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ABSTRACT
Database systems are increasingly expected to support evolution
in data workloads, representations, and hardware environments.
Existing designs often respond through either specialization, which
can deliver high performance but leads to narrow and brittle sys-
tems, or extensibility, which broadens functionality but can produce
opaque extensions and growing system complexity.

This paper summarizes a line of work that treats future-proofness
as an abstraction-design problem: we identify boundaries across the
data processing stack where concerns must evolve independently,
and design interfaces that preserve enough structure across that
boundary for optimization. We illustrate this at three levels of the
stack. At the level of data structures, Sortledton unifies analytics,
pattern matching, and transactional updates on a single graph rep-
resentation. At the level of data formats, AnyBlox allows engines
to read datasets that provide sandboxed self-decoding logic, reduc-
ing the need for bespoke readers. At the level of query processing,
LingoDB and its declarative sub-operator layer recast query op-
timization as a sequence of extensible compiler passes, enabling
cross-domain optimization and hardware-specific lowerings.
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1 INTRODUCTION
Designing data systems that can robustly evolve with changing
workloads and hardware environments is becoming increasingly
difficult. Modern systems are already under strain with the range of
features they can offer and support. At the same time, users increas-
ingly prefer open data formats, federated architectures and modular
infrastructures that allow data and processing engines to evolve
independently. These trends are accompanied by a rapidly changing
hardware landscape, ranging from heterogeneous processors and
accelerators, to new memory technologies and fast interconnects.

The conventional responses are specialization and extensibility.
A traditional monolithic system design can provide extension points
allowing for new features to be added through local interfaces or
black-box extensions, but it could likely lead to a highly complex
and bloated system, which is then difficult to maintain and debug.
Alternatively, one could aim for specialization that can deliver
excellent performance, but result in a multitude of narrow systems
that are difficult to evolve and adapt. Designing future-proof data
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systems therefore requires more than adding extension points or
accumulating specialized implementations [22].

The central thesis of our work is that future-proofness is an
abstraction-design problem. A system cannot anticipate the na-
ture of future workloads, how data formats will evolve, or what
hardware platforms will look like in a few years from now, but it
can define boundaries that let these concerns evolve independently
while preserving the information needed for efficient execution.
The goal is not to avoid specialization, but to derive it from abstrac-
tions that expose the right structure to optimizers, compilers, and
runtimes so the system remains performant yet robust.

We demonstrate this methodology at three layers of the data
processing stack. We first study the boundary between workloads
and physical data structures through Sortledton [10], a univer-
sal transactional graph data structure (§3). We then consider the
boundary between data formats and processing engines through
AnyBlox [12], a framework for self-decoding datasets (§4). Finally,
we discuss the boundary between computational semantics and
physical execution through LingoDB [33], its open intermediate
representations and extensible optimization and compilation frame-
work [23], and the declarative sub-operators [21] (§5). Together,
these projects show how carefully chosen abstractions can make
systems more adaptable without giving up performance.

2 BACKGROUND AND MOTIVATION
Future-proof data systems must respond to change stemming from
two concurrently moving tectonic plates (fig. 1): evolution of the
application’s workloads and requirements (§2.1) and the hardware
environment they run on (§2.2). Database systems already lever-
age a broad set of mechanisms to address each plate individually
– user-defined functions, plug-in architectures, standardized data
representations, and hardware-specific kernels among others. The
difficulty, which we discuss in §2.3, is that these mechanisms typi-
cally expose interfaces that are local rather than semantic: they let
a system add functionality without necessarily allowing the rest of
the system to reason about, optimize or re-target.

2.1 Changing usage requirements
Traditional database systems were designed around comparatively
stable assumptions: structured relational data, well-defined schemas,
and a limited set of transactional and analytical workloads. Modern
applications increasingly break these assumptions. They combine
multiple forms of computation within the same pipeline, such as
relational analytics, graph processing, ML inference, user-defined
functions, and domain-specific transformations. As a result, the
system can no longer assume that all relevant computation is ex-
pressible through a fixed set of relational operators.

