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ABSTRACT
DNN inference is becoming prevalent for many real-world

applications. Current machine learning frameworks usually

schedule inference tasks with the goal of optimizing through-

put under predictable workloads and task arrival patterns.

Yet, inference workloads are becoming more dynamic with

bursty queries generated by various video analytics pipelines

which run expensive inference only on a fraction of video

frames. Thus it is imperative to optimize the completion

time of these unpredictable queries and improve customer

experience.

We propose the preliminary design of the first online in-

ference task scheduling system, called Irina, that takes com-
pletion time under unpredictable workload as its primary

objective. Irina augments the design space of inference task

scheduling with three new strategies, namely batching, stack-

ing, and preemption, in order to more flexibly schedule the

tasks and reduce overall latency. Simulation results with em-

pirical inference execution data shows that Irina can improve

average task completion time by 1.3x–2.5x over TensorFlow

Serving scheduling.

CCS CONCEPTS
• Computer systems organization → Cloud comput-
ing; •Theory of computation→Distributed algorithms;
• Software and its engineering → Scheduling.
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1 INTRODUCTION
Low-latency DNN (deep neural network) inference over

live data streams has emerged as an important workload,

most notably in live video analytics [1, 27]. Enabled by ad-

vanced vision models, live video analytics is ubiquitously

used, but unlike other DNN applications (e.g., model train-

ing), its workload can be highly unpredictable. Interesting
events in real-world videos tend to occur intermittently and

such temporal patterns have been exploited by many video

pipelines (e.g., [14, 27]) to opportunistically avoid expensive

DNN inference on most video frames. With wider camera

deployments, more video streams—each with unpredictable

workload—could create more workload variance as a whole.

Unfortunately, recent inference frameworks are not well-

suited for maintaining low inference latency under unpre-

dictableworkloads.While these frameworks optimize through-

put or utilization through optimal batching and scheduling,

they are most effective only when the workload is largely

predictable. For instance, Nexus [21] splits time into epochs

and in each epoch it schedules inference tasks from a pre-

determined list in a way that exploits the inherent parallelism

of GPU. It assumes that the workloads in one epoch are sta-

ble and predictable. However, these schemes become less

efficient when future tasks arrive at unpredictable intervals

and/or with dynamic GPU/CPU demands; e.g., many video

analytics pipelines use expensive DNNs only on a small sub-

set of frames with unpredictable intervals (e.g., [14]). Other

frameworks exploit the DNN architectures to speedup infer-

ence, such as opportunistically caching intermediate feature

maps across DNNs that share layers [13]. None of them,

however, explicitly deals with unpredictable workloads or

minimizes the delay per inference task.

In this preliminary work, we present Irina, a novel DNN
inference scheduler tailored to reducing delay under unpre-

dictable workloads. It explores several strategies that are

largely overlooked in existing systems to efficiently share

the available (GPU) resources and minimize average infer-

ence delay.

• Batching:When receiving new queries (e.g., inference

on a new set of images), Irina dynamically decides

whether to batch themwith the ongoing inference task

(if they use the same DNN). As we elaborate in §2.2,
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DNN inference almost always underutilizes the GPU

cores, so opportunistically batching these tasks could

greatly reduce average inference delay.

• Preemption:When the new query and the ongoing

query use different DNNs (i.e., cannot be batched),

Irina will dynamically decide if it is beneficial to pre-

empt the ongoing query and start the new query in-

stead. This can be particularly efficient when the new

query is short or has a low delay tolerance.

• Stacking: Finally, Irina supports packing two tasks

together when there is enough spare resource on a

currently underutilized GPU. This is particularly useful

when the arrivals of queries using large DNNs are

interleaved with those using small DNNs.

Irina implements these techniques transparently without

requiring modifications to the query code.

While some strategies, for example dynamic batching and

preemption, have been used in other context, our contri-

butions lie in harnessing their potential to reduce online

DNN inference delay under unpredictable workloads. We

also investigate the systems challenges to enable these con-

trol knobs in common DNN frameworks. We use empirical

DNN inference execution data from a small GPU testbed to

conduct simulation to evaluate the performance of Irina. Our

preliminary results show that Irina can achieve 1.3x – 2.5x

speedups over state-of-the-art schedulers.

2 MOTIVATION
In DNN inference, multiple applications and DNN mod-

els share the GPU cluster. Existing inference task sched-

ulers commonly use canonical scheduling principles (FIFO

or shortest job first) to sequentially schedule tasks and ded-

icate a GPU for a task at one time [4, 6]. This is simple to

implement but misses many opportunities to minimize job

completion times (JCT). In many cases, customer experience

is influenced by query response time and any additional de-

lay of inference results can cause revenue losses and should

be minimized by the scheduler.

This section presents concrete examples to make a case

for three scheduling strategies, which would later become

the building blocks of Irina. Throughout the examples we

assume two types of inference task—one that requires more

GPU memory and relatively long delay (e.g., FasterRCNN-

ResNet152 for object detection) and one that requires less

GPU memory and relatively short delay (e.g., LeNet [17] for

license plate recognition). The performance of these DNN

models are given in Table 1 (used in §2.1 and §2.3) and Ta-

ble 2 (used in §2.2). The data is extracted from the MLperf

inference benchmark [3] with minor simplifications for ease

of exposition.

Model Batch Size

Latency

(ms)

Throughput

(reqs/s)

A

4 60 66

8 75 106

16 85 188

32 150 213

B

128 8 16000

256 10 25600

Table 1: Execution information for DNN models used in the exam-
ples in §2.1 and §2.3.
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<latexit sha1_base64="hFpxb7z/P4/hu+pR6QrCJWD60xQ=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0WPBi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9+Fde3616NW8Oskr8glShQKPvfvUGCctilIYJqnXX91IT5FQZzgROK71MY0rZmA6xa6mkMeogn586JWdWGZAoUbakIXP190ROY60ncWg7Y2pGetmbif953cxEN0HOZZoZlGyxKMoEMQmZ/U0GXCEzYmIJZYrbWwkbUUWZselUbAj+8surpHVR872af39ZrbtFHGU4gVM4Bx+uoQ530IAmMBjCM7zCmyOcF+fd+Vi0lpxi5hj+wPn8AU8XjPw=</latexit><latexit sha1_base64="hFpxb7z/P4/hu+pR6QrCJWD60xQ=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0WPBi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9+Fde3616NW8Oskr8glShQKPvfvUGCctilIYJqnXX91IT5FQZzgROK71MY0rZmA6xa6mkMeogn586JWdWGZAoUbakIXP190ROY60ncWg7Y2pGetmbif953cxEN0HOZZoZlGyxKMoEMQmZ/U0GXCEzYmIJZYrbWwkbUUWZselUbAj+8surpHVR872af39ZrbtFHGU4gVM4Bx+uoQ530IAmMBjCM7zCmyOcF+fd+Vi0lpxi5hj+wPn8AU8XjPw=</latexit><latexit sha1_base64="hFpxb7z/P4/hu+pR6QrCJWD60xQ=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0WPBi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9+Fde3616NW8Oskr8glShQKPvfvUGCctilIYJqnXX91IT5FQZzgROK71MY0rZmA6xa6mkMeogn586JWdWGZAoUbakIXP190ROY60ncWg7Y2pGetmbif953cxEN0HOZZoZlGyxKMoEMQmZ/U0GXCEzYmIJZYrbWwkbUUWZselUbAj+8surpHVR872af39ZrbtFHGU4gVM4Bx+uoQ530IAmMBjCM7zCmyOcF+fd+Vi0lpxi5hj+wPn8AU8XjPw=</latexit><latexit sha1_base64="hFpxb7z/P4/hu+pR6QrCJWD60xQ=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0WPBi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9+Fde3616NW8Oskr8glShQKPvfvUGCctilIYJqnXX91IT5FQZzgROK71MY0rZmA6xa6mkMeogn586JWdWGZAoUbakIXP190ROY60ncWg7Y2pGetmbif953cxEN0HOZZoZlGyxKMoEMQmZ/U0GXCEzYmIJZYrbWwkbUUWZselUbAj+8surpHVR872af39ZrbtFHGU4gVM4Bx+uoQ530IAmMBjCM7zCmyOcF+fd+Vi0lpxi5hj+wPn8AU8XjPw=</latexit>

(a) Current schedule

App A

App A

0
<latexit sha1_base64="uMaDhDIjFX99N65Rhs1b/J8iV9I=">AAAB6HicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPBi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZemAqujed9O6WNza3tnfJuZW//4PDIPT5p6yRTDFssEYnqhlSj4BJbhhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqegO36tW8Bcg68QtShQKNgfvVHyYsi1EaJqjWPd9LTZBTZTgTOKv0M40pZRM6wp6lksaog3xx6IxcWGVIokTZkoYs1N8TOY21nsah7YypGetVby7+5/UyE90GOZdpZlCy5aIoE8QkZP41GXKFzIipJZQpbm8lbEwVZcZmU7Eh+Ksvr5P2Vc33an7zulp3izjKcAbncAk+3EAd7qEBLWCA8Ayv8OY8Oi/Ou/OxbC05xcwp/IHz+QNqD4yC</latexit><latexit sha1_base64="uMaDhDIjFX99N65Rhs1b/J8iV9I=">AAAB6HicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPBi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZemAqujed9O6WNza3tnfJuZW//4PDIPT5p6yRTDFssEYnqhlSj4BJbhhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqegO36tW8Bcg68QtShQKNgfvVHyYsi1EaJqjWPd9LTZBTZTgTOKv0M40pZRM6wp6lksaog3xx6IxcWGVIokTZkoYs1N8TOY21nsah7YypGetVby7+5/UyE90GOZdpZlCy5aIoE8QkZP41GXKFzIipJZQpbm8lbEwVZcZmU7Eh+Ksvr5P2Vc33an7zulp3izjKcAbncAk+3EAd7qEBLWCA8Ayv8OY8Oi/Ou/OxbC05xcwp/IHz+QNqD4yC</latexit><latexit sha1_base64="uMaDhDIjFX99N65Rhs1b/J8iV9I=">AAAB6HicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPBi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZemAqujed9O6WNza3tnfJuZW//4PDIPT5p6yRTDFssEYnqhlSj4BJbhhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqegO36tW8Bcg68QtShQKNgfvVHyYsi1EaJqjWPd9LTZBTZTgTOKv0M40pZRM6wp6lksaog3xx6IxcWGVIokTZkoYs1N8TOY21nsah7YypGetVby7+5/UyE90GOZdpZlCy5aIoE8QkZP41GXKFzIipJZQpbm8lbEwVZcZmU7Eh+Ksvr5P2Vc33an7zulp3izjKcAbncAk+3EAd7qEBLWCA8Ayv8OY8Oi/Ou/OxbC05xcwp/IHz+QNqD4yC</latexit><latexit sha1_base64="uMaDhDIjFX99N65Rhs1b/J8iV9I=">AAAB6HicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPBi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZemAqujed9O6WNza3tnfJuZW//4PDIPT5p6yRTDFssEYnqhlSj4BJbhhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqegO36tW8Bcg68QtShQKNgfvVHyYsi1EaJqjWPd9LTZBTZTgTOKv0M40pZRM6wp6lksaog3xx6IxcWGVIokTZkoYs1N8TOY21nsah7YypGetVby7+5/UyE90GOZdpZlCy5aIoE8QkZP41GXKFzIipJZQpbm8lbEwVZcZmU7Eh+Ksvr5P2Vc33an7zulp3izjKcAbncAk+3EAd7qEBLWCA8Ayv8OY8Oi/Ou/OxbC05xcwp/IHz+QNqD4yC</latexit> 1

