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Abstract
We propose a new abstraction called a Correctable Operation (C-Op)
for accurate, real-time mobile AI applications. Based on sensed

input, a mobile device initiates concurrent execution of both device-

optimized local AI and state-of-the-art remote AI. Speculative action

is triggered by the faster local result, but may be corrected by amore

accurate remote result. We show that this approach can improve

the success rate of a time-critical sensing and actuation application,

and discuss future research to explore the C-Op abstraction.
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1 Introduction
Achieving fast and accurate AI is difficult on size-, weight-, and

power-optimized (SWaP) devices such as smartglasses, smartwatch-

es, and ultralight drones. As AI algorithms improve, so does their

voracious appetite for processing. State-of-the-art (SOTA) machine

learning (ML) on servers is likely to be far too slow on SWaP devices.

On today’s devices, only the object detection models in the first

seven rows of Figure 1 are capable of real-time AI, defined as taking

less than 100 ms end-to-end [9]. More accurate models are too

slow. SWaP device improvements are swamped by the processing

demands of newer SOTA AI. This “arms race” continues unabated.

How do we attain both real-time speed and SOTA accuracy

for AI on a mobile device? Offloading AI execution to a remote

server enables mobile devices to benefit immediately from new ML

advances. It avoids on-device slowdown, algorithmic compromise,

and software porting effort. For example, most use of LLMs today

is via offload to the cloud. However, offloading suffers from the

overhead of wireless transmission and multi-hop network queuing

delays. Edge computing was originally proposed to reduce these
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Model, Size, and Processing Demand mAP (%)

Model Params (M) GFLOPs Float32 Int8

EfficientDet-Lite0 3.9 1.0
‡ N/A∗

25.6

EfficientDet-Lite1 6.1 1.4
‡

29.9

EfficientDet-Lite2 8.1 1.9
‡

33.0

YOLO11n (Nano) 2.7 6.5 37.9 29.9

YOLO11s (Small) 9.7 21.5 45.4 40.1

YOLO11m (Medium) 20.9 68.0 50.1 43.3

YOLO11l (Large) 26.2 86.9 51.8 44.7

QueryInst 44.0 23.3 56.1 N/A∗

DyHead 60.0 201.0 60.3

DETR 41.3 86.0 63.7

EVA 64.0 722.0
‡

64.3

* N/A indicates this precision is not available for the given model.

‡
Computational cost of this model is computed as an estimate.

Figure 1: Object Detection mAP Comparison [9]

delays, leading to the 3-tier reference architecture of device, cloudlet,

and cloud (Figure 2) [41, 42, 44]. Can we do even better?

We propose a programming abstraction called a Correctable Op-
eration (C-Op) to fuse results from multiple tiers for average-case

execution that is both fast and accurate. A C-Op enables speculative

execution that exploits asymmetry in the precision-recall tradeoff

space of cyber-human and cyber-physical systems: false positives

are often less expensive than false negatives. For example, if a target

is detected by a weak object detection model on a drone, a descent

to lower altitude for better sensing and confirmation can be started

right away. Waiting for a more accurate result from Tier-2 or Tier-1

may allow the target to escape. If the Tier-3 AI was wrong, little

harm is done: the drone just returns to its original altitude.

Error-cost asymmetry occurs in many cyber-physical systems

due to mechanical actuation. It is present in cyber-human systems

because there is often a complex state that is expensive to cre-

ate (e.g., a new scene to be rendered or new guidance to be given).