Data usage changed as well. The same dataset may be accessed
by a database engine, a data-lake distributed query engine, or an
ML framework. Users therefore expect data to remain portable

4965

https://doi.org/10.14778/3827998.3838711
https://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:info@vldb.org
https://doi.org/10.14778/3827998.3838711


Usage Plate
new workloads, domains, data models, and input formats

Environment Plate
new hardware, memory hierarchies, and deployment models

change

change

existing
systems

future-proof
abstractions

Figure 1: Future-proof data systems must bridge changes in
both usage requirements and execution environments.

across systems and increasingly prefer open formats [1, 3, 4, 50],
federated setups and modular infrastructure [29, 38] relying on
standardized data exchange formats [48, 49]. This weakens the
traditional assumptions that one system controls both the data
representation and all the computations performed over it.

These trends expose a central limitation of conventional extensi-
bility. Adding a new function, format reader, or an operator may
solve an immediate problem, but the added functionality is often
opaque to the rest of the system. The optimizer may not understand
the semantics, the execution engine may not be able to reorganize it,
and other systemsmay not be able to reuse it. Future-proofing there-
fore requires abstractions that allow new workloads and data rep-
resentations to be incorporated without turning them into isolated
special cases that just bloat the system’s internal complexity [22].

2.2 Changing Execution Environment
Even if workloads remained fixed, the execution environment is
changing rapidly. Modern systems must exploit tile-based multi-
core CPUs, accelerators (e.g., GPUs, DPUs, FPGAs, PIM), hetero-
geneous memory (e.g., HBM, nv-ram), fast interconnects (NVLink,
UALink, RDMA, CXL) and increasingly disaggregated resources. In
cloud settings, performance depends not only on local operator effi-
ciency, but also on placement, scheduling, materialization , spilling
and data movement across resource boundaries.

This volatility makes hard-coded physical implementations in-
creasingly brittle. A specialized operator implementation may be
highly efficient on one hardware generation, but difficult to re-
target to another. Similarly, a storage or execution strategy tuned
for a single-node in-memory system may not naturally translate
to a disaggregated or accelerator-based environment. Rather than
solely relying on implementations tailored for today’s hardware,
we should design systems that can abstract away the semantics of
the computations from the specifics of the hardware platforms.

Prior work has addressed parts of this problem through code-
generation [35, 36], compilation frameworks [11, 16, 23, 34], vec-
torized execution [53], hardware-specific kernels [17, 24, 25], and
adaptive runtimes [14, 40]. Yet, the same tension remains: if the
abstraction is too high-level, it hides the state and the data ac-
cess patterns needed for efficient execution; if it is too low-level,
it loses the semantic structure needed for optimization and porta-
bility. A future-proof data system must therefore expose enough

information for compilers and runtimes to specialize execution,
while decoupling the semantic meaning of the computation from
the hardware-specific implementation choices [21, 31].

2.3 Limits of local extension points
Specialization and extensibility are the conventional responses to
these trends, and both are necessary – but the tight coupling they
typically induce limits how independently the individual systems
components can evolve while ensuring the end-system remains
performant and maintainable.

A graph representation optimized for static analytics may not
support dynamic updates or pattern matching queries. A query en-
gine that implements file format readers internally must be changed
whenever the formats evolve. An operator implementation for one
hardware must be rewritten for another. Left unaddressed, this cou-
pling produces systems that are performant locally, but increasingly
difficult to maintain and adapt as a whole.

Over the past several years, our research group has tackled this
tension by treating future-proofness as an abstraction-design problem.
In the following three sections we examine how we have addressed
it at three specific boundaries across the data processing stack.

