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Abstract. Modern data management systems are increasingly assem-
bled from specialized software components such as query optimizers, ex-
ecution engines, and storage backends. They must also adapt to varia-
tions in available hardware resources, including accelerators, and to the
availability of external analytical services. This composability is usually
exploited for extensibility and performance. We argue that it should also
be exploited for resilience. When resources become scarce, services dis-
appear, or hardware capabilities change, a data system should be able
to reconfigure itself and continue to deliver useful answers rather than
fail abruptly. The difficulty is that reconfiguring a software component,
changing an execution plan, or switching an execution backend may
silently change the meaning of the computation. This paper presents a
vision of semantics-aware resilience in composable data systems, in which
a contract-guided resilience layer couples dynamic reconfiguration with
semantic contracts. These contracts classify substitutions as exact, con-
ditionally equivalent, or approximate with explicit bounds, and thereby
turn resilience into controlled degradation rather than best-effort fall-
back. We discuss the main research challenges in contract design, multi-
objective decision-making, benchmarking, and mechanically checkable
substitution conditions.

Keywords: Composable data systems · dynamic reconfiguration · re-
silience · controlled degradation · formal semantics

1 Introduction

Digital infrastructures are increasingly exposed to disruptions that are not excep-
tional corner cases but recurring operational conditions: energy pressure, cooling
limitations, partial hardware failures, network degradation, and service with-
drawal. They must also cope with heterogeneous and sometimes ageing equip-
ment. Resilience, understood as the ability to preserve useful service under ad-
verse conditions, is therefore becoming a primary system’s requirement rather
than a secondary operational concern [25].

At the same time, the architecture of data management systems is chang-
ing. Instead of relying on monolithic database engines, modern platforms are
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increasingly composed of specialized software components for storage manage-
ment, query planning, and query execution [1,18]. They are also increasingly de-
ployed on heterogeneous hardware, including accelerators. Systems and frame-
works such as Apache Calcite [6], Velox [23], Apache Arrow DataFusion [19],
BOSS [22], and CompoDB [14] show that composability has become a practical
design principle in data management. This shift creates an opportunity: if mul-
tiple components or plans can realize the same analytical intent, then a system
may reconfigure itself when its operating context changes [4,11].

However, resilience by reconfiguration is not just switching to a cheaper com-
ponent. Replacing a GPU-accelerated operator with a CPU one, moving from
full-data processing to sampling, or orchestrating several tools may affect se-
mantics, precision, completeness, diversity, coverage, or cross-checking, not only
latency and energy. Across several tools, orchestration choices may further af-
fect the diversity and coverage of exploratory outputs, as well as the possibility
of cross-checking them. In short, composability enables reconfiguration, but it
also makes semantic drift easier. While prior work on component reconfigura-
tion highlights the need for correctness arguments [10], and adaptive or robust
query processing shows the value of runtime adaptation while preserving query
semantics by construction [4,11,5,21], our concern is with explicit guarantees for
degraded execution and cross-configuration substitution.

This paper presents a vision of semantics-aware resilience in composable data
systems, where dynamic reconfiguration is guided by semantic contracts. These
contracts allow a system to distinguish exact substitutions, substitutions valid
only under explicit assumptions, and bounded quality degradation. Resilience
then becomes controlled degradation rather than best-effort fallback. The novelty
is not exact, conditional, and approximate substitutions taken separately, but
their unification into a resilience-oriented contract layer for composable data
systems.

The contributions of this vision paper are threefold. First, it frames resilience
in composable data systems as a problem of semantic substitutability under
changing resource and infrastructure constraints. Second, it proposes a contract-
guided resilience layer for vertical reconfiguration in composable analytics stacks,
discusses horizontal orchestration for exploratory analytics, and treats hybrid
reconfiguration as the combination of these two dimensions. Third, it identifies
the main research challenges raised by semantics-aware resilience, namely the
design of semantic contracts, the design of resilient controllers, the construction
of suitable benchmarks, and the mechanization of substitution reasoning.

The rest of the paper is organized as follows. Section 2 discusses the back-
ground and missing semantic layer. Section 3 introduces semantics-aware re-
silience and its reconfiguration scopes. Section 4 discusses the research agenda
and a corresponding research path. We conclude in Section 5.
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2 Background and Motivation

Composable Data Systems Change the Design Space. Composable data systems
let engineers assemble platforms from reusable components rather than rebuild
monolithic engines for each workload. Query planning can be delegated to Cal-
cite [6], execution kernels can be reused through Velox [23], and modular analyt-
ics engines such as DataFusion [19] and BOSS [22] show that open, embeddable
architectures can remain performant. The Cambridge Report on Database Re-
search emphasizes research trends around modern hardware, sustainability, and
heterogeneous application demands [1].