Presentation of that state to the user can be suppressed if the early

result from Tier-3 was wrong. The speculative action enabled by

a C-Op can partially mask the offload latency of a more accurate
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Figure 2: Tiered Architecture of Device, Cloudlet and Cloud
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Typical Server Typical Mobile Device
Year Processor Speed Device Speed

1997 Pentium II 266 MHz Palm Pilot 16 MHz

2002 Itanium 1 GHz Blackberry 5810 133 MHz

2007 Intel Core 2 9.6 GHz Apple iPhone 412 MHz

(4 cores)

2011 Intel Xeon 32 GHz Samsung 2.4 GHz

X5 (2x6 cores) Galaxy S2 (2 cores)

2013 Intel Xeon 64 GHz Samsung 6.4 GHz

E5-2697v2 (2x12 cores) Galaxy S4 (4 cores)

Google Glass 2.4 GHz

Explorer Edition (2 cores)

2016 Intel Xeon 88.0 GHz Samsung 7.5 GHz

E5-2698v4 (2x20 cores) Galaxy S7 (4 cores)

Microsoft 4.16 GHz

HoloLens (4 cores)

2020 Intel Xeon 110.4 GHz Samsung 18.5 GHz

Gold 6348H (2x24 cores) Galaxy S20 (8 Cores)

Microsoft 19.0 GHz

HoloLens 2 (8 cores)

Google Glass 15.2 GHz

Enterprise Ed. 2 (8 cores)

2025 Intel Xeon 243.2 GHz Pixel 9 Pro 18.6 GHz

6732P (2x32 cores) (8 Cores)

OnePlus 13 29.8 GHz

(8 cores)

RayNeo X2 17.3 GHz

(8 cores)

Adapted from earlier work [43].

“Speed” = (number of processors × number of cores × clock speed)

Only CPU cores are included: GPUs and other accelerators are ignored.

Figure 3: The Mobility Penalty Over Three Decades

result. A C-Op may include a lateness limit, beyond which no cor-

rection exception is triggered because the new results are too late

to be useful — the operation is no longer correctable.

2 Background and Related Work
The C-Op abstraction differs from prior work in using speculative

execution to achieve both speed and accuracy inmulti-tier AI fusion.

It builds on the concepts discussed below.

2.1 The Mobility Penalty
It has long been known that, at any given point in time, there is

a performance gap between SOTA hardware for static and mobile

computing [39, 43]. Known as the mobility penalty, this gap is not a

constraint of physics but an empirical observation akin to Moore’s

Law. It can be viewed as the price paid for being mobile. For CPU

cores, Figure 3 shows the mobility penalty over three decades from

the 1990s to today. For AI processing, Figure 4 shows the weight

and processing power of NVIDIA mobile GPUs. For comparison,

the GPU on a SOTA smartphone today (Google Pixel 9) is rated at

1.7 TFLOPS, placing it in the middle of the GPUs in Figure 4. The

last row of the table (NVIDIA RTX 4090) shows a server-class GPU.

It is 40–130 times as powerful as these low-end GPUs. Because of

the mobility penalty, SOTA AI algorithms on server hardware run

much slower on mobile hardware of the same vintage or may not

be runnable at all. This leads to the need for multi-tier AI fusion.

How best to achieve this fusion is an open question today.

2.2 Offloading, Split Computing and Early Exit
The use of remote execution to overcome the mobility penalty was

first shown by Noble et al [34], in the context of speech recognition.

Abstracting and generalizing from this work, the concept of “cyber

foraging” was introduced [40]. Today, we use the term “offloading”

NVIDIA Weight
†

INT8 FP32

Jetson Type (g) TOPS TFLOPS

(dense) (dense)

Orin Nano 4GB 158 10 0.6

Orin Nano 8GB 176 33 1.3

Xavier NX 182 21 1.4

AGX Xavier 649 32 1.4

Orin NX 8GB 700 35 1.6

Orin NX 16GB 873 50 1.9

AGX Orin 64GB 873 138 5.3

AGX Thor T5000 1856 170 8.1

‡
NVIDIA RTX 4090 2180 82.6

†
Includes cooling such as heat sink, fan, etc. but not battery

‡
Server GPU, shown for comparison

Figure 4: Weight and Processing Power of Mobile GPUs

instead of “cyber foraging.” As summarized by Flinn [13], there has

been extensive research in this space [1, 2, 6, 14, 15, 19, 32, 35, 48].

MAUI [5], Odessa [37], CloneCloud [4], and COMET [18] explored

programming language and virtual machine support for offloading.

