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Abstract

While deep neural networks (DNNs) are increasingly deployed on graphics processing units (GPUs) at the network edge, the performance
interference caused by co-locating and executing multiple models on a single GPU is often overlooked, leading to high inference latency and
excessive energy consumption. Pursuing the best performance faces several challenges, including characterizing the non-linear interference-
incurred latency, dispatching the unpredictable inference workloads, and balancing the different trade-offs related to performance and
accuracy. In this study, we first construct an interference-incurred latency model via real-world profiling and measurements. With
insights from this model, we formulate a time-varying integer program to minimize the long-term total cost of the edge AI inference
system, including the inference latency, the inference error rate, the query-dispatching communication cost, and the energy consumption,
subject to resource and workload constraints. We then propose a set of polynomial-time online algorithms that continuously make
fractional control decisions for each time slot based on the feedback from the previously applied decisions and strategically round these
decisions into integers. We conduct a formal theoretical analysis and prove that both the time-averaged gap between the total cost
incurred by our online decisions and the total cost of the series of one-shot offline optimums and the time-averaged constraint violation
gradually diminish over time. Extensive experiments on real-world testbeds and datasets demonstrate that the proposed algorithms can
reduce the total cost by 40% compared to state-of-the-art and heuristic methods, with only a moderate computational overhead.
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1 Introduction

Deep neural networks (DNNs) are increasingly deployed at the network edge, driving the rapid advancement of
diverse applications, including autonomous driving [1], smart home [2], virtual reality [3], and augmented reality [4].
To support such applications, service providers and operators extensively rely on graphics processing units (GPUs)
at edge servers for low-latency and high-quality inference. For example, NVIDIA introduced the multi-process
service (MPS) [5] to enable multi-DNN co-location on a single GPU, thereby optimizing resource utilization and
enhancing overall efficiency.

However, the interference caused by co-locating multiple inference workloads on one GPU can significantly
degrade the inference speed. As illustrated in Figure 1, the inference speeds of DNN A and DNN B decrease on
Edge 1, compared to their standalone executions on Edges 2 and 3, respectively. Prior research [6] indicated that
the inference speed can decrease by 35% owing to the co-location, making it difficult for service providers to meet
the service level agreements (SLAs). In fact, service providers need to address several challenges when deploying
models and scheduling inference on edge GPUs, including characterizing the interference-aware inference latency,
dispatching the unpredictable inference workloads, and balancing the different trade-offs related to performance
and accuracy, as elaborated respectively as follows.

First, it is difficult to predict the inference latency of a model in the presence of interference [7]. The inference
latency of a DNN model is often affected by multiple factors, including the model structure, GPU scheduling, and
cache and memory utilization when co-located with other models [6,8]. One may profile the impact of interference
beforehand, but there can be excessively many cases for profiling. The profiling results are often non-linear, making
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Figure 1 Interference-incurred trade-off: energy versus speed

it difficult to be applied analytically at runtime to mitigate the interference. The actual runtime degradation could
also deviate from and invalidate the offline profiling results.

Second, models need to be placed before the inference queries are observed [9]. Because the number and dis-
tribution of inference queries often vary with time, the model placements must be updated dynamically [10,11];
yet, a model could fail to be placed at the best location in hindsight [12], as the inference queries that arrive at
an edge can change after the models are placed on that edge. One could then strategically dispatch the inference
queries to the most suitable models given the model placements, but that may not always be possible due to the
heterogeneous edge capacities for hosting models and serving queries [13]. The fact that the inference queries are
revealed a posteriori is challenging to handle.

Third, two types of trade-offs need to be considered and balanced when determining model placements and
inference query dispatching. (i) Overhead against speed. As shown in Figure 1, activating many GPUs can provide
high inference speed, but can result in a significant energy footprint owing to the static base power consumption
per GPU. In contrast, using a relatively small number of GPUs where one GPU hosts multiple models can decrease
inference speed but may have better throughput-per-watt efficiency. (ii) Resource against accuracy. To deploy
the multiple types or versions of candidate DNN models [11], high-version models (e.g., ResNet152) provide good
accuracy but need massive GPU resources; and low-version models (e.g., ResNet18) need less GPU resources but
have low inference accuracy.

Existing studies cannot effectively tackle the aforementioned challenges. Some studies on inference systems [7,
8,14-18] do not focus on edge infrastructures with heterogeneous capacities and fluctuating inference workloads.
As a result, they often lead to high energy consumption and high resource overhead. Other studies on edge
inference [10,12,19-22] ignore the specific characteristics of GPU, and particularly, the interference when multiple
models are co-located on a shared GPU. Therefore, they lead to low inference speed and are unable to meet user
latency requirements in the dynamic edge environment [23].

In this study, we first demonstrate and validate the complexity of interference-aware latency by conducting
real-world measurements on co-located DNNs on NVIDIA GPUs. With the insights from the experiments, we
formulate a time-varying integer program with the objective of minimizing the long-term total cost of the edge Al
system, including the inference latency, the inference error rate, the query-dispatching communication cost, and the
energy consumption of the system, subject to resource and workload constraints. The present formulation is general
and makes no assumptions about spatial heterogeneities in the system and temporal input fluctuations, featuring
posterior inputs to capture the aforementioned challenges.

We further propose a group of algorithms that operate in polynomial time to jointly solve this problem in an
online manner. We design (i) an online learning mechanism based on a modified saddle-point method, which can
continuously make the control decisions for the next time slot without needing to know the inputs for that time slot,
based on the feedback from the previous control decisions via primal-dual updates, and (ii) a randomized rounding
mechanism which converts the fractional control decisions into integers while ensuring that the solutions can closely
approximate the optimums in expectation.

Further, through rigorous theoretical analysis of the system’s performance, we prove the sublinear regret, i.e., the
time-averaged gap between the total cost incurred by the online decisions and the total cost incurred by the series of
one-shot offline optimal decisions gradually diminishes over time; in other words, the online decisions asymptotically
approach these optimums in the long run. We also establish the sublinear fit, i.e., the time-averaged constraint
violation incurred by the online decisions diminishes as time goes on.
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Finally, we implement a comprehensive testbed using real hardware (i.e., NVIDIA GeForce RTX 2080 Ti, RTX
3090 & V100), deploy AI models (i.e., ResNet18 ~ ResNet152), and evaluate the inference latency when these
models are co-located. Based on the testbed and the realistic traces, such as London dataset [24] and network
statistics [25,26], the evaluation is conducted from the following aspects: (i) the proposed approach saves system
cost in real time, achieving a cumulative reduction of 40%~60% compared to baselines, and 10%~30% compared
to state-of-the-art methods; (ii) the proposed approach scales effectively with inputs and outperforms others across
different scenarios; (iii) the online learning component exhibits the lowest regret, achieving sublinear growth in both
regret and fit; (iv) the developed algorithms run efficiently and finish within several seconds, which is acceptable
for a 15-minute-long time slot.

This paper is organized as follows. Section 2 presents a model and formulation of the problem. In Section 3, a set
of online algorithms is proposed and designed to solve the problem. Section 4 presents a theoretical analysis of the
algorithms. In Section 5, the performance is verified. Section 6 presents a discussion of related research. Section 7
presents the conclusions. For ease of understanding, we provide the mind map of this section in Figure 2.
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Figure 2 Mind map of the introduction section

2 System model and problem formulation

Our major notations used in the system model are shown in Table 1 below.
2.1 Interference-aware latency

Co-locating models or inference workloads on a GPU incurs performance interference, due to hardware resource
contention when processing multiple inference queries [7,8]. Figure 3 illustrates the typical workflow [6], consisting of
two stages: (i) the GPU scheduler serially assigns kernels to execution units, named Streaming Multiprocessors [27],
where scheduling more kernels leads to longer delays; (i) the GPU remains active to execute the inference queries,
while accessing the L2 cache/DRAM, and the GPU active time is sensitive to the data volume. We experiment
with and discuss these two stages below.

