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Abstract—The emergence of edge intelligence has made smart
IoT services (e.g., video/audio surveillance, autonomous driving
and smart city) a reality. To ensure the quality of service, edge
service providers train unbiased models of distributed machine
learning jobs over the local datasets collected by edge networks,
and usually adopt the parameter server (PS) architecture. However,
the training of unbiased distributed learning (UDL) depends on
geo-distributed data and edge resources, bringing a new challenge
for service providers: how to effectively schedule and price UDL
jobs such that the long-term system utility (i.e., social welfare) can
be maximized. In this paper, we propose an online auction-based
scheduling algorithm Eris, which determines the data workload,
the number and the placement of concurrent workers and PSs
for each arriving UDL job, and dynamically prices limited edge
resources based on current resource consumption. Eris applies a
primal-dual framework which calls an efficient dual subroutine
to schedule UDL jobs, achieving a good competitive ratio and
pseudo-polynomial time complexity. To evaluate the effectiveness
of Eris, we implement both a testbed and a large-scaled simulator.
The results demonstrate that Eris outperforms and achieves up to
44 % more social welfare compared to state-of-the-art algorithms
in today’s cloud system.

Index Terms—Distributed machine learning, auction, online
scheduling.

I. INTRODUCTION

HE combination of edge computing and artificial intelli-

gence (Al) introduced a new promising paradigm, namely
“edge intelligence” [1]. Instead of relying on the cloud entirely,
edge intelligence utilizes massive data collected in IoT devices
and edge servers to provide real-time services for smart IoT
applications, e.g., intelligent video/audio surveillance, smart city
and autonomous driving. To ensure IoT service’s quality, it is
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critical to train an unbiased model' with the data collected by
edge sites [3], [4], where an edge site can be an edge server
attached to an access point (e.g., WiFi hotspots or base station),
an edge cloudlet, or even a network gateway. For example, to
deploy smart traffic management system, real-time road traffic
data collected by installed cameras needs to be uploaded to
nearby edge cloudlets for processing [5], [6], [7]. The collected
data from different edge cloudlets are used to train an unbiased
model which can work in all roads to mange the traffic. In
this work, we define this type of learning jobs as the unbiased
distributed learning (UDL) jobs. Unlike traditional distributed
learning, UDL jobs source their training data from edge sites,
which offer both computational resources and the necessary
training data. Note that one common approach to training UDL
jobs is to adopt data parallelism with the “parameter server
(PS)” framework at the edge [3]. In each training iteration,
the workers deployed for one UDL job (either implemented on
virtual machines (VM) or cloud containers) compute gradients
based on input datasets, and then send gradients to PSs. The PSs
update model parameters by averaging gradients and then push
parameters to all workers.

For the service provider, who owns the training data and edge
resources, there exists two unique concerns need to be addressed
when training UDL jobs: fechnical and economic. First, on the
technical side, given heterogeneous resources (especially scarce
and expensive bandwidth) and data volumes in different edge
sites, it is challenging to decide the training data workload in
each site, and deploy the matched number of workers, such
that the average job completion time is minimized and total
bandwidth consumption is as small as possible. Furthermore,
due to the frequent communication between workers and PSs,
the placement of PSs also affects the inter-site bandwidth con-
sumption and the job completion time if workers and PSs are not
deployed on the same site. Therefore, the training of UDL jobs
needs to jointly optimize bandwidth consumption and minimize
the average job completion time. Second, on the economic side,
it is non-trivial to price limited edge resources upon the arrival
of each UDL job without any future information such that the
system’s utility in the long run (i.e., social welfare) can be
maximized. One tailored pricing scheme is needed to charge
UDL jobs, considering both specific features of the edge (i.e.,
resource scarcity) and UDL jobs (i.e., geo-distributed data).

' An unbiased model represents a model with high applicability that can be
used in all sites to provide effective inference [2].
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There have been some efforts to address the above two con-
cerns. For the technical side, commonly adopted schedulers in
cloud platforms [8], [9] follow intuitive strategies, e.g., First
In First Out (FIFO) or Dominant Resource Fairness Schedul-
ing [10]. However, for these cloud schedulers, providing the
fixed configuration, i.e., the number of workers/PSs and the
training time, is mandatory, which leads to inflexibility of
resource scheduling [11]. For the edge network, recent work
mainly focuses on task offloading problems [12], [13], [14]. For
the economic side, fixed pricing, where charging a fixed unit
price for the utilized resources based on jobs’ training time,
is commonly adopted [8], [15]. However, fixed pricing fails to
capture the changing supply-demand relationship in the market.
Consequently, the case of overpricing or underpricing routinely
happens, which will jeopardize the service operator’s profit as
well as the utility of the entire system. Therefore, fixed pricing is
not suitable for UDL jobs due to the uncertainty of job’s training
time, which depends on the job placement. In this regard, auction
is a natural pricing approach which can automatically set the
right price and further allocate resources to users who value
them most. Auction can further enable the users to bid for any
combination of resources or configurations. Besides, auction-
based mechanisms can effectively guarantee truthfulness and
individual rationality. A number of auction-based mechanisms in
different perspectives [16], [17], [18], [19], [20], [21] have been
proposed, which focus both on pricing mechanism and resource
allocation. However, these auction-based pricing mechanisms
do not compatible with ML jobs with uncertain training time.
More details are presented in Section II.

Herein, we develop an auction-based framework Eris for UDL
jobs to tackle both the technical and economic challenges. Eris
dynamically schedules each UDL job upon its arrival under the
bandwidth consumption constraint to maximize social welfare,
which is equivalent to minimizing the average job completion
time (because a UDL job’s utility is non-increasing with its
job completion time). On the other hand, Eris applies auction
mechanisms to automatically price limited edge resources. Eris
mainly consists of two modules: 1) an online scheduling algo-
rithm that decides the amount of training data, the execution
time window, the number and the placement of concurrent
workers and PSs at each time slot upon the arrival of each
UDL job; and 2) one well-designed pricing scheme that adjusts
resource price (including bandwidth) over time based on the
current resource usage to prevent users from submitting jobs
and enable the operator to avoid resource starvation. To the
best of our knowledge, this work is the first formal study of
dynamic scheduling and pricing for UDL jobs at edge networks.
Specifically, our contributions are:

> Through capturing UDL jobs’ distinct features, we model
the social welfare maximization problem into a NP-hard mixed
integer nonlinear program (MINLP). To tackle this problem,
we first reformulate this problem into a typical knapsack-type
problem by leveraging exponential number of variables.

> An effective auction-based scheduling algorithm Eris is
presented. First, Eris estimates the resources cost for each job
by using the dual variables which can be interpreted as unit
resource prices. The price function reflects the market rules
and is computed based on the resource consumption. Given the
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resource prices, Eris then calculates the optimal schedule for
each accepted job via a dynamic programming algorithm.

> We rigorously prove the properties of Eris, including: i)
correctness, ii) truthfulness, iii) polynomial running time, and
iv) competitive ratio.

> To evaluate the superiority of Eris, extensive testbed
experiments and large-scaled simulations are conducted. We
implemented the testbed based on MXNet Framework with
Kubernetes. We obtain promising results in Section VI: i)
testbed experiments show that Eris achieves a near-optimal
social welfare with low competitive ratio (< 1.5), which is much
smaller than the theoretical bound; ii) Eris improves 44%, 50%,
20% social welfare compared to Tiresias [11], AntMan [22]
and Liquid [23], respectively; iii) in large-scaled simulations,
Eris always outperforms three respective baselines regardless
of the input scales and price functions, which coincides with the
observation of tested experiments.

