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ABSTRACT

The declarative nature of the relational model and database engines
shields users from system implementation complexity, system evo-
lution, data representation details, and enables optimizations across
workloads and use cases. However, recent trends in data manage-
ment introduce significant challenges to declarative interfaces. For
instance, these days, the engine might not own the data (e.g., data
lakes), might have to deal with different data representations (e.g.,
CSV, Arrow, Parquet, Iceberg), and needs to support operations
beyond relational SQL (e.g., vector databases, machine learning).
To complicate matters, in the cloud, many layers of infrastructure
— virtual machines (VMs), container schedulers, general-purpose
OSes — stand between the engine and the compute/storage/network
fabric. Today’s cloud infrastructure exposes only low-level, VM-
centric knobs and treats analytics workloads as opaque binaries,
leaving the engine with little visibility into data placement, hard-
ware availability, and network congestion. We propose to extend
the declarative approach to data management end-to-end. We start
from a composite database engine and extend its declarative inter-
faces (SQL and query plans) down to the cloud execution layer. The
database engine exposes each query as a dataflow graph, composed
of functions (operators) that each declare their inputs, outputs, and
available parallelism to the cloud platform. The cloud platform
takes this graph as input and provides a declarative execution sub-
strate responsible for resource scaling, data and operator placement,
caching, and isolation mechanism implementation decisions. Our
early prototype shows how rethinking the interface between the
engine and the cloud platform enables elastic data-dependent par-
allel execution over data lakes, automatic caching, and opens new
research directions for cloud analytics.

1 INTRODUCTION

Declarative data processing interfaces such as SQL enable users to
express a high-level intent rather than detail its execution. In doing
so, they enable the underlying execution systems to optimize per-
formance and efficiency. However, the declarative nature of today’s
data analytics system stack ends for the most part at the query
planning and optimization layer. Beneath the SQL engines lie many

"These authors contributed equally to this work

This paper is published under the Creative Commons Attribution 4.0 International
(CC-BY 4.0) license. Authors reserve their rights to disseminate the work on their
personal and corporate Web sites with the appropriate attribution, provided that you
attribute the original work to the authors and CIDR 2026. 16th Annual Conference on
Innovative Data Systems Research (CIDR °26). January 18-21, Chaminade, USA

Gustavo Alonso
Systems Group, ETH Zurich
Switzerland

Ana Klimovic
Systems Group, ETH Zurich
Switzerland

opaque infrastructure layers such as virtual machines and general-
purpose operating systems, which lack declarative interfaces and
are not co-designed with the query engine. This limits performance
optimization opportunities and leads to inefficient utilization of the
compute, memory, and network resources. The disconnect between
the query engine and infrastructure layers is especially problematic
in today’s cloud-based deployments, where data engines ingest
data from disaggregated object storage and run on top of VMs
that are slow to boot and cumbersome to scale up or down. While
query optimizers reason about, e.g., cardinality, filters, and join
cardinality, they have limited visibility into the physical execution
environment (what hardware is available, which nodes are close
to the input data, or how network congestion might affect query
plans). Meanwhile, the infrastructure layer treats analytics jobs as
opaque operations, unaware of whether they’re compute-bound,
I/0-heavy, or latency-sensitive. The result is overprovisioning and
underutilization of resources [8, 9, 35, 36, 53].

At the same time, the landscape of cloud data analytics is rapidly
evolving [3, 34, 62]. Composite engines such as BOSS [40], Max-
imus [27], Azure Fabric [3], or Photon [11] as well as engine compo-
nents such as Substrait [46], Calcite [10], or Velox [42] increasingly
allow users to manage large data collections while blending SQL,
user-defined functions (UDFs), and machine learning pipelines.
Users no longer submit plain SQL queries; they write workflows
that join tables, run ML inference, and apply complex transfor-
mations based on arbitrary user-defined logic. These workloads
demand an infrastructure that is elastic, programmable, and co-
optimized with the engine itself for efficiency. The infrastructure
must also securely isolate tenants, as anyone with a credit card can
submit arbitrary functions to cloud platforms. Doing this is difficult
if the data processing logic is a black box to the platform and if the
code is oblivious to the underlying infrastructure it runs on.

In this paper, we discuss the idea of extending the declarative
nature of data analytics down to the infrastructure layer. Just as
SQL enables logical-physical separation in databases, a declarative
infrastructure should enable co-optimizing the execution plan with
its resource allocation. Rather than provisioning static VMs, cloud
data analytics systems should take a more holistic approach by
planning query execution, resource allocation, hardware selection,
and data movement together. This cannot be done at compile time;
it must involve a runtime component that is aware of the workload’s
input data. We envision an end-to-end declarative analytics system
in which users describe computation over data, while the system
takes end-to-end responsibility for transforming that specification
into an optimized, cost-efficient, and hardware-aware execution
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Figure 1: Evolution of data analytics engine architecture from (a) a monolithic engine that owns data on local storage and
manages a buffer cache to (b) a composite engine running on cloud VMs that ingests data from disaggregated storage to (c) our
proposal of co-designing the engine with declarative cloud infrastructure, enabling data-dependent parallel execution and

ingestion from data lakes, elastic caching, and more.

plan for the cloud rather than for a monolithic engine. This requires
rethinking the interface between data processing engines and cloud
execution platforms. We propose going beyond VMs to fine-grained,
serverless execution backends and beyond opaque query engine
executables to richer APIs that expose a query’s dataflow to the
infrastructure layer. This new paradigm co-designs the declarative
nature of data analytics and infrastructure management.

