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Abstract

Despite significant advances in deep learning, models
often struggle to generalize well to new, unseen domains,
especially when training data is limited. To address this
challenge, we propose a novel approach for distribution-
aware latent augmentation that leverages the relationships
across samples to guide the augmentation procedure. Our
approach first degrades the samples stochastically in the la-
tent space, mapping them to augmented labels, and then
restores the samples from their corrupted versions during
training. This process confuses the classifier in the degra-
dation step and restores the overall class distribution of
the original samples, promoting diverse intra-class/cross-
domain variability. We extensively evaluate our approach
on a diverse set of datasets and tasks, including domain
generalization benchmarks and medical imaging datasets
with strong domain shift, where we show our approach
achieves significant improvements over existing methods
for latent space augmentation. We further show that our
method can be flexibly adapted to long-tail recognition
tasks, demonstrating its versatility in building more gener-
alizable models. https://github.com/nerdslab/LatentDR.

1. Introduction

In machine learning, it is often challenging to train a
model that generalizes well when tested on domains that
it was not exposed to during training [7]. This is espe-
cially true when the available training data is limited, as
is often the case in real-world applications. Various meth-
ods have been proposed to address this challenge, including
feature alignment approaches [15,51], meta-learning [2,46],
and data augmentations [57,67]. However, achieving robust
out-of-domain (OOD) generalization remains a challenging
problem that requires further research [16].

Among existing strategies, one emerging technique for
addressing the problem of OOD generalization is latent
augmentation. Similar to data augmentation methods, the
overall objective of latent augmentation is to increase the
diversity of the source data so that the model is encour-

Figure 1. Visualization of latent degradation and restoration steps
during training. In (A), when it is earlier in training, latents from
different domains are separated for the same class, which hurts
model generalization. To tackle this issue, for each latent query
(⋆), LatentDR first degrades (x) them to a point that is far away
from the existing samples, and restores (▼) them back to the exist-
ing distribution to diversify existing domains and improve model
generalization. In (B), we visualize the latents for all classes at a
later point in training and color data by classes. More details and
visualizations are in Appendix D.

aged to learn domain-agnostic representations [56]. How-
ever, different from data augmentation methods which di-
rectly manipulate the input data, latent augmentation mod-
ifies the hidden data representations or feature space of a
model, which avoids the usage of generative networks [67],
additional classifiers [47], or adversarial training [57].

Many existing latent augmentation methods typically as-
sume that linear combinations [56], the mixture of style
statistics [17, 49], or additional randomization [33] of hid-
den representations can provide the desired diversity for
generalization. However, when dealing with highly diverse
domains, using simple assumptions (like linear mixing) is
often insufficient [10], and generating robust latent aug-
mentations remains an outstanding challenge. Here we ask
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if we can go beyond pairwise mixing and use sample-to-
sample relationships across points in the latent space to
build sample-aware latent augmentations that can allow us
to transport across domains.

To build sample-aware latent augmentations, we take in-
spiration from recent work where batch-level relationships
are learned through an attention mechanism to “reconstruct”
the original latent samples [18]. However, rather than try-
ing to reconstruct the original sample, we consider a bi-
directional objective where the goal is to both create a de-
graded sample that confuses a downstream classifier and
also create a restored sample that recovers the class infor-
mation after this transformation. In both steps, we use rela-
tionships across many samples within mini-batches to help
build augmentations. The idea is shown in Figure 1(A):
The degradation process aims to map a query latent to a
point where its class cannot be easily distinguished by a
downstream classifier; the restoration process uses a cross-
attention mechanism [22, 54] to (only) recover the class in-
formation from the degraded latents by conditioning on the
original latents. By combining degradation and restoration,
LatentDR encourages the model to capture the relationship
across samples from different classes and domains, and thus
guides the model to generalize better to unseen sources.

To test our approach in diverse settings, we conduct ex-
periments on: (i) five standardized domain generalization
benchmarks [10, 16], (ii) five medical imaging classifica-
tion datasets that suffer from domain shift [26,61], and (iii)
a long-tail (LT) recognition task where our latent augmenta-
tion technique can improve generalization in the presence of
strong data imbalance. In all of these cases, we provide im-
pressive boosts over other augmentation-based approaches
on all of the datasets tested, and competitive performance
with state-of-the-art methods that use more complex losses
and domain information. To better understand the effective-
ness of our approach on learning, we use two measures of
representation quality [58] and nearest neighbor visualiza-
tion to measure the impact of our approach.