The rest of this paper is listed as follows. First, Section II
provides more details about related work. Then, Section III
shows our system model. We introduce our approach and discuss
its properties in Sections IV and V, respectively. Section VI eval-
uates the effectiveness of the proposed approach. The conclusion
is presented in Section VII.

II. RELATED WORK

Scheduling and placing in Edge/Cloud: In the energy-
constrained scenario, to minimize the latency, Saleem et al.
[13] investigate the mobility-aware task scheduling problem.
Alameddine et al. [14] attempt to maximize the number of
admitted latency-sensitive tasks by optimizing task offloading
and scheduling. However, the aforementioned work usually
allocate resources for tasks by leveraging virtual machine (VM)
or cloud container rather than workers/PSs using in the typical
“parameter server (PS)” architecture. Therefore, these work are
not applicable for smart IoT applications. In cloud networks,
how to make optimal decisions for job scheduling and placing
has been explored over the last decades. Several respective
cloud platforms are already in our sights, e.g., Microsoft Azure
ML [9], Amazon AWS ML [15] and Google Cloud AI [8].
Nevertheless, these platforms only apply intuitive schedulers,
for example, FIFO or Dominant Resource Fairness Scheduling
(DRF) [10], which can not maximize resource utilization. Other
recent proposed schedulers [24], [25], [26], [27], [28] focus on
maximizing resource utilization, but usually do not take the data
transmission consumption into consideration. However, in the
edge network, this type of consumption can not be overlooked
due to the bandwidth is scarce and expensive. Our previous
work [29] identifies UDL jobs’ distinct characteristics (training
data is geo-distributed over sites), and discusses the dynamic
deployment of workers and PSs for UDL jobs to minimize
the overall training time. Nonetheless, in this paper, we in-
vestigate a totally different problem focusing on overall utility
maximization (social welfare). Besides, to avoid overpricing or
underpricing, tailored pricing functions based on market rules
are further presented.

Auction Mechanism in Edge/Cloud: Wu et al. [16] propose
a specific auction to maximize social welfare for a mobile
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Fig. 1.  System of unbiased distributed learning.

edge computing (MEC) system. Mashhadi et al. [18] design
a truthful auction for MEC edge servers that can maximize
overall profit without compromising mobile devices’ energy
consumption and delay requirements. Lin et al. [17] present an
auction framework to effectively allocate resources to maximize
edge servers’ utilities meanwhile ensuring the latency constraint
for computing tasks of end-devices. In [19], an online auction
is developed to maximize cloud provider’s revenue in a cloud
computing system. Zhang et al. [20] first discuss the heterogene-
ity of user demands within an auction scheme. Li et al. [21]
focus on resource pricing and design an auction to achieve
trade-off the utilities between users and cloud service provider.
Zhang et al. [30] investigate the time-varying cloud resource
allocation problem. Overall, the above work and other non-
mentioned auction mechanisms [31], [32], [33] cannot be ap-
plied to price UDL jobs as the job training time is uncertain and
highly depends on the job placement.

III. SYSTEM MODEL
A. System Overview

Auction Overview: Fig. 1 depicts an auction scenario which
involves two types of entities: the service operator (auctioneer)
and the users (bidders). The operator owns the edge network and
the training data, and receives bids from users to train unbiased
distributed learning (UDL)? jobs in its edge system. Once it
received the bids submitted by users, the operator conducts a
schedule policy for jobs, and calculates the required payment.
Then, the operator allocates resources for the accepted job, and
charges the user accordingly. Assume that I jobs arrive and
request for training within 7" time slots. Note that A" indicates the
integerset {1,2, ..., X }. Table I lists some important notations.

Service Operator: The service operator serves as the owner
and manager of resources in the edge distributed learning sys-
tem. The system involves R geo-distributed “sites”, e.g., an edge
cloudlet or edge server [29]. Each site collects and provides
training data for UDL jobs, which are targeted at different
smart applications, such as, intelligent video surveillance and
smart city. In addition, each site 7 can offer C* units of type-k

“Different from traditional modes that DL job associates with its own in-
put dataset, UDL jobs’ datasets are collected from edge sites, to support the
unbiasedness of DL model [3].
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TABLE I
LIST OF NOTATIONS

I # of jobs T # of time slots

a; job 4’s arrival time t completion time of job 4
T accept job i ornot | fi(-) | job i’s utility function
P; processing capacity of job i's worker
D} the size of the training data for job i in site r

B overall volume (data rate) of the amount of data

transmission per time slot
whether job’s PS is placed in site r at ¢

2 ()

g7 (t) # of job ¢’s workers in site 7 in ¢
CcF the capacity of type-k resource in site r
Ai the size (MB) of the parameter exchanged between a

worker and the PS of job i per time slot

hI™ (t) | the size of the training data of job i transmitted from
site r to site 7’ at ¢

0 the size (MB) of one data chunk
wr (s¥) | the amount of type-k resource occupied by one worker

(PS) of job 4

T select schedule [ for job i or not
O the amount of data transmitted between site 7 and 7’
at ¢ in job i’s schedule [
ga:l'k(t) the amount of type-k resource in site r currently

occupied by job i according to its schedule [
p(t) the size of data transmitted at time ¢

Nk (t) the amount of allocated type-k resource of site r at ¢
a(t) unit price for data transmission (MB) at time ¢
BE(t) unit price of the type-k resource of site r at ¢

M] (t) | remaining size of training data of job ¢ in site r at ¢

Ya(Vk) the base of the data transmission (resources) price

functions

resource and connects with other sites by edge networks. Let K
denote the number of resource types, e.g., GPU, CPU and disk
storage. Since radio resources in the edge network are scarce
and expensive, as a result, the operator imposes a limit of the
total data rate for transmission, denoted by B.

When a new job arrives, the service provider has to make
multiple decisions, such as: i) whether accept this job; ii) where
the PS of this job should be placed; iii) the allocated number of
workers for this job; iv) how to transmit the training data among
edge sites for this job.

Users: Users submit their bids for training jobs once they
arrive. For ease of analysis, suppose one user submit one job at
a time. Thus, we do not distinguish a user and a job below. User
¢ submits bid information, which is a tuple II;

I = {ai, fi(-), {D} Yor, Ei, {wl, s bu}, (1

where a; indicates the arrival time of job 4, f(-) denotes the
specific utility function of job ¢, which is non-negative and
non-increasing with its execution duration (fi — a;) [34], [35].
Generally, one UDL job’s utility is customized by its user accord-
ing to the latency-sensitive requirement (i.e., completion time)
and the characteristics of its workload. To clarity, assuming that
data chunk is set to be the unit of data. For job ¢, Dj represents
the required data size (the number of data chunks) in site r. For
good performance, all data needs to be trained for F; epochs.
w? (s¥) represents the amount of type-k resource occupied by
one worker (PS) of job i, Vk € IC. Let P; indicate the processing
capacity of job ¢’s worker, i.e., the number of data chunks job
1’s worker can process in one time slot.