3 FUTURE-PROOFING DATA STRUCTURES
The first boundary that we investigated was between workloads
and physical data representations. Ideally, applications should not
need to deal with customized data structures (or systems) for each
workload they need to serve. This would avoid duplicating data and
its costly transformations, especially when working with dynamic
datasets and application logic that needs to run analytics over it.

This problem was particularly noticeable in graph processing.
Graph workloads are highly diverse and used widely across do-
mains: from live recommendation systems [15, 44] to real-time
fraud detection [43]. And many of these applications increasingly
need to combine different graph computations – from analytics
that perform complex, macro-level computations like PageRank to
graph traversals or highly specific subgraph searches performing
graph pattern matching. These computations are performed on
datasets that can be highly dynamic, requiring up to millions of
edge insertions per second [44].

Building a system that can efficiently process a diverse set of
graph algorithms over dynamic datasets remained an open problem
for a long time [30]. It was attributed to the conflicting requirement
of the individual computations: analytical algorithms benefit from
compact layouts and fast sequential scans over neighborhoods;
graph pattern matching needs data to be sorted to enable fast in-
tersections; whereas transactional workloads require support for
efficient updates, concurrency control, and the ability to observe
a consistent, up-to-date view of the graph. Historically, these con-
flicting requirements have encouraged the design of specialized
systems with customized graph representations, each optimized for
a particular workload class or at least two out of the three. For exam-
ple, most prior work had either focused on static graphs [26, 45] or
chose not to support pattern matching when operating on dynamic
ones [9, 27].

Instead of focusing on complete workload-specific optimizations,
we looked into the key memory access primitives and ranked them
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Figure 2: Sortledton’s vertex index points to sorted arrays
for low-degree vertices and to an unrolled skip list of sorted
blocks for high-degree hubs.

by their relative importance. We argue that this way one can pre-
serve flexibility at the level where change (or the differences) are
most likely to occur, leading to a more future-proof solution for
wider workload mixes.

In the specific case of graph processing the memory patterns
that we investigated were: (1) sequential neighborhood access –
reading through the list of edges connected to a specific vertex;
(2) algorithm-specific property access – reading or writing helper
properties (PR scores or BFS distance scores); (3) sequential- and (4)
random-vertex access. The core insight was whether to do per-edge
or per-vertex optimizations. In contrast to traditional read-only
static formats like the Compressed Sparse Row (CSR) that opti-
mized for both sequential vertex and neighborhood accesses, we
observed that per-edge patterns (neighborhoods or algorithm spe-
cific property access) dominate performance and should thus be
prioritized over access patterns that occur once per vertex (sequen-
tial or random vertex accesses).

Sortledton realizes this through a dynamic adjacency-list design
based on sorted, block-based neighborhoods that is better suited for
dynamic workloads and significantly simpler to build and maintain
(see fig. 2). More specifically:

• To optimize for scan performance, the neighborhoods are
broken into large contiguous memory blocks (block-based
unrolled skip lists) allowing the CPU to scan the edges
almost as fast as a linear memory array.

• To enable fast intersections, the neighborhoods are stored
in sorted arrays. This allows for fast binary search merges
and quick intersections.

• To support efficient changes, we rely on pointer-linked
adjacency lists (with an index). Unlike CSR, which requires
big data movements upon insertion, here changes are local.
New edges are simply inserted into localized skip-list blocks,
allowing up to 5 million updates per second.

Sortledton achieves this without incurring large performance penalty
(within 1.22x of static CSR) while maintaining full, real-time update
capability with transactional consistency.

In the broader context of future-proof data systems, Sortledton
shows that workload evolution can sometimes be absorbed at the
data-structure layer by choosing the right access abstraction. Rather
than maintaining separate graph representations for analytics, pat-
tern matching, and updates, the system can specialize around stable
graph-access primitives. This makes changes in the workload mix
less likely to require a new physical representation or another copy
of the graph. We next discuss how to broaden the question to the
boundary between arbitrary data formats and processing engines.