In summary, the contributions of our work include:
• We propose a novel approach for latent augmentation

that aims to build connections across samples from dif-
ferent domains by both degrading and restoring the
samples from the latent distribution.

• We conduct empirical studies to demonstrate that our
approach improves class-level alignment of features,
as well as the uniformity or spread of the data distri-
bution. These two properties are shown to be strongly
correlated with downstream task performance [58].

• We extensively evaluate the robustness of our method
on domain generalization benchmarks and medical
imaging datasets with strong domain shifts, where we
provide various ablations to better understand different
components of the method. Finally, we further demon-

strate the versatility of our augmentation method by
applying it to a long-tail recognition task.

2. Background and Related Work
2.1. Domain generalization (DG)

Various methods have been proposed to address the chal-
lenge of domain generalization, including applying explicit
domain alignment [15, 51], learning domain-agnostic rep-
resentations [21, 40, 65], meta-learning [2, 9, 46], enforc-
ing domain invariance by adjusting direction of the gradi-
ents [43, 47, 48], and data or latent augmentation methods
[17,33,49]. An orthogonal line of research aims to develop
better optimization approaches to alleviate the overfitting is-
sue [1, 10, 28], which often happens in DG settings. More
recently, a line of work focuses on taming large-scale pre-
trained models to improve domain generalization perfor-
mance through oracle methods [11,36] or prompts [41,66].
Despite the numerous proposed approaches, domain gener-
alization remains a challenging problem, with only a few
methods consistently outperforming Empirical Risk Mini-
mization (ERM) with properly designed data augmentation
and training protocols [16].

2.2. Data and latent augmentation for DG

Augmentation approaches have been extensively used to
improve the generalization performance of models [3, 37].
Commonly used image-space data augmentation methods
for DG include general-purpose operations [12, 25, 63, 64],
and DG-specific methods [46, 47, 57, 67, 68]. Due to the
additional complexity and high computation demand of op-
erating directly on data space, recent works focus on ex-
ploring the use of latent space augmentation methods [56],
which aim to manipulate data in the feature space. For in-
stance, Zhou et al. [69] and Somavarapu et al. [49] proposed
to perform linear mixing of style statistics with AdaIN mod-
ule [20], while Li et al. [33] and Wang et al. [60] intro-
duced randomization modules to augment the latent space.
However, many of these models operate on within-domain
datasets and few studies have demonstrated their scalability
in large-scale DG experiments [16].

Sample-aware approaches. Augmentation methods
typically rely on sample-to-sample relationships to improve
model generalization, such as Mixup which interpolates be-
tween pairs of samples. Recently, non-convex methods
have been proposed to learn more sophisticated sample-to-
sample relationships. For example, Batch-Graph [59] mod-
els relationships using a graph, while BatchFormer [18, 19]
uses self-attention to encourage gradient flow between sam-
ples in a batch. Building on these works, LatentDR also
models sample-to-sample relationships using attention, but
with the goal of degrading and restoring the latents using
information from other samples in the batch. By leveraging
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the relationships across samples, our method aims to con-
fuse the classifier during degradation and restore the origi-
nal class distribution during restoration, ultimately improv-
ing the model’s ability to generalize to new domains.

2.3. Transformers

While transformers were initially proposed in the con-
text of natural language processing applications for learning
sequences [54], the use of transformers and related com-
ponents is becoming commonplace in vision applications
[13, 39], augmentation [50], and conditioning [45].