We explore the potential of end-to-end declarative analytics and
the requirements for the two main system layers involved: the data
processing and infrastructure layers. We draw inspiration by exper-
imenting with a preliminary integration of two existing systems: a
composite database engine for the data processing layer, Maximus
[27], and a declarative cloud execution platform for the infrastruc-
ture layer, Dandelion [32]. The former provides the ability to run
query plans over heterogeneous architectures (CPU and GPU at
the time of writing) by encapsulating operators from different li-
braries and engines and orchestrating their execution in the form
of a dataflow graph. The latter provides an elastic execution envi-
ronment abstracting the underlying computing platform behind
declarative interfaces. For instance, user functions only specify their
inputs, outputs, and computation logic; they do not directly make
I/O calls as I/O is executed and optimized by the underlying system
according to the dataflow DAG specified in the user application.
The system also automatically creates and tears down function
execution environments as needed and scales compute resources
based on the parallelism available in the dataflow program.

Combining a composite database engine with a declarative exe-
cution platform offers more than the sum of their parts. The data
layer provides a query plan in the form of a DAG specifying the data
being accessed, the operator order, and the preference for where to
execute each part of the plan. The query plan can then be translated
into a Dandelion DAG (a dataflow specification of the functions
to execute). The tables or files accessed by each operator are ex-
tracted from the query statement or in the form of intermediate
results between the operators of the plan. The operators are encap-
sulated into functions that are pre-declared to Dandelion. In turn,
the infrastructure decides, e.g., how many copies of an operator to
instantiate for the access methods reading data from storage and
then aggregate the results for the next stages of the query plan. It
can also monitor runtime conditions to place the execution in the

optimal location (e.g., either in terms of availability, to minimize
interference, or to take advantage of locality) and manage failures,
restarts, migration, and resource allocation. Dandelion securely
isolates operator execution from separate tenants with lightweight
sandboxes that are fast to boot for high elasticity. While enforcing
secure isolation, the platform still enables fast data passing between
operators and can reuse intermediate results across queries.

The synergy between the two systems, Maximus and Dande-
lion, provides a platform for optimized query execution in data
lakes, both from the query plan and the cloud infrastructure side.
The resulting system opens up interesting opportunities, which
we discuss: creating ephemeral caches for intermediate results and
exchanging data; automatic elasticity at both individual query and
workload levels; optimized resource allocation; gathering of statis-
tics for informing an end-to-end optimizer; incorporating hardware
heterogeneity in query plans, and more.

2 BACKGROUND

The cloud, while offering many advantages, also introduces signifi-
cant complexity and inefficiencies for data analytics engines.

2.1 From Monolithic to Composite Engines

The cloud is a challenge for conventional relational engines be-
cause there is a mismatch between the control of compute, memory,
and storage resources that a traditional monolithic engine assumes
(Figure 1a) and the deep software and hardware stack in the cloud,
which consists of heterogeneous virtual machines and large pools
of disaggregated storage (Figure 1b). There are significant archi-
tectural differences in, e.g., how memory or compute is allocated,
how storage is accessed, etc. As a result, conventional engines often
run with special settings (e.g., Amazon Relational Database Ser-
vice providing block storage and specialized configurations suitable
to database servers). This is often less than optimal, and alterna-
tive designs have emerged in the form of cloud-native engines.
These native engines range from completely new designs such as
Snowflake [55] to adaptations of existing engines [54].

A recent further step in this evolution are data lakes, a data
management architecture reflecting the heterogeneous and dis-
aggregated nature of cloud data storage, forcing the engines to
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relinquish ownership of the data and operate without making as-
sumptions about where it is located or its format [33, 62]. This is a
challenge but also an opportunity as it leads to revisiting the notion
of federated query processing where data resides in a variety of
systems, formats, and repositories that can be combined to build
composite engines.

Emerging platforms tackling such scenarios include Databrick’s
Photon [11], Microsoft’s Azure Fabric [3], or Apache Gluten [45].
These systems are focused on the challenges of federating diverse
underlying systems. What is still missing is a way to connect them
to the possibilities the cloud offers in terms of elasticity and better
resource provisioning. Our vision focuses on the latter.

2.2 VM Provisioning: the Traditional Interface
to Cloud Infrastructure

Provisioning virtual machines (VMs) is the traditional interface to
the cloud. Running a database engine on the cloud today involves
provisioning fixed-size VMs to execute the database engine’s code
(Figure 1b). This includes explicitly allocating VM instances, at-
taching block storage, and configuring networking among VMs
and external storage. Each VM type offers a fixed ratio of compute
and memory resources. Scaling resources up or down typically
requires migrating to smaller or larger VMs, respectively. Scaling
resources in or out involves instantiating or tearing down VMs,
respectively. Data must be serialized, encrypted, and compressed
as it moves from remote storage to the VMs that execute queries,
adding overhead that is often referred to as datacenter tax [29].
Today’s low-level VM provisioning interface offers numerous
tuning knobs (e.g., VM types and size, storage options, network
bandwidth) but lacks high-level declarative abstractions that would
let the system automatically optimize resource usage and perfor-
mance for a given analytics workload. As a result, resource provi-
sioning is often coarse-grained, manual, and disconnected from the
user query’s intent (Figure 1b). The long boot time of traditional
virtual machines (which can range from seconds to hundreds of
seconds [24, 58]) also makes it difficult for cloud analytics engines
to respond to fine-grain variations in resource requirements within
and across queries. It is common practice to provision the number
and size of VMs for peak workload requirements. Such overprovi-
sioning leads to high cost. These challenges have sparked efforts
such as studying the behavior of conventional engines in the cloud
[8, 64], creating special environments for them (e.g., Amazon’s RDS),
exploring elasticity to minimize overprovisioning [9], or adding
additional operators such as compression and encryption [6].

