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Abstract—Deploying Machine Learning (ML) applications on
resource-constrained mobile devices remains challenging due to
limited computational resources and poor platform compatibility.
While Mobile Edge Computing (MEC) offers an offloading-
based inference paradigm using GPU servers, existing approaches
can be divided into non-transparent and transparent methods,
with the former necessitating source-code modifications. Non-
transparent offloading achieves high performance but requires
intrusive code changes, limiting compatibility with diverse appli-
cations. Transparent offloading, in contrast, offers wide compat-
ibility but introduces two challenges: performance degradation
under MEC’s low and fluctuating bandwidth, where per-operator
remote procedure calls (RPCs) inflate end-to-end latency and
energy consumption; and black-box logic reconstruction, which
requires recovering the operator sequence solely from low-level
runtime logs without hints from upper-layer frameworks. To
address these challenges, we propose RRTO, the first high-
performance transparent offloading system tailored for MEC
inference that exploits the static operator sequence in ML models
to eliminate repetitive RPCs. RRTO applies record-and-replay
to coalesce reactive per-operator RPCs into a proactive one-
shot RPC per inference, and introduces a two-stage Operator
Sequence Search to reconstruct the operator sequence accurately
from raw logs. Evaluation demonstrates that RRTO reduces
per-inference latency and energy consumption by up to 98%
relative to state-of-the-art transparent methods while achieving
performance comparable to non-transparent approaches, without
requiring any source-code modification.

Index Terms—Computation Offloading, model inference, mo-
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I. INTRODUCTION

Machine learning (ML) has become fundamental to a
wide range of mobile applications, from intelligent wearable
sensors [1] and autonomous vehicles [2] to industrial IoT
systems [3]. These applications are built upon advances in
object detection [4], robotic control [5], and environmental
perception [6], all of which require high-performance (low-
latency and energy-efficient) inference. Deploying ML models
on real-world mobile devices (e.g., smartphones, robots, and
IoT devices) faces two main challenges: platform compatibil-
ity, which requires supporting diverse software frameworks
and hardware accelerators on mobile devices; and limited
on-device computing resources, including restricted compu-
tational power and battery life.

Recent studies [7] have proposed mobile edge computing
(MEC) as a promising solution for high-performance inference
by leveraging GPU-equipped edge servers (GPU servers).
Conventional MEC approaches (illustrated in Tab. I) fall into
three categories: device-only inference, non-transparent of-
floading, and transparent offloading, based on whether source
code modification is required for enabling offloading. Device-
only inference demands significant engineering effort due to
poor platform compatibility and cannot deliver high perfor-
mance because of limited on-device resources (see Sec. II-A).
As a result, many ML applications are turning to offloading-
based inference over MEC networks, which offers high per-
formance and broad compatibility by leveraging GPU servers.

Non-transparent offloading strategies enhance model infer-
ence performance by relocating model computations to GPU
servers by modifying applications’ source code. For instance,
our experiments demonstrate that native offloading, where the
entire model is hosted remotely, achieves up to 3.7× faster
inference and 49% lower energy consumption compared than
device-only inference. However, this inherent requirement for
source code modification poses a critical limitation, which
not only significantly increases engineering overhead but also
severely curtails application diversity (i.e., support various
upper-layer applications). Specifically, it impedes integration
with closed-source software (e.g., TensorRT [10] and CUDA-
X libraries [11]) and runtime-optimized model structures (e.g.,
Just-In-Time compilation [12]) where code modifications are
often infeasible or prohibitive. While alternatives like CUDA
Graph [8] and TorchScript [13] have attempted to mitigate the
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Method Category Code Modification Application Diversity Platform Compatibility High Performance

Device-only Inference Device-only N/A ✓ ✗ ✗
Native Offloading Non-transparent High ✗ ✓ ✓
CUDA Graph [8] Non-transparent Low ✗ ✗ ✓
Cricket [9] Transparent N/A ✓ ✓ ✗

RRTO (Ours) Transparent N/A ✓ ✓ ✓

TABLE I: Comparison of representative inference methods in MEC.

extent of these modifications via model-level packaging, they
remain intrinsically non-transparent and suffer from limited
platform compatibility due to their framework-specific nature
(see Sec. II-B).

Transparent offloading methods [9] offload model inference
to GPU servers without requiring any code modification to
applications or frameworks. At runtime, ML models issue a se-
quence of operator invocations (e.g., torch.nn.functional.add()
and torch.nn.functional.conv2d() in PyTorch [14]), which
are typically forwarded to backend system functions (e.g.,
aten::add and aten::conv2d within CUDA’s “cudaLaunchKer-
nel” [15]). Transparent offloading intercepts these calls from
upper-layer applications at the system layer and redirects their
execution to GPU servers via Remote Procedure Calls (RPCs),
thereby avoiding source-code changes (see Sec. II-C).

However, existing transparent offloading methods face two
main challenges in MEC. First, they perform poorly over the
low and highly variable bandwidth of mobile wireless links
(Sec. II-C2) because operator-level RPCs serialize communi-
cation and make the accumulated round-trip time (RTT) the
dominant cost. ML models typically consist of hundreds of
operators (e.g., 522 in [4]), which in turn yield thousands
of RPC invocations per inference (e.g., 5,895 in [4]), since
each operator triggers one or more separate RPCs; on wireless
networks used by mobile devices, each RTT is typically on the
order of several milliseconds [16], so communication delay
from one-by-one handling can dominate end-to-end inference
time (up to 95% in [9]). Thus, the key performance lever in
MEC is not merely faster links but fewer round trips: per-
operator RPCs should be replaced by coarse-grained, batched,
or persistent execution to amortize RTTs.

Second, realizing coarse-grained execution in a transparent
manner hinges on reconstructing stable, task-level operator se-
quences from black-box runtime traces: transparent offloading
has access only to low-level operator logs with no application-
level hints, leading to three sub-challenges: i) demultiplexing,
as attributing each operator invocation to its originating in-
ference task is non-trivial; ii) non-stationarity, since operator
RPCs during model loading and the initial inference differ
from the steady-state inference loop, where even small se-
quence mismatches can violate correctness; iii) scale, because
traces with tens of thousands of entries induce a large combi-
natorial search space that impedes timely sequence recovery.
Absent reliable sequence reconstruction, systems cannot safely
apply batching, fusion, or persistent execution, and thus often
revert to per-operator RPCs, reproducing the performance
degradation observed above under low and variable bandwidth.

To tackle the above challenges, we propose RRTO, a
Transparent Offloading system optimized for model inference
in MEC with a novel Record/Replay mechanism: RRTO

records operator invocations during the first inferences using
traditional RPCs as in traditional transparent offloading sys-
tems to reconstruct a fixed-order task-level operator sequence;
Once stabilized, subsequent inferences are executed by replay-
ing this operator sequence on GPU server via a single per-
inference control RPC, which eliminates per-operator commu-
nication. First, to sustain high performance in MEC networks,
RRTO replaces reactive per-operator RPCs with proactive one-
shot control enabled by record/replay. Existing transparent
systems issue RPCs only after operators are invoked, which
is a reactive byproduct of general-purpose remote GPU usage
where application-level operator patterns are unpredictable. In
contrast, ML inference typically follows a static computation
graph with a fixed operator order (Sec. III-C1). By anticipating
the operator sequence through tracing and replaying it on the
server, RRTO amortizes RTT to one round trip per inference
via a proactive approach, substantially reducing communica-
tion delay and approaching the performance of non-transparent
offloading while preserving application transparency.

Second, to recover the operator sequence from black-box
runtime logs, RRTO introduces a two-stage Operator Se-
quence Search that first identifies candidate sequences and
then verifies inter-operator data dependencies to reconstruct
the steady-state operator sequence solely from raw logs. This
search procedure i) exploits the fact that the target sequence
is repeatedly embedded in the complete log across multiple
inferences, which establishes task-level attribution for each
operator; ii) checks completeness by aligning the repeated
sequence with the full log while tolerating transient inconsis-
tencies due to model loading or initialization; and iii) adopts a
two-stage matching strategy that efficiently reduces the search
space and accelerates sequence identification.

The key contributions of this paper are summarized as
follows:

• To the best of our knowledge, RRTO is the first high-
performance transparent offloading system tailored for
model inference in MEC. The code is released at https:
//github.com/hku-systems/RRTO.

• We design a proactive record/replay mechanism that con-
verts reactive per-operator RPCs into a one-shot control
per inference. This design shifts the communication com-
plexity from linear O(N) (per-operator RPCs) to constant
O(1) (one-shot replay), thereby eliminating per-operator
communication and substantially reducing transmission
delay.

• We cast transparent MEC offloading as a zero-hint black-
box logic reconstruction problem and develop a two-
stage Operator Sequence Search. The search algorithm
recovers the operator sequence solely from raw runtime
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logs while tolerating initialization variability, and reduces
search complexity from a brute-force O(L2) to linear
time O(L).

• We empirically evaluate RRTO with extensive experi-
ments. The results demonstrate that RRTO outperforms
state-of-the-art baselines in MEC without requiring any
source code modifications.

