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A ADDITIONAL RELATED WORK

The number of research in federated learning is proliferating during the past few years. In federated
learning, the main objective is to learn a global model that is good enough for yet to be seen data
and has fast convergence to a local optimum. This indicates that there are several uncanny resem-
blances between federated learning and meta-learning approaches (Finn et al., 2017; Nichol et al.,
2018). However, despite this similarity, meta-learning approaches are mainly trying to learn mul-
tiple models, personalized for each new task, whereas in most federated learning approaches, the
main focus is on the single global model. As discussed by Kairouz et al. (2019), the gap between
the performance of global and personalized models shows the crucial importance of personalization
in federated learning. Several different approaches are trying to personalize the global model, pri-
marily focusing on optimization error, while the main challenge with personalization is during the
inference time. Some of these works on the personalization of models in a decentralized setting can
be found in Vanhaesebrouck et al. (2017); Almeida & Xavier (2018), where in addition to the opti-
mization error, they have network constraints or peer-to-peer communication limitation (Bellet et al.,
2017; Zantedeschi et al., 2019). In general, as discussed by Kairouz et al. (2019), there are three
significant categories of personalization methods in federated learning, namely, local fine-tuning,
multi-task learning, and contextualization. Yu et al. (2020) argue that the global model learned by
federated learning, especially with having differential privacy and robust learning objectives, can
hurt the performance of many clients. They indicate that those clients can obtain a better model by
using only their own data. Hence, they empirically show that using these three approaches can boost
the performance of those clients. In addition to these three, there is also another category that fits
the most to our proposed approach, which is mixing the global and local models.

12



Under review as a conference paper at ICLR 2021

Local fine-tuning: The dominant approach for personalization is local fine-tuning, where each
client receives a global model and tune it using its own local data and several gradient descent
steps. This approach is predominantly used in meta-learning methods such as MAML by Finn
et al. (2017) or domain adaptation and transfer learning (Ben-David et al., 2010; Mansour et al.,
2009; Pan & Yang, 2009). Jiang et al. (2019) discuss the similarity between federated learning and
meta-learning approaches, notably the Reptile algorithm by Nichol et al. (2018) and FedAvg, and
combine them to personalize local models. They observed that federated learning with a single
objective of performance of the global model could limit the capacity of the learned model for
personalization. In Khodak et al. (2019), authors using online convex optimization to introduce a
meta-learning approach that can be used in federated learning for better personalization. Fallah et al.
(2020) borrow ideas from MAML to learn personalized models for each client with convergence
guarantees. Similar to fine-tuning, they update the local models with several gradient steps, but they
use second-order information to update the global model, like MAML. Another approach adopted
for deep neural networks is introduced by Arivazhagan et al. (2019), where they freeze the base
layers and only change the last “personalized” layer for each client locally. The main drawback of
local fine-tuning is that it minimizes the optimization error, whereas the more important part is the
generalization performance of the personalized model. In this setting, the personalized model is
pruned to overfit.

Multi-task learning: Another view of the personalization problem is to see it as a multi-task
learning problem similar to Smith et al. (2017). In this setting, optimization on each client can be
considered as a new task; hence, the approaches of multi-task learning can be applied. One other
approach, discussed as an open problem in Kairouz et al. (2019), is to cluster groups of clients based
on some features such as region, as similar tasks, similar to one approach proposed by Mansour
et al. (2020).

Contextualization: An important application of personalization in federated learning is using the
model under different contexts. For instance, in the next character recognition task in Hard et al.
(2018), based on the context of the use case, the results should be different. Hence, we need a
personalized model on one client under different contexts. This requires access to more features
about the context during the training. Evaluation of the personalized model in such a setting has
been investigated by Wang et al. (2019), which is in line with our approach in experimental results
in Section 5. Liang et al. (2020) propose to directly learn the feature representation locally, and
train the discriminator globally, which reduces the effect of data heterogeneity and ensures the fair
learning.

Personalization via model regularization: Another significant trial for personalization is model
regularization. There are several studies to introduce different personalization approaches for feder-
ated learning by regularize the difference between the global and local models. Hanzely & Richtarik
(2020) try to introduce a new formulation for federated learning where they add the regulariza-
tion term on the distance of local and global models. In their effort, they use a mixing parameter,
which controls the degree of optimization for both local models and the global model. The Fe-
dAvg (McMabhan et al., 2017) can be considered a special case of this approach. They show that the
learned model is in the convex haul of both local and global models, and at each iteration, depend
on the local models’ optimization parameters, the global model is getting closer to the global model
learned by FedAvg. Similarly, Huang et al. (2020) and Dinh et al. (2020) also propose to use the reg-
ularization between local and global model, to realize the personalized learning. Shen et al. (2020)
propose a knowledge distillation way to achieve personalization, where they apply the regularization
on the predictions between local model and global model.

Personalization via model interpolation: Parallel to our work, there are other studies to introduce
different personalization approaches for federated learning by mixing the global and local models.
The closest approach for personalization to our proposal is introduced by Mansour et al. (2020).
In fact, they propose three different approaches for personalization with generalization guarantees,
namely, client clustering, data interpolation, and model interpolation. Out of these three, the first
two approaches need some meta-features from all clients that makes them not a feasible approach
for federated learning, due to privacy concerns. The third schema, which is the most promising
one in practice as well, has a close formulation to ours in the interpolation of the local and global
models. However, in their theory, the generalization bound does not demonstrate the advantage of
mixing models, but in our analysis, we show how the model mixing can impact the generalization
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bound, by presenting its dependency on the mixture parameter, data diversity and optimal models
on local and global distributions.

Beyond different techniques for personalization in federated learning, Kairouz et al. (2019) ask an
essential question of “when is a global FL-trained model better?”, or as we can ask, when is per-
sonalization better? The answer to these questions mostly depends on the distribution of data across
clients. As we theoretically prove and empirically verify in this paper, when the data is distributed
IID, we cannot benefit from personalization, and it is similar to the local SGD scenario (Stich, 2018;
Haddadpour et al., 2019a;b; Woodworth et al., 2020b). However, when the data is non-IID across
clients, which is mostly the case in federated learning, personalization can help to balance between
shared and local knowledge. Then, the question becomes, what degree of personalization is best for
each client? While this was an open problem in Mohri et al. (2019) on how to appropriately mix
the global and local model, we answer this question by adaptively tuning the degree of personaliza-
tion for each client, as discussed in Section 3, so it can perfectly become agnostic to the local data
distributions.

B ADDITIONAL EXPERIMENTAL RESULTS

In this section, we present additional experimental results to demonstrate the efficacy of the proposed
APFL algorithm. First, we describe different datasets we have used in this paper, and then, present
additional results.

B.1 DATASETS

For the experiments we use 4 different data sources as follows:

MNIST and CIFAR10 For the MNIST and CIFAR10 datasets to be similar to the setting in fed-
erated learning, we need to manually distribute them in a non-1ID way, hence the data distribution
is pathologically heterogeneous. To this end, we follow the steps used by McMahan et al. (2017),
where they partitioned the dataset based on labels and for each client draw samples from some lim-
ited number of classes. We use the same way to create 3 datasets for the MNIST, that are, MNIST
non-IID with 2 classes per client, MNIST non-IID with 4 classes per client, and MNIST IID, where
the data is distributed uniformly random across different clients. Also, we create a non-1ID CIFAR10
dataset, where each client has access to only 2 classes of data.

EMNIST In addition to pathological heterogeneous data distributions, we applied our algorithm
on a real-world heterogeneous dataset, which is an extension to MNIST dataset. The EMNIST
dataset includes images of characters divided by authors, where each author has a different style,
make their distributions different Caldas et al. (2018). We use only digit characters and 1000 authors’
data to train our models on.

Synthetic For generating the synthetic dataset, we follow the procedure used by Li et al. (2018),
where they use two parameters, say synthetic(y, 8), that control how much the local model and
the local dataset of each client differ from that of other clients, respectively. Using these parameters,
we want to control the diversity between data and model of different clients. The procedure is that for
each client we generate a weight matrix W; € R™*¢ and a bias b € R¢, where the output for the ith
client is y; = arg max (0’ (ijz + b)), where o(.) is the softmax. In this setting, the input data
x; € R™ has m features and the output y can have c different values indicating number of classes.
The model is generated based on a Gaussian distribution W; ~ N (u;,1) and b; ~ N (u;,1),
where p; ~ N (0,7). The input is drown from a Gaussian distribution z; ~ N (v;, X), where
v, ~N(V;,1)and V; ~ N (0, 8). Also the variance X is a diagonal matrix with value of Xy, j, =
k~12. Using this procedure, we generate three different datasets, namely synthetic(0.0,0.0),
synthetic(0.5,0.5), and synthetic(1.0,1.0), where we move from an IID dataset to a highly
non-1ID data.
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Figure 4: Evaluating the effect of sampling on APFL and FedAvg algorithm using the MNIST
dataset that is non-I1ID with only 2 classes per client with logistic regression as the loss. The first
row is training performance on the local model of FedAvg and personalized model of APFL with
different sampling rates from {0.3,0.5,0.7}. The second row is the generalization performance
of models on local validation data, aggregated over all clients. It can be inferred that despite the
sampling ratio, APFL can superbly outperform FedAvg.

B.2 ADDITIONAL RESULTS

In this part, we present more experimental results that can further illustrate the effectiveness of APFL
on other datasets and models.

