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ABSTRACT

Immersive applications such as augmented reality (AR) and mixed reality (MR) often
need to perform latency-critical analytics tasks on every frame captured on camera. These
tasks, often powered by deep neural networks (DNNs) for their superior accuracy, necessitate
offloading to edge servers with GPUs due to their computational intensity. Achieving high
accuracy and efficient AR task offloading faces two fundamental challenges untapped by prior
work: (1) In practice, multiple DNN-supported tasks need to offload concurrently to achieve
the app functionality — how to schedule such offloaded tasks on the client which compete
for shared edge server resources to maximize the app QoE? (2) Concurrent AR clients from
a large user base offload to a cluster of GPU servers — how to schedule the offloaded tasks
on the servers to maximize the number of clients served and lower the operating cost?

To tackle the first challenge, we design a framework, AccuMOQO, that balances the offload-
ing frequencies of different tasks by dynamically scheduling the offloading of multiple tasks
from an AR client to an edge server, thereby optimizing the overall accuracy across tasks and
hence app QoE. Our design employs two novel ideas: (1) task-specific lightweight models
that predict offloading accuracy drop as a function of offloading frequency and frame con-
tent, and (2) a general two-level control feedback loop that concurrently balances offloading
among tasks and adapts between offloading and using local algorithms for each task.

We tackle the challenge of supporting concurrent AR clients in two steps. We first focus
on maximizing the capacity of individual edge servers, where we present ARISE, which
untangles the intricate interplay between per-client offloading schedule and batched inference
on the server by proactively coordinating offloading requests from different AR clients. In
the second step, we focus on a cluster setup of heterogeneous GPU servers which exposes
the synergy between diversity in both DNN layers and GPU architectures, manifesting as
comparable inference latency for many layers in DNN models when running on low-class and
high-class GPUs. We exploit such overlooked capability of low-class GPUs using pipeline
parallelism and present a novel inference serving system, IPIPE, that employs pool-based
pipeline parallelism with a mixed-integer linear programming (MILP)-based control plane

and a data plane that performs resource reservation-based adaptive batching.
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1. INTRODUCTION

1.1 Edge-Assisted Augmented Reality

Driven by the expanding applications and technological advancements, Augmented Re-
ality (AR) is experiencing significant growth. The global AR market is projected to reach
$88.4 billion by 2026, growing at a compound annual growth rate (CAGR) of 31.5% [1].
Meanwhile, AR is expending into various sectors, including entertainment, healthcare, retail,
automotive, and education, offering innovative solutions like augmented surgeries, interac-
tive driving experiences, and immersive e-learning. This widespread adoption underscores
AR’s potential to revolutionize multiple industries, making it a pivotal technology for the
future.

Immersive AR applications often need to perform a number of challenging tasks to provide
enhanced user experience. Consider Pokemon Go, a representative AR app, where players
use their mobile devices to capture, train and battle with virtual creatures called Pokemon
which appear as if they exist in the real-world environment. Supporting realistic, interactive,
and immersive user experience such as allowing Pokemon to hide behind a tree or jump on a
tree branch requires performing several essential computer vision tasks for each frame, at the
high frame rate of the camera capture, e.g., every 16.7 ms: (1) Odometry: While a player
moves within her real-world surroundings, the mobile device needs to track the camera pose
to render virtual objects (e.g., Pokemon) at the correctly perceived locations; (2) Depth
estimation: The mobile device needs to process the distance information between the
camera and physical objects, in order to correctly render virtual objects into the physical
environment, e.g., allowing Pokemon to hide behind a tree; (3) Object detection: Being
able to identify physical objects in each camera frame enhances the virtual objects with
spatial and contextual awareness of their surrounding physical world and allows them to
interact accordingly, e.g., if a tree branch is nearby, the Pokemon jumps onto it.

Deep Neural Network (DNN) models have been increasingly used to support these com-
plex AR tasks due to their high accuracy (e.g., [2]-{7]). In contrast, traditional AR frame-
works, e.g., ARCore, have several known limitations including low resolution and only getting

accurate results for up to 5 meters for depth estimation [8]. However, the high-accuracy,
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DNN-based solutions are generally computationally heavy. Running state-of-the-art DNN
models on commodity mobile devices could take hundreds of milliseconds or even seconds [9]—
[11]. To attain high accuracy results on resource-constrained devices, and propelled by the
availability of faster wireless networks such as 5G [12], offloading (also known as edge-assisted
solutions) has been proposed [9], [13], [14], where camera frames are uploaded to a cloud or

edge server for DNN inference.

DNN D
:-! ‘E Inference

Uplink Downlink
Transmission Transmission

Q T =T+ Tine + Ty

-:-‘és.g end-to-end ~ i

Figure 1.1. Workflow of edge-assisted AR.

As shown in Figure 1.1, in edge-assisted AR, the AR client continuously upload its camera
frames to the edge server via a fast wireless network such as 5G. The edge server, which often
resides in the same city and is connected to the 5G infrastructure via low-latency links [15],
runs the high-accuracy DNN model on its GPU and sends the inference results back via
the downlink. Upon receiving these results, the AR client performs higher-level tasks, e.g.,
rendering, that rely on the inference results. The end-to-end offloading latency comprises

the frame transfer latency, the inference latency, and the result transfer latency.

1.2 Challenges in Edge-Assisted AR Deployment

The large amount of recent work on edge-assisted AR have focused on offloading a single
task at a time, in particular, object detection (e.g., [16]-][19]), for a single user (AR app),
who is allocated a dedicated edge server or GPU. However, deploying practical AR apps
surpasses this simplistic setup in two important ways. Firstly, as discussed in §1.1, multiple
DNN-supported tasks need to be offloaded concurrently to achieve the app functionality.

Secondly, a successful commercial AR app often needs to support a large user base. Given
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the increased workload due to the two factors, while the simplistic setup can potentially
be extended to offloading multiple tasks and supporting multiple users by allocating each
offloaded task and each user a dedicated GPU, such an approach is not cost-effective and
not scalable. In fact, to control the server cost, in a shared edge cloud, a user may only be
allocated a slice of a GPU [20]-[22]. For example, in Amazon Elastic Inference, GPUs are
partitioned and priced per TFLOPS [20].

To bridge the gap between existing edge-assisted AR setup and the requirement for

practical edge-assisted AR app deployment, we face two major challenges:

Challenge 1: How to schedule multiple offloaded tasks on the client to maximize
the app QoE? Offloading multiple tasks of a latency-critical app faces a new design objective
beyond that for offloading a single task. In offloading a single task, when the end-to-end
offloading latency is longer than a frame interval, which happens often due to server inference
and frame transfer delay, the current frame accuracy suffers from staleness of the last server-
returned result. Hence, in offloading a single task, the primary goal is to reduce the end-to-
end offloading latency, as the lower the end-to-end offloading latency, the less stale the last
server-returned result, and the higher the task accuracy. In contrast, when an app needs
to offload multiple tasks, which compete for shared resources allocated to a user (e.g., edge
server GPU), offloading of different tasks have to be interleaved in some manner, which
increases the staleness of the last returned server inference result for each task and adversely
affects the accuracy of all tasks. Since the accuracy of different tasks can affect the app QoE
differently, in addition to reducing the end-to-end offloading latency for each task, multitask
offloading faces a new design goal: how to balance the offloading of different tasks to mazximize

the overall accuracy that ultimately determines the app QokF.

Challenge 2: How to schedule the execution of offloaded tasks on the servers
to maximize the number of clients served? To actually deploy AR apps based on
edge-assisted AR design requires effective edge server support for serving potentially a large
number of concurrent offloading requests of AR tasks from many mobile clients. Instead of
maintaining its own servers, a cost-effective way is for an AR app vendor to use (or build)

Machine-Learning-as-a-Service (MLaaS) [23], [24], e.g., deployed in the edge cloud [15], to
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serve the AR clients in the vicinity. A primary business objective of an MLaaS provider
is to increase the capacity of the cluster (i.e., the number of AR clients that it can serve
concurrently), or provision the cluster size for a given user base in order to maximize its cost-
effectiveness. In such a shared edge-cloud setting, the AR apps running on the mobile clients
often exhibit diversity in task accuracy requirements. For example, healthcare apps [25]
require high accuracy while tourism apps can get by with moderate accuracy [26]. In such a
deployment, the vendor or the users of the AR apps specify an accuracy SLA for each AR
task (e.g., object detection) that is required to ensure satisfactory app QoE, and the MLaa$S
provider tries to maximize the capacity of the GPU cluster in concurrently serving multiple
AR clients. We formally state the AR offloading inference serving problem as: Given an
edge/cloud server cluster serving offloaded inference tasks from AR clients, how to mazximize
the number of clients supported by individual servers while meeting the per-client AR task

accuracy SLAs?

1.3 Thesis Contributions

Thesis statement. As edge-assisted AR workloads scale with increasing numbers of tasks,
clients, and servers, effective scheduling is critical to achieve high accuracy and resource effi-
ciency. The unique characteristics of AR workloads present new optimization opportunities,
enabling the design of more effective schedulers.

This thesis makes several contributions in addressing the two key challenges impeding
the deployment of edge-assisted AR. To tackle the first challenge, we design a framework
that balances the offloading frequencies of different tasks by dynamically scheduling the
offloading of multiple DNN tasks from an AR client to an edge server, thereby optimizing
the overall accuracy across tasks and hence app QoE. We tackle the challenge of supporting
concurrent AR clients in two steps. We first focus on maximizing the capacity of individual
edge servers, where we exploit the intricate interplay between per-client offloading schedule
and batched inference on the server via proactively coordinating offloading request streams
from different AR clients. In the second step, we focus on a cluster setup of heterogeneous

GPU servers which exposes the synergy between diversity in DNN layers and diversity in
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GPU architectures, and we propose pool-based pipeline parallelism to significantly improve

the utilization of low-class GPUs.!

Key Contribution 1: Optimizing AR app accuracy by dynamically scheduling
the offloading of multiple DNN tasks. We design a framework called AccuMO that
dynamically schedules offloading of multiple compute-intensive DNN tasks of an AR app
from a mobile device to an edge server while optimizing the overall accuracy across the
tasks. Our design is motivated by two key insights we made about AR tasks: (1) offload-
ing accuracy losses are content-dependent, and different tasks may be affected by different
content features; (2) although offloading solutions achieve higher accuracies than directly
running a local algorithm on the device, e.g., a lite model, on average, the local algorithm
may perform better on selected frames, e.g., when the camera is moving fast. In addition
to maximizing the overall accuracy of the tasks, an additional design goal of the AccuMO
framework is to easily support any mix of app tasks. To achieve this, we develop a modular
design that runs two concurrent control loops that both adapt according to frame content
dynamics: a low-level control loop is per task and adapts between local tracking and using
the local algorithm for each frame, and a global control loop runs model predictive control
(MPC) [27] to dynamically balance offloading of the tasks. We demonstrate that our frame-
work improves the overall accuracy significantly in jointly offloading two core tasks in AR

— depth estimation and odometry — by on average 7.6%-14.3% over the best baselines.

Key Contribution 2: Optimizing individual edge server capacity via coordina-
tion among AR clients. We present an AR offloading inference framework ARISE which
untangles the intricate interplay among the control knobs across clients via a centralized but
scalable scheduler that proactively coordinates the offloading schedules of AR clients and the
batched inference on the edge server. We first develop a novel lightweight, online accuracy
estimator that estimates the AR task accuracy for the current frame for each AR client
under different offloading frequency, E2E latency, and dynamically changing frame content.
We then design a novel scheduler that decouples deriving per-client offloading schedules

and server batching schedule in two steps: (1) it first calculates a pseudo-optimal offload-

11The series of work was done jointly with Z. Jonny Kong with equal contributions.
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ing frequency per-client leveraging the accuracy estimator; (2) it then greedily packs future
offloaded requests from all clients into fewer large batches and coordinates client requests
accordingly without violating per-client accuracy requirements. Our evaluation using a large
set of emulated AR clients and a 10-phone testbed shows that ARISE supports 1.7x—6.9x
more AR clients compared to various baselines while keeping the per-client accuracy within

the client-specified accuracy SLAs.

Key Contribution 3: Optimizing the throughput of heterogeneous GPU clusters
with pipeline parallelism. We design IPIPE, a model serving system that harnesses mixed
GPU types in heterogeneous GPU clusters via pipelined model inference to maximize its
serving throughput. IPIPE is built on three key ideas. First, to support maximal scheduling
flexibility, it employs pool-based pipeline parallelism where each model partition is associated
with a pool of GPU servers, and each request can be processed by any GPU allocated to
each partition pool along the pipeline. Second, to realize the scheduling flexibility exposed
by pool-based pipelined model inference, IPIPE generates the optimal configuration of pool-
based pipelined model inference, e.g., one that maximizes the model serving throughput
of a given cluster while meeting inference SLOs, using Mixed Integer Linear Programming
(MILP), which works as the control plane of IPIPE. Third, to bridge the gap between
MILP solution and runtime dynamics due to asynchronous and bursty request arrivals, we
employs a separate data plane that performs resource reservation-based adaptive batching,
which overcomes a major limitation of adaptive batching used in previous work on pipelined
inference serving [28]. Evaluation results on diverse workloads (18 CNN models) show that
IPIPE achieves at least 58.6% higher utilization of low-class GPUs while maintaining high
utilization of high-class GPUs, leading to 15.9%-64.0% higher serving throughput compared

to various baselines.
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2. AccuMO: ACCURACY-CENTRIC MULTITASK
OFFLOADING IN EDGE-ASSISTED MOBILE AUGMENTED
REALITY

This chapter is based on work published in Proceedings of the 29th Annual International
Conference on Mobile Computing and Networking [29], https://doi.org/10.1145/3570361.
3592531.

2.1 Introduction

Fueled by the rise of metaverse, immersive mobile apps such as Augmented Reality (AR)
often need to perform a number of challenging tasks to provide enhanced user experience.
Consider Pokemon Go, a popular AR app, where players use their mobile devices to capture,
train and battle with virtual creatures called Pokemon which appear as if they exist in the
real-world environment. Supporting realistic, interactive, and immersive user experience such
as allowing Pokemon to hide behind a tree or jump on a tree branch requires performing
several essential computer vision tasks for each frame, at the high frame rate of the camera
capture, e.g., every 16.7 ms: (1) Odometry: While a player moves within her real-world
surroundings, the mobile device needs to track the camera pose to render virtual objects (e.g.,
Pokemon) at the correctly perceived locations; (2) Depth estimation: The mobile device
needs to process the distance information between the camera and physical objects, in order
to correctly render virtual objects into the physical environment, e.g., allowing Pokemon to
hide behind a tree; (3) Object detection: Being able to identify physical objects in each
camera frame enhances the virtual objects with spatial and contextual awareness of their
surrounding physical world and allows them to interact accordingly, e.g., if a tree branch is
nearby, the Pokemon jumps onto it.

Equally importantly, all of the tasks of such an AR app performed on each frame are
latency-critical; the results for the current frame need to be available in the current frame
interval, as otherwise they will miss the rendering for the current frame, as dictated by the
stringent QoE of AR apps, e.g., 60 FPS [9]. We note this is a critical difference from latency-

sensitive applications such as video analytics pipelines where frames of surveillance cameras
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are uploaded to the cloud for real-time analytics which can tolerate a delay of hundreds of
milliseconds [30]. To clearly distinguish the two scenarios, we denote the accuracy returned
by AR tasks as the current-frame accuracy (CFA), and that for video analytics pipelines as
delayed-frame accuracy (DFA).

Deep Neural Network (DNN) models have been increasingly used to support these com-
plex AR tasks due to their high accuracy (e.g., [2]-{7]). In contrast, traditional AR frame-
works, e.g., ARCore, have several known limitations including low resolution and only getting
accurate results for up to 5 meters for depth estimation [8]. However, the high-accuracy,
DNN-based solutions are generally computationally heavy. Running state-of-the-art DNN
models on commodity mobile devices could take hundreds of milliseconds or even seconds [9]-
[11]. To attain high accuracy results on resource-constrained devices, offloading (also known
as edge-assisted solutions) has been proposed [9], [13], [14], where camera frames are up-
loaded to a cloud or edge server for DNN inference.

Despite the importance of ofoading multiple tasks of an AR app, the large amount
of recent work on edge-assisted AR have focused on offloading a single task at a time,
in particular, object detection (e.g., [16]-][19]), assuming a user (AR app) is allocated a
dedicated edge server or GPU. Such solutions can potentially be applied to offloading multiple
tasks of an AR app of a user by allocating each offloaded task a dedicated GPU. However,
such an approach is not cost-effective and not scalable. In fact, to control the server cost, in
a shared edge cloud, a user may only be allocated a slice of a GPU [20]—[22]. For example,
in Amazon Elastic Inference, GPUs are partitioned and priced per TFLOPS [20].

Offloading multiple tasks of a latency-critical app faces a new design objective beyond
that for offloading a single task. In offloading a single task, when the end-to-end offloading
latency is longer than a frame interval, which happens often due to server inference and frame
transfer delay, the task result for the current frame is generated by either directly returning
the last server-returned result (e.g., [10]) or by applying some local tracking technique to
that result (e.g., [9], [10], [16], [31]). In both cases, the current frame accuracy suffers from
staleness of the last server-returned result. Hence, in offloading a single task, the primary
goal is to reduce the end-to-end offloading latency, as the lower the end-to-end offloading

latency, the less stale the last server-returned result, and the higher the task accuracy.
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In contrast, when an app needs to offload multiple tasks, which compete for shared
resources allocated to a user (e.g., edge server GPU), offloading of different tasks have to be
interleaved in some manner which increases the staleness of the last returned server inference
result for each task and adversely affects the accuracy of all tasks. Since the accuracy of
different tasks can affect the app QoE differently, in addition to reducing the end-to-end
offloading latency for each task, multitask ofloading faces a new design goal: how to balance
the offloading of different tasks to maximize the overall accuracy that ultimately determines
the app QoFE. Existing works on multi-DNN inference scheduling (e.g., [32]-[36]) only focus
on maximizing throughput or reducing SLO violation, without consideration for accuracy.

In general, the combination of task accuracies that optimize the app QoE is app specific
and is beyond the scope of this chapter. We assume such a function accuracy merge()
that merges the accuracies of all app tasks into a single overall accuracy metric is given,
e.g., by the app developer. We formally state the accuracy-centric multitask offloading
(AccuMO) problem:

Given the function accuracy_merge() for an app that offloads multiple tasks ti, ... t
and the server resource constraints, how to schedule the offloading of the tasks to mazximize
the overall accuracy accuracy merge(ty, ... t;)?

Tackling the above multitask offloading scheduling problem faces two challenges: (1) How
to estimate the accuracy or accuracy drop if a task is offloaded under a candidate schedule?
(2) How should the scheduler balance offloading of different tasks in an online manner given
the interdependence between current and future offloading decisions, while maximizing the
overall accuracy?

In this chapter, we present a framework called ACCUMO that dynamically schedules
offloading of multiple compute-intensive DNN tasks of an AR app from a mobile device to an
edge server while optimizing the overall accuracy across the tasks. Our design is motivated by
two key insights we made about AR tasks: (1) local tracking accuracy drop rates are content-
dependent, and different tasks may be affected by different content features; (2) although
offloading solutions achieve higher accuracies than directly running a local algorithm on the

device, e.g., a lite model, on average, the local algorithm may perform better on selected
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frames, e.g., when the camera is moving fast and local tracking suffers from low continuity

across consecutive frames.

In addition to maximizing the overall accuracy of the tasks, an additional design goal
of the AccuMO framework is to easily support any mix of app tasks. To achieve this, we
develop a modular design that runs two concurrent control loops that both adapt according
to frame content dynamics: a low-level control loop is per task and adapts between local
tracking and using the local algorithm for each frame, and a global control loop runs model
predictive control (MPC) [27] to dynamically balance offloading of the tasks.

We have implemented the ACCUMO framework and two core tasks of immersive AR apps
— depth estimation and odometry — on commodity Android phones and GPU servers. Our
evaluation using a large set of videos with diverse frame content and camera movement show
that in jointly offloading the two core tasks in AR on commodity devices, ACCUMO improves
the overall task accuracy over the best baseline by 2.3%-11.9% (avg. 7.6%), 6.7%-14.6% (avg.
10.1%), 10.8%-16.7% (avg. 14.3%), 2.3%15.2% (avg. 11.2%), and -2.8%-23.9% (avg. 11.2%)
under 5 diverse accuracy weight ratios. In particular, AcCCUMO improves the accuracies of
both tasks simultaneously over round-robin scheduling by up to 13.4% for depth estimation
and up to 33.8% for odometry.

In summary, our main contributions are as follows:

o We present, to our best knowledge, the first accuracy-centric multitask offloading frame-
work that jointly optimizes the overall accuracy of multiple tasks of an AR app running
on a mobile device to an edge server.

o We present a novel two-level control feedback loop design that allows for easily adding
new tasks while optimizing the overall accuracy across the tasks.

o We also present the first, complete edge-assisted offloading design for two core AR tasks,
depth estimation and odometry, which includes local trackers, local algorithms, and novel
accuracy models, which are used to dynamically select between them.

o We implement and experimentally validate our AccuMO framework design by comparing

it with various static offloading schemes.
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2.2 Background: The Offloading + Local Tracking Paradigm

In this section, we give a brief background on the popular offloading + local tracking

paradigm.

In edge-assisted AR, even with powerful GPUs, a typical DNN inference still takes tens

of milliseconds, failing to return the result within the same frame interval. For example,

models in Meta’s object detection model zoo [37] have a median inference time of 52.5 ms

on Tesla V100, much longer than the per-frame time of 16.7 ms needed by an AR app

running at 60 FPS [9]. In such cases, the result of an offloaded frame may come back several

frame intervals later, and stale server-returned results have to be used for the interim frames,

resulting in reduced accuracy.
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Figure 2.1. The offloading + local tracking paradigm.

To mitigate the staleness of server DNN inference results, local tracking has been proposed

to generate more accurate task results for the current frames than simply using the last

returned result from the server [9], [10], [16], [26], [31], [38]-[45].

Specially, a local tracker

runs on the mobile device and adjusts the DNN inference results for the last ofloaded frame
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f1 sent back by the server to generate refined results for the current frame f., by analyzing
the changes between the stale frame f; and the current frame f., as shown in Figure 3.1. We
denote edge-assisted solutions that exploit local tracking as the offloading + local tracking
paradigm. Local trackers are fast and can typically finish within one frame time. They are
also task-specific and often custom-designed for each type of tasks. For example, for object
detection, local trackers use motion vectors to estimate the movement of an object within a
bounding box, and adjust the bounding box accordingly [9], [44].

While local tracking improves the accuracy of the result for the current frame f, (com-
pared to directly reusing the last server returned result), the gap between its accuracy and
that of running the server DNN model (if we could), denoted as accuracy drop, still widens
with tracking stride, defined as the frame distance between f; and f., due to increased stale-
ness of the results for frame f;. For example, in Figure 3.1, the tracking stride is 2 for frame
k + 2, and 3 for frame k + 3, since the local tracker has to use the last returned result for
frame k in performing local tracking for these two frames.

Prior work also examined other optimizations for DNN offloading for AR, e.g., pipelin-
ing [9], [10] and frame compression [9], [16], [31]. However, under the network conditions
we consider, e.g., 802.11ac, pipelining is less effective as DNN inference latency dominates
network delay (§2.8.3), while frame transmission time saved by compression is offset by the
compression overhead. To our knowledge, local tracking is the only design option (apart
from on-device lite models) that ensures the results for the current frame are available in the

current frame interval.

