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Abstract

With the popularity of federated learning, federated domain
generalization (FedDG) has attracted more and more atten-
tions. Existing works of federated learning indicate that the
generalization performance of the global model can be im-
proved when the global model is obtained by aggregating
local models according to a suitable weights. However, the
existing methods to calculate weights do not fully utilize the
data influences on the global model update, which gives us an
opportunity to improve the generalization performance of the
global model further. In this paper, we propose the method
DI (data influences), which utilizes the data influences on the
global model update to calculate dynamical weights of local
model in each round of training. Specifically, the first compo-
nent data influences calculator (DIC) of DI calculates the lo-
cal weights of local model from the influences of each data on
the global model update and we introduce the influences func-
tion to complete the calculation process. The second com-
ponent data influences adjuster (DIA) of DI calculates the
global weights (which are used in the aggregation process of
the global model) from local weights. Extensive experiments
indicate that our method improves the generalization perfor-
mance of models significantly. In particular, our method im-
proves model accuracy on benchmark datasets PACS, Office-
Home, and Office-31 by 1.79%, 1.61%, and 2.39% on aver-
age, respectively. Source code is publicly available at github.

Code — https://anonymous.4open.science/r/Fed-DI

Introduction

With the popularity of federated learning (Fan et al. 2022; Li
et al. 2020a), federated domain generalization (FedDG) has
attracted more and more attentions. As demonstrated in Fig-
ure 1, FedDG (Liu et al. 2021; Jiang, Wang, and Dou 2022;
Zhuang et al. 2022) aims at that: models trained by federated
learning not only perform well on source domains involved
in training, but also perform well on unseen domains not
involved in training. In brief, FedDG aims to improve gen-
eralization of models, which is a meaningful but challenging
task.

At present, the most effective method of improving
FedDG is to aggregate local models according to suitable
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Figure 1: Scenario of FedDG. FedDG aims at generalizing
models trained by source domains to unseen domains.

weights. Specifically, the global model is updated accord-
ing to local models together with assigned weights. For ex-
ample, FedAvg (McMabhan et al. 2017) assigns weights to
local models trained in each source domain by the data vol-
umes of the source domain. Based on the idea that the global
model with fair performance across all source domains has
better generalization performance, GA (generalization ad-
juster) (Zhang et al. 2023) dynamically updates the weights
of local models by the differences among models of different
source domains.

However, existing methods (McMabhan et al. 2017; Zhang
et al. 2023; Chen et al. 2022; Seunghan et al. 2024; Shenaj
et al. 2023) of assigning weights to local models do not fully
utilize the influences of data in source domains on the gen-
eralization performance of the global model. For example,
FedAvg assigns weights to each local model only by the data
volumes of source domain.

Assigning weights to local models according to data influ-
ences on global model update has great potential to further
improve the generalization performance of global model. In
each round of training, the global model is an aggregation of
local models trained by the data in source domains, result-



ing in that the generalization performance of global model
is inherently linked to the influences of the data on global
model update. Consequently, assigning weights by data in-
fluences on global model update may unlock new poten-
tial for enhancing the global model’s generalization perfor-
mance across diverse domains.

In this paper, by more fully utilizing the data influences
on the global model update, we propose a novel method
DI to further improve FedDG. The first component of DI
is DIC (Data Influences Calculator), which aims at evaluat-
ing the contribution of data in source domains to general-
ization performance of the global model. Specifically, when
receiving the global model, the source domain evaluates in-
fluences of its data on the global model update by the latest
local model and the received global model. The evaluation
process is completed by the approximation of the influence
function which is introduced in the section of preliminaries,
and the local weights obtained are uploaded to the server
together with new local models. The second component of
DI is DIA (Data Influences Adjuster), which calculates the
global weights from the local weights and local models. DIA
can effectively guarantee the generalization performance of
the global model when global model update is cased by a
small amount of data. Our contributions are as follows

* We propose DIC module which can dynamically calcu-
late the local weights of local models by the data influ-
ences on the global model update. To precisely evaluate
the influences of data in source domains on the global
model update, we introduce the approximation of influ-
ences function into DIC so that weights of local models
can be calculated dynamically.

* We propose DIA module to adjust calculated local
weights of local models trained in source domains.
DIA can maintain the generalization performance of the
global model even when the global model update is
caused only by a small portion of data. The module has
many advantages such as being easy to implement and
sharing no raw data between source domains and the
server.

