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Abstract

Data augmentation is an important and widely used
technique for training deep neural networks, underlying
many recent advances in vision including those from clas-
sification, generative models, and representation learning.
The standard approach to data augmentation mixes a fixed
set of hard-coded transformations such as rotations and
flips to generate new images from existing ones. However,
such an approach faces two problems; a) it requires en-
coding domain knowledge of the problem and b) the trans-
formed inputs are lacking in semantic and content diversity.
For example, in a species classification task, an ideal data
augmentation process would produce images with slightly
different anatomical features such as bill length, or num-
ber of tusks, horns etc. The standard augmentation tech-
niques cannot produce incorporate such changes in high-
level semantic attributes. Moreover doing so realistically
for a large number of inputs is outside human feasibility. In
this work, we propose to address both these issues by us-
ing a pre-trained diffusion model to produce semantically
diverse image transformations. Our experiments show that
our method can outperform commonly used data augmen-
tation techniques, especially in the low data regime; as well
as show improvement in image classification in few-shot set-
ting.

1. Introduction
Deep Neural Networks (DNNs) have shown impressive

results across several machine learning tasks [13, 29], and
have revolutionized the field of computer vision. However,
these successes hinge on the availability of large sets of an-
notated images. When data is comparatively limited, train-
ing modern neural networks relies a lot on implicit regular-
ization and augmentation techniques developed over the last
decade such as dropout [52], early stopping, cutmix [62],
shufflemix [17], cutout [6] and others—as such data aug-
mentation remains a crucial component of image processing
pipelines in practice [33, 47].

Data augmentation (DA) techniques alleviate the

scarcity of training examples, by producing new training
examples from existing ones. The classical data augmen-
tation (DA) techniques increase the number of training ex-
amples by using a predefined set of transformations to the
training samples that do not change the corresponding class
label. These fixed transformations can be composed to-
gether to produce an even wider set of images with the same
labels. Such label-preserving operations include geomet-
ric transforms such as rotations and flips as well as pho-
tometric transforms like blurring, sharpening and jittering.
Since these approaches are limited to making the classifier
robust only to the fixed set of hard-coded transformations,
advanced methods incorporate more loosely defined trans-
formations in the data space. For example, mixup [63] uses
convex combinations of pairs of examples and their labels,
cutout [6] randomly masks square regions of the input sam-
ple and patchshuffle [19] uses a kernel filter to randomly
swaps the pixel values in a sliding window. These methods
still require domain-specific knowledge that, for example,
are applicable only to images and often produce inputs that
do not make sense to humans.

Despite these failings, the current methods have been
demonstrated to improve the generalization and robustness
of deep neural networks. However, they are still not robust
with respect to details of visual appearance. A natural way
to imbue models with such invariances is to provide inputs
created by augmentations which preserve the semantic con-
tent of the images. However, creating such augmentations
requires a lot of human effort and is infeasible at scale.

Recently, improvements in both generative modeling
techniques, multimodal learning and availability of truly
large-scale datasets, have led to great progress in image
generation. Now we have access to large generative net-
works that are capable of synthesizing photo-realistic im-
ages across a wide range of inputs. Our aim is to utilize
such generative models, to augment a training dataset with
synthetic images. These generated images can exhibit natu-
ral variations in appearance that standard data augmentation
methods cannot capture, and hence can be used to improve
visual recognition models without significant human effort.
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Contribution This work proposes a novel data augmenta-
tion strategy that utilizes pre-trained deep generative mod-
els to generate new variants of a given real image. Our ap-
proach leverages a pre-trained generative model in the fol-
lowing ways:

a) We employ latent space perturbation to generate alter-
native, yet semantically consistent images of a given visual
concept. This allows using an image in order to produce
new, realistic views of the same object. For example, we
can take an image of a cat and generate multiple realistic
images of the cat in different poses and orientations.

b) We can adapt pre-trained text-to-image generative
models, by adding new tokens to incorporate novel con-
cepts. This allows us to generate synthetic images of previ-
ously unseen objects, which can be used to augment training
data for few-shot learning scenarios. For example, we can
add new tokens to generate synthetic images of imaginary
creatures like a ”unicorn” or a ”dragon.”

c) We leverage diffusion models to change the appear-
ance of both foreground and background while preserving
the semantic characteristics of objects. This allows us to
generate diverse synthetic images that preserve the essen-
tial features of the original image while introducing realis-
tic variations. For example, we can generate synthetic im-
ages of a beach with different lighting conditions or weather
patterns, while still preserving the essential features of the
beach such as sand, water, and palm trees.