Transformer with self-attention. A typical transformer
layer processes a sequence of inputs X ∈ RN×d through
the multi-head self-attention (MSA) mechanism to learn the
relationship among N tokens of d-dimensions. For each to-
ken, we derive its queries Q, keys K, and values V using
linear projections, and perform the following operations:

Q = XWQ,K = XWK , V = XWV (1)

Attention(Q,K, V ) = softmax
(
QKT /

√
dk

)
V, (2)

where softmax(·) gives row-wise softmax normalization.
The transformer architecture divides self-attention into

multiple different heads, and combines the attention mech-
anism (MSA), MLP blocks (FF), and layerwise normaliza-
tion (LN). A transformer layer consists of below operations:

Z ′
ℓ+1 = LN(Zℓ +MSA(Zℓ))

Zℓ+1 = LN(Z ′
ℓ+1 + FF(Z ′

ℓ+1)), 0 ≤ ℓ ≤ L− 1
(3)

where Zℓ is the output of the l-th layer of the transformer.

Study correlation across tokens with spatial operations.
Recent works have shown that self-attention can be replaced
with a spatial MLP [52], or even a Pooling operation [62],
to study the spatial correlations across tokens. In the case
of vision transformers [13], where each token represents a
patch in the image, the pooling operator simply takes an
average or max pooling over subsets of embeddings for
spatially-correlated (nearby) patches.

Conditioning with cross-attention. Whereas self-
attention considers the pairing of queries and keys across
tokens in the same sequence, cross-attention (CA) can
be used to compute attention between two different input
sources or modalities [22, 29, 45, 54]: Given X1 ∈ RN×d1

and X2 ∈ RN×d2 , the queries Q, keys K, and values V are
computed from different input sources:

Q = X1WQ,K = X2WK , V = X2WV (4)

The permutation-invariant property of the cross attention
mechanism allows the generated token to be dependent on
the queries (X1) while keeping the information from the
conditions (X2).

3. Method
3.1. Overview of our method

To capture relationships across samples and build robust-
ness into the model, our latent augmentation operation is
learned through a degradation (D) step and a restoration (R)
step, hence the name LatentDR. We visualize both steps
in Figure 1 and provide an overview of the architecture in
Figure 2. The method does not require layerwise manip-
ulations, does not rely on domain information, and can be
implemented easily within the mini-batch training process
and removed during inference.

Consider (x, y) as an original datapoint and label pair
from our data distribution (X ,Y). Let z = f(x) denote
the embedding of x after the encoder f : X → Rd, and
g : Rd → Y as the classifier that produces a final pre-
diction. The overall objective of the method is to learn a
latent degradation operator Dµ(; ξ) that produces stochastic
(ξ) embeddings that have the potential to ‘confuse’ a down-
stream classifier; and a latent restoration operator Rθ that
would ‘denoise’ the prediction of the labels.

This high-level objective can be specified as:

degrade: min
f,g,µ

ℓ(g(Dµ(z; ξ)), ỹ)

restore: min
f,g,θ,µ

ℓ(g(Rθ(Dµ(z; ξ))), y)
(5)

where ℓ is a classification loss, ỹ is a distribution-aware
label that is constructed to guide mixing in latent space
(detailed in Section 3.2), θ and µ denotes the weights of
restoration and degradation operators, and ξ denotes the
stochasticity or randomness in the degradation process.
Hence, while the restoration operator learns to predict the
original distribution of labels, the degradation operator aims
to introduce non-trivial perturbation to the latent variables
to alter the classifier’s prediction. We provide more motiva-
tions in Appendix A. Note that, different from other meth-
ods [32], our recovered latent zr = Rθ(Dµ(z; ξ)) does not
necessarily need to be close to its original position z as long
as the classifier’s prediction is correct, which encourages
the latents to go across domains for domain generalization.

3.2. LatentDR

3.2.1 Latent degradation with soft-labels

In order to encourage the datapoints from different sources
to mix with each other, we rely on sample-to-sample rela-
tionships between points to construct the latent degradation
operator Dµ(; ξ) and the corresponding soft-labels ỹ.