Parameter Server Architecture: In order to reduce bandwidth
consumption, we adopt the data parallel training and the PS
architecture [36], rather than requiring all training data across
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geo-distributed sites to train centrally [37]. Workers and PSs are
configured as virtual machines (VMs) or containers. Assuming
that each UDL job is allocated with one PS, which in practice
can represent various PS instances within one site. We use
synchronous training to guarantee the model convergence [38]
due to the fact that synchronous training can obtain a model
with comparatively higher level of accuracy compared to asyn-
chronous training [39]. Typically, one time slot will be longer
than a training epoch in length, so one can perform training at
each time slot. One time slot, for instance, will be for 30 minutes
or more. To meet the demand for training data, at beginning of
each time slot, one needs to redistribute training data (workload)
among sites for processing at the current time slot. For adopting
Mini-batch Gradient Descent [40], each data chunk will be
split up into some equal-sized mini-batches. Iteratively, workers
calculate and transmit model gradients (directions of changes)
to the PS. The PS updates the model after received all workers’
model parameters, and then sends back to all workers. Once all
mini-batches have been processed for the predefined number
of epochs, workers will further compute gradients using the
subsequent mini-batch. Let A; denote the total size (MB) of
the parameter transmitted between a worker and the PS per
slot.

Auction Preliminary: Here, to make everyone happy in the
long run, we focus on the whole system’s overall utilities, that is,
aiming to achieve social welfare maximization. To achieve this,
eliciting truthful information from users is extremely necessary.
In practice, due to the egocentric characteristic of users, they
will attempt to maximize their own payoffs. More specifically,
to obtain a higher payoff, users may try to lie about the real
valuation (function) of their job bids in terms of completion
time, denoted as v;(-). Here, we will introduce the following
definitions for auction design in terms of truthfulness and social
welfare.

Definition 1(Truthful Auction): An auction is truthful if and
only if every user’s payoff is maximized by reporting its true
valuation, i.e., for all f;(+) # v;(+), ui(vi(+)) > w; (fi(+)).

Definition 2(Social Welfare): Note that the payoff of job ¢
is u;(fi(+)) = vi(-) — p; if its bid is accepted, and O otherwise.
The operator’s revenue is the total payment of all accepted jobs,
i.e., o7 pix;. Here, the social welfare of the auction is defined
as the aggregate utilities of the operator and users, and equals

D ier(Wi() = pi)wi + D er piwis i D vi(4) T

B. Problem Formulation

To clarify, we define the decisions made by the operator as:
i) x;, a binary variable which means whether job ¢’s bid is
accepted (z; = 1) or not (z; = 0); ii) 2] (¢), a binary variable
which indicates whether job ¢’s PS is placed in site r at time slot
t or not; iii) g{(t) € N7, the allocated number of workers for
jobiinsite ratt,Vi € Z,Vr € R;iv) hz”’ (t) € N*, the number
of data chunks for job 7 transmitted from site  to 7’ at time ¢; v)
pi > 0, the required payment for user ¢ once the operator accepts
his bid (z; = 1).
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The social welfare maximization problem can be expressed
as follows under truthful bidding (v;(-) = f;(+)).}

maximize Z zi filti — a;), (@
el

subject to

S S Tt =3 Diwi, VieT,

teT reRr'eR reR
(2a)
Pgl'(t) > E; Y W (t), Vi€ LV e RVEET,
reR
(2b)
S at)=a;, VieLVteT,
reR
(20)
SN Oh (1) + Mgl (I (1) = 0)) < B.VE e T,
i€l r,r'eR
(2d)

> (whgi(t) + sf2 (1) < CF, VkeK,vreRVLET,
i€l

(2e)

t; = arg max (Zgl (t) > 0) , Viel,

reR

(2f)

grt) =hI"(t) =zl (t) =0, Vt:t<ay
(22

gr(t),hi (1) € {0,1,2,...}, VieZI¥rr eRVteT,
(2h)

2,20 (1) €{0,1}, VieZ,VreR,VteT.
(21)

Constraint (2a) ensures that the amount of transmitted data
equals the amount of job 4’s training data. Specially, h]"(t)
denotes the local training data in site r at ¢, which means it
does not need to be transmitted at ¢. Constraint (2b) guarantees
that job i’s workers deployed in site 7’ at ¢ is sufficient for
handling F; epochs of data in site 7’/. Constraint (2c) indicates
that each job has one PS if accepted. Constraint (2d) illustrates
that the amount of training data transmitted and the amount
of parameter transmitted between sites limited by the data rate
B. Given the edge network’s inherent dynamic conditions like
interference and fading, our constraint (2d) focuses on data
volume, providing a more stable metric than uncontrollable tra-
ditional bandwidth. Utilizing data volume allows us to indirectly
constrain on associated physical resources, such as bandwidth
or transmission power, ensuring that the system operates within
feasible and realistic limits. Here, we consider that there is no

3Specially, decision variable p; does not appear in problem (2) because of the
definition of social welfare (Definition 2).
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need to transmit parameters if the PS and workers are deployed
in the same site. We specify this case by using I(2](t) = 0),
where I(-) is an indicator function. The resource constraint of
sites for deploying workers and PS is demonstrated by (2e). The
completion time of one job is defined in constraint (2f), that is,
defining the completion time of a job as the largest time slot that
this job still need workers to train.

Challenges: Problem (2) is a mixed integer nonlinear pro-
gramming (MINLP), which is NP-hard [41], [42]. This state-
ment can be easily supported by the following reformulated
problem (3), which can be transformed from a classical Knap-
sack problem in a polynomial time. Furthermore, the problem
(2) involves integer variables which are dependent on each other,
and a non-conventional constraint (2f). In this regard, there is a
need to make online decisions for deploying workers and PSs,
and transmitting data, without any future information.

IV. ALGORITHM DESIGN

In this section, we develop an auction-based scheduling
framework, Eris, to schedule UDL jobs. Eris aims to achieve
social welfare maximization. The following is the main idea.

i. In Section IV-A, we reformulate problem (2) into an
integer linear program (ILP) by introducing exponen-
tial number of variables. Then, we construct its dual
problem to handle the primal variables. By applying the
theory of complementary slackness, we convert our goal
to compute each job’s payoff, which means jobs with
positive payoff will be accepted, otherwise rejected. The
computation of jobs’ payoff is based on resource pricing
and its corresponding assigned resources.

ii. In Section IV-B, we analyze the traditional pricing mech-
anisms in the market. Then we design various tailored
price functions for resources based on market rules.

iii. In Section I'V-C, we discuss how to deploy workers and
the PS for one job to reduce resource consumption. Eris
further decomposes problem (7) to a series of one-shot
problems (8). A dynamic programming (DP) algorithm
is applied to divide the total training data into time slots
within the range [a;, £;]. For each one-shot problem, Eris
conducts data transmission according to a tailored metric.
Then Eris deploys workers in a greedy fashion according
to the resource cost of one worker. Finally, the PS is placed
to the site which has the maximum number of workers to
reduce the communication cost.

