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Abstract
Embodied LLM systems increasingly co-locate latency-
critical robotics pipelines with compute- and memory-
intensive language-model inference on edge platforms such
as NVIDIA Jetson. This co-location avoids cloud round trips
and enables privacy-preserving, low-latency interaction, but
it also creates a new source of resource interference. Our
experiments show that the deadline miss rate of a real-time
task can reach nearly 100% under co-running LLM inference.
The root cause is that, although robotics workloads and
LLM inference typically execute on the CPU and GPU, re-
spectively, they share the same unified-memory subsystem
on edge platforms. As a result, Memory-Controller (MC)
capacity can become a hidden bottleneck even when conven-
tional compute resources do not appear saturated. Based on
this finding, we propose MCSched, a lightweight MC-aware
runtime scheduler for embodied LLM systems. MCSched
combines coarse MC-pressure signals with foreground
timing feedback and temporarily gates background LLM
execution when robotics tasks approach deadline risk. In our
prototype experiments, MCSched successfully reduced the
deadline miss rate of the camera task and PCL task by up to
83.35% and 74.11%, respectively, on the ROS-LLM framework
while maintaining LLM inference speed. These observations
provide preliminary but compelling evidence that MC-aware
scheduling is a practical operating system/runtime direction
for deployable embodied AI on unified memory edge devices.

CCS Concepts
• Computer systems organization → Real-time sys-
tems; Embedded systems; Heterogeneous (hybrid) systems;
Robotics.
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1 Introduction
Recent embodied AI systems increasingly deploy VLA and
LLM components on edge devices to support perception,
instruction understanding, and command analysis [17, 28].
Edge deployment reduces cloud dependence and can im-
prove privacy, power efficiency, and real-time responsive-
ness. NVIDIA Jetson platforms are a natural target for this
deployment model because they combine CPU cores, inte-
grated GPUs, accelerators, and unified memory in a compact
power envelope. In these systems, however, LLM inference
is not an isolated service. It co-runs with latency-sensitive
robotics pipelines such as perception, localization, planning,
and control, often implemented as Robot Operating System
2 (ROS 2) callbacks and executors [16]. Unlike latency in
chatbot services, delays in sensor feedback or motor control
can directly affect physical behavior, causing a robot to stall,
drift, collide, or violate safety margins [5].

The same integration that makes Jetson attractive also cre-
ates a subtle interference channel. Unified memory simplifies
data sharing between CPU and GPU work, but it couples
those workloads through a shared subsystem [3]. LLM infer-
ence, particularly its prefill, decoding, and attention-heavy
stages, can generate sustained memory traffic [7, 14]. In the
meantime, robotics pipelines perform camera ingestion, im-
age preprocessing, object detection, cost-map updates, con-
trol and real-time SLAM [33], all of which rely on bounded
latency for correctness. Even when these tasks do not sat-
urate CPU or GPU compute, they can miss deadlines if a
co-running workload delays service in the unified-memory
subsystem.
Existing embodied systems on edge devices tend to em-

phasize LLM-centric metrics such as token throughput and
inference latency [27], while paying less attention to the
deadline behavior of co-running robotics pipelines. These
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Figure 1: ROS 2 sensor tasks deadlinemiss rate under increas-
ing MC bandwidth pressure with LLM inference workload.

metrics can indicate whether the LLM runtime is healthy, but
they do not necessarily reveal whether the embodied system
as a whole remains safe and responsive. To study this gap, we
evaluate a representative ROS-LLM system on a Jetson plat-
form [17] and measure the deadline miss rate of foreground
real-time tasks, as shown in Figure 1. We evaluated four typ-
ical sensor tasks by controlling the inference speed of LLM
(token throughput 50 %-100 %). Their deadline miss rates
also increased when bandwidth pressure increased due to
LLM inference, and they started to rise sharply at 45 % band-
width utilization. Our measurements show that background
LLM inference can raise MC pressure enough to sharply
increase deadline misses in ROS sensor tasks. This effect is
most visible for bandwidth-sensitive foreground tasks. And it
suggests that the MC is not merely an implementation detail:
it is a shared resource whose pressure must be considered in
runtime scheduling.
Based on these findings, we propose MCSched, an MC-