The rest of the paper is organized as follows. Sec. II
motivates the design of RRTO by revealing the challenges in
current MEC networks. Sec. III presents the system design
of RRTO. Sec. IV introduces the system implementation,
followed by performance evaluation in Sec. V. Related works
and technical limitations are discussed in Sec. VI. Finally,
conclusions are presented in Sec. VII.

II. BACKGROUND

A. Device-only Inference

Device-only inference, which runs models directly on mo-
bile devices, faces two major limitations: poor platform com-
patibility and restricted performance. Mobile applications are
built on diverse software frameworks (e.g., PyTorch [14],
TensorFlow [17], CUDA [15], and OpenCL [18]) and mobile
devices are equipped with various hardware accelerators (e.g.,
GPU [19], FPGA [20], and SoC [21]), making deployment on
real-world devices labor-intensive and error-prone. Engineers
must adapt each model to specific hardware and software
configurations, sacrificing portability and increasing cost.

Moreover, the performance of device-only inference is
constrained by the limited computational power and battery
capacity. As shown in Fig. 1a, the inference latency on various
mobile devices exceeds the 30 ms threshold required for
smooth video fluency [22] (indicated by the red dotted line).
Fig. 1b shows that frequent inference reduces device standby
time to 20–40% of their normal duration, degrading user
experience and device usability.

(a) Inference Time (b) Battery Life

Fig. 1: The performance of VGG-16 under device-only inference
across different mobile devices [23]–[26].

B. Non-Transparent Offloading

Non-transparent offloading strategies relocate model com-
putations to GPU servers by mandating application source
code modifications, increasing engineering complexity and re-
stricting application diversity. This non-transparency severely
limits their use, particularly with closed-source software and
runtime-adaptive model structures where such code alterations
are often infeasible. High-performance libraries (e.g., Ten-
sorRT [10] and CUDA-X library [11]) are widely adopted in
mobile applications but do not expose source code, making

them incompatible with non-transparent approaches. Many
real-world applications also employ runtime optimization tech-
niques, including Just-In-Time compilation [12] and dynamic
conventional kernel selection with different numbers/sizes
based on task-specific requirements [27]. These adaptive meth-
ods change model structure at runtime to improve speed and
accuracy, and non-transparent offloading cannot accommodate
such closed-source or dynamic environments. In contrast,
transparent offloading intercepts system calls during runtime,
enabling support for both closed-source libraries and runtime-
adaptive model structures without requiring code modification.

Alternative methods, such as CUDA Graph [8] and Torch-
Script [13], reduce the amount of required code modification
by packaging models for GPU-server deployment. However,
these approaches are still non-transparent and cannot support
applications involving runtime variability or proprietary li-
braries. Further, they reduce platform compatibility by depend-
ing on specific software frameworks, which imposes additional
constraints on mobile software development beyond those
already faced by device-only deployment.

To further optimize latency and energy efficiency,
non-transparent offloading systems incorporate fine-grained
scheduling strategies at various inference stages (e.g., layer
partitioning [28] and multiple inference scheduling [3], [29],
[30]), unlike native offloading that relocates the entire model
to GPU servers. The proven effectiveness of these schedul-
ing optimizations within non-transparent frameworks forms a
basis for their adaptation to RRTO, with the goal of further
enhancing its performance (as detailed in Sec. VI).

C. Transparent Offloading

1) Existing framework

When a mobile application utilizes the GPU on the mobile
device for inference, the system call flow for an individual
operator is as follows (illustrated in the left part of Fig. 2):

A The ML application sequentially invokes the correspond-
ing operators based on the model’s structure to complete
the computation process.

B Each operator accesses the appropriate function library
through a unified operator API tailored to the device; for
instance, on NVIDIA GPUs, this is the CUDA runtime
library [15].

C The operating system loads the local CUDA runtime
library by default and executes the relevant CUDA kernel
functions on the device’s GPU.

D The local CUDA runtime library returns execution results
(e.g., ‘cudaSuccess’ from “cudaLaunchKernel” and com-
putation results from “cudaMemcpyDtoH”) to the upper-
layer application.

Transparent offloading methods [9] typically rewrite dy-
namic link libraries by defining functions that share names
with the CUDA runtime API and prioritizing their loading
via the LD PRELOAD environment variable. This causes the
dynamic linker to redirect calls from the original library
functions to the custom ones, effectively intercepting them.
The custom library then packages function calls with their
parameters and data, sends them to the GPU server via RPC,
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Fig. 2: Workflow of Transparent Offloading System for Model Inference in MEC.

and modifies GPU memory management and kernel launching
to ensure correct server-side execution. By this means, these
methods achieve transparent offloading by intercepting kernel
functions one-by-one at the system layer and offloading their
execution to the GPU server.

Compared to using the GPU on the mobile device, changes
primarily occur in step C. The transparent offloading process
(depicted in the right part of Fig. 2) proceeds as follows:
(1) The modified dynamic link library ensures that each

operator prioritizes calling the RPC functions that share
names with the CUDA runtime API, intercepting all
CUDA kernel function calls.

(2) The transparent offloading client transmits the called
CUDA runtime API and required parameters to the GPU
server via the MEC network using RPC.

(3) The transparent offloading server launches the corre-
sponding CUDA kernel functions and completes the
computation.

(4) The execution results are returned to the client, which
then returns them to the upper-layer function calls.

Runtime homogeneity is a fundamental assumption in
interception-based transparent offloading: to forward an in-
tercepted client call, the system must map it one-to-one
to an equivalent server-side runtime API (Fig. 2, step B).
When the client and server expose different frameworks (e.g.,
OpenCL vs. CUDA) or the client relies on a CPU library
without kernel-launch semantics, such a correspondence is
absent. Consequently, existing interception-based transparent
offloading systems, including RRTO, require both sides to
export the same GPU runtime (e.g., CUDA on both), and,
to the best of our knowledge, do not support cross-framework
offloading.

2) Challenges in MEC Networks

In real-world scenarios, mobile devices primarily rely on
wireless networks, offering high mobility but limited band-
width compared to data center networks (e.g., 200–800 Gbps
for InfiniBand [31]).

The bandwidth capacity of wireless networks is constrained
by both theoretical limits and practical factors in MEC. While
Wi-Fi 6 can achieve a peak bandwidth of 1.2 Gbps per
stream [32], mobile devices lack the necessary hardware to
fully leverage this capacity [33]. The actual available band-
width varies significantly due to factors such as device mobil-
ity [34], signal obstruction [35], and channel contention [36].

(a) Indoors (b) Outdoors

Fig. 3: The wireless transmission instability of TCP between our
robot and the base station in MEC networks.

To examine wireless instability in MEC scenarios, we
conducted a robot surveillance experiment where four-wheeled
robots navigated through a lab (indoors) and a campus garden
(outdoors) at speeds of 5–40 cm/s. Using iperf [37], we
measured real-time wireless bandwidth capacity between the
robot and a base station over TCP [38] at 0.1-second intervals
for five minutes. As shown in Fig. 3, the average bandwidth
was 93 Mbps indoors and 73 Mbps outdoors, with outdoor
measurements exhibiting higher fluctuations and occasional
near-zero drops due to obstacles and reduced signal reflections.
Under these conditions, transparent offloading issues frequent
per-operator RPCs that incur disproportionate protocol over-
head and sensitivity to RTT and jitter, reducing throughput and
inflating tail latency.

While the CPU–GPU asynchronous paradigm (CUDA ker-
nels are enqueued at inference start, allowing the GPU to
process them independently while the CPU awaits completion)
works well locally, it faces severe challenges in MEC due
to limited bandwidth, prolonging the RTT for each remote
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kernel launch via RPC. This prolonged RTT, often several
milliseconds per RPC [16] (and compounded by potentially
much longer transfer times for inference inputs/outputs de-
pending on application requirements), starkly contrasts with
mere microseconds needed for a local kernel launch command
and tens of microseconds to milliseconds for its execution on a
GPU server [39]. Consequently, cumulative RPC overhead for
individual kernel dispatches becomes a critical bottleneck in
traditional transparent offloading, negating the benefits of the
asynchronous paradigm in constrained network environments.

3) RPC Optimization

Remote Procedure Call (RPC) [40] is a fundamental
communication protocol enabling processes to request ser-
vices from remote computers over a network. Common
strategies like Caching [41] (storing previous RPC results),
Batching [42] (aggregating multiple RPCs into one request),
and Asynchronous RPC [43] (non-blocking execution) prove
largely ineffective for reducing the communication costs
of transparent offloading during model inference. Specifi-
cally, Caching fails because each inference typically pro-
cesses unique input, necessitating fresh operator computations.
Batching reduces the number of network requests via aggre-
gation but does not eliminate per-operator RPCs and, more
importantly, must rely on latency-inducing timeouts for batch
formation, since the total number of operations is unknown
a priori, a constraint that our operator search algorithm
overcomes. Furthermore, Asynchronous RPC compromises the
correctness of inference results because it cannot guarantee
sequential execution of GPU operations on the server. This
sequential integrity is vital not only for launching CUDA
kernels (“cudaLaunchKernel”) in the correct order but for
“cudaMemcpyHtoD” and “cudaMemcpyDtoH” operations to
manage input and output data accurately. These memory trans-
fer operations, often involving larger data volumes and thus
longer transmission times than kernel launches, are particularly
prone to misordering under asynchronous execution, leading
to corrupted data. In contrast, RRTO significantly reduces
communication costs by eliminating most operator-level RPCs,
representing a specialized co-design of RPC optimization
and transparent offloading tailored for model inference (see
Sec. III).