<latexit sha1_base64="axwJ+qFsqnc6XYbeiaj5UkOo0PI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqeYNqza27C5B14hWkBgWag+pXf5iwLEZpmKBa9zw3NUFOleFM4KzSzzSmlE3oCHuWShqjDvLFoTNyYZUhiRJlSxqyUH9P5DTWehqHtjOmZqxXvbn4n9fLTHQb5FymmUHJlouiTBCTkPnXZMgVMiOmllCmuL2VsDFVlBmbTcWG4K2+vE7aV3XPrXut61qDFHGU4QzO4RI8uIEG3EMTfGCA8Ayv8OY8Oi/Ou/OxbC05xcwp/IHz+QNwY4yT</latexit><latexit sha1_base64="axwJ+qFsqnc6XYbeiaj5UkOo0PI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqeYNqza27C5B14hWkBgWag+pXf5iwLEZpmKBa9zw3NUFOleFM4KzSzzSmlE3oCHuWShqjDvLFoTNyYZUhiRJlSxqyUH9P5DTWehqHtjOmZqxXvbn4n9fLTHQb5FymmUHJlouiTBCTkPnXZMgVMiOmllCmuL2VsDFVlBmbTcWG4K2+vE7aV3XPrXut61qDFHGU4QzO4RI8uIEG3EMTfGCA8Ayv8OY8Oi/Ou/OxbC05xcwp/IHz+QNwY4yT</latexit><latexit sha1_base64="axwJ+qFsqnc6XYbeiaj5UkOo0PI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqeYNqza27C5B14hWkBgWag+pXf5iwLEZpmKBa9zw3NUFOleFM4KzSzzSmlE3oCHuWShqjDvLFoTNyYZUhiRJlSxqyUH9P5DTWehqHtjOmZqxXvbn4n9fLTHQb5FymmUHJlouiTBCTkPnXZMgVMiOmllCmuL2VsDFVlBmbTcWG4K2+vE7aV3XPrXut61qDFHGU4QzO4RI8uIEG3EMTfGCA8Ayv8OY8Oi/Ou/OxbC05xcwp/IHz+QNwY4yT</latexit><latexit sha1_base64="axwJ+qFsqnc6XYbeiaj5UkOo0PI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqeYNqza27C5B14hWkBgWag+pXf5iwLEZpmKBa9zw3NUFOleFM4KzSzzSmlE3oCHuWShqjDvLFoTNyYZUhiRJlSxqyUH9P5DTWehqHtjOmZqxXvbn4n9fLTHQb5FymmUHJlouiTBCTkPnXZMgVMiOmllCmuL2VsDFVlBmbTcWG4K2+vE7aV3XPrXut61qDFHGU4QzO4RI8uIEG3EMTfGCA8Ayv8OY8Oi/Ou/OxbC05xcwp/IHz+QNwY4yT</latexit>

t (ms)
<latexit sha1_base64="pXOFJKbLTWgcjS98OqGEOv5OWJk=">AAAB73icbVBNS8NAEJ34WetX1aOXxSLUS0lE0GPBi8cK9gPaUDbbTbt0N4m7E6GE/gkvHhTx6t/x5r9x0+agrQ8GHu/NMDMvSKQw6Lrfztr6xubWdmmnvLu3f3BYOTpumzjVjLdYLGPdDajhUkS8hQIl7yaaUxVI3gkmt7nfeeLaiDh6wGnCfUVHkQgFo2ilLvZJTZmL8qBSdevuHGSVeAWpQoHmoPLVH8YsVTxCJqkxPc9N0M+oRsEkn5X7qeEJZRM64j1LI6q48bP5vTNybpUhCWNtK0IyV39PZFQZM1WB7VQUx2bZy8X/vF6K4Y2fiShJkUdssShMJcGY5M+TodCcoZxaQpkW9lbCxlRThjaiPARv+eVV0r6se27du7+qNipFHCU4hTOogQfX0IA7aEILGEh4hld4cx6dF+fd+Vi0rjnFzAn8gfP5A3YHjsM=</latexit><latexit sha1_base64="pXOFJKbLTWgcjS98OqGEOv5OWJk=">AAAB73icbVBNS8NAEJ34WetX1aOXxSLUS0lE0GPBi8cK9gPaUDbbTbt0N4m7E6GE/gkvHhTx6t/x5r9x0+agrQ8GHu/NMDMvSKQw6Lrfztr6xubWdmmnvLu3f3BYOTpumzjVjLdYLGPdDajhUkS8hQIl7yaaUxVI3gkmt7nfeeLaiDh6wGnCfUVHkQgFo2ilLvZJTZmL8qBSdevuHGSVeAWpQoHmoPLVH8YsVTxCJqkxPc9N0M+oRsEkn5X7qeEJZRM64j1LI6q48bP5vTNybpUhCWNtK0IyV39PZFQZM1WB7VQUx2bZy8X/vF6K4Y2fiShJkUdssShMJcGY5M+TodCcoZxaQpkW9lbCxlRThjaiPARv+eVV0r6se27du7+qNipFHCU4hTOogQfX0IA7aEILGEh4hld4cx6dF+fd+Vi0rjnFzAn8gfP5A3YHjsM=</latexit><latexit sha1_base64="pXOFJKbLTWgcjS98OqGEOv5OWJk=">AAAB73icbVBNS8NAEJ34WetX1aOXxSLUS0lE0GPBi8cK9gPaUDbbTbt0N4m7E6GE/gkvHhTx6t/x5r9x0+agrQ8GHu/NMDMvSKQw6Lrfztr6xubWdmmnvLu3f3BYOTpumzjVjLdYLGPdDajhUkS8hQIl7yaaUxVI3gkmt7nfeeLaiDh6wGnCfUVHkQgFo2ilLvZJTZmL8qBSdevuHGSVeAWpQoHmoPLVH8YsVTxCJqkxPc9N0M+oRsEkn5X7qeEJZRM64j1LI6q48bP5vTNybpUhCWNtK0IyV39PZFQZM1WB7VQUx2bZy8X/vF6K4Y2fiShJkUdssShMJcGY5M+TodCcoZxaQpkW9lbCxlRThjaiPARv+eVV0r6se27du7+qNipFHCU4hTOogQfX0IA7aEILGEh4hld4cx6dF+fd+Vi0rjnFzAn8gfP5A3YHjsM=</latexit><latexit sha1_base64="pXOFJKbLTWgcjS98OqGEOv5OWJk=">AAAB73icbVBNS8NAEJ34WetX1aOXxSLUS0lE0GPBi8cK9gPaUDbbTbt0N4m7E6GE/gkvHhTx6t/x5r9x0+agrQ8GHu/NMDMvSKQw6Lrfztr6xubWdmmnvLu3f3BYOTpumzjVjLdYLGPdDajhUkS8hQIl7yaaUxVI3gkmt7nfeeLaiDh6wGnCfUVHkQgFo2ilLvZJTZmL8qBSdevuHGSVeAWpQoHmoPLVH8YsVTxCJqkxPc9N0M+oRsEkn5X7qeEJZRM64j1LI6q48bP5vTNybpUhCWNtK0IyV39PZFQZM1WB7VQUx2bZy8X/vF6K4Y2fiShJkUdssShMJcGY5M+TodCcoZxaQpkW9lbCxlRThjaiPARv+eVV0r6se27du7+qNipFHCU4hTOogQfX0IA7aEILGEh4hld4cx6dF+fd+Vi0rjnFzAn8gfP5A3YHjsM=</latexit>86

<latexit sha1_base64="4UrMnO6HcGqdYEyqWULesiP4oUQ=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEtMeCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jps1Bqw8GHu/NMDMvSKQw6LpfTmltfWNzq7xd2dnd2z+oHh51TJxqxtsslrHuBdRwKRRvo0DJe4nmNAok7wbTm9zvPnJtRKwecJZwP6JjJULBKFrpvnFVGVZrbt1dgPwlXkFqUKA1rH4ORjFLI66QSWpM33MT9DOqUTDJ55VBanhC2ZSOed9SRSNu/Gxx6pycWWVEwljbUkgW6s+JjEbGzKLAdkYUJ2bVy8X/vH6KYcPPhEpS5IotF4WpJBiT/G8yEpozlDNLKNPC3krYhGrK0KaTh+CtvvyXdC7qnlv37i5rzWoRRxlO4BTOwYNraMIttKANDMbwBC/w6kjn2Xlz3petJaeYOYZfcD6+ASGujN4=</latexit><latexit sha1_base64="4UrMnO6HcGqdYEyqWULesiP4oUQ=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEtMeCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jps1Bqw8GHu/NMDMvSKQw6LpfTmltfWNzq7xd2dnd2z+oHh51TJxqxtsslrHuBdRwKRRvo0DJe4nmNAok7wbTm9zvPnJtRKwecJZwP6JjJULBKFrpvnFVGVZrbt1dgPwlXkFqUKA1rH4ORjFLI66QSWpM33MT9DOqUTDJ55VBanhC2ZSOed9SRSNu/Gxx6pycWWVEwljbUkgW6s+JjEbGzKLAdkYUJ2bVy8X/vH6KYcPPhEpS5IotF4WpJBiT/G8yEpozlDNLKNPC3krYhGrK0KaTh+CtvvyXdC7qnlv37i5rzWoRRxlO4BTOwYNraMIttKANDMbwBC/w6kjn2Xlz3petJaeYOYZfcD6+ASGujN4=</latexit><latexit sha1_base64="4UrMnO6HcGqdYEyqWULesiP4oUQ=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEtMeCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jps1Bqw8GHu/NMDMvSKQw6LpfTmltfWNzq7xd2dnd2z+oHh51TJxqxtsslrHuBdRwKRRvo0DJe4nmNAok7wbTm9zvPnJtRKwecJZwP6JjJULBKFrpvnFVGVZrbt1dgPwlXkFqUKA1rH4ORjFLI66QSWpM33MT9DOqUTDJ55VBanhC2ZSOed9SRSNu/Gxx6pycWWVEwljbUkgW6s+JjEbGzKLAdkYUJ2bVy8X/vH6KYcPPhEpS5IotF4WpJBiT/G8yEpozlDNLKNPC3krYhGrK0KaTh+CtvvyXdC7qnlv37i5rzWoRRxlO4BTOwYNraMIttKANDMbwBC/w6kjn2Xlz3petJaeYOYZfcD6+ASGujN4=</latexit><latexit sha1_base64="4UrMnO6HcGqdYEyqWULesiP4oUQ=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEtMeCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jps1Bqw8GHu/NMDMvSKQw6LpfTmltfWNzq7xd2dnd2z+oHh51TJxqxtsslrHuBdRwKRRvo0DJe4nmNAok7wbTm9zvPnJtRKwecJZwP6JjJULBKFrpvnFVGVZrbt1dgPwlXkFqUKA1rH4ORjFLI66QSWpM33MT9DOqUTDJ55VBanhC2ZSOed9SRSNu/Gxx6pycWWVEwljbUkgW6s+JjEbGzKLAdkYUJ2bVy8X/vH6KYcPPhEpS5IotF4WpJBiT/G8yEpozlDNLKNPC3krYhGrK0KaTh+CtvvyXdC7qnlv37i5rzWoRRxlO4BTOwYNraMIttKANDMbwBC/w6kjn2Xlz3petJaeYOYZfcD6+ASGujN4=</latexit>