Through extensive experiments on benchmark datasets
including PACS, OfficeHome, and Office-31 datasets, we
demonstrate that the proposed method DI significantly
outperforms the state-of-the-art weights strategy together
with other methods, and the proposed method DI further
improves the generalization performance of global model
trained by federated learning.

Related Work

In real-world scenarios, the generalization performance of
models may be low because the data distribution across
different devices and organizations might differ signifi-
cantly. As a potential method to improve generalization
performance, FedDG has attracted more and more atten-
tions. FedDG combines the strengths of federated learning
(McMabhan et al. 2016; Yang et al. 2019; Kairouz et al.
2021) and domain generalization (Muandet, Balduzzi, and
Scholkopf 2013; Blanchard, Lee, and Scott 2011; Torralba
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and Efros 2011). Specifically, it not only can obtain bet-
ter generalization performance, but also can preserve data
privacy. In FedDG, using proper weights to aggregate lo-
cal models is the key to improving the generalization per-
formance of the global model (Zhang et al. 2023). FedAvg
(McMahan et al. 2017) aggregates local models based on the
amount of data per source domain. Yuan (Yuan et al. 2023)
introduced a semantic similarity-based attention mechanism
that dynamically assigns weights to cross-layer pairs. Zhang
(Zhang et al. 2023) proposed the federated generalization
adjustment (GA) method to optimize the generalization per-
formance of the global model by dynamically calibrating
weights of local models. In FedDG, optimizing the aggrega-
tion weights can effectively improve the generalization per-
formance of the global model, which is crucial to address-
ing the challenges posed by heterogeneous data distribution
among source domains. However, existing methods (Li et al.
2020b; Nagalapatti and Narayanam 2021; Zhao et al. 2018)
of assigning weights do not utilize the influences of data in
source domains on the global model updates, which leaves
us an opportunity to further improve the generalization per-
formance of the global model.

Preliminaries
Influence Function

Influence function, a classic technique from robust statistics
(Cook and Weisberg 1980), tells us how the model parame-
ters change as we up weight a training point by an infinitesi-
mal amount (Koh and Liang 2017). Due to this ability, influ-
ence function is used to quantify the contribution of training
data to model update in our method.

Simply, train a model 6 on dataset {(z1,y1), (z2,92), - -,
(Zn,yn)} and loss function is L£(x, y, #). The trained model

18

0 =argminy | L(xi,y:;0). (1)

i=1

To evaluate the influence of i-th data (z;, ;) on model 0, a
new model is trained as follows

j=1

where 1 < j < n,¢; = 0 except j = i. The influence I; 5
of (z;,y;) on the model 0 can be obtained as:

Ligy = f(6;) = f(B), 3)

where f is the function (which is tightly related to the appli-
cation scenario) to quantify the difference between models.

Although applying influence function to measure the in-
fluence of data on the model requires repeated training of
the model, there is a relatively efficient first-order approxi-
mation of equation (3). Thus, through the approximation, we
can avoid repeated training of the model, which is elaborated
on later.
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Method

Overview

The workflow of our method DI is demonstrated in Figure
2. In brief, after receiving the global model, the source do-
mains train local models, and DICs calculate local weights
by local data, the local model, and the received global model.
The trained local models and calculated local weights are
uploaded to aggregation server and then DIA calculates the
global weights by local weights. To obtain the new global
model, the server aggregates local models according to the
global weights and local models. Finally, the new global
model is sent to source domains again to start next round
of training.

Calculation of Local Weights by DIC

DICs calculate local weights of each local model by influ-
ences of data in source domains on global model update. The
concrete formula of calculating local weights is as follows

T Zis ér r—
uGY(Z(:m"aeg 1)- 4
Here, & represents the local weight of local model of k-th
domain. Ny represents the number of data in k-th domain.

