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ABSTRACT

Asynchronous federated learning, which enables local clients to send their model
update asynchronously to the server without waiting for others, has recently
emerged for its improved efficiency and scalability over traditional synchronized
federated learning. In this paper, we study how the asynchronous delay affects the
convergence of asynchronous federated learning under non-i.i.d. distributed data
across clients. Through the theoretical convergence analysis of one representative
asynchronous federated learning algorithm under standard nonconvex stochastic
settings, we show that the asynchronous delay can largely slow down the conver-
gence, especially with high data heterogeneity. To further improve the convergence
of asynchronous federated learning under heterogeneous data distributions, we
propose a novel asynchronous federated learning method with a cached update
calibration. Specifically, we let the server cache the latest update for each client and
reuse these variables for calibrating the global update at each round. We theoreti-
cally prove the convergence acceleration for our proposed method under nonconvex
stochastic settings. Extensive experiments on several vision and language tasks
demonstrate our superior performances compared to other asynchronous federated
learning baselines.

1 INTRODUCTION

Federated learning (FL) (Konecny et al., |2016) has become an increasingly popular large-scale
machine learning paradigm where machine learning models are trained on multiple edge clients
guided by a central server. FedAvg (McMahan et al.| 2017) (McMahan et al., 2017), also known as
Local SGD (Stich} [2018)), is one of the most popular federated optimization methods, where each
client locally performs multiple steps of SGD updates followed by the synchronous server aggregation
of the local models. However, the traditional synchronous aggregation scheme may cause efficiency
and scalability issues as the server need to wait for all participating clients to complete the task
before conducting the global update step. This promotes the development of asynchronous federated
learning methods such as FedAsync (Xie et al.| 2019), FedBuff (Nguyen et al.,[2022), which adopt
flexible aggregation schemes and allow clients to asynchronously send back their model update and
thus improve the overall training efficiency and scalability.

Such an asynchronous aggregation scheme does not come with no costs: the asynchronous delay,
which describes the fact that the delayed local model update could be computed based on a past global
model rather than the current global model, slows down the convergence of asynchronous federated
learning. Moreover, the negative impact of the asynchronous delay on the convergence gets even
worse when the training data are non-i.i.d. distributed across clients. This is intuitive since empirical
observation suggests that the global model changes more significantly in adjacent rounds when the
data heterogeneity is high. Consequently, the asynchronous delay would cause the delayed local
model update to be more outdated and inconsistent with the current global model, hence worsening
the overall model convergence. Furthermore, each global update in asynchronous federated learning
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is, by nature, contributed from only a fraction of clients (similar to the partial participation scenarios
in synchronous FL). This intensifies the global variance arising from data heterogeneity and leads to
a further slowdown in convergence. Therefore, it is crucial to tackle the data heterogeneity issue to
improve the overall convergence of asynchronous federated learning.

In this work, we rigorously study how the asynchronous delay affects the convergence of asynchronous
federated learning under non-i.i.d. distributed data across clients. Through a theoretical convergence
analysis of FedBuff (Nguyen et al., 2022ﬂ one representative asynchronous federated learning
algorithm, we show that the asynchronous delay can largely slow down the convergence, especially
with high data heterogeneity. To further improve the convergence of asynchronous federated learning
under heterogeneous data distributions, we propose a novel asynchronous federated learning method,
Cache-Aided Asynchronous Federated Learning (CA2FL). CAZFL allows the server to cache the
latest update from each client and reuses this cached update for calibrating the global update, which
does not incur extra communication/computation overhead on clients, or raise any additional privacy
concerns (same as the traditional synchronous and asynchronous federated learning methods). We
summarize our contribution in this paper as follows:

* We present a convergence analysis of FedBuff (Nguyen et al.| |2022)), one representative asyn-
chronous federated learning algorithm, under non-i.i.d. distributed data across clients (with
fewer assumptions and slightly tighter bound on the asynchronous delay term). We demonstrate
that the asynchronous delay can theoretically slow down the convergence and such an impact
could be further amplified by the highly non-i.i.d. distributed data.

To tackle the convergence degradation in asynchronous federated learning caused by the joint
effect of data heterogeneity and asynchronous delay, we propose a novel asynchronous federated
aggregation method with cached update calibrations (CA%2FL) in which the server maintains
cache updates for each client and reuse the cached update for global aggregation calibration. We
theoretically show that with the help of cached updates, our proposed method can significantly
improve the convergence rate under nonconvex stochastic settings.

L]

Extensive experiments on several vision and language tasks demonstrate our superior perfor-
mances compared to other asynchronous federated learning baselines and back up our theory.

2 RELATED WORK

Synchronous FL and Heterogeneity Issues. Federated learning (Konecny et al.,|2016) plays a
critical role in jointly training models at edge devices without sharing local data. Since FedAvg
(McMabhan et al 2017), many federated learning variants are proposed (Li et al., 2019bj Stich, [2018];
Yang et al., 2021)) for various training scenarios. Reddi et al.|(2021); [Tong et al.| (2020); Wang et al.
(2022) propose adaptive federated optimizers for dealing with heavy-tail stochastic gradient noise
distributions. |Gu et al.| (2021)); |Yan et al.| (2020) focus on improving the overall FL performance by
leveraging the latest historical gradients. Recently, many works also focused on addressing the data
heterogeneity issue through several aspects. FedProx (Li et al.,[2020) adds a proximate term to align
the local model with the global one. FedDyn (Acar et al,2021) involves a dynamic regularization
term for local and global model consistency. FedNova (Wang et al.,2020b) proposes a normalized
averaging mechanism that reduces objective inconsistency with heterogeneous data. Moreover,
several works studied how to eliminate the client drift caused by data heterogeneity from the aspect
of variance reduction including [Karimireddy et al.| (2020bza); Khanduri et al.| (2021)); [Cutkosky &
Orabonal (2019); Jhunjhunwala et al.|(2022). They usually introduce additional control variables to
track and correct the local model shift during local training, at the cost of extra communications for
synchronizing these control variables. Besides, FedDC (Gao et al.,|2022) involves both dynamic
regularization terms and local drift variables for model correction.

Asynchronous SGD and Asynchronous FL. Asynchronous optimization methods such as asyn-
chronous SGD and its variants have been discussed for many years. Hogwild! SGD (Niu et al.|
2011])) studies a coordinate-wise asynchronous method without any locking, and (Nguyen et al., 2018)

"Here we focus on the FedBuff algorithm without differential privacy for the entire paper.
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provided a tight convergence analysis for SGD and Hogwild! algorithm. Some other works focus on
the theoretical analysis for the asynchronous SGD such as (Mania et al.| 2017; Stich et al.| 2021).
(Leblond et al. 2018) studies the asynchronous SAGA method and demonstrates its theoretical
convergence. (Glasgow & Wootters| [2022) explored asynchronous SAGA methods for the distributed-
data setting and provided a theoretical analysis. In the context of federated learning, FedAsync (Xie
et al.,|2019) is proposed for clients to update asynchronously to the server. FedBuff (Nguyen et al.,
2022) proposed a buffered asynchronous aggregation strategy. Later Toghani & Uribe|(2022)) studies
the convergence analysis of FedBuff with fewer assumptions. Anarchic Federated Averaging (Yang
et al.l 2022)) focuses on letting the clients decide when and whether to participate in global training.
Stripelis et al.| (2022) proposed a semi-synchronous federated learning method for energy-efficient
training and accelerating convergence in cross-silo settings. SWIFT (Bornstein et al., |2023) is an
interesting wait-free decentralized FL paradigm that shares a similar idea to asynchronous FL, and
SWIFT also involves caching models by storing the neighboring local models. Moreover, there are
several works studying the theoretical convergence analysis in asynchronous federated learning with
arbitrary delay (Avdiukhin & Kasiviswanathan, 2021; [Mishchenko et al., 2022) or the complete
theoretical analysis under various assumptions (Koloskova et al., 2022]).