III. SYSTEM DESIGN

A. Problem Formulation

We model a single inference of an ML application as
an ordered operator sequence S = (op1, . . . , opN ), where
N = |S| denotes the number of operators. For each opi,
let Input(opi) and Output(opi) denote the sets of input and
output tensors, respectively (with associated buffer pointers
and sizes).

Latency in traditional transparent offloading. Conven-
tional transparent offloading (e.g., Cricket) remotely launches
each operator via an RPC. Let T

(i)
comp be the server-side

compute time of opi, T
(i)
trans the data transfer time for its

arguments, and TRTT the network round-trip time per RPC.

The total inference latency is

Ttrad =

N∑
i=1

(
T (i)

comp + T
(i)
trans + TRTT

)
. (1)

In MEC networks, TRTT is on the order of milliseconds and
can be volatile (Sec. II-C2); consequently, the N × TRTT term
often dominates when N is large.

RRTO objective. RRTO eliminates cumulative per-operator
round-trip delays by constructing a verifiable, dependency-
preserving execution sequence S⋆ that the server replays
within a single RPC transaction. Under identical server hard-
ware, the aggregate computation time remains

∑N
i=1 T

(i)
comp, so

the end-to-end latency becomes

TRRTO =

N∑
i=1

T (i)
comp + Tinput + Toutput + TRTT, (2)

where Tinput and Toutput are the one-shot transmission times
for the end-to-end input and output; and TRTT is the single
RTT for this replay RPC. Consequently, the communication
complexity (the number of RPC invocations) reduces from
O(N) (per-operator RPCs) to O(1) (one-shot replay), which
removes per-operator control-plane exchanges and shortens the
end-to-end transmission delay.

Constraint (Data Dependency). The replay sequence must
preserve data dependencies:

∀ opi ∈ S⋆, Input(opi) ⊆
( ⋃

j<i

Output(opj)
)
∪ Inputglobal.

(3)
Here, Inputglobal collects tensors available prior to replay,
including the end-to-end inference input and resident model
parameters. This condition ensures that replaying S⋆ is math-
ematically equivalent to the original per-operator execution.

Problem statement. Given operator trace logs from the
first few inferences, find a sequence S⋆ that minimizes TRRTO
in (2), subject to the data dependency constraint (3) and
the framework/runtime semantics (e.g., determinism and side-
effect freedom).

B. System Overview

This section presents RRTO, a high-performance transparent
offloading system for model inference in MEC, featuring
a novel record/replay mechanism: it records the operators
invoked during initial runs and replays a fixed-order sequence
in subsequent inferences. RRTO addresses two challenges: per-
formance degradation under MEC’s low/fluctuating bandwidth
and reconstruction of black-box inference logic. To mitigate
network bottlenecks, RRTO replaces reactive per-operator
RPCs with a proactive per-inference control RPC, eliminating
operator-level communication and reducing cumulative RTT
and energy consumption while preserving transparency. From
raw logs, it recovers the steady-state sequence via a two-stage
search that i) leverages repeated cross-inference embeddings
for task-level association, ii) enforces data-dependency con-
straints while tolerating initialization variability, and iii) prunes
the search space through staged matching. Fig. 4 summarizes
the architecture and the integration of record/replay into the
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workflow of traditional transparent offloading system (Fig. 2);
no application source-code changes are required. Client and
server workflows are detailed in Sec. III-D2.

Fig. 4: Architecture of RRTO, with key components highlighted
in red boxes.

Within the context of a single inference application, RRTO
employs its record/replay mechanism to differentiate operators
belonging to distinct inference tasks. For the first few inference
executions, RRTO enters the recording phase ( 1⃝). In this
mode, each operator’s execution is individually offloaded to
the GPU server via RPCs, following the execution pattern
of traditional transparent offloading systems (green lines in
Fig. 4). When RRTO intercepts CUDA kernel function calls
originating from upper-layer ML applications, its recorder
component logs these invoked functions, including their pa-
rameters and return values. Concurrently, it performs an op-
erator sequence search to precisely identify the sequence of
inference operators (see Sec. III-C3).

Once the recorder successfully identifies the complete in-
ference operator sequence, RRTO transitions to the replay-
ing phase ( 2⃝). During this phase, subsequent inferences
are executed by replaying the pre-identified operator se-
quence through replayer components deployed on both the
client and server (orange lines in Fig. 4). The client-side
replayer ensures both transparency and high performance:
it furnishes upper-layer applications with execution results
from previously recorded RPC calls (mainly ‘cudaSuccess’
from “cudaLaunchKernel”), a mechanism analogous to RPC
caching (see Sec. II-C3). This enables the offloading client to
seamlessly invoke system functions for subsequent operators,
creating the illusion of local execution, until reaching the
end operator, at which point it awaits the actual inference
output from the server-side replayer. Concurrently with this
primary replay operation, the client-side replayer monitors for
any deviations or failures in the predicted operator sequence
and adeptly detects the initiation of new inference tasks. In
this way, RRTO maintains transparency and system integrity
while eliminating per-operator RPC overhead during replay.

Simultaneously, the server-side replayer efficiently performs
the operator computations on the GPU server ( 3⃝). It re-
plays the identified sequence and transmits only the final
inference result back to the client. This enables RRTO to
achieve communication overhead closely approximating that
of non-transparent offloading systems: it transmits only the

raw input and final output, circumventing per-operator RPC
communication during the replaying phase (purple dotted lines
in Fig. 4).

When multiple ML applications run concurrently on a mo-
bile device, RRTO inherits the task-level isolation that existing
transparent offloading systems already maintain for correct
remote GPU service. Because such systems must preserve
application boundaries, RRTO naturally records and replays
each application within its own RPC context, preventing
operators from different applications from being mixed into
one replay sequence. Our current design assumes one steady
operator stream per application and does not target arbitrary
intra-application interleavings of multiple models, which are
uncommon in our target mobile workloads. Extending RRTO
to distinguish multiple model pipelines within one shared
application is a promising future direction, potentially leverag-
ing the same provenance information used for single-pipeline
validation to separate coexisting pipelines via dependency-
based demultiplexing (see Sec. VI).

C. Recording Phase Design

1) Targeted Models

Static/Dynamic Activation Models. We classify ML
models into static-activation models (SAMs) and dynamic-
activation models (DAMs) according to whether the se-
quence of activated computational operators and the associated
dataflow remain input-invariant within a single inference.

SAMs execute a predetermined, input-invariant operator se-
quence; for any input, the operations and their order are fixed.
Representative SAMs include: i) MLPs and CNNs [4], whose
layers perform fixed operations (e.g., matrix multiplications,
convolutions) independent of input values; ii) traditional ML
models (e.g., Linear Regression [44], SVMs [45], KNN [46]),
whose inference applies a fixed set of computations or com-
parisons predetermined before runtime; and iii) transformer
encoders [47], RNNs on fixed-length sequences [48], and
full Transformers on fixed-length tasks [49], where uniform
padding/truncation fixes the number of unrollings or activated
self-attention blocks. Their fixed structure yields regular, pre-
dictable computation, making SAMs the primary target for
RRTO and the offloading systems in this work.

DAMs adapt their computational path or the number of
activated operators to input characteristics. Examples in-
clude: i) autoregressive Transformers for generation [50],
where the number of decoding steps depends on the gen-
erated length; ii) Mixture-of-Experts (MoE) models [51],
where a gating mechanism activates an input-dependent sparse
subset of experts; iii) RNNs on variable-length sequences
without padding [52], where the number of cell activa-
tions follows sequence length; iv) decision trees and ensem-
bles [53], whose root-to-leaf comparison sequence is input-
specific; and v) GNNs [54] operating on graphs with varying
sizes/structures or input-dependent neighborhood sampling,
which changes the number of processed nodes, effective depth,
and aggregation scope. While DAMs improve adaptability and
expressiveness, their input-dependent execution complicates
runtime profiling (e.g., latency and I/O sizes), and fewer
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offloading systems are tailored to them.
Dynamic Kernel Selection. In practice, library-level kernel

planning may vary across runs. We distinguish two cases
by whether the runtime-API call sequence changes within a
single inference (we consider the operator sequence at the
runtime-API level, e.g., HtoD/DtoH/cudaLaunchKernel): i) No
intra-inference change: during any single inference pass, each
operator’s kernel choice is fixed (though the chosen kernels
may differ across operators or across different inferences due
to autotuning), and the resulting runtime-call sequence is un-
changed; we classify such models as SAMs. ii) Intra-inference
change: if kernel planning alters the order or multiplicity of
runtime-API calls during inference (e.g., enabling/disabling
fusion, splitting a layer), the operator sequence becomes input-
dependent; we classify the model as a DAM.

To conclude, SAMs (e.g., MLPs and CNNs for computer
vision [4]) are widely adopted in mobile applications. These
applications require high-performance inference (low latency
and high energy efficiency) on resource-constrained mobile
devices, making MEC-based offloading essential for achieving
such performance. In contrast, DAMs, which demand signif-
icant computing resources and have less stringent real-time
inference requirements [50], [51], are better suited to data-
center deployment.