Kernel scheduling: We begin by investigating scheduling delays across different numbers of co-located models.
Following a prior experimental setup [6], we deploy from 1 to 5 DNN inference models on a GPU server, as shown
in Figure 4. Figure 5 illustrates how the scheduling delay for each model increases with the number of co-located
models. Specifically, when the number of co-located models increases from 2 to 5, the inference delay rises by 1%
to 30%. This increase can be attributed to two key factors. (i) kernel contention: as more models are placed on the
same GPU, their kernels compete for scheduling on the Streaming Multiprocessors, resulting in heightened inference
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Figure 3 CUDA stream mechanism for multiple workloads
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delays; (ii) model complexity: deeper models, such as ResNet152, contain more kernels than shallower models like
ResNet18 and intensify scheduling contention, further increasing the delay.

Inference execution: We next explore the factors that influence GPU active time during inference execution.
In this phase, the GPU loads data from the L2 cache and DRAM, where cache utilization impacts the data loading
latency. We investigate GPU active time under varying cache utilization conditions by adjusting the batch size
of inference queries. Two groups of experiments are conducted: In the first group, ResNet50 and ResNet101 are
deployed concurrently on one GPU; in the second group, ResNet50 and ResNet152 are co-located on another GPU.
For both experiments, the batch size of ResNet50 is fixed to 16, while the batch size for ResNet101 and ResNet152
is varied from 1 to 64. As shown in Figure 6, inference latency increases with batch sizes, as a large batch size
incurs more contention of L2 cache and DRAM.

Interference-aware latency model: With the above experimental results, it is challenging to construct an
accurate closed-form function to express the interference-aware inference latency. Figure 5 seems to be a piecewise
linear function, where the breaking points are at the integers, i.e., the number of the co-located models: For example,
if j refers to the ResNet18 model and i refers to the GPU, then we have the inference delay as f; j(l) = 90 ms,

25(2) = 94 ms, f7;(3) = 98 ms, f7;(4) = 102 ms, and f7;(5) = 114 ms. While these values vary for different
models and different GPUs, what is more important is that this figure is only for co-locating the same models on a
single GPU. In reality, the co-location can be for different (types of) models, further complicating the results.

We note that, as will be described in the following sections, we are focused on the long-term optimization
of the system in a dynamic setting in this paper. This provides an opportunity to treat the interference-aware
delay differently. While the structural complexity of interference could be fatal in the offline world, this does
not automatically make the online problem intractable or preclude the use of online learning techniques. Online
learning is inherently for handling sequential decision making with revealed costs. It does not need to find the
optimal model placement/co-location for each round; it just tries to learn to play a sequence that performs nearly
as well as the best single actions for each round chosen in hindsight. As a result, we model the interference-aware
inference latency as a posteriori function:

Lijt = Cijt - Yijt (1)

where 3, ;¢ is the decision variable denoting whether model j is placed on GPU i at time ¢, and ¢; ;. is the input,
i.e., the incurred delay perceived by model j if this model is placed on GPU ¢ at time ¢, taking into account other
co-located models’ interference. We do not know c¢; ;; when making the decision y; ;. at t, and only know c¢;
after making the decision y; j,. That is, ¢; ;. is allowed to take any value of the delay that actually occurs and is
subsequently observed. While in nature ¢; ;; may depend on y; ; ., we treat c; ;; as exogenous in this work for more
efficient and theoretically sound algorithms.

Discussion on modeling interference: The “linearity” in the latency model is only in the decision variables,
and the coefficients themselves can be non-linear functions of the current co-location set. The total latency at time
tis ;> i Dige =22 2;(cije i), where y; j, is a binary decision variable indicating whether model j is placed
on GPU 7 at time ¢, and ¢; j; is the observed actual latency coeflicient for model j on GPU 4, which inherently
captures the co-location interference at that specific time and includes all combinatorial interference effects from
other models co-located on that same GPU.

2.2 Edge Al inference system

Edge AI with GPU: Aligning with previous system scenarios [16,19], we consider GPU servers as the edge nodes
operated and managed by edge Al service providers. Let the set of all GPU servers in our system be denoted as
T =1{1,2,...,1}. These servers may be located at either the same or different locations. For each GPU server ¢
of any location, the model hosting capacity is denoted by ;. We then define a set of consecutive time slots in the
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Table 1 Major notations used in our formulation

Symbol  Description

T,Z,J Set of consecutive time slots, GPU servers, DNN models
I'; j+  Inference latency for DNN model j on GPU ¢ at time slot ¢
Cijt Incurred delay perceived by model j when this model is placed on GPU i at time slot ¢
Q; Model hosting capacity of edge GPU server 4
Oii t Latency between GPU server ¢ and ¢’ at time slot ¢
aj¢ Error rate of the DNN model j at time slot ¢
d; Resource demand of DNN model j
Tit Number of queries submitted to GPU server i at time slot ¢
€t Operational cost of edge GPU server ¢ at time slot ¢

R; Processing capacity of edge GPU server ¢

Decision Description

Tir it Number of inference queries dispatched from GPU server i’ to ¢ at time slot ¢
Yijt Whether to place DNN model j on GPU server i at time slot ¢

Zit Whether edge server i is active at time slot ¢

)

edge system, denoted by 7 = {1,2,...,T}. At time slot ¢, o, represents the query-dispatching communication
latency between GPU server i and ¢'. If servers ¢ and i’ are located at different locations, the communication latency
is 0; i+ 7 0. The communication latency is given by o, ;/ ; = #, where B; ;s ; is the bandwidth between the two
servers, and D is the data volume. If GPU servers ¢ and i’ are situated at the same location, the latency is zero.

Multi-version DNN models: According to prior studies [9,13], there exist multiple versions of DNN models
(e.g., YOLOv1~YOLOVS8). Even for YOLOVS5, there exist versions YOLOv5-N~YOLOv5-X for different scenarios.
We denote the set of multiple-version DNN models by J = {1,2,...,J}. Typically, higher-version DNN models
consume more resources, thereby achieving lower error rates, whereas lower-version models consume fewer resources
and have higher inference error rates. We use a;; to denote the error rate of the j-th version DNN model. Note
that it is a posterior parameter revealed only after the model resolves the inference query. Specifically, the inference
error rate is related to two factors: (1) It depends on the selected model. In practice, a model family usually
includes multiple versions, and larger versions generally achieve lower error rates. (2) The error rate is also affected
by concept drift, where the relationship between features and labels changes over time in dynamic environments.
As a result, the error rate is inherently time-varying during online inference. Actually, there exist many practical
scenarios of edge inference where such feedback is immediately available post-execution (e.g., soft keyboard input,
autonomous driving, smart manufacturing). Additionally, model j’s resource demand is denoted by d;.

Control decisions: We consider three types of control decisions in the edge Al system: y; ;. € {0,1} indicates
whether the service providers deploy DNN model j on server i at time slot ¢; z;¢; € {0,1} indicates whether to
activate GPU server ¢ at time slot ¢; x; ,+ € Z4 indicates the number of inference queries dispatched from GPU
server i to GPU server ¢ at time slot ¢.

Cost of communication and resolving: At each time slot ¢, r;; inference queries are submitted to edge
GPU server i by nearby users. This query volume is time-varying, as evidenced by representative real-world
traces, including data from London underground stations [24] and Google’s production system [28]. The service
providers make decisions on processing them locally or dispatching some/all of them to the other suitable GPU
server i/ € T\ {i¢}, which incurs query-dispatching communication cost. The total communication cost can be
represented by Zi,i’ 0;.4 +Ti i ¢ According to Subsection 2.1, the inference latency perceived by model j is denoted
by I'; j. Then, the total inference latency of the models at GPU server i is represented by >, I'; j ;.

Cost of energy and error rate: The total energy consumption depends on the GPU servers activated /selected
by the service providers, denoted by . e; ;2 ¢, where e;, represents the operational cost of GPU server i at time
slot t. In general, the GPU server with a high capability results in slight interference, but consumes massive energy
cost afforded by the service providers. On the contrary, a low-energy GPU server can incur heavy interference. For
each activated GPU server, the deployment of models should respect its capability, and the inference error rate
depends on the model selected by the service providers. Since a;; denotes the error rate of the model j at time slot



Sci China Inf Sci 6

t, the total error rate is calculated by Ei’ ;@5 tYi gt Generally, error rates are posteriors. After deploying decisions,
they can be obtained through offline label generation [29] in the cloud, user feedback mechanisms [30], etc. We
also note that a;, i.e., the error rate of the model j at the time slot ¢, does not always need to represent real-time
error rates. For many models deployed in production, their baseline accuracy on representative datasets can be
pre-measured offline and updated periodically.