86 ms

75
<latexit sha1_base64="vOrMD9X0PLkOzWy2ZxzmwoXw/Ec=">AAAB6XicbVBNS8NAEJ3Ur1q/oh69LBbBU0lEqceCF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1Bqw8GHu/NMDMvTAXXxvO+nNLa+sbmVnm7srO7t3/gHh61dZIphi2WiER1Q6pRcIktw43AbqqQxqHATji5mfudR1SaJ/LBTFMMYjqSPOKMGivd168GbtWreQuQv8QvSBUKNAfuZ3+YsCxGaZigWvd8LzVBTpXhTOCs0s80ppRN6Ah7lkoaow7yxaUzcmaVIYkSZUsaslB/TuQ01noah7YzpmasV725+J/Xy0x0HeRcpplByZaLokwQk5D522TIFTIjppZQpri9lbAxVZQZG07FhuCvvvyXtC9qvlfz7y6rDbeIowwncArn4EMdGnALTWgBgwie4AVenYnz7Lw578vWklPMHMMvOB/f6hqMyA==</latexit><latexit sha1_base64="vOrMD9X0PLkOzWy2ZxzmwoXw/Ec=">AAAB6XicbVBNS8NAEJ3Ur1q/oh69LBbBU0lEqceCF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1Bqw8GHu/NMDMvTAXXxvO+nNLa+sbmVnm7srO7t3/gHh61dZIphi2WiER1Q6pRcIktw43AbqqQxqHATji5mfudR1SaJ/LBTFMMYjqSPOKMGivd168GbtWreQuQv8QvSBUKNAfuZ3+YsCxGaZigWvd8LzVBTpXhTOCs0s80ppRN6Ah7lkoaow7yxaUzcmaVIYkSZUsaslB/TuQ01noah7YzpmasV725+J/Xy0x0HeRcpplByZaLokwQk5D522TIFTIjppZQpri9lbAxVZQZG07FhuCvvvyXtC9qvlfz7y6rDbeIowwncArn4EMdGnALTWgBgwie4AVenYnz7Lw578vWklPMHMMvOB/f6hqMyA==</latexit><latexit sha1_base64="vOrMD9X0PLkOzWy2ZxzmwoXw/Ec=">AAAB6XicbVBNS8NAEJ3Ur1q/oh69LBbBU0lEqceCF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1Bqw8GHu/NMDMvTAXXxvO+nNLa+sbmVnm7srO7t3/gHh61dZIphi2WiER1Q6pRcIktw43AbqqQxqHATji5mfudR1SaJ/LBTFMMYjqSPOKMGivd168GbtWreQuQv8QvSBUKNAfuZ3+YsCxGaZigWvd8LzVBTpXhTOCs0s80ppRN6Ah7lkoaow7yxaUzcmaVIYkSZUsaslB/TuQ01noah7YzpmasV725+J/Xy0x0HeRcpplByZaLokwQk5D522TIFTIjppZQpri9lbAxVZQZG07FhuCvvvyXtC9qvlfz7y6rDbeIowwncArn4EMdGnALTWgBgwie4AVenYnz7Lw578vWklPMHMMvOB/f6hqMyA==</latexit><latexit sha1_base64="vOrMD9X0PLkOzWy2ZxzmwoXw/Ec=">AAAB6XicbVBNS8NAEJ3Ur1q/oh69LBbBU0lEqceCF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1Bqw8GHu/NMDMvTAXXxvO+nNLa+sbmVnm7srO7t3/gHh61dZIphi2WiER1Q6pRcIktw43AbqqQxqHATji5mfudR1SaJ/LBTFMMYjqSPOKMGivd168GbtWreQuQv8QvSBUKNAfuZ3+YsCxGaZigWvd8LzVBTpXhTOCs0s80ppRN6Ah7lkoaow7yxaUzcmaVIYkSZUsaslB/TuQ01noah7YzpmasV725+J/Xy0x0HeRcpplByZaLokwQk5D522TIFTIjppZQpri9lbAxVZQZG07FhuCvvvyXtC9qvlfz7y6rDbeIowwncArn4EMdGnALTWgBgwie4AVenYnz7Lw578vWklPMHMMvOB/f6hqMyA==</latexit>

(b) Batching

Figure 1: An illustrative example (with realistic delay numbers)
where opportunistically batching two tasks of the same DNN re-
duces the average inference delay.

2.1 Opportunistic Batching
Let us consider a scenario where 8 queries for model A arrive

at time 0 and 8 queries for the same model arrive one mil-

lisecond afterwards. The current FIFO scheduler will simply

execute these two batches sequentially as shown in Figure 1a:

the second batch experiences a JCT of 149ms and the average

JCT is 112ms.

Now, Figure 1b shows an alternative schedule which re-

duces the average JCT to 86ms for the all 16 queries. The idea

behind it is to opportunistically merge the two batches of

queries of the same model into a larger batch. It leverages a

common property of DNNs—large batch size only marginally

inflates the execution time (as illustrated in Table 1 which is

consistent with benchmarked performance of many DNNs

[2, 15]). For example, execution time of model A increases

only by 10 ms when the batch size increases from 8 to 16.

The reason is that small batches may not fully utilize all the

cores in a GPU and a larger batch size can utilize the idle

GPU resources without much latency increase.

In practice, batching is commonly used to speed up train-

ing of DNN (especially vision models) or inference over

constant-rate data streams, both of which, however, have

pre-determined batches. In contrast, Figure 1b illustrates that

similar ideas, when properly used, can reduce inference delay

of unpredictable workloads as well.

2.2 Online Job Stacking
So far, we have considered cases where there is one model

running in each GPU at a time. Though it is common to run
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inference tasks on separate GPUs, this can clearly lead to

under-utilization of GPU resource, especially as more cam-

eras are deployed and continuously generate video streams,

many of which need to be analyzed at edge/cloud servers.

This motivates our second scheduling strategy—stacking.

Before introducing stacking, it is useful to differentiate

two types of utilization in GPU. First, GPU utilization is de-

fined as the percentage of time one or more GPU kernels are

running over the last second according to the common GPU

performance analysis tool nvidia-smi1. If the utilization is

under 100%, it means the workload cannot fully utilize the

GPU and other workloads can still be added to the GPU,

though the execution delay may raise. Second, memory uti-

lization represents how much GPU memory has been used.

Different from GPU utilization, if GPU memory is already

used up, adding more workloads causes runtime crash.

Model

Batch

Size

Latency

(ms)

Avg. GPU

(%)

Peak Memory (%)

/ On-Peak Time (ms)

C 10 200 70% 65/100

D 100 10 28% 35/5

Table 2: Execution information of two models for the stacking ex-
ample. Here “on-peak time” indicates the starting time of peak
memory usage since the task execution.

Now consider two models, C and D, whose execution in-

formation is listed in Table 2, including the average GPU

utilization and peak memory utilization of the model dur-

ing execution. On-peak time is the duration that the model

memory usage reaches its peak. As explained, we cannot

overuse GPU memory. We assume that model C submits 10

queries at time 0 and model D submits 100 queries in 160

ms. SLOs (deadlines) for both applications are 250 ms. Ex-

isting schedulers run these two tasks sequentially (i.e., one

GPU can only run on task at a time) and as a result, model

D’s queries must wait for four times the execution delay of

themselves (as depicted in Figure 2a).

In contrast, we propose to stack these two tasks for con-

current execution on the same GPU. We find from Table 2

that although the sum of peak memory usage for both mod-

els is 100%, but their peaks happen at different times, which

indicates that stacking them does not lead to runtime crash.

Their combined GPU utilization is also below 100%. The new

scheduling result with stacking is shown in Figure 2b where

the average JCT drops to 27.3 ms.

Many DL frameworks such as Tensorflow already support

running multiple models concurrently on one GPU and some

prior work also seek to optimally pack tasks to better utilize

memory space. What is new in Figure 2b is that online infer-

ence tasks can also benefit from being dynamically stacking

1
https://nvidia.custhelp.com/app/answers/detail/a_id/3751/~/useful-

nvidia-smi-queries

App C

App D
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<latexit sha1_base64="pXOFJKbLTWgcjS98OqGEOv5OWJk=">AAAB73icbVBNS8NAEJ34WetX1aOXxSLUS0lE0GPBi8cK9gPaUDbbTbt0N4m7E6GE/gkvHhTx6t/x5r9x0+agrQ8GHu/NMDMvSKQw6Lrfztr6xubWdmmnvLu3f3BYOTpumzjVjLdYLGPdDajhUkS8hQIl7yaaUxVI3gkmt7nfeeLaiDh6wGnCfUVHkQgFo2ilLvZJTZmL8qBSdevuHGSVeAWpQoHmoPLVH8YsVTxCJqkxPc9N0M+oRsEkn5X7qeEJZRM64j1LI6q48bP5vTNybpUhCWNtK0IyV39PZFQZM1WB7VQUx2bZy8X/vF6K4Y2fiShJkUdssShMJcGY5M+TodCcoZxaQpkW9lbCxlRThjaiPARv+eVV0r6se27du7+qNipFHCU4hTOogQfX0IA7aEILGEh4hld4cx6dF+fd+Vi0rjnFzAn8gfP5A3YHjsM=</latexit><latexit sha1_base64="pXOFJKbLTWgcjS98OqGEOv5OWJk=">AAAB73icbVBNS8NAEJ34WetX1aOXxSLUS0lE0GPBi8cK9gPaUDbbTbt0N4m7E6GE/gkvHhTx6t/x5r9x0+agrQ8GHu/NMDMvSKQw6Lrfztr6xubWdmmnvLu3f3BYOTpumzjVjLdYLGPdDajhUkS8hQIl7yaaUxVI3gkmt7nfeeLaiDh6wGnCfUVHkQgFo2ilLvZJTZmL8qBSdevuHGSVeAWpQoHmoPLVH8YsVTxCJqkxPc9N0M+oRsEkn5X7qeEJZRM64j1LI6q48bP5vTNybpUhCWNtK0IyV39PZFQZM1WB7VQUx2bZy8X/vF6K4Y2fiShJkUdssShMJcGY5M+TodCcoZxaQpkW9lbCxlRThjaiPARv+eVV0r6se27du7+qNipFHCU4hTOogQfX0IA7aEILGEh4hld4cx6dF+fd+Vi0rjnFzAn8gfP5A3YHjsM=</latexit><latexit sha1_base64="pXOFJKbLTWgcjS98OqGEOv5OWJk=">AAAB73icbVBNS8NAEJ34WetX1aOXxSLUS0lE0GPBi8cK9gPaUDbbTbt0N4m7E6GE/gkvHhTx6t/x5r9x0+agrQ8GHu/NMDMvSKQw6Lrfztr6xubWdmmnvLu3f3BYOTpumzjVjLdYLGPdDajhUkS8hQIl7yaaUxVI3gkmt7nfeeLaiDh6wGnCfUVHkQgFo2ilLvZJTZmL8qBSdevuHGSVeAWpQoHmoPLVH8YsVTxCJqkxPc9N0M+oRsEkn5X7qeEJZRM64j1LI6q48bP5vTNybpUhCWNtK0IyV39PZFQZM1WB7VQUx2bZy8X/vF6K4Y2fiShJkUdssShMJcGY5M+TodCcoZxaQpkW9lbCxlRThjaiPARv+eVV0r6se27du7+qNipFHCU4hTOogQfX0IA7aEILGEh4hld4cx6dF+fd+Vi0rjnFzAn8gfP5A3YHjsM=</latexit><latexit sha1_base64="pXOFJKbLTWgcjS98OqGEOv5OWJk=">AAAB73icbVBNS8NAEJ34WetX1aOXxSLUS0lE0GPBi8cK9gPaUDbbTbt0N4m7E6GE/gkvHhTx6t/x5r9x0+agrQ8GHu/NMDMvSKQw6Lrfztr6xubWdmmnvLu3f3BYOTpumzjVjLdYLGPdDajhUkS8hQIl7yaaUxVI3gkmt7nfeeLaiDh6wGnCfUVHkQgFo2ilLvZJTZmL8qBSdevuHGSVeAWpQoHmoPLVH8YsVTxCJqkxPc9N0M+oRsEkn5X7qeEJZRM64j1LI6q48bP5vTNybpUhCWNtK0IyV39PZFQZM1WB7VQUx2bZy8X/vF6K4Y2fiShJkUdssShMJcGY5M+TodCcoZxaQpkW9lbCxlRThjaiPARv+eVV0r6se27du7+qNipFHCU4hTOogQfX0IA7aEILGEh4hld4cx6dF+fd+Vi0rjnFzAn8gfP5A3YHjsM=</latexit>