Accordingly, RRTO employs a record/replay mechanism
optimized for the consistent operator sequences of SAMs.
When RRTO encounters a DAM whose operator sequence
changes, its replayer component detects this inconsistency. If
an operator outside the core model pipeline is nevertheless
invoked on every inference, it becomes part of the steady-
state sequence and will be learned together with the rest of
the pipeline. By contrast, if such an operator appears only
occasionally in an ad hoc manner, the operator sequence is
no longer fixed across inferences. This is no longer the SAM
setting targeted by RRTO. Accordingly, RRTO treats such exe-
cutions as outside its target scope: during the search phase, the
occasional extra operator prevents the sequence from repeating
identically over R consecutive inferences, so FULLCHECK
will not accept an incorrect candidate; during the replay
phase, the step-wise consistency check (MATCHREPLAYSTEP)
detects the unexpected operator, aborts replay immediately,
falls back to a standard transparent offloading workflow, and
reruns the operator-sequence search only after enough new
evidence has been collected. Given the predominance of SAMs
in mobile applications, these fallback events are expected to
be infrequent, thereby preserving the benefits of RRTO. Opti-
mizing offloading for DAMs with varying operator sequences
remains an open challenge for offloading systems in general;
while some work predicts future layer activations [55], such
techniques are beyond this paper’s scope.

2) Objectives and Challenges

A core design restriction in RRTO is full transparency: it
operates without application- or framework-provided hints. In-
strumenting frameworks (e.g., PyTorch) with explicit markers
appears simpler but perpetuates the same platform compati-
bility issues that already plague device-only deployment and
does not address heterogeneous MEC environments. Hence,

RRTO must autonomously recover, from black-box runtime
logs, the exact operator sequence that constitutes an inference.
This hint-free design is technically harder but necessary for a
universal, low-touch offloading solution.

RRTO’s performance hinges on accurate sequence recov-
ery: a single missing or spurious operator breaks end-to-
end dataflow and yields incorrect outputs. Under realistic
conditions, Operator Sequence Search must reconstruct stable,
task-level sequences from low-level operator logs without
application-level context, facing three sub-challenges: i) de-
multiplexing, since assigning each operator invocation to its
originating inference task is non-trivial; ii) non-stationarity,
because operator RPCs during model loading and warm-up
differ from steady-state inference, so even minor mismatches
violate correctness; and iii) scale, because traces with tens
of thousands of events create a combinatorial search space
that must be pruned for timely recovery. Without reliable
sequence reconstruction, systems cannot safely apply one-shot
replay and must fall back to per-operator RPCs, reproducing
the performance degradation under MEC’s low and fluctuating
bandwidth.

3) Operator Sequence Search

Key Observations. To address these sub-challenges,
RRTO’s Operator Sequence Search leverages three obser-
vations. 1⃝ For a SAM, each inference emits the same
operator sequence, producing a regular trace in the logs. 2⃝
Real-time constraints in MEC enforce immediate inference
execution; each invocation is bracketed by a host-to-device
copy of the raw input (“cudaMemcpyHtoD”, short for “HtoD”)
and a device-to-host copy of the result (“cudaMemcpyDtoH”,
short for “DtoH”). Treating these copies as special transfer
operations and coalescing subsequent synchronizations (e.g.,
“cudaStreamSynchronize”) yields reliable boundary markers.
3⃝ A valid inference sequence must satisfy data dependencies:

every operator’s inputs originate from the raw input, a prior
operator’s output (same buffer address), or model parameters.
Together, these observations provide regularity, boundaries,
and correctness constraints for sequence recovery.

However, relying solely on observation 1⃝ via the
maximum-repeated-substring algorithm [56] fails to segment
the operator sequence correctly, because when the sequence re-
peats continuously, the algorithm merges multiple consecutive
iterations into a single maximal substring (Fig. 5d). Similarly,
using only observation 2⃝ becomes ambiguous when multiple
“HtoD” or “DtoH” events occur within a single inference,
obscuring the true start or end (Fig. 5e).

Two-stage Matching. Building on the above observations,
RRTO adopts a two-stage Operator Sequence Search that first
generates high-confidence candidates and then verifies them
exhaustively, thereby reducing search complexity. The pseu-
docode is given in Algorithms 1, 2, and 3, and Fig. 5 illustrates
the overall idea. Algorithms 1–3 present the search procedure
in a unified notation: each one specifies its input and output,
uses concise symbols in place of long textual expressions, and
relies on helper routines rather than ad hoc inline conditions.
Throughout them, s, e, ℓ, p, and cnt denote the start index, end
index, candidate length, current probe position, and repetition
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Fig. 5: Illustration of Operator Sequence Search. The start of a sequence need not be an HtoD; our search also considers the first operator
after any DtoH and realigns rotated sequences during FULLCHECK.

Algorithm 1 Operator Sequence Search
Input: Logs, a list of OperatorInfo entries collected from
the first N inferences; R, the minimum repeat count
Output: inference operator sequence IOS, or NULL

1: function OPERATORSEQUENCESEARCH(Logs, R)
2: S ← FINDINDICES(Logs,‘‘HtoD’’);
3: T ← FINDINDICES(Logs,‘‘DtoH’’);
4: if S = ∅ or T = ∅ then
5: return NULL;
6: end if
7: Tags← BUILDTAGS(Logs);
8: e← max(T );
9: C ← S ∪ { t+ 1 | t ∈ T and t+ 1 ≤ e };

10: for each s ∈ C do
11: ℓ← e− s;
12: if ℓ ≤ 0 then
13: continue;
14: end if
15: if FASTCHECK(Tags, s, ℓ, R) then
16: K ← { k ∈ S | s− ℓ ≤ k ≤ s };
17: for each k ∈ K do
18: if FULLCHECK(Logs, k, ℓ, R, T ) then
19: IOS← Logs[k . . . k + ℓ− 1];
20: return IOS;
21: end if
22: end for
23: end if
24: end for
25: return NULL;
26: end function

count, respectively. Algorithm 2 details FASTCHECK, which
quickly filters unlikely candidates by comparing tag slices.
Algorithm 3 details FULLCHECK, which performs exact veri-
fication at the recorded-entry level and additionally checks data
dependencies. Here, SLICEEQ(Tags, i, j, ℓ) returns True
when the two tag slices are identical, and ENTRYEQ(x, y)
returns True when two recorded entries match in function
type and replay-relevant arguments/results.

In the first stage, FASTCHECK uses HtoD/DtoH transfers
to propose candidate boundaries (observation 2⃝) and exploits
repetition to locate possible operator sequences (observation

Algorithm 2 FastCheck
Input: Tags; start index s; candidate length ℓ; minimum repeat
count R
Output: Boolean (whether the candidate passes FASTCHECK)

1: function FASTCHECK(Tags, s, ℓ, R)
2: cnt← 0;
3: p← s;
4: while p ≥ 0 do
5: if SLICEEQ(Tags, s, p, ℓ) = False then
6: break;
7: end if
8: cnt← cnt+ 1;
9: p← p− ℓ;

10: end while
11: return (cnt ≥ R);
12: end function

1⃝). Each candidate ends at the current last end operator. If
that operator is the true inference end, the candidate starts
at the matching start operator (Fig. 5c); if it lies within a
rotated sequence, the candidate instead starts at the operator
immediately following a previous end operator (Fig. 5f). To
evaluate candidates efficiently, FASTCHECK linearizes the log
into category tags (e.g., HtoD, DtoH, arithmetic) and counts
repeated tag substrings in linear time using the SLICEEQ
helper routine. This tag-level check confirms sustained rep-
etition despite initialization variability and prunes spurious
candidates caused by one-off initialization or noisy boundaries.

After FASTCHECK filters the candidate set, FULLCHECK
verifies each remaining candidate exhaustively (Algorithm 3).
It realigns rotated candidates to the true HtoD/DtoH bound-
aries (observation 2⃝; Fig. 5f), enforces data-dependency
constraints (observation 3⃝), and performs an exact, record-
level comparison across R repetitions. FULLCHECK scans
each candidate entry by entry, terminating at the first mis-
match. Entry-level equality is not tied to absolute input buffer
addresses; instead, FULLCHECK checks role-aware prove-
nance consistency: model parameters must map to persistent
buffers, intermediate activations must originate from preceding
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Algorithm 3 FullCheck
Input: Logs; start index s; candidate length ℓ; minimum repeat
count R; set T of DtoH indices
Output: Boolean (whether the candidate passes FULLCHECK)

1: function FULLCHECK(Logs, s, ℓ, R, T )
2: e← s+ ℓ− 1;
3: if e /∈ T then
4: return False;
5: end if
6: if CHECKDATADEPENDENCY(Logs, s, ℓ) = False then
7: return False;
8: end if
9: cnt← 0;

10: p← s;
11: while p ≥ 0 do
12: match← True;
13: for t← 0 to ℓ− 1 do
14: if ENTRYEQ(Logs[s+t],Logs[p+t]) = False then
15: match← False;
16: break;
17: end if
18: end for
19: if match = False then
20: break;
21: end if
22: cnt← cnt+ 1;
23: p← p− ℓ;
24: end while
25: return (cnt ≥ R);
26: end function

operators in the same pass, and the end-to-end input may
be rebound to a fresh buffer as long as it is consistently
identified as the current pass input. The very first operator
of each inference has no preceding output to reference, but
its input identity is bootstrapped by the HtoD boundary itself:
the buffer materialized by the boundary HtoD event is, by
definition, the current pass input regardless of its numerical
address, so frameworks such as PyTorch that reallocate the
input buffer per inference still yield consistent provenance.
This accommodates allocator-driven reallocation while reject-
ing incorrect dependency chains. Although this stage is the
most expensive, it applies only to the few candidates surviving
the first stage.

