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Scheduling Training-Inference Co-Location in
Demand Response for Sustainable Edge AI

Konglin Zhu, Siyuan Wei, Xuan’er Wu, Lei Jiao, Jin Dong, Lin Zhang

AbstractÐIn the pursuit of data privacy and reduced latency, the adoption of edge intelligence has surged. Meanwhile, the enormous

increase in AI has resulted in significant energy consumption. Edge intelligence plays a crucial role in Energy Demand Response

(EDR). However, existing edge intelligence falls short of meeting the demands of co-locating training and inference tasks while

satisfying EDR. Specifically, the intertwinement between balancing energy consumption, system delay and model accuracy, and

uncertain future inputs adds to the challenge of designing an online sustainable system for co-located training and inference tasks. To

address these challenges, we propose a novel two-timescale system for co-locating training and inference EDR. Our approach satisfies

EDR by strategically planning training schedules on macro-timescales and migrating inference requests between heterogeneous

edges on micro-timescales while minimizing long-term cost. We introduce a novel online polynomial time algorithm that first breaks

down the problem into two subproblems, which are subsequently solved using an online-learning-based fractional algorithm and a

randomized roun ding algorithm, respectively. Rigorous analysis demonstrates that our approach achieves both sublinear dynamic

regret and sublinear dynamic fit. Extensive trace-driven evaluations validate the practical superiority of our approach over multiple

existing methods, highlighting its effectiveness in real-world scenarios.

Index TermsÐDemand response, federated learning, edge computing, two-timescale, online learning, co-location

✦

1 INTRODUCTION

An Edge Artificial Intelligence (AI) system simultaneously
handles training and inference tasks on geo-distributed
infrastructures such as cellular base stations and WiFi ac-
cess points equipped with micro datacenters [1], [2]. These
systems benefit from proximity to data sources and end
users, offering low latency and privacy protection [3], [4].
However, their growing scale has led to increasing energy
consumption [5], [6], making them promising candidates
for participating in Emergency Demand Response (EDR)
programs [7]±[9]. Under EDR, edge systems are incentivized
to reduce energy use below time-varying caps set by the
grid.

Efficiently orchestrating both training and inference
tasks under EDR constraints presents key challenges. First,
tasks arrive online and must be scheduled immediately.
While inference workloads can be flexibly migrated to
energy-efficient servers [10], [11], training workloads are
tightly coupled to large volumes of data, limiting mobility.
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Fig. 1: System Scenario

Balancing the two while ensuring convergence and accuracy
under varying energy caps is non-trivial.

Second, training and inference operate on different time
scales. Inference is short and delay-sensitive, while training
is longer and more delay-tolerant [12], [13]. This leads to
asynchronous decision-making, where inference scheduling
must respect prior training decisions that remain fixed dur-
ing longer macro intervals. The challenge is compounded
by the unpredictability of future task arrivals.

Prior work on EDR in edge computing [14]±[17] does
not address the specific nature of AI tasks, while existing AI
task management studies [18]±[22] overlook EDR considera-
tions. Recent research on training-inference co-location [13],
[23]±[25] focuses on resource sharing, but lacks attention
to energy sustainability and the multi-timescale nature of
scheduling. Section 5 provides a detailed comparison.

In this work, targeting Federated Learning (FL) as the
training tasks, we model a two-timescale total cost optimiza-
tion problem for the training-inference co-located edge AI
systems. Our formulation jointly controls FL training iter-
ations across time frames, which we call the macro-timescale,
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and inference migration across time slots within each time
frame, which we call the micro-timescale, minimizing energy
cost and inference delay while respecting FL model conver-
gence, EDR energy caps, and edge resource capacities. Our
formulation allows arbitrary temporal and spacial fluctu-
ations and heterogeneities in the inputs, including energy
caps, the energy prices, the network delay, and the training
and inference task arrivals. Our problem turns out to be a
mixed-integer program, which is unsurprisingly NP-hard.

We then design a novel polynomial-time online algorith-
mic framework for this problem. Central to our framework
is an online learning approach that incorporates the long-
term constraint into the objective via Lagrange multipliers
[26], splits it into each individual time frame with regu-
larization, and utilizes alternate ascent-descent iterations to
make the control decisions on the fly without needing fore-
knowledge of future inputs. Our approach decomposes our
original problem into two sub-problems: macro-timescale
training scheduling and micro-timescale inference schedul-
ing. While employing online learning as mentioned for the
macro timescale with a randomized rounding algorithm to
convert the obtained fractional solutions into integers, we
propose to allocate the expected energy evenly on the micro
timescale, so that we just divide the micro-timescale prob-
lem into a series of single-time-slot problems and solve them
sequentially by standard convex optimization techniques.

We characterize the performance of our proposed algo-
rithmic framework by rigorously proving that our approach
can achieve sub-linear dynamic regret and sub-linear dy-
namic fit compared to the series of single-time-frame offline
optimums, as [27], [28]. That said, compared to the optimal
objectives in the setting which splits the original problem
into individual time frames assuming full knowledge of
the inputs in each time frame, the time-averaged difference
between the objectives incurred online by our approach
and those optimums vanishes as time goes; and the time-
averaged violation of the long-term constraint due to ab-
sorbing it into the objective also vanishes as time goes.

We conduct a thorough evaluation of our approach using
a dynamic range of FL tasks, based on real-world training
data [29]±[31] that arrive over a 168-hours period [15], [18],
and inference requests [32] occurring every 5 minutes. Our
assessment incorporates diverse real-world data, including
heterogeneous edge servers [32], [33], EDR events [34],
electricity prices [35], etc., ensuring a robust validation of
our system’s practical performance. We observe multiple
results: (i) In meeting EDR requirements, our approach
outperforms alternatives like the greedy method, the state-
of-the-art OASDR algorithm [36], Lyapunov algorithm [37]
and reinforcement-learning (RL)-based algorithm, reducing
the total cost by approximately 58.8%, 13.4%, 20.8% and
3.6% respectively; (ii) Our approach demonstrates sub-linear
growth in the dynamic regret and dynamic fit; (iii) Our
approach executes highly efficiently, completing our major
control logic within milliseconds.

2 MODELS AND PROBLEM FORMULATION

2.1 System Models

We summarize the major notations in Table 1.

TABLE 1: Notations

Inputs Meaning
T Set of time frames
D Set of time slots of each time frame
J Set of edges
I Set of FL tasks
N Set of inference tasks
Rt Energy cap at time frame t

rt Electricity price of the grid at time frame t

tini Time frame when the FL task i arrives at the system.
touti Time frame when the FL task i quit the system.

ϵi
The convergence accuracy of the global model that is
to be trained of the FL task i

Ei
The number of local iterations to be executed in each
global iteration for FL task i

αij
Whether the edge j is chosen for aggregation for FL
task i

Ai
The set of edges taking part in the local training of
FL task i

Dij
The set of the training data located at edge j for the
FL task i

Hn The size of the inference request for inference task n

Qi
The total number of global iterations required for FL
task i

Ai
The amount of FLOPS consumed for each local iter-
ation of FL task i

Bi
The amount of FLOPS consumed for each global
aggregation of FL task i

βjn
Whether edge j has the capability to handle inference
task n

SLOt
nτ

The SLO for inference task n at the time slot τ of
inference task t.

Rt
jk

The data transmission rate from edge j to edge k in
the time frame t.

φi The amount of FLOPS per aggregation for FL task i

φ
′

i

The amount of FLOPS consumed to train one unit of
data samples during per local iteration for FL task i

γj Energy consumption per unit computation on edge j

Et
ij

Energy consumption per global iteration for FL task
i on edge j in the time frame t

E′
ij

Energy consumption per aggregation for FL task i on
edge j

Et′′

ij

Energy consumption for transmitting the model be-
tween an edge j performing local training for the FL
task i and the designated edge for aggregation in the
time frame t.

Et′′′

ij

Energy consumption for local training during per
global iteration for FL task i on edge j in the time
frame t

Mi The size of model for FL task i

wt
jnτ

The amount of inference requests of inference task n
arriving at the edge j at the time slot τ in the time
frame t

djn
Energy consumption per inference request of infer-
ence task n on edge j cost

Sn
The amount of FLOPS consumed for each inference
request of inference task n

Cj
The total computational resource (FLOPS) available
at edge node j for each time slot

qt
jkτ

Propagation delay from edge j to edge k in the time
slot τ of the time frame t

ωt
jknτ

Transmission delay for an inference request of infer-
ence task n migrated from the edge j to the edge k
in the time slot τ of the time frame t.

νt
ijk

Transmission delay for transferring models between
edge j and edge k in FL task i in the time frame t.