Let (SX ,SY ) = {(xi, yi)}Bi=1 denote a set of sam-
ples from (X ,Y). Let Zset ∈ RB×d denote a matrix
containing the embeddings of the samples in SX and let
z = f(x) be a query latent vector. In practice, one con-
venient way is to draw a query from the batch and use
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Figure 2. Detailed architecture of LatentDR. (A) Without latent augmentation, latents produced by encoders would contain identifiable
information about domains, which hurts the generalization ability of the model. To address this issue, LatentDR first uses a degradation
operator to produce degraded latents that are mapped to constructed soft labels. Subsequently, we fed degraded latents as queries and
original latents as keys to a cross-attention transformer, which restores latents to assorted domains. (B) Applying augmentations during
training improves the model’s ability to generalize, resulting in latent features that are robust to unseen domains, even when the degradation
and restoration operators are removed during inference.

the remaining samples as Zset. The goal is to generate
(Mixdata(z, Zset),Mixlabel(y, Yset)) where Mix is a general
(and potentially nonlinear) mixing operator that combines
samples and labels within the set to build an augmentation
of the query z and its label y. We can consider latent Mixup
and other pairwise mixture schemes as a special instance
where Zset consists of only one sample and the combina-
tion operator is (typically) linear for both data and label.

To create non-linear and non-trivial sample-aware aug-
mentations, we rely on transformers similar as in [18, 19].
Specifically, in this work, we tested two variants of trans-
formers, where the first uses self-attention (SA) and the
other a pooling mechanism (Pool). Thus, we can generate
the degraded augmentation zd of a query z as follows:

(SA) z′d = z +AttN(Zset),

(Pool) z′d = z + Pool(Ω(Zset)),

zd = z′d +MLP(z′d)

(6)

where Ω(·) is a spatial selection operator, and Pool(·) takes
an average pooling over the selected subset. In practice, we
also apply normalization (see Appendix A). The stochas-
ticity (parameterized by ξ in our degradation operator) is
introduced through a high dropout rate of 50% in both oper-
ations, and additionally by taking a different subset of sam-
ples in the Pooling variant.

To encourage the degraded latent to be apart from the
query, we define the mixing operator for our labels as:

ỹ =
∑

yi∈SY

wiyi. (7)

where we take wi = 1/B for simplicity. Note that Zset fits

perfectly into mini-batch training, such that it can just be a
batch of data that produces degraded latent samples Zd.

3.2.2 Latent restoration with cross-attention

To encourage the model to preserve critical semantic in-
formation during the degradation process, we perform la-
tent restoration to recover the latents back to their origi-
nal classes. Our model leverages the cross-attention mecha-
nism that computes queries Q from the corrupted latents Zd

and the keys K and values V from the original latents Zset:

Q = ZdWQ,K = ZsetWK , V = ZsetWV , (8)

where we use them to produce the restored latent zr:

z′r = zd + softmax(QKT )V

zr = z′r +MLP(z′r)
(9)

As the attention mechanism is permutation-invariant to the
ordering of the keys, the output is decided based on the or-
dering of the queries, which enforces the corrupted latents
to contain the information that is sufficient to recover the
class information of the original latents. Thus, intuitively,
the restoration operator generates a new latent zr by having
zd to select similar samples from the original latent set Zset,
which provides assistance in the restoration process.

3.2.3 Regularization with classifier guidance

Thus, for each sample x, we created three latent and la-
bel pairs: (z, y) as the original ones, (zd, ỹ) as the degraded
ones, and (zr, y) as the restored ones. We perform a relaxed
regularization with classifier guidance, where our model

2672



(1) (2) Model PACS VLCS OfficeHome TerraInc DomainNet Avg.

A
lg

or
ith

m
s

✓ ✓ MMD† [32] 84.7 77.5 66.4 42.2 23.4 58.8
✗ ✓ DANN† [35] 83.7 78.6 65.9 46.7 38.3 62.6
✓ ✓ SagNet† [40] 86.3 77.8 68.1 48.6 40.3 64.2
✓ ✓ CORAL† [51] 86.2 78.8 68.7 47.7 41.5 64.5
✓ ✓ MLDG† [30] 84.9 77.2 66.8 47.7 41.2 63.6
✗ ✓ Fishr† [43] 85.5 77.8 67.8 47.4 41.7 64.0
✓ ✗ MIRO† [11] 85.4 79.0 70.5 50.4 44.3 65.9