Today, offloading is a basic tool for SOTA AI on mobile devices.

More recently, Kang et al [23] showed how offloading could

be used in AI to split a deep neural network (DNN) so that its

lightweight head executes at Tier-3 and its heavyweight tail exe-

cutes at Tier-2 or Tier-1. The partitioning is called split comput-
ing (SC).When combined with early exit (EE),where the head result
indicates that tail execution is unnecessary, it can significantly

lower network bandwidth demand and cloudlet load for SOTA

AI [3, 11, 20, 22, 25, 28, 29]. In contrast to SC/EE, a C-Op does not

split DNN execution. Rather, it runs a completely different device-

optimized model at Tier-3 and a server-optimized model at Tier-2

and/or Tier-1. The fusion of results from different tiers happens at

a higher level of the AI software stack. No ML expertise is needed

to use C-Ops, since no DNN surgery is involved.

2.3 Speculative Execution
The use of speculative execution in operating systems, distributed

systems, and computer architecture stretches back over multiple

decades. For example, I/O prefetching through read-ahead was used

early in the evolution of operating systems [38]. Speculation has

been widely used in contexts such as distributed file systems [33],

virtual machines[10], and fault tolerance [49]. Closest to the C-Op

concept is Li et al’s use of speculative inference to achieve low

latency in multi-modal data streams [27]. That work fuses process-

ing results from diverse sensor streams (e.g., audio and video) by

leveraging the fact that some sensor streams may arrive earlier than

others. The C-Op concept differs in two ways. First, it is concerned

with processing across multiple tiers of computing rather than mul-

tiple sensor streams. Second, the speculation resulting from the

C-Op programming abstraction is exposed to the application. This

recognizes the fact that when speculation proves to be incorrect,

only the application layer can handle the resulting exception.

2.4 Nonstandard Computation Models
The standard definition of correctness for an algorithm involves

a rigid output specification — no deviation is allowed. A C-Op

redefines “correctness.” A preliminary result is available within

a pre-specified time bound, and meeting this time bound is part



Real-Time Fusion of Device, Cloudlet & Cloud AI MobiSys Workshop ’26, June 21–25, 2026, Cambridge, United Kingdom

of the correctness criteria. However, the result may change later,

based on a better result that is available from Tier-2 or Tier-1. The

change may not just be a minor refinement of the original result

(e.g., higher precision), but a radically different result (e.g., “target

appears to be present” changes to “no target present,” or vice versa).

While the C-Op concept is new, it follows a long history of al-

ternative computation models. Closest in spirit is multi-fidelity

computation [32, 34, 45], which reverses the roles of dependent and

independent variables. Other proposed models include approxima-

tion algorithms [16, 17], anytime algorithms [7], any-dimension

algorithms [31], imprecise computations [12, 21], and randomized

algorithms [30]. In contrast to this large body of prior work, a C-Op

does not aim to reduce the total workload. Rather, it aims to reduce

the negative impact of the mobility penalty as well the negative

impact of network latency and bandwidth, multi-hop routing, and

multi-tenant scheduling of shared Tier-2 and Tier-1 infrastructure.

In fact, a C-Op is inherently “wasteful” — the same task is being

performed on the same data at multiple tiers. It is intelligent use of

this “wastefulness” that is the critical aspect of a C-Op.

3 Unavailable Knowledge
Until this point in the paper, we have assumed that the mobility

penalty is the sole reason that inference at Tier-3 is not as accurate

as inference at Tier-2 or Tier-1. In reality, the advantage of lower

tiers may have more complex origins. For example, a single cloudlet

at Tier-2 may process inputs from many associated Tier-3 devices,

such as all the drones of a swarm. If one drone flies over an area that

was recently overflown by one of its cohorts, their shared cloudlet

can reuse knowledge from the previous overflight to resolve am-

biguity, and thereby increase its confidence in a current inference.