aware runtime prototype for scheduling embodied LLM
workloads on Jetson-class platforms. The main contributions
are as follows:
• We identify and characterize MC contention as a hid-
den failure mode for embodied LLM systems on unified-
memory edge platforms. Across both ROS-LLM and non-
ROS workloads on Jetson-class hardware, we show that
LLM co-running can substantially inflate real-time task
latency and deadline misses while leaving CPU/GPU uti-
lization and LLM throughput metrics largely intact.
• We design and prototype MCSched, a lightweight MC-
aware runtime scheduler that combines coarse MC-
pressure signals with task-level timing feedback to detect
foreground deadline risk and gate background LLM exe-
cution. The prototype illustrates a practical path toward
deployable scheduling support for embodied LLMs on
unified-memory edge platforms.

2 Background & Challenges

2.1 Background
Co-located Robotics and LLMWorkloads. Due to strict
size, weight, and power constraints and the need to avoid un-
predictable cloud-offloading latency, modern mobile robots

increasingly consolidate their software stacks onto a sin-
gle edge platform [10]. These platforms must host latency-
critical workloads such as sensor drivers, perception, local-
ization, motion planning, and control. ROS 2 [22] provides
the common communication and execution framework for
such systems, where applications are organized as callback
chains managed by executors; prior real-time studies have
analyzed their response time, scheduling, and priority as-
signment [5, 23]. For these workloads, correctness depends
not only on output quality but also on timeliness: a delayed
perception result or control update can be equivalent to a
failure and have serious consequences. Beyond conventional
robotics callbacks, latency-sensitive processing on edge and
end systems may also include CPU-side neural analytics;
RET-Net, for example, uses a lightweight CNN for real-time
network-flow classification and reports 0.201ms per flow
under serial inference on a general-purpose CPU [15].
Recent embodied LLM applications introduce a second

workload class into the robotics stack. When grounded in
robot skills or sensory observations, LLMs can support se-
mantic planning, instruction following, and action gener-
ation [1, 4, 8]. Unlike low-level control loops with hard
timing constraints, these LLM workloads are more tempo-
rally elastic: fast generation improves responsiveness, but
modest delays in semantic reasoning or planning usually
do not threaten immediate physical safety [32]. Depending
on the application, the LLM may run continuously in the
background, be triggered by user interaction, or be invoked
by a high-level planner. Because both workloads are forced
to co-locate on the same hardware, the LLM interacts with
robotics workloads even when it is not directly inside the
low-level control loop: LLM inference may consume GPU
time, launch CPU runtime threads, allocate memory, and
transfer data while ROS callbacks continue to process sensor
and control events.
Unified Memory and MC Contention. Unified mem-

ory turns this software-level co-location into hardware-level
contention. Instead of treating CPU memory and GPU mem-
ory as fully separate address spaces, Jetson-class SoCs allow
CPU cores, the integrated GPU, and other accelerators to
physically access the same unified-memory subsystem [20],
as illustrated in Figure 2.
LLM inference can generate sustained memory traffic

throughout both prefill and decoding. During prefill, trans-
former attention processes the input context; during decod-
ing, inference repeatedly accesses model weights and KV-
cache state, both of which are known to be memory-sensitive
components in modern LLM serving [7, 14]. These accesses
are arbitrated by the shared MC, whose activity is exposed
through External Memory Controller (EMC) metrics such
as bandwidth utilization and operating frequency [20, 21].
Consequently, contention is not limited to CPU or GPU com-
pute resources alone. A robotics callback may miss its timing
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Figure 2: Unified-memory interference on Jetson. CPU-side
ROS callbacks and GPU-side LLM inference issue memory re-
quests to the same unified-memory subsystem. The memory
controller can therefore become a shared bottleneck even
when CPU and GPU compute resources are not saturated.

