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ABSTRACT

Backward error analysis is a powerful technique that can check how much the
path of the gradient flow is modified under the influence of a finite learning rate.
Through this technique, it is also possible to find an implicit regularizer that af-
fects the convergence behavior of an optimizer. With a backward error analysis,
this paper seeks a more intuitive but quantitative way to understand the conver-
gence behaviour under various federated learning algorithms. We prove that the
implicit regularizer for FedAvg disperses the gradient of each client from the av-
erage gradient, increasing the gradient variance. We then theoretically present
that the implicit regularizer of FedAvg hampers the convergence if the variance
of gradients from clients decreases following the gradient of the cost function.
In order to verify our analysis, we run experiments on FedAvg with and without
the drifting term and confirm that FedAvg without the drifting term shows higher
test accuracies. Our analysis also explains the convergence behavior of variance
reduction methods such as SCAFFOLD, FedDyn, and FedSAM to show that the
implicit regularizers of those methods have a smaller or zero drifting effect when
the learning rate is small. Especially, we provide a possible reason FedSAM can
perform better than FedAvg but might not perform as well as other stable variance
reduction methods under data heterogeneity.

1 INTRODUCTION

A machine learning task is data hungry by nature. Massive data must be sent to a server from users
in order to train a single neural network. Not only can this cause a severe communication overhead,
in the users’ perspective, such data collection itself can be seen as an invasion of privacy. Federated
learning (McMahan et al., 2017)) has emerged as a solution to this problem. In federated learn-
ing, training data remains on the users’ device and only the parameter of locally trained model is
transmitted to the server. The server aggregates the parameters sent from users and build a gener-
alized global model. Since the transmission of raw user data is not needed in federated learning, a
communication overhead can be reduced and the users’ privacy can be protected.

The most popular optimization algorithm for federated learning is FedAvg (McMahan et al.,|2017),
which computes the parameter of the global model by simply averaging the parameters of local
devices. Though FedAvg gained popularity for its simplicity, the convergence speed of FedAvg is
known to be far slower than centralized learning and the final performance of the neural network
trained with FedAvg is subpar (Zhao et al., |2018)) (Karimireddy et al., [2020). This is due to an en-
demic problem originated from the nature of distributed optimization algorithms: client drift. Many
works as|[Wang et al.| (2019), 'Yu et al.| (2019), L1 et al.| (2020), Khaled et al.| (2020), Haddadpour &
Mahdavi| (2019) have already done sharp analysis on the convergence of FedAvg on non-1ID data,
focusing on the asymptotic number of communication rounds for FedAvg to reach a certain accu-
racy. On the other hand, in this paper, we borrow the concept of implicit regularization to explain in
depth how the distributed property of FedAvg algorithm itself affects the convergence.

The concept of implicit regularization was originally introduced to explain the generalization behav-
ior of gradient descent (GD) and stochastic gradient descent (SGD) (Barrett & Dherin, [2020) (Smith
et al.| 2021)). Their approach, heavily inspired by backward error analysis (Hairer et al.,2006), was
to check the path on which discrete updates of gradient descent lie. The path of the gradient flow
by discrete updates follows not an original loss, but a loss modified under the influence of a small
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but finite learning rate. The approximation of modified loss function is comprised of two terms: the
original loss and an implicit regularizer, which is proportional to the learning rate. In GD and SGD,
the implicit regularizer seeks a flat minima by penalizing the Euclidian norm of the gradient and
contributes to the generalization performance of GD and SGD.

Main Result. The same backward error analysis technique in [Smith et al.[ (2021) can be used
to find the implicit regularizer for federated learning. Firstly, we define the cost function of k-th
mini-batch sample of j-th client in the ¢-th round as C;jx(w). The mean cost functions are each de-
fined as Cj;(w) = £ g Cijr(w), Ci(w) = L X7 Cyj(w). and Cw) = L 3200 Ci(w)
while the number of samples in a round, clients in a round, and the total rounds are defined
as F, m, and n. When the learning rate is ¢, we found that the modified loss for federated
learning is given by Equation 1. It is possible to observe that the implicit regularizer for feder-
ated learning is different from the one for SGD. Here, the regularizer is comprised of two terms:
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While the generalizing term has the same format as the implicit regularizer of SGD, the drifting term
is different. When the modified loss is reduced, the drifting term increases the distance between the
gradient of each client from the average gradient of clients in a round. We theoretically show that
this might hamper the convergence of FedAvg when the gradient variance decreases following the
gradient of the cost function while it might improve the convergence in the opposite situation.

CAVG(W)

One way to confirm the effect of the drifting term is to compare the convergence behaviour of
FedAvg with and without the drifting term. For verification, we explicitly remove the drifting term
from the updated parameter and the modified loss has the form of

n—1lm—1FE-1
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Now the modified loss does not increase the gradient variance and the convergence behaviour also
changes. Through a series of experiments, we verify that removing the drifting term leads to a better
convergence behaviour under the influence of a finite learning rate.

Explicitly removing the drifting term is not the only method to mitigate the drifting effect. Many
variance reduction methods like SCAFFOLD (Karimireddy et al., 2020) and FedDyn (Acar et al.,
2021) enforce the client gradients to be close to each other and automatically reduce the effect of
the drifting term. In this paper, we analyze the implicit regularizer of SCAFFOLD and FedDyn and
show that the drifting term is removed when training is done on those methods. Also, we show that
FedSAM (Caldarola et al., |2022) (Qu et al., |2022) also reduces the drifting term and mitigates the
drifting effect, but might not perform well as other stable variance reduction methods.

Contributions. We summarize our main contributions below.

* Through a backward error analysis, we provide a more intuitive way to understand the
convergence behaviour of FedAvg. We also provide an empirical and a rough theoretical
explanation of how a drifting term affects the convergence behaviour.

* We show that our analysis can also explain why previous variance reduction methods such
as SCAFFOLD, FedDyn, and FedSAM perform better than FedAvg. Especially, we pro-
vide an explanation why FedSAM can show better results than FedAvg but might not show
better results than other stable variance reduction methods under data heterogeneity.