δij Whether the edge j is a client the FL task i

bt
jk

Computation delay for inference task n in the time
frame t at the edge k

fk Computation speed at the edge k

Outputs Meaning

xt
i

The number of global iterations that FL task i con-
ducts in time frame t

yt
jknτ

Amount of inference requests of inference task n
migrated from the edge j to the edge k in the time
slot τ of the time frame t

ztj
The amount of FLOPS consumed for FL tasks at edge
j at time frame t

ztjτ
The amount of FLOPS consumed for FL tasks at edge
j at time slot τ of time frame t
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Fig. 2: Two-timescale Decision Making

Edge Infrastructures: We consider an edge system con-
sisting of a set J ≜ {1, ..., J} of distributed edges, where
an ªedgeº refers to a cellular base station or a WiFi access
point equipped with a server cluster or a micro datacenter.
These edges are interconnected to one another via backhaul
networks, and are accessed by the end users via wireless
networks. All edges operate over a shared wireless spectrum
with partial frequency reuse. Specifically, a fraction ρ of
edges are allowed to reuse the same frequency band in each
time slot, while others operate on orthogonal channels. As
a result, wireless transmissions between edges may experi-
ence both noise and controlled co-channel interference.

Dual Timescales: As shown in Fig. 2, we divide the entire
time horizon into T time frames, indexed by t ∈ T ≜
{1, 2, ..., T}, which we refer to as the macro-timescales. We
further divide each time frame into D time slots, indexed
by τ ∈ D ≜ {1, 2, ..., D}, which we refer to as the micro-
timescales. The duration of each single time frame and
that of each single time slot are pre-specified, reflecting the
desired appropriate time granularity to update the control
decisions for the training tasks and the inference tasks,
respectively.

Demand Response: The edge system is powered by the
power grid and is enrolled in the Emergency Demand
Response (EDR) program. Upon receiving an EDR signal,
the edge system is notified of an energy cap for each time
frame, denoted as Rt, ∀t ∈ T . The edge system must
reduce its energy consumption to stay under the cap for
each corresponding time frame. EDR periods may occur
intermittently throughout the time horizon T , and we deem
Rt = +∞ when no EDR occurs. The energy cost at the time
frame t is rtet, where rt is the electricity price of the grid
and et is the amount of electricity consumed by the edge
system at the time frame t.

FL Training Tasks: We consider a set of Federated Learn-
ing (FL) tasks I = {1, ..., I}. Each FL task i ∈ I is char-
acterized by Φi = {tini , touti , ϵi, Ei,Ai, αij , {Dij , j ∈ Ai}}.
Here, tini denotes the time frame when the FL task i enters
the system; touti is the deadline required for completing FL
task i, and the FL task i quit the system when reaching the
deadline no matter whether it is completed; ϵi represents
the convergence accuracy of the global model that is to be
trained for the FL task i; Ei indicates the number of ºlocal
iterationsº required for each ºglobal iterationº during the
training process, which will be further explained later; Ai is
the set of edges that participate in the ºlocal trainingº of FL
task i (all the edges in Ai are the clients for FL task i and
one of them is selected as a server), and we use δij ∈ {0, 1}
to denote whether edge j serves as a client for FL task i;
αij ∈ {0, 1} denotes whether edge j is selected for global
aggregation of FL task i; Dij refers to the set of training data
located at edge j (j ∈ Ai) for the FL task i, where each data
sample m ∈ Dij is associated with a loss function fm (·).

Each FL task i aims to train a model denoted as
wi. The local loss for FL task i at edge j (j ∈ Ai) is
Fij(wi) =

1
|Dij |

∑
m∈Dij

fm(wi). The global loss is defined

as Fi(wi) = 1∑
j |Dij |

∑
j(
∣∣Dij | · Fij(wi)

)
. The objective of

FL task i is to find the optimal model parameters w
∗
i that

minimize the global loss Fi(wi), ensuring the convergence
criterion Fi(wi)− Fi(w

∗
i ) ≤ ϵi is satisfied.

The training process for each FL task i is as follows.
After the FL task i enters the system, as time goes on, at
the beginning of each time frame t

(
t ≥ tini

)
, we decide

whether the FL task i is trained and the number of global
iterations xt

i to perform in the time frame t. Then in each
global iteration χt

i, on each client j ∈ Ai, the model is
locally trained, started with initial value w

t
i,j,χt

i,0
= w

t
i,χt

i−1

and ending with value w
t
i,j,χt

i
= w

t
i,j,χt

i,Ei
, by employing

the mini-batch Stochastic Gradient Descent (SGD) approach

as w
t
i,j,χt

i,κi
=w

t
i,j,χt

i,κi−1
− ηt

|ξt
i,j,χt

i
,κi

|

∑
m∈ξt

i,j,χt
i
,κi

∇fm(wt
i,j,χt

i,κi−1
)

through Ei iterations. We highlight that to achieve Fi(wi)−
Fi(w

∗
i ) ≤ ϵi, the number of global iterations

∑
t∈T xt

i,

must satisfy
∑

t∈T xt
i ≥ Qi, with Qi ≥ 2Lvi

µ2ϵi
− γ, vi =

∑
j∈J

σ2
j

J2 +8(Ei − 1)2G2 + 4(J−|Ai|)
|Ai|(J−1)E

2
i G

2 +8LG2 [38], given

Ei, where σ2
j and G are upper bounds of the variance and

the squared norm of the stochastic gradient in each device,
the loss function Fij(·) is L-smooth and µ-strongly convex,
γ = max{L

µ
, Ei}.

In the edge system, there are multiple FL tasks, and we
assume that each edge node can serve as either an FL client
or an FL server for each FL task. For example, edge node 0
can be a client for local training in FL task 1 and FL task 2
simultaneously. In addition, each node can simultaneously
take the roles of both client and server for an FL task, and
each FL task only has one server for global aggregation.

Inference Tasks: We consider a set of inference tasks,
represented as N = {1, ..., N}. For each inference task n,
the inference requests are dynamically arriving at the edge
node in an online manner, and we use wt

jnτ to denote
the amount of requests of inference task n arriving in the
time slot τ of the time frame t. The inference requests are
delay-sensitive, and are required to meet specific service-
level objectives (SLOs) in terms of latency. More precisely,
each inference task n has a latency requirement SLOt

nτ in
time slot τ of the time frame t. The SLOs for inference
tasks may vary, but they all require completion within a
single time slot. If the any inference request cannot meet
the latency requirement, the quality of service (QoS) for that
task is considered violated. Each inference request arriving
at edge node j can be migrated to another edge node if
needed, to ensure timely completion and to reduce energy
consumption.

In this paper, we assume that FL tasks and inference
tasks are independent. That is, the models generated in
the FL process are not immediately available for online
inference services. This is due to the fact that the models
intended for inference require post-training fine-tuning and
compression to ensure they deliver consistent and high-
performance results. Here, we use βjn ∈ {0, 1} to denote
whether the edge j is able to serve the inference requests of
task n.
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Example Algorithm of FL for Task i
▷ Input: Ai, t

in
i , Ei, {Dij};

▷ Initialization on server
Initialize the model wi, w

0
i = wi;

for t ∈ {tini , tini + 1, ..., touti } do

if xt
i = 0, wt

i = w
t−1
i

else

w
t
i,0 = w

t−1
i

for χt
i ∈ {1, 2, ..., xt

i} do
▷ Local training on each edge j ∈ Ai:
download w

t
i,χt

i
−1 from server edge;

w
t
i,j,χt

i
,0 = w

t
i,χt

i
−1;

for κi = 1, ..., Ei do

w
t
i,j,χt

i
,κi

=wt
i,j,χt

i
,κi−1

− ηt

|ξt
i,j,χt

i
,κi

|

∑
m∈ξt

i,j,χt
i
,κi

∇fm(wt
i,j,χt

i
,κi−1

);

w
t
i,j,χt

i

= w
t
i,j,χt

i
,Ei

upload w
t
i,j,χt

i

to the server edge;

▷ Global aggregation on server edge:
w

t
i,χt

i

= 1
|Ai|

∑
j∈Ai

w
t
i,j,χt

i

;

Wireless Channels Model: The data transmission rate
from the edge j to the edge k in the time frame t is

modeled as Rt
jk = B log2

(
1 +

pt
jh

t
jk

N0B+It
k

)
, where B is the

allocated bandwidth; ptj is the transmit power of edge j; N0

is the noise power spectral density; ht
jk denotes the effective

channel gain from edge j to edge k; and Itk represents the
aggregate co-channel interference observed at edge k in
time frame t. Under the partial frequency reuse scheme, the
interference term Itk is given by Itjk =

∑
ℓ∈J co

t (k)\{j,k} p
t
ℓh

t
ℓk,

where J co
t (k) denotes the set of edges that reuse the same

frequency band as edge k in time frame t, and ht
ℓk denotes

the effective channel gain from the interfering edge ℓ to the
edge k.