A
ug

m
en

ta
tio

ns

- - ERM 84.1 76.7 64.8 47.0 41.9 62.9
✗ ✗ + Mixup [64] 83.1 76.9 67.0 48.0 43.0 63.6
✗ ✗ + CutMix [63] 80.4 74.9 66.9 52.1 43.2 63.5
✓ ✗ + M-Mixup [56] 84.2 77.8 67.4 46.3 43.0 63.7
✓ ✓ + MixStyle† [69] 85.2 77.9 60.4 44.0 34.0 60.3
✗ ✗ + BatchFormer [18] 82.7 76.7 65.8 48.6 42.8 63.3
✗ ✗ + LatentDR (SA) 85.8 (↑1.7) 78.7 (↑2.0) 69.0 (↑4.2) 49.9 (↑2.9) 45.1 (↑3.2) 65.7 (↑2.8)
✗ ✗ + LatentDR (Pool) 86.3 (↑2.2) 78.0 (↑1.3) 68.4 (↑3.6) 49.5 (↑2.5) 43.9 (↑2.0) 65.2 (↑2.3)

Table 1. Results on domain generalization benchmarks. All models use a ResNet-50 backbone pre-trained on ImageNet. We use † to
denote numbers that are reported from [10] and [43], while the rest are reproduced. See Appendix B for breakdown numbers and model
variance. We categorize methods on the left into algorithms and augmentations, and use (1) to denote methods that need to be applied in
many intermediate layers of the network; and use (2) to denote methods that require explicit domain information to guide learning. We use
cyan to denote the improvement over the robust ERM baseline [16], and use bold and underline to highlight the highest number and the
second highest number in both sections. Note that training MIRO requires guidance from pre-trained models.

aims to optimize the below combined loss:

L = ℓ(g(z), y)︸ ︷︷ ︸
original

+ ℓ(g(Dµ(z), ỹ)︸ ︷︷ ︸
degraded

+ ℓ(g(Rθ(Dµ(z)), y)︸ ︷︷ ︸
restored

(10)
where ℓ is a classification loss function (e.g. CrossEntropy).

Crucially, our method relies on the classifier to both
guide the corrupted latents towards degradation and back
to their correct labels after restoration. This provides a
soft constraint that encourages the latent embeddings to be
flexible enough to mix information across domains. Addi-
tionally, both operations use sample-to-sample relationships
to create distribution-aware degraded and restored samples,
which can further encourage the training set to be diversi-
fied. LatentDR fits perfectly into mini-batch training, as
shown in pseudocode in Appendix Alg. 1.

3.3. Assessing representation quality with align-
ment and uniformity metrics

To assess the quality of representations learned through
our model, we use two metrics shown to have good corre-
lation with accuracy of classification from pre-trained mod-
els [58]. The first metric is the alignment score, a mea-
sure of the ‘closeness’ of features from the same class. The
second metric is the uniformity score, which measures the
distribution of the (normalized) features on the hypersphere
and captures how well the representations span the space.

The alignment score is defined as:

Lalign (f) ≜ E(x1,x2)∼pcls

[
∥f(x1)− f(x2)∥22

]
, (11)

where (x1, x2) ∼ pcls draws samples from the same class.
The uniformity score is defined as:

Luniform (f) ≜ logE
x1,x2

i.i.d.∼ pdata

[
e−2∥f(x1)−f(x2)∥2

2

]
,

(12)
where in this case the samples (x1, x2) are across the entire
dataset. Uniformity demonstrates the generalization ability
of the method, as it measures how much information the
model preserves from the training data.

4. Experimental Results
To examine the performance of LatentDR on diverse

datasets, we study our approach on: (i) domain general-
ization benchmarks, and (ii) medical imaging datasets with
strong domain shifting. To further demonstrate its potential
in different applications, we also test our method on (iii)
long-tail recognition with imbalanced classes.

4.1. Domain generalization

4.1.1 Experiment setup

Dataset. Following [16], we comprehensively evaluate
our method on the standardized DomainBed benchmarks.
Specifically, five datasets are used in our experiments: (1)
PACS [31] (9,991 images, 7 classes, and 4 domains), (2)
VLCS [14] (10,729 images, 5 classes, and 4 domains), (3)
Office-Home [55] (15,588 images, 65 classes, and 4 do-
mains), (4) TerraIncognita [6] (24,788 images, 10 classes,
and 4 domains), (5) DomainNet [42] (586,575 images, 345
classes, and 6 domains).
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Evaluation and experimental details. For a fair compar-
ison, we follow the leave-one-domain-out model training
and evaluation protocol as in prior works [10, 11]. Unless
specified otherwise, the same dataset splits (80/20%), hy-
perparameter sets, and model optimizer in [10] are used,
and a ResNet-50 pre-trained on ImageNet is used for weight
initialization. For each training step, we construct a mini-
batch containing 32 images from each training domain. For
LatentDR, we perform a fixed learning rate adjustment
due to our high loss value. We performed hyperparame-
ter search on the validation sets of PACS and used the fixed
hyperparameter sets on other experiments. All experiments
are repeated five times with different random seeds except
for DomainNet which has six subdomains. More experi-
mental details can be found in Appendix A.