2.3 Motivation

2.3.1 Accuracy Impact of Multitask Offloading

Compared to single-task offlaoding, multitask offloading impacts the task accuracy and
hence the app QoE in two ways: (1) it reduces per-task accuracy, and (2) it can reduce
accuracy for different tasks by different amount. To quantify these impact, we conducted
a measurement study using depth estimation and odometry as the two example tasks. Of-

floading each task follows the offloading + local tracking paradigm discussed above. The
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server runs DNN models AdaBins [46] and DAVO [47] for the two tasks, respectively, where
a single inference of the two models takes 49 ms and 54 ms on an NVIDIA RTX 2080 Ti
GPU. The client runs warping and Kalman filter (see §2.6 for details) as the local trackers
for the two tasks. The client and the server are connected with 802.11ac. We report the
absolute relative error (AbsRel) for depth estimation and the KITTI odometry metric (¢e)
for odometry, averaging over all videos in the dataset. The detailed setup, metrics, and
dataset can be found in §2.8.1. In single-task offloading, each task is offloaded back to back.

In offloading both tasks, we used the simple round-robin and several other static schemes.

Table 2.1. Task accuracies under different offloading schedules.

Single task RR ~ WRR 1:2

Depth estimation (AbsRel |) 0.166 0.192  0.213
Odometry (teq ) 0.038 0.094  0.066

Overall accuracy w/ (0.5, 0.5) weights  N/A 0.143  0.140
Overall accuracy w/ (0.7, 0.3) weights N/A 0.163  0.169

Impact on per-task accuracy. Table 2.1 shows the average accuracies across all videos in
our dataset. Compared to single-task offloading, i.e., only running and evaluating one of the
tasks, the accuracies of the two tasks when offloaded under round-robin drop by 15.7% and
166.7%, respectively. Intuitively, the reason for the accuracy drop in concurrent offloading
is the reduced offloading frequency, and hence increased local tracking stride. Increased
local tracking stride affects the average local tracking accuracy in two ways: (1) frame f;
which corresponds to the latest offloading result becomes more stale and hence less similar
compared to the current frame f,., which leads to less accurate local tracking; (2) more
frames, e.g., all frames between f. and f.igpige—1, Will be using the stale result (from the
server) for f; in local tracking. The average depth estimation tracking stride increases from
6.68 when offloaded alone to 8.75 when offloaded along with the second task in a round-robin

manner.

Impact on relative accuracy drop. We repeated the two-task offloading experiment by
changing round-robin to repeatedly offloading depth estimation once followed by offloading

odometry twice, denoted as the “WRR 1:2”7 scheme. Table 2.1 shows compared to round-
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robin, such an offload schedule improves the accuracy of odometry by 29.8% at the cost
of reducing the accuracy of depth estimation by 10.9%. Assume a hypothetical accuracy
merge function that calculate the overall accuracy as the weighted accuracy of the two tasks.
Table 2.1 shows that under (0.5, 0.5) weights, WRR 1:2 achieves 2.4% higher overall accuracy
than RR, while under (0.7, 0.3), RR achieves 3.7% higher accuracy than WRR, 1:2.

2.3.2 Prior Work on DNN Offloading

The large amount of prior work on DNN offloading have primarily focused on single-task
offloading, and the few exceptions on multi-task offloading did not consider optimizing the

current frame accuracy (CFA) of the offloaded tasks.

DNN offloading for a single task. Researchers have designed many DNN offloading
systems for single AR tasks such as object detection [9], [16], [31], human pose estimation [9],
and depth estimation [10]. Glimpse [16] sends key frames to the server side to perform object
detection, and employs local tracking on the client side to mask the offloading latency. Liu et
al. [9] additionally employ optimizations like pipelined streaming and inference as well as
region-of-interest encoding. In addition to visual features, MARVEL [31] utilizes IMU data
to track the objects. Meng et al. [10] examines the performance of offloading the depth
estimation task under different setups, e.g., with or without local tracking and under different
bandwidths.

There have also been much work on DNN offloading with a single DNN task with relaxed
latency constraints, in particular, for video analytics. These work propose several techniques
to optimize the offloading latency. (1) Frame compression algorithms specifically designed
for DNN offloading were proposed to improve the compression ratio and task accuracy over
standard image/video compression algorithms [19], [48], [49]. (2) Offloading regions of in-
terest [14] or key frames [30] also reduces frame transmission latency. (3) Partial offloading
splits the DNN model between the mobile device and the server, at an intermediate DNN
layer that is significantly smaller than the input [17], [50]-[54]. Researchers have also stud-
ied special cases of the offloading problem, e.g., for high resolution frames [55] and when

multiple devices offload similar data [56], [57].
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Table 2.2. Comparison between AcCUMO and other works on multitask offloading.

Application Objective

MCDNN [58] Video analytics Max. DFA
LinkShare [59] Low frame rate apps Min. deadline violation

AccuMO AR / latency-critical apps Max. CFA

Offloading multiple DNN tasks. While most works on optimizing DNN inference for
mobile devices have focused on one task at a time, few works studied offloading multiple
DNN tasks. Table 2.2 compares existing multitask offloading works with AccuMO. A
major difference is that both MCDNN [58] and LinkShare [59] target applications with
relaxed latency requirements such as video analytics, while AccuMO focuses on latency-
critical applications like AR. LinkShare does not optimize overall accuracy. MCDNN tries
to maximize the overall accuracy, but it only focuses on delayed frame accuracy (DFA). In

contrast, AcCUMO maximizes overall current-frame accuracy (CFA) for AR apps.

Local tracking. Local trackers have been developed for a variety of computer vision tasks
— these techniques are orthogonal and can benefit both single-task and multitask DNN
offloading. Local trackers for object detection are based on feature point extraction and
matching [16], [39], correlation filters [26], [38], [42], motion vectors [9], optical flow [31],
and/or inertial data [31]. Human object detection and super-resolution local trackers both
utilize motion vectors [9], [40], [41], [43], while the local tracker for depth estimation relies
on warping [10].

Optimizing multiple tasks on-device. For on-device DNN inference, Potluck [60] en-
ables computation reuse across applications on the same mobile device via caching, Heim-
dall [61] coordinates DNN execution and rendering by partitioning and scheduling DNNs in
blocks, and RT-mDL [62] schedules a series of compressed models across mobile CPU and
GPU based on their accuracy and latency requirements. These systems are all designed for

non-real-time applications, and do not meet the latency requirements of AR.
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2.4 Key Insights

Intuitively, as the task accuracy is correlated with its offloading frequency, the key to
multitask offloading scheduling is to balance offloading of multiple tasks under the constraint
of edge server resource, e.g., the GPU. If the accuracy-offloading frequency correlation is
static, the optimal offloading schedule can be derived offline. However, we observe that frame
content can affect the offloading accuracy. In this section, we discuss two key observations

that motivate our adaptive online multitask offloading design.
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Figure 2.2. Accuracy drop timeline for depth estimation and odometry on a
sample video when increasing the stride from 6 to 12.

(1) Offloading frequency-accuracy correlation is frame-dependent. Figure 2.2 shows
the local tracking accuracy drop timeline of the two tasks on a sample video when increasing
the stride from 6 to 12. From the timeline, we see that local tracking accuracy drops for
both tasks change over time. After comparing the accuracy drops with the input frames side
by side, we observe that the accuracy drop rate (accuracy drop per frame delay) is affected
by the frame content. For example, Figure 2.2 annotates two data points with different
depth estimation accuracy drops with their corresponding frames. The one corresponding
to high depth estimation accuracy drop has larger regions of cars, because warping — the
local tracker for depth estimation — cannot accurately handle regions with moving objects
(see §2.6.1). Furthermore, Figure 2.2 shows that there is minimal correlation between the
local tracking accuracy drops of the two tasks. In fact, the accuracy drop rate of odometry

is instead affected by the angular velocity of the camera (see §2.6.2). We thus make our first
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observation: (K1) Local tracking accuracy drop rates are content-dependent, and different

tasks may be affected by different content features.

Design challenges. This observation suggests that instead of offloading the tasks following
some static schedule, e.g., round-robin, adaptively increasing (decreasing) a task’s offloading
frequency when its local tracking accuracy drop rate goes up (down) can potentially result
in improved overall accuracy for all tasks. Designing a framework to exploit this observation
faces several challenges: (i) how to estimate the local tracking accuracy drop rates during

runtime? (ii) how to make the optimal offloading decisions?
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Figure 2.3. Depth estimation accuracy timeline of round-robin offloading vs.
the local algorithm FastDepth on a sample video. Round-robin offioading has
the same setup as Table 2.1.

(2) Is local tracking the best thing to do on-device? We experimentally compare
offloading + local tracking with running local algorithms, which are either lite DNN models
or conventional algorithms that can finish within one frame interval on the mobile device.
Figure 2.3 compares the depth estimation accuracy obtained from round-robin offloading
to that of a lite model FastDepth [63] on a sample video. We see that while offloading
outperforms the lite model on average (0.212 vs. 0.284), its accuracy is much worse for some
frames, e.g., frames 1600 to 2000. We make our second key observation: (K2) Even though
the accuracies of the local algorithms are significantly worse than the offloading solutions on
average across the frames of a video, the local algorithms can achieve better accuracies for
some individual frames. In particular, this happens in two situations: (1) when the content
changes very fast, and (2) when the local tracking stride is large enough, i.e., due to other
offloading tasks occupying the server GPU resource. Further, we observe little correlation

between offloading and lite model accuracies. This is because while the local tracker is
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affected by content changes, the lite model, which is a DNN model taking a single frame as

input, is more likely affected by static features within a frame.

Design challenges. Exploiting K2 in multitask offloading faces several challenges: (i)
how to estimate the local algorithm accuracies during runtime? (ii) how to incorporate the

accuracy estimates in making offloading decisions?

2.5 AccuMO Design

Motivated by the above key insights, we design a content-aware adaptive multitask of-
floading framework called AccuMO that jointly optimizes the accuracies of multiple tasks
by dynamically controlling each task’s offloading frequency and switching between offloading

and local algorithms.

2.5.1 Design Goals

We design the multitask offloading framework to achieve the following goals:
Support for different application needs. The system should accommodate different
high-level application needs, in particular different needs for balancing task accuracies.
Optimized overall task accuracy. The system should optimize the overall accuracy across
the tasks.
Extensible for different tasks. The system can easily support varying numbers of tasks.
Furthermore, it should accommodate different task designs, e.g., with or without a local
algorithm.
Real-time. The system should produce results in real-time, e.g., 60 FPS, to support latency-
critical applications like AR.

2.5.2 Architecture Overview

Design rational. As shown in Figure 4.4, AccuUMO employs a modular design to support
different numbers of tasks. There is one task component for each task. To meet the real-

time requirement, we employ the offloading + tracking paradigm for each task, and thus
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Figure 2.4. AccuMO architecture. Solid arrows represent data flows, while
dashed arrows represent control flows. Inputs to accuracy models are task-
specific and not shown.

each task component requires a high accuracy DNN model running on the server GPU and
a local tracker that runs in real-time. Furthermore, to exploit our second key insight (K2),
each task component may also contain a local algorithm. To dynamically switch between the
two, an accuracy model is required to estimate their accuracies based on the frame content.

Exploiting our first key insight (K1), we employ a global scheduler to control when and
for which task to offload each frame captured by the camera and/or other sensors based
on each task’s accuracy estimates. We design our global scheduler using model predictive
control (MPC) [27], a control theory optimization algorithm, rather than machine learning
algorithms, to meet our flexible accuracy and extensibility design goals. Machine learning
algorithms would require hardcoded task number, task design, and optimization goals which
then have to be trained offline, while control theory-based algorithms are more flexible in
dynamically adapting to different tasks and application needs, e.g., how to merge the task
accuracies.

Our MPC scheduler only decides on the offloading schedule, while leaving the decision of
switching between offloading and local algorithms to the individual tasks. While an algorithm
that makes both decisions jointly might produce better schedules, we decide to decouple the
decisions to accommodate diverse task component designs. For example, a task might not

have a local algorithm, or a single design may serve as both the local tracker and the local
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algorithm and the “local tracker vs. local algorithm” decision is made internally (see §2.6.2).
Our MPC scheduler accommodates both of these cases by simply not considering the local

algorithm accuracy drop for that task.

Control loops. We develop a modular design that runs two concurrent control loops that
both adapt according to frame content dynamics: a low-level control loop is per task and
adapts between local tracking and using the local algorithm for each frame; and a global
control loop runs MPC to dynamically balance offloading of the tasks. We observe that
accuracy models may be time consuming to run, or they can only estimate task accuracies
on certain key frames (see §2.6.1). To meet the real time and extensibility goals, we run
accuracy models concurrently with the other two control loops. Effectively, the two control
loops make decisions based on the most recent accuracy estimates, exploiting the temporal
locality. In summary, the framework consists of two control loops, in addition to the accuracy
models, running concurrently and continuously:

o MPC scheduler: When a new frame becomes available, and there is currently no un-
finished offloading, the MPC scheduler determines the next task to offload for that frame
based on the latest accuracy estimates by the task-specific accuracy models.

e Local selector: For each frame, either the local tracker or the local algorithm is executed
for each task, depending on which one has higher estimated accuracy.

e Accuracy model: The local tracker and local algorithm accuracy models for each task
are executed repeatedly on the most recent frame, i.e., best effort. The most recent

accuracy estimates are used by the two control loops.

Adding new tasks. Our modular design simplifies the addition of new tasks. To offload
a task under any framework under the offloading + local tracking paradigm, the developer
already needs to choose and prepare a local tracker to run on the client, and a DNN model to
run on the server. To add such a task in AccuMO, the developer (1) can reuse the chosen
local tracker and server DNN model, (2) optionally uses an off-the-shelf local algorithm for
the task (e.g., a lightweight DNN model), and (3) only needs to develop an accuracy model

for the new task. We provide a set of easy-to-follow guidelines for developing accuracy models
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in §2.5.4, and we show how to apply them to derive the accuracy models with a case study

in §2.6.1 and §2.6.2.

2.5.3 Local Tracker and Local Algorithm

As described in §2.3, local trackers adjust the stale results from the server DNN models
for the current frame. They need to run fast in order to be executed for every frame. For
many tasks, off-the-shelf algorithms, possibly designed for other purposes originally, could
be used readily [10], [26], [44].

In contrast to the local tracker, a local algorithm directly produces task results from
camera or sensor data, without relying on server DNN results. It needs to be fast to be
executed for every frame. The local algorithm could be a lite DNN model designed for mobile

devices, but it could also be a conventional algorithm without any learning components.

2.5.4 Accuracy Model

The accuracy models for each task estimate the accuracies for both offloading (i.e., the
local tracker) and the local algorithm. First, to model the accuracy for offloading, since local
trackers introduce accuracy drops in adjusting the stale server DNN results, we only need
to estimate the accuracy drop (w.r.t. that of running the server DNN model) or accuracy
drop rate (per frame delay). We propose a set of principles that can be easily followed in
developing accuracy models for different tasks. (1) We start by identifying limitations of the
local tracker, i.e., what kind of inputs lead to bad tracking results. (2) Next, we identify
and extract features that quantify good inputs vs. bad inputs. (3) Finally, we derive the
correlation between the extracted features and accuracy drops or accuracy drop rates.

Second, for modeling the accuracy of local algorithms, since they typically have much
worse accuracy compared to the server DNN models, an effective method to approximate
their accuracy is by treating the server DNN results as the ground truth [9], [64]. To make
the accuracy modeling comparable to local trackers’ estimated accuracy drops (as opposed
to accuracy), we subtract the local algorithm accuracy estimate by the server DNN model’s

average accuracy (calculated offline), which transforms it into the accuracy drop relative to
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the DNN model. §2.6.1 shows such an accuracy estimation method on the depth estimation
lite model works well. However, other task-specific methods may also be used for local

algorithm accuracy estimation.

2.5.5 Model Predictive Control Scheduler

Ideally, given perfect knowledge of offloading and local algorithm accuracies over an
entire video, the optimal offloading plan can be calculated offline.! While perfect accuracy
information is not available in practice, it is possible to estimate the current and future
accuracies during a short horizon of N frames [k, k+ N| using the accuracy models described
before. With the estimated accuracies, we can calculate the optimal offloading plan in this
horizon, apply the first step of the plan (i.e., for the current frame), and move the horizon
forward to [k + 1,k + N +1]. This scheme is known as model predictive control (MPC) [27],
[65].

Algorithm 1: Offloading scheduling using MPC
input: the list of tasks T" with offloading histories

latest accuracy estimates A for all tasks
horizon length N
overall accuracy function accuracy merge()

1 d" = o, = Ldefault;

2 for p in ValidOffloadPlans(7T, N) do

3 d = SimulatePlan(p, T, A, accuracy__merge());

if d < d* then

| d=d,t* = p[0];

SN

6 offload the current frame for task t*;

The MPC algorithm. Algorithm 1 shows the MPC offloading scheduling algorithm for
deciding the next task to offload the frame/sensor data for. The algorithm is executed
to decide the offloading task whenever a new frame is to be offloaded, i.e., when the last
offloaded result has been received by the mobile device. It essentially populates and simulates

all valid ofloading plans within a horizon of N frame intervals, calculates the overall accuracy

11'We assume the network transmission delay is relatively stable, which holds under the network conditions
and frame sizes we consider (§2.8.1).
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drop of each plan using the accuracy estimates from the accuracy models, and picks the
first offloaded task in the plan that has the lowest overall accuracy drop in the horizon for
offloading.

Since the maximum offloading frequency is constrained by the task offloading latencies,
only the plans that offload the next frame after the last offloading results have come back
are valid. This drastically reduces the number of plans to be simulated and allows the MPC
algorithm to run in real-time. Further, we prune heavily unbalanced plans where one task
is offloaded much more often than the other, e.g., one task is offloaded four times while
the other is offloaded only once, which leads to overly unbalanced task accuracies. Each
valid plan is simulated by starting with the current task offloading status and rolling out the
steps in the plan. For each frame, we choose the lower between the local tracker’s accuracy
drop and the local algorithm’s accuracy drop. Finally, we compute the accumulated overall

accuracy drop.

Frame Task 1 Task 2
k-4 @ —— e
k-3 (0 -rmmmmmmmmieeeee e
k-2
Co
k
o min(2ro, do)
= K+1  memmemmmmeeeeee (0
w min(3rop, do)
k+2 @ >———— @ ceeemeeeeeeeee-
min(2ro, do)
k+3 (| -mmmmmmmmmmmmmem e

min(3ro, do)

Figure 2.5. Simulating an example MPC plan [2, 0, 1, 0]. A curved arrow
points from a frame offloaded for a task, to the frame interval when the of-
floading result comes back.

An example. Consider an application with two offloading tasks, and the offloading latencies
are two frame times for both tasks. With a horizon N = 4, the valid plans are [1, 0, 1, 0],
11,0, 2, 0], [2,0, 1, 0], and [2, 0, 2, 0], where 1 and 2 represents offloading task 1 and task
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2 respectively, and 0 means no offloading. Assuming the local tracker accuracy drop rates
per frame are r; and ry for the two tasks, the local algorithm accuracy drops are d; and
dy, and frame k — 4 was offloaded for task 1 while frame k — 2 was offloaded for task 2.
Figure 2.5 shows the simulation of the plan [2, 0, 1, 0]. The local tracker accuracy drop
is calculated by multiplying the tracking stride with the local tracker accuracy drop rate,
e.g., 4ry in min(4ry, d;). Finally, the plan’s overall accuracy drop is obtained by merging the

accuracy drops of all tasks across all frames in the plan according to accuracy merge().

2.6 Case Study: Offloading AR Tasks

In this section, we present a case study of how the modular design of our AccuMO
framework can easily support multiple tasks, using two representative tasks from a complete
AR app — depth estimation and visual odometry. Since the MPC-based offloading scheduler
is generic, applying AccuUMO in our case study boils down to designing the local tracker,

the local algorithm, and their accuracy models for each task.

2.6.1 Depth Estimation

Background. Depth estimation infers the depth map for a given image, containing the
distance between the camera and surrounding environment represented by each pixel. The
depth estimation results can be used for many tasks, e.g., rendering occlusion between
virtual and physical objects in AR, and perception in self driving.  In this chapter, we
focus on monocular depth estimation, since most smartphones are equipped with monocular
cameras. Recently, several monocular depth estimation DNNs have been proposed (e.g., [46],

[66], [67]). While accurate, such DNN models are compute-intensive and require offloading.

Depth local tracker. We use warping [10], a lightweight geometry-based algorithm, as
the local tracker for the depth estimation task. It takes as input the depth map of the last
frame D, and the relative pose change between the last frame and the current frame pis,
and outputs the depth map of the current frame D) as an approximation for the unknown
D,. Specifically, given the intrinsics parameters of the camera, warping first converts the

depth map into a point cloud in the last frame’s camera coordinate system. Then, using p;s,
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it transforms the point cloud into the current frame’s camera coordinate system. Finally,
it projects the point cloud onto the camera plane and performs nearest interpolation to

generate D}, the estimated depth map of the current frame.

RGB!1

Error in D2'

D2' (warped from D1)

Figure 2.6. Moving objects cause errors for depth local tracker.

Accuracy model for depth local tracker. The depth accuracy model estimates the error
increase caused by the local tracker, i.e., warping, relative to if the server DNN model could
be used. Since warping assumes the objects in the scene are static, dynamic objects will make
warping inaccurate. This is shown in Figure 2.6, where a second vehicle is moving in front of
the ego vehicle where the camera sits. Warping assumes that the second vehicle is stationary
relative to the ego vehicle and hence the camera, and thus the vehicle in D), is incorrectly
predicted as being closer to the ego vehicle. This results in high errors around the second
vehicle, as shown in the error map. We make a key observation that the magnitude of the
error is determined by the relative depth between the vehicle’s surface and the background,
and hence the error of D) can be estimated by (1) identifying regions in the frame that are
affected by moving objects; and (2) accounting for the relative depth difference between the
moved object and the background.

Based on the observation, we propose a novel accuracy model for estimating the warping
error: (1) Warp RGB; to RGB). Since warping assumes objects are static, RG B} differs
from the real RG'By on moving objects.  (2) Capture moving objects by calculating the
optical flow F from RGB! to RGB,, and (3) compute D} by translating the pixels of D),

based on F, where the resulting D} accounts for the motion of moving objects. (4) Finally,
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calculate the absolute relative error (AbsRel) between D) and D as an estimate for the
error caused by warping. Note that we are using AbsRel between D} and DY as a proxy for
the AbsRel between D) and the ground truth. Assuming the warping error increases at a
constant rate, we divide the estimated error by the warping stride between the two input

frames, to get the error increase rate r (the average error increase per frame).

0.3 —— Actual
E) 0.4 - Predicted
2 0.2 9
2 : I l
1) L W
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<
0.0 — , ,
0.0 0.1 0.2 03 500 550 600 650
Predicted AbsRel Frame
Figure 2.7. Predicted Figure 2.8. Example timeline of
and actual depth estima- the accuracy model. Sharp drops
tion tracker error. are due to receiving offloaded re-
sults.

Figure 2.7 shows the predicted and actual depth estimation errors exhibit a strong corre-
lation using the proposed depth accuracy model. Figure 2.8 plots an example timeline which

shows the predicted error follows the actual error closely.

Local algorithm and its accuracy model. Since the above depth estimation DNN mod-
els [46], [66], [67] are compute-intensive, several lightweight depth estimation DNN models

have been proposed to run on mobile phones and embedded devices in real-time [63], [68],

with compromised accuracy.

< = Ground truth
% 0.4 1 \ Estimated
o) N
Y}
< 0.2 - \/V\’\/\/\/\'\‘/ v\-'v\/xjw_.,
0 500 1000 1500 2000
Frame

Figure 2.9. Example timeline of estimated error vs. ground-truth error of
the depth estimation local algorithm.
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To support adaption between local tracking and lite model, we estimate the error of the
lite model following the method described in §2.5.4. The client estimates the error of the
lite model’s output against the server returned depth map for the same frame. Since the
server DNN model is much more accurate, the estimated error against server DNN output

is close to that against the ground truth, as shown in Figure 2.9.

