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1. Theoretical Results

In this section, we present details on the theoretical re-
sults discussed in Section-5 of the main paper. As noted by
Shen et al. [ 16], the weights learned by a patch-wise Convo-
lutional Neural Network are a linear combination of the two
types of features (described in Section-5 of the main paper)
present in the dataset. Let the threshold K.,; denote the
number of robust features learned by the model. We have,
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On averaging of the weights of m models we get:
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We now analyze the convergence of this weight averaged
neural network shown in Eq.2. Let L represent the logistic
loss of the model, F' denote the function learned by the neu-
ral network, and w, denote its weights across C' channels
indexed using c. Further, let 3y(*) represent the ground truth
label of sample z; V i € [1, n], where n denotes the num-
ber of samples in the train set. The weights w1, wa, .., wc
are initialized as w. ~ N (0,0813) V ¢ € C. We assume
that the weights learned by the model at any time stamp ¢
are a linear combination of the linear functions f, g and h
corresponding to feature patches, noisy patches and model
initialization respectively, as shown below:
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where €’ is the random noise sampled for the initialization
of the model. Since the term h(€’) does not play a role in the

wf: = f(vlvv27'"Q)K)+g(6(1)76(2

h(e") (3)
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convergence of the model, we ignore this term for the pur-
pose of analysis. For simplicity, we assume that f and g rep-
resent summations over their respective arguments. Thus,
the weights at any time t can be represented as
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where K!,, and o} are a functions of time t. At conver-
gence, o; = 1 Vi € [1, K¢yt] and a;; = 0 otherwise.

We now analyze the learning dynamics while training
the model. Owing to the gradient descent based updates of
model weights over time, the derivative of overall loss L
w.r.t. the weights of a given channel w, can be written as,
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Since L is a logistic loss, we have —L' (0(1)) = 0.5 + o(1),
where o(1) represents terms independent of the variable
w. As discussed in Section-5 of the main paper, the func-
tion learned by the neural network is given by F(w,z) =

Z E @(we, xp), where ¢ is the activation function de-
c=1p=

fined as follows [106]:
o for |z| < 1;¢(2) = sign(z)%|z|q
o forz>1;p(z) = 2 — 2
o forz < —1; ¢(z) zz—l—%

Based on this, Eq.5 can be written as
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Considering the two types of patches present in the image
(feature and noisy patch), we have:

d 1 —|— o(
%wc Z¢ |wcvd()

1"‘0 Z¢ |7,U€)| (’L (i) (7)

)V

where Udm represents the feature patch in the image
@), HO(I Z ¢ (|lwevg | vy represents the gradients

i=1

on feature patches, and % Z:l ¢ (Jwee® )yl

resents the gradients on noisy patches of the image.

To improve the clarity of the proofs, we restate and proof
lemma-1 of [16] in the following two lemmas presented be-
low:

Lemma 1 Let X ~ N(0,021,,) andY ~ N(0,0.1,,) be
m dimensional gaussian random variables, then XY =

O(ymoyoy)

Proof. Given any two random variables x ~ N (1, 07) and
y ~ N(p2,03)
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= E[z*y*] — E[(zy))* =

Var(z)Var(y) + Var(x)E(y)2 + Var(y)E(ac)2

Var(xzy)

= otos +oius +oapu; (8)

For p1qp = pe = 0, we get

Var(zy) = Var(x)Var(y) 9)

Let X ~ N(0,02I,) and ¥ ~ N (0,021,)
be m dimensional gaussian random variables,
ie., X = [0, 1, T2, ... Tm—1] and Y =
(Y0 Y15 Y2, s Ym—1), where z; ~ N (0,02) and
yi ~ N(0,02) Vie{0,1,2,....,m—1}. Calculating

Var(XTY),
(z y)
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Since each x; and y; are sampled i.i.d from a Gaussian with
a fixed mean and variance, therefore the product x;y; is also
an i.i.d random variable with a distribution of the differ-
ence of two chi-squared distributions. The sum of such k
chi-squared random variables with mean y and variance o2
results in a chi-squared distribution with mean kp and vari-
ance ko?. Given this, let z = X7Y. Therefore, by Eq.9, =
has a zero mean and a variance of mo’fcai. Thus, we have