Therefore, the total system cost encompasses the four aspects above, i.e., >3, {>>; ;i j + 22, >0, aja¥i e +
Yoo Oii i + 2 €tz ) that, as the goal of the edge Al system, should be as small as possible.

2.3 Problem formulations

However, it is a challenge to achieve the goal above, which is ideally constrained by the equations:
At time slot ¢, all the submitted 7;; inference queries to GPU server ¢ should be dispatched:

S Tiig =Tig, VtET,Viel. (a)

Furthermore, to reduce energy consumption, the service providers only activate some of the GPU servers to
deploy DNN models. Only when edge GPU server i is activated, these DNN models can be deployed on it, and we
have the following equation:

Zj Vit < |T|zig, VteT,Viel. (b)

Then, the inference queries can only be dispatched to edge ¢ where at least one model is deployed:

Do T SR vige, VEET,VieT, (c)

where R; represents the processing capacity of edge GPU server 1.

Even if Multi-Process Service allows multiple co-located models within one GPU, the deployment of DNN models
on GPU server i respects the capacity as follows:

Zj yi’jjdj <Q;, VteT,Viel, (2)

where d; represents the model j’s resource demand and 2; denotes the model hosting capacity of edge <.

Problem formulation and challenges: However, solving this problem with the above constraints on the fly is
challenging because some inputs cannot be revealed to us when decisions are made (e.g., Cijt> Tiil ity Qj ¢, and Tit)
Aligning with prior studies [11,22], we consider an analogous solvable problem with the constraints breaking down
the barriers between time slots. That is to say, the constraints are satisfied from a long-term aspect instead of a
single time slot, which provides a new scope for a problem with unknown inputs. Following this, Constraints (a) ~
(c) are converted into the following long-term Constraints C; ~ C4. We reformulate the problem & as follows:

min ) t 1{§ Tiji+ a5eYisie) + ) L Tt ) CitZit}
:

X,Y,z
, T
s.t. Cy: thl gtlﬂ = Zt:1{ri7t — Zi’ xi,i’,t} < O’Vi’
T . T
Cy thl gtzﬂ = Zt:l{zi’ Tiirg —Tig} <0,V
T 3, T '
Cs: Zt=1 grl = thl{zj Vgt — |T|zie} < 0,Vi,

T

. T
. 4. LR . ;
C4 . Zt:l gt = Zt:l{zi’ xl’,z,t Rz Z] yl,j,t} g Ovvzv
05 : h; = Zj yi,j,tdj — Qi < O,Vi,t,
var. it 2t € {0,1}, 204 € Zo,Vt € T,Vi,i' € I,Vj € T,

where Constraints C; and Cy capture the dispatching of inference queries, derived from Constraint (a); C3 ensures
that DNN models are only deployed on active GPU servers; C ensures that inference queries are only dispatched
to the GPU servers with deployed DNN models; C5 respects the model hosting capacity of each edge server at
each time slot. This problem highlights the integration of communication and Al workloads, aligning with the
fundamental vision of future 6G networks [31].

Simplified representation: To solve this problem, we simplify the representation as follows:

Ztlfth stz g:(M;) < 0,h(M,) =
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where bold symbols represent vectors. M; = [x],y/],z;]" is the aggregation of all decision variables at time slot ¢
and Vt : x; € Zgolxm,yt e {0, 1}‘I|X|~7|,zt € {o, 1}'2‘; f+(M,) represents the objective function at time slot ¢; the
long-term constraints C; ~ Cy are denoted as follows:

g(M;) =1... ,gtl’i, .. ,gf’i, . ,gf’i, . ,gf’i]T; the instantaneous constraint C5 is h(M;) = [h%, cee hItI‘]T.
N—_—— ——
Cq Cs Cs Cy

Problem challenges: We aim to design a polynomial-time algorithm that ensures the feasible solutions M
are close to the optimal solutions M*. Specifically, the time-averaged deviation between the total cost incurred
by M and the total cost incurred by M* diminishes as time goes on. However, designing such an algorithm
presents several challenges: (cI) Integer decision makes each per-slot sub-problem an integer program, typically
NP-hard [32], which is difficult to solve optimally in polynomial time, (c2) Posterior parameters (e.g., ¢ j.i, Ti it ts
a;, and 7; ;) are only revealed after the decisions are deployed, hindering us from making the optimal decisions in
each time slot.

Theorem 1. Problem & is NP-hard by reduction from the minimum knapsack problem [33].

Proof.  We prove that problem & is NP-hard via a reduction from the minimum knapsack problem [33]. Consider
an instance of the minimum knapsack problem with n items, where each item ¢ has cost ¢;, capacity p;, and the
goal is to select a subset of minimum total cost whose total capacity is at least P.

We construct a special instance of Problem & as follows. We consider one time slot (" = 1) and n + 1 edge
servers indexed by {0,1,...,n}. Server 0 acts as a pure source server, while servers {1,...,n} correspond to
the n items. We consider a single DNN model, i.e., J = 1, with model demand d; = 1. For server 0, we set
ro = PRy = 0,9 = 0,eq = 0. For server ¢ € {1,...,n}, we set r;, = 0, R; = p;,§; = 1,e; = ¢;. All other cost
coefficients are set to zero, i.e., I';; =0,a1 =0, 0, =0,Vi, .

Under this construction, the objective reduces to min -, ¢;2;, since all other terms are zero. Next, constraints
C1 and (5 together imply that all P queries generated at server 0 must be dispatched, i.e., P = Zi’e{l,...,n} 20,4 -
Constraint Cs enforces that a model can only be deployed on an activated server, i.e., y;1 < 2z;. Constraint Cy
ensures that queries can only be assigned to servers on which the model is deployed, and server ¢ can process at
most R;y;1 = pi¥yi1 = o, queries. Constraint Cs is automatically satisfied, since di = 1, €; = 1 for all ¢ > 1,
and Qo = 0, which forces yp,; = 0. Then, there exists a feasible dispatch vector x satisfying C, Cs, and Cy, if
and only if Y7 | p;y;1 = P. Furthermore, in any optimal solution, we must have z; = y; 1 for every i € {1,...,n}.
This is because y; 1 < 2;, and assuming z; = 1 but y; 1 = 0, then resetting z; to 0 preserves feasibility while strictly
reducing the objective value. Therefore, the objective can be equivalently written as min>_ ., ¢;y;1. Then, the
reduced problem becomes min ., c;y;1 s.b. > oi piyi1 = P, yin € {0,1}, Vi, which is exactly the minimum
knapsack problem. Therefore, our problem & is NP-hard.

3 Online algorithm design

To address the challenges above, we design an interference-aware GPU scheduling algorithm called Allocation for
Computational Edge (ACE), as illustrated in Figure 7. Specifically, we handle the NP-hardness by (sI) relaxing
the problem & from the integral domain to the real domain and rounding the real solution to the integral solution
without violating the instantaneous constraints (i.e., Algorithms 1 and 2 in Figure 7). Then, we design an online
learning method to (s2) continuously capture the dynamic trends of posterior parameters in Algorithm 3. Solutions
(s1) and (s2) are for challenges (c¢1) and (c¢2), respectively.
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Algorithm 1 ACE algorithm

Require: Initialize MO and Ml. .
1: Relax problem & to problem &
2: fort=1,2,...,7 do

3:  Deploy integral solution M,
> Schedule models and dispatch inference queries
4 Invoke Algorithm 3 to obtain M,
5:  Round Mt.}rl to obtain solution M;;; via Algorithm 2
6: end for

Algorithm 2 Randomized rounding component

T
Require: The fractional solutions [i{jg 7y } ;

T
Ensure: The integral solutions [xtT, el } .

