4-10x cheaper than equivalent
always-on clusters. We also review performance evaluations
demonstrating that, with careful design, serverless pipelines
can handle large payloads (100+ MB events) with consistent
execution times. In conclusion, serverless architectures
represent a compelling next step for cloud BI, offering a path
to self-service, on-demand analytics at scale, while ongoing
innovations (e.g., optimized data orchestration and hybrid
runtime models) continue to expand their applicability for
larger, stateful, and latency-sensitive workloads.
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1. Introduction

Modern enterprises are increasingly data-driven, relying
on complex Bl workflows to ingest, transform, and analyze
data for insights. These workflows must scale to ever-larger
data volumes and support near real-time analytics, all while
remaining cost-effective and easy to maintain. Traditionally,
such requirements were met with static big data clusters or
managed Spark/Hadoop platforms, which often involved
significant upfront provisioning, capacity planning, and
infrastructure management. In recent years, however,
serverless computing has gained traction as a cloud paradigm

that abstracts infrastructure management away from
developers. In serverless (Function-as-a-Service)
environments, cloud providers dynamically allocate

resources and automatically scale the execution of functions
in response to events, with fine-grained billing (often to the
millisecond) only for actual execution time. Major cloud
vendors introduced serverless platforms (AWS Lambda,
Google Cloud Functions, Azure Functions, etc.) around mid-
2010s, and these have quickly grown in adoption for web
services, 10T backends, and more.

One domain that stands to benefit greatly from
serverless is data analytics and Bl. The ability to scale out
compute on-demand without managing clusters aligns well
with the bursty, large-scale nature of analytics workloads.
For example, AWS Lambda and similar services enable
“pay-per-use” processing of data in parallel, potentially
leveraging thousands of short-lived functions to perform
distributed computations. This approach can yield high
elasticity and throughput for tasks like ETL (Extract-
Transform-Load), querying large datasets, and model
evaluation, while eliminating the need to keep idle nodes
running during low load periods. Indeed, serverless cloud
platforms have already been used to implement Query-as-a-
Service (QaaS) systems, allowing users to run SQL analytics
or machine learning queries on-demand with the platform
handling scaling transparently.

However, applying serverless architectures to data-
intensive analytics is not without challenges. Prior
deployments and research have identified issues such as data
shuffle bottlenecks, where distributing intermediate results
via external storage (e.g., S3 or cloud databases) can
introduce latency and network overhead. Limitations on
function runtime (e.g. 15 minutes on AWS Lambda) and
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memory can complicate processing of very large datasets or
stateful workloads. Debugging and monitoring distributed
serverless jobs can be more complex due to the ephemeral
and stateless nature of functions. Despite these challenges, a
growing body of work — both in academia and industry — has
demonstrated strategies to build efficient serverless analytics
systems. Examples include frameworks that coordinate large
numbers of Lambda functions for tasks like sorting, ETL,
and database queries, as well as cloud providers introducing
new managed services (AWS Glue, Amazon Athena, etc.)
that bring serverless principles to data engineering.

In this paper, we provide a comprehensive exploration
of serverless architectures for scalable data analytics
workflows in cloud BI, with a focus on AWS as the
representative  platform. We will cover theoretical
foundations of serverless and how they relate to big data
processing, present reference architectures (with diagrams)
for implementing end-to-end Bl pipelines using serverless
components on AWS, and review case studies from literature
and practice. These include academic evaluations of systems
like PyWren, Pocket, Lambada, Starling, and recent systems
(e.g., Ditto) that address performance issues in serverless
analytics, as well as industry examples using services like
AWS Glue. We compare the performance and cost of
serverless approaches to traditional cluster-based approaches,
highlighting scenarios where serverless excels (e.g. high
variability or spiky workloads) and discussing current
limitations where a hybrid or alternate approach may be
warranted. Finally, we discuss best practices and future
directions, such as improved orchestration, state
management, and emerging “serverless data warehouse”
offerings, that are poised to make serverless Bl systems even
more capable.

In summary, our aim is to show how serverless
architectures can empower cloud Bl systems to scale
seamlessly and economically, by leveraging the fine-grained
elasticity of cloud functions and fully-managed services. By
unifying  insights  from  research and real-world
implementations, we hope to guide data engineers and
architects in evaluating serverless paradigms for their
analytics workflows and in understanding the trade-offs
involved.

2. Background and Motivation

2.1. Serverless Computing for Data Analytics

Serverless computing refers to a cloud execution model in
which the cloud provider dynamically manages the
allocation of machine resources, and the user is only charged
for the actual time their code runs. The most common form is
Function-as-a-Service, where wusers deploy individual
functions (small pieces of code) that are invoked by events
and scale out transparently. In the context of data analytics,
serverless offers several attractive characteristics:

e No infrastructure management: Developers do not
need to provision or manage servers, clusters, or
scaling policies. The platform handles scheduling
and scaling of functions across the available
infrastructure. This eliminates the operational

overhead of maintaining big data clusters (no need
to worry about node failures, software updates,
autoscaling groups, etc.), allowing teams to focus
on data transformation logic and analysis queries
rather than on DevOps tasks.

e Automatic scaling and parallelism: Serverless
functions can scale from zero to thousands of
concurrent executions in response to load. For data
analytics workflows, this means a burst of incoming
data or a heavy query can trigger a large fan-out of
parallel processing tasks without advanced
planning. For example, AWS Lambda and similar
services are designed to handle massive parallelism
for embarrassingly parallel tasks. End users benefit
from virtually “infinite” horizontal scaling on
demand, which is ideal for processing large datasets
by splitting work into many independent chunks.

e Fine-grained cost model: With serverless, you pay
only for what you use. Functions are billed per
execution  duration  (with  granular  time
measurements, e.g. 1 ms on AWS) and
memory/CPU allocated. If no analytics jobs are
running, costs drop to zero (aside from minimal
storage costs). This pay-per-use model is a sharp
contrast to running a 24/7 cluster where you pay for
allocated nodes regardless of utilization. For
intermittent or bursty analytics workloads, this can
yield significant cost savings. In fact, properly
designed serverless analytics solutions have been
reported to cost an order of magnitude less than
always-on clusters for the same tasks. This makes
experimentation and scaling more accessible, as one
can process terabytes of data on-demand while
paying only for the time spent on actual
computation.

e Rapid provisioning and agility: Deploying or
updating serverless functions is typically fast and
does not involve lengthy provisioning. This enables
agile development and iterative experimentation for
Bl teams. New data pipelines can be spun up
quickly, and scaling up capacity for a critical report
or data science experiment is as simple as invoking
more functions, rather than acquiring new servers.
This agility is crucial as businesses require faster
turn-around on analytics and the ability to
incorporate new data sources quickly.

These advantages align well with the needs of modern
Bl systems, where fast time-to-insight and flexibility are
paramount. Business analysts and data scientists prefer self-
service data access without waiting for engineering to set up
infrastructure. Serverless services (such as AWS Glue for
ETL, Athena for querying data in S3, etc.) aim to provide
frictionless, self-service pipelines for these users. A
serverless data architecture allows organizations to ingest
and analyze data across diverse sources (batch files, streams,
databases) in a unified “lake” without upfront infrastructure
negotiation for each new source.
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That said, the data analytics domain has specific
demands that influence how serverless is applied. Workloads
often involve large data movement (e.g., shuffling data
between tasks, reading/writing multi-GB datasets), which
can be a weakness for serverless if each function must fetch
data from a remote store (like S3) or pass results via
intermediate storage. Additionally, analytics computations
(such as joins, aggregations, machine learning model
training) may require coordination between functions or
maintaining state across steps, which conflicts with the
stateless, independent function model. Traditional distributed
data processing engines (MapReduce, Spark, etc.) have
optimized mechanisms for data locality and in-memory
computing, whereas naive serverless implementations might
re-read data from cold storage repeatedly, incurring latency.

