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Abstract

Deploying foundation models in embodied edge systems is fundamentally a systems problem, not
just a problem of model compression. Real-time control must operate within strict size, weight, and
power constraints, where memory traffic, compute latency, timing variability, and safety margins
interact directly. The Deployment Gauntlet organizes these constraints into eight coupled barriers that
determine whether embodied foundation models can run reliably in practice. Across representative
edge workloads, autoregressive Vision-Language-Action policies are constrained primarily by memory
bandwidth, whereas diffusion-based controllers are limited more by compute latency and sustained
execution cost. Reliable deployment therefore depends on system-level co-design across memory,
scheduling, communication, and model architecture, including decompositions that separate fast
control from slower semantic reasoning.

Keywords: embodied foundation models; edge AI; embodied AI; edge deployment; vision language
action models; diffusion policies; real time control; system co design; memory bandwidth; compute
latency; scheduling; safety critical systems

1. Introduction
The migration of Foundation Models (FMs) [1] from hyperscale data centers to resource-

constrained edge platforms fundamentally alters how intelligence is executed, not merely where
inference occurs [2,3]. Cloud-based models are designed around assumptions of elastic power avail-
ability, abundant cooling, and relaxed latency constraints; embodied systems invalidate these assump-
tions by requiring execution within strict Size, Weight, and Power (SWaP) envelopes imposed by
autonomous mobile robots (AMRs), aerial platforms, and wearables [4]. As a result, deploying founda-
tion models on the edge is not a compression problem alone, but a systems orchestration challenge [5],
in which high bandwidth, memory-bound inference must operate reliably under thermally unstable
conditions, battery-limited power budgets, and hard real-time constraints.

This execution regime exposes Moravec’s Paradox as a governing systems constraint: while
high-level reasoning has become increasingly tractable, robust sensorimotor integration remains
computationally expensive and architecturally brittle [6]. Real-world autonomy therefore demands
omni-modal perception that fuses the correlated physics of light (vision), sound (audio), and geometry
(LiDAR) under strict temporal alignment to maintain control fidelity [7]. When multi-rate, asyn-
chronous sensor streams are coupled with large, memory-intensive foundation models, the interaction
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stresses the limits of embedded silicon, producing failure modes rooted in timing, bandwidth, and
synchronization that do not arise in disembodied or cloud-based intelligence.
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Figure 1. The Deployment Gauntlet. A unified view of the eight major system barriers that limit the deployment
of foundation models from the cloud to edge embodied AI platforms.

1.1. The Omni-Modal Imperative

Closed loop autonomy requires world representations that can be updated and acted upon within
tight latency bounds. Vision Language Action architectures such as RT 2 and OpenVLA seek to
meet this requirement by collapsing perception, semantic grounding, and policy generation into
a single computational graph [8,9]. This unification simplifies training and interfaces, but it also
couples sensing, reasoning, and control into a monolithic inference path with strict execution demands.
A representative 7B parameter VLA requires sustained high bandwidth weight streaming, dense
attention computation, and fine grained synchronization across heterogeneous sensor inputs [10].
These demands exceed the latency, bandwidth, and scheduling guarantees typically available on edge
platforms.

On embedded accelerators such as the NVIDIA Jetson AGX Orin and Qualcomm RB5, this
mismatch appears in modality specific ways. Sparse LiDAR workloads stall dense tensor cores
and often require inefficient CPU mediated scatter gather operations [11,12]. Transformer based
audio models can exceed the SRAM capacity of low power DSPs, forcing expensive off chip memory
access [13,14], while high resolution visual encoders generate bursty traffic that saturates LPDDR
channels and triggers thermal throttling [15,16]. More broadly, the Omni Model Imperative that favors
large modality agnostic foundation models in server class settings [17,18] becomes a liability at the
sensor edge, where parameter scale, deep attention stacks, and autoregressive decoding amplify
memory pressure, latency variance, and scheduling instability [19]. These interlocking constraints
define the Deployment Gauntlet, a set of system barriers that prevent the theoretical capabilities of
foundation models from translating into reliable real time embodied behavior.

1.2. The Deployment Gauntlet

Existing approaches to deploying foundation models on constrained hardware primarily focus
on local optimizations such as quantization and pruning to reduce inference cost [20,21]. Although
effective for static workloads, these methods do not resolve the dominant failures of embodied
deployment, where sensing, computation, memory, timing, and control interact under closed loop
execution. In such systems, a violation in any one dimension can cascade across the stack. To
capture this challenge, we define the Deployment Gauntlet, a systems taxonomy of the conditions that
foundation models must jointly satisfy to operate reliably in real time embodied environments.

Figure 1 illustrates the eight barriers that make up the Deployment Gauntlet. These barriers
are not heuristic categories, but arise from a structured decomposition of the embodied intelligence
pipeline, from multimodal sensing and data movement through heterogeneous computation and
shared memory to time critical control, long horizon operation, safety enforcement, and edge to cloud
coordination. Each represents a distinct and irreducible class of failure, and because embodied systems
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are tightly coupled in time and energy, stress in one dimension often destabilizes the others. Together,
they provide a minimal and nonredundant account of the system constraints that govern real time
embodied AI.

The Deployment Gauntlet comprises the following eight coupled barriers, ordered along the
sensing execution control continuum:

1. The Sensor Fusion Tax: Latency and jitter introduced by temporally aligning asynchronous sensor
streams, including middleware-induced serialization and buffering overheads (e.g., ROS 2) [22,
23].

2. Heterogeneous Compute Mismatch: Inefficiencies that arise when sparse or irregular workloads are
mapped onto accelerators optimized for dense, static matrix operations [24].

3. Unified Memory Bottleneck: Contention between high-bandwidth model weight streaming and
continuous sensor ingestion over shared memory channels [25,26].

4. Energy & Thermal Ceiling: Performance collapse caused by thermal throttling and accelerated
battery depletion during sustained operation [27].

5. Long-Horizon Drift: Progressive degradation of state estimation, calibration, and clock synchro-
nization over extended deployments [28].

6. Safety & Verification Gap: Irreversible failure modes induced by hallucinated states or out-of-
distribution behavior within safety-critical control loops [29,30].

7. Real-Time Scheduling Interference: Control instability driven by OS jitter, non-deterministic kernel
execution, and contention in shared accelerators [31].

8. Communication Constraints: Bandwidth and latency limits that restrict edge-to-cloud offloading
and multi-agent coordination [32].

1.3. Contributions

This survey frames the deployment of edge foundation models as a fundamental problem of
embodied AI execution rather than isolated model compression. By evaluating prior work through the
lens of closed-loop systems, we make explicit how physical constraints timing, energy, memory, and
control govern the realizability of edge intelligence. To this end, our core contributions are:

First, in Section 2, we formalize a Landscape of Foundation Models. We analyze how distinct
workloads (vision, LiDAR, audio) interact with embedded hardware along orthogonal axes like
memory bandwidth, sparsity, and thermal stability. This reveals modality specific incompatibilities
routinely obscured by static benchmarks.

Second, in Section 3, we introduce the Deployment Gauntlet, a systems level framework de-
rived from the end-to-end physical intelligence loop. The Gauntlet identifies a non-redundant set
of interdependent barriers that arise during real-time execution, unifying recurring failure modes
such as thermal throttling, synchronization jitter, and long-horizon drift that sever benchmark-level
performance from time-sensitive physical operation.

Finally, in Section ??, we synthesize existing mitigation strategies, including pipelined sensing,
hardware-aware distillation, and multi-rate inference scheduling. Demonstrating that incremental
optimization cannot resolve the structural constraints of embodied execution, we chart an architectural
roadmap arguing that bifurcated System 1/System 2 designs and neuromorphic sensing are necessary
evolutions beyond conventional von Neumann limits. Figure 3 gives an overview of these challenges
and solutions.
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Figure 2. The taxonomy for the gauntlets and solutions in Foundation Models under Embodied Constraints.

2. Landscape of Foundation Models on the Edge
The deployment of foundation scale models on the edge dictates a structural shift from monolithic

end-to-end execution to a two-tier architecture: server resident cognitive backbones paired with
compressed, real time edge executors. Because closed loop control and irreversible physical interaction
preclude cloud only inference, strict execution budgets enforce this paradigm. In consumer systems,
Apple’s iOS 18 “Intelligence” couples a server resident model with a ∼3-billion-parameter on-device
counterpart, relying on LoRA adapters and mixed 2-bit/4-bit quantization (averaging roughly 3.7 bits
per weight) to maintain interactive latency [33]. Similarly, Google’s Gemini Robotics On-Device executes
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vision-language-action (VLA) policies entirely on-board for bimanual manipulation without network
dependence [34].

Robotic systems impose even stricter execution regimes. While foundational policies like PaLM-
SayCan and RT-2 successfully generate task plans and semantic grounding [8,35], their real-time
execution exposes the limits of monolithic inference. Deployed systems require extensive distillation
and hardware specialization to meet latency and power constraints, as demonstrated by the diffusion
transformer based Large Behavior Models on Boston Dynamics’ Atlas [36] and the deployable on-board
inference engines of NVIDIA’s R2D2 sim-to-real workflow [37].

Across these domains, a consistent principle governs embodied AI execution: predictable latency
and safe interaction cannot be guaranteed by unconstrained generative inference. Practical embodied
intelligence demands rigorous co-design across model architecture, training strategy, and embedded
hardware [33]. Motivated by these constraints, we taxonomize edge-relevant workloads according
to their dominant resource demands, memory bandwidth, compute intensity, and I/O pressure to
evaluate their architectural compatibility with Size, Weight, and Power (SWaP)-constrained platforms.

2.1. Taxonomy of Edge Relevant Workloads

Embodied AI execution at the edge demands a workload level understanding that extends beyond
aggregate metrics such as parameter count or FLOPs [24]. We therefore classify foundation model
workloads along three orthogonal axes that directly determine real time feasibility in closed loop,
embodied systems. The first axis specifies the Primary Role of the model within the control loop,
distinguishing perceptual models that estimate state from policy models that generate actions [38,39].
The second axis captures the I/O Modality, spanning dense, high throughput inputs such as RGB video
to sparse, irregular signals such as LiDAR point clouds [40]. The third axis identifies the Dominant
Bottleneck imposed during execution memory capacity and bandwidth, sustained compute demand, or
I/O throughput [41,42].

These axes are intentionally minimal and non redundant: each isolates a distinct source of
execution pressure that cannot be inferred from model scale alone. Together, they explain why
architectures with similar parameter counts or nominal compute budgets exhibit qualitatively different
behavior when deployed under Size, Weight, and Power (SWaP) constraints [19].

