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 a b s t r a c t

To address distribution shifts between training and test data, domain generalization (DG) lever-
ages multiple source domains to learn a model that generalizes well to unseen domains. However, 
existing DG methods often overfit to the source domains, partly due to the limited coverage of 
the expected region in feature space. Motivated by this, we propose performing mixup with data 
interpolation and extrapolation to cover potentially unseen regions. To prevent the detrimen-
tal effects of unconstrained extrapolation, we carefully design a policy to generate the instance 
weights, named Flatness-aware Gradient-based Mixup (FGMix). The policy relies on gradient-
based compatibilities to assign greater weights to instances that carry more invariant information 
and learn the mixup policy towards flatter minima for better generalization. On the DomainBed 
benchmark, we validate the efficacy of various designs of FGMix and demonstrate its superiority 
over other DG algorithms.

1.  Introduction

The success of machine learning systems relies on the assumption that the training and test data are drawn from the same 
distribution. However, this i.i.d. assumption does not always hold in real-world applications, e.g., when the training and test data are 
acquired with different devices or under different conditions. When such distribution shifts occur, the systems may fail to generalize 
to test data if they learn to rely on spurious cues for prediction (e.g., texture or backgrounds).

Domain generalization (DG) [1–4] addresses this problem by leveraging data from multiple source domains to train a model 
that generalizes well to unseen target domains. Existing methods mainly focus on extracting invariant features from source domains 
or leveraging a meta-learning approach to learn a transferable model [2,3,5–7]. Nevertheless, most DG methods still suffer from 
overfitting to the source domains. As illustrated in Fig. 1, the left subfigure depicts some latent representations of data from multiple 
domains. The classifier is trained to perform well on the source domains (i.e., diamonds, circles, and triangles). If the target domain 
(i.e., stars) is located in a region that is not covered by the source domains, it is possible that the learned classifier will perform poorly 
on the target domain. Recently, mixup-based methods have been developed to address this issue [8–12]. Generally, interpolated data 
are used for model training such that the unseen regions within the convex hull of the source domains will also be covered, as shown 
by the solid arrows in the right subfigure of Fig. 1. But what if the target domain lies outside the convex hull? In that case, interpolated 
data is clearly insufficient, and one may need to consider using extrapolated data for model training (as shown by the dotted arrows).
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Fig. 1. Source domains, target domain, and mixup via interpolation/extrapolation.

Data extrapolation is rarely involved in the existing mixup-based methods, probably due to that without a proper mixup strategy, 
extrapolated data may easily deviate from the expected region and become devastating to model training. Hence, unlike existing 
methods that simply use random weights for mixup, a carefully designed weight-generation policy is required to produce meaningful 
extrapolated data. To begin with, the weight associated with each instance involved in a linear combination should be based on its 
relations with other instances involved in the same combination - an idea similar to context-aware attention. Inspired by the gradient-
based approach for DG [5,13–15], which relies on gradient alignment for domain-invariant learning, we propose to compute the 
relation or compatibility score between instances based on gradients. Since the gradient compatibility indicates how much information 
is shared between two instances from the perspective of learning, instances with a greater sum of compatibility scores with respect 
to all the other instances in the same combination can be considered as carrying more invariant information and hence should be 
assigned greater weights [16,17]. As a result, the mixup data will absorb a larger portion of the instances containing more invariant 
features. To enable extrapolation, we apply a scaling and shifting operation to the normalized weights to remove the positivity 
constraint. 

The generated mixup data is expected to encourage the learning of a more generalizable model. Hence, we propose to learn the 
two key components of our weight generation policy, i.e., the gradient-based compatibility scores and the extent of extrapolation, 
towards flatter minima of the classifier. A flat minimum is defined as a region in the loss surface where the loss varies slowly with 
changes in model parameters [18]. Existing flatness-aware optimization methods [18–22] aim to search for flat minima in a given 
loss surface (i.e., based on the original training data). Orthogonal to these approaches, we propose flattening the loss surface that 
the optimizer can explore. That is, we propose to learn the weight generation policy such that the resultant loss surface based on the 
mixture of the original and generated data is flatter. By flattening and widening the potential region the optimizer can explore, we 
avoid overfitting to the source domains and increase the likelihood of covering the target optima. As will be shown later, applying 
our approach together with an existing flatness-aware optimizer (one that seeks flatter minima on a given loss surface) further 
enhances performance. In addition to the flatness-aware objective, we further impose an auxiliary adversarial loss to constrain that 
the generated data does not deviate too much from a prior distribution as a mild regularization to prevent over-extrapolation.

To summarize, we propose a Flatness-aware Gradient-based Mixup (FGMix) method that performs mixup with gradient-based 
instance weights and post-processing to enable extrapolation. The learnable weight generation policy is optimized to produce a flatter 
loss surface for better generalization and is loosely constrained to match a prior to avoid over-extrapolation. Through extensive 
experiments, we validate the efficacy of various designs of FGMix quantitatively and qualitatively and show that FGMix achieves 
state-of-the-art performance on the DomainBed benchmark. 

2.  Related work

Mixup-based methods. Mixup [8] is a data augmentation method that extends the training distribution by linearly interpolating 
random pairs of examples and labels. Incorporating mixup data for training is equivalent to minimizing the vicinal risk [23] which 
enables better generalization. Recently, different forms of mix-up have been developed. Cutmix [24] cuts out a patch from an image 
and switches it with another image. Remix [25] assigns greater weights to the minority class label to tackle the class imbalance issue. 
Manifold Mixup [9] performs interpolations at the intermediate layers to enable smoothness in higher-level semantics. Motivated by 
the observation that the training set often contains few examples absent of the misleading spurious features, JM1 [26], and SelectMix 
[27] attempt to augment these examples by assigning greater weights to them in mixup, which are identified either through early 
stopping or with an auxiliary contrastive network. LISA [28] further considers the cross-domain scenario and performs both intra-class 
and intra-domain mixup, aiming to encourage the model to base its predictions solely on the domain-agnostic features while covering 
a broad spectrum of mixed-up features. Related to our work, MetaMixup [10] and AdaMixup [29] learn the interpolation policy 
adaptively from data. The former learns by simulating pseudo-targets and pseudo-sources from the actual source domains, while the 
latter learns to avoid the “manifold intrusion” issue caused by conflicts between mixup labels and original labels. Focusing on DG, 
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MixStyle [11] interpolates the feature statistics (known as styles) to synthesize novel domains. Wang et al. [12] adapt mixup to the 
heterogeneous setting where the label spaces are disjoint for source and target. Despite the effectiveness of various mixup methods, 
they primarily perform interpolation, whereas our work further explores the potential of data extrapolation to address situations 
where the distribution shift between source and target is significant. 

Gradient-based methods. Gradients as the update steps for SGD-based optimizers lie at the heart of deep learning algorithms. However, 
learning a single model for multiple tasks or distributions often runs into the problem of gradient interference, which can lead to 
ineffective optimization [30]. In the context of DG, conflicting gradients often correspond to spurious domain-specific information, 
which can be detrimental to learning an invariant model [14]. The first approach to solving gradient conflicts focuses on performing 
some gradient surgery at each gradient step. PCGrad [31] for multi-task learning projects a task’s gradient onto the normal plane 
of gradients of other tasks with which it has conflicts. For DG, Parascandolo et al. [13], Mansilla et al. [14] propose masking gra-
dient components with conflicting signs across domains. Shahtalebi et al. [32] further develop a smoothed-out masking method by 
promoting agreement among the gradient magnitudes as well. The second approach to tackle gradient conflicts typically includes gra-
dient alignment in the learning objective. Fish [15] explicitly optimizes the dot product between domain gradients with an efficient 
first-order algorithm. Fishr [33] further enforces that the variances of gradients are matched across domains. MLDG [5] employs a 
meta-learning approach where the meta-objective is equivalent to aligning the gradients between pseudo-source and pseudo-target 
domains. Different from the previous works, here we implicitly perform gradient alignment by assigning greater weights to instances 
whose gradients have greater overall compatibility scores to the others in the same combination. As a result, the mixup data will 
contain more invariant information for model learning.

Flatness-aware optimization. The connection between the flatness of minima and generalization has long been established through 
various theories [18,19,34,35]. In order to find a model minimizer with better generalization, existing flatness-aware methods search 
for flat minima in a given loss surface either by penalizing sharpness explicitly in the objective function [18–20] or performing weight 
averaging to reach the flatter central region of the found minima [21,22]. The latter has recently been shown to obtain remarkable 
results on DG tasks [36,37]. Orthogonal to these approaches, we instead propose flattening the loss surface where the optimizer can 
explore by generating new mixup data. This also widens the attainable minimum, increasing the likelihood of covering the target 
domain. We later show that, when used jointly with weight averaging to reduce variance and obtain the flatter central minimum, 
our method yields greater improvements.

3.  Methodology

In the DG setting, suppose there are 𝑘 source domains  = {1,… ,𝑘} available for training, and we have the training data 𝑆𝑖 =
{(𝐱𝑖,𝑗 , 𝑦𝑖,𝑗 )}

|𝑆𝑖|
𝑗=1 drawn from the 𝑖th source domain 𝑖. Our goal is to learn a domain-invariant model 𝑓 ∶ 𝐱 → 𝑦 from 𝑆 = {𝑆1,… , 𝑆𝑘}, 

which generalizes well to an unseen target domain  . We assume the model is formed by two parts: a feature extractor 𝑔𝜃 and a 
classifier ℎ𝜙, i.e., 𝑓 (𝐱) = ℎ𝜙(𝑔𝜃(𝐱)). Following Berthelot et al. [38], we refer to the data instances projected onto the latent space through 
𝑔𝜃 as latent codes, i.e., the latent code of an instance 𝐱 is 𝐳 = 𝑔𝜃(𝐱). The classifier is learned on top of the latent codes. Here, we only 
consider the homogeneous DG setting where the source and target domains share the same label space, i.e., 𝑖 =  ,∀𝑖 ∈ {1,… , 𝑘}. 
In this case, a single classifier ℎ𝜙 is learned and shared across all domains.