Table 1: Comparison of CPU stream-task latency under low
andhighGPU-sideMCpressure. EMCdenotesMCbandwidth
utilization, and GFPO denotes GPU compute utilization. La-
tency is the elapsed time of one CPU task iteration.

Category Metric None Low High

Utilization
EMC 9.5% 10.0% 64.3%
GFPO 0% 76.3% 0.3%

95% Latency
p95 20.2ms 20.4ms 25.3ms
Increase 0.0% 0.8% 25.0%

99% Latency
p99 20.4ms 20.5ms 25.6ms
Increase 0.0% 0.8% 25.8%

target because memory requests are delayed in the unified-
memory subsystem, evenwhile the LLM continues to achieve
high GPU utilization and token throughput.
To isolate this effect, we measure the latency of a simple

CPU stream task, representative of streaming ROS callbacks,
while co-running GPU workloads with different memory
behaviors. Table 1 shows that high GPU compute utilization
alone has little impact on CPU-task tail latency: when GPU
floating-point operations per second (GFPO) rises to 76.3%
of the theoretical limit, EMC utilization remains near the
idle level, and p95 latency increases by only 0.8%. In contrast,
when EMC utilization rises to 64.3%, p95 and p99 latency
increase by 25.0% and 25.8%, respectively. These results indi-
cate that MC pressure, rather than GPU compute occupancy
alone, can become the bottleneck for CPU-side robotics tasks.
We therefore treat MC pressure as a cause-side signal that
must be interpreted together with victim-side timing signals
such as callback latency, jitter and deadline misses.

2.2 Challenges
The measurements above indicate that MC contention is an
important contributor to deadline degradation in co-running

ROS-LLM workloads. An intuitive response is to ease MC
contention through scheduling: when foreground robotics
tasks approach deadline risk, the runtime should reduce or
defer memory-intensive LLM execution. However, schedul-
ing aroundMC behavior is harder than scheduling CPU cores.
The runtime must observe MC pressure without adding jitter,
translate a non-partitionable hardware signal into manage-
able practical control actions, and decide when contention
is actually harmful to bursty robotics SLOs. We elaborate on
these challenges below.

Challenge #1: Memory-Controller Bandwidth Is Not
Explicitly Schedulable. Existing real-time and robotic
scheduling systems primarily reason about CPU-side re-
sources, such as task priorities, executor behavior, core
assignment, and processor utilization. Unified-memory
bandwidth has been recognized as an important source of
temporal interference in real-time systems [31], but it is
rarely exposed as a first-class control knob in commodity
robotic platforms. Unlike CPU cores, the MC cannot be di-
rectly partitioned or assigned to processes through standard
scheduling interfaces. Similar resource-control limitations
have also been observed in datacenter GPU fabrics and
RDMA NICs [6, 12]. This creates a gap between observation
and control: even when the runtime detects excessive MC
pressure, it must translate that signal into indirect actions
available on the platform.

Challenge #2: Robotics SLOs Are Bursty and Context-
Dependent. Robotics SLOs capture end-to-end timing re-
quirements for perception–control pipelines [25]. A ROS
pipeline contains heterogeneous tasks with different timing
sensitivities. Sensor processing is often latency-critical be-
cause it maintains the freshness of observations consumed
by downstream planning and control stages [2, 30]; delayed
sensor results can lead to stale observations and incorrect
control decisions. However, not all robotics tasks are equally
critical at all times: map refinement or global environment
updates may tolerate moderate delay, while camera and radar
perception can be highly sensitive to transient latency infla-
tion caused by co-running LLM inference.