2.2. Vision-Language-Action (VLA) Policies

Vision-Language-Action (VLA) [43,44] policies constitute a uniquely demanding workload in
embodied AI by explicitly entangling high-level semantic reasoning with time-critical control. Architec-
tures such as RT-2 [8] and OpenVLA [9] jointly tokenize observations and actions, producing discrete
control sequences such as end-effector poses or skill tokens directly from RGB inputs and natural
language commands. While this architectural unification enables broad task generalization, it collapses
deliberative inference and real-time actuation into a single execution path, creating severe resource
contention and undermining determinism at the edge. For instance, OpenVLA (7B) [9] demands a
∼14 GB FP16 memory footprint, saturating the DRAM capacity of unified-memory systems-on-chip
(SoCs) like the Jetson Orin NX and leaving insufficient headroom for operating system services or
sensor buffering.

In edge deployments, VLA execution is constrained primarily by memory bandwidth rather than
peak compute throughput. Autoregressive decoding repeatedly accesses massive weight tensors for
each generated action token, driving sustained DRAM traffic. On embedded platforms, this traffic
competes directly with high-rate camera and LiDAR DMA streams, oversubscribing the memory
controller and triggering latency spikes that violate real-time control deadlines [42]. This execution-
time variance renders monolithic VLA inference fundamentally incompatible with deterministic,
closed-loop operation.

Consequently, edge-oriented architectures enforce a strict separation between semantic reasoning
and low-level control. Systems such as NanoVLA [45] route high-level task planning to a heavyweight
vision-language model while delegating high-frequency (∼50 Hz) control to a lightweight visual
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policy. This bifurcation amortizes transformer inference, caps sustained memory pressure, and yields
order-of-magnitude speedups (e.g., 52× on representative edge hardware) without sacrificing task
expressiveness. Ultimately, under physical AI constraints, VLA deployability is governed by two
structural mandates: aggressive quantization and distillation to throttle memory traffic, and the
architectural isolation of slow, deliberative reasoning (System 2) from time-critical control loops
(System 1) [35].

2.3. Diffusion-Based Policies

Diffusion-based policies constitute a compute-intensive execution regime in embodied AI by
generating continuous control trajectories through iterative denoising [46]. Rather than emitting
discrete action tokens, these models synthesize smooth, multi-step motion sequences conditioned
on observations, rendering them highly effective for contact-rich manipulation. While architectures
like Octo [47] exemplify this paradigm’s capacity for generalist, multi-modal behavior, their iterative
structure imposes a severe constraint: producing a single action trajectory typically requires 10 to
100 denoising steps. This establishes a latency floor fundamentally misaligned with the isochronous
control frequencies required by real-time systems.

Consequently, under edge constraints, diffusion policies are inherently compute-bound and
energy-intensive. Each denoising step executes dense matrix multiplications that saturate accelerator
cores for extended durations. Unlike memory-bound VLA policies, diffusion workloads exert sustained
compute and power pressure, accelerating battery depletion and triggering thermal throttling on
mobile platforms. Deployed naively, multi-step diffusion controllers achieve control rates of merely
1–2 Hz grossly insufficient for stable, closed-loop manipulation.

Edge-oriented architectures therefore seek to collapse or amortize this iterative inference process.
OneDP [48] distills multi-step diffusion into a single-step generator, increasing control frequency from
∼1.5 Hz to over 60 Hz on representative edge hardware. Similarly, LightDP [49] constrains compute
demand through structured pruning and architectural simplification to remain within strict mobile
thermal envelopes. These approaches, however, expose a fundamental trade-off: reducing denoising
steps improves responsiveness and energy efficiency strictly at the cost of generative fidelity.

Within embodied systems, the diffusion step count emerges as a first-class execution parameter
directly governing control smoothness, latency, and energy consumption. While step reduction enables
real-time operation, it does not alter the underlying compute-bound physics of the workload. As a
result, diffusion-based policies are best suited for low-frequency planning, trajectory refinement, or
short-horizon generation or explicitly integrated into hierarchical architectures that decouple high-rate
control from slower, generative inference.

2.4. Vision Encoders and Multimodal LMMs

Vision encoders and multimodal large language models (LMMs) impose a distinct execution
regime in Embodied AI , dominated by the cost of ingesting high dimensional sensory streams at video
rates. While these models provide the perceptual substrate for planners and controllers, their primary
constraint at the edge is not steady state inference but repeated visual prefill. Large-scale encoders such
as CLIP-ViT-L deliver strong semantic grounding [13], yet their quadratic attention complexity renders
naive deployment at frame rates on the order of 30 FPS computationally and thermally infeasible on
resource constrained platforms. As a result, perception workloads are governed by the prefill stage
required to process high resolution visual tokens.

Edge oriented perception pipelines therefore restructure visual ingestion to amortize or col-
lapse prefill cost. LLaVA-Mini [50] compresses visual inputs into a single token prior to language
model ingestion, sharply reducing prefill latency while preserving multimodal reasoning capability.
MiniCPM-V [51] demonstrates that architectural hyper parameters explicitly tuned for mobile deploy-
ment coupled with targeted data curation can approach GPT-4V-level performance on edge devices
without increasing model scale. Complementary analyses such as ViT-Edge [52] systematize encoder

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2026 doi:10.20944/preprints202603.1293.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1293.v1
http://creativecommons.org/licenses/by/4.0/


7 of 37

side optimizations, including low rank factorization and structured compression, that reduce compute
and memory footprint while maintaining representational fidelity.

From an execution perspective, vision encoders are inherently prefill bound and thermally con-
strained. Continuous high resolution video streams induce bursty compute demand during frame
ingestion, producing transient thermal spikes that dominate the power envelope of fanless edge
modules [42]. When visual tokens cannot be reused or incrementally updated across frames, the
encoder becomes the principal source of thermal throttling, limiting sustained operation even when
downstream reasoning and control are lightweight. Consequently, practical Embodied AI systems rely
on token reuse, temporal caching, and frame rate decimation to bound prefill cost and maintain stable
real time perception.

2.5. Efficient Segmentation Algorithm

Promptable segmentation models, such as the Segment Anything Model (SAM) [53], impose
a uniquely burst-driven execution regime in embodied AI. While these architectures deliver strong
generalization for object delineation and affordance discovery, their reliance on heavyweight vision
transformers precludes continuous, closed-loop execution. Even with edge-oriented variants like
MobileSAM [54] and EdgeSAM [55] which distill the ViT encoder into lightweight CNN-ViT hybrids
to enable on-device inference segmentation remains strictly an interaction-triggered operation. Each
request forces a full encoder forward pass, generating a per-invocation compute burst that violates
thermal and latency budgets if sustained at video rates.

Consequently, segmentation is fundamentally incompatible with per-frame execution inside
high-frequency robotic control loops. Instead, embodied systems must invoke these models oppor-
tunistically, typically during scene initialization, object discovery, or grasp proposal decoupling rich
perception from continuous actuation. This execution profile reflects a strict structural constraint at the
edge: deep semantic scene understanding must be applied selectively to preserve the deterministic
timing and real-time responsiveness of the underlying platform.

2.6. 3D & LiDAR Encoders

3D and LiDAR encoders define a sparsity-bound execution regime in Embodied AI, where
irregular point distributions and dynamic spatial density dominate runtime behavior. Unlike dense
vision pipelines, these workloads are governed by non contiguous memory access and data dependent
control flow, which violate the throughput and locality assumptions underlying modern accelerators
[11]. PointPillars remains a widely adopted baseline by projecting sparse point clouds into pseudo-
images, enabling partial reuse of 2D CNN backbones and existing hardware support [56].

This projection mitigates, but does not eliminate, the fundamental cost of sparsity. DensePillar-
Net [57] restructures the backbone to favor dense layer execution, reducing end to end latency by up
to 30% on constrained devices. However, voxelization and feature aggregation remain unavoidable
sources of irregular memory access. In multi-modal fusion pipelines such as BEVFusion [58], large in-
termediate feature maps must be scattered and gathered across CPU and GPU boundaries, introducing
synchronization overhead and latency variance that erode deterministic real time execution.

From an execution standpoint, 3D perception workloads are intrinsically sparsity bound. Vox-
elization and point aggregation thrash caches, stall SIMD units, and prevent efficient utilization of
dense matrix accelerators [12]. Fixed function inference engines, such as NVIDIA’s Deep Learning
Accelerator (DLA), lack native support for sparse indexing and dynamic data structures, forcing
LiDAR workloads onto general purpose GPUs. As a result, even moderately sized 3D perception
stacks can monopolize shared compute and memory bandwidth, directly interfering with time critical
control loops.

Consequently, practical Embodied AI systems cannot treat 3D perception as a continuously
executing pipeline. Sparse encoders are routinely downsampled, temporally decimated, or invoked
at lower frequencies than vision, reflecting a structural limitation imposed by sparsity and memory
irregularity rather than deficiencies in model architecture.
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2.7. Audio & Speech Foundation Models

Audio and speech foundation models characterize the always-on regime of Embodied AI, where
continuous situational awareness must be maintained under strict power, memory, and latency
constraints. Unlike vision or LiDAR pipelines, audio systems are expected to operate persistently to
support wake-word detection, speech understanding, and anomaly monitoring, thereby imposing
stringent requirements on timing jitter, memory residency, and energy efficiency [59].

Transformer-based ASR models, such as Whisper and its compressed variants, are increasingly
deployed on-device through optimized runtimes including whisper.cpp [60], with recent work also
considering incremental and personalized adaptation under domain shift [61]. Although their overall
FLOP counts may be lower than those of vision backbones, their execution is dominated by long
temporal sequences and repeated attention over audio frames.

From a systems perspective, these workloads are inherently sequence bound. Transformer-based
ASR must preserve and process extended temporal context, often exceeding the SRAM capacity of
low-power DSPs used in conventional audio pipelines [62]. Once activations spill beyond on-chip
memory, execution shifts to the CPU or NPU, incurring off-chip memory accesses that substantially
increase power consumption and violate milliwatt-scale always-on budgets.

Consequently, full-capacity speech models remain impractical for continuous edge deployment
in embodied systems. Their use is therefore typically constrained to streaming, chunking, early-
exit strategies, or event-triggered activation. More broadly, audio foundation models illustrate that
workloads with modest nominal compute demand can still become dominant bottlenecks when
persistent execution is required under tight energy, memory, and timing limits.