2.3 Serverless and its Current Limitations

The low-level interface needed to provision virtual machines is
a general pain point in the cloud, not only for databases [25, 64].
Hence, a lot of effort has gone into developing “serverless” cloud
services, which expose a higher level of abstraction to the cloud,
freeing users from the burden of managing virtual machines [44, 56].
Examples include Function as a Service (FaaS) platforms like AWS
Lambda and analytic engines like Athena and BigQuery.
However, current serverless platforms are inadequate for data
processing [26] due to many limitations (e.g., poor support for

CIDR’26, January 18-21, 2026, Chaminade, USA

inter-function communication, limited execution time per func-
tion, etc.) that require rather complex mechanisms to work around
them [41, 43, 60, 61]. Faa$S platforms leverage MicroVMs like Fire-
cracker [1] to reduce boot times down to hundreds of milliseconds,
but even this startup time can be a high overhead for short-running
queries. Furthermore, while MicroVMs like Firecracker optimize
for scale in/out, they do not support migration for seamless scale
up/down. Engines claiming a serverless approach to elasticity often
rely on standard VM provisioning techniques and optimizations
that make it easier to move instances around as needed [9]. While
serverless cloud analytics platforms like Athena and BigQuery re-
lieve end-users from provisioning VMs, they miss the opportunity
to optimize scheduling, placement, and data movement below the
high-level interface they expose to end-users. Ultimately these plat-
forms execute query engine code as a black box on coarse-grain
VMs under the hood, rather than co-designing the data processing
and cloud runtime layers to enable workload-dependent, hardware-
aware cross-stack optimization.

3 OUTLINE OF A DECLARATIVE DATA
ANALYTICS CLOUD SYSTEM STACK

We propose to design a declarative, cloud-native, distributed data
analytics engine by integrating a composite data engine with a
declarative cloud execution system. Instead of simply running a
query engine on fixed-size VMs that have no insight into application
characteristics to apply optimizations (Figure 1b), in our design
(Figure 1c) the data processing layer exposes a query’s dataflow
graph to the underlying infrastructure layer. The infrastructure
layer then schedules each operator on compute units (blue squares)
based on the available parallelism in the workload and the available
hardware on the platform. The infrastructure layer also leverages
dataflow information to manage an elastic data cache and optimize
data ingestion from data lakes. We start by presenting the data
processing layer (based on Maximus) in §3.1 and the declarative
infrastructure layer (based on Dandelion) in §3.2. §3.3 presents how
we connect the two systems and the end-to-end lifetime of a query.

3.1 Declarative Data Processing Layer

As a starting point, we assume that queries are written in standard
SQL. The data processing layer translates this query into a dataflow
graph, by using Maximus [27]. Maximus allows executing query
plans using different backends, which can run on heterogeneous
hardware like CPUs or GPUs. Maximus introduces the concept
of operator-level integration, which allows using operators from
different engines. This means that even within the same query plan,
Maximus can combine operator implementations from different
engines and execute them on different backends while taking care
of data transfers (e.g. CPU-GPU data transfers), conversions (e.g.
between different in-memory data formats) and resource allocation
(e.g. CPU and GPU memory pool, thread pools).

At the time of writing, Maximus supports CPU and GPU back-
ends. It integrates the CPU operators from Apache Acero [50] and
the GPU operators from RAPIDS cuDF [49]. In addition to operators
from third-party engines, Maximus also provides its own native
operators. Currently, the framework supports GPU and CPU exe-
cution of standard benchmarks like TPC-H [52], H20-G [23] and
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ClickBench [15] with a fully-integrated benchmarking and profil-
ing layer [28]. Its modular design allows Maximus to execute query
plans using various deployments. The deployment specification de-
fines the device type (e.g. CPU, GPU) and the engine type (e.g. Acero,
cuDF, Native) to be used during the execution. The deployment can
be specified at the operator level (for a more fine-grained control)
or at the query-plan level (in case we want to execute the whole
query plan using the same deployment specification.

Unlike in conventional database engines, in Maximus the opera-
tors are not necessarily local and can include calls to other systems,
following the principle of emerging composite engines that com-
bine and federate several underlying systems. These operators (or
sub-systems) are the ones to be invoked as serverless functions as
part of the runtime system.

Using dataflow graphs is, of course, not unique to Maximus and
can be found in several other systems such as Spark [63]. This is
an advantage for the design as it can be extended to such systems.
The new aspect is passing the dataflow graph — which contains
useful information (extracted from the query) about what data
needs to be ingested, intermediate results, and potentially statistics
or additional resources available like indexes — to a serverless
execution layer. A declarative, serverless infrastructure layer can
then leverage this information to optimize scheduling, placement,
caching, and data prefetching.