2 RELATED WORK

Implicit regularization. Implicit regularization is the key baseline concept of this work. Through
a backward error analysis, it is possible to observe which path the gradient flow actually takes under
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the influence of implicit regularization caused by a finite learning rate. While the concept was
originally used to assess the modified flow of GD and SGD, in this work, we adapt this concept to
analyze the gradient flow of FedAvg, SCAFFOLD, FedDyn, and FedSAM.

Variance reduction. Variance reduction methods such as the use of control variates were origi-
nally used to reduce variance in Monte Carlo sampling (Glasserman) 2004). Similar approaches are
now being used when minimizing functions that have a finite sum structure. SAGA (Defazio et al.,
2014) and SVRG (Johnson & Zhang|, 2013) are representative examples of such stochastic variance
reduction algorithms. These algorithms enforce the gradients to be close to the flow of finite sum
objectives using control variates. Inspired by these techniques, there were many attempts to adapt
variance reduction methods to federated learning setting. SCAFFOLD (Karimireddy et al., [2020)
is a good example - it uses control variates to remove client-variance in the gradients and shows
a superior convergence rate compared to FedAvg. FedDyn (Acar et al. |2021) is another example
of variance reduction method, but it shows a better convergence rate than SCAFFOLD and works
without transmission of extra variables.

Sharpness-aware minimization. Penalizing the gradient norm is similar to sharpness-aware min-
imization (SAM) (Foret et al., 2021) in the sense that both actions guide gradient descent toward
flat minima. SAM has shown excellent generalization performance in various experiments and been
applied to various areas, including federated learning. FedASAM (Caldarola et al.| |2022) and Fed-
SAM (Qu et al., 2022) are good examples that applied sharpness-aware minimization to federated
learning. Both algorithms have shown a faster convergence speed than FedAvg. From a certain point
of view, this work can be seen as an explanation of how sharpness-aware minimization reduces client
drifts and leads to faster convergence in federated learning from a different perspective.

3 A BACKWARD ERROR ANALYSIS OF FEDERATED LEARNING

As in [Smith et al.| (2021, we now use backward error analysis to estimate the implicit bias under
federated learning. After providing a brief overview on the idea of backward error analysis, we
prove that the implicit regularizer of FedAvg increases the variance of gradients from clients.

3.1 THE IDEA OF BACKWARD ERROR ANALYSIS

This whole section briefly explains the idea of backward error analysis done in Barrett & Dherin
(2020) and Smith et al.| (2021). The basic idea starts from regarding gradient descent as integrating
an ODE of the form w = —VC'(w). Then discrete iterates of gradient descent can be seen as solving
the integration problem with explicit Euler method of order 1, like w(t 4 €) = w(t) — eVC(w(t)).
Unfortunately, when the step size is finite, discreteness of gradient descent steps will bring about
a certain discrepancy from the exact solution of differential equation. To bridge the gap, when
w=—VC(w) = f(w), we introduce the approximated flow of w = f(w), where f(w) is expressed
in powers of step size e.

F) = fw) +efi(w) + € falw) + ... 3)

This is viable when the learning rate € is finite but relatively small. Now the role of backward error
analysis is to find the function for each correction term f;(w). The idea here is to take infinite
number of infinitesimal steps along the modified flow to reach the solution w(t + €). Starting from
wy, the parameter becomes wy, after taking n Euler steps with infinitesimal step size o and for
Witns

Wrgn = wi + af(we) + af (Wir1) + of (Wsn) + “)
=w + af (wy) + af(w + af(w)) + (Wt +af(w) +of(w +afw))+... 6)
=w+ nozf(wt) + Mcﬂ ( o) f (wt) + O(na?) (6)

2

Equation 6 is done by taking the Taylor expansion of f. Now we let ¢ = na while n — oo
and assume that e is relatively small but finite. Since w;,,, reaches w(t + €), assuming the Taylor
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expansion of f converges for e, it is possible to say that
2

w(t+€) = w(t) + ef(w(t) + e5VJE(W(15))JZ(w(Yf)) +0(e) )

= w(t) + ef (w(t) + € (f(w(t)) + %Vf(w(t))f(W(t))) +0(e) ®

In order to derive the correction terms, what to do is identifying w(t + ¢) with the parameter w after
taking a single or multiple steps of optimization. For gradient descent (GD), as a simple example,
the parameter after a single discrete update, wy 41 = w; —eVC(wy), is identified with w(t+¢€). Then
f(w) can be fixed as —VC'(w). Also, at order €2, the coefficient must go to 0 which means that

1 1
filw) = =5 VVC()VCO(w) = =1 V[ VC(W)|? ©)
Finally, it is possible to say that discrete GD iterates follow the path of an ODE with the form of
& = =VOW) = LV[[VCW)|? + O(e) (10)

If the step size € is small enough to ignore high order terms, the modified loss that gradient flow of
GD follows can be expressed as

Cap(w) = Cw) + 7IVOW)IP (an

3.2 BACKWARD ERROR ANALYSIS FOR FEDAVG

The same technique can be used to explain convergence behavior under FedAvg. Unlike in GD,
where only a single step was taken into consideration, we take the result of discrete steps of multiple
rounds to match the solution w(t + €) of the continuous flow.

Firstly, we define the necessary variables beforehand. The cost function of k-th mini-batch sample
of j-th client in the ¢-th round is defined as C};x(w). The mean cost functions are each defined as

E‘_ — —_ .
Cij(w) = £ X1y Cije(w). Ci(w) = =371 Cij(w). and C(w) = L 37771 Ci(w) while the
number of samples in a round,v_clients in a round, and the total rounds are defined as E, m, and n,
respectively. The parameter, w*/, is trained on the j-th client in the ¢-th round and these parameters

are aggregated to form w? in the end of the i-th round. The whole aggregated global parameter is w.