Trade-off with Traditional Architectures: It is instructive
to compare the serverless approach with the classical model
of using dedicated clusters (or managed services like
Amazon EMR or Redshift) for Bl. Table 1 qualitatively
contrasts traditional vs. serverless ETL/analytics solutions:

e Resource Provisioning: Traditional clusters must be
provisioned for peak load and kept running, often
leading to over-provisioning or idle capacity. In
serverless, resources are allocated on-demand per
request, improving utilization. For example, a
Hadoop/Spark cluster node is billed 24/7, while
Lambda functions incur cost only when active.

e Scalability & Elasticity: Scaling a cluster usually
involves adding nodes and possibly rebalancing
data, which requires planning and time. Serverless
scaling is near-instant and automatic — functions
simply spawn as needed up to concurrency limits.
Vertical scaling (more memory/CPU per task) is
also easier by just requesting more memory for a
function (which on AWS proportionally increases
CPU). This enables ‘“zero to infinity” scaling
behavior where an analytics pipeline can handle
from no load to massive load without manual
intervention.

e Maintenance: Traditional big data infrastructure
demands maintenance (e.g., OS and software
updates, cluster tuning, monitoring by ops teams).
Serverless offloads this to the provider — AWS
manages the underlying fleet running Lambda or
Glue, so users don’t perform infrastructure upkeep.
This can reduce the operational burden on BI IT
staff and allow smaller teams to manage large-scale
pipelines.

e Cost Model: As mentioned, traditional clusters
incur a fixed cost regardless of usage, whereas
serverless costs scale with usage. Idle time is costly
in the former, whereas in serverless idle time is
almost free (though there can be minimal baseline
costs like storage or periodic polling). Over the long
term, serverless can be highly cost-effective, but for
sustained 24/7 heavy workloads, the cost difference
should be evaluated — at extreme high utilization, a
reserved cluster may amortize costs better, whereas
serverless shines for spiky or unpredictable loads.

e Latency and Throughput: Traditional systems can
be optimized for throughput with techniques like
data locality (moving compute to data) and long-
running processes that amortize startup overhead.
Serverless functions have cold start delays
(typically 50-300 ms, more for some languages)
when a new instance is invoked, which can add
latency, especially for many small sequential tasks.
They also rely on external storage for sharing data
(since functions don’t share memory), which can
hurt throughput for data-intensive workloads if not
designed carefully. These factors mean that out-of-
the-box serverless might underperform a tuned
Spark cluster for very large, iterative jobs.
Nonetheless, parallelism can often overcome some
latency: e.g., running 1000 Lambdas in parallel for
a embarrassingly parallel job could finish faster
(wall-clock) than a 10-node cluster, provided data
transfer is handled efficiently. Newer enhancements
like AWS Lambda’s SnapStart and Provisioned
Concurrency can mitigate cold starts by keeping
function instances warm, and custom solutions exist
to reduce data transfer overhead (discussed later).

o  Workflow Complexity: A typical Bl data pipeline
involves multiple steps (ingest -> stage -> transform
-> load -> query -> visualize). In a serverless
paradigm, these steps often need to be orchestrated
via events or a workflow engine, since each step
might be a separate function or managed service.
AWS Step Functions can coordinate multi-step
serverless workflows with features for error
handling and retries. This is somewhat analogous to
workflow managers (e.g., Apache Airflow) used in
traditional pipelines. The difference is that in
serverless, each step is itself serverless (Glue job,
Lambda, etc.), whereas in a traditional pipeline,
steps might be jobs on a persistent cluster.
Orchestration and inter-function communication
thus become a design consideration (we might
introduce queues, notifications, or state machines).
The event-driven nature of serverless pipelines can
be more complex to design initially, but yields a
highly decoupled and scalable system once in place.

Despite these differences, the momentum is clearly
towards more serverless and managed services in analytics.
Cloud providers have been expanding their portfolio of
serverless data services: for example, AWS introduced
Amazon Athena (serverless SQL query engine on S3 data)
and AWS Glue (serverless ETL based on Apache Spark) to
cater to analytics use cases. These services abstract away the
cluster but internally may run on ephemeral clusters that
auto-scale. Similarly, Amazon Redshift Serverless was
launched to let users run data warehouse queries without
managing warehouse nodes — it automatically provisions
capacity and scales down to zero when not in use. This trend
indicates a convergence where even traditionally long-
running analytics platforms are adopting serverless-like
operational models.
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The motivation for using serverless in cloud Bl systems
can thus be summarized as: enabling greater scalability and
agility in data processing, empowering smaller teams or even
analysts themselves to build pipelines, and potentially
lowering costs through a usage-based model. Especially for
organizations dealing with bursty workloads — e.g., a nightly
batch job or a weekly report that processes terabytes of logs
— serverless can handle the peak by provisioning thousands
of concurrent tasks, yet cost very little during off-peak times.
It effectively turns the fixed cost of infrastructure into a
variable cost tied to business activity, which is attractive for
ROI of data initiatives.

2.2. Cloud BI Pipeline Architecture Overview

Before diving into specific architectures, it’s useful to outline
what a cloud Bl data pipeline typically entails. In a data lake-
centric approach, we usually see a layered architecture
comprising:

1.

Ingestion Layer: acquiring data from various
sources (could be streaming data from event
streams, batched file uploads, database snhapshots,
third-party SaaS APIs, etc.) and landing it into a
central storage. This may involve tools to capture
change data capture (CDC) from databases or to
stream events. In AWS, for example, services like
AWS DMS (Database Migration Service) can
continuously replicate database records to Amazon
S3 (object storage), and Amazon Kinesis Data
Firehose can ingest streaming logs or 10T data into
S3 in near real-time. These services themselves are
managed (DMS uses replication instances, Firehose
is fully serverless for ingestion).

Storage Layer: a scalable data lake store, often
Amazon S3 on AWS, which holds raw and
processed data. S3 is virtually infinitely scalable
and cost-efficient for large data volumes. Data is
often organized into zones (raw, cleaned, curated)
as it flows through processing steps. The raw zone
contains data exactly as ingested (possibly with just
minimal organization by date/source). The curated
zone contains transformed, structured data ready for
querying (e.g., partitioned Parquet files). Using S3
as the central store allows decoupling storage from
compute — multiple analytics tools can read/write
the same data without it being locked in a single
database. S3 also has the advantage of direct
integration with serverless triggers: for instance, S3
can publish an event when a new object is created,
which can directly trigger an AWS Lambda
function to process that object.

Catalog and Metadata Layer: As data accumulates
in the lake, especially in semi-structured files, a
catalog is needed to keep track of datasets, their
schema, and partitions. AWS Glue Data Catalog or
AWS Lake Formation provide this service by
storing table definitions for data in S3 and allowing
it to be queried as if it were in a database. Glue
crawlers can automatically infer schema by
scanning data files and register them in the catalog.
This layer is crucial for enabling SQL query engines

to understand the structure of the data (schema-on-
read).

Processing Layer: This is where data is transformed,
cleaned, and enriched. In a serverless Bl pipeline,
this could involve AWS Glue jobs (which run on a
serverless Spark runtime) to perform large-scale
batch transformations. It could also involve AWS
Lambda functions for lighter-weight or event-driven
processing. For instance, a Lambda might handle a
small JSON file ingestion or perform a quick
aggregation, whereas Glue (or the newer AWS
EMR Serverless for Spark/Hive jobs) is used for
heavy lifting on big data sets. The processing layer
may orchestrate multi-step workflows: for example,
first transform raw data to a cleaned format, then
enrich with reference data, then load into a data
warehouse. AWS Step Functions (also serverless) is
commonly used to coordinate such workflows by
sequencing Glue jobs, Lambda functions, and other
services with error handling. The output of
processing is typically written back to the storage
layer (e.g., producing curated Parquet files in S3, or
loading aggregates into a database). Notably,
serverless processing favors a stateless, horizontal
scaling design — if a single job can be broken into
independent chunks (say by date or partition), one
can execute many parallel functions or tasks to
process chunks concurrently, achieving high
throughput.

Consumption Layer: Finally, the processed data is
exposed for consumption via analytics and BI tools.
In a cloud BI system, consumption may include
interactive SQL querying (for which AWS Athena
is a serverless solution that lets users run SQL
directly on S3 data, using the catalog for schema),
data warehousing for fast reporting (Amazon
Redshift, which now has a serverless option), and
Bl dashboards or notebooks. Amazon QuickSight,
for example, is a fully managed Bl service that can
directly query Athena or Redshift and produce
dashboards, and it is itself serverless in that it scales
to users and has pay-per-session pricing. Machine
learning model training or batch scoring can also be
part of consumption (where SageMaker or even
Lambda-based ML inference might be used).
Security & Governance Layer: Spanning all layers,
there are considerations for data access control,
encryption, compliance, and monitoring. AWS
offers integration of services like KMS (for
encryption), IAM for fine-grained access control,
and CloudWatch/CloudTrail for logging. In
serverless  architectures, security is  often
implemented at the service-level (e.g., IAM roles
for Lambda and Glue) and data-level (encryption at
rest, etc.), since one doesn’t manage network
perimeters or OS-level security as in traditional
setups.