// Rounding X; and Z;

1: Round %], z] to obtain x],z] based on equation (3)

// Rounding ¥,

2: for each edge server i € 7 do

3:

8:

9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:

[v]

Define B;; = [fi1,4d1, .-, G 710d)7] s v =1"TByy, m = L 1 =

v
, {mf’u = [mMGits- - ™ 706) " probability=[v] — v

Yit = - - - -
’ m2Yit = [772y7‘,,1,t7 cee 77r2yi7|j|7t]T , probability=v — |v|
Define J" = J\{jlv; ;. €{0,1} & i ;. € yi.}
while J' # & do
Select ji1,j2 € J', j1 # j2, and define n = Z'#
J

2

Take 6; = min{l — yé—dhb %yi’-’j%t}
Take 05 = min{%(l — yg,jz,t)”’]y;,j],t}
Calculate (y;';, ;,vi ;, +) according to equation (5)
if /', . €{0,1} then

Yigit = Yij 0 J =T {1}
else

y;jl,t = ygl,jl,t
end if
if y/';, , € {0,1} then

Yijort = Yijotr J = T {2}
else

yg,jQ,t = ygsz,t
end if

end while

22: end for
. i i T T T
23: return integral solutions [xt,yt ,zt}

[v]

3.1 Relaxation-rounding mechanism

To address the NP-hardness in (c1), we propose a relaxation-rounding mechanism, which has been widely studied in
the literature [34,35]. The approach involves optimally solving the problem over the real domain and then rounding
the fractional solution to the integral solution for deployment in the edge Al system.

Relaxation: As shown in line 1 of Algorithm 1, we first relax the original problem & over integral domain to

the following problem 2 over the real domain:

where M, = [x],y],2]]7 is the fractional version of My; M represents the real domain corresponding to M, defined

min Y, fi(M,),s.t. 3, g(M,) < 0,h(M,;) < 0, M, € M,

as M = {[X],57.2]]T[% € RZ*VL 3, € [0, 1) 71712, € [0, 1171},
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As shown in line 3 of Algorithm 1, we first deploy the decisions calculated from the last time slot. Based on such
decisions, the service providers schedule and iispatch inference. After that, lines 4~5 make decisions for the next
time slot. Specifically, line 4 solves problem &2, which will be elaborated in detail in Subsection 3.2. Line 5 invokes
the rounding algorithm to convert these fractions to integers. It should be designed carefully since (i) the rounded
integral solutions should respect the instantaneous constraints; (ii) the rounded solutions should be theoretically
bounded (or in expectation) by the optimal fractional solution, facilitating subsequent theoretical analysis.

Rounding: Towards these directions, we propose our randomized rounding component in Algoritf}}/m 2 that
ensures (i) the integral solution does not violate the instantaneous constraint h(-) < 0 in problem Z2; (ii) the
expectation of the integers equals the optimal fractional solutions. According to line 1, the decision variables i.e.,

[x],z]]T, which do not appear in constraint h(-) < 0, are rounded as follows:

[b], probability=b — |b],
b

|b], probability=[b] — b. (3)

Vb € [x7,2z]]T, b= {

Obviously, this ensures that the expectations of [x],z]|T equal their fractional solutions:
E[b] = E[[b] + (b — [b]) + [b] * ([b] —b)] = b. (4)
Next, the remaining decision y; is rounded in two steps corresponding to lines 3~5 and lines 6~21, respectively.
For each edge GPU server ¢, we first calculate the total allocated resources v, as shown in line 3, by substituting the
decisions y; to C5. Line 4 ensures that the total resources allocated to all models at that edge server are integers
by rounding up or down the sum v. Line 5 identifies the fractional decisions from yg)t, forming the set J' for the
subsequent pairwise rounding procedure in lines 6~21. Specifically, in line 7, two fractional decisions (indexed by
J1 and jo) are selected, and they are rounded into integers following the steps below:

. 0
(Wit T 01,95 5,0 — 101, probability=——>—,
(Wl 00 m) = O 16 (5)
4,71, 91,52,t , 0 , 0 bability— 04
(yi,jl,t —02,Y; gyt TN 2), probabili y—91 10,

where 1 (defined in line 7) represents the conversion factor for the two selected decisions, and this step ensures
that the total resources allocated to the two inference queries remain unchanged after rounding. In lines 11~20,
if the solutions after rounding are integers, their indices are removed from the set J’. The iteration in lines 6~21
continues until the set J’ is empty. The expectation of y; ;; € y: after rounding can be calculated by taking
expectation twice:

0 0 . _
E[E[yi .l :E[(yz{,j,t""el)elij%+(yg,j,t_92)m] =Ely; ;. = mije([v] =) + m2gi (v — [v])

= (lv]/0)gij([0] = v) + ([0]/0)i g (v = [0]) = Gi -

Core insight: This mechanism addresses the NP-hardness of the original formulation through a relaxation-
rounding strategy. The key idea is to first relax the integer decision variables to a continuous feasible set, thereby
converting the original combinatorial integer program into a tractable (linear/convex) program that can be solved
efficiently at each time slot. Then Algorithm 2 is applied to round the fractional optimum into the integral solution,
while (i) preserving feasibility with respect to instantaneous constraints and (ii) providing a bounded gap between
the rounded solution and the fractional optimum. Overall, this mechanism runs in polynomial time.

(6)

3.2 Primal-dual mechanism

To overcome the challenge (c2), described in Subsection 2.3, we propose an online learning algorithm based on
the primal-dual mechanism [36] to solve the relaxed problem 2 as follows:

Prior work [37] has proposed the equivalent min-max form for the problem with the format of
rginrr&ax Zt(ft(Mt) + )\;rgt(Mt)), s.t. h(Mt) j O, Mt c M,

where \; € Rggﬂ (8:(M0) 4re the Lagrange multipliers [38]. This min-max formulation retains only the instantaneous

constraints, while embedding all long-term constraints g; into the optimization objective. The objective function
at each time slot is then given by

Fo(M) + ATgy (M), (7)
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Algorithm 3 Online learning component

Require: For any ?; set A; = 0; set parameters 7, y; initialize I'; ;1,1 € 7,5 € J;
—~ T
Ensure: Fractional solution M, = [itT_H, §tT+1,'z“tT+1} .

1: Observe the total system cost f;(M;) and g;(M)
2. Update Ay based on the dual problem (8)

3: Obtain MH_l by solving the primal problem (9)

— T
: i ; N P I B
4: return fractional solution M1 = [)ctJrl,yH_17 Zt+1:|

where AT represents the weight of the long-term constraints, which is updated based on the historical cumulative
violations of these constraints. To incorporate this, we calculate the gradient of A\, observe its change trend, and
adjust it accordingly by adding the cumulative degree of violation. Thus, the dual update is expressed as follows:

A1 = e+ uVA(F (M) + A ge (M) = [\ + pge (M), (8)

where V(+) represents the gradient function, and p is a step size that balances the weight between historical violations
and the current violation of long-term constraints. After obtaining A;y; from the dual update, the next time slot’s
decision My, is determined by solving the primal problem:

mingg o7 J+(M), s.t. h(M) <0, (9)

where the objective function is J,(M) = V f,(M,)T(M— M,) +/\tT+1gt(M) + @ The above problem is solved

using the updated Lagrange multiplier A;11. The first two terms (i.e., Vft(ﬁt)T(ﬁ - Mt) + )\g+1gt(M)) represent

e . c . . M-—M;|[2 N . .. .
the optimization objective, while MM aets as a regularization term to ensure that consecutive decisions remain

smooth and bounded. Therefore, this proposed online learning algorithm operates by alternately updating the dual
expression (8) and solving the primal problem (9).

Core insight: This mechanism adopts an alternate update to handle both posterior variables (revealed only
after decisions are executed) and long-term constraints. Specifically, the dual variables act as adaptive “prices” that
accumulate historical constraint violations and translate long-term constraints into per-slot penalty terms. This
transforms the originally time-coupled problem into a sequence of tractable per-slot subproblems, while enabling
the algorithm to learn from realized feedback over time.