4.1.2 Results on DomainBed
In Table 1, we evaluate our approach against a diverse
set of algorithms that include general-purpose data aug-
mentation techniques such as Mixup [64] and Manifold-
Mixup [56], domain-specific data augmentation techniques
like MixStyle [17], as well as other DG algorithms that
leverage domain information to build domain-invariant rep-
resentations [43, 51]. On the left, we provide a breakdown
of model assumptions used in the different models tested to
highlight the flexibility of our approach and limited use of
additional assumptions.

Our approach outperforms the robust ERM baseline [16]
and shows significantly more stable and robust performance
compared to other augmentation methods like BatchFormer
[18] and MixStyle [69], resulting in a 2.7% improvement
over ERM when averaged over all 5 datasets in DomainBed
and a ≈2.0% improvement over other augmentation meth-
ods. Our approach shows particularly robust performance
on DomainNet, the largest DG dataset with the most classes,
highlighting the scalability of our approach. Overall, we
achieve performance on par with the state-of-the-art method
MIRO that regularizes features at many intermediate lay-
ers of the encoder, and requires an unaltered pre-trained en-
coder to provide guidance throughout training. The break-
down of accuracies for each dataset reported across domains
and model variance across random seeds are in Appendix B.

4.1.3 Ablations and visualizations
To further understand the robustness of the proposed
method, we perform model ablation, latent representation
evaluation, and nearest neighbor visualization with our
model on the PACS dataset.

Ablations. Our approach consists of two main compo-
nents, a step to degrade samples and a step to restore them.
Thus, we wanted to understand how both steps contribute
towards the overall performance. In Table 2, we compare
the performance of our method when we use both D+R vs.

A C P S Avg.
Reference ERM 84.9 80.6 95.9 75.0 84.1

Ours
D-only 85.7 78.6 96.9 78.2 84.8
R-only 82.6 79.3 95.4 73.5 82.7
D+R 86.3 82.6 97.1 79.2 86.3

Gaussian
D-only 85.0 78.1 96.5 75.6 83.8
R-only 86.4 80.0 97.4 76.5 85.1
D+R 87.4 79.7 97.1 77.1 85.3

Table 2. Ablations of degradation and restoration on PACS. We
compare the performance of LatentDR using the degradation loss
(D-only) or restoration loss (R-only) alone vs. combining them
(D+R), for our sample-aware degradation approach (top) vs. addi-
tive Gaussian noise (below).

when we only apply degradation (D-only) or restoration (R-
only). Across all tested domains in PACS, we see that the
combination of both D+R is consistently the best. However,
when we remove restoration and use D-only, we also obtain
good performance, suggesting that sample-aware degrada-
tion can also be a good augmentation on its own. 1

To test whether a simpler degradation mechanism could
be used, we tested a variant of our model where we remove
the sample-aware mixing operation used in our degrada-
tion step and replace it with i.i.d. Gaussian noise N (0, 1).
When no restoration is used (D-only), we find that the Gaus-
sian noise augmentation does not help; However, when we
couple Gaussian noise with our restoration procedure (R-
only, D+R), we find that we can obtain good performance.
Overall, we observe that combining both degradation and
restoration achieves the best overall performance, and our
sample-aware approach provides a flexible and robust way
to augment latents.