By design, this two-stage Operator Sequence Search ad-
dresses demultiplexing and non-stationarity through boundary
alignment and dependency checks, while taming scale through
aggressive candidate pruning. It therefore enables precise
sequence extraction from logs without framework support,
even under real-world MEC conditions.

Start boundary need not be HtoD. RRTO constructs
the start-candidate set as the union of (i) indices of HtoD
transfers, which serve as helpful hints, and (ii) the first operator
immediately following each DtoH, which is the definitive
end boundary of the previous inference (Algorithm 1). This
design handles input prefetching and overlapping streams:
even if the next inference’s HtoD is issued before the previous
DtoH, the operator at t + 1 remains a valid start candidate.
Accordingly, FASTCHECK can detect repeated sequences be-
ginning at t+1, and FULLCHECK then realigns such cyclically
rotated candidates to the prefetched HtoD while validating
data dependencies and end boundaries. Hence, HtoD is a

useful anchor, but not a mandatory start boundary.

End boundary is DtoH by design. RRTO uses DtoH to
delimit the end of an inference, because the output is material-
ized on the host only upon DtoH. When an application batches
multiple results into a single DtoH, RRTO conservatively
coalesces the batch into one inference instance.

Determinism vs. correctness. Given the same logs, Op-
erator Sequence Search always returns the same candidate
inference operator sequence, i.e., it is deterministic. Correct-
ness, however, requires that the returned sequence match the
ground-truth per-inference execution sequence; determinism
alone does not imply correctness. Therefore, FULLCHECK
enforces three invariants: boundary anchoring to HtoD/DtoH
events, provenance-constrained data dependencies, and exact
repetition over at least R consecutive inferences. Exact address
equality is only a sufficient special case; even with fresh
input buffers across inferences, FULLCHECK identifies the
same logical input by checking consumption patterns within
the operator chain. Requiring recurrence over R inferences
together with these semantic checks makes the probability of
accepting an incorrect candidate extremely small. Increasing
R further reduces this probability, at the cost of additional
warm-up inferences. For the SAMs targeted by RRTO, a small
R (3 by default) suffices in practice; cases requiring larger R
usually correspond to DAM-like behavior beyond our target
scope.

4) Formal Time Complexity Analysis

We next formalize the search complexity of Operator Se-
quence Search through theorem-style statements, each fol-
lowed by its proof. Let L be the length of the concatenated raw
log over the first R inferences used for search, and let N be the
operator count in one steady-state inference. A brute-force sub-
string search that tries every start–end pair incurs O(L2) time
and is impractical on resource-constrained clients. RRTO’s
two-stage design (FASTCHECK+FULLCHECK) exploits (i) sta-
ble HtoD/DtoH markers and (ii) repeated-sequence detection
to prune the search.

Theorem 1 (Search complexity and the role of R). Let K be
the number of candidates that survive FASTCHECK. Then the
expected time complexity of Operator Sequence Search is

O(L) +O(KN).

Furthermore, under the steady-state assumption for SAMs,
if an incorrect candidate must satisfy FULLCHECK over R
repeated inferences before being accepted, then its survival
probability decreases multiplicatively in R (and, whenever the
per-trial failure probability is bounded below one, at least
geometrically in R), whereas the additional warm-up cost
increases only linearly in R.

Proof. FASTCHECK uses a single forward scan with
constant-time tag comparisons and periodicity checks, hence
O(L). FULLCHECK performs (i) a one-to-one record compar-
ison to rule out rotated sequences and initialization artifacts
and (ii) a dependency check that maps inputs to earlier outputs
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or model parameters; both are linear in N using hash-indexed
provenance metadata. Summing over the K surviving candi-
dates gives O(KN). For the role of R, an incorrect candidate
must independently satisfy the boundary, provenance, and
entry-level invariants on every one of the R repeated passes,
so its survival probability decreases multiplicatively in R;
whenever each per-trial failure probability is bounded below
one, the cumulative survival probability admits an upper bound
that shrinks at least geometrically in R, while the warm-up
cost grows by exactly one inference per unit increase of R.

Rationale for the default R = 3. Theorem 1 already
establishes that reliability grows multiplicatively with R while
warm-up cost grows only linearly, so the remaining question
is how small R can be in practice. The principle that a handful
of repeated observations suffices to drive residual uncertainty
below operationally meaningful levels is well established in
modern ML systems, including multi-run consensus for large
language models [57] and uncertainty-quantification practice
for deep learning [58]. For SAMs, this small-R regime also
has a concrete engineering lower bound: a SAM inference is
preceded by a short, non-repeating initialization phase (one-
off allocations, first-call autotuning, framework setup), after
which the operator stream enters a strictly repeating steady
state. Hence R = 1 cannot separate initialization artifacts
from steady-state operators, and R = 2 still admits an
initialization-plus-first-steady pair as a false match; R = 3 is
the smallest choice that guarantees at least two of the matched
repetitions fall in the post-initialization steady state, which
matches what we consistently observe on our SAM workloads.
We therefore adopt R = 3 as the default and expose it as a
configurable parameter for deployments preferring larger mar-
gins; a workload-aware adaptive R driven by a finer-grained
probabilistic model of the per-invariant failure distribution is
left as future work.

5) Error Analysis

In RRTO, Positive means that FULLCHECK accepts a can-
didate; Negative means it rejects a candidate. True indicates
that the candidate equals the ground truth; False indicates it
differs. Thus: (i) True Positive (TP): correct operator sequence
accepted; (ii) True Negative (TN): incorrect sequence rejected;
(iii) False Positive (FP): incorrect sequence accepted; (iv) False
Negative (FN): correct operator sequence rejected.

To make FP practically negligible for SAMs, FULLCHECK
enforces three invariants that an unrelated sequence is highly
unlikely to satisfy simultaneously:

• Boundary identification. Every accepted sequence must
start at the earliest input-consuming operator in the same
pass (either an HtoD event or the first operator after a
DtoH that ingests the inference input) and must end at
the DtoH transfer producing the final output.

• Provenance-constrained dependencies. For every operator
in the candidate, inputs must originate from i) the current
inference input, identified by its role in the current pass
rather than by simple address equality alone, ii) outputs of
preceding operators within the same pass, or iii) model
parameters stored in persistent parameter buffers; thus,
reusing the exact same address is only a sufficient

special case, whereas fresh but semantically equivalent
input buffers can still be recognized through the same
operator-to-operator usage relations. These dependencies
are checked explicitly, preventing arbitrary repetitions or
spurious memory copies from forming a valid pipeline;
and

• Repeated equality across R inferences. The candidate
must reappear contiguously and identically for at least R
consecutive inferences. This requires matching operator
API/function call, tensor shapes/sizes, and input/output
provenance across R repetitions, which is unlikely unless
the candidate is the true operator sequence.

Taken together, these invariants render FP negligible for SAMs
in our setting.

Potential FN causes include: i) the operator sequence gen-
uinely varies across inferences (DAMs), ii) logs are truncated
or corrupted, iii) R is set too high so that R identical
repetitions cannot be found within the collected logs, or
iv) extremely volatile allocators that destroy stable provenance
information across inferences. RRTO targets SAMs with fixed
sequences, and logs are collected per task without arbitrary
intra-task interleaving, so these conditions do not hold in our
target setting.

D. Replaying Phase Design

1) Workflow of Replaying Phase

In this section, we present the workflow of RRTO dur-
ing the replaying phase and explain how it eliminates per-
operator RPC communication via its record/replay mechanism.
Fig. 6 illustrates this workflow and compares it with tradi-
tional transparent offloading systems during model inference
in MEC networks. Traditional transparent offloading suffers
from frequent operator-level RPC communication, leading to
high communication overhead and degraded performance (see
Sec. V), including lower GPU utilization, longer inference
times, and increased energy consumption.

Fig. 6: Workflow of RRTO during the replaying phase.

To address these communication costs, RRTO introduces
an automatic recording and replay mechanism. Since ML
models in mobile applications often exhibit static and pre-
dictable operator invocation sequences, RRTO records opera-
tors called during initial inferences and replays this sequence
for subsequent ones. As illustrated in Fig. 6, during the
replay phase, RRTO first verifies that the current invocation
matches the recorded sequence boundary and then issues a
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guarded replay-start request carrying the first input payload.
Subsequent operators are executed directly on the GPU server
side, instead of being invoked by RPCs from the mobile
device side as in traditional systems, while the client only
virtualizes the expected return values and synchronization
points. Consequently, RRTO executes all required operators
within the inference operator sequence through one verified
replay transaction per inference, eliminating the need for
additional RPC communications for subsequent operators and
significantly reducing communication costs.