Effect of sampling. To understand how the sampling of different clients will affect the perfor-
mance of the APFL algorithm, we run the same experiment with different sampling rates for the
MNIST dataset. The results of this experiment are depicted in Figure 4, where we run the experi-
ment for different sampling rates of K € {0.3,0.5,0.7}. Also, we run it with different values of
a € {0.25,0.5,0.75}. The results are reported for the personalized model of APFL and localized
FedAvg. As it can be inferred, decreasing the sampling ratio has a negative impact on both the
training and generalization performance of FedAvg. However, we can see that despite the sampling
ratio, APFL is outperforming local model of the FedAvg in both training and generalization. Also,
from the results of Figure 2, we know that for this dataset that is highly non-1ID, larger « values are
preferred. Increasing o can diminish the negative impacts of sampling on personalized models both
in training and generalization.

Natural heterogeneous data In addition to the CIFAR10 and MNIST datasets with pathological
heterogeneous data distributions, we apply our algorithm on a natural heterogeneous dataset, EM-
NIST (Caldas et al., 2018). We use the data from 1000 clients, and for each round of communication
we randomly select 10% of clients to participate in the training. We use an MLP model with 2 hid-
den layers, each with 200 neurons and ReLU as the activation function, using cross entropy as the
loss function. For APFL, we use the adaptive o scheme with initial value of 0.5 for each client. We
run both algorithms for 250 rounds of communication. In each round, each online client performs
the local updates for 1 epoch on its data. Figure 5 shows the results of this experiment for person-
alized model of APFL and the localized model of the FedAvg. APFL with adaptive « can reach to
the same training loss of the local FedAvg, while greatly outperforms the local FedAvg model in
generalization on local validation data.

C DISCUSSIONS AND EXTENSIONS

Connection between learning guarantee and convergence. As Theorem | suggests, the gener-
alization bound depends on the divergence of the local and global distributions. In the language

15



Under review as a conference paper at ICLR 2021

100.0.
—>— Localized FedAvg

—e— Personalized APFL (Adaptive o) 97.5

Validation Accuracy

—— Localized FedAvg
—e— Personalized APFL (Adaptive o)

0 50 100 150 200 % 800 a 100 150 200 250

Number of Communication Rounds Number of Communication Rounds

Figure 5: The results of applying FedAvg and APFL (with adaptive ) on an MLP model using EM-
NIST dataset, which is naturally heterogeneous. APFL achieves the same training loss of localized
FedAVG, while outperforms it in validation accuracy.

of optimization, the counter-part of divergence of distribution is the gradient diversity; hence, the
gradient diversity appears in our empirical loss convergence rate (Theorem 2). The other interesting
discovery is in the generalization bound, we have the term Ay and Lp,(h}), which are intrinsic
to the distributions and hypothesis class. Meanwhile, in the convergence result, we have the term
|vi — w*||?, which also only depends on the data distribution and hypothesis class we choose. In
addition, ||v} — w*||? also reveals the divergence between local and global optimal solutions.

Why APFL is “Adaptive”. Both information-theoretically (Theorem 1) and computationally
(Theorem 2), we prove that when the local distribution drifts far away from the average distribu-
tion, the global model does not contribute too much to improve the local generalization and we have
to tune the mixing parameter « to a larger value. Thus it is necessary to make « updated adaptively
during empirical risk minimization. In Section 3, (6) shows that the update of o depends on the
correlation of local gradient and deviation between local and global models. Experimental results
show that our method can adaptively tune «, and can outperform the training scheme using fixed a.

Comparison with local ERM model A crucial question about personalization is when it is prefer-
able to employ a mixed model?, and how bad a local ERM model will be? In the following corollary,
we answer this by showing that the risk of local ERM model can be strictly worse than that of our
personalized model.

Corollary 1. Continuing with Theorem 1, there exist a distribution D;, constant C and Cs, such
that with probability at least 1 — 0§, the following upper bound for the difference between risks of
personalized model h,, and local ERM model ki on D;, holds :

d + log(1/90)

m;

Lo, (ha;) = Lo, (b)) < (27 = 1)L, (h]) + (207 C1 — Cy) +207 G (S))

AT = d+log(1/6
+2(1 = ) (Eﬁ(h*) + B|D - Dif1 + C1 W) .

By examining the above bound, the personalized model is preferable to local model if this value is
less than 0. In this case, we require (22 — 1) and (2a7C; — Cs) to be negative, which is satisfied by

choosing a; < min{@, A/ % . Then, the term 4/ %ﬁl/é), should be sufficiently large, and the

divergence term, as well as the global model generalization error has to be small. In this case, from
the local model perspective, it can benefit from incorporate some global model. Using the similar
technique, we can prove the supremacy of mixed model over global model as well.
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Figure 6: Comparing the effect of fine-tuning with the local model of FedAvg and with the personal-
ized model of APF L on the synthetic datasets. The model is trained for 100 rounds of communication
with 97 clients, and then 3 clients will join in fine-tuning the global model based on their own data.
It can be seen that the model from APFL can better personalize the global model with respect to the
FedAvg method both in training loss and validation accuracy. Increasing diversity makes it harder
to personalize, however, APFL surpasses FedAvg again.

Proof of Corollary 1. Since in Theorem |, we already obtained upper bound for Lp, (h,,) as fol-
lowing,

d + log(1/9)

(2

ﬁpi(hai) < 20412 ‘CD,L' (h:) +2C4 + G)\'H(Sl)

- _ d +log(1/d
+2(1 - ap)? (L‘D(h*) +B|D - Dil + G *‘;gl(/)> ,

to find the upper bound of Lp, (ha,) — Lp, (h¥), we just need the lower bound of Lp, (h?). The
fundamental theorem of statistical learning (Shalev-Shwartz & Ben-David, 2014; Mohri et al., 2018)
states a lower risk bound for agnostic PAC learning: for a hypothesis class with finite VC dimension
d, then there exists a distribution D, such that for any learning algorithm, which learns a hypothesis
h € H on m i.i.d. samples from D, there exists a constant C', with the probability at least 1 — d, we
have:

d +log(1/9)

Since fzf is learnt by ERM algorithm, the agnostic PAC learning lower risk bound also holds for it,

o in worst case it might hold that under distribution D;, if iL;k is learnt by ERM algorithm using m;
samples, then there is a C', such that with probability at least 1 — §, we have:

2 d+log(1/6
Lp,(hy) > Lp,(h])+ Cy L(/)

(2

Thus we can bound Lp, (ha,) — Lp, (h%) as Corollary 1 claims. O

Personalization for new participant nodes. Suppose we already have a trained global model 0,
and now a new device k joins in the network, which is desired to personalize the global model
to adapt its own domain. This can be done by performing a few local stochastic gradient descent
updates from the given global model as an initial local model:

o = o) 0,V (o)) + (1 — ) w; €7 ™

to quickly learn a personalized model for the newly joined device. One thing worthy of inves-
tigation is the difference between APFL and meta-learning approaches, such as model-agnostic
meta-learning (Finn et al., 2017). Our goal is to share the knowledge among the different users,
in order to reduce the generalization error; while meta-learning cares more about how to build a
meta-learner, to help training models faster and with fewer samples. In this scenario, similar to
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FedAvg, when a new node joins the network, it gets the global model and takes a few stochastic
steps based on its own data to update the global model. In Figure 6, we show the results of applying
FedAvg and APFL on synthetic data with two different rates of diversity, synthetic(0.0,0.0)
and synthetic(0.5,0.5). In this experiment, we keep 3 nodes with their data off in the entire
training for 100 rounds of communication between 97 nodes. In each round, each client updates its
local and personalized models for one epoch. After the training is done, those 3 clients will join
the network and get the latest global model and start training local and personalized models of their
own. Figure 6 shows the training loss and validation accuracy of these 3 nodes during the 5 epochs
of updates. The local model represents the model that will be trained in FedAvg, while the person-
alized model is the one resulting from APFL. Although the goal of APFL is to adaptively learn the
personalized model during the training, it can be inferred that APFL can learn a better personalized
model in a meta-learning scenario as well.

Agnostic global model. As pointed out by Mohri et al. (2019), the global model can be distribu-
tionally robust if we optimize the agnostic loss:

i F = iJi(w), 8
nin, max F(w) Zi:q fi(w) (8)

where A, = {q € R | Y ¢; = 1} is the n-dimensional simplex. We call this scenario “Adaptive
Personalized Agnostic Federated Learning”. In this case, the analysis will be more challenging since
the global empirical risk minimization is performed at a totally different domain, so the risk upper
bound for &, we derived does not hold anymore. Also, from a computational standpoint, since the
resulted problem is a minimax optimization problem, the convergence analysis of agnostic APFL
will be more involved, which we will leave as an interesting future work.
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D PROOF OF GENERALIZATION BOUND

In this section we present the proof of generalization bound for APFL algorithm. Recall that we
define the following hypotheses on :th local true and empirical distributions:

hi = arg {L%l;{[l Lp,(h) (LoCcAL EMPIRICAL RISK MINIMIZER)

h} = arg néin Lp,(h) (LocAL TRUE RISK MINIMIZER)

h* = arg }lrélﬁ Lp(h) (GLOBAL EMPIRICAL RISK MINIMIZER)
ﬁ;‘oc’i = arg 2%12 Lp,(ash 4+ (1 — a;)h*)  (MIXED EMPIRICAL RISK MINIMIZER)

hi,., = arg {LIHLI Lp,(a;h+ (1 —a;)h*)  (MIXED TRUE RISK MINIMIZER)
’ S

where Lp, (k) and Lp, (h) denote the empirical and true risks on D;, respectively.

