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ABSTRACT

Learning at the edges has become increasingly important as large quantities of data are continually
generated locally. Among others, this paradigm requires algorithms that are simple (so that they
can be executed by local devices), robust (again uncertainty as data are continually generated), and
reliable in a distributed manner under network issues, especially delays. In this study, we investigate
the problem of online convex optimization (OCO) under adversarial delayed feedback. We propose
two projection-free algorithms for centralized and distributed settings in which they are carefully
designed to achieve a regret bound of O(v/B) where B is the sum of delay, which is optimal for
the OCO problem in the delay setting while still being projection-free. We provide an extensive
theoretical study and experimentally validate the performance of our algorithms by comparing them
with existing ones on real-world problems.

Keywords Online Learning - Distributed Learning - Delayed Feedback - Frank-Wolfe Algorithm

1 Introduction

Many machine learning (ML) applications owe their success to factors such as efficient optimization methods, effective
system design, robust computation, and the availability of enormous amounts of data. In a typical situation, ML
models are trained in an offline and centralized manner. However, in real-life scenarios, significant portions of data are
continuously generated locally at the user level. Learning at the edge naturally emerges as a new paradigm to address
such issues. In this new paradigm, the development of suitable learning techniques has become a crucial research
objective. Responding to the requirements (of this new paradigm), online learning has been intensively studied in recent
years. Its efficient use of computational resources, adaptability to changing environments, scalability, and robustness
against uncertainty show promise as an effective approach for edge devices.

However, online learning/online convex optimization (OCO) problems typically assume that the feedback is immediately
received after a decision is made, which is too restrictive in many real-world scenarios. For example, a common
problem in online advertising is the delay that occurs between clicking on an ad and taking subsequent action, such
as buying or selling a product. In distributed systems, the previous assumption is clearly a real issue. Wireless
sensor/mobile networks that exchange information sequentially may experience delays in feedback due to several

*The authors express their gratitude for the support provided by the Multidisciplinary Institute in Artificial Intelligence, University
Grenoble-Alpes, France (ANR-19-P31A-0003)



problems: connectivity reliability, varying processing/computation times, heterogeneous data and infrastructures, and
unaware-random events. This can lead to difficulties in maintaining coordination and efficient data exchange, eventually
affecting network performance and responsiveness. Given these scenarios, the straightforward application of traditional
OCO algorithms often results in inefficient resource utilization because one must wait for feedback before starting
another round. To address this need, this paper focuses on developing algorithms that can adapt to adversarial delayed
feedback in both centralized and distributed settings.

Model. We first describe the delay model in a centralized setting. Given a convex set K C R?, at every time step
t, the decision maker/agent chooses a decision x; € K and suffers from a loss function f; :  — R. We denote by
dy > 1 an arbitrary delay value of time ¢. In contrast to the classical OCO problem, the feedback of iteration ¢ is
revealed at time ¢ 4+ d; — 1. The agent does not know d; in advance and is only aware of the feedback of iteration ¢
at time ¢ 4+ d; — 1. Consequently, at time ¢, the agent receives feedback from the previous iterations s € F;, where
Fi = {s:s+ds—1=t}. In other words, F; is the set of moments before time ¢ such that the corresponding
feedbacks are released at time ¢. Moreover, the corresponding feedbacks are not necessarily released in the order of
their iterations. The goal is to minimize regret, which is defined as:

T T
Ry = Z fe(me) — glellfclz fi(x)
=1 =1

In a distributed setting, we have additionally a set of agents connected over a network, represented by a graph G = (V, E)
where n = |V is the number of agents. Each agent i € V' can communicate with (and only with) its immediate
neighbors, that is, adjacent agents in G. At each time ¢ > 1, agent i takes a decision ¢ € K and suffers a partial loss
function f; : K — R, which is revealed adversarially and locally to the agent at time (¢ + di — 1) — again, that is
unknown to the agent. Similarly, denote 7} = {s : s + d% — 1 = t} as the set of feedbacks revealed to agent i at time ¢
where d is the delay of iteration s to agent 4. Although the limitation in communication and information, the agent i is
interested in the global loss Fy(.) where F;(.) = = > | fi(.). In particular, at time ¢, the loss of agent i for chosen @]
is Fy(x}). Note that each agent i does not know F; but has only knowledge of f; — its observed cost function. The
objective here is to minimize regret for all agents:

T T
Ry := mlax(z Fi(z!) — glelerlZFt(w)>
t=1

t=1

1.1 Our contribution

The challenge in designing robust and efficient algorithms S
for these problems is to address the following issues si- §
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ing the centralized and distributed constraint online con-

vex optimization problem with adversarial delayed feedback. Our algorithms achieve an optimal regret bound for
centralized and distributed settings. Specifically, we obtain the regret bound of O(v/B) where B is the total delay
in the centralized setting and B is the average total delay over all agents in the distributed setting. Note that, if d is
a maximum delay of each feedback then our regret bound becomes O(\/ﬁ ). This result recovers the regret bound
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of O(+/T) in the classic setting without delay (i.e., d = 1). Additionally, the algorithms can be made projection-free
by selecting appropriate oracles, allowing them to be implemented in different contexts based on the computational
capacity of local devices. Finally, we illustrate the practical potential of our algorithms and provide a thorough analysis
of their performance which is predictably explained by our theoretical results. The experiments demonstrate that our
proposed algorithms outperform existing solutions in both synthetic and real-world datasets.

Table 1: Comparisons to previous algorithms DGD [4] and DOFW [5] on centralized online convex optimization with
delays bounded by d. Our algorithms are in bold.