A. Problem Reformulation and Auction Framework

Recall that searching for a feasible schedule for each job is
the ultimate goal of the service operator. Therefore, to address
problem (2), we consider reformulating it into the following 0-1
integer linear program (ILP) by encoding three types of integer
variables 27 (t), g7 (t) and 1" (t) into one schedule variable 1.

maximize Z Z wi fi(ta — a;),

i€l lel;

3
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subject to

SN walt)ra < B, VteT,

i€ leL;

(3a)

erF ey <CF, VekeK,VreR,Vte T, (3b)

D

i€l leL;
> ag <1, Viel, (3¢)
leL;
xy € {0,1}, Vie L, Viel. (3d)

InILP (3), schedule [ represents one deployment result for job
i, which consists of integer variables 27 (t), g/’ (t) and k" (t).
L; denotes the set containing job i’s all feasible schedules that
satisfies constraint (2a)—(2c) and (2f). For consistency, binary
variable z; is reshaped to x;;, which denotes whether select job
i’s schedule [ or not. And #;; represents the completion time of
job i according to schedule I. Likewise, t;;(t) represents the
amount of data transmitted between site » and ' at ¢ in job i’s
schedule L, i.e.. 1i1(t) = 3, g O3] (1) + Aighy (DI( (1) =
0). @Z’l’k(t) indicates the amount of type-k resource in site
r currently occupied by job ¢ according to its schedule [,
ie., gozl’k(t) = wkgl(t) + sk27(t). In addition, variables 2, (t),
g5, (t) and Rl (t) represent the corresponding value within
schedule /, respectively. Constraint (3a) and (3b) are equivalent
to constraint (2d) and (2e), respectively. Then constraint (3c)
and (3d) are corresponding to constraints (2a)—(2c). Thus, ILP
(3) is equivalent to problem (2).

Dual Problem: Obviously, the number of feasible schedules
of each job is potentially exponential because of combinatorial
nature of these variables. To tackle the exponential scale of in-
troduced variables, we construct its dual problem (4) by relaxing
the binary variable x;; to z;; > 0. Dual variables «(t), 3% (¢) and
L; are associated with constraint (3a), (3b) and (3c), respectively.

minimize Y g+ Y Ba(t)+Y Y > CEaEt), 4)

i€l teT teT reR kek
subject to
i > filta —ai) =3 vaat) =333 @hF0)8E®),
teT teT reR kek
YieZ,VleL;, (4a)

wi,a(t), B(t) >0, VieZVreRNteT.
(4b)

Design Rationale: By interpreting the dual variable «/(t) as
the unit price for data transmission (MB) at ¢, ), . ¢y (t)c(t)
indicates the data transmission cost of job . Similarly,
DoteT QoreR Dokek gazl’k (t)3¥ (t) represents the total cost of re-
sources occupied by job i with schedule I, when 3¥ (¢) recognizes
as the unit price of the type-k resource of site r at time ¢. So the
right hand side (RHS) of (4a) means job ¢’s utility minus the
overall cost. In this regard, j; represents the received payoff
of job ¢ if it is accepted. To minimize the objective of the
dual problem, we set the dual variable p; to be the maximum
value between 0 and the RHS of (4a) based on the optimal
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Algorithm 1: Auction Framework Eris.

Input: 7,C*, B,Vk € K,Vr € R

Output:

xi,gr (1), 25 (), bl (), Vi € T,Vr, 7' € RVt ET

1: Initialize
g:(t) =0, Z:(t) =0, h;r’(t) =0,p(t) =0, Uf(t) =
0, a(t) = a(0), BE(t) = BE(0), Vi, ¥r, 1, Vi, ¥t

2:fori=1,2,...,1 do /*new jobs*/

30 Set(l*, p;) =
SA(ai, Ei, {Dj Yor, {p(t) Yves {0 (8) Yo t)

4: if p; > O then

5. Update p(t) = p(t) + 1(t), nf(t) =
nEt) + o7 (), a(t) = alp(t), BE(t) =
BE(nE(t)), Vr, ! Vk, Vt

6 Set z; = 1 and deploy job 7 according to schedule [*
7: else
8: Set x; = 0 and reject job ¢
9: endif
10: end for

schedule [*.

i = max{0, max RHS of (4a)}. (5)
€L;

If 1; > 0, the operator accepts and allocates resources for job ¢
according to its schedule [* (x;- = 1); otherwise, the operator
rejects (x;; = 0,VI € L;). The explanation is that jobs’ value can
cover the overall cost, which ensures the jobs’ owners are willing
to train their jobs. Besides, the operator attempts to accept those
jobs with larger value and less resource consumption.

Auction Framework: The main workflow of Eris is presented
in Algorithm 1. The subroutine Algorithm 2 computes the
optimal schedule [* for each newly arrived job (Line 3). If
the value of p; is larger than O, the operator accepts the job
(z; = 1) and updates the current price of resources or data by
using well-designed price functions (lines 4-7), discussed in
Section IV-B.

B. Price Function Design

Before finding the optimal schedule for jobs, let us first
discuss the marginal price of data and resources, i.e., vari-
ables «(t) and S¥(t). In market economics, resource price
always increases with the amount of resources occupied. To
be specific, when there are enough resources available, re-
source prices should be decreased to encourage consump-
tion. When demand for a resource exceeds supply, service
providers will inevitably raise the price in order to relieve
the strain on supply. In this paper, we adopt an exponential
function as the basic expression to depict this market rule.
Here, let p(t) denote the amount of data transmitted at time
e Yieg, S prer ORF (£) + Aig? (DI(1 () = 0). And Z,
indicates a set of accepted jobs before job ¢ arrived. Additionally,
nk(t) represents the amount of allocated type-k resource of
site 7 at time £, ... Y.z, D e wigl () + ¥z (t). There-
fore, the price functions of data transmission/resources can be
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formulated as
nk ()

alp(t) = (va) T — 1, BEME) = () °F ©)

Here, let us discuss several characteristics of our tailored
price functions. If there are no resources used (i.e., p(t) = 0)
or no transmitted data (i.e., n¥(¢) = 0), then a(t) = B¥(t) =
0,Vr,Vk,Vt. In this case, all jobs would be accepted, to in-
centive more people to submit their jobs in this auction, and
increase the possibility of accepting jobs with larger utility for
the operator. If there are no available resources or no data budget
left, a(t) = v4 — 1, BF(t) = v — 1, Vr, Vk, Vt. This means that
these two values should be large enough to avoid any jobs from
being accepted by the operator, i.c., fi(fil —a;) = > yer(va —

WM)EHEQ&M% 1)@ (t) < 0. A feasible

luti t t fi(tii—aq) 1, fi(fi—ai) ‘ <
solutionis to se 2oter Ya(t) = < S er ke Srer i (8) T

Yk —1,Vi by assuming that v, —1>1,7—-12>1, ie,

f7( il — a,) f7(t7l 07)
S ooam = b TSRS SIS ST > 1, Vi. It is reasonable

because there are no sufficient resources to handle more jobs.
Moreover, such assumptions can prevent users from submitting
jobs and enable the operator to escape peak load quickly.

-1

C. Sub-Problem of Finding Schedule |

The sub-problem of finding an optimal schedule [* for each
job 7 can be expressed as follows.
)= 2.2 D (wigi®)

)+ 527 ()67 ()

max fzt —a;)
ti,gz,h

teT reR kek
= D (OhT(#) + gl (DI(=] () = 0))a(D),

teT r,r'eR

(N
subject to
Yi(t) < B —p(t),VteT, (Ta)
erF () < CF —nf(t),Vr e R,V € KVt € T,

(2a) — (2¢),(2f) — (2i), where z; = 1. (7b)

Constraint (7a) and constraint (7b) are equivalent to constraint
(3a) and (3b), respectively. To solve problem (7), we consider fix-
ing and enumerating the completion time 7; to simplify problem
(7). Then we further apply DP to divide the total workload D;
(i.e., >, Dr) into D;(t),Vt € [a;,1;]. Consequently, problem
(7) can be simplified as a series of following one-shot problems.

min cost(t, D;(t))= > (0h]" (t)+xigf (HI(2] () = 0))a(?)

rr'eR
D03 (whgl )45k 0)BE®), @)
reR kek
subject to
(7Ta) — (7b), (2b) — (2¢), (29) — (2i), where z; = 1.