The object currently visible, audible, or otherwise sensed by a drone

may already have been sensed by one of the other drones at the

same or nearby location, possibly from a different viewpoint. The

cloudlet thus has significant prior knowledge about this object and

can factor that into its processing of the current input. In ML terms,

it has a valuable Bayesian prior for its inference. In the real world,

“accuracy” typically means “contextually accurate” and includes

use of such priors. Thus, the advantage of lower tiers under this

broader figure of merit may be greater than indicated by a simple

technical metric such as the mAP of an object detection model on

an isolated test image from a single drone.

One way to even the playing field is for Tier-2 or Tier-1 to

share relevant knowledge with Tier-3, for example via caching or

prefetching. However, there are real-world constraints that under-

mine such an approach. Caching is inherently reactive, and incurs

additional latency for handling the cold cache miss. It is not clear

that there will always be temporal locality to benefit from caching.

Prefetching can be more effective, but its implementation is inher-

ently temperamental, timing-dependent, and difficult to maintain.

There may also be privacy and security reasons why knowledge at

Tier-1 cannot be shared with Tier-3. For example, a face recognition

database at Tier-1 may reveal the identity of a person, and thereby

sharpen the activity recognition that can be performed on a video

segment offloaded from Tier-3. Because Tier-3 is physically more

vulnerable to security compromise than Tier-1, it may never be

acceptable to export such sensitive information from Tier-1.

1

CloudletCloudlet

Tier-2
DeviceDevice
Tier-3

Raw
Video AI-2

Processing
AI-3 Processing
Fusion + Alerts

Alerts

Lag-3 Lag-2

Lag-1

Tier-1

CloudCloud

AI-1
Processing

Figure 5: Multi-Tier AI Fusion

These considerations suggest that Tier-2 and Tier-1 can utilize

information that is unavailable at Tier-3 or unexportable there.

However, using Tier-2 or Tier-1 adds latency as discussed in §2.2.

4 Implementing C-Ops
Figure 5 illustrates the steps involved in multi-tier AI fusion. Using

the drone example from the introduction (§1), video frames from

the drone’s camera are processed on-drone (Tier-3) using a weak

model (AI-3 processing). Concurrently, they are transmitted to

other tiers (Tier-2 and Tier-1) for processing with better models

and leveraging of additional information that is not available at

Tier-3 (AI-2 and AI-1 processing). Those results become available

at the drone after delays Lag-3, Lag-2, and Lag-1, respectively.

For example, on a Tier-3 device such as a SOTA smartphone (Goo-

gle Pixel 9), Dong et al [9] report that object detection takes 56.3 ms

using the YOLO11-small model. The results presented later in this

paper (§5) show that a cloud-based LLM (Tier-1) takes 1420 ms for

the task of OCR. Thus, Lag-3 is much smaller than Lag-1 in this

case. However, the relationship between lags may not always be

monotonic because it depends on multiple factors: end-to-end net-

working latency, multi-tenant queuing and scheduling delays, AI

model complexity, hardware (especially AI acceleration hardware),

etc. In some cases, the more accurate processing at a lower tier may

result in less lag, even after taking into account other overheads.

Such is the case, for example, with the object detection results

presented for Tier-2 by Dong et al [9]. Even using a much more

accurate model (YOLO11-large), object detection on a cloudlet that

is equipped with a powerful GPU only takes 23.9 ms. This includes

the end-to-end networking cost of WiFi, but excludes multi-tenancy

delays since the cloudlet is single-user. In this case, Lag-2 is sig-

nificantly lower than Lag-3 even though AI-2 processing is much

more accurate than AI-3 processing (Figure 1). Unfortunately, the

lags from lower tiers may exhibit large variability because they are

dependent on complex networking and server runtime conditions.

For example, an extra 35 ms of networking delay would make Lag-2

larger than Lag-3. A single TCP timeout and retransmission could

easily result in such extra delay. Static measurements or calibration

at initialization, therefore, will not suffice.