Algorithm  Centralized Distributed Adversarial Delay Projection-free Regret
DGD Yes - Yes - O(vdT)
DOFW Yes - Yes Yes O(T3/* 4 dT1/%)
DeLMFW Yes - Yes Yes oWdT)
De2MFW - Yes Yes Yes oWdT)

1.2 Related Work

Online Optimization with delayed feedback Over the years, studies on online optimization with delayed feedback
have undergone a swift evolution. [7] shed light on the field by focusing on the convergence properties of online
stochastic gradient descent with delays. They provide a regret bound of O( Vdr ) with d the delay value if d* < T.
Later on, [4] proposes a centralized (single-agent) gradient descent algorithm under adversarial delays. The theoretical
analysis of [4] entails a regret bound of O(v/B), where B is the total delay. This bound becomes O(+/dT) if d is the
upper bound of delays. [8] provided a black-box style method to learn under delayed feedback. They showed that for
any non-delayed online algorithms, the additional regret in the presence of delayed feedback depends on its prediction
drifts. [9] developed an online saddle point algorithm for convex optimization with feedback delays. They achieved a
sublinear regret O(v/dT) where d is a fixed constant delay value. Recently, [5] proposed a first Frank-Wolfe-type online
algorithm with delayed feedback. They modified the Online Frank-Wolfe (OFW) for the unknown delays setting and
provided a regret bound of O(TB/ 4y art/ 4). This is the current state of the art for projection-free (Frank-Wolfe-type)

algorithms with delays. Our bound of O(+/dT’) improves over the aforementioned results.

Distributed Online Optimization. [10] introduced decentralized online projected subgradient descent and showed
vanishing regret for convex and strongly convex functions. In contrast,[11] extended distributed dual averaging technique
to the online setting, using a general regularized projection for both unconstrained and constrained optimization. A
distributed variant of online conditional gradient [1] was designed and analyzed in [12] that requires linear minimizers
and uses exact gradients. Computing exact gradients may be prohibitively expensive for moderately sized data and
intractable when a closed form does not exist. [3] proposes a decentralized online algorithm for convex function
using stochastic gradient estimate and multiple optimization oracles. This work achieves the optimal regret bound of
O(T/?) and requires multiple gradient evaluation and communication rounds. Later on, [13] provide a decentralized
algorithm that uses stochastic gradient estimate and reduces communication by using only one gradient evaluation. [?]
provides a comprehensible survey on recent developpement of distributed OCO. More recent work on distributed online
optimization with feedback delays is proposed in [6]. The authors consider a distributed projected gradient descent
algorithm where each agent has a fixed known amount of delay d;. They provide a regret bound of O(v/dT) where
d = max; d; but the delays d; must be fixed (non-adversarial).

Despite the growing number of studies on decentralized online learning in recent years, there is a lack of research that
accounts for the adversarial/online delayed feedback. In this paper, we first present a centralized online algorithm and
then extend it to a distributed online variant that takes an adversarial delay setting into consideration.

2 Projection-Free Algorithms under Delayed Feedback

In this section, we will present our method for addressing delayed feedback in the OCO problem. In Section 2.1, we
state some assumptions and results that form the basis of our approach. We then describe our first algorithm DeLMFW
for centralized setting in Section 2.2 and extend it to distributed setting in Section 2.3.



2.1 Preliminaries

Throughout the paper, we use boldface letter e.g « to represent vectors. We denote by x, the final decision of round ¢
and x ;. to be the sub-iterate at round £ of ¢. In distributed setting, we add a superscript  to make distinction between
agents. If not specified otherwise, we use Euclidean norm ||.|| and suppose that the constraint set  C R™ is convex.
We state the following standard assumptions in OCO.

Assumption 1. The constraint set K is a bounded convex set with diameter D i.e D := sup, ,c ||z — y|
Assumption 2 (Lipschitz). For all x € K, there exists a constant G such that, ¥t € [T, |V fi(x)| < G
Assumption 3 (Smoothness). For all x,y € K, there exists a constant 3 such that, V't € [T :

Fiy) < @)+ (Vfula),y — @) + 5 Iy — 2l
or equivalently |V f;(x) — V fi(y)|| < 8|l — y|.

Online Linear Optimization Oracles In the context of the Frank-Wolfe (FW) algorithm, we utilize multiple
optimization oracles to approximate the gradient of the upcoming loss function by solving an online linear problem.
This approach was first introduced in [2]. Specifically, the online linear problem involves selecting a decision v; € K
at every time ¢ € [T']. The adversary then reveals a vector g; and loss function (g, -) to the oracle. The objective is
to minimize the oracle’s regret. A possible candidate for an online linear oracle is the Follow the Perturbed Leader
algorithm (FTPL) [14]. Given a sequence of historical loss functions (g, -) , s € [1,t] and a random vector n drawn
uniformly from a probability distribution D, FTPL makes the following update.

t
Vry1 :argmin{gz<gg,v>+(n,v)} (1)

vek —1

Lemma 1 (Theorem 5.8 [1]). Given a sequence of linear loss function f1, ..., fr. Suppose that Assumptions I to 3
hold true. Let D be a the uniform distribution over hypercube [0,1]™. The regret of FTPL is

1
Rro < ¢(DG?T + EWnp
where ( is learning rate of algorithm.

Delay Mechanism We consider the following delay mechanism. At round ¢, the agent receives a set of delayed
gradient V f () from previous rounds s < ¢ such that s + d; — 1 = ¢, where d is the delay value of iteration s. We
denote by F; = {s: s+ ds — 1 = t} the set of indices released at round ¢. Following this setting, the feedback of
round ¢ is released at time ¢ + d; — 1, and the case d; = 1 is considered as no delay. We suppose that the delay value is
unknown to the agent and make no assumption about the set F;. Consequently it is possible for the set to be empty at
any particular round. We extend the aforementioned mechanism to the distributed setting by assuming that each agent
has a unique delay value at each round ¢ € [T]. The delay value of agent i at round ¢ is denoted by d:, and the set of
delayed feedbacks of agent i at round ¢ is denoted by F} = {5 tstdi—1= t}, which is distinct between agents.

2.2 Centralized Algorithm

We describe the procedure of Algorithm 1 in details. At each round ¢, the agent performs two blocks of operations:
prediction and update. During the prediction block, the agent performs K iterations of FW updates by querying
solutions from the oracles Oy, k € [K| and updates the sub-iterate vector a; ;41 using a convex combination of the
previous one and the oracle’s output. The agent then plays the final decision @, = @, x4 and incurs a loss f;(x;)
which may not be revealed at ¢ due to delay. From the mechanism described in Section 2.1, there exists a set of gradient
feedbacks from the previous rounds revealed at ¢ whose indices are in F;. The update block involves observing the
delayed gradients evaluated at K sub-iterates of rounds s € F;, computing surrogate gradients {g; x, k € [K]} by
summing the delayed gradients and feeding them back to the oracles {Oy, k € K}.