For one client in one round, the learning procedure is the same as the one in SGD. Borrowing the
result from Smith et al.| (2021)), for j-th client in the i-th round, discrete updates of the parameter
w" during E steps with the learning rate e can be expressed as

wiEj = Wéj — GVCijo(UJéj) — EVCijl(o.)lej) — eVCijg(w;j) — = eVCij(E_l)(wgfl) (12)
E-1 E—-1
=wi — €Y VCinwi) +€ )Y VVCii(wi ) VCiji(wy) + O(E*) (13)
k=0 k=0 I<k
=wi —€Y_ VCijn(wy) + E(wy) + O(E*) (14)
k=0

However, the function ¢ depends on the order of mini-batch samples, which makes it hard to inter-
pret the meaning of bias. Knowing that mini-batch samples are randomly shuffled during training,

instead, we obtain the expectation value of %/ and get the expectation value of w} for easy under-
standing.

E-1

E(£Y) = % > > VVCiiVCij (15)
k=0 12k
E2 1 E-1
= TVVCZ‘J‘VCU ) Z VVCijkVCijk (16)
k=0
E2 1 E—-1
= TV(HVO”HQ ] > IVCikl?) a7
k=0
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ij ij ij E2
E(wy) =wi — EeVC;j(wg) +

V(IVCiy(wi))I? ~ Z IV Cijie(wi)II*) + O(E*€)
(18)

The same iterations proceed on multiple clients during multiple rounds. If there are m clients par-
ticipating in each round, the expectation value of wf;, the parameter after one round would be

) ) ] E2 2 m—1 m—1E—1
E(wg) = wy — EeVCi(w) + Z IVCij(wo) I ~ Z > IVCuwH)I?) + O(E>)
7=0 k=0

(19)

Using this result, we can obtain the expectation value of w,, g, which is the parameter after going
through n rounds. But before we get E(w,, ), we get the value of w,, g itself first.

wne = wo — EeVCo(wo) + E262§0(w0) — EeVCi(wg) + E?&¢, (wg) — -+ O(ESES) (20)
n—1 n—1 n—1
=wy— Ee Y VCi(wo) + E* Y > VVC;i(wo)VCi(wo) + E?€ Y &i(wo) + O(E€®)
i=0 i=0 1<i i=0
(21)

In order to obtain E(w,, i), we combine the results from Equation 18, 19, and 21.

n2E2e? 1
(||VC wo ||2 - \VC wo ||2

E(wng) = wo — nEeVC(wp) + 3

n—1m—

W

n2E Z Z Z IV Cijr(wo || )+ O(n 3E3e3)
=0

i=0 j=0 j=0 k=
(22)

Reminding of Equation 8, if we let € in Equation 8 to be nFEe, w, g must have the form of
— 27722 1 2 333
wnE = wo — nEeVC(wy) + n°E%e (fl(wo)+4VHVC(w0)|| )+ O(n°E°¢) (23)

Then it is possible to assess the correction term f; to be

n—1 n—1m-—1 n—1m—1FE-1
1
hr= 4n? Z ”VCiH2 + n2 Z Z HVCUHQ 4mn2E2 ||VC'”;€||2 (24)
=0 =0 j5=0 =0 7=0 k=0

Since an ODE has the approximated form of & = —VC(w) + nEefi(w) = —VCava(w), the
modified loss that the gradient flow follows is

3
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3
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(25)

and we deduce Equation 25 noting that Z;'Z)l (VCi(w) — VCjj;(w)) = 0. Also note that equations
above are viable only when n, E, and € are small enough to neglect high order terms.

Unlike in GD or SGD, the implicit regularizer for FedAvg is composed of two terms:

T Yico o [VCi(w) = VOi;(w)1” and gty 3270 070" 3200 IV Cigi () 2. We call
each term the drzftmg term and the generalizing term in this paper The generahzlng term, which has

the same format as the implicit regularizer of SGD, is the term known to aid generalization and help
the converged model to achieve higher accuracies (Smith et al., 2021). The drifting term is the one
that makes a difference. When the modified loss is reduced, the drifting term increases the distance
between the gradient of each client and the average gradient of clients in a round. This will increase
the gradient variance which can be a problem to the convergence of FedAvg in certain stages of
training. We theoretically provide a rough indication how and when the drifting term hampers the
convergence of FedAvg by increasing the gradient variance in the appendix.
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However one thing to note is that, though we expressed that the drifting term disperses the client
gradients for easy understanding, it would be actually more accurate to say that the drifting term
allows the client gradients to disperse from the average. This is because an implicit regularizer
is merely a tool to show the path of the gradient flow, not a real loss function. Therefore, the
effect of the increased gradient variance will become prominent if and only if the data setting is not
completely i.i.d, where same all data is shared among clients.

4 INSPECTING THE EFFECT OF THE DRIFTING TERM

One way to inspect the effect of the drifting term is to compare the convergence behaviour of FedAvg
with and without the drifting term. In order to empirically check the effect of the drifting term, we
manually removed the drifting term from the updated parameter. We first calculated the average
of client gradients VC;(w{) in the server and sent it to the client. After the client receiving the
averaged gradient, we calculated the average of its mini-batch gradients VC;;(w}) in the client. We

then obtained #VHVQ (wh) — VCij(wh)||? and subtracted it from the parameter of the client.
The modified loss of the aggregated parameter has the form below with no term of a drifting effect.
n—1m—-1E-1

Cunodisica(®) =C@) + 7=~ >~ 3 Vi) (26)

i=0 j=0 k=0

From a certain view, removing the term can be regarded as simulating SGD. We ran a series of
simple experiments with the original FedAvg and FedAvg with the method above to compare the
results. We confirmed that the FedAvg with the method above showed higher test accuracies on
non-IID settings and was able to show that the drifting term hampers convergence of FedAvg.