This bursty and context-dependent criticality makes static
partitioning unattractive. Always reserving unified-memory
bandwidth for robotics tasks unnecessarily suppresses LLM
throughput, while reacting only to average MC utilization
can miss short harmful contention windows. As a result,
the scheduling problem is not simply to minimize MC pres-
sure, but to decide when MC pressure is actually harming
foreground timing.

3 Memory-Controller-Aware Runtime
MCSched is a lightweight runtime scheduler for embodied
LLM systems that co-run foreground robotics tasks with
background LLM inference on unified-memory edge plat-
forms. Its design follows directly from the two challenges
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Figure 3: Architecture overview ofMCSched

in § 2.2: MC bandwidth is difficult to schedule directly, and
robotics SLOs are bursty and context-dependent. Rather than
partitioning memory bandwidth statically or throttling the
LLM whenever MC pressure is high, MCSched regulates the
more elastic LLM workload only when foreground robotics
tasks approach deadline risk.

At a high level,MCSched is built around two pieces: anMC-
aware scheduling policy for foreground real-time tasks, and
a minimal ROS-LLM integration layer that can slow or pause
background inference during foreground-critical windows.
MCSched does not assign an MC quota to a ROS callback or
reserve a fixed fraction of unified-memory bandwidth for a
control loop. Instead, it relies on coarse but practical control
actions applied to LLM inference. These actions match the
priority structure of embodied systems: foreground robotics
tasks have tight timing constraints, whereas background
LLM generation can tolerate short deferrals.

Use of AI tools. OpenAI Codex with was used to assist
in writing benchmarking and plotting scripts for the exper-
iments reported in this paper. The authors reviewed and
tested all AI-assisted code and independently verified the
experimental data, plots, and reported results.

3.1 Runtime Overview
The runtime follows three principles. First, the online control
path must have low perturbation: it should not continuously
run heavyweight profilers or require precise attribution of
every memory transaction. Second, it should protect robotics
tasks at callback or release boundaries, where deadlines are
naturally defined. Third, the LLM should remain unmodified
when possible, because deployed robots may use existing
ROS and LLM runtimes.

As shown by Figure 3, MCSched separates scheduling pol-
icy from the source of measurement. Rather than introducing
a new measurement subsystem, it consumes lightweight run-
time signals that are already available to the robotics and

LLM stacks: foreground task timing, recent deadline behav-
ior, and coarse MC-pressure summaries. For each protected
task, MCSched maintains a recent window summary over
callback executions, including response time, waiting time,
execution time, minimum slack, and deadline misses. In a
ROS 2 deployment, these values can be collected by wrap-
ping timer, subscription, or action callbacks at the executor or
callback-dispatch layer, without modifying ROS 2 nodes. MC
pressure is used only as a coarse cause-side signal, which
can be obtained from a hardware-level real-time Activity
Monitor, see § 3.3 for details. We evaluated this method of
MC stress acquisition, and found that using this method only
increases the tail latency of ROS tasks by 0.03-0.05%, which
can be considered minimal interference. The scheduling de-
cision is driven by whether foreground timing indicates that
a robotics task is becoming vulnerable.

3.2 Scheduling Policy
Let 𝑃𝑊 be a coarse MC-pressure signal in window𝑊 , 𝑀𝑊

the recent miss rate of the protected task, and 𝑆𝑊 its mini-
mum observed slack.MCSched raises a risk signal only when
the protected task shows victim-side timing stress: it has
begun missing deadlines, its slack is nearly exhausted, or
high MC pressure coincides with low slack. This separates
a possible cause from an actual victim. MC pressure alone
only indicates that the memory subsystem is busy; it does
not imply that a robotics task is being delayed. Slack and
deadline misses provide this victim-side evidence. Therefore,
MCSched throttles LLM inference only when memory pres-
sure coincides with signs that the protected robotics task is
approaching, or has already entered, deadline risk.