In our algorithm, the agent employs a suite of online linear optimization oracles, denoted O, . .., O. These oracles
utilize feedbacks accumulated from previous rounds to estimate the gradient of the upcoming loss function. However,
in the delay setting, these estimations may be perturbed owing to a lack of information. For example, if there is no
feedback from rounds ¢ to ¢/, that is, Fs = () for s € [t,t'], the oracles will resort to the information available in round
t — 1 to estimate the gradient of all rounds from ¢ 4+ 1 to ¢’ + 1. As a result, the oracle’s output remains unchanged for
these rounds, and decisions {z; : s € [t + 1,%' + 1]} are not improved. Our analysis for Algorithms 1 and 2 will be
focused on assessing the impact of delayed feedback on the oracle’s output.



Lemma 2. Let U; be the FTPL prediction defined in Equation (1) and

vt—argmm{CZ<ng > >}

SEFy
the prediction of FTPL with delayed feedback. For all t € [T'], we have:

||Ut - 'f)t” < CDGZH{s+d,;>t}

s<t

Algorithm 1 DeLMFW
Input: Constraint set /C, number of iterations 7, sub-iteration K, online oracles {Ok}i-(:p step sizes n, € (0,1]

fort=1toT do

1

2 Initialize arbitrarily ;1 € K

3 for k =1to K do

4 Query vy, from oracle O,.

5 T k1 — (1 — k)@ ke + MVt k-

6 end for

7 Xy X1 K +1, play @, and incurs loss fi(x¢)
8 Receive Fy ={se[T):s+ds —1=1t}
9 if 7; = () then

10: do nothing

1:  else

12: for k =1to K do

13: gtk — Zse}‘t V fs(@s,i)

14: Feedback (g:,x, -) to oracles O.

15: end for

16: end if

17: end for

Theorem 1. Given a constraint set K. Let A = max {3, 5%} 7, = min {1 é} and K = /T. Suppose that
Assumptions 1 to 3 hold true. If we choose FTPL as the underlying oracle and set { = \/» the regret of Algorithm 1 is

S ) — la)] < 28ADNT +3(4 4 1) (DGVE +Rr0) @)
t=1

where B = 23:1 dy, the sum of all delay values and R0 is the regret of FTPL with respect to the current choice of ¢.

Discussion The regret bound of Theorem 1 differs from that of the non-delayed MFW [2] by the additive term
DG+/B which represents the total cost of sending delayed feedback to the oracles over T rounds (Lemma 2). If we
assume that there exists a maximum value d such that d; < d for all ¢ € [T)]. Our regret bound becomes O(+v/dT)
which coincides with the setting in [5], a delayed-feedback FW algorithm that achieves O(Tg/ 4 art/ 4). Another
line of work is from [8], a framework that addresses delayed feedback for any base algorithm. By considering MFW as
the base algorithm, their theoretical analysis suggests that the algorithm also achieves O( \/dT) regret bound. However,
their delay value is not completely unknown to the agent because it is time-stamped by maintaining multiple copies of
the base algorithm. We empirically show in Section 3 that this algorithm is highly susceptible to high delay values.
Instead of using FTPL, our algorithm has the flexibility to select any online algorithm as an oracle, for example, Online
Gradient Descent [1].

2.3 Distributed Algorithm

In this section, we extend Algorithm 1 to a distributed setting in which multiple agents collaboratively optimize a global
model. Our setting considers a fully distributed framework, characterized by the absence of a server to coordinate the
learning process. Let W € R’" be the adjacency matrix of communication graph G = (V, E). The entries w;; are
defined as
: if (5, ) €
) 1+ max{r, 75}
=0 if (i, ) & B.i # j
1-— ZjeN(i) Wij 1fz j



where 7, = #{j € V : (i,j) € E} is the degree of vertex i. The matrix W is doubly stochastic (i.e W1 = W71 = 1)
and therefore possesses several useful properties associated with doubly stochastic matrices. We call A\(W) the

ko
ko+1

2
second-largest eigenvalue of W and define kg as the smallest integer that verifies A(W) < ( ) . Furthermore, we

set p = 1 — A(W) to be the spectral gap of matrix W.

At a high level, each agent maintains K copies of the oracles Of, - - - | O%- while performing prediction and update at
every round ¢. The prediction block consists of performing K FW-steps while incorporating the neighbors’ information.
Specifically, the agent computes at its local level during the K steps a local average decision y;k representing a
weighted aggregation of its neighbor’s current sub-iterates. The update vector is convex combination of the local
average decision and the oracle’s output. The final decision of agent x; is disclosed at the end of K steps. Lemma 3

shows that y; , is a local estimation of the global average T = 711 Z?_l x; ;. as K increases.

Following the K FW-steps, the update block employs K gradient updates utilizing the delayed feedback from previous
rounds. The agent observes the delayed gradients evaluated on theirs corresponding subiterates and computes the local
average gradient d} i through a weighted aggregation of the neighbors’ current surrogates (18). The agent updates the
surrogate gradient via a gradient-tracking step (19) to ensure that it approaches the global gradient as K increases. It is
worth noting that feedback provided to the oracle contains information about delays experienced by all neighboring
agents. Consequently, the oracle O} observes delayed feedback from U je N(i)]-"tj instead of F}. This result highlights
the dependency on the connectivity of the communication graph when considering the effect of delayed feedback to the
oracle’s output, as demonstrated in Lemma 4.

Lemma 3. Define Cy = koy/nD, forallt € [T], k € [K], we have

C
max [lyi s — @] < 77 3

Lemma 4. Forallt € [T), k € [K] and i € [n]. Let v}, be the output of the oracle O}, with delayed feedback and v}
its homologous in non-delay case. Suppose that Assumptions 1 and 2 hold true. Choosing FTPL as the oracle, we have:

A W
i — 91.4]| < 20vADG ((p+1) S Lo @

i=1 s<t

where C is the learning rate, \(W) is the second-largest eigenvalue of W and p = 1 — \(W) is the spectral gap of
matrix W.