3 PRELIMINARIES FINDINGS ON ASYNCHRONOUS FEDERATED LEARNING

Federated Learning. In general federated learning framework, we aim to minimize the following
objective through N local clients:

, 1 & 1
min f(z) = N;Fi(m) = N;ng [Fi(2: &), 3.1)
where @ represents the model parameters with d dimensions, F;(x) = E¢.p, [F;(x, ;)] represents
the local loss function corresponding to client ¢ and let D; denotes the local data distribution on client
1. FedAvg (McMabhan et al.,[2017) is a popular synchronous optimization algorithm to solve Eq.
where each participating client performs local SGD updates, and the server performs global averaging
steps after receiving all the updates from assigned clients.

Asynchronous Federated Learning. Asynchronous federated learning has been introduced to
facilitate efficiency and scalability for clients in solving Eq. [3.I) asynchronously. In asynchronous
federated learning, clients are allowed to train and synchronize local models on their own pace. For
example, FedBuff (Nguyen et al.| 2022)) studied an asynchronous federated learning method with a
global update buffer and differential privacy mechanism. To give a more concrete idea, we present
a general asynchronous federated learning framework, which is essentially FedBuff without the
differential privacy part, as shown in Algorithm[I] Specifically, the server initializes by randomly
selecting an active client set M with the size of the concurrencyﬂ M.. Then each assigned client
will conduct K steps of local training asynchronously. This means the server does not need to wait
until all assigned clients finish their local training to proceed, instead, the server just accumulates the
model update in A; (Line 5 in Algorithm I)) and updates the global model every time it accumulates
M updatef] (Lines 9-11 in Algorithm . Meanwhile, once the server receives a client update, it will
instantly re-sample another available client to continue the federated learning procedure. In this way,
the server always maintains a fixed number of active clients (i.e., the concurrency M.).

Heterogeneity Across Clients. Several works (Karimireddy et al., 2020bfja; |Acar et al., 2021} [Wang
et al.,|2020b) have shown that synchronized federated learning methods suffer from convergence and
empirical degradation when data is heterogeneously distributed across local clients. This issue of
model inconsistency also occurs in asynchronous federated learning and may even become worse
with the existing of gradient delay, since the model used for local gradient computation is usually
different from the current global model, which makes local updates less representative of the global
update direction. In order to formally illustrate such a relationship, we conduct the following
convergence analysis on Algorithm [I] under standard stochastic nonconvex optimization settings.
First, we introduce some necessary assumptions.

The concurrency implies that the maximum size of the simultaneously active clients is M..
3 M denotes the buffer size as in Fedbuff and M > 1.
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Algorithm 1 FedBuff without DP
Input: local step size 7, global stepsize 7, server concurrency M., buffer size M;

Initialize A; = 0, m = 0 and sample a set of M, active clients to run local SGD updates.

1:
2: repeat
3 if receive client update then
4 Server accumulates update from client i: A; < A; + Af and set m < m + 1
5: Samples another client 7 from available clients
6 Broadcast the current model x; to client j, and run local SGD updates on client j
7 end if
8 if m = M then
9: Update global model x;4+1 = x; + n%
10: Setm <0, Ay <~ 0,t—t+1
11:  endif

12: until Convergence

Assumption 3.1 (Smoothness). Each loss function on the i-th worker F;(«) is L-smooth, i.e.,
Ve, y € RY,

N |~

|Fi(@) = Fi(y) = (VEi(y),x — y)| < - [l —yl*

This also implies the L-gradient Lipschitz condition, i.e., |[VF;(x) — VF;(y)| < L|xz — y|-
Assumption is a standard assumption in nonconvex optimization problems, which has been also
adopted in (Kingma & Ba, [2015} [Reddi et al., 2018 |Li et al.,|2019a} | Yang et al.| 2021)).

Assumption 3.2 (Bounded Variance). Each stochastic gradient on the ¢-th worker has a bounded local
variance, i.e., for all @, i € [N],we have E[||V f;(x,£) — VF;()||*] < 02, and the loss function on
each worker has a global variance bound, + il\il |VFi(x) = Vf(x)|?* <op.

Assumptionis widely used in federated optimization problems (Li et al.,2019aj; Reddi et al., 2021}
Yang et al.,|2021). The bounded local variance represents the randomness of stochastic gradients,
and the bounded global variance represents data heterogeneity between clients. Note that oy, = 0
corresponds to the i.i.d setting, in which datasets from each client have the same distribution.
Assumption 3.3 (Bounded Gradient Delay). Let 7} represent the delay for global round ¢ and client
¢ which is applied in Algorithm and 7} implies the difference between the current global round ¢
and the global round at which client ¢ started to compute the gradient. We assume that the maximum
gradient delay is bounded, i.e., Tmax = Max;e[r),i| N}{T,f} < 00.

Assumption [3.3]is a common assumption in convergence analysis for asynchronous federated learning
method (Koloskova et al., 2022} [Yang et al., [2020). Note that Assumption @] naturally means that
the average delay Tavg = ~om Dpey Dosey T < 00 is bounded.

Theorem 3.4. Under Assumptions [3.143.3] denote f, = argmin,, f(x) and f; = f(x1), let T be
the total global rounds and K be the number of local SGD training steps. If the local learning rate

n=0O(VKM)and 5 = ©(1/v/TK) then the global rounds of Algorithm satisfy

% gE[IVf(mt)ﬁ - 0(w> + O<%>

TKM
VE K TinaxTavg Ty + Tmax0~

Remark 3.5. Theorem presents the convergence analysis for Algorithm [I]w.r.t. global commu-
nication round 7, local steps K and the update accumulation amount M. From Eq. equation
it can be seen that the maximum delay 7.« and the average delay 7,y, term indeed affects the
overall convergence of the asynchronous federated learning algorithm. Particularly, the last term
involves joint effect term O(K TmaxTanag /T) where the global variance 03 and the delay terms
Tmax and T,y are multiplied together. This implies that the convergence degradation brought by the
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asynchronous delay is amplified by the high data heterogeneity (large o). If data are i.i.d. distributed
across clients, i.e., 04 = 0, then O(K TmaXTavgdg /T) term vanishes to 0. On the other hand, if data
are non-i.i.d. distributed, i.e., o4 # 0, the term O(K TmaxTano’g /T will largely slow down the
overall convergence (in fact, when 7' < K M, this term would become the dominant term in the
convergence rate). This verifies our intuition that the data heterogeneity can worsen the impact of
asynchronous delay and jointly deteriorate the convergence, which motivates us to develop a novel
method for reducing such joint effects and improving the convergence for asynchronous federated
learning. Compared to the original analysis in FedBuff, our analysis requires fewer assumptions and
enjoys a slightly tighter bound on the asynchronous delay ternf_fi,

4 PROPOSED METHOD: CACHE-AIDED ASYNCHRONOUS FL

To address the challenges of data heterogeneity and gradient delay across clients and achieve better
convergence in asynchronous federated learning, we propose a novel Cache-Aided Asynchronous
FL (CA2FL) method. The proposed CA2FL enables the server to maintain and reuse the cached
updates for global update calibration. Algorithm summarizes our proposed CA2FL. In general, the
CAZ?FL largely follows the FedBuff framework in Algorithm while the main difference between
our proposed CA?FL and Algorithmlies primarily in the global update steps. Specifically, we
introduce a cached variable updating shown in Line 5 and 13, and we incorporate a global calibration
process in Line 4 and 11.

Algorithm 2 Cached-Aided Asynchronous FL.
Input: local step size 7;, global stepsize 1, server concurrency M., buffer size M;

1: Initialize Ay = 0,h¢ = 0 fori € [N], h; = 0, m = 0 and sample a set of M, active clients to
run local SGD updates.