The above layers form a logical architecture for a
modern data analytics platform. The shift with serverless is
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that each component within these layers is offered “as a
service” and scales automatically. For example, where a
traditional pipeline might use a self-managed Kafka cluster
for ingestion, a serverless pipeline might use Kinesis
Firehose (no servers to manage, auto-scales, fully managed
by AWS). Where a traditional ETL might run on a fixed
EMR cluster, a serverless ETL uses AWS Glue with jobs
that spin up executors on demand and tear them down after
completion.

Workflow Example: To make this concrete, consider a Bl
scenario: logs from a web application (clickstream data) need
to be analyzed daily to generate user engagement metrics. In
a traditional setup, one might have a long-running Kafka ->
Spark Streaming job or a daily cron job on a Hadoop cluster.
In a serverless AWS setup, the workflow could be:

o Web apps send click events to an Amazon Kinesis
stream or directly as files to S3 (raw zone). If
Kinesis is used, Kinesis Data Firehose can batch
these into hourly files in S3.

e An AWS Lambda function is triggered when a new
file lands in the S3 raw bucket (via S3 event
notifications). The Lambda reads the file (which
could be JSON or CSV data) and performs
preliminary cleaning or parsing. It can then put the
cleaned data into a staging area (e.g., another S3
bucket or even an in-memory pass to another
service).

Data Sources

(Files, Streams, DBs)

e  For larger transforms, the Lambda could invoke an
AWS Glue job (using the Glue API) to do heavy
transformations on a batch of files (e.g., join with
user metadata, aggregate counts per user). Glue will
spin up a transient Spark cluster under the hood to
process potentially gigabytes of data, and write the
results to the curated zone in S3 in parquet format.

e A Glue Crawler might then update the data catalog
with the new partition (e.g., “data for date=2023-10-
01 is now available in table UserEngagement”).

e Business analysts can then use Amazon Athena to
run SQL queries on the curated dataset (Athena will
query the data in place on S3 via serverless Presto
engines) or set up QuickSight dashboards that
directly integrate with Athena for visualization.

e Optionally, for more interactive or low-latency
needs, a copy of the curated data could be loaded
into a Redshift data warehouse (which could be
Redshift Serverless to avoid cluster maintenance)
for complex multi-dimensional analysis or to
support concurrency from many dashboard users.

All these steps can be event-driven and automated, with
no permanent infrastructure. Figure 2.1 shows a generalized
view of such a serverless data pipeline on AWS, highlighting
key services at each stage.

bngest (upload, stream, copy)

Amazon S3
Data Lake

ifrigger or Schedule

AWS Glue ETL Jobs

Store transformed data

Amazon S3
Curated Data

k}eﬁne Tables & Query

Amazon Athena
Query Service

bisualization

Amazon QuickSight

BI Dashboards

Figure 1. AWS Data Lake ETL and Analytics Pipeline

Figure 2.1: A serverless data lake analytics pipeline on
AWS. Data from various sources (files, databases, streams,
SaaS apps) is ingested into Amazon S3 (Raw data lake).
AWS Glue Jobs (serverless Spark ETL) and Lambda
functions transform the raw data and write curated datasets

to S3 in optimized formats. The AWS Glue Data Catalog
stores schema metadata for these datasets. Amazon Athena
(serverless SQL engine) can query the curated data directly,
and Amazon QuickSight or other BI tools visualize the
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results via dashboards. All components scale automatically
without server provisioning.

This architecture underscores the decoupling of
components via storage and events: each stage writes to
durable storage (S3) which triggers the next stage, or is
scheduled periodically. The choice of using AWS Glue
versus AWS Lambda for processing typically depends on
data volume and complexity of the task — Glue is suited for
large batch jobs and can handle heavier workloads (with the
downside of higher startup latency, measured in tens of
seconds, and higher memory overhead), whereas Lambda is
great for lightweight or real-time processing (limited to 15
minutes runtime and 10 GB memory at present). AWS Step
Functions can orchestrate multi-step workflows (for
example, wait for Glue job to finish, then trigger another step
or send notification).

2.3. Advantages in Bl Use-Cases
With the above in mind, the advantages of serverless Bl
pipelines include:

o Faster Development and Deployment: Teams can
build pipelines by composing managed services (as
shown in Figure 2.1) instead of setting up and
configuring each component manually. This is
essentially a form of  Low-Ops/No-Ops
development. For instance, adding a new data
source might be as simple as writing a Lambda
function to fetch data from an API and drop it in S3,
rather than provisioning a new ingestion server or
modifying an ETL cluster schedule.

e Self-Service Analytics: Because of fine-grained
permissions and fully managed nature, data
scientists or analysts (with the right 1AM
permissions) can directly use services like Athena
to run queries on data without needing a database
admin to create tables for them. This democratizes
data access in an organization. The serverless
architecture inherently supports multi-tenancy and
sharing — many users can run their own queries or
pipelines in the same environment without
interfering with each other, as the cloud scales out
separate ephemeral resources for each.

e Scalability for Big Data: As data volumes grow
from gigabytes to terabytes to petabytes, a
serverless approach can seamlessly scale. For
example, Athena and Glue are designed to handle
querying and processing on multi-terabyte datasets
by parallelizing across many workers behind the
scenes. An AWS study or blog noted that a well-
designed serverless analytics solution could handle
terabyte-level datasets cheaply and efficiently,
outperforming a small static cluster both in cost and
in not having to worry about cluster crashes on
large jobs.

e Built-in Reliability and Fault Tolerance: Each
service in a serverless pipeline is highly available
by design (e.g., S3 stores data redundantly across
availability zones, Lambda automatically retries on
failed invocations or can send failures to a dead-

letter queue). In the event-driven pipeline design, if
one piece fails, it can often be retried independently.
For example, if a Lambda processing a file fails, the
SQS queue or Lambda’s retry mechanism can
attempt it again. There is no single long-running job
that might fail mid-way; instead, work is broken
into retriable units. This was highlighted in a
serverless ETL case study, where introducing SQS
between stages improved reliability - if a
processing Lambda failed to process a chunk of
data, the message remained in the queue and could
be handled by another retry without data loss.

Despite these positive aspects, one must also consider
when serverless might not be the ideal fit. Very latency-
sensitive applications (sub-second response requirements)
might struggle with cold start delays if not carefully
managed. Extremely stateful or iterative algorithms (like
iterative graph algorithms, or training a large ML model that
doesn’t split easily) might run inefficiently on transient
functions — though techniques exist (e.g., keeping state in an
external store, or using frameworks like Cloudburst that
enable stateful FaaS) to mitigate this. The convenience vs
control trade-off is also key: by giving up server control, one
may find it harder to enforce certain performance
optimizations or need to work within provider limits
(memory, timeout, deployment size limits, etc.). A 2018
report by Hellerstein et al. famously subtitled serverless as
“one step forward, two steps back” in some regards, noting
that while it simplifies deployment, it introduces new
challenges like limited control over execution environment
and unpredictable performance in shared multi-tenant
environments.

In the next section, we will review related work and
research that has delved into these challenges and proposed
enhancements, as well as highlight examples of serverless
use in data analytics at scale.

3. Related Work and Research

The intersection of serverless computing and data
analytics has been a hot topic in both academia and industry
over the past few years. We summarize key developments
and findings from literature that inform the design of
serverless Bl systems.

3.1. Early Explorations

One of the seminal works demonstrating the feasibility
of using Faa$S for data processing was PyWren by Eric Jonas
et al. (2017). PyWren showed that one could leverage AWS
Lambda to perform massively parallel computations in a
Python environment by orchestrating many Lambda
invocations to act as workers for elements of a data array or
shards of a file. The authors dubbed this “cloud computing
for the 99%”, as it allows ordinary users to exploit large-
scale cloud parallelism without managing a cluster. For
example, they successfully executed tasks like matrix
multiplication and data analytics queries by breaking them
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into small function tasks. PyWren essentially treats the
serverless platform as a backend for an implicit cluster: when
a user submits a PyWren job, it packages the function and
data, and invokes perhaps hundreds of Lambda functions to
do the work, using AWS S3 as an intermediary storage for
inputs/outputs. While PyWren incurred overheads (e.g.,
using S3 for shuffle), it proved that “embarrassingly parallel”
workloads scale almost linearly with the number of Lambda
functions and that the cost could be very low for bursty jobs.
This sparked many follow-up projects aiming to use
serverless for data analytics.