Yet the main benefits usually associated with composability remain perfor-
mance, extensibility, and engineering reuse. The ability to survive degraded con-
ditions is rarely treated as a first-class objective. When a service loses a GPU,
exceeds an energy budget, experiences a cloud connector outage, or must run
on older hardware, the common outcomes are performance collapse, emergency
manual intervention, or outright service interruption. This is a poor match for
many analytical settings where a slower, partial, or approximate answer may be
far better than no answer at all.

From Failure Avoidance to Controlled Degradation. In constrained situations,
continuity of service may matter as much as peak quality. For data analytics,
this means preserving a useful service while adapting properties such as latency,
update frequency, precision, or completeness. It may also require a temporary
reduction in the set of available features. Such situations may be caused by
climate-related events, supply-chain disruptions, geopolitical instability, or more
routine operational incidents. Whatever the original cause, the data system even-
tually observes technical perturbations such as fewer nodes, a lower energy bud-
get, missing accelerator resources, network instability, or the unavailability of an
external software service.

This suggests a shift of perspective. We should not ask only whether the
original configuration can still be executed. We should ask which alternative
configuration can still satisfy the analytical intent under the new constraints,
with the strongest guarantee that remains available. In this sense, resilience
means controlled degradation rather than abrupt interruption. The system may
have to move from exact processing to approximate processing, or from a full
pipeline to a partial one. Such choices should be explicit, justified, and auditable.

The Missing Semantic Layer. Existing cost models, adaptive query process-
ing [4,11], robust query processing [21,5], and resource schedulers can determine
that one execution plan is cheaper than another, but they do not explain whether
the substitute remains semantically valid. This limitation is particularly impor-
tant in composable systems, where one may replace an operator implementation,
change the data-consumption strategy, switch execution backends, or orchestrate
several tools for the same analytical task. Such changes require more than per-
formance comparisons:

– Some substitutions are exact : they preserve the intended result.
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– Some are conditionally equivalent : they are correct only under explicit as-
sumptions about the data, the workload, or the absence of nondeterminism.

– Some are approximate: they deliberately relax exactness but should provide
explicit bounds or contracts on the deviation introduced.

What is missing, therefore, is a unified semantic layer to express and reason
about these distinctions, which remain fragmented across the data stack. As
a consequence, resilience choices remain ad hoc, hard to trust, and hard to
compare.

3 A Vision of Semantics-Aware Resilience

3.1 A Contract-Guided Resilience Layer

Our vision is a data-system architecture in which runtime reconfiguration is gov-
erned not only by resource observations but also by semantic knowledge about
candidate configurations. The starting point is an analytical intent : for exam-
ple, compute an aggregate, execute a join-heavy pipeline, estimate a correlation,
or carry out an interactive exploratory task. A configuration realizes this intent
through a particular assembly of software components and a particular set of ex-
ecution choices. These choices include parameter settings, data-access strategies,
and hardware assignments.

We propose a contract-guided resilience layer between analytical intent and
physical execution. It associates substitutable components, plans, and param-
eterization with semantic contracts. It observes perturbations such as memory
pressure, missing accelerator resources, network instability, service unavailability,
or explicit energy caps. It then selects and applies a substitute according to both
resource constraints and semantic guarantees, and records the guarantee that is
preserved. Under this view, adaptation is not merely a fallback mechanism. It
is an explicit and traceable semantic choice. The proposed resilience layer could
be realized within an autonomic management loop such as MAPE-K [17,26].

The primary target of this layer is vertical reconfiguration: changing compo-
nents or parameters within one analytical stack while preserving the strongest
guarantee available. A second dimension is horizontal orchestration across several
tools or services for the same analytical task, especially in exploratory analytics.
Hybrid reconfiguration combines these two dimensions. It covers cases where a
system both reconfigures one analytical stack and orchestrates several tools or
services within the same adaptive scenario.

3.2 Three Classes of Semantic Guarantees

The proposed contracts distinguish three classes of substitution. These classes
describe the semantic relation between the original intent and the replacement
configuration. A substitution may therefore replace one component by another
component, one component by a composition of components, or one configura-
tion by another configuration.
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1. Exact Substitutions. These substitutions preserve the intended output. Typ-
ical examples include switching between two execution backends that im-
plement the same operator semantics, or replacing one join algorithm with
another under the same data model and query semantics. Exact substitutions
support resilience without modifying user-visible meaning.

2. Conditional Substitutions. These substitutions preserve behaviour only under
stated assumptions. For instance, two configurations may be equivalent only
if the input satisfies a schema property, if duplicates are absent, or if ordering
is irrelevant. Such substitutions are still valuable, but the assumptions must
be represented rather than left implicit.

3. Approximate Substitutions. These substitutions intentionally trade quality
for frugality or continuity. Examples include sampling, sketch-based aggre-
gation, or reduced update frequency. Here the contract should provide a
bounded notion of acceptable deviation: error on a numerical result, loss on
a ranking metric, coverage reduction, or a more domain-specific measure of
quality [15,16].