Due to these considerations, the implementation of a C-Op re-

quires significant runtime support, and cannot be an exclusively

compile-time or configuration-time concept. Our initial support is

therefore implemented as a runtime library, rather than a language-

level construct. As we gain experience with the C-Op concept,

we expect to better understand what aspects of it can be moved

upstream to the compilation or runtime configuration stages.
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5 Case Study: Catching a Bus
Catching a bus is a familiar example of a human C-Op. Initially,

the bus may be too far away to clearly read its display, due to

low visual acuity under its retinal projection – a natural analog

of a low-latency, but possibly lower accuracy, Tier-3 operation.

Anticipating that it may be your bus, you move closer to the stop.

As it approaches, you keep glancing at the display to check the route

number. Once high-acuity vision – a lower-tier operation – comes

into play, if it is the right number, you proceed to get on; if not, you

step back and wait for the right bus. If you rush to board without

checking, you may end up on the wrong bus (uncorrected false

positive). If you fail to reach the stop in time, you may miss your

bus (too slow actuation, possibly due to an early false negative).

We implement a proof-of-concept C-Op by emulating this human

behavior on a robot that sees brief video segments of buses projected

on a large screen. To decide whether to move forward, it uses object

detection to discover an approaching bus and OCR to read its route

number. If a previous decision was wrong, the robot self-corrects.

Accuracy (boarding the right bus) and low latency (acting before

the bus departs) are both critical in this application.

5.1 Experimental Methodology

Dataset and Setup:Our evaluation is based on 70 public video clips
of Pittsburgh buses arriving at stops [47]. The dataset covers diverse

bus routes, with an average video duration of 10.0 s. Figure 6 shows

some example frames from this dataset. As shown in Figure 7, we

play these videos on a large screen for the robot to observe. Object

detection is performed on each frame to detect a bus, and OCR

is performed to identify its route number. If an approaching bus

appears to have the desired number, the robot moves forward 0.5 m;

otherwise, it remains still. If the robot is at the forward position by

the end of a video clip, it is deemed to have boarded the bus. By

setting the target bus number to match the ground-truth or not, we

split the 70 clips into a test set of 35 positives and 35 negatives.

Approaches Compared
AI-3 only: All computation occurs on the robot. The RoboMaster

carries a Tachyon development board[36] that runs AI-3, consisting

of YOLO[24] and Tesseract[46] for bus detection and OCR. The

robot takes action immediately after the local result is produced.

AI-1 only: The captured image is sent to AI-1, an LLM (GPT-4o)

running at Tier-1, for analysis. The LLM extracts the bus number

and returns the result to the robot. The robot waits for the response

containing the AI-1 result before taking any action.

C-Op:Multi-tier AI fusion is used. Tier-3 performs local OCR, while

concurrently sending the bus image to a Tier-1 LLM. The robot

acts as soon as AI-3 completes. When the AI-1 result is eventually

received, it is assumed to better match ground truth and hence

overrides AI-3. In rare cases, this may be an incorrect assumption

because AI-1 is based on an old frame with a distant bus while the

overridden result is based on more recent frame with a closer bus.

Given the dynamic nature of real-world scenes, both AI-3 and AI-

1 may occasionally produce inaccurate results for a given video

frame. Each approach therefore uses a confidence metric from the

AI algorithm to decide whether to capture another image for further

processing and decision-making.

Success Rate KPI: Our key performance indicator (KPI) is the

number of times the robot successfully “boards” a desired bus, or

avoids boarding an incorrect one. We call this KPI “success rate.”

We deem the robot to have boarded the bus if it has moved forward

0.5m to the finish line by the time the video clip ends. Otherwise, it

has not boarded the bus. At a speed of 0.1m/s, the robot takes 5s to

complete the motion.

5.2 Baseline Accuracy and Latency
We first conduct a preliminary experiment to obtain AI-3 and AI-1

accuracy independent of timing requirements.

Accuracy: Figure 8 compares the accuracy of the bus identification

at the two tiers. AI-1’s LLM achieves higher precision, recall, and

accuracy than AI-3’s onboard OCR. Without timing constraints, it

reaches 94% accuracy with almost no false positives (FPs) or false

negatives (FNs), consistent with the high-accuracy of Tier-1.