FL Training Energy: First, for the global aggregations
on the selected edge j for FL task i, the energy consumed

per aggregation is E
′

ij = φiγjαij , where φi denotes the
amount of floating point operations (FLOPS) consumed per
aggregation for FL task i, and γj is the energy consumption
per FLOP on the edge j (This can be obtained either from
normalized TDP-based estimations (e.g., TDP divided by
peak FLOPS), or through empirical profiling.). Second, the
energy consumption for transmitting the model between an
edge j performing local training and the designated edge k

for aggregation is Et′′

ij =
Mip

t
j

Rt
jk

+
Mip

t
k

Rt
kj

[39], where Mi is the

size of the model for FL task i; ptj is the transmission power
of edge j; B is the allocated bandwidth; ht

j is the wireless
channel gain; and N0 stands for the background noise of

the wireless channel. The first term,
Mip

t
j

Rt
jk

, represents the

energy required for uploading the model from edge j to

edge k, while the second term,
Mip

t
j

Rt
kj

, corresponds to the

energy consumed for downloading the aggregated model
from edge k back to edge j. Third, for the local training

at edge j, we use Et′′′

ij = φ
′

iEiγj

∣∣∣ξti,j
∣∣∣ to refer to the en-

ergy consumption for the local training during each global

iteration, where φ
′

i is the amount of FLOPS consumed to
train one unit of data samples during per local iteration for

FL task i,
∣∣∣ξti,j

∣∣∣ is the size of the mini-batch data samples

for each local iteration. All things considered, the energy
consumption at the edge j per global iteration in the time

frame t is Et
ij = E

′

ij + Et′′

ij + Et′′′

ij .
FL Communication Cost: We consider the communi-

cation cost incurred by transferring models among edges
during federated learning. For each FL task i in a global it-
eration, the per-round communication cost between an edge
j acting as a client for local training and an edge k acting
as a server for model aggregation is νtijk + qtjk + νtikj + qtkj ,

where νtijk denotes the transmission delay for transferring
the model of FL task i from edge j to edge k in time frame
t, and qtjk denotes the corresponding propagation delay.

The transmission delay is given by νtijk = Mi

Rt
jk

, where Mi

is the model size of FL task i and Rt
jk is the achievable

transmission rate between edges j and k. The propagation
delay may vary across time slots within a time frame t;
therefore, we approximate it by the average propagation

delay qtjk = qtjkτ , where qtjkτ denotes the propagation delay
from edge j to edge k in the time slot τ of the time frame t.
The factor of 2 accounts for the uplink and downlink model
transmissions in each federated learning round.

Inference Energy: For the inference task n, we denote
the energy consumption per inference request cost djn =
γjSn, where Sn is the amount of FLOPS required for each
inference request of inference task n.

Inference Delay: The inference delay consists of the time
for migrating inference requests among edges, the compu-
tation time, and the time for returning the inference result.

For each inference request of task n, if it is migrated
from edge j to edge k, the inference delay is composed of
the following components.

1) Request migration delay, including the propagation delay
and the transmission delay from edge j to edge k, given
by qtjkτ +ωt

jknτ , where ωt
jknτ = Hn

Rt
jk

is the transmission

delay, Hn is the size of the inference request dominated
by input data (e.g., images, text, audio).

2) Computation delay at edge k, given by btnk = Sn

fk
, where

fk denotes the computation speed of edge k.
3) Result return delay. Similar to some other works [40],

since the inference output is typically small, we ignore
the transmission delay for sending the output back to
edge j. However, the propagation delay qtjkτ is still
accounted for.

Capacity for FL tasks and Inference tasks: We assume
that both FL tasks and inference tasks compete for a shared
pool of heterogeneous computational resources, including
CPUs and GPUs, available on each edge node. Let Cj denote
the total computational resource (FLOPS) available at edge
node j for each time slot. This parameter is derived from
the theoretical FLOPS capability of the underlying hard-
ware (e.g., GPUs or CPUs) as stated in the manufacturer’s
specifications. For FL task i, each local iteration consumes
Ai FLOPS of computation, and each global aggregation
consumes Bi FLOPS. Inference tasks are also scheduled
under the same resource constraint, and the combined com-
putational load of all tasks must not exceed the available
capacity Cj at any time slot.

Control Decisions: The system operator makes the fol-
lowing decisions in a two-timescale manner: (1) xt

i ∈ N,
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representing the number of global iterations for FL task i to
be performed in the time frame t. This is macro-timescale
FL task scheduling. (2) ytjknτ ≥ 0, denoting the number
of inference requests of inference task n migrated from the
edge j to the edge k in the time slot τ of the time frame t.
This is micro-timescale inference request scheduling.

Total Cost: (1) Energy cost: The energy cost
for conducting the FL tasks and inference tasks is
rt

∑
t∈T

∑
i∈It

∑
j∈Ai

Et
ijx

t
i + rt

∑
t∈T

∑
τ∈D

∑
j∈J

∑
k∈J

∑
n∈N

dkny
t
jknτ .

(2) FL communication cost:∑
t∈T

∑
i∈It

∑
j∈Ai

∑
k∈Ai

(
νtijk + qtjk + νtikj + qtkj

)
xt
iαik, (3) Infer-

ence delay:
∑
t∈T

∑
τ∈D

∑
j∈J

∑
k∈J

∑
n∈N

(
qtjkτ+qtkjτ+btjk+ ωt

jknτ

)
ytjknτ .

2.2 Problem Formulation, Challenges, and Goal

Problem Formulation: The total cost is the sum of the
energy cost and the delay cost of the edge system. We
formulate the total cost minimization problem P as follows.

P : min rt
∑

t∈T

∑

i∈It

∑

j∈Ai

Et
ij x

t
i

+ rt
∑

t∈T

∑

τ∈D

∑

j∈J

∑

k∈J

∑

n∈N

dkn y
t
jknτ

+
∑

t∈T

∑

i∈It

∑

j∈Ai

∑

k∈Ai

(
νtijk + qtjk + νtikj + qtkj

)
xt
iαik

+
∑

t∈T

∑

τ∈D

∑

j∈J

∑

k∈J

∑

n∈N

(
qtjkτ+q

t
kjτ+b

t
nk+ωt

jknτ

)
ytjknτ

s.t.
∑

t∈T : tini ≤t≤tout
i

xt
i ≥ Qi, ∀i, (1a)

∑

τ∈D

∑

j∈J

∑

k∈J

∑

n∈N

dkn y
t
jknτ

+
∑

i∈I

∑

j∈Ai

Et
ij x

t
i ≤ Rt, ∀t, (1b)

Sn y
t
jknτ ≤ βknCk, ∀j, k, n, τ, t, (1c)

∑

k∈J

ytjknτ ≥ wt
jnτ , ∀j, n, τ, t, (1d)

ytjknτ

[
qtjkτ + qtkjτ + btnk + ωt

jknτ − SLOt
nτ

]+
= 0,

∀j, k, n, τ, t, (1e)

ztj =
∑

i∈It

(
δijEix

t
iAi + αijx

t
iBi

)
, ∀j, t, (1f)

ztj =
∑

τ∈D

ztjτ , ∀j, t, (1g)

ztkτ +
∑

n∈N

∑

j∈J

Sn y
t
jknτ ≤ Ck, ∀k, τ, t, (1h)

var. xt
i ∈ N , ytjknτ ≥ 0, ztj ≥ 0, ztjτ ≥ 0.

The objective (1) minimizes the total cost. Constraint (1a)
ensures that sufficient global iterations for FL task i are
conducted to preserve the specified convergence. Constraint
(1b) reflects the energy cap at each time frame to train the FL
tasks and process inference requests. Constraint (1c) ensures
only the edges that has the capability to handle inference
task n can process the corresponding inference requests.

Constraint (1d) guarantees that all inference requests for
inference task n arriving at each edge in each time slot
are migrated or served locally. Constraint (1e) means that
the inference delay of each inference task cannot exceed its
SLO. Constraint (1f) defines the total computational demand
ztj for FL tasks at edge j at time frame t, which includes
both the local iteration and global aggregation. Constraint
(1g) shows the decomposition of ztj into different time
slots. Constraint (1h) enforces computation demand for FL
tasks and inferences must not exceed the node’s resources
available Ck at each time slot τ .

Challenges: It is non-trivial to solve the optimization
problem due to the following challenges. First, the long-
term constraints (1a) and (1b) couple future control deci-
sions and system information. Blind to the unpredictable
future EDR and electricity price, it is difficult to efficiently
solve the problem online, without relying on prior knowl-
edge of future system information. Second, the problem is
NP-hard even in the offline setting with full prior knowl-
edge of system information, which can be reduced to a
minimum-cost knapsack problem by only retaining con-
straints (1a) and (1b) and removing terms with ytjknτ . It
is intractable to solve this problem in an offline setting,
not to mention we want to solve it online in an online
setting. Third, the training tasks and the inference requests
are scheduled in different timescales. The macro-timescale
decisions for the global iterations of FL tasks and the micro-
timescale decisions for migrating the inference requests are
coupled in the long-term constraints, which adds to the
complexity of the problem.

Algorithmic Goal: The goal is to design a polynomial-
time algorithm to solve the cost-minimization problem in an
online manner. Furthermore, our algorithm should achieve
sub-linear dynamic regret and sub-linear dynamic fitness
when compared to an offline algorithm, which is discussed
in section 3.