(a) Sequential Execution

App C

App D

0
<latexit sha1_base64="uMaDhDIjFX99N65Rhs1b/J8iV9I=">AAAB6HicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPBi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZemAqujed9O6WNza3tnfJuZW//4PDIPT5p6yRTDFssEYnqhlSj4BJbhhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqegO36tW8Bcg68QtShQKNgfvVHyYsi1EaJqjWPd9LTZBTZTgTOKv0M40pZRM6wp6lksaog3xx6IxcWGVIokTZkoYs1N8TOY21nsah7YypGetVby7+5/UyE90GOZdpZlCy5aIoE8QkZP41GXKFzIipJZQpbm8lbEwVZcZmU7Eh+Ksvr5P2Vc33an7zulp3izjKcAbncAk+3EAd7qEBLWCA8Ayv8OY8Oi/Ou/OxbC05xcwp/IHz+QNqD4yC</latexit><latexit sha1_base64="uMaDhDIjFX99N65Rhs1b/J8iV9I=">AAAB6HicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPBi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZemAqujed9O6WNza3tnfJuZW//4PDIPT5p6yRTDFssEYnqhlSj4BJbhhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqegO36tW8Bcg68QtShQKNgfvVHyYsi1EaJqjWPd9LTZBTZTgTOKv0M40pZRM6wp6lksaog3xx6IxcWGVIokTZkoYs1N8TOY21nsah7YypGetVby7+5/UyE90GOZdpZlCy5aIoE8QkZP41GXKFzIipJZQpbm8lbEwVZcZmU7Eh+Ksvr5P2Vc33an7zulp3izjKcAbncAk+3EAd7qEBLWCA8Ayv8OY8Oi/Ou/OxbC05xcwp/IHz+QNqD4yC</latexit><latexit sha1_base64="uMaDhDIjFX99N65Rhs1b/J8iV9I=">AAAB6HicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPBi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZemAqujed9O6WNza3tnfJuZW//4PDIPT5p6yRTDFssEYnqhlSj4BJbhhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqegO36tW8Bcg68QtShQKNgfvVHyYsi1EaJqjWPd9LTZBTZTgTOKv0M40pZRM6wp6lksaog3xx6IxcWGVIokTZkoYs1N8TOY21nsah7YypGetVby7+5/UyE90GOZdpZlCy5aIoE8QkZP41GXKFzIipJZQpbm8lbEwVZcZmU7Eh+Ksvr5P2Vc33an7zulp3izjKcAbncAk+3EAd7qEBLWCA8Ayv8OY8Oi/Ou/OxbC05xcwp/IHz+QNqD4yC</latexit><latexit sha1_base64="uMaDhDIjFX99N65Rhs1b/J8iV9I=">AAAB6HicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPBi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZemAqujed9O6WNza3tnfJuZW//4PDIPT5p6yRTDFssEYnqhlSj4BJbhhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqegO36tW8Bcg68QtShQKNgfvVHyYsi1EaJqjWPd9LTZBTZTgTOKv0M40pZRM6wp6lksaog3xx6IxcWGVIokTZkoYs1N8TOY21nsah7YypGetVby7+5/UyE90GOZdpZlCy5aIoE8QkZP41GXKFzIipJZQpbm8lbEwVZcZmU7Eh+Ksvr5P2Vc33an7zulp3izjKcAbncAk+3EAd7qEBLWCA8Ayv8OY8Oi/Ou/OxbC05xcwp/IHz+QNqD4yC</latexit> 170

<latexit sha1_base64="fAxyjgacAInppTlCVpQ5ppA2QA4=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lEqMeCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZemAqujed9O6WNza3tnfJuZW//4PDIPT5p6yRTDFssEYnqhlSj4BJbhhuB3VQhjUOBnXByO/c7T6g0T+SjmaYYxHQkecQZNVZ68OvewK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w6IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxEN0HOZZoZlGy5KMoEMQmZ/02GXCEzYmoJZYrbWwkbU0WZselUbAj+6svrpH1V872af39dbbhFHGU4g3O4BB/q0IA7aEILGIzgGV7hzRHOi/PufCxbS04xcwp/4Hz+AFIhjP4=</latexit><latexit sha1_base64="fAxyjgacAInppTlCVpQ5ppA2QA4=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lEqMeCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZemAqujed9O6WNza3tnfJuZW//4PDIPT5p6yRTDFssEYnqhlSj4BJbhhuB3VQhjUOBnXByO/c7T6g0T+SjmaYYxHQkecQZNVZ68OvewK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w6IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxEN0HOZZoZlGy5KMoEMQmZ/02GXCEzYmoJZYrbWwkbU0WZselUbAj+6svrpH1V872af39dbbhFHGU4g3O4BB/q0IA7aEILGIzgGV7hzRHOi/PufCxbS04xcwp/4Hz+AFIhjP4=</latexit><latexit sha1_base64="fAxyjgacAInppTlCVpQ5ppA2QA4=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lEqMeCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZemAqujed9O6WNza3tnfJuZW//4PDIPT5p6yRTDFssEYnqhlSj4BJbhhuB3VQhjUOBnXByO/c7T6g0T+SjmaYYxHQkecQZNVZ68OvewK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w6IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxEN0HOZZoZlGy5KMoEMQmZ/02GXCEzYmoJZYrbWwkbU0WZselUbAj+6svrpH1V872af39dbbhFHGU4g3O4BB/q0IA7aEILGIzgGV7hzRHOi/PufCxbS04xcwp/4Hz+AFIhjP4=</latexit><latexit sha1_base64="fAxyjgacAInppTlCVpQ5ppA2QA4=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lEqMeCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZemAqujed9O6WNza3tnfJuZW//4PDIPT5p6yRTDFssEYnqhlSj4BJbhhuB3VQhjUOBnXByO/c7T6g0T+SjmaYYxHQkecQZNVZ68OvewK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w6IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxEN0HOZZoZlGy5KMoEMQmZ/02GXCEzYmoJZYrbWwkbU0WZselUbAj+6svrpH1V872af39dbbhFHGU4g3O4BB/q0IA7aEILGIzgGV7hzRHOi/PufCxbS04xcwp/4Hz+AFIhjP4=</latexit>

200
<latexit sha1_base64="58jEU73CF/uCyvevmURGJ6SQNw4=">AAAB6nicbVBNSwMxEJ3Ur1q/Vj16CRbBU8kWQY8FLx4r2g9ol5JNs21oNrskWaEs/QlePCji1V/kzX9j2u5BWx8MPN6bYWZemEphLCHfqLSxubW9U96t7O0fHB55xydtk2Sa8RZLZKK7ITVcCsVbVljJu6nmNA4l74ST27nfeeLaiEQ92mnKg5iOlIgEo9ZJD3VCBl6V1MgCeJ34BalCgebA++oPE5bFXFkmqTE9n6Q2yKm2gkk+q/Qzw1PKJnTEe44qGnMT5ItTZ/jCKUMcJdqVsnih/p7IaWzMNA5dZ0zt2Kx6c/E/r5fZ6CbIhUozyxVbLooyiW2C53/jodCcWTl1hDIt3K2YjammzLp0Ki4Ef/XlddKu13xS8++vqg2viKMMZ3AOl+DDNTTgDprQAgYjeIZXeEMSvaB39LFsLaFi5hT+AH3+AEkEjPg=</latexit><latexit sha1_base64="58jEU73CF/uCyvevmURGJ6SQNw4=">AAAB6nicbVBNSwMxEJ3Ur1q/Vj16CRbBU8kWQY8FLx4r2g9ol5JNs21oNrskWaEs/QlePCji1V/kzX9j2u5BWx8MPN6bYWZemEphLCHfqLSxubW9U96t7O0fHB55xydtk2Sa8RZLZKK7ITVcCsVbVljJu6nmNA4l74ST27nfeeLaiEQ92mnKg5iOlIgEo9ZJD3VCBl6V1MgCeJ34BalCgebA++oPE5bFXFkmqTE9n6Q2yKm2gkk+q/Qzw1PKJnTEe44qGnMT5ItTZ/jCKUMcJdqVsnih/p7IaWzMNA5dZ0zt2Kx6c/E/r5fZ6CbIhUozyxVbLooyiW2C53/jodCcWTl1hDIt3K2YjammzLp0Ki4Ef/XlddKu13xS8++vqg2viKMMZ3AOl+DDNTTgDprQAgYjeIZXeEMSvaB39LFsLaFi5hT+AH3+AEkEjPg=</latexit><latexit sha1_base64="58jEU73CF/uCyvevmURGJ6SQNw4=">AAAB6nicbVBNSwMxEJ3Ur1q/Vj16CRbBU8kWQY8FLx4r2g9ol5JNs21oNrskWaEs/QlePCji1V/kzX9j2u5BWx8MPN6bYWZemEphLCHfqLSxubW9U96t7O0fHB55xydtk2Sa8RZLZKK7ITVcCsVbVljJu6nmNA4l74ST27nfeeLaiEQ92mnKg5iOlIgEo9ZJD3VCBl6V1MgCeJ34BalCgebA++oPE5bFXFkmqTE9n6Q2yKm2gkk+q/Qzw1PKJnTEe44qGnMT5ItTZ/jCKUMcJdqVsnih/p7IaWzMNA5dZ0zt2Kx6c/E/r5fZ6CbIhUozyxVbLooyiW2C53/jodCcWTl1hDIt3K2YjammzLp0Ki4Ef/XlddKu13xS8++vqg2viKMMZ3AOl+DDNTTgDprQAgYjeIZXeEMSvaB39LFsLaFi5hT+AH3+AEkEjPg=</latexit><latexit sha1_base64="58jEU73CF/uCyvevmURGJ6SQNw4=">AAAB6nicbVBNSwMxEJ3Ur1q/Vj16CRbBU8kWQY8FLx4r2g9ol5JNs21oNrskWaEs/QlePCji1V/kzX9j2u5BWx8MPN6bYWZemEphLCHfqLSxubW9U96t7O0fHB55xydtk2Sa8RZLZKK7ITVcCsVbVljJu6nmNA4l74ST27nfeeLaiEQ92mnKg5iOlIgEo9ZJD3VCBl6V1MgCeJ34BalCgebA++oPE5bFXFkmqTE9n6Q2yKm2gkk+q/Qzw1PKJnTEe44qGnMT5ItTZ/jCKUMcJdqVsnih/p7IaWzMNA5dZ0zt2Kx6c/E/r5fZ6CbIhUozyxVbLooyiW2C53/jodCcWTl1hDIt3K2YjammzLp0Ki4Ef/XlddKu13xS8++vqg2viKMMZ3AOl+DDNTTgDprQAgYjeIZXeEMSvaB39LFsLaFi5hT+AH3+AEkEjPg=</latexit>