2) Record/Replay Mechanism

Here we describe how RRTO implements its record/replay
mechanism after the steady-state inference operator sequence
has been identified. The client component is detailed in
Alg. 4 and the server component in Alg. 5. Algorithms 4, 5,
and 6 summarize the client-side control flow, the server-side
replay routine, and replay-time argument reconstruction. Since
Algorithm 1 returns an IOS aligned to an HtoD boundary,
replay starts from the first input transfer of each inference.
Throughout these algorithms, f , a, and r denote the inter-
cepted CUDA function, its argument tuple, and the returned
result; Meta, P , and ArgsSeq denote recorded argument
templates, pointer map, and replay-ready argument sequence;
MATCHREPLAYSTART and MATCHREPLAYSTEP are guarded
predicates validating replay start and step-wise consistency.
During recording, each CUDA API invocation is forwarded to
the server and logged locally. Once a stable IOS is obtained,
the client transfers only input payloads and waits for the
final output, while intermediate operators are replayed per the
recorded sequence.

In Alg. 4, the offloading client continuously serves the
intercepted CUDA invocation stream. While IOS is NULL,
RRTO remains in the recording phase (Lines 4 to 8): it
forwards the current invocation (f, a) to the server, obtains
the execution result r, appends (f, a, r) to Logs, and invokes
Operator Sequence Search on the accumulated log, preserv-
ing traditional transparent offloading during warm-up while
overlapping search with outstanding RPCs. Importantly, RRTO
does not switch into replay mid-inference; it finishes recording
the current inference and enables replay only at the next
inference’s first operator, ensuring replay always starts at a
correct sequence boundary.

Once the inference operator sequence is identified, RRTO
enters the replay phase on the mobile device (Lines 10 to
28). Replay starts conservatively: the client calls MATCHRE-
PLAYSTART to jointly check function type, first-input transfer
pattern, and boundary consistency before issuing STARTR-
RTO (Line 12). During replay, HtoD transfers carry the
current input payload to the server (Line 15), DtoH waits for
the final replay result (Line 17), and intermediate invocations
return virtualized results only when MATCHREPLAYSTEP
confirms step-wise alignment with IOS (typically a recorded
status such as “cudaSuccess”, Lines 18 to 21). On any mis-
match, the client aborts replay immediately, falls back to
normal RPC forwarding, and reruns Operator Sequence Search
so that a new stable sequence can be learned safely (Lines 22

Algorithm 4 RRTO on Client

Input: stream of intercepted CUDA API invocations (f, a);
Output: execution result r for the current invocation;
Parameter: minimum repeat count R; inferred operator sequence
IOS; local log list Logs.

1: IOS← NULL;
2: Logs← [ ];
3: while True do
4: (f, a)← GETNEXTCUDAINVOCATION;
5: if IOS = NULL then
6: SENDRPCTOSERVER(f, a);
7: r ← GETRPCEXECUTIONRESULT;
8: APPEND(Logs, (f, a, r));
9: IOS← OPERATORSEQUENCESEARCH(Logs, R);

10: else
11: if MATCHREPLAYSTART(f, a,IOS) then
12: STARTRRTO(IOS, a);
13: end if
14: if f = ‘‘HtoD’’ then
15: r ← SENDRPCTOSERVER(a);
16: else if f = ‘‘DtoH’’ then
17: r ← WAITFORRRTORESULT;
18: else
19: if MATCHREPLAYSTEP(f, a,IOS) then
20: i← FIND(IOS, f );
21: r ← IOS[i][ret];
22: else
23: ABORTRRTO;
24: SENDRPCTOSERVER(f, a);
25: r ← GETRPCEXECUTIONRESULT;
26: APPEND(Logs, (f, a, r));
27: IOS ← OPERATORSEQUENCE-

SEARCH(Logs, R);
28: end if
29: end if
30: end if
31: RETURNRESULT(r);
32: end while

to 26). Finally, r is returned to the upper-layer application
(Line 28).

In Alg. 5, the RRTO offloading server continuously awaits
tasks from the client, aligning its operational phase with that
of the client to ensure synchronized processing. During the
recording phase, the server processes RPC requests similarly
to traditional transparent offloading systems (Lines 3 to 5). As
the client on the mobile device initiates its replaying phase,
the offloading server simultaneously begins its own (Lines 7
to 21), replaying the recorded inference operator sequence
after receiving the verified start request with the first input
payload. During this phase, RRTO configures each operator’s
parameters (Line 13, Alg. 6), supplies the current inference
input in a role-consistent manner, and returns the final DtoH
result once the sequence completes.

3) Hidden system complexity

Beyond the high-level replay control flow in Algorithms 4
and 5, replay-time arguments cannot always be reused ver-
batim because pointer values, lengths, shapes, and launch
configurations may depend on the current input batch. RRTO
therefore performs replay-time argument reconstruction in
Algorithm 6. RRTO addresses several non-trivial systems chal-
lenges in RRTOFIXARGS (Alg. 6) to enable transparent, high-
performance offloading: i) pointer swizzling that preserves
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Algorithm 5 RRTO on Server
Input: stream of client requests task, where each task is either
RPC or StartRRTO;
Output: execution result r returned to the client when required;
Parameter: recorded metadata Meta; pointer map P ; item size
s; inference operator sequence IOS.

1: IOS← NULL;
2: while True do
3: task← GETNEXTCLIENTTASK;
4: if task = RPC then
5: (f, a)← GETCLIENTINPUT;
6: r ← CUDARUNTIMELIBRARY(f, a);
7: SENDEXECUTIONRESULTBACK(r);
8: else if task = StartRRTO then
9: IOS← GETCLIENTINPUT;

10: payload0← GETCLIENTINPUT;
11: L0 ← GETPAYLOADLEN(payload0);
12: ArgsSeq← RRTOFIXARGS(IOS,Meta, P, L0, s);
13: for i← 0 to |IOS| − 1 do
14: f ← IOS[i][func];
15: a← ArgsSeq[i];
16: if f = ‘‘HtoD’’ then
17: if i = 0 then
18: payload← payload0;
19: else
20: payload← GETCLIENTINPUT;
21: end if
22: a← ATTACHPAYLOAD(a,payload);
23: end if
24: r ← CUDARUNTIMELIBRARY(f, a);
25: if f = ‘‘DtoH’’ then
26: SENDEXECUTIONRESULTBACK(r);
27: end if
28: end for
29: end if
30: end while

dependency edges across distinct client–server address spaces;
ii) client-side state virtualization that maintains CUDA stream
semantics and return codes without local kernel execution; and
iii) runtime support for batch-size variability. These mech-
anisms jointly ensure correctness and performance in MEC
deployments.

Pointer swizzling and dependency preservation. Client
buffers are allocated via framework memory pools, so client
virtual addresses can vary across inferences, whereas server-
side device buffers are managed independently. Correct replay
must preserve data-dependency edges regardless of payload or
batch sizes. During recording, RRTO builds a directed depen-
dency graph from pointer identities (tensors and intermediate
buffers) and synchronization boundaries (e.g., cudaStreamSyn-
chronize). During replay, the server reconstructs the client-
server pointer mapping and invokes RRTOFIXARGS (Lines
5-20 in Alg. 6) to specialize size-related arguments(tensor
shapes/strides, buffer lengths, and grid/block dimensions)
while preserving pointer identities and dependency edges.
This ensures correct tensor materialization and kernel launches
without per-operator RPC.

State Virtualization on the Client. Upper-layer
frameworks expect synchronous return values, consistent
stream/event ordering, and deterministic CUDA error codes.
The client replayer (Lines 20 in Alg. 4) virtualizes the CUDA
runtime state, synthesizing return codes (e.g., cudaSuccess),

Algorithm 6 RRTOFIXARGS
Input: recorded operator sequence IOS; argument templates
Meta; pointer map P ; first HtoD payload length L0; item size
s;
Output: adjusted argument sequence ArgsSeq for replay.

1: function RRTOFIXARGS(IOS, Meta, P , L0, s)
2: b← L0/s;
3: ArgsSeq← [ ];
4: for each op ∈ IOS do
5: a← COPY(Meta[op]);
6: for each field x in a do
7: if ISPOINTER(x) then
8: x← P [x];
9: else if ISLENGTHFIELD(x) then

10: x← RECOMPUTELEN(op, b,Meta);
11: else if ISSHAPEORSTRIDEFIELD(x) then
12: x← RECOMPUTESHAPE(op, b,Meta);
13: else if ISLAUNCHFIELD(x) then
14: x← RECOMPUTELAUNCH(op, b,Meta);
15: end if
16: end for
17: APPEND(ArgsSeq, a);
18: end for
19: return ArgsSeq;
20: end function

mirroring recorded stream/event ordering, and deferring
externally observable effects to recorded synchronization
points, preserving framework semantics without source
modification while kernels execute remotely.