Var(XTY) = E [(XTY }

Var(z) = E(2*) = mo2o ; (11)

Using Chebyshev’s inequality, we have

1
P(|z| > kyv/moygo,) < e (12)
where k is some constant. Therefore, we have
=0 (Vmoyoy) (13)

Further, by central limit theorem, we have the distribution
m—1

of 2 = XTY = 3 a,y; to be approximately Gaussian.
i=0

Therefore, even for a small value of k&, we have a high con-

fidence interval for bounding |z|. O

Lemma 2 Let V be a standard basis vector and Y ~
N(0, aglm) be N dimensional gaussian random variable,
then VY = O(o,)

Proof. Let Y ~ N(0,071,) be m-dimensional gaussian
random variable, ie., Y = [yo,Y1,Y2, -, Ym—1] Where
each y; ~ N(0,07) Vi €{0,1,2,...,m —1}. LetV =
[V, V1, V2, ..., Um—_1] and z = VTY. Since V is a standard

basis vector, we have
2
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E [(yk)ﬂ =Var(ys) = 05 (14)
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where k is some index for which vy, = 1 and v; = 0 Vj #
k. Using Chebyshev’s inequality, we have

P(|z| > koy) < = (15)

where k is some constant. Therefore we have
z=0(oy) (16)
O

Based on the above lemmas, considering the weights
we ~ (0,0814), we have

|lwevk| = O(o9) a7

|wce(i)\ = O(o0yp) (18)
2

€| =0 <Jd) (19)

D = 0 (”) (20)



1.1. Convergence time for feature patches
Data Augmentations: As defined by Shen et al. [16], an
augmentation T}, can be defined as follows:

VE € [LK], Tevy) = O 45-1) mod k)41 2D

Assuming that K unique augmentation strategies are used
(where K denotes the number of robust patches in the
dataset), augmented data is defined as follows:

Dt(?;ilg?z Dtrain ) 7-1<Dtrain)~-u TKfl(Dtrain) (22)

where Dy,qin 1s the training dataset. This ensures that each
feature patch v; appears n times in the dataset, thus making
the distribution of all the feature patches uniform. In the
proposed method, we consider that m models are being in-
dependently trained after which their weights are averaged
as shown below
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Each branch is trained on the dataset D( ) defined as:

train
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train

= E(Dtrain)a ke [1,27...7m] (24)

Proposition 1 The convergence time for learning any fea-
ture patch v; Vi € [1, K] in at least one channel ¢ € C of
the weight averaged model fy using the augmentations de-

fined in Eq.24, lsgzvenbyO( = 2),lf\f<< 7 m=K.

Proof. We first compute the convergence time without
weight-averaging, as shown by Shen er al. [16]. The dot
product between dwc (from Eq.7) and any given feature vy,

is given by:
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where, pj represents the fraction of vy in the dataset. At
initialization, we have w, ~ (0,021;). Therefore, using
conditions at initialization in Eq.17, 18 and 20 along with
the definition of the activation function defined for the case
|we €| < 1, we arrive at the following
convergence time for the feature and the noisy patch, re-
spectively:
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A closer look at the above two equations reveal that if % <
7 » the noisy patch term in Eq.25 (the second term) can be
ignored in comparison to the feature patch term (the first
term). This gives:
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Let us denote the term w, - vy at any time step ¢ using a
generic function ¢ = g(we, vy, t). Using the definition of
the activation function ¢, and assuming that |w.vg| <1, we
get

dg 1 + 0(1) q—1

= 29
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On integrating, we get the following:
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We now compute the convergence of the case where m
models are averaged. We denote the averaged weights of
a given channel ¢ by wl"9. By substituting for w. from
Eq.4, we get
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Using |ePuy| = O(%) from Eq20 gives us
S yWely, = O (%), whereas z:lal]vl = O(1).
I>KE

cut

Since d represents the number of parameters, we can say
d > o. Further, since e®) are i.i.d random variables, there-

fore, the value of the noise component y(l)e(l)vk. is
I>K?

cut

expected to further decrease upon averaging over m mod-
K

els. Thus, ignoring it w.r.t. to the feature term | afjvl, we
=1
get

dwav9 1d .
SRR jzakj (33)

A similar analysis for a single model that is not weight-
averaged gives

dw, daf,  dwv?