Overall, our approach enables the generation of diverse,
realistic images that can potentially be used for various
computer vision tasks,such as object detection, image clas-
sification and segmentation, and few-shot learning.

2. Preliminaries

2.1. Related Work

Data augmentation techniques are routinely used to cre-
ate synthetic data for improving classifiers [22, 49]. There
are primarily two ways to generate such synthetic data: 1)
composing various geometric and photometric transforms
in a traditional simulation pipeline; 2) producing images
from a generative models. While traditional techniques uti-
lize domain knowledge to create synthetic examples simi-
lar to training data, modern deep learning techniques often
also use other techniques that use interpolation [63], mask-
ing [6], patch shuffling [17, 62] etc. These augmentations
by construction are limited and can suffer from a real-sim
gap where they do not cover the variations of real-world
data. Moreover, depending on the type of data source, the
amount of data they can generate is bounded.

Compared to these techniques, generative models as a
source of synthetic images can be used to create images
that capture real world variations (as they are often trained
on real-world data). Moreover they can be easier to store

and simulate, offer potentially unlimited images, and need
not rely on a domain expert. Moreover, with advances
in generative modeling, the potential for improvements is
large. Neural network assisted augmentation has been ex-
plored previously using specifically trained augmentation
networks [32, 55] or using GANs [1, 34, 56, 64]. Normal-
izing flows have also been used to generate semantic per-
turbations to improve classifiers [61]. Other than improving
classifiers [2, 5, 11, 54, 57, 59, 60], generative models have
also been used to create data augmentations for segmenta-
tion [20, 66],inverse graphics [65] and representation learn-
ing [18].

Generative models have garnered significant attention
from researchers in both probabilistic modeling and appli-
cations work. Early generative models such as Variational
Autoencoders (VAEs) [21] and Generative Adversarial Net-
works (GANs) [10] have been scaled up in terms of resolu-
tion and quality [3, 39] with advancements in training these
models. Continuous probability flows based on differential
equations have recently gained popularity as they have been
shown to be better at generative modeling compared to their
earlier counterparts [7]. Recent successes in photorealis-
tic image generation have resulted from stochastic diffusion
models [45]. Other developments including multimodal
learning [36], classifier-free guidance [16], and internet-
scale datasets like LAION-5B [46] have led to spectacu-
lar successes in text-to-image generation [30, 37, 40, 44].
These developments have unlocked many application areas
for generative models.

Text-to-Image generation is a conditional sampling task
of producing an image based on a natural language caption.
Diffusion models [15, 31] have been combined with multi-
modal text-image embeddings like CLIP [36] to build mod-
els that can sample an image matching a given text. Recent
text-to-image models such as Stable diffusion [41], DALL-
E2 [38], Imagen [44] and GLIDE [30] have demonstrated
incredible results. However, their potential for data synthe-
sis, augmentation and similar tasks is relatively underex-
plored.

2.2. Background

2.2.1 Diffusion Models

Diffusion models [40, 50, 51] are latent variable models
which define the target distribution via a Markov chain
(called the reverse diffusion) of learnable transitions start-
ing from an initial distribution p(xT ) = N (xT ; 0, I). The
joint distribution is given as:

pθ(x0:T ) = p(xT )

T∏
t=1

pθ(xt−1|xt) (1)
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The approximate posterior is also given via a Markov chain
(called the forward process) of Gaussian transitions with a
fixed variance schedule β1, . . . , βT What distinguishes dif-
fusion models from other types of latent variable models is
that the approximate posterior q, called the forward process
or diffusion process, is fixed to a Markov chain that gradu-
ally adds Gaussian noise to the data according to a variance
schedule β1, . . . , βT :

q(xt|xt−1) = N (xt;
√
1− βtxt−1, βtI) (2)

Parameterizing the transitions of the reverse process, via
learned Gaussian distributions with mean µθ(xt, t), and
fixed covariance σt, leads to the following denoising ob-
jective:

∑
t

Ext∼qt [
1

σ2
t

||µ̃t(xt, x0)− µθ(xt, t)||2] (3)

where µ̃t is the mean of the forward process. By taking
µθ of the following form

µθ(xt, t) =
1

√
αt

(
xt −

βt√
1− α̃t

ϵθ(xt, t)

)
(4)

and reparameterizing Equation 3 in terms of a standard nor-
mal variable ϵ leads to the following objective.