4.1 FEDSAM FOR VARIANCE REDUCTION

Though seeking flat minima seems far from removal of the drifting term, we suggest that seeking flat
minima is highly related to mitigating the drifting effect. In this section, we analyze how FedSAM
(Caldarola et al.| [2022) (Qu et al.} 2022)) seeks flat minima to mitigate the drifting term and acquires
better performance than FedAvg. For clarity, we refer to an approximation method in |Zhao et al.
(2022) and |Geiping et al.| (2022) that is used for computation of Hessian-vector product. Through a
finite-differences approximation, the corresponding gradient to a gradient norm penalty is computed

Cw+eVC(w)) — Clw)
€

when the magnitude of ¢ is very small like 0.01/||VC(w)|| as in [Foret et al.[(2021). If we put this
to a loss function as an explicit regularizer with coefficient A, the approximated loss will be

1
VS IVCW)* = @7)

C@) + S IVOWI? & 20w +eV0w) + (1 - 2)0w) e8)

If A = ¢, the loss function is the same as the one of sharpness-aware minimization. This shows
that sharpness-aware minimization is equivalent to training a model with a gradient norm penalty.
However, ¢ of sharpness-aware minimization could be smaller than Fe/2 if the norm of the gradient
is large. Also, FedSAM gives penalty to the mini-batch gradients instead of the norm of an average
gradient of all mini-batches of a client. In this case, if ¢ is smaller than Fe/2 and a subsidiary
implicit regularization caused by the gradient penalty itself is ignored, the modified loss becomes

~ 2 . 2
Crepsan(w) = +—Z||vc W= — 5 vao - V(W)

n—1lm—1E—-1

(W) = VCij(w)|? (29)

2mn =5 j=0 k=0
The implicit regularizer for FedSAM is composed of three terms is under the influence of €. It is pos-
sible to observe that the presence of ¢ reduces the magnitude of the drifting term and mitigates the
drifting effect. Also, the last term of the implicit regularizer minimizes the mini-batch gradient vari-
ance. If € is smaller than Fe/2, such effects will ’partially’ mitigate the drifting effect and enhance
the performance of the converged model. We discuss further in the appendix with experiments.
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4.2 BACKWARD ERROR ANALYSIS FOR SCAFFOLD AND FEDDYN

Another simple solution to mitigate the drifting effect would be enforcing the client gradients to be
close to each other. Variance reduction methods like Karimireddy et al.|(2020) and|Acar et al.[(2021)
are exactly the ones to do that kind of stuff. Utilizing the information from gradients of previous
rounds, those methods prevent local gradients from deviating and mitigate the client drifting effect.

As done for FedAvg, a backward error analysis can be done for SCAFFOLD to explain the con-
vergence behaviour. For convenience, we now assume that all the clients are fully participating in
each round and each client is going through a full-batch training, which makes C;, C;; and C};, the
same. Regardless of the change of the situation, the loss is modified under the influence of a finite
learning rate and the modified loss under SCAFFOLD can be expressed as

Cscarrorp(w) = C(w) + EHVC(W)HQ (30)

when the learning rate is small enough to make O(E?¢?) negligible.

The same technique can be applied to FedDyn to analyze the convergence behaviour. Though Fed-
Dyn was influenced by SCAFFOLD, its method shows a big difference in one important regard: the
time when the server control variate is added to the parameter. Unlike SCAFFOLD, which adds the
server control variate every time the client updates its parameter, FedDyn adds the server control
variate only when the server performs aggregation. Not only does this method make a difference to
the communication overhead, but also makes a difference to the gradient flow. The loss is modified
under the influence of finite learning rate and the modified loss under FedDyn can be expressed as

- E
Creppyn(@) ~ Cw) + VO W) G

when the learning rate is small enough to make the gradients from the previous and the current round
close to each other. The loss above is viable only when aw = 1/FEe. If «v is smaller, FedDyn acts as
if the learning rate has become larger than e and the modified loss can be expressed as

~ 1
Creppyn(w) ~ C(w) + - [VC(W)[” (32)
We show a detailed analysis on SCAFFOLD and FedDyn in appendix.

The difference in the modified loss of FedDyn from the one of SCAFFOLD is the magnitude of
the generalizing term. Due to a longer interval between additions of the server control variate, it
shows an effect as if the learning rate has become larger. The magnitude of the generalizing term of
FedDyn is E-times larger than the one of SCAFFOLD.

5 EXPERIMENTS

‘We now run experiments on multiple datasets to assess our analysis. We run experiments on FedAvg
and multiple variance reduction methods: SCAFFOLD, FedDyn, FedSAM, and our method that
removes the drifting term. We compare the results of these methods and observe how the drifting
term and the generalizing term of the modified loss affects the convergence behaviour.

5.1 SETUP

Datasets and models. For benchmark, we use famous image datasets used in previous FL works
as MNIST (LeCun et al., |1998), FEMNIST (Caldas et al., |2018)), and Fashion-MNIST (Xiao et al.}
2017). Except FEMNIST, which is naturally non-IID, all datasets were trained on both IID and
non-IID environment. The IID environment was produced by randomly assigning samples to each
client. For non-IID setting, we use a Dirichlet distribution with parameter 0.2 for uneven sampling
of label ratios. 100 clients have been trained on MNIST, Fashion-MNIST and 520 clients have been
trained on FEMNIST. As in previous works by [Karimireddy et al| (2020) and |Acar et al.| (2021),
training with full participation and with partial participation ratio of 0.1 were done on each dataset.

For MNIST and Fashion-MNIST, we use a CNN model consisting of 2 convolutional layers with 10
and 20 5 x 5 filters, fully-connected layers 50 neurons, and a softmax layer. For FEMNIST, we use
a CNN model consisting of 2 convolutional layers with 32 and 64 7 x 7 filters and a softmax layer.
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Participation Dataset | FedAvg SCAFFOLD FedDyn FedSGD FedSAM  Ours
Dirichlet(.2)
MNIST 96.73 97.82 97.8 98.11 96.94 98.19
FMNIST 76.8 77.78 77.49 80.88 78.25 82.79
10% 1D
MNIST 98.03 98.04 98.03 98.12 98.05 98.11
FMNIST 82.18 82.2 82.26 81.94 82.25 82.37
non-IID
FEMNIST | 73.83 76.56 76.92 76.47 75.24 76.52
Dirichlet(.2)
MNIST 96.71 97.95 97.9 98.1 97.03 98.29
FMNIST 77.98 78.86 79.24 81.61 78.65 82.88
100% 1D
MNIST 98.03 98.09 98.08 98.08 98.1 98.1
FMNIST 82.15 82.09 82.19 81.58 82.21 82.23
non-IID
FEMNIST | 73.23 76.62 77.26 76.03 75.1 76.5