3.1.  Latent code augmentation

We perform mixup by linearly combining latent codes of the same class from different source domains. Specifically, we sample 𝑘
instances {𝐱1,… , 𝐱𝑘} with the same class label 𝑦1 = … = 𝑦𝑘 = 𝑦, each from one of the 𝑘 source domains. We then feed the 𝑘 instances 
into the feature extractor 𝑔𝜃 to obtain 𝑘 latent codes {𝐳1,… , 𝐳𝑘}. Given the linear weights {𝑎1,… , 𝑎𝑘} where 

∑𝑘
𝑖=1 𝑎𝑖 = 1, we combine 

the 𝑘 latent codes to obtain the mixup latent code 𝐳𝑚𝑖𝑥 and train the classifier ℎ𝜙 to correctly classify 𝐳𝑚𝑖𝑥 to the corresponding label 
𝑦. Formally, we compute the mixup latent code 𝐳𝑚𝑖𝑥 and its loss 𝑙𝑚𝑖𝑥 as follows:

𝐳𝑚𝑖𝑥 =
𝑘
∑

𝑖=1
𝑎𝑖𝐳𝑖, 𝑙𝑚𝑖𝑥 = 𝑙(𝑦, ℎ𝜙(𝐳𝑚𝑖𝑥)) (1)

To allow for both interpolation and extrapolation to occur, here we do not enforce positivity constraint on 𝑎𝑖. Note that when 
0 ≤ 𝑎𝑖 ≤ 1 for all 𝑖 ∈ {1,… , 𝑘}, the generated 𝐳𝑚𝑖𝑥 is an interpolation (i.e., within the convex hull formed by {𝐳1,… , 𝐳𝑘}), and when 
𝑎𝑖 < 0 for any 𝑖 ∈ {1,… , 𝑘}, the generated 𝐳𝑚𝑖𝑥 is an extrapolation (i.e., outside the convex hull formed by {𝐳1,… , 𝐳𝑘}).

The generated latent codes are used together with the original latent codes to train the classifier ℎ𝜙. The feature extractor 𝑔𝜃 is 
also trained jointly to learn the domain-invariant, class-discriminative latent representations. Formally, suppose 𝑛 latent codes are 
generated from mixup, the model parameters {𝜃, 𝜙} are optimized by the following objective:

min
𝜃,𝜙

1
|𝑆| + 𝑛

( 𝑘
∑

𝑖=1

|𝑆𝑖|
∑

𝑗=1
𝑙(𝑦𝑖,𝑗 , ℎ𝜙(𝐳𝑖,𝑗 )) +

𝑛
∑

𝑗=1
𝑙𝑚𝑖𝑥,𝑗

)

. (2)

Training with mixup data helps prevent overfitting to the source domains and improves generalization of the learned classifier. Fig. 2a 
shows an overview of model training with the augmented data.
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Fig. 2. Overview of the proposed FGMix. (a) Latent Code Augmentation: the mixup latent codes 𝑍𝑚𝑖𝑥 are used together with the original latent codes 
{𝑍1, 𝑍2, 𝑍3} to train the classifier ℎ𝜙. (b) Weight Generation Policy: the weight assigned to each latent code is based on the sum of its gradient’s 
compatibility scores w.r.t. other latent codes. A softmax and a shifting & scaling layers are applied to enable extrapolation. The compatibility score 
function 𝜔 and the scaling factor 𝜆 are learned towards flatter minima (i.e., 𝑓𝑙𝑎𝑡) and matching the generated latent codes to a prior via adversarial 
training (i.e., 𝑎𝑑𝑣).

Fig. 3. Gradients of 3 instances and the effect of the scaling factor 𝜆 on the processed weight ̃𝑎𝑖 for different weight distributions. (a) shows gradients 
and the respective loss surfaces of 𝑧1, 𝑧2 and 𝑧3 w.r.t. the classifier 𝜙. (b) and (c) illustrate the effect of 𝜆 on 𝑎̃𝑖 for distinctive weight values (i.e., 
𝑎1 = 0.1, 𝑎2 = 0.6, 𝑎3 = 0.3) and similar weight values (i.e., 𝑎1 = 0.25, 𝑎2 = 0.4, 𝑎3 = 0.35) respectively.

3.2.  Gradient-based weight generation

Unlike previous methods, which sample weights {𝑎𝑖}𝑘𝑖=1 from a pre-defined distribution [8,9,11,12], we adopt a context-aware 
approach that assigns weights to instances based on their relations with other instances in the same combination. While the feature-
based approach specifies similarity in the latent space, it does not indicate what the classifier considers as similar. In order for the 
classifier to capture the invariant information, we propose to measure the similarity between instances using gradients.

Gradient similarity quantifies the level of information sharing between instances during model learning. Leveraging gradient 
similarity to assign weights is not new and has been adopted by several existing works in related fields [13,14,16,17,31]. Here, we 
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illustrate this concept with a toy example. Let 𝐠𝑖 denote the gradient of the 𝑖th instance loss 𝑙(𝑦𝑖, ℎ𝜙(𝐳𝑖)) w.r.t. the classifier 𝜙, i.e., 
𝐠𝑖 =

𝜕𝑙(𝑦𝑖 ,ℎ𝜙(𝐳𝑖))
𝜕𝜙 . We consider 3 gradients {𝐠1, 𝐠2, 𝐠3} of instances {𝐳1, 𝐳2, 𝐳3} from 3 different domains as well as their respective loss 

surfaces, as shown in Fig. 3a. Since 𝐠2 and 𝐠3 are pointing towards similar directions (i.e., cos𝜓2,3 > 0, where 𝜓2,3 is the angle between 
𝐠2 and 𝐠3), taking a step along 𝐠2 or 𝐠3 will improve the classifier’s performance (i.e., reducing loss) for both 𝐳2 and 𝐳3. This implies 
that 𝐳2 and 𝐳3 contain some shareable/invariant information as recognized by the classifier. Conversely, for 𝐠1 and 𝐠3, since they 
are pointing towards different directions (i.e., cos𝜓1,3 < 0), gradient update on one will degrade the classifier’s performance (i.e., 
increasing loss) on the other, as the level of information sharing between 𝐳1 and 𝐳3 is low. 

In this three-example mixup, we want to determine the relative importance of each example to assign weights. From Fig. 3a, we 
see that 𝐠2 leads to a minimum where both the loss surfaces of 𝐳1 and 𝐳3 exhibit a low value, while for 𝐠1, it leads to a region where 
none of the minima of 𝐳2 or 𝐳3 overlaps with it. If the loss value indicates how well a latent code is learned by the classifier, the 
fact that learning 𝐳2 alone decreases loss for both 𝐳1 and 𝐳3 implies that 𝐳2 contains some sharable/invariant information acquiring 
which helps improve performance for both 𝐳1 and 𝐳3. Also, we observe that 𝐠2 possesses the greatest sum of similarities (i.e., smallest 
sum of angles) with respect to the other gradients (i.e., 𝐠1 and 𝐠3), while 𝐠1 contains the smallest sum of similarities. Thus, we can 
quantify the amount of invariant information carried by an instance by the sum of similarities of the instance’s gradient w.r.t. all 
other instances, e.g., 𝑠𝑖 =

∑

𝑗≠𝑖 cos𝜓𝑖,𝑗 , which can be used as a criterion to assign weights. When an instance exhibits high aggregate 
gradient similarity across domains, emphasizing it in mixup causes the gradients of the generated samples to point in directions 
that are consistent across domains. This consistency reduces gradient conflict and stabilizes the effective update directions, biasing 
optimization toward a smoother loss surface with lower curvature around the classifier parameters [13,15]. Appendix A illustrates 
an analogy between our method of quantifying invariant information and a state-of-the-art DG method. 

However, using a fixed, pre-defined measure (such as cosine similarity in the above example) to quantify similarity cannot guar-
antee that it yields the most suitable values for computing the mixup weights. To allow for more flexibility for the weight generation 
policy to generate the desired distribution, we employ a learnable function 𝜔(⋅, ⋅) to measure the similarity between gradients. 
Specifically, we compute the sum of gradient similarities 𝑠𝑖 (also referred to as score) for the 𝑖th latent code 𝐳𝑖 as:

𝑠𝑖 =
∑

𝑗≠𝑖,𝑗∈{1,…,𝑘}
𝜔(𝐠𝑖, 𝐠𝑗 ). (3)

In practice, we use a 2-layer MLP to model 𝜔, where the two gradients 𝐠𝑖 and 𝐠𝑗 are concatenated in order (i.e., 𝐠𝑖 followed by 𝐠𝑗) and 
fed into the network, akin to similarity formulations adopted in existing metric- and relation-learning models [39,40]. Note that this 
similarity function is asymmetric, i.e., 𝜔(𝑎, 𝑏) ≠ 𝜔(𝑏, 𝑎). Hence, even when we have only 2 source domains, the 2 latent codes may 
be assigned different weights. Also note that since 𝜔 is a learned function (with learning objectives detailed in Section 3.3), it is not 
guaranteed to behave exactly like a geometric similarity metric. Hence, in what follows, we refer to its output as a compatibility score
rather than a similarity score to avoid confusion. A discussion on the connection between the compatibility score function 𝜔 and 
cosine similarity is provided in Appendix B. Here we only require the per-example gradients w.r.t. the classifier ℎ𝜙, which is usually 
shallow and close to the outputs. When applied with parallelism, e.g., using off-the-shelf vectorization functions,1 the per-example 
gradient computation only incurs negligible costs.

After that, a softmax layer is applied on top of the score 𝑠𝑖 so that the resultant weights 𝑎𝑖 sum to 1:

𝑎𝑖 =
exp(𝑠𝑖)

∑𝑘
𝑖′=1 exp(𝑠𝑖′ )

. (4)

Since the softmax normalization produces 𝑎𝑖 ∈ (0, 1), this corresponds to generating 𝐳𝑚𝑖𝑥 as an interpolation of {𝐳1,… , 𝐳𝑘}. To enable 
extrapolation, we further introduce a scaling and shifting procedure applied to 𝑎𝑖, which lifts the positivity constraint and allows the 
weight to exceed 1. Specifically, we introduce a scaling factor 𝜆 and a shifting factor 𝜆−1𝑘  to process the weight 𝑎𝑖 by:

𝑎̃𝑖 = 𝜆𝑎𝑖 −
𝜆 − 1
𝑘

. (5)

Note that the constraint ∑𝑘
𝑖=1 𝑎̃𝑖 = 1 is still fulfilled after the processing. The effect of varying the scaling factor 𝜆 on the processed 

weight 𝑎̃𝑖 is shown in Fig. 3b and c. We can see that the level of weight adjustment is controlled by the magnitude of 𝜆, i.e., |𝜆|. For 
a more distinctive weight distribution (as indicated by 3b), the effect of scaling and shifting is more significant, and extrapolation 
occurs at smaller |𝜆| (note that extrapolation occurs when 𝑎̃𝑖 < 0 for any 𝑖). We further allow 𝜆 to be learnable so that the extent of 
extrapolation can be automatically controlled towards generating a desired mixup distribution. The mixup latent code 𝐳𝑚𝑖𝑥 is now 
generated by 𝐳𝑚𝑖𝑥 =

∑𝑘
𝑖=1 𝑎̃𝑖𝐳𝑖. Fig. 2b depicts the overall weight generation policy.