2.6.2 Odometry

Background. Odometry is the use of various sensor data to estimate the ego-pose (location
and orientation) of the device relative to a starting position. The input sensor data can
be monocular or stereo camera frames, depth maps (e.g., from Lidar), IMU, GPS, or a
combination of them.  We focus on commodity smartphones in indoor or urban areas,
where only monocular camera frames and IMU data are available. For camera frames, a
pair of consecutive frames f; and f, are taken as inputs, and the algorithm estimates the
relative pose change between f; and fs. The current pose is estimated by accumulating the
sequence of pose changes from start. In offloading, f; and f, are offloaded frames, which
could be non-consecutive. The poses of the frames in-between are given by the local tracker,

as described below.

Kalman Filter as Local Tracker and Local Algorithm. We use a Kalman filter [69]
together with the IMU data as both local tracker and local algorithm for odometry. Since
IMU only reports accelerations and angular velocities, the Kalman filter first integrates them
to obtain translations and rotations. Secondly, the Kalman filter maintains internal states
including position, velocity, orientation, and their estimated error covariance, which helps to
reduce IMU sensor noise. For example, if the velocity covariance is small yet the acceleration
reported by IMU is huge, it is likely that the acceleration data contain noise. Lastly, the
server DNN pose estimations can be similarly fused with the Kalman filter’s internal states.
Hence the Kalman filter with IMU data can estimate ego-pose with or without server DNN
results, and we use it as both a local tracker (when with server DNN results) and a local

algorithm (when without) in our framework. Furthermore, since it calculates the relative
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importance between server DNN results and IMU data based on the error covariance, it is

also used as an accuracy model for choosing between offloading and local algorithms.

Accuracy Model. Since the Kalman filter does not explicitly estimate the local algorithm
accuracy drop, we will design an offloading accuracy model for use in the MPC scheduler.

We first introduce the odometry accuracy metric.
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Figure 2.10. Transla- Figure 2.11. Scatter plot of

tion error between trajec- accuracy drop vs. angular velocity.
tory segments.

Accuracy metric. The commonly used KITTI odometry metric [70], [71], denoted as
terr, is calculated in 3 steps: (1) extract all pairs of segments of (100, 200, ..., 800) meters
long from both ground truth and prediction trajectories, (2) compute the translation error
between each pair (see Figure 2.10) and divide it by the segment length, and (3) average the
error over all segment pairs.

The above odometry metric t.,, is calculated offline with segment as the basic unit, which
cannot be used by the MPC scheduler in our framework which plans online at the frame
level. To this end, we adapt t.,, for the MPC scheduler and calculate the accuracy drop
caused by a different offloading schedule on a sequence of frames by calculating t... only
over the segments that contain the frames, while keeping the offloading schedule for other
frames unchanged. We use this frame-level accuracy as a proxy for the offline t.,.. in the

MPC scheduler instead.
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Camera rotation amplifies translation error. By comparing the trajectories produced
by different offloading schedules, we observe that they mainly deviate when the camera
rotates (i.e., with high angular velocity, see Figure 2.16 for an example). The reasons are
two-fold. First, camera rotation changes the view more drastically compared to translation,
and thus it is more difficult to match the two input frames as the stride increases, where the
stride for the odometry task is the difference between the frame IDs of the two consecutive
offloaded frames. Second, as shown in Figure 2.10, the translation error of a frame is amplified

when it is further away from the camera rotation point, causing higher t..,.

The accuracy model. We draw the scatter plot between angular velocity and accuracy
drop in Figure 2.11 to quantify the correlation between them. The accuracy drop is calculated
when increasing the inter-frame stride from 4 to 8 for a sequence of 32 frames while keeping
the rest at stride 4. The angular velocity is calculated on the same 32 frames. The data
points are mainly distributed at the bottom region, rather than forming a line, as accuracy
drop depends on not only the 32 frames, but also all the frames in the affected segments.
Nonetheless, Figure 2.11 indicates that angular velocity can be used to estimate the upper
bound of accuracy drop.

Furthermore, we argue that it is imperative to optimize all the frames with high accuracy
drops, as these frames cause high errors to all segments that contain them, which spread the
impact of suboptimal offloading schedule to longer distances, which was not captured by the
proxy accuracy drop calculation (see §2.8.5). For this reason, we estimate the upper bound
of the accuracy drops. Since the upper bound can be affected by outliers, we perform the
95th quantile regression [72] which corresponds to the orange line in Figure 2.11.

During runtime, the angular velocity is calculated from recent poses, and the upper bound
of offloading accuracy drop is estimated based on the model discussed above, which is derived
offline. Similarly, we assume linear accuracy drop with increasing strides in estimating the

accuracy drop rate.
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2.7 Implementation

We implement our multitask offloading framework AccuMO for the case study on depth

estimation and odometry.

Client. We implement the client, including the MPC scheduler, task-specific local trackers,
local algorithms, and accuracy models as an Android application in 2K lines of Java and
C++ code. The control loops and the MPC scheduler are implemented in Java. For depth
estimation, the local tracker (warping) is implemented in C++ and runs on the phone CPU.
We use FastDepth [63], a state-of-the-art depth estimation DNN designed for embedded
devices, as the local algorithm, and run it on the phone CPU on top of the ncnn [73] DNN
inference framework. We use FlowNet2S [74], a lightweight DNN, to estimate the optical flow
used by the accuracy model, and it runs on the phone GPU utilizing TensorFlow Lite [75].
For odometry, the Kalman filter implementation adopts the insfilterErrorState object
in the MATLAB Sensor Fusion and Tracking Toolbox [76], and is converted to C using the
MATLAB Coder [77] to run on mobile devices.

Server. We implemented the server in about 300 lines of Python code. We use AdaBins [46]
(implemented in PyTorch) as the server DNN model for depth estimation and DAVO [47]
(implemented in TensorFlow) for odometry. Both DNN models are loaded upon server
startup.

The client and the server communicates over TCP. Camera frames are uploaded to the
server in raw YUV420 format (the default Android camera format) with resolution 448x 128,

while depth maps are sent back in raw 16-bit bitmaps.

2.8 Evaluation

2.8.1 Methodology

FEvaluation setup. Our client app runs on a Samsung Galaxy Note20 Ultra 5G phone with
a Qualcomm Snapdragon 865+ SoC, which has eight Kyro 585 CPU cores and an Adreno
650 GPU. We use two different servers with GPUs of different tiers, an NVIDIA GeForce
RTX 2080 Ti and a more powerful NVIDIA A40. We evaluate AccuMO under 802.11ac
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for indoor scenarios and 5G mmWave for outdoor scenarios. For 802.11ac, we connect the
phone and the server to the same access point (550 Mbps for both uplink and downlink,
3 ms RTT). We emulate the 5G mmWave network using the tc tool on top of the 802.11ac
setup, based on recent 5G mmWave measurements (152 Mbps uplink, 1715 Mbps downlink,
14 ms RTT) [12]. However, note that we are only able to emulate up to 550 Mbps for 5G
mmWave downlink due to the 802.11ac downlink bandwidth limit. When not specified, we
default to the 2080 Ti GPU and 802.11ac network.

Dataset. To evaluate our case study of performing depth estimation and odometry for AR,
we need a dataset that concurrently provides IMU data and ground truths for both depth
estimation and odometry, and has a camera frame rate of at least 60 FPS. To the best of our
knowledge, we are not aware of any existing dataset that satisfies all these requirements. To
this end, we resort to the same methodology as in prior works [78], [79] — we use CARLA [80],
an autonomous driving simulator, to generate a synthetic dataset with sufficient sensor data
and ground truth labels. We generated videos of 40 seconds long with the camera mounted
on top of the ego-vehicle capturing frames of size 832x256 at 60 FPS. As the simulator only
outputs ground truth IMU data, we added noise to the IMU data based on typical IMU data
sheets [81].

To analyze the impact of video content, we further classify videos into “easy” ones vs.
“hard” ones. In §2.6, we show that depth estimation offloading accuracy is affected by
moving objects, while odometry is affected by camera rotation. To this end, we categorize
the videos based on (1) the percentage of pixels occupied by dynamic objects identified by a
semantic segmentation DNN [82], and (2) the average camera angular velocity using ground
truth pose. We classify each video to have high (H) / low (L) dynamic object percentage /
angular velocity, and select 20 videos from each of the 4 combinations, i.e., L/L, L/H, H/L,
and H/H. We generated 20 additional videos to train the DNN models (see §2.7).

Metrics. We evaluate depth estimation using the popular absolute relative error (Ab-
sRel) [83]. We evaluate odometry using the KITTI odometry metric (te..), as discussed in
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2.8.2 Baselines

We compare AccuMO with the following baselines:
Local algorithms (LA). In this setup, all task results are produced by the local algorithms
running on the phone without offloading.
Round-robin (RR). This setup offloads the tasks in a round-robin manner (Figure 2.1b).
Weighted round-robin (WRR). This setup is similar to RR, except that some tasks are
offloaded more frequently than others. We denote a specific configuration of WRR as WRR
x:y, where the first task (depth estimation) is offloaded x times and then the second task
(odometry) is offloaded y times. We study WRR 3:1, 2:1, 1:2, and 1:3.
All at once (AAQ). In this setup, for each offloaded frame, DNN models for all tasks will
be executed.

In RR, WRR, and AAO, the offloading results are processed by the local trackers, but
local algorithms are not used. We will evaluate the impact of local algorithms in §2.8.5.

We do not provide direct comparisons to MCDNN [58] and LinkShare [59], as they
target different applications and have different design objectives, and their mechanisms are

not applicable to AR applications, as discussed in §3.7.

2.8.3 Overall Performance

We compare the performance of AcCUMO with all baselines under the default environ-
ment setup and a number of accuracy merge functions that calculate weighted average of the
accuracies for depth estimation and odometry tasks with varying weights 4:1, 2:1, 1:1, 1:2,
and 1:4. We set the MPC horizon to be 30 frames, and restrict the maximum task offloading
ratio to be 3:1, 7.e., the other task will be offloaded next time if one task has been offloaded

three times in a row.

Comparison with baselines. We compare the overall accuracy of our framework, which
is the weighted average of the task accuracies, with other baselines under different accuracy
weights. As shown in Figure 2.12, AccuMO improves over the best baseline (the one with
the best average overall accuracy across the four video categories) under each weight ratio

4:1,2:1, 1:1, 1:2, and 1:4 by 2.3%-11.9% (avg. 7.6%), 6.7%—14.6% (avg. 10.1%), 10.8%—16.7%

47



H/H

Weight ratio 1:1

H/L

©6-o0-o0-o0-o0
C

o
=
=]
9]
]
<

b
N oA A
EEES
HEEI

—
%)
x
<
=

zz1 LA
EEE RR

I
=
T
— <
. o
N SR T
o [ o
= =
© ©
—_ —
= FE¥5? =
< [TITCITTCTIT] <
[) 2929 . O
%) S5 %v PR AL AT AT ALY
<
4
T T T T 1
RRIARRARRIARAR] T
27272772772 T
— o
. e
< e T
) e
=) =
© ©
—_ —
= =
< <
° °
= =
C
K
T
! ™ N
o o o

Adeundoe

TEIELYe)

48

L/H H/L H/H
Video category

L/L

H/L H/H

L/H

Figure 2.12. The overall accuracies (lower is better) under different video categories and varying accuracy weight ratios.



(avg. 14.3%), 2.3%-15.2% (avg. 11.2%), and -2.8%-23.9% (avg. 11.2%) across different video
categories. In particular, ACCUMO performs on par with the best baseline, i.e., WRR 1:2,
in worst cases (-2.8% improvement on L/L videos for weight ratio 1:4), while it outperforms

the best baseline significantly in best cases (23.9% improvement on L/H videos for weight

ratio 1:4).
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Figure 2.13. The accuracy Figure 2.14. The offloading
tradeoffs between the two tasks latency breakdown of the two
on H/H videos. tasks, and AAO.

Individual task accuracies. While the objective of AccuMO is to optimize the overall
accuracy, individual task accuracies help us understand why a scheduler has good or bad
overall accuracy. Table 2.3 shows the accuracies of individual tasks under weight ratio 1:1,
along with the overall accuracy. We make the following observations. (1) The accuracies
of LA for both tasks are among the worst across all algorithms, indicating the need for
offloading. (2) For the RR and WRR schedulers, as shown in Figure 2.13, offloading one
task more frequently improves the accuracy of that task, but hurts the accuracy of the
other task. (3) In contrast, AcCUMO consistently improves over RR, obtaining 4.3%-13.4%
accuracy improvements for depth estimation and 18.9%-33.8% accuracy improvements for
odometry, depending on the video categories. (4) Finally, AAO represents a different kind of
tradeoff compared to the RR and WRR schedulers. The depth estimation accuracy drops due
to increased tracking stride, while the odometry accuracy improves due to decreased stride

between the two odometry DNN input frames. However, our framework still outperforms

49



6¥1°0 €80°0 9120 | ¥OT'0 ¥€00 ¥LT'0| 9¢T°0 860°0 €ST0 | 660°0 €¥00 GST°0 | OINAOOY
610 8010 ¥.20 | $ET'0  <¢€O0 9€C0 | vLT°0O  99T°0 €610 | LZIT°0  8€00  L61°0 Oovv
6610 1600 @60 | 6610 9¢0°0 <¢%¢0 | ¢ST0  GOT'0 00C0 | €10  LEOO 8OCO | €T HdM
6410  ¥600 99¢0 | €I'0 ¢¢0'0 ¥cc0 | S¥PT°0  PITO GLT°0 | TITO ¥€0°0 88T0 | ¢'T UM
I1€°0  L6€°0 9¢¢0 | 8¢T'0 8800 88T0 | Tyc0 €0 6VI°0 | 8ET0  €IT0 €910 | T°C ddM
9¢€’0  ¢4¥'0  Tee0 | 09T'0  6IT°0  I8T0 | 0660  LEPO SPT°0 | 1I9T°0 L9T0 9910 | T-:€ UM
¢81°0  Gcr'o 6¢c0 | 9¢I0 1900 TO0CO | €910  8PT°0  091°0 | TIT'O €900 8910 kel
19¢0 Tec’0  TOE0 | 68¢0  TOCO 9L¢0 | L9¢0 ¥9C0 0660 | €9¢0 86’0 88¢0 V1
[eAQ wop() Ydo( | [[ereAa wop() Tdo( | [[eIRA(Q) wop() Ydo( | [[eAQ wop( Yido(]
H/H 1/H H/1 1/1
‘PIoq ut

PoSIYSI o1e £1089)LD 09PIA OB IOPUN POASIDR SIIDRINDOR 189 o], *(19939( ST I0MO[) SOIDRINDIE [[RISAO TIIM
Suore ‘1:7 orel JYSem Iepun (**7) 101 (A139)wopo ‘([oysqy) Ioile (uonewrss) Yidep o8elesy ‘€'g o[qRL

20



AAQ, as our dynamic offloading schedule can provide even smaller strides for frames with

high accuracy drop rates.

Impact of video content. From Table 2.3, we observe that the content or the difficulty of
the videos have huge impacts on both task accuracies and task accuracy drop rates. Videos
with higher percentage of dynamic objects lead to overall worse depth estimation accuracies,
and the accuracy differences among the RR and WRR schedulers are also higher. The
same relationship applies to videos’ average angular velocity and the odometry accuracy.
For both tasks, our framework achieves higher accuracy improvements over RR on more
difficult videos due to the higher accuracy drop rates. For example, for depth estimation,
our framework improves over RR by 7.7% on L/L videos but by 13.4% on H/L videos. In
general, a task is offloaded more frequently when its accuracy drop rate is high and the other
task’s is low. However, we note that our framework is still able to improve the accuracies of
both tasks by 9.6% and 33.6% respectively on the H/H videos. As we will see in §2.8.4, the
reason is two-fold. First, the offloading accuracy drop rates for both tasks still change over
time, and they change independently. Secondly, the local algorithms can be used instead
when both tasks have high offloading accuracy drop rates, which mitigates the contention

Oon server resources.

Latency breakdown. Figure 2.14 breaks down the end-to-end offloading latency under
AccuMO for both tasks and when performing AAO offloading. Offloading a frame for
depth estimation and odometry takes 70.98 ms and 61.05 ms respectively, which translates
to 5 and 4 frame times. For both tasks, server DNN inference (50.39 ms and 53.73 ms)
takes up a major portion of the total latency. For network transmission, the majority of the
time for odometry is spent uploading the frame to the server, while for depth estimation,
more time is needed to send the depth map back. We also note that our MPC scheduler
is fast (0.2 ms) and has minimal impact on offloading latency. Finally, the AAO offloading
latency is much longer than offloading a single task, as both server DNN models need to be
executed.

As for other components in the case study, the depth estimation local tracker (warping)

takes 15.04 ms, the depth estimation local algorithm (FastDepth) takes 13.42 ms, and the
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odometry local tracker/local algorithm (Kalman filter) takes 0.03 ms, i.e., all finish within
one frame time, making it possible to support real-time applications like AR. For the accuracy
models, while the odometry accuracy model (extracting angular velocities) and the depth
estimation local algorithm accuracy model (comparing the local algorithm depth map with
the server DNN depth map) take minimal time, the depth estimation offloading accuracy
model (estimating the optical flow using FlowNet) takes 66.15 ms, and thus it has to run

asynchronously, as discussed in §2.5.2.

2.8.4 Scheduler Behavior Analysis
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Figure 2.15. The timeline for a sample H/H video.

To understand how the estimated accuracy drops affect AccuMO’s scheduling decisions,
and how the scheduling decisions in turn affect the task accuracies, in Figure 2.15 we plot
all the relevant information in the same figure for a sample H/H video.

Similar to what is shown in Figure 2.2, the estimated accuracy drop rates of the two
tasks are largely uncorrelated (1st figure). The MPC scheduler makes offloading decisions
based on the estimated accuracy drop rates. The 3rd figure plots the depth estimation vs.

odometry offloading frequency ratio within a sliding window of 8 offloaded frames. As we
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restrict the maximum offloading ratio to 3:1, the ratio ranges from 1/3 (when odometry is
offloaded frequently) to 3/1 (when depth estimation is offloaded frequently). We see that
a task is offloaded more frequently when its accuracy drop rate is relatively high and the
other task’s is relatively low. Furthermore, we notice that the offloading ratio stays at 3/1
frequently, which means that odometry is offloaded less frequently than depth estimation.
However, the odometry accuracy is still better than that of RR, which we explain in §2.8.5.
When the depth estimation local algorithm gives better accuracy over offloading as shown
in the 2nd figure, e.g., for frames 1200-1400, the framework switches to local algorithm
instead for depth estimation (3rd figure). Meanwhile, the offloading opportunities are saved
for odometry, as indicated by the close to 1/3 scheduling ratio in the 3rd figure. The 4th
figure shows that the depth estimation accuracy, which is the moving average of 16 frames,
improves over RR when the offloading frequency increases, e.g., for frames 200-600, or when
the local algorithm is used, e.g., for frames 1200-1400, while the accuracy is worse than
RR when the offloading opportunity is saved for odometry, e.g., for frames 900-1000. On
average, the depth estimation accuracy is better than that of RR.

Impact of accuracy model. The optimality of AccCUMO’s scheduling decisions could be
affected by the accuracy of the accuracy models. To estimate the impact, we test AcCcuMO
with accuracy model outputs replaced by actual accuracy drops. The overall accuracy on
H/H videos under weight ratio 1:1 is 0.148, on par with that of AccuMO backed by accuracy
models (0.149). This is because ACCUMO only requires accuracy models to have moderate
accuracy levels that are sufficient for the MPC scheduler to determine the right offloading
ratios (3rd figure of Figure 2.15), and the experiment shows that our accuracy models are

adequate to support AccuMO’s scheduling decisions.

2.8.5 Task-Specific Analysis

Depth estimation. Figure 2.15 has shown that the depth estimation accuracy improve-
ment over RR is contributed by two factors: (1) the depth estimation task is offloaded more
frequently when its estimated accuracy drop rate is high, and (2) the local algorithm is

instead used when its accuracy is estimated to be better than offloading. To estimate the
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Table 2.4. Ablation study on the contribution of offloading scheduling and
local algorithm to depth estimation accuracy.

Scheduler AbsRel | Imp. over RR
RR 0.192 -
RR w/ LA 0.180 6.3%
AccuMO w/o LA 0.183 4.7%
AccuMO 0.175 8.9%

contribution of the two factors, we perform an ablation study where we run AccuMO with-
out the depth estimation local algorithm (AccuMO w/o LA), and run RR additionally with
the depth estimation local algorithm and the accuracy model (RR w/ LA), so that the sched-
uler switches to the local algorithm based on the accuracy estimates. Table 2.4 shows that
RR w/ LA and AccuMO w/o LA each contribute about 60% and 40% of the total accuracy

improvements, indicating that both are needed to attain high accuracy improvements.

3/1

0
g === Ground truth 11
> — RR
-100 | — AccuMO
1/3
0 100 200 300

X (m)
Figure 2.16. Odometry trajectories of a sample video. AccuMO’s offloading
schedule is overlayed on its trajectory.

Odometry. Since the odometry accuracy metric is calculated with segments, rather than
frames, as the basic unit, in Figure 2.15 we calculate the accuracy of each frame by averaging
over the accuracies of all segments containing the frame (see §2.6.2). We notice that for
many frames, e.g., frames 1800-2000, the per-frame accuracy is better than under RR even
though the task is offloaded less frequently around these frames. This is because with high-
accuracy-drop-rate frames (e.g., frames 1400-1600) offloaded more often, the accuracies of

all segments containing those frames are improved, which in turn improves the accuracies
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of less frequently offloaded frames (e.g., frames 1800-2000) contained in these segments. As
another example, in Figure 2.16, the RR trajectory mainly deviates from the ground-truth at
places where the camera rotates. AcCUMO offloads the odometry task more often at these
frames, resulting in a trajectory that is closer to the ground truth. The extended impact of
these high-accuracy-drop-rate frames also supports our accuracy model design of estimating

the accuracy drop upper bound (§2.6.2).

2.8.6 Impact of Network and Server Configuration

Table 2.5. Task accuracies under different network and server configurations
and scheduling algorithms on H/H videos.

RR AccuMO
Depth | Odom | Depth | Odom |

802.11ac 4+ 2080 Ti  0.239 0.125 0.216 0.083
5G + 2080 Ti 0.252 0.181 0.228 0.162
802.11ac + A40 0.217 0.105 0.200 0.078

In Table 2.5, we analyze the performance of our framework under the emulated 5G
mmWave network. Furthermore, we also evaluate our framework against a more powerful
server GPU — NVIDIA A40. The accuracies of both tasks become worse when switching
from 802.11ac to 5G, mainly due to the longer transmission time caused by the higher RTT
(14 ms vs. 3 ms for 802.11ac). On the other hand, the task accuracies improve when switch-
ing to the A40 server GPU due to faster DNN inference (from 50.39 ms to 39.66 ms for depth
estimation and from 53.73 ms to 50.56 ms for odometry). Under all configuration combi-
nations, our framework consistently improves over RR by 7.8%-9.6% for depth estimation
and 10.5%-33.6% for odometry, indicating that our framework is generalizable to different

network and server configurations.