I (2, é,’;) is used to quantify the influences of data z; on pro-
cess of local model update from 6" to 0}, where 6~ rep-

resents the global model obtained in r — 1 round and éz rep-

resents local model of k-th domain in r round. G (zcor, 05 ")
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is combined with Z(-,-) to quantify the data influences on the
change of model’s generalization performance, where 2., iS
a dataset randomly selected from the k-th source domain.
We use the influence function (Koh and Liang 2017) to
obtain Z(z;, 6}) of equation (4). Assume that there are N},
training samples z1, 22...2n, in k-th source domain, where
z; = (z4,v;), and let L (z;, ) represent the loss function of
sample z; under model parameters 6, then the empirical risk
is
1 &
R(O)=— L(z;,0). 5
)= 7 L L0 )
Based on Empirical Risk Minimization (ERM), we can ob-
tain the model parameters as follows
0 = arg meinR 0). (6)
To investigate the effect of a particular training sample z,
on the model #, we increase the weight of the sample z, in
the dataset by an infinitesimal quantity e. In this case, the
model parameters derived from the ERM would become
0., = argmin(R(0) + L(z.0) ). (7)
The evaluation of the relationship (7) between the change
in model and the change in training sample weights can
be achieved by influence function. First, define the vari-
able A, = 0., — 0 to measure the change in the model



6. Note that 6 is the model obtained from ERM before in-
creasing weights of the sample, and therefore it is inde-

dé A . ..
pendent of e. We have =22 = 48 fc,, is the mini-

mization result of equation (7). Thus, the first-order deriva-
tive of (R(H) + el (zp, 9)) with respect to 6 is zero, i.e.,
VR(..,) +eVL(2,0..,) =0.

When € is an infinitesimal quantity, ée,zp tends to 6. We

do a first-order Taylor expansion and A, can be derived as
follows,

Ao~ [VRO) +V°L(z,.0)| -
X i @®)
: [VR(e) + V(2 9)} .

Based on the equation (8) and (Ling 1984), we have

1 (08) - B

- ~H VL (zp,é) .

where

H; =V () ZW (z ) (10)

In equation (4), we use I(-, .) to estimate the degree of
influence of sample z; on the local model update. A larger
value of I(-, -) indicates that sample z; has an larger influ-
ence on the trained local model. The sum va:kl Z(zi, HA,’;)
denotes the influences of the source domain dataset on the
local model.

Since Z(:, ) does not typically represent the change of
generalization performance when model is updated from
9;_1 to 9}2, we introduce G(-, -) to quantify the influences of
data on the generalization performance. When we only use
one data sample z!, equation (9) can be rewritten as a closed-
form expression to quantify the influence of data sample 2.
on the change of model’s generalization performance (Koh
and Liang 2017) ie., —VoL(z},05 ") H, 'VeL(z,0y).

k

crVg
To precisely quantify the influences of data on change of
model’s generalization performance, we random pick a por-
tion of the source domain dataset as the core dataset z.,, to

calculate the influences. Thus, G(zcor, 92*1) is

SN VoL(zl, 0571
N, )

Calculation of Global Weights by DIA

The local weights are calculated locally in source domains
so the calculation of these local weights does not take other
source domains into account. To bridge the gap, we propose
DIA to calculate global weights of local models from local
weights. In particular, the global weight wy, of the k-th local
model consists of two terms w(y, 1) and w(y, 2), namely

G(Zcoryeg_l) = (11)

W = W(k,1) + W(k,2)- (12)

The first term w1y is to trade off the calculated local
weights and totally equal weight and is as follows

1 1, . 1

==+ (G- = 1
Wik = o+ g (6 = ) (13)

Algorithm 1: Training process of method DI

Input: datasets of n source domains D1, Do, ..., D,,, ini-
tial global model 92, total training round R, local train-
ing algorithm T'ra (6, D) with input global model § and
dataset D.

Output: global model 6

1: server: send initial global model 9_2 to all source do-
mains

2: for each r € [1, R] do

3: k-th source domain(1 < k < n):

4: train the local model éz on the k-th domain:
07 =Tra (62, Dy).
5: get the empirical loss on client Dy:
R (9;, Dk)
6: compute the Z(z;, 05) and G(zcor, ;1)
7: k-th source domain calculates & and sends it to
server.
8:  server:
9: calculate W 1<k<n.
10: aggregate GT With wy; to get a new global model:
=D k1 Wi - 9k
11: broadcast 97 to all source domains.
12: end for
where ¢, = ,1 <k <nanda € [0,+0c0]. Specif-

ically, when o = O global weights are allocated entirely
according to §k. When o approaches +oc0, global weights
are 1/n, namely totally equal weights.

The second term w2y is to adjust w 1) when the
amount of data in the source domain is small or there is noise
in Z.or. The second term is

1 1 ro1
Wik =+ 273( e r — ﬁ)' (14)
w(k,2) prevents the global weights from being excessively
biased by the loss of source domain. In particular, the local
optimization of k-th domain is formulated as

Ny,

0, = argmm— ZL (2, 0r) .