3.2 Declarative Cloud Infrastructure Layer

We use Dandelion [32] as an example of an elastic cloud platform
with a declarative interface, which exposes the dataflow of an appli-
cation (e.g., a database query) to the underlying execution system.
Dandelion executes applications expressed as direct acyclic graphs
(DAGS) of pure compute functions and communication functions.
Pure compute functions contain data processing layer code (e.g.,
query operator logic, e.g., a filter) while communication functions
are infrastructure layer code that enables interactions with external
storage services. Each function declares its inputs and outputs.
Figure 2 illustrates an example application that loads a set of ta-
bles from cloud storage, filters and groups the data, then performs
aggregation per group. On top, we show the application imple-
mented as a single function, as it would run on existing serverless
platforms like AWS Lambda. In the middle, we show the application
as a DAG of functions and on the bottom an example instantiation,
where five tables are fetched and the filtering produces two groups.
In the Dandelion DAG, an arrow between two functions represents
a set, which contains an arbitrary number of items. Each set is
associated with a parallelization keyword telling Dandelion how it
should parallelize over it items. The each keyword specifies that
each item can be processed individually, so Dandelion will spawn
a separate function instance for each item. In the example, the
downloading and filtering use the each keyword, as each file can
be downloaded and filtered independently. The key keyword tells
Dandelion to group items by keys, which are set by the previous
function, and to execute one function instance per key. This is used
for aggregation, as all items with the same key need to be processed
by a single function. Dandelion also supports the keyword all (not
shown in this example), which forwards all items in a set to a single
function instance. If a function has multiple input sets Dandelion
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Figure 2: Decomposing a cloud application into a DAG of
compute (green) and communication (blue) functions.

builds the cross product of the instances that should be spawned
per set. For example, a function with two input sets annotated with
each will execute once for each combination of items between the
two sets, or if the second set is annotated with key a combination
of each item in the first set and each group from the second. For the
key keyword, the user can also specify other join strategies like left,
right, inner and outer joins to replace the default cross join. The
platform can directly pass items of any size between functions with-
out relying on external services, like cloud storage. In our example,
Dandelion would parallelize downloading and filtering the input
tables by spawning one function instance for each input document.
Dandelion provides a simple domain-specific language to specify
these DAGs. It also provides a library of implemented communica-
tion functions, such as the HTTP Get function used in this example.
The explicit dataflow given by the DAG representation enables
the infrastructure layer to transparently optimize data movement
between functions and to/from external storage. Before executing
each function in the application DAG, Dandelion prepares a mem-
ory context for the function by pre-allocating a region of memory
and copying or mapping the function’s input sets and code into the
context leaving the rest of the region to be used for stack and heap.
Output items can be anywhere in the context, allowing the function
to allocate space for them on the heap or manipulate inputs in place.
The infrastructure layer can monitor the input data that each
query needs to ingest and decide which inputs to cache (see §5.2).
The Dandelion infrastructure layer can also optimize placement to
execute functions on hardware that is close to the function’s input
data. Dandelion can leverage specialized networking hardware un-
der the hood to maximize data transfer bandwidth between nodes
and/or pass data in-memory between functions that execute on
the same node. Additionally, the different parallelization keywords
in the DAG allow the data processing layer to communicate the
intended scaling behavior to the infrastructure layer, leaving de-
tailed decisions to the execution system for when more information
about the location and size of input data, intermediate results, and
hardware is available. We discuss intra-query elasticity in §5.1.
The infrastructure layer is also responsible for securely isolating
code and data (i.e., each function’s memory context) from different
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SELECT Name, Age, Country FROM basic.csv WHERE Age > 40
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Figure 3: An SQL query statement is first parsed and optimized into an abstract query plan (1). Next, using the deployment
specification, an engine-specific query plan is created (2) which for the Dandelion device is then translated into a Dandelion
query (3). Finally, a Dandelion composition is exported from the Dandelion query and sent to the runtime for execution (4).

tenants in shared cloud environments. Dandelion leverages the sep-
aration between pure compute and communication functions in the
application DAG to securely isolate untrusted data processing code
in lightweight sandboxes that boot quickly for high elasticity [32].
Dandelion enables sub-millisecond cold starts while maintaining
strong isolation guarantees. At the time of writing, Dandelion sup-
ports four different sandboxing mechanisms, including lightweight
VMs based on Linux KVM with no guest OS inside [32, 57]. These
lightweight VMs can boot in hundreds of microseconds as they do
not require the expensive initialization of an entire OS and network
stack, since pure compute functions do not need to call into the OS
during execution, as long as the cloud platform has pre-allocated a
memory region for the function where the function can read/write
inputs/outputs and intermediate state. Communication functions
consist of code implemented by the (trusted) Dandelion platform
and hence do not execute in sandboxes.

3.3 Interface Design

We now discuss how we integrate Dandelion as a cloud-execution
backend in Maximus and show how a query (Figure 3) goes from a
plan to an executable DAG of functions.

In a first step, Maximus parses and optimized the SQL query into
an optimized abstract plan. The plan is abstract in that it specifies
only the type of the operators (e.g. hash-join, filter, projection) but
does not yet contain the physical operators used to do the actual
computation. The deployment specification (see Section 3.1) further
defines the device type and the engine type to be used for execu-
tion. It can be set according to the configuration of the system, the
location of the data and the availability of resources. For simplicity,
we assume that in our example the device in the deployment speci-
fication for all abstract operators is set to CLOUD, thus all operators
are executed on Dandelion. In the more general case where the
abstract query contains operators deployed on different devices
(so only parts of the query are executed on Dandelion), the same

translation process is applied per sub-query of connected abstract
operators that all have the Dandelion deployment specification.

In a second step, Maximus instantiates the engine-specific op-
erator for each abstract one. Compared to common instantiated
operators, which are used to perform their operations on the corre-
sponding device during query execution in Maximus, the engine-
specific operators for the Dandelion engine are merely placeholders.
Apart from containing the translated operator options, they have
no additional functionality. The reason for this is that the Dandelion
runtime schedules its operator functions by itself, as opposed to the
other Maximus devices, where the Maximus executor takes care
of all the scheduling. As a result, instead of executing operators
individually on Dandelion, we send the entire (sub-)query to the
runtime and execute it as a single task.