3 ONLINE ALGORITHM AND ANALYSIS

For solving our formulated problem, we design an
online algorithm to schedule the FL tasks and inference
requests in an online two-timescale manner, while address-
ing the aforementioned challenges. Then we analyze the
dynamic regret and the dynamic fit of the algorithm and
finally we rigorously prove their sublinearity.

3.1 Overview

To solve the cost minimization problem in an online
manner, we proposed our online scheduling scheme in this
section. The technical roadmap is to first decompose the
original problem P into a macro-timescale FL task schedul-
ing problem P1 and a series of micro-timescale inference
requests scheduling problems {Pt

2, ∀t}. P1 and {Pt
2, ∀t}

are solved in a macro-timescale manner and in a micro-
timescale manner respectively.

We propose Algorithm 0 as our overall online control
algorithm. Algorithm 1 and 2 are the Macro-Timescale Frac-
tion Algorithm and the Randomized Rounding Algorithm
for P1, respectively. Algorithm 3 is the Micro-Timescale
Fraction Algorithm for {Pt

2, ∀t}. At the beginning of each



6

time frame t, Algorithm 0 invokes Algorithms 1 and 2 to
obtain xt

i for scheduling global iterations for FL tasks in the
time frame t. Algorithm 1 provides the fractional decisions
x̃t
i and Algorithm 2 converts them into the integer decisions.

Within each time frame t, at each time slot τ , it invokes
Algorithm 3 to determine the inference requests migration{
ytjknτ

}
. Fig. 3 illustrates the workflow of our approach.

3.2 Problem Decomposition

We decompose the problem P into P1 for FL task
scheduling and a series of problems {Pt

2, ∀t} for inference
requests scheduling. The objective function of the problem
is split as P as P = P1 +

∑
t∈T Pt

2, and the Constraint (1c)
can also be split as (2c) in P1 and (3a) in {Pt

2, ∀t}.
Denote It as It =

{
i ∈ I, tini ≤ t ≤ touti

}
. The formula-

tions of P1 and Pt
2, ∀t are as follows.

P1 :Min rt
∑

t∈T

∑

i∈It

∑

j∈Ai

Et
ijx

t
i

+
∑

t∈T

∑

i∈It

∑

j∈Ai

∑

k∈Ai

(
νtijk + qtjk + νtikj + qtkj

)
xt
iαik

(2)

s.t.
∑

t∈T :tini ≤t≤tout
i

xt
i ≥ Qi, ∀i, (2a)

∑

i∈It

∑

j∈Ai

Et
ijx

t
i ≤ Rt, (2b)

ztj =
∑

i∈It

(
δijEix

t
iAi + αijx

t
iBi

)
, ∀j, t (2c)

var. xt
i ∈ N, ztj ≥ 0.

Pt
2 :Min rt

∑

t∈T

∑

τ∈D

∑

j∈J

∑

k∈J

∑

n∈N

dkny
t
jknτ

+
∑

t∈T

∑

τ∈D

∑

j∈J

∑

k∈J

∑

n∈N

(
qtjkτ+q

t
kjτ+b

t
nk+ω

t
jknτ

)
ytjknτ

(3)

s.t.
∑

τ∈D

∑

j∈J

∑

k∈J

∑

n∈N

dkny
t
jknτ≤R

t−
∑

i∈It

∑

j∈Ai

Et
ijx

t
i,

(3a)

Sny
t
jknτ ≤ βknCk, ∀j, k, n, τ, t, (3b)

∑

k∈J

ytjknτ ≥ wt
jnτ , ∀j, n, τ, (3c)

ytjknτ

[
qtjkτ + qtkjτ + btnk + ωt

jknτ − SLOt
nτ

]+
= 0,

∀j, k, n, τ, t, (3d)
∑

τ∈D

ztjτ = ztj , ∀j, t (3e)

ztkτ +
∑

n∈N

∑

j∈J

Sny
t
jknτ ≤ Ck, ∀k, τ, t (3f)

var. ytjknτ ≥ 0.

We have split the objective function of P into P1 and
{Pt

2, ∀t}. The Constraints (1a)∼(1g) are split into Constraints

1

2
,

t
t

'

2,
, ,

t
t 

,
t

ix t

t

jknτy , τ,t

Decouple

Decomposition 

Online Learning with 

Per Time Frame 

Algorithm 1

Algorithm 2

Randomized 

Rounding

Algorithm 3

t -1 t
ix , λ


t

ix , t

Fig. 3: Structure of the Proposed Approach

Algorithm 0: Overall Online Control Framework

1 for t ∈ {1, 2, ..., T} do
2 ▷ Macro-timescale FL Tasks Scheduling
3 Invoke Algorithm 1 to get fractional solutions

X̃
t ;

4 Invoke Algorithm 2 to get integral solutions X
t
;

5 Calculating Z
t based on X

t
;

6 ▷ Micro-timescale Inference Requests
Scheduling

7 for τ ∈ {1, 2, ..., D} do
8 Invoke Algorithm 3 to get solutions Yt

τ ;

(2a)∼(2c) for P1 and Constraints (3a)∼(3f) for {Pt
2, ∀t} re-

spectively.

3.3 Algorithms for Macro-Timescale FL Task Schedul-

ing

To solve the macro-timescale FL Task scheduling prob-
lem P1, we relax it to P̃1 in the continuous domain and adopt
a concise representation of the problem. We denote the
decision variables of P1 as X

t = [xt
1, ..., x

t
I ], the fractional

decisions of P̃1 and Z
t = [zt1, ..., z

t
J ]. as X̃t = [x̃t

1, ..., x̃
t
I ].

Then the objective function of

P̃1 can be expressed as f t
(
X̃

t
)

=

rt
∑
t∈T

∑
i∈It

∑
j∈Ai

Et
ij x̃

t
i +

∑
t∈T

∑
i∈It

∑
j∈Ai

∑
k∈Ai

(
νtijk + qtjk + νtikj + qtkj

)
x̃t
iαik.

We also introduce some new notations: g̃ti = Qi

tout
i −tini

− x̃t
i;

gt
(
X̃

t
)
= [g̃t1, ..., g̃

t
I ]

T
, and ht

(
X̃

t
)
= Rt −

∑
i∈It

∑
j∈Ai

Et
ij x̃

t
i.

Here δij is omitted for constraint tightening, for the
tractability of randomized rounding. Thus, we can
represent the relaxed problem of P̃1 as

Min
∑

t∈T

f t
(
X̃

t
)

(4)

s.t.
∑

t∈T

gt
(
X̃

t
)
≤ 0 (4a)

ht(X̃t) ≥ 0 (4b)

Var. X̃
t ∈ X̃ = {X̃t|xt

i ≥ 0, ∀i ∈ I}.

According to the Lagrange-Dual method, we can solve
the above problem (4) via solving an equivalent convex-
concave problem which is formulated as

Min
X̃tMaxλtLt(X̃t,λ) (5)

s.t. ht(X̃t) ≥ 0, X̃t ∈ X ,
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Algorithm 1:Macro-Timescale Fractional Algorithm

Input: Fractional solution X̃
t; dual solution λ

t

Output: Fractional solution X̃
t+1

1 Calculate λ
t+1 according to (6);

2 Calculate X̃
t+1 by solving the problem (7).

where Lt(X̃t,λ) = f t(X̃t) + λ
t⊤gt(X̃t), and λ

t is the
Lagrange multiplier at t. Note that, through this transfor-
mation, the long-term constraint has been eliminated.

To solve the problem (5), we design the following online
algorithm using an alternating primal-dual method. At each
time frame t+ 1, we first update the dual variable λ

t+1 via
a standard dual ascent step:

λ
t+1 = [λt + µgt(X̃t)]+, (6)

where µ is the positive step size, and gt(X̃t) =
∇λL

t(X̃t,λt) is the gradient of Lt(X̃,λ) given λ = λ
t.

Next, we adopt a modified descent step to minimize

Lt(X̃,λt+1). We obtain the fractional primal solution X̃
t+1

by solving the following problem:

Min ∇f t(X̃t)⊤(X− X̃
t) + λ

t+1⊤gt(X) +
∥X−X̃t∥2

2α

s.t. ht(X) ≥ 0,X ∈ X̃ , (7)

where α is a predefined constant; ∇f t(X̃t) is the gradient

of f t(X) at X = X̃
t; and 1

2α

∥∥∥X− X̃
t
∥∥∥
2

is a regularization

term. Note that via such ascent and descent steps, X̃t+1 and
λ
t+1 can be solved using only the information known so

far, rather than the future unknown information. This is the
key of online learning. This algorithm is shown as Algorithm
1. Algorithm 1 is polynomial-time, because the problem (7)
can be solved using standard optimization solvers such as
CasADi [41], which finds an ϵ-accurate optimal solution in
O(I2 log(1/ϵ)) iterations [42] via the interior point method.