Table 1: Test accuracies(%) of federated learning optimization strategies on various datasets. To
consider the stability of each method, we show the average of five highest accuracies that each
optimization method has achieved. It is possible to observe that FedSGD and our method shows
higher test accuaracies on non-IID settings. This results verify our backward error analysis on the
drifting effect of FedAvg.
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Figure 1: Test accuaries(%) of SCAFFOLD according to the magnitude of the generalizing term.
The dotted line denotes the test accuracy of FedSGD with the learning rate of 0.001. For all datasets
the test accuracy slightly decreases as the magnitude of the generalizing term increases. On the other
hand, the magnitude of the generalizing term for FedSGD was 0.1 on MNIST and Fashion-MNIST,
and 0.038 on FEMNIST which is larger than the maximum value of the x-axis. Despite its large
generalizing term, FedSGD shows better performance than SCAFFOLD in most situations, which
means that high-order terms of the modified loss have an impact that cannot be easily ignored.

Hyperparameters. To fully observe the effect of variance reduction methods, we used a normal
SGD optimizer with no momentum and learning rate decay for all experiments. The learning rate
was 0.001 for all datasets, which is small enough to satisfy the assumption of our analysis. The
models were trained for 1000 rounds. For all datasets, the batch size was 30 and local epoch was 5.

For FedSAM, as in [Foret et al. (2021)), the value of ¢ was set as 0.01/||VC(w)||. For FedDyn,
the setting of hyperparameter was an important issue. In the appendix, we found that setting «
as a smaller value would make FedDyn show an effect as if the learning rate was bigger. For fair
comparison on the effect of the drifting term, we decided to set « as 1/Ee in all experiments. We
obtained the average number of mini-batch samples of clients as F, and used 1/Ee as «.. The value
of o was 10 for MNIST and Fashion-MNIST, 26.31 for FEMNIST. On the other hand, the same
method was used to decide the value of E for our method with gradient penalty. The value of Ee
was 0.1 for MNIST, Fashion-MNIST, and 0.038 for FEMNIST.



Under review as a conference paper at ICLR 2024

5.2 RESULTS

The effect of the drifting term The first experiment was to check the effect of the drifting term.
We ran experiments of FedAvg with and without the drifting term on MNIST, Fashion-MNIST,
and FEMNIST with non-IID settings and compared the results. We also compared the results with
FedSAM for verification of our analysis. As shown in Table 1, the test accuracies were increased
with our method and the performance was certainly better than the result of FedAvg. This result
shows that the drifting term hampers the convergence of FedAvg in late stages of training.

Also, our method showed better performance than FedSAM under data heterogeneity. This result
shows that FedSAM only partially mitigated the drifting effect as our expectation. To discuss more,
we ran an experiment of switching the value of ¢ of FedSAM to Fe/2 to inspect the effect of the
implicit regularization of FedSAM. We describe details on the empirical analysis in the appendix.

The generalizing term and high-order terms The next experiment was to check the effect of a
generalizing term and high-order terms. We ran experiments on SCAFFOLD and FedSGD. We did
not use other method due to several reasons: the modified loss of FedDyn we acquired is in an fairly
approximated form, and our method is prone to the gradient variance which makes it prone to a large
learning rate as well. SCAFFOLD has a generalizing term with a coefficient /4 while FedSGD with
a learning rate of Fe is I'-times larger. We compared results of two methods to inspect the effect of
a generalizing term and high-order terms of an implicit regularizer.

In order to inspect the effect of the generalizing term, we ran SCAFFOLD with various learning
rates so that the magnitude of the generalizing term would also be various. We ran experiments
for a long period of time - for epochs whose number exceeds 1500 x 0.001 when multiplied by
the learning rate. As shown in Figure 1, the test accuracy of the converged model decreased as the
magnitude of the generalizing term increased, which is different from the result on SGD from |Smith
et al.| (2021).

Another thing to observe was that the performance of FedSGD was superior than SCAFFOLD in
most cases though the magnitude of the generalizing term for FedSGD was large - it was 0.1 for
MNIST, Fashion-MNIST and 0.038 for FEMNIST which are larger than in all cases of SCAFFOLD
on each dataset. We pointed out the presence of high-order terms of the modified loss as the cause
of this phenomenon. Still, in Table 1, the gap between the results of FedAvg and SCAFFOLD were
much bigger than the ones between SCAFFOLD and FedSGD and we concluded that the effect of
the drifting term is much larger than the effect of high-order terms.

6 CONCLUSION

In this work, we used the backward error analysis technique to find the implicit regularizer for
federated learning and analyze the convergence behaviour in a more intuitive way. The implicit
regularizer for federated learning was composed of two terms: the drifting term, which disperses the
gradient of each client from the average gradient of clients in a round, and the generalizing term,
which penalizes the norm of mini-batch gradients. We inspected various methods that can mitigate
the effect of the drifting term: SCAFFOLD and FedDyn, and FedSAM, etc. We also employed the
backward error analysis technique to analyze those methods and showed that each method has its
own modified loss with a smaller drifting term which leads to a better performance.

However, there exist limitations to our analysis. As in|Smith et al.|(2021)), our analysis is valid only
when the learning rate should be small enough to high-order terms insignificant. Such an assumption
of a small learning rate was also made in previous works, for example, Karimireddy et al.| (2020)
assumed that the local learning rate is smaller than a threshold inversely proportional to the number
of local updates. Another thing to notice is that our analysis does not consider the variance of a
parameter due to a shuffled order of mini-batches, while such factors can affect the convergence
behaviour. Some of those limitations was actually shown to be effective in our experimental results.

Despite these limitations, our analysis succeeded its purpose to provide an intuitive way to under-
stand the behaviour of various federated learning methods. Also, the experimental results fairly
corresponded to our predictions, which means that our analysis still holds. We expect our works to
be used for easy understanding of convergence behaviours of various federated learning methods.
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A CONVERGENCE BEHAVIOUR OF FEDSAM

The modified loss of FedSAM has the form below

,_.

m—

Crepsam(w) = + Py Z IVCi(w)|I* - ( g ) > IVCi(w) = VCij(w)|?