2: repeat

3:  if receive client update then

4: Server accumulates calibrated update from clienti: A; < A; + (Al — hl)

5: Server update clients’ cached variables: h} , = Al

6 Setm < m+1,8; + S U{i}

7 Samples another client j from available clients

8: Broadcast the current model x; to client j, and run local SGD updates on client j
9:  endif

10:  if m = M then

11: Ve = ht + ﬁAt

12: Update global model ;1 = x; + nv,

13: Server maintains the cached variable h} _, = h} fori ¢ S,
14: Server initialize by = & SO b,

15: SetmeO,AtHeO,StH%@,tetJrl,

16:  end if

17: until Convergence

Cached variable update. In CAZFL, the server maintains the latest cached update for each client,
and reuses this cached update as an approximation of each client’s contribution to the current round’s
update. Denote h! as the latest cached variable for client 7 and h; as the global cached variable which
is the average of h! among all clients, i.e., hy = % Zfil hi. Once the server received A’ from
client 7, then the server updates the cached variable for it, i.e., hi 1= Ai (Line 6). For clients which
don’t contribute to round ¢, the server keeps the state variable unchanged as k!, = h} (Line 14).
This update rule for cached variable enforces the server maintains the latest model update difference
for each client for global update calibration.

“Due to space limitations, we leave further discussions about Theoremand the comparison with FedBuff
analysis in (Toghani & Uribel [2022) in Appendix@
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Global calibration. Once client ¢ finish the local training and send Ai to the server, the server

accumulates A — hi to A;. Let S; represent a set of clients in which the server received their update
at round ¢. After the server receives M updates, we calculate the server updates v; as the summation

of the global cached variable h; with the average global update @—:‘ (Line 11). The global model
41 18 then updated by this calibrated variable v;. Note that v; is actually a linear combination in
terms of the latest received model update difference A} and cached variable hy, i.e.,

v =hi+ = Y (Af - hy). .1
‘St| 1€St

Discussion. The design (Eq. [4.1)) for the calibration and cached variables felt somewhat similar to
SAGA (Defazio et al.l[2014), a well-recognized stochastic variance-reduction method that stores
previously computed gradients and leverages them for reducing the gradient variance. Eq. (.|
looks like a special form of SAGA by treating model update difference A! as gradients and applied
globally over different clients. However, it is important to note that our method does not adhere to the
properties of unbiased incremental gradients that SAGA mainly relies on for its variance reduction
purposes, which makes our theoretical analysis non-trial and different from that of SAGA. Therefore,
CAZFL should not be considered as a direct application of SAGA to asynchronous federated learning.
Note that CA%FL does not require extra communication and computation overhead on clients, and it is
compatible with privacy persevering approaches such as differential privacy and secure aggregation.

5 CONVERGENCE ANALYSIS

We first introduce the additional assumption needed for the convergence analysis of our proposed
CAZ?FL algorithm.

Assumption 5.1 (Bounded State Delay). Let Cg represent the delay of the state variable for global
round ¢ and client j ¢ S; in Algorithm Ctj is state in the context of client j which does not update
the model difference in round ¢ and then maintains the state variable hg as the last step. Cf implies
the difference between the current global round ¢ and the global round at which this client j started
to compute the last gradient. We assume that the maximum gradient delay is also bounded, i.e.,

Cmax = maxye(7) jen{G } < 0.

Assumption[5.T]is also commonly used in convergence analysis for memory-aided federated learning
method (Gu et al.l 2021} [Yang et al., [2022). In a nutshell, the state delay describes how many
global rounds has it been since the last local training for a client. In the following, we will show the
convergence results for our proposed CA?FL.

Theorem 5.2. Under Assumptions and Assumption if the local learning rate =
O(vVKM) and n; = ©(1/V/TK) then the global rounds of Algorithm satisfy

1 = 27 flif* 02 U2+K0—3 (Tlnax+<1nax)02
?;Emw(mgu ]70( TKM) +0( TKM) +0(7TK >+o<—T )

(5.1)

where f, = arg min,, f(x).

Remark 5.3. Theoremsuggests that with a sufficient amount of global rounds T, i.e., T' > KM,
our proposed CA%FL method achieves a desired convergence rate of O( \/Ti(iM) w.rt. global
round T, local steps K and the update accumulation amount M, which matches the convergence
rate in traditional synchronous federated learning baselines (Yang et al.| 2021 Redd:i et al., 2021}

Jhunjhunwala et al., [2022]).

Remark 5.4. Compared with Eq. the joint effect term O (K TmaXTangTS /T) no longer exists,
while in Eq. [5.1] the asynchronous delay 7,,,x only relates to the stochastic noise o. This suggests
that our proposed CA2FL can benefit from the design of reusing the cached update for global update
calibration, which tackles the data heterogeneity issue across clients and reduces the joint impact

caused by the asynchronous delay and data heterogeneity. Note that our design also contributes to the
general data heterogeneity issue in that the O(\/%og) term in Eq. also gets smaller. Together,
those two improvements finally lead to a better convergence rate for our proposed CA%FL algorithm.
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6 EXPERIMENTAL RESULTS

Datasets, models, and methods. We present the experimental results on both vision and language
tasks to verify the effectiveness of the proposed method. For the vision tasks, we train the CIFAR-10
dataset with CNN (Wang & Ji, 2022) and ResNet-18 (He et al.l 2016) models, and we also train
CIFAR-100 (Krizhevsky et al.,|2009) datasets with ResNet-18 model, and we provide various data
sampling levels and client concurrency settings. For the language tasks, we conduct experiments on
fine-tuning a pretrained Bert-base model (Devlin et al., 2018) on several datasets in GLUE benchmark
(Wang et al.| 2018). We evaluate experiments on non-i.i.d. data distributions by a Dirichlet distribution
partitioned strategy similar to (Wang et al.| |2020ajb) with several parameters for both vision and
language tasks. We adopt the same CNN network as in and ResNet-18 network (He et al.| 2016).
We compare our proposed CA2FL with the asynchronous FL baseline, FedBuff (without differential
privacy) (Nguyen et al.,[2022) and FedAsync [Xie et al.| (2019) (constant), and with the synchronized
FL method, FedAvg McMahan et al.|(2017). Due to the space limit, we leave additional experiments
on more datasets and models together with the experiment details in Appendix El

Implementation overview of vision tasks. For experiments on CIFAR-10 and CIFAR-100, the
number of local training iterations K on each client is set to two local epochs (the amount of iteration
depends on the amount of data for each client, and the batch size is set to 50 for all experiments
by default). For local update, we use the SGD optimizer with a learning rate gridding from {0.001,
0.01, 0.1, 1} with momentum 0.9 and weight decay of 1e-4, and the global learning rate is gridding
from {0.1, 1.0, 2.0} for all methods. We set a total of 100 clients in the network and the concurrency
M. = 20 if there is no further instructions, and we set the update accumulation amount M/ = 10 by
default.

Implementation overview of language tasks. For experiments on fine-tuning Bert-base model
on the MRPC, SST-2, RTE and CoLA datasets from the GLUE benchmark, the number of local
iterations K on each client is one local epoch (the amount of iteration depends on the amount of data
for each client, and the batch size is set to 32 for all experiments by default). We employ Dir (0.6)
for non-i.i.d. data partitioned among clients. We adopt the low-rank adaptation (LoRA) (Hu et al.,
2021) as the parameter-efficient fine-tuning method. Specifically, for a pre-trained weight matrix
Wy € R¥* LoRA freezes W but tuned the ATV by representing with a low-rank decomposition
with rank r < min(d, k), Wy + AW = Wy + BA, where B € RY*" and A € R"** are two
trainable parameters. For all experiments, we choose 7 = 1 and agora = 1. For local update, we
use the widely-used AdamW optimizer with a learning rate gridding from {5e-5, le-4, 5e-4,
le-3 5e-3} with weight decay of 1e-4, and the global learning rate is gridding from {0.1, 1} for
all methods. We set a total of 10 clients in the network and the concurrency M. = 5 if there are no
further instructions, and we set the update accumulation amount M = 3 by default.