2.8. Multimodal Fusion Stacks

Multimodal fusion stacks define the execution regime of Embodied AI by combining hetero-
geneous perceptual streams into a temporally consistent world state for reasoning and control [63].
Rather than introducing a distinct computation pattern, fusion couples the execution properties of all
modalities, making it the point where timing, memory, and scheduling constraints converge.

Recent systems such as MMEdge [64] replace sequential fusion pipelines with pipelined sensing
that overlaps sensor ingestion, encoding, and fusion. Although this improves average throughput, it
does not guarantee deterministic execution. Once modalities are coupled, overall behavior is governed
less by component-level efficiency than by system-level scheduling.

From a systems perspective, multimodal fusion is fundamentally scheduling bound. Its performance
depends on middleware latency, executor design, and operating-system preemption [23]. On unified-
memory SoCs, fusion also becomes the point of contention among high-rate sensor DMA, model weight
streaming, and intermediate activation buffers sharing LPDDR bandwidth [65]. Small disturbances,
including delayed callbacks, temporary memory pressure, or executor backlog, can therefore propagate
across modalities and produce temporal misalignment in downstream control.

These interactions create failure modes not present in unimodal pipelines. Even when individual
models satisfy latency targets independently, their combined execution through shared middleware
and memory can violate end-to-end real-time constraints. Multimodal fusion thus emerges as a
final systems bottleneck in Embodied AI, where limitations arise primarily from synchronization,
scheduling, and resource contention. Reliable deployment consequently requires co-design across
perception, middleware, and operating-system scheduling rather than isolated model or accelerator
optimization.

3. The Deployment Gauntlet
Section 2 showed that embodied foundation model workloads differ sharply in their dominant

execution bottlenecks. In deployment, however, these workloads rarely operate in isolation. Memory
intensive VLA policies, compute-heavy diffusion controllers, burst-driven visual encoders, and syn-
chronization sensitive fusion pipelines are typically co-located on the same embedded system-on-chip
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(SoC), where they compete for shared memory bandwidth, thermal headroom, power budget, and
scheduling priority [65]. As a result, end-to-end failures often emerge not from any single model
component, but from their interaction under shared physical constraints.

This interaction is the basis of the Deployment Gauntlet. We use the term to denote a systems
taxonomy of the recurring barriers that embodied foundation models must satisfy to operate reliably
on edge platforms. These barriers appear across platforms, modalities, and application domains [38]
because they arise from a common deployment setting: closed-loop execution under tight constraints
on memory, compute, I/O, timing, power, and safety. When these pressures compound, systems
exhibit latency variance, deadline misses, synchronization failures, and thermal throttling, even when
individual components remain tractable in isolation. Figure 3 summarizes the Deployment Gauntlet
as a systems taxonomy of the eight coupled barriers that shape reliable embodied foundation model
execution at the edge.
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Devices

The Sensor Fusion 
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Bottleneck
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Figure 3. The taxonomy for the gauntlets and solutions in Foundation Models under Embodied Constraints.

The Deployment Gauntlet is therefore not a list of isolated implementation defects, nor is it
exhausted by local optimizations such as pruning, quantization, or accelerator specialization [24].
Instead, it organizes the recurring systems constraints that emerge when embodied foundation models
must sustain real-time perception, inference, and control on shared edge hardware. The remainder of
this section develops the Gauntlet through eight coupled barriers, each corresponding to a distinct but
strongly interacting source of deployment failure. Table 1 (Barriers I-IV) and Table 2 (Barriers V-VIII),
that emerge repeatedly across platforms, modalities, and application domains [38]

3.1. The Sensor Fusion Tax

The Sensor Fusion Tax is the latency, jitter, and memory overhead incurred when heterogeneous,
asynchronous sensor streams are transformed into time-aligned, control-ready representations. In
embodied systems, this overhead can consume a substantial fraction of the control-cycle budget. It
does not originate from a single bottleneck. Instead, it accumulates across temporal synchronization,
spatial calibration, middleware orchestration, and representational translation. Foundation models
intensify this burden because they add sustained memory traffic, increase sensitivity to timing error,
and enlarge the execution graph that must remain stable under closed-loop operation.

3.1.1. Temporal and Spatial Misalignment

Robotic sensing is inherently asynchronous: cameras, LiDAR, and IMUs operate on different
clock domains and exhibit variable transport delay. Enforcing temporal consistency therefore requires
buffering and synchronization mechanisms such as ROS 2’s ApproximateTime filter. These improve
alignment, but they also increase end-to-end latency and reduce control responsiveness. Li et al. [66]
show that synchronization can idle downstream computation while waiting for delayed packets,
reducing effective throughput. In high-speed manipulation, even millisecond-scale jitter can produce
substantial divergence between perceived and true system state [67]. Spatial fusion introduces a
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second source of overhead. Calibration degrades under vibration, thermal expansion, and mechanical
drift, and corrective methods such as LCCNet [68] and CalibRefine [69] add nontrivial computation to
the control loop. The resulting trade-off is straightforward: better alignment often consumes more of
the available control-cycle budget.

3.1.2. Middleware and Pipeline Overheads

Middleware compounds these costs. ROS 2 enables modular message passing, but serialization
and deserialization remain expensive even in intra-process settings, with reported latency penalties
of up to 50% relative to shared-memory designs [23]. For high-bandwidth modalities such as LiDAR
and 4K video, repeated copying consumes memory bandwidth that would otherwise be available to
inference. Non-deterministic scheduling further creates queue buildup and jitter spikes on the order
of 10–40 ms [70]. Conventional fusion pipelines impose an additional constraint: they often block
downstream inference until a complete sensor sweep has arrived, effectively tying control frequency
to the slowest sensing modality. Pipelined systems such as MMEdge [64] reduce average latency
by overlapping sensing and inference, but they do not remove the underlying synchronization and
scheduling burden.

3.1.3. Representational Mismatch and Foundation Model Sensitivity

Representational mismatch introduces a third source of overhead. Event cameras, for example,
produce sparse, microsecond-resolution streams that do not map naturally to frame-based foundation
models. Converting these streams into dense tensors through reconstruction or voxelization can offset
part of the energy advantage of neuromorphic sensing and increase CPU-side preprocessing overhead
when dedicated support is unavailable [71,72]. Foundation models then amplify the fusion burden in
three ways. First, sustained parameter movement can saturate LPDDR bandwidth on unified-memory
systems and reduce headroom for sensor buffering and transport [2]. Second, end-to-end VLA policies
can be highly sensitive to temporal misalignment, so synchronization error propagates directly into
action quality [73]. Third, practical control rate is often bounded not by nominal inference throughput,
but by the slowest stage in the sensing and synchronization path [74].

3.1.4. Implications

The Sensor Fusion Tax is a recurring systems constraint in embodied deployment, not a narrow
implementation artifact. Once perception is embedded in a real-time control stack, synchronization,
calibration, and data movement become first-order determinants of latency stability, memory pressure,
and closed-loop reliability.
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Table 1. Deployment Gauntlet barriers 1–4: recurring system-level challenges for embodied foundation models at
the edge.

Barrier Representative Sub-
problem Systems Effect

Sensor Fusion
Tax

Temporal and Spatial
Misalignment

Asynchronous sensor clocks, transport delay, and calibration drift force buffering, synchronization,
and corrective alignment, trading control responsiveness for temporal and spatial consistency [66–
69].

Middleware and
Pipeline Overheads

Serialization, copying, buffering, and sweep-level pipeline blocking consume bandwidth and
introduce latency jitter that destabilizes high-frequency control execution even when average
throughput is acceptable [23,64,70].

Representational Mis-
match and Foundation-
Model Sensitivity

Modalities such as event streams require costly reconstruction or voxelization before they can
be processed by frame-based models, while foundation models further amplify fusion overhead
through higher memory traffic and greater sensitivity to timing error [2,71–74].

Heterogeneous
Compute
Mismatch

Operator Coverage
Gaps and Execution
Bubbles

Limited operator support on edge accelerators forces graph partitioning, CPU fallback, and host–
device synchronization, creating execution bubbles and large latency spikes that reduce end-to-end
throughput [45,75].

Granularity Mismatch
and Kernel Launch
Overhead

Fine-grained transformer kernels incur substantial launch overhead on embedded GPUs, account-
ing for 30–60% of latency and driving utilization below 20% during autoregressive decoding [76].

The Memory Wall
under Unified-Memory
Architectures

Shared LPDDR bandwidth contention among CPUs, GPUs, NPUs, and sensors makes execution
memory-bound and can offset nominal hardware-acceleration gains through arbitration and tensor
movement overhead [9,77].

Thermal Constraints
and Dark Silicon

Sustained multimodal workloads trigger DVFS throttling, reduce steady-state throughput, and
make nominal peak compute difficult to maintain during prolonged execution [78,79].

Unified
Memory
Bottleneck

Bandwidth Saturation
and Arbitration

Concurrent FM parameter streaming and high-rate sensor ingestion saturate shared LPDDR
bandwidth, so accelerators stall because memory delivery, rather than arithmetic throughput,
becomes the limiting factor [76,80,81].

DMA Contention and
Access Pattern Interfer-
ence

Sensor DMA traffic competes directly with accelerator memory access, while mismatched access
patterns reduce cache efficiency and increase latency variance across perception and control
loops [65,77].

Software Amplification
of Memory Pressure

Middleware buffering, serialization, and large FM weight footprints amplify memory pressure,
triggering reallocations, evictions, and other memory-management events that reduce throughput
and destabilize execution [9].

Control-Loop Conse-
quences

Memory stalls delay accelerators, block control threads, increase thermal load, and degrade real-
time behavior before nominal compute limits are reached [20,70,78].

Energy &
Thermal Ceiling

Zero-Sum Power Com-
petition

Foundation-model inference competes directly with propulsion, actuation, and sensing for a fixed
onboard energy budget, reducing endurance under sustained execution [76,82,83].

DVFS and Steady-State
Throughput Loss

High-duty-cycle workloads exceed passive cooling capacity and trigger DVFS transitions that
reduce sustained throughput once the platform reaches thermal equilibrium [84].

Control Degradation
under Thermal Stress

Reduced steady-state inference rate increases perception staleness and lowers closed-loop respon-
siveness by slowing state updates and control decisions [84].

Propagation of Thermal
Stress

Thermal coupling across the SoC can throttle CPUs responsible for sensing, middleware, and
control orchestration even when the model workload itself is unchanged [85].