Latency: The higher accuracy of AI-1 comes at a higher latency

cost. As shown in Figure 9, AI-3 averages 360 ms per image, while

AI-1 averages 1420 ms, about four times slower, with a long tail

(p99 = 5730 ms, max > 20 s). The latter includes both LLM inference

and network delay, which can increase under heavy server load or

poor connectivity. The no-op Tier-1 round-trip time (RTT) averages

200 ms (p99 = 386 ms), obtained by sending a request to the LLM

with an invalid API key as described by Dong et al [8].

5.3 KPI of Approaches
Figure 10 summarizes the success rate for the three different ap-

proaches. AI-3 exhibits many FPs and FNs, resulting in the lowest

success rate of 51%. AI-1 achieves a higher success rate of 74%,

mainly by performing well in negative cases. However, its high

recall (Figure 8) does not help in positive cases due to high latency

— results often arrive too late. Latency can also fluctuate widely due

to WAN jitter and LLM server load variability.

The C-Op approach improves the overall success rate. In positive

situations, the 56% success rate of the AI-3 is a floor. Timely AI-1

corrections further raise the success rate by about 10%. In negative

situations, AI-3 either correctly keeps the robot stationary or, if it

errs, the AI-1 result subsequently corrects the action. Of course, the

wasted effort of the robot cannot be recovered. With success rates

of 66% in positive situations and 100% in negative ones, the C-Op

approach achieves the highest overall success rate of 83%.

5.4 Detailed Analysis
To understand how C-Op improves the success rate, Figure 11

classifies the final robot operations into four categories based on

how they are affected by AI-1:

Corrected: AI-3 first produces an incorrect result, causing the robot

to start the wrong action. Later, the correct result is returned from

AI-1, and the previous action is corrected.

Confirmed: AI-3 produces a correct result and the robot starts the

right action. Later, AI-1 returns the same correct result, and the

robot will continue its action until completion.

Uncorrected: AI-3 produces a result first. However, the AI-1 result
arrives too late to be useful.

Misled: AI-3 gives a result but AI-1 returns an incorrect result later,

causing the robot to perform the wrong action.
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Figure 6: Example Images from the Pittsburgh Bus Video Dataset Figure 7: Experimental Setup

Approach TP TN FP FN Precision Recall Acc

AI-3 25 12 23 10 52% 71% 53%

AI-1 34 32 3 1 92% 97% 94%

Results obtained from an example run over the 70 video clips.

Figure 8: Bus Identification Accuracy Comparison

Figure is truncated at X = 4 sec

Onboard OCR (AI-3) Latency: mean: 360 msec, p99: 830 msec

Offload LLM (AI-1) Latency: mean: 1420 msec, p99: 5730 msec

Figure 9: Per-frame End-to-end Latency Distribution

Approach Success Rate

Positive Cases Negative Cases Overall

AI-3 56% ± 4% 46% ± 6% 51% ± 2%

AI-1 50% ± 11% 97% ± 0% 74% ± 5%

C-Op 66% ± 2% 100% ± 0% 83% ± 1%

Each result is the mean and standard deviation of three runs.

Figure 10: Overall Success Rate Comparison

In a corrected case, the action is improved by the high accuracy

of AI-1, while in a confirmed case, it benefits from the fast response

of AI-3. 82% of executions fall into these two categories, account-

ing for nearly all successful cases. In positive situations, 28% are

uncorrected, mostly due to AI-3 failing to identify the correct bus

and AI-1 responses arriving too late. In contrast, only 1% of nega-

tive situations are uncorrected. A failed case of this type may occur

when AI-3 causes the robot to board the wrong bus before AI-1

intervenes. From our results, the robot is more likely to miss the bus

than board the wrong one when AI-1 responses are delayed. The

gap between the two cases suggests a Tier-3 optimization: biasing

toward positive, speculative operations to improve success rates.