A simple vertical case illustrates the idea. Consider a service that computes
SUM(sales) by region every five minutes for operational monitoring. Following a
climate-related infrastructure incident, the service is moved from a primary site
to a secondary site with fewer machines and no GPU accelerators. The resilience
layer may then consider an exact CPU-based configuration that preserves the
intended result but no longer meets the original refresh objective, or an approx-
imate configuration based on sampling or sketches that preserves the refresh
frequency with a declared error bound. A semantic contract makes this choice
explicit: it records whether the substitute is exact or approximate, under which
assumptions it is valid, and what degradation is introduced when the service
continues under tighter resource constraints.

This example illustrates how the classification supports controlled degrada-
tion. The resilience layer can record whether the chosen substitute is exact, equiv-
alent only under explicit assumptions, or approximate with a declared bound
while respecting the new resource constraints. More generally, the classification
provides a language for explaining and comparing resilience decisions.

3.3 Primary and Secondary Reconfiguration Scopes

Vertical Reconfiguration. In vertical reconfiguration, the system changes the in-
ternal composition of one analytical stack. This may involve replacing an oper-
ator implementation, changing a parameter, reassigning a computation between
CPU and GPU, or activating or deactivating a module within the same pipeline.
The analytical task remains the same, but the way it is carried out changes. This
is the simplest setting in which to study semantics-aware resilience, because it
allows one to compare several configurations for the same task within one stack.

Horizontal Orchestration. Polystore systems such as BigDAWG [12] show the
practical interest of orchestrating heterogeneous engines. Different engines may
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support different data models, execution strategies, or cost and quality trade-offs.
Orchestration then makes it possible either to distribute parts of one analytical
task across several engines or to compare several candidate results for the same
task. In a resilience setting, the issue is then no longer only exact equivalence
or bounded numerical error. It also concerns the diversity of the answers, the
coverage of the explored search space, and the possibility of cross-checking one
tool by another. If one service becomes unavailable, or if resource constraints
force the system to reduce the number of active tools, the analytical service
may continue with a reduced orchestration, but with reduced diversity, reduced
coverage, or weaker cross-checking. In exploratory settings, one may also consider
interestingness criteria such as novelty, relevance, surprise, or peculiarity [9]. This
calls for contract notions different from those of vertical reconfiguration. Vertical
contracts concern semantic preservation or bounded degradation of a task result,
whereas horizontal contracts may concern evidence diversity, or source coverage.

Hybrid Reconfiguration. Hybrid reconfiguration combines vertical reconfigura-
tion within one stack and horizontal orchestration across several tools or services.
For example, an exploratory task may use multiple tools while one pipeline re-
lies on sampling or approximate operators for a rapid first result. If confidence
is too low or resources recover, selected parts of the analysis may then be re-
fined through a more expensive configuration or through another tool. Hybrid
reconfiguration is therefore relevant when resilience depends both on internal
adaptation and on cross-tool coordination

4 Research Agenda

This vision raises four main research challenges.

4.1 Contracts for Analytical Intent and Substitutability

A first challenge is representational. What is the object that a contract talks
about? One promising approach is to make the contract attach not merely to
components in isolation but to well-defined parts of an analytical task: relational
operators, distributed collection transformations, and pipeline fragments, with
exploratory primitives treated as a later extension. The contract should state (i)
the interface expected from the component or configuration; (ii) the assumptions
under which the guarantee holds; (iii) the semantic guarantee provided; (iv) the
resource envelope and observability requirements.

This raises a granularity trade-off. Contracts that are too coarse are easy
to write but too weak for safe substitution. Contracts that are too fine become
difficult to maintain and difficult for automated tooling to exploit. A central
research question is therefore how rich a contract language must be to support
useful resilience decisions without becoming unusable. In practice, such contracts
may be introduced by different actors (e.g., system developers, library maintain-
ers), with different versions. The resilience layer should treat these contracts as
versioned artifacts, to avoid invalid substitution by introducing new semantics.
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4.2 Decision-Making Under Multiple Objectives

A second challenge concerns decision-making under multiple objectives and se-
mantic guarantees. Once several candidate substitutions are available, the con-
troller must choose among them. The objective is not a single latency minimum
but a compromise between resource consumption, analytical quality, and seman-
tic status. Existing optimization techniques can help explore trade-offs between
latency, energy, and quality. The difficulty here is that the controller must also
account for whether a substitution is exact, valid only under explicit assump-
tions, or approximate with a declared bound. The precise optimization criteria
may vary across scenarios: maintain exactness at all costs, preserve refresh fre-
quency, or minimize energy under an acceptable error bound. In some settings,
it may also be necessary to retain only a critical subset of analytical features.