2.9 Summary

In this chapter, we presented to our knowledge the first framework that dynamically

schedules offloading of multiple compute-intensive DNN tasks of an AR app from a mobile
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device while optimizing the overall DNN inference accuracy across the tasks. We designed our
framework to easily support diverse tasks by employing a general, two-level control feedback
loop that adapts between alternative local execution options within each task module and
globally balancing offloading among multiple tasks using MPC. Our evaluation results show
that our framework can improve the overall task accuracy by on average 7.6%—14.3% over
the best baseline under different accuracy weight ratios for depth estimation and odometry

in edge-assisted AR.
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3. ARISE: HIGH-CAPACITY AR OFFLOADING INFERENCE
SERVING VIA PROACTIVE SCHEDULING

This chapter is based on work published in Proceedings of the 22nd ACM International
Conference on Mobile Systems, Applications, and Services [84], https://doi.org/10.1145/
3643832.3661894.

3.1 Introduction

3.1.1 Motivation

To deliver a truly immersive and interactive experience to users, Augmented Reality (AR)
and Mixed Reality (MR) apps need to perform a number of challenging computer vision tasks
to understand and interact with the physical environment, such as object detection [9], [16],
[31], depth estimation [10], [85], and odometry [86], at acceptable accuracy. Furthermore, all
of the tasks in the AR app performed on each frame are latency-critical; the results for the
current frame need to be available in the current frame interval, e.g., 16.7 ms at 60 FPS [9],
as otherwise they will miss the rendering task for the current frame.

Due to their high accuracy, Deep Neural Network (DNN) models have been increasingly
used to support these complex AR tasks (e.g., [2]-[7]). However, running state-of-the-art
DNN models on commodity mobile devices could take hundreds of milliseconds or even
seconds [9]-[11]. For example, it takes 254 ms to run the DenseDepth [87] model on a
Pixel 7 phone (on the mobile GPU with TensorFlow Lite). While lightweight models like
FastDepth [63] and MobileNetV3-SSD [88] (for depth estimation and object detection re-
spectively) are capable of running on-device in real-time, they fall short in accuracy; they
achieve 0.35 AbsRel and 0.57 IoU on the datasets used in our evaluation (§3.6.2), compared
to server-grade models such as DenseDepth [87] and ByteTrack [89], which achieve 0.12 Ab-
sRel (lower is better) and 0.90 IoU (higher is better). To this end, offloading, also known as
edge-assisted design, has been proposed [9], [13], [14], [90], where camera frames are uploaded
to a cloud or edge GPU server for faster DNN inference.

To actually deploy AR apps based on edge-assisted AR design requires effective edge

server support for serving potentially a large number of concurrent offloading requests of AR
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tasks from many mobile clients. Instead of maintaining its own servers, a cost-effective way
is for an AR app vendor to use commercial Machine-Learning-as-a-Service (MLaaS) [23],
[24], e.g., deployed in the edge cloud (e.g., AWS Wavelength [15], where edge servers are
located in the same city and connected to the 5G infrastructure via low-latency links) to
serve the AR clients in the vicinity. To effectively manage cost, MLaaS services are usually
powered by DNN models under the control of service providers, e.g., one or a few models for
each AR task [91], [92]. A primary business objective of an MLaa$S provider is to increase
the capacity of the cluster (i.e., the number of AR clients that it can serve concurrently), or
provision the cluster size for a given user base in order to maximize its cost-effectiveness.

In such a shared edge-cloud setting, the AR apps running on the mobile clients often
exhibit diversity in task accuracy requirements. For example, healthcare apps [25] require
high accuracy while tourism apps can get by with moderate accuracy [26]. In such a de-
ployment, the vendor or the users of the AR apps specify an accuracy SLA for each AR
task (e.g., object detection) that is required to ensure satisfactory app QoE, and the MLaaS
provider tries to maximize the capacity of the GPU cluster in concurrently serving multiple
AR clients. In this chapter, we focus on optimizing the capacity of individual servers, which
is a key challenge and building block in increasing the capacity of a cluster.! We formally
state the AR offloading inference serving problem as: Given an edge/cloud server cluster
serving offloaded inference tasks from AR clients, how to mazximize the number of clients
supported by individual servers while meeting the per-client AR task accuracy SLAs?

AR apps often perform and need to offload multiple types of tasks. An efficient way of
serving multiple types of AR tasks for a large client base is to divide up the servers in the
cluster, such that each server serves one type of AR tasks, since such specialization unlocks
more batching opportunities, as shown in previous serving systems [28], [93]. We follow the

same design principle and each server only serves one type of AR task.
Difference from video analytics serving. Video analytics serving (e.g., [14], [30], [49],
[94]-[101]) is similar to AR offloading serving in that one or multiple clients offload a stream

of requests to the server for inference. However, there is a subtle but fundamental difference

14We leave cluster-wide optimizations such as load balancing and dynamic scaling as future work.
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between AR offloading serving and video analytics serving: AR apps desire task results for
every frame in order to render virtual objects per frame. When the E2E offloading latency
of an offloaded frame is longer than a frame interval due to server inference and frame
transfer delay, the AR client resorts to local tracking (detailed in §3.2) to derive result for
the current frame based on the last server-returned result. As a result, the E2E offloading
latency directly affects the staleness of the server-returned result which impacts the AR task
accuracy for all the frames. Most of the video analytics systems do not factor in the impact
of E2F offloading latency on app accuracy. While a few works take it into consideration [38],
[41], they only support serving a single client.

Difference from generic inferences serving. Compared to generic inference serving
(e.g., [28], [36], [93], [102]-[108]), AR inference serving faces a significant new complication.
Generic inference serving systems assume DNN inference requests are independent, each with
its own latency deadline or accuracy constraint. In contrast, in AR offloading serving, the
stream of continuous requests offloaded from each AR client are not unrelated: due to the use
of local tracking, for each client, the choice of which frame to offload (offloading frequency
and timing) and E2F offloading latency of the offloaded inference directly affect the AR task

accuracy of all the frames of that client.

3.1.2 Our Contributions

In this chapter, we present a framework that tackles this important AR inference serving
problem. We observe that the key design optimization in generic inference serving systems
— batched inference — is only exploited opportunistically, since such systems assume the
inference requests are independent and have no control over request arrivals. The above key
difference of AR offloading serving, namely, the AR task accuracy for consecutive frames
is also affected by the offloading frequency and E2E delay, also presents a unique design
opportunity — coordinating client offloading schedules to work synergistically with batched
inference on the server to maximize the effectiveness of batched server inference while meeting
per-client accuracy SLAs. While some video analytics serving systems also control clients’

offloading schedules [30], [95], [98], [100], they do not coordinate client schedules with server
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inference; coordinating client schedules can boost the effectiveness of batching, as requests
within a batch are from different clients.

Exploiting the above design opportunity, i.e., coordinating AR client offloading schedules
to maximize the batched server inference, however, faces several challenges: (1) there exists
complex relationship between the control knob values (client offloading schedule and server
batch size) and the accuracy of a single client; (2) there exists interference among the effects
of the control knobs across clients, as the schedule for any client affects server batching
and hence E2E offloading latency (and accuracy) for other clients; (3) modeling per-client
accuracy, a pre-requisite for online scheduling, is hard as it is not only affected by the per-
client offloading schedule and server batch size, but also frame content, which can change
dynamically during the execution of an AR app.

Our proposed AR offloading inference framework ARISE (AR Inference Serving Engine)
untangles the intricate interplay among the control knobs across clients via a centralized but
scalable scheduler that proactively coordinates the offloading schedules of AR clients and the
batched inference on the edge server. We first develop a novel lightweight, online accuracy
estimator that estimates the AR task accuracy for the current frame for each AR client
under different offloading frequency, E2E latency, and dynamically changing frame content.
We then design a novel scheduler that decouples deriving per-client offloading schedules and
server batching schedule in two steps: (1) it first calculates a pseudo-optimal offloading
frequency per-client leveraging the accuracy estimator; (2) it then greedily packs future
offloaded requests from all clients into fewer large batches and coordinates client requests
accordingly without violating per-client accuracy requirements.

We implemented the ARISE framework on commodity Android phones and GPU servers.
Our evaluation using a large set of emulated AR clients and a small-scale testbed of 10 phones
show that compared to Clipper-like [103] and Chameleon-like [95] systems, ARISE provides
significantly higher capacity in serving AR clients, by up to 5.2x and 6.9x for the depth
estimation task and by 1.9x and 2.0x for object detection on an NVIDIA A40 GPU server.

In summary, our main contributions are as follows:
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o We present, to our best knowledge, the first framework for serving concurrent edge-
assisted AR clients that maximizes the serving capacity of a server while satisfying the
accuracy SLAs of originating AR apps.

o We present an AR inference serving scheduler that proactively coordinates offloading
request streams from AR clients to maximize server batching opportunities.

o We present a lightweight AR task accuracy estimator under the commonly used offload-
ing+local tracking based edge-assisted design (§3.2).

o We implement and experimentally validate our ARISE framework design by comparing
it with various baselines including Clipper-like and Chameleon-like systems for two rep-

resentative AR tasks.

3.2 Background: AR Task Accuracy under Edge-Assisted Design

3.2.1 The Offloading + Local Tracking Paradigm

In edge-assisted AR, even with powerful GPUs, typical DNN inferences still take tens
of milliseconds, failing to return the result within the same frame interval. For example,
models in Meta’s object detection model zoo [37] have a median inference time of 52.5 ms
on Tesla V100, much longer than the of 16.7 ms frame interval needed by AR apps running

at 60 FPS [9], and the result of an offloaded frame may come back several frame intervals

later.
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Figure 3.1. The offloading+local tracking paradigm, with offloading interval
of L, and E2E offloading latency of k frame intervals. Frames L+k to 2L+k—1
reuse the inference result for frame L through local tracking.

Instead of simply using the last server-return result for the current frame, which was for

the last offloaded frame, recent edge-assisted designs [9], [10], [16], [26], [29], [31], [38]-[45]
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have adopted the local tracking technique to generate more accurate results for AR tasks
including object detection, human pose estimation, odometry, and more. Specifically, a local
tracker runs on mobile device and adjusts the DNN inference results for the last offloaded
frame f; sent back by the server to generate refined results for the current frame f., by
analyzing the changes between the stale frame f; and the current frame f., as shown in
Figure 3.1. Such local trackers are fast and can typically finish in a fraction of the current

frame interval. Local trackers are task-specific and often custom-designed for each type of

tasks (e.g., [9], [44]).

3.2.2 Impact of Tracking Stride on Accuracy

While local tracking improves the accuracy of the result for the current frame f, (com-
pared to directly reusing the last server-returned result), the gap between its accuracy and
that of running the server DNN model directly on f. (if we could) still widens with tracking
stride, defined as the frame distance between f; and f., due to increased staleness of the
results for frame f;. For example, in Figure 3.1, the client offloads every L-th frame, and
E2E offloading latency is k. The result for frame L (offloaded at frame interval L) will return
at frame interval L+k-1, and be used by local tracking to generate tracked results for frames
L+k, ..., 2L+k-1, which would have tracking strides of k (min), k+1, ..., L+k-1 (max),
respectively.

In scenarios where AR task accuracy can be met with less frequent offloading, whether in
single-client scenarios (e.g., [9], [16], [38]) or in multi-client scenarios (this chapter), reduced
offloading frequency (L) saves server and network resources used by the client. Furthermore,
in multi-client scenarios, employing batched inference leads to variable E2E offloading latency
(k) that is dependent on the batch size. This variability in offloading frequency and E2E

latency has three immediate implications on AR task accuracy:

O1: Higher offloading frequency (smaller L) improves AR task accuracy. Offload-
ing more frequently reduces the number of times a stale result is used (L), which improves

tracking accuracy.
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02: Lower E2E offloading latency (smaller k) improves AR task accuracy. Lower
E2E offloading latency reduces the staleness of last server-returned result used in tracking,
which also improves tracking accuracy.

0O3: The same accuracy SLA can be achieved by trading off offloading frequency
(L) with E2E offloading latency (k). It follows from O1 and O2 that AR task accuracy
can be improved by reducing either the offloading frequency (L) or the E2E offloading latency
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Figure 3.2. Accuracy drop (our accuracy SLA metric) of offloading the depth
estimation task relative to running the DNN model directly, under different
(L, k) combinations for two 2-second video segments. With an accuracy SLA
of 0.040, only combinations below the red line satisfy the accuracy SLA.

Accuracy measurements in Figure 3.2 corroborates our observations. We control the
offloading of two 2-second video segments (60 FPS) under different offloading frequencies
and E2E offloading latencies, and the server runs the DenseDepth [87] model for the depth
estimation task. The AR task accuracy improves with lower offloading interval (O1) and
lower E2E offloading latency (O2). It also shows that the same accuracy SLA can be achieved
by trading off the two (O3). However, the range of satisfactory L and k varies with different

video segments (contents), indicating the need for an accuracy estimator that takes frame

content into account (§3.4.3).
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3.3 Design Opportunities and Challenges

3.3.1 Design Opportunities

Main idea. Generic inference serving systems maximize the server throughput while sat-
isfying the latency or accuracy constraints of individual requests. To this end, such systems
employ adaptive batched inference as a main optimization technique. However, batched
inference in such systems is only exploited opportunistically, since such systems assume the
inference requests are independent and have no control over request arrivals. An AR client,
on the other hand, offloads a stream of requests, and the AR task accuracy for consecu-
tive frames is affected by both the offloading frequency and E2E delay. this key difference
presents a unique design opportunity: the client offloading schedules can be coordinated to
work synergistically with batched inference on the server to maximize the effectiveness of

batched server inference while meeting per-client AR task accuracy SLAs.

Frames
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Client1 |L, Frea:everys
Timing: 0,3,6,..
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Figure 3.3. Control knobs in AR offloading serving, including (1) offloading
frequency and (2) offloading timing for each client, and the (3) batch size for
batched inference on server.

Control knobs. In generic inference serving, adaptive batched inference is achieved by
dynamically tuning one important control knob:
e Server batch size: It controls the number of requests to group together and perform

DNN inference in a single shot. A larger batch size improves GPU efficiency and thus

64



server capacity. The downside of a larger batch size is longer inference latency, which
could negatively impact the application performance or accuracy.

The adaptive batched inference technique also applies to the AR offloading inference problem,

where the choice of batch size affects the E2E offloading latency (k).

Additionally, the offloading schedule of individual AR clients can be dynamically adjusted

via two client-side knobs (Figure 3.3):

« Offloading frequency: It determines how many frames each client offloads in a period
of time (L), e.g., the 3 clients in Figure 3.3 offload every 3rd, 3rd, and 2nd frames,
respectively. Higher offloading frequency improves AR task accuracy (O1) and allows for
relaxed F2E latency and hence a larger server batch size for a given accuracy SLA (03).

« Offloading timing: It determines which (and hence when) frames are offloaded, e.g.,
client 1 offloads its frames 0, 3, 6, etc., whereas client 2 offloads frames 1, 4, 7, etc.. As
we will see below, tuning this knob impacts the grouping of requests into batches, and

thus the server capacity.

An example. Figure 3.4 gives an example on how these additional knobs help unlock
more batched inference opportunities and hence improve the server capacity. Under a given
accuracy SLA, AR clients can trade off offloading frequency (L) with E2E offloading latency
(k) (03). For example, we assume clients 1-3 can either offload once every 8 frames, which
allows an E2E latency of 2 frame times (resulting in batch sizes up to 2), or once every 4
frames which allows an E2E latency of 2.5 (batch size 3), while clients 4 and 5 have different
tradeoffs due to content difference (§3.2).

Figure 3.4a shows one possible trace of generic inference serving where all clients offload
requests every 4 frame times. While 5 requests arrive at the sever at the same time, the
system can only process at most 3 (restricted by the first 3 clients’ E2E offloading latency
limit) in one batch, which will finish at time 2.5. By this point it is too late to process the
other 2 requests, as they require a maximum E2E latency of 1.5 frame times but have already
been queued for 2.5 frame times. As a result, requests from clients 4 and 5 are dropped and

the server is unused from time 2.5 to 4.0.
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In contrast, in an AR inference serving system, the system can control request arrivals
by adjusting each client’s offloading timing and frequency. In Figure 3.4b, by shifting the
first request of client 4 to arrive at time 2.5, the server can additionally perform an inference
of batch size 1, from time 2.5 to 4.0, increasing server capacity to support 4 clients.

Further, by controlling both request arrival timing and offloading frequency, the server
can support all 5 clients, as shown in Figure 3.4c. By reducing the offloading frequencies
of clients 1-3 to once every 8 frames, although this will result in requiring a tighter E2E
latency (of 2 frame times) and thus a smaller batch size of 2 for these clients, the request
arrival timing of the clients can be coordinated such that requests from all 5 clients can be

served under their batch size constraints (and hence their accuracy SLAs).

3.3.2 Design Challenges

Exploiting the above new design opportunity, i.e., jointly tuning per-client offloading
frequency and timing and server batching (control knobs) to maximize the server capacity

(objective) while meeting the per-client accuracy SLAs, however, faces several challenges:
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Figure 3.5. Relationships between control knobs and design goals in AR
inference serving.

C1: Complex relationship between control knob values and design goals for a
single client. For each client, tuning the offloading frequency and batch size can affect the
server capacity and task accuracy in complex ways, as shown in Figure 3.5. (1) Increasing
the offloading frequency improves the task accuracy (O1) and the chance of building larger

batches which indirectly increases server capacity, but (directly) reduces the server capacity
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as each client imposes more load on the server. (2) Increasing the batch size directly improves
the server capacity, but incurs higher queuing and batch inference time, which in turn results
in higher per-request E2E delay and thus lower accuracy (02). (3) The reduced accuracy
from larger batch size can be compensated by higher offloading frequency (O3), which in
turn reduces the server capacity. The amount of compensation depends on the relationship
between accuracy, E2E delay, and offloading frequency. It is challenging to determine the

optimal balance between batch size and offloading frequency.

C2: Intricate interplay among the control knobs across clients. Further, finding
the combinations of control knobs for a set of clients becomes even more challenging as the
choices for multiple clients can interfere with each other in complex ways. (1) The latency
of a chosen batch size that is sufficient for some clients (e.g., with lower accuracy SLAs)
may be too long for others (e.g., with higher accuracy SLAs). (2) Under local tracking
based AR offloading (§3.2), interference among offloading requests by different clients, due
to incompatible offloading timings, can further elongate the E2E offloading delay and hence
lower the client accuracy (Figure 3.5). Consider the server is serving 10 clients and the
minimum batch sizes calculated for the 10 clients in isolation is 5. If the requests from
the 10 clients happen to arrive at the same time, the server has to either select a batch
size of 5, which meets the accuracy target of the most stringent client, but postpones the
rest 5 requests to the next batch, causing batch-level queuing delay and violation of accuracy
constraint for those clients, or it selects a larger batch size which violates the accuracy target
of the most stringent client. In an alternative scenario, if the requests from the 10 clients are
evenly spaced out in time, creating a batch of 5 requests will require the first arrival request

to wait for 4 more request arrival, causing intra-batch queuing delay.

3.4 ARISE Design

3.4.1 Design Rationale

ARISE schedules client offloading requests and server batched inferences to maximize the
server capacity while satisfying the accuracy SLAs of all clients. One possible approach is

letting each client decide on its own offloading schedule in a distributed manner. However,
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such a distributed approach makes it hard to tackle the intricate interplay among the control
knobs across the clients (C2). For example, a client experiencing longer E2E request delay
may react by increasing its offloading frequency to meet the accuracy SLA, which can lead to
higher load on the server and even longer E2E delay. To this end, we propose a centralized
scheduler on the server side that proactively coordinates requests from all clients and opti-
mizes server capacity. We also design the scheduler’s complexity to be linear in the number
of requests, which ensures the scheduler is scalable to support a large number of clients.
On the other hand, to ensure all clients meet their accuracy SLAs, an accuracy estimator
is needed for each client to work in tandem with the scheduler. We design a lightweight
accuracy estimator that runs on each client and sends the accuracy estimates to the server.
With the accuracy estimates, the scheduler is able to calculate the accuracy of all clients in

a specific scheduling plan and ensure all clients meet their accuracy SLAs.

3.4.2 Architecture Overview

Figure 3.6 shows the workflow of ARISE. We envision ARISE will be deployed on the
servers in a cluster, where a load balancer is responsible for directing new clients to the
servers and help migrate extra clients that exceed the capacity of a server. Each server’s
scheduler determines whether to take up more clients or to remove clients depending on the
resource requirements of the current clients it is serving (evicted clients are redirected by the
load balancer to other servers). As we will see shortly, frequent scheduler invocation (every
200 ms) allows ARISE to respond to client arrival and departure promptly.

The rest of Figure 3.6 shows the workflow between the server and one of the served clients.
The server consists of a DNN inference engine, a proactive scheduler, a data store for the
schedule generated by the scheduler, and a data store for storing client states, including
client task accuracy estimates and the timing of recently processed batches and frames. The
client is equipped with a camera capturing frames in real time, e.g., at 60 FPS, a stored copy
of the latest schedule that dictates the frames to offload, a local tracker, and the accuracy

estimator.
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Figure 3.6. The workflow of ARISE with one of the served clients. The
proactive scheduler coordinates the ofloading schedules across clients and with
batched inference. The accuracy estimator estimates task accuracy by exploit-
ing unique properties of local tracking.

Periodically (every 200 ms), the scheduler generates a schedule for the near future, e.g.,
1 s, based on the latest client states @. The schedule contains IDs of the frames to be
offloaded by each client and the grouping of the frames from multiple clients into batches,
and is both stored on the server and sent to the clients ®. The client offloads selected
frames @, and the server performs batched inference of client requests @, both as dictated
by the schedule. After inference, the server updates the client state (timing of both the batch
and frames in it) for future scheduling @, and it sends the inference results back to each
client for both local tracking and accuracy estimation ®. The local tracker is executed for
every frame using the latest DNN results and generates result for the current frame for use
by upper level AR applications @. Finally, the accuracy estimator of each client calculates

the current accuracy estimates based on DNN results and local tracking results for the same
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frame (the one with the last server-returned result), and updates the client states for future

scheduling ©.

3.4.3 Accuracy Estimation

ARISE expects each client to specify its accuracy SLA according to their application
needs. In practice, the accuracy is upper-bounded by what can be achieved in an idealistic
offloading scenario where each user is given a dedicated GPU server. Therefore, it is more
meaningful for ARISE to meet accuracy drop targets (e.g., within each time window) relative
to this idealistic scenario, which we refer to as the reference setup. We envision ARISE users

will specify their accuracy SLAs as the accuracy drop from the reference setup.
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Figure 3.7. The accu- Figure 3.8. The local tracker
racy drop (relative to ref- accuracy drop (relative to DNN
erence setup) varies across inference) under different tracking
frames. strides (from 1 to 30).

Challenges. As suggested in O1, 02, and O3 (§3.2), a client’s task accuracy is directly
affected by the offloading frequency and per-request E2E latency. In addition, even under
the same offloading frequency and E2E latency, the local tracker’s accuracy may vary over
time due to changing frame contents. Figurc 3.7 shows the accuracy drop of offloading to
a dedicated GPU server under batch size 1 and offloading interval 8 for depth estimation,
with the task accuracy measured in absolute relative error (AbsRel). We observe that the
accuracy drop varies significantly across frames (0.007-0.077). The detailed setup, including
the dataset, DNN model, local tracker, GPU server, and network condition, can be found in

§3.6.1.
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Key insights. We make a key observation that all the factors affecting AR task accuracy
mentioned above directly affect the staleness of the latest DNN result, which in turn affects
the task accuracy, and thus a feature that captures the staleness of the DNN result (i.e.,
staleness of the frame the result is for) could potentially bridge the gap between the affecting
factors and resulting accuracy and be used to develop a lightweight accuracy estimator.