Latent quality evaluation. To understand how our pro-
posed approach shapes the representations of the data, we
examined the uniformity and alignment metrics for differ-
ent models as shown in Figure 4 (see Appendix D for di-
rect visualizations). We confirmed that our method gives
both the highest uniformity score, which demonstrates that
it preserves the maximum amount of information inside the
training data and the lowest alignment score, which demon-
strates that it encourages the closeness of latents within the
same class. Interestingly, we find that Mixup [64] does im-
prove alignment but has very little improvement in unifor-
mity when compared with ERM. On the other hand, Batch-
Former [18] produces good diversity of latents by consid-
ering nonconvex sample-to-sample relationships but poorer
alignment. Our method, instead, combines the advantages
at both ends by encouraging the diversity of the generated
samples while maintaining good alignment by separating

1If there is no degradation, the cross-attention operation becomes a self-
attention operation, and thus our method converges back to [18].
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Figure 3. Nearest neighbors visualizations. We show the top two nearest neighbors for a query sample after degradation (top row) and
restoration (bottom row). In the leftmost example, we find a case where degradation places a sample near points from a different class but
brings it back to diverse domains from its original class. On the right, we show examples where degradation maps the latent next to samples
of the same class that are different in color or background, and restores to samples that are similar but might be from another domain.

Figure 4. Latent quality evaluation. We measure the uniformity
and alignment of the latent spaces for ERM, Mixup [64], Batch-
Former [18] (BF), and LatentDR (Ours-SA).

the different classes.

Nearest neighbor visualization. To observe how the
degradation and restoration steps remap different query
points, we examined the nearest neighbors of the augmented
latents for both operations (Figure 3). We observed that in-
deed the latents produced from the latent restoration process
would retrieve nearest neighbors to samples from the same
class but different domains (both the testing domain and
another training domain). Interestingly, in the degradation
step, although the produced samples would often confuse
the classifier, the nearest neighbors are often from the same
class but with dissimilar colors or backgrounds. We conjec-
ture that it is possible that this classifier guidance may en-
courage certain content/style separation in the latent space.

4.2. Experiments on medical imaging datasets

To further demonstrate the use of our method across dif-
ferent tasks and images, we applied the method to multi-
ple medical imaging datasets where domain shift occurs and
generalization is difficult due to small sample sizes.

4.2.1 Experiment setup

Datasets. We evaluate our method on five medical imag-
ing datasets: Derma [53] (10,015 samples, 7 classes, 2D),
OrganS [8] (25,221 samples, 11 classes, 2D), OCT [24]

(109,309 samples, 4 classes, 2D), Fracture [23] (1,370 sam-
ples, 3 classes, 3D), as well as Camelyon17 [4] (302,436
samples, 2 classes, 2D). For the first four datasets, we fol-
low the preprocessing and data splitting protocol as in [61];
while for Camelyon17 we followed [26]. More details
about datasets and their domain shifts are in Appendix A.

Evaluation and experimental details. For the first four
datasets, we follow [61] and use a ResNet-18 for 2D image
classification and a ResNet-18-based 3D backbone for 3D
image classification. We replace the Adam optimizer with
an SGD optimizer with lr=0.001 and momentum=0.9 for
better performance. For Camelyon17, we follow the model
and training setup in [48] and use a DenseNet-121 back-
bone. More information about the training and model opti-
mization process is in Appendix A. For LatentDR, we per-
formed the same learning rate adjustment, and applied the
same set of hyperparameters as defined in previous exper-
iments, demonstrating the stability our method across var-
ious choices of hyperparameters. All experiments are re-
peated three times with different random seeds.

4.2.2 Results: Medical imaging datasets
In Table 3 and 4, we compare our model with other base-
line and competitor models. For the first four datasets
where we do not have explicitly defined different domains,
we benchmark our method with other augmentation meth-

Model Derma OrganS OCT Fracture Avg.
ERM† 75.4 77.8 76.3 50.8 70.1
ERM 75.8 79.8 76.4 49.6 70.4
+ Mixup 70.0 80.8 78.9 48.3 69.5
+ M-Mixup 76.4 80.1 76.3 49.6 70.6
+ BF 76.8 82.7 77.8 51.7 72.3
+ Ours (SA) 78.1 83.3 79.1 52.1 73.2
+ Ours (Pool) 78.4 82.9 79.4 55.0 73.9