Theorem 2. Given a constraint set K. Let A = max {3, 2%%, 25%1750"} N = min {1, %} and K = \/T. Suppose

that Assumptions 1 to 3 hold true. If we choose FTPL as the underlying oracle and set ( = G\l/E’ the regret of
Algorithm 2 is

d A (W
> [Fi(x)) — Fi(a*)] < (GCy +2BAD*) VT + 3(A+1) (2\/ﬁDG ((p) - 1) VB + RT,O)

t=1

where B = %2?21 B, such that B; is the sum of all delay values of agent i. Cq = koy/nD and Cy; =
v/nmax {)\2 (W) (G + %) ,koB (4Cy + AD)} and R, is the regret of FTPL with respect to the current choice
of C.

3 Numerical Experiments

We evaluated the performance of our algorithms on the online multiclass logistic regression problem using two
datasets: MNIST and FashionMNIST. MNIST is a well-known hand digit dataset containing 60000 grayscale images
of size (28 x 28), divided into 10 classes, and FashionMNIST includes images of fashion products with the same
configuration. We conducted the experiment using Julia 1.7 on MacOS 13.3 with 16GB of memory. The code is
available at https://github.com/tuananhngh/DelayMFW.

Centralized Setting Given an iteration ¢, the agent receives a subset B; of the form b; = {a,y:} € R™ x{1,...,C},
consisting of the features vector a; and the corresponding label y;. We define the loss function f; as

Z Z {yt _ C} log eXp <mcaat> )

b.cB, c=1 1 exp <mfa af>



https://github.com/tuananhngh/DelayMFW

Algorithm 2 De2MFW

Input: Constraint set /IC, number of iterations 7°, sub-iterations K, online linear optimization oracles {(’)}C ck €K ]} for each agent
i € [n], step sizes i, € (0, 1]

1: fort =1to T do

2. for every agent¢ = 1ton do

3 Initialize arbitrarily :1:;1 e

4 for k = 1to K do _

5 Query vy ;, from oracle Oy,

6

7

Exchange z; ;, with neighbours N/ (7)

i o
Yi ke < Zj Wi Ty g

8: T 1 (1= n6)Yip + 60t

9: end for

10: xf + @} 41, play a! and incurs loss f{(x})

1 Receive i = {s € [T]: s +di — 1=t}

12: if 7/ = () then

13: do nothing

14: else o

15: gi1 — Zse]:;' vf;(mi,l)

16: for k =1to K do

17: Exchange gzy & with neighbours N (7)

18: di Zje./\/'(i) 'U_)ijgi}k

19: gi,kﬂ < Zse}-g (vf;(mé,k+1) - vf;(m;k))
+dy

20: Feedback (d; . ) to oracles O;

21 end for

22: end if

23:  end for

24: end for
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Figure 2: Cumulative Loss Comparison for Different Delays Regimes. Left : Without delay. Middle : Maximal delay 21.
Right : Maximal delay 101

where & must satisfy the constraint # € K such that K = {@ € R™*“, ||z||, <r}. Using the MNIST dataset,
we note m = 784, C = 10, r = 8, |B;| = 60 and a total of " = 1000 rounds. To evaluate the performance of
the algorithm under different delay regimes, we generated a random sequence of delays d; such that d; < d for
d € {21,41,61,81,101}. We compared the performance of DeLMFW against DOFW [5], a projection-free algorithm
with adversarial delay, and BOLD-MFW [8], an online learning framework designed to handle delayed feedback.
Figure 2 displays the performance of the three algorithms under various delay regimes. In the absence of delay, that is,
d = 1 (left figure), DeELMFW and BOLD-MFW have the same performance since both algorithms reduce to MFW
[2] with a regret of O(v/T). Meanwhile, DOFW is the classical OFW [15] that guarantees a regret of O(T3/*). The
analysis in Theorem 1 suggests that DeLMFW achieves a regret of (’)(\/dT) when the delay is upper-bounded by
d. In the case where d < T1/2 (middle figure, d = 21), the dominant term in DOFW is T3/4 whereas DeLMFW
takes advantage by incurring a regret of order v/dT' < T%/*. For d > T'/? (right figure, d = 101), DOFW’s regret
is dominated by the term d7'*/#, which is outperformed by DeLMFW, particularly for high values of d. This result
confirms our theoretical analysis in Section 2.2.



Table 2: Total Loss of the algorithm running on 4 different topology. We randomly select f < n agents to have delay
with maximal value to be 501. In parenthesis, the percentage of total loss compared that of no delayed agents in the
network (i.e f = 0).

W Erdos-Rényi Grid Complete Cycle
0 809.37 855.62 799.49 925.72
2 820.15 (+1.3%) | 852.15(-0.4%) | 798.79 (-0.08%) | 932.34 (+0.7%)
5 834.74 (43.0%) | 868.52 (+1.4%) | 802.59 (+0.3%) 971.24 (+4.7%)
10 838.74 (+3.5%) | 878.04 (+2.5%) | 792.45 (-0.8%) 983.89 (+6.0%)
20 850.49 (+4.9%) | 902.30 (+5.3%) | 812.21 (+1.5%) | 1119.24 (+18.9%)

-+ BOLD-MFW -+ DOFW -+ DelMFW

Figure 3 illustrates the total loss of DeLMFW and the
other two algorithms when increasing d to show the sen-
sitivity of each algorithm in the presence of delays. As
BOLD is a general framework that can be applied to any
base algorithm, it is noticeable that it is susceptible to
high levels of delays. This phenomenon has also been
observed in [5] when utilizing BOLD with OFW, high- 1,000 |- ‘ ‘ ‘ ‘ ‘

lighting the need for a customized design algorithms in 1 21 41 61 81 101
the context of delayed feedback.

2,000 |

1,500

Total Loss

Maximal delay

Distributed Setting In the second experiment, we ex-
amined the distributed online multiclass logistic regres-
sion problem on the FashionMNIST dataset, using a net-
work of 30 agents. The algorithm was run on four different topologies, including Erdos-Renyi, Complete, Grid, and
Cycle. At each iteration ¢ € [T7], each agent i received a subset B; of the form {a},y;} € R? x {1,...,C}, which

consisted of the feature vector ag and its corresponding label y:. The goal was to collaboratively optimize the global
loss function Fy(x) = 2 37" | fi(x), where the local loss f; was defined in Equation (5).

Figure 3: Total loss of BOLD-MFW, DOFW and DeLMFW
when varying delay value.