We observe that tracking stride, a unique feature in AR offloading (§3.2), is an ideal
candidate to bridge accuracy estimation and impacting factors. First, tracking stride well
captures the staleness of the DNN result. The relationship between the affecting factors and
tracking stride is straightforward, as shown in observations O1 and O2. Second, tracking
stride directly correlates with the accuracy drop. In Figure 3.8, we plot for a sample video
the accuracy drop compared to performing DNN inference on each frame individually. For
each line, the z-intercept corresponds to the source frame of the local tracking, while each
data point on the line corresponds to the accuracy of local tracking for a different destination
frame. We observe that (1) The accuracy drop increases linearly with tracking stride, which
enables us to estimate the accuracy drop rate (the slope) and multiply it with the tracking
stride to get the accuracy drop under any tracking stride. (2) The accuracy drop rate exhibits
temporal locality, e.g., the slopes of the lines for frames between 150 and 250 stay the same.
This allows as to approximate the accuracy drop rate of the current frame by estimating

that of the last server-returned frame.
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Figure 3.9. The estimation of accuracy drop d for frame f + L is done by
comparing two results for frame f + L, one obtained by local tracking on
server-returned result for frame f, and one obtained by directly offloading
frame f + L, whose result comes back at frame f + L + k.

Accuracy drop estimator. We start with estimating the accuracy drop rate, as
illustrated in Figure 3.9. Assuming the E2E offloading latency is k frame intervals and the

offloading interval is every L frames. Frame f is offloaded, and its result returns at f + k
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and is used by the local tracker till frame f+ L + k — 1 (including f 4 L). Similarly, frame
f + L is offloaded, and its result returns at f + L + k. At time f + L + k the client holds
both the DNN result and the local tracker result for f+ L (tracking result for frame f+ L is
derived from DNN result for f), and it calculates the accuracy drop d between the two and
divides it by the tracking stride (f + L) — f = L, which gives the slope f/L as the estimated
accuracy drop rate.

We now use the accuracy drop rate to estimate the accuracy drop with regard to the
reference setup. For both the schedule being profiled and the reference setup, we first estimate
their accuracy drops with regard to offline DNN inference: we first calculate the tracking
stride of each frame based on the offloading frequency (L) and E2E offloading latency (k),
and then multiply the tracking strides with the accuracy drop rate to get the accuracy drops
compared to offline DNN inference. Next, we calculate the accuracy drop difference between
the schedule being profiled and the reference setup, which gives us the accuracy drop with

regard to the reference setup.

3.4.4 Proactive Scheduling

Using the lightweight task accuracy estimator discussed above, the scheduler tries to
maximize the number of supported clients while ensuring clients meet their accuracy SLA
(expressed as accuracy drop thresholds) by dynamically adjusting the control knobs. How-
ever, the intricate interplay among the knobs makes it complicated to directly derive the
optimal settings of all control knobs at once. To this end, we first decouple the knobs and
generate offloading schedule per-client and serving batching plan in two steps. In Step 1,
we derive the pseudo-optimal offloading frequency and batch size for each client, since their
relationship with server capacity and task accuracy can be expressed in closed form. In Step
2, we “fine-tune” the generated schedule by greedily packing requests into larger batches
and proactively adjusting the request arrivals according to the batch schedule to coordinate

client requests and further improve the server capacity.
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Step 1: Pseudo-Optimal Offloading Settings

The scheduler first calculates the optimal offloading settings — offloading interval and
batch size — for individual clients assuming no queuing delay. Even so, the optimal settings
are hard to compute as the optimal settings for a client need to be determined collectively
by considering the states of other clients as well. This is because the accuracy for a client
depends on both the client’s offloading interval and server batch size, while the optimal batch
size in turn depends on the optimal settings of other clients in the same batch, i.e., a cyclic
dependency. To this end, we propose a heuristic where we first calculate the optimal settings
for each client i assuming that all clients have the same accuracy drop rate and SLA as the
client of interest. Under this assumption, all clients share the same optimal settings, which

can be obtained by solving the following equation:

2eps+oi—1
bs /ips 1 eoens
max — st — Z dacc, — daccer < 6
oibs latys / ol ol ‘T

where oi, bs, and 6 represent the offloading interval, batch size, and accuracy SLA respec-
tively, lat,s and e2eps are the inference latency (in seconds) and the end-to-end offloading
latency (in frame intervals) under a specific batch size, daccg is the accuracy drop under
tracking stride s, and dacc,es is the accuracy drop under the reference setup.

The above equation maximizes the number of supported clients (pretending they are

) divided by the

identical to client i), which equals to the server inference throughput (

fps
oi

offloading frequency of each client (%), subject to the accuracy SLA, which is calculated as
the average accuracy drop across all the frames that rely on tracking the offloaded frame,

i.e., with tracking strides e2eps to e2eps+o0i-1.

Step 2: Greedy Request Packing and Coordination

The optimal schedule calculated per client above assumes no queuing delay and per-
fect batching. In practice, ofloading requests of uncoordinated clients may arrive at the
server at any time, disrupting the above schedule. In Step 2, we perform greedy request

packing and coordination that explicitly coordinates the timing of client request arrivals and
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batch formation. The algorithm consists of four steps: simulate, adjust, verify, and apply

(Figure 3.10), which are described in detail below.
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Figure 3.10. An example of greedy request packing and coordination. The
“Model” table gives inference latencies of an example DNN model under dif-
ferent batch size. The “Clients” table gives the current states of the clients,
including their ID, the selected offloading interval (oi) and batch size (bs), and
the last offloaded frame (f) along with its arrival time (at). All latencies and
timestamps are in frame intervals.

Simulate. Before packing and coordinating the client requests, we need to first simulate
the request arrivals in the near future based on knob settings calculated in Step 1 and last
frame’s arrival time for each client. For example, in Figure 3.10, the last request of client 1
is frame 6, which arrives at time 8, and the offloading interval is 3. Thus, the next request
will be frame 9 and should arrive by time 11. As a reference, in Figure 3.10, the requests

are also grouped into batches similarly as how they would have been processed by a general
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inference serving framework, i.e., opportunistic batching [103]. For example, at time 11,
only 1 request is available, and thus a batch of size 1 is formed despite client 1 can tolerate a
batch size of 2. On the other hand, at time 17, a batch of size 2 is formed despite 3 requests

are available, since all the clients require a maximum batch size of 2.

Algorithm 2: Request packing and coordination (adjust step)

input : list of requests R from simulate step in arrival order
completion time ty of current batched inference
output: scheduling plan P

11=0,1t =t
2 while i < R.length do
// pack

3 bs = argmax, {r.client.bs > n,Vr € R[i:i+n]};
4 | batch = Rl[i:i+bs];
// coordinate
5 for r in batch do
6 r.arrival = t;
L r.frameld = timeToFrameld(r.client, t);

P.add(batch);
i += bs, t += InferenceLatency(bs);

Adjust. As the core step of greedy packing and coordination, we adjust both the batches
and the individual requests. Algorithm 2 shows the adjust algorithm that produces the
adjusted scheduling plan. The outer loop (lines 2-11) goes through all the requests in
the near future (generated in the simulate step) and packs them into batches; the inner
loop (lines 5-8) goes through each request in the batch and coordinates them with server
batched inference. The algorithm runs in linear time in terms of the number of requests
being processed. To ensure the server resources are fully utilized, we regroup the requests
into batches greedily without considering the arrival times of the requests (the batch size
restrictions still apply). For example, in Figure 3.10, the first and the second requests are
now grouped into the same batch that starts at time 11. Next, to resolve any conflicts
between requests and minimize the queuing delay, we adjust the expected request arrival

time and the frame ID of the requests according to the expected start time of the batches.
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For example, in Figure 3.10, client 1 and client 2 requests originally arriving at time 17
are now moved forward to time 15, no longer conflicting with frame 20 from client 3. This
adjustment step minimizes both batch-level and intra-batch queuing delays.

Verify. As the adjusted schedule affects offload timing and batching, which in turn
affects task accuracy, we next verify the adjusted schedule whether all clients still meet their
accuracy SLAs, by going through the adjusted schedule and calculating the accuracy drop
of each client using the per-client accuracy estimator. If not, we remove one client from the
server, and if yes, we add one more client from the list of available clients (along with their
state when running on the previous server) provided by the cluster load balancer. We then
repeat the simulate-adjust process until there is no need to remove a client and adding a
client is not possible.

Apply. Finally, we apply the final schedule, which grants improved server capacity
and meets the accuracy SLAs of all clients at the same time, by sending it to all clients.
Both client offloading and server batched inference will follow the new schedule till the next

scheduling iteration.

Practical issues. We perform several optimizations to ensure that the scheduler works
smoothly in practice. (1) We impose a small overlap between the old and new scheduling
plans, i.e., the tail of the old plan is the same as the head of the new plan, which ensures
clients can transition smoothly to the new plan without accuracy degradation. (2) Due to
network bandwidth fluctuation, requests may not arrive at the exact time in the schedule.
Our schedule sets aside a grace period, e.g., 10% of the inference time for every batch to
tolerate late requests, which strikes a balance between flexibility of the schedule and wasted
server resource. (3) Network bandwidth fluctuation may also make estimating future request
arrival time simply based on the last request unreliable. To this end, we perform regression
based on recent request arrivals of a client and predict future request arrivals based on the
regression model.

As different AR tasks are served by different servers (§4.1), they are typically scheduled
independently for applications that rely on multiple AR tasks. In certain cases, e.g., whether

to execute one task depends conditionally on other tasks [28], [96], the scheduler, which
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executes at a fine granularity (200 ms), can leverage the temporal locality of task results
(§3.4.3) and determine whether to run the task based on the most recent result of the

dependency task.

3.4.5 Other Optimizations

ARISE automatically achieves pipelining between network transmission and server infer-
ence in the adjust step of proactive scheduling, where clients requests are regrouped to remove
gaps between batches and offloaded frames are adjusted so that they arrive right before the
batches begin execution. Furthermore, we perform JPEG encoding on both frames and DNN

results (if applicable), which is efficient and has minimal impact on accuracy [109].

3.5 Implementation

We have implemented the ARISE server in about 2K lines of C++ code. We use Ten-
sorRT [110] as our DNN inference engine, and perform GPU-accelerated JPEG encoding
and decoding using nvJPEG [111]. We implement two client implementations — an An-
droid client and an emulated client. The Android client is implemented in a mix of Java
and C++ and runs on the Android phone. The number of Android clients that can run is
limited by the phones we have. To evaluate our system for a larger number of AR clients, we
implemented an emulated client, written in Python, that emulates the behavior (including
the computational latencies) of the Android client but runs on a server. In particular, the
emulated client offloads the frames and receives the results like the real client, but emulates
the local tracker latency and performs table lookup to get the local tracker accuracy, and

hence is light-weight; a single server is able to host hundreds of emulated clients.

3.6 Evaluation

3.6.1 Evaluation Setup

Emulation. We run ARISE and other baselines on a server with an NVIDIA A40 GPU.

We first evaluate our system with emulated clients. We emulate the mean and variance of
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dynamic 5G mmWave (1715 4+ 57 Mbps downlink, 152 4+ 6 Mbps uplink, 14 + 2 ms RTT)
and LTE (110 4+ 17 Mbps downlink, 44 + 8 Mbps uplink, 32 + 5 ms RTT) network condi-
tions [112] for each client using the tc tool (the clients’ network conditions are independent).
We simulate the client arrival following a Poisson process (on average 10 clients per second).
Each client randomly selects a video from the dataset (see below) and replays frames in that
video. Fach experiment lasts 10 minutes. During the experiment, as the clients come and
go, the server decides whether to add or remove clients depending on the clients’ resource
requirements. While in real-world deployment, a load balancer will help migrate the clients
between servers in the cluster, for this experiment, we simply set up another server to serve
the extra clients that exceed the capacity of the server being measured. The average num-

ber of concurrent clients served by the first server is measured and compared against the

baselines.
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Testbed. To verify the performance of ARISE against real mobile phones, we next evaluate
our system on a small scale testbed setup (Figure 3.11) that consists of 10 smartphones (7
Google Pixel 5 and 3 Google Pixel 2). All phones are connected to an 802.11ac AP, which
connects to the server through a 1 Gbps link. We still emulate the dynamic 5G mmWave
network condition on top of it. Upon arrival, a client is assigned to one of the available
phones and an instance of the Android client implementation is started on the phone. The
phone will be free again when the client session finishes. An arriving client is rejected when

all phones are busy. The rest of the setup are the same as above.
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3.6.2 Evaluation Tasks

We test our system with two representative AR tasks separately: depth estimation and
object detection. Due to the lack of AR-specific datasets, we follow the practice of recent

AR systems [9], [29], [61] and use datasets collected for the target tasks.

Depth estimation. Depth estimation is an essential AR task that estimates the depth
map — the distance of each pixel relative to the camera — given an RGB frame. We
employ the popular DenseDepth [87] model. Figure 3.12 (1740 MHz) shows the amortized
DNN inference latencies (batch inference latency divided by batch size) under different batch
sizes. We use warping [113] as the local tracker. We use a dataset generated by CARLA [80],
which contains 20 videos with resolution 448x128 (the input resolution of DenseDepth?),
each lasting for 70 seconds at 60 FPS with diverse frame content and varying accuracy drop
rates. We evaluate the accuracy of the depth maps using the absolute relative error (AbsRel,

lower is better) [83].

Object detection. Object detection is another important AR task that helps AR devices to
understand the semantics of the surrounding environment. We use ByteTrack [89], a video
object detection model that provides smooth object trajectories compared to image object
detection models, as our DNN model. Figure 3.12 shows the amortized DNN inference
latencies. We use a Lucas-Kanade based local tracker that estimates new bounding box
locations based on the optical flow [114]. We use videos from MOT17 [115] and evaluate

object detection accuracy using Intersection over Union (IOU).

3.6.3 Baselines

We compare ARISE against the following baselines.

Static. This baseline uses the same offloading interval and batch size during the experiment
and across all clients. The maximum number of clients it can support and the correspond-

ing configuration values and are determined offline based on pilot experiments that search

2¢While AR device cameras usually have high resolution, the camera frames are typically down-sampled to
match the input resolution of DNN models [9], [16], [29].
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through the configurations, such that the averaged accuracy across all frames for each client

meets its accuracy SLA. The clients are equipped with local trackers.

Clipper-like (dynamic batching, no dynamic offloading interval). DNN serving systems
like Clipper [103] are not directly comparable to ARISE due to their focus on per-request
accuracy (which is latency oblivious) or just latency. To this end, we implement a Clipper-
like system that is enhanced with local tracking and lightweight accuracy estimation as in
ARISE. It performs dynamic batching in the same way as in the simulate step in §4.5.5.
However, all clients offload at a fixed offloading interval (the value is chosen offline in the
same way as Static), since requests from the same client are treated independently by such

DNN serving systems.

Chameleon-like (dynamic offloading interval, no dynamic batching). We also implement
a system that resembles video analytics pipelines like Chameleon [95] but enhanced with
local tracking. Chameleon uses profiling-based accuracy estimation which is too compute-
intensive to scale, and thus we replace it with the lightweight, online accuracy estimation
method in ARISE. The offloading interval of each client is dynamically determined based on

the accuracy estimate. However, batching is not employed.

ARISE-a. This baseline takes advantage of most techniques employed by ARISE, in-
cluding lightweight accuracy estimation, dynamic offloading interval, and dynamic batching.
However, the server-side scheduling is done reactively, without the greedy packing in the
adjust step in §4.5.5. Essentially, the offloading schedule is the output of the simulate step,
governed by the verify step to ensure that the SLA is met.

Note that the first 3 baselines are “strong baselines” beyond practical algorithms because
key offline parameters are chosen based on prior knowledge of the target workload.

Load adjustment for the baselines work as follows. For Clipper-like, Chameleon-like, and
ARISE-«, clients are added or removed based on the presence of pending requests, i.e., a
fixed number of clients are removed when some requests are delayed till the next batch,
which cause them to miss their accuracy SLA, while more clients are added if no requests
are delayed within 400 ms. For the Static baseline, the number of clients to support is fixed,

as discussed above.
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3.6.4 Main Results

We first evaluate the systems with emulated clients and the A40 GPU on the depth

estimation task.
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[0.02, 0.06].

First, Figure 3.13 compares the number of clients supported by different systems under
5G mmWave when all clients have the same accuracy SLAs 0.02, 0.04, 0.06 (SLA values are
picked as a fraction of the typical range of the tasks accuracy metric), and when the SLAs
are drawn randomly from a uniform distribution of range [0.02, 0.06]. In all experiments,

Static is configured with fixed offloading interval 3 and batch size 5, while Clipper-like has
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a fixed offloading interval of 3. The average accuracy for all clients meet the SLAs. For
example, in Figure 3.14, which plots the average accuracy drops vs. the accuracy SLA when
ARISE serves clients with accuracy SLA drawn from [0.02, 0.06], all data points are below
y = z, indicating that ARISE meets the accuracy SLAs of all clients.

We make the following observations about Figure 3.13. (1) ARISE improves over all
baselines under all accuracy SLA choices by 1.7x-6.9x. ARISE improves over ARISE-a
by 1.7x-3.9x, indicating the importance of proactive scheduling in resolving the conflicts
between requests and increasing the number of clients supported by the server. (2) On the
other hand, the improvement of ARISE-« over Clipper-like (by 1.8x—2.4x) and Chameleon-
like (by 1.6x—4.0x) shows that tuning both dynamic offloading intervals and batching is
important in improving serving performance. (3) Static performs better than other baselines
such as ARISE-« under tighter accuracy SLAs. This is because Static’s configuration values
are selected so that the per-client average accuracy drops are with the SLA, while all other
baselines instead strive to ensure that the clients meet their accuracy SLAs at all times
(by adjusting the number of clients). Thus, while Static allows extra delays caused by
uncoordinated requests as long as the per-client average accuracy drops are within the SLA,
the dynamic baselines without proactive scheduling try to keep request conflicts minimal,
which causes the server to be under-utilized, as we will discuss in §3.6.6. (4) The ratio of
average client count between ARISE and other dynamic baselines (Clipper-like, Chameleon-
like, and ARISE-a) becomes smaller as the accuracy SLA becomes larger, since the impact

of request conflicts becomes smaller as clients can tolerate longer E2E offloading latencies.

Impact of frame content. To study the impact of frame content on ARISE performance,
we partition the 20 videos in the CARLA dataset into two groups of 10 videos each, one with
high accuracy drop rates (on average 0.007 per frame) and the other with low accuracy drop
rates (on average 0.005 per frame). We next run ARISE with only high accuracy drop videos
(hard clients), low accuracy drop videos (easy clients), and all videos together, respectively.
Figure 3.15 shows the average number of clients (accuracy SLA [0.02, 0.06]) that ARISE can

support. Compared to serving hard clients, ARISE can support 50% more easy ones. In
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either case, ARISE dynamically adjusts the number of supported clients to ensure all clients

meet their accuracy SLAs.
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Impact of network condition. Figure 3.16 shows the average number of clients supported
by each system under LTE network condition, which entails longer network latency and
different network dynamics. In this experiment, Static is configured with offloading interval
3 and batch size 3 for all clients to meet the accuracy SLA (0.02), and Clipper-like uses fixed
offloading interval 3. While all systems support fewer clients compared to running under
5G network condition, ARISE still significantly improves over other baselines and supports
2.5x—5.6x more clients, which demonstrates the robustness of ARISE under different network

conditions.

3.6.5 Testbed Verification

To verify that our framework works on real clients, we next evaluate the systems on the
small-scale testbed. As the number of clients supported by some of the baselines exceeds the
number of phones we have, which makes it hard to compare between the systems, we restrict
the GPU clock frequency to 1200 MHz, and Figure 3.12 shows the longer batch inference

latency compared to no GPU clock frequency limit.
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Figure 3.18. Testbed results at accuracy SLA 0.02.

Figure 3.18 shows the number of clients supported and per-client accuracy drops for
different systems under 5G mmWave when all clients have an accuracy SLA of 0.02. The
Static baseline is configured with fixed offloading interval 3 and batch size 3, while Clipper-
like has a fixed offloading interval of 3, based on the aforementioned configuration search
(§3.6.3). While all systems ensure that all clients meet their accuracy SLAs, ARISE supports
on average 7.6 clients and significantly improves over other baselines by 2.6x-3.8x, validating
that the performance gain of ARISE is similar as in the larger-scale emulation experiment.
We note that the per-client average accuracy drops of Clipper-like and ARISE-« are only up
to 0.011 and 0.013 respectively, which are far from the accuracy SLA of 0.02. This is due to
the smaller batch sizes and shorter end-to-end latencies as the server in both baselines try

to minimize extra delays caused by request conflicts, as we will discuss in §3.6.6.

System overhead. The proactive scheduler takes 0.8 ms per execution, which is negligible
compared to the scheduler execution interval of every 200 ms. The depth estimation local
tracker (warping) takes 3.8 ms on Pixel 5 and 4.0 ms on Pixel 2, while the accuracy estimator
takes 2.0 ms on Pixel 5 and 2.7 ms on Pixel 2, both satisfying the real-time requirement at

60 FPS.
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3.6.6 In-Depth Analysis

Benefits of proactive scheduling. The number of clients that a server can support
depends on both client offloading frequencies and the server inference throughput, i.e., the
number of requests the server processes in a unit time, which in turn depends on both
inference batch sizes and GPU idle times (periods when no DNN inference is performed).
While reactive and proactive scheduling require clients to offload at similar frequencies, the
server’s performance is different due to the uncoordinated requests in reactive scheduling.
We plot the average batch size and server idle time of ARISE vs. ARISE-a with accuracy
SLA of 0.02 in Figure 3.17. While both scheduling algorithms select similar batch sizes for
the clients, ARISE-« fails to reach the chosen batch sizes. In reactive scheduling, requests
arrivals are uncoordinated and may arrive densely at times and sparsely at other times.
When they arrive densely, the server will remove some clients to maintain the normal batch
size that it can handle. When they arrive sparsely, the server cannot fill up the batch in time
(and it cannot add clients quickly enough), and the resulting smaller batch size will lead to
shorter end-to-end offloading latency and thus better task accuracy per-client. For the same
reason, ARISE-a has a much higher percentage of GPU idle time (24.7%) compared to that
of ARISE (8.8%), which is just below the 10% grace period (§4.5.5).

Server adaptation analysis. To see how ARISE adapts as the client content changes, in
Figure 3.19 we plot the timeline of the average accuracy drop rate across clients, the average
offloading frequencies across clients, the average batch size, and the number of concurrent
clients with a 1 second moving window. Firstly, the average accuracy drop across clients
shows high fluctuation over time, ranging from 0.007 to 0.013, which is due to changes in
video content.  Secondly, the average offloading frequency closely follows changes of the
accuracy drop rate. The batch size is also affected by the accuracy drop rate. For example,
the batch size reaches its peak value when the average accuracy drop rate drops to the
lowest at around the 40-th second. By controlling both the offloading frequency and batch
size accordingly as client accuracy drop rate changes, ARISE is able to dynamically adjust
the number of supported clients (bottom figure) so that the number of supported clients is

maximized while keeping accuracy drops within SLAs.
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Figure 3.19. Timeline of server execution stats at accuracy SLA of 0.06.

Consistency between schedule and runtime. In practice, variations such as network
dynamics may cause the runtime behavior to deviate from the generated schedule. We plot
the difference between the scheduled start time and the actual start time of each batch in
Figure 3.20. We see that most of the differences are below 0 (but greater than -16.7 ms),
meaning that the batches start a little earlier than expected. This happens as the scheduled
starting time assumes a buffering time (10% of inference time), but can start right away if
all the expected requests for the batch have arrived. On the other hand, only 1.6% of the
batches start later than the scheduled time, indicating that the runtime behavior closely

follows the schedule by the proactive scheduler.