6.1 MAIN RESULTS

Table [T)shows the overall performance of training CIFAR-10 with a CNN model and the ResNet-18
model. We observe that the proposed CA2FL shows improvement upon the FedBuff and FedAsync.
Particularly, when training with the lightweight CNN model (with about 2.2M trainable parameters),
the training loss of FedAsync is severely fluctuating and cannot converge when o = 0.1, while our

proposed CA%FL are more robust to the highly heterogeneous settings and achieve better result than
FedBuff.

Table [2] presents the overall test accuracy of experiments on CIFAR-100 with two data heterogeneity
levels. For o = 0.1, our proposed CA%FL achieves higher test accuracy compared to FedBuff but has
lower accuracy than FedAsync. Specifically, when the data is highly heterogeneously distributed,
e.g., a = 0.01, our CA%FL method significantly outperforms than FedBuff and FedAsync.

For fine-tuning the Bert-base model on the GLUE benchmark, Table E] presents the evaluation results
for four datasets with several tasks. Note that the MRPC, SST-2, and RTE datasets are evaluated

>We also provide experimental results on fine-tuning TinyImageNet with two ResNet models, and parameter-
efficient fine-tuning GPT-2 small model on E2E NLG Challenge.
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Table 1: The test accuracy of different models on the CIFAR-10 dataset with different models and
data heterogeneity degrees. We report the mean accuracy and the standard derivation for the last 5
rounds.

\ Dir(0.3) \ Dir(0.1)
Method CNN ResNet-18 CNN ResNet-18
Acc. & std Acc. & std Acc. & std Acc. & std
FedAsync | 62.29 £0.16 79.8 +2.28 - 40.58 +2.92

FedBuff 60.74 £1.18 78.53 £3.31 | 53.96 +£0.10 63.03 +£3.17
CA®FL 64.40 £ 0.32 83.79 +0.34 | 57.62+ 042 68.37 +1.97

by the validation accuracy, while the CoLA dataset is evaluated by Matthew’s correlation. We
observe that FedAsync achieves higher validation accuracy in MRPC, for other tasks and datasets,
our proposed CA2FL obtains better evaluation results. Moreover, we plot the training loss w.r.t. the

global rounds in Figure[I] and it verifies the theoretical convergence improvements of our proposed
CA’FL.

— FedBuff

' A owrL

Fedbuff
— AL

Training Loss

Training Loss
3

Test Accuracy

Training Loss

[ 100 200 300 400 500 [ 100 200 300 400 500 [) 160 200 300 400 500 [ 10 20 30
d #Rounds #Rounds #Rounds.

(a) CIFAR-10 Dir(0.1)  (b) CIFAR-10 Dir(0.3) (c) MRPC (d) SST-2

) 50

Figure 1: Training/fine-tuning loss on several models and datasets.

Table 3: The result of Bert-base model on several language datasets with data heterogeneity degrees
Dir(0.6). We report the mean evaluation metrics and the standard derivation for the last 5 rounds.

MRPC SST-2 RTE CoLA
Acc. & std. Acc. & std. Acc. & std. Acc. & std.

FedAsync | 82.86 =0.42 87.32+£3.76 62.09+0.76 54.53 £1.52
FedBuff 78.68 £0.41 86.06 +3.86 60.07+£1.09 55.57+0.94
CA®FL 79.26 £0.12 90.76 +=1.02 65.63 = 0.35 56.10 £ 0.25

Method

We also conduct a detailed comparison
for studying the overall training/fine-tuning
speedup for our proposed method to investi-
gate the efficiency of our proposed method
in Table @l We simulate the wall-clock

Table 2: The test accuracy of different models on the
CIFAR-100 dataset with different data heterogeneity
degrees. We report the mean accuracy and the standard
derivation for the last 5 rounds.

delay by assuming 80% of clients have Method Dir(0.1) Dir(0.01)
normal local training processes, 10% have Acc. & std Acc. & std
mild delays, and the last 10% have severe FedAsync | 62.91 + 1.67 j
delays. Specifically, we observe that for FedBuff 57124+ 060 32.49 + 1.31
each task, a client would finish the local CA2FL 5050+ 024 37.30 & 0.26

training in tyi, seconds, then the simulated
local training time for the normal clients
would be t; X tyain, Where t; ~Uniform(0.5, 1) Xt.in, for the mild delay clients, there is ¢; X tyain,
where ¢; ~ Uniform(1, 2) Xtyain, for severe delay clients, there is ¢; ~ Uniform(2, 3). We’ve provided
an ablation study about different simulation settings in the Appendix. From Table [4| we observe
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that our proposed CA?FL maintains better training/fine-tuning efficiency among all asynchronous
methods. CA2FL also shows the advantage of asynchronous learning in image classification tasks.
However, the efficiency of CA?FL is still challenged compared to synchronized FL in the case of
fine-tuning pre-trained models. We would like to take this phenomenon as a conclusion of future
work for further research.

Table 4: Training/fine-tuning time simulation (in units of 10 seconds) to reach target validation
accuracy (Matthew’s correlation for CoLLA). For each dataset, the concurrency is fixed for fair
comparison. Bold represents the best evaluation results and the underline represents the best results
for asynchronous FL.

| Acc. | FedAsync FedBuff CAZFL | FedAvg

CIFAR-10 | 80% 268.80 291.53  214.16 | 388.64
CIFAR-100 | 55% 333.47 29549  233.49 | 476.78

MRPC 80% | 2549.54 403.95 87.39 97.71
SST-2 90% 2853.5 2079.35 648.71 | 572.01
RTE 63% 815.94 420.83 79.61 95.17
CoLA 55% 217.23 144.64 34.75 0.79
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Figure 2: Test accuracy of ablation studies for FedBuff and CA%FL in training CIFAR-10 on ResNet-
18 model.

We conduct ablation studies to investigate the effect of the effect of data heterogeneity, the delay
simulation strategies, and the relationship between the concurrency and the buffer size M. Due to
constraints on space, we leave detailed ablation results and discussions in Appendix [A] From Figure
plots (a) and (b), we can observe the impact of data heterogeneity for FedBuff and CA?FL. They
show that the CA2FL is overall less sensitive to data heterogeneity than FedBuff with less fluctuation.
Plot (c) shows the the ablation study for the concurrency M. for fixed buffer M = 10, it shows that
the accuracy decreases as the concurrency increases, with the same buffer M = 10. Plot (d) shows
the impact of the buffer M with fixed concurrency M. = 20. We observe that as the increase of
buffer size M, the overall performance increases w.r.t. the global round 7.

7 CONCLUSIONS

In this paper, we first investigate the convergence of FedBuff under non-convex heterogeneous
data distribution settings and we show that the data heterogeneity amplifies the negative impact of
asynchronous delay which slows down the convergence of asynchronous federated learning. To
address this convergence degradation issue, we propose a novel asynchronous federated learning
method, CA2FL, which involves caching and reusing previous updates for global calibration. We
provide theoretical analysis under non-convex stochastic settings that demonstrate the significant
convergence improvement of our proposed CA?FL. Empirical results demonstrate the superior
performance of the proposed CAZFL compared to general asynchronous federated learning, and it
also shows that the proposed MF-CA2FL could largely save the memory overhead while maintaining
the superior performance benefits from the cached update.
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A ADDITIONAL EXPERIMENTS

In this section, we present additional empirical results for our proposed methods in training CNN
network as in Wang & Ji|(2022) on CIFAR-10, and ResNet-18 network He et al.[|(2016) on CIFAR-
10/100 |Krizhevsky et al.| (2009) datasets, and fine-tuning Bert-base [Devlin et al.| (2018)) model on
GLUE datasetWang et al.|(2018)). Ablations and discussions about our proposed methods are also
provided. All experiments in this paper are conducted on 4 NVIDIA RTX A6000 GPUs.

