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Abstract
Many emerging applications require heterogeneous deploy-
ment as a technical necessity: smart city infrastructure pro-
cessing sensor data with sub-millisecond latency require-
ments, federated learning enabling privacy-preserving col-
laboration across institutions, and most recently offline per-
sonalized AI-powered devices. Yet, the move towards cloud-
first infrastructure has left important gaps in the ecosystem.
This position paper argues for computational pluralism: pre-
serving viable pathways for cloud, edge, and local execution
to coexist as complementary tiers rather than competing
alternatives. Beyond technical necessity, pluralism enables
properties that no single tier can provide: user control over
sensitive data [17], resilience through architectural diversity,
reduced environmental impact for latency-tolerant work-
loads [2], geographically distributed innovation capacity,
and ultimately the autonomy to compute.

1 Introduction
Cloud computing has delivered transformative benefits;
economies of scale amortize infrastructure costs and achieve
high utilization through sophisticated resource management
techniques [20], elastic resource provisioning enables appli-
cations to scale from zero to millions of users, serverless plat-
forms handle trillions of monthly requests [3], and exascale
workload aggregation surprisingly simplifies daunting data
consistency and data serving challenges [5]. These achieve-
ments have rightfully driven widespread cloud adoption. Yet
there have been unintended second-order effects.
More applications are becoming accessible exclusively

through remote services. For example, as of January 2026
Apple’s Siri does not work without an internet connection,
frontier AI models must be accessed via remote APIs, and
popular word processing software cannot run locally without
cloud connectivity. This has lead to a decline in demand for
local computational capacity. Recently we observed these
effects trickle into the hardware manufacturing industry:
Micron announced their exit from the consumer memory
market in December 2025, explicitly citing AI-driven datacen-
ter growth [1], leading to consumer DRAM prices increasing
by over 300%. Nvidia is also rumored to decrease production
of consumer graphics cards, citing memory shortages [16].
The result has been a self-reinforcing cycle where datacenter
needs drive hardware reorientation, making local execution
progressively less viable.

Singular reliance on remote cloud execution limits invest-
ment in alternative hardware and software topologies that
may in fact achieve better performance when integrated at a
global scale for specialized applications. For example, query-
ing sensitive demographic information or health records
demands higher privacy, where cloud centralization creates
unnecessary infrastructure burden [8, 22]. Similarly, some ap-
plications require real-time feedback, e.g. a wearable device
translating languages in a foreign country, or if a self-driving
car needs to make an urgent decision about directions. There
are still other applications which do not require an immedi-
ate response and for which we may want to choose solutions
with a lower carbon or energy cost, such as for edge devices
or sensor networks operating in low-power nodes with inter-
mittent internet connections. These applications are by all
counts more prevalent than the comparatively small number
of large-scale AI models captivating datacenter scaling [7].
Moreover, environmental costs scale with centralization.

US datacenters produced an estimated 105 million tons CO2
equivalent (CO2eq) in 2024, 3x more than 2018 levels [11].
Large facilities consume up to 5 million gallons of water daily
for cooling, equivalent to the water used by town of 50, 000
people [23].While carbon-aware scheduling can reduce emis-
sions by 15-65% through intelligent workload placement [2],
a comparatively more efficient solution may be to compute
locally, requiring no water for cooling at all.

1.1 Our Position
Our position is that the research community should priori-
tize and invent systems, abstractions, and policies that make
heterogeneous deployment straightforward rather than ex-
ceptional. This includes research enabling portability across
execution environments, intelligent workload placement
frameworks that consider latency, privacy, cost, and carbon
alongside raw performance [19], and economic models that
preserve hardware ecosystems supporting diverse deploy-
ment scenarios.

2 Computational Pluralism
Pluralism as a philosophy supports a worldview of multi-
plicity; it is a position rooted in pragmatism and context.
We define computational pluralism not merely as the coexis-
tence of cloud and local deployment, but an ecosystemwhere
multiple viable execution environments create evolutionary
pressure for technical advancement. In a pluralistic infras-
tructure, the same computation can execute in datacenters
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for batch processing, on edge devices for latency-critical ap-
plications, across federated networks for privacy-sensitive
workloads, or on local hardware for rapid prototyping. Each
deployment context surfaces distinct optimization challenges
that drive innovation.