Control-Loop Jitter and
Modal Trade-offs

Thermal limits can introduce actuation jitter and force the system to stagger, reduce, or selectively
disable sensing modalities to remain within sustained power and thermal budgets [45,85–87].

3.2. Heterogeneous Compute Mismatch

The Heterogeneous Compute Mismatch arises when embodied foundation model workloads
are mapped onto edge platforms whose CPUs, GPUs, and NPUs are optimized for different classes
of operators and execution regimes. Modern systems such as Jetson AGX Orin and Apple M-series
devices rely on this heterogeneity to balance performance and energy efficiency under tight thermal
limits [88]. Embodied FM workloads, however, combine dense tensor kernels, irregular preprocessing,
host-side coordination, and latency-sensitive control in the same execution graph. The result is a
recurring systems barrier: hardware heterogeneity improves nominal efficiency, but it undermines
predictable low-latency execution. In practice, latency becomes sensitive to operator placement,
runtime fragmentation, and scheduling effects rather than to peak compute alone [24].

3.2.1. Operator Coverage Gaps and Execution Bubbles

Foundation-model inference depends on a broad operator set, including attention, normalization,
tensor reshaping, and irregular preprocessing, whereas edge NPUs accelerate a much narrower subset
of dense kernels such as INT8 matrix multiplication. Unsupported operators force graph partitioning
and CPU fallback, introducing host–device synchronization and interrupting otherwise continuous
execution. These transitions create execution bubbles in which accelerators idle while control returns to
the host. Sparse perception stages such as LiDAR voxelization are especially prone to these fallbacks
and can introduce large latency spikes [75]. NanoVLA shows that removing even small CPU-resident
operators can improve throughput by up to 1.7×, highlighting that fragmented execution, not peak
compute alone, often determines end-to-end performance [45].
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3.2.2. Granularity Mismatch and Kernel Launch Overhead

Foundation-model inference also mismatches the execution granularity of mobile GPUs. Trans-
former decoding decomposes into many fine-grained kernels, but embedded GPUs cannot amortize
launch overhead as effectively as larger server-class devices. On Jetson Orin, CPU-side launch overhead
can exceed kernel execution time and account for 30–60% of end-to-end latency during autoregressive
decoding [76]. Under these conditions, runtime overhead becomes a major component of inference
cost. For VLA policies, sequential token generation can drive utilization below 20%, making multi-
billion-parameter models difficult to reconcile with high-frequency control.

3.2.3. The Memory Wall under Unified-Memory Architectures

Unified-memory architectures amplify the mismatch further. On embedded SoCs, CPUs, GPUs,
NPUs, and sensor DMA engines share the same LPDDR channels, so FM inference competes directly
with high-rate perception traffic for bandwidth [77]. Diffusion-based policies intensify this pressure
by revisiting large tensors across repeated denoising steps and sustaining DRAM traffic over long
intervals. Cross-device tensor migration introduces an additional penalty. Moving high-resolution
features between heterogeneous units, such as the CPU and NPU, serializes execution and can add
4–15 ms of latency, often offsetting the nominal benefit of hardware acceleration [9]. In this regime,
end-to-end performance is constrained less by arithmetic throughput than by memory movement and
bandwidth arbitration.

3.2.4. Thermal Constraints and Dark Silicon

Thermal limits turn these inefficiencies into sustained deployment failures. Multimodal embodied
pipelines often activate CPUs, GPUs, and NPUs concurrently, pushing passive or compact cooling
systems beyond their practical envelope. Dynamic voltage and frequency scaling (DVFS) responds by
reducing clock rates, and mixed-workload saturation has been reported to reduce steady-state inference
throughput by as much as 60% relative to cold-start performance [78]. Foundation-model workloads
are especially exposed because they sustain high utilization over time rather than in short bursts.
As a result, nominal peak performance becomes difficult to maintain during prolonged operation,
and systems that initially satisfy real-time targets may later fall below them as thermal throttling
accumulates [79].

3.2.5. Implications

Heterogeneous Compute Mismatch is therefore not just an efficiency loss; it is a stability problem
for closed-loop embodied execution. Once inference spans heterogeneous units under shared thermal
and memory limits, operator placement, launch overhead, and runtime fragmentation become first-
order determinants of whether the system can sustain safe real-time behavior.

3.3. The Unified Memory Bottleneck

The Unified Memory Bottleneck arises when embodied workloads force inference, sensing,
and runtime services to contend for the same LPDDR bandwidth and memory service time. Unlike
server platforms with dedicated GPU VRAM, embedded SoCs place CPUs, GPUs, NPUs, and sensor
peripherals on a shared memory fabric. Under these conditions, performance is constrained less by
nominal capacity than by arbitration and data movement under concurrent load [80]. In embodied
systems, that contention directly degrades latency stability and closed-loop responsiveness.

3.3.1. Bandwidth Saturation and Arbitration

Foundation-model inference places sustained pressure on memory bandwidth. Autoregressive
decoding and diffusion-based policies repeatedly stream large parameter tensors from DRAM [81].
Data-center accelerators can mask much of this cost with bandwidth on the order of terabytes per
second, whereas edge SoCs typically operate in the 25–204 GB/s range. In embodied deployment, that
same bandwidth must also serve RGB cameras, LiDAR, event streams, and other high-rate inputs. As
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a result, accelerators often fail to reach nominal arithmetic throughput because execution is limited
by memory supply rather than compute availability [76]. As arbitration pressure increases, latency
variance rises and real-time margins shrink.

3.3.2. DMA Contention and Access Pattern Interference

DMA traffic adds a second source of interference. On platforms such as Jetson AGX Orin, image
signal processors, USB controllers, and other peripheral interfaces compete with GPU and NPU kernels
for the same memory cycles [65]. Because DMA traffic is bursty and often hardware-prioritized,
inference can stall even when average bandwidth appears sufficient. Access-pattern mismatch further
reduces effective throughput. Linear sensor streams interfere with the poor-locality access patterns
of attention layers and sparse LiDAR pipelines, reducing cache efficiency and degrading bandwidth
utilization [77]. Under unified memory, this interference disrupts both sensor buffering and model
weight reuse.

3.3.3. Software Amplification of Memory Pressure

Software abstractions magnify the hardware bottleneck. Middleware frameworks such as ROS 2
often serialize, duplicate, or buffer high-bandwidth sensor messages across node boundaries. When
large models already consume 6–8 GB for weights alone, these additional image and LiDAR buffers
leave little headroom for stable execution. Small shifts in allocation demand can then trigger buffer
reallocation, tensor rematerialization, page eviction, and other costly memory-management events.
The result is latency jitter, throughput loss, and, in stressed regimes, node instability or watchdog
resets [9]. The bottleneck therefore scales with model size not only because of hardware limits, but
also because software layers amplify memory pressure.

3.3.4. Control-Loop Consequences

The effects of memory contention extend well beyond inference throughput. When DRAM service
becomes unreliable, NPUs stall waiting for on-chip buffers to refill, and CPU threads responsible for
synchronization and control queue behind memory-bound tasks. In robotic systems operating at 50–
100 Hz, these delays appear as actuator jitter, delayed servo response, and degraded sensor fusion [70].
Sustained DRAM traffic also raises power draw and accelerates thermal saturation, triggering DVFS
before compute units are fully utilized [78]. Empirical studies show that workloads such as diffusion
policies can drop from roughly 30 FPS in isolation to 6–12 FPS under realistic sensor load because of
memory contention alone. In embodied settings, this is not just a throughput penalty; it directly affects
the freshness of observations presented to the control loop [20].

3.3.5. Implications

The Unified Memory Bottleneck is therefore a first-order systems barrier in embodied edge de-
ployment. Once sensing, inference, and control share the same memory fabric, bandwidth arbitration,
DMA behavior, and software buffering become direct determinants of whether the platform can sustain
safe real-time operation.
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Table 2. Deployment Gauntlet barriers 5–8: recurring system-level challenges for embodied foundation models at
the edge.

Barrier Representative Sub-
problem Systems Effect

Long-Horizon
Execution Drift
and Adaptation
Failure

The Stationarity Fal-
lacy

Embodied deployment violates the stationarity assumptions of offline training: sensor noise, ac-
tuator behavior, and calibration drift shift over time, causing prediction error to accumulate as
observations move away from well-supported regions of the training distribution [89].

Latent-State Misalign-
ment

Physical drift can disrupt the alignment between sensory embeddings and action-relevant latent
structure, causing internally coherent predictions to diverge from the true physical state of the
platform [90].

The Adaptation Gap
Edge platforms often cannot support timely online adaptation under SWaP constraints, while
cloud-mediated adaptation introduces latency and connectivity dependence, leaving long-duration
deployments governed by increasingly outdated model assumptions [91,92].

Residual Hardware
and Environment-
Coupled Drift

Sensor bias instability, thermal noise, mechanical wear, and terrain-dependent slip introduce residual
time-varying error that classical compensation can attenuate but not fully remove [93–96].

Safety &
Verification Gap

Stochastic Objectives
and Constraint Viola-
tions

Likelihood-based objectives such as token prediction and diffusion denoising do not inherently
encode hard physical constraints, so actions may be statistically plausible while remaining dynami-
cally unsafe under real-world perturbations [97].

Opacity and Hierarchi-
cal Misalignment

High-dimensional latent representations are difficult to interpret formally, and mismatched in-
terfaces between learned planners and constrained controllers can yield semantically valid but
dynamically infeasible actions [35,38,98].

Limits of Retrofitted
Verification

Barrier certificates, reachability analysis, and fallback logic provide only partial coverage when state
estimates are shifted, uncertainty is poorly calibrated, or policy dimensionality exceeds the scope of
practical formal analysis.

Operational Sandbox-
ing and Structural Im-
plications

Reduced velocities, geofencing, teleoperation, and runtime safety monitors lower operational risk,
but they remain reactive and do not remove the underlying mismatch between generative model
behavior and physically constrained control [99,100].

OS &
Scheduling
Bottleneck

Best-Effort Scheduling
and Runtime Nonde-
terminism

Throughput-oriented schedulers and runtime-level serialization introduce jitter, descheduling, and
callback delay that are difficult to reconcile with bounded-latency control execution [101,102].

Jitter Propagation
Across the Stack

Descheduling, priority inversion, and shared-resource contention propagate across sensing, in-
ference, and actuation, producing bursty sensing, irregular frame timing, and cross-layer jitter
cascades [102].

Control-Theoretic Con-
sequences

Best-effort timing violates assumptions such as bounded execution and regular sampling, intro-
ducing heavy-tailed delay that can manifest as oscillation, missed grasps, or delayed corrective
action [103].