A.1 MEMORY FRIENDLY CACHED-AIDED ASYNCHRONOUS FL

While CA%FL successfully tackles the data heterogeneity issue in Asynchronous FL, it involves extra
memory costs for maintaining the cached variable for each client on the server. However, this memory
overhead can pose challenges when applying CA%FL in practice, especially for large models with
massive trainable parameters. To overcome this memory overhead, we extend the proposed CA%FL
to a memory-friendly adaption method (MF-CAZ2FL). The main difference between CA2FL and
MF-CAZ?FL lies in whether the server maintains a full-size or a quantized latest update. Specifically,
in MF-CAZFL, after the client i obtains the model differences Ai_ﬁ and sends it to the server, the

server quantizes ALﬂi to Q(ALT;) via unbiased quantization approaches such as 8-bit or 4-bit

quantization and keepsQ(Ai_Ti) in memory. The server updates the global calibration variable v,
same as CAZFL. Note that for each global round , the server updates the quantized Q(Ai_Ti) as the
cached update, i.e., hi ;, = Q(A! ), Vi € S, that being said, the cached variable h}, for each

client represents the latest quantized model update difference. Therefore, compared to CA%FL, this
memory-friendly adaption effectively reduces the memory overhead.

A.2 ADDITIONAL EXPERIMENTAL RESULTS

Results on CIFAR-10. Table [5shows the overall test accuracy of experiments on CIFAR-10 on
training different models with two data heterogeneity levels. It demonstrates that our proposed
CAZFL achieve better test accuracy than asynchronous federated learning baselines. Particularly,
when the data is highly heterogeneously distributed across clients, indicated by smaller o values in
Dirichlet sampling strategies, our CA2FL method significantly outperforms the other asynchronous
baseline. Particularly, when o = 0.1, CA%FL can significantly outperform FedBuff with more than a
5% increase on training ResNet-18. Moreover, in the memory-friendly version MF-CA2FL, which
reduces the memory overhead by keeping the quantized cached update, the superior performance of
the cached variable is still observed and leading to better test accuracy than asynchronous baseline.
Furthermore, Figure [3]provides the test accuracy curves of training CNN and ResNet-18 networks on
CIFAR-10 with oo = 0.3, offering a visual illustration of the effectiveness of our proposed method.

Table 5: The test accuracy of different models on the CIFAR-10 dataset with different models and
data heterogeneity degrees. We report the mean accuracy and the standard derivationfor the last 5
rounds.

| Dir(0.3) | Dir(0.1)

Method CNN ResNet-18 CNN ResNet-18

Acc. & std Acc. & std Acc. & std Acc. & std
FedAsync 6229 +0.16 79.8 +2.28 - 4058 +2.92
FedBuff 60.74 + 1.18 7853 +331 | 53.96 + 0.10 63.03 & 3.17
CA2FL 64.40 £ 032 8379+ 034 | 57.62+042 6837+ 1.97
MF-CA2FL (8 bits) | 62.43 + 0.04 83.07 + 043 | 57.00 + 0.40 71.85 + 1.57
MF-CA2FL (4 bits) | 62.41 +0.19 8272+ 039 | 5620 & 0.54 70.98 + 1.82

Results on CIFAR-100. Table [6] presents the overall test accuracy of experiments on CIFAR-100
with two data heterogeneity levels. It demonstrates that our proposed CA2FL achieve higher test
accuracy compared to the asynchronous federated learning baselines. Specifically, when the data is
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Figure 3: The test accuracy for our proposed CA?FL and MF-CAZ?FL (4 bits) with asynchronous
federated learning baselines in training CIFAR10 data on ResNet-18 model.

highly heterogeneously distributed, e.g., o = 0.01, our CA%2FL method significantly outperforms
asynchronous baselines with more than 4.5% improvement compared to Asynchronous FL. The
memory-friendly version MF-CA2FL also shows its advantage over asynchronous federated learning
baselines when severely data heterogeneity settings.

Table 6: The test accuracy of different models on the CIFAR-100 dataset with different data hetero-
geneity degrees. We report the mean accuracy and the standard derivation for the last 5 rounds.

Dir(0.1) Dir(0.01)
Method Acc. & std Acc. & std
FedAsync 6291 £+ 1.67 -
FedBuff 57.12 £0.60 32.49 +1.31
CA?FL 59.50 £0.24 37.30+£0.26
MF-CAZFL (8 bits) | 59.12 +0.21 37.34 +0.43
MF-CAZ?FL (4 bits) | 59.50 + 0.35 37.29 £+ 0.36

Results on Tiny Imagenet. Table[7]shows the overall test accuracy of experiments on Tiny Imagenet-
200 (Le & Yang, [2015} [Krizhevsky et al.| 2012) on fine-tuning a pre-trained ResNet-18 (He et al.|
2016) and ResNet-34 (He et al., 2016)) models under non-i.i.d. data distribution settings. Similar to
previous image classification tasks, there are 100 clients in total, and we set the concurrency M, = 20
and update buffer M = 10, and we set a highly heterogeneous data distribution with Dir (0.01). Table
demonstrates that our proposed CA?FL achieves better test accuracy than asynchronous federated
learning baselines.

Table 7: The test accuracy of two models on the Tiny Imagenet dataset. We report the mean accuracy
and the standard derivation for the last 5 rounds.

ResNet-18 ResNet-34
Method Acc. & std Acc. & std
FedAsync | 50.74 £ 1.08 54.13 +1.12
FedBuff 55.55+0.37 61.85+0.38
CAZFL 56.17 = 0.23 62.51 £ 0.20

Results on E2E NLG Challenge. Table §|shows the validation loss of experiments on E2E NLG
Challenge (Novikova et al., [2017) on parameter-efficient fine-tuning a pre-trained GPT-2 small
(Radford et al., 2019) model under non-i.i.d. data distribution settings. We set 10 clients in total,
with concurrency M. = 5 and update buffer M = 2. Since there are no labels for the generation
tasks, we naturally sample a heterogeneous data distribution among clients. Similar to the previous
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Figure 4: Ablation for several settings for wall-clock delay simulation.

language classification tasks, we adopt a LoRA fine-tuning with aj,ra = 1 and r» = 1. Table |3|
demonstrates that our proposed CA2FL achieves lower validation loss than asynchronous federated
learning baselines. This further shows the effectiveness of our proposed method on various tasks.

Table 8: The validation loss of fine-tuning GPT-2 small model on E2E NLG Challenge. We report
the mean loss value and the standard derivation for the last 5 rounds.

Method |  Loss & std.

FedAsync | 0.1533 £+ 0.0438
FedBuff 0.1241 £ 0.0110
CA’FL 0.1025 + 0.0004

A.2.1 ADDITIONL RESULTS

Table 9: Several settings for wall-clock delay simulation.

Setting 1~ 80% from U(0.5,1), 10% from U (1, 2), 10% from U(2, 3)
Setting2  80% from U (0.5, 1), 10% from U (1, 3), 10% from U (3, 5)
Setting 3 80% from U (0.5, 1), 10% from U(1, 5), 10% from U (5, 10)
Setting 4 80% from U (0.5, 1), 20% from U (5, 10)
Setting 5 60% from U (0.5, 1), 40% from U (5, 10)

Simulated delay distributions. We simulate the delay distributions on various settings summarized
in Table[0] From Figure[d} it shows that changing the setting of delay sampling would not make
significant effect on both convergence and generalization.

Performance under concept shift. In real-world applications, the non-stationary data sources (model
drift) can result in some long-term challenges. Although this is not the main focus of this paper,
we conduct an experiment to examine whether our proposed method maintains its advantage under
time-varying distribution shifts. We utilize a similar setting of sudden drift as in Flash (Panchal et al.|
2023): all the clients suffer from the distribution change abruptly at the same round (the concept
drift occurs at the 200th and 400th rounds). The concept shift is conducted as follows: for a task
with n labels, we swap the i-th label with ¢ + 1-th label, 7 € [0, 1, ...,n — 1], and we swap the n-th
label with label 0. The following results, demonstrate that our proposed CA?FL still achieves better
performance compared to other asynchronous FL baselines when there exist distribution shifts. Since
this is not our main focus in this paper, we did not have any specific design for the model drift issues
but it is an interesting direction and we will leave it as our future work.
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Table 10: The test accuracy training ResNet-18 model on CIFAR-10 dataset. We report the mean
accuracy and the standard derivation for the last 5 rounds.