4 DATA FORMATS
Data management has increasingly moved away from one of the
core assumptions of traditional database systems: that data is stored
and consumed primarily within a single, vertically integrated sys-
tem. Classical systems typically relied on proprietary storage for-
mats and highly customized execution engines. Today, data is in-
creasingly stored in open formats, shared through data lakes, and
accessed by multiple processing engines. Users expect to move be-
tween databases, analytical engines, ML frameworks, and domain-
specific tools and libraries. At the same time, many scientific com-
munities continue to rely on specialized formats tailored to their
data (e.g., particle physics [7, 13], bioinformatics [8], geo-science).

This shift improves portability and user autonomy, but it also
creates a new systems problem. Oncewe allow data formats and pro-
cessing engines to evolve independently, every engine that wants
to consume a format must implement and maintain a dedicated
reader for it. With 𝑁 systems and𝑀 formats, this creates an 𝑁 ×𝑀

implementation and maintenance problem. As a result, new en-
codings and layouts that offer better performance or compression
ratios see limited adoption because integration requires substan-
tial engineering effort. Domain-specific formats struggle to gain
traction outside of their communities because mainstream engines
do not support them. Existing formats, in turn, risk ossification as
extending them requires changes across many systems.

4.1 Need for an abstraction
The underlying issue is again one of abstraction. A processing sys-
tem should not need to be modified whenever a new encoding,
layout, or format-specific optimization is introduced. Conversely,
data producers should not be forced to choose only those represen-
tations that current engines already support or can parse efficiently.
A future-proof boundary between data and systems must therefore
decouple the format evolution from engine implementation while
still preserving direct and efficient access to the underlying data.

At first, these goals appear difficult to reconcile. Hiding format
internals suggests introducing an abstraction layer between the
data processing system and the data. Yet, direct file access and data
sharing are important because they avoid unnecessary data copying.
The key question is where the format-specific decoding logic should
reside. Placing it inside the engine recreates the 𝑁 ×𝑀 problem;
placing it in an external service weakens direct access. The insight
behind our proposal is to bundle the decoder with the data itself. In
other words, datasets should be able to decode themselves.

However, realizing this abstraction without performance penal-
ties and in a safe way raises several systems challenges:
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• portability: the decoder must be portable across different
data processing platforms;

• security: the decoder should be sandboxed so that exter-
nally supplied decoding logic can be executed safely;

• performance: the integration should be efficient not to
negate the benefits from the specialized encodings;

• extensibility: formulating the decoding should be extensi-
ble to support the development of future encodings.

Below, we discuss howwe have addressed themwith our framework
AnyBlox [12].

4.2 AnyBlox
A central design decision in AnyBlox is that it explicitly avoids
imposing a new universal data format. Instead, it provides a frame-
work that can be integrated with existing formats, new ones, or
even existing datasets (e.g., coming from a scientific community).
The abstraction consists of a decoder representation, an interface
through which the decoded data is returned to the engine, and the
metadata describing the dataset (see fig. 3).

To satisfy the four requirements listed above, AnyBlox uses Web-
Assembly (Wasm) as a portable and sandboxed execution environ-
ment. Wasm is a highly portable, platform-independent instruction
set that any engine can execute immediately regardless of its under-
lying hardware. To decouple the engine’s internals from individual
datasets, AnyBlox provides a rigid, minimal API through which
engines access decoded data, without requiring them to know how
that data is compressed or organized. A database engine would
simply just call the API functions (e.g., decode_batch()) and the
embedded Wasm decoder will handle the rest. To ensure minimal
performance overhead AnyBlox allows the sandboxed decoder to
share memory space directly with the host engine’s buffer pool,
avoiding expensive data serialization and copying overhead. Finally,
by running these decoders in strict Wasm sandboxes the decoder is
given access only to its own encapsulated file block and the specific
memory buffer assigned by the host database.