We define o, = S L(f(zF,6;),y ) where f is cla351—
fication function of source domaln zk together w1th yri

i-th data in k-th source domain. And then gok = En ST
L i

Finally, DIA normalizes the calculated global weights
as follows B

W,
Z?:l w;

The training process of DI is described in Algorithm 1.

W = (15)

Experiments

In this section, we compare our method with state-of-the-art
methods in terms of generalization performance and robust-
ness through extensive experiments. And then, we show the



effect of each component on generalization performance by
ablation experiments.

Datasets. The experiments are performed on three
domain-adaptive benchmark datasets, including Office-
Home (Venkateswara et al. 2017) including 4 domains,
Office-31 (Saenko et al. 2010) including 3 domains, and
PACS (Li et al. 2017) including 4 domains.

Main Results

Baseline Methods. We compare our method with repre-
sentative methods in the domain generalization and fed-
erated learning. Specifically, RSC (Representation Self-
Challenging) (Huang et al. 2020) method is a representative
regularisation-based method of domain generalization. AM
(Amplitude Mix) (Xu et al. 2021) is a representative Fourier-
based augmentation method. AM can make the model not
overly dependent on the low-level statistical properties and
can enable the model to capture the essential features bet-
ter. FedAvg (Federated Averaging) (McMahan et al. 2017)
is a representative federated learning method (Li et al. 2023;
Lim et al. 2020; Lyu, Yu, and Yang 2020) designed for data
heterogeneity. It improves the generalization performance of
the global model by bringing regularisation effects into av-
eraging process. Scaffold (Stochastic Controlled Averaging)

(Karimireddy et al. 2020) is another heterogeneity method
designed for data heterogeneity. GA (Zhang et al. 2023) im-
proves generalization performance of the global model by
aggregating local models through suitable weights.

Training Details. As for the training details, we follow
the setting of GA (Zhang et al. 2023). Specifically, the
trained model is the ImageNet pre-trained ResNet18. The
number of epochs of source domains is 5 and the number of
training rounds is 40. For fairness, the batch size and learn-
ing rate in all experiments are 16 and 0.001 respectively.
To achieve the best performance of baseline methods, the
number of training rounds of baseline methods is set to 100.
To obtain stable experiment results, we run all experiments
three times and report the mean of model accuracy.

Similar to other methods of federated domain generaliza-
tion, we evaluate generalization performance by the domain-
by-domain exclusion test. Specifically, we select one domain
as the target domain (the unseen domain) in turn and the rest
domains are source domains for training.

In federated learning, data scarcity is a common issue,
and the performance of many methods degrades under
low-volume training sets (Chen et al. 2023; Xiao et al.
2023). To explore the robustness of our method, we gradu-
ally decrease the proportion of training set so that we can

Method Percent OfficeHome Office-31

P A C R Avg A D w Avg
22.5% | 5497 43.63 3891 57.05 48.64 | 52.39 86.74 80.58 73.23
AM 45% 57.10 45.61 41.77 59.55 51.00 | 53.64 9524 8239 77.09
90% 5994 4621 4459 60.96 5292 | 5428 97.65 88.38 78.10
22.5% | 5590 4577 39.25 58.73 4991 | 53.14 89.82 85.87 76.27
AM +DI 45% 58.83 47.89 4293 62.74 53.09 | 5492 97.51 90.52 80.98
90% 61.68 49.19 45.62 6492 5535 | 5530 98.79 95.26 83.11
22.5% | 56.59 44.00 37.39 5698 4874 | 52.53 89.02 80.79 74.86
FedAvg 45% 59.16 47.12 40.11 61.15 51.88 | 53.89 97.12 86.45 79.15
90% 62.60 49.80 43.06 64.83 55.07 | 5542 97.92 89.05 80.79
22.5% | 57.33 45.00 38.19 59.53 50.01 | 53.23 91.09 85.74 76.68
FedAvg +DI 45% 60.58 52.55 41.22 63.24 5439 | 55.28 98.19 91.36 81.61
90% 63.30 51.23 4445 66.52 56.37 | 57.03 99.20 94.80 83.67
22.5% | 56.40 43.13 37.18 56.86 48.39 | 52.24 88.68 82.64 74.52
RSC 45% 58.53 46.58 40.19 6095 51.56 | 54.18 96.79 85.11 78.49
90% 62.30 49.73 4481 63.77 55.15 | 5594 98.26 91.28 81.82
22.5% | 5715 45.02 3737 5999 49.88 | 52.86 91.77 86.07 76.90
RSC +DI 45% 59.76 49.70 40.48 63.00 53.23 | 55.21 9745 93.04 81.90
90% 62.97 50.62 4584 66.61 56.51 | 56.39 99.20 96.40 83.99
22.5% | 5631 4474 3754 5757 49.04 | 5293 90.23 86.58 76.58
Scaffold 45% 58.74 4690 39.54 61.03 5155|5446 97.79 9043 80.89
90% 6194 49.07 4391 6420 5478 | 5438 98.33 9521 82.64
22.5% | 57.16 4534 3795 59.59 50.01 | 54.25 91.09 87.30 77.54
Scaffold +DI 45% 60.13 48.84 41.05 63.50 53.15 | 54.81 98.19 92.83 81.94
90% 62.74 50.72 44.18 6694 56.14 | 55.84 99.13 96.39 83.78