Method | Acc. & std.

FedAsync | 78.49 £ 3.24
FedBuff 74.17 £+ 4.61
CA?FL 79.91 + 1.00

A.3 HYPER-PARAMETERS DETAILS

Image classifications. We conduct detailed hyper-parameter searches to find the best hyper-parameter
for each baseline. We grid over the local learning rater 7; € {0.001,0.01,0.1, 1.0}, and the global
learning rate » € {0.1, 1.0, 2.0} for each methods. Table summarizes the hyper-parameter details
in our experiments. Experiments are set up with 100 total clients, the concurrency is M. = 20 by
default, and we let the server update the global model once it receives M = 10 updates from clients.
For each method, we conduct 2 local epochs (the explicit local iterations K may differ from clients)
of local training with a batch size of 50 by default. We set the weight decay as 10~ for the local SGD
optimizer. For FedAsync Xie et al.|(2019), we additionally grid over the weight of the regularization
term p € {0.01,0.1, 1.0}, the momentum factor o; € {0.1,0.3,0.5,0.9}.

Languages tasks. We conduct detailed hyper-parameter searches to find the best hyper-parameter for
each baseline. We grid over the local learning rater 7; € {5 x 107°,107%,5 x 1074,1073}, and the
global learning rate € {0.1,1.0, 2.0} for each methods. Table|l I|summarizes the hyper-parameter
details in our experiments. Experiments are set up with 10 total clients, the concurrency is M. = 5
by default, and we let the server update the global model once it receives M = 3 updates from
clients. For each method, we conduct 1 local epochs (the explicit local iterations K may differ from
clients) of local training with a batch size of 32 by default. We set 31 = 0.9, 32 = 0.999, ¢ = 106
and weight decay as 10~ for the local AdamW optimizer. For FedAsync Xie et al. (2019), we
additionally grid over the weight of the regularization term p € {0.01,0.1, 1.0}, the momentum
factor oy € {0.1,0.3,0.5,0.9}.

Table 11: Hyper-parameters details.

CIFAR-10

FedAsync FedBuff CA%FL.  MF-CA%FL (8 bits) MF-CAZFL (4 bits)
Models & Dir(«) m n m n m n m n m n
CNN & Dir(0.3) 0.001 1.0 001 1.0 001 1.0 001l 1.0 0.01 1.0
ResNet-18 & Dir(0.3) 001 1.0 001 1.0 001 1.0 001 1.0 0.01 1.0
CNN & Dir(0.1) - - 001 10 001 1.0 o001 1.0 0.01 1.0
ResNet-18 & Dir(0.1) | 0.001 1.0 0.01 1.0 001 1.0 001 1.0 0.01 1.0

CIFAR-100

FedAsync FedBuff CA%FL  MF-CA?FL (8 bits) MF-CA2FL (4 bits)
Models & Dir(c) Ul n Yl n m n m n m n
ResNet-18 & Dir(0.1) | 0.001 1.0 001 1.0 001 1.0 0.01 1.0 0.01 1.0
ResNet-18 & Dir(0.01) - - 001 10 001 1.0 001 1.0 0.01 1.0

B FURTHER DISCUSSION ABOUT THEOREM [3.4]

Discussions. Compare to the original proof in FedBuff (Nguyen et al., 2022)), our analysis for
Theorem [3.4]eliminates the unrealistic bounded gradient assumption of |V F;||? < G. Furthermore,
it obtains a tighter dependency of gradient delay 7;. While FedBuff’s original analysis has a 72,
dependency, and we obtain a 7y,.xTave dependency. Compared to FedAsync (Xie et all |2019),

17



Published as a conference paper at ICLR 2024

Table 12: Hyper-parameters details.

GLUE
FedAsync FedBuff CA%FL
Models & Dir(«) 7 n m n m n
MRPC 5x107* 1.0 5x107* 1.0 5x107* 1.0
SST-2 5x107* 10 5x107* 1.0 5x107* 1.0
RTE 5x107* 10 5x107* 1.0 5x107* 1.0
CoLA 5x107* 10 5x107* 1.0 5x107* 1.0

Theorem [3.4]eliminates the assumption for weak convexity, providing a more common nonconvex
analysis for the asynchronous FL method.

It’s worth noting that (Koloskova et al., 2022) relaxes the delay dependency in the convergence rate
for distributed asynchronous SGD t0 , /TmaxTavg- In our study, we focus on the FL scenario where

each client performs multiple local update steps prior to global aggregation. Particularly, by setting

VM

K =1 and selecting a delay-dependent learning rate of 7 = O( ), we can achieve the same

delay dependency in convergence rate of \/TmaxTavg a8 in (Koloskova et al.} |[2022). Additionally,
while (Mishchenko et al., 2022)) explores the arbitrary delay in asynchronous SGD, our approach
yields an improved convergence rate in heterogeneous scenarios compared to their results under
similar assumptions.

Comparisons with Toghani & Uribe| (2022). Our original FedBuff analysis in Theorem [3.4] obtains
a convergence rate of O <7(‘f17f*|+02)> +0 (U +Ko, ) +0 ( %> +0 (41(“““‘“”3;5#“““& ) .

vVTKM

* If we only consider the 7" and 7 related terms, we obtain a similar convergence rate of
O(—=) + O(™=T2) compared to O( =) +O( m‘“‘) in|Toghani & Uribe| (2022).

77

* If we consider the convergence rate w.r.t. T, K, M and 7 related terms, when M > K,
we obtain a similar convergence rate of O( \/») + O(m) compared to O(ﬁ) +

O( KTJ‘:““‘) in[Toghani & Uribe| (2022).

Moreover, the convergence rate is highly related to the learning rate choosing. For example, when
adopting a different learning rate as in Theorem 3.4, our convergence rate can match the result in
[1] w.r.t. T, K, M and 7 without any further constraints: following Equation (C.15) in Appendix,

choosing n = O(1) and m = O(77z). then we get 3, Ef| VS (a)|I*] = O(L7E) +

vT
dex‘l'avga' Tln'mxg o +K0’_
O(\FKM) +O(\FM) +0( )+ O(ZpexZ-) + O(—57ez ). If we look at the T and delay
related terms, our rate would be (9( )+ O( Tm‘q‘i‘]( 722, and this is slighlty better on the non-dominant

O(™zz{#*) term than the rate in Togham & Uribel(2022).

C CONVERGENCE ANALYSIS FOR ASYNCHRONOUS FL

Proof of Theorem Since f is L-smooth, taking conditional expectation at time ¢, we have

E[f(2i41)] — f(ze)

< E[(VS (@), @es1 ~ )] + SEllwers — il
— BV (@) 0]+ ELB] AR, e

—_——
I II
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Bounding /
I =E[(Vf(x:),nAs)]

- gel(oren 5 o0

€My

al(oren 5 B

i€M; k=0

73\7/7[1E[<Vf ), Z ZVFl t—ri k >}

€My k=0

1 N K-1
= —nmEKVf 23 D0 > VE( w)ﬂ, €2

i=1 k=0

where the second and third equation holds by the update rule. The fifth one holds by the unbiasedness
of stochastic gradient. By the fact of (a,b) = 1[||a||* + ||b]|? — [|a — b||*], we have

— [<Vf(fvt)a % f: Zl VF(z >}

i=1 k=0

i 21 MM
LS >||]—ZEH

N K-1 2
1
+ ?E |:H\/Evf($t) T NVR Z Z VFi(m;—T:,k‘) ]
i=1 k=0
N K-1 2
77771K 77771 1 i
— - BV ol - T || S 3 VAl |
i=1 k=0
- K—1 L L 2
1 7
+5 > ]EH’N > VFi(x) - ~ ZVFZ(a:t_TZ L) ] (C.3)
k=0 i=1 i—1
for the last term, we have
- K-1 N 2
1
2 E[HZVF w0 Al
k=0 i=1
nm =1 ;
< 5 N E[HVF (x¢) — VFE, (wifﬁ k)||2]
k=0 =1
- K—1 N
1
< TN Y BV (@) - VA )P+ EI VA, ) - VR 1)
k=0 i=1
- K-1 N
! i
<IN Y [Ele )+ PElle, s — 2ty 4
k=0 i=1
For the second term, we have
2
Bl — 4l [ i