Algorithm Details: The details of simplifying and computing
optimal schedule [* is given in Algorithm 2. In lines 2-7,
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Algorithm 2: Scheduling Algorithm SA.

Input: a;, E;, D7, p(t),nk(t),Vk € K,¥r e R,Vt € T
Output: I*, 1,

1: Initialize I* = &, p; = 0

2:fort;, = a; to T do

3: (cost*,1) = DPC(t;, >, .r DI)

4: if p; < fi(t; — a;) — cost* then

5: wi = fi(ti —a;) — cost*, I* =1
6

7

8

end if
: end for
: Return I*, p;
9: function DPCT;, D;
10:  cost; = 00,1l =&
11: ford =0to D; do
12 (costr. {97 (T)bure {2 (T v {03 (T o) =
DPC _T(T;,d)
13: (cost, Iy =DPC(T; — 1, D; — d)
14: if cost; > cost; + cost then

15: cost; = costy + cost, | = 1" U {{gl (T3) }wr,
{27 (1) Yors AR (T0) Yo }

16: end if

17:  end for

18: Return cost, |
19: end Function

for new arrived job i, Algorithm 2 enumerates its #; within
the range [a;,T]. In line 5, Algorithm 2 obtains the optimal
schedule for each job with the fixed #; by function DPC. Through
comparing payoff y; at different £; achieved by DPC, the optimal
schedule [* can be returned (lines 4-6). Lines 9—18 achieve
a DP function: DPC({;, D;) = minge(o,p,) DPC_T(;,d) +
DPC(t; — 1, D; — d). The workload to be finished within time
slot #; will be enumerated from 0 to D; to narrow the schedul-
ing scale (lines 11-12). The remaining workload D; — d will
be handled within [a;,%; — 1] (line 13). Lines 14—16 attempt
to identify the corresponding schedule with the smallest cost.
Similarly, obtaining the corresponding optimal schedule at a
narrower time window [a;,7; — 1] can be addressed. For time
slot ¢ within [a;, f; — 1], we will enumerate the workload and
further narrow the scheduling scale recursively until reach the
arriving time a;. The deployment algorithm is discussed in
Section IV-D.

D. Deployment Algorithm

The key to solve problem (8) is to decide where to deploy
workers and the PS, and to determine data transmission to
minimize the overall cost. This can be addressed optimally by
a simple greedy algorithm, which is discussed in Algorithm 3.
And its optimality will be shown in Theorem 4.

Here, we consider redistributing the training data across sites
to accommodate workers and the PS’s deployment. Algorithm 3
makes decisions for deploying workers and PSs at ¢ to fulfill
workload D;(t), and calculates the required data transmission.
The data redistribution is based on a tailored metric, which is
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defined as below.

(1) = falt) — 2 Sk (B0~ B5(1), O

b kek

where the first term denotes the cost of transmitting one data
chunk, and the second term represents the reduced resource cost
of one data chunk if we transmit it from site r to /. The rationale
is that we aim to transmit data to sites with lower resource cost to
train if the reduced resource cost can cover the cost introduced
by data transmission. Note that we will stop transmitting data if
the value of wa (t) is smaller than 0, i.e., the cost of transmitting
one data chunk is larger than the corresponding reduced resource
cost. Therefore, we first sort pairs of sites (i.e., {r,'}) in non-
decreasing order according to the metric Qg”'/ (t) in line 2. Then
we enumerate each pair to determine whether the operator needs
to transmit data between sites or not (lines 2—11). In particular,

line 5 calculates h:’ " (t) by using the following equation.

. /‘ . . o B _ (t)
TiT; o 5 o T 7[)
" () = min{ M7 (t) = Y b (t),{ 9 J
r"eR
-1, ,
Di(t) = S (M7 () + > by (2)),
j'=1 reR
CE —nk (1)
L "y nr; ) rrl
B ke | wf J—Mi (t>—7§hi (1}, (10)

where the first term represents the remaining amount of job
i’s data in site r;. The second term guarantees constraint (7a).
The third term indicates the remaining workload needed to be
processed currently. In addition, the last term represents that
the number of data chunks that site r;- can still handle currently
except its current training data volumes. In lines 6-8, we decide
whether transmitting data from site 7; to 7"3 is feasible through

the value of h;’ '’ (t). We reset h,” ’(t) to 0 and exclude all
pairs includes site r; if transmitting data is unnecessary, i.e.,

h’" (t) < 0.

After finishing the data re-distribution, we consider deploying
workers via a greedy fashion according to the unit price of one
worker of job 4, i.e., Y, wFBF(t). Lines 13-15 compute the
corresponding number of workers on each site. Here, we reserve
resources for the PS in each site to reduce the complexity. This
is reasonable because the resources occupied by workers and
PS are essentially different. Workers need GPU to train [11],
however PSs aggregate parameters using CPU. So reserving
resources for the PS would not affect the deployment of work-
ers. To reduce the cost of parameter exchanged, we greedily
deploy the PS on the site, which has the maximum number of
workers (line 16). If not enough workers or violating constraint
(7a), fulfilling workload D;(t) at time ¢ is infeasible (lines
17-19); otherwise, we return the overall cost and corresponding
schedule.
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Algorithm 3: Deployment Algorithm DPC_T.

Input: ¢, D;(t);
Output: cost,, g (t), 27 (t), A" (t),Yr,r' € R
1: Initialize g7 (t) = 0, 2 (t) = 0, A" (t) = 0,Vr, 7" € R
2: Sort all pairs of sites according to Q"' (¢) in
non-decreasing order into {r,7'}1, {r,7'}2, ...,
{7“ 7",} R(R—l)

ZfOI‘j_ltO (R Ly do

if Q7 (t) <0 then /* whether transmit data or not */
Compute h,’ " (t) using (10)

if h,""7 (t) < 0 then /* exceeding resource limits */
rir

h;” 7 (t)=0

Exclude all pairs {r, 7'} that include site r;
9: end if

10:  end if

11: end for

12: Sort sites in R according to >, w¥BF(¢) in

non-decreasing order into 71, 12, ..., 'R
13: for site j = 1 to R do /* deploy workers */

e A

14: g7 (t) = mm{fp(M () + X er hi (1)1,
. Cr =t (1) D, -
minger |~ [FR] = X, cr 97 (D)
15: end for

16: 7 = argmaxren{%( )} 2l () =
172363, g1 () <[220 or

B - p(t) -0 Er,r’ER h:T/ (t )‘ Er r#£ET 9i (t) <0
then

18:  Return costy = +00, {g7 (t) byrs {27 (t) Fyrs
{hz”l(t)}vnr’
19: end if
20: costy = Xy g 1 (Ba(t) + 3, 2y hagl (Da(t) +
Srer Lonerc (WEGE(8) + 8727 (1)) BE(t)

21: Return costy, { gl () bvrr {27 (8) For {R57 (£) b

V. THEORETICAL ANALYSIS

In Section V, we verify several key properties of Eris includ-
ing the correctness, individual rationality, truthfulness, compet-
itive ratio and time complexity.