From a high-level technical view, since we wish to bound the risk of the mixed model on local
distribution D;, first we need to utilize the convex property of the risk function, and decompose it

into two parts: Lp, ( Toc z) and Lop, ( ) To bound Lp, (A*

loc,i > @ natural idea is to characterize

it by the risk of optimal model Lp, (h}), plus some excess risk. However, due to fact that hloc ;
is not the sole local empirical risk minimizer, rather it partially incorporates the global model, we

need to characterize to what extent it drifts from the local empirical risk minimizer ﬁf This drift
can be depicted by the hypothesis capacity, so that is our motivation to define Ay (S) to quantify
the empirical loss discrepancy over S among pair of hypotheses in 7{. We have to admit that there
should be a tighter theory to bound this drift, depending how global model is incorporated, which
we leave it as a future work.

The following simple result will be useful in the proof of generalization.

Lemma 1. Let H be a hypothesis class and D and D’ denote two probability measures over space
E. Let Lp(h) = Eg y)p [£ (M(x),y)] denote the risk of h over D . If the loss function ((-) is
bounded by B, then for every h € H.:

Lp(h) < Lo/(h) + B|ID — D', 9)

where |D —D'||1 = [2 |P(z,y)~D — P(a,y)~pr|dxdy.

Proof.
Lp(h) < Lp(h) + |Lp(h) — Lo (h)]
o)+ [ 10 B@)IIP(a)0 — Prayeldady
=Lp(h)+ B||D — D’H1
O
Proof of Theorem 1 We now turn to proving the generalization bound for the proposed APFL al-
gorithm. Recall that for the classification task we consider squared hinge loss, and for the regression

case we consider MSE loss. We will first prove that in both cases we can decompose the risk as
follows:

Lo, (5,) < 203Lp, (hiye, ) +2(1 = @)L, (B (@) (10)

We start with the classification case first. Note that, hinge loss: max{0,1 — z} is convex in z, so
max{0,1 —y(a;h+ (1 —a;)h)} < a; max{0,1 —yh} + (1 — o;) max{0, 1 — yh'}, according to
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Jensen’s inequality. Hence, we have:
Lo, (1) = Lo, (@ihipe; + (1 ap)h?)
. _ 2
= Egyop, (max{0,1 = y(aihiye (@) + (1 — ) (@))})
. _ 2
= E(g,4)~D; (ai max{0,1 — yhfoc’i(:l:)} + (1 — ;) max{0,1 — yh*(w)})
. 2
< 203E (g g)p, (max{0, 1~ yhiye (@)} )
+2(1 — )°E(g,y)~p, (max{0,1— ylfz*(:n)})2
< 2a742£DL (il‘zkoc,i) + 2(1 - ai)Z‘CDi (h*) :
For regression case:
‘CDi (h:”) = ‘CDi (O‘iﬁ;‘oc,i + (1 - O‘l)ﬁ*)

~ _ 2
= E(a)op, [ = (i i(@) + (1= @) (@)

~ _ 2
= E(o)op, |01y — aiipe (@) + (1= ai)y = (1 - )" (=)

7 % 2 7 % 2
< 207Kz y)~D, ||U — hloc,i(m)H +2(1 — )°E(g gy, ||y — 1* (2]

< 202Lp, (hiye, ) +2(1 - @)L, (B*)

Thus we can conclude:

Lo, (h5,) < 203 Lo, (hiye) +2(1 = a2)* L, (1) . (an

NI ———
T T2

We proceed to bound the terms 73 and 75 in RHS of above inequality. We first bound 77 as follows.
The first step is to utilize uniform VC dimension error bound over H Mohri et al. (2018); Shalev-
Shwartz & Ben-David (2014):

d +1log(1/90)

)

Vh e H,|Lp,(h) — Lp,(h)| < C

m;
where C is constant factor. So we can bound 77 as:
Ty = Lp, (hjpe;) = Lp,(h}) + L, (hiye;) — L, (h])
= Lp,(h7)
+ Lo, (Byes) = Lo, (hoe i) +Lp, (Mo i) = L, (h}) + Lo, (h]) = Lp, ()

<c d“‘;’gl(_l/‘s) <C /%(1/5)
\ ; i

d+log(1/6 A A
< Lo, (n7) + 20| TEOBULD L f (i) — £, ().
Note that
2] 7% 2 7% 1 7 x 7 %
Lqu(hloc,i) - ‘CDq(hz) < Gm Z |hloc,i(m> - hz (:I})| < GAH(Sl)a
' (x,y)ES;
As a result we can bound 77 by:
d +log(1/9)

T, < Lp,(h])+2C + Gy (S)).

m;
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We now turn to bounding 75. Plugging Lemma | in (11) and using uniform generalization risk
bound will immediately give:

JU _ /d+log(1/6
ngﬁﬁ(h*)-l—BzH'D—'D‘h—f—C %(/)

Plugging T and 75 back into (1 1) concludes the proof. O

Remark 2. One thing worth mentioning is that, we assume the customary boundedness of loss
functions. Actually it can be satisfied if the data and the parameters of hypothesis are bounded.
For example, considering the scenario where we are learning a linear model w with the constraint
lw]| < 1, and also the data tuples (x,y) are drawn from some bounded domain, then the loss is
obviously bounded by some finite real value.

Remark 3. As Lp, (h
model learned on a different domain (i.e., global distribution), one might argue that generalization
techniques established in multi-domain learning theory (Ben-David et al., 2010; Mansour et al.,
2009; Zhang et al., 2020) can be utilized to serve our purpose. However, we note that the techniques
developed in Ben-David et al. (2010); Mansour et al. (2009); Zhang et al. (2020) are only applicable
to a settings where we aim at directly learning a model in some combination of source and target
domain, while in our setting, we partially incorporate the model learned from source domain and
then perform ERM on joint model over target domain. Moreover, their results only apply to very
simple loss functions, e.g., absolute loss or MSE loss, while we consider squared hinge loss in
the classification case. Analogous to multiple domain theory, we derive the multi domain learning
bound based on the divergence of source and target domains but measured in absolute distance,
I - [|1. As Mansour et al. (2009) points out, divergence measured by absolute loss can be large, and
as a result we leave the development of a more general multiple domain learning theory that can
deal with most popular loss functions like hinge loss, cross entropy loss and optimal transport, with
tighter divergence measure on distributions as an open question.

*
loc,i

) is the risk of the empirical risk minimizer on D; after incorporating a

E PROOF OF CONVERGENCE RATE IN CONVEX SETTING

In this section, we present the proof of convergence raters. For ease of mathematical derivations, we
first consider the case without sampling clients at each communication step and then generalize the
proof to the setting where K devices are sampled uniformly at random by the server as employed in
the proposed algorithm.

Technical challenges. The analysis of convergence rates in our setting is more involved compared
to analysis of local SGD with periodic averaging by Stich (2018); Woodworth et al. (2020a). The key
difficulty arises from the fact that unlike local SGD where local solutions are evolved by employing
mini-batch SGD, in our setting we also partially incorporate the global model to compute stochastic
gradients over local data. In addition, our goal is to find the convergence rate of the mixed model,
rather than merely the local model or global model. To better illustrate this, let us first clarify the
notations of models that will be used in analysis. Let us consider the simple case for now where
we set K = n (all device participate averaging). We define three virtual sequences: {w(t)}thl,

{p®W}T_, and {'if(t)}f:l where w(®) = 1 Z;L=1 wgt),ﬁgt) = aivgt) +(1- ai)w(»t) f;l(»t) = aivgt) +

(1— ozlv)'w(t). Since the personalized model incorporates 1 — «; percentage of global model, then the
key challenge in the convergence analysis is to find out how much the global model benefits/hurts
the local convergence. To this end, we analyze how much the dynamics of personalized model
'i;z(-t) and global model w*) differ from each other at each iteration. To be more specific, we study
the distance between gradients ||V fi(ﬁl(t)) — VE(w®)|]2. Surprisingly, we relate this distance
to gradient diversity, personalized model convergence, global model convergence and local-global

optimality gap:
E[IV£:(#") - VF(®)|?] <6¢+2L7E [ - v*|?] +6L2E [l — w*|?] + 6L,

E [||f)z(-t) - 'u*||2} and E [||w® — w*||?] will converge very fast under smooth strongly convex

objective, and ¢; and A; will serve as residual error that indicates the heterogeneity among local
functions.
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Algorithm 2: Local Descent APFL (without sampling)

input: Mixture weights oy, - - - , &y, Synchronization gap 7, Local models UEO) for i € [n] and

local version of global model wgo) fori € [n].
fort=0,---,Tdo
if t not divides T then

wEt) = w§H) — Vi <’w£t71);ff)
R A Y CHats)

f,gt) = aivz(.t) + (1 - ai)wlt)
else
(®)

each client sends w ;o the server

1\ (t)

server broadcast w® to all clients

end
end
fori=1,--- ,ndo
. N T
output: Personalized model: o; = 5~ >_,_, pe(aiv’? + (1 — )t >

Global model: w = —— >0 p 37, wgt),

n (t)).

j=1W;

end

E.1 PROOF WITHOUT SAMPLING

Before giving the proof of convergence analysis of the Algorithm | in the main paper, we first
discuss a warm-up case: local descent APFL without client sampling. As Algorithm 2 shows, all
clients will participate in the averaging stage every 7 iterations. The convergence of global and local
models in Algorithm 2 are given in the following theorems. We start by stating the convergence of
global model.