< s+ 6K02) + 30K*PE[|V (@, )7 (C5)
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For the first term, we have

t—1 2
Bz — 00 ) E[H > @ |
s=t— ‘r
- t—1 1 K-—1 2
=l X 5 X Yoel ]
- s=t—T} jEMs k=0
- t—1 1 K—1 4 2
“5lln X 5 X Sl - VEE )R
- 5:t77‘z jGMg k=0
- t—1 1 K—-1 ) ) 1 2
=&/ > & nlgl_,, - V@, ) ] sl & & S avne ]
- s=t—T1] JEMs k=0

s=t—1} JEM k=0

2Tmax K207 5 2Tmax77 n?
<t > &

Z ZVF s Ts,k‘

JEM k=0

2
} ; (C.0)

StT

For simplicity, we assume that the clients’ participation distributions are simulated as independently
uniform distribution, then for the last term, we have

T

ZZVF srsk

K-1

QPM(% E{

9 Té,k

S

j=1k

=

J=
N

[151\11{3 0% +6Kop) + (KL} + 3K2) Y "E[|Vf(x,_ Tg)||2}+3NK20§]
j=1

M M — N K-1 ‘ N -1
+ ——t NV 1 { > VFj(:c;Tg’k)iZZv LG ]
j=1 k=0 ) J=1 k=0
M(N_M) 3,2/(.2 2 472 2 al 12 2 2
S NN-D [15NK ni (0% +6Ko2) + (90K L?n; + 3K );E[HV]”(;BS_TQH | +3NK20?
N -1 N —1 2 N
M (M IM(M —1)K?
7N [ ZZVFJ L)) VE(=, ) }+(N_1) E[[Vf(z, )%
j=1 k=0 ° j=1 k=0 j=1
M(N_M) 3 472 2 2 al 2 2
I5NK K K*L K NK
< S [5 (4 o)+ OO L3E 4 3K DBV, )43
2M KL2NK1 oM (M — 1)K? &
o SN El w2 VS w1
7j=1 k=0 j=1
3M(N7M) 2NM(M — ) 3r2,2/.2 2 472, 2 2 1 ad 2
< . _ .
< { T T NI 5K°L*n}(0® + 6Ko?) + (30K L*n} + K )N;E[\|Vf(ms_7g)|| ]
3M(N — M) __, ,
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where the first inequality is inspire from Lemma[E.I] Then

2T K212 Winax PP = [[BM(N — M) 2NM(M —1)
112 max 1 2 max 1
Efle, - @, "] < =10 + == D N_1 N_1

i
s=t—T/

M(N - M
- |BK3Ln} (0 + 6Ko,) + (30K L?n} + KQ)E[||Vf(a:S_TS,-)||2]} + ?’()K%g}.

N -1
(C.8)

Thus we have

- K-1 1 N 1 N 2

) i
7 Z E|:HN Zsz(wt) — N ZVFl(mf_Ttvk) :|
k=0 j=1 j=1
N
2 2/ 2 2 2 2i e 27'maxK7]27712 2
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2]} + 2 e L2 e g
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< I SR Rl* + 60%) + 30K S Bl

t—1

2 maxn 771 3M N — M) QNM(M—l)
PR NZZ {{ TN
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( , N-M 1 ;
. {5K3L2n12(02 +6Ko2) + (30K L*n; + KQ)]EHVf(a:S_Tg)HQ]} } + 67 K L T~ ¢ D Ti0-

M(N-1) N &
(C.9)
Thus for I, we have
N K-1 2
nmK nm 1 ;
1< PP - Jhe ]| 5 303 VAl |
i=1 k=0
2 2/ 2 2 2 91 Al 2 o Tmax K020} 5
+nmKL [5Km (0% +6Kay) + 30K mﬁZ;E[IIVf(wt_T;)II ]} + 2K L=
t—1
) maxn TanaxT) 1} 3M(N — M) AINM(M —1)
+ 2n KL Z > [ N + T

Zlef‘r

N-M 1 .
. |:5K3L27’]l2(0'2 —+ 6KO’§) + (30K4L2T] —+ KQ) [|Vf(3357_s])||2]:| —+ 6n3an3L27mame ZTZO’E.
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Bounding 77

n*L n?L
1= "L Ea ) - E[

2 20AT
SnQL{Kn102+nl(N M)

1INK3 L% (0? + 6K o2 9ONK*L?*n? + 3K?>
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N
S E[IVS ()P + SNK%z}
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Z VFZ Tf,k

0

K-1
k=

where the inequality holds by Lemma [E.I] For simplicity, in the following, we define V, =
N K—1 i
Zi:l Zk:o VFi(Xt,T;‘,k)-

Merging pieces. Therefore, by merging pieces together, we have

E[f(zt41)] — f(ze) = 1T+ 11
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N
1
+ (0K L2 + 3K) > RV F(x—r)
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By organizing and merging similar terms, we have

E[f(zi4+1)] — f(zt)

N
nmK 1
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Summing over t = 1 to 7", we have
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thus by specific constraint on the learning rate n; and 7, i.e., n; < and K < < 3 oz we have
d 1
7 Z Vi@l < (@) — Bl (@] + L?5K i (o + 6K o)
n 2Kn*n? L2 Tinax o2+ 2?2 L2712 [3(N — M) 2N(M —1)
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+ 772{Ma + M[lSKQTLinQ(UZ +6K0?) + 3Ka§]}
(C.15)
By choosing = O(vK M) and n; = ©(1/VTK), we have
T 2 2
1 [(fo — f«) + 07 0"+ Ko
—» E[|V =0 @ 5
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VTM ? T ’ '
where f, = argmin,, f(x). O
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D CONVERGENCE ANALYSIS FOR CA%FL

Proof of Theorem By the update scheme of Algorithm 2] we have

1

vt<—ht+M(Ai_T;—hi_1):>vt b 1+—Z —hg_l).

1ES:

= % Z h’ifl + % Z hifl + % Z(Aifﬁ' - h’ifl)

z¢$t i€S: 1€St

Zhl =y K )hZ 1+MN } (D.1)

zaZS i€St

Since we h! represents the state update for client i, and h¢ keeps unchanged if i ¢ S;. We also have
the following

ht:ht—l"‘%Z(Ai,ﬂi— 1_1)=%ZA it ZAt i (D.2)

€St 1€St Z¢St

Since f is L-smooth, taking conditional expectation at time ¢, we have

E[f(@11+1)] — f(2:)
< E[(VS (@), @es1 ~ )] + SEllwers — il

= B[V (@), o) + LBl o). ®3)
I 17
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Bounding 7/
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where the second and third equation holds by the update rule. The forth one holds by the unbiasedness
of stochastic gradient, and the last one holds by the fact of (a,b) = 1[||a|* + [|b]|? — [la — b]|?].
For the last item, we have
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then
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We also have
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Similar to the proof in the previous section, we have
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and
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Merging pieces.  For simplicity, we define V, = >, o S (77 VEi(z!_ i i)+ (% —
)VF( Ty ik )) + % Zigst kK 01 VF;(x! Ty ik ) Therefore, by merging pieces together, we
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have
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)5KL277?(02 +6Ko))
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317171K 90 K3LA(N — M)?
> 30K L[|V () 2) + = S BV (@—c)lI]
1€St 1E€S
90mmP K3L*(N — M) 6Tmax K1°n; L*
+ e ZEHVf TP+ == 0"
Z¢St
K—-1
67—max"7 77 7L? — 1 i 1
L Sl (DD S ER RN I LIE I
s=t— 7' ]ess k=0
2 t—1
1 4 12Gmax K007 L? 5 | 12Gmaxn®nf L?
+ 5 S>> VR } - i o’ + Ve
igS. s=t=¢i