3.3.  Learning the weight generation policy

To learn the two key components of our weight generation policy - the compatibility score function 𝜔 and the scaling factor 𝜆, we 
first encourage the generated mixup distribution to produce a flatter loss surface in the neighborhoods of the classifier 𝜙. This enlarges 
the potential region for the optimizer to explore, thereby widening the attainable source minimum and increasing the likelihood that 
it covers the target optimum. Generally, the flatness of the loss surface can be measured by the Hessian-based quantities [19,34,41] 

1 https://pytorch.org/functorch/stable/functorch.html.
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or Monte-Carlo approximations of the loss value in the model’s neighborhoods [20,36]. For computational efficiency, we adopt the 
Monte-Carlo approach and measure flatness by the loss difference between the current classifier 𝜙 and its neighborhoods 𝜙′ within 𝛾
distance. Formally, we optimize the weight generation policy 𝜔 and 𝜆 with the flatness-aware loss 𝑓𝑙𝑎𝑡:

min
𝜔,𝜆

𝔼
‖𝜙−𝜙′‖≤𝛾 [△2

𝑚𝑖𝑥], (6)

where △𝑚𝑖𝑥 = 1
𝑛
∑𝑛
𝑗=1 𝑙(𝑦𝑗 , ℎ𝜙(𝐳𝑚𝑖𝑥,𝑗 )) − 𝑙(𝑦𝑗 , ℎ𝜙′ (𝐳𝑚𝑖𝑥,𝑗 )). In practice, we approximate the expectation by sampling 100 directions from 

a unit sphere.
To mitigate the undesirable effects of over-extrapolation, we further impose an auxiliary adversarial loss to constrain the generated 

distribution so that it does not deviate substantially from the prior. Similar to Li et al. [3], we match the generated distribution to 
a prior via adversarial training. Specifically, a discriminator 𝑑(⋅) is introduced to distinguish the generated latent codes from the 
ones sampled from the prior distribution. Our weight generation policy will learn to fool the discriminator into believing that the 
generated codes are from the prior. The adversarial loss 𝑎𝑑𝑣 is formulated as:

min
𝜔,𝜆

max
𝑑

𝔼𝐳̂𝑚𝑖𝑥∼𝑝(𝐳̂𝑚𝑖𝑥)[log 𝑑(𝐳̂𝑚𝑖𝑥)] + 𝔼(𝐳1 ,…,𝐳𝑘)∼𝑝𝑠𝑜𝑢𝑟𝑐𝑒(𝐳)[log(1 − 𝑑(
𝑘
∑

𝑖=1
𝑎̃𝑖𝐳𝑖))], (7)

where 𝑝(𝐳̂𝑚𝑖𝑥) is a pre-defined prior distribution. In theory, we can use any arbitrary distribution for the prior. Here, we employ a 
Gaussian whose mean 𝜇 and variance 𝜎2 are computed from the source domains, i.e., 𝜇 = 1

|𝑆|
∑

|𝑆|
𝑖=1 𝐳𝑖 and 𝜎2 =

1
|𝑆|

∑

|𝑆|
𝑖=1(𝐳𝑖 − 𝜇)◦(𝐳𝑖 − 𝜇), 

where ◦ denotes the Hadamard product (i.e., only the diagonal entries of the covariance matrix are used). The adversarial loss is 
computed by sampling ̂𝐳𝑚𝑖𝑥 from a Gaussian with 𝜇 and 𝜎2. In practice, since the feature extractor (and hence the latent distribution) 
evolves over the course of training, we compute moving averages of the mean and variance of the mini-batch to approximate 𝜇 and 
𝜎2. In practice, we implement 𝑑(⋅) as a two-layer MLP that takes a latent code as input and outputs a probability indicating whether 
the code is sampled from the prior distribution or generated by the mixup module. The discriminator is trained using a standard 
binary cross-entropy objective to distinguish “real” latent codes drawn from the source-domain prior from generated mixup latent 
codes, which are treated as “fake” samples. Specifically, the discriminator is optimized by maximizing log 𝑑(𝐳𝑟𝑒𝑎𝑙) + log(1 − 𝑑(𝐳𝑓𝑎𝑘𝑒)), 
while the generator is optimized to fool the discriminator by minimizing log(1 − 𝑑(𝐳𝑓𝑎𝑘𝑒)), thereby constituting an adversarial training 
procedure.

Here, adversarial training serves only as a mild constraint to prevent the generated mixup distribution from deviating substantially 
from the source distribution. It is less challenging to train than its more common uses, such as fine-grained image generation, which 
involve modeling complex mappings in high-dimensional image spaces and adhering to stricter learning criteria (e.g., realism and 
diversity) [42]. Here, the generator (i.e., the weight generation policy) only needs to produce latent codes that mimic the prior 
distribution in the low-dimensional latent space [43], and our application in FGMix further loosens the objective: as long as the 
generated distribution does not stray too far from the source prior, our target is fulfilled. In practice, we found that when using an 
adaptive optimizer such as Adam, we can achieve satisfactory results with minimal hyperparameter tuning effort.

Overall, we introduce a hyper-parameter 𝛼 to balance the contributions of 𝑎𝑑𝑣 and 𝑓𝑙𝑎𝑡. The weight generation policy is optimized 
towards the following combined objective:

𝑝𝑜𝑙 = (1 − 𝛼)𝑓𝑙𝑎𝑡 + 𝛼𝑎𝑑𝑣. (8)

The weight generation policy is jointly learned with the base model 𝑓 , i.e., we optimize (8) simultaneously with (2). To ensure 
that the feature extractor is well-trained and produces meaningful latent codes for mixup, learning of 𝜔 and 𝜆 (as well as the addition 
of the generated latent codes for classifier training) will only commence at the later stage of training (i.e., starting from the 𝜏th 
iteration). The overall training procedure is summarized in Algorithm 1.

3.4.  Complexity analysis

Our FGMix introduces two additional modules on top of the base model, i.e., the compatibility score function 𝜔 and the discrimi-
nator 𝑑, both adopting a lightweight architecture (i.e., a 2-layer MLP). The compatibility score function 𝜔 takes in the concatenation 
of two gradients w.r.t. the classifier as input. Since 𝜔 is asymmetric and the gradients are concatenated in order (i.e., the target 
gradient followed by the gradient it is compared with, as described in (3)), the compatibility score computation with 𝜔 needs to 
be performed 𝑘(𝑘 − 1) times for a mixup of 𝑘 examples, where 𝑘 also refers to the number of source domains. This results in (𝑘2)
complexity for computing the mixup weights. Since, in real-world scenarios, the number of source domains 𝑘 is not too large (e.g., 
3 to 5 source domains in our experimental datasets), this is not a significant issue. In cases with a large number of domains, we 
can always adopt the stochastic approach to sample 𝑘′ < 𝑘 domains for mixup each time to control the computational cost. Once we 
obtain the mixup code 𝐳𝑚𝑖𝑥, computing the flatness-aware loss in (6) and the adversarial loss in (7) requires only constant complexity 
related to the size of the discriminator and the classifier, both of which are small in scale. Also note that FGMix is applied only in the 
later stages of training. Hence, the overall costs incurred are considered minimal as compared to the base model training.
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Algorithm 1: Training procedure of FGMix.
Required: Source data 𝑆 = {𝑆1,… , 𝑆𝑘}; Total number of iterations 𝑇 ; Iteration to start training and applying the weight generation policy 𝜏; 

Number of mixup instances generated in each iteration 𝑛; Learning rate of base model 𝜂1; Learning rate of weight generation policy 
𝜂2; Neighbourhood size 𝛾; Loss weightage 𝛼

Output: Learned feature extractor 𝑔𝜃 (⋅) and classifier ℎ𝜙(⋅).
1 Randomly initialize all learnable parameters.
2 for 𝑡 ∈ {1,… , 𝑇 } do
3 Sample a mini-batch 𝐵 = {𝐵1,… , 𝐵𝑘} from 𝑘 source datasets {𝑆1,… , 𝑆𝑘}.
4 if 𝑡 ≥ 𝜏 then
5 for 𝑗 ∈ 1,… , 𝑛 do
6 Sample (𝐱𝑖, 𝑦𝑖) ∈ 𝐵𝑖 for 𝑖 = 1,… , 𝑘 where 𝑦1 = … = 𝑦𝑘.
7 Obtain latent code 𝐳𝑖 = 𝑔𝜃 (𝐱𝑖) for 𝑖 = 1,… , 𝑘.
8 Compute linear weights {𝑎̃𝑖}𝑘𝑖=1 by (3)–(5).
9 Compute 𝐳𝑚𝑖𝑥,𝑗 and its loss 𝑙𝑚𝑖𝑥,𝑗 by (1).
10 Compute base model loss 𝑏𝑎𝑠𝑒 = 1

|𝐵|+𝑛

(

∑𝑘
𝑖=1

∑
|𝐵𝑖 |
𝑗=1 𝑙(𝑦𝑖,𝑗 , ℎ𝜙(𝑔𝜃 (𝐱𝑖,𝑗 ))) +

∑𝑛
𝑗=1 𝑙𝑚𝑖𝑥,𝑗

)

.

11 Compute weight generation policy loss 𝑝𝑜𝑙 = (1 − 𝛼)𝔼
‖𝜙−𝜙′‖≤𝛾 [△2

𝑚𝑖𝑥] + 𝛼[
1
𝑛

∑𝑛
𝑗=1 log(1 − 𝑑(𝐳𝑚𝑖𝑥,𝑗 ))].

12 Compute discriminator loss 𝑑 = −𝛼[ 1
𝑛

∑𝑛
𝑗=1(log 𝑑(𝐳̂𝑚𝑖𝑥,𝑗 ) + log(1 − 𝑑(𝐳𝑚𝑖𝑥,𝑗 )))].

13 Update weight generation policy and discriminator 𝜔← 𝜔 − 𝜂2∇𝜔𝑝𝑜𝑙 , 𝜆← 𝜆 − 𝜂2∇𝜆𝑝𝑜𝑙 , 𝑑 ← 𝑑 − 𝜂2∇𝑑𝑑 .
14 else
15 Compute base model loss 𝑏𝑎𝑠𝑒 = 1

|𝐵|

∑𝑘
𝑖=1

∑
|𝐵𝑖 |
𝑗=1 𝑙(𝑦𝑖,𝑗 , ℎ𝜙(𝑔𝜃 (𝐱𝑖,𝑗 ))).