Table 3. Medical image classification without explicit domains.
We follow the setup in [61], where † are the classification accura-
cies reported by them with the same ResNet-18 backbone model.
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Model Without Aug Targeted Aug Avg.
CORAL† 59.5 −
Fish [48] 74.7† 76.9 75.8
ERM† 70.8 82.0 76.4
ERM 72.3 84.3 78.3
+ Mixup† 63.5 −
+ Ours (SA) 76.4 91.0 83.7
+ Ours (Pool) 81.3 89.9 85.6

Table 4. Medical image classification on Camelyon17. We follow
the setup in [48], where † are the classification accuracies reported
in [26, 48] with the same DenseNet-121 backbone model.

ods [18, 56, 64]. We find that augmentation on image space
(Mixup) does not always improve performance, as blend-
ing the color or the shape of medical objects might under-
mine the classification of specific features. In terms of la-
tent augmentation methods, we observed that BatchFormer
[18], which considers sample-to-sample relationships, also
has good performance. However, our method outperforms
all other methods, demonstrating the effectiveness of con-
sidering both sample-to-sample relationships and classifier-
guided latent degradation.

When testing on Camelyon17, we compare models un-
der two different settings: (i) standard evaluation setting
without custom augmentations [26], and (ii) with targeted
augmentations that use underlying knowledge about the
type of domain shift in the dataset. In the first setting,
our model outperforms many reported algorithms by a large
margin and improves over the ERM baseline by nearly
10% (from 72.3% to 81.3%), where the performance of our
method almost reaches the performance of ERM with tar-
geted augmentation (84.3%). When testing on targeted aug-
mentations, we find an impressive boost of almost 7% over
the ERM baseline that is competitive with state-of-the-art
for this task. In contrast, Fish [48] remains at around 75%
in both the original case and in targeted augmentations. This
application shows the great potential of LatentDR when ap-
plied to medical imaging datasets where data augmentation
requires domain knowledge to define.

4.3. Application to long-tail recognition

Augmentation methods are shown to be effective in im-
proving model generalization when datasets exhibit class
imbalance [34, 38]. To examine if LatentDR can also en-
hance generalization in the presence of strong data imbal-
ance, we applied our method to a long-tail recognition task.

Experiment setup. We perform our experiments on
CIFAR-100-LT [27] with an imbalance ratio of 100.
LatentDR is applied on top of BalancedSoftmax (BALMS
[44]) and Balanced contrastive learning (BCL [70]), which
both have explicit CrossEntropy term in their loss functions.
We followed their hyperparameter and training settings, and

Many Medium Few Avg.
BCL [70] 69.1 52.4 30.5 51.7
+ BF 69.5 51.7 27.9 50.8
+ Ours 68.9 53.9 30.5 52.1
BALMS [44] 67.9 50.7 32.2 51.1
+ BF† 68.4 49.3 34.3 51.7
+ Ours 69.8 51.3 34.2 52.7

Table 5. Long-tail recognition results on CIFAR-100-LT. We re-
produced all numbers except for BALMS+BF, where we used their
reported numbers [18] as it is higher than what we reproduced.

for our method we performed the same learning rate adjust-
ment as in domain generalization experiments. More infor-
mation is in Appendix A.

Results. As shown in Table 5, our method surpasses both
the original method and [18], demonstrating its potential
for being a versatile plugin module. Interestingly, different
from [18] that argues sample-to-sample relationship mostly
improves performance on tail classes, our method gains
the largest performance improvements on Medium classes,
which might be attributed to our soft-label construction pro-
cess. Additionally, we observed that our method performs
better when combined with a simpler method (BALMS).

5. Conclusion
In this paper, we proposed a novel latent augmentation

method LatentDR to improve domain generalization. The
idea behind our approach is to learn to degrade and restore
latents at the batch level, using information across samples
to build augmentations for a latent. We use a classifier to
guide both steps: first to obtain degraded latents that are
identified to a constructed soft-label and second, to get the
latents restored to the original class. The proposed method
can be easily integrated into existing deep learning methods
and used with different encoders without any modifications,
achieving significant improvements.

This work opens up a number of interesting future direc-
tions including the integration of our method with domain
adaptation approaches, as well as exploring its use in semi-
supervised learning and self-supervised learning. It would
be interesting to study the connections between our method
and generative modeling frameworks that use cycle consis-
tency and cold diffusion [5].
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