160
<latexit sha1_base64="I66A3UnJzv34GC5cjLAEcv8qu/w=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE1GPBi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9+Fde3616NW8Oskr8glShQKPvfvUGCctilIYJqnXX91IT5FQZzgROK71MY0rZmA6xa6mkMeogn586JWdWGZAoUbakIXP190ROY60ncWg7Y2pGetmbif953cxEN0HOZZoZlGyxKMoEMQmZ/U0GXCEzYmIJZYrbWwkbUUWZselUbAj+8surpHVR872af39ZrbtFHGU4gVM4Bx+uoQ530IAmMBjCM7zCmyOcF+fd+Vi0lpxi5hj+wPn8AVCcjP0=</latexit><latexit sha1_base64="I66A3UnJzv34GC5cjLAEcv8qu/w=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE1GPBi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9+Fde3616NW8Oskr8glShQKPvfvUGCctilIYJqnXX91IT5FQZzgROK71MY0rZmA6xa6mkMeogn586JWdWGZAoUbakIXP190ROY60ncWg7Y2pGetmbif953cxEN0HOZZoZlGyxKMoEMQmZ/U0GXCEzYmIJZYrbWwkbUUWZselUbAj+8surpHVR872af39ZrbtFHGU4gVM4Bx+uoQ530IAmMBjCM7zCmyOcF+fd+Vi0lpxi5hj+wPn8AVCcjP0=</latexit><latexit sha1_base64="I66A3UnJzv34GC5cjLAEcv8qu/w=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE1GPBi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9+Fde3616NW8Oskr8glShQKPvfvUGCctilIYJqnXX91IT5FQZzgROK71MY0rZmA6xa6mkMeogn586JWdWGZAoUbakIXP190ROY60ncWg7Y2pGetmbif953cxEN0HOZZoZlGyxKMoEMQmZ/U0GXCEzYmIJZYrbWwkbUUWZselUbAj+8surpHVR872af39ZrbtFHGU4gVM4Bx+uoQ530IAmMBjCM7zCmyOcF+fd+Vi0lpxi5hj+wPn8AVCcjP0=</latexit><latexit sha1_base64="I66A3UnJzv34GC5cjLAEcv8qu/w=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE1GPBi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9+Fde3616NW8Oskr8glShQKPvfvUGCctilIYJqnXX91IT5FQZzgROK71MY0rZmA6xa6mkMeogn586JWdWGZAoUbakIXP190ROY60ncWg7Y2pGetmbif953cxEN0HOZZoZlGyxKMoEMQmZ/U0GXCEzYmIJZYrbWwkbUUWZselUbAj+8surpHVR872af39ZrbtFHGU4gVM4Bx+uoQ530IAmMBjCM7zCmyOcF+fd+Vi0lpxi5hj+wPn8AVCcjP0=</latexit>

100
<latexit sha1_base64="y2EgjsncA9k7hkOC7HzuJLaDezE=">AAAB6nicdVDLSgNBEOyNrxhfqx69DAbB0zKrK4m3gBePEc0DkiXMTmaTIbMPZmaFsOQTvHhQxKtf5M2/cZKsoKIFDUVVN91dQSq40hh/WKWV1bX1jfJmZWt7Z3fP3j9oqySTlLVoIhLZDYhigsespbkWrJtKRqJAsE4wuZr7nXsmFU/iOz1NmR+RUcxDTok20q2L8cCuYufy3PPqGGEHL2CI53kXXg25hVKFAs2B/d4fJjSLWKypIEr1XJxqPydScyrYrNLPFEsJnZAR6xkak4gpP1+cOkMnRhmiMJGmYo0W6veJnERKTaPAdEZEj9Vvby7+5fUyHdb9nMdppllMl4vCTCCdoPnfaMglo1pMDSFUcnMromMiCdUmnYoJ4etT9D9pnzkudtwbr9qwizjKcATHcAou1KAB19CEFlAYwQM8wbMlrEfrxXpdtpasYuYQfsB6+wSYkY0v</latexit><latexit sha1_base64="y2EgjsncA9k7hkOC7HzuJLaDezE=">AAAB6nicdVDLSgNBEOyNrxhfqx69DAbB0zKrK4m3gBePEc0DkiXMTmaTIbMPZmaFsOQTvHhQxKtf5M2/cZKsoKIFDUVVN91dQSq40hh/WKWV1bX1jfJmZWt7Z3fP3j9oqySTlLVoIhLZDYhigsespbkWrJtKRqJAsE4wuZr7nXsmFU/iOz1NmR+RUcxDTok20q2L8cCuYufy3PPqGGEHL2CI53kXXg25hVKFAs2B/d4fJjSLWKypIEr1XJxqPydScyrYrNLPFEsJnZAR6xkak4gpP1+cOkMnRhmiMJGmYo0W6veJnERKTaPAdEZEj9Vvby7+5fUyHdb9nMdppllMl4vCTCCdoPnfaMglo1pMDSFUcnMromMiCdUmnYoJ4etT9D9pnzkudtwbr9qwizjKcATHcAou1KAB19CEFlAYwQM8wbMlrEfrxXpdtpasYuYQfsB6+wSYkY0v</latexit><latexit sha1_base64="y2EgjsncA9k7hkOC7HzuJLaDezE=">AAAB6nicdVDLSgNBEOyNrxhfqx69DAbB0zKrK4m3gBePEc0DkiXMTmaTIbMPZmaFsOQTvHhQxKtf5M2/cZKsoKIFDUVVN91dQSq40hh/WKWV1bX1jfJmZWt7Z3fP3j9oqySTlLVoIhLZDYhigsespbkWrJtKRqJAsE4wuZr7nXsmFU/iOz1NmR+RUcxDTok20q2L8cCuYufy3PPqGGEHL2CI53kXXg25hVKFAs2B/d4fJjSLWKypIEr1XJxqPydScyrYrNLPFEsJnZAR6xkak4gpP1+cOkMnRhmiMJGmYo0W6veJnERKTaPAdEZEj9Vvby7+5fUyHdb9nMdppllMl4vCTCCdoPnfaMglo1pMDSFUcnMromMiCdUmnYoJ4etT9D9pnzkudtwbr9qwizjKcATHcAou1KAB19CEFlAYwQM8wbMlrEfrxXpdtpasYuYQfsB6+wSYkY0v</latexit><latexit sha1_base64="y2EgjsncA9k7hkOC7HzuJLaDezE=">AAAB6nicdVDLSgNBEOyNrxhfqx69DAbB0zKrK4m3gBePEc0DkiXMTmaTIbMPZmaFsOQTvHhQxKtf5M2/cZKsoKIFDUVVN91dQSq40hh/WKWV1bX1jfJmZWt7Z3fP3j9oqySTlLVoIhLZDYhigsespbkWrJtKRqJAsE4wuZr7nXsmFU/iOz1NmR+RUcxDTok20q2L8cCuYufy3PPqGGEHL2CI53kXXg25hVKFAs2B/d4fJjSLWKypIEr1XJxqPydScyrYrNLPFEsJnZAR6xkak4gpP1+cOkMnRhmiMJGmYo0W6veJnERKTaPAdEZEj9Vvby7+5fUyHdb9nMdppllMl4vCTCCdoPnfaMglo1pMDSFUcnMromMiCdUmnYoJ4etT9D9pnzkudtwbr9qwizjKcATHcAou1KAB19CEFlAYwQM8wbMlrEfrxXpdtpasYuYQfsB6+wSYkY0v</latexit>
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(b) Stacking

Figure 2: An illustrative example where stacking inference tasks in
realtime leads to better GPU utilization.

to improve GPU utilization, especially when long running

tasks are interleaved with short ad-hoc queries.

2.3 Dynamic Job Preemption
Finally, most of existing inference schedulers focus on maxi-

mizing average throughput, so they do not proactively pre-

empt currently running tasks. This can sometimes cause

resource wastage and even reduce overall throughput. On

the other hand, preemption is known to improve JCT and

query response time, since in theory it allows theoretically

optimal policies (e.g., the shortest job first) in the online

setting.

Let us consider the two inference applications, one using

model A and one using model B (whose properties are given

in Table 1), and both have an SLO (deadline) of 200 ms. We

assume that 8 queries of model A arrive at the very beginning

and then 256 queries pf model B arrive one millisecond after

that (as depicted in Figure 3a). FIFO schedulers will run A’s

queries first then B’s queries, leading to 85ms JCT for model

B and an average JCT of 84.69ms across all queries. Since

queries of model B only take 10ms to finish, if we allow

preemption as shown in Figure 3b where B’s queries get

executed as soon as they arrive, the overall average JCT now

drops to 12.30ms. Note that throughput is slightly lowered

with preemption though, since the makespan increases from

85ms to 86ms.