16 Update base model 𝜃 ← 𝜃 − 𝜂1∇𝜃𝑏𝑎𝑠𝑒, 𝜙← 𝜙 − 𝜂1∇𝜙𝑏𝑎𝑠𝑒.

4.  Experiments

4.1.  Experimental setup

We conduct experiments mainly on DomainBed [44], a recently introduced testbed that provides a unified evaluation procedure for 
DG algorithms. Following the previous DG studies [36,37], we focus on five real-world benchmark datasets available on DomainBed:
PACS [4] (4 domains, 7 classes, and 9991 images), VLCS [45] (4 domains, 5 classes, and 10,729 images), OfficeHome [46] (4 domains, 
65 classes, and 15,588 images), TerraIncognita [47] (4 domains, 10 classes, and 24,788 images) and DomainNet [48] (6 domains, 
345 classes, and 586,575 images).

For a fair comparison, we follow the experimental settings by Gulrajani and Lopez-Paz[44], including data splits (20% data 
are reserved for validation for each training domain), hyper-parameter search (a search distribution is pre-defined for each hyper-
parameter), number of iterations (default to be 15,000 for DomainNet and 5000 for the other datasets), image augmentation (cropping, 
resizing, horizontal flips, color jitter, grayscaling, normalization, etc.) and the base model backbone (ResNet-50 [49] pre-trained on 
ImageNet as initialization).

For our proposed FGMix, the number of instances 𝑘 used for mixup is set to the number of source domains in each dataset (𝑘 = 3
for PACS, VLCS, OfficeHome, and TerraInc; 𝑘 = 5 for DomainNet), with one instance sampled from each source domain. We set the 
iteration 𝜏 to start training and applying weight generation for mixup as 9000 for DomainNet and 3000 for the other datasets and 
set the size of mixup data 𝑛 generated in each iteration as 32, same as the batch size for each source domain.2 We tune the learning 
rate of weight generation policy and the discriminator in {1e-4, 1e-3, 1e-2}, the initialization of the scaling factor 𝜆 in {1, 3, 5, 8},3 
the neighborhood size 𝛾 in 10Uniform(0,2), and the loss weightage 𝛼 in {0.01, 0.03, 0.1, 0.3} on the training domain validation sets. All 
experiments are repeated for 5 trials with different random seeds.4 Regarding the network architecture, we use a 2-layer MLP for the 
compatibility score function 𝜔 accompanied with tanh activations. The hidden sizes for both layers are set to 64. The discriminator 
𝑑 is also a 2-layer MLP with a hidden size 64.

4.2.  Baseline methods and hyperparameter settings

We select several baselines related to our method for overall comparison on DomainBed5: (1) naive baseline without any DG 
strategy: ERM [51] (empirical risk minimization); (2) mixup-based methods: Mixup [12] (mixup at the input level), Manifold Mixup
[9] (mixup at the feature level), MixStyle [11] (mixup of feature statistics) and MetaMixup [10] (meta-learn the interpolation policy); 
(3) gradient-based methods: PCGrad [31] (project gradients onto the normal plane of conflicting gradients), AND-Mask [13] (mask 
out conflicting gradient components), Fish [15] (optimize for gradient alignment) and Fishr [33] (optimize for gradient covariance 

2 Note that since DomainNet has large label size (345 classes in total), applying the default random batch sampler in DomainBed cannot ensure 
that there are enough same-class examples in each batch for mixup. Hence, we modify the batch sampler by first sampling 𝑚 classes (𝑚 ≪ batch 
size) and then drawing examples from the 𝑚 classes to form the mini-batch for each source domain.
3 Note that 𝜆 = 1 is equivalent to having no scaling & shifting effect.
4 Experiments are conducted on NVIDIA A100 with 40GB memory.
5 We note that ERM++[50] is also evaluated on DomainBed but employs several modifications to the standard setup. Hence, it is not included 

here for a fair comparison.
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Table 1 
Overall comparison of selected algorithms on five datasets. Model selection is based on training domain validation. 
The reported result for each dataset is the average performance across all test domains for that dataset. Most of the 
results are obtained directly from the literature, except for those denoted with †, which are from our reproduction 
on DomainBed. We also report the time cost (in ms) per training iteration, averaged over 5000 iterations. The time 
reported is for datasets with 3 source domains, and thus uses 𝑘 = 3 instances for mixup each time.

 Algorithm  PACS  VLCS  OfficeHome  TerraInc  DomainNet  Avg.  Time
 ERM [51]  85.5±0.2  77.5±0.4  66.5±0.3  46.1±1.8  40.9±0.1  63.3  284.8

Mixup-based
Methods  Mixup [12]  84.6±0.6  77.4±0.6  68.1±0.3  47.9±0.8  39.2±0.1  63.4  285.6

 Manifold Mixup† [9]  86.2±0.6  76.7±1.1  67.3±1.0  48.8±2.1  41.2±0.3  64.0  444.5
 MixStyle† [11]  85.3±1.9  77.4±0.8  67.3±0.9  46.8±1.1  40.9±0.2  63.5  290.2
 MetaMixup† [10]  85.2±1.2  77.9±0.8  68.2±0.7  47.1±1.8  41.8±0.3  64.0  750.7

Gradient-based
Methods  PCGrad† [31]  85.0±0.9  77.5±0.8  65.5±0.9  48.3±2.3  41.1±0.2  63.5  310.0

 AND-Mask [13]  84.4±0.9  78.1±0.9  65.6±0.4  44.6±0.3  37.2±0.6  62.0  319.4
 Fish [15]  85.5±0.3  77.8±0.3  68.6±0.4  45.1±1.3  42.7±0.2  63.9  671.7
 Fishr [33]  85.5±0.4  77.8±0.1  67.8±0.1  47.4±1.6  41.7±0.0  64.0  703.3

Augmentation
Methods  L2A-OT† [52]  85.8±1.9  77.4±0.9  68.1±1.6  48.6±2.1  40.2±0.5  64.0  622.7

 CNSN† [53]  85.6±0.9  77.1±1.0  67.3±1.2  48.4±1.6  40.7±0.4  63.8  412.1
 DDG† [54]  85.3±1.6  76.8±1.2  68.1±1.0  47.7±2.1  40.0±0.5  63.6  653.2

DomainBed
SOTA  SelfReg [56]  85.6±0.4  77.8±0.9  67.9±0.7  47.0±0.3  41.5±0.2  64.0  320.1

 SagNet [55]  86.3±0.2  77.8±0.5  68.1±0.1  48.6±1.0  40.3±0.1  64.2  671.7
 CORAL [57]  86.2±0.3  78.8±0.6  68.7±0.3  47.6±1.0  41.5±0.1  64.6  305.8
 FGMix (ours)  86.8±1.2  78.1±0.9  69.0±1.3  49.2±1.4  42.1±0.5  65.0  312.7

 Combined with flatness-aware optimizer SWA [21,37]
 ERM + SWA†  87.0±0.5  77.2±0.6  69.5±0.4  50.1±0.7  44.0±0.2  65.6  293.1
 SelfReg + SWA  86.5±0.3  77.5±0.0  69.4±0.2  51.0±0.4  44.6±0.1  65.8  327.1
 CORAL + SWA†  87.5±0.5  78.2±0.4  70.7±0.1  51.1±0.6  44.6±0.4  66.4  314.2
 FGMix + SWA  88.4±0.6  78.7±0.6  71.3±0.6  52.3±0.9  45.1±0.4  67.2  319.8

alignment); (4) augmentation methods: L2A-OT [52] (generate pseudo-source by enlarging divergence to the source domains), CNSN
[53] (exchange and normalize instances’ styles), DDG [54] (disentangle and swap instances’ variation factors) (5) current SOTA on 
DomainBed: SagNet [55] (reduce style bias), SelfReg [56] (self-supervised contrastive regularization) and CORAL [57] (correlation 
alignment).

For our FGMix and all the reproduced algorithms (except for DDG, which will be detailed later), we train the base model by 
setting the batch size as 32 (due to constraints in computational resources) and tuning the dropout rate in {0, 0.1, 0.5}, learning rate 
in {1e-5, 3e-5, 5e-5} and weight decay in {1e-4, 1e-6}, following Cha et al. [36].

We reproduced 7 baselines (i.e., Manifold Mixup [9], MixStyle [11], MetaMixup [10], PCGrad [31], L2A-OT [52], CNSN [53] and 
DDG [54]) due to their lack of results on DomainBed benchmark [44]. We directly adopt the official implementations released by 
the respective authors in the DomainBed environment (refer to the appendix of Gulrajani and Lopez-Paz[44] for how to incorporate 
new algorithms into DomainBed). 

For Manifold Mixup, we set 𝛼 = 0.2 for the beta distribution from which the interpolation constant is sampled. For MixStyle, we 
set 𝛼 = 0.1 for the Beta distribution and 𝑝 = 0.5 for the probability of applying MixStyle. As recommended, we insert the MixStyle 
layer after the 1st and 2nd residual blocks. For MetaMixup, we set the learning rate for the interpolation constant to 1e-3 (similar to 
our weight generation policy). PCGrad is free of additional hyperparameters. For L2A-OT, we use ResNet-50 as both the classifier and 
the domain discriminator to compute the domain divergence. Following the suggestions by the authors, we search 𝜆Domain in {0.5, 1, 
2}, 𝜆Cycle in {10, 20} and 𝜆CE in {1}. For CNSN, we apply both CrossNorm (2-instance mode) and SelfNorm, inserting them at the end 
of each residual block in ResNet-50. We set the number of active CrossNorm layers to 1 and the probability of applying CrossNorm 
to 0.5 to avoid over-augmentation. For DDG, a 2-stage procedure is adopted, where the generator is pre-trained as part of a GAN in 
the first stage and then applied (and further updated) in the second stage. Following the official implementation, the batch size is set 
to 2, and the number of training steps is enlarged to 25,000 for the first stage and 10,000 for the second stage. Due to the 2-stage 
training and the larger number of training steps, DDG takes much longer to train than other baselines, making it less competitive.

To apply SWA, we follow Arpit et al. [37], which suggests skipping the first few iterations and starting to apply weight averaging 
from the 100th iteration.

Artiϧcial Intelligence 356 (2026) 104544 

8 



D. Peng and S.J. Pan

Table 2 
Ablation study on PACS and TerraInc. From A to FGMix we add one component at a time, where 
A is a simple interpolation baseline with random instance weights. For Variant F, we replace the 
gradient-based inputs in FGMix with latent features.