After instantiating the (sub-)query of Dandelion operators, a
third step translates them into a Dandelion query. This step involves
mapping each Maximus operator to the corresponding Dandelion
one. While we map most operators one-to-one, readers are added
for table sources and writers are added for table sinks only if the
input and output data types of the query are different from the
internal Arrow format. Furthermore, the system derives for each
leaf operator whether the data is passed directly within the request
or needs to be fetched from a remote storage service. Similarly, the
system also determines whether the query output is stored on a
remote storage service or returned directly.

The fourth and last step involves generating a composition from
the Dandelion query. Each operator is implemented as a compute
function in Dandelion. Thus, exactly one compute function is added
to the composition DAG for each operator in general. One excep-
tion are source nodes that need to load data from remote storage. In
this case, we prepend a compute function to format the request and
a HTTP communication function to perform the data loading in
front of the operator. Similarly, if the output needs to be persisted in
a remote storage, we append the functions to do the storing. Each
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Figure 4: TPC-H query 1 executed with a scale factor of 0.01. Initially Dandelion loads each operator binary into memory before
execution (a). Preloading the operators on startup removes this latency (b). Using a zero-copy mechanism further reduces the
function setup overhead as data passed between functions no longer needs to be copied (c).

operator function expects an input set with a single item that con-
tains the operator options, an input set with an item that contains
the data schema, and an input set with one item per data batch. The
function is parallelized over the data batch items according to the
operator type. To aid parallelization, we can add splitter operators
that split batches into sub-batches. All data movement between
operators including broadcasting is done by the Dandelion runtime.

4 PRELIMINARY RESULTS

We now analyze the initial prototype using TPC-H queries 1 and 2.

Hardware Setup. We run the experiments on a cluster of three
Cloudlab d430 nodes. The first node hosts a Maximus instance, the
second one an instance of Dandelion, and the third node acts as the
remote storage service. Each node runs an Intel Xeon E5-2630 v3
CPU at 2.4 GHz clock speed with 8 physical cores over two sockets
and has 64 GB DDR4 RAM and 200 GB SSD storage. All nodes are
connected with 10 Gbps links and run Ubuntu 20.04.

4.1 Function Startup Optimizations

We start by evaluating our prototype system on a small scale factor
of 0.01 generating roughly 10 MB of total data. With so little data to
be processed, reducing the startup time of each operator function
is important to achieve low latency. Figure 4 shows TPC-H query 1
execution traces as we apply various optimizations.

In the least optimized case (Figure 4a), Dandelion loads each
function binary into memory before it is executed. This adds a
significant amount of latency when the data being processed is
minimal. We can eliminate that latency by explicitly loading every
operator binary into memory on startup. In the resulting system
(Figure 4b), the binary loading overhead is gone, but creating the
memory context of each function now amounts to a significant
portion of the total latency. The main reason for this is that the
system copies the function binary and each output set from the
previous function into the context of the new function. While the
function binary size is constant, the overhead from copying the
data sets also scales with the amount of data being processed, and
thus would remain an issue for larger scale factors. We solve this
problem by implementing a zero-copy mechanism in Dandelion.
Using this approach, the operator binary and the output sets are
copied into the consuming function’s context only when it accesses
the data using the page fault handler. However, due to the inner

workings of the HTTP communication function, zero-copying the
output sets coming from the network is not yet implemented, and
instead they are still explicitly copied into the new context before
the function execution. This is an aspect that can be easily optimized
in teh future. The resulting system (Figure 4c) has minimal context
creation overheads.

4.2 Processing More Data

We now increase the scale factor to 1, which amounts to roughly 1
GB of total data. As each operator processes more data, the startup
overhead becomes less important, and the latency is dominated by
the execution efficiency of the operators.

For query 1, which reads only the single largest table, the top
part of Figure 5 shows that the csv-reader now constitutes a large
portion of the overall latency. This is partly because Dandelion
needs to copy the entire network context from the HTTP function
into the reader context (blue part of the reader execution), as our
current implementation of Dandelion cannot yet zero-copy network
contexts. However, the main reason for the long execution time
of the reader is that Dandelion executes each function on a single
core. When the query is expressed with a single reader function,
the reader parses the file using only a single thread. We can im-
prove performance by increasing reader parallelism using multiple
invocations of the reader function, each working on its own chunk
of the input file. The resulting trace (bottom part of Figure 5) shows
a significant improvement in latency for data reading. In addition,
since every reader produces a separate output batch, Dandelion can
automatically parallelize the subsequent filter and projection oper-
ators. Each processes one of the output batches, further reducing
the overall latency.

We also compare the execution of query 2 with and without
reader parallelization in Figure 6. In contrast to query 1, which only
reads a single large table, query 2 loads and joins five smaller tables.
As a result, this query contains a lot of inter-operator parallelism.
Figure 6 shows how Dandelion makes use of this parallelism and
already starts processing the smaller tables while continuing to load
the larger ones. As in query 1, we see that parallelizing the reader
that processes the largest of the five tables significantly lowers the
end-to-end latency.

Currently, processing queries with large data is bottlenecked by
kernel lock contention that occurs when Dandelion demand pages a
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Figure 5: TPC-H query 1 with scale factor 1, with and without
parallelizing the csv_reader operator.

function’s memory context. We are implementing a custom memory
management mechanism to alleviate this bottleneck, which will
enable efficiently running queries with larger scale factors.