d
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As discussed in Section-5 of the main paper, we setm = K.
Further, since the most frequent patches are learned faster,
we assume that the relative rate of change in «y; will de-

pend on the relative frequency of individual patch features.
dal /dt dal /dt

Therefore, - = K = pi. Thus we
d(z a%)/dt d(z a’;wv)/dt
j=1

j=1
get,

dwi®9 1 dw,
Vg = ——=
dt " ppK dt

g, (35)
In Eq.35, we have the rate of change of w9 = ﬁ times

the rate of change of w.. Therefore the time for convergence
for w9 will be py, K times the time for convergence for w.,

which gives
K
t=0 — (36)
7
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Corollary 1.1 The convergence time for learning any fea-
ture patch v; Vi € [1, K] in at least one channel ¢ € C
of the weight averaged model fy using the augmentations

defined in Eq.24, is given by O ( q 2 L
90

if T < %
Here pj is the ratio between the frequency of the fea-
ture patch k in the dataset and the sum of the frequencies
of all feature patches in the dataset. p;c is the ratio be-
tween the frequency of the feature patch k in the dataset
and the sum of the frequencies of some m feature patches

[U(k) mod K+15V(k+1) mod K+15 -+ V(m+k—1) mod K+1]

Proof. Since the most frequent patches are learned faster,
we assume that the relative rate of change in «y; will de-
pend on the relative frequency of individual patch features.
Therefore,

dat /dt at)/dt /
— k/ — W(L k)/ = py. (37)
d (Z a}%) /dt (Z a}%) /dt
j=1 j=1
Thus substituting in Eq.34, we get
dwv9 1 dw
= = ——F° 38
at " ppm dt vk (38)
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times the rate of change of w,. Therefore, the time for con-
vergence for w®9 will be p,m times the time for conver-

gence for w,, which gives
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In Eq.38, we have the rate of change of wi"9 =

The convergence time from corollary-1.1 (denoted as t)
can be written as

(40)

The convergence time from Eq.31 (denoted as t') can be
written as
K
D, akj
/ =1
f—ol?

— (41)
Qo

For hard to learn feature patches (feature patches with low
o), upon comparing Eq.40 and Eq.41, we observe that the
convergence time will be higher in Eq.41. Since a sum-
mation over some m feature patches is appearing in Eq.40,
therefore its convergence time has a lower impact on the
frequency of an individual feature patch. This helps in en-
hanced learning of hard features, thereby improving gener-
alization.

1.2. Convergence time of noisy patches

We consider the dot product between any noisy patch €*
and Eq.7:

o )vga >6(k)+
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On simplifying we get,
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Ho( ¢ (|wee®])y®)|[e®)] |2, if their values are of differ-
ent orders at initialization. Since, at initialization, w, ~
(0,0214), using conditions in Eq.17-20 and the definition of



the activation function defined for the case of |w,
and |w.eW| < 1Vi € [1,7n], we get
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Comparing Eq.47 and Eq.46, we get if d > n?, we

n ’
can ignore the term i(l) S ¢ (|wevgen |)vge €™ +

i=1
5§ (ueeyDee® as
i=1;i#k
¢ (Jwee®])y*)||e®)]|2 Thus, we get the following:
Usmg the activation defined earlier, and considering the
value of w.e(®) at time stamp t given by g(w., €™, 1),
where |g(we, e®) )| < 1, we get

compared to
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Similar to the analysis presented in Eq.30, on integrating
the above equation, we get

1+o0(1)
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Using Eq.18,att =0,
g(we, "t = 0)%71 = Ug_qO'Q_q (50)

where oy is the standard deviation of the zero-mean Gaus-
sian distribution that is used for initializing the weights of

the model, and % is the standard deviation of the noise
present in noisy patches. Thus, we get

1 1 _
‘;0( )(2 _ q)t02 + O_S q0_27q _
n

g(we, e® ¢ =)279 (51)

At the time of convergence, the term g(wc,e(k),t =
£)2=9 will become o(1). Therefore, *-21 (2 — g)to? +
02 96277 should be constant. Equating the L.H.S. of the
above equation to 0, the convergence time to learn (*) by
at least one channel ¢ € C'is given by:

n
t=0 <0820q> (52)

Proposition 2  If the noise patches learned by each fé“

.. . . 2
are i.i.d. Gaussian random variables ~ N (0, %Id> then

with high probability, convergence time of learning a noisy
patch €9 in at least one channel ¢ € [1 C) of the weight

) ifd > n?.

od

averaged model fy is given by O (

Proof. By averaging the weights of m models in Eq.42, we
get
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where 7 consists of the remaining terms that are negligible
since the noise learned by each model is i.i.d. and d > n?.