Theorem 4 (Global model convergence of Local Descent APFL without Sampling). If
each client’s objective function is p-strongly convex and L-smooth, and satisfies Assumption I,

. . . .. . ) _ 1 B 1 .

using Algorithm 2, choosing the mixing weight a;; > max{1 Ve 1 orgr }, learning rate

N = ﬁ, where a = max{128k, 7}, and using average scheme w = % Zthl PeY iy w?,

where p; = (t + a)?, St = 23:1 D¢, then the following convergence holds:
2 2 < 2 2 < InT 2
E[F(w)}—F(w*)<O(M)+O<'”(J+T”)>+O(KT(U +75)In >+0<0>7

- w2 w3 nT

where w, = argmin,, F(w) is the optimal global solution.
Proof. Proof is deferred to Appendix E.1.2. O

The following theorem obtains the convergence of personalized model in Algorithm 2.

Theorem 5 (Personalized model convergence of Local Descent APFL without
Sampling). If each client’s objective function is p-strongly convex and L-smooth, and satisfies

. . . . .. . ) . 1 _ 1
Assumption 1, using Algorithm 2, choosing the mixing weight c;; > max{1 Vo 1 Worr 1,

where a = max{128k,7}, and using average scheme

: 16

learning rate ity

N T t n t T

v; = éztzlpt(aivg) + (1 - ozi)%zj:lwg )), where py = (t + a)®, St = Y ,_, bt

and f} is the local minimum of the ith client, then the following convergence holds for all i € [n]:
2

Elfi(®:)] - fi <O (%) +aj0 (Z—T> +(1—a)?0 (% + HLA¢>

5 kLInT k2o? ? 2+ (Cz+%) ! ‘42 %
) (o( in >+O(’unT>+O<HT(0’ ui; )>+O<HT(UMT2 T )))
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Proof. Proof is deferred to Appendix E.1.3. O

E.1.1 PROOF OF USEFUL LEMMAS

Before giving the proof of Theorem 4 and 5, we first prove few useful lemmas. Recall that we define
virtual sequences {w(®)}] _1,{v§t)}tT=1,{®§t)}f:1 where w® = L5 w(t) (t) ozz-vz(-t) +(1-
t t t
w5 = aiol” + (1 - a;)w®.

We start with the following lemma that bounds the difference between the gradients of local objective
and global objective at local and global models.

Lemma 2. For Algorithm 2, at each iteration, the gap between local gradient and global gradient
is bounded by

[HVfl( My VF(w(t))||2] <2L°E [||f;§t> fv*Hz] 1 6¢ + 6L°E [||w“> fw*Hz] 1 6LA,.

Proof. From the smoothness assumption and by applying the Jensen’s inequality we have:
EIV£i(") = VF(w®)|?]
< 28 [IVAGL) = VAEDIF] + 28 [IV () = VP )

<2L°E |

ol — v 2] + 6E [IIV fi(v}) = V fi(w")|?]
+ 6E [|[V fi(w") = VF(w")|*] +6E || VF(w") - VF(w)|?]

<2L°E |

ol — 0" 2] + 6L%E [lv} — w*|12] + 6¢; + 6L%E [ — w*|?]

< 2L°E |

ol — 0" [2] + 6224, + 6¢; + 6L°E [ w® — w* 2]
0

Lemma 3 (Local model deviation without sampling). For Algorithm 2, at each iteration, the devi-

ation between each local version of the global model 'wl(»t)

by:

and the global model w®) is bounded

¢

E[lle® — w{” 2] < 3o, +3(C+ 2)rni s,

1 n

3B [ - wl01] < srat, +ortiap

n = n
where % = % S G

Proof. According to Lemma 8 in Woodworth et al. (2020a):

E [[lw® —w|?] < iZE [l — w(")?]
t—1
(a + ¢+ T)Zn§ IT a-un)

p=tc g=p+1

2B [l - w1 < 5SS [l - wl1]
i=1

i=1 j=1

<3<0 + 27> )an H (1= png) -

te q=p+1
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Plugging in g = (a +q) yields:

— t—

+q—16

E[ ® _ } 3 ; ¢ 2 L
w® —wl®12] <3 (o +Gr2r) oup [] 4

-1
9 a+q—16
n Il ——

(#+am o)
( )
§3(02+<¢T+i7> S I %
(#+am o)
( )

¢ 5 (a+p—1)(atp)
n’ Z”P(a+t—2)(a+t—1)

Similarly,

1 n
LS CE [t —w|P] < srony + 6722
=1

O

Lemma 4. (Convergence of global model) Let w't) = % Dy wl(-t). Under the setting of Theorem

5, we have:

E ™) - w|?] € — B [ - w|?]
(T +a)?
1536a%7 (02 + 275 ) L? 2
1 n 1280°T(T + 2a)
T+16 ( —— +In(T .
# (710 (o +0T+0)) e+ T o

Proof. By the updating rule we have:

1 n
(1) _ g — ang(t) % o \Va'? (t) t
w w w w ntn E f]( §)

j=1
Then, taking square of norm and expectation on both sides, as well as applying strong convexity and

smoothness assumptions yields:
E [Hw(tH) . 'LU*”Q}

<E [l —w|’] - 20E

2
+77t +77tE ‘ vaj (t) ]
2
<E [||’w(t) - w*HQ] —2nE [<VF(w(t)),w(t) — >] + 77t —|— n E |: ZVfJ (t> :|
T
—on: R |:< vaj (t) (w(t>),w(t> _ w*>:|
Ts
2
< (1= ) [l —w” || - 2 (BIF ()] - F(w") +7i & + Ty + T, (12)
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where at the last step we used the strongly convex property.

Now we are going to bound 7. By the Jensen’s inequality and smoothness, we have:
2

T < 297K i;wj(wﬁ%—w(w(”) +2m1E[HVF >H1
g

1 n
<L~ 3 E [||w§“ —w® ||2] + 42 (E {F(w(t))} - F(w*)) (13)
n
Then, we bound 75 as:
2

2
T<m | B vaj )= VP )| | + L8 o - w|?]

2 L2 1 2
<M 2NCE {Hw?) . w(t)H ] + 2R [Jw® — w')?]. (14)
uon o 2
Now, by plugging back 77 and T5 from (13) and (14) in (12), we have:
E {Hw(t-&-l) _ w*”ﬂ

< (1= BV E [l —w?] —@n — 40P L) (B [F0)] - Flw)) + 022
<—nt
I (277tL 19 2L2> %iE [ngt) _ w(t)HQ] (15)
j=1
2 n
(1 - @) [II w*||2] + n?% + (Q”tL +2 2L2> i;E [Hw§.t> - w(t)HQ} :

Now, by using Lemma 3 we have:

E {H’w(tJrl) _ ’UJ*HQ}

2170 L2 2
<(1- %) E [Jlw® - w*|?] + ( Ul 2L2> <02 +2Tfl> My

Note that (1 — k¢ )2 = ”(t+“)1(t 8ta) < H(t 116+a) = 7=, so we multiply 2* on both sides and
do the telescoping sum:

pT {” (T+1) *||2—

T T
Po 1) o2 2L” 2 2 ¢ 2 o?
< n—OE [||w —w*|| |+ Z o + 2 L% |37 0”4+ QTE Dini_q + met;

t=1

T
q 212 256a>
< ?E [||w(1) —w*|*| + Z (/i + 27],5L2) 37 (02 + 27<> . 5+ Zptﬁt*
0 ]

t=1 "
(16)
Then, by re-arranging the terms will conclude the proof:
E [Hw(T'H) _ w*HQ}
a3
< 7]E[ (1) _ 2}
S [
1536(1 T O' —|—27’ )L2 12802T(T—|—2a)
+ (T +16 7+1nT—|—a ,
( ( +1 ) (T+a) np?(T + a)?
where we use the inequality 3", ae<ag+ f1 e < o5 +In(T+a). O
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E.1.2 PROOF OF THEOREM 4

Proof. According to (15) and (16) in the proof of Lemma 4 we have:

T [T —w ] < e [|w“>w*|2]ipt(E[Fm‘”)]F(w*))

nr
256
+Z(7+277t )37' <02+2T%) o +Zpt77t7

re-arranging term and dividing both sides by S = Zthl pe > T3 yields:

— Stno
Jrii 27L2+2 L? ) 3r 02+27'£ 256a” Z —
St i 1 n) p2(a—1)2 S pmt
2 2 ¢ 2
I HT(O’ +2T;) K,T(O' +27’;)lnT o
<o(£ AL YA ).
_O(T3)+O< e ) e +o( %
Recall that b = - > Y7 'w;t) and convexity of F, we can conclude that:

(02 + 27'%) k2T (02 + 27’%) InT o2
E[F(®)] - F(w') <0 (4 )+O<MT2 >+o( T )+O<nT>.