4.3 End-to-End Latency

Finally, we compare the end-to-end latencies when executing TPC-
H queries 1 and 2 with scale factor 0.01 and 1. Figure 7 shows the
latencies for scale factor 0.01 using the Maximus CPU backend as
a baseline which under the hood uses Acero [50]. Acero is a C++
library that implements common data processing operators that
take in (potentially multiple) streams of input data and output a
single stream of data. It is part of the Apache Arrow project [51].
Looking at the Dandelion latencies, we can clearly see the large
impact of preloading the operator binaries in memory and the zero-
copy mechanism that minimizes data movement between functions.
The resulting system shows ~1.9x slowdown for query 1 and ~1.5x
slowdown for query 2 in its current state. The additional latency
in Dandelion compared to Acero comes mainly from the need to
serialize the data between operators and the startup time of each
operator. In addition we send the query plan to a separate node
running Dandelion and need to retrieve the output result from the
remote storage.

Figure 8 shows the latencies for the same queries but processing
more data, with scale factor 1. For both queries, we observe that the
zero-copy optimization does not result in the same relative perfor-
mance gains as for the smaller scale factor. This is because copying
the data constitutes a smaller portion of the overall latency and
because the HTTP input sets for the reader still need to be copied
(as mentioned in Section 4.1). Parallelizing the reader significantly
improves query 1 latency, in turn leading to more parallelization in
the following filter and projection operators. For query 2, Dande-
lion achieves a lower latency than the baseline Acero backend. This
is because the Maximus Acero CPU backend loads all tables fully
before it starts executing the query plan. Dandelion, in comparison,
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Figure 6: TPC-H query 2 with scale factor 1, with and without
parallelizing the csv_reader operator.

starts processing the smaller tables while it is still loading the larger
ones (as seen in Figure 6).

On top of the zero-copy and parallelization optimizations, Fig-
ure 8 also shows the latency when base tables are cached in memory
(i.e., the outputs of the HTTP and csv_reader functions are reused)
using our simple caching implementation. This optimization is help-
ful when queries repeatedly read the same data. We discuss more
general caching support at the infrastructure layer in § 5.2.

5 CHALLENGES AND OPPORTUNITIES

Our early prototype provides a vehicle to explore opportunities in
co-designing composite data processing engines with declarative
cloud execution systems. We discuss ideas and research directions.

5.1 Elasticity

Data analytics workloads and their resource requirements vary
widely across days [53]. The highly distributed nature of the cloud
enables a wide degree of parallelism to optimize I/O in disaggre-
gated storage environments and scale computation within and
across machines based on the workload. But how should the data-
base engine decide the right degree of parallelism and the amount
of resources to allocate in the cloud?

Most data analytic services run the query engine on opaque, per-
tenant VM clusters, which are too slow to resize on-demand. Adding
or removing nodes incurs delays of at least seconds [2, 7, 9, 16],
whereas a recent analysis of the AWS Redshift fleet showed that
over 86% of queries execute for 1 second or less [53]. Some ser-
vices expose the query execution graphs to a multi-tenant compute
infrastructure to provide fined-grained elasticity [19]. However,
there are still considerable overheads (typically 100ms to 1s) for
sandboxing untrusted UDFs. Given the high load variance and short
execution time in modern data analytic workloads, the current level
of compute elasticity is not sufficient. As a result, cloud analytics
deployments often over-provision resources, which increases cost.
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Figure 7: Latencies executing TPC-H queries 1 and 2 with
scale factor 0.01 comparing native Maximus (Acero) and dif-
ferent Dandelion optimizations.

Opportunity. Inter- and intra-query elasticity. There is an op-
portunity to combine the advanced query optimization capabilities
of conventional engines with the system and resource optimiza-
tion capabilities of cloud infrastructure. An elastic platform like
Dandelion can dynamically scale cloud resources to run an arbi-
trary number of concurrent queries as well as parallelize individual
queries based on the number of data-independent tasks (Figure 9).
For each parallelizable operator, the Maximus engine can also insert
splitter functions into the DAG to partition its input into reasonable
sizes, and use the parallelization keywords (each, key) to instruct
Dandelion about the maximum degree of parallelism. By monitor-
ing hardware utilization and analyzing workload size, the platform
could automatically adjust the degree of parallelism with user-
provided optimization targets. This fine-grain elasticity is enabled
by co-designing a simple declarative interface between the query
engine and the cloud infrastructure.

We ran our initial experiments in Section 4 on a single node.
We are adding multi-node support in Dandelion to achieve greater
elasticity for running larger scale queries in the cloud.

Challenge. Which layer of the stack should decide the degree of
parallelism? In the cloud, parallel streams are often used to com-
pensate for limited bandwidth. An open question is whether the
query planner should decide the number of parallel data streams
(and specify this as part of the dataflow graph) or whether this
decision should be left to the underlying infrastructure, which can
decide based on the available capacity and create as many parallel
functions as needed to optimize data loading. The former approach
simplifies the system. The latter opens up more opportunities for op-
timization. Currently, the data layer extracts the base data accessed
by the query from the SQL statement and provides a mapping to
files in storage that contain the data. In this way, the data flow that
contains the query can state the data it needs in the format needed
by the infrastructure. However, this implies that the infrastruc-
ture layer has access to the catalog information with the metadata
mapping tables to files.