Importantly, many emerging applications require pluralis-
tic compute as a technical necessity rather than a preference.
Smart city infrastructure cannot route every sensor read-
ing through distant datacenters when traffic light timing
requires sub-millisecond decisions. Smart glasses perform-
ing real-time visual understanding cannot tolerate the la-
tency, energy, and bandwidth costs of streaming video to
the cloud for every inference. Modern satellite systems in
low Earth orbit must process data physically distributed
across a mesh with intermittent connectivity to ground sta-
tions [6, 21]. Autonomous vehicles cannot depend on stable
cellular connections for safety-critical perception [15]. These
applications demand a computational fabric that spans edge
devices, local processing, and selective cloud coordination.
Overreliance on any single deployment model makes entire
classes of applications technically infeasible.

2.1 Technical Challenges
As massively distributed hybrid execution becomes more
viable, the paradigm of data centralization for machine learn-
ing are shifting. Recently, agentic systems are exploiting
computational heterogeneity by coupling a common com-
pute model, e.g. LLMs, with agent-specific context (local
data), skills (pre-compiled software), and compute capabil-
ities (local accelerators, RAM, etc.) [4, 18]. We believe, the
success of such systems will rely on fully utilizing the com-
pute fabric available, i.e., embracing computational pluralism.
The primary challenge is coordinating compute, includ-

ing managing algorithmic tradeoffs, e.g. when to exchange
weights and results, how much to prioritize local over global
context, which specialized resources to allocate and when.
Thus, realizing computational pluralism requires address-
ing fundamental gaps in systems abstractions, scheduling
algorithms through hardware-software co-design.
I. Balancing conflicting constraints
Applications increasingly demand optimization across la-
tency, privacy, energy, and carbon simultaneously. A video
analytics pipeline might achieve the lowest latency by pro-
cessing frames on the cloud butminimize privacy risk through
on-device inference or federated learning. Federated learning
frameworks [12] optimize for training speed through partic-
ipant selection but do not consider per-device energy bud-
gets or carbon footprint of distributed training. We need (a)
placement algorithms and programming abstractions that ex-
pose these tradeoffs to developers, (b) enable per-application
priority specification (e.g., “optimize for privacy subject to
100ms latency bound”), and (c) dynamically adapt as condi-
tions change, e.g. when grid carbon intensity varies, network
bandwidth fluctuates, or device battery levels deplete, etc.

II. Managing resource-limited heterogeneous devices
Modern edge devices increasingly integrate heterogeneous
compute units: CPUs, NPUs, DSPs, and accelerators often
without traditional OS support. MCUNet demonstrates vi-
able inference on microcontrollers with 320KB SRAM [14],
and TensorFlow Lite Micro enables deployment on systems
2-3 orders of magnitude smaller than mobile phones [10].
The challenge is dynamic workload partitioning: should a
visual processing pipeline execute CNN layers on the NPU
or CPU? When should the pipeline query the cloud? How
do we balance compute allocation when optimizing for mini-
mum latency versus minimum energy differs fundamentally?
Whereas peak performance burns power budgets, energy-
optimal scheduling may miss real-time deadlines. These
edge scenarios demand microsecond decisions with milli-
watt power budgets. This requires co-designed hardware
performance counters exposing fine-grained energy costs,
software schedulers reasoning about power-latency Pareto
frontiers at the instruction level, and dynamic orchestration
of heterogeneous compute units.
III. Portability
While frameworks such as ONNX provide some standardiza-
tion, deployment portability across tiers, e.g. cloud vs. edge
microcontrollers, is a manual and brittle process. Today, de-
velopers must manually quantize for edge devices, rewrite
batch processing for heterogeneous clusters, and detect and
handle transpilation errors. This can be solved using auto-
matic lifting and transpilation: taking a high-level inference
script (e.g. PyTorch) and automatically generating imple-
mentations for various targets. The challenge is semantic
preservation, and the ability to reason about tradeoffs, e.g.
should this layer execute locally (low latency, privacy pre-
served) or remotely (higher accuracy, energy cost)? How do
we verify that a transpiled edge implementation maintains
sufficient accuracy relative to the cloud version? How do we
manage this error whenmodels are partially running on each
tier? Compiler infrastructures like TVM [9] and MLIR [13]
provide lowering paths from high-level frameworks to hard-
ware backends, but assume a single target platform.

3 Conclusion
Cloud computing has fundamentally transformed how we
build and deploy software, and its centralized infrastruc-
ture will remain essential for applications requiring massive
scale. The challenge is ensuring that cloud dominance does
not inadvertently foreclose architectural approaches serv-
ing distinct and important needs: privacy-preserving local
inference, latency-critical edge processing, offline-capable
systems to handle intermittent connectivity, and carbon-
aware placement across geographic regions. While a failure
to address these execution scenarios will definitely not crum-
ble the global computing industry, the upside of prioritizing
a vision of computational pluralism is a more connected,
interoperable, compute fabric that scales for everyone.
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