Using the weights learned by different models as repre-
sented in Eq.4, we get,
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Since the noise €(*) learned by different models is consid-
ered as i.i.d., we get
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Note that from Eq.19, we have
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0] (%) , and from Eq.20, we get
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Similarly, we derive the learning dynamics of a single
model w,, below:

K
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From Eq.58 and Eq.59, we get the following relation

]. dwck (k:) dwavg (k)
60
mdt Tdt € (60)

In Eq.60, we have the rate of change of wq,,4 equals % times
the rate of change of w,,. Therefore, the time for conver-
gence for wg,, will be m times the time for convergence
for w,, , which gives the convergence time for learning the
noisy patch, ¢(¥) by at least one channel ¢ € C' of the model

as
nm
t—0<ﬁ4M> (61)
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Proposition 3 If the noise learned by each féf are i.i.d.

2
Gaussian random variables ~ N (0, %Id), and model
weight averaging is performed at epoch T, the convergence
time of learning a noisy patch €9) in at least one chan-

nel ¢ € [1,C] of the weight averaged model fy is given
by T+ O (W) if d > n?.

Proof. We assume that the model is close to convergence at
epoch T'. Hence, its weights can be assumed to be similar
to Eq.2. Further, we assume that the weights are composed
of noisy and feature patches as shown in Eq.2. Since the
noisy patches are assumed to be i.:.d., the standard devia-
tion of the weights corresponding to noisy features is given

by mi/ﬁ'

g(we,e®) t = T)279 = g4 2010720 (62)

On integrating Eq.48 from time 7' and substituting the
above, we get

1 1 q—2
—5—20( )t(2 . q)02 Jr0472qmq72dT2 _
n
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Thus, the convergence time of learning at least one channel
¢ € C by on using this initialization is given by

nma—2) g(a—2)/2
t_O(d%4)> (64

Further, the total convergence time is given by

nm(a—2) g(a—2)/2

Since we have considered the weights to be composed of
two parts and the model is assumed to be converged with
respect to feature patches, therefore, using such an initial-
ization will not impact their learning dynamics. O



(a) ERM+EMA (PCH) (b) DART (Ours, PCH)

Figure 1. Loss landscape visualization

(

(b) DART (Ours, PCH)

(a) ERM+EMA (PCH)

Figure 2. Loss Contour visualization

1.3. Impact of intermediate interpolations

We assume that 7" in Proposition-3 is negligible w.r.t.

(g—2) g(g—2)/2
nm d
o ( o(2q4-2)

convergence time from Proposition-3 (denoted as ¢) and
Proposition-2 (denoted as t'),

t mqud(q72)/20'q72
Lo ( 0 (66)

012

). We further analyze the ratio of the

A lower bound on the above equation will occur when d =
n? and ¢ = 3. Using this, we get

L=o(") (67)
t o

Thus, the lower bound is of the order n which is greater than
1. Therefore, the convergence time of learning a noisy patch
¢\9) in at least one channel ¢ € [1,C] on performing an
intermediate interpolation (Prop.3) is greater than the case
where weight-averaging of only final models is performed
(Prop.2), by upto O(n).

2. Loss surface plots

We compare the loss surface of the proposed method
with ERM training on CIFAR-100 dataset using WRN-28-
10 architecture. To exclusively understand the impact of
the proposed Diversify-Aggregate-Repeat steps, we present
results using the simple augmentations - Pad and Crop fol-
lowed by Horizontal Flip (PCH) for both ERM and DART.
We use exponential moving averaging (EMA) of weights in
both the ERM baseline and DART for a fair comparison.

Table 1. Loss Landscape Sharpness Analysis: Comparison of
the proposed method DART (Pad-Crop) and ERM (Pad-Crop)
trained using WRN-28-10 on CIFAR-100. The metrics presented
here have been adapted from Stutz et al. [17]. For all metrics, a
lower value corresponds to a flatter loss landscape.