I/O & Commu-
nication
Bottleneck

Bus Arbitration, Net-
work Stochasticity, and
Middleware Overhead

Shared DMA engines, LPDDR arbitration, network delay, and middleware serialization jointly
disrupt bounded-delay multimodal transport, degrading throughput and timing regularity under
load [104–106].

Cross-Layer Timing
Cascades

Delayed data movement can stall inference, misalign fusion, reorder messages, and propagate
timing inconsistency across perception, planning, and control rather than remaining local to the
transport layer.

3.4. The Energy and Thermal Ceiling

The Energy and Thermal Ceiling arises because mobile platforms must execute foundation
models within fixed power, cooling, and endurance budgets. Unlike cloud infrastructure, mobile and
aerial robots operate under strict Size, Weight, Power, and Cost (SWaP-C) constraints and have little
thermal headroom. Under these conditions, sustained inference competes directly with propulsion,
sensing, and actuation for both energy and heat dissipation capacity [82]. As a result, embodied
performance is often bounded by steady-state power and thermal limits before nominal model capacity
is reached.

3.4.1. Zero-Sum Power Competition

On embedded platforms, computation and physical actuation draw from the same onboard
energy reservoir. In aerial systems, allocating an additional 10–15 W to accelerator-driven transformer
inference can reduce flight endurance by several minutes [76]. The trade-off is particularly severe for
foundation models because their cost is driven not only by arithmetic but also by DRAM access, which
remains among the most energy-intensive operations in modern hardware [83]. Sustained memory
traffic therefore raises both power draw and heat generation, forcing a direct trade-off between model
throughput and operational range.

3.4.2. DVFS and Steady-State Throughput Loss

As the platform approaches its thermal envelope, Dynamic Voltage and Frequency Scaling (DVFS)
lowers clock rates to maintain safe operation. The result is a drop in sustained throughput that can
differ markedly from cold-start performance. A vision encoder that begins near 30 FPS, for example,
may settle at a much lower rate after thermal throttling. Benchmark studies indicate that high-duty-
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cycle foundation-model workloads often enter this regime within minutes of continuous execution [84].
For embodied deployment, the relevant metric is therefore not startup throughput, but the control rate
the platform can maintain after reaching thermal equilibrium.

3.4.3. Control Degradation under Thermal Stress

This steady-state slowdown propagates directly into the control stack. A policy that initially runs
near 20 Hz may stabilize at a much lower frequency after throttling, increasing perception staleness
and reducing closed-loop responsiveness. In embodied systems, timing margins are often narrow, so
reduced inference rate leads directly to slower state updates and delayed control decisions. Thermal
stress therefore alters not only throughput, but the temporal behavior of the system as a whole.

3.4.4. Propagation of Thermal Stress

Thermal effects are also coupled across the SoC. CPUs, GPUs, and NPUs typically share a die-level
or package-level thermal envelope, so sustained GPU or NPU utilization can trigger CPU throttling
even when the model workload itself is unchanged. This is consequential because the CPU continues
to handle sensor drivers, middleware callbacks, and control orchestration. When CPU frequency drops,
those services slow as well, increasing end-to-end latency outside the model proper [85].

3.4.5. Control-Loop Jitter and Modal Trade-offs

Once throttling spreads through the system, control-loop timing degrades. A nominal 100 Hz loop
can develop substantial actuation jitter when CPU-bound planning and coordination stages stretch
from single-digit milliseconds to tens of milliseconds [85]. Thermal limits also constrain multimodal
execution. Running high-resolution vision, LiDAR fusion, and continuous audio concurrently can
exceed the thermal design power of compact edge SoCs, forcing the system to reduce rates, stagger
execution, or disable modalities selectively. In this setting, compact architectures such as NanoVLA [45],
TinyVLA [86], and OneDP [87] are not just efficiency improvements; they are practical mechanisms for
keeping multimodal inference within sustained thermal and power budgets.

3.4.6. Implications

The Energy and Thermal Ceiling is a sustained-execution barrier, not a short-burst benchmarking
artifact. For embodied deployment, the relevant question is not whether a model can run briefly at
peak speed, but whether the platform can maintain the required sensing, inference, and control rate
over time without exhausting energy reserves or destabilizing timing.

3.5. Long-Horizon Execution Drift and Adaptation Failure

The Long-Horizon Execution Drift and Adaptation Failure barrier arises because embodied
foundation models are deployed with mostly fixed representations in physical systems whose sensing,
actuation, and environment change over time. Unlike cloud inference, embodied execution is inherently
non-stationary: sensor characteristics shift, actuator behavior changes, and contact dynamics evolve
across deployment horizons. When frozen models continue to assume a stable observation–action
mapping under these conditions, prediction error accumulates and control quality degrades [107]. The
core difficulty is not drift alone, but drift combined with limited capacity for online correction on edge
platforms.

3.5.1. The Stationarity Fallacy

Embodied deployment violates the stationarity assumptions embedded in offline training. Sensor
noise changes with temperature, actuator output degrades with battery discharge, and calibration
shifts under vibration and wear. These effects induce persistent covariate shift in P(Ot). Classical
robotics pipelines address such variation through online state estimation and model-based correction,
but frozen foundation models typically lack an equally direct mechanism for updating their internal
representation of routine physical change. As drift accumulates, observations move away from well-

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2026 doi:10.20944/preprints202603.1293.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1293.v1
http://creativecommons.org/licenses/by/4.0/


16 of 37

supported regions of the training distribution, and prediction error compounds over time [89]. This
yields a gradual degradation mode that is often underrepresented in short-horizon evaluation.

3.5.2. Latent-State Misalignment

Long-horizon drift is especially problematic for policies that rely on latent state integration,
including Vision-Language-Action (VLA) and diffusion-based controllers. These systems assume
that sensory embeddings remain aligned with the action-relevant structure learned during training.
Physical perturbations can disrupt that alignment, mapping observations into latent regions that are
less informative for control. The model may then continue to produce internally coherent predictions
while diverging from the true physical state of the platform [90]. Recovery becomes difficult because the
same drift that corrupted the latent state also weakens the corrective value of subsequent observations.

3.5.3. The Adaptation Gap

The barrier is compounded by an adaptation gap at the edge. Online gradient-based adaptation
is often incompatible with the compute, timing, and energy budgets of SWaP-constrained platforms,
while cloud-mediated adaptation introduces latency and connectivity dependence. As a result, long-
duration deployments may be governed by increasingly outdated model assumptions. Test-time
adaptation methods are promising [91,92], but current approaches often remain too costly or too slow
for real-time edge execution. In practice, model error and physical drift can therefore reinforce one
another over long horizons.

3.5.4. Residual Hardware and Environment-Coupled Drift

Not all long-horizon drift can be removed through classical compensation. Sensor and actuator
behavior contain residual, time-varying effects that violate idealized estimator assumptions and remain
only partially observable during deployment. At the sensor level, IMUs exhibit bias instability under
temperature and vibration, establishing a persistent noise floor [93]. Vision and LiDAR sensors show
related non-stationarity through thermally induced noise, gain variation, and dark-current shifts [94].
At the actuation level, mechanical wear changes friction and compliance, while terrain-dependent slip
breaks rigid-body assumptions and accumulates odometric error [95,96]. Classical filters can attenuate
part of this drift, but residual error remains and continues to perturb the observation action mapping
presented to the model.

3.5.5. Implications

Long-horizon execution drift is therefore not only a perception or calibration issue. It is a systems-
level barrier that emerges when fixed model representations are coupled to evolving physical platforms
without a practical mechanism for continual correction. Over long missions, robust deployment
depends not just on initial model accuracy, but on whether the system can preserve alignment among
sensing, latent state, and control as conditions change.

3.6. The Safety and Verification Gap

The Safety and Verification Gap arises because foundation-model objectives, representations, and
inference behavior do not provide the same safety assurances as explicitly constrained control pipelines.
Classical control stacks are often built around known dynamics, feasibility constraints, and analyzable
stability conditions; embodied foundation models instead inherit the stochasticity and opacity of large
neural architectures. In these systems, strong predictive or generative performance does not imply
constraint satisfaction or safe closed-loop behavior. The gap therefore reflects a structural mismatch
between how these models are trained and what physical autonomy requires.

3.6.1. Stochastic Objectives and Constraint Violations

Foundation models are typically optimized for predictive likelihood, denoising quality, or se-
quence modeling objectives rather than explicit physical risk. Vision-Language-Action token prediction,
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diffusion denoising, and latent interpolation do not inherently encode hard constraints such as joint
limits, contact stability, or collision margins. As a result, generated actions may be statistically plausible
while still being dynamically unsafe. Modest perturbations, including sensor noise, lighting variation,
or adversarial artifacts, can induce action errors and constraint violations in embodied settings [97].
The core limitation is straightforward: likelihood-based objectives do not, by themselves, enforce
physical invariants at inference time.

3.6.2. Opacity and Hierarchical Misalignment

The verification problem is compounded by model opacity. Classical controllers expose inter-
pretable state variables, local sensitivities, and feasibility structure; foundation models instead operate
through high-dimensional latent representations whose relation to physical state is often indirect [38].
As a result, failure analysis depends heavily on empirical testing rather than formal inspection [98].
Opacity also complicates hierarchical integration. High-level semantic planners may lack explicit
contracts with lower-level kinematic or feedback controllers, so a planner can produce linguistically
valid but dynamically infeasible actions that downstream systems must reject or repair [35]. The
barrier is therefore not only model uncertainty, but also interface mismatch between learned planning
and constrained control.

3.6.3. Limits of Retrofitted Verification

Retrofitting formal guarantees onto foundation-model policies remains difficult. Control Barrier
Functions can enforce local safety conditions, but those guarantees are only as reliable as the state
estimate and model assumptions on which they depend. Under hallucinated or shifted observations,
those assumptions may no longer hold. Formal reachability analysis faces a different limitation: it
does not scale easily to high-dimensional, stochastic, multimodal transformer-based policies. Weak
uncertainty calibration further narrows the available safety margin. When a model cannot reliably
express epistemic uncertainty, downstream systems have limited ability to reject low-confidence actions
or trigger fallback behavior before error accumulates. In practice, retrofitted verification remains useful,
but it covers only part of the safety problem and degrades under the same distribution shifts that
challenge the policy itself.