)
<MVF( il )+<Jb ]\1/[>VF( e >+lezlilvﬂ(mi¢;,k) 2]

¢S, k=0

K-1
k=0

K-1
k=0

JESs

i€
3Kn?
epp{ e vl

_ K 2 6(N_M)2 272 2/ 2 2 2 3K7752 2
— - B sl + (34 S Y rpe? + k02 + L
6Tmax K 0?07 L? 6Tmax 2 N2L? 12 max Kn?nf L? 12Cman?n2L?
+ i Lo + M2l > B[V + i Lo + e R NAE
s=t—rf s=t—(}
90nmP K3 L2 90 K3L2(N — M)?
+ ZT S E(IVF(@e )] + L NN > BV (@ c)lI°]
1€S: 1€St
90nn; K3L*(N — M) 5 . 2 5
+ e %‘E IV (eI = o — 70i L BV ). (D.13)

Summing over t = 1 to T', we have

E[f(zr+1)] = f(z1)

T
K 6(N — M)? 3KTn?
<-5 ZE[||Vf(:ct)H2] + (3 + == SymK*TL*n? (0 + 6Ko?) + nQLTlaz
6Tmax?7 KT 5, 126’ KT ,
+ 7 o° + i
T
903 K3 L2 90mm K3L2 N — M)?
+ZTZZEHIVJ”($HQIIZ] l ZZE IV F(@0—ci)”]
t=11€S; t=11€8;
T
90nm3 K3LA(N — M)
+— e SO ENVH®e—e)I)
t=1i¢S,
T
o m 2,27 67-§1ax7727)12L2 12412113,)(77 T’?Lz
(2K L i ;E Ve, (D.14)
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with some conditions on the learning rate 1 and 7, i.e., ;; < %, m]’\lf( < 36721 == "%K < 72(21 ==,
mK < SGﬁL and n K < 36\/417]:. Therefore,
E[f(zr+1)] — f(z1)
T
nmK 6(N — M)? 3KTn?
<= ZE |V f ()] (3 + =7 S K>TL?n; (0 + 6Koy) +n2LTla2
6Tmax L2KT 12 max 202[2KT
+ 20 Ml o2 4 12 "A;l o2, (D.15)
Therefore,

T _ 2
TS B9l < o)~ Blfera) + (34 O Yoo + oko)
t=1

3KTn? 6Tmax 1?2 L2 KT 12Cmax 2 L2 KT
+772L Ui 2+Ta77771 2 4 CmaxT"7 o2

M7 M 7 M ’
A 1 6(N — M)?
T ZE IV f(x anT [f(x1) — E[f(2r41)]] + (3 + N2>5KL27712(02 +6Ko7})
t=1
3nmL 6nm K L20?
+ %0’2 + (Tmax + 2Cmax)%- (D16)
Hence by choosing 7; = ﬁ and n = v K M, then the convergence rate satisfies
T fo—f o? 0?4+ Ko}
= [V f(z =)+ 0| ——— | + O ——+—2
F 2BVl =o( o) o ) o )
2
o ( (s +T< sl ) (D.17)
where f,. = argmin,, f(x). O

E SUPPORTING LEMMAS

Lemma E.1. The model difference Ay = 17 >, v, Al = 37 Yic s, Zk o g with | M| =
satisfies

2K n? 202 (N — M)
Ef|A?] < Ml0?+N§\4(N— )[15NK3L377?(0;2+6K0§)+(90NK4L277?+3NK2)HVf(wt)||2
2772(M N K-1
NK?g? 17 Fy( .
+3 ot NM(N — Zlk Ov (@)
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Proof. We have

A == 3 a

]

€My
1 o N ) 2
— W]E_ ;]I{i € M }A! }
277 rn NV K—-1 N K—-1 . 2
< MIQE_ Z]I{i € M} z_:o gix — VE(xi,)] ZH{ieMt} Z VE(z ) }
277 rn N K—-1 ) 2 K-1 2
=2 g S b e M ok - V| + S e ) LER
=a=1 k=0 =1
2n? [ N o 2 2n? — 2
_ 1 i (e 2L
= NME_ ; 2 9t 1 — V(x4 )] } + MQE{ ;H{z € M} Z VF,(z} ;) }
2Kn; 5 | 207 [ Al . - i ?
< ——0 +WE_ ;H{zeMt} kzzovE(mt,k) 7 (E.1)

where the fifth equation holds due to IP’{i e M} = % Note that we have

N K-1 N 2 K-1 K-l ‘
>3 wntio| - 3| X v + DX v, X vnie)
i=1 k=0 i=1 it N k= k=0
N K-1 2 K- K-1 2
-3 T vrei] -] T vaeo - X vae)|
i=1 k=0 z;éj k= k=0
(E.2)
where the second equation holds due to || SN | 2|2 = 32N, N||acz||2 3 2 iz; l®i— ;). By the
sampling strategy (without replacement), we have P{i € M;} = and P{i,j € M} = %E%:ll)),
thus we have
N K-1 2
>N Pli e M}VE(},)
i=1 k=0
K-1 K-1 '
=> P{ie M}|| Y VFi(a}) ZP{’L je /\/lt}< Z VEi(},), Y VFJ(mg}k)>
i=1 k=0 i#] k=0
N | K-1 2 K-1 K-1
M M(M —1)
~ N2 | EvrE| + iyen D X VR, Y VA
i=1 Il k=0 i#j k=0 k=0
a2 N Kl P MM —1) K-1 K-1 2
i=1 !l k=0 i#5 | k=0 k=0
N | K-1 2 N K-1 2
M(N — M) M(M —1)
= E F’L )
NN —1) 2 VE@| + N 22 V(i)
i=1 Il k=0 i=1 k=0
(E.3)
where the third equation holds due to (w y) = sllz)? + ||y||2 | — y]|?] and the last equation
holds due to 5 =, [|&; — ;]| = PR N||:cz||2 — I =N, ;|| Therefore, for the last term in
equation[E.T] we have
N K-1 2 K-1
2K n? 202 (N — M) 2n? (M
E[|| A% < L o2 L E F 17 Fy(
( )
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The second term in equation@] is bounded partially following |[Redd:i et al.| (2021)),

ZE

2

K-1
> [VE () — VFi(x:) + VEi(me) — V() + V()]
k=0

N K-1 2
<3 E|| Y [VFi(x},) — VE(z)]| +3NK?0, +3NK?||V f(x)|
=1 k=0
K—-1

<3KL 22 E[|z} , — a:]|*] + 3NK?0? + 3NK?||V f ()|

P (o7 +6Ko)) + (ONK*L*n} + 3NK?)||V f()||* + 3NK?0?,
(E.5)

where the last inequality holds by applying Lemma [E.2] (also follows from [Reddi et al. (2021)).
Substituting equation [E.3|into equation[E.4] this concludes the proof. O

Lemma E.2. (This lemma directly follows from Lemma 3 in FedAdam Redd:i et al.|(2021)). For local
learning rate which satisfying n; < the local model difference after k (Vk € {0,1,..., K —1})
steps local updates satisfies

_1
S8KL’
1 .

~ 2Bl — ae|*) < 5Knj(of + 6K07) + 30K B[V f (1)) (E.6)

i=1

Proof. The proof of Lemmal[E.2]is exactly same as the proof of Lemma 3 in|[Reddi et al.| (2021). [

33



	Introduction
	Related Work
	Preliminaries Findings on Asynchronous Federated Learning 
	Proposed Method: Cache-Aided Asynchronous FL
	Convergence Analysis
	Experimental Results
	Main Results

	Conclusions
	Additional Experiments
	Memory Friendly Cached-Aided Asynchronous FL 
	Additional Experimental Results 
	Additionl Results

	Hyper-parameters Details

	Further Discussion About Theorem 3.4
	Convergence Analysis for Asynchronous FL
	Convergence Analysis for CA2FL
	Supporting Lemmas