This calls for a richer decision layer than a classical cost model. A resilient
controller must reason over resource metrics, semantic guarantees, user-facing
service policies, and the cost of reconfiguration itself. In other words, the decision
problem is not which plan is fastest? but which plan preserves the most valuable
semantics under the current constraints?

4.3 Benchmarks and Crisis Scenarios

A third challenge is empirical. A semantics-aware resilience benchmark must
define perturbation scenarios, degradation policies, and metrics. Such metrics
should include at least the preserved guarantee class, the observed quality loss
and, when relevant, the error bound declared by the substitute, a service continu-
ity measure such as latency or refresh frequency, and the cost of reconfiguration,
for example the time needed to recover a stable service. Such a benchmark would
be useful beyond this specific vision because it would make resilience properties
measurable and comparable.

4.4 Mechanized Reasoning for Trustworthy Adaptation

A fourth challenge is formal. A large body of work exists on verification for
component-based reconfiguration [10], and formal semantics have been mecha-
nized for realistic fragments of SQL and Datalog [7,8]. However, the space of
modern data-processing stacks remains too large to expect full mechanization
in one step. Property-graph and modern query-language semantics illustrate the
scale of the problem [2,13].

For this reason, we propose to start with Apache Spark as a practical platform
for experimentation and as an initial target for formalization. Spark is expressive
enough to cover both collection-style transformations and relational operations
such as filtering, joins, grouping, and aggregation. It is also rich enough to ex-
press representative analytical pipelines while remaining more tractable than
a full industrial query ecosystem. Previous work has already explored verified
scalable parallel computing with Coq and Spark [20], as well as a Spark imple-
mentation based on a refined specification proved equivalent to an initial formal
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specification [24]. Spark also remains a practical reference platform in large-scale
analytics deployments [3]. A realistic first result is therefore a formalized kernel
of Spark transformations together with mechanically checkable lemmas for ex-
act vertical substitutions. Horizontal orchestration, hybrid reconfiguration, and
richer forms of contract management can then be treated as later extensions.

4.5 Representative Cases

To make the vision concrete, we propose to start from a small set of represen-
tative cases. A first family of cases consists of exact vertical substitutions over
representative analytical tasks such as filtering, aggregation, joins, and descrip-
tive statistics. Examples include replacing execution backends, switching from
GPU to CPU, or choosing between exact operator implementations with differ-
ent cost profiles while showing that the resulting answers are unchanged.

A second family of cases consists of horizontal orchestration cases for ex-
ploratory analytics. Such cases involve several tools or services capable of ad-
dressing the same task, with attention to diversity, coverage, and cross-checking
under resource constraints.

A third family covers hybrid cases that combine both dimensions. For ex-
ample, several tools may be orchestrated to produce an initial result, while one
pipeline already relies on sampling or approximate operators. If confidence is
insufficient or resources recover, selected parts can later be refined using a more
expensive configuration or another tool.

Another important object of study is the resilience layer itself. A prototype
does not need to be a full new DBMS. It should demonstrate that perturbations
can be mapped to contract-aware substitutions, that the preserved guarantee
can be recorded, and that reconfiguration decisions can be explained in terms of
both resource constraints and semantic guarantees.

Finally, some representative substitution patterns should be backed by me-
chanically checkable reasoning. A mechanized Spark core can serve as a reference
semantics for selected operations, enabling proofs of equivalence for exact sub-
stitutions and proof obligations for conditional or approximate contracts.

5 Conclusion

In this paper, we presented a vision of semantics-aware resilience in composable
data systems, where dynamic reconfiguration is guided by semantic contracts.
These contracts classify substitutions as exact, conditional, or approximate with
bounded quality loss. In this view, resilience becomes controlled degradation
rather than best-effort fallback.

The contribution of this paper is to identify semantics-aware resilience as a
data-management research problem in its own right. It requires work on specifi-
cation, decision, benchmarking, and mechanized reasoning. It also suggests that
composable architectures should be studied not only for performance and reuse,



Semantics-Aware Resilience in Composable Data Systems 9

but also for their ability to preserve a useful analytical service under degraded
operating conditions.

As future work, we plan to design contract languages, define resilience bench-
marks, develop representative prototypes, and mechanize representative substi-
tution results. We will also study representative vertical cases, representative
horizontal cases for exploratory analytics, and hybrid cases combining both di-
mensions, in order to assess the practical value and the semantic guarantees of
the proposed approach. A natural first step is a Rocq formalization of core Spark
transformations together with mechanically checkable lemmas for exact vertical
substitutions. This would provide a first concrete basis on which to build.

Acknowledgements. Research on semantics-aware resilience in composable data
systems is supported by the BQR programme of Université d’Orléans through
the RADyD project, entitled “Resilience through dynamic adaptation for data
processing”.
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