From the perspective of future-proof data systems, AnyBlox
addresses the coupling between data-format evolution and query
engine implementation. It allows formats to improve with new
layouts, encodings and domain-specific representations without
depending on each engine to adopt them manually. This is also
useful for open science and reproducibility, because the decoder
used to interpret a scientific dataset can remain available with the
dataset itself. At the same time, it allows data processing systems
to access a broader range of datasets without bloating with a wide
collection of bespoke readers. Any system that supports the Any-
Blox interface can securely and efficiently read any dataset that
provides a compatible decoder.

Looking beyond, open data ecosystems require more than just
open file/table formats. They also require abstractions that allow
the interpretation of data to evolve with the data itself.

5 EXTENSIBLE QUERY PROCESSING
As a next level of the data processing stack we look at the boundary
between computational semantics and physical execution within an
execution engine. We argue that now is the right time to reconsider
the system abstractions so that data processing engines can easily

Figure 3: AnyBlox executes a dataset’s bundledWebAssembly
decoder in a sandboxed runtime and returns decoded Arrow
batches through a format-independent interface.

adapt to different and emerging workloads and can run efficiently in
any type of hardware environment, today and in the future. These
abstractions must be expressive enough to represent both relational
and non-relational logic, structured to support optimization and
reasoning, and low-level to expose the information needed for
efficient execution on modern hardware.

To achieve that we have to solve two relevant problems: First, to
represent computations beyond relational algebra without turning
them into optimizer-invisible black boxes we propose opening the
query engine through extensible intermediate representations. Sec-
ond, to efficiently map these computations to changing hardware
without custom re-implementations for every platform, we intro-
duce declarative sub-operators as a lower-level abstraction that
expose state and data access for hardware-conscious optimizations.
This way we can separate computational intention from hardware-
specific implementation.

5.1 Reasoning beyond relational algebra
Traditional query engines are built around tightly integrated com-
ponents such as query optimizers, operator implementations, and
execution backends. This organization works well when work-
loads consist of predominantly relational queries over known data
types. However, it becomes limiting when applications embed user-
defined functions, ML inference or graph computations inside data
processing pipelines. When this logic is represented as an opaque
function call, the system may execute it, but it cannot optimize it.

Our work addresses this by adopting a compiler-centric design
that decomposes the system’s functionality. We generalize the con-
cept of query representation and optimization so it can capture both
relational and non-relational (e.g., imperative and domain-specific)
logic, and enable reasoning and optimization across the traditional
system boundaries. More specifically, in our LingoDB design [23]
we use open representations (OpenIRs) that can also be combined
with other intermediate representations from neighboring domains
and we implement query optimization as a series of compiler passes.

Our open intermediate representation of relational operators
allows arbitrary computations to be embedded within query plans.
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Figure 4: LingoDB’s declarative sub-operators layer separates
computations over explicit state from their hardware-specific
imperative implementations.

For example, a selection operator can be parameterized by a func-
tion that consumes a tuple and returns a Boolean value. Because
the function itself is represented in the compiler IR, it may contain
arbitrary computation, including user-provided logic such as ML
inference. For instance, a trained linear-regression model used as a
query predicate can be represented in the same IR as the surround-
ing query, so the same constant-folding and simplification passes
that optimize ordinary arithmetic also collapse the inference call
into a single inlined inequality — turning what would otherwise be
an opaque function call into an expression the optimizer can push
down into the scan like any other predicate.

To enable systematic reasoning about such computations, we re-
formulated query optimization as a collection of extensible compiler
transformation passes. Standard compiler optimizations, domain-
specific rewrites, and relational transformations can then be inter-
leaved and combined to optimize the full computation. This way
we can enable reasoning about non-relational logic and support
more sophisticated cross-domain optimizations.

For a unified IR that can represent not only native operators, we
propose to use a general but modular compiler (e.g., MLIR) and ex-
tend it with domain-specific concepts such as relational operators.
Thus, imperative code is natively supported and new domains that
often already have support in compiler frameworks can be easily
represented as well. This allows for implementing (high-level) op-
timizations for new domains, and cost-based optimization passes
(e.g., operator reordering) can be supported through passes that
access the relevant metadata and statistics.