5.2 Caching

Relational engines heavily use caching to optimize overall perfor-
mance. Materialized views and incremental view maintenance are
well studied in the database literature for reusing expensive query
results. Prior work has also explored automatic, fine-grained cache
management for general data processing at data-center scale [22]
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and for web applications [18]. In a serverless setting, however, this
is more difficult and has led to several designs, typically based on
introducing a separate, ephemeral cache that the users explicitly
interact with (e.g. Anna KVS [61]). How caching should be automat-
ically applied for serverless data analytics is still an open question,
since the query execution is usually opaque to the cloud. With
our declarative engine-infrastructure interface, more sophisticated
cache designs become feasible.

Opportunity. Caching data across queries. When the infrastruc-
ture layer has visibility into each function’s declared input sets, it
can collect usage statistics and temporarily keep data in the mem-
ory of a particular machine. Dandelion can schedule a subsequent
function with partially cached inputs on the same machine so that
the data is read directly from memory, as shown in Figure 10. This
is feasible because the operator in a function no longer accesses
the data directly but declares what it needs and the infrastructure
fetches it. When the system recognizes that a query requests data
that has already been cached, it can reuse it instead of loading it
again. Since pure compute functions are deterministic with respect
to their inputs, the system can also cache intermediate results and
skip function execution when it detects that all inputs are the same
as a previous execution of the function. For example, after filter-
ing or projection, tables could be opportunistically kept around
when there is sufficient memory or storage capacity and reuse is
likely [48]. The exact cache insertion and eviction could be based
on runtime statistics, such as the duration since last used, overhead
to store the data, and compute resources to derive the data [22].

Challenge. Deciding what to cache, how to reuse, and when to
share? Many classical caching questions need to be re-evaluated
in this new context. When servers are processing requests from a
large number of different users, it becomes much harder to decide
which data is worth keeping around and how much capacity to
allocate to the caches. While caching a raw table might increase
the chances of another query seeing a cache hit, caching the result
after the filter operation might not lead to as many hits, but could
be much cheaper to keep around, offering an interesting trade-
off. Even if the cluster has cached input data for some operator
in a query on a particular node, the node holding the data may
not have enough resources to execute that operator immediately.
The cloud infrastructure should systematically decide whether to
delay the execution until there are available resources in the node
with cached data or schedule the operator in a different node by
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Figure 9: Elastic query processing: workloads are decomposed
into compute & IO tasks, and dynamically assigned resources.

transferring or repopulating the cached data. Another important
factor in deciding what data to cache is how many users may access
it. Some data is loaded from private buckets and needs to be kept
private, but functions may also access public data [21]. The benefit
of caching public data might be much higher, as it can be reused
across a larger number of users. Finally, since the query engine no
longer owns the data in a datalake environment and therefore no
longer knows when the data changes, the cloud infrastructure layer
must reload cached data after a stateless/time-to-live (TTL) limit
passes or compare data version metadata.

5.3 Heterogeneous Hardware

Very few data processing engines make use of the growing hetero-
geneity and specialization available in the cloud. For instance, GPUs
are becoming a viable option for relational data processing with
initial results indicating substantial performance gains [27, 40].
Opportunity. Leverage specialized hardware. The combination
of a library of operators used in a composite engine and its en-
capsulation in functions gives the infrastructure layer the freedom
to optimize scheduling by looking at runtime information about
the current system load, potential slow machines/devices, available
alternative devices for execution, etc. There is an increasing num-
ber of cloud centric tasks such as encryption and compression as
well as a proliferation of different data representations and formats
that often require to have filters and translation steps between the
storage and the initial operators. The number of choices for how to
execute these tasks on hardware platforms has also grown. TPUs,
DPUs, GPUs, smart NICs, and specialized processors for encryp-
tion, compression or other tasks are becoming pervasive and there
is a need to be able to take advantage of them to improve data
processing especially as CPUs lose the central role they have been
playing so far. Wrapping operators into functions as we envision
will make it much easier to evolve engines quickly to adopt new
hardware, add operators to query plans, and introduce new features
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by simply encapsulating specialized, new operators into functions.
While many decisions can be made by the query optimizer, the
exact availability of hardware may not always be known in ad-
vance and making decisions about which processing unit to use,
and whether to wait for an accelerator to become available or to
run on other hardware in the meantime is difficult. Fully optimizing
such queries requires an additional layer for runtime optimizations,
to complement regular query plan optimizations.

Challenge. Which layer decides on what type of hardware a
function will fun, e.g., CPU vs. GPU? If the hardware type is fixed
in the query plan, the runtime component cannot optimize the
choice depending on runtime information like the current load on
different available hardware devices. If the choice of hardware is
not specified in the query plan, the data layer component needs to
provide code for alternative but functionally equivalent functions
that the runtime can choose between when deciding where to run
an operator. Is query optimization possible when steps of the plan
are open to different instantiations and might induce different data
movement? This is an open question to explore.

5.4 Beyond Relational SQL

Users increasingly write data processing workflows that combine
relational data operations with arbitrary user-defined logic, includ-
ing machine learning and other complex transformations.
Opportunity. Leverage platform level isolation. Performance is
often obtained through batching and efficiency through sharing re-
sources across users. Doing so for relational operators is understood
to a certain extent, but it becomes more complex with the prolif-
eration of User Defined Functions (UDFs). A common approach
used today to facilitate implementation and enforce isolation is
to execute UDFs as serverless functions in isolated sandboxes like
MicroVMs (e.g., as done in AWS for Athena [4]). This is expensive,
as data needs to be transferred between the cluster running the
query engine and the cluster running the serverless functions. Our
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proposed system supports isolation at the function granularity and
can enforce or relax the degree of isolation as needed, since Dan-
delion supports different isolation mechanisms (e.g., lightweight
VMs [57], processes, or r'Wasm modules [12]). As a result, we can
allow arbitrary user-defined logic without the need for a separate
system while still maintaining performance isolation and security
guarantees. The function just needs to be registered before it can
be added to the compositions.