MCSched supports two scheduling modes. Release-guard
pauses the LLM shortly before a protected task release and
resumes it after a configured protected interval. This mode
is simple and effective when the task period or release time
is known, such as for periodic sensing and control callbacks.
Sensor-adaptive is more selective: it gates the LLM only
when coarse MC pressure is high and recent foreground
timing indicates low slack or deadline misses, making it suit-
able for event-driven pipelines whose criticality varies with
sensor input and scene complexity. To avoid over-throttling,
both modes use a compact release-window parameterization
instead of separate budget counters. When throttling is trig-
gered, Algorithm 1 suspends the LLM from 𝑡release − 𝐺 to
𝑡release + 𝐻 , giving each throttling action a bounded pause
quantum of 𝐺 + 𝐻 . Since the controller issues at most one
suspension per task period 𝑇 , the per-period pause budget
is also bounded by 𝐺 + 𝐻 , and the LLM is guaranteed to run
for at least 𝑇 −𝐺 − 𝐻 before the next possible suspension,
assuming 𝐺 + 𝐻 < 𝑇 .
Algorithm 1 summarizes the sensor-adaptive mode used

by MCSched; release-guard is its special case that omits the
MC/risk condition. The controller first aligns with the next
protected task release and enters a guard interval before
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Algorithm 1 Phase-Aware Adaptive LLM Throttling
Input: Period 𝑇 , guard 𝐺 , hold 𝐻 , tasks P, thresholds 𝜃𝑚𝑐 , 𝜃𝑠𝑙𝑎𝑐𝑘
1: 𝑡𝑟𝑒𝑙𝑒𝑎𝑠𝑒 ← Now() +𝑇
2: while scheduler is active do
3: Sleep until 𝑡𝑟𝑒𝑙𝑒𝑎𝑠𝑒 −𝐺
4: 𝑠𝑡𝑎𝑔𝑒 ← GetLLMStage()
5: 𝑈𝑚𝑐 ← GetRecentMCUtilization()
6: 𝑆𝑚𝑖𝑛, 𝑀𝑟𝑎𝑡𝑒 ← GetROSTelemetry(P)
7: 𝑅𝑖𝑠𝑘 ← (𝑆𝑚𝑖𝑛 < 𝜃𝑠𝑙𝑎𝑐𝑘 ) ∨ (𝑀𝑟𝑎𝑡𝑒 > 0)
8: if 𝑠𝑡𝑎𝑔𝑒 ∈ ActiveStages && 𝑈𝑚𝑐 > 𝜃𝑚𝑐 && 𝑅𝑖𝑠𝑘 then
9: SendSignal(LLM_PID, SIGSTOP)
10: Sleep until 𝑡𝑟𝑒𝑙𝑒𝑎𝑠𝑒
11: if 𝐻 > 0 then
12: Sleep for 𝐻

13: SendSignal(LLM_PID, SIGCONT)
14: 𝑡𝑟𝑒𝑙𝑒𝑎𝑠𝑒 ← 𝑡𝑟𝑒𝑙𝑒𝑎𝑠𝑒 +𝑇

the foreground-critical window (Lines 1–3). It then samples
the LLM stage, recent MC pressure, and ROS-side timing
summary to determine whether the foreground task is at
risk (Lines 4–7). If the LLM is active and high MC pressure
coincides with foreground timing risk, MCSched suspends
background LLM execution and resumes it after the pro-
tected interval and optional hold duration (Lines 8–13). The
controller then advances to the next release and repeats the
procedure (Line 14). This policy combines a cause-side sig-
nal with victim-side timing feedback, avoiding unnecessary
throttling when MC pressure is high but foreground tasks
remain schedulable.

3.3 Implementation
Our current MCSched prototype follows the design con-
straints: it uses lightweight cause-side and victim-side sig-
nals, and integrates with existing ROS 2 and local LLM run-
times with minimal modification. On the robotics side, MC-
Sched collects task-level timing metadata at callback bound-
aries, including release time, dispatch time, completion time,
and deadline. In ROS 2, timer, subscription, and action call-
backs already pass through executor-controlled dispatch
paths; wrapping these boundaries is sufficient to estimate re-
sponse time, slack, and deadline misses [22, 26]. This exposes
the victim-side timing feedback needed by the scheduler
without modifying perception, planning, or control kernels.