In positive situations, 7% of the cases are classified as misled.
These failures result from the real-time nature of the task and the

staleness in AI-1 results. Many of the video clips in the dataset

start with a bus approaching from a distance. The accuracy of

bus number identification is low at the beginning for both AI-3

and AI-1, but gradually increases as the bus moves closer and the

Category Ratio

Positive Cases Negative Cases Overall

Corrected 42% ± 5% 27% ± 5% 34% ± 3%

Confirmed 24% ± 4% 72% ± 5% 48% ± 3%

Uncorrected 28% ± 5% 1% ± 1% 14% ± 2%

Misled 7% ± 4% 0% ± 0% 3% ± 2%

Each result is the mean and standard deviation of three runs.

Figure 11: Tier-1 Correction Outcome by Category

display becomes more visible. In the misled cases, AI-3 correctly

identifies the target bus based on the latest image, but the operation

is miscorrected by a late-arriving incorrect AI-1 result based on an

early image. Future work should include a more comprehensive

way of combining multi-tier results to account for staleness.

6 Open Research Questions
Our case study is just one data point that shows the potential of

C-Ops. In addition to broader validation via additional use cases,

many open questions remain to be answered.

6.1 Domain of applicability
How general is the C-Op approach? In particular, over what range

of application characteristics do C-Ops work well? Clearly, if time

is not limited, an offloaded SOTA model is likely the most accurate.

If latency bounds are too tight, only the simplest local models

will be fast enough. How large is the sweet spot for C-Ops? Is it

an approach that is broadly applicable, or only of niche utility?

Broader exploration of C-Ops is clearly a valuable future endeavor.

6.2 Implementation Complexity
Utilizing C-Ops is inherently more complex than straightforward

local or remote AI inference. Our ad-hoc implementation for the

case study involved multiple threads to track concurrent local and

remote inference requests and manage interactions with the main

camera capture and robot actuation threads. Is there a more prin-

cipled way to handle this problem? Can we design abstractions

and build tools, libraries, or APIs to encapsulate and generalize

C-Op functionality, disentangling it from application-specific logic?

Such abstractions could greatly simplify development of new C-

Op-enabled applications, reduce the likelihood of bugs, and allow

independent development and evolution of general C-Op strategies.
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6.3 Information Diversity
In some ways, our case study represents one of the most challeng-

ing scenarios for C-Ops. Here, all data is captured at Tier-3, and

any benefits are solely due to differential accuracy and end-to-end

latency of Tier-1 and Tier-3 inference. In other use cases, Tier-2

or Tier 1 may have additional or different information from Tier-3,

e.g., an additional camera view with a different perspective, or a

collective global map. How much does the diversity of information

affect the efficacy of C-Ops? Does the information diversity nec-

essarily imply greater accuracy? Does this change the calculus of

actuation strategy with Tier-3 results? In the limit, how does the

assumption of a perfect but slow remote oracle change the picture?

6.4 Temporal Issues
C-Op use cases have complex and varied timelines and behaviors.

A fast local inference may execute multiple times on newer data

while waiting for the first Tier-1 response on the original data item.

If the results conflict, which should we trust, the more accurate

model on Tier-1 using older data, or the simpler Tier-3 model using

the latest data? Is there a principled mechanism to help make this

determination? Perhaps we can discount confidence based on the

age of the input, akin to discounting future returns in finance.

Alternatively, we could build on the concept of streaming perception

introduced by Li et al [26]. Sometimes, it may be more important

to consider the contents of the sensed data rather than its age. For

example, if the images from a camera suddenly and drastically

change, perhaps older results may not be reliable. How common

and effective are such heuristics in guiding C-Op strategy? Can

they be generalized and expressed programmatically in an API?

7 Conclusion
This paper presents the concept of correctable operations as a

promising means of leveraging the strengths of both onboard and

offloaded AI, and an initial case study illustrating the potential ben-

efits of the approach. By using fast, local, but error-prone AI models

along with remotely-executed SOTA models to correct many of the

errors, one can achieve higher success rates in time-critical sensing

and actuation applications than either local-only or offload-only

approaches. Correctable operations enables a practical and effective

form of multi-tier AI fusion for latency-sensitive applications.
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