SflT ipt (E [F(w(t))] - F(w*)) < P gp [”w(l) B w*HQ}

O
E.1.3 PROOF OF THEOREM 5
Proof. Recall that we defined virtual sequences {w¥}_; where w(® = 25" | w'" and o =
;v ( )4 + (1 — a;)w®, then by the updating rule we have:
E 9D - vI’]
2
:IE['DZ(.” aan(m) (1— o) ZVfJ v; :|
1 2
+E |||afn(VA(0{") = VAGD:)) + (1L —adm= Y (VH ) - Vi) ]
JjeU:
<E[Jo{ - vi|’] - 2E [<a?ntvﬁ(v§t>) +(1—am Z Vi), 5l — v:>}
2 2
+n0iE ||| o} V@) + (1 - ) ZVf] NN | +ainio® + (1 - ai)znf%
=E [0 = vI’] ~2(a? + 1 = a)nE [(Vi(8("), 8" — v )]
T
_27]t(1 — Olz |:< va] (t) Vf ( (t)) Agt) _ ’U:>:|
T
2
+ 1 E | ad V@) + (1 - i)~ ZWJ IIP| +atnio® + (1 — )i = (17)
T3
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Now, we bound the term 77 as follows:
T = —2n(a? + 1 - a)E [(V£i(5"),5{" - v})]

—2m(af + 1= a)E [(VA6) — V()81 — v])]
< ~2m(a? +1-ay) (E[fi( <f>] fi(w)) + SE 6 - 07 )?])
st 1-agn (e [lef? - off 7] + L2 =2y [0 ] )

< —2m(af +1-ai) (E[£:e")] - fi(w]) + SE [0 —v1I))

8L*(1— a;)? (t) (t)2 (1~ 8(ai — af)) &(®) |12
. (mm [le0® — 2] 4+ LE=HE =D 1500 — o7 2]

< —2ni(a? +1- i) (E [£6)] - fi(oD)) - LLE [[60 — 7]

8
8mL*(1 — on)? ® @2
(A —ai)” o — |
ey [l ® —w{)] (18)

where we use the fact (a? + 1 — a;) < 1. Note that, because we set o; > max{1 — m 1-—

WG f} and hence 1 — 8(a;; — a?) > 0, so in the second inequality we can use the arithmetic-
geometry inequality.

Next, we turn to bounding the term 75 in (17):

Ty = —2n:(1 — @) [< ZVf] )~ Vi), 0 ~ v2‘>]

<ne(1 — ay) (
< 60— o) ne

o

2(1— az)

vfz (t) Z ij (f)

i ey £ +3F [E U:F])

T
] +E {HWZ-(@E”) - VF(w“))HQ}

TEE 6™ — )2
>+ LE [0 —vf ] (19)

|
VR

+E

VF(w (t) Z Vi (w (t)

< 6(1 — ay)?n, <L2E [Hw(t) —w®

+E ’ (t) Z Vii(w (t>

2

And finally, we bound the term 73 in (17) as follows:
2

Tk [ }
2

<2(a? +1-a)’E [IVA@))] +2E [||(1 - ) < zvfj ) Vi@ “))) }

<2(2(af +1- a)’E [IVA") = V7 || +2(ef +1 - a)E [|V£(2(") - V£(2(")|?] )

401 = @’ L7E [Jlw® = w!”|’]

a2V i) + (1 - i)~ ZWJ )

—I—2(1—0¢1 [

ng ) = v i)

§8L(a?—|—1—04i)( [fz( (t))] fi

_|_
st (8 000 2o sriwr]

A e -uf])
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Now, using Lemma 3, (1 — «;)? < 1 and plugging back T}, T», and T3 from (18), (19), and (20)
into (17), yields:

E [l — o]

< ( 3/“%) E [0 - vi|*] = 200 - 4?L)(0? +1 - i) (B [£:(8()] - fi(w))
I ( 81 L28 1- 01)2 n 6(1 — o)’ L? 1001 — ai)277t2L2) E [Hw(t) _ wz('t) 2]
+( 1_% +6(17a1 2L ) ZEU)w wl® }
+ (6;% ) (1-a)’E {HVF(’U(t))*Vfi(@Et))H ] +a277t202+(1—az)217t2%2,
< (1- 22 B (10— wil] 20 - 4t D)0 + 1 - ) (B [£6)] - o)
8 L 1_ 7 6(1 — i2 L2
+ < 1= 8 (i _aa)g)) + ( O;) ey 10(1 — Oéi)277t2L2) 3T (02 + (G + %)7—) i,
" ( — mLZ +6(1 - ai)Qn?LQ) 3T ("2 + 2%7) mia
2
" (GZt ) —)E {HVF(“’“)) AR ] talne’ + (1—a) T, @D

Ty

where using Lemma 2 we can bound 7} as:

6
T < 2201 = a5)? (2L%E [0 — " |12] +6¢; + 6L°E [ w® — w||?] + 6L2A, )
"

+ 6521 — a0)? (27 [[[6 — 07 ] + 6G; + 6L°E [Jwo® — w7 |*] +6124,) . (22)

}, hence M < & and 12L3(1 —

Note that we choose a; > max{1 NG 1— fn 7

;)? < &, thereby we have:
1
T4 ,L”7t ||'U(t) *||2 4 36nt (’u 4 T]t) (1 _ 041)2 (Cz + LQ]E |:||'U)(t) _ w*||2:| 4 LQAZ) .
Now, using Lemma 4 we have:

. " 1
n<HE [||v§f> —v |\2] + 361 (; + m) 1-a)’

3
(6 2 (oo [l = w1

15367 (0% +275) L*  1280%t(t + 24) 2
16 —— +1 n L*A; |.
+(t+ 6( +n(t+ )>) At ta— 1) +n/ﬂ(t+a71)3 + (23)
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By plugging back 7} from (23) in (21) and using the fact —(n; —4n? L) < —1m;, and (a?+1—a;) >

3 .
4, we have:

E [Jo{*" - o7 |’]
2

(- 2 (8 — w1]2] = 22 (B [£:(2{")] - fi(w])) +aZnfo + (1 - ai)n? %
8neL?(1—a;)® | 6(1— 1-) 2, L 2 2.9 ) ¢ )
¢

6(1 — a;)*n L2
+ <% +6(1 — ai)anLQ) 37 (02 + 257) 77?,1

<

s (1 1 . . &°E [||w<1> _w*||2]
Ui ;+77t ( _al) C"—"_ (t—1+a)3

1 15367 (0> +275) L*  1280°t(t + 2a)
t+16 ( —— +In(t n il
(10 (g o) ) R T e 2

Note that (1 —£g) 2t < f] = where p; = (t+a)?, so, we multiply £ on both sides, and re-arrange

the terms:

T (&[] - sen)

2
Pt—1 ~(t) ) pt & (t4+1) *12 2 2 20
< Pot (t) _ 4 : : a2
< 20 [l — i ] - 2B [Jo+) — w1 ] + pune (a0 + (1 - 00?2 )
8L*(1— a;)? 6(1—oy)’L? 2 2 2 ¢ 2

+ (G sy + o 100 - e or (o7 + 6 ) pi

6(1 — a;)2L? 1
+ (% +6(1— ai)QmLz) 37 (02 + 257) peni_1 + 36p; (ﬁ + nt) (1—ai)® (G +L2Ay)

1
+ 36p (; + nt) (1—a)?

3 15367 (0 +275) L?  1280°L(t + 2a)
L —% 4 (t+160(nt T .
<(1§—1—&—a)3+(Jr (In)) prt+a—1)3 Jrn;ﬂ(t—l—i—a)g
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By applying the telescoping sum and dividing both sides by St = Zthl p¢ > T3 we have:
fi(®:) - fi(vi‘)
Z pt .fZ fl (vz ))

4poE [nﬁi”—v:fn} 14 2
< = 252 41— ;)2
< 3m05r +ST3an7t (ala +(1— o) p

<M(f€ (81(04_1 (ii)cﬂ)) + it _zi) L +10(1 - ai)QUtL2> 3 <<72 + (G + %)T) PNty

14

St

T 2
14 (1— o) L
—g Eﬁ ( +6(1— ai)QmL2> 3T (02 + 2%7) pmf,l

»°51

48(1 — c)?
T 3 15367 (0 +275) L7 128524(t
a o“t(t + 2a)
—_— t+1 Int n
Z ( +m)< e + (t+160(Int)) A ta—17 Tt -1+ta)?
+48(1 — a;)? G+ L’A Zpt ( + 7715)
~ (1) *
4poE [Hm — v } . 820(T+a) (2 2 - a‘)20'72
3n0ST 3uSt ! Yon
4(1 — a;)? 8L*T 6L°T 10L*©(InT) 2 ¢ 256a*
- 3 (u(l—B(ai—a?))ST uSr T uSr AR p2(a—1)2
4 (6(1 —a)?L*T = 6(1 —a;)’L?6(InT) N 256a>
= 92 ) 27
"3 ( wST - pSt TR p?(a—1)2
2
48(1 — i2L2a7
+48(1 — ay) (a—125r
3 1536 L%7 (0% + 27& 2
(a O(nT) (; +@(lnT)) T((; +2r8) , 642+ 1)o 3T(T+a)
o a w nap
2 16a37> 1536L%T (0® +275)  2048(2a + 1)02
48(1 — o)L —2 InT n T
+48(1 — o) (a —1)2Sr ( (! +(6(nT)) o + nau?
+48(1— ) (G + LPAy) — (iT N M)
St \ p Jz

2 § 24 (G
_o( )+ao(uT)+(1—ai)o<E+ﬁLA,-)
2 kLInT k20?2 K272+ &) + KPTo? &7 (0% + 27'%)
rtiar (o (M5T) vo (i) w0 (TR o\ )

7_{_2

where we use the convergence of >~ lnt — O(1),and 2, % - %

E.2 PROOF OF CONVERGENCE OF APFL WITH SAMPLING

In this section we will provide the formal proof of the Theorem 2. Before proceed to the proof, we
would like to give the convergence of global model here first. The following theorem establishes the
convergence of global model in APFL.