Table 1: Accuracy comparison of the OfficeHome and Office-31.
domain-by-domain exclusion test. ”+DI” indicates the use of method DI. “Percent” is the portion of training set in the whole

dataset.

The accuracy is the average accuracy obtained by performing
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Figure 3: Generalisation performance comparison among AM, GA, and DI. The variance o1, 02, and o3 are the variance of
model accuracy when 22.5%, 44.5%, and 90% training data are used, respectively. The scatter represents the variance of the
model accuracy over each domain (including source domains and target domain).

observe the performance change of our method when data
volume decreases. Specifically, the validation set contains
10% of source domain data, and training set contains 90%,
45%, and 22.5% of source domain data, respectively.

Experiment results are shown in Table 1 and Table 2. The
experiment results indicate that the combination of DI with
different algorithms achieves consistent and significant im-
provements in generalization performance. Specifically, DI
has the largest accuracy improvement 2.27% on AM, and
DI has the smallest accuracy improvement 1.39% on Scaf-
fold. There are also 2.15% and 1.9% accuracy improvement
on FedAvg and RSC, respectively. DI has a significant im-
provement in all experiments, which indicates that DI is able
to improve the generalization performance of models.

As for robustness, DI has considerable accuracy improve-
ments in experiments on average when the data volume is
low. Specifically, DI improves accuracy by 2.14% in AM
when 22.5% of data are used. DI has the smallest accu-

racy improvement 1.89% on Scaffold while it has the maxi-
mum accuracy improvement 2.67% on FedAvg. DI also im-
proves accuracy improvement by 2.06% on RSC. Accord-
ing to these experiment results, even with a limited amount
of training data, DI still can obtain appropriate weights to
enhance the generalization performance of models, which
indicates that DI has strong robustness.

To further explore the ability of DI to improve the gen-
eralisation performance of models, we perform more ex-
periments. In federated learning, high generalization perfor-
mance means that model accuracy is high in all domains in-
cluding training domains and unseen target domains. Thus,
the variance of model accuracy on all domains should be
small if model generalization is high. We run experiment
three times on OfficeHome to compare variances of model
accuracy of DI, GA, and AM. The variances of model accu-
racy on all domains are shown on Figure 3. It can be seen
that DI can decrease the variances of model accuracy on all
domains considerably, which indicates that DI can improve
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Figure 4: Ablation experiment of hyperparameter « in DI. The basic algorithm for the experiment is AM, and the amount of
experimental data is uniformly set to 22.5%.
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Method Percent PACS
P A C S Avg
22.5% | 91.10 77.36 7131 7292 78.17
AM 45% 9229 8271 73.17 75.08 80.81
90% 9331 83.15 77.68 81.78 83.98
22.5% | 93.11 80.78 72.61 74.71 80.30
AM +DI 45% 93.99 8299 74.67 77.81 82.36
90% 94.51 84.08 78.70 82.88 85.04
22.5% | 88.28 68.23 71.56 6542 73.37
FedAvg 45% 91.24 76.87 7237 7388 78.59
90% 9271 7824 77.80 81.13 8247
22.5% | 94.05 73.55 7211 68.71 77.10
FedAvg +DI 45% 92.67 79.77 73.63 76.01 80.52
90% 9543 79.20 78.13 81.49 83.56
22.5% | 90.54 68.11 72.54 6791 74.77
RSC 45% 91.06 77.80 75.11 7478 79.68
90% 92.73 80.08 77.85 81.49 83.03
22.5% | 9293 7420 72.13 68.55 76.95
RSC +DI 45% 9295 7947 7688 76.08 81.34
90% 9493 81.54 77.85 83.22 84.38
22.5% | 89.70 68.78 72.49 6541 74.09
Scaffold 45% 91.06 77.19 7638 77.26 80.47
90% 92.51 79.28 77.84 8223 82.96
225% | 9252 7373 7292 68.41 76.89
Scaffold +DI 45% 92.24 80.37 75.13 78.16 81.47
90% 94.23 80.59 78.10 8195 83.93