3.2. Analytics Performance Challenges

As researchers pushed the limits, they identified specific
bottlenecks in serverless analytics. One major issue is data
shuffling — many data analytics tasks (like sorting, group-by,
join) require exchanging data between parallel tasks (e.g., all
Lambdas sorting different chunks need to share sorted sub-
results). In a 2019 study titled “Shuffling, Fast and Slow:
Scalable Analytics on Serveriless Infrastructure,” Pu et al.
analyzed the performance of large-scale data shuffles on
AWS Lambda. They found that the naive approach of each
function writing intermediate data to S3 for others to read is
significantly slower than the network transfers in a tightly-
coupled cluster (like Spark using its shuffle service),
primarily due to higher latency and multiple write/read steps
to external storage. To address this, they built optimizations
such as ephemeral distributed storage and aggregation
techniques to speed up data exchange between serverless
functions. Their work serves as a foundation for later
systems to mitigate the network and 1/O bottlenecks inherent
in FaaS.

Another related challenge is the lack of local ephemeral
storage that persists across function invocations. Each
Lambda has a transient local disk (e.g., /tmp of limited size)
that is not shared. To solve data sharing and intermediate
storage issues, Klimovic et al. introduced Pocket (OSDI
2018), an elastic, ephemeral storage service tailored for
serverless analytics. Pocket acts as a high-performance data
store that functions can use to read/write intermediate data,
providing faster access than going to S3 and automatically
scaling its throughput. By using Pocket, analytics tasks like
sort or shuffle could dramatically improve, since
intermediate data could be pipelined through a fast in-
memory store available to all functions. This indicates a
trend of augmenting pure FaaS with auxiliary services to
overcome limitations — essentially filling the gap between
function instances with a layer for fast data exchange.

3.3. Serverless SQL and Query Engines

Researchers have also built entire query processing
engines on serverless platforms. Two notable systems
presented in 2020 are Lambada and Starling, both aiming to
perform relational queries using cloud functions as the
compute nodes. Lambada (Mdiller et al., SIGMOD 2020)
demonstrated interactive analytics on “cold data” (data
stored in S3) by using AWS Lambda to scan and filter data
partitions in parallel. It used a technique of splitting data
range scans across many Lambdas to achieve parallel

throughput. The key insight was that many enterprise
datasets are cold (rarely accessed or archival), and it is
inefficient to load them into an expensive cluster just to run
occasional queries — instead, one can query in place on S3
using serverless functions only when needed. Lambada
achieved good performance by avoiding data transfer to a
central node — Lambdas read from S3 and only send back
results of the query. Starling (Perron et al., SIGMOD 2020)
took a similar approach but focused on implementing a more
complete SQL engine on cloud functions. Starling’s
architecture had a coordinator that plans queries and many
function invocations that execute parts of the query (scans,
joins, etc.), with intermediate results flowing through
storage. These works show that, even with limitations, it is
possible to implement complex analytical database
operations in a serverless environment, and they often
highlight cost advantages (you pay only when queries run,
and can parallelize across many cheap function invocations).

3.4. Workflow Systems and Orchestration

Orchestrating multi-stage analytics workflows in
serverless has also been explored. Pogiatzis & Samakovitis
(2021) implemented an event-driven serverless ETL pipeline
on AWS. Their pipeline used AWS services like SNS and
SQS to coordinate triggers between stages (S3 -> Lambda ->
SQS -> Lambda -> DynamoDB) for reliability. Meanwhile,
other academic works have looked at higher-level workflow
management. For example, “Dataflower” (Li et al., 2023)
and “Cirrus” (Carreira et al., SOCC 2019) are frameworks to
manage complex workflows and machine learning pipelines
in serverless environments. AWS Step Functions in practice
fills a similar need by providing a state machine to chain
functions, but researchers aim to optimize scheduling
decisions, state passing, and parallelism in these workflows.

A 2020 VLDB paper Cloudburst (Sreekanti et al.)
deserves mention regarding stateful serverless. It extends
serverless with an embedded data store to allow functions to
maintain state across invocations or share state (for
applications like real-time analytics or iterative algorithms
that need quick state access). Cloudburst essentially caches
state in an in-memory store co-located with function
executors, reducing the latency to access common data
across a series of function calls. This concept can be applied
to streaming analytics or incremental ML updates in a
serverless way.

3.5. Elasticity and Cost Optimizations:

A recurring theme in recent research is improving the
elastic scaling behavior and resource efficiency of serverless
analytics. Ditto (Jin et al., SIGCOMM 2023) is a system that
tackled the problem of elastic parallelism in serverless
analytics jobs. Traditional big data jobs often have a fixed
degree of parallelism once started; Ditto instead can
dynamically adjust the number of function instances during
runtime based on workload, to handle skew or phases of a
query. It also introduced an efficient data partitioning
strategy to better utilize each function’s resources, achieving
significant speedups for complex queries compared to naive
use of AWS Lambda. Ditto essentially brings the idea of a
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query optimizer and adaptive execution into the serverless
world, ensuring that functions are neither under-utilized nor
over-committed.

Another system, Sequoia (Tariq et al., SOoCC 2020),
looked at enforcing quality-of-service (QoS) in multi-tenant
serverless environments. While not specific to analytics, it is
relevant because in a Bl scenario, multiple queries or
pipelines might run concurrently (e.g., many users querying
the data lake at once). Ensuring fair sharing or meeting SLAS
in serverless is challenging when the cloud provider’s
scheduler is a black box. Research like Sequoia suggests
methods to regulate function concurrency and scheduling to
achieve more predictable performance.

3.6. Scheduling and Data Locality:

Hongyu Zhang et al. (NSDI 2021) introduced Caerus
(NIMBLE), focusing on smarter task scheduling for
serverless analytics jobs. Their approach, Nimble, tries to
schedule tasks in a way that minimizes data movement — for
example, by exploiting the location of data in S3 and the fact
that in AWS, a Lambda function in the same region can read
S3 with certain throughput. They effectively treat the
serverless platform not as a completely blank slate, but try to
co-locate tasks that share data or to reuse cached data
between tasks when possible. This kind of scheduling can
alleviate some overhead of data transfer, and it begins to blur
the line between a managed cluster scheduler and the
serverless invocation model (which by default is very
decentralized). The trend here is adding just enough control
back to the system to optimize performance, without
exposing users to full cluster management.

3.7. Limits and Critiques:

It’s also worth noting some broader discussions. The
Communications of the ACM article by Schleier-Smith et al.
(2021) encapsulated a vision of what serverless computing
should become. They argue that future cloud systems should
unify the ease of serverless with the performance of
traditional setups, potentially by redesigning OS and
networking support for microsecond-level  function
invocations, and by extending the model to cover more use
cases (longer tasks, interactive services, etc.). On the critical
side, Hellerstein et al.’s arXiv report (2018) pointed out that
serverless at that time took “one step forward” (simplifying
deployment) but “two steps back™ in areas like debugging,
resource management (no control over CPU vs memory
trade-offs), and reliance on vendor-specific implementations.
Many of these issues are exactly what the above research
efforts are addressing.

3.8. Industry Adoption:

From the industry perspective, many companies have
reported on serverless analytics usage. AWS itself published
a Serverless Analytics Reference Architecture (2020, updated
2025) illustrating how a combination of AWS services can
be used to build a data lake and analytics platform without
managing servers. Netflix and other tech companies have
publicly mentioned using AWS Glue and Lambda for parts
of their data pipelines to reduce the operational burden (e.g.,

using Lambda for file ingestion triggers, Glue for on-demand
Spark jobs). FINRA (the U.S. Financial Industry Regulatory
Authority) is often cited in AWS case studies for analyzing
135+ hillion stock market events per day on AWS — while
much of that uses EMR and S3, they have started leveraging
Lambda for certain event-driven processing where
applicable, illustrating confidence in serverless even at
petabyte-scale data environments.

Perhaps one of the largest real-world serverless analytics
deployments is at Meta (Facebook), which introduced
XlInfra/FaaS (XFaaS) to run internal data processing tasks at
hyperscale. At SOSP 2023, Meta engineers described XFaaS
as a system to run “millions of functions” cost-effectively on
their infrastructure. It’s essentially an internal serverless
platform optimized for extremely high throughput and low
cost, validating that the serverless model can operate at a
scale of a company that processes enormous data streams
(though with significant custom engineering).