Method Worst Case Average  Average
Flatness | Flatness | Train Loss |

ERM (Pad+Crop) 4.173 1.090 0.0028

DART (Pad+Crop) (Ours) 2.037 0.294 0.0022

As shown in Fig.1, the loss surface of the proposed
method DART is flatter when compared to the ERM base-
line. The same is also evident from the level sets of the con-
tour plot in Fig.2. In Table-1, we also use the scale-invariant
metrics proposed by Stutz et al. [17] to quantitatively ver-
ify that the flatness of loss surface is indeed better using the
proposed approach DART. Worst Case Flatness represents
the Cross-Entropy loss on perturbing the weights in an /5
norm ball of radius 0.25. Average Flatness represents the
Cross-Entropy loss on adding random Gaussian noise with
standard deviation 0.25, and further clamping it so that the
added noise remains within the £ norm ball of radius 0.25.
Average Train Loss represents the loss on train set images
as shown in Table-1. We achieve lower values when com-
pared to the ERM baseline across all metrics, demonstrating
that the proposed method DART has a flatter loss landscape
compared to ERM.

3. Additional Results: ID generalization
3.1. Model coefficients

While in the proposed method DART, we give equal
weight to all M branches, we note that fine-tuning the
weights of individual models in a greedy manner [21] can
give a further boost in accuracy. As shown in Fig.3, the
best accuracy obtained is 86.33% at \; = 0.17, Ay = 0.46,
when compared to 86.24% with A\; = Ay = 0.33. These
results are lower than those reported in Table-2 of the main
paper and Table-3 in the supplementary since the runs in
Fig.3 do not use EMA, while our main method does.

3.2. Training plots

We show the training plots for In-domain generalization
training of CIFAR-100 on WRN-28-10 in Fig.4. We firstly
note that not only does our method yield gains on the fi-
nal interpolation step (as seen in Table-3 and Table-2 of
the main paper), but the step of intermediate interpolation
ensures that the individual models are also better than the
ERM baselines trained using the respective augmentations.
Specifically, while the initial interpolations help in bringing
the models closer to each other in the loss landscape, the
later ones actually result in performance gains, since the low
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Figure 3. Accuracy (%) on interpolating the final converged
models trained using DART (ours) using WRN-28-10 model and
CIFAR-100 dataset, by taking their convex combination. Maxi-
mum accuracy of 86.33 is obtained on interpolating, using three
experts with accuracies 85.65, 85.75 and 85.51. For the best set-
ting, A1 = 0.17 and A2 = 0.46.

Table 2. Integrating DART with SAM gives around 0.2% im-
provement in performance (%) when compared to SAM with
mixed augmentations. The results are shown on CIFAR-100
dataset using WRN-28-10 model.

ERM+EMA ERM+SWA  DART SAM+EMA DART+SAM+EMA
85.57 013 85.44 +009 86.46 +0.12 87.05 +0.15 87.26 +0.02

learning rate ensures that the flatter loss surface obtained us-
ing intermediate weight averaging is retained.

3.3. Integrating DART with SAM

Table-2 shows that the proposed approach DART inte-
grates effectively with SAM to obtain further performance
gains. However, the gains are relatively lower on integrat-
ing with SAM (~ 0.2%) when compared to the gains over
Mixed ERM training (~ 0.9%). We hypothesize that this is
because SAM already encourages smoothness of loss sur-
face, which is also achieved using DART.

3.4. Evaluation across different model capacities

We present results of DART on ResNet-18 and
WideResNet-28-10 models in Table-3. The gains obtained
on WideResNet-28-10 are larger (0.2 and 0.89) when com-
pared to ResNet-18 (0.06 and 0.64) demonstrating the scal-
ability of our method.

Table 3. Different model architectures: Performance (%) of
DART when compared to Mixed-Training (MT) across different
architectures. Standard deviation is reported across 5 reruns.