Variant
similarity-
based weights

gradient-
based similarity

scaling
& shifting 𝑓𝑙𝑎𝑡 𝑎𝑑𝑣  PACS  TerraInc

 A (baseline)  84.7±0.7  47.5±1.1
 B ✓  85.2±0.5  47.9±0.9
 C ✓ ✓  85.6±0.2  48.1±1.1
 D ✓ ✓ ✓  86.0±1.1  48.8±1.7
 E ✓ ✓ ✓ ✓  86.7±1.7  49.2±2.2
 F ✓ ✓ ✓ ✓  86.2±1.5  48.9±1.7
 FGMix (ours) ✓ ✓ ✓ ✓ ✓  86.8±1.2  49.2±1.4

4.3.  Overall comparison

The comparison results with baselines on the 5 datasets are presented in Table 1 (see Appendix C.1 for the disentangled results on 
each test domain in Tables C.1–C.5). We observe that most of the DG algorithms outperform ERM in terms of average accuracy (except 
for AND-Mask). Our proposed FGMix achieves consistent performance gains over ERM for all 5 datasets: +1.3pp for PACS, +0.6pp 
for VLCS, +2.5pp for OfficeHome, +3.1pp for TerraInc and +1.2pp for DomainNet. We observe that FGMix performs exceptionally 
well on the more challenging datasets, where distribution shifts between source and target domains may be more pronounced, i.e., 
the gains are most pronounced for OfficeHome and TerraInc, whose test accuracies are relatively low compared to other datasets. 
Overall, our FGMix tops in 3 out of 5 datasets, achieving the best average accuracy with 0.4pp higher than the previous SOTA (i.e., 
CORAL), and 1.0pp higher than the strongest relevant baselines (i.e., Manifold Mixup, MetaMixup, Fishr, and L2A-OT).

We further conduct experiments to combine FGMix with the flatness-aware optimizer SWA (Stochastic Weight Averaging) [21,37]. 
SWA simply performs weight averaging, yielding a minimizer in the flatter central region of the found minimum. A recent study by 
Arpit et al. [37] found that SWA not only boosts the performance of DG algorithms but also ensures a better correlation between in-
domain validation and out-domain test results, facilitating more reliable model selection. We combine SWA with FGMix and 3 other 
strong and representative DG algorithms (i.e., ERM, SelfReg, and CORAL) for comparison. Table 1 shows that FGMix + SWA achieves 
the best results for all 5 datasets. Notably, we observe that the performance gain is most pronounced for FGMix after combining with 
SWA, compared to SelfReg and CORAL (i.e., +1.8pp for SelfReg and CORAL, and +2.2pp for FGMix after combining with SWA). 
This shows that FGMix is more orthogonal to SWA than other DG methods, as its benefits persist even when combined with SWA. To 
understand this, recall that FGMix is used to widen the loss surface for the optimizer to explore. While this increases the chance of 
covering the target area, it also enlarges the off-target area reachable to the optimizer. SWA with weight averaging along the training 
process helps mitigate the risk of the optimizer running into an undesirable region.

In Table 1, we also report the time cost (in ms) per training iteration averaged over 5000 iterations. The reported time is for 
datasets with 3 source domains and thus uses 𝑘 = 3 instances for mixup each time. We observe that the average per-iteration time 
cost for FGMix is only slightly higher than that of ERM. Among the competitive baselines (e.g., DomainBed SOTA), FGMix’s time cost 
is on par with SelfReg and CORAL, and much lower than that of SagNet. Notably, when used with a flatness-aware optimizer such as 
SWA, the performance gain of FGMix becomes more pronounced, while the time cost remains the same for FGMix and other SOTA 
methods. Since the inference time cost of FGMix is the same as that of ERM (i.e., FGMix performs inference using only the trained 
base model), the minor additional costs incurred during training are considered acceptable given the evident performance gains.

4.4.  Ablation study

We test the efficacy of various components of FGMix by introducing 5 variants, each includes one additional component at a time: 
A is a simple interpolation baseline with random instance weights drawn from a Dirichlet distribution; B employs cosine similarity 
to compute the weights based on instances’ latent codes (i.e., feature-based similarity); C computes cosine similarity based on latent 
codes’ gradients w.r.t. the classifier (i.e., gradient-based similarity); D further includes scaling and shifting for extrapolation by setting 
the scaling factor 𝜆 as 3; E replaces the cosine similarity with a learnable compatibility score function 𝜔 and learns both 𝜔 and 
𝜆 towards flatter loss surface with the objective 𝑓𝑙𝑎𝑡. Further including the adversarial loss 𝑎𝑑𝑣 for prior matching results in our 
proposed FGMix. We also include a Variant F, which replaces the gradient-based inputs in FGMix with latent features, to examine 
feature-based conditioning for 𝜔. 

Table 2 presents the results (see Appendix C.2 for results on each test domain in Tables C.6–C.7). From A to FGMix, the incremental 
gains are +0.5pp, +0.4pp, +0.4pp, +0.7pp, +0.1pp for PACS, and +0.4pp, +0.2pp, +0.7pp, +0.4pp, +0.0pp for TerraInc. 
Firstly, we see that enabling data extrapolation (i.e., scaling & shifting) and learning towards a flatter loss surface (i.e., 𝑓𝑙𝑎𝑡) seem to 
be the two most important components, as both serve to avoid overfitting to the source domains and increase the chance of covering the 
target domain. The similarity-based weight computation that accounts for attention to other instances within the same combination 
also plays an important role, yielding evident improvements over the random weight baseline. Replacing feature-based similarity with 
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Fig. 4. t-SNE visualization of the latent distributions of PACS trained by using “Art”, “Cartoon”, “Photo” as the source domains and “Sketch” as 
the target domain. We plot the mixup distribution generated by random interpolation and by our FGMix which involves extrapolation.

gradient-based similarity also improves performance, as similarity in feature space does not characterize what the classifier deems 
invariant, and hence, weights based on feature similarity cannot identify instances that carry more invariant information. This trend 
is further confirmed by Variant F, which replaces gradient-based inputs in FGMix with latent features when learning 𝜔. The fact 
that feature-based conditioning consistently underperforms FGMix highlights that gradients provide a more direct and informative 
signal for guiding flatness-aware mixup. Lastly, though matching the generated distribution to a prior (i.e., 𝑎𝑑𝑣) seem to have minor 
effects on the mean accuracy, it helps reduce the variance significantly from E to FGMix, demonstrating its role as a regularization 
measure to prevent over-extrapolation. In Appendix C.3, we include a sensitivity test to evaluate the importance of 𝑎𝑑𝑣 by varying 
the weight 𝛼.

4.5.  Qualitative analysis

4.5.1.  Mixup distribution visualization
To understand how the generated distribution facilitates classifier learning, we visualize the latent codes of PACS in 2D using 

t-SNE. For this visualization, we train a model (i.e., feature extractor + classifier) with FGMix and obtain the latent codes from 
the feature extractor. To compare different mixup methods, we plot the mixup distribution generated by random interpolation (i.e., 
variant A) and by our FGMix, which involves extrapolation. Here, we use “Sketch” as the target domain, as it is the most difficult 
domain when training with the other 3 domains.

Fig. 4 shows the distributions of the original latent codes (i.e., Fig. 4a), the mixup latent codes generated by random interpolation 
(i.e., Fig. 4b) and by FGMix (i.e., Fig. 4c), respectively. In Fig. 4a, we observe that the latent codes of the target domain “Sketch” 
(i.e., the pink dots) are located near the decision boundary, especially for the “dog” and “elephant” classes, which are inseparable 
in the middle. In Fig. 4b, the mixup codes generated by random interpolation all lie within the convex hull formed by the source 
latent codes in the respective cluster, leaving the target region uncovered. Our FGMix (as shown in Fig. 4c), on the other hand, is able 
to generate codes outside of the convex hull with extrapolation, resulting in better coverage of the target region and hence better 
generalization performance of the classifier learned from the mixup latent codes. In this case, approximately 22.5% of the generated 
mixup codes are extrapolated, and the remainder are interpolations. One possible reason why 𝑓𝑙𝑎𝑡 can produce difficult samples near 
the decision boundary is that, as training progresses, increased prediction confidence flattens the local loss landscape, which may be 
associated with a smoother boundary and thus allows boundary-adjacent samples to remain robust to parameter perturbations. In 
Appendix C.4, we further include an analysis regarding the effect of mixup on the learned latent distributions.

4.5.2.  Loss landscape visualization
In this section, we verify that FGMix indeed generates flatter loss minima. We also observe how changes in the loss landscape 

affect the optimization process. The experiments are conducted on the TerraInc dataset.

Flatness analysis. We compare the flatness of FGMix minimizer with that of ERM, random mixup (i.e., variant A), and gradient-based 
similarity mixup (i.e., variant C) in Fig. 5. Following Izmailov et al. [21], Cha et al. [36], for each method, we plot the square loss 
difference between the minimizer 𝜙∗ and its neighborhoods 𝜙′ at distance 𝛾, i.e., 𝔼

‖𝜙∗−𝜙′‖=𝛾 [(𝜙∗) − (𝜙′)]2, for 𝛾 = 1,… , 10. The 
expectation is approximated by averaging over 50 randomly sampled directions. Note that for ERM, the loss is computed based on 
the original training data, while for variant A, variant C, and FGMix, the loss is computed based on the mixture of original and mixup 
data.

Fig. 5 shows the separate plots for each of the 4 methods (including the results of the 50 sampled directions) and the combined 
plots. From top to bottom, each row shows the results obtained using L100, L38, L43, and L46 as the target domain, respectively. 
First, by comparing variants A and C with ERM, we see that simply adding mixup data yields a sharper loss minimum. Fortunately, 
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Fig. 5. Square loss difference between the classifier minimizer and its neighborhoods at distance 𝛾 = 1,… , 10 for ERM, variant A, variant C, and 
FGMix. Each row shows the results of using one of the 4 domains as the target domain (from the top down, the target domain is L100, L38, L43, and
L46, respectively). We randomly sample 50 directions to compute the loss difference, indicated by the grey curves. The final results averaged over 
50 random directions are compared in the last column.

our FGMix with the flatness-aware objective effectively reduces loss sharpness by adjusting the weight generation policy, yielding a 
minimum that is even flatter than that of ERM.

Loss surface & optimization path. To observe how the generated data affects the optimization process, in Fig. 6, we plot the 2D loss 
surface of the original training data (i.e., ERM) as well as the one after adding the generated mixup data6 (i.e., FGMix). We also plot 
the accuracy surface on the test data to visualize distribution shifts relative to the training domains. For the optimization paths, we 
consider both the original paths of ERM and FGMix and the ones with SWA, as weight averaging helps stabilize the optimization 
process and converge to a better minimum. To generate the 2D loss surface, we follow Izmailov et al. [21] by choosing 3 models to 
compute the orthonormal basis of the 2D plane containing the 3 models (computation details are included in Appendix D). For a 
better span of the 2D perspective, the 3 models chosen are 1) the common initialization, 2) the final checkpoint of ERM + SWA, and 
3) the final checkpoint of FGMix + SWA.