Et,x0,ϵ||ϵ− ϵθ(ψt(x0, ϵ), t)||2 (5)

where t is uniformly sampled from [0, T ] to match the un-
weighted sum over time in 3, and xt are samples from the
forward process obtained as

ψt(x0, ϵ) =
√
α̃tx0 +

√
1− α̃tϵ (6)

where αt = 1 − βt and α̃t =
∏t

s=1 αt. These compo-
nents allow training and sampling from a diffusion model,
which is used as the generative backbone in this work. In
this work, we use a pretrained Stable Diffusion model.

A powerful application enabled by diffusion models
which is relevant for this work is editing a given image. For
example, inpainting with allows the user to mask out a por-
tion of the image and fill it with a different visually similar
pixels [26, 43]. SDEdit [27], is a guided image synthesis
method, which hijacks a the reverse diffusion process by
inserting the user provided input in the middle of the gener-
ative process. [14] has used SDEdit for generating synthetic
data. We too will use a similar insertion based methodology
to create augmentations of an image.

2.2.2 Flow Matching

While diffusion models are state of the art in terms of gener-
ative modeling, they are sensitive to training choices. Even

more importantly they do not provide a latent representa-
tion of the image. Flow matching is an alternative version
which instead of relying on stochastic processes, works di-
rectly with probability path, with standard diffusion models
being a special instance of it. Along with a deterministic
latent representation, flow matching also avoids discretiza-
tion errors induced by a time-grid and is simpler to train.
The aim of the flow matching is to learn a temporal vector
field vt(x) : [0, 1]×Rd → Rd, such that the following ODE

ϕ̇t(x) = vt(ϕt(x))

ϕ0(x) = x
(7)

defines a flow ϕt(x) : [0, 1] × Rd → Rd that transforms
an initial noise distribution p0(x) = N (x | 0, I) towards the
target distribution.

Given a probability path pt(x) and a vector field ut(x)
that generates pt, one can learn a generative model by pa-
rameterizing its corresponding vector field with a neural
network vθ(t, x)and solve

min
vt

Et,pt(x)∥vθ(t, x)− ut(x)∥2 (8)

[24] show that by defining conditional flows pt(x |x1)
and the corresponding conditional vector field ut(x |x1)
such that all intermediate distributions are Gaussian
pt(x |x1) = N (x |µt(x1), σ

2
t (x1)) and µ0(x1) =

0, µ1(x1) = x1, σ0(x1) = 1, σ1(x1) = σmin; one can get
the trainable objective from Equation 8.

Et,x1,ϵ||vθ(t, ψt(x1, ϵ))−
∂ψt(x1, ϵ)

∂t
||2 (9)

where ψt(x1, ϵ) = (1− (1− σmin)t)ϵ+ tx1
Comparing Equation (9) and (5), we can see that the two

objectives are very similar. The main difference between
the two is that (9) models the tangent vector to the path be-
tween x and ϵ while (5) matches the vector difference. As
such one can consider vθ in (9) to be the time derivative of
ϵθ in (5). 1. This is partly due to the choice of linear time
path chosen for ψ. However, one can choose alternate prob-
ability paths for the continuous flow between the noise and
target distribution. Sampling from the learned model can
be obtained by first sampling x0 ∼ N (x | 0, 1) and then nu-
merically solving (7). Similarly a latent representation for
an input image x1 can be obtained by solving the same ODE
backward for x0.

3. Method
Most common augmentation techniques can be applied

to real images independent of their visual content. Our goal
1Note that for flow matching x1 corresponds to target distribution and

x0 corresponds to noise; which is the opposite convention to diffusion
models
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is to replicate such flexibility with diffusion models. This
suggests the following desired features: 1. produce on-man-
ifold augmentations for most real images 2. be able to work
with novel or rare classes 3. be able to control what to aug-
ment based on segmentation information 4. be composable
with with other data augmentations, including those based
on generative models

3.1. Randomized Latent Augmentations

The invertibility of vector field in flow matching, enables
bidirectional transitions between image and latent spaces.
This, in turn, allows for applying perturbations directly in
the latent space rather than image space. We denote the
push forward operation induced by the vector field ϕt as
[ϕt]∗, then [ϕ1]∗ is a function mapping from the latent space
to the data space, while the pull-back [ϕ1]

∗ maps the data
manifold to latent vectors. Given a perturbation function
P defined over the latent space, we want to create identity-
preserving semantic modifications over the original image
x in the image domain. To this end, we consider only incre-
mental perturbationsand use a scaling parameter δ to control
the size of perturbation change More precisely, we have:

[ϕ1]∗
(
[ϕ1]

∗(x) + P([ϕ1]
∗(x), δ)

)
.