4mn an —

S

n—1lm—1E-1

an Z Z Z [VCij(w) — VCijn(w)]?

i=0 j=0 k=0

if we ignore the subsidiary implicit regularizer caused by frequent application of mini-batch gradient
norm penalty. The implicit regularizer for FedSAM is composed of three terms: a generalizing term
that penalizes the gradient norm, a drifting term that disperses the client gradients, and a new term.
One thing to notice is that all three terms depend on the variable €. The presence of ¢ in the drifting
term decreases the magnitude of the drifting term, reducing dispersion of client gradients. Also, it is
possible to predict that the variance of mini-batch gradients will decrease when the new term, with

anZ Z Z ivclj( ) vcijk(w> 2’

We empirically checked the effect of those terms by changing the value of ¢ to Fe/2, which can
make the magnitude of the drifting term zero while increasing the magnitude of the new term. We
have done experiments on MNIST and Fashion-MNIST on non-IID settings and full client participa-
tion. The learning rate was 0.001 and we trained the model for 300 rounds for MNIST, 500 rounds
for Fashion-MNIST. The model was different from the main experiments: we used a CNN model
consisting of 2 convolutional layers with 32 and 64 7 x 7 filters and a softmax layer for all three
experiments, which is a model bigger than the model used in previous experiments for MNIST and
Fashion-MNIST. We used a larger model for stability of mini-batch gradients.

a form of is minimized.

mnist fashion-mnist

— €

- E€f2

0 50 100 150 200 250 300 0 100 200 300 400 500
Rounds Rounds

(a) (b)

Figure A.1: The value of ¢ during training. Training was done on (a) MNIST and (b) Fashion-
MNIST with non-IID settings and full client paricipation. The dotted line denotes Ee/2. It is
possible to see that ¢ is smaller than Ee/2.

First thing done was investigating the value of € during a normal training with FedSAM. The value
of € was set as 0.01/||VC;x(w)||. As shown in Figure A.1, while the value of ¢ mildly fluctuated
during training, the value stayed below Fe/2, which accords with our assumption on the value of .
Next thing done was inspecting the effect of the mini-batch gradient variance. One attempt we made
was to change the value of € to Fe/2 in the early stages of training. As a result, the gradient exploded
and the loss became NaN, which means that the mini-batch gradient variance is heavily affecting the
convergence behaviour. One of the reason for such an explosion was due to the increased variance
of the mini-batch gradients. As shown in Figure A.2, the variance of mini-batch gradients rapidly
increased in the early stages of training and slowly decreased in the later stages. The increased
magnitude of the term Zm ! Z HVC’,]( w) — VCijk(w)||? could heavily affect the gradient
variance in the early stages.

Therefore, in additional experiments, we switched the value of ¢ at the late stage of training where
the gradient variance is reduced and the training procedure is stable. We switched the value at
200-th round on MNIST and 300-th round on Fashion-MNIST. As a result, though the convergence
behaviour became extremely unstable initially after switching, the performance quickly catched up
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Figure A.2: Mini-batch gradient variance during training of (a) MNIST and (b) Fashion-MNIST.
Though the variance may rapidly increase initially after the switch, the variance decreases and be-
comes smaller than the one of FedSAM in later stages.
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Figure A.3: Test accuracy(%) during training of (a) MNIST and (b) Fashion-MNIST. We switched
the value of € to E'e/2 at 200-th round for MNIST, 300-th round for Fashion-MNIST. Though the
convergence behaviour became extremely unstable initially after switching, the performance quickly
catched up to or surpassed the ones of FedSAM.

to or surpassed the ones of FedSAM. In spite of a huge gap between the value of £ and Fe/2 in late
rounds, the performance was similar or better. The results show that the drifting effect is mitigated
more when ¢ is as big as Fe/2.

Through a backward error analysis and experiments, we concluded that FedSAM enhances the con-
vergence behaviour by mildly and gradually removing the drifting term of the modified loss, which
is similar to performing an ’interpolation’ between FedAvg and FedSGD.

B HOW A DRIFTING TERM AFFECTS THE CONVERGENCE SPEED OF FEDAVG

In this section, we do not explicitly show an exact bound of convergence rate of FedAvg. Instead,
we provide a brief overview how a drifting term slows the convergence speed of FedAvg. For
ease of analysis, we only consider a situation where all clients participate in all rounds. Ignoring a
generalizing term, we consider the following optimization problem:

m—1
. ~ Fe 9
win § €)= Ow) = 03 IV0() = VO, )] (33)
]:
Then we make a few assumptions on cost functions C, . .., C,,—1 for an easier analysis.

Assumption 1.  Cost functions Cy, . . ., Cp,—1 are all L-smooth: ||VC;(z) —VC;(y)|l2 < Lz —
yl|2 for any x, y and L > 0.

Assumption 2. The learning rate or step size € is bounded: ¢ < 1/L.
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Assumption 3. The gradient norm of the variance of cost functtons divided by the gmdlent norm

L w w
of the average cost function is bounded: ”V\ﬁ@g(gj)h‘;)”h = I 2052 V”vag((w))lbvc‘ HCIHE <g.

Overview. Our assumption that cost functions are L-smooth implies that the average cost function
C is also L-smooth. This property leads to the following inequality:

Cly) < C@) +(VO(@),y — ) + o 1y — al} G4

Ifweletz = wandy = wt = w—eVO(W) = w—eVC (W) +£& Y V| VO (w) - VO;(w)]I3,
which is a one-step update of gradient descent from w, we then get

Cw*) = Ol — eVO(w mzlvuvc VO @)IB)
< C(w) - (VOw), eVC(w szlvnvc Ve, @)I3)
+ L eve Wzlvnvc CiIBI
=C<w>—e<1—%>||vc< I3+ 220 - Lovew ;ni:vvc VO (@) 3)
L Zvnvc AL (35)

Now an important factor for bounding C'(w™) is whether the term (VC'(w), Z'jm:_ol VIVC(w) —
C;(w)||3) is not smaller than 0. To know if it is true, we should know what the term means: it
1ndlcates whether -1 Z ||VC’ (w) — VC;(w)||3 increases or decreases if the parameter is one-

step-updated followmg the cost function C. If L Z;’;j)l [VC(w) — VC;(w)||3 decreases, the term
(VO(w), = 27;01 V| VC(w) — VCj(w)||3) is larger than 0.