Model Method
ResNetl8  ERM+EMA (Mixed - MT)

CIFAR-10 CIFAR-100
97.08 £005 82.25 +029

DART (Ours) 97.14 £ 008  82.89 +0.07
WRN-28-10 ERM+EMA (Mixed - MT) 97.76 +0.17 85.57 +0.13
DART (Ours) 97.96 +006 86.46 +0.12

4. Details on Domain Generalization
4.1. Training Details

Since the domain shift across individual domains is
larger in the Domain Generalization setting when compared
to the In-Domain generalization setting, we found that train-
ing individual branches on a mix of all domains was better
than training each branch on a single domain. Moreover,
training on a mix of all domains also improves the individ-
ual branch accuracy, thereby boosting the accuracy of the fi-
nal interpolated model. We train 4 branches (6 for Domain-
Net), where one branch is trained with an equal proportion
of all domains, while the other three branches are allowed
to be experts on individual domains by using a higher frac-
tion (40% for DomainNet and 50% for other datasets) of the
selected domain for the respective branch.

In the Domain Generalization setting, the step of explic-
itly training on mixed augmentations / domains (L4-L5 in
Algorithm-1 in the main paper) is replaced by the initializa-
tion of the model using ImageNet pretrained weights, which
ensures that all models are in the loss basin. Moreover, this
also helps in reducing the overall compute.

For the results presented in the Tables 4.3.1 to 4.3.6
and Table-4 of the main paper, the training configuration
(training iterations, interpolation frequency) was set to (15k,
1k) for DomainNet and (10k, 1k) for all other datasets,
whereas for the results presented in Table-5 in the main pa-
per, the configuration was set to (5k, 600) for DANN [6]
and CDANN [12], and (8k, 1k) for the rest, primarily to
reduce compute. The difference in adversarial training ap-
proaches (DANN and CDANN) was primarily because their
training is not stable for longer training iterations. SWAD-
specific hyperparameters were set as suggested by the au-
thors [4] without additional tuning. While we compare with
comparable compute for the In-Domain generalization set-
ting (Table-3 and Table-2 in the main paper), for the Do-
main Generalization setting we report the baselines from
DomainBed [7] and the respective papers as is the common
practice. Although the proposed approach uses higher com-
pute than the baselines, we show in Fig.5(a) that even with
higher compute, the baselines cannot achieve any better per-
formance.
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Figure 4. Comparison of the test accuracy (%) of ERM training using different augmentations with the respective augmentation
expert of DART on CIFAR-100, WRN-28-10. The analysis is done from 300 epochs onwards. Most of the gains of the proposed method
occur at the end of training, when learning rate is low and the experts are present within a common basin.
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Figure 5. Performance of DART across (a) varying training it-
erations and (b) varying interpolation frequency: (a) compares
the proposed method DART’s performance with the SWAD base-
line when trained for higher number of iterations. Interpolation
frequency was maintained such that the number of interpolations
remained same (8) in every case. (b) demonstrates the effect of
intermediate interpolation frequency on DART. The training itera-
tions were kept constant (5k).

4.2. Ablation experiments

We present ablation experiments on the Office-Home
dataset in Fig.5. Following this, we present average ac-
curacy across all domain splits as is common practice in
Domain Generalization [7].

Variation across training compute: Fig.5 (a) demon-
strates that the performance of SWAD plateaus early com-
pared to DART, when trained for a higher number of train-
ing iterations. We note that DART achieves a significant
improvement in the final accuracy over the baseline. This
indicates that although the proposed method requires higher
compute, DART trades it off for improved performance.

Variation in interpolation frequency: Fig.5 (b) de-
scribes the impact of varying the interpolation frequency in
the proposed method DART. The number of training iter-
ations is set to Sk for this experiment. We note that the
accuracy is stable across a wide range of interpolation fre-
quencies (x-axis is in log scale). This shows that the pro-
posed method is not very sensitive to the frequency of inter-
polation, and does not require fine-tuning for every dataset.
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Figure 6. Study on hyperparameter sensitivity for DART (a)
shows variation in the accuracy of DART for different interpo-
lation frequencies on the OfficeHome dataset using ResNet-50
model with ImageNet initialization. A strong correlation between
the in and out-of-domain accuracy of DART in the DG setting is
observed. (b) shows the variation of In Domain Accuracy for the
CIFAR-100 dataset and WRN-28-10 model vs. the number of in-
terpolations done during the training. It is seen that the in-domain
accuracy is stable across a wide range of interpolations.