On the LLM side, the prototype regulates background in-
ference through external process-group control. When MC-
Sched detects foreground deadline risk, it suspends the LLM
runtime with SIGSTOP and later resumes it with SIGCONT.
This mechanism is coarse-grained, but portable across exist-
ing runtimes such as llama.cpp, and requires no changes to
GPU kernels, model code, or inference libraries. The cause-
sideMC-pressure signal is obtained from Jetson’s lightweight
kernel-level interface, ACTMON [19], and summarized over a
recent window. This avoids heavyweight profiling or hard-
ware instrumentation in the online control path.

4 Preliminary Evaluation
Our preliminary evaluation investigates whether MC-aware
control can reduce foreground deadline misses without fully
suspending background LLM inference. Experiments are
conducted on a Jetson Orin Nano Super [18].
It features a 6-core Arm CPU and an NVIDIA Ampere-

architecture GPU, both integrated onto a single SoC. It has a
theoretical bandwidth ceiling of 102 GB/s. The CPU and GPU
share 8 GB of 128-bit LPDDR5 unified memory. We construct
a mixed ROS-LLM workload comprising four representative
robotics tasks and three LLMs. The workload captures di-
verse memory-access behaviors and evaluates whether MC-
Sched can preserve the timing of bandwidth-sensitive sensor
tasks (camera and PCL) without unnecessarily throttling
LLM inference when mixed with less bandwidth-sensitive
control and planner tasks. Our primary focus is on the sensor
tasks. The camera task emulates high-resolution image pre-
processing callbacks operating on full-frame floating-point
tensors exceeding one million pixels [24]. The PCL task
emulates irregular memory accesses in point-cloud filter-
ing pipelines, performing approximately 1.6 million indexed
gather operations over point attributes per callback [9].

Although the absolute deadline values are representative
rather than derived from a certified robot safety case, they
are configured according to the target sensor frequency (i.e.,
task period). For each job 𝑘 of task 𝜏𝑖 , we define the expected
release time 𝑟𝑖,𝑘 and completion time 𝑐𝑖,𝑘 . The end-to-end
response time is measured as 𝑅𝑖,𝑘 = 𝑐𝑖,𝑘 −𝑟𝑖,𝑘 , which includes
both release jitter and execution delay. A deadline miss oc-
curs when 𝑅𝑖,𝑘 > 𝐷𝑖 . Therefore, the reported miss rates
capture the overall timing inflation experienced by latency-
critical ROS tasks under co-running LLM interference.
Table 2 shows that the baseline ROS workload is schedu-

lable, with zero deadline misses for both camera and PCL
tasks. When co-running with LLM inference, however, un-
controlled execution causes severe interference: camera miss
rates rise to 74.30–85.56%, while PCL reaches 85.71–96.61%,
with p95 latency inflated to about 62–97ms. MCSched sig-
nificantly reduces this impact. Camera miss rates drop to
1.66–2.76%, with p95 latency restored to 28–30ms; PCL miss
rates decrease to 22.50–35.00%, with p95 latency reduced
to about 46–47ms. These improvements come at only 1.20–
1.97% LLM throughput loss, showing that MCSched protects
latency-critical sensor tasks while maintaining inference
throughput as much as possible.

5 Discussion
Our current study has two main limitations. First, the eval-
uation is conducted on a single NVIDIA Jetson Orin Nano
Super platform. Although unified-memory CPU–GPU ar-
chitectures are common across edge devices, we still lack
testing on non-NVIDIA Jetson platforms. The nature of mem-
ory controller contentionmay vary across hardware vendors;
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Table 2: ROS sensor tasks deadline miss rates and tail laten-
cies (p95) across different LLM workloads. MCSched effec-
tively mitigates MC contention, achieving significant latency
reductions with minimal LLM throughput loss.