We design Algorithm 2 to convert the fractional solution
{x̃t

i} from Algorithms 1, into integers {xt
i} in a randomized

manner, ensuring the following objectives: (1) each fraction
x̃t
i is rounded to an integer; (2) no violation of constraint

(2b) after rounding; (3) the expectation of the integer equal
to the corresponding fraction, that is, E(x̄t

i) = x̃t
i, ∀i ∈ I .

Achieving these aims is important for deriving our theoret-
ical performance analysis later.

In each iteration, Algorithm 2 chooses a pair of fractions
to round at least one of them into an integer in a randomized
manner, while ensuring that the weighted sum of the two
values remains unchanged after rounding. Algorithm 2 has
a time complexity of O(I) for the macro-timescale rounding.

Lemma 1. Algorithm 3 satisfies the aforementioned requirements
(2) and (3): (2) no violation of constraint (2b) after rounding; (3)
the expectation of the integer equal to the corresponding fraction,
that is, E(x̄t

i) = x̃t
i, ∀i ∈ I .

Proof. If ṽ′
t

i2
is an integer, then E(vti2) = γ2

γ1+γ2
(ṽti2 −

qγ1) +
γ1

γ1+γ2
(ṽti2 + qγ2) = ṽti2 , ∀ṽ

t
i2

∈ It\I
′
t, thus (3) is

satisfied; so as the situation that ṽ′
t

i1
is an integer. This

equation demonstrates that the expectation of the integer
is preserved.

Algorithm 2: Randomized Rounding Algorithm

Input: Fractional solution X̃
t

Output: Integral solution X
t

1 Define Ṽ = {ṽti = x̃t
i − ⌊x̃t

i⌋, ∀i ∈ It};
2 Define I ′

t = It\{i|ṽ
t
i ∈ {0, 1}};

3 while I ′
t ̸= ∅ do

4 if |I ′
t| = 1 then Set xt

i = ⌊x̃t
i⌋ for the only i ∈ I ′

t;
5 else

6 Select i1, i2 ∈ I ′
t, i1 ̸= i2, define q =

∑
j∈Ai1

Et
i1j

∑
j∈Ai2

Et
i2j

;

7 γ1=min{⌈ṽti1⌉−ṽti1 ,
1
q
ṽti2},

8 γ2=min{ 1
q

(
⌈ṽti2⌉ − ṽti2

)
, ṽti1};

9 With probability γ2

γ1+γ2
,

10 set ṽ′
t

i1
= ṽti1 + γ1, ṽ′

t

i2
= ṽti2 − qγ1;

11 With probability γ1

γ1+γ2
,

12 set ṽ′
t

i1
= ṽti1 − γ2, ṽ′

t

i2
= ṽti2 + qγ2;

13 if ṽ′
t

i1
∈ {0, 1}, then

xt
i = ⌊x̃t

i⌋+ ṽ′
t

i1
, I ′

t=I ′
t\{i1};

14 else set ṽti1 = ṽ′
t

i1
;

15 if ṽ′
t

i2
∈ {0, 1}, then

xt
i = ⌊x̃t

i⌋+ ṽ′
t

i2
, I ′

t=I ′
t\{i2};

16 else set ṽti2 = ṽ′
t

i2
;

To show no violation of Constraint (2b), we have∑
j∈Ai1

Et
i1j

ṽ′i1 +
∑

j∈Ai2

Et
i2j

ṽ′i2 =
∑

j∈Ai1

Et
i1j

(ṽi1 + γ1) +

∑
j∈Ai2

Et
i2j

(ṽi2−qγ1) =
∑

j∈Ai1

Et
i1j

(ṽi1−γ2)+
∑

j∈Ai2

Et
i2j

(ṽi2+

qγ2) =
∑

j∈Ai1

Et
i1j

ṽi1 +
∑

j∈Ai2

Et
i2j

ṽi2 in each iteration,

whether choosing Line 9 or Line 11.

3.4 Algorithm for Micro-Timescale Inference Requests

Scheduling

The problem Pt
2 can be naturally split into a series of one-

slot problems Pt′
2,τ , ∀τ , corresponding to individual time

slots. Specifically, to address the long-term constraint (3a),
we propose to evenly partition (3a) into a set of constraints
corresponding to individual time slots. That is, (3a) can be
reformulated as

∑

j∈J

∑

k∈J

∑

n∈N

dkny
t
jknτ ≤

Rt −
∑
i∈It

∑
j∈Ai

Et
ij x̃

t
i

D
, ∀τ. (8)

The constraint (3d) is difficult to handle using standard
solvers. Therefore, in each time slot τ of the time frame t,
we precompute the set of QoS-feasible assignments Et,QoS

nτ ,
as

Et,QoS
nτ =

{
(j, k) |qtjkτ + qtkjτ + btnk + ωt

jknτ ≤ SLOt
nτ

}

(9)
and simply enforce ytjknτ = 0 for (j, k) /∈ Et,QoS

nτ .

Denote Z
t
τ =

{
ztjτ , ∀j

}
. We evenly partition ztj into

different time slots in the time frame t, as ztjτ = 1
D
ztj . Thus

(3e) is reformulated as

1

D
ztk +

∑

n∈N

∑

j∈J

Sny
t
jknτ ≤ Ck, ∀k, τ, t (10)



8

Algorithm 3: Micro-Timescale Fractional Algorithm

Input:
{
qtjkτ

}
, {btnk},

{
ωt
jknτ

}
,{djn}, {Sn},{βkn},{

Et
ij

}
,
{
wt

jnτ

}
, {Cj}, {SLOt

nτ}, {xt
i},

{
ztj

}

Output: Fractional solution Y
t
τ

1 Solve the one-shot instance of Pt′

2,τ at time slot τ
using a solver (e.g., the interior-point method);

Thus Pt′
2,τ , ∀τ is formulated as

Pt′
2,τ :Min f t

τ

(
Y

t
τ

)
(11)

s.t. (3b), (3c), (8), (10),

f t
τ

(
Y

t
τ

)
= rt

∑

j∈J

∑

k∈J

∑

n∈N

dkny
t
jknτ

+
∑

j∈J

∑

k∈J

∑

n∈N

(
qtjkτ+ qtkjτ +btnk+ωt

jknτ

)
ytjknτ

var. ytjknτ ⩾ 0.

Note that rt is unknown until at the end of the time
frame t, and here we estimate rt as r̂t = rt−1 for tractability.
Algorithm 3 is executed at each time slot τ in each time
frame t to determine the amount of workload that needs
to be migrated across heterogeneous edges. We define the

solution set of problem Pt′

2,τ as Yt
τ =

{
ytjknτ , ∀j, k, n

}
. Pt′

2,τ

is a standard linear program and can be solved optimally
by existing optimization solvers in polynomial time [43].
The time complexity for Algorithm 3, the complexity is
O(N2J4 log(1/ϵ)), since for each problem Pt′

2,τ , ∀τ we have
NJ2 decision variables.

3.5 Regret and Fit Analysis

We introduce ªdynamic regretº and ªdynamic fitº [27],
[28] as the performance metrics, and rigorously analyze
these metrics for our algorithms.

To ease of expression for the definition of dynamic regret
and dynamic fit, we represent the original problem P in a
more concise form as follows.

P : Min
∑

t∈T

f t
o

(
W

t
)

(12)

s.t.
∑

t∈T

gto
(
W

t
)
≤ 0, (12a)

ht
o

(
W

t
)
≥ 0, ∀t, (12b)

ht
5

(
W

t
)
= 0, ∀t (12c)

f t
o

(
W

t
)
:= rt

∑

t∈T

∑

i∈It

∑

j∈Ai

Et
ijx

t
i

+ rt
∑

t∈T

∑

τ∈D

∑

j∈J

∑

k∈J

∑

n∈N

dkny
t
jknτ

+
∑

t∈T

∑

i∈It

∑

j∈Ai

∑

k∈Ai

(
νtijk + qtjk + νtikj + qtkj

)
xt
iαik

+
∑

t∈T

∑

τ∈D

∑

j∈J

∑

k∈J

∑

n∈N

(
qtjkτ+ qtkjτ+btnk+ωt

jknτ

)
ytjknτ ,

(12d)

gto
(
W

t
)
:=

[
gt1, ..., g

t
I

]T
(12e)

ht
o

(
W

t
)
:=

[
ht
1,h

t
2,h

t
3,h

t
4

]T
(12f)

ht
5

(
W

t
)
:=

[
ht
5,1, ..., h

t
5,J

]T
(12g)

ht
1 := Rt −

∑

i∈It

∑

j∈Ai

Et
ijx

t
i

−
∑

τ∈D

∑

j∈J

∑

k∈J

∑

n∈N

dkny
t
jknτ , (12i)

h
t
2 :=

{
ht
2,jknτ = Sny

t
jknτ − βknCk, ∀j, k, n, τ

}
,

(12j)

h
t
3 =

{
ht
3,jnτ =

∑

k∈J

ytjknτ − wt
jnτ , ∀j, n, τ

}
,

(12k)

h
t
4 =



ht

4,kτ = Ck − ztkτ −
∑

n∈N

∑

j∈J

Sny
t
jknτ , ∀k, τ



 ,

(12l)

ht
t,j = ztj −

∑

τ∈D

ztjτ , ∀j (12m)