Accuracy estimation error. In Figure 3.21, we evaluate ARISE’s accuracy estimator by
measuring the difference between the estimated and actual average accuracy drops for each
video and under different accuracy SLAs. The accuracy estimator shows minimal errors. For
example, at accuracy SLA 0.06, the maximum estimation error is 0.008, which is below 15%

of the accuracy SLA and is sufficient for guiding scheduler decisions. Furthermore, we notice
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that the accuracy estimator tends to be more accurate under stricter SLAs. At accuracy
SLA of 0.02, the estimation error narrows down to between -0.002 and 0.004. This is because
clients offload more frequently under tighter SLA, which results in more recent frames being

used for accuracy estimation (§3.4.3), and thus smaller estimation error.

3.6.7 Evaluation on Object Detection

To evaluate the generalizability of our framework, we evaluate ARISE against the base-
lines on a second task — object detection with emulated clients. Figure 3.22 shows the
average number of supported clients and the CDF of per-client accuracy drops with all
clients having an accuracy SLA of 0.2. The Static baseline is configured with fixed offoad-
ing interval 5 and batch size 5, while Clipper-like has a fixed offloading interval of 9. All
baselines ensure that all clients meet the accuracy SLA. However, ARISE is able to support
9.6 clients on average, outperforming other baselines by 1.9x-2.1x, which shows the general-
izability of ARISE to object detection. Compared to depth estimation, the object detection
DNN model has a higher inference latency, and the benefit of batching diminishes faster
(Figure 3.12).
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Figure 3.22. Performance comparison on the object detection task with
accuracy SLA 0.2.

The characteristics of DNN models have an impact on ARISE’s tradeoff between offoad-
ing frequency and batching. For example, in the object detection experiment in Figure 3.22,
clients have an average offloading frequency of every 13.0 frames, and the average batch size
is just 1.2. On the other hand, the depth estimation experiment in Figure 3.18 supports
similar number of clients, but the average offloading frequency is every 4.6 frames and the
average batch size is 3.1. ARISE prefers longer offloading interval over larger batch size
in the presence of heavy DNN models, which exhibits its ability to dynamically adjust to
different task characteristics. The difference in inference latency also explains the relatively
higher number of clients supported by Chameleon-like, which does not support batching,

compared to that in depth estimation.

3.7 Related Work

The large amount of prior work on DNN inference serving fall into generic inference

serving, video analytics pipelines, or single-AR-client serving.
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Generic DNN serving. As discussed in §3.3.1, the large number of generic DNN serv-
ing systems (e.g., [28], [36], [93], [L02]-[108]) serve requests from multiple clients but do
not assume any correlation among requests.  Additionally, cluster-level DNN serving op-
timizations, e.g., auto scaling [93], assignment of requests to servers [105], and assignment
of different tasks to servers [36], [105], are complementary to our work, which focuses on

optimizing individual servers.

Single-client and multi-client video analytics. Similar to AR offloading serving, video
analytics clients also offload a stream of frames and the frames are processed for video an-
alytics tasks, e.g., object detection, on the edge server. A major distinction between video
analytics serving and AR offloading serving is that video analytics serving typically have
relaxed latency requirements of hundreds of milliseconds, i.e., analytics results on a frame
do not need to be available in the current frame interval and are optimized for such latency-
oblivious accuracy [30], [94], or are for retrospective analysis [97], [116]. Second, existing
video analytics serving systems [14], [30], [94], [95], [98]-[101], [117] focus on dynamically
adjusting client-side ofloading configurations to optimize the accuracy under network dy-
namics or server resource constraints; they do not control server-side configurations, i.e.,
batch size, by coordinating requests on the server. A few video analytic systems incorporate
local tracking, but with a focus on a single client [38], [41]; these works can be augmented

with ARISE to support multiple clients efficiently.

Single-client AR offloading serving. Many DNN offloading systems have been pro-
posed for a single AR client for tasks such as object detection [9], [16], [31], human pose
estimation [9], and depth estimation [10]. Such systems assume a dedicated server is used

for each AR client.

Collaborative edge-assisted AR. A few collaborative edge-assisted AR systems optimize
AR offloading serving by an edge server [118]-[121] by exploiting caching and serving cached
results of previously offloaded frames. Such optimizations are applicable when AR clients

encounter the same scene and are orthogonal to our design.
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3.8 Summary

A cost-effective solution to deploying popular edge-assisted AR apps to support a large
user base is to use MLaaS to serve offloaded AR inference requests. In this chapter, we
presented to our knowledge the first framework that addresses the AR inference serving
problem. The framework employs an online accuracy estimator that estimates the accuracy
for each AR client under various configurations and an online scheduler that proactively
coordinate requests from the clients served by a server. Our evaluation using a large set
of emulated AR clients and a 10-phone testbed show that ARISE supports 1.7x-6.9x more
clients compared to various baselines while keeping the per-client accuracy drops with the

client-specified SLA.
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4. IPIPE: EFFICIENT VIDEO ANALYTICS SERVING ON
HETEROGENEOUS GPU CLUSTERS VIA POOL-BASED
PIPELINE PARALLELISM

4.1 Introduction

Advances in machine learning in recent years for processing video streams [122], along
with growth in Internet of things (I0T), edge computing and high-bandwidth access networks
such as 5G have led to the wide adoption of video analytics systems [123]-[126] to support
applications in diverse domain such as surveillance, transportation, public safety, healthcare,
retail, and home automation.

In video analytics systems, streams of video frames from cameras deployed at different
locations of interest are uploaded to the cloud servers that perform analytics, i.e., deep neu-
ral network (DNN) model inference. Serving such inference requests is challenging for two
primary reasons. First, video analytics inference requests often have stringent service level
objectives (SLOs), e.g., 200 ms [55], [95]. Second, inference requests from real-world applica-
tions can be bursty [127]-[129]. Meeting the latency SLO for all inference requests requires
provisioning hardware resources for the peak load, which can be costly as the hardware
resource becomes under-utilized during off-peak periods.

As with model training, model inference relies on the use of accelerators such as GPUs.
With rapid innovation of GPUs [130], newer generations of GPUs have become available
in the market in short release cycles. Yet, their high cost and limited supply have dis-
incentivized cloud vendors and private organizations from retiring (older) low-class gen-
erations of GPUs. As a result, cloud vendors and private organizations are increasingly
operating highly heterogeneous GPU clusters [24].

This chapter studies how to serve popular DNN models, i.e., with high volumes of re-
quests [131], on heterogeneous GPU clusters. Being able to do so not only allows utilizing
low-class computing resources that are otherwise unusable [132] in clusters dedicated to

model serving, e.g., in edge clouds or private clouds running Al-based apps [133], [134], but
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also, as we will show in this chapter, can significantly enhance the serving throughput of
high-class GPUs.

In particular, we explore the overlooked benefits of pipeline parallelism among low-class
and higher-class GPUs in online model serving. While the benefits of pipeline parallelism
have been well studied for throughput-oriented model training [132], [135], its potential
for model serving under latency (SLO)-constrained settings has been largely unexploited.
Intuitively, the benefits of partitioning a model and pipelining the partitioned inference
among mixed high-class and low-class GPUs appear limited. For example, if the high-class
GPU is 10x faster (i.e., lower latency) than the low-class GPU for a given model, then
simply running 1/10 of the model layers on the low-class GPU already leads to 1.9x longer
total latency.

We instead make a key observation about the performance characteristics of DNN model
inference on heterogeneous GPUs: the two forms of diversity in model inference on a het-
erogeneous GPU cluster, diversity in model layers and in GPU types, can interact with each
other synergistically. First, a DNN model typically has many layers with diverse tensor
shapes and sizes, which have varying GPU utilization on a given GPU [105], [136]. Second,
more importantly, for the same DNN model, the relative per-layer inference latency on differ-
ent classes of GPUs can vary significantly across the model layers. This observation suggests
that partitioning the DNN model in a GPU-aware manner and executing each partition on
the GPU type that runs most effectively can improve the effectiveness (throughput) of all
GPU types and hence the inference throughput of the whole cluster. Effectively, higher-class
GPUs are offloading part of the model inference to lower-class GPUs with minimum or no
elongation of the end-to-end inference latency.

While the observation provides guidelines on efficient pipeline parallelism on heteroge-
neous GPU servers, partitioning a model and pipelining the inference of partitions along
a chain of GPUs, as done in pipeline parallel DNN training [137], [138], is too stringent
and will lead to suboptimal partitions: all partition stages need to have matching latency
(to avoid pipeline stalls), which restricts the flexibility of model partitioning and leaves less

opportunity for low-class GPUs to run layers they are efficient at.
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Figure 4.1. Pool-based pipeline parallelism on a heterogeneous GPU cluster
with model partitioning. Each request (e.g., request A) is processed by all
partitions sequentially, and may be processed by any of the GPU servers allo-
cated to each partition.

To this end, we present IPIPE, a model serving system that harnesses mixed GPU types
in heterogeneous GPU clusters via pipelined model inference to maximize its serving through-
put. IPIPE is built on three key ideas. First, to support maximal scheduling flexibility, it
employs pool-based pipeline parallelism where each model partition is associated with a pool
of GPU servers of the same class, and each request can be processed by any GPU allocated to
each partition pool along the pipeline, as shown in Figure 4.1. This approach allows different
partitions to have different numbers of GPU servers, with different inference latencies, and
run with different batch sizes, as long as the inference throughput provided by each pool of
GPU servers matches with each other.

Second, to realize the scheduling flexibility exposed by pool-based pipelined model in-
ference, IPIPE generates the optimal configuration of pool-based pipelined model inference,
e.g., one that maximizes the model serving throughput of a given cluster while meeting in-
ference SLOs, using Mixed Integer Linear Programming (MILP), which takes as input the
per-layer inference latency on all candidate GPUs and under all candidate batch sizes from

offline profiling.
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There, however, exists a gap between such an MILP-based optimal solution, which in
essence assumes ideal request arrivals, i.e., synchronous arrival of batches in locksteps at all
GPUs of the first partition pool, which flow down the pipeline partitions in sync, and the
runtime. In practice, the inference requests arrive asynchronously and can be bursty [127]-
[129], which results in batched requests being formed and injected into the cluster in succes-
sion, creating transient high load that overwhelms the throughput prescribed in the MILP
solution, and introducing several sources of extra delay not accounted for in the MILP solu-
tion.

To bridge the gap between MILP solution and runtime dynamics due to asynchronous
and bursty request arrivals, IPIPE treats the MILP-based formulation as the control plane
which prescribes optimal DNN model partitions and GPU and network allocation, and em-
ploys a separate data plane that performs resource reservation-based adaptive batching, which
overcomes a major limitation of adaptive batching used in previous work on pipelined in-
ference serving. In particular, previous adaptive batching [28] decides on a batch size at
each pipeline stage by optimistically assuming all the GPU and network resources down-
stream will be available, which can lead to infeasible batch sizes and miss the end-to-end
inference SLO. In contrast, IPIPE uses a real-time resource scheduler to track and reserve
GPU /network resources in the pipeline to ensure batches injected in the pipeline will meet
their SLOs.

We evaluate IPIPE with Poisson-arrival workloads on top of both 100-GPU large-scale
simulations and 16-GPU testbeds on Google Cloud consisting of a variety of high- and low-
class GPUs such as NVIDIA V100, L4, T4, and P4. Evaluation across 18 CNN models shows
that IPIPE achieves 44.4%-65.3% higher utilization of low-class GPUs while maintaining
high utilization of high-class GPUs compared to various baselines, leading to 15.9%-64.0%
higher serving capacity, while successfully processing 99% of the requests without dropping
or SLO violations.

In summary, we make the following contributions:

o The first exploration of pipeline parallel model serving on heterogeneous GPU clusters

under latency (SLO)-constrained settings.
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e The complete design of IPIPE, which exploits pipeline parallelism to maximize inference
throughput of heterogeneous GPU clusters. IPIPE employs three design ideas: pool-
based pipeline parallelism, an MILP-based control plane that prescribes optimal pipeline
plans, and a data plane that performs resource reservation-based adaptive batching to
handle runtime dynamics due to asynchronous and bursty request arrivals.

« Extensive evaluation of IPIPE showing IPIPE outperforms baseline designs by 15.9%-64.0%
in inference throughput and 44.4%-65.3% higher low-class GPU utilization.

We will open source IPIPE to facilitate further research on model serving on heteroge-

neous GPU clusters.

4.2 Motivation and Key Idea

We motivate how low-class GPUs can be effectively used to augment high-class GPUs in

a heterogeneous cluster in model serving by exploiting pipeline parallelism.
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Figure 4.2. Inference latency of 18 popular DNN models (Table 4.2) under
batch size 4 on different GPU classes.

Low-class GPUs fail to meet the inference latency SLO. On a highly heterogeneous
GPU cluster, the inference time on old and low-class GPUs is usually several times longer
than that on newer or high-class GPUs. For the 18 DNN models we use for evaluation
(§4.7.1), the inference time (on the highly optimized TensorRT [139] inference framework)
on the low-class NVIDIA P4 is 3.0x—7.9x longer than that on the high-class NVIDIA 1.4,
as shown in Figure 4.2. Even if a model successfully runs on the low-class GPU without
violating latency SLO, it can barely perform batched inference, which could significantly

improve GPU utilization and throughput [28], [102], [103]. As shown in Figure 4.2, only
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22% of the DNN models can run on the low-class GPU (NVIDIA P4) at batch size 4 without
exceeding 200 ms, a latency SLO target commonly used among video analytics pipelines [55],
[95].
Key insight: Diversity in per-layer inference delay across GPUs. To make use
of low-class GPUs, given that running the entire model on the low-class GPU exceeds the
latency SLO, the intuitive idea is when there is slack in running the whole model in the
high-class GPU, simply partition the model and run a part of the model on a low-class
GPU and the rest on high-class GPU while ensuring that the total inference latency remains
below the latency SLO. The benefits of such an approach, if the model is partitioned in a
GPU-oblivious manner, will be limited. For example, if the high-class GPU is 10x faster
(i.e., lower latency) than the low-class GPU for a given model, then simply running 1/10 of
the model layers on the low-class GPU already leads to 1.9x longer total latency.

Our key observation is that there exist two forms of diversity in model inference on
a heterogeneous GPU cluster: diversity in model layers and in GPU types, and they can

interact with each other synergistically.
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Figure 4.3. The ratio of inference latency on NVIDIA P4 over L4 and P4
over V100 across EfficientNet-BS8 layers.

In particular, for many popular CNN backbone architectures, e.g., EfficientNet [140] and
ResNet [141], later layers have more channels compared to earlier layers, but with lower
feature dimensions. Such architectural differences among layers within a DNN model can
lead to different computational properties on GPU accelerators. To gain insight into this, we

measure the ratio of the inference latency of the same layer on different GPU types for all

97



the layers within a DNN model. Figure 4.3 shows that for EfficientNet-B8 on NVIDIA P4
over 1.4 and P4 over V100, respectively, with a moving window of 128 layers. The inference
latency ratio on P4 over L4 is close to 1.0 for early layers, indicating these layers have similar
inference latencies on both P4 and L4. On the other hand, later layers have much higher
latency ratios, and those layers will suffer significant slowdown running on P4 over L4. If we
were to partition the DNN model and run it on P4 and L4, we should place earlier layers on
P4 and later layers on L4, which provides higher chances to keep the inference time below the
latency SLO and enables batching opportunities. All 18 DNN models we studied (Table 4.2)
exhibit varying latency ratios across layers and we omit the rest due to page limit.

Interestingly, the latency ratios between P4 and V100 show completely different trends
on EfficientNet, where earlier layers exhibit much higher latency ratios than later layers.
In this case, one would run on P4 later layers instead. Such differences in the trends of
latency ratios happen due to GPU design tradeoffs, architectural improvements, and their
interaction with DNN layers of different characteristics. For example, GPUs with more SMs
or higher ops:bytes ratio provide more benefits for layers of larger size or higher arithmetic
intensity [142]. As another example, Tensor Cores significantly improve the performance of
layers involving matrix multiplications, but only for layers of certain shapes [143].

Such varying trends in per-layer latency ratios on different GPUs suggest that partitioning
a DNN model in a GPU-aware manner is critical in exploiting pipeline parallelism so that
high-class and low-class GPUs can work on model layers that they are optimized for, which
improves their efficiency and hence the inference throughput of the whole cluster.

Compared to non-partitioned model inference, e.g., on a single high-class GPU, parti-
tioned model inference incurs the extra overhead of transferring feature maps at the partition
points between GPUs. We observe that heterogeneous clusters such as Google Cloud and
AWS come with high-bandwidth networks that theoretically can finish the transfer of a fea-
ture map in a fraction of the total inference latency. For example, P4 instances in GCP have
a bandwidth of 32 Gbps, which can theoretically transfer feature maps of CenterNet (under
batch size 1) which range from 3 MB to 50 MB under 0.8 ms-13.2 ms. However, it does
imply that the DNN model should be divided into at most a few partitions as frequently

switching between low-class and high-class GPUs during inference will be costly.
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Key idea: pool-based pipeline parallelism. To apply model partitioning to exploit the
diversity of per-layer inference ratio on different GPUs, a simple approach is partitioning
a model and pipelining the inference of partitions along a chain of GPUs similarly as in
pipeline parallelism DNN training [137], [138], and feature maps generated by one GPU
are transferred to the next downstream GPU. Such isolated inference pipelines have the
advantage of simple scheduling and coordination, but also come with two major drawbacks:
(1) To avoid pipeline stalls, all partitions need to have similar inference latencies. However,
such a partitioning strategy is too stringent and will lead to suboptimal partitions, e.g.,
leaving layers with high latency ratios on the low-class GPU or having a large feature map
at the partition point. (2) Many GPUs cannot enjoy the benefit of heterogeneous inference
when the cluster contains more GPUs of one class than the other.

To provide more scheduling flexibility, we instead associate each partition with a pool of
GPU servers of the same type, and each request can be processed by any GPU allocated
to the first partition, and then continue the inference on any GPU in the second partition,
and so on, as shown in Figure 4.1. This approach mitigates the drawbacks of isolated
pipelines: different partitions can have different numbers of GPU servers, have different
inference latencies, or even run with different batch sizes, as long as the inference throughput
provided by each pool of GPU servers matches with each other, and the total latency is
below the latency SLO. In an optimal partitioning, multiple such pool-level pipelines may
be employed at the same time, employing different ways of partitioning the DNN model
running on different GPU pools.

4.3 Prelude to IPIPE: Basic MILP Formulation

The primary challenge in exploiting pipeline parallelism in pool-based pipelined inference
is to figure out the optimal way to partition a DNN model, the placement of the DNN
partitions onto GPU servers, and the batch size for the GPUs in each partition. It is
relatively straightforward to formulate an MILP problem to figure out the optimal solution.
We briefly describe the MILP formulation below and leave the full mathematical formulation

in §4.A.
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Inputs. The MILP formulation takes as input the GPU count of each GPU type, the
interconnect bandwidth of the target cluster, and the inference latency SLO. To decide the
optimal model partitions, it also requires the inference latencies of individual layers within
a DNN model under different batch sizes and on different GPU models, as well as the
intermediate feature map sizes, both of which can be obtained through the profiling output

of TensorRT [139].

Encoding model partition and placement. Suppose the GPU cluster consists of 2 GPU
types and we restrict a DNN model to be divided into at most 3 partitions. The placement
of DNN model partitions falls into one of 14 potential pooled pipelines: if partitioned into 2
partitions, each partition can run on a pool of either GPU types (4 pipelines); if partitioned
into 3, each of the 3 partitions again has the choice to run on a pool of either GPU types
(8 pipelines); the DNN model can also directly run on a pool of either GPU type without
partitioning (2 pipelines). In an optimal solution, multiple pipelines may be employed at
the same time, e.g., when a DNN model should be partitioned onto 2 GPU types and there
is an excessive number of one GPU type, the extra GPUs may need to run the DNN model
without partitioning.

For each partition within a pipeline, we need to decide on the exact partition points, i.e.,
the first and last layers. To this end, we construct a set of binary decision variables for each
partition indicating whether a layer is the first or last layer of a partition. Apart from that,
we also create decision variables to represent the batch size and the number of GPUs used

by each partition.

Constraints. The total latency of each pipeline, including the inference latency of each
partition and the feature map transfer latency between partitions (both can be derived from
the batch size), should be below the latency SLO; the total GPU count used by all partitions
pertaining to a specific GPU type should not exceed the GPU count available for that GPU
type. Finally, the inference throughput of a pipeline is bottlenecked by the partition of
lowest throughput, where each partition’s throughput can be calculated based on its batch

size, inference latency, and the number of GPUs allocated to the partition.
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Objective. By default, we try to maximize the total inference throughput of the GPU
cluster, which is the sum of the throughputs of all pipelines employed by the MILP solution.
The MILP formulation can also be configured for other objectives like minimum server
cost [96] or provisioned power [105]. In the presence of multiple DNN models, given the ratio
between the DNNs’ workloads, the MILP formulation computes the normalized throughput
for each DNN (throughput divided by the DNN’s workload percentage), and maximizes the
lowest normalized throughput among the DNNs.

Outputs. After solving the optimization problem, the MILP formulation outputs the
pipelines employed by the optimal plan, i.e., those being allocated at least 1 GPU. For
each pipeline, the solver outputs the DNN model partition points, the batch size used by
the GPUs in each partition, and the number of GPUs allocated to each partition.
Intuitively, the pipelines and partition points selected by the MILP solution are affected
by the cross-GPU latency ratios of the DNN layers (§4.2), as well as the intermediate feature
map sizes, as larger feature map size takes longer to transfer and leaves less time for inference
(§4.5.3). Finally, the partition points, batch sizes, and GPU counts for each partition are

chosen collectively to ensure partitions within the same pipeline have matching throughputs.

4.4 Challenges in Developing a Working System

While the MILP formulation above provides the optimal plan in theory, turning it into

a working DNN serving system faces several practical challenges, as discussed below.

C1: Extensive search space of the MILP formulation. The MILP formulation needs
to decide the first and last layers of a DNN partition, whose complexity depends on the
number of layers in a DNN model. For the set of representative models in our evaluation
(§4.7.1), the average layer count is 613.2. The partition points need to be searched for all
partitions across all pipelines, making the search space combinatorial. The search space
is further inflated by additional dimensions including inference batch size and GPU count
used by each partition. With such a vast search space, it takes more than 7 hours (running

the Gurobi [144] solver on a Google Cloud nl-standard-64 instance) to obtain the optimal
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solution for 80 layers, making it impractical to adapt to changing workload, e.g., diurnal
load [105].

C2: Asynchronous and bursty request arrival. In essence, the MILP formulation
outputs a solution that assumes ideal inference request arrival. Suppose a pipeline solution
consists of two partitions with 40 ms inference latency each, and the inference throughput
is 1000 requests per second. The MILP solution effectively assumes that 40 requests arrive
at the same time every 40 ms, which are simultaneously processed by all GPUs allocated to
the first partition, and then forwarded to the second partition, and so on.

In reality, in an online inference system, inference requests arrive asynchronously and in
a bursty manner, which can disrupt the MILP solution with two forms of extra delays: (1)
Early arriving requests have to wait for later requests to form a batch to be dispatched to a
GPU in the first partition, incurring initial batching delay (D1); (2) The staggered batched
inference at GPUs in the first partition will cascade down the partitions in the pipeline.
In such staggered pipelined inference, it is possible when a GPU in partition i finishes
inference on a batch, all of the GPUs in partition i + 1 are still busy running other batches,
causing inter-partition queuing delay (D2). Such queuing delay is further complicated when
partitions use different batch sizes, requiring the split and merge of batches which creates
complex dependencies between the GPUs of different partitions.

To incorporate the above extra delays at runtime, we could add a predefined margin to
the latency SLO as input to the MILP formulation [28], [106] which will output adjusted
(still fixed) batch sizes. But simply adding a static margin cannot handle bursty request
arrival, which can result in either too many or too few transient requests compared to the
adjusted target batch size. Such dynamic conditions require dynamically adjusting the batch

sizes.