Another thing to notice is that - Z;":_Ol [VC(w) — VCj(w)||3 indicates the variance of client
gradients. In the experiments by Johnson & Zhang| (2013), the gradient variance has decreased dur-
ing training in the overall perspective, which indicates that -1 Z;-n;Ol [VC(w) — VCj(w)||3 will
also decrease if the parameter is one-step-updated following the cost function C. This empirical
evidence implies that the assumption (VC(w), = Z;n:_ol V|IVC(w) — VC;j(w)||3) > 0 is not im-
plausible at least in intermediate stages of training. In this paper, we do not exactly show that
L i HVC’ (w) — VC;(w)||3 will decrease during training but instead show that the approxima-
t10n of the gradient variance decreases when the current parameter is far from the optimal point.

m—1 m—1
1 1
) 2 VIVC(w VCiw)ll3) = ), 2 VIVC(w )3 = VIVC; (@)13)
Jj=0 7=0
9 m—1
= = 3 (VO (w), IV O @) VC(w)

<
Il
o

- 2(VC(w), VVC(w)VC(w))
(36)
Here, as a rough explanation, we regard the current minimization problem as a maximum likelihood

estimation problem and use the Fisher information matrix as an expectation of Hessian, or the current
problem can be regarded as a sort of least square minimization problem and we can use a Gauss-
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Newton approximation of Hessian. We use VVC;(w ) ~ VC;(w)VC;(w)T then we get

ZVHVC ZIIVC )Z{VC)(w), VC () =2 VC(W)ll3

(37
If the current parameter is far enough from the optimal point so that the angle between VC'(w) and
V(C;(w) is small, then we can approximate the equation above as

m—1
1
w), — > VIVC(w)-VCiw)|l3) ~ — Z IVC; (@) [3IVC(w)ll2 =2 VC(w)3 (38)
Reminding that 1 Z;”:_Ol VCj(w) = VC(w), by Jensen’s inequality,
m—1 m—1
Z V|IVO(w Z IVC;@)IBIVCW)ll2 — 2[VC(w)]3 > 0

(39)

Now we assume that (VC(w), L Z;":Bl V|IVC(w) — VC;j(w)|3) > 0, with assumption 2 and 3
we can bound C(w™) as

€ 62 63
Cw") £ 0w) — 1 = Z)VOW)IE+ S (1 - LG VOW)I3 + == V@)

32
Le FEe € .
=COw) —e(l= 5 = (1= Le)o )Vl (40)
Compare this bound to the bound of gradient descent:
Le
Cwh) < Cw) —e(1 = ) IVCW)I3 1)

It is possible to observe that the upper bound has become larger and the effective learning rate has
decreased due to the presence of the drifting term, which hampers the convergence of FedAvg.

While the assumption of decreasing gradient variance might be viable in the intermediate stages of
training, such an assumption can be incorrect in the very early stages of training where the norms
of gradients tend to increase rapidly as depicted in Figure A.2. If the variance of gradients increase
due to the increasing norm, (VC(w), L Z;“:_Ol V||[VC(w) — VC;(w)||3) will become negative and
FedAvg might show a faster convergence than variance reduction methods. In fact, we were able to
observe such a phenomenon in early stages of training during our experiments.
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Figure B.1: The variance of pseudo-gradients from clients. The variance rapidly increases in the
initial stage and starts to decrease after a certain number of rounds. This also shows that the as-
sumption of the decreasing gradient variance is viable in real training situations.

We checked the value of the gradient variance during training on MNIST and Fashion-MNIST to
examine if there is a correlation between the accuracy of FedAvg and the fluctuation of the gradient
variance. Not only were we able to verify that FedAvg can be faster in the early stages of training,
but also observe that the time FedAvg starts to become slower coincides with the time the gradient
variance starts to decrease. These results indicate that our analysis on the drifting term not only
explains why FedAvg overall performs worse than gradient descent, but also explains why and when
FedAvg can perform better than other optimization algorithms.
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Figure B.2: Test accuracies of various federated learning methods on (a) MNIST and (b) Fashion-
MNIST. It is able to observe that FedAvg converges faster than SCAFFOLD and FedDyn in the very
early stages of training. Another thing to observe is that the time FedAvg starts to become slower
coincides with the time the gradient variance starts to decrease.

C IMPLICIT REGULARIZER OF CONVENTIONAL VARIANCE REDUCTION
METHODS

In this section, we define some of the variables otherwise. Here, the cost function of j-th client is
C;(w), while the client is performing a full-batch training with the learning rate e. The average of all
cost functions of clients is C(w). The training is done for n rounds with m clients, and the number
of iterations of each round is 2. We assume that all clients participate in training for all rounds.

C.1 IMPLICIT REGULARIZER OF SCAFFOLD

During training of the j-th client at the i-th round, the parameter w® is being updated based on
the client control variate c;; and the server control variate c;. First, we need to approximate c;;

and ¢;, which we will approximate as VCj (w(()i_l)j ) and VC (w(()i_l)j ). Since the first round of
SCAFFOLD starts with ¢;; and ¢; as zero which makes the first round equivalent to FedAvg, we

consider that w/ = w(()i_l)] EeVC’( (i=1)7 ) + O(E?¢?) assuming the parameter updates are

similar to the ones of FedAvg. It is pos51ble to check that this assumption can be applied to all later
rounds when the first round is equivalent to FedAvg. Then we can obtain VC} (wéﬁfl)] ) with
VO, (w7 = VO (wi + EeVC(w( ™) + O(E%))
= VC;j(wf + BeVC(wg + EeVC(w(()iil)j)) + O(E%*é))
= VCj(wi + EeVC(wy)) + O(E*€?) (42)

Since we will always multiply control variates with E'e, we ignore high-order terms and approximate
¢;j as VCj(wy + EeVC(wg')). In the same way, we approximate ¢; as VC(wg + EeVC(w()).
Now the discrete updates of the parameter w® during E steps can be expressed step-by-step.