For this experiment, we set m = 784, C' = 10, r = 32, |B§| = 2 and 7" = 1000 rounds. We are interested in examining
the effect of delays on network performance, and thus randomly select f < n agents to have delayed feedback with a
maximum value of 501. We compared the total loss on each topology under these conditions, and present the result
in Figure 4. We observe that the presence of delayed agents has a significant impact on the network performance
of Cycle graph as the number of delayed agents increases, while the Complete graph is less affected. This result is
consistent with the analysis in Section 2.3 because the delay term in the regret bound depends on the connectivity of the
communication graph.

In Table 2, we report the change in total loss when in-
creasing the number of delayed agents. We observe that

-o- ERDOS-RENY]I =+~ GRID - COMPLETE -e- CYCLE

[ [ [ [
" 1,100 |- B the average percentage change is smaller for Grid than
é 1,000 | i for Erdos-Renyi when compared with the network of
= non-delayed agents (f = 0). This result indicate that
ke R I e e the generated Erdos-Renyi graph is more sensitive to the
800 M | presence of delayed agents.
| | |

0 2 ) 10 20

Number of agents with delayed feedback 4 Concluding Remarks

Figure 4: Total Loss with varying numbers of agents expe-
riencing delayed feedback in the network. (f = 0) for no
delayed-agents.

In this paper, we propose two algorithms for solving
the online convex optimization problem with adversarial
delayed feedback in both centralized and decentralized

settings. These algorithms achieve optimal O(v/dT') regret bounds, where d is the upper bound of the delays. The
experimental results show that our algorithms outperform existing solutions in both centralized and decentralized settings,
which are predictable by our theoretical analysis. Although the algorithms achieve good performance guarantees for the
online convex optimization problem with adversarial delays, they currently rely on exact gradients, which may not
be feasible for many real-world applications. Therefore, future research could explore the use of stochastic gradients
with variance reduction techniques. Additionally, in decentralized settings, communication delays can be practically



challenging, and further improvements are needed in this area. Nevertheless, our work demonstrates the potential
of using Frank-Wolfe-type algorithms for solving constraint convex optimization problems under adversarial delays,
which is beneficial for learning on edge devices.
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Supplementary Material

Handling Delayed Feedback in Distributed Online Optimization : A Projection-Free
Approach

We start by recalling notations that will be used throughout the proof of Theorem 1 and ??. All notation, are described in
the centralized setting. For decentralized setting, if not specify otherwise, we add a superscript ¢ to indicate the dependant
of the variable to agent . Following the notation in the main section, we note 73 = {s € [T],s + ds — 1 = t} as the set

of feedback arrives at time ¢ (denoted F; in decentralized setting). The sum of total delay is denoted by B := 23:1 dy
and we call d the upper bound on all delay value when it is clear from the context. For simplicity of notation, we denote
by Vfi.r = V fi(xk), ¢ the learning rate of the oracle and 7 () the projection of « into the constraint set /C. If ¢ is
the time the agent plays the decision x;, the feedback is revealed at time o (t) :=t + d; — 1.

A Analysis of Algorithm 1

A.1 Auxiliary Lemmas
Lemma 2. Let v; be the FTPL prediction defined in Equation (1) and
t—1
o =agnin {2 (5 g0}
vek (=1 \seF,

the prediction of FTPL with delayed feedback. For all t € [T, we have:

lve — 0] < CDGZH{s+ds>t}

s<t

Proof. Recall that f; is a linear function defined as f; = (g, -). For the ease of analysis, we call 4; = ¢ Zz;i gy and
uy = CZ;: ser, 9s- We define hy(n) = argmin, ¢, {(n, v) }. By definition of 9; and v;, we have

vy =Ehi(n+a)] = / hi(n+ 4y)p(n)dn = / hi(n)p(n — u¢)dn (6)

n

and

vy = E[h(n + u)] / hi(n)p(n — u)dn 7
n
From linearity of expectation and Cauchy-Schwarz inequality,
loe =0l < | [[P(n)]| [p(n — w) — p(n — @)|dn

[ () — he(0) ]| [p(n — u) — p(n — @y)|dn

I
T

<D [ [t~ w) - pln — )|dn
n
< DL |lu — 4|
<(DLGY Tigia >4 ®)
s<t

The first inequality follows from the fact that h,(n) and h;(0) are in . The second inequality is due to the stability of
the distribution of n, where L is the Lipschitz constant of the probability distribution function p. Since each function is
G-Lipschitz, the distance between u and 4 is bounded by G multiplied by the number of functions whose feedback is
not received at time ¢, which leads to the last inequality. O
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Lemma 5 ([3]). Foreveryt € [T] and k € [K]. Define hy = fi(xipt1) — fe(x*) let A = max(3, ﬁ%) and
ne = min(1, 2), it holds that

2 k
hige = fe(@e 1) — fe(x®) < QﬂAD + Y ( IT a- m)) (VS v — ) ©)

k'=1 (=k'+1

Proof. We state the proof of [3] for clarity. The proof is based on an induction on k. For k = 1, n; = 1, we have
hi1 = fi(ze2) — fi(x*) < GD since f, is G-Lipschitz and the constraint set X is bounded by D (Assumptions 1
and 2). More over, we have 28AD? + (Vfi 1, @1 — x*) > 2BAD?* — (V fi1,2:1 — x*) > 28AD? — GD > GD
by assuming A > 5%. We have then h; ; < 2B8AD? + (V fi1, 2,1 — x*) Assume that the inequality holds for k — 1,
we now prove for k. By definition of R, ;,, we have

* 2ﬁD2
R < (1 —mp)he -1+ 06 (Vg vep — ™) + e
2 AD2 k—1 k—1
< (1—1k) ﬂ + Y e | T @ =no) | (Ve vinr — %)
k=1 =k 41
D2
+ 0 AV frp, Ve — ) + niﬂg
9 AD2 k-1 k-1 )
<) | 2N e | T )| (T vns — )
k=1 0=k +1
k 5D
+ 7k H (1 =n0) (Vfe ks ve6 — ) + ?7’37
t=k+1
2 AD2 k-1 k
< —m) ﬁ + Y e | [T =m0 | (V ek vew — %)
k=1 =k 41
k
D2
+ Mk H (1 =) (Vfr g, ve — ") + nkﬂQ
t=k+1
28AD? & b . ,BD?
< =m) +;;nwelllﬂfn0<Vﬂwﬂmw7m>+nyzf