Theorem 6 (Global model convergence of Local Descent APFL). If each client’s objective function
is p-strongly convex and L-smooth, and satisfies Assumption 1, using Algorithm I, by choosing

the learning rate 1, = where a = max{128k,7}, Kk = %, and using average scheme

16
u(t+a)’
w = %& Zthl Pt jeu, 'wg.t), where p; = (t + a)?, St = Ethl pt, and letting F* to denote the
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minimum of the F, then the following convergence holds:

E[F(w)] — F* <O( )+O<H2T(02+2T’i))+O<H27(02+271<<)IHT>+0<02)’

wi? w3 KT
(24)
where T is the number of local updates (i.e., synchronization gap) .
Proof. The proof is provided in Appendix E.2.2. O

Remark 4. It is noticeable that the obtained rate matches the convergence rate of the FedAvg,

and if we choose T = \/T /K, we recover the rate O(\/1/KT), which is the convergence rate of
well-known local SGD with periodic averaging (Woodworth et al., 2020a).

Now we switch to the proof of the Theorem 2. The proof pipeline is similar to what we did in
Appendix E.1.3, non-sampling setting. The only difference is that we use sampling method here,
hence, we will introduce the variance depending on sampling size K. Now we first begin with the
proof of some technique lemmas.

E.2.1 PROOF OF USEFUL LEMMAS

Lemma 5. For Algorithm 1, at each iteration, the gap between local gradient and global gradient
is bounded by
[ T

<2I’E [H@gw - 'U*HQ] +6 (2@- + 2%

V(o)) ——ZVf]

JjEU:

) +6L°E [||w(t) - w*||2] +6L3A,.

Proof. From the smoothness assumption and by applying the Jensen’s inequality we have:

[Wﬁ o) ZWJ ® ||]

JjEU:

< 2E[IVA(8") = VAI?] + 28

NICHEESY ij<w“>>|2}

JjeUL

<2LE (6 — o |°] + 6E [| V£ (v]) = Vfi(w")]]]

1 t
192 3 Vi) — 2 3 Vi) |}

JeEU JjeU:

+6E |||V fi(w ——ZVf] + 6E

jeUr

A * * * 1 *
<2LE (|6 - v |°] + 6L°E [[lv} —w”|’] +6 (2@ +22 Y <j> +6L°E [[w) — w’|’]

jeUL
<2I°E [Hf,gﬂ - v*ﬂ Y 6L%A; 16 (2@ n 2%) 4 6L°E [H'w(t) - 'w*HZ} .
O

Lemma 6 (Local model deviation with sampling). For Algorithm I, at each iteration, the deviation

between each local version of the global model wZ(-t) and the global model w'") is bounded by:
¢

E [llo® —w{”|| < 3ro*nt, +3(G+ 2)rni s,

1
& S B [Jw® —wP] < sro%, + 6 S
€Uy

where % =30 G
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Proof. According to Lemma 8 in Woodworth et al. (2020a):

E [l —wlP] < & SR [Jw —w|P]

JEU:

t—1
(a JrQTJrT)an H (1— png)

p=tc g=p+1

1 n n n
S E [l -] < 23S B [Ju - wl?P]
i=1 i=1 j=1
3(0 +27’>Zn§ H (1— ung).
te g=p+1
Then the rest of the proof follows Lemma 3. O

Lemma 7. (Convergence of Global Model) Let w*) = 7 Z]EU w(t). In Theorem 2’s setting,

using Algorithm I by choosing learning rate as n;, = u(751+a)’ we have:
3
(T+1) _ p*112] < a 1) %2
E [Jlw w'lP] < g [l - w0l
+(7+16 —1 +In(T + a) 1536a’r (0% + 27) 17 | 1280°T(T + 2)
¢ (a— D2pA(T + a)?® Kii2(T + a)?
Proof. First, we note that from the updating rule we have
* * 1 t
W —wt = —w =g 3 Vg e, 25)
JEUY

Now, making both sides squared and according to the strong convexity we have:

E {Hw(t—i-l) _ ’UJ*HQ}

SE[IIw“)w*IQ}?mE< > Viiwy), w*>

jeU;
2

1 () 20'2

< (1= p)E [Jlw® — w 2] = (20, — 2L} )E [F(w®) = F(w")] + 7%

1 *
+77t K Z L’E {Hw } —2nE <K Z ij(w;t)) *ij(’w(t)),’w(t) —w >
JjeU:

2
* * o
< (1= ) [Jw® — w*|2] =20 — ALn}) E [F(w®) - F(w")] + %
N—_————’
<—n¢
2 1
ot 3 ) w0« 2 5 - -]

(26)
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Then, merging the term, multiplying both sides with %, and do the telescoping sum yields:

* p * *
E | —w || < 2R [~ w ] - ElF() - Fw)]

T 2
(o) e Y B fwl? w®
ol ) 8

t=1 t

JE

} + mef

27

Plugging Lemma 6 into (27) yields:

p * p * *
PLE [l ™) — w*|?] < 22F [l - w*|?] - E[F(w®) - F(w")]
nr "o

2

2L ¢ da o?
+ Z (# + 277tL2> 3peny_1 T (02 + QTK) + metf-
t=1 t=1

(28)
Then, by re-arranging the terms will conclude the proof as
B ) 7] < e [ ]
(T'+a)?
) 15360 L7 (0% + 275 )
T+16( —— 4+ In(T
= (ree (i e +0) ) =y
1280%T(T + 2a)
Kp2(T +a)?
O
E.2.2 PROOF OF THEOREM 6
Proof. According to (29) we have:
B ™) —w || < R [~ w ] - ElF®) - Fw)]
2L° 2 2 2 ¢ - o
+ tz:; (,U/ + 277tL > 3pt77t_17' <O’ + 27? + ;pmtf.
(29)

By re-arranging the terms and dividing both sides by S = Zthl pe > T3 yields:
T
w!)| = F(w")
; p (2 [r1w] - riw)
T T 2
1 2 2 C 1 o
77 [Hw —w’| } Sr Z <7 +2m L ) 3P T <U + 27?> + Sr ;ptnt?

t=1

ME Hw(l) w*HZ} o K7 (0% +274) o &1 (0® + 275 ) InT 0 o?
+ w2 + wls + KT )"

®

Recalling that @ = — ST Zt 1Pt >y w; , from the convexity of F'(+), we can conclude that

E[F(®)] — F(w )<O( )+O<2(a:T+227_IC()>+O<Ii (U :ﬁ;’ )1DT)+O([(;2T).

O
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E.2.3 PROOF OF THEOREM 2

Now we provide the formal proof of Theorem 2. The main difference from without-sampling setting
is that only a subset of local models get updated each period due to partial participation of devices,
i.e., K out of all n devices that are sampled uniformly at random. To generalize the proof, we will
use an indicator function to model this stochastic update, and show that while the stochastic gradient
is unbiased, the variance is changed.

Proof. Recall that we defined virtual sequences of {w¥}X | where w® = L3~ jeu, W (t) and

i;z(-t) = aivgt) + (1 — a;)w®. We also define an indicator variable to denote whether ith client was
selected at iteration ¢:

It — 1 ifielU;
v 0 else
obviously, E [I{] = £. We start by writing the updating rule:

ot = o — iV £i(5"561) - (1 - aimi LS Ve,
jeU;

Now, subtracting v; on both sides, taking the square of norm and expectation, yields:

T

E[l[o{ " - v7|’]

_E[

o) — oL,V £:(87) — (1 — i) Zm () —

J€Ut

+E |||afTin, (Vfl( Oy _v@", 1))4-(1—041 < > Vfi(w ) - = vaj ¢ )
JjeU: JjeU:
=E [ - vi|’] —2<Ka nV (@) + (1= ai)y ZVf w() A(.t)—vf>
J€Ut
e [0V A E0) + (- a0 3 Vaw)| | +ati 2T 4 ag
t 7 7, ] 7. t T t K .
76Ut
— [l - i I?] -2 <(§a f1- ai) V1), o) - vz>
Ty
—20(1 — [< > VW) - Vi ),Agt)v;‘>]
JjeUr
Ts
2K2 2 0_2
+n3E[ SLVLED) + (1 ) S Vi(w T ot + (1= o)
JEUt

T3
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Now we switch to bound 77 :

(76 - i) + S [0 - 71?))
+<faf+1ai>m< s e E (190 - 301

1= 8o a?%)) {va 7|2D

< ~am(ta? +1-ap) (B[£(6)] - fitw1) + 4R [0 - v11?])