App A

App B
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85
<latexit sha1_base64="Tx/IxqbMVGTtOTaA8V3yt27ihgM=">AAAB6XicbVBNS8NAEJ3Ur1q/oh69LBbBU0lEsceCF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1Bqw8GHu/NMDMvTAXXxvO+nNLa+sbmVnm7srO7t3/gHh61dZIphi2WiER1Q6pRcIktw43AbqqQxqHATji5mfudR1SaJ/LBTFMMYjqSPOKMGivd168GbtWreQuQv8QvSBUKNAfuZ3+YsCxGaZigWvd8LzVBTpXhTOCs0s80ppRN6Ah7lkoaow7yxaUzcmaVIYkSZUsaslB/TuQ01noah7YzpmasV725+J/Xy0xUD3Iu08ygZMtFUSaIScj8bTLkCpkRU0soU9zeStiYKsqMDadiQ/BXX/5L2hc136v5d5fVhlvEUYYTOIVz8OEaGnALTWgBgwie4AVenYnz7Lw578vWklPMHMMvOB/f65+MyQ==</latexit><latexit sha1_base64="Tx/IxqbMVGTtOTaA8V3yt27ihgM=">AAAB6XicbVBNS8NAEJ3Ur1q/oh69LBbBU0lEsceCF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1Bqw8GHu/NMDMvTAXXxvO+nNLa+sbmVnm7srO7t3/gHh61dZIphi2WiER1Q6pRcIktw43AbqqQxqHATji5mfudR1SaJ/LBTFMMYjqSPOKMGivd168GbtWreQuQv8QvSBUKNAfuZ3+YsCxGaZigWvd8LzVBTpXhTOCs0s80ppRN6Ah7lkoaow7yxaUzcmaVIYkSZUsaslB/TuQ01noah7YzpmasV725+J/Xy0xUD3Iu08ygZMtFUSaIScj8bTLkCpkRU0soU9zeStiYKsqMDadiQ/BXX/5L2hc136v5d5fVhlvEUYYTOIVz8OEaGnALTWgBgwie4AVenYnz7Lw578vWklPMHMMvOB/f65+MyQ==</latexit><latexit sha1_base64="Tx/IxqbMVGTtOTaA8V3yt27ihgM=">AAAB6XicbVBNS8NAEJ3Ur1q/oh69LBbBU0lEsceCF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1Bqw8GHu/NMDMvTAXXxvO+nNLa+sbmVnm7srO7t3/gHh61dZIphi2WiER1Q6pRcIktw43AbqqQxqHATji5mfudR1SaJ/LBTFMMYjqSPOKMGivd168GbtWreQuQv8QvSBUKNAfuZ3+YsCxGaZigWvd8LzVBTpXhTOCs0s80ppRN6Ah7lkoaow7yxaUzcmaVIYkSZUsaslB/TuQ01noah7YzpmasV725+J/Xy0xUD3Iu08ygZMtFUSaIScj8bTLkCpkRU0soU9zeStiYKsqMDadiQ/BXX/5L2hc136v5d5fVhlvEUYYTOIVz8OEaGnALTWgBgwie4AVenYnz7Lw578vWklPMHMMvOB/f65+MyQ==</latexit><latexit sha1_base64="Tx/IxqbMVGTtOTaA8V3yt27ihgM=">AAAB6XicbVBNS8NAEJ3Ur1q/oh69LBbBU0lEsceCF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1Bqw8GHu/NMDMvTAXXxvO+nNLa+sbmVnm7srO7t3/gHh61dZIphi2WiER1Q6pRcIktw43AbqqQxqHATji5mfudR1SaJ/LBTFMMYjqSPOKMGivd168GbtWreQuQv8QvSBUKNAfuZ3+YsCxGaZigWvd8LzVBTpXhTOCs0s80ppRN6Ah7lkoaow7yxaUzcmaVIYkSZUsaslB/TuQ01noah7YzpmasV725+J/Xy0xUD3Iu08ygZMtFUSaIScj8bTLkCpkRU0soU9zeStiYKsqMDadiQ/BXX/5L2hc136v5d5fVhlvEUYYTOIVz8OEaGnALTWgBgwie4AVenYnz7Lw578vWklPMHMMvOB/f65+MyQ==</latexit>

74 ms

(a) Current schedule

App A

App B

0
<latexit sha1_base64="uMaDhDIjFX99N65Rhs1b/J8iV9I=">AAAB6HicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPBi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZemAqujed9O6WNza3tnfJuZW//4PDIPT5p6yRTDFssEYnqhlSj4BJbhhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqegO36tW8Bcg68QtShQKNgfvVHyYsi1EaJqjWPd9LTZBTZTgTOKv0M40pZRM6wp6lksaog3xx6IxcWGVIokTZkoYs1N8TOY21nsah7YypGetVby7+5/UyE90GOZdpZlCy5aIoE8QkZP41GXKFzIipJZQpbm8lbEwVZcZmU7Eh+Ksvr5P2Vc33an7zulp3izjKcAbncAk+3EAd7qEBLWCA8Ayv8OY8Oi/Ou/OxbC05xcwp/IHz+QNqD4yC</latexit><latexit sha1_base64="uMaDhDIjFX99N65Rhs1b/J8iV9I=">AAAB6HicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPBi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZemAqujed9O6WNza3tnfJuZW//4PDIPT5p6yRTDFssEYnqhlSj4BJbhhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqegO36tW8Bcg68QtShQKNgfvVHyYsi1EaJqjWPd9LTZBTZTgTOKv0M40pZRM6wp6lksaog3xx6IxcWGVIokTZkoYs1N8TOY21nsah7YypGetVby7+5/UyE90GOZdpZlCy5aIoE8QkZP41GXKFzIipJZQpbm8lbEwVZcZmU7Eh+Ksvr5P2Vc33an7zulp3izjKcAbncAk+3EAd7qEBLWCA8Ayv8OY8Oi/Ou/OxbC05xcwp/IHz+QNqD4yC</latexit><latexit sha1_base64="uMaDhDIjFX99N65Rhs1b/J8iV9I=">AAAB6HicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPBi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZemAqujed9O6WNza3tnfJuZW//4PDIPT5p6yRTDFssEYnqhlSj4BJbhhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqegO36tW8Bcg68QtShQKNgfvVHyYsi1EaJqjWPd9LTZBTZTgTOKv0M40pZRM6wp6lksaog3xx6IxcWGVIokTZkoYs1N8TOY21nsah7YypGetVby7+5/UyE90GOZdpZlCy5aIoE8QkZP41GXKFzIipJZQpbm8lbEwVZcZmU7Eh+Ksvr5P2Vc33an7zulp3izjKcAbncAk+3EAd7qEBLWCA8Ayv8OY8Oi/Ou/OxbC05xcwp/IHz+QNqD4yC</latexit><latexit sha1_base64="uMaDhDIjFX99N65Rhs1b/J8iV9I=">AAAB6HicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPBi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZemAqujed9O6WNza3tnfJuZW//4PDIPT5p6yRTDFssEYnqhlSj4BJbhhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqegO36tW8Bcg68QtShQKNgfvVHyYsi1EaJqjWPd9LTZBTZTgTOKv0M40pZRM6wp6lksaog3xx6IxcWGVIokTZkoYs1N8TOY21nsah7YypGetVby7+5/UyE90GOZdpZlCy5aIoE8QkZP41GXKFzIipJZQpbm8lbEwVZcZmU7Eh+Ksvr5P2Vc33an7zulp3izjKcAbncAk+3EAd7qEBLWCA8Ayv8OY8Oi/Ou/OxbC05xcwp/IHz+QNqD4yC</latexit>

t (ms)
<latexit sha1_base64="pXOFJKbLTWgcjS98OqGEOv5OWJk=">AAAB73icbVBNS8NAEJ34WetX1aOXxSLUS0lE0GPBi8cK9gPaUDbbTbt0N4m7E6GE/gkvHhTx6t/x5r9x0+agrQ8GHu/NMDMvSKQw6Lrfztr6xubWdmmnvLu3f3BYOTpumzjVjLdYLGPdDajhUkS8hQIl7yaaUxVI3gkmt7nfeeLaiDh6wGnCfUVHkQgFo2ilLvZJTZmL8qBSdevuHGSVeAWpQoHmoPLVH8YsVTxCJqkxPc9N0M+oRsEkn5X7qeEJZRM64j1LI6q48bP5vTNybpUhCWNtK0IyV39PZFQZM1WB7VQUx2bZy8X/vF6K4Y2fiShJkUdssShMJcGY5M+TodCcoZxaQpkW9lbCxlRThjaiPARv+eVV0r6se27du7+qNipFHCU4hTOogQfX0IA7aEILGEh4hld4cx6dF+fd+Vi0rjnFzAn8gfP5A3YHjsM=</latexit><latexit sha1_base64="pXOFJKbLTWgcjS98OqGEOv5OWJk=">AAAB73icbVBNS8NAEJ34WetX1aOXxSLUS0lE0GPBi8cK9gPaUDbbTbt0N4m7E6GE/gkvHhTx6t/x5r9x0+agrQ8GHu/NMDMvSKQw6Lrfztr6xubWdmmnvLu3f3BYOTpumzjVjLdYLGPdDajhUkS8hQIl7yaaUxVI3gkmt7nfeeLaiDh6wGnCfUVHkQgFo2ilLvZJTZmL8qBSdevuHGSVeAWpQoHmoPLVH8YsVTxCJqkxPc9N0M+oRsEkn5X7qeEJZRM64j1LI6q48bP5vTNybpUhCWNtK0IyV39PZFQZM1WB7VQUx2bZy8X/vF6K4Y2fiShJkUdssShMJcGY5M+TodCcoZxaQpkW9lbCxlRThjaiPARv+eVV0r6se27du7+qNipFHCU4hTOogQfX0IA7aEILGEh4hld4cx6dF+fd+Vi0rjnFzAn8gfP5A3YHjsM=</latexit><latexit sha1_base64="pXOFJKbLTWgcjS98OqGEOv5OWJk=">AAAB73icbVBNS8NAEJ34WetX1aOXxSLUS0lE0GPBi8cK9gPaUDbbTbt0N4m7E6GE/gkvHhTx6t/x5r9x0+agrQ8GHu/NMDMvSKQw6Lrfztr6xubWdmmnvLu3f3BYOTpumzjVjLdYLGPdDajhUkS8hQIl7yaaUxVI3gkmt7nfeeLaiDh6wGnCfUVHkQgFo2ilLvZJTZmL8qBSdevuHGSVeAWpQoHmoPLVH8YsVTxCJqkxPc9N0M+oRsEkn5X7qeEJZRM64j1LI6q48bP5vTNybpUhCWNtK0IyV39PZFQZM1WB7VQUx2bZy8X/vF6K4Y2fiShJkUdssShMJcGY5M+TodCcoZxaQpkW9lbCxlRThjaiPARv+eVV0r6se27du7+qNipFHCU4hTOogQfX0IA7aEILGEh4hld4cx6dF+fd+Vi0rjnFzAn8gfP5A3YHjsM=</latexit><latexit sha1_base64="pXOFJKbLTWgcjS98OqGEOv5OWJk=">AAAB73icbVBNS8NAEJ34WetX1aOXxSLUS0lE0GPBi8cK9gPaUDbbTbt0N4m7E6GE/gkvHhTx6t/x5r9x0+agrQ8GHu/NMDMvSKQw6Lrfztr6xubWdmmnvLu3f3BYOTpumzjVjLdYLGPdDajhUkS8hQIl7yaaUxVI3gkmt7nfeeLaiDh6wGnCfUVHkQgFo2ilLvZJTZmL8qBSdevuHGSVeAWpQoHmoPLVH8YsVTxCJqkxPc9N0M+oRsEkn5X7qeEJZRM64j1LI6q48bP5vTNybpUhCWNtK0IyV39PZFQZM1WB7VQUx2bZy8X/vF6K4Y2fiShJkUdssShMJcGY5M+TodCcoZxaQpkW9lbCxlRThjaiPARv+eVV0r6se27du7+qNipFHCU4hTOogQfX0IA7aEILGEh4hld4cx6dF+fd+Vi0rjnFzAn8gfP5A3YHjsM=</latexit>1