Fig. 6a and b show the train loss surfaces and optimization paths for ERM and FGMix, respectively, and Fig. 6c shows the test 
accuracy surface with paths of both ERM and FGMix on it. From top to bottom, each row presents the results obtained using L100,
L38, L43, and L46 as the target domain, respectively. First, note that, since the generated data is included in model training only 
from the 3,000th iteration onwards, ERM and FGMix follow the same path before the 3,000th step. Comparing Fig. 6a and c, we see 
that there is a clear shift in optimum between the ERM train loss and the test accuracy, which results in the ERM optimization path 
converging to a point far from the test optimum. While for FGMix (as shown in Fig. 6b), the loss surface is flatter as compared to 
that of ERM after adding the mixup data, yielding a broader minimum that better covers the test optimum. As a result, the FGMix 

6 The mixup data used here is generated by the well-trained 𝜔 and scaling factor 𝜆 at the last iteration.
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Fig. 6. 2D loss and accuracy surfaces generated using 3 models at the initialization, the end of ERM + SWA, and the end of FGMix + SWA, 
respectively. Each row shows the results obtained by using one of the 4 domains as the target domain (from top to bottom, the target domains are
L100, L38, L43, and L46, respectively). Note that only the 3 models used to generate the plots are on the 2D plane (i.e., the loss/accuracy values 
reported for them are correct). Also note that for FGMix, since the mixup data is only added for training from the 3,000th iteration onwards, the loss 
values indicated for the optimization path before the 3,000th iteration in (b) do not reflect the actual loss during training. For direct comparison of 
the flatness, we use the same scale interval for (a) and (b).

optimization path converges to a point closer to the test optimum; in Fig. 6c, FGMix + SWA terminates in a region with higher test 
accuracy than ERM + SWA. The result is consistent across all 4 experiments with different target domains.

5.  Conclusion and discussion

In this work, we explore a mixup method with data extrapolation. We propose a weight generation policy, FGMix, that computes 
instance weights from gradients and learns toward flatter minima. We also employ an adversarial loss for regularization. Extensive 
experiments on the DomainBed benchmark demonstrate FGMix’s effectiveness. Perhaps the major limitation of FGMix is the large 
variance caused by data extrapolation, as we lack strategies to guide extrapolation toward the expected region. In the future, we will 
consider exploiting domain-specific information and relationships among the source domains to design a more effective extrapolation 
strategy.
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Appendix A.  On the Connection with other Gradient Methods

Like our proposed method for quantifying the amount of invariant information based on the sum of gradient similarities, a few 
recent DG works on gradient surgery also place greater emphasis on examples whose gradients align more closely with those of 
other examples, aiming to capture more invariant features in the model [13,14]. In [14], the authors empirically show that the 
gradient cosine similarity is higher for inter-domain pairwise example comparisons as opposed to the intra-domain comparisons. 
They subsequently propose zeroing out or randomizing the gradient component when there is a conflicting sign across gradients 
between different domains. AND-Mask [13] performs a similar procedure, except that it loosens the criteria by zeroing out gradient 
components only when the percentage of disagreeing signs is greater than a threshold. These methods implicitly place more emphasis 
on more aligned gradients, as the retained gradient components are largely contributed by them, which constitute the majority of 
the population.

In the following, we present a toy example to illustrate the analogy between our proposed FGMix and AND-Mask [13], yielding 
a similar gradient update direction for learning the model. Fig. A.1 shows 4 gradients of 4 examples belonging to different domains, 
i.e., 𝐠1 = [−0.5, 1], 𝐠2 = [−1, 0.5], 𝐠3 = [−1,−1], 𝐠4 = [1,−1]. Standard empirical risk minimization (ERM) updates the model using the 
overall gradient 𝐠𝐸𝑅𝑀 =

∑

𝑖 𝐠𝑖 = [−1.5,−0.5]. AND-Mask eliminates the gradient component when the percentage of disagreeing signs 
exceeds a pre-defined threshold. Suppose we set the threshold at 30%. The first gradient component has 25% disagreeing signs, 
i.e., sign(𝐠11) = sign(𝐠12) = sign(𝐠13) ≠ sign(𝐠14). The second gradient component has 50% disagreeing signs, i.e., sign(𝐠21) = sign(𝐠22) ≠
sign(𝐠23) = sign(𝐠

2
4). Hence, the first component is retained, while the second component is replaced with zero, resulting in the overall 

gradient 𝐠𝐴𝑁𝐷 = [−1.5, 0.0]. For our FGMix, we compute the weight associated with 𝐠𝑖 based on the sum of cosine similarities 𝑠𝑖 =
∑

𝑗≠𝑖 cos𝜓𝑖,𝑗 followed by softmax normalization. The computation is shown in Table A.3. Based on the weight 𝑎𝑖 computed, the 
aggregated gradient of FGMix is 𝐠𝐹𝐺𝑀𝑖𝑥 = [−0.793, 0.023]. 

Fig. A.1. Gradients of 4 examples from different domains.

To summarize, the gradients obtained using the 3 methods are:
𝐠𝐸𝑅𝑀 = [−1.5,−0.5], 𝐠𝐴𝑁𝐷 = [−1.5, 0.0], 𝐠𝐹𝐺𝑀𝑖𝑥 = [−0.793, 0.023].

By comparing 𝐠𝐹𝐺𝑀𝑖𝑥 with 𝐠𝐸𝑅𝑀  and 𝐠𝐴𝑁𝐷, we find that the cosine similarity between 𝐠𝐹𝐺𝑀𝑖𝑥 and 𝐠𝐴𝑁𝐷 is higher than that between 
𝐠𝐹𝐺𝑀𝑖𝑥 and 𝐠𝐸𝑅𝑀  , i.e., cos𝜓𝐹𝐺𝑀𝑖𝑥,𝐴𝑁𝐷 = 0.9996, cos𝜓𝐹𝐺𝑀𝑖𝑥,𝐸𝑅𝑀 = 0.9389. This suggests that FGMix produces gradient update with 
direction similar to that of AND-Mask, which share the same goal of capturing invariant information for better generalizing across 
domains.

Table A.3 
FGMix weight computation based on the sum of gradient cosine similarities.

cos𝜓𝑖,1 cos𝜓𝑖,2 cos𝜓𝑖,3 cos𝜓𝑖,4 𝑠𝑖 =
∑

𝑗≠𝑖 cos𝜓𝑖,𝑗 𝑎𝑖 =
exp(𝑠𝑖 )

∑𝑘
𝑖′ =1 exp(𝑠𝑖′ )

𝐠1  [-0.5, 1]  -  0.8 -0.316 -0.949 -0.465  0.21218712
𝐠2  [-1, 0.5]  0.8  -  0.316 -0.949  0.168  0.39938428
𝐠3  [-1, -1] -0.316  0.316  -  0.0  0.0  0.33777486
𝐠4  [1, -1] -0.949 -0.949  0.0  - -1.897  0.05065374
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Note that although 𝐠𝐹𝐺𝑀𝑖𝑥 and 𝐠𝐴𝑁𝐷 exhibit high similarity in this toy example, our actual FGMix algorithm functions differently 
and achieves different effects, as it employs a learnable similarity function 𝜔 instead of the pre-defined cosine similarity function 
used in this example. We use cosine similarity to illustrate our motivation for simplicity; the same idea applies to other similarity 
metrics.

Appendix B.  On the Connection between 𝝎(⋅) and Cosine Similarity

As discussed in the main text, cosine similarity is introduced primarily as a motivating example to provide intuition. Since 𝜔(⋅)
is a learned function optimized toward the designed objectives, it is not guaranteed to behave exactly like cosine similarity or any 
other conventional geometric similarity metric. Instead, the role of 𝜔 is to assign higher scores to pairs of gradients whose joint 
effect promotes flatter optimization landscapes under mild prior-matching regularization. 

The behavior of 𝜔 is mainly shaped by the flatness-aware loss in Eq. (6), which favors mixup samples whose induced gradi-
ents remain stable under parameter perturbations. Under such an objective, gradient pairs with lower cosine similarity or stronger 
misalignment are relatively less favored, as they are more likely to induce higher gradient variance, sharper curvature, and greater 
loss sensitivity-behaviors penalized by the flatness objective. Consequently, although 𝜔 is unconstrained in form, the optimization 
pressure biases it toward assigning higher scores to more aligned gradient pairs. This leads to similarity-like behavior in expectation, 
while still allowing flexibility beyond conventional similarity measures.

To empirically examine this behavior, we analyze the relationship between the learned 𝜔(⋅) scores and cosine similarity using 
200 randomly sampled cross-domain gradient pairs across six cross-domain settings (excluding the target domain) on the PACS 
dataset. Fig. B.1 presents scatter plots of 𝜔 versus cosine similarity for each domain pair. We observe consistent positive Spearman 
correlations, ranging from approximately 0.35 to 0.58 across all six settings, indicating that gradient pairs with higher cosine similarity 
tend to receive higher 𝜔 scores. At the same time, some gradient pairs with low cosine similarity can still obtain high 𝜔 scores, 
showing that such cases are not strictly excluded. This suggests that 𝜔 captures additional factors beyond pure geometric similarity, 
consistent with its role as a learned compatibility measure rather than a fixed similarity metric. 

Fig. B.1. Scatter plots of learned 𝜔(⋅) scores versus cosine similarity for 200 randomly sampled cross-domain gradient pairs across six cross-domain 
settings (excluding the target domain) on the PACS dataset.

Artiϧcial Intelligence 356 (2026) 104544 

14 



D. Peng and S.J. Pan

Appendix C.  Additional Experimental Results

C.1.  Full results for overall comparison

C.2.  Full results for ablation study

C.3.  Sensitivity tests of varying loss weighting 𝛼 and initial 𝜆

Given (8), the loss weighting 𝛼 basically determines how strongly the adversarial constraint should be applied to obtain a desirable 
mixup distribution. If 𝛼 is too large, the training of the weight generation policy will collapse and tend to generate a distribution that 
closely mimics the source distribution. If 𝛼 is too small, the constraint becomes ineffective, leading to unregularized extrapolation that 
deviates substantially from the reasonable region, thereby severely affecting base-model learning. Since the adversarial constraint 
prevents the detrimental over-extrapolation effect, the intensity of the training signal is related to the initialization of the scaling 
factor 𝜆, which generally determines the extent of extrapolation.