3.6.4. Operational Sandboxing and Structural Implications

Current embodied deployments often manage this gap through operational containment: reduced
velocities, geofencing, supervised execution, and human teleoperation oversight. Runtime safety
monitors that predict and interrupt imminent violations provide an important additional layer of
protection [99]. However, these mechanisms remain largely reactive and depend on the same sensing
and representation stack as the policy they supervise. They reduce operational risk, but they do not
remove the underlying mismatch between generative model behavior and physically constrained
control. Progress will require tighter integration of physical invariants, constraint satisfaction, and
uncertainty estimation into the learning and control architecture itself [100].

3.6.5. Implications

The Safety and Verification Gap is therefore a systems-level barrier, not merely a control-theoretic
one. In embodied deployment, the central question is not whether a model can generate a plausible
action, but whether the full stack can establish that the action is feasible, safe, and reliable under
uncertainty before it reaches the plant.

3.7. The OS and Scheduling Bottleneck

The OS and Scheduling Bottleneck arises because embodied foundation-model pipelines often
execute on software stacks optimized for flexibility and throughput rather than bounded latency.
Classical robotic control systems commonly rely on RTOS or bare-metal execution to enforce explicit
timing guarantees, whereas FM-based embodied stacks are often built on Linux kernels, containerized
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environments, and Python-centered orchestration. These layers simplify integration and support
heterogeneous workloads, but they also introduce timing variability across kernel scheduling, mid-
dleware execution, and user-space coordination. In closed-loop embodied systems, that variability
weakens the timing guarantees on which safe control depends.

3.7.1. Best-Effort Scheduling and Runtime Nondeterminism

A primary source of instability is Linux’s Completely Fair Scheduler (CFS), which is designed to
maximize aggregate throughput rather than worst-case latency. Under this policy, safety-critical control
loops compete with logging, networking, thermal management, and other auxiliary processes for CPU
time. At control rates of roughly 100–500 Hz, even modest descheduling becomes consequential. On
Jetson-class platforms, empirical studies report jitter spikes of 5–20 ms caused by kernel wake-ups,
interrupt bursts, and I/O-driven preemption [101]. Once scheduling delay approaches or exceeds the
control period, the problem is no longer throughput; it is a direct loss of timing integrity in the control
loop.

Python-based orchestration compounds the same issue. The Global Interpreter Lock serializes con-
current execution, and garbage collection can introduce pauses that are both unbounded and opaque
to the scheduler. As a result, common coordination mechanisms in perception and control stacks,
including asynchronous coroutines and ROS 2 executors, are difficult to reconcile with predictable
real-time execution. Callback delays of only 5–10 ms can disrupt timestamp alignment, propagate
stale observations into Vision-Language-Action policies, and increase execution drift and collision
risk [102]. These effects are not isolated anomalies; they follow from the interaction between best-effort
scheduling and runtime-level serialization.

3.7.2. Jitter Propagation Across the Stack

Multimodal workloads amplify this problem through priority inversion and shared-resource
contention. Background LiDAR decoding threads may preempt safety monitors, asynchronous data
loaders may delay control execution, and ROS 2 executors may defer perception updates while
servicing unrelated timers [102]. The immediate effect is bursty sensing, irregular frame timing, and
transient sensor dropouts.

The more serious issue is that latency does not remain local to the component in which it originates.
CPU descheduling can delay GPU kernel dispatch, and DMA activity from one sensor can block service
to another. A single LiDAR burst may therefore delay camera buffering and trigger a jitter cascade
across perception, planning, and actuation. Under these conditions, learned policies and predictive
filters must operate on temporally inconsistent inputs rather than merely noisy ones.

3.7.3. Control-Theoretic Consequences

OS-level nondeterminism undermines several assumptions used in classical control analysis.
Stability arguments typically depend on bounded execution times, Zero-Order Hold discretization,
and noise models that do not exhibit heavy-tailed latency behavior [103]. Best-effort scheduling
violates those assumptions by introducing irregular sampling and actuation delay. In practice, the
resulting failures may appear as oscillations, missed grasps, or delayed corrective action and are easily
misattributed to perception or policy quality, even when the underlying cause is temporal interference
in the execution stack.

3.7.4. Implications

The OS and Scheduling Bottleneck is therefore a systems barrier, not merely an implementation
detail. Gains in model efficiency or accelerator utilization do not by themselves restore bounded-
latency execution on best-effort software stacks. Embodied FM systems that require dependable
physical interaction need real-time-aware runtimes, priority-sensitive scheduling, and explicit timing
contracts across sensing, inference, and control.
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3.8. The I/O and Communication Bottleneck

The I/O and Communication Bottleneck arises because embodied foundation-model pipelines
depend on multimodal data arriving with bounded delay, consistent ordering, and usable cross-modal
synchronization, yet the underlying I/O stack cannot reliably preserve all three under load. Closed-
loop perception and control often operate on sub-10 ms timing budgets, but those budgets are eroded
by arbitration in the I/O hierarchy, network variability, and middleware overhead. As a result, failures
often originate not in model inference alone, but in the data path that feeds and coordinates it.

3.8.1. Bus Arbitration, Network Stochasticity, and Middleware Overhead

The first source of instability appears in the on-chip interconnect and memory subsystem. High-
resolution RGB, high-rate IMU, and dense LiDAR streams compete for shared DMA engines and
LPDDR bandwidth, which must also support foundation-model inference. This creates direct coupling
between sensing and inference: when I/O pressure rises, arbitration delays data movement for both.
On Orin-class platforms, such interference has been reported to reduce Vision-Language-Action
throughput by 15–30% under background I/O load, primarily because of arbitration stalls rather than
compute saturation [104].

In cloud-assisted and split-compute deployments, the same problem extends beyond the device.
Packet loss, retransmissions, fading, and queueing introduce heavy-tailed delay, and round-trip
latencies of 30–80 ms on Wi-Fi 6 can exceed the stability margins of high-frequency control. Related
communication limits also affect federated and fleet learning, where aggressive compression and
update throttling are often required to keep communication overhead manageable [105]. The main
issue is therefore not bandwidth alone, but the inability to maintain regular timing across sensing,
inference, and remote coordination.

Middleware adds a further source of timing distortion. ROS 2 and DDS introduce serialization,
copying, marshalling, and discovery overheads that consume CPU time and memory bandwidth for
large tensors [106]. More importantly, DDS QoS policies reshape delivery timing through buffering,
queueing, and retransmission, which can disrupt cross-modal simultaneity. Without zero-copy trans-
port and explicit end-to-end timing contracts, middleware can invalidate the temporal assumptions
required for reliable fusion and state estimation.

3.8.2. Cross-Layer Timing Cascades

These timing disturbances do not remain local to the transport layer. Memory contention can
delay DMA, delayed DMA can stall inference, stalled inference can misalign fusion, and middleware
buffering can reorder or defer messages. Thermal throttling may further slow packet processing and
callback execution. The result is degraded temporal consistency across perception, planning, and
control.

In embodied systems, that inconsistency has direct operational consequences. Obstacle updates
become stale, fused state estimates lose coherence, and control actions are issued against an envi-
ronment that has already changed. These failures are not purely algorithmic; they emerge from the
interaction between model execution and the I/O path that supplies its inputs.

3.8.3. Implications

The I/O and Communication Bottleneck is therefore a systems barrier rooted in data movement,
ordering, and timing, not just in raw compute latency. Mitigating it requires data-centric redesign,
including prioritization of safety-critical traffic, near-sensor preprocessing and compression, and
zero-copy communication paths for large tensor flows [108]. Without such changes, improvements in
model efficiency alone will not eliminate timing failures in embodied foundation-model deployment.
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4. Mitigation Families for the Deployment Gauntlet
The literature does not respond to the Deployment Gauntlet through eight isolated solution

streams. The same mitigation often relieves multiple barriers at once by reducing synchronization
cost, lowering memory traffic, or improving runtime predictability. For that reason, the solution
space is better understood as a small set of recurring mitigation families rather than as a one-to-
one mapping from barrier to fix. We group the literature into four such families: transport-aware
sensing and synchronization relaxation, hardware-aligned model and compiler co-design, memory-
traffic reduction and schedulable memory use, and energy- and thermal-aware execution. Figure 4
summarizes the Mitigation strategies for deployment gauntlet.

Mitigation Strategies

Transport Aware 
Sensing

Synchronization

Memory 

Traffic Reduction

Hardware 

Aligned Model

Energy and

Thermal 
Aware Execution

Online Robustness, 
Adaptation,

and Runtime
Assurance

Real-Time

Systems Support 
and Timing Aware

Communication

Figure 4. The taxonomy for Mitigation Strategies for Deployment Gauntlet on edge

4.1. Transport-Aware Sensing and Synchronization Relaxation

The first family acts on the data path before model inference begins. Its goal is to reduce transport
overhead, relax unnecessary synchronization, and preserve temporal structure without forcing the
full stack to wait on the slowest modality. Early work pursued this through zero-copy middleware
transport. Iceoryx introduced shared-memory communication for fixed-size messages, while ROS 2
formalized loaned messages for middleware-managed buffer reuse [109,109,110]. Profiling studies
show that default ROS 2 configurations can incur substantial latency relative to optimized shared-
memory pipelines, with behavior strongly shaped by DDS and executor design [23]. Executor-level
refinements were therefore introduced to reduce jitter and improve predictability under real-time
load [70,102,111].

Recent work extends this idea beyond fixed-size message transport. Agnocast generalizes zero-
copy communication to variable-sized autonomy messages while preserving ROS 2 compatibility [109].
NITROS maintains accelerator-friendly formats through type adaptation and reduces unnecessary
copies for high-resolution sensor streams [112]. At the fusion level, MMEdge reduces idle waiting
through pipelined sensing and cross-modal speculative skipping [64], while AsyncVLA relaxes rigid
action timing by generating control tokens asynchronously [113]. Calibration maintenance belongs in
the same family: CalibRefine lowers the downstream cost of spatial misalignment through targetless
online refinement [69].