Delayed error-rate feedback: To algorithmically support delayed error-rate feedback, ACE can be extended
by maintaining a pending-feedback queue. Let ds denote the delay of the error-rate feedback generated at slot s,
and define A; = {s | s + ds = t}, which represents the set of historical slots whose error-rate feedback becomes
available at slot t. The primal update can then incorporate both the available feedback and the delayed feedback:

—_— . — — — ~7~ 2
M, 41 = argming; (V™™ + 50, V)T (M — My) + A, (M) + MM (10)

Here, V fim™ denotes the gradient of the immediately available part of the objective function, and V f&'* denotes the
delayed gradient associated with the error-rate term from slot s. If only one delayed feedback item, e.g., the feedback
from slot s, is received at slot ¢, then the summation term reduces to V fi™, . Since the long-term constraints do

not depend on the inference error rate, the dual update remains unchanged like equation (8).
3.3 Discussion on cold starts and rapidly-changing inputs

On cold starts: In online convex optimization (OCO) where our work falls, a cold start often refers to initializing
the decision variable arbitrarily (e.g., at the origin or a random point) with zero prior knowledge of the dynamic
inputs; conversely, a warm start involves using historical data, offline pre-training, or prior domain knowledge to set
the decision variable closer to the expected feasible region before the online process begins. We highlight that our
work has rigorously proven the sublinear regret bound, i.e., the time-averaged regret tends to zero as the number
of time slots goes to infinity. The cold-start penalty is simply an additive constant which does not multiply but is
provably absorbed over time. That is, the algorithm does not “fall behind” permanently, i.e., it just starts with a
fixed overhead, and the finite loss incurred during the cold-start phase becomes negligible in the long run.

On rapidly changing inputs: Our algorithm is fine under rapid input (e.g., model populations) changes,
precisely because the benchmark (i.e., the comparator class) moves in tandem with the environment. If the envi-
ronment changes rapidly, any reasonable decision-maker, even one with full hindsight, would also incur high costs,
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because the optimal decisions themselves are shifting. The regret framework captures this fairly: it charges the
algorithm’s loss against the cumulative loss of that shifting optimal sequence. In static regret, the benchmark is the
single best decision chosen after seeing all inputs over the entire time horizon. In contrast, in dynamic regret, as
adopted in our work, the benchmark is a sequence of time-varying decisions, typically chosen as the per-time-slot
minimizers, i.e., when the inputs change rapidly, such a comparator sequence changes rapidly, too. The algorithm
is evaluated on how well it tracks this moving target, not on whether it converges to a fixed one. Dynamic regret
analysis guarantees that the algorithm’s cumulative cost does not diverge significantly from this omniscient moving
benchmark. Rapid changes are not a loophole that breaks the algorithm; they are simply a higher trajectory for
both the algorithm and the comparator to follow. The regret measures the gap between them along this trajectory.
The existence of a sublinear dynamic regret bound, even without quantifying the speed of change, proves that the
algorithm’s tracking error is structurally bounded regardless of how erratically the inputs behave.

4 Performance analysis

Our aim is to prove the time-averaged gap between the total cost incurred by the decisions M; of our ACFE algorithm
and the total cost incurred by the offline optimal decisions My, gradually diminishes as time elapses, formulated by

. EXE L (M) = S0, fo(M7)
T—o00 T

=0, (11)

which ensures the online decisions of ACE gradually approach the offline optimal solutions. We also hope to prove
that the time-averaged violation of long-term constraints disappears over time, denoted as

PN 1210 710,13 Y (12)
T—o0 T

which ensures the long-term constraints are met over time.
Regret and fit: To achieve the theoretical goal above, we introduce two mathematical metrics, called regret and
fit. We distinguish between two types of regret (Regr and Regy) over the real and integral domains, respectively:

Regr == E[Y 1, fi(My)] = X, £:(M), M} € argminnepq f+(M), s.t. g(M;) < 0,h(M;) < 0,
Regr =31, fr(My) — X1, f:(M;), M € argming;_ g (M), s.t. g«(Mj) < 0,h(M;j) < 0,

where M and M represent the integral and real domains, respectively; M; and Mt represent the integral solution
from line 5 of Algorithm 1 and the fractional solution from line 4, respectively; M; and M] represent the offline
optimal solutions in the integral and real domains, respectively.

Similarly, two different fits are proposed over the real and integral domains, respectively:

Fity = [[E[Y 1, g«(M)]]*[|, My € M, (13)

Fity = [, ge(M)] 7|, M, € M. (14)

Theoretical results: We demonstrate that both the fit and regret exhibit sublinear growth over time, as shown
in Theorem 2 and Theorem 3, which further derive equations (11) and (12), as shown in Corollary 1. Moreover, we
prove that our algorithms run in polynomial time in Theorem 4.

Theorem 2. The fit exhibits sublinear growth as follows:
) T 1
Fity = ||[E[X =, g:(M)]]*[ < O(T=),
where €7 > 1 is a constant.

Proof.  See Section 4.1, via Lemmas 1, 2, 3, and 5. The proof follows the chain below:

Lemma 1 Lemma 2 Lemma 3 Lemma 5 1

Fitp < Fity < Roal gl ) U< o), (15)

Specifically, we first relate the integral-domain fit to the real-domain fit via Lemma 1, showing that Fitp < FthT.
We then upper-bound the real-domain Fit by the norm of the dual variable ||Aryi||/u through Lemma 2. Then,
Lemma 3 further bounds || Ar41]|/p by a function U (7, ). Finally, Lemma 5 shows that U'(r, i) grows sublinearly
with T" under suitable choices of 7 and p. Combining these steps yields the claimed sublinear bound for Fitp.
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Theorem 3. The regret bound exhibits sublinear growth:

S|

Regr = B[, fuM))] = £, i M) < O(T),
where €5 > 1 is a constant.

Proof.  See Section 4.2, via Lemmas 1, 4, 5 and Proposition 1. The proof follows the chain below:

Lemma 1 —— Proposition 1 Lemma 4 Lemma 5

— 1
Regr < Regr=Y,, 75, < i (U3rpp) < UXrp < OT%). (16)

We first relate the integral-domain regret to the real-domain regret via Lemma 1. Then, Proposition 1 upper-
bounds the one-slot real-domain regret by U?(7, ). By summing these per-slot bounds over the entire horizon,
Lemma 4 further derives an overall upper bound of the form U?(7,u). Finally, Lemma 5 shows that this bound
grows sublinearly with time, given appropriate 7 and p. Therefore, Regr also grows sublinearly over time.

Corollary 1. We prove equations (11) and (12) via Theorems 3 and 2, respectively.

Proof.  For Theorem 2, we take T'— oo and have equations as follows:
1
OT?) oy (7 a7)

IEE o s _ o OTT) O(T )

T—o0 T—o0 T = T—o0 T T—o0

where equation (17a) holds since €; > 1 and % < 0. Then, we take T — oo for Theorem 3 and also have
equations:

ENT )] =S (M T .
tim BTy B ML= 00y M) ) OT) (52 0290
T—oo T T—c0 T T—o0 T T—00

0, (18)

where equation (18a) holds since e > 1 and % <0.

Theorem 4. Algorithm 1, including Algorithm 2 and Algorithm 3, shows polynomial-time complexity.

Proof.  Algorithm 2 has time complexity O(|J| = |Z|). Obviously, the outer loop of this algorithm iterates |Z|
times; the inner loop has at most |J| iterations. This is because each selection converts a fractional variable into
either 0 or 1, being removed from the candidate set with a maximum of |7|.

Algorithm 3 also operates in polynomial time. Its time complexity is determined by the convex optimization
problem solved in line 3. According to works [9,39], this step’s time complexity is O(NZN2® + N25), where Ny
denotes the number of constraints and N, denotes the number of decision variables.

Therefore, Algorithm 1 has polynomial-time complexity with O(|J| * |Z|) + O(N2N?25 + N25) per time slot.

Physical meaning of theorems: Regret characterizes the performance gap incurred by an online algorithm
compared to the offline optimum. In our formulation, the objective is a (weighted) sum of multiple terms, includ-
ing inference latency, inference error rate, communication cost, and energy consumption. Thus, the performance
captures all these terms. Similarly, latency, communication cost, and energy consumption are also reflected in the
regret through their corresponding terms in the objective. Furthermore, sublinear regret implies that the time-
averaged performance gap of ACE (i.e., our proposed online approach) relative to the series of the one-slot offline
optimums diminishes as time goes on, implying that ACE eventually learns to make optimal control decisions in
a dynamic edge environment. Fit measures the cumulative violation of the long-term constraints under an online
algorithm, i.e., C7-Cy in our formulation. Any violation of these constraints at an individual time slot is captured
by the fit. A large fit indicates that the system frequently violates the basic operational rules, such as leaving some
requests undispatched, deploying models on inactive servers, or sending requests to servers without the required
model deployment. In contrast, our proved sublinear fit implies that the cumulative constraint violation grows more
slowly than the elapse of time; equivalently, the time-averaged cumulative violation of C1-C}y vanishes as time goes.