C3: Network contention. In practice, it is common that multiple GPUs collocate on
the same server and share the network bandwidth of the server. When they send or receive
intermediate feature maps at the same time, the network contention leads to extra transfer
delay (D3). The problem becomes more severe when we divide each GPU into multiple

virtual GPUs (§4.5.4), which increases the number of “GPUs” on the same server that
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likely transfer feature maps at the same time. Note that this issue cannot be addressed by
conservatively allocating each virtual GPU an equal share of the available bandwidth, as it
results in low bandwidth for all virtual GPUs, significantly limiting the benefit of pipeline

parallelism.

4.5 IPIPE Design

4.5.1 Design Rationale

As discussed above, designing a practical pipelined inference serving system on a het-
erogeneous GPU cluster faces a key challenge: the MILP formulation does not capture or
handle runtime dynamics due to asynchronous and bursty request arrival or delayed feature
map transfer from network contention. We tackle these challenges by splitting IPIPE, our
pool-based pipelined model inference system for heterogeneous GPU clusters, into a control
plane and a data plane. First, IPIPE treats the MILP-based formulation as the control plane
that prescribes optimal DNN model partitions and GPU allocation. Second, to handle de-
lays caused by asynchronous and bursty request arrivals (D1 & D2) and network contention
(D3), IPIPE employs a novel data plane that performs resource reservation-based adaptive

batching to ensure the request batches injected into the pipeline meet their latency SLOs.

4.5.2 Architecture Overview

Figure 4.4 shows the architecture of IPIPE, which consists of an offline phase, a control

plane, and a data plane.

Offtine phase. In the offline phase, the DNN model profiler profiles a model’s per-layer
inference latency on different GPU types. To reduce the search space of the MILP solver
(C1), we design a pre-partitioning method that groups the layers of each DNN model into
blocks which are fed into the MILP solver (§4.5.3). With this method, the MILP solver only
needs to find partition points among a few blocks instead of hundreds of layers, significantly

reducing the search space.
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Figure 4.4. IPIPE architecture.

Control plane. The control plane, which runs the MILP solver, takes as input the profiling
information of DNN blocks and the inference latency SLO for each DNN, the cluster infor-
mation (GPU count for each GPU model), along with high-level objective, e.g., maximum
throughput, and outputs the partitioning of DNN models and allocation of GPU resources
across partitions and pipelines (detailed in §4.3). The MILP solver runs periodically, trig-
gered dynamically on demand by changes in workload, e.g., when load ratio changes in
serving multiple DNNs, or in server resources, e.g., when the cluster in a public cloud is

scaled up and down. We observe that the synchronization among partitions (C2) could be
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much simpler if partitions within the same pipeline all use the same batch size. As such, we

enhance the MILP formulation with batch size unification, which is detailed in §4.5.4.

Data plane. The data plane groups inference requests into batches and executes them
through the pools of GPUs in each of the pipelines prescribed by MILP. To address the
delays discussed in C2 and C3, we perform adaptive batching that dynamically adjusts the
batch size based on the amount of time left for inference. A simple adaptive batching scheme
for pool-based pipeline parallelism inference is to place an adaptive batching scheduler before
each pool of GPUs, which receives requests from the last stage of the pipeline and adaptively
forms batches for the current stage, based on the remaining time until the SLO deadlines.
However, such a local, reactive design assumes both computing and network resources for
the remaining stages are/will be available, which may not be true due to bursty request
arrivals and network contentions, leading to SLO violations. Furthermore, the scheduler
often cannot detect SLO violations until later stages of the pipeline, which not only results
in high request drop rate, but also wastes computing resources.

To overcome these drawbacks, we design a novel, resource reservation-based adaptive
batching scheme, which has two synergistic components: a resource scheduler, and an adap-
tive batching component. The resource scheduler manages the available GPU and network
resources in the pipeline, based on which the adaptive batching component selects the best
path in the pool-based pipeline, denoted as a pipeline path, and the batch size. The resources
on this pipeline path are in turn reserved by the resource scheduler. This resource reser-
vation scheme addresses D1 (initial batching delay) and D2 (inter-partition queuing delay),
as the amount of time spent between partitions becomes predictable, allowing the adaptive
batching algorithm to select the batch size to avoid end-to-end latency SLO violations. Ad-
ditionally, D3 (network contention delay) is mitigated as reserving the network resources

prevents concurrent network transfers to/from the same host.

4.5.3 DNN Pre-Partitioning

As discussed in C1, the sheer amount of layers within a DNN model results in a huge

search space for the MILP formulation and prevents the solver from finding good plans in a
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reasonable amount of time. To this end, we devised a simple DNN pre-partitioning approach
that groups the layers in a DNN model into a few (V) blocks of approximately equal runtime.
Specifically, we start from the first layer and sequentially group consecutively layers together
until their combined runtime is as close as possible to 1/N of the runtime of the entire DNN;
this process is repeated until we reach the last layer. After grouping layers into blocks, we
profile the blocks on different GPU types and with different batch sizes, as needed by the
MILP solver. It takes only less than 10 minutes to profile a single DNN model, as each block
can be profiled independently; when solving MILP, we obtain the latency of each partition
by adding up the latencies of the blocks in it.

With pre-partitioning, the MILP solver only needs to find partition points among the
N blocks (we tried N =5 to N = 20 and found N = 10 provides a good balance between
plan optimality and MILP running time), instead of 613.2 layers on average across the set
of models (§4.7). As a result, the MILP runtime is significantly reduced to 4.6 seconds on
average over different DNN model and GPU cluster setups, enabling the control plane to

adapt to changing workloads.

Alternative approach. We also devised a more systematic approach to pre-partitioning
by formulating it into another MILP problem, which minimizes the total feature map size at
all block boundaries while ensuring that the blocks have similar inference latencies. However,
our evaluation shows this systematic approach has minimal gains (about 1% in terms of the
total throughput) over the simple equal partition approach described above. The reason is
that the equal partition approach only leads to significantly larger feature map sizes at some
of the block boundaries, while the control-plane MILP solver can often generate a partition
plan that avoids partitioning at those suboptimal block boundaries. Therefore, we opted for

the equal partition approach for simplicity.

4.5.4 Batch Size Unification

We tackle the key challenge of the data plane — bridging the gap between MILP solution
and runtime dynamics (C2 and C3) — in two steps. In the first step, we simplify the

challenges faced by data plane scheduling with batch size unification.
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As discussed in C2, mismatch of batch sizes between partitions within a pipeline requires
batches to be merged and split which complicates scheduling of batched inference across
partitions. Things can be substantially simplified if all partitions within the same pipeline
use the same batch size. However, as the GPUs have different computational capacities, in
the plans generated by the MILP planner, high-class GPUs tend to use larger batch sizes
compared to low-class GPUs to improve GPU utilization and inference throughput. Naively
forcing all partitions within the same pipeline to use the same batch size can significantly
impact system performance.

We approach this dilemma from a different perspective: instead of forcing all partitions
of a pipeline to use the same batch size, what if we vary the GPU size to equalize the
batches per GPU? One way to do this is by adjusting the pipeline plan output by MILP.
Suppose the MILP-generated plan says partition 1 uses batch size 8 and partition 2 uses
batch size 16, we could adjust the plan by dividing each GPU for partition 2 into two and
running inference on each “virtual GPU” with batch size 8. This approach is relatively
straightforward but has two drawbacks. First, when the batch size is not a multiple of the
other, the MILP generated plan has to be adjusted to use smaller batch sizes to satisfy
the multiple relationships between batch sizes which not only becomes suboptimal due to
underutilizing the GPU, but also may lead to mismatch between per-partition throughputs
within the pipeline. Second, our measurement shows that dividing up a GPU into virtual
GPUs also produces slightly different (both shorter and longer) inference latencies compared
to running the equivalent batch size without dividing the GPU, which further complicates
plan adjustment.

Instead of making post-adjustments to the MILP plan, we directly incorporate virtual
GPUs and the batch size constraints into the MILP formulation, so that the MILP solver
can take into account the throughput and inference latency differences between batches on
different partitions and make holistic decisions. To this end, instead of feeding a GPU as a
whole to MLP, we feed four possible virtual GPU types: 1/1, 1/2, 1/3 and 1/4 of a physical
GPU (this is achieved with Multi-Process Service (MPS) [145] during runtime). The use
of virtual GPUs only mildly expands the search space of the MILP solver as there are only

4 virtual GPU types. Besides, we profile the per-block inference latencies under not only
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different batch sizes and GPU types, but also different virtual GPU types.® Finally, we
add additional constraints to the MILP formulation requiring all partitions within the same
pipeline to use the same batch size, which omits the need to merge/split batches during
pipelined inference at runtime. The detailed mathematical representation of the enhanced

MILP formulation is provided in §4.B.

4.5.5 Resource Reservation-Based Adaptive Batching

While in §4.5.4 we unify the partitions within the same pipeline to use the same batch
size, serving asynchronous and burst inference requests at runtime still requires dynamically
forming and scheduling batched inferences across the pipelines, i.e., dynamic batching. As
discussed in §4.5.2, a simple reactive approach to adaptive batching for pipelined inference
assumes both computing and network resources for the remaining stages are/will be available,
which may lead to SLO violations and wasted computing resources.

To avoid the above drawbacks, we design a novel, resource reservation-assisted adaptive
batching scheme. The scheduler maintains a global view of the resource availability and
keeps records of the time slots when each resource is available. Next, the scheduler interacts
with the adaptive batching component to help it determine the optimal batch size and the
best path in the pipeline based on resource availability. Finally, the batch is dispatched to

the pipeline and the resources on this path are in turn reserved by the resource scheduler.

Resource reservation. The resource scheduling algorithm works at the batch level. Thus,
it needs to be fast to keep up with the request arrival rate. To this end, we design a greedy
algorithm that probes and decides in real-time the computing and network resource to use
for a new batch in a candidate schedule via two functions as shown in Algorithm 3. Given
a pipeline and a hypothetical batch, probe() determines the optimal reservation for that
batch, i.e., which virtual GPUs and their network links will be used for that batch, i.e., the
pipeline path, and when each resource on the path will be used, with the goal of finishing
the batched inference as early as possible; reserve (r) applies the given reservation r, i.e.,

updating the reservation tables kept by the scheduler. Since probe() is based on real-time

11'We capture the interference between virtual GPUs during profiling by running the same DNN on all virtual
GPUs of the same physical GPU in parallel.
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Algorithm 3: Resource reservation functions.

function probe(pipeline, bs)

1
2 ty = now(), ry = [J;

3 for partition in pipeline do

4 l, = calcNetLat(partition, bs);

5 l; = calcInferenceLat(partition, bs);

6 t* =00, 1 = [];

7 for gpu in partition do

8 t=ty, =1

// est. time to transfer feature map

9 if not first partition then

10 u = lastGpu.netUL, d = gpu.netDL;
11 t = earliestSlot([u, d], t, 1,);

12 r+=[{u, t, L}, {d, t, l,}], t += lp;

// est. time to finish inference

13 t = earliestSlot([gpu], ¢, [;);

14 r+= [{gpu, t, ;}], t +=I;;

15 if t <t* then

16 L t"=t, r* =r, gpu* = gpu;

17 tg =1t", ry +=r*, lastGpu = gpu’;

18 return r,; // resource usage
19 function reserve(r,)
20 | for {res, start, dur} in r, do

21 L markReserved(res, start, dur);

resource availability, it directly takes into account extra delays D2 (inter-partition queuing
delay) and prevents D3 (network contention delay). The pipeline and batch size arguments
are chosen by the adaptive batching algorithm described later, which takes into account D1
(initial batching delay).

probe() works as follows. For each partition within the pipeline, we go through all
virtual GPUs allocated to the partition and determine placing the batch on which virtual
GPU gives the earliest completion time for that partition stage (¢*) and reserve the resource

for the time and duration (r*). Since each partition stage other than the first partition

109



consists of two steps — receiving the intermediate feature map from the previous partition
and performing inference, for each candidate virtual GPU, we add up the earliest completion
time for downloading the feature map, after which the earliest completion time for the
inference. We implement this using a helper function earliestSlot(res, t, 1), which
returns the earliest time (no earlier than ¢) when a list of resources res are free for duration
[. Since feature map transfer requires the network resources on both sending and receiving
sides to be available at the same time, we use earliestSlot(res, t, 1) to find the earlier
available transfer slot that works for both the last GPU’s uplink and current GPU’s downlink
(lines 10-12). After reserving the two links for feature map transfer, we update current
time ¢ and find and reserve the earliest available inference time slot for the current GPU
(lines13-14). The resource allocation algorithm runs in linear time in the number of virtual

GPUs allocated to the pipeline.

Resource reservation-assisted adaptive batching. Adaptive batching is widely em-
ployed by prior work to avoid latency SLO violations during runtime, by dynamically adjust-
ing the batch size based on the closeness of the requests’ deadlines [28], [103]. We face two
challenges in applying adaptive batching in our system: (1) The optimal batch size depends
on which pipeline the batch is sent to; (2) The optimal batch size for a chosen pipeline
depends on resource availability. We overcome both challenges by utilizing our resource
reservation functions described above. Algorithm 4 shows our resource reservation-aware
adaptive batching algorithm.

We start by deciding on the pipeline by probing which pipeline can finish a batch of its
unified batch size with the least amount of waiting time given the current resource availability,
where the waiting time is calculated as the sum of time spent waiting for each needed
resource in the pipeline path returned by probe (). While this approach does not necessarily
select the optimal pipeline, as it does not consider the properties, e.g., the deadlines of
pending requests, our experiments show that requests are distributed to different pipeline in
proportion to their expected throughputs in the MILP solution.

Next, we decide the pipeline path and the batch size for the selected pipeline by probing

the completion time for batches of different batch sizes. In particular, we keep decreasing
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Algorithm 4: Resource reservation-aware adaptive batching.

1 while true do
2 q = pending requests sorted by arrival;

// choose the pipeline
t* = oc;
for pipeline in pipelines do
r = probe(pipeline, pipeline.bs);
if waitTime(r) < ¢* then
L t* = waitTime(r), pipeline* = pipeline;

4 o oA ®

// choose the batch size

for bs = pipeline*.bs down to 0 do

9 r = probe(pipeline*, bs);

10 if finishTime(r) < ¢[0].deadline then
11 L break;

// choose the action
12 if bs == 0 then

13 ‘ drop ¢|0];

14 else if g.length < bs then

15 ‘ wait for more requests till requests in ¢ are about to miss deadline;
16 else

17 L reserve(r);

18 dispatch first bs requests in ¢ according to r;

the batch size starting from the batch size in the MILP solution and hence the inference
latency, until the completion time returned by probe() is before the deadline of the first
(oldest) pending request. Finally, one of three actions is taken depending on the chosen
batch size and the number of pending requests. If the deadline cannot be met even with
batch size 1, the oldest request will be dropped and the adaptive batching process starts over;
if the number of pending requests is smaller than the chosen batch size, the scheduler waits
for more requests (till the last moment when the requests in queue can still be processed
without SLO violation if no more requests are coming in); otherwise, the resources returned
by probe () are reserved and the requests at the head of queue are grouped into a batch of the

chosen batch size and dispatched to the virtual GPUs according to the resource reservation.
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Since the batch size is based upon the actual remaining time of the requests in the queue,
the extra delay D1 (initial batching delay) is taken into account.

The pseudocode for our adaptive batching algorithm is provided in ?7?.

Feedback correction. The resource reservation functions maintain resource reservation
tables that keep track of when each resource will be used. However, this scheduler’s view of
resource usage might deviate from reality due to variations in inference time and network
bandwidth. To this end, we let all workers report back to the scheduler when the reserved
resources were actually used immediately after every resource usage. The scheduler updates
the resource usage table accordingly. The feedback correction mechanism ensures that the

scheduler’s view of resource usage is synchronized with reality at all times.

Extra SLO margin in the control plane. While our resource reservation-based adaptive
batching algorithm ensures requests meet their SLOs,; we notice that the resulting batch size
may be much smaller than that in the MILP output due to extra delays D1-D3, causing
large deviations from the MILP plan. To bridge the gap between control plane planning
and data plane execution, we deduct an empirically determined margin from the SLO when
running the control plane MILP solver, so that the adaptive scheduler picks batch sizes the

same as in the MILP output most of the time.

4.6 Implementation

Offtine phase and control plane. We implement the offline phase and control plane in
Python in 2.7 kKLOC. We use Gurobi [144] as the MILP solver. We work with DNN models in
their ONNX format and TensorRT format interchangeably, since the ONNX format provides

flexibility, while the TensorRT format provides high inference performance.

Data plane. We implement both a discrete-event simulator capable of simulating large-
scale GPU clusters, as well as a real-world implementation for IPIPE’s data plane, in about
9.0 kLOC. The simulator is implemented in Java, and the real-world implementation is in
a combination of Julia and C++. For the real-world implementation, the inter-node com-
munication is implemented with TCP for control messages and NVIDIA NCCL for feature

maps. To minimize the feature map transfer latency, we quantize float32 feature maps to
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float16 (only at partition boundaries), effectively reducing the transfer size by half. We find
such quantization has negligible impact on the inference accuracy. For example, the accu-
racy dropped by 0.00%, 0.01%, 0.01% for object recognition, object detection, and instance

segmentation tasks, respectively.

4.7 Evaluation

In this section, we evaluate IPIPE’s serving performance under a variety of DNN models
from different tasks, considering various combinations of low-class and high-class GPUs. We
show that IPIPE can serve 15.9%64.0% more requests compared to various baselines while
meeting 99% SLO attainment, on the discrete-event simulator with 100 GPUs. Additionally,
on 16-GPU clusters deployed on Google Cloud, IPIPE achieves 16.7%-52.8% higher serving
throughput. We also conduct sensitivity analysis to show the impact of GPU composition

and SLO on IPIPE’s performance.

4.7.1 Methodology

Table 4.1. Heterogeneous Cluster (HC) setups.

Setup GPUs ‘ Setup Instances GPUs ‘ BW (Gbps)
25x L4, 4% g2-standard-16, 4x L4,

HOL-L 75x P4 HCL-S 2x nl-highcpu-16 12x P4 o
25x 14, 1x g2-standard-48, 4x L4,

HO2L o T4 HE2S ni-highcpu-32  12x T4 32
25x V100, 2x nl-highcpu-16, 4x V100,

HES-L 75x P4 HE3-5 12x nl-highcpu-16 12x P4 o
25x V100, 1x nl-standard-64, 4x V100,

HC4-L 75x T4 HC4-S 6x nl-highcpu-32 12x T4 32

Cluster configuration. We consider 4 heterogeneous cluster setups, labelled as HC1—-HC4
in Table 4.1. Each setup consists of a large (L) 100-GPU variant used for the discrete-event
simulator, and a small (S) 16-GPU variant deployed on Google Cloud. Note that a Google

Cloud VM instance can host multiple GPUs, resulting in each HC having a varying number
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of VMs while maintaining a consistent number of GPUs. Accounting for the scarcity of
high-class GPUs [24], our default configuration includes 25 high- and 75 low-class GPUs for
each HC’s large variant, and 4 and 12 for the small variant. We further evaluate IPIPE’s
performance under different ratios of high- and low-class GPUs in §4.7.6. Note that for
GPU-equipped VMs, Google Cloud provisions network bandwidth based on the number and
type of its GPUs, leading to different interconnect bandwidths across HCs. Furthermore,
the effective bandwidth for both large and small clusters is only 1/5 the claimed values in

Table 4.1 to accommodate the observed 5x network tail latency on Google Cloud.

Table 4.2. DNN models used in the evaluation.

Recognition ‘ Detection ‘ Segmentation ‘ Others
ConvNext [146] ATSS [147] APCNet [148] Color-v2 [149]
EfficientNet [140] | CenterNet [150] | DNL-Net [151]

GoogleNet [152] | FSAF [153] EncNet [154]

RepVGG [155] | GFL [156] FCN [157]

WideResNet [158] | RTMDet [159] GCNet [160]
EfficientDet [161] | NonLocalNet [162]

DNN models. We select 18 DNN models from public DNN registries such as TorchVi-
sion [163], OpenMMLab [164], and OpenVINO model zoo [165]. The selected DNNs serve a

variety of popular computer vision tasks, as shown in Table 4.2.

Metrics. We employ two key metrics to evaluate the inference serving capability. First,
SLO attainment represents the percentage of requests that are successfully processed without
being dropped or violating the SLO, under a specific offered load. Second, we measure the

maximum load that the system can handle at 99% SLO attainment.

Baselines. We compare IPIPE against various baselines as described below. For fair

comparison, we use IPIPE’s data plane, i.e., the resource reservation-based adaptive batching

(§4.5.5), with all baselines.

« No-Partitioning (NP). NP executes the entire DNN on either high-class or low-class
GPUs without partitioning. The allocation is done by solving IPIPE’s MILP formulation
without model partitioning. When integrated with IPIPE’s centralized scheduler, NP
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effectively performs adaptive batching to dispatch the largest possible batch to the next
available GPU while meeting the SLOs for each request in that batch. This way of serving
DNNs on a heterogeneous cluster is representative of various prior works [93], [96], [105],
[107], [127], [166]-[168].

« DART-r. DART [136] is a DNN inference framework that can partition a DNN onto
heterogeneous CPU and GPU cores. However, vanilla DART assumes each partition is
served by a single GPU, limiting the number of partitions to the number of devices, and its
usage to scenarios with only a few GPUs. To address this limitation, we introduce DART-
r, a modified version that replicates DART configurations applied to pairs of low- and
high-class GPUs (more efficient than longer pipelines from fewer feature map transfers).
In cases where one class has more GPUs than the other, the leftover GPUs are allocated
to run entire DNNs without partitioning. Finally, quantization is applied to the partition

boundaries in the same way as in IPIPE.

Setup. Following prior work [129], for each DNN, we set the default SLO to be 5x its
inference latency on the fastest GPU (NVIDIA L4) at batch size 1; we further evaluate
IPIPE under other SLOs in §4.7.6. As mentioned in §4.5.5, to bridge the gap between
control plane planning and data plane execution caused by the extra delays, a 40% margin
is deducted from SLO as input to DART-r and IPIPE’s MILP formulation, as well as in NP
(which does not have D2, but effectively longer D1) for picking the maximum batch sizes
that satisfy the SLO. In the comparison of IPIPE with the baselines, we use load factor 1.0 to
denote the serving throughput in the output of IPIPE’s MILP. We generate Poisson-arrival
requests with an average request rate (\) ranging from 0.05 to 1.0 times the load factor, at

an interval of 0.05. For each A, the experiment lasts 30 seconds.

4.7.2 End-to-end Results

Overall results. In this section, we evaluate IPIPE’s capability of serving DNNs over
100-GPU clusters (HC1-L to HC4-L) on the discrete-event simulator. We randomly divide
the 18 DNNs into 6 groups of 3 DNNs each (G1-G6), and serve DNNs within each group

in parallel. DNNs within each group are assumed equal amount of incoming workloads.

115



During runtime, we record the maximum load ratio that each DNN can achieve under 99%

attainment.
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Figure 4.5. The maximum load factor each system can achieve under 99%
SLO attainment on 100-GPU clusters.

Figure 4.5 shows under cluster configurations HC1-L to HC4-L respectively, the max-
imum load factor achieved under 99% SLO attainment, averaged over the DNNs in each
group. Firstly, we find that IPIPE consistently outperforms NP. Across HC1-L-HC4-L, IP-
IPE achieves 64.0%, 30.2%, 46.2%, 42.4% higher load factors than NP, showing the advantage
of IPIPE’s model-parallelism inference. Secondly, compared to DART-r, IPIPE achieves a
44.8%, 15.9%, 34.0%, and 24.6% higher load factors, showing the advantage of IPIPE’s
pool-based inference over DART-r, which replicates a plan optimized for a chain of low-
and high-class GPUs. Finally, IPIPE consistently achieves high improvements across cluster
configurations. For example, compared with NP, IPIPE achieves 67.3%, 34.0%, 47.2%, and
46.6% higher load factors on HC1-L to HC4-L, respectively. This shows IPIPE’s robustness
on different types of high- and low-class GPUs.