A related line of work reduces the need for strict synchronization altogether. Lightweight fusion
modules, cooperative edge-oriented VLM pipelines, and hardware-aware multimodal co-design all
aim to reduce how much data must be aligned exactly at runtime [114,115]. Uncertainty-aware fusion
methods dynamically gate modality contributions instead of assuming equal reliability and perfect
simultaneity [116–118]. Condition-aware pipelines similarly adapt to environmental regime rather
than enforcing expensive redundancy [119]. Training can also absorb some of the burden. TimeAlign,
UniBEV, and sensor-dropout strategies explicitly expose models to temporal misalignment or partial
sensing, trading modest training complexity for substantially greater runtime slack [120–123]. Taken
together, these methods treat sensing and synchronization as a transport-and-timing problem, not only
as a perception problem.
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4.2. Hardware-Aligned Model and Compiler Co-Design

The second family addresses the mismatch between transformer-style workloads and heteroge-
neous edge accelerators. The central idea is to expose hardware constraints at compile time or redesign
operators and models so that execution remains on the accelerator as much as possible [124]. Compiler-
driven approaches are the most direct expression of this idea. MATCH extends TVM-style compilation
with explicit SoC hardware models and BYOC integration to optimize placement and scheduling
across heterogeneous engines [125–127]. TinyIREE similarly unifies compilation and deployment for
embedded targets and reduces execution fragmentation across devices [128,129]. The shared lesson is
that heterogeneity must be visible at compile time if host fallback and cross-engine synchronization
are to be minimized.

When native hardware support is missing, operator reformulation becomes the next lever. T-
MAN replaces unsupported low-bit primitives on NPUs with lookup-table abstractions that preserve
end-to-end accelerator execution [130,131]. Quantization methods such as LLM.int8, GPTQ, and AWQ
reduce tensor movement while preserving fidelity, improving accelerator residency and reducing
host-device traffic [132–134]. Memory-aware attention redesigns such as FlashAttention reduce high-
bandwidth memory access through IO-aware tiling [135–137], while FlightLLM targets host-device
synchronization and kernel-launch overhead during autoregressive decoding [76,138].

The same design logic now appears at the architectural level. NanoVLA and TinyVLA redesign
VLA pipelines for edge hardware by reducing redundant computation, sustaining accelerator residency,
and separating heavyweight semantic reasoning from lightweight control [45,86,139]. SARA-RT
replaces quadratic attention with linear-complexity alternatives to recover real-time feasibility in
transformer-based robotic control [140]. Across these approaches, robust edge deployment emerges
less from post-training cleanup than from joint redesign of compiler, operator, and model.

4.3. Memory-Traffic Reduction and Schedulable Memory Use

The third family targets shared memory directly. On edge SoCs, the main problem is often not
arithmetic throughput but whether LPDDR service remains predictable when foundation models,
sensing, and control all compete for the same memory fabric. One response is isolation and regulation.
Early work showed that shared-cache and DRAM interference can inflate tail latency even when aver-
age throughput remains acceptable [65,141]. MemGuard-style reservation and policing mechanisms
allocate DRAM budgets and throttle interfering workloads [142,143]. Later work extends these ideas
to heterogeneous CPU–GPU systems through reserved bandwidth for real-time GPU tasks, accelerator-
aware isolation, per-bank regulation, LLC control, and microsecond-scale policing [144–148]. In this
line of work, memory is treated as a schedulable shared resource rather than a passive substrate.

A complementary strategy reduces traffic volume. Low-bit quantization lowers bandwidth
demand while preserving accuracy; LifeQuant and ProxQ focus specifically on maintaining quantized
performance in streaming or non-stationary settings [149–151]. Structured pruning reduces both
parameter count and activation traffic through hardware-aware channel and block removal [152–154].
Rotation-based methods suppress activation outliers that would otherwise require precision escalation,
and QuaRot extends low-bit execution across weights, activations, and KV caches [155–158].

The KV cache has become a particularly important target because it dominates long-context
memory footprint. KIVI and related methods compress the cache through ultra-low-bit or coupled
quantization [159,160], while adaptive-precision schemes vary cache precision across layers or tokens
to allocate bits where they are most useful [161,162]. XQuant instead stores quantized layer inputs
and rematerializes keys and values on demand, trading some on-chip computation for lower DRAM
pressure [163]. Across these approaches, the picture is consistent: once sensing and inference share
unified memory, real-time viability depends on both lowering traffic volume and making the remaining
traffic schedulable.
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4.4. Energy and Thermal-Aware Execution

The fourth family addresses the fact that embodied deployment is governed by steady-state
energy and thermal limits rather than by short-burst benchmark throughput. MAVBench makes
this explicit by showing that autonomy workloads directly reduce vehicle endurance in micro aerial
systems [164]. At a lower level, Horowitz and later efficient-accelerator studies show that memory
access often dominates arithmetic energy, which helps explain why memory-heavy foundation models
generate disproportionate thermal load even when compute is optimized [83,165,166]. The relevant
design target is therefore not peak throughput, but joules per decision and sustainable duty cycle under
continuous execution [167,168].

One response lowers the cost of each inference step. Distillation and compact architectures such as
MobileBERT reduce deployment cost while preserving useful capacity [169]. Post-training quantization
methods including ZeroQuant and SmoothQuant further reduce compute and memory-transfer energy
by lowering precision without large accuracy loss [170,171]. These methods do not remove the thermal
ceiling, but they shift the steady-state operating point.

For generative control, runtime duration matters as much as instantaneous cost. Diffusion-based
policies are particularly demanding because repeated denoising accumulates heat over many steps [46].
OneDP reduces that burden by collapsing multi-step diffusion into a single-step generator [48], while
LightDP prunes and restructures diffusion modules for sustained on-device execution [49]. In this
regime, fewer generation steps directly improve thermal sustainability.

Thermal-aware runtime management provides the final lever. POD TAS uses predictive thermal-
aware scheduling based on reduced-order thermal models to reduce peak temperature and temperature
variance [172,173]. The broader lesson across this family is that thermal feasibility is a runtime property:
compression lowers cost per operation, generative redesign reduces sustained duty cycle, and predic-
tive scheduling shapes temperature growth over time. Under continuous edge deployment, sustainable
embodied performance is determined by thermal equilibrium rather than by peak capability.

4.5. Online Robustness, Adaptation, and Runtime Assurance

Mitigations for long-horizon drift and safety failures share a common constraint: they must
improve robustness without exceeding edge budgets for compute, timing, and energy. As a result, the
literature does not pursue unrestricted online relearning of the full model. It instead relies on bounded
corrective mechanisms that contain model mismatch before it propagates into unsafe closed-loop
behavior. This family includes estimator-level drift compensation, parameter-efficient or gradient-free
adaptation, control-theoretic safety filters, runtime assurance architectures, and reactive monitoring.

One strategy localizes correction outside the full perception or control backbone. In visual-inertial
navigation, external neural modules estimate bias dynamics and inject corrections into factor-graph or
invariant filtering pipelines [174,175]. In soft robotics, where sensing drift is intrinsic to the hardware,
continual learning with rehearsal [176] and RNN-based observers [177] track nonlinear drift while
keeping compensation decoupled from task-level policy representations. These methods are effective
precisely because they restrict adaptation to a narrow interface rather than perturbing the full model.

A second strategy constrains adaptation itself. Test-time adaptation methods suppress low-
information gradients and stabilize streaming updates [178–180], but on edge hardware such updates
remain subordinate to latency-critical inference. Parameter-efficient methods narrow the update
space further through sparse backpropagation [181], lightweight bias modules [182], and bias-only
transformer adaptation with well under 0.1% of parameters [183]. When backpropagation is too
costly or poorly supported by the hardware stack, gradient-free methods estimate updates from
parameter perturbations [184], while meta-learning shifts most of the adaptation burden offline so
that deployment requires only low-dimensional coefficient updates, as in Neural Fly [185]. These
approaches make adaptation feasible, but only within a deliberately limited correction range.

The same logic appears on the safety side. Control Barrier Function wrappers and related
quadratic-program filters impose forward-invariant constraints around learned actions [186], while
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Predictive Safety Filters and MPC-based supervisory schemes accept or replace actions according to
an explicit feasibility model [187,188]. Reachability-based intervention and RL-CBF variants similarly
restrict unsafe exploration through safe sets or uncertainty-aware safety envelopes [189,190], and
SafeDiffuser extends this principle to diffusion-based planners by enforcing constraint-aware denois-
ing [191]. These methods improve safety by constraining or correcting learned behavior externally
rather than by making the generative model intrinsically safe.

Runtime assurance architectures generalize that externalization. Simplex-style designs, SOTER,
and related supervisory frameworks treat the learned policy as an advanced but uncertified controller
that may be overridden by a verified baseline when safety is threatened [192,193]. Formal verification
methods such as Reluplex, Marabou, and neural reachability analysis provide stronger guarantees for
small or structured networks [194–196], but they do not scale naturally to high-dimensional multimodal
foundation models under deployment shift. Probabilistic safety certificates, conformal wrappers, and
runtime shielding partially address that limitation by combining risk-bounded guarantees, runtime
enforcement, and black-box monitoring [197–201]. In practice, these methods reduce operational risk,
but they still depend on bounded correction, fallback, and supervision.

The central lesson is consistent across this family. Long-horizon drift and safety failures are
mitigated through structured correction, constrained adaptation, and runtime oversight rather than
through open-ended online relearning. These mechanisms improve robustness under realistic edge
constraints, but they also make clear that dependable embodied deployment still depends on keeping
correction bounded, explicit, and computationally tractable.

4.6. Real-Time Systems Support and Timing-Aware Communication

Mitigations for the OS, scheduling, I/O, and communication barriers address a different systems
problem: preserving timing integrity across the execution stack. Their shared objective is to bound
interference, reduce unnecessary data movement, and prevent timing disturbances from cascading
across perception, planning, and control. Unlike model-centric optimizations, these methods operate
on middleware, runtime, kernel, and transport layers.

At the middleware layer, chain-aware execution and callback isolation are central. Casini et
al. [202] show that default ROS 2 executors produce pessimistic response-time bounds because of
priority inversion and callback interference. Later work mitigates this by separating safety-critical
callbacks from background activity [98] and by scheduling end-to-end execution chains rather than
isolated callbacks. PiCAS is a representative example: it uses priority-driven, chain-aware scheduling
to reduce perception-to-control latency substantially on embedded platforms [203]. These methods
improve timing predictability, but they remain dependent on lower-level scheduling and resource
isolation.

Kernel-level real-time support addresses a second part of the same problem. PREEMPT_RT
substantially reduces CPU wake-up latency and improves interrupt handling under load [204], which
is valuable for classical control and for the CPU-resident orchestration surrounding learned policies.
Heterogeneous embodied systems, however, also depend on GPU kernels, DMA engines, and shared
memory fabrics that the CPU scheduler governs only indirectly. OS-level real-time support therefore
improves timing behavior but does not by itself guarantee end-to-end stability.

Runtime restructuring provides a more aggressive response. Systems such as Dora remove critical
execution from Python and place it in compiled dataflow runtimes with zero-copy shared memory
and explicit execution graphs, reducing latency relative to conventional ROS 2 Python pipelines [205].
The broader lesson is that runtime architecture matters: dataflow-style execution, reduced interpreter
overhead, and explicit dependency graphs are often more compatible with predictable timing than
general-purpose task orchestration.