(V fenr, ey — ™)

98AD?  28A2D? BA2D? b
— ’7 1_
T RG-D o *?J’“ JL

28AD?  2BA2D?  BA2D? b
< — , _
SThC1 koD (koD k,zln’“ 4—1111 (1= )

(Vfrpr, vepr — ™)

28AD?  2BA’D? — ﬁA?D? k l

< S A Y 0w

H (1 - 776)] (Ve vep — )
k'=1
2 AD2 A2D2 k k
< +zwln<um
¢

l=k"+1

(V frr, ve iy — ™)

F—1 k(-
=1 =k +1
25AD2 k k §
< Z Mk H (L =mn) | (Vfer vepr — ")
=1 =k 1
where the last inequality follows from the fact that A% > 28A for A > 3and 25 — £ c kl—l) <t O
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A.2 Proof of Theorem 1

Theorem 1. Given a constraint set K. Let A = max {3, /3%} N = min {1, %} and K = /T. Suppose that
Assumptions 1 to 3 hold true. If we choose FTPL as the underlying oracle and set { = \F the regret of Algorithm 1 is

T
S [fil@e) - fila®)] < 2BAD*VT +3(A+1) (DG\/E—i—RTp) (10)
t=1

where B = ZZ;I dy, the sum of all delay values and Rr.o is the regret of FTPL with respect to the current choice of ¢

Proof. Let x; 1, ..., % x+1 be the sequence of sub-iterate for a fixed time step ¢. Using Frank-Wolfe updates and
smoothness of f;, we have

Je(®epgr) = fr(x™) = fr(xen + me(ver — 2o x)) — fe(x")

X B
Sﬂ@m)—ﬁ@)+UMVﬁmw$—$mﬁ+ﬁgﬂ%k—%MF

D? .
< fe(®er) — fe(x2") + 0 (V [, Ve — T i) + 771%62 (K is bounded)
* , BD?
< fe(mer) = fe(@™) + e (Ve e — ) + (Ve " — 2o 0)] + o 9
* * * 2/6D2 :
< felxer) = fe(2™) + e [(Vforsver — ) + fi(®™) — fe(zer)] + i 5 (by convexity of f;)
* 26D2
< (U=m) [fe(@er) = fo(@)] + i (V frs ve ke — 27) + 1=
(11)
Let hy = fi(®ek+1) — fi(x*), eq. (11) becomes
» BD?
hie < (X —np)he g1+ (Vg vep — " >+77kT (12)
A direct application of Lemma 5 for £ = K yields
284AD? & K
Jfe(®e 1) — fr(x™) < 6K + klz:_lnk/ [4—111<1 - 77@)1 (Vi v —x") (13)

Following the notation from Algorithm 1 and Lemma 2. For a fixed time ¢ and any sub-iterate k, v; j, and ¥, , are
respectively the predictions of the oracle O under delayed and non-delayed feedback, the scalar product of eq. (13)
over 1'-round is written as

T T
Z Ve vik =) =Y (Vo vik —0uk) + Y (V ik Brp — )
=1

1 t=1

o
I

M=
M)~

< (V frer Ve — V) +

1 t

<Vft,k,’5t,k —CU*> (14)
1

o~
I

In the first term on the right hand side of Equation (14), using the Cauchy-Schwartz inequality and Lemma 2, we have

T T
> (Vi > leyast <(DG’B (15)
t=1

t=1 t=1 s<t
Recall that the objective function of the oracle Oy, in non-delay setting is (V f x, -) and ¥, j is its prediction at time ¢,
the second term of Equation (14) is bounded by the regret of O}, in non-delay setting, Rt . Specifically, we have

T

T T
Z Y fiks B <mm2 Vika) +Rro <Y (Vi z") +Rro (16)
t=1 t=1

12



Recall that ®, = x; k1, combining Equations (14) to (16) and summing Equation (13) over T-rounds yields

T 28AD? K K
D fulae) = fula)] < =T+ Y e l IT a- m)] [(DG®B + Ry,0] (17)
t=1 k'=1 l=k+1
Let g, = %, we have
K A
[T (1) < S g Shoch < ARl < (£12) o
k'=k+1

‘We have then,
K

A A A ATkt
— , < — 1 JR— 1 JR— — | —
gnkl || (1 nk)] mm{l }—|—m1n{1, _1}—|—m1n{1, _2}4—5 k‘{ }
K "

=k+1

k=1
<3+%K73 ko214t
- K K
k=1
<3(A+1) (19)
From Equation (19), we deduce that
T K K
2B8AD?
> [felwe) = fulx")] < g T+ ( IT a- m)) (¢(DG’B +Rr,0)
t=1 k'=1 l=k+1
2B8AD?
< WPAD 3(A+1) ((DG*B+Rr,0)
(20)
The theorem follows by letting ( = %@, K = +/T and choosing the oracle as FTPL with regret Rr.0. O

B Analysis of Algorithm 2

B.1 Additional Notations (only for the analysis)

cat

In the analysis, for any vector ' € R Vi € [n], we note ¢ € R9" a column vector defined as x

[:clT, .. .,w”T}T

Ziez™ := [z',...,z"]. For simplicity of notation, we note V f; () :=Vfl,and VF .= L57"  Vfl,.

In order to incorporate the delay of agents at each time-step ¢, we define v fe% <4t as described above using the sum of
agent’s delay feedback, we note then

. Let T be the average of x’ over i € [n], the vector Z°** is a dn-vector where we stack n-times

.
FR = | Do Vhik o Y VI 21)
seF} SEF]
T
and its homologous in the non-delay setting by V /% feat — {V ...V f[‘ﬂ

The variables df,akt ) df(f and g7, g7’ are defined similarly as described. Lastly, we define the slack variable 5; o=
Vfiy = Vi1, then the definition of &, , 6;% and 5:‘1]: followed.