<latexit sha1_base64="axwJ+qFsqnc6XYbeiaj5UkOo0PI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqeYNqza27C5B14hWkBgWag+pXf5iwLEZpmKBa9zw3NUFOleFM4KzSzzSmlE3oCHuWShqjDvLFoTNyYZUhiRJlSxqyUH9P5DTWehqHtjOmZqxXvbn4n9fLTHQb5FymmUHJlouiTBCTkPnXZMgVMiOmllCmuL2VsDFVlBmbTcWG4K2+vE7aV3XPrXut61qDFHGU4QzO4RI8uIEG3EMTfGCA8Ayv8OY8Oi/Ou/OxbC05xcwp/IHz+QNwY4yT</latexit><latexit sha1_base64="axwJ+qFsqnc6XYbeiaj5UkOo0PI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqeYNqza27C5B14hWkBgWag+pXf5iwLEZpmKBa9zw3NUFOleFM4KzSzzSmlE3oCHuWShqjDvLFoTNyYZUhiRJlSxqyUH9P5DTWehqHtjOmZqxXvbn4n9fLTHQb5FymmUHJlouiTBCTkPnXZMgVMiOmllCmuL2VsDFVlBmbTcWG4K2+vE7aV3XPrXut61qDFHGU4QzO4RI8uIEG3EMTfGCA8Ayv8OY8Oi/Ou/OxbC05xcwp/IHz+QNwY4yT</latexit><latexit sha1_base64="axwJ+qFsqnc6XYbeiaj5UkOo0PI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqeYNqza27C5B14hWkBgWag+pXf5iwLEZpmKBa9zw3NUFOleFM4KzSzzSmlE3oCHuWShqjDvLFoTNyYZUhiRJlSxqyUH9P5DTWehqHtjOmZqxXvbn4n9fLTHQb5FymmUHJlouiTBCTkPnXZMgVMiOmllCmuL2VsDFVlBmbTcWG4K2+vE7aV3XPrXut61qDFHGU4QzO4RI8uIEG3EMTfGCA8Ayv8OY8Oi/Ou/OxbC05xcwp/IHz+QNwY4yT</latexit><latexit sha1_base64="axwJ+qFsqnc6XYbeiaj5UkOo0PI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqeYNqza27C5B14hWkBgWag+pXf5iwLEZpmKBa9zw3NUFOleFM4KzSzzSmlE3oCHuWShqjDvLFoTNyYZUhiRJlSxqyUH9P5DTWehqHtjOmZqxXvbn4n9fLTHQb5FymmUHJlouiTBCTkPnXZMgVMiOmllCmuL2VsDFVlBmbTcWG4K2+vE7aV3XPrXut61qDFHGU4QzO4RI8uIEG3EMTfGCA8Ayv8OY8Oi/Ou/OxbC05xcwp/IHz+QNwY4yT</latexit>

11
<latexit sha1_base64="KOtn8d5zaeQCBaweJc/zk38nMY8=">AAAB6XicbVA9SwNBEJ2LXzF+RS1tFoNgFW5F0DJgYxnFxEByhL3NXrJkb+/YnRPCkX9gY6GIrf/Izn/jJrlCEx8MPN6bYWZemCpp0fe/vdLa+sbmVnm7srO7t39QPTxq2yQzXLR4ohLTCZkVSmrRQolKdFIjWBwq8RiOb2b+45MwVib6ASepCGI21DKSnKGT7intV2t+3Z+DrBJakBoUaParX71BwrNYaOSKWdulfopBzgxKrsS00susSBkfs6HoOqpZLGyQzy+dkjOnDEiUGFcayVz9PZGz2NpJHLrOmOHILnsz8T+vm2F0HeRSpxkKzReLokwRTMjsbTKQRnBUE0cYN9LdSviIGcbRhVNxIdDll1dJ+6JO/Tq9u6w1qkUcZTiBUzgHClfQgFtoQgs4RPAMr/Dmjb0X7937WLSWvGLmGP7A+/wB2uyMvg==</latexit><latexit sha1_base64="KOtn8d5zaeQCBaweJc/zk38nMY8=">AAAB6XicbVA9SwNBEJ2LXzF+RS1tFoNgFW5F0DJgYxnFxEByhL3NXrJkb+/YnRPCkX9gY6GIrf/Izn/jJrlCEx8MPN6bYWZemCpp0fe/vdLa+sbmVnm7srO7t39QPTxq2yQzXLR4ohLTCZkVSmrRQolKdFIjWBwq8RiOb2b+45MwVib6ASepCGI21DKSnKGT7intV2t+3Z+DrBJakBoUaParX71BwrNYaOSKWdulfopBzgxKrsS00susSBkfs6HoOqpZLGyQzy+dkjOnDEiUGFcayVz9PZGz2NpJHLrOmOHILnsz8T+vm2F0HeRSpxkKzReLokwRTMjsbTKQRnBUE0cYN9LdSviIGcbRhVNxIdDll1dJ+6JO/Tq9u6w1qkUcZTiBUzgHClfQgFtoQgs4RPAMr/Dmjb0X7937WLSWvGLmGP7A+/wB2uyMvg==</latexit><latexit sha1_base64="KOtn8d5zaeQCBaweJc/zk38nMY8=">AAAB6XicbVA9SwNBEJ2LXzF+RS1tFoNgFW5F0DJgYxnFxEByhL3NXrJkb+/YnRPCkX9gY6GIrf/Izn/jJrlCEx8MPN6bYWZemCpp0fe/vdLa+sbmVnm7srO7t39QPTxq2yQzXLR4ohLTCZkVSmrRQolKdFIjWBwq8RiOb2b+45MwVib6ASepCGI21DKSnKGT7intV2t+3Z+DrBJakBoUaParX71BwrNYaOSKWdulfopBzgxKrsS00susSBkfs6HoOqpZLGyQzy+dkjOnDEiUGFcayVz9PZGz2NpJHLrOmOHILnsz8T+vm2F0HeRSpxkKzReLokwRTMjsbTKQRnBUE0cYN9LdSviIGcbRhVNxIdDll1dJ+6JO/Tq9u6w1qkUcZTiBUzgHClfQgFtoQgs4RPAMr/Dmjb0X7937WLSWvGLmGP7A+/wB2uyMvg==</latexit><latexit sha1_base64="KOtn8d5zaeQCBaweJc/zk38nMY8=">AAAB6XicbVA9SwNBEJ2LXzF+RS1tFoNgFW5F0DJgYxnFxEByhL3NXrJkb+/YnRPCkX9gY6GIrf/Izn/jJrlCEx8MPN6bYWZemCpp0fe/vdLa+sbmVnm7srO7t39QPTxq2yQzXLR4ohLTCZkVSmrRQolKdFIjWBwq8RiOb2b+45MwVib6ASepCGI21DKSnKGT7intV2t+3Z+DrBJakBoUaParX71BwrNYaOSKWdulfopBzgxKrsS00susSBkfs6HoOqpZLGyQzy+dkjOnDEiUGFcayVz9PZGz2NpJHLrOmOHILnsz8T+vm2F0HeRSpxkKzReLokwRTMjsbTKQRnBUE0cYN9LdSviIGcbRhVNxIdDll1dJ+6JO/Tq9u6w1qkUcZTiBUzgHClfQgFtoQgs4RPAMr/Dmjb0X7937WLSWvGLmGP7A+/wB2uyMvg==</latexit> 86
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Figure 3: An illustrative example of online inference task arrivals
where preemptive scheduling reduces average the inference delay.

https://nvidia.custhelp.com/app/answers/detail/a_id/3751/~/useful-nvidia-smi-queries
https://nvidia.custhelp.com/app/answers/detail/a_id/3751/~/useful-nvidia-smi-queries
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3 DESIGN
We now present the preliminary design of Irina, which in-

tegrates the three complementary strategies introduced in

the last section. Two immediate challenges must be resolved:

First, the ability to gracefully terminate a DNN inference

task and switch to another task is key to both preemptive

scheduling and opportunistic batching, but how to effectively

enable preemption in existing inference frameworks that do

not consider preemption in the first place? Second, how to

select the best strategy for scheduling inference tasks online?

This section elaborates our initial results towards addressing

these key questions.

3.1 Enabling Preemption
Existing ML frameworks do not allow preemption while ex-

ecuting an inference task. Though it seems straightforward

to stop a running task in GPU, it is tricky to do it safely

and gracefully. Generally, an inference task is started by a

CPU thread on the host machine. Killing the CPU thread

is the simplest way to stop the running task. For example,

code blocks 1 and 2 describe sample code to kill or cancel

the thread that launches the inference task. However, both

pthread APIs assume that there are functions to process the

SIGQUIT signal with pthread.kill or cancellation points

in the thread function for pthread.cancel, which requires

users to modify their inference code. If there is no func-

tions to process SIGQUIT signal, the signal may change to

SIGKILL which kills the process and causes an abnormal

exit. If there is no cancellation points in the thread func-

tion, pthread.cancel cannot perform and just wait for the

thread function to finish. Moreover, during inference, the

framework usually dynamically allocates the GPU memory

which needs to be taken care of upon preemption.

// Create thread p1 to execute inference tasks

pthread_create(&p1, NULL, execute_fn, (void ∗)&tsk_queue);

pthreak_kill (p1, SIGQUIT);

// Insert a new task to the queue

tsk_queue. insert (new_task, 0) ;

// Create a new thread to execute inference tasks

pthread_create(&p2, NULL, execute_fn, (void ∗)&tsk_queue);

Listing 1: Preemption by killing the CPU thread.

// Create thread p1 to execute inference tasks

pthread_create(&p1, NULL, execute_fn, (void ∗)&tsk_queue);

pthread_cancel (p1) ;

pthread_join (p1, NULL);

// Insert a new task to the queue

tsk_queue. insert (new_task, 0) ;

// Create a new thread to execute inference tasks

pthread_create(&p2, NULL, execute_fn, (void ∗)&tsk_queue);

Listing 2: Preemption by canceling the CPU thread.

Alternatively one can kill the inference process on the

CPU to avoid the abnormal exit, but CUDA is not safe across

multiple processes as it does not support fork [7]. Thus both

solutions are inadequate to address the challenges.

We aim to design a general preemption mechanism that

can be applied to different ML frameworks while enabling

graceful termination of the running task on GPU. To this

end, we choose to work with the dataflow graph of the in-

ference model. The dataflow graph is a direct acyclic graph

(DAG) that describes the execution and data dependency

of the operations (e.g. conv2d, relu, etc.) of an ML model.

It is used in all ML frameworks as an execution blueprint

of the ML training and inference pipelines [18] We add a

new operation called exit to the dataflow graph to enable

preemption. The exit operation maintains the dynamic GPU

memory allocation information of the current task and safely

frees the memory upon receiving the preemption signal. In

addition, it returns a specially result to the ML framework

to indicate that the task finishes in order to prevent it from

crashing. This is because the function in the main process

sometimes waits for a return value even when the inference

thread is terminated. Irina re-writes the dataflow graph by

inserting the exit operation between any two consecutive

operations, which works across all ML frameworks. If the

scheduler wants to tell the running task to stop, Irina will

send a signal to the exit operations in the modified dataflow

graph. The next immediate exit operation will then receive

the signal and execute the exit function.