W
t =

[
X

t,Zt,Yt
1,Y

t
2, ...,Y

t
D,Zt

1,Z
t
2, ...,Z

t
D

]

(12n)

var. xt
i ∈ N, ytjknτ ≥ 0, ztj ≥ 0, ztjτ ≥ 0

We use W
t
= [xt

1, x
t
2, ..., x

t
i,Y

t
1,Y

t
2, ...,Y

t
D] to denote

the online decisions with integral xt
i ∈ N and W

t∗
to denote

the offline optimal decisions with integral xt
i ∈ N for the sin-

gle time-frame problem at t. Analogously, we can introduce

the notations W̃t and W̃
t∗ for the optimal decisions for the

relaxed problems in the continuous domain.
Dynamic Regret: The dynamic regret measures the dif-

ference between the objective function value evaluated with
the online solutions and that evaluated with the offline
single-time-frame optimal solutions. The dynamic regret
for our original problem P and the dynamic regret for the
relaxed problem P̃ are as follows, respectively:

RegT := E

[
∑

t∈T

f t
o

(
W

t
)]

−
∑

t∈T

f t
o

(
W

t∗
)

W
t∗
= argmin

xt
i∈N,yt

jknτ
≥0

f t
o

(
W

t
)
, s.t. gto

(
W

t
)
≤0, ht

o

(
W

t
)
≥0,

R̃egT :=
∑

t∈T

f t
o

(
W̃

t
)
−

∑

t∈T

f t
o

(
W̃

t∗
)

W̃
t∗ = argmin

xt
i≥0,yt

jknτ
≥0

f t
o

(
W

t
)
, s.t. gto

(
W

t
)
≤0, ht

o

(
W

t
)
≥0,

Dynamic Fit: The dynamic fit measures the cumulative
violation of the long-term constraints evaluated with the
online solutions. The dynamic fit for our original problem P

and the dynamic fit for the relaxed problem P̃ are as follows,
respectively, where [·]+ = max{·, 0}:

FitT :=

∥∥∥∥∥∥

[
E

[
∑

t∈T

gto

(
W

t
)]]+

∥∥∥∥∥∥
,

F̃ itT :=

∥∥∥∥∥∥

[
∑

t∈T

gto

(
W̃

t
)]+

∥∥∥∥∥∥
.

Regret and Fit Analysis: We prove that, for our original
problem P, the dynamic regret and the dynamic fit eval-
uated with the online integral solutions produced by our
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algorithms only grow sublinearly with the length of time
horizon.

To derive this proof, we leverage several assumptions
which are very commonly made in a wide range of similar
problems [27], [28], [44], [45]:

Assumption 1: f t
o

(
W̃

t
)

has bounded gradients, i.e.,

∥∇f t
o(W̃

t)∥ ≤ F , gto(W̃
t) is also bounded, i.e., ∥gto(W̃

t)∥ ≤

U, ∀t.
Assumption 2: there exists a constant ε > 0 and an

interior point Ŵt, such that gto(Ŵ
t) ⪯ −ϵ1, ∀t.

Assumption 3: the slack constant ε in Assumption 2 is
larger than the point-wise maximal variation of the consec-
utive constraints, i.e., ε > V(g), where V(g) = maxt Vgt and
Vgt = max

W̃
∥[gt+1

o (W̃t)− gto(W̃
t)]+∥.

Based on all these assumptions, we derive the following
results for the dynamic regret and the dynamic fit:

Theorem 1. We have RegT ≤ R̃egT and FitT ≤ F̃itT +M +
Kκϖ

ϖ , where K and κϖ
ϖ are constants from the Jensen Gap [46].

Proof. See in Appendix B, based on Lemma 2 in Appendix
A.

Theorem 2. Under previous assumptions and the dual variable
initialization of λ

1 = 0, the integral dynamic fit is upper-
bounded:

FitT ≤ F̃itT +Kκϖ
ϖ ≤

∥λ̄∥

µ
+Kκϖ

ϖ . (13)

Proof. See in Appendix D, based on Lemma 3 in Appendix
C.

Theorem 3. Under previous assumptions and the dual variable
initialization of λ1 = 0, the integral dynamic regret is upper-
bounded:

RegT ≤ R̃egT ≤ AT + L, (14)

where AT , and L are given as

AT =
µU2(T + 1)

2
+

αF 2T

2
+ ∥λ∥VT

gt +
RVT

X̃t∗

α
+

R2

2α
, (15)

L = max
i,j,k,t





(
νtijk + qtjk + νtikj + qtkj

)
αik

rtEt
ij



 J2 ·max

t

{
rtRt

}
·T

+max
t

(
rtRt

)
· T +

max
k,n

(dknCk)

min
n

Sn

· TDJ

+

max
j,k,n,τ,t

((
qtjkτ +qtkjτ + btnk + ωt

jknτ

)
Ck

)

min
n

Sn

·TDJ

− 2TJ2 min
i,j,k,t

{(
νtijk + qtjk

)
αik

}
− IJT ·min

i,j,t

(
rtEt

ijQi

)

− min
j,k,n,τ,t

((
qtjkτ + qtkjτ + btnk + ωt

jknτ

)
wt

jnτ

)
· TDNJ

− min
j,k,n,τ,t

(
dknw

t
jnτ

)
· TDNJ (16)

Proof. See in Appendix G, based on Lemma 4 and Lemma 5
in Appendix E and Appendix F, respectively.

Corollary 1. Under Assumptions 1 ∼ 3 and previous ini-
tialization, dynamic regret and dynamic fitness are bounded by
controlling step sizes:

α = µ = max





√
VT

X̃∗
t

T
,

√
VT
gt

T





, (17)

RegT ≤ O

(
max

{√
VT

X̃∗
t

T ,

√
VT
gtT

})
+ L,

FitT ≤ O


max





T

VT

X̃∗
t

,
T

VT
gt






+M +Kκ

ϖ
ϖ .

Based on the corollary, if we further set α =
µ = O(T− 1

3 ), the dynamic regret and the dy-
namic fit can be expressed respectively as: RegT ≤

O
(
max

{
VT

X̃∗
t

T
1
3 ,VT

gt
T

1
3 , T

2
3

})
+L, FitT ≤ O

(
T

2
3

)
+M+

Kκϖ
ϖ .

3.6 Complexity Analysis

The time complexity of our overall control frame-
work Algorithm 0 is analyzed as follows. In each time
frame t, Algorithm 1, and Algorithm 2 are invoked
once respectively, and Algorithm 3 is invoked for D
times. According to previous analysis, Algorithm 1 takes
O(I2 log(1/ϵ)) to find an ϵ-accurate optimal solution. Algo-
rithm 2 takes O (I). Algorithm 3 takes O(N2J4 log(1/ϵ))
to find an ϵ-accurate optimal solution. Therefore, the
time complexity of our entire algorithmic approach is
O

(
T
(
I2 log (1/ϵ) + I +DN2J4 log(1/ϵ)

))
. Here, I is the

number of training tasks; N is the number of inference tasks;
J is the number of edge nodes under consideration; D is the
number of time slots per time frame; T is the number of time
frames of the entire time horizon.
3.7 Adaptation for Large Scale Deployment

Although our algorithm achieves efficient performance
under the evaluated scale (e.g., 50 edges and up to 500
tasks), scaling to much larger systems (e.g., thousands of
nodes) may introduce computational bottlenecks. In par-
ticular, the inference task scheduling component involves
migration decisions across all node pairs, which can become
increasingly burdensome as the number of edge nodes
grows.

To address this, we propose a practical extension via
a cluster-based scheduling scheme. Specifically, the entire
edge network can be partitioned into multiple clusters based
on geographic or network proximity, and inference tasks are
only allowed to migrate within each cluster. Each cluster
independently solves a smaller-scale optimization problem,
thereby significantly reducing the computation overhead
and communication complexity.

4 EXPERIMENTAL STUDY

4.1 Experimental Settings

Edge System: We adopt the EUA dataset which contains
95,562 edge sites [47], and we select the first 1000 edge sites.
The geographical distance between two stations is used
to approximate the propagation delay between the edges
[33]. Considering possible congestion and other situations,
in each time slot, we randomly set the delay between edges
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Fig. 4: Evaluation Results

to [0.7, 1.3] times the original delay. We study the system for
T = 168 hours and the length of each time frame is set as
one hour [18] and each time frame would be divided into 12
time slots where each time slot continues for 5 minutes [32].
We set the energy cost per unit computation γj randomly
from [0.04, 0.08] mWh [48]; the transmission power ptj is
from [2, 20] dBm [48]; the channel gain ht

j is from [−90,−95]
dB [49]; the noise power spectral density is N0 = −174
dBm/Hz [45] and the bandwidth B is 25 kHz [48]. For the
partial frequency reuse, we set ρ ∈ [0.1, 0.2].