B.2 Auxiliary lemmas

Claim 1. In the analysis, we make use of the following bounds
_ i 2Cd
Hwt’k‘ - wt,k” < k

13



Hwi,kJrl - w%k” < 5

Proof of claim. For the first bound, recall the definition of FW-update in Algorithm 2 and using Lemma 3, we have

Hftq,k - fE;kH = H(l — Nk—1) (@,k—1 - y;,kfl) + k-1 (ﬁm—l - vi)k,l) H
SCd— ACy +ADSCd— ACy  AD SCd_AC’d—ADSC'Hg §2Cd
k-1 (k=12 k—-1"Fk-1 (k=12 k-1 k—1 (k—1)2 k-1 k
Applying the first bound on the second one yiels
i i ‘ _ _ _ _ i 2C; AD 2C; 4Cq+ AD
|2tk = Zewl < @t = Fepa]| + 1 Zepsr = Borll + [[Tep — 2 < il T T < %
O
Lemma 3. Define Cy = koy/nD, forallt € [T], k € [K], we have
Cy
iy ks = erl < 5 -
Proof. We prove the lemma by induction, we first note that
wCca ca 1 ca
Hycat Ly, ktH = ||((W® I4) wtkt - (n1n1£> wt,kt
= — l1an ® 1| @5
n n
1 —=Cca
_ [( 1,1,15) @14 (gt — ) ‘
AW) [l - 5| (23)
Let Cyq = koy/nD, the base case is verified for k € [1, ko] since ‘ xyl — w1 < /nD < % Suppose that the
hypothesis is verified for k — 1 > k¢, we have
Hycat _—cat” < )\ chat —catH
=MW H (L= me—1) (U551 —TE% 1) + 1 (V5% _55?15—1)”
ca —Cca \/ED
< AW) Hyt,kt—l mtkt 1|| + A(W)k 1
D
< A(W) (W)
kE—1
ko+1
<A Cio—i—r
(W)Cop b
Cyq
< — 24
<7 (24)
where we use the induction hypothesis in the third inequality and the last inequality follows the fact that A(W) & f(oktll) <
% : ﬁ < % We conclude the proof by noting that
max Hytk—mtkH < Z ytk_wtk — ||ycat_—catH < 2 Cd
i€[1,n]
O
Lemma 6. Define Cy = \/nmax {)\(W) (G + 1= W)) L koB (4Cq + AD)} and recall the definition of VFy j, :=
AN Vi Forallt € [T), k € [K], we have
Cy
di, —VF,,|l <=2 25
max [|di — VE]| < 2 (25)
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Proof. We prove the lemma by induction. Following the idea from [?], we have

1
5 W L)g - (11af) g
; n ;
_ _ 11 1T ® I gcat
n ntn t,k
1 T cat cat
— 1l | © 1 (g7% — VF&

< MW) ||lg7sf — VE| (26)

cat VF(,at

where the third equality and the last inequality are verified since W - VFtc’zt = %177,15 . Vtha = VI, ot and
||W 1 17 || < AM(W) [16, Lemma 16]. Using the gradient tracking step and Equation (26), we have

‘ cat VFcat < \W)|lg cat”
= A(W) ‘ ag;;j +dg — VESE + VS — VESE 1H
< A(W) (‘ciﬂf,l VESE “+‘5cat g;‘j: )
< AW ([[disty - Es | + o)) @n

where the last inequality holds since

| ZHM 3l Z|\5Zk|| —n 3l <Z||5ik!| = |l (28)

Moreover, using the smoothness of f; and Claim 1, we have

ZHéZkII <Z||Vftk Vil <252 i — o

5 (4Cq+ AD
<ng (k—l) (29)

7cat

5cat _

Thus, we have ’ <+/np 402%;113' For the base case k = 1, we have

cat
6t,k

2 n
‘ it — VF = H KW — 7111"15) ® Id} gt < N(W)[|ge P < A2 (W) > IV |]P < na?(W)G?
i (30)
We have then ’ df“f — VEH < v/nA(W)G. For k € (1, ko], by Equation (27)
‘dcat VFE%IS < A(W) (’ df,akt—l _VFE cat H + HacatH)
< (W) (||desis - ;%t !+ \/n/ﬁD?)
< )\k—l( ) ’ dcat Vthlzt + Z)\T \fﬁD
< N(W)VIG + 120D
8D
S 6+ u<w>)

where in the second inequality, we use smoothness of f; and bound the distance

’ @y, — a:;k_lH by the diam-
eters D. The third inequality resulted from applying the previous one recursively for k € {1,...,k—1}. Us-
ing Taylor’s expansion of A(W) and the bound in Equation (30), we obtain the fourth inequality. Let Cy =

15



/nmax {)\( ) (G + 1= )\(W)) ko (4Cq + AD)}. We claim that ’
We prove the claim for round k. Using Equation (27), we have

dgat_, — VFf,Zt_lH < Eoforall k—1> k.

‘ cat v cat < )\(W) (’ dgakt . VFt(’Zt 1” + HécatH)
( +fﬁ40i+14D>
(c /B 4Cd+AD))
< AW (Cgka+1 >
C’
< ? (31)

where the second inequality followed by the induction hypothesis and Equation (29). The fourth inequality is a
consequence of the definition of C; and the final inequality resulted from the fact that A\(W) 1 f(oktll) < % as k > ko.
We conclude the proof by noting that

<%

dcat VFcat
~ k

max
1€[1,n]

di .~ VF| <

-] -

O

Lemmad. Forallt € [T, k € [K] and i € [n]. Let v} ;, be the output of the oracle O}, with delayed feedback and 7, ,
its homologous in non-delay case. Suppose that Assumptions 1 and 2 hold true. Choosing FTPL as the oracle, we have:

[0 = D14l < 20vnDG {+1} ZZH{HM} (32)

i=1 s<t
where ( is the learning rate, \(W) is the second-largest eigenvalue of W and p = 1 — \(W) is the spectral gap of
matrix W.