Batch-size variability support. RRTO supports variable
batch sizes without re-recording, provided the operator se-
quence remains stable. During recording, it derives data
dependencies from pointer identities and synchronization
boundaries, which are batch-size agnostic; only payload
lengths change. At replay start, the server infers the effective
batch size from the first HtoD transfer (Cricket exposes
its payload length) and invokes RRTOFIXARGS (Line 2 in
Alg. 6) to specialize subsequent size-related arguments(tensor
shapes/strides, buffer lengths, and grid/block dimensions)
while preserving pointer identities and dependency edges. This
enables correct replay across different batch sizes.

IV. IMPLEMENTATION

In this section, we first elaborate on the implementation of
RRTO, and then introduce the experiment setup.

A. Implementing RRTO

Software. We implemented RRTO within Cricket’s code-
base [9], a transparent offloading system that provides a
virtualization layer for CUDA applications, enabling remote
execution without the need for source code modifications and
recompilation of applications. RRTO employs the same RPC
library for communication operations as Cricket: Libtirpc [40],
a transport-independent RPC library for Linux. We integrated
RRTO’s recorder and replayer into the corresponding RPC
functions in Cricket, allowing for seamless integration and
efficient operation of the record/replay mechanism.

Hardware. The evaluation was conducted on a customized
four-wheeled robot (Fig. 7), equipped with a Jetson Xavier
NX [25] 8G onboard computer that is capable of CUDA-
acclerated ML model inference. The system runs Ubuntu 20.04
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Fig. 7: The detailed composition of the robot platform.

inference communication standby
Energy (Watt) 13.35 4.25 4.04

TABLE II: Power draw (Watt) of our robot in different states.

Fig. 8: Kapao [4], a real-time people-tracking application on our
four-wheeled robot with a CNN-based human keypoint detection
model.

with ROS Noetic and uses a dual-band USB network adapter
(MediaTek MT76x2U) for wireless communication. Detailed
hardware and sensor configurations are shown in Fig. 7. The
GPU server is a PC equipped with an Intel(R) i5 12400f CPU
@ 4.40 GHz and an NVIDIA GeForce GTX 2080 Ti 11 GB
GPU, connected to our robot via Wi-Fi 6 over a 160 MHz
channel at 5 GHz frequency.

Tab. II summarizes the robots’ on-board energy consump-
tion (excluding motor power) in different states: inference (full
GPU utilization, including CPU/GPU power), communication
(communication with the GPU server, including wireless net-
work card energy consumption), standby (no tasks to execute).
Each Jetson Xavier NX is powered by a 21.6 Wh battery,
sustaining up to 1.6 hours of continuous model inference.
We continuously log the robot’s instantaneous on-board power
draw (in Watts) at 1-second intervals, utilizing the back-end
power consumption and performance monitoring methodology
from [25]. Subsequently, the energy consumption per inference
(in Joules) is precisely calculated by integrating this power
draw profile over the exact duration of each inference, deter-
mined by its start and end timestamps.

B. Experiment Setup

Task. We evaluated a real-time people-tracking robotic
application on our robot as depicted in Fig. 8 and Fig. 9.
For evaluation, we run KAPAO on CrowdPose dataset [59]
using our testbed. To demonstrate the generalization ability of
RRTO, we also evaluated several representative models from
three categories of real-world mobile applications with their
implementations available in Torchvision [60] on CIFAR-100

Fig. 9: A screenshot of our real-world experiment. The upper right
corner displays real-time FPS and on-board energy consumption,
the lower right corner shows the map created by the robot using
its LiDAR, the lower left corner features the real-time view from
the robot’s camera, and the upper left corner provides a third-angle
observation of the entire experimental process.

dataset [61]: i) ResNet [62] and ConvNext [63] for object
classification; ii) FCN [64] and DeepLabv3 [65] for semantic
segmentation; iii) FasterRCNN [66] and RetainNet [67] for
object detection.

Emulation Environments. We evaluated two real-world
environments: indoors (robots move in our laboratory with
desks and separators interfering with wireless signals) and
outdoors (robots move in our campus garden with trees and
bushes interfering with wireless signals, resulting in lower
bandwidth). The corresponding bandwidths between the robot
and the GPU server in indoors and outdoors scenarios are
shown in Fig. 3.

Baselines. To comprehensively evaluate the performance of
RRTO, we conducted comparative experiments against several
baseline approaches:

• Device-only inference (“Device-only”): A conventional
setup where the entire model is deployed and executed
on the robot.

• Native non-transparent offloading (“NNTO”): A non-
transparent offloading method that deploys the entire
model on a GPU server by modifying the source code. We
evaluate NNTO independently to demonstrate the benefits
of offloading in inference latency and energy efficiency,
and we use it as the theoretical upper bound for offloading
approaches because it incurs minimal system transmis-
sion overhead by transmitting only inference inputs and
outputs. This comparison underscores the communication
time savings and performance gains achieved by RRTO.

• Cricket [9]: A state-of-the-art transparent offloading sys-
tem designed for remote GPU usage.

While advanced scheduling optimizations (e.g., layer par-
titioning [28] and multiple inference scheduling [3], [29],
[30]) are adaptable to RRTO, their performance benefits are
orthogonal to our core contributions. Consequently, to isolate
the impact of our innovations and ensure a fair comparison
against existing non-transparent offloading (NNTO) methods,
we have excluded these optimizations from our current im-
plementation and evaluation. Their integration into RRTO
remains a promising direction for future work, as discussed
in Sec. VI.
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V. EVALUATION

In this section, we evaluate the performance of RRTO
from four aspects: i) comparison with baseline systems on
inference latency and energy consumption in real-world mo-
bile application; ii) sensitivity of RRTO in various MEC
scenarios; iii) analysis of RRTO’s record/replay mechanism;
iv) performance evaluation of RRTO on large-scale models
common to fundamental mobile applications.

A. Superiority of RRTO

Our evaluation results of our robotic application, KAPAO,
as presented in Fig. 10, demonstrate that RRTO achieved
performance comparable to non-transparent offloading system
(NNTO) in both inference time and energy consumption.

Fig. 10: Performance of Kapao in different environments with
various systems.

In terms of inference time, RRTO reduced inference time by
an average of 72% compared to local computation and 95%
compared to Cricket in the indoors scenario; the reductions
in the outdoors scenario were 69% and 94%, respectively.
Device-only, which processes the entire model on the robot
without any data transmission to a GPU server, exhibited
consistent performance in both indoor and outdoor scenarios.
In contrast, the substantial communication costs associated
with Cricket’s frequent RPCs from its transparent offloading
mechanism considerably slowed its inference times, a point
that will be elaborated on in Sec. V-B. By implementing
its innovative record/replay mechanism, RRTO effectively
minimized these extensive communication costs, achieving
inference times comparable to those of NNTO, with nearly
identical communication expenses.

In terms of energy consumption, RRTO achieved substantial
reductions, decreasing energy usage per inference by an aver-
age of 85% compared to local computation and 94% compared
to Cricket in indoors scenarios; outdoors reductions were 84%
and 93%, respectively. Due to the intensive computational
demands of the model, device-only inference incurred high
power draw, whereas other systems that offload computations
to a GPU server exhibited reduced energy usage. Although
RRTO only reduced power draw by 45% compared to local
computation and even showed a 13% increase in power draw
compared to Cricket, its shorter inference times resulted in
significantly lower energy consumption per inference. It is
important to note that the average power draw values shown in
Fig. 10 do not correspond to those in Tab. II. This discrepancy
arises because our application does not fully utilize the GPU
capabilities of the Jetson Xavier NX, resulting in lower average
energy consumption during local computation than during the

Fig. 11: Semi-RRTO: only applying Caching [41] specifically to
the RPCs of “cudaGetDevice” and “cudaGetLastError” in RRTO,
effectively eliminating their transmission requirements.

inference stage. Furthermore, additional CPU computing tasks
(e.g., robot control) cause the average energy consumption of
all offloading systems to increase above levels observed during
communication and standby phases.

The prolonged inference times observed in outdoor sce-
narios for all offloading systems can be attributed to the
lower bandwidth available outdoors (see Sec. II-C2), which
results in extended transmission times compared to indoor
scenarios. Analyzing performance in both indoors and out-
doors settings, we find that RRTO is robust across various
MEC scenarios. This robustness stems from RRTO’s ability to
eliminate the frequent transmission requirements of RPCs in
Cricket, thereby reducing communication overhead to levels
comparable to NNTO. Moreover, when GPU servers reside
in commercial cloud environments, network congestion and
routing inefficiencies further restrict available bandwidth [68]
and drive up transmission costs, making RRTO even more
advantageous than Cricket.

B. Micro-Event Analysis

To gain a deeper insight into the performance improvements
facilitated by RRTO, we analyzed the RPC function calls made
by Cricket during various stages of KAPAO inference, illus-
trating the characteristics of traditional transparent offloading
mechanisms. A detailed breakdown of these calls is provided
in Tab. III.

Comparing the different stages of function calls in Tab. III,
we can see that KAPAO undergoes an initialization stage of
inference different from subsequent inference loops. This is
because the working process of KAPAO [4] follows the default
detection model in Yolo v5 [69]: the inference pipeline is
first initialized by generating a mesh grid of a certain size
that fits the input image size, which serves as the storage of
intermediates; then in the following loop iterations through the
inference pipeline the mesh grid is reused and the operator call
sequence is fixed. RRTO records all involved operators during
the first few inferences, not just the initial process, and ignores
the different operator sequences from the initializing inference
until the correct operator sequence is found.