This approach makes the system more future-proof because
it separates the evolution of workloads from the fixed structure
of the query engine. As new user requirements emerge, such as
hybrid relational-vector queries or pipelines that combine SQL with
Python-based logic, users and system developers can introduce new
representations and transformations without rebuilding the engine
around each workload class. The optimizer becomes an extensible
framework for reasoning about computation rather than a closed
component limited to working with a predefined set of operators
and transformations.

5.2 Decoupling semantic logic from efficient
implementation on modern hardware

The second challenge is to execute these computations efficiently as
hardware evolves. Modern systems must exploit increasing paral-
lelism with CPUs while also adapting to accelerators with different
programming models and execution constraints (e.g., GPUs, DPUs,
FPGAs or processing-in-memory) and existing or emerging high-
bandwidth interconnects (e.g., RDMA, CXL, NVLink, UALink).

If each high-level operator must be re-implemented for every
new hardware target, the system quickly becomes difficult to main-
tain. A future-proof execution engine needs an abstraction that
decouples the semantic specification of a computation from the
mechanisms used to execute it efficiently on a particular hardware
platform (see fig. 4).

We propose declarative sub-operators as such an abstraction [6,
21]. Sub-operators decompose complex operators and dataflows
into smaller building blocks with simpler semantics that expose
how computations interact with data and state. Unlike high-level
relational operators, they make relevant algorithmic structure like
state, control-flow and data-structure interactions visible. Unlike
imperative low-level code, they remain declarative enough for the
compiler and runtime to transform, optimize and re-target. They
strike a balance between expressiveness and optimization potential
on novel hardware.

The abstraction has three key characteristics:

• First, it makes state explicit rather than hiding it inside
operator implementations.

• Second, it provides explicit, though restricted control flow,
making it possible to express a broad class of algorithms
and dataflows.

• Third, it remains declarative, separating the semantics of
the sub-operators from the concrete implementation and
execution model.

This allows the same logical computations to be optimized differ-
ently for different hardware environments.

Exposing algorithms and state in this way enables the compiler
to reason about physical execution choices that are otherwise inter-
twined in hand-optimized operators. On multicore CPUs, the sys-
tem would auto-parallelize the code carefully tuning for the cache
hierarchy and the critical synchronization points [21]. On GPUs, it
may instead focus on reducing control-flow divergence, fine-tuning
the parallelization on multiple levels of the cache hierarchy, and or-
ganizing memory access to better exploit high-bandwidth memory.
In disaggregated environments, explicit state and access patterns
could allow the runtime to reason about data placement, movement,
materialization and spilling [2, 28].

Future-proofing in this context means that hardware-specific
specialization remains possible, but is derived from a reusable rep-
resentation rather than manually encoded into every operator. As
new architectures emerge, the system can introduce new lower-
ing strategies, scheduling policies, or runtime placement decisions
beneath the same semantic abstraction. The core engine therefore
does not need to be rebuilt for each new platform. Instead, it can
adapt by extending the compiler and runtime mechanisms that map
the declarative sub-operators to a suitable physical execution.
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This principle has also found validation at industrial scale: Mi-
crosoft Fabric’s CoddSpeed [19] similarly introduces a minimal
hardware-agnostic abstraction layer that routes query fragments
to various accelerators (e.g., GPUs, FPGAs, and ASICs) without re-
quiring changes to existing SQL workloads or the query optimizer.

Together, the open intermediate representations, treating the
optimizer as compiler passes, and the declarative sub-operators
pave the way toward query engines that can evolve along the two
tectonic plates at once: they incorporate new forms of computation
because the optimizer is no longer restricted to relational logic
alone, and they adapt to new hardware because implementation is
decoupled from semantics.