At training time, given an image xi, we use the flow
matching model to get the corresponding latent code zi =
[ϕ1]

∗(xi). We consider a simplistic Gaussian noise in the
latent space:

Prand(·, δ) = δ · N (0, I) ,

which is independent from zi. If the base distribution for
the generative model is Gaussian, the above perturbation is
equivalent to sampling from the learned manifold.

3.2. Modelling Novel Visual Concepts

The previous augmentation technique, which relies
solely on the capabilities of the generative model, may not
suffice when dealing with novel labels. While the gener-
ative model can invert an image of an unknown class to a
latent vector, there is no guarantee that perturbations to it
will result in semantically consistent changes. This is par-
ticularly true for compact base distributions where the latent
vector may not even lie in the support of the base distribu-
tion. Thus, it is necessary to adapt the generative model to
be able to use novel concepts that were previously unknown
to it. This adaptation requires incorporating new tokens in
the text encoder that correspond to these novel concepts, as
well as fine-tuning the diffusion model to generate plausible
augmentations for these images. This increases the flexibil-
ity of our approach and enables us to achieve semantically
consistent data enhancement across a wide range of cate-
gories.

Existing work often uses a given class label for generat-
ing synthetic images. While this can work for common ob-
jects, in an ideal setting we want to provide an entirely new
category to the generative model. This can be addressed
by incorporating new tokens in the text encoder that corre-
spond to these novel concepts. Specifically given a hyper-
parameter corresponding to new classes c, we introduce one
new token for each class in the vocabulary. And inversion
attack [9] is then appplied to each new token, to obtain their
embeddings. We then fine-tune these embeddings via stan-
dard training of the generative model.

Rather than generate synthetic images from scratch, we
use the splicing technique proposed in SDEdit [27]. Given
a time-dependent transformation acting on the initial input,
one can insert a real image xref

0 modified with gaussian noise
ϵ. The exact moment of insertion t0 is a user specified cri-
teria, and the variance of the added noise depends on the
timestep t0 . SDEdit [27] chose the reverse diffusion pro-
cess to interrupt and modify with the real input, however we
can accomplish the same with the Flow matching process
as well. The reverse diffusion process is nothing but trans-
forming the latent vector along the probability path, and an
analogous change can be made to the latter process.

xt0 =
√
α̃t0ϵ+

√
1− α̃t0x

ref
0 (10)

3.3. Object-Centric Augmentations

Our approach thus far applies global transformation to
an image, regardless of its visual content. While tradi-
tional data augmentations [35, 48] follow the same pattern
of global transformations, this poses a challenge with re-
spect to semantic augmentations. Real images often contain
multiple objects with different fundamental invariances.
Capturing these differences using a single global transform
might not be an ideal. Applying transformations at the ob-
ject level is more intuitive and flexible.

Unlike standard augmentation methods, using diffusion
based generative model allows us to leverage inpainting [26,
43] to selectively modify parts of the image. Thus with user
guidance in form of a mask, we can selectively sample only
a new background for example. Given a pixelwise mask v ∈
[0, 1]H×W specifying which image content to modify, we
insert content into the diffusion process at locations where
vij is close to one. In particular, after every timestep t0
along the probability path, we can assign the pixels in the
masked part of the input image a new value sampled from
the transition model. This process is entirely analogous to
the process used in [42], except it has been applied to the
ODE transform rather than the stochastic diffusion process.

3.4. Composing Augmentations

A natural metric when augmenting images is their di-
versity. This is also reflected in a variety of SOTA train-
ing pipelines where simple transformations are typically
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Figure 1. Given a dataset of images we generate versions using a pretrained generative model. These augmented images are included with
real data for training downstream models. For few-shot/novel-class learning we use the class label and perform Textual Inversion [9] to get
token embeddings for novel concepts which are provided to the image generator.

composed, yielding more sophisticated and diverse data.
[4,48,58]. The validity of this concept has also been demon-
strated with synthetic images recently. Given a set of im-
age transformationsD1, D2, ..Dk, we randomly sample one
augmentationDa with probability pa. We considerDi to be
an augmentation adding random noise at time t = i/k in the
image generating transformation. Since t = 0 corresponds
to the fully latent space, while t = 1 is the image space, this
induces a natural hierarchy of augmentations with lower t
corresponding to higher level augmentations.