Theorem 1: Our proposed auction Eris produces a feasible
solution to the original sub-problem (2).

Proof: We first show that a feasible solution of sub-problem
(8) can be obtained by using Algorithm 3. For each pair, we
calculate its corresponding transmitted data by using (10), which
can satisfy constraint (7a), (2d), and (2h). Line 14 of Algorithm 3
computes g7 (t) according to constraint (7a), (7b), (2b), and (2e).
And the placement of the PS also satisfies constraint (2c¢). So
Algorithm 3 produces a feasible solution of sub-problem (8).
Function DPC can guarantee constraint (2a) will not be violated.
In lines 2—7 of Algorithm 2, the for loop enumerates fi, which
can satisfy constraint (2f). Therefore, we complete the proof. [

Theorem 2(Individual rationality): Eris can achieve individ-
ual rationality.

Proof: To prove this, we need to ensure that the utili-
ties of users and the profit of the service provider are both
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non-negative. For users, this requirement can be easily sat-
isfied because (5) ensures that if one user’ utility p; > 0,
the operator accepts and allocates resources for job ¢ ac-
cording to its schedule [* (x;+ = 1); otherwise, the oper-
ator rejects (x; = 0,V1 € L;). For the service provider, its
profit equals to the total payment of all accepted jobs, i.e.,
Zie 1 Pix;, which always be positive. Therefore, we finish this
proof. ]

Theorem 3(Truthfulness): Eris is a truthful auction.

Proof: This theorem can be verified through analyzing the
truthfulness of all elements in the bid tuple.

Truthfulness in the arrival time a;: To start with, we discuss
that user ¢ has no motivation to report an earlier arrival time of
the job. In fact, user ¢’s job cannot arrive at the reported/eariler
time. In this case, the service operator can directly discard
this job when this happened. Besides, additional punishment
mechanisms can be applied to avoid this. If user ¢ bids with a
later arrival time, it does not actually affect the service operator
to schedule jobs as expected. Intuitively, users also have no
motivation to do so because it would prolong the completion
time of jobs. Therefore, we finish this part of proof.

Truthfulness in utility functions f;(-): Recall that Eris
is based on the posted pricing mechanisms [43]. For
each accepted job ¢, its payment is computed as p; =

ZtGT Zr reR hm}/( ) ( ) + Zte?’ Zr:r;ﬁf )‘lg: (t)Oé(t) +

Srer Srer Y (whgr (£) + 5527 (6)) B (1). We can see that
the payment equation only reflects the total cost for training job
1, independent of its utility function f;(-). Moreover, according
to Definition 1, the payoff equals its valuation minus the
payment, which has no relationship with utility function f;(-).
So jobs’ owners would not misreport their utility functions.

Truthfulness in the required data size D] and epochs Ej;:
Regardless of the required data sizes or epochs, as long as
user ¢ reports a larger one, it will cause its job to take longer
time to compete. On the other hand, a smaller one will harm
the interests of users because their ML models fail to achieve
the predetermined performance, i.e., accuracy threshold. Thus,
users have no motivation to misreport the required data size and
epochs.

Truthfulness in the resource configuration of one worker w,ﬁ“
and PS sf : Similarly, users have no motivation to report the
amount of any type of resources occupied by one worker or PS,
since it will reduce the computation capacity of worker/PS so
that prolong the completion time of jobs. Intuitively, if users
can report the resource conﬁguration of workers/PSs with more
computing power, i.e., larger w¥ or s¥, their jobs can be finished
more quickly. In fact, there is no need for users to do this
because the more resources occupied also means that users have
to pay more money to the operator. Thus, the truthfulness of the
resource configuration of workers/PSs can be verified.

As aresult, the proposed auction framework Eris can achieve
truthfulness. ]

Theorem 4: Algorithm 2 achieves an optimal solution of
original problem (7), in which Algorithm 3 returns an optimal
solution of problem (8).

Proof. Optimality of Algorithm 3: First, we try to analyze the
optimality of Algorithm 3. Here we denote the schedule returned
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by Algorithm 3 as [, 4, which consists of data redistribution,

and the deployment of workers and the PS. Note that (%(t)l
represents the minimum number of workers, which can handle
workload d at time ¢ for job i. Assume that there exists one
another schedule Zt,d, which receives a smaller cost than [; 4.
Likewise, the data transmission, and the deployment of workers
and the PS are indicated by A" (t),Vr,r’ € R, §!(t),Vr € R
and z] (t), Vr € R, respectively. Note that the total cost consists
of data transmission cost, the resource cost of workers and the
PS, and parameter exchanged cost.

We first discuss the data transmission based on a metric
Ql”’ (t). Recall that the third term and the last term can ensure
the amount of transmitted data is minimum from the analysis of
(10). There are two cases of this data re-distribution if necessary.

1) If ZM,GR ﬁ{r'(t) = rrer hi™'(t), then in lAt7d, there
exists some h7" (¢), which not equals h!™ (t). Because the
amount of transmitted data remains the same, [, 4 can be
converted into l;d by transmitting data from other sites.
Based on the metric Q7" (t), we greedily transmit data
from the site with the highest resource cost to the one with
the lowest cost. So transmitting data from other sites in
l; 4 can only increase the data transmission cost.

2) Y, er hir'(t) > > wer hiT (), we need to transmit
more datain the edge- network which would cause to more
data transmission cost. For the first case, we can know that
moving data from other sites can increase the cost even if
the amount of transmitted data is the same. So in this case,
transmission cost would definitely increase when meeting
more transmitted data.

Similarly, there are also two cases for the deployment of
workers in schedule /; 4. Here, we omit some details since the
optimality of this part can be proved because of the similar
reason. As for the deployment of the PS, deploying on the site
with maximum number of workers can minimize the parameter
exchanged cost. Consequently, we can conclude that DPC_T
returns an optimal schedule I, 4, Vt € [a;, t}], 0<d<D,.

Optimality of Function DPC: For every completion time, we
try to optimally dispatch the total workload into time slots within
range [a;, ;] by using dynamic programming. The optimality
of DPC can be proved by the induction on t = a;,...,T. At
time a;, wehave DPC/(a;,d) = DPC_T(a;,d),V0 < d < D,
which means DPC/(a;, d),V0 < d < D, canreturn the smallest
cost when handling workload d. The induction hypothesis illus-
trates that D PC'(¢, d) fulfills workload d € [0, D;] with the min-
imum cost, for any time ¢. Furthermore, based on the DP func-
tion, we can get DPC(t +1,d) = mingcg,qg DPC_T(t +
1,d"y+ DPC(t,d —d'),¥Y0 < d < D;. Therefore, DPC(t +
1,d) also returns the minimum cost when fulfilling workload
d at t + 1. Consequently, we can claim that D PC(#;, D;) can
obtain the schedule with the smallest cost at time #; € [a;, T],
for any jobs.