Table 2: Accuracy comparison of PACS. The accuracy is
the average accuracy obtained by performing domain-by-
domain exclusion test. ”+DI” indicates the use of method DI.
“Percent” is the portion of training set in the whole dataset.

the generalization performance significantly.

In Table 3, we compare the accuracy improvement of DI
with the accuracy improvement of GA. The comparison re-
sults indicate that DI obtains better accuracy improvement
than GA on all datasets. In particular, the greatest accuracy
improvement of GA is 1.81% while the greatest accuracy
improvement of DI is 3.31%. That is, the accuracy improve-
ment of DI is 1.5% higher than that of GA in the best case.
The least accuracy improvement of GA is 0.26% while the
least accuracy improvement of DI is 1.05%. That is, the ac-
curacy improvement of DI is 0.79% higher than that of GA
in the worst case. According to the comparison results, the
model generalization is improved more by DI (namely, ad-
justing weights of local models through data influences on
global model update) than by GA (adjusting weights of lo-
cal models through fairness).

Ablation Experiments

Ablation Study of the Hyperparameter «. In this exper-
iment, we explore the impact of hyperparameter o on the
model accuracy. The used algorithm in the experiment is
AM, and the amount of experiment data is uniformly set
to 22.5%. We plot the model accuracy in Figure 4 and fit
a curve to demonstrate the change trend of model accuracy.
The experiment results show a clear trend: as « increases,
the model accuracy increases first and then decreases over all
datasets. The trend indicates that hyperparameter « is a nec-
essary and effective parameter which can maximize model
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Method PACS | Office-31 | OfficeHome
AM +GA +0.28 +1.81 +0.44
AM +DI +1.58 +3.31 +1.93
FedAvg +GA | +0.94 +1.14 +0.17
FedAvg +DI | +2.25 +2.63 +1.63
RSC +GA +0.89 +1.00 +0.49
RSC +DI +1.74 +2.58 +1.50
Scaffold +GA | +0.43 +0.26 +0.56
Scaffold +DI | +1.57 +1.05 +1.38

Table 3: Accuracy improvement comparison between DI and
GA. The accuracy improvement is the average of three ex-
periments. ”+DI” indicates the use of method DI. ”+GA”
indicates the use of method GA.

Algorithm | DIC | DIA | Acc
FedAvg | X | X | 7776
FedAvg | X | v |78.24
FedAvg | v/ | X | 79.24
FedAvg | v/ | vV | 80.16

Table 4: Ablation experiment of major components in DI.

accuracy.

Components Ablation Experiments. We conduct an ab-
lation experiment to assess the impact of two important
components of DI: DIC (Data Influences Calculator) and
DIA (Data Influences Adjustment ). The experiments are
performed on PACS and the basic method of experiments
is FedAvg. The experiment results are shown in Table 4.
The experiment results indicate that each component can
improve the generalization performance of models alone
and the combination of the two components can improve
the generalization performance more. Specifically, DIA in-
creases model accuracy from 77.76% to 78.24% alone. DIC
increases model accuracy by 1.48% from 77.76% to 79.24%
alone. The combination between DIA and DIC suprisingly
increases model accuracy by 2.4%. The accuracy improve-
ments demonstrate that the components of DI are necessary
and effective.

Conclusions

In this paper, we propose the method DI to improve fed-
erated domain generalization. DI has two components DIC
and DIA. Specifically, DIC calculates weights of local mod-
els through influences of data in source domains on the
global model update and DIA adjusts the weights calcu-
lated by DIC in case these weights are overly dependent on a
small portion of the data. Comprehensive comparison exper-
iments and ablation experiments show that our method can
improve federated domain generalization significantly.
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