Proof. We call u} = ¢ Y",_, dj the accumulated delayed feedback of the oracle of agent i and @} = ¢ 3",_, d} its
homologous in non-delay setting. Using the same computation in the proof of Lemma 2, we have

t
,vi ’U < D u _ ’LL < D ucat Acat < CD dcat d(’at (33)
tk — Utk t,k t,k
=1
For t € [T, the concatenation of the gradient local average is expanded as follow
diiy = (W 1) (VI = VIR +dis_y)
=(We L) (Vi - Vi) + (W e 10)* (Vs = VIS + i)
:Z (W& L) (Vfis, = V)] + (W e 1) v s (34)
k-1
— Z (W @ 1) T (Vs —V f““)} + (Wl Vst - Z [VE  — VFY] — VES + VES
T=1
= 1 1 1
=> Kw’” — n1n1£) ® Id} (VS — Vfc‘”)} + Kwk - n1n1§) ® Id} VI + (n1n1§ ® 1d> VI
T=1 "

T T
Recall the definition of V¢! = [,c s VAL o Xyern VAL | and Vst = [VALL. Vi0T] - We
have
]T

Z [ fe% — fﬂ = Z (Vi L sty - VI Lsransiys (35)

t
(=1 s<t
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Using Equation (34), we bound the RHS of Equation (33) as follow

ezt: s - dit] | <

1
+ H (W’c - n1n1§> ® 1y

1
<W’” - n1n1§> ® Iy

t

Z[ Fa:—t-i-l é:it_u +fcat fcat]
=

1 t

71n1T I |: cat cat:|
+(qten) |3 v

k
<2 NTTW) I [V T ararsays - VfZIH{HdgN}]T

s<t

Z [V fcat cat}

T T
+ )\k(w) Z [stljl;ﬂ{erdgx}’ ) stn,;cr]l{s+d?;~>t}] + Z [vfsl,—lr]l{s+dg>t}; R Vfgirﬂ{s+dg>t}]

s<t s<t

k
<2 Z )‘k_T(W) Z H [Vf;,—lfr—ﬂ{s+d§>t}7 SERE) Vf;l,;r]l{s+dgb>t}] TH
T=1

s<t

n T n T
+ A5 (W) Z H [V i sharseys - VI Lsransey] H + Z H (Vi lssarstys - VI Lsransty] H
s<t

s<t

2 n )
+3 IV g |

k n n
<23 XMWY SNV a4 A W) S|V i
=1 s<t \ i=1

s<t \ i=1 s<t \ i=1
k n n
<2GY MWD D Taqarsy + G NW) + 1] D Taisy
T=1 s<t =1 s<t =1
)\
<2G + 1 Z Zﬂ{s+d1 >t}
s<t
A(W) } R
< 2y/nG [ +1 — Tesrqi
W) T 2 2 2 T
where the fifth inequality resulted from Lipschitzness of f; and the value of indicator function. O

B.3 Proofs of Theorem 2

Theorem 2. Given a constraint set K. Let A = max {3, 2‘2%, 2ﬂ%d509 } N = min {1, %} and K = \/T. Suppose

that Assumptions 1 to 3 hold true. If we choose FTPL as the underlying oracle and set ( = G\l/E’ the regret of
Algorithm 2 is

> [Fua) z*)] < (GCy+2BAD*) VT + 3(A +1) {2\/77,1)(; (A(ZV) + 1) VB + RT@}

(36)
where B = %Z?:l B, such that B; is the sum of delay values of agent i. Cy = koy/nD and Cy =
/nmax {)\(W) (G + ’67D> JkoB (4C; + AD)} are defined in Lemmas 3 and 6 and Ry, is the regret of FTPL

with the current choice of ¢
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Proof. By smoothness of F}, we have

Fy(®p 1) — Fe(@) = <ﬂ3t,k + Mk (n Z;vt,k - wtk)) — Fi(z")

<F(®vx) — Fi(z") + i <VFt T k), thk_wt k> g

— * Nk _ i — 23D2

<E(ZTi k) — Fi(z™) + o (VF(Te1),v) ), — Bep) + M (37)
— * 77k - — 3 ﬁDQ

<E (@) — Fi(@") + = S UVE(@ir) vig — ) + (VE(Bek), x° — Tos)] + 07 >

i=1

2
(VE@.0), b — )] +

S|
M:

<1 =) [Fi(Ze) — Fi(z")] +

.
Il
—

S8
M:

<X —mw) [Fe(Ze k) — Fi(z™)] + (VE(®r), v — D 4) + (VE(Tk), B)p — )] + 0}

.
I
A

3|F

«
Il
-

<(1—m) [Fi@es) - Fila)] + [<VFt<a:t Wb = 0hi) + (di 01—

where we used convexity of F} in the fourth inequality and the last inequality follows by observing that

(VFi(Te 1), ) ), — ") = (VF(Te ) — VEF o, 0y ) — ") + (VFp, 0], — ™)
= (VE@1k) = Vi 01— 27) + (VEyp = di 00, — 27 ) + (4, 8], — 27 )
(8 [ — i ull + ] VEx—diy|) D+ (di o -2

Bt Cupy (4510 o)

IA

Let A = max {3, 2%%, wcﬁ‘fiﬁcg} and 0, = % From Lemma 5 we have

n

2 K K A . .
Fy(®y 1) — Fi(z”) < QBf(D + % Z an l H (1- W)] {<d;,k7ﬁ;,k - w*> + (VFi(®i 1), 01 ), — k>}
i ¢

i=1 k=1 =k+1
(38)
Summing Equation (38) over T-rounds yields,
T n K K T
28AD*T 1 — i i
Z Fy(z,) z")] < T+sznk H (1 —me) Z [< tkavtk- >+<VFt(mt,k)vvt,k_vt,k>:|
t=1 i=1 k=1 f=k+1 t=1
2ﬁAD2T I & s o[ AW
<—)+ - Z Mk H (L =) |Rr,0 +20v/nDG ﬁ Z Z Z [stdi>ey
i=1 k=1 (=k+1 =1 t=1 s<t
2BAD?T 9 A(W) 1 <&
< S +3(A+1) |Rro + VDG W) Y S Livaisy (39)

i=1 t=1 s<t
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From Equation (39), we deduce that, for all ¢ € [n],

<D Gllai =@+ > [F@) - Fu(a”)]

33t )]

t—l

GCy + 268AD? A(W) 1 &
< i Rr.o + QC\/EDGQ <()\( ) - ZZZH{S+dz>t}]

T
< % +3(A+1)
=1 t=1 s<t
GCy4+2BAD? 5 [ AW) 1 &
<——7T A+1 2 D —+1) - B;
< IR +3(A+1) |Rpo +2(v/nDG o n;
(40)

The theorem follows by letting {( = G\l/E’ K=+Tand B = % >_i, B;. This concludes the proof. O
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