Optimality of Algorithm 2: Recall that £, is the testing deadline
rather than the final completion time. The optimal £ is tight, i.e.,
>t¢la,,i) 97 () = 0, after enumerating t; from a; to T. Assume

that job ¢’s final completion time is f;‘, corresponding to the
optimal schedule [*. So we can obtain the optimal schedule
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when #; = ¥, In Algorithm 2, we enumerate #; from a; to 7" and
update the optimal schedule until receiving one new schedule
with smaller payoff. Recall that the utility function of jobs is
non-increase with #; — a;. In this case, Algorithm 2 would not
update the optimal schedule even if there exists another schedule
with the same cost and a larger deadline. So we can record the
optimal schedule if we get it. Therefore, we finish this part of
proof. O

Theorem 5: The competitive ratio is the upper-bound ratio of
the optimal objective value to the objective value of the solution
found by Eris. For problem (2), Eris is y-competitive, where
v = 2log(vavy), Vi, = maxy{vx}.

Proof: Let OPT indicates problem (3)’s optimal objective
value, which is equivalent to problem (2). I'; and A; represent the
objective value of problem (3) and (4) returned by Algorithm 1
for scheduling job ¢, respectively. In particular, I'g and Ay denote
their original objective values when no job arrives. So the final
objective values of the two problems are indicated by I'; and
A;. For clarify, let us introduce one lemma.

Lemma 1: When a constant ~y satisfies I'; — I';_; > (A —
Ai—1),Vi € Z, and if Ty = Ag = 0, then Algorithm 1 is -
competitive in total social welfare.

Proof. Given I';, we can get I'; — 'y = ZieI I, —1_1.
Likewise, we have A; —Ag=D>,.;A; —A;_;. Then we
can derive that Iy —Tg = >, ([ — ;1) > %ZieI(Al
Aiq) = %(AI — Ag). Moreover, we have A; > OPT > T
according to the weak duality. So we have I'; > %A 1> %OPT
combining 'y = Ay = 0. Therefore, we finish this proof. [

Next we discuss how to design a specific v to make
Algorithm 1 satisfy I'; — I";_1 > V(A — A;_1),Vi. There are
two cases according to whether the job is accepted or not. The
inequality holds since I'; — I';_; = A; — A;_1 = Owhenjob1iis
rejected. Next, we focus on the other case where job ¢ is accepted
with its schedule [. Here, we introduce some new variables.
Let o’ (t) indicate the unit price of data transmission at time ¢
after accepting job 4. 3%(¢) means the unit price of the type-k
resource of site r at ¢ after processing job i. We have

i i A ORI ) i—1(4)
al(t) =) = () T ()T
pi—l N)
= () S @esO0 T ),
Then the formula o'(t) — o 1(t) < (a71(t) +
)log('yd)%ﬁ) holds by using an inequality 2% —1 < z,
for any z € [0, 1]. Slmllarly, we can get BEi(t) — pRiT1(t) <

nh
(BF L) + 1) log (k) 05 . Since x; =1, according to
Algorithm 1, constraint (4a) can be guaranteed. The increased
value of problem (4)’s objective is

Ai— N1 = +ZZZC§(B§”(1§

) = B (1)

reR kek teT
+Y " Bai(t) —a (1))
teT
<f1 1l*az ZZZQP 5k2 1()
teT reR kek
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Y (t)

t) +1)log(ya) 7

_Z'(/)il(t zl _|_ZB 11

teT teT
' PAIC)
+D DD GBI + Dlog(y) F
reR kek teT
< filti — ai) +1og(vf) Z Z Z o5 (t)
reR kek teT
+ (log(k) =1 3D > i MA@
reR kek teT
+log(va) ) du(t)+ (log(va) = 1)D_ du(t)a’ (1),
teT teT
where 7; = max;{y}. According to fi(ty —a;)—
ZteTwil(t)O‘ ( ) ZteT ZreR Zke}C 50 ( )Bk . 1( ) =
wi >0, then we have fz( il — az) > ZteTwzl( ) ( )
and filkis = ai) 2 Y per Xrer Snex € (0)BE1(E).
.. . : f’L(tl CL,,)
Combining aforementioned assumptions S v T’ O] >1
and filba—a:) therefore ~ we  have

Srer Dhek Deer i (t) =1 )
A — Aoy < 2(log(vq) + log(v))) fi(ti — a;). In particular,
I'; —T';_1 = fi(ty — a;). Consequently, combining Lemma 1,
we can conclude that Algorithm 1 is ~y-competitive, where
v = 2log(vavy) and v = maxy {7y} O

Theorem 6: The time complexity of Erisis O(ITD;(R*K +
D)), which is pseudo-polynomial.

Proof: To start with, we evaluate Algorithm 3’s time com-
plexity. Sorting pairs of sites in line 2 takes O(R log R) times.
In lines 311, the for loop takes O(R2K) steps to calculate
h:j " (t) for each pair. Similarly, sorting sites in line 12 of
Algorithm 2 need O(RK log R) steps. Then, calculating the
number of workers for each site and determining the placement
of the PS take O( RK) times at most. Thus, the time complexity
of solving several one-shot problems (8) using Algorithm 3 is
O(D; R?K). In function DPC, we can see that the number of
states (¢,d) of job i is O(TD;). Furthermore, function DPC
will be executed O(D;) times if we record intermediate values
DPC _T(t,d) and DPC(t,d) for all t € T, d € [0,D;] to
omit any extra calculations. Therefore, function DPC(fi, D;)
needs to be executed O (T D?) times. In lines 2-7 of Algorithm
2, the time complexity of enumerating 7; for each arriving
job is O(TD; R2K + T D?). Thus, making decisions for de-
ploying all ML jobs of Algorithm 1 takes O(ITD; R*K +
IT D?) times. Overall, the time complexity of Eris is O(ITD;
(R’K + Dy)). O

VI. IMPLEMENTATION AND EVALUATION

In this section, we present testbed implementation in
Section VI-A, and then describe testbed setup, simulator and
three baselines in Section VI-B. The performance of Eris is
presented in Section VI-C.

A. Implementation

We apply Kubernetes 1.19 to implement a distributed ML
system based on Apache MXNet. Fig. 2 illustrates the testbed’s
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Kubernetes Cluster
kubectl

Master Node
Kube-apiserver
> = Kube-controller-manager
</>
Central Scheduler @ etcd
Slave Node J r
HDFS Kubelet MXNet Kubelet ~ MXNet

Docker Docker

B Pods N . s

Fig. 2. Implement of the testbed.
TABLE II
DL JoBs USED FOR EXPERIMENTS
Samples / Batch size /
Model Dataset Data chunks Tensor size (MB)

ResNet-50 [44] CIFAR10 60000 / 27 64 /974
ResNet-101 CIFARI10 60000 / 27 64 / 169.9
GoogLeNet [45] Caltech101 9145 / 115 128 / 259
LeNet [46] Caltech101 9145 / 115 128 / 283
AlexNet  Tiny-ImageNet [47] 100000 / 150 128 / 237.9
Inception-BN  Tiny-ImageNet 100000 / 150 128 / 42.9

overall architecture. The implemented testbed consists of nine
physical machines. Each machine is equipped with 12 CPU
cores, 1 GeForce RTX 2060 GPU, 16 GB RAM, 500 GB HDDs
and a dual-port 1GbE NIC. In particular, we implement another
physical machine as the central scheduler (Master Node). A
shared Hadoop Distributed File System (HDFS) across ma-
chines will store and transmit all training data and corresponding
parameters. Note that data chunk’s default size is 2 MB, i.e.,
6 = 2 MB. In each time slot, we will checkpoint and store the
model parameters in HDFS [11], [26] to catch the deployment
variation throughout the training process. Therefore, for training
continuously, all workers need to reload the recent time slot
checkpointed model parameters from HDFS.