Table C.8 presents the sensitivity tests of varying 𝛼 and initial 𝜆 on model performance on the TerraInc dataset. We vary 𝛼 in {0.01, 
0.03, 0.1, 0.3} and initial 𝜆 in {1, 3, 5, 8}. Firstly, we observe that when the initial 𝜆 is set to 1 (no extrapolation in the beginning), 
a smaller 𝛼 value results in better performance, as the lightly imposed adversarial constraint allows 𝜆 to learn useful extrapolation 
from the flatness-aware loss more freely. When we increase the initial 𝜆 to more than 1 (extrapolation exists from the beginning), 
we can see that a greater 𝛼 is more beneficial, as the stronger adversarial constraint helps adjust mixup data that significantly drift 
from the source domains, which are detrimental for base model training. Overall, the model’s performance is sensitive to 𝜆. A large 
initial 𝜆 may simply crash the base model training and results in poor performance. This also underscores the importance of applying 
the adversarial constraint, which draws the extrapolated data closer to the source domains, thereby mitigating the adverse effects of 
large 𝜆. In this specific case, we found that a moderately low value for 𝛼 (around 0.1 to 0.3) yields the best result when the initial 𝜆
is 3.

C.4.  Effect of mixup on the learned feature representations

Though FGMix performs mixup after the feature extractor 𝑔𝜃 to regularize the classifier, the gradients induced by mixup naturally 
propagate back into 𝑔𝜃 and can indirectly influence the learned features through end-to-end training.

To empirically examine the effect of mixup on the learned feature representations of feature extractor 𝑔𝜃 , we visualize the latent 
distributions produced by 𝑔𝜃 under FGMix (with mixup) and ERM (without mixup) on the PACS dataset using t-SNE, as shown 
in Fig. C.1. From the visualizations, several observations can be made: both ERM and FGMix learn well-separated class clusters, 

Table C.1 
Overall comparison of selected algorithms on PACS.

 Algorithm  A  C  P  S  Avg.
 ERM [51]  84.7±0.4  80.8±0.6  97.2±0.3  79.3±1.0  85.5

Mixup-based
Methods  Mixup [12]  86.1±0.5  78.9±0.8  97.6±0.1  75.8±1.8  84.6

 Manifold Mixup† [9]  88.8±0.6  80.9±0.9  95.8±0.7  79.8±0.1  86.2
 MixStyle† [11]  83.7±0.1  80.7±3.7  95.5±1.2  81.4±2.6  85.3
 MetaMixup† [10]  84.9±1.5  79.6±0.6  96.3±0.9  80.1±1.4  85.2

Gradient-based
Methods  PCGrad† [31]  85.9±1.0  80.4±0.1  95.5±0.1  78.2±2.2  85.0

 AND-Mask [13]  85.3±1.4  79.2±2.0  96.9±0.4  76.2±1.4  84.4
 Fish [15]  -  -  -  -  85.5
 Fishr [33]  88.4±0.2  78.7±0.7  97.0±0.1  77.8±2.0  85.5

Augmentation
Methods  L2A-OT† [52]  87.9±1.5  81.4±2.3  96.7±1.3  77.2±2.4  85.8

 CNSN† [53]  86.7±0.2  80.2±1.1  96.2±0.7  79.2±1.5  85.6
 DDG† [54]  87.4±1.2  79.2±1.8  97.4±1.2  77.3±2.1  85.3

DomainBed
SOTA  SelfReg [56]  87.9±1.0  79.4±1.4  96.8±0.7  78.3±1.2  85.6

 SagNet [55]  87.4±1.0  80.7±0.6  97.1±0.1  80.0±0.4  86.3
 CORAL [57]  88.3±0.2  80.0±0.5  97.5±0.3  78.8±1.3  86.2
 FGMix (ours)  87.2±1.3  81.8±1.2  97.3±0.7  80.7±1.6  86.8

 Combined with flatness-aware solver SWA [21,37]
 ERM + SWA†  88.1±0.6  82.0±0.6  96.9±0.5  80.8±0.2  87.0
 SelfReg + SWA  85.9±0.6  81.9±0.4  96.8±0.1  81.4±0.6  86.5
 CORAL + SWA†  87.6±0.3  83.1±0.7  97.5±0.2  81.6±0.8  87.5
 FGMix + SWA (ours)  89.6±0.7  83.8±0.5  97.2±0.5  83.0±0.8  88.4
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Table C.2 
Overall comparison of selected algorithms on VLCS.

 Algorithm  C  L  S  V  Avg.
 ERM [51]  97.7±0.4  64.3±0.9  73.4±0.5  74.6±1.3  77.5

Mixup-based
Methods  Mixup [12]  98.3±0.6  64.8±1.0  72.1±0.5  74.3±0.8  77.4

 Manifold Mixup† [9]  97.4±1.3  63.8±1.9  73.7±0.0  72.0±1.3  76.7
 MixStyle† [11]  97.9±0.7  63.3±1.7  70.7±0.2  77.5±0.4  77.4
 MetaMixup† [10]  98.6±1.2  63.4±0.8  72.8±0.1  76.7±1.1  77.9

Gradient-based
Methods  PCGrad† [31]  98.1±0.1  66.2±0.1  70.1±1.1  75.7±1.9  77.5

 AND-Mask [13]  97.8±0.4  64.3±1.2  73.5±0.7  76.8±2.6  78.1
 Fish [15]  -  -  -  -  77.8
 Fishr [33]  98.9±0.3  64.0±0.5  71.5±0.2  76.8±0.7  77.8

Augmentation
Methods  L2A-OT† [52]  98.2±0.8  64.1±0.4  71.6±1.5  75.5±0.8  77.4

 CNSN† [53]  97.9±0.4  65.2±1.3  69.8±1.4  75.6±0.7  77.1
 DDG† [54]  98.5±0.9  64.2±1.7  70.2±0.8  74.3±1.4  76.8

DomainBed
SOTA  SelfReg [56]  96.7±0.4  65.2±1.2  73.1±1.3  76.2±0.7  77.8

 SagNet [55]  97.9±0.4  64.5±0.5  71.4±1.3  77.5±0.5  77.8
 CORAL [57]  98.3±0.1  66.1±1.2  73.4±0.3  77.5±1.2  78.8
 FGMix (ours)  98.1±0.4  63.9±0.9  73.1±1.4  77.1±0.8  78.1

 Combined with flatness-aware solver SWA [21,37]
 ERM + SWA†  97.0±0.9  64.3±0.8  72.4±0.6  75.2±0.1  77.2
 SelfReg + SWA  97.4±0.4  63.5±0.3  72.6±0.1  76.7±0.7  77.5
 CORAL + SWA†  98.6±0.3  63.2±0.2  72.8±0.2  78.2±1.1  78.2
 FGMix + SWA (ours)  98.6±0.4  63.5±0.1  74.7±0.6  78.1±1.2  78.7

Table C.3 
Overall comparison of selected algorithms on OfficeHome.

 Algorithm  A  C  P  R  Avg.
 ERM [51]  61.3±0.7  52.4±0.3  75.8±0.1  76.6±0.3  66.5

Mixup-based
Methods  Mixup [12]  62.4±0.8  54.8±0.6  76.9±0.3  78.3±0.2  68.1

 Manifold Mixup† [9]  61.6±0.8  55.1±3.1  75.6±0.2  77.0±0.0  67.3
 MixStyle† [11]  61.7±0.6  53.3±1.6  76.3±1.0  77.8±0.5  67.3
 MetaMixup† [10]  63.5±1.1  54.6±0.4  75.9±0.9  78.7±0.4  68.2

Gradient-based
Methods  PCGrad† [31]  60.6±1.1  52.1±1.7  74.4±0.6  74.0±0.3  65.5

 AND-Mask [13]  59.5±1.2  51.7±0.2  73.9±0.4  77.1±0.2  65.6
 Fish [15]  -  -  -  -  68.6
 Fishr [33]  62.4±0.5  54.4±0.4  76.2±0.5  78.3±0.1  67.8

Augmentation
Methods  L2A-OT† [52]  64.5±1.0  53.8±2.8  76.2±1.3  77.9±1.1  68.1

 CNSN† [53]  63.1±0.7  53.2±2.1  74.1±1.3  78.6±0.6  67.3
 DDG† [54]  63.7±0.8  54.5±1.2  75.9±1.0  78.2±0.9  68.1

DomainBed
SOTA  SelfReg [56]  63.6±1.4  53.1±1.0  76.9±0.4  78.1±0.4  67.9

 SagNet [55]  63.4±0.2  54.8±0.4  75.8±0.4  78.3±0.3  68.1
 CORAL [57]  65.3±0.4  54.4±0.5  76.5±0.1  78.4±0.5  68.7
 FGMix (ours)  65.2±1.5  54.6±2.1  76.9±0.8  79.2±0.8  69.0

 Combined with flatness-aware solver SWA [21,37]
 ERM + SWA†  65.7±1.1  56.2±0.4  77.3±0.1  78.9±0.6  69.5
 SelfReg + SWA  64.9±0.8  55.4±0.6  78.4±0.2  78.8±0.1  69.4
 CORAL + SWA†  68.3±0.2  57.0±0.0  77.9±0.3  79.7±0.0  70.7
 FGMix + SWA (ours)  68.5±1.0  57.6±0.8  78.8±0.5  80.4±0.2  71.3
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Table C.4 
Overall comparison of selected algorithms on TerraIncognita.

 Algorithm  L100  L38  L43  L46  Avg.
 ERM [51]  49.8±4.4  42.1±1.4  56.9±1.8  35.7±3.9  46.1

Mixup-based
Methods  Mixup [12]  59.6±2.0  42.2±1.4  55.9±0.8  33.9±1.4  47.9

 Manifold Mixup† [9]  57.7±2.9  42.4±3.0  55.8±0.4  39.2±1.9  48.8
 MixStyle† [11]  53.9±0.6  42.3±0.9  53.2±2.7  37.6±0.1  46.8
 MetaMixup† [10]  53.2±1.7  43.7±2.6  54.5±1.9  36.9±1.1  47.1

Gradient-based
Methods  PCGrad† [31]  55.9±2.0  43.2±3.8  56.4±2.5  37.7±1.0  48.3

 AND-Mask [13]  50.0±2.9  40.2±0.8  53.3±0.7  34.8±1.9  44.6
 Fish [15]  -  -  -  -  45.1
 Fishr [33]  50.2±3.9  43.9±0.8  55.7±2.2  39.8±1.0  47.4

Augmentation
Methods  L2A-OT† [52]  58.7±2.0  43.5±2.7  54.8±1.9  37.4±1.8  48.6

 CNSN† [53]  58.2±1.9  43.2±2.1  57.1±1.3  35.2±1.1  48.4
 DDG† [54]  59.6±3.0  41.2±2.4  56.0±1.8  33.9±1.2  47.7

DomainBed
SOTA  SelfReg [56]  48.8±0.9  41.3±1.8  57.3±0.7  40.6±0.9  47.0

 SagNet [55]  53.0±2.9  43.0±2.5  57.9±0.6  40.4±1.3  48.6
 CORAL [57]  51.6±2.4  42.2±1.0  57.0±1.0  39.8±2.9  47.6
 FGMix (ours)  54.1±2.7  44.7±1.1  57.0±1.8  40.9±0.8  49.2

 Combined with flatness-aware solver SWA [21,37]
 ERM + SWA†  53.5±0.9  47.6±0.8  58.2±0.4  41.0±0.8  50.1
 SelfReg + SWA  56.8±0.9  44.7±0.6  59.6±0.3  42.9±0.8  51.0
 CORAL + SWA†  55.6±0.5  48.1±0.7  58.5±0.1  42.2±1.0  51.1
 FGMix + SWA (ours)  57.1±0.8  49.5±1.3  60.7±0.3  41.8±1.1  52.3

Table C.5 
Overall comparison of selected algorithms on DomainNet.