We therefore use the same interpolation frequency of 1k for
all the datasets and training splits of DomainBed. We note
that the proposed method performs better than baseline in
all cases except when the frequency is kept too low (==10)
or too high (close to total training iterations). The sharp
deterioration in performance in the case of no intermediate
interpolation (interpolation frequency = total training steps)
illustrates the necessity of intermediate interpolation in the
proposed method.

4.3. Detailed Results

In this section, we present complete Domain General-
ization results (Out-of-domain accuracies in %) on VLCS
(Table-4.3.2), PACS (Table-4.3.3), OfficeHome (Table-
4.3.4), Terralncognita (Table-4.3.5) and DomainNet (Table-
4.3.6) benchmarks. We also present the average accu-
racy across all domain splits and datasets in Table-4.3.1.
We note that the proposed method DART when combined
with SWAD [4] outperforms all existing methods across all
datasets.



4.3.1 Averages 4.3.4 OfficeHome

Algorithm VLCS PACS OfficcHome Terralncognita DomainNet Avg "
ERM [19] 775404 855+£02 665+03 461+£18  409+01 633 Algorithm A c P R Avg
IRM [1] 785+0.5 835+08 643+22 47.6 £0.8 339+28 616 ERM 613+07 524+03 758+0.1 76.6 + 0.3 66.5
GroupDRO [14] 7674+ 0.6 844+£08 66.0%07 432411 333+£02 607
Mixup [20] 774406 846+06 68.1+03 479+£08 392401 634 IRM 589+£23 522+16 721£29 740+25 643
MLDG [10] 772404 849410 66806 477409 412401 636 GroupDRO 60.4+07 527+10 750+£0.7 760+0.7 66.0
CORAL [18] 788+£0.6 86.2+03 687+03 476+ 1.0 415+0.1 645 Mixup 624+08 548+06 769+03 783+02 68.1
MMD [11] 775409 846405 663 +0.1 422416  234+95 588
DANN [6] 786 +04 83.6+04 659406 467405 383+0.1 626 MLDG 6154£09 53.2£06 75.0+1.2 77.5+£04 668
CDANN [12] 775401 826409 658+13 458416  383+03 620 CORAL 65.3+£04 544405 765+0.1 784405 687
MTL [3] 772404 846+05 664+05 456+ 12 40.6+0.1 629 MMD 604 +02 533+03 743+£0.1 774+06 663
SagNet [13] 778405 863+02 68.1+0.1 486410  403+0.1 642 DANN 599413 53.0+03 73.6+07 769-+05 659
ARM [22] 77.6+03 85.1+04 648403 455403 355402 617
VREx [9] 783402 849+06 664406 464406  33.6+29 619 CDANN 61.5+14 3504124 7441409 766108 658
RSC [5] 771405 852409 655409 466410  389+05 627 MTL 615+07 524+£06 749+04 768+04 0664
SWAD [] 791401 88.1+£01 70.6+0.2 50.0 £ 0.3 465+0.1 669 SagNet 634+02 548+04 758+04 783403 68.1
DART w/o SWAD  78.5+0.7 873405 70.1+02 487408 458 66.1 ARM 589+08 51.0+05 741+£01 752403 648
DART w/SWAD ~ 80302 889+£0.1 719+0.1 51.3+£02 472 67.9 VREx 60.7+09 53.0+09 753+0.1 766=+05 664
RSC 60.7+14 514+03 748+1.1 7514+13 655
SWAD 66.1 +04 57.7+04 784+0.1 802402 70.6
DART w/o SWAD 643 +02 579+09 783+06 799+0.1 70.1
DART w/ SWAD 671+02 592+0.1 797+0.1 815+0.1 719
4.3.2 VLCS
Algorithm C L S v Avg 4.3.5 Terralncognita
ERM 97.7+04 643+09 734+05 746+13 775
IRM 98.6+0.1 649+09 734+06 77.3+£09 785 Algorithm L100 L38 L43 L46 Avg