In the loop inference detailed in Tab. III, we observed that
a significant portion, specifically 90.62%, of RPC function
calls consisted of “cudaGetDevice” and “cudaGetLastError”.
These calls, generated by PyTorch [14] due to our application’s
reliance on this framework, are crucial for determining the
data’s location, facilitating computations across multiple GPUs
and parallel tasks.
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CUDA Runtime API Composition during
loading model

Composition during
initializing inference

Composition during
steady-state inference loop

cudaGetDevice 46858 (82.32%) 4789 (80.12%) 4735 (80.32%)
cudaGetLastError 4244 (7.46%) 616 (10.31%) 607 (10.30%)
cudaLaunchKernel 2752 (4.83%) 523 (8.75%) 522 (8.85%)

cudaMalloc 65 (0.11%) 4 (0.07%) 0 (0.00%)
cudaStreamIsCapturing 68 (0.12%) 4 (0.07%) 0 (0.00%)
cudaStreamSynchronize 1118 (1.96%) 16 (0.27%) 11 (0.19%)

cudaMemcpyHtoD 1117 (1.96%) 7 (0.12%) 3 (0.05%)
cudaMemcpyDtoH 1 (0.002%) 9 (0.15%) 8 (0.14%)
cudaMemcpyDtoD 701 (1.23%) 9 (0.15%) 9 (0.15%)

TABLE III: Composition of RPC function calls during different stages of KAPAO inference.

Fig. 12: Performance of Torchvision models in different environments with various systems.

Despite restricting PyTorch to use only a single GPU
sequentially and employing Caching (referred to as “semi-
RRTO” in Fig. 11) to reduce the transmission of RPCs,
semi-RRTO achieved inference time comparable only to lo-
cal computation in our experiments and did not reach the
speeds observed with NNTO. This is evident from the fact
that “cudaLaunchKernel” still represents 8.85% of total RPC
function calls, which are essential for notifying the server
about subsequent computing tasks like additional convolution
or maxpool operations. While traditional RPC optimization
methods wait for “cudaLaunchKernel” RPCs from the client
to direct the server’s subsequent computing tasks (operators),
RRTO recorded these “cudaLaunchKernel” function calls and
directly executed the subsequent computing tasks on the
server, thereby eliminating the need for ongoing communi-
cation with the client.

Regarding the remaining RPC functions, namely “cu-
daMalloc”, “cudaStreamIsCapturing”, “cudaStreamSynchro-
nize”, and “cudaMemcpyDtoD”, which collectively account
for 0.34% of the total RPC calls, they primarily handle data
transmission and synchronization within the GPU and can also
be replayed by RRTO on the server. However, “cudaMemcpy-
HtoD” and “cudaMemcpyDtoH”, which account for 0. 19%
of total RPC calls, are used primarily for data transmission

between the CPU and GPU. They are mainly used for the
input and output of the ML model and cannot be replayed by
RRTO.

To further illustrate the performance gains achieved by
RRTO, we compared it with baseline systems in the number
of RPC calls and the resulting average GPU utilization on
the GPU server during the execution of [4], measured using
pynvml [70] and presented in Tab. IV. Unlike RRTO and
Cricket, NNTO bypassed RPC by directly synchronizing the
input and output data of the ML model between the CPU
and the GPU at the application layer, requiring modifications
to the source code. Cricket, on the other hand, experienced
higher communication costs, which contribute to lower GPU
utilization on the GPU server. Although RRTO also managed
“cudaMemcpyDtoH” and “cudaMemcpyHtoD” like Cricket,
resulting in 11 RPCs per inference, the performance improve-
ments offered by RRTO were clearly advantageous.

NNTO Cricket RRTO
RPCs for each inference NA 5895 11
Average GPU utilization

on the GPU server 29.0% 1.1% 27.5%

TABLE IV: Comparison between RRTO and the baselines about
numbers of RPC calls and average GPU utilization on GPU
server.
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C. Validation on A Wider Range of Models

Next, we conducted a comprehensive evaluation of RRTO
and other baseline systems across a diverse set of models com-
monly used in mobile devices, varying in parameter counts,
as detailed in Fig. 12. We selected the two most prevalent
models for each of the three fundamental robotic tasks (object
classification, semantic segmentation, and object detection) to
assess the generalizability of RRTO’s performance. Our find-
ings confirmed that RRTO achieves a performance comparable
to NNTO without requiring any modifications to the source
code. Cricket sometimes exhibited slower indoors performance
compared to outdoors due to its exceptionally prolonged
inference times and unstable network fluctuations, as shown
in Fig. 3. Although RRTO consistently outperforms in various
models, performance gains are relatively smaller for models
with fewer parameters. This observation can be attributed to
the fact that models with larger computational demands benefit
more significantly from the robust computing power of the
GPU server. Additionally, the substantial energy consumption
incurred by extensive computations on the robot suggests that
models with a larger number of parameters are more suited
for offloading, thus deriving greater benefits from offloading.
It is also pertinent to note that our experimental robot (Fig. 1a)
possesses considerably higher computational power than typ-
ical mobile devices (e.g., smartphones), suggesting RRTO’s
benefits could be even more pronounced on more resource-
constrained mobile devices.

VI. RELATED WORK AND DISCUSSION

Fixed Calculation Logic. RRTO leverages the characteris-
tic that operators in the inference of a DNN model often follow
a fixed order, allowing its record/replay mechanism to support
other computational tasks [71], not solely SAMs, provided
they exhibit fixed computational logic. However, RRTO is
unable to support tasks with unfixed computational logic,
such as DAMs with changing operator sequences or tasks
involving complex logic and branching, due to its inability to
replay varying sequences. Moreover, tasks with complex logic
and branching are generally more suited for CPU rather than
GPU execution [72], and optimizing inference for DAMs with
changing operator sequences remains a pervasive challenge
across all offloading systems.

Layer partitioning. Layer partitioning techniques [28] dis-
tribute ML model layers across mobile devices and GPU
servers to improve end-to-end inference speed and energy
efficiency while tolerating transmission failures and bandwidth
fluctuation; because the optimal strategy depends on model
architecture and application-specific trade-offs, the problem
has drawn sustained attention in mobile applications. Histori-
cally, such partitioning has favored non-transparent offloading,
which prioritizes peak performance and minimal transmission
overhead and, unlike transparent systems, has direct access to
the model architecture needed for effective partitioning. RRTO
brings these methods into a transparent framework: it matches
the performance of non-transparent systems and recovers the
model architecture from data dependencies surfaced by its

operator sequence search, enabling partitioning at the finer
operator granularity without sacrificing transparency.

Multiple inference Scheduling. Building on layer parti-
tioning for single requests, multiple-inference scheduling min-
imizes aggregate latency and energy across concurrent DNN
requests using decision algorithms such as urgency-based
prioritization [29], deep reinforcement learning control [30],
and joint relay selection [3] to assign execution location and
timing. These algorithms plug directly into RRTO: during
replay they choose the location and start time of each operator
per task, reproducing the high performance of non-transparent
schedulers without any source-code modification. A broader
extension, namely fully non-deterministic interleaving of mul-
tiple models within one shared application, would require on-
line demultiplexing and replay arbitration beyond the current
per-task logging design, and we regard it as important future
work.

Model Compression. On mobile devices, quantization and
model distillation are two common compression techniques:
quantization [73] lowers the precision of weights and activa-
tions to cut computation costs, whereas distillation [74] trains
a smaller student model to mimic a larger teacher with fewer
resources. Offloading is orthogonal to compression: instead
of trading accuracy for efficiency, it accelerates inference by
scheduling computation across devices while preserving the
original model accuracy.

Cross-framework Offloading. RRTO and prior
interception-based transparent offloading systems replay
intercepted runtime calls on a remote server and therefore
require runtime homogeneity to preserve a one-to-one API
mapping for control, memory, launch, synchronization, and
error semantics. When frameworks differ (e.g., OpenCL vs.
CUDA or CPU libraries without kernel-launch semantics),
this correspondence vanishes. We thus restrict RRTO to
homogeneous runtimes and regard robust cross-framework
offloading as open work; achieving it would require a
compatibility layer that semantically translates every call
and data layout, tantamount to framework porting (e.g.,
OpenCL-to-CUDA), which entails substantial engineering
and maintenance costs.

VII. CONCLUSION

In this paper, we have proposed RRTO, a high-performance
transparent offloading system optimized for ML model in-
ference in MEC. RRTO effectively alleviates communication
overhead, a common bottleneck in traditional transparent
offloading systems stemming from frequent RPCs, by em-
ploying a novel record/replay mechanism. This innovative
approach enables RRTO to achieve performance comparable
to established non-transparent offloading methods, without
necessitating any modifications to the application source code.
Consequently, RRTO is poised to significantly advance the
deployment of diverse, ML-driven mobile applications in real-
world environments. By providing fast, energy-efficient, and
seamlessly integrated inference capabilities, RRTO empowers
mobile device systems to execute complex tasks with enhanced
operational efficiency and effectiveness.
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