Challenge. While the ability to isolate functions from each other
or to enable them to share data is available, it raises the question
of how should the system know when to do one or the other. An
option is to require the developer to introduce hints or to derive
access controls from the structure of the task at hand. This can be
as simple as all functions within a DAG or all DAGs from a single
user can share data. An alternative is to infer access control rules
from users, extrapolate those to the executed DAGs, and then use
that information to decide on sharing and placement decisions (as
well as access to cache data).

6 RELATED WORK

Declarative systems. The notion of building declarative systems
has been suggested in different contexts, e.g., in declarative net-
working [38], cluster management [47] but also for streaming and
distributed systems [14], or cloud programming [13, 17, 30, 31, 37].
All these approaches advocate using higher level abstractions and
specifications for defining different aspects of a system rather than
requiring the developer or user to describe every step of the pro-
cess in question. By doing so, the system becomes easier to use and
program while also opening the door to optimization opportunities
that individual users are most likely unable to implement them-
selves. The vision we put forward in this paper follows a similar
approach for cloud analytics, but end-to-end: take advantage of
the declarative nature of data processing and translate/exploit it to
configure and optimize the underlying runtime infrastructure.
Data processing in the cloud. One can argue that systems
such as a Spark, Presto, or Hive are already declarative. However,
their declarative nature is limited to the scope of the analytics en-
gine. The engine has no visibility into the underlying infrastructure,
runtime information, or hardware availability. As a result, they can
only optimize performance within the scope of their abstracted exe-
cution model. This is reflected in their limited elasticity [2, 7, 9, 16]
and current extensions that cloud providers have built to improve
orchestration and efficiency. Google’s Lightning Engine with In-
telligent Data Access [20] is designed to improve serverless Spark
performance with a vectorized query engine and hot data caching.
Similarly, AWS’s EMR Serverless Local Storage [5] was designed
to optimize the data exchanges caused by Spark’s model. These
attempts essentially try to work around the missing cross-layer
information by extending the cloud layer with heuristics, caching,
and storage mechanisms in order to adapt to the application needs.
However, although such efforts improve performance, their scope
remains limited. Replacing Spark with an optimized version of
Apache Gluten [45] and Meta’s Velox [42] does not address the
fundamental limitation behind the opaque interface between the
query engine and cloud infrastructure. Some of these systems also
introduce additional limitations. For instance, Microsoft Azure on
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Serverless Spark relies on Azure Synapse, which leads to starting
times of 3 to 5 minutes for the whole infrastructure [39].

Databricks Lakeguard [21] extends Spark with Spark Connect,
which they leverage to implement serverless Spark with multiple
users on a shared cluster. This is done by splitting queries into
operators that run on trusted executors and operators that need to
be isolated, like UDFs. Trusted and sandboxed executors of different
users can run alongside each other in clusters managed by the
Databricks cluster manager. In contrast to the system we propose,
the cluster manager relies on statistics collected from previous
queries and machine learning predictions to try to find the optimal
number of executors a query needs to run on. However, there is
no flow of information about the runtime environment and Spark
Connect uses the serverless platform as a generic backend.

There are also query engines built atop unmodified cloud func-
tion services (e.g., AWS Lambda) using various techniques to work
around the limitations of those serverless platforms and therefore
leverage the inherent scalability of serverless. Examples include
Starling [43], Lambada [41], and Boxer [59]. All these systems try
to optimize execution by incorporating (static) knowledge of the
platform in to the engine (such as how to optimize data exchanges,
spawn many functions efficiently, or facilitate networking) but they
do not incorporate any runtime information.

We argue that redesigning the interface between the query en-
gine and the cloud infrastructure to enable simultaneous reasoning
about the workload semantics and the runtime environment will
make it easier to implement what cloud vendors try to provide in
their platforms.

Cache management. Most distributed query engines provide
caching for base tables, which are obtained from self-managed file
systems (for data warehouses) or remote storage services (for data
lakes). Amazon Redshift deploys a result cache to speed up highly-
repetitive queries [53]. It can also push down filter and aggregation
sub-queries of S3 files into multi-tenant Spectrum nodes and cache
these intermediate results [7]. Some engines, like Spark, support
manual caching of arbitrary intermediate results by calling library
functions or creating a materialized view, but they cannot directly
generalize to a serverless setting, where the memory or storage for
caching should be provisioned independently of the resources for
query execution. Cloud services like Google’s Lightning Engine
also support caching. Our proposal is to make caching more precise
by enabling the data processing layer to provide information about
what data is being accessed and what data can be shared, rather
than inferring it from the I/O patterns.

7 CONCLUSIONS

In this paper, we propose for query optimization to go beyond
query plan optimization by including optimizations at the cloud
infrastructure layer. We outlined how this could be done by combin-
ing a composite data processing engine with an elastic, declarative
cloud execution system. Our initial prototype provides a founda-
tion to explore many open questions, including how to automate
elastic scaling based on workload characteristics and dynamic hard-
ware availability, which data to cache with a global view of data
movement within and across queries, and how to schedule query
execution across heterogeneous hardware.
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