Wi = wi — (VO (wi) = cij + i) 43)
Wi = wi —e(VC;(wi — e(VO;(wg) — cij + ¢i)) — cij + ¢i) (44)
g g g E(E -1 g iy
wp =wg — Ee(VCj(wg') = ¢ij +¢i) + %62chj (wg' )(VCj(wg) — cij + i) + O(E°€%)
45
Neglecting O(E3€3) terms, parameter w;; is expressed as
wip = wi = Eev0< /) = B*VC(wi ) VV(C(wy) - Cj(wy)
€2 Z VVCO;(wdVC(wi) + O(E3E3) (46)
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After the i-th round, the client parameters are aggregated and form a parameter w’.

@emwcwgw +O(E*¢) (47)

After n rounds of training, the expectation value of global parameter w will become as

wg = wé - EeVC’(wé) +

n?E%e 9 1 9
E(wng) = wo — nEeVC(wo) + V([IVC(wo)||” — EHVC(WO)H
l 2 _ L 2 373 3
+ VO |2 = —[IVC(wo)I?) + O(n* ") (48)
n2E2e2

1
=wy — nEeVC(wy) + V(||VC(wo)]* — @HVC’(wO)HQ) +0(nPE3e) (49)
Then the modified loss under SCAFFOLD is

Csoarrorp() = Cw) + £ [VCW)|? (50)

C.2 IMPLICIT REGULARIZER OF FEDDYN

In FedDyn, for the j-th client at the i-th round, firstly the local parameter w* is updated along the
loss function R, (W) = C;(w') — (VC;(wli ), wi) + 2w — wgl||? while VC; (wi=17)
acts as a client control variate and w(; 1) g is a global parameter from a previous round. The discrete
updates of the parameter w% during E steps can be expressed step-by-step.

w = wi — eVC; (W) + eVC;(wi ) — ea(w — wi) (51
W = — VC, ) + VO i) - calw — )

= (1 — eca)wy + eawy — eVC; (W) + €VC; (wgfl)j) (52)
wg =(1- ea)w L+ caw + eVCj(wgil)j) —eVC; (wg_i) (53)

Then, after we organize the equations above, the updated parameter wg will become

wiEj =(1 —ea)Ewéj-i-eozwéj(l-i—“--i-(l a)F ¢ E a)F1m k (VCj(wg_l)j) —VCj(wzj))
1-(1 ea) ( ) £
_ i — = i— lj )1k 4
wg + — eVC;( ,;:0 eVC;(wy 7 (54)

If we ignore high-order terms, it is possible to express wj, as

E(E _ 1) ) B Bl .
Wi =wi + (Be— #QEQ)VC’j(wg_I)j) - Z(e — (B —1-k)ae®)VC;(w)) + O(E??)
k=0

E(E-1) e2>vcj<w§;‘”j> = (e~ (E = 0)ae*)VC;(wy)

= wf + (Be —

— (e — (E = 1)ae)VC;(w — eVC;(wd) + eVC;(wi™) + O(E2)) —

=W — Be(VC;(w) — VC;(wi™D7)) + @ez(a(vcw) VO (Wi
+ VVC(wd)VC (i) — VVC(wi)VC; (Wi M)) + O(E3e?) (55)

After the client updates, the server-side control variate is added to the aggregated parameter. Here, if
the parameter w*’ is sufficiently minimized throughout the round, the server-side control variate h*

becomes the average of local gradlents - ZT 01 vC (wo ) (Acar et al| 2021). During the global
parameter updates, we set & = E—e then the discrete updates of the global parameter w can be
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expressed step-by-step as

m—1 m—1
WE & Wo — % > (VCj(wo) — VCi(wg") + VCj(wi)) + @g D (a(VC(wy) — VCi(w
=1 =0
+ VVC (wp)VC(wo) — VVC(wo)VC; (W) + O(E3E3) (56)
ng%wE—% Z(VC’j(w ) — VC;(w¥) 4+ VC;(w ))+@62 Z(a(VC(wE)—VCj(w

j=1 =0

+ VVC(wp)VC(wp) — VVC(wg)VC;(w)) + O(E3e)
E s .
seeT EE Z(VC'(Wo) —VCj(wg) + NCstwy)
+ VO (wg) — YCHDY) + VO ( (57)

Ignoring high-order terms, then the expected value of w,, g can be approximated as

m—1

o 22,2
wnE = wy — nEeVC(wy) Ee— Z VCi( ( D n ¢

V(IVC I = ~IVC(wo) )

+O0(n*E36%) (58)

If the parameter was updated enough, the modified loss can be approximated as

Creppyn(w) = C(w )Jr*HVC( )|I” (59)

If the value of « is smaller, FedDyn shows effect as if the learning rate has become larger to 1/cv.
With different c, if 1/« is small enough, the aggregated parameter w, g can be approximated as

n3

WnE A Wo — gVC(wO) V(IVC(wo) I ~ *IIVC(wo)II )+ ( 5) (60)

4oy An2

and the modified loss can be approximated as

Creppyn(w) & C(w )+*||VC( )|I” (61)

However, there is one limitation to this analysis: as in|Acar et al.|(2021) we assumed that h' becomes
% Z;.n:_ol vC (wéj) when a round ends. Such an assumption is satisfied when the local loss function
R, (W) = Cj(wi?) — (VC;(wli™7), wid) + 2w — wg||? is sufficiently minimized for a long
period. The point of collision is another assumption of our analysis: a small magnitude of Fe. A
small magnitude of £e hampers a sufficient minimization of the local loss function R (w"). Though
we assumed that i’ becomes - Z;n 01 VC(w) following the assumption of |Acar et al.[(2021), it
makes Equation 61 remain as an approx1mat10n of the modified loss of FedDyn.
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