4.1 Proof of Theorem 2

Some assumptions are first introduced, which are commonly and widely adopted in similar works [40-42].
e A-l: Forallt € T and M € M, g;(M) and the gradient of f;(M) are bounded by |g:(M)|| < G and
IVfi(M)] < F , where both G and F are constants.
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e A-2: There exists a constant £ > 0 and an interior point M, € M such that gt(ﬁt) < —¢l; e > V(g) and we
define V(g) := max; maxgz, o7 ||[ge+1(M) — ge(M)]*|.

e A-3: The radius of real domain M can be bounded by R, i.e., ||M; — M, <R VM, M e M.

For the 1st step of equations (15) and (16), we propose Lemma 1

Lemma 1. The fit and regret in the integral domain and the real domain have the following relationship:
Fitp < /FTL%T, R€gT < %T'

Proof.  For the fit, we have the following equations:

T

19a (19b (
Fitr = [|[E[>_ (M) || "2 th M) ’||th M)t th M|t |=Fitr.  (19)
t=1 t=1 t=1

Equation (19a) holds because the expectation of the sum of variables is equal to the expected sum in probability
theory [43,44]; and equation (19b) holds since the expectation of the integral solution equals the fractional solution
in equation (4) and equation (6) from our proposed rounding Algorithm 2, and the function is affine; equation (19c¢)
holds since each one provides an upper bound on itself. For the sake of uniformity, we use “<” to describe the
relationship between Fitp and Fitr, instead of “=".

For regret, we have the following equations:

(200) (200)

BT, A0 - ST, ) 20 ST nEdL) - ST ) 20 ST (6L - ST (M)
S M) - ST, £(V) = Regy. (20)

where equation (20a) holds due to the linearity of expectation [43,44], and the function is affine; equation (20b) holds
since Algorithm 2 ensures the expectation of the integral solution equals the fractional solution in equations (4)
and (6); and equation (20c) holds since ZtT:1 fr(M}) > Ethl f:(M), which means the fractional optimal solution

is lower than the integral optimal solution in a minimization problem [45].

AT+l
M

For the 2nd step of equation (15), we prove %T is bounded by in the following Lemma 2.

Lemma 2. The fit in the real domain can be bounded by

Fity < |/

Proof.  According to the dual expression in equation (8) of Algorithm 3, we have the derivation:

Arg1 = D+ pgr(Mp)|T > o2 M+ S0 pge (M)

After rearranging the equations above, we have

—~ 2la
Sr (M) < A N ) A (21)

where (21a) holds since A; = 0, as shown in the first line of Algorithm 3. Then, we have the equations:

®
Fitr=|[¥,_ 1gt(Mt)]+|| { Sy & (M) || < [ 222,

where (a) holds since ||[k]T|| < ||k||, Vk € R; (b) holds since we take the norm for equation (21).
For the 3rd step of equation (15), we give Lemma 3 as follows:

Lemma 3. The ratio of Lagrange multipliers [38] at time slot T to step size p can be bounded as follows:

A1l 2FR+R?/(27)+(nG%) /2 & 771
po SGF V(@) U 1),

where I and G are defined in assumption A-1; V(g) and ¢ are from assumption A-2; R is from A-3.
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Proof.  According to the update of the Lagrange multipliers in equation (8), we have the equations:
g

estl® = 1 + nge(MOITI? = [[Mel]” + 200/ g (M)

— (22a) —
+ 2 lgeM)|P < AP + 200 g (M) + 1°G?, (22)

where (22a) holds since assumption A-1; reorganizing it and taking ¢t = ¢ + 1, we have equations:

(er2ll® = e ll?)
2p

— (23a) — — G? —
<A 181 (Mig) + 1G?/2, < /\tT+1(gt+1(Mt+1)*gt(Mt+1))+MT+/\tT+1gt(Mt+1)

(23b)

N N ez —— (23¢) __ uG?
< )\tT+1[gtﬂ(Mt+1)—gt(Mt+1)}++7+)\tT+1gt(Mt+1) < V(g + ——

2

where (23a) holds since we add two additional complementary terms; (23b) holds since k < [k]*,Vk € R; (23c)
holds since assumption A-2 and k < ||k||,Vk € R; then, we give an upper bound for pA[, g (M;11).

+ AtT+1gt(1\N/[t+1), (23)

Since MtH is an optimal solution to subproblem (9), after plugging the interior point M; and M;,1, we have

— — — — T NI 2(24(1) —~ — —~ N, NTL 112
V(M) T (M =My + AL ge (M) + M2 9 f (M) T (M — M)A, o1 4 D
(240) —~ —~  —~ F N 112
< V(ML) T (M= Mg Ay ||+ PR (24)
where equation (24a) holds due to assumption A-2 and any feasible solution other than the optimal solution, e.g.,

M,, cannot achieve the minimum value in the minimization problem; equation (24b) holds due to A is non-negative;
reorganizing equation (24), we have the equations:

—~ —~ —~ —~ —~ —~ —~ v _N 2_ v _N 2
A 18 (M 1)<V £ (M) (M=M,)-V £ (M) (M 1-M,) — ]| Ay || + I IV =M

2T

(250) — .
< V(M) T(My—My) =V fi(My) T (M1 —My) —|[ Mg |+ 5

25¢

(25b) — — —~ —~ (25¢)
< IV (V) (MM [ M =ML ) =l A || + 22 < 2FR — e Ayt | + 2 (25)

27

where equation (25a) holds due to assumption A-3 and Hﬁt+1 - Mt”Z > 0; equation (25b) is derived through the
repeated use of Cauchy-Schwarz inequality [46]; equation (25¢) holds since assumptions A-1 and A-3. Combining
the above equation (25) with equation (23), we obtain

2_ Nk — 2 2
Rl 2Pl < V(g) Al + 5= + QFR — el || + 55) £ U™, (26)

If U* is assumed to be less than 0, then (||A;12(|? — [|Aex1]|?) would also be less than 0, which contradicts || Asy2]|? >
[Atx1]/? (from equation (8)). Thus, we have U* > 0. Reorganizing (26), we have

Drul o, FPRH/00)+ (G2
e—V(g)u

As for the last step of equation (15), we prove that U'(7, i) grows sublinearly over time in Lemma 5.

>

2 U7, p). (27)

4.2 Proof of Theorem 3

We have proved the 1st step of equation (16) in the previous Lemma 1. Actually, regret represents a concept of
long-term and cumulative one-shot regret generated in each time slot. For the 2nd step of equation (16), we provide
an upper bound for such one-shot regret in Proposition 1 as follows:

Proposition 1. From previous works [40,47], the difference between the feasible real solutions and the optimal
real solutions can be bounded by U?(r, i), represented by:

(e ll? = [ Aeg2ll?)
2p

TF?

2
N 2R||M; — M || + [|[M; — My [|? — ||[M; — M, ||
27 ’

Fe(ML) = fo(M;) S UP(m,p0) 2 o + [Aeqa |V (ge) + uG?/2 +

where V(g;) = maxg;_ o |/[ger1(My) — ge (M) |, V.
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For the 3rd step of equation (16), we show the regret can be bounded by U?(7, 1) as follows:

Lemma 4. The regret in the real domain can be bounded:

Regp = Y1y fe(My) = S0 fe(M) < U(r, ),

Proof. By summing the equations from all time slots in Proposition 1, we obtain the following equations:

=y T 'Y T NA* TF?
Regp = 32,2y iMo)=32,y fiM) <H5E + [ |V ({ei i)
pUGIT | RVAMIFL)  IMGMGIE 3T (el P desall)

T 2T t=1 24
2 ) P T NA. A2 2_ 2
= TF;T + A ||V ({ge 21:1) + MG'Q Ty RV({]'\‘I/—[t}t:I) + ||M12i\’10H + [[A2]] 2|JL/\T+2H (28)
(28a) | po 2 RV({M;}T MM |12 | [Ael?=lArie|?
< TFQT +MU1(T, u)V({gt}le) + #GQT + d Tt}t=1) + I 127_ oll + [[A2]] 2|L T2l & UQ(T,/L),

where (28a) holds since equation (27); V({M;}Z_,) and V({g:}~_,) are defined as follows:
VAMITL) = X [IM; = My (29)
V({eim)=20m maxge g1 (M) —ge (ML)l (30)
For the last steps of equations (15) and (16), we have Lemma 5.