Transport and communication optimizations tackle the same issue from the data path. On unified-
memory platforms, bandwidth regulation mechanisms such as MemGuard, BWLOCK, and later
dynamic or DSU-level policies protect safety-critical traffic by throttling interferers and reserving
DRAM service under contention [142–144,206]. Zero-copy shared-memory transport such as Iceoryx
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reduces serialization and large-payload copying overhead [207], while Hazcat and FPGA-assisted DDS
reduce host-side transport cost by unifying memory handling or offloading communication across
heterogeneous devices [208,209]. These methods do not remove timing variability, but they reduce
how much of it is injected into the critical path.

When execution spans cloud and edge, communication-aware partitioning becomes necessary.
Dynamic split-compute frameworks such as Neurosurgeon and SPINN adapt the partition point to
current channel conditions [210,211]. BottleNet, Elf, and related selective-transmission methods further
reduce bandwidth demand through representation compression or sparse token transfer [212–214].
These approaches improve survivability under communication variability, but they do so by trading
model fidelity, freshness, or cross-modal coherence for lower transport load.

Across this family, the conclusion is straightforward: timing reliability in embodied FM deploy-
ment is not recovered by faster models alone. It depends on coordinated support across middleware
scheduling, kernel preemption, runtime design, bandwidth isolation, and communication-aware exe-
cution. The objective is not perfect determinism under all conditions, but an execution stack in which
timing disruptions are bounded, localized, and less likely to cascade into unsafe control behavior.
Table 3 summarizes the mitigation families that address the long-horizon robustness, safety-assurance,
timing, and communication barriers in embodied foundation model deployment.
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Table 3. Mitigation families for the Deployment Gauntlet: representative strategies for improving embodied
foundation model deployment at the edge.

Mitigation
Family Core Strategy Deployment Bene-

fit Representative Techniques / Evidence

Transport-
Aware Sens-
ing and Syn-
chronization
Relaxation

Reduce transport
overhead, relax
rigid synchroniza-
tion, and preserve
usable temporal
structure before
inference begins.

Lower tail latency
and jitter, reduce
copy overhead,
and improve mul-
timodal alignment
without forcing the
stack to wait on the
slowest modality.

Zero-copy middleware transport and loaned buffers [109,109,110], executor and syn-
chronization refinements [23,70,102,111], variable-sized zero-copy and accelerator-
native transport [109,112], pipelined and asynchronous sensing/action genera-
tion [64,113], calibration maintenance [69], and training-time robustness to mis-
alignment or missing modalities [120–123].

Hardware-
Aligned
Model and
Compiler
Co-Design

Expose hardware
constraints at
compile time and
redesign opera-
tors or models to
reduce fallback,
fragmentation,
and unsupported
execution paths.

Higher accelerator
residency, fewer
host fallbacks,
lower synchroniza-
tion overhead, and
better real-time
feasibility on het-
erogeneous edge
hardware.

SoC-aware compilation and heterogeneous placement [124–129], operator reformu-
lation for end-to-end accelerator execution [130,131], traffic-reducing quantization
and IO-aware attention [132–137], host-device synchronization reduction [76,138],
and hardware-aligned model redesign [45,86,139,140].

Memory-
Traffic Re-
duction and
Schedulable
Memory Use

Treat shared mem-
ory as a schedula-
ble resource and re-
duce traffic volume
so sensing, infer-
ence, and control
can coexist without
excessive jitter.

More predictable
LPDDR service,
lower tail latency,
fewer stalls, and im-
proved sustained
performance under
unified-memory
contention.

DRAM isolation and bandwidth policing [65,141–148], streaming-stable quantization
and pruning [149–154], outlier suppression and uniform low-bit execution [155–158],
and KV-cache redesign that trades compute for lower LPDDR pressure [159–163].

Energy- and
Thermal-
Aware Execu-
tion

Optimize for sus-
tainable duty cycle
and steady-state
thermal feasibility
rather than short-
burst benchmark
throughput.

Lower joules per
decision, better en-
durance, reduced
throttling, and
more stable long-
horizon real-time
behavior.

Endurance-aware deployment evidence [164], energy-per-inference reduction
through distillation and quantization [83,165,166,169–171], duty-cycle reduction
for generative control [46,48,49], and predictive thermal-aware runtime manage-
ment [167,168,172,173].

Online Ro-
bustness,
Adaptation,
and Runtime
Assurance

Bound model
mismatch through
localized correc-
tion, constrained
adaptation, exter-
nal safety filters,
and runtime super-
vision rather than
unrestricted online
relearning.

Improves long-
horizon robustness
and reduces unsafe
behavior under
realistic edge
constraints while
keeping correction
computationally
tractable.

Estimator-level drift compensation through neural bias prediction and lightweight
observers [174–177], constrained test-time adaptation and streaming-stable up-
dates [178–180], sparse and parameter-efficient adaptation [181–183], gradient-free
and meta-learned adaptation [184,185], control-theoretic safety wrappers and predic-
tive safety filters [186,187,189–191], runtime assurance architectures [188,192,193],
formal verification and uncertainty-aware certificates [194–198], and runtime shield-
ing and black-box monitoring [199–201].

Real-Time Sys-
tems Support
and Timing-
Aware Com-
munication

Bound interference
across middle-
ware, runtime,
kernel, memory,
and transport
layers so timing
disturbances do
not cascade across
perception, plan-
ning, and control.

Improves timing
predictability,
reduces transport-
induced jitter, and
limits the spread
of scheduling and
communication
variability through
the execution stack.

Middleware callback isolation and chain-aware scheduling [98,202,203], kernel-
level real-time support [204], compiled dataflow runtimes and zero-copy exe-
cution graphs [205], DRAM bandwidth regulation and arbitration control [142–
144,206], zero-copy and heterogeneous I/O transport optimization [207–209], and
communication-aware cloud–edge partitioning with compression or selective trans-
mission [210–214].

5. Future Directions: Beyond the Deployment Gauntlet
The Deployment Gauntlet suggests that incremental gains in compression, quantization, or

model scaling often improve average performance more than worst-case deployment behavior under
SWaP-constrained, closed-loop execution. Many of the most consequential failures-including memory
contention, missed deadlines, thermal excursions, and safety-envelope violations-arise from cloud-
inference assumptions such as best-effort scheduling, batch-oriented memory traffic, and weak timing
contracts. Figure 5 summarizes a set of representative architectural responses to these constraints.

Representative architectural directions:

• Event-driven sensing: Replace dense frame pipelines with event-structured inputs to reduce
redundant compute and bandwidth, improve temporal alignment, and tighten end-to-end latency
budgets [215,216].

• Memory-centric and near-sensor compute: Reorganize dataflow to reduce tensor movement
through near-sensor preprocessing and PIM-style primitives, mitigating the unified-memory
contention that often dominates edge latency and energy [217] [218].
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• World-model-centric autonomy: Use predictive state as a synchronization substrate under delay,
occlusion, and sensor disagreement, enabling temporally grounded planning rather than purely
reactive control [219,220].

• Bifurcated cognition (System 1 / System 2): Separate high-rate control authority from lower-rate
semantic reasoning so that deliberative stalls do not propagate directly into actuation hazards [35,
38].

• Real-time safety enforcement: Combine lightweight monitoring with bounded-overhead runtime
constraint enforcement, such as CBF-style reflex layers, that remain effective under missed
deadlines and resource pressure [38,221].

• Collaborative embodiment and fleet learning: Treat robustness partly as a fleet-level property
by amortizing rare events and distribution shift across deployments through federated, split, or
distilled update mechanisms under limited connectivity [222].

5.1. Evaluation Trends: From Accuracy to Operational Validity

These architectural directions imply a corresponding shift in evaluation. Accuracy and average la-
tency remain necessary, but they are weak predictors of real deployment outcomes when the execution
stack is constrained by timing, memory, and thermal pressure. Future benchmarks should therefore
report at least three additional properties: (i) temporal coherence, including state freshness and
synchronization under load; (ii) bounded failure and recoverability, including graceful degradation
within safety envelopes; and (iii) resource stability, including sensitivity to bandwidth pressure, I/O
contention, thermal throttling, and scheduling jitter. Stress-test protocols that inject jitter, bus pressure,
packet loss, and sensor dropout would make evaluation more operationally meaningful by measuring
whether systems remain coherent, bounded, and safe under realistic constraints.

·
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Event-Driven Sensing

Sparse Event Spikes
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Figure 5. Architecture trends for future Embodied Foundation Models: Data volume is minimized via Neuromor-
phic and event sensing (A), and near sensor compute mechanism (B). A central predictive world model stabilizes
perception (C) while cognition is separated into fast reflexes and slow reasoning (D). The rigorous safety policy(E)
enforces constraints before actuation. And the Fleet learning (F) extends the feasible complexity.

6. Conclusion
Deploying foundation models on edge embodied platforms is a systems problem, not simply

a problem of compression or accelerator efficiency. Reliable embodied performance depends on the
interaction of sensing, computation, memory, timing, power, and safety under closed-loop execution.
We organized these recurring constraints through the Deployment Gauntlet, a systems taxonomy
that explains why gains in average-case throughput do not necessarily translate into dependable
deployment. Across the literature, quantization, pruning, and related optimizations improve deploya-
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bility, but they do not, on current evidence, resolve the worst-case failures associated with memory
contention, timing variability, thermal instability, and limited safety assurance.

A central implication of this survey is that embodied deployment increasingly favors architectural
decomposition over monolithic end-to-end execution. Separating high-rate control from lower-rate
semantic reasoning is one promising response to the tension between control-loop determinism and
deliberative inference. More broadly, reducing data movement is often as important as reducing
arithmetic cost. This makes transport-aware sensing, memory-centric execution, and near-sensor or
in-memory processing especially relevant for future embodied systems operating under strict SWaP
constraints.

The broader lesson is that robust embodied intelligence will depend less on transferring cloud-
oriented model assumptions to the edge and more on explicit co-design across sensing, memory
hierarchy, runtime scheduling, communication, and model architecture. The semantic capabilities of
foundation models remain valuable, but realizing them in physical systems requires stacks designed
around edge constraints rather than adapted to them only after training. In that sense, the future of
embodied foundation models lies not simply in smaller models on smaller devices, but in systems
whose learning objectives, execution substrate, and safety requirements are aligned from the outset.
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