Model Sensor
✗ Uncontrolled ✓ MCSched LLM

tput
dropMiss Rate p95 Miss Rate p95

Baseline
Cam. 0.00% 25.44ms – – –
PCL 0.00% 39.86ms – –

Qwen2.5 [29]
Cam. 85.56% 62.14ms 2.21% 29.31ms 1.20%
PCL 85.71% 97.08ms 35.00% 47.03ms

DeepSeek-R1 [11]
Cam. 84.44% 96.47ms 2.76% 29.47ms 1.97%
PCL 86.44% 95.07ms 33.61% 46.93ms

TinyMixtral
-MOE [13]

Cam. 74.30% 94.72ms 1.66% 28.46ms 1.41%
PCL 96.61% 93.87ms 22.50% 45.90ms

while architectural analysis suggests such contention exists,
further quantitative measurement is required. Furthermore,
the system design does not account for other hardware plat-
forms—for instance, many edge devices utilize NPUs for
additional neural network acceleration, yet the invocation
of NPUs is more difficult to intercept and control.
Second, MCSched is primarily intended for foreground

workloads whose timing behavior is sensitive to memory-
bandwidth contention. Our experiments focus on bandwidth-
sensitive sensor-processing tasks, such as camera prepro-
cessing and point-cloud processing, for which increased MC
pressure can substantially inflate latency and cause deadline
misses. For compute-bound, cache-resident, or otherwise
bandwidth-insensitive foreground tasks, MC contention may
contribute little to their execution latency, and reducing back-
ground LLM memory traffic would therefore provide limited
benefit. We additionally evaluate four representative control
workloads, including PID, LQR, computed-torque control,
and MPC. In contrast to the bandwidth-sensitive camera
and point-cloud workloads, these control tasks exhibit lit-
tle degradation under the co-running GPU-heavy workload.
Their execution-time p95 changes by at most 2.95 % in magni-
tude, while response-time p95 changes range from -2.08% to
+5.89 %. Deadline misses remain negligible: three workloads
observe no increase in miss rate, while computed-torque
control reaches only 0.1 %. Moreover, the absolute response
times remain far below their corresponding deadlines. These
results indicate that high MC pressure does not uniformly
translate into timing degradation; its impact strongly de-
pends on the memory sensitivity of the foreground work-
load.

6 Conclusion & Future Work
Embodied LLM systems make edge robots more capable, but
they also intensify contention on unified-memory platforms.
This paper argues that MC pressure is a key source of real-
time interference on Jetson devices and should be treated
as a schedulable runtime concern. MCSched takes a deliber-
ately lightweight approach: it combines coarse MC-pressure

signals with foreground task timing, and gates background
LLM execution only when robotics tasks are at risk. In our
preliminary ROS-LLM evaluation, MCSched reduces cam-
era tasks miss rate from 74–86% to 1.6–3% and PCL tasks
miss rate from 85–97% to 22–35%, while retaining about 98%
of unmanaged LLM throughput. These results suggest that
memory-controller-aware scheduling is a worthwhile and
practical direction for deployable embodied AI on unified-
memory edge platforms.
We aim to explore three directions in the future. First,

MCSched currently controls LLM execution through process-
level suspend/resume, which is portable but coarse. Inte-
grating cooperative runtime hooks, such as request-stage
or token-group boundaries, could reduce MC pressure
with finer granularity and lower throughput loss. Second,
MCSched uses a threshold-based policy; future controllers
should tune pause budgets online using foreground slack,
recent miss history, MC-pressure trends, and LLM phase
information. Finally, our evaluation is preliminary and lim-
ited to representative ROS-style tasks on one Jetson-class
platform. Future work should study full robot applications,
additional edge SoCs, different model sizes, and closed-
loop quality metrics such as perception freshness, planning
stability, control smoothness, and mission success.
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