4. Experiments
In this section, we study the performance and flexibility

of our method in both standard classification as well as in a
few-shot setting.

4.1. Evaluating Image Classification

We first evaluate whether using synthetic data generated
by our method is useful in the standard image classifica-
tion setting. We evaluate our latent augmentation method
on CIFAR as we are primarily interested in the performance
boost obtained in the low-data regime. Two other reason to
consider this dataset is that a) with current models and full
training set this problem is widely considered as solved; and
b) existing works have looked at the effect of synthetic data
generated from different models for this data.

Experimental details Following earlier literature [61] we
train ResNet classifiers on both 5% anf 100% of the full
training set and evaluate models on the test set. We report
results of common augmentation methods such as Cutout
[6] and Mixup [63] from existing literature. Along with
these augmentations, we also report comparisons with nor-
malizing flow [61] and VAEGAN [53]. Table 1 summarizes

Method Low-data Full-set

Vanilla 49.8 89.7
Classical DA 64.1 95.2
VAE-GAN [53] 58.9 94.2
Cutout [6] 66.8 96.0
Mixup [63] 73.4 95.9
Normalizing Flow [61] 70.1 96.3
Ours 77.5 96.7

Table 1. Test accuracy (%) on CIFAR, in the low-data regime com-
pared to the full train set. For the former, we use 5% and 100%
of the training and test set, respectively. In addition to standard
training, we consider standard training with commonly used data
augmentations (DA) in the image space, as well as Cutout [6] and
Mixup [63] methods.

the results obtained from these experiments.

Results Unsurprisingly, the performance of the neural
networks is substantially lower, when dealing with limited
data. With very deep networks and limited data, overfit-
ting is an issue as the model is too flexible to correctly
capture the underlying structure of the data. All augmen-
tation methods, help alleviate this problem with more than
10% improvement in all cases. However, there is a wide
gap between augmentations produced by modern generative
models over other methods. Our approach shows signifi-
cant performance improvements over older generative mod-
els as wel as mixup like augmentations. However, we also
note that even with the use of large-scale generative models,
the performance improvement is not enough to completely
compensate for the lack of training data.
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Figure 2. Analysis for different fraction of synthetic to real data
ratio. We test on ImageNet with both ResNet and Swin models.
The plot shows adding too many synthetic images hurts standard
image classification.

4.1.1 Further Analysis

We next take look at possible cause of failure in generaliz-
ing with generative models. A natural suspect is distribution
shift between training data and the images generated by the
generative model. While visual inspection of a few sam-
ples, does suggest differences, the image types and details,
make it hard to analyse this clearly. As such we shift to the
larger and more detailed ImageNet dataset. We specifically
use the ILSVRC-2012 subset which contains over 1,000
categories. We used ResNet [13] and SwinTransformer-S
(Swin-S) [25], for this purpose. We evaluated these mod-
els on varying mix of training and synthetic data. Figure 2
depicts these results where we plot the accuracy of the two
models across varying level of synthetic data.

As can be seen, while performance increases by adding a
small amount of synthetic data, as the fraction of synthetic
images increases the performance starts deteriorating. For a
small amount of synthetic data ( 20%) we see a flat or mild
increase in performance, however as the amount of gener-
ated images crosses 40%, the performance drops become
significant. At 100% synthetic data, the performance is sub-
stantively lower (around 20% 2). However, a small amount
of real training data to 100% synthetic data improves the re-
sults by a lot. This is a clear indication of a distribution shift
between the training and synthetic images. Similar perfor-
mance drop has also been noted by [12]. However, they
have reported a consistent drop in performance, instead of
small gains with low levels of augmentation. We believe
this to be due to the fact that they generate images purely
from textual description. This causes the model to lose vi-
sual content from the real image, leading to larger distribu-
tion shift than when using latent perturbations.

2Not plotted for better visualization in Figure2

4.2. Evaluating Few-Shot Learning

Unlike stadard classification, few shot learning requires
a model to learn entirely new classes with few (sometimes
even 0 examples). From results in the previous section,
where 100% synthetic data had a significantly above ran-
dom performance, gives credence to the hypothesis that
synthetic examples can significantly improve performance
in this setting. Recently, [14] has shown this to the case. In
these set of experiments, we further build upon their results.
One key difference from their approach is that we will focus
on a greater exploration of the type and nature of augmen-
tations for improving few shot learning against their work,
which has looked at a wider setting with general synthetic
data.