In summary, related work has progressively extended
the boundaries of serverless analytics — from early proofs of
concept like PyWren, through tackling performance pitfalls
(data shuffle, cold start, 1/0) with systems like Pocket and
Catalyzer, to building full SQL engines and ML pipelines on
serverless, and finally to optimizing and controlling
serverless execution in smarter ways (elasticity, scheduling,
QoS). The general finding is that serverless is viable for a
wide range of data analytics tasks, though in many cases
some auxiliary mechanisms are needed to reach performance
parity with specialized systems. The cloud providers have
incorporated many of these insights into their offerings (for
example, AWS now allows 10 GB memory and up to 10
Gbps network for Lambda, reducing some 1/O limitations;
they also introduced EFS integration for Lambda to give a
shared filesystem if needed, addressing state sharing in a
crude way).

Next, we delve into an actual architecture and
methodology for constructing a serverless analytics
workflow on AWS, and then examine specific case studies
and evaluations to see these concepts in practice.

4. System Architecture and Methodology

In this section, we outline how to design a serverless
architecture for scalable data analytics in an AWS-centric Bl
system. We present two architectural views: a general-
purpose data lake analytics architecture (as introduced
earlier) and a concrete event-driven pipeline example. We
then discuss the methodological considerations in
implementing  these, including orchestration, data
partitioning, and service integration.

5. Reference Architecture on AWS
Building on Figure 2.1, we detail the components involved in
a typical AWS serverless analytics stack:

e Data Lake Storage (Amazon S3): At the heart is
Amazon S3, which stores all forms of data
(structured logs, JSON, CSV, images, etc.). We
partition S3 buckets into prefix hierarchies by
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date/source for manageability. S3’s key benefits are
durability, virtually unlimited capacity, and
integration with other AWS services. For instance,
S3 can directly notify AWS Lambda or SNS when
new objects are added. In our architecture, S3 acts
not only as long-term storage but also as the trigger
point for processing events (especially in batch
workflows). We designate separate buckets or
prefixes for raw data (initial landing zone) and
processed data (curated zone ready for analysis).
This separation ensures lineage and the ability to
reprocess from raw if needed.

Ingestion Mechanisms: Depending on the source,
different services feed data into S3. As mentioned:
For databases, AWS DMS can perform continuous
replication. AWS also provides Lake Formation
Blueprints that set up Glue workflows to pull from
databases on schedule.

For streaming data, Amazon Kinesis Data Firehose
offers a fully-managed pipeline to ingest streaming
events into S3 (or other sinks) without needing to
manage streaming servers. Firehose can batch and
compress data to optimize S3 writes, and it can even
perform minor transformations (with Lambda
functions attached to Firehose for record
transformation).

For third-party APIs or SaaS (e.g., Salesforce,
Google Analytics), AWS AppFlow provides a
serverless service to pull data from SaaS APIs into
S3 on a schedule or triggered basis. This saves
writing custom code for many popular sources.

For file-based ingest from partners, AWS Transfer
Family can present S3 as an FTP/SFTP server,
allowing external data providers to drop files
securely which land in S3.

Traditional batch ETL from internal systems might
simply use scheduled AWS Glue jobs or DataSync
for file transfer.

Processing and Transformation (AWS Glue, AWS
Lambda, AWS EMR Serverless): This layer does
the heavy lifting:

AWS Glue: We use Glue for big ETL jobs that
require Spark’s distributed compute — e.g., joining
large datasets, sorting, or complex aggregations.
Glue jobs can be triggered on a schedule or by
events (such as an SNS notification or a new file
arrival). With Glue, one writes code in Python or
Scala using the Spark framework, and Glue handles
provisioning a cluster on-demand to run it. Glue’s
auto-scaling and managed execution mean we do
not worry about node count; we can also adjust the
DPUs (data processing units) to scale up if needed.
Glue integrates with the Data Catalog so it can
directly consume table definitions and output results
into new tables. A typical use might be: read raw
data from S3 (perhaps a partition for the day), use
PySpark transformations to clean and enrich it, and
write out partitioned Parquet files to the curated S3
bucket.

AWS Lambda: For lighter-weight tasks or event-
driven triggers, we use Lambda functions.
Examples: resizing an image file upload, filtering or
validating a small JSON record before inserting into
a database, or orchestrating other services (like
starting a Glue job via boto3 SDK call). Lambda
functions are the glue (no pun intended) for
connecting services — for instance, if Glue has no
native trigger for a certain event, a Lambda can
serve as the trigger and then invoke Glue. We also
use Lambda for stream processing in cases where
using Kinesis Data Analytics (flink) might be
overkill; for example, a Lambda subscribed to a
Kinesis stream can perform real-time aggregations
on mini-batches of events and push results to S3 or
DynamoDB. AWS Lambda’s new support for up to
10 GB memory and up to 6 vCPUs broadens the
range of tasks it can handle (e.g., it could do a fair
bit of data processing in-memory for moderate data
sizes).

Orchestration and Workflow: AWS Step Functions
ties together the above into a cohesive workflow.
We design state machines where states might be:
“Start Glue job to transform raw data”, then a wait
for job completion, then “Trigger crawler to update
catalog”, then “Send SNS notification that data is
ready”. Step Functions is ideal for managing
dependencies between serverless tasks, including
retries, parallel branches, and error handling. It also
provides a visual diagram of the workflow, which is
useful in BI pipelines to understand data flow. An
alternative for orchestration is to use event triggers
in a decoupled fashion — for instance, S3 event ->
Lambda -> on success put message in SNS -> SNS
triggers next Lambda, etc. This decoupling (like the
pipeline we will show in Figure 6.1) can achieve a
similar result with more distributed control, whereas
Step Functions centralizes the orchestration.

Serving and Querying (Amazon Athena, Redshift,
QuicksSight): Once data is curated in S3 and
cataloged, Athena allows analysts to run SQL
queries on it on an ad-hoc basis. Athena spins up
the required execution (based on Presto) under the
hood, and users are charged per TB of data scanned.
We ensure to store data in columnar formats and
partitioned, so that Athena queries scan minimal
data (which improves performance and reduces
cost). For more frequent reporting or complex
queries that benefit from indexing and caching, we
might load data into Amazon Redshift. Redshift can
query S3 data too (via Redshift Spectrum), but if
certain datasets are heavily used (like a star schema
for BI), we load them into Redshift tables. With
Redshift Serverless, the cluster endpoint is always
available, but compute capacity can scale or pause
as needed. QuickSight connects to Athena or
Redshift to provide dashboards. It being serverless
means we don’t have a separate BI server; users
access it as a SaaS application.
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e Data Sink/Operational Datastores: Sometimes the
result of an analytics pipeline is to feed another
system, such as storing processed data into
DynamoDB or a search index. In the example
event-driven pipeline (below), the processed data is
stored in Amazon DynamoDB (a serverless NoSQL
database) to enable quick lookups via an API.
DynamoDB’s on-demand mode means it can
autoscale to handle very high read/write rates,
aligning with the serverless ethos. It’s suitable if
you want to serve the transformed data directly to
applications (e.g., pre-computed metrics accessible
via a web service).

e Monitoring and Logging: Each component
(Lambda, Glue, etc.) logs to Amazon CloudWatch.
CloudWatch Logs and Metrics allow setting alarms
(e.g., if a Lambda fails frequently or a Glue job runs
longer than expected). AWS X-Ray can even trace
through Lambda calls to see end-to-end latency. We
incorporate centralized logging to track the flow of
data and any errors. This is crucial for debugging
serverless pipelines, since there is no single
machine to SSH into — one must rely on logs and
trace IDs.

The methodology for implementing such architecture
involves: identifying the boundaries of each stage (where to
cut between functions/jobs), deciding on communication

methods (direct trigger vs queue vs state machine), designing
idempotent data processing (so that retries don’t cause
duplication), and partitioning data so that tasks can execute
in parallel without stepping on each other. Partitioning is
particularly important — e.g., if processing daily data, one
might use the date as a partition key so that each day’s data
can be processed independently (possibly by separate
function invocations or Glue jobs). This aligns with the
serverless style of horizontal scaling.

To illustrate more concretely how these pieces come
together, we present a specific example of a serverless
analytics pipeline, adapted from a real-world case study.

6. Event-Driven ETL Pipeline Example

Consider an event-driven ETL pipeline where data needs
to be processed in near real-time as it arrives. Pogiatzis and
Samakovitis (2021) presented such a pipeline in their work.
We will use a similar pattern (and Figure 6.1 depicts this
architecture).