Lemma 5. Both of the functions U!(r, i) and U?(7, ), defined in (27) and (28), grow sublinearly over time, after
taking T —j—=T~ tmax{V({go} )8, V(M) )

U (7, 0) < O(T7),U% (7, p) < O(T7),
where €1,e5 > 1 and V({M’{ T ) and V({g:}1_,) are defined in equations (29) and (30), respectively.
Proof.  For simplicity, we define = £ max{V({gt}thl)%,V({Mj}thl)%}. We give the proof for fit:

T35 %21« (2FR+T35 *Z'R?/2)+G?/2 (31a)
(e—Vi(g)

where €; > 1; equation (31a) holds since all the powers associated with T are less than 1; the notation =1 =
max{V ({g.}L_,)" 5, V({M;}Z_,)~3}. Similarly, we obtain the derivations for regret as follows:

wl—
ol=

Fitp <UNT ™3 =, T~

)

[1]

*

)=G+

o(T#), (31)

2 _ 2
Regr < UQ(T*% * 2,773 % Z) = F2T23*; + uGzng*_ (32)

$ TR RV(MGYL,) + T4 # 50 + EeThs wynarlizes
(32a)

- M+ —M* _ —~ 1
4 TS UM M RelE el s mmancfV (g ) V(MG HL)B) 2 00%),

where €3 > 1, and equation (32a) holds since all the powers associated with T are less than 1.

5 Experiment

Table 2 shows the inputs for our subsequent evaluations in this section.

5.1 Data and settings

Testbed setup: Figure 4 illustrates our experimental hardware, which includes the GeForce RTX 2080 Ti, GeForce
RTX 3090, and NVIDIA Tesla V100. These servers are used to conduct inference measurements for co-located DNN
models. We evaluate the incurred inference delay of various DNN models (i.e., ResNet18 to ResNet152) when they
are co-located on a single GPU. The results of our measurement are shown in previous Figures 5 and 6, which are
treated as the input to our following evaluations. Specifically, I'; ; + ranges in 0.01 ~ 0.03 s from our built testbed.
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Table 2 Experimental inputs

Inputs Values

cijt  Inference latency in 0.01 ~ 0.03 s from our testbed

r;t  London user data [24]; each user sends 10~20 queries [11]
04+ Latency between edge servers in 0.25~10 ms

d; Resource demand of model j in 1~20 [22]

Q; Resource capacity for server ¢ in 80~300 [11]

eit Operational cost in 0.050~0.150 kWh [48,49]

ajt Error rate of DNN model in 0.1 ~ 0.3 [13]

Edge environments: We construct the network topology based on the existing topology of the SNDIib
project [50]. Aligning with the previous study [11], the query-dispatching communication cost o;; is config-
ured with 0.25~10 ms. We set the operational cost e;; of the edge GPU server i to 0.050~0.150 kWh [48, 49].
Specifically, we calculate it as e;; = P7}VAt, where At = 15 minutes and P;}" € [0.2,0.6] kW is calibrated from
representative single-GPU server conﬁguratlons and public NVIDIA GPU spe(nﬁcatlons [51,52].

DNN inference workloads: We utilize the London open dataset [24] to determine the number of edge users
rit. Specifically, this dataset [24] records the number of users at London underground stations every 15 minutes
over a total of three days, resulting in a total of 300 time slots. Taking into account previous research and
datasets [13,37,41, 53], we set the time slot interval to 15 minutes with a total of 300 time slots. To align with
previous studies [11], each user sends 10-20 inference queries per time slot (i.e., every 15 minutes). This setting also
aligns with the existing real-world granularity of the London user data [24], which records the number of passengers
(i.e., users in our case) entering London’s underground stations at 15-minute intervals. Then, the inference error
rate of the DNN model a;; is configured within 0.1~0.3 [13]. The resource demand d; for model j is set to 1~20 [11],
while the resource capacity €2; of GPU server ¢ is configured with the range of 80~300 [11].

Other parameters: Then, the step sizes 7 and g in Algorithm 3, are set to 0.15 ~ O(300 %) [11].

Algorithms and metrics: Our proposed ACE leverages CVXPY [54] to solve subproblems at each time slot.
The primary objective is to minimize the total system cost. Additionally, we implement the following comparative
algorithms:

e Random: A baseline that randomly generates decision variables.

o (Greedy: Greedy strategy for dispatching inference workloads and deploying DNN models.

e iGniter: State-of-the-art method [6] that considers GPU interference while dispatching workloads. Specifically,
the model deployment decision (y; ;) is from the iGniter algorithm [6]; other control decisions (x; i +, 2 +) are based
on the “Greedy” strategy.

e ACE: Our proposed ACE framework integrating Algorithms 1, 2 and 3.

5.2 Experimental results

Figures 8 and 9 show the cumulative cost and real-time cost in the edge AI system, respectively, both of which
represent the objective values in our problem &2. Figure 8 demonstrates that our proposed ACE algorithm exhibits
the slowest cost growth, whereas the Random algorithm performs the worst. Figure 9 displays the cost at each
time slot, revealing fluctuations over time due to the dynamic nature of edge environments, including network
bandwidth, inference workloads, and inference error rates. Even so, ACFE effectively captures these trends and
makes adaptive decisions accordingly. Our ACE algorithm achieves a 40%~60% improvement compared to heuristic
approaches (Random and Greedy). Furthermore, when compared to the state-of-the-art algorithm (iGniter [6]), our
method reduces the system cost by 10%~30% (15% on average). Overall, ACE improves performance by an
average of 40%, demonstrating its effectiveness in dynamic edge environments. Furthermore, we discuss why ACE
outperforms the baseline methods. Compared with Random and Greedy, ACE explicitly accounts for co-location
interference through the measured/observed interference-incurred latency feedback, whereas Random and Greedy
rely on heuristic placement rules that are blind to interference. As a result, ACE can avoid repeatedly selecting
high-interference co-location patterns that would otherwise increase latency and overall system cost. Compared
with iGniter, ACE not only considers interference, but also jointly captures multiple edge-system factors, including
latency, energy consumption, communication cost, and inference error rate. In other words, ACE is designed to
seek a better trade-off among these conflicting objectives, rather than optimizing a single aspect only.
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Figures 10~13 illustrate the scalability of the algorithms under different input scales. In these figures, “1x”
represents the default settings described in Section 5.1, while the others indicate scaled-up or scaled-down versions
of these settings accordingly. Figure 10 exhibits the system cost for all algorithms under different network statuses.
Our ACE achieves the lowest system cost, as it selects edge servers using the relaxation-rounding mechanism.
Specifically, ACE leverages fractional optimal solutions as probabilities, ensuring that the final feasible decisions
closely approximate the optimal ones. Compared to Random, Greedy, and iGniter, our ACFE algorithm achieves
at least 70%, 60%, and 15% improvement, respectively. Figure 11 investigates the performance of all four algo-
rithms under different data volumes. In general, as the data volume increases, the system cost also rises. Our
ACE algorithm employs the online learning algorithm to “learn” from the observed inference delay for the next
time slot based on the decisions’ feedback. This enables ACFE to consistently maintain a lower cost, achieving a
52% improvement compared to the other algorithms. Figure 12 depicts the effect of edge server scalability. The
performance of ACFE becomes pronounced as the number of edge servers increases. This is because a larger number
of servers provides more flexibility in deploying models and dispatching inference queries. As a result, our ACE out-
performs the algorithm [6] and reduces the system cost by 20% on average. To some extent, this also highlights the
robustness of ACE. Figure 13 visualizes the impact of resource demands on system cost for different algorithms. On
the x-axis, “1x” — “2x” represents increasing model resource demands, whereas “1x” — “0.1x” represents decreasing
demands. Across all scenarios, our ACE consistently selects suitable DNN models to minimize the total system
cost. Compared to the state-of-the-art [6], our ACE improves performance by over 10%.