FL Tasks: In this system, we focus on FL tasks for image
classification, using the MNIST dataset [30] and CIFAR-10
dataset [29]. We consider two models: the LeNet-5 [31] and
a Convolutional Neural Network (CNN) with two 3 × 3
convolutional layers (where the first layer has 16 channels
and the second layer has 32 channels), with each of them
followed by ReLU activation and 2 × 2 max pooling, a fully-
connected layer, and a softmax output layer. Combining
these datasets and models results in four distinct types of FL
tasks. We consider 100∼500 FL tasks in total, with each type
comprising one-fourth of the total FL tasks. The number of
FL tasks arriving in each time frame is set in proportion to
the dynamic job arrival trace of Google clusters [50], where
the last FL task arrives no later than the 100th time frame
to ensure successful training. The number of edges |Ai| for
conducting training for each FL task is 30 [51] based on
Google data as well. Without loss of generality, the number
of local iterations per global iteration is set to Ei = 5 and
the target accuracy is set to ϵi = 0.01, ∀i. For the other
parameters, we set σj = 1, ∀j, G = 0.01, µ = 1 and L = 1
[52].

Inference Tasks: We use the dynamic passenger numbers
in each station to represent the corresponding inference
requests for each edge. The maximum processing capacity of
each edge is set as the maximum request amount arriving
at each edge. We consider N = 4 inference tasks and the
requests for each task are evenly divided into the number
of tasks being served in that time slot. The four inference
tasks are image classification tasks, corresponding to the

four types of FL tasks, with each type occupying a quarter
of all inference requests. We consider the edge set for each
inference task takes in the range [200, 300].

Energy Demand Response: We set the energy caps
{Rt, ∀t} using the real-world EDR events of Elia from June
18, 2023 through June 24, 2023 [34]. We set the electricity
price {rt, ∀t} based on the hourly real-time pricing data of
ComEd from June 18, 2023 through June 24, 2023 [35].

Algorithms and Implementation: We implement and
compare multiple different approaches: (1) PROPOSED refers
to our proposed online algorithms; (2) GREEDY completes
the FL tasks as soon as possible at each time frame and
migrates inference requests to the most effective edge at
each time slot while satisfying the EDR constraint. (3) OASDR
[36], the online algorithm which aims only at minimizing
the delay while setting a long-term constraint for long-term
accumulative energy cost. (4) LYNO [37], Lyapunov Opti-
mization Algorithm, which solves time-coupling stochastic
optimization problems using virtual queues and drift-plus-
penalty algorithm. (5) RL, a reinforcement learning-based
algorithm which solves the problem P1 based on deep Q-
learning framework and solves the problem Pt

2, ∀t based on
DDPG. (6) OFFLINE, which solves the original problem P

via the Gurobi optimization solver [53], knowing all the in-
puts over the entire time horizon in advance. The nonlinear
mixed-integer program requires an unacceptably long time
to solve, even with advanced solvers. Therefore, we employ
the offline optimal fractional solutions as a lower bound to
approximate the offline optimal mixed-integer solutions for
our problem.

We conduct experiments of all the above algorithms on
a commodity laptop in our lab, equipped with a 2.6-GHz
12-core Intel(R) Core(TM) i7 CPU and 16-GB memory.

4.2 Evaluation Results

Total Cost: Fig. 4 (a) presents a comparison of the nor-
malized total cost across the entire time horizon for various
algorithms. It is evident that our proposed online algorithm
consistently yields a lower total cost compared to GREEDY
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Fig. 6: Total Cost Under Varying Noise Conditions

and OASDR. Our approach achieves 58.8% less total cost
than GREEDY, 13.4% less total cost than OASDR, 20.8% less
total cost than LYNO and 3.6% less total cost than RL.

Energy Cost: Fig. 4 (b) illustrates the cumulative energy
cost of various algorithms across continuous time slots. Our
proposed online algorithm has lower energy cost compared
to GREEDY, OASDR, LYNO, and RL and it closely ap-
proaches the performance of the offline optimum.

Total cost for FL tasks and Training performance: We
present our experimental results on the total cost and train-
ing performance for four kinds of different FL tasks, as well
as the total cost for four types of inference tasks. Fig. 4 (c)
and Fig. 4 (d) demonstrate that our algorithm can perform
a lower cost compared to GREEDY, OASDR, LYNO and RL
for different kinds of FL tasks and inference tasks. Fig. 4 (e)
presents how the global loss is minimized in the FL tasks
and how satisfied training loss can be achieved.

Dynamic Regret and Fitness: Fig. 4 (f) depicts the dy-
namic regret of each algorithm as the length of the en-
tire time horizon varies. Our proposed online algorithm
outperforms GREEDY, OASDR, LYNO and RL, exhibiting
a slow, stepwise growth pattern. This figure also shows
that the regret increases sublinearly over time in practice,
consistent with our theoretical analysis. Fig. 4 (g) shows that
the dynamic fit also has sub-linear growth.

Algorithm Running time: Fig. 4 (h) depicts the cumu-
lative distribution of the execution time for each of our
proposed algorithms 1-3. Algorithms 1 and 2 can be exe-
cuted and finished within milliseconds. Algorithm 3 can be
completed within 2 seconds. Hence, our proposed online
algorithms are practically and computationally efficient.
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Inference Efficiency: We define inference efficiency

as Ieff =

∑
t∈T

∑
j∈J

∑
k∈J

∑
n∈N

yt
jknτη

t
jknτ

rt
∑

t∈T

∑
j∈J

∑
k∈J

∑
n∈N

(dkn+qt
jkτ

+qt
kjτ

+bt
nk

+ωt
jknτ)yt

jknτ

,

where ηtjknτ ∈ [0, 1] is the inference accuracy of the infer-
ence task n on the edge k in the timeslot τ of timeframe t.
Fig. 5 compares the inference efficiency of different methods.
OFFLINE achieves the highest efficiency (1.31). PROPOSED
and RL obtain comparable performance (1.05 and 1.02).
OASDR and LYNO achieve lower efficiency (0.87 and 0.68),
while GREEDY performs the worst (0.25). These results
imply that our approach achieves near-optimal inference
efficiency in dynamic environments.

System Performance and Robust Testness Under Varying
Noise Condition: We evaluate the impact of background
noise by varying the noise power spectral density N0 from
−174 dBm/Hz to −154 dBm/Hz. Fig. 6 presents the sys-
tem performance under different noise levels, while Fig. 7
reports the corresponding competitive ratio. As shown in
Fig. 6, the system cost exhibits only marginal variations with
increasing noise. This is mainly because co-channel trans-
missions introduce strong aggregated interference, leading
to an interference-limited regime where thermal noise plays
a secondary role. Consequently, variations in N0 have lim-
ited impact on the overall system cost. Fig. 7 further shows
that the competitive ratio, defined as the ratio between the
cost of the proposed online method and that of the offline
optimal solution under the same noise condition, remains
stable, ranging from 1.17 to 1.20 across all noise levels. This
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indicates that the proposed method consistently maintains
a near-optimal performance gap to the offline solution,
demonstrating strong robustness against noise variations.

QoS Performance: Fig. 8 illustrates the SLO compli-
ance. It can be observed that most inference requests are
completed with normalized delays below 0.3× SLO, while
a secondary concentration appears around 0.8× SLO. All
measured delays remain within 1.0× SLO, indicating that
100% of tasks satisfy the latency requirement. These results
demonstrate that our proposed framework can effectively
control inference latency under dynamic workloads while
ensuring strict QoS guarantees.

5 RELATED WORK

Edge Systems Demand Response: Liu et al. [14] focused
on the interaction between intermittent renewable genera-
tions and variable computation under unknown EDR re-
quirements. Wang et al. [15] proposed to utilize an auction
mechanism to incentive EVs to power edge systems in EDR.
Cui et al. [16] studied a two-stage game-theoretical approach
to handle EDR in mobile edge systems under resource
constraints. Wang et al. [17] proposed a bi-level optimization
framework with a virtual region decomposition method to
meet EDR needs.

These studies concentrate on the EDR issues in edge
systems. None have considered AI/ML tasks, not to men-
tion considering the characteristics of AI/ML tasks in the
edge system, including the accuracy of the model, and the
computational characteristics of AI/ML tasks.

AI/ML Tasks in Edge System: Wang et al. [18] proposed
an auction-based approach to scheduling FL tasks in the
edge system, while balancing the energy consumption and
model accuracy. Wu et al. [19] studied an experience-driven
deep reinforcement learning algorithm for sustainable FL
while ensuring long-term economic properties. Li et al. [20]
proposed a D2D-assisted FL system based on maximum
weight matching in auxiliary graphs aiming to minimize
global loss in the resource-constrained environment. Zhao
et al. [21] worked out an online DNN model selection and
placement solution to achieve a trade-off between inference
accuracy, latency, and resource cost. Zhao et al. [22] designed
a framework for adaptive distributed execution of DNN
inference based on DNN partitions.