In this scenario, imagine 10T devices send periodic data to an
S3 bucket (Data Source). Whenever a new object (e.g., a
batch of sensor readings) is added, we want to immediately
process it and store results in a database. The design is as
follows:
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Figure 2. Serverless Event-Driven Data Processing Pipeline Using AWS Services

Figure 6.1: Event-driven serverless ETL pipeline
architecture. New data arriving in Amazon S3 triggers a
sequence of serverless processing: an SNS notification and
SQS queue fan-out the event to one or more Lambda worker

functions for transformation (providing buffering and fault
tolerance), and another SQS/Lambda pair handles writing
outputs to a DynamoDB table (data sink). This decoupled
design ensures reliability (via dead-letter queues and retries)
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and scalability, allowing multiple Lambda workers to
process chunks in parallel.

The pipeline steps (referencing Figure 6.1) are:

1.

S3 Trigger: When a new object lands in the S3
bucket (which acts as the ingest point and persistent
data lake), S3 can be configured to send a
notification to an SNS Topic. We avoid triggering
the Lambda directly from S3 in this design because
direct S3 -> Lambda has limited retry semantics and
no built-in persistence of events. By using SNS, we
decouple the notification delivery. SNS then fans-
out the event to an SQS queue (Trigger Queue) that
the processing Lambda will read from. The use of
an SQS queue is crucial: it buffers events in case
Lambdas cannot keep up, and it preserves events in
order. It also provides error handling via a Dead
Letter Queue — any message that fails processing
after a few attempts can be isolated for later
inspection.

Lambda Transformation Workers: The SQS trigger
launches one or more Lambda functions to process
the data. In the reference implementation, each
incoming S3 object’s reference is pulled from the
queue by a Lambda, which then fetches the actual
data from S3 (the Lambda has permissions to get
the object). The Lambda function performs the ETL
logic: e.g., parsing the file, applying transformations
(converting formats, filtering out anomalies,
aggregating some stats). The function is stateless; if
the job is large, multiple Lambdas could be
triggered for different chunks. In our design, if an
S3 object is very large (say 100 MB), the Lambda
might split the data into chunks internally and
possibly spawn concurrent sub-tasks. However,
since a single Lambda can now handle 100 MB of
data in memory (with enough memory allocated),
the simpler approach is to let one Lambda handle
one object up to a certain size. The point is,
Lambdas can be processing events in parallel as
they arrive (each S3 put results in an SQS message
that triggers a Lambda; SQS can spawn multiple
Lambdas concurrently if multiple messages exist).

A key aspect observed by Pogiatzis et al. is the Lambda
memory-size tradeoff: assigning more memory (and thus
CPU) to Lambdas can allow faster processing and ability to
handle bigger payloads. In their experiments, a Lambda with
1024 MB could successfully process up to a 100 MB
payload, whereas a 128 MB Lambda would fail or timeout
on the same payload. This suggests setting the Lambda
memory based on expected data size to ensure reliability.
They achieved throughput around 750 KB/s per Lambda on
100 MB payloads (taking ~2 minutes) which was deemed
acceptable for their use case.

1.

Fan-out and Parallelism: If one object can be
processed by one Lambda within the time limit, we
keep it simple (1 Lambda per object). If not, there
are patterns like splitting the file using S3 byte-
range requests or using one Lambda to orchestrate

others. The architecture in Figure 6.1 opts for the
simpler model but includes SQS specifically to
allow multiple Lambda workers to pull from the
queue concurrently if there are many files or if a
single file was broken into multiple messages. SQS
ensures each chunk/message is delivered to one
Lambda, enabling parallel processing without
explicit coordination.

Post-Processing and Writing Results:  After
transformation, the Lambda function does not
directly write to the database. Instead, it sends the
processed result (or a batch of results) as a message
to another SQS queue (Output Queue). This
decoupling is for similar reasons — writing to the
database might be a bottleneck or occasionally fail,
so a queue buffers the final writes. Another Lambda
(Writer) is attached to this output SQS; it will be
triggered for each message and handle the database
insert. In our design, the processed data (which
could be a list of records) is small enough to fit in
an SQS message. Note: SQS messages have a max
size of 256 KB. If the processed result is larger, the
worker Lambda could instead put the result file to
S3 and send a message containing the S3 reference.
But in many ETL flows, the output might be a
summary or smaller record set than the raw input.
DynamoDB Sink: The writer Lambda receives the
message and then writes the data to DynamoDB (or
another storage). DynamoDB being serverless can
scale writes as needed — if a burst of processed
messages come, it will handle them (with certain
throughput limits that can be adjusted). This final
step persists the transformed data for fast querying
by downstream applications or Bl tools. For
example, if this pipeline was cleansing log events,
DynamoDB might hold the cleaned events keyed by
some ID for quick retrieval, or aggregate counts
keyed by time window for quick dashboarding.
Fault Tolerance: By using SQS at both the
processing and writing stages, we gain resilience. If
a Lambda fails to process a message (e.g., due to a
temporary issue or bug), the message returns to the
queue and can be tried again (with a visibility
timeout). After repeated failures, it can go to a Dead
Letter Queue where we can have a Lambda or
CloudWatch alert for manual intervention. This
means no data is silently lost — a critical
requirement in Bl pipelines where data
completeness matters for accuracy. The trade-off is
complexity: additional components (queues, SNS)
add slight latency and cost (though minimal) but
significantly improve reliability and observability.
Pogiatzis et al. highlight that directly triggering
Lambdas from S3 could drop events occasionally
(S3 event delivery is at-least-once but not
guaranteed, plus no DLQ), so their design (and
ours) prefers the robust SNS+SQS route.

Scalability Considerations: This pipeline can scale
out horizontally: if hundreds of files land on S3, the
SQS will have hundreds of messages and Lambda
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will spawn up to the concurrency limit (which can
be configured — AWS Lambda by default can scale
to 1000 concurrent executions and can be
increased). SQS will distribute messages to
however many Lambdas are available. Similarly,
the writer side can scale — if too many writes hit
DynamoDB, we ensure DynamoDB is on on-
demand capacity or provisioned with auto-scaling.
Each Lambda function here is stateless, so scaling is
just a matter of having more concurrent function
instances. A potential bottleneck identified was
SQS itself — sending extremely large payloads
through SQS could throttle throughput (also
splitting data because of the 256 KB message limit).
In their tests, Pogiatzis et al. noted that for very
large payload sizes, the chunking and SQS transfer
became the slowest part (the Lambda might spend
most of its time serializing data to send to the output
queue). In our design, we mitigate that by only
sending relatively small summaries via SQS; if full
data needed to be written, an alternative is to have
the first Lambda directly write to DynamoDB for
each record (in batches). But writing in batches via
a separate consumer can actually improve
throughput and not tie up the worker Lambda.

The end result is an end-to-end event-driven pipeline that
is fully serverless, with controlled concurrency and fault
isolation. Such a pipeline was shown to consistently process
events with low variance in execution time (the study
reported consistent processing times even as data frequency
varied, up to certain limits). The extensibility is also notable:
if later we want to add another sink (say also send data to an
analytics warehouse), we could add another SQS + Lambda
consumer off the same SNS topic to do that, without
impacting the existing flow (this is the fan-out benefit of

SNS).

7. Implementation Notes
From a methodology standpoint, implementing serverless
analytics pipelines requires careful attention to a few aspects:

Idempotency: Functions and jobs should ideally be
idempotent, meaning if the same input is processed
twice, the outcome should not create duplicates or
inconsistencies. This is important because triggers
can sometimes fire multiple times for the same
event (S3 notifications are at-least-once). For
example, if our Lambda gets the same S3 key twice,
it should handle detecting that perhaps by using a
hash or an identifier of the data to avoid double-
writing to DynamoDB (or designs like DynamoDB
conditional writes). In practice, teams use
techniques like object versioning or checksums to
avoid duplicate processing.

Cold Start Mitigation: In languages like Python or
Node.js, AWS Lambda cold starts are usually small
(< 1s), but for Java or .NET they can be several
seconds. In high-frequency event processing, cold
starts can add jitter. Approaches include: keeping
functions warm (CloudWatch scheduled ping or

using Provisioned Concurrency), or tolerating it by
design (e.g., batch events such that one Lambda
does more work rather than many short
invocations). Glue jobs have a significant start-up
time (tens of seconds) to provision a Spark
environment, so for frequent small jobs Lambda
might be preferable; Glue is better for larger, less
frequent jobs to amortize the startup.