Mixup 983+£06 64810 721£05 743+£08 774 IRM 546+13 39.8+19 562+18 39.6+08 476
MLDG 97.4+02 652+£07 71.0+14 753+£10 772 GroupDRO 412407 386+£21 567+09 364+£21 432
CORAL 983+0.1 661+12 734+03 77.5+£12 788 Mixup 506120 4224114 550408 339414 479
MMD 97.7+£0.1 640+1.1 728+02 753+33 775 MLDG SA2L30 443411 556403 369422 477
DANN 99003 65.1£14 731£03 772£06 786 CORAL 51.6+£24 422+10 57.0+10 398429 476
CDANN 97.1£03 651+£12 707+£08 77.1£15 775 MMD 419430 348+10 570419 352+18 422
MTL 978+£04 643+£03 715£07 753+£1.7 772 DANN 511435 406406 574+05 37.7+18 467
ARM 98.7+£02 63.6£07 713£12 767£06 776 MTL 493+£12 39.6+63 556+1.1 37.8+08 456
VREx 984+03 644+£14 741+£04 762+£13 783 SagNet 53.04£29 43.0+25 579+06 404+13 486
RSC 97.9£0.1 625+£07 723£12 75608 771 ARM 493+07 383+24 558+08 387+13 455
SWAD 988+£0.1 633+03 753+05 792+06 79.1 VREx 482143 A1TL13 S568L08 387431 464
DART w/o SWAD 979+1.0 642+0.7 739+1.1 781+16 785 RSC 502422 392+14 563+14 408+06 46.6
DART w/SWAD  98.74+0.0 66.4+0.3 758+0.6 804+03 803 SWAD 554+00 44911 597+04 399+02 500
DART w/o SWAD 546+ 1.1 449+1.6 587+05 36.6+19 487
DART w/ SWAD 56.3+04 471+03 61.2+03 405+0.1 513
4.3.3 PACS 4.3.6 DomainNet
N Algorithm clip info paint quick real sketch Avg
Algorlthm A c P S AVg ERM 58.1+0.3 18.8+03 46.7+03 122+04 59.6+0.1 49.8+ 04 409
ERM B7504 WSE00 92503 PIALLO S35 ML M el dinomoen maii Bl u
IRM 848 +13 764 £ 1.1 96.7 £ 0.6 76.1 £ 1.0 83.5 Mixup 55:7 + Ui3 18:5 + ():5 ;143 + 0:5 lé?S + (;4 %58 + 0:3 48i2 + 0:5 392
GroupDRO 835+09 79.14+06 967+03 783+20 844 MLDG 59.1+£02 19.1+£03 458+0.7 134+03 59.6+02 502+04 412
- CORAL 502401 197402 466403 134404 598+£02 501406 415
Mixup 86.1£0.5 789+08 976+£01 758+18 846 MMD 3204133 11.0£46 268+113 87+21 3274138 289+119 234
MLDG 855+14 80.1+£17 974+03 76.6+1.1 849 DANN 531402 183401 442407 118401 555404 468+06 383
CORAL 883402 80.04£05 975403 788+£13 862 MIL ST9505 155504 460501 125401 $95£03 92501 406
MMD 86.1+14 794+£09 96.6+02 765+05 846 SagNet 577403 190£02 45303 127405 S81+05 48802 403
DANN 864 +0.8 774+08 973+04 735+23 836 ARM 4974+03 163+£05 409+1.1 94+01 534+04 435+£04 355
VREx 473+35 160+15 358+4.6 109+03 49.6+49 42.0+3.0 336
CDANN 84.6+1.8 75.5+09 96.8 +0.3 73.5+0.6 82.6 RSC 55.0+1.2 183+£05 444+0.6 122+02 55.7+0.7 478 +09 389
MTL 875+08 77.1+£05 964+08 773+18 84.6 MetaReg 59.8 25.6 50.2 115 64.6 50.1 43.6
SagNet 874+10 807+06 97.14+0.1 800404 863 SDMG . ?5.2] ” 22.20 - 50.0( 16 15.70 ) e 59.6( 49.0( \ 22.6
ARM 868406 768+£05 974403 793+12 85.1 D‘:’;f 04 j"‘ 2 ";i G '5; ! 'ljl : 5"‘f 4 5554* > 45'5
VREx 860£1.6 791+0.6 96905 77717 849 DARTwSWAD 68 28 2 161 &3 3 a2
RSC 8544+08 79.7+18 976+03 782+12 852
DMG [5] 82.6 78.1 94.3 78.3 834
MetaReg [2] 87.2 79.2 97.6 70.3 83.6
DSON [15] §7.0 80.6 96.0 829 866 References
SWAD 893+02 834+06 973+£03 782405 88.1
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