These works considered the features of AI/ML tasks
when designing the system, but did not consider EDR. In
addition, no consideration was given to the challenges of
collocated inference and training tasks in an edge system.

Training and Inference Co-location: Chen [13] studied a
dynamic scheduling system that flexibly allocates resources
for training and inference tasks in a GPU cluster environ-
ment. Chen [23] proposed a two-tier training-inference co-
location solution that provides explicit inference latency
guarantees. Mobin [24] studied model-sharing between
training and inference jobs in GPU memory-constrained
environments. These studies have made significant progress
in improving resource utilization and optimizing system
performance, but fall short due to the lack of consideration
for environmental sustainability explicitly, such as carbon
emissions, energy consumption, and EDR.

In response to these limitations, Su et al. [25] proposed
a carbon-aware edge system that colocates learning and
inference tasks. But they did not consider the objective
factor, that is, the difference between the execution time of
the two tasks is so large that they cannot be decided at the
same frequency. In addition, they fall short due to a lack of
EDR and fine-grained energy control.

6 CONCLUSION

As edge intelligence grows, the energy demand esca-
lates, highlighting the need for efficient EDR strategies.
Our study proposes a two-timescale system for co-locating
training and inference tasks in EDR systems and navigat-
ing the complex interplay between energy consumption,
system delay, training model accuracy, and the uncertainty
of future inputs through strategic macro-timescale train-
ing schedules and micro-timescale inference request migra-
tions across heterogeneous edges. Our innovative online
algorithm, which employs online learning and randomized
rounding, achieves sublinear performance metrics and sur-
passes existing methods in practical evaluations. Future
research will focus on enhancing these strategies for the
evolving landscape of sustainable edge computing.
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APPENDIX

A: Proof of Lemma 2
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B: Proof of Theorem 1
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where 20(a) holds by the linearity of f t(Xt), 20(b) holds
due to Lemma 2. 20(c) holds due to
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The relationship between FitT and F̃itT can be derived
as

FitT =

∥∥∥∥∥∥


E


∑

t∈T

g
t
o

(
W

t
)





+∥∥∥∥∥∥
,

=

∥∥∥∥∥∥


E


∑

t∈T

g
t
(
X

t
)





+∥∥∥∥∥∥

21(a)

≤

∥∥∥∥∥∥
E


∑

t∈T

g
t
(
X

t
)


∥∥∥∥∥∥

21(b)
=

∥∥∥∥∥∥

∑

t∈T

g
t
(
E

[
X

t
])

∥∥∥∥∥∥
=

∥∥∥∥∥∥

∑

t∈T

g
t
(
X̃

t
)
∥∥∥∥∥∥
= F̃itT . (21)

C:Proof of Lemma 3

Lemma 3. Under previous assumptions and the dual variable
initialization of λ1 = 0, we have the following:
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Proof. Updating λ by using the equation in (6), we have:
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where inequality 24(a) holds because applying []+ on each
dimension would only decrease the absolute value. Since
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t+1 is the optimum for objective in (7), by using the

interior point X̂t mentioned in Assumption 2, we have
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where inequality 25(a) holds due to Assumption 2, and
inequality holds because ∥λt+1∥ is less or equal to λ
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where inequality 26(a) holds by using Cauchy-Schwartz
twice on the first two terms. After plugging inequality (26)
into (22), we have
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where inequality 27(a) holds by adding two complementary

terms to the right sides, i.e., ±µgt
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upper bound of gt; inequality 27(b) holds due to the non-
negative property of λ

t+1; inequality 27(c) holds due to
Assumption 3.

Next, we show the correctness of inequality (23) by
contradiction. Without loss of generation, we suppose that
t + 2 is the first time index that breaks inequality (23),
namely:

∥λt+1∥ ≤ ∥λ̄∥ ≤ ∥λt+2∥. (28)



However, by using the equation in (6), the relationship
can be obtained on λ between consecutive epochs as fol-
lows:
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where 29(a) holds due to the triangle inequality; 29(b) holds
because of the non-expansive property of the projection;
29(c) holds by using the hypothesis from (28). Then we
plug (29) into (27), we have ∆

(
λ

t+1
)

< 0, leading to
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holds.

D:Proof of Theorem 2
As λt is updated by equation (6), we have
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By plugging (32) into (21), the proof is completed.

E:Proof of Lemma 4

Lemma 4. Under previous assumptions and the dual vari-
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optimal solution X̃

t∗ is feasible in every time frame, and
gt(X̃t∗) ≤ 0, so λ

t+1gt(X̃t∗) ≤ 0. Then we focus on the
gradient term

− ∇f
t
(X̃

t
)
⊤
(X̃

t+1 − X̃
t
)

40(a)

≤ ∥∇f
t
(X̃

t
)∥∥X̃t+1 − X̃

t∥

40(b)

≤
∥∇ft(X̃t)∥2

ג2
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ג

2
∥X̃t+1 − X̃

t∥2
40(c)

≤
F 2

ג2
+

ג

2
∥X̃t+1 − X̃

t∥2
,

(40)

where ג is an arbitrary positive constant. Inequality 40(a)
holds because of the property of 2-norms; inequality 40(b)
holds because of Cauchy inequality; and inequality 40(c)
comes from the assumption of bounded gradient of f t(·).
Plugging (40) into (39), we have

f
t
(X̃

t
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g
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41(a)
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1

2α
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t+1∥2

) +
αF 2

2
, (41)

where inequality 41(a) holds because ,ג i.e., ג = 1
α

, such that
( 2ג − 1

2α ) = 0. By applying (41) into (22), we have
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µ
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)
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)
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)
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+
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2
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+
µU2

2
+ ∥λt+1∥Vgt , (42)

where inequality 42(a) holds because we add the term

f t(X̃t) on both two sides; equation 42(b) holds because
we re-arrange the terms; inequality 42(c) holds due to the
application of equality (42); inequality 42(d) holds due to the
bounded value of gt+1 mentioned in the previous assump-
tion. Then we consider the intermediate terms as follows:

∥Xt∗ − X
t∥2

43(a)
= ∥Xt∗ − X

t∥2 − ∥Xt − X
(t−1)∗∥2

+ ∥Xt − X
(t−1)∗∥2

43(b)
= ∥Xt∗ − X

(t−1)∗∥2∥Xt∗ − 2X
t
+ X

(t−1)∗∥ + ∥Xt − X
(t−1)∗∥2

43(c)

≤ 2R∥Xt∗ − X
(t−1)∗∥ + ∥Xt − X

(t−1)∗∥2
, (43)

where equation 43(a) holds because we add two comple-
mentary terms; equation 43(b) holds because we apply
difference of two squares on the first two terms; equation



43(c) holds due to triangle inequality for the bounded radius
on domain. Applying inequality (43) to (42), we have

△(λt+1)

µ
+ f

t
(X̃

t
)

≤ f
t
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) +
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2
+
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2
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+
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t−1∗∥ + ∥Xt − X
t−1∗∥2 − ∥Xt∗ − X
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). (44)

Summing up previous inequality over t = 1 to T , we
have
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(
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µ
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f
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≤
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2
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+
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X̃t∗
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, (45)

where inequality 45(a) holds due to the definition of ∥λ∥.
Then,

f
t
(X̃

t
) − f

t
(X̃
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) ≤

µU2T

2
+

αF 2T

2
+ ∥λ∥VT
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α
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+ ∥λ∥VT
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1
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(∥X1 − X
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46(a)

≤ AT , (46)

where inequality 46(a) holds because ∥X̃1− X̃
0∗∥2 has been

bounded by R, and ∥λT+2∥2 ≥ 0, as well as ∥λ2∥2 ≤ µ2F 2

if λ1 = 0.

F:Proof of Lemma 5

Lemma 5. Under all the constraints, we have
∑

t∈T

f t
(
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)
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f t
τ
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≤ L, (47)

where

L = max
i,j,k,t
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

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+
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Proof. We denote the optimum fractional solution of the
objective function ft(X̃t∗ ) for problem P1 as

(
x̃t∗

i

)
1

and the

optimum fractional solution of ft
τ

(
Yt

τ

)
for Pt

2 as
(
ỹt
jknτ

)
2
.

The optimum solution for the problem P is x̃t∗

i and ỹt
jknτ∗ .

We substitute these parameters into equation (47), then we
have:
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According to the constraint (2b), we have:
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According to the constraint (2a), we have:
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According to the constraint (2b), we have:
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According to the constraint (2a), we have:
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According to the constraints (3d), we have:
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According to the constraint (3c), we have:
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Now we plug the inequality (50)∼(56) into (49), then we
have:
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G: Proof of Theorem 3

R̃egT can be treated as
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59(a)

≤ AT + L. (59)

inequation 59(a) holds due to (33) and (47).