6 DISCUSSION: DESIGN LESSONS
Across these projects, future-proofing follows a similar design pat-
tern. We identify a boundary where systems are forced into brittle
specialization, duplicated functionality, or pairwise integration; we
determine which information should remain visible for efficient
execution; and we introduce an abstraction that allows independent
evolution without hiding the structure needed for optimization.

First, future-proof abstractions should expose stable access prop-
erties rather than encode complete workload-specific solutions.
Sortledton demonstrates this at the data-structure layer: instead
of building customized representations for a subset of analytics,
traversals, pattern matching, and transactions, it identifies the core
graph-access patterns shared across these workloads and proposes
a design focused on the patterns.

Second, future-proof abstractions should move volatile function-
ality to the side of the boundary where it naturally evolves. AnyBlox
demonstrates this for data formats: decoding logic evolves with the
data rather than being repeatedly implemented inside each engine.

Third, future-proof abstractions should preserve semantics long
enough for optimization, while deferring physical decisions until
the execution environment is known. LingoDB’s open compilation
and optimization stack and the declarative sub-operators demon-
strate this for query processing and execution: high-level semantics
of the computations remain visible to the compiler passes for opti-
mizations, while hardware-specific specialization is derived through
lowerings and runtime decisions.

These lessons also clarify what future-proofness does not mean.
It does not mean avoiding specialization, nor does it mean building
one system that anticipates every future workload or hardware
platform. Rather, it means designing system boundaries so that
specialization can be introduced locally, systematically, and without
restructuring the system core.

7 PRIORWORK
The vision of future-proof data systems builds on a long line of work
on extensible and modular data management. Extensible database
systems such as PostgreSQL [47] and Starburst [32] showed early
on that systems should support new data types, access methods and
operators. Modern engines like DuckDB [39] continue this tradition
through plug-in architectures and native extensions (e.g., pg_vector,
duckpgq). These mechanisms are essential for broadening system
functionality, but they often rely on system-specific code paths and
may expose limited semantics to the optimizer.

User-defined functions and embedded general-purpose languages
address the need for more expressive application logic. Procedural
extensions (e.g., PL/SQL, PL/pgSQL, SQL/PSM) can be analyzed [18,
41, 46] but are often restrictive and not user-friendly. General-
purpose languages (e.g., Python, Java, C++) are expressive but
commonly opaque to database systems and notoriously difficult to
optimize [20]. Similarly, dataflow frameworks and common run-
times expose useful primitives for large-scale computations [51, 52]
and can often optimize across libraries and domain borders [5, 37].
But, computations outside their recognized operators or libraries
can still remain black boxes to their optimizer/runtime.

Recent modular systems [29] and standardization efforts in-
cluding reusable execution engines [38], intermediate represen-
tations [48] and in-memory data exchange formats [49] have made
it easier to compose components and share functionality across
systems. Hardware-conscious systems [14, 53], code generators [35,
36], and accelerator-specific kernels [24, 42] have shown howmuch
performance can be obtained through specialization. Our work is
complementary to these efforts. It asks how the abstractions at
key system boundaries should be designed so that extensibility,
modularity and specialization remain compatible with optimization
and long-term evolution and maintenance.

8 CONCLUSION
In this paper we argued that future-proofness is not a property a sys-
tem achieves once, but rather a system design principle. Each time
workloads or hardware changes, the question becomes whether
that change can be absorbed by an abstraction that already exists,
or if it requires a new one. With the three cases across the sys-
tem stack we described our approach: locate the boundary where
change entails duplication, decide which information has to pass
the interface, and move the volatile aspect to the side where it
naturally evolves. In the near future, we expect pressure on both
plates to grow. For example, cost models would need to reason
also across domains, and memory hierarchies and accelerators will
continue to diversify the deployment environment. We hope the
abstraction-design perspective developed here offers a useful lens
as the community confronts the next wave of challenges.
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