K 2

8L2(1 — a;)? t t (1 —8(a; — rai)) < (t) «
+ (M( oy [l — wi? ] + E| 5! —vinﬂ)

1—8(a; — £al 8

< —om(o? +1-a0) (B[] - fiwn)) - EEE o — o]

8 L2 (1 — v)?
b 00 [u® )], (30)

(1 = 8(a; — aF))

For T5, we use the same approach as we did in (19); To deal with T3, we also employ the similar
technique in (20):

2
Ty =E | ||?IV £, (0" + ZVfJ Wy
]EUt
2
K
<2=af +1-a)E[|IVAE)?] +2E |||(1-a ( ;wj -~ Vii® “’))
J t

<2 (250t +1- 0B [IVA60) - VA1)

+2<§a§ #1028 [IV5) - VA )
2

+2(1— a)’E Z Vi) - v ")

JGUt
<8L(1a? +1—ai) (B[] — 17) + 40~ a0 LE [ — w?|]

) e v - vrao]

1 2 )

JEUL

2
] . 31)



Under review as a conference paper at ICLR 2021

Then plugging 73,75, T3 back, we obtain the similar formulation as the without sampling case
in (17). Thus:

E [I9*) - vl]
< (1- 22 ) B (10— wil] 200 - 42 (03 + 1 - ) (E[£6")] - £ioD)

2 22Ko” 5207
]

+ain;

8 L2 (1 — a)? 6(1 — a;)?n L? 2 2.2 { (t) (t)
+ +10(1 — oy L° | E Hw —w;
< 1_8(%—&“)) 1 ( )y ‘
2}

17 al 1
( _|_ 6(1 — ai)QntzL2> = Z E {Hw(t) _ w§t)
2
:| . (32)

jeUr
NER

we then examine the lower bound of a
2

1—ai)n?
+( a)mK

ZWJ ) — v (o)

JEUt

+1 ;. Notice that: ? +1 ;= %((ai_ﬁ)h_

no_ony
K~ i1K?):
Case 1: 53- > 1 The lower bound is attained when ; = 1: a?% +1—a; > %

Case 2: 57 < 1 The lower bound is attained when a; = 55 a;

So a? + 1—a; >b:=min{& ol 1} always holds.

2K n 1

Now we plug it and Lemma 6 back to (32):

L (t+1 .2
E[lIs{" " — w7 |?]
2 22KU 2 2202
n

< (1 — M) E [||fz§t) —'vZHQ} —bnt( [fz( (t))} —fz'('U:)) + a;n; +(1—ou) (e

8

8n: L3 (1 — o) 6(1 — a;)’m L° N2 272 2 2 S
+<M1—8az—a2K))+ L +10(1 — )"y L7 | 3ty | 0 +(CZ+K)T
6(1 — ou)’ne L?
+ ( i) +6(1— ai)2n3L2> 3ty <02 + 2%7)
6 2
+ (ﬂ + 611 ) = 3 Vi) - VG ] : (33)
H JEUt
Plugging Lemma 5 yields:
E 9+ - vf|?]
3 . " . X 2Ko? 202
< (1 - “”t) (188 = wiI1"] = bne (B [£:(81)] = fi(w])) + abni +(1—ai)ni -

8L21—i2 6(1 — o) L?
ml7(1-a ) ( O;) e 4 10(1 — )’ L2 ) 3ty <02 + (G + %)7‘)

_ . 2
" (6(1 CLZ) mL* +6(1 - ai)gn?Lz) 3717 (U2 * 2%T)

6 ~ * *
% + 677,?) (1—)? {2L2E [||v§“ —w ||2} +6 (2@ + 2%) +6L°E [||w(t) —w \ﬂ + GLQAZ] .
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Then following the same procedure in Appendix E.1.3, together with the application of Lemma 7
we can conclude that:

f«»—ﬁ(ﬂ
S5 Z?’f fi(®;7) = fi(vi))

mEnw” vl 2 2

[mwr ]bsikﬁ@m1“+n—@%ﬁ>

T

1 272 8 6 9 ) <
+ bSr Z(l —OLz) L (/},(1 —8( ?%)) + 0 + 107]t> 3TPiNi—1 (0’ + (Cl + K)T)

t=1
T

1 6
+ 350 > (- a)’L? (f + 10m) 3Tpemi—1 <a2 - 2%7)

t=1

1 a® (1) ()2

))) 1536027 (02 +27%) L>  128024(t + 2a) )

1
t+16 | —— +1
+(‘*6( ) A R VLI e W LR I e

T
1 1
+36(1 — a)? 21-—|—2£ L?A; —E -+ .
36( ;) (C K-|— )bST t:1pt<u 7715)

2 26 +2% kLA,
_ _ N2 3 K 7
—O(bT>—|—a O<ubT>+(1 m)O( e =

12 kLInT k2o K72 (G + =) + KPTo?
+ (1) <O( bTs )“LO(,M(T +0 (bT?

kAT (02 + 27’%)

F CONVERGENCE RATE WITHOUT ASSUMPTION ON «;

In this section, we provide the convergence results of Algorithm | without assumption on ;. The
following Theorem establish the convergence rate:

Theorem 7 (Personalized model convergence of Local Descent APFL without assumption on a;).
If each client’s objective function is p-strongly-convex and L-smooth, and its gradient is bounded

by G, using Algorithm 1, learning rate: n; = wlra) where a = max{64k, T}, and using average

scheme ¥; = é 23:1 pt(aivl(-t) + (1 - )% > jeu, 'w( )) where py = (t+ a)?, Sp = 23:1 Dts
and f} is the local minimum of the ith client, then the followmg convergence holds for all i € [n]:

E[fi(#:)] — f; <O(bT3)+a2o< b2T>+(1—ai)2O (i;)

LlnT k20?2 K272(( + &) + w2102
1— )? rond AR tK
+ (1 — ) <0 ( T ) +0 (,ubKT) +0 ( T

K T(O’ + 27> )
ubT? ’

+0 (34)

where b = min{£ 1
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Remark 5. Here we remove the assumption a;; > max{1— m 1— v \F} The key difference is

that we can only show the residual error with dependency on G, instead of more accurate quantities
G and A;. Apparently, when the diversity among data shards is small, (; and A; terms become
small which leads to a tighter convergence rate. Also notice that, to realize the bounded gradient
assumption, we need to require the parameters come from a bounded domain W. Thus, we need to
do projection during parameter update, which is inexpensive.

Proof. According to (33):

A~ (t+1 *
E I8\ - v;?]

< (1?";’“)E[Hﬁ§”vn2} ~ome (B [£67)] - fitw)

2K o2
a4 (1 - )i

SmL*(1—ai)* 61— o)’ L? :
( 172 8((% —Zz)K)) , e il +10(1 - a")QntzL2> i <02 tlt K)T)

6(1 — o;)?n, L?
< o)1 +6(1— oz,;)zntsz) 32, <02 + 25{7’)

2

( ) - )R || 3 Vi®) - Vi)

JEUf

Here, we directly use the bound E [ Vii(w®) - Vf(o () H } < 2G?. Then we have:

1
HF ZjeUt

{HA(H-I) ol }
< (1-E1)E {18~ vil?] - ome (B[] - £i01)

2K o2 202

+ 12771527 + (1 - ai)znff
8 L2 — ) | 6(1 = c)’n, L2
p(l—8(a; — a2£))

(1 — ;)% L?
( o)1 +6(1— ai)znfLQ) 32, <02 + 25{')

+10(1 — ai)ZntQL2> 3ty <02 + (¢ + Ic{)T)

12
= a2 ) (1— a;)2G2
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Then following the same procedure in Appendix E.1.3, we can conclude that:

fi(9:) — fi(vi)
S—lTmei(@E”) — L))

(1) * (|2
polE [Hv — 5| ] 1 & 9K o2 952
2 2 g 2 20
+ — E . +(1—
bno St bSt tzlp”“ <a”7t n (1= )i K )

IN

1 0212 8 6 2 2 . ¢
+ bSr Z(l az) L <u(1 —8( ?%)) + I + 107]t> 3TPiMi—1 (O’ =+ (Cl —+ K)T>
T
1 2,2 (6 5 5 ¢
+ Eg(l — )L (; + 1077t) 3Tpeni_1 (g +2?7—)
1 &
+12(1 - G2 Zpt ( +7]t> .
2 2

= K 2 7 )2 G~

oo 1-er0(5)

)2 elin T K*o” K726+ §) + Koo’ K7 (02 +27%)
+(1—a;) (O( 773 )+O(MbKT +0 o Lo ).

G PROOF OF CONVERGENCE RATE IN NONCONVEX SETTING

In this section we will provide the proof of convergence results on nonconvex functions. Let us first
present the convergence rate of the global model of APFL, on nonconvex function:

Theorem 8 (Global model convergence of Local Descent APFL). If each client’s objective function
is L-smooth and satisfies Assumptions -1, using Algorithm I, by choosing K = n and learning rate
n= 2\/5%\/?’ then the following convergence holds:

;ZE [vrw)]<o(s)+o (H“) ~o(77):

Proof. The proof is provided in Appendix G.2. O
As usual, let us introduce several useful lemmas before the formal proof of Theorem 3 and 8.

G.1 PROOF OF TECHNICAL LEMMAS

Lemma 8. Under Theorem 3’s assumptions, the following statement holds true:
2
86 )] < [n600)] - J [0 ] + F (afo 4 0 -0 %)
n
11— a)? 12”:]E ®) _ p®
(- ai)ns w — w
j=1

2
+4n(1 — a})?¢ + 8nL*(1 — )T + 8(ay — o )*nE {va(w(t))H ] )

+2a; (1 — a;)°nL°E {ngt) —w®

]

Proof. According to the updating rule and smoothness of f;, we have:

) < 160 + (T, 6 — 40 5 L s 0
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Taking expectation on both sides yields:

_ «{,Et)

E 1) <B[£60)] +E[(VAeD).60 —60)] + §E [E ]
<sz( ), alV (") + (1 — i)~ ZWJ X >}

2L 2
777 (a?az +(1- ai)Q%) .