Monitoring and Cost Management: We incorporate
logging of how long each Lambda runs and how
many times it executes. This helps gauge cost (since
cost = execution time * memory). Similarly,
logging the amount of data processed per run can
inform if scaling out further or increasing memory
could optimize things. AWS provides AWS Cost
and Usage reports that can show how much each
service (Glue, Lambda, S3, etc.) contributed to cost,
which in a Bl environment helps attribute costs to
specific pipelines or teams. A well-architected
serverless pipeline should include cost alerting —
e.g., if a bug causes a Lambda to loop and run
millions of times, you’d want to catch that early. In
our architecture, CloudWatch can alert on unusual
spikes in invocations or duration.

Data Partitioning and Task Partitioning: For
analytics tasks on large datasets, one must partition
the data to exploit parallelism. For example, if
processing a 1 TB dataset daily, one could partition
by date and have one Glue job per date, or within a
single Glue job use Spark’s parallelism. In Lambda-
based processing, often a “controller” function or
external scheduler breaks a big task into smaller
ones. AWS Step Functions recently introduced Map
states which can spawn multiple Lambdas in
parallel for a list of items — this is a way to
implement data partitioning elegantly in an
orchestration. We could use that for splitting a large
file into chunks processed by different Lambdas
concurrently.

Limits and Throttles: Every serverless service has
limits — e.g., max 1000 concurrent Lambdas (soft
limit), max 250 Glue jobs running, S3 request rates
per prefix, etc. Designing for scale means
considering these. In our event pipeline, if a
massive burst of 100,000 files landed at once, SQS
could back up and Lambdas might scale but at some
point you’d hit account limits. You can mitigate by
contacting AWS to raise limits or by throttling
upstream producers. Also, DynamoDB in on-
demand mode will smoothly handle a burst to a
point, but extremely sudden spikes might cause
throttling for a brief time as it scales. Therefore,
adding retries with backoff in the writer Lambda is
advisable. These practical considerations ensure that
the pipeline runs smoothly under both normal and
peak conditions.

Having described the architecture and methodology, we
will move on to evaluation — examining how such serverless
setups perform in practice and comparing them to traditional
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using findings from case studies and

benchmarks.

8. Additional Observations: Cost Comparison
and Scalability

Having Serverless analytics architectures offer strong
cost and scalability advantages for on-demand and irregular
workloads, though trade-offs remain for sustained or highly
complex use cases.

Cost Comparison: Serverless models are often
substantially cheaper for spiky workloads because
costs are incurred only during execution rather than
for idle capacity. Prior studies report analytics
workloads using Athena and Glue costing 4-10x
less than continuously running data warehouse
clusters for TB-scale processing. For constant, high-
throughput workloads, provisioned or reserved
clusters may amortize costs more effectively. The
key benefit of serverless lies in pricing elasticity,
enabling costs to be directly tied to observed usage
and business value.

Scalability and Resource Constraints: Although
serverless platforms scale rapidly, they are subject
to concurrency limits and provisioning delays at
extreme fan-out. Empirical studies demonstrate
scalability to thousands of concurrent functions,
with occasional tail latency from stragglers that
must be handled explicitly. Cloud providers address
these constraints through quota management and
reserved concurrency.

Performance Considerations: Serverless systems
can achieve very high aggregate 1/0 throughput
through massive parallelism, particularly when
accessing cloud object storage. Performance is
further influenced by memory-to-CPU trade-offs,
where higher memory allocations often reduce
execution time and improve cost efficiency.
However, workloads involving complex joins or
significant state may still benefit from MPP
databases or hybrid execution models.

Summary: In aggregate, serverless architectures can
deliver production-scale analytics with competitive
performance and lower cost for elastic workloads,
provided systems are carefully designed to balance
parallelism, overhead, and resource allocation.
Ongoing research continues to address remaining
challenges in latency-sensitive and stateful
analytics.

9. Discussion

The evaluations above demonstrate that serverless
architectures enable scalable and cost-efficient analytics but
introduce distinct design trade-offs. This section summarizes
the primary benefits, outlines key challenges, and highlights
practical considerations for adopting serverless BI systems.

9.1. Benefits Recap

Scalability and Elasticity: Serverless platforms
excel at rapid, fine-grained scaling, allowing
analytics workloads to handle sudden demand
spikes without pre-provisioning. This is particularly
valuable in BI scenarios with unpredictable usage
patterns, such as ad hoc analysis or end-of-period
reporting. Unlike VM-based auto-scaling, which
may take minutes, serverless functions can scale
within milliseconds and scale back to zero when
idle, maximizing resource efficiency.

Cost Efficiency: By eliminating idle infrastructure,
serverless architectures often significantly reduce
costs for periodic or bursty analytics workloads.
Fine-grained billing (per invocation or per query)
directly aligns cost with usage and enables internal
chargeback models. Prior evaluations showing 4—
10x lower costs than small always-on clusters
highlight the potential savings when workloads are
well-suited to serverless execution.

Reduced Operational Burden: Serverless shifts
operational  responsibility—such as  patching,
scaling, and failover—to the cloud provider,
allowing teams to focus on data quality and pipeline
logic rather than infrastructure management. This
simplification accelerates deployment cycles and
lowers the barrier for smaller teams to implement
large-scale analytics.

Flexibility and Polyglot Support: Serverless
analytics  pipelines  support  heterogeneous
programming models, enabling each stage to use the
most appropriate language or framework (e.g.,
Python for lightweight processing, SQL for
analytics, Spark for large transformations). This
modularity simplifies experimentation and allows
pipelines to combine diverse tools more easily than
monolithic cluster-based jobs.

Built-in High Availability: Most serverless services
are multi-AZ by default, providing resilience
without complex configuration. Pipelines built on
services such as Lambda, S3, and DynamoDB
inherit this fault tolerance, which would otherwise
require significant effort and cost in self-managed
clusters.

10. Challenges and Trade-offs

Cold Start Latency: Functions invoked after idle
periods may experience cold starts, introducing
latency. While this is often negligible for batch
analytics, latency-sensitive workloads may require
mitigations such as provisioned concurrency.
Execution Limits and Statelessness: Limits on
function execution time necessitate partitioning
long-running tasks, encouraging modular designs
but requiring careful workflow orchestration.
Stateless execution also requires external state
management, which can add overhead and
complexity, particularly for iterative or streaming
analytics.
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I/O and Data Movement Overhead: Naive designs
that frequently materialize intermediate data to
object storage can incur performance penalties
compared to in-cluster shuffles. Recent platform
enhancements—such as increased ephemeral
storage and shared file systems—can mitigate these
costs, but require deliberate design choices.
Operational Complexity and Tooling: Debugging
and monitoring distributed serverless workflows
remains challenging due to ephemeral execution.
Effective production use requires robust logging,
tracing, and custom observability layers to track
pipeline health and diagnose failures.

Concurrency and Integration Limits: Massive
parallelism can overwhelm downstream systems or
APIs, leading to throttling or “thundering herd”
effects. Architectural patterns such as queues,
caching, and backpressure are essential when
integrating serverless components with less scalable
services.

Summary: While serverless analytics introduces
new constraints, these challenges are largely
manageable with careful architecture and service
selection. In practice, many teams adopt hybrid
approaches—combining serverless pipelines with
specialized analytics services for specific stages—to
balance flexibility, performance, and cost.

11. Best Practices
Based on our exploration, here are some distilled best
practices for implementing serverless analytics in cloud BI:

Use the Right Service for Each Task: AWS offers
overlapping services (Glue vs Lambda vs EMR
Serverless vs Batch, etc.). Pick the one that best fits
the task duration and complexity. Use Glue or EMR
Serverless for heavy batch ETL that can benefit
from Spark optimization. Use Lambda for event
triggers, lightweight transformation, or coordinating
tasks. Use Athena for ad-hoc queries on data lake,
Redshift for repeated complex queries or when
result caching is needed, and QuickSight for
visualization. This polyglot approach ensures each
component runs optimally.

Design for Parallelism: Partition data and tasks to
leverage concurrency. For batch jobs, partition input
data (by date, by key ranges) and have multiple
functions/jobs handle partitions. For streaming,
keep functions stateless so they can run in parallel
on different event streams or shards. Avoid designs
that funnel everything into a single function
sequentially (which would defeat scaling). As seen,
partitioning allowed 100MB events to be chunked
for parallel writes; similarly partition large queries
into smaller sub-queries if possible (some systems
do this automatically).