3.2 Scheduling Policy
The second design challenge is to devise an online schedul-

ing policy that minimizes the JCT under unpredictable task

arrivals. As can be seen from the examples in §2, each strat-

egy’s performance gains depend on the task arrival patterns

and the running task’s progress and it is not clear which

strategy is best. Although stacking seems to be the best strat-

egy as long as it is feasible since it does not affect the ongoing

tasks, this is not always true in online DNN inference. For

example, the new task may have to wait until the ongoing

task’s peak usage is over to avoid overusing GPU memory,

which can slow down the average completion time.

To optimally leverage the three strategies, Irina’s sched-

uler first computes for each new task the best-case schedule

and average JCT under each strategy and then chooses the

strategy with the smallest average JCT as the final result. In

the following, we present the scheduling policies for each of

the three strategies.

Preemption scheduling: We begin with the preemption

algorithm in Irina. The scheduler should first retrieve the

current scheduling information from different backends. We

assume the models are all loaded in advance, so there is no
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Input Description

i an inference task

Bi batch size of task i

Mi DNN model of task i

Li (·) execution latency of task i given batch size Bi
Ri (·) resource requirement of task i given batch size Bi
Gn remaining resources on GPU n

Table 3: Notations for the Irina’s scheduler.

additional delay to load a model. (This is possible, because

usually the DNN models are much smaller than the runtime-

generated intermediate data, but our scheduler can be ex-

tended to account for the additional model-loading delay.)

Our scheduler still processes inference tasks according to

their arrival order. For a given task i , the scheduler requires
information as listed in Table 3, especially its execution la-

tency and the resource requirement both as functions of the

batch size. This information can be accurately obtained from

offline profiling since it largely depends on the GPU hard-

ware and the hyperparameters. The scheduler selects GPUs

which have the required modelMi preloaded into their mem-

ory and have enough resources, as candidates for preemption.

For each candidate GPU, the scheduler computes the average

JCT by assuming that task i preempts the running task on

this GPU, as long as preemption does not violate the SLO

(deadline) of both tasks. Lastly, among the candidate GPUs

where preemption improves average JCT upon simple FIFO,

our scheduler assigns task i to the one with the smallest

average JCT.

Batching scheduling: To see if the given task i should be

batched with an ongoing task, Irina first identifies all GPUs

that are running tasks of the same DNN modelMi and filters

them with the total resource requirement of the merged

batch size according to Ri (·). Among all candidate GPUs,

the scheduler computes the average JCT of batching task i
with their current task, removes them if SLO is violated by

the hypothetical batching, and selects the schedule with the

smallest average JCT as the merging target.

Stacking scheduling: Stacking requires two models to run

concurrently and safely on one GPU. Recall that the (peak)

resource requirement and the timestamp information is con-

tained in Ri (Bi ). Because stacking does not affect the JCT

of the running task, the scheduling policy can be simpler.

First, the scheduler identifies busy GPUs whose resource

capacity can support the combined resource requirements of

its running task and the new task i . Note that the timestamp

information has to be taken into account to determine the

actual peak requirement of the combined workload. Then, it

computes the average JCT when stacking i to each candidate

GPU, and assigns i to the one with the smallest JCT.

4 SIMULATION RESULTS
In this preliminary work, we conduct numerical simulation

to evaluate the performance of Irina. We choose the speedup

of the average JCT as the performance metric. There is a

little difference for average JCT in DNN inference:

Averaдe JCT =

∑n
i=1(Ti − ti ) × Bi∑n

i=1 Bi

Here ti and Ti represent task i’s arrival time and finish time,

respectively, and Bi is the batch size. We use the number

of samples processed in each inference task because each

request is generated by a unique user. The average JCT thus

reflects user’s perceived latency on average.

In order to collect real task execution data, we adopt a

server with 32-core CPUs, 64GB RAM, and NVIDIA RTX

2080 GPU with 8GB RAM. The server runs Ubuntu 18.04,

Nvidia driver version 440.33, CUDA 10.2, cuDNN6.5 and

libTorch 1.3.1. We use PyTorch to training the image classifi-

cation models with ImageNet and TorchScript as the DNN

inference framework. We use common models: AlexNet [16],

VGG-16 [22], YOLOv3 [19], GoogLeNet [23], and obtain their

inference execution information. Figure 4 shows the execu-

tion latency for the models with different batch sizes. Both

AlexNet and GoogLeNet are indifferent to the batch size:

there is little difference in execution latency when the batch

size increases from 1 to 32. AlexNet, in particular, adopts the

largest batch size while maintaining the lowest execution

cost, which indicates that it is suitable for preemption and

stacking. In contrast, YOLOv3 and VGG-16 appear more com-

plex. With a batch size of 16 for example, YOLOv3 suffers

the longest execution latency in the table.

We select some data points from our measurements for our

simulation as summarized in Table 4. To simplify, we assume

that each inference task runs on the same GPU. Generally

speaking, the online inference workloads contain regular

and ad-hoc requests. We choose YOLOv3 as the DNN model

for the predictable regular requests since object detection is

used in various monitoring systems that generates queries

with fixed intervals. We assign AlexNet, GoogLeNet, and

VGG-16 for the on-demand unpredictable queries since they

are used to identify say vehicle models, animal types, or

other ad-hoc purposes. Queries arrive dynamically over time

and each query appears as a regular query with a probability

we control. If a query is assigned to be ad-hoc it is uniformly

assigned to one of the three CNN models. We implement the

default scheduling policy in TenserFlow Serving as our base-

line. TensorFlow Serving aims to maximize the throughput

via large batching, so it waits for as many requests of the

same model as possible under SLOs for scheduling.

Figure 5 shows the simulation results. We find the per-

formance of Irina varies depending on the probability of

having ad-hoc tasks. Comparing to baseline, Irina achieves
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Model Name Batch Size Latency(ms)

Memory

Utilization

YOLOv3

8 68 30%

16 117 55%

VGG-16

8 22 55%

16 33 86%

GoogleNet 32 14 46%

AlexNet 128 9 16%

Table 4: Models and their execution information used in the simu-
lation.
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Figure 4: The execution latency for the selected models measured
on our testbed.

1.3x – 2.5x speedup on average task completion time. When

ad-hoc tasks are unlikely to arrive, there is not many schedul-

ing opportunities for Irina and it can only deliver moderate

gains. Baseline also performs well in these cases. On the

other hand, when the ad-hoc tasks appear more frequently,

Irina has ample opportunities to apply the three scheduling

strategies.

5 RELATEDWORK
Clipper [6] and Tensorflow Serving [4] are two popular serv-

ing systems. Tensorflow Serving is designed to serve the

DNN models trained by Tensorflow on CPU and GPU. It

provides the complete service stack for DNN inference. Ten-

sorflow Serving maximizes system throughput via batching

[8]. Clipper can be viewed as an extension of Tensorflow

Serving. It simplifies model deployment with a modular ar-

chitecture and employs techniques like caching to optimize

performance. However, neither system focuses on inference

task scheduling.

Nexus [21], InferLine [28], and Nanily [24] are recent

works focusing on large scale distributed DNN inference.

Nanily proposes adaptive batching to schedule the requests
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Figure 5: Irina’s speedup in average JCT.

under SLOs and pre-schedules the predictable requests. Nexus

focuses on DNN inference on video analysis and assume the

workloads are stable in each epoch. It exploits the large

batch execution on the predictable requests to improve the

throughput. MainStream [13] proposes to re-use the same

sub-models in different requests in order to enlarge batch

size and improve the inference throughput. InferLine focuses

on scheduling the complex execution pipelines which may

contain multiple models. It exploits the different configura-

tions for the models in the complex execution pipelines and

re-uses some base models to reduce the latency and improve

the throughput. Although these systems can schedule the re-

curring tasks efficiently, when it comes to the unpredictable

ad-hoc queries they all rely on FIFO which does not work

well for completion time. Salus [26] modifies the internal

execution engine of TensorFlow to maximize the number of

models concurrently running on GPU. Olympian [10] aims

to schedule multiple inference models fair sharing the single

GPU and reduce the makespan. Some works [11, 12] pro-

poses space-time multiplexing to reduce the latency when

the same models execute concurrently in a GPU. INFaas [20]

provides different configurations for different batch sizes,

hardwares and accuracies, which provides an easy-to-use

interface for the user.

6 DISCUSSION
We discuss several concerns one may have about Irina.

Overhead of adding the exit op. In our design §3.1, Irina

only modifies the dataflow graph to add the exit op ahead-of-
time. To keep implementation simple, we insert exit ops only

between two consecutive layers. In general, most models

contain tens of layers, so adding exit op brings little overhead

on execution time. When there is a more complex model

with thousands of layers [9], inserting thousands of exit ops
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becomes inefficient. One can combine multiple small layers

into a group and add the exit Op at the group level to reduce

the overhead.

Availability of task execution information. Irina has

focused on scheduling inference tasks with unpredictable

arrivals. However, the models used by the workloads are

known in advance by the applications and to the sched-

uler. Irina can then profile each model offline using the cor-

responding backend runtimes and different hardware, and

store the static and dynamic information in a metadata store.

Static metadata maintains the architecture, framework, accu-

racy, and the preprocessing method for a given application.

Dynamic metadata includes the relationship across hard-

ware, batch sizes, and execution costs, including GPU core

utilization, memory utilization, and execution latency. Irina

estimates the average job completion time using the empiri-

cal model execution cost and then schedules the new coming

tasks.

Interference among concurrent GPU models. Stacking
is used to saturate GPU resource. However, some work [11,

12] shows the interference among the concurrently running

models on a GPUmay slow the execution, and may affect the

stacking performance. In this work, to simplify the motiva-

tion and simulation, we do not consider this effect. Different

from [11, 12], we only consider a long-running and a short

task as the potential stacking candidates. The short task can

finish much faster compared to the long task and the inter-

ference effect is minimal in this sense. In addition, Irina’s

model pool holds all the models which will be used in the

execution. We can profile the concurrently running models

offline to explicitly take into account the interference effect

in JCT.

The intermediate data during execution. As Irina pre-

empts a running task, there are intermediate computation

results from executing the DNN model in the GPU. One may

choose to save and reuse them when this task is re-executed.

However, this solution requires redesigning the data loading

method before launching the task in current frameworks.

Further, saving the intermediate results in GPU occupies lim-

ited GPU memory. If we swap them to the host memory, the

extra delay of swapping out and in may even be worse than

simply re-computing everything from scratch as some work

already showed [5, 25]. Therefore, here we simply discard

all the intermediate results when preempting a task.

7 CONCLUSION AND FUTUREWORK
In this work, we have presented the preliminary design of

Irina, an efficient online scheduling system for DNN infer-

ence workloads. Irina aims to reduce the average inference

latency via three key strategies that were previously over-

looked in inference scheduling: (1) Preemption that schedules

the small task which is easy to be blocked by other tasks in ex-

isting schedulers; (2) Batching which utilizes the large batch

execution for queries arriving at different times for the same

model; and (3) Stacking which runs queries of more than

one model on the same GPU to improve the utilization and

reduce the queueing time. We performed simulation studies

and demonstrate with empirical data that Irina reduces the

average JCT by 1.3x – 2.5x compared to the default sched-

uler in TensorFlow Serving. We are now implementing a

complete prototype of Irina and will conduct comprehensive

testbed experiments to assess Irina’s full potential.
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