<E[£:(")] -7

a?Vfi('Dl(-t) (1— o) Z Vfi(w (t)

Using the identity: (a,b) = 1|lal|? + %||b]|> — %||a — b||*> we have:

B [16{")] < [160)] - I8 [|[vie?)

]
(-5 :

IV i)+ (1~ ai)% > Vi (w!”)

j=1
>0
1 ’
+ 3 | |[VAG) ot VAE) = (1 - a) - Y V] ]
j=1

2

I 2
+ 777 (oélo'2 +(1- Ozi)2%>
2 2L 2
’ } +1 (a?a2 +(1- ai)2%>

e U.af (vfi(ﬁgt)) - vfi({)z('t))) -(1- Oéi)VF(’w(t)) + (1 —a))Vfi(d (t))

<8 [16)] - L& || 956

|

2
n

1

n <

+(1— )’ nE Vfi(w'?)
1

’VF(w(t)) -

J=
<e[56(")] - Ze[|[ e[ ] + L (ato? + 0 - Z)
+@1- ai)Qn% Zn:JE [Hw“) —wl
j=1

+20E [| (1 = a}) V£ () - (1 - o)) VF ()

o (56 - w0 ]

ﬂ

+(1 =) )VF(®) — (1 — o) VF(w?)
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Using the smoothness of f and F', together with applying Jensen’s inequality on the last term yields:
2
e 16670 <E[f< ] - 3eJesair)] ] 1 (st -0 )
(1- ozZ ZE {Hw

+4nE[H<1—a?>wi<@§”> (1 -0} VF@E?)

_ 1—;2@

}+2a nLE[lf;

J
)
<E [fz( ™) - Te [Hm o) ] 'L (a4o2+(1—ai)2%2>
(1— ) ZIE {Hw w?
+an1 - a2+ s |0 - TG - (1 - ad) )
)
‘2] + "QTL <a;‘02 (1 ai)2%2>
2} r- ai)%% iE [me —w®

+ (1 = a3)’G + 87L7(1 — o)’ + (s — o) nE [HVF(W) )\2]

]

+ 4nE [Hu — a2 )WVF®) - (1 - i) VF(w®)

} +2a; (1 — ay)’nL°E [Hwit) —w®

)

]

+ 8nE [H(ozZ — a?)VF(w(t>)

<[] - L& || v56{)

+ Qaf(l — ai)QnLQIE |:H'wz(-t) —w®

]

O
Lemma 9. Under Theorem 3’s assumptions, the following statement holds true:
T T n
1 2 2 1 1 2 nLo?
AN H Fw® H <°E {F <1>} -3 -YF H (1) no”,
ry [V(w> < B [Fet)] + 2 33 uf T

Proof. According to the updating rule and smoothness of f;, we have:
L 2
Fw™) < F(w®) + <VF(w(t)) wt+) — w(t)> + = Hw(t“) - w(t)H )
— ) 2
Taking expectation on both sides yields:

E {F(w(tﬂ))] <E [F(w(t))] +E [<VF(w(t)),'w(t+1) - 'w(t)>} + %E {Hw(tﬂ) —w®

<E[F(w®)] - E <VF (w®), vaj (1)) >

2

2 2 2
nL ON n"Lo
+ 5 E ij + o

Using the identity (a,b) = —3|la — b||* + 1|a||? + 3[|b||%, we have:
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n

o [ru)] <[] - g2 Jerwt]] - (- 5)5 || L vne)

Jj=1

2L L2 n
ke +”ZE[HW _w<t>H]

2 2 n
La nL ZE[H“’ _me]

<E[Pw®)] - TE {HVF(w(t))H }

Re-arranging terms and doing the telescoping sum from¢ = 1to 7"

n

5 o] < 26 [rrwon] - 2223 15wl -] 2

Jj=1

Lemma 10. Under Theorem 3’s assumptions, the following statement holds true:
T n
1 1 2 o2 ¢
= = (t) _ o) 2.2( 2,9 | &
TEnEE[!!w wl| } <1077 <a +Z +n),
T
1 2 2 2
ZE [Hw(t) — wl(-t)H } < 2OOL2T4’I74 <02 + 7 + <) + 2072172 (02 + 7 + Q) .
n o n n

2
Proof. For the first statement, we define 5, = L 3" | E [Hw wﬁt) H } , and let ¢ be the latest

synchronization stage. Then we have:

2

=23 E |[w Z Zw w?;¢]) S V)
i=1 imte "V kD j=te

t 7]2 n
:TZZZE
_TZ ZE

t

Vfi(wD) + V fi(wD) = Vf;(wl) + V fi(w?) = V fi(wl; €h)

2

ZVf (w;€]) — Vii(w?;¢l)

Z Few €)= V fu(w?) + V fr(w) = V fr(w)

k:l

]

—i—ka(w(j)) _

t+1 0_2 C
< 5% (0% + — +20%7 + > ).
_T];n(a+n+ Y+ 2

Summing over t from ¢ to t. + 7 yields:

te+T tet+Tte+T 0_2 C
< 2( 2,9 2.5 .5
PIEED S PE ( + T sarty +n)
t=t, t=t. j=t.
r+1 0_2 C
<10L°7% > 47 +57% <02+ ) + 57872 (35)
_] =TrT n n
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Since n < we have 10L27%n? < 1, hence by re-arranging the terms we have:

te+T1 2 C
Z v < 107302 ( ) + 10732
t=t.

Summing over all synchronization stages t., and dividing both sides by 1" can conclude the proof of
the first statement:

2\/ L’

1 < o? C
— <107%9? (o2 + — 1022 36
T;%_ 777(0'+n)+ T (36)

To prove the second statement, let 5§ =E [Hw(t) — wgt)

2
] . Notice that:

2

t n
5i=E = Y Vhwse) an el
l=tc k=1 J=te
2
—sz fow(€]) = V fi(w; )

_Tzn%ﬁ:[

+V fr(w®) = Vfi(wD) + Vf(w) = Vfi(wl) + V fi(wl) =V fi(w!?; ¢

‘ Zka (&) = Vfu(w?) + V fr(w) = V fr(w)

]
t+7 0_2
2 2 2 251
STZ;577 (0 +—+L yj+L6j+§i).
J=tc

Summing over t from ¢ to ¢, + 7 yields:

tet+T tetTtet+T
S s 3 st (ot Ty 1)
t=t, t=t. j=t.
te+T te+T ) 0_2
< 5L272772 Z v+ 5L272n2 Z 6;- + 573772 ((72 + n) + 573172@.

Jj=tc

Since n < 2[ 7 we have 5L272n? < %, hence by re-arranging the terms we have:

tetT1 te+T7 2
E 6L < 2002722 g v + 2073n? (02 + 0) +207°%0%¢;.
n

t=t. Jj=te

Summing over all synchronization stages t., and dividing both sides by 71" can conclude the proof of
the first statement:

T T
1 , 1 2
- Y s < 201272 >y + 2077 (0—2 +Z ) 4207202,
n
t=1

t=1

Using the result from (36) to bound 24 Zle ~; we have:

1 d i 2_4_4 2 0—2 C 2 92 2 02
TZ@ZS?OOLTU (cr +n+n)+207n <a +n+Ci>'

t=1
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G.2 PROOF OF THEOREM 8

Proof. According to Lemma 9:

T T n
1 2 2 1 1 2 Lo2
t=1 t=1 " j=1

Then plugging in Lemma 10 will conclude the proof.

G.3 PROOF OF THEOREM 3

Proof. According to Lemma 8:

B [t )] <8 [n6()] - 8 [[vre) [ + 5 (ato" + (- T)

? EPRCISE . () _ 4p®
} + (1 — o) nn;E[Hw w;
il
Re-arranging the terms, summing from ¢ = 1 to 7', and dividing both sides with 7" yields:
T
1 NONE
][Rl
t=1

oF | fi(0") 2
{nT} + 77L <OL?0’2 + (1 — Oéi)QO;l)

+ 204 (1 — a;)°nL°E U.wgw —w®

]

+dn(1 - a2)?¢ + 8n(1 — 0)’T + 8(ai — a?)*yE {HVF(w“U

<

n

2 1N 1
272 (t) t
}+2(1ai)Ln§ D ]E{ij ~®

j=1" t=1

T
1 ¢
+dal(1 - ai)? L% §:1 E {ng ) _w®

]
t

1 & 2
+16(1 - @) L= Y B [HVF(w(t))H ] +8(1— a2)2¢ + 16(1 — a2)°T,
t=1

Then, plug in Lemma 9 and 10 :

refleseo |

2E [£:(5{")]

<
= T

+L (a?a2 +(1—a)?? ) +8(1 —af)*¢; 4+ 16(1 — af)°T
+

2 Lo?
}ﬂa
n

2 Lo?
- IEPVALY N il 1) nwo”
- + n) +16(1 —a;)°L (77 E {F(w )} + - ) .
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Plugging inn = 2\/5% concludes the proof:
T
1 PN
2B |[vae]]
t=1

74(02+‘:—f+%) 72(02—#%2—#(@-) 72(02+£+C)
+ai(l - a;)?0 + +(1-w)?0 | ——nr—nl).

T2 T
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