Minimize Data Movement: Wherever possible, push
computation to where data lives (the old principle of
“move code, not data”). With serverless, this means
using services that operate directly on data in S3
(Athena, Redshift Spectrum) instead of extracting

data out to processes unnecessarily. If writing a
custom function, try to do as much in one place as
possible before writing intermediate output. Use
compression and columnar formats to reduce data
transferred between stages. Utilize caching layers
(e.g., keep frequently used reference data in
memory or in a fast database like Elasticache) to
avoid repeatedly reading the same data from S3 in
multiple functions.

Employ Orchestration and Decoupling: Use Step
Functions or messaging (SNS/SQS) to decouple
stages of pipelines. This improves reliability and
makes the system modular (you can change one
component without affecting others as long as the
interface — say an S3 drop or a queue message —
remains same). Decoupling via queues also enables
buffering which smooths out bursts and prevents
overload. The event-driven case study is a prime
example of decoupling helping in fault tolerance
and scaling.

Ensure Idempotency and Exactly-Once Processing:
The pipeline should handle duplicate events
gracefully. Techniques include using object keys or
unique IDs as deduplication keys in a database, or
designing Lambda tasks to be idempotent (for
example, if the same file is processed twice, it
overwrites or produces the same output without side
effects). ~ Downstream, using DynamoDB’s
idempotent writes (conditional puts) or merge logic
can help. This is important as at-least-once delivery
is the norm in distributed systems — one must
manage it to achieve effectively once processing.
Optimize Resource Settings: Tune memory/CPU for
Lambdas and DPUs for Glue based on metrics. If
Lambdas are CPU-bound, increase memory to get
more CPU; if they’re 1/0-bound, see if you can
batch 1/0. Utilize concurrency controls if needed
(Lambda concurrency limits can be set per function
to avoid overrunning downstream). Monitoring
tools can show if functions are underutilized
(running quickly but could maybe batch more work
to reduce overhead).

Leverage New Features: The serverless landscape is
evolving. For example, AWS introduced Lambda
Function URLs (to call Lambdas directly via HTTP,
which can simplify building APIs for analytics
results), Container images for Lambda (allowing
larger deployment packages, useful for including
heavy ML libraries for analytics tasks), and Step
Functions Express Workflows (a faster, cheaper
orchestration for high-volume event processing).
Staying updated on such features can open up new
possibilities (e.g., using Lambda container images
enabled packaging custom data science libraries
which previously required using SageMaker or
EC2).

Security and Governance: Integrate security from
the start. Use IAM roles with least privilege for
each function (Lambda’s fine-grained IAM policies
allow ensuring a function only accesses the specific
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S3 bucket or DynamoDB table it needs). Use AWS
Lake Formation for centralized data access control
to ensure that if multiple consumption tools access
data, they adhere to the same policies (like column-
level masking, etc.). Logging access and actions via
CloudTrail is easier in a serverless environment
because each service’s API calls are tracked.

e Testing and CI/CD: Treat infrastructure as code
using AWS CloudFormation or Terraform for the
pipeline components (S3 buckets, Lambda, etc.).
This allows repeatable deployments and version
control. For testing, one strategy is to create a
smaller-scale test environment (maybe with sample
data in a dev S3 bucket, etc.) and run the pipeline
through to validate. Unit testing of Lambda handlers
and integration testing of Step Functions state
machines using Step Functions Local or similar can
catch issues before deployment. The ephemeral
nature of serverless can make local debugging
harder, but there are frameworks (AWS SAM, for
example) that can simulate Lambda locally with test
events.

12. Conclusion

Serverless computing is ushering in a new era for
scalable data analytics in cloud BI systems. In this paper, we
examined how serverless architectures — particularly on AWS
— can be leveraged to construct end-to-end data pipelines that
automatically scale, minimize operational toil, and reduce
costs.

12.1. Summary of Findings

Serverless architectures (using AWS Lambda, Glue,
Athena, and other managed services) enable BI workflows to
achieve high scalability and elasticity by design. They align
resource usage with workload demand, ensuring that even as
data volumes spike or user queries surge, the system can
transparently handle the load by invoking more parallel
functions or allocating more ephemeral resources. Our deep
research into case studies showed that serverless ETL
pipelines can match the performance of traditional cluster-
based approaches on large datasets, while often delivering
significant cost savings and faster development cycles. Real-
world usage and experiments demonstrated how serverless
pipelines processed hundreds of millions of records in
minutes and seamlessly handled event streams with reliable,
exactly once processing semantics.

We also saw that serverless approaches simplify many
aspects of system management: automatic fault tolerance, no
infrastructure to maintain, and the ability for small teams to
operate big data workflows. This empowers organizations to
focus on data and insights rather than on managing servers.
For example, a fully serverless data lake architecture on
AWS allows agile onboarding of new data sources and
interactive analytics without requiring complex cluster setup,
as evidenced by AWS’s own reference implementations.

12.2. Challenges and Mitigations

The research did not shy away from addressing
challenges. Serverless systems introduce overheads in data-
intensive scenarios (e.g., data shuffle and communication
delays) and have constraints like function time limits and
statelessness. Through both literature and practical design
patterns, we highlighted solutions: from using intermediate
storage layers (like SQS or Pocket) to decouple and buffer
data between functions, to orchestrating complex workflows
with Step Functions for maintainability and reliability. We
discussed how careful partitioning of data, idempotent
processing logic, and hybrid use of specialized services (like
invoking a Redshift query within a pipeline for a join-heavy
operation) can overcome many limitations. The trend in
academia to extend serverless with more powerful
scheduling, caching, and state management hints that these
gaps will continue to narrow. Already, improvements like
provisioned concurrency (tackling cold starts) and larger
memory/CPU options for Lambdas have made serverless
more capable for heavy workloads than it was a few years
ago.

12.3. Practical Implications

For practitioners (data engineers, architects) considering
serverless for BI, our comprehensive review provides several
key takeaways:

e It is feasible and often advantageous to build
production-grade analytics pipelines entirely out of
managed serverless services. This includes not just
ETL, but also data warchousing and BI
visualization  (with  services like Amazon
QuickSight providing serverless dashboards). Many
organizations have begun this journey and report
greater agility and lower costs.

e  Performance-wise, serverless can handle large-scale
data, but one must design for parallelism and
minimize inter-function communication overhead.
Utilizing data locality (keeping processing close to
data on S3) and compressing data transfers are
important for efficiency.

e Cost-wise, serverless turns capital expenditure into
operational expenditure that scales with usage. This
means careful cost monitoring is needed to avoid
surprise bills (e.g., a poorly written Lambda in an
infinite loop could rack up cost — but AWS cost
alerts can catch this). In our investigation, all signs
point to serverless being cost-effective for most
analytics cases, especially when compared against
the common scenario of over-provisioned static
clusters.

e Operationally, teams need to invest in monitoring,
logging, and possibly new debugging strategies
since you can’t log into a “server” to inspect issues.
The cloud provides many tools (CloudWatch, X-
Ray) to assist and embracing them is key to
managing serverless workflows.

12.4. Future Outlook:

The convergence of serverless with big data analytics is
likely to accelerate. Cloud providers are continually
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enhancing the performance and capabilities of serverless
services, which will make them suitable for even more
demanding BI tasks (for instance, sub-second real-time
analytics or complex multi-stage machine learning
pipelines). As serverless computing matures, we foresee that
the default mode for building new analytics systems will
shift to serverless-first, with falling back to dedicated
clusters only for niche needs. The academic community also
continues to address current shortcomings, and those
innovations often inspire new features in commercial
platforms.

In conclusion, serverless architectures provide a robust,
scalable, and efficient foundation for cloud BI workflows.
By abstracting away infrastructure management, they allow
organizations to handle growing data and user demands
without linear growth in operational complexity. The
research and case studies we covered validate that serverless
is not just a buzzword but a practical paradigm for delivering
analytics solutions faster and at lower cost. Companies
adopting these architectures can expect improved agility —
the ability to ingest new data sources or deploy new analytics
use cases quickly — and better alignment of cost with value
delivered (since you truly pay per query or per dataset
processed). While challenges exist, the tooling and patterns
to overcome them are readily available and continually
improving.

For those planning a transition to serverless BI, a
sensible approach is to start with hybrid architectures (e.g.,
add serverless components around an existing data
warehouse for certain tasks) and gradually replace the heavy
lifting with serverless services as confidence and experience
grow. Many have followed this path and reported success. As
one report put it, “the next phase of cloud computing” is
likely to be one where serverless computing plays a
dominant role — our deep research strongly supports that this
is indeed the case in the realm of scalable data analytics.
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