 Algorithm  clip  info  paint  quick  real  sketch  Avg.
 ERM [51]  58.1±0.3  18.8±0.3  46.7±0.3  12.2±0.4  59.6±0.1  49.8±0.4  40.9

Mixup-based
Methods  Mixup [12]  55.7±0.3  18.5±0.5  44.3±0.5  12.5±0.4  55.8±0.3  48.2±0.5  39.2

 Manifold Mixup† [9]  60.7±0.4  19.4±0.1  47.1±0.3  11.4±0.2  59.6±0.6  48.7±0.2  41.2
 MixStyle† [11]  59.9±0.2  19.0±0.3  47.0±0.1  11.5±0.1  58.9±0.4  48.8±0.0  40.9
 MetaMixup† [10]  60.7±0.3  20.0±0.5  47.1±0.4  12.8±0.1  60.1±0.1  50.1±0.3  41.8

Gradient-based
Methods  PCGrad† [31]  60.3±0.2  18.1±0.4  47.0±0.4  12.9±0.1  59.8±0.0  48.4±0.3  41.1

 AND-Mask [13]  52.3±0.8  16.6±0.3  41.6±1.1  11.3±0.1  55.8±0.4  45.4±0.9  37.2
 Fish [15]  -  -  -  -  -  -  42.7
 Fishr [33]  58.2±0.5  20.2±0.2  47.7±0.3  12.7±0.2  60.3±0.2  50.8±0.1  41.7

Augmentation
Methods  L2A-OT† [52]  58.7±0.3  18.5±0.4  46.2±0.5  11.3±0.7  57.6±0.8  48.9±0.2  40.2

 CNSN† [53]  60.2±0.2  19.0±0.1  46.3±0.5  11.6±0.3  58.2±0.6  48.7±0.4  40.7
 DDG† [54]  59.7±0.5  18.7±0.2  45.1±0.9  12.1±0.4  56.8±0.3  47.5±0.7  40.0

DomainBed
SOTA  SelfReg [56]  58.5±0.1  20.7±0.1  47.3±0.3  13.1±0.3  58.2±0.2  51.1±0.3  41.5

 SagNet [55]  57.7±0.3  19.0±0.2  45.3±0.3  12.7±0.5  58.1±0.5  48.8±0.2  40.3
 CORAL [57]  59.2±0.1  19.7±0.2  46.6±0.3  13.4±0.4  59.8±0.2  50.1±0.6  41.5
 FGMix (ours)  61.1±0.1  20.4±0.6  47.0±0.6  12.5±0.5  61.1±0.8  50.7±0.3  42.1

 Combined with flatness-aware solver SWA [21,37]
 ERM + SWA†  62.0±0.1  21.0±0.0  50.8±0.2  13.6±0.3  62.7±0.1  54.0±0.2  44.0
 SelfReg + SWA  62.4±0.1  22.6±0.1  51.8±0.1  14.3±0.1  62.5±0.2  53.8±0.3  44.6
 CORAL + SWA†  63.0±0.3  22.1±0.5  51.7±0.4  14.9±0.5  63.0±0.3  53.1±0.1  44.6
 FGMix + SWA (ours)  63.1±0.2  22.3±0.7  52.2±0.5  15.1±0.2  63.9±0.2  54.0±0.3  45.1
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Table C.6 
Ablation study of FGMix on PACS.

Variant
similarity-
based weights

gradient-
based similarity

scaling
& shifting 𝑓𝑙𝑎𝑡 𝑎𝑑𝑣  A  C  P  S  Avg.

 A (baseline)  84.3±0.8  80.2±0.7  94.8±0.3  79.6±1.0  84.7
 B ✓  85.1±0.4  80.9±0.8  95.3±0.2  79.6±0.6  85.2
 C ✓ ✓  86.6±0.2  80.1±0.5  95.9±0.1  79.7±0.1  85.6
 D ✓ ✓ ✓  87.5±1.5  81.0±1.4  95.6±0.7  80.0±0.7  86.0
 E ✓ ✓ ✓ ✓  88.0±1.7  81.5±2.3  96.9±1.4  80.3±1.4  86.7
 F ✓ ✓ ✓ ✓  87.9±1.2  80.9±1.9  96.1±1.3  80.0±1.6  86.2
 FGMix (ours) ✓ ✓ ✓ ✓ ✓  87.2±1.3  81.8±1.2  97.3±0.7  80.7±1.6  86.8

Table C.7 
Ablation study of FGMix on TerraIncognita.

Variant
similarity-
based weights

gradient-
based similarity

scaling
& shifting 𝑓𝑙𝑎𝑡 𝑎𝑑𝑣  L100  L38  L43  L46  Avg.

 A (baseline)  51.1±0.7  43.2±1.4  56.4±1.2  39.3±1.1  47.5
 B ✓  50.4±1.0  43.9±1.2  57.0±0.8  40.1±0.5  47.9
 C ✓ ✓  50.4±0.8  44.7±1.6  57.5±0.6  39.9±1.3  48.1
 D ✓ ✓ ✓  51.9±1.7  44.2±2.0  58.0±1.1  41.1±1.9  48.8
 E ✓ ✓ ✓ ✓  54.0±2.1  44.3±3.0  58.1±1.9  40.5±1.8  49.2
 F ✓ ✓ ✓ ✓  53.1±1.9  44.0±2.2  57.9±1.2  40.7±1.6  48.9
 FGMix (ours) ✓ ✓ ✓ ✓ ✓  54.1±1.7  44.7±1.1  57.0±1.8  40.9±0.8  49.2

Table C.8 
Sensitivity tests of varying loss weighting 
𝛼 and initial 𝜆 on TerraInc dataset.

𝛼 for 𝑎𝑑𝑣
 initial 𝜆  0.01  0.03  0.1  0.3
 1  47.9  48.2  46.3  46.5
 3  47.3  47.1  49.2  49.0
 5  44.3  44.0  46.5  46.1
 8  43.1  44.0  44.8  45.1

demonstrating that both methods produce a strong class-discriminative structure of the latent space; ERM exhibits more pronounced 
domain-specific subclusters within each class (e.g., “elephant” and “dog”), where samples from the Cartoon domain (orange) form 
a subcluster that is visibly segregated from the other source domains; in contrast, FGMix produces more cohesive, domain-mixed 
clusters in which samples from different domains are more evenly distributed within each class cluster, and the domain-specific 
structure is noticeably reduced. A possible explanation is that mixing latent codes from different domains within the same class 
encourages the classifier to rely less on domain-specific artifacts. As a result, the induced gradients promote the learning of features 
that emphasize class-relevant information while deemphasizing domain-induced variations. This induced feature geometry may also 
facilitate the robust classification of extrapolated out-of-domain representations under parameter perturbations, and we leave a more 
thorough investigation of this effect to future work.

While this improvement in latent-space cohesion is a byproduct of mixup training, the main benefit of FGMix still lies in its ability 
to extrapolate beyond the convex hull of the source domains-an effect neither ERM nor interpolation-only mixup achieves (as shown 
previously in Fig. 4). This is also reflected in the t-SNE plots, where target-domain samples (Sketch, pink) remain entangled near the 
center along class boundaries, highlighting where extrapolated mixup instances are particularly helpful. 
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Fig. C.1. t-SNE visualization of the latent distributions on PACS trained with (a) FGMix and (b) ERM. In both plots, we use “Art”, “Cartoon”, 
“Photo” as the source domains and “Sketch” as the target domain.

Appendix D.  2D Loss/Accuracy Surface Construction

Following Izmailov et al. [21], Cha et al. [36], we select 3 model weights {𝑤1, 𝑤2, 𝑤3} at the initialization, the end of ERM + SWA 
optimization path, and the end of FGMix + SWA optimization path, respectively. Note that 𝑤𝑖 is the concatenation of vectorized 𝜃𝑖
and 𝜙𝑖 for the 𝑖th selected model. We define the orthogonal basis {𝑢, 𝑣} of the 2D plane as:

𝑢 = 𝑤2 −𝑤1, 𝑣 =
(𝑤3 −𝑤1) − ⟨𝑤3 −𝑤1, 𝑤2 −𝑤1⟩

‖𝑤2 −𝑤1‖
2 ⋅ (𝑤2 −𝑤1)

.

The orthonormal basis of the 2D plane is 𝑢̂ = 𝑢∕‖𝑢‖ and 𝑣̂ = 𝑣∕‖𝑣‖. 
We project the optimization path onto the 2D plane by computing the coordinates of each point on the path. That is, for the point 

at the 𝑗th step, its 𝑢- and 𝑣-coordinates are ⟨(𝑤𝑗 −𝑤1), 𝑢̂⟩ and ⟨(𝑤𝑗 −𝑤1), 𝑣̂⟩ respectively. To plot the loss surface, we define ranges on 
𝑢- and 𝑣-axes that fully contain the optimization paths, say [𝑢1, 𝑢2] for 𝑢-axis and [𝑣1, 𝑣2] for 𝑣-axis. We then obtain the model weight 
corresponding to each grid point in the defined range, i.e., 𝑤 = 𝑤1 + 𝑎𝑢̂ + 𝑏𝑣̂, ∀𝑎 ∈ [𝑢1, 𝑢2], 𝑏 ∈ [𝑣1, 𝑣2], and compute the loss/accuracy 
of the entire training/test dataset using the model weight. The loss/accuracy values are visualized with a contour plot. For direct 
comparison, we use the same 𝑢, 𝑣 ranges for all three plots (ERM & FGMix train loss plots and test accuracy plot), and set the scale 
interval to be the same for the two train loss plots for flatness comparison.
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