Testbed Setup: Six types of DL jobs are presented in
Table II. In addition, each worker or PS of jobs is implemented
on a Docker container. The resources of each worker/PS are
randomly chosen within the integer set [0,1] GPU, [1, 3] CPU
cores and [2,6] RAM. The number of epochs FE; for jobs will
be set to 20 or 30. In addition, we can obtain the processing
capacity of workers (F;) through pre-training. The time span of
each experiment is 50 time slots, each is set to 20 minutes. In the
experiments, we assume that there are 10 jobs, which will arrive
randomly in the first 40 time slots. Typically, each job takes 2 to
4 hours to run. Other settings are consistent with the settings in
the following simulator.

B. Experimental Setup

Simulator: We design a MATLAB simulator to evaluate Eris’s
effectiveness at a larger scale setting by leveraging jobs’ traces
from our testbed. By default, there are 50 (R) sites. And 100 (I)
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jobs randomly arrive in 150 (T) time slots. We simulate all job
events in simulator, including job arrival, completion time and
corresponding resource occupation. To cater the large scale, we
increase the resource configuration of each site. We set resource
configuration of each site as following: 24 CPUs cores, 4 GPUs
and 32 GB RAM. The overall budget of data transmission per
slot is set to 20 GB. Then we set the utility function as f;(f; —

a;) = H_jgoi(fzw [24], where 7; is a latency-sensitive factor

in [1,2]. Accordingly, we set the value of v, and v to 1000,

i.e., the price functions are set as a(p(t)) = 1000°%" — 1 and
ny(t)

BE(nE (1)) = 1000 F — 1.

Baselines: To evaluate the superiority of Eris, we implement
three following representative schedulers:

o Tiresias [11]: apreemptive scheduler attempts to minimize
average Job completion time. Tiresias allocates resources
for jobs based on the number of resources, (e.g., GPUs)
and the multiplication of the job’s remaining workload.

e AntMan [22]: a cluster scheduler, which introduces two
types of jobs: opportunistic job and resource-guarantee job.
AntMan schedules resource-guarantee jobs first and allo-
cates sufficient GPU resources to them. For opportunistic
jobs, AntMan aims to utilize free resources to the best of its
ability. Resource-guarantee jobs that suffer long queuing
delay will be automatically executed as opportunistic jobs.

® Liquid [23]: a cluster network-efficient scheduler. Lig-
uid tends to use the network communication cost and
resource scheduling plans to obtain the best trade-off,
thatis, min A * costy + (1 — A) * Zj scheduling_plan;,
where scheduling_plan; mainly indicates the number of
workers used for the job.

Note that AntMan and Liquid will assign the fixed number of
workers and PSs for each new arrival job according to the unit
price of worker at job’s arrival time a;, i.e., Y, wFBF(a;).
Accordingly, to reduce data transmission consumption, the train-
ing data of each new arrival job will be re-distributed evenly and
greedily to sites. For Tiresias, there exists an extreme case that
job’s payoft is smaller than 0 due to frequent preemption. We
adopt it by omitting those jobs with negative payoft.

C. Evaluation Results

1) Eris in Testbed Experiments: In the experiments, we de-
pict the total social welfare of four algorithms and the optimal
solution in Fig. 3, which indicates that Eris still get a good
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performance than three baselines. Note that the optimal so-
lution is obtained by leveraging MATLAB optimization tool-
box. Besides, we use a supplementary metric (the number of
rejected jobs) to assess and validate the algorithm’s effective-
ness. This metric provides a clear indication of the scheduling
algorithms’ efficiency under limited resources, elucidating how
Eris achieves nearly-optimal social welfare. The results in Fig. 4
show that under the same resource condition, Eris can allocate
resources for ML jobs more optimally than baselines, leading to
the acceptance of more jobs (and the refusal of fewer).

The performance ratio of Eris with baselines are presented in
Fig. 5. The performance ratio is defined as the ratio of the social
welfare of the offline optimal solution to the social welfare of
the target algorithm. This ratio is greater than 1, and if the ratio
is near (far) 1, it means the algorithm performs well (poor) when
compared to the optimal. In Fig. 5, we can see that Eris achieves
a small performance ratio (< 1.5), which coincides with the
theoretical analysis in Theorem 5.

In Fig. 6, we show the accuracy of three respective datasets.
Especially, we increase the number of epochs from 20 ~ 30
(default values) to 40 to illustrate the dynamic deployment of
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workers would not affect the training process, and can still
guarantee a good performance. Here, Fig. 7 demonstrates more
details about the normalized resource utilization of the entire
testbed in each time slot during Eris’s execution. Note that the
normalized resource utilization represents resource utilization
divided by overall testbed capacity. Especially, we depict three
main resources consumed: GPU, CPU and RAM. From Fig. 7,
one can see that CPU and RAM occupation are relatively stable
since the price mechanism can avoid those extreme cases as
mush as possible. The normalized GPU utilization sometimes
reaches up to 100% because of the insufficient number of GPUs.

2) Eris in Large-Scaled Simulations: We evaluate the scala-
bility of Eris in the case of submitting numerous jobs in a cluster
with hundreds of sites. Figs. 8 and 9 show the total social welfare
under different / and R, respectively. From these two figures, one
can observe that Eris outperforms three schedulers, especially in
a large scale setting. Therefore, we can claim that our algorithm
Eris always outperforms three baselines regardless of the input
scale. Furthermore, the social welfare of all algorithms in Fig. 8
increases with the number of sites as a result of increasing
available resources. On the contrary, Fig. 9 shows that the social
welfare of algorithms decreases with /. When the number of
jobs submitted within a fixed period of time grows, it leads to a
serious shortage of resources, resulting in fewer jobs completed.
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In Fig. 10, we plot the service provider’s profit across all algo-
rithms. Notably, the profits decrease as the number of sites grows
but rise with an increasing number of jobs. This is rationale
because a provider with greater computational capacity aims to
complete jobs as soon as possible to attract more users in the fu-
ture, even if it means a reduced profit. Consequently, as the num-
ber of submitted jobs increases, so does the corresponding profit.

In addition, to analyze the impact of price functions, we
further investigate the value of social welfare under different
estimated values of 4, vx. Note that we set the value of 4 and
vk to be the same. In Fig. 11, we observe that higher v4 (%)
leads to lower social welfare. This is because the price of unit
resource (t) (3F(t)) increases more quickly when it meets a
larger 4(7%), shown in (6). In this regard, the sudden increase
of price may exclude some jobs that should be accepted, leading
to a smaller social welfare.

VII. CONCLUSION

Unbiased distributed learning (UDL) is a new emerging learn-
ing paradigm, to guarantee the quality of smart IoT services. To
address the new challenges of modeling and realizing UDL, we
develop an online auction-based scheduling algorithm Eris. Eris
computes the best schedule for UDL jobs by using a varying
number of workers and PSs such that the social welfare can be
maximized, meanwhile Eris dynamically adjusts resource prices
based on current resource consumption. This is the first work
which studies the joint problem of scheduling and pricing for
supporting emerged Al applications with one specific technical
concern (the unbiasedness of ML models). Rigorous theoretical
analysis demonstrates that Eris achieves a good performance
ratio within polynomial running time. Our evaluations show the
superiority of Eris, and we observe that Eris can improve social
welfare by up to 44% compared to three representative baselines.
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