Figure 4.6 shows each framework’s temporal utilization of high- and low-class GPUs.
While all frameworks achieve high utilization of high-class GPUs, NP and DART-r show zero
or low utilization of low-class GPUs. On average, NP, DART-r and IPIPE achieve utilizations
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Figure 4.6. GPU temporal utilization under 99% SLO attainment, averaged
over DNNs for each cluster configuration.

of 8.2%, 29.1%, and 73.5% respectively on the low-class GPUs. NP’s low utilization is caused
by the high inference time of whole DNNs on low-class GPUs, which often prohibits low-class
GPUs from being used. While DART-r employs DNN partitioning, it chains only one low-
end GPU with each high-end GPU, resulting in under-utilization of excess low-end GPUs
when their number exceeds that of high-end GPUs.

SLO attainment under varying load factors. Figure 4.7 shows the SLO attainment
under varying load factors. For brevity, we showcase only the SLO attainment for DNN group
G1, which includes EfficientNet-B8, EncNet, and RtmDet. The attainment is averaged over
the 3 DNNs. For example, with IPIPE on HC1-L at 1.0 load factor, the 3 DNNs achieve SLO
attainments of 99.4%, 98.6%, and 98.4%, resulting in an averaged attainment of 98.8%.

We observe that IPIPE outperforms both NP and DART-r, achieving the highest SLO
attainment under the same load factors. Consequently, it achieves a higher load factor
while ensuring 99% SLO attainment. For example, when serving the DNNs on HCI1-L,
IPIPE ensures 99% SLO attainment under load factors up to 0.95, meaning it can handle at
least 95% of the load calculated by the MILP solver. In contrast, NP and DART-r's SLO
attainment dips below 99% as the load factor exceeds 0.45 and 0.55, respectively. This is
due to the fact that a load factor of 1.0 represents the serving capacity of IPIPE, which is
higher than the capacity of NP or DART-r, leading to the dropping of requests beyond their
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Figure 4.7. SLO attainment of DNN group G1 under varying load factors,
averaged over the 3 DNNs in the group. The vertical dotted line denotes the
load factor at which each system reaches 99% SLO attainment.

respective serving capacities. Note that although IPIPE achieves higher load factors than
the baselines, it may not reach the full load factor of 1.0, as seen with HC1-L, HC2-L, and
HC4-L. This is due to the fact that requests arrive in a Poisson arrival, which cannot be
fully accounted for by the MILP solver, as discussed in §4.4.

MILP runtime. IPIPE’s MILP solver takes 4.6 seconds on average, showing the effec-
tiveness of IPIPE’s pre-partitioning (§4.5.3) for reducing the MILP complexity, and enables
IPIPE’s capability to quickly adapt to dynamic load changes, such as diurnal workload

variations or changes in GPU availability within the cluster.

4.7.3 Testbed Results

We verify IPIPE’s DNN serving capability with our real implementation on real-world
16-GPU heterogeneous cluster (HC1-S to HC4-S) testbeds deployed on Google Cloud. Due
to the testbed’s smaller GPU counts, instead of serving DNNs in groups of three as in §4.7.2,
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we serve the DNNs one at a time. Figurc 4.8 shows the maximum load factor under 99%
SLO attainment averaged over the DNNs.

First, we observe that IPIPE consistently outperforms NP, achieving 42.6%—52.8% higher
load factors at 99% SLO attainment across the cluster configurations. This validates the ad-
vantage of IPIPE’s model-parallelism inference in a real-world setting. Secondly, compared
to DART-r, IPIPE achieves 16.7%-34.1% higher load factors, which shows the advantage of
IPIPE’s pool-based inference. Finally, IPIPE continues to achieve consistently high improve-
ments across various cluster configurations. For example, compared with NP, IPIPE achieves
52.8%, 42.6%, 48.1%, and 48.8% higher load factors on HC1-S to HC4-S, respectively. In
summary, IPIPE’s high improvements over NP and DART-r, previously demonstrated on

the discrete-event simulator, remain robust when deployed on a real-world testbed.

4.7.4 Ablation Study: Benefit of Resource Reservation

As discussed in §4.5.5, IPIPE’s resource reservation-based data plane dynamically sched-
ules requests onto GPUs to overcome the delays induced by bursty request arrival and
network contention. To demonstrate its effectiveness, we compare it to the reactive data

plane design mentioned in §4.5.2. The reactive scheduler performs adaptive batching inde-
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pendently before each pool of GPUs. It chooses the largest possible batch size, based on the
amount of time until the SLO deadline, assuming the resources are available when the batch
enters each subsequent stage, i.e., no queuing delay.

Figure 4.9 shows the maximum load factor achieved by the two data plane designs under
99% SLO attainment on HC2-L, averaged over the DNNs. IPIPE achieves an average load
factor of 0.91, while reactive only achieves 0.71. The primary factor contributing to this
performance degradation, is due to the fact that the reactive scheduler lacks resource usage
tracking which leads to batches being scheduled onto servers with saturated network links,
causing bloated transfer delays. For example, for EfficientNet-B8, where IPIPE achieves
99% SLO attainment at 1.0 load factor, the reactive scheduler only manages a 0.35 load
factor. With 10 Gbps effective bandwidth, feature map transfer between the first and second
partition should take 5.1 ms, but the reactive scheduler leads to average transfer times of
18.6 ms and worst-case times of 37.9 ms, resulting in excessive request drops before the

second partition in order to meet the SLO.

4.7.5 Microscopic Analysis

In this section, we provide a microscopic analysis of IPIPE, using the FCN model served
on the HC3-S cluster on Google Cloud as an example, where IPIPE achieves a load factor

of 0.95 under 99% SLO attainment.

Plan structure. Figure 4.10 shows the partitioning plan generated by IPIPE’s MILP solver
for cluster HC3-S, which consists of 4x V100 and 12x P4 GPUs. The inference latency of
the FCN model on the fastest GPU (NVIDIA L4) is 6.66 ms, establishing an SLO of 33.3
ms under an SLO scale of 5. The resulting plan comprises of two pipelines, one with a single
partition and the other with two partitions.

The first pipeline consists of a single V100 GPU, performing inference with a batch
size of 2, where each batched inference takes 12.3 ms. The theoretical throughput of this
pipeline is (2 x 1/0.0123) = 162 requests per second. The second pipeline consists of two
partitions, with 12 P4 and 3 V100 GPUs respectively, with 1.4 ms of feature map transfer
time in between. Employing batch size unification (§4.5.4), both partitions perform batch
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Partitioning Plan
GPUs: 4xV100,12x P4 Bandwidth: 32 Gbps
SLA:  33.3ms Throughput: 1212 req/s

Partition 1
vGPU model: 1/1 V100
VGPU count: 1
Batch size: 2
Inference: 12.3 ms
Throughput: 162 req/s

Pipeline 1

Partition 1 Partition 2
vGPU model: 1/1 P4 VvGPU model: 1/2 V100
vGPU count: 12 NCCL \|vGPU count: 6
Batch size: 1 1.4ms [| Batch size: 1
Inference: 111 ms Inference: 5.7 ms

Throughput: 1082 req/s Throughput: 1050 req/s
. J

Pipeline 2

Figure 4.10. The partitioning plan for the FCN model on HC3-S.

size 1 inference. Note that to achieve such a unified batch size, IPIPE subdivides the three
V100s in the second partition into six virtual GPUs using NVIDIA MPS. Furthermore, we
observe that the two partitions yield similar throughputs of 1082 and 1050 requests per
second respectively, resulting in a total throughput of 1050 (the minimum of the two). This
shows IPIPE’s ability to balance resource allocation between partitions to achieve matched

throughput.

Runtime behavior. Figure 4.11 shows an example timeline of the DNN inference on each
virtual GPU. We observe that IPIPE performs inference back-to-back in pipeline 1, as well
as pipeline 2’s partition 2, fully using their GPUs. Note that pipeline 2’s partition 1 expe-
riences underutilization, due to the fact that it was provisioned with slightly higher serving
throughput than partition 2, as shown in Figure 4.10. Furthermore, the figure showcases that
IPIPE’s pool-based pipeline allows a batch to be processed by any GPU within each parti-
tion, allowing different partitions with different inference latencies to accommodate different

numbers of GPUs.
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Figure 4.11. An example timeline serving the FCN model on HC3. Each
row represents a vGPU, and each box corresponds to a batched inference. The
highlighted pairs of boxes denote the same batches across the partitions within
a pipeline.

4.7.6 Sensitivity Analysis

In this section, we study IPIPE’s sensitivity to various factors, on cluster HC1-S deployed
on Google Cloud.
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Figure 4.12. Sensitivity of IPIPE to various factors. Results are averaged

over 18 DNNs on HC1-S.

Varying SLO scales. In DNN serving settings, operators may exhibit diversity in SLO

requirements that deviate from the default SLO scale of 5. We evaluate IPIPE considering

various SLO scales ranging from 2 to 10 at intervals of 2, as shown in Figure 4.12a. We

122



observe that IPIPE’s performance peaks at a load factor of 5, achieving an improvement of
52.8%, but exhibits a decline with either lower or higher SLO scales.

For example, with an SLO scale of 2, IPIPE shows no improvement over NP, as such
stringent SLOs render the utilization of low-class GPUs impractical for either NP or IPIPE.
Consequently, IPIPE resorts to running entire DNNs on high-class GPUs, essentially falling
back to NP. Conversely, as the SLO scale increases to 10, IPIPE’s improvement over NP be-
comes marginal, due to the fact that more DNNs can now meet the SLO running exclusively
on low-class GPUs, and hence the low-class GPUs can be utilized in NP, thereby narrowing

the gap between NP and IPIPE.

Varying GPU ratios. In Figure 4.12b, we evaluate IPIPE under varying ratios of high-
class (NVIDIA L4) to low-class (NVIDIA P4) GPUs, which shows that IPIPE attains more
improvements over NP on clusters with fewer high-class GPUs. For instance, with a high-low
ratio of 2:14, IPIPE achieves a 64.03% higher load factor; as the percentage of high-class
GPUs increases, IPIPE’s improvement diminishes, reaching 5.64% at a high-low ratio of 12:4.

Varying SLO margin size. As discussed in §4.7.1, a 40% margin was subtracted from
the SLO in both the MILP formulation of IPIPE and the determination of batch sizes in
NP. The impact of the margin size is two-fold — a larger margin size reduces the ideal-case
serving capacity (7.e., what load factor 1.0 signifies), but increases the load factor achievable
under 99% SLO attainment in practice. Figure 4.12¢ shows that under varying margin
sizes, IPIPE’s attainment increases with larger margin sizes, but plateaus as the margin
size increases beyond 40%. Furthermore, IPIPE achieves the highest gain of 52.8% over NP
under the margin size of 40%, but also maintains a relatively high improvement over NP at

20% and 60% margin sizes, of 24.9% and 16.4% respectively.

4.8 Related Work

Model serving with pipeline parallelism. Several works on serving DNNs explore
pipeline parallelism to address a variety of scenarios and objectives. DART [136] partitions
DNNs onto a chain of CPUs and GPUs. However, it does not scale to large GPU clusters, as

it will generate as many partitions as the number of GPUs in the cluster, resulting in frequent
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transfer of feature maps which is costly. AlpaServe [129] improves serving throughput by
employing pipeline parallelism that facilitates the multiplexing of GPUs across multiple
DNNSs, but it does not exploit pipeline parallelism on heterogeneous clusters. Another line
of works specialize in serving RNN, transformer, or hierarchical DNN models [169]-[171] in

a pipelined fashion.

Serving whole DNNs on heterogeneous clusters. Such works typically focus on
serving multiple DNNs concurrently, and study the placement of whole DNNs on servers
with the goal of either minimizing the cost of cloud VMs [93], [107], [166], or maximizing
the throughput of on-premise clusters [105], [167]. Furthermore, several works have studied
serving video analytics applications that utilize multiple DNNs forming a Directed Acyclic
Graph (DAG) [96], [127], [168]. However, such works do not exploit the diversity across the
layers within a DNN.

DNN serving on homogeneous clusters. Several works focus on model serving on
homogeneous clusters [28], [34], [103], [128]. However, they do not exploit DNN partitioning
or take advantage of the heterogeneity of GPUs.

DNN training with model parallelism. Various works exploit tensor or pipeline par-
allelism (or both) in model training [132], [135], [137], [138], [172]. Compared to inference,
training has a different set of scenarios and requirements, e.g., it does not need to meet SLOs

or tackle non-deterministic request arrivals.

4.9 Summary

In this chapter, we presented IPIPE, a system for making effective use of mixed GPUs
on heterogeneous clusters in serving video analytics applications. The key innovation of
IPIPE is three-fold: pool-based pipelined model inference, an MILP-based control plane
that prescribes optimal pipeline plans, and a data plane that performs resource reservation-
based adaptive batching to handle runtime dynamics due to asynchronous and bursty request
arrivals. Evaluation results on production workloads show that IPIPE achieves 15.9%64.0%

higher serving throughput compared to various baselines.
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4.A Mathematical Representation of Basic MILP Formulation

Table 4.3. Inputs to the MILP formulation (top) and values derived from
inputs (bottom).

Input Description

N,  GPU count of GPU class k

T The latency SLO
Ly The inference latency of layer i under batch size b on GPU class k
S; The output feature map size of layer i under batch size 1

D, Number of partitions in pipeline [
Gy A list of tuples (I, d) indicating GPU class k is used for partition d of pipeline [
M Number of layers in the DNN model
Ciapij  The inference latency of DNN partition consisting of layers i to j (exclusive) with
batch size b on GPU class associated with (I, d)
Xiapij  The inference throughput of DNN partition consisting of layers i to j (exclusive)
with batch size b on a single GPU associated with (I, d)
Yy The transfer latency of the feature map of layer j — 1 with batch size b

Table 4.4. Output (top) and intermediate (bottom) decision variables in the
MILP formulation.

Variable Description

piavi; € {0,1}  Whether partition d in pipeline | spans from layer i to j (exclusive) and
runs at batch size b
Guavi; € N Number of GPUs used by partition d in pipeline [

tia € R>o Inference latency of partition d in pipeline [

710 € R5g  Inference throughput of partition d in pipeline /

ng € Rxg Transfer latency between partition d and partition d + 1 in pipeline [
x; € R>g Inference throughput of pipeline [

As shown in Table 4.3, the MILP formulation takes as input the cluster configuration,
the latency SLO, and profiling information of the target DNN model. For the convenience of
formulating mathematical constraints, the raw inputs are further processed and transformed
into different representations. Table 4.4 lists both output decision variables and intermediate
decision variables that will only be used inside the MILP formulation. The MILP solution

outputs the partition points for each pipeline, as well as the batch size and number of GPUs
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used by each partition. The MILP formulation maximizes the total inference throughput

across all pipelines:

maximize Y ; x;

The optimization is under the constraint that inference latency of each pipeline does not
exceed the latency SLO, and the total number of GPUs allocated across partitions does not

exceed the cluster configuration. The constraints are formally formulated below.

2 bij Pravij = 1 Vi, d (4.1)

Diaij = 0 Vi, d,b,i>j (4.2)

>obi Daviy = 1 = 2wy vy = 1 Vi,d =d+1,i =] (4.3)
2 Puavij = 1 Vi,d=0,i=0 (4.4)

> i Puavij = 1 Vi,d=D;—1,j=M (4.5)

Diavij = 0 = Guapij = 0 Vi, d,b,i, ] (4.6)

Piavij = 1 — Guanj = 1 Vi,d,b,i,] (4.7)

2 i (1,d)eGy Giavij < Ny vk (4.8)
tig = iy Clavij * Pravij vi,d (4.9)

Tyq = Zbij debij * Gldbij Vi, d (4-10)

Nid = 2pij Yoj * Didbii vi,d (4.11)

Yatia+ 2Xama <T vl (4.12)
2] = ming T4 Vi (4.13)

Equations (4.1)—(4.5) ensure DNN partitions are well formed, i.e., partitions cannot be
empty, the last and first layers in adjacent partitions must also be adjacent, and the first
partition within a pipeline must start with the first layer, while the opposite applies to the
last partition. Equation (4.8) represents the constraint on the total GPU count. Equa-

tions (4.9)—(4.11) calculates for each partition the inference latency, inference throughput,
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and transfer latency, respectively. Finally, Equation (4.12) enforces the latency SLO con-
straint.

The formulation can be easily scaled to the case of multiple DNN models, where each
DNN model has its own set of decision variables and constraints, with the additional con-
straint that the total number of GPUs allocated to all DNN models does not exceed the

cluster configuration.

4.B Mathematical Representation of MILP Formulation with Batch Size Uni-
fication

Table 4.5. Inputs to the MILP formulation (with batch size unification) (top)
and values derived from inputs (bottom).

Input Description

Ny, GPU count of GPU class k
T The latency SLO
Liwi  The inference latency of block i under batch size b on virtual GPU of size 1/v and
GPU class k
S; The output feature map size of block i under batch size 1

D, Number of blocks in pipeline [
Gy A list of tuples (I, d) indicating GPU class k is used for partition d of pipeline I
M Number of layers in the DNN model
Clavsij The inference latency of DNN partition consisting of blocks i to j (exclusive) with
batch size b on 1/v virtual GPU of GPU class associated with (I, d)
Xiawsij The inference throughput of DNN partition consisting of blocks i to j (exclusive)
with batch size b on 1/v virtual GPU of GPU class associated with (I, d)
Y The transfer latency of the feature map of block j — 1 with batch size b

The inputs and decision variables to the MILP formulation with batch size unification
(Table 4.5 and Table 4.6) are similar to that of the basic MILP formulation (§4.A), with
the exception that both the model profiling inputs and decision variables now include an

additional dimension representing virtual GPUs, and that the profiling inputs are for blocks
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Table 4.6. Output (top) and intermediate (bottom) decision variables in the
MILP formulation with batch size unification.

Variable Description

Puawvsij € {0,1}  Whether partition d in pipeline [ spans from block i to j (exclusive) and
runs at batch size b on 1/v virtual GPU

Gavbij € N Number of virtual GPUs used by partition d in pipeline [

tia € R>g Inference latency of partition d in pipeline [
21g € R>g Inference throughput of partition d in pipeline [
g € R>g Transfer latency between partition d and partition d 4+ 1 in pipeline [

x; € R>g Inference throughput of pipeline [

instead of layers, and the same applies to the last two dimensions of the output decision

variables. The MILP formulation optimizes for the same throughput objective:

maximize »;

The optimization is under a similar set of constraints as shown below.
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The major differences lie in Equations (4.16) and (4.21). In Equations (4.16), the dimen-

sion b is not summed over, which enforces that the same batch size used by the first partition

will also need to be used by the next partition. In Equations (4.21), the decision variable g

represents the count of virtual GPUs, thus, dividing it by v gives us the number of physical

GPUs that the partition uses (note that v is not a decision variable and such divisions are

allowed in MILP).
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5. CONCLUSIONS AND FUTURE WORK

5.1 Conclusions

Achieving high accuracy and efficient AR task offloading in real-world AR app deploy-
ment faces two fundamental challenges: the need to offload multiple DNN-supported tasks
concurrently to achieve app functionality, and the necessity for concurrent AR clients from
a large user base to offload to a cluster of GPU servers. Addressing these challenges re-
quires scaling existing systems to handle an increasing number of AR tasks, AR clients, and
edge servers, which in turn prompts new design goals and introduces complex scheduling
challenges.

In this thesis, we have presented systems designed to address these unique challenges
arising from scaling AR tasks, AR clients, and edge servers, respectively. Firstly, we pre-
sented AcCUMO, the first framework that dynamically schedules offloading of multiple
compute-intensive DNN tasks of an AR app while optimizing the overall DNN inference
accuracy across the tasks. We employ a two-level control feedback loop that adapts be-
tween alternative local execution options within each task module and globally balancing
offloading among multiple tasks using MPC. AccuMO improves the overall task accuracy
by on average 7.6%—14.3% over the best baseline under different accuracy weight ratios for
depth estimation and odometry. Secondly, we presented ARISE, the first framework that
addresses the AR inference serving problem for individual edge servers. The framework em-
ploys an online accuracy estimator that estimates the accuracy for each AR client under
various configurations and an online scheduler that proactively coordinate requests from the
clients served by a server. ARISE supports 1.7x—6.9x more clients compared to various base-
lines while keeping the per-client accuracy drops with the client-specified SLA. Lastly, we
presented IPIPE; a system for making effective use of mixed GPUs on heterogeneous clusters
in serving video analytics applications in general. The key innovation of IPIPE is three-fold:
pool-based pipelined model inference, an MILP-based control plane that prescribes optimal
pipeline plans, and a data plane that performs resource reservation-based adaptive batch-
ing to handle runtime dynamics due to asynchronous and bursty request arrivals. IPIPE

achieves 15.9%-64.0% higher serving throughput compared to various baselines.
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5.2 Future Work

Holistic edge-assisted AR system design. In this thesis, we presented systems that
handle the scaling of AR tasks, AR clients, and edge servers. However, each system only
tackles one aspect, without consideration of the others. Simply stapling the systems together
may result in conflicts in scheduling decisions and lead to suboptimal schedules. With
multiple AR tasks and multiple edge servers, the per-task offloading frequency and the task-
server assignment may interact with each other. For example, increasing the offloading
frequency for one task to attain higher task accuracy would require allocating more servers
to that task to maintain the current client count. An important step forward in the design of
edge-assisted AR systems is to integrate all three aspects into a single, cohesive system that
manages such complex interactions effectively. Furthermore, such a holistic design unlocks
more optimization opportunities. For instance, consider multiple AR clients with different
content accuracy requirements offloading to a cluster of edge servers. Assigning clients with
similar accuracy drop rates to the same server can improve serving capacity by enabling

larger batch sizes for servers handling clients with lower accuracy drop rates.

Edge-assisted AR system and network co-design. Due to the stringent latency re-
quirements, edge-assisted AR is widely regarded as a “killer” app for 5G, which supports
ultra-high bandwidth and low latency. However, as the number of AR clients increases,
network congestion may still occur, leading to longer frame transfer latency and reduced
AR task accuracy due to shared uplink channels. AR system-aware network scheduling,
e.g., prioritizing requests with higher accuracy requirements while considering the impact
on batched inference due to changes in request arrival, can enhance overall task accuracy.
Frame transfer latency can be further reduced by making the uplink resource grant mech-
anism AR system-aware. Traditionally, the base station grants uplink resources only after
clients have communicated their transmission needs, which occurs after frames have been
pushed into the client-side transmission buffer, adding extra round-trips to the critical path.
However, an AR system-aware design can schedule and grant uplink resources in advance

based on expected frame transfer timings and sizes, streamlining the frame transfer process.
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Generalization to system design in other domains. The systems presented in this the-
sis are specifically designed for supporting edge-assisted AR systems by leveraging unique
AR workload characteristics, with some systems, such as IPIPE, being broadly applicable
to video analytics systems. Generally, these workloads are restricted to computer vision
tasks. However, the insights and techniques developed can potentially be applied to other
domains. For example, in natural language processing, large language models (LLMs) consist
of uniform layers, which precludes the use of our insights on non-uniform layers. Neverthe-
less, we can apply the technique of pairing low-end GPUs with high-end GPUs to utilize
low-end GPUs when running the entire model on low-end GPUs exceeds the latency SLO.
Additionally, language models exhibit diversity in computational characteristics between the
prefill and decode stages. Pipelining these stages can also leverage different GPU types, thus

optimizing performance across various computational tasks.
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