Figure 14 depicts the running time of our proposed ACE algorithm, which includes Algorithm 2 and Algorithm 3.
Notably, the running time of Algorithm 1 primarily depends on Algorithm 2 and Algorithm 3. Therefore, we focus
solely on the running time of Algorithm 2 and Algorithm 3, and omit the explicit measurement of Algorithm 1. On
average, the running time is around three seconds, which is significantly shorter than the length of each time slot
(i.e., 15 minutes). We also scale the number of parameters in our problem model, with “1x” representing hundreds
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of parameters, as shown in Figure 14. The running time of ACF remains acceptable under different scales.

Figure 15 displays the regret of all four algorithms. The regret represents the gap between the objective value
incurred by the online algorithm and the objective value achieved by the offline optimal solutions. Among all
algorithms, our proposed ACE’s regret demonstrates the best performance. Additionally, Figures 15 and 16 show
that both the regret and fit of our proposed ACFE algorithm exhibit sublinear growth over time, which is consistent
with our previous theoretical analysis in Section 4.
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Figure 17 Running time and comparison with offline optimums

We clarify that our problem defined over the entire time horizon is an integer program (IP) and is NP-hard. Our
proposed online relaxation and rounding mechanism is essentially an approximation approach (with proven sublinear
regret) specifically designed to address this challenge in polynomial time. In contrast, directly solving this IP over
each time slot using standard solvers (e.g., Gurobi/CPLEX) takes exponential time, often unacceptable in practice.
Specifically, Figure 17(a) shows the per-time-slot average running time for obtaining the exact offline optimums via
Gurobi for problem instances of different scales. Figure 17(b) compares our approach with the offline optimums in
real time on a small-scale problem instance containing 160 decision variables at each time slot ¢, including 100 z; ; +
variables, 50 y; ;. variables, and 10 z; ; variables. In online convex optimization, the theoretical emphasis is placed
squarely on the temporal dimension because the problem size, meaning the number of decision variables, is treated
as a fixed, unchanging characteristic of the environment, not a quantity that grows alongside the decision horizon.
This does not mean spatial scale is ignored; rather, it is fully accounted for in the regret bounds, often through the
norms of gradients and the domain diameter, which scale naturally and often linearly with the number of variables.
Consequently, increasing the problem size will indeed inflate the absolute magnitude of the regret, which is both
intuitive and expected, i.e., larger optimization problems are inherently harder. However, this dimensional scaling
affects only the multiplicative constants, never the fundamental rate at which the average performance improves.
As time extends to infinity, the per-slot average regret still vanishes regardless of how many variables are involved,
ensuring the algorithm’s long-term optimality remains structurally intact.

6 Related work

We summarize previous works into two categories and highlight their drawbacks compared to ours.

6.1 Cluster inference optimization

Intelligent inference systems have attracted widespread attention and research. Gu et al. [14] proposed a GPU
cluster scheduler that reduces the average competition time under the constraints of a carbon emission budget.
Chen et al. [7] designed Opara to accelerate DNN inference by overlapping the execution of compute-intensive and
memory-intensive operators. Han et al. [8] placed DNN workloads using a two-stage intelligent scheduler based on
resource allocation and adaptive batch size decisions. Sun et al. [15] proposed a batch-aware inference workload
redistribution scheme, reducing overall inference loss. Qiu et al. [17] proposed a method to support executing
multiple independent neural network models by unifying virtual memory and demand paging. Choi et al. [1§]
developed a scheduling framework for multi-models on a machine learning inference server using multiple GPUs,
exploring the solution space across three dimensions: spatial and temporal sharing, as well as decision-making on
batch sizes. Xu et al. [6] proposed an interference-aware resource configuration for inference.
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Table 3 Comparing previous work to our work

Ref Problem space Solution Evaluation Year
GPU Edge Operational | Online Long-term Theoretical | Testbed or
interference| scenario | cost scenario | constraints guarantees prototype

[14] v v 2025

[7] v v v 2025

(8] v v 2024

[15] v v 2023

[6] v v v 2023

[17] v 2022

18] | v v 2022

[22] v v v v v 2025

[9] v v v v v 2025

[16] v v v 2024

[55] v v 2024

[10] v v v v 2023

[19] v v 2023

[20] v v v v 2023

[21] v v v 2023

Ours | v v v v v v v 2026

6.2 Edge inference system

A significant amount of work has been carried out to improve the performance of edge inference. Zhao et al. [22]
incentivized edge users to improve inference performance. Ji et al. [9] considered the electricity cost when deploying
the models across different locations and various time slots. Wu et al. [16] introduced Graft, a framework for hybrid
deep learning designed to restructure non-uniform DNN fragments to share layers. Chen et al. [55] proposed a
workload allocation method based on an auction mechanism, optimizing the computing and communication time
of the inference process. Ji et al. [10] developed an online polynomial-time algorithm designed to handle dynamic
resource demands and network states. Liu et al. [19] studied the optimal allocation of communication and computing
resources, significantly improving inference throughput. Zhao et al. [20] utilized online optimization techniques to
address the trade-off between inference accuracy, latency, and resource costs. Dong et al. [21] proposed a multi-exit
DNN inference acceleration framework, achieving fast inference.

6.3 Research gap

Table 3 highlights the research gaps between prior work and our approach. Broadly, previous efforts fall into two
categories. The first category predominantly focuses on optimizing single-GPU performance while neglecting edge
infrastructures with heterogeneous capacities and fluctuating workloads, when dispatching the inference queries
among GPUs. As a result, directly adopting these methods in large-scale edge deployments can incur significant en-
ergy consumption and high resource overhead. The second category of prior work deals mostly with general-purpose
computational resources (e.g., CPUs) and ignores the characteristics of GPUs, and particularly, the interference
when multiple models are co-located on a shared GPU. Therefore, they lead to low inference speed and are unable
to meet user latency requirements in the dynamic edge environment.

7 Conclusion and future work

This study tackles the challenges of deploying deep neural networks (DNNs) on edge GPU servers, with a particular
focus on the performance interference caused by running multiple models on a shared GPU server, which can lead
to excessive resource consumption or reduced accuracy. We developed an interference-incurred latency model via
real-world profiling and measurements. Using this model, we proposed a set of polynomial-time online algorithms
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that make decisions online for model selection, resource provisioning, and inference dispatching, achieving low long-
term cost, including inference latency, error rate, query-dispatching communication cost, and energy consumption.
We also proved that such algorithms exhibit sublinear growth in regret and fit over time. Experimental results show
that our algorithms reduce total cost by 40% on average over all baselines.

In future work, we plan to explore hybrid models that combine the scalability of our linear model with a separate
pairwise interference matrix learned from observed data. A possible extension is to incorporate a pairwise interfer-
ence matrix as an auxiliary estimator to calibrate the posterior latency coefficients in our current linear decision
model. Specifically, it can be constructed from offline profiling and online observations to estimate a bounded inter-
ference correction, which can be incorporated into the posterior latency coefficient, e.g., ¢; ;. = c?’ et Acﬁ?ti, where
¢} ; + denotes the baseline latency coefficient and Acfé;”tr is inferred from the pairwise interference matrix before each
time slot. Under this design, the feasible region, the long-term constraints, and the randomized rounding procedure
remain unchanged. Therefore, the fit is expected to remain sublinear, since it mainly depends on the constraints
which remain unchanged. For the regret, the proof can be preserved under the standard boundedness assumptions
if the estimated coefficients remain bounded, and the cumulative coefficient-estimation error is sublinear over time.
In that case, the original regret bound would include an additional sublinear error term. Therefore, the total regret
will grow sublinearly under these conditions. On the algorithmic side, we also plan to extend our algorithmic and
theoretical framework to handle delayed feedback, which would require further investigation—for instance, incor-
porating techniques from the literature on bandits with delayed feedback [56,57], such as maintaining pending
observations and updating only when feedback arrives.
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