Pascal Visual Object Classes challenge [8], consists of
11,530 images and 6,929 object segmentation masks. We
repurpose this dataset for object classification by removing
out images that do not have at least one object segmentation
mask. The remaining images are then labeled according to
the object class with the largest area in the image. This
results in a total of 20 classes for our classification task.
We use the official training and validation sets for the 2012
challenge. These images are used to measure few-shot clas-
sification accuracy.

COCO is another widely used dataset in computer vi-
sion [23]. This dataset contains 330K images with 1.5M
object segmentation masks. We perform similar processing
as descried earlier for Pascal, and adopt the same evaluation
methodology.

Note that since both Pascal and COCO datasets contain
common objects, like household items, cars , planes etc.; a
true few shot evaluation on these models with large gener-
ative models is not possible. This is because these genera-
tive models are trained on publically available images from
the internet, which would contain a multitude of these com-
mon objects. In an ideal scenario, one would need to force
the generative model to forget such information. However
this is a very hard problem [28]. As such we would use
the method adopted in [14], of using prompts that does not
contain the class name.

Experimental Details In this experiment, we compare
the few-shot classification of our method against two data
augmentation strategies. The Real Guidance baseline is
based on [14], and uses SDEdit on real images. The DA-
Fusion method uses similar method as ours, but does not
use latent augmentations. For this experiment we use a pre-
trained ResNet [13] classifier and fine tune it on a mixture
of real and synthetic examples

Results Figure 3 shows our results. We observe a consis-
tent improvement in accuracy by as much as 2% on the Pas-
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Figure 3. Few-shot classification performance. We evaluate our method on COCO and PASCAL, and find it outperforms other baselines
including a recent generative model based method. The figure reports validation accuracy as a function of the number of images in the
observed training set.

cal and COCO datasets compared to DA-Fusion which itself
exceeds the performance of standard augmentation methods
by close to 9% on all domains. We also exceed the per-
formance of Real Guidance [14]. This experiment shows
that generative model based augmentation can be used to
improve few-shot learning and better generalize to out-of-
vocabulary concepts. In the following sections, we ablate
these results to understand how important each part of the
method is to these gains in performance.

4.2.1 Further Analysis

Our previous results show synthetic images obtained via
diffusion models provide effective data augmentation for
few-shot learning. In the following experiments, we per-
form further analysis with respect to object localization and
composition of augmentations.

Ablation with Object Masks We wish to analyse how
our method behaves when dealing with changes localized
to a single input object. Augmentations based on generative
models can achieve this behavior using inpainting [26, 43],
and stable performance when various masks are given is a
desirable trait for any such method.

We assess the robustness of the few-shot learning out-
comes by employing mask-based data augmentation to pro-
duce novel training images. The experiment incorporates
two categories of masks - foreground object masks and
background masks - which are utilized to generate masked
renditions of the original images. The foreground object
mask constitutes a binary overlay that encompasses the fo-
cal object in each image. This mask is subsequently em-
ployed for inpainting using a pretrained diffusion model.
Inpainting aims to reconstruct the obscured portions of the
image veiled by the mask, resulting in an altered version of
the image with a modified appearance. To guarantee that
the principal object is entirely enclosed within the mask,
the mask undergoes dilation by 16 pixels prior to its utiliza-
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Figure 4. Ablation for masking. We evaluate our method when
applied to foregrounds and backgrounds separately. We report the
improvement in few-shot classification accuracy on a validation
set for our method compared to a Real Guidance baseline using
object segmentation masks from the Pascal and COCO datasets.
Results show a consistent improvement over the baseline when
masks are used.
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Figure 5. We compare the performance of our method against the
DAFusion. We evaluate all three setting for masking: foreground,
background, and both. Results show a consistent improvement
over the baseline DAFusion.

tion for inpainting. The background mask is generated by
inverting the foreground mask for each image, meaning it
covers everything excluding the primary object. Analogous
to the foreground mask, the background mask is harnessed
for inpainting to produce a transformed version of the im-
age. We test three types of masked augmentations: one that
augments the whole image, one that augments only the fore-
ground, and one that augments only the background. We
train a classifier on the samples generated by the masked
augmentation and compare the accuracy to the accuracy
of the classifier trained on samples from the Real Guid-
ance [14] baseline. These results are plotted in Figure 4,
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where we can see that our method consistently outperforms
prior work given masks for objects and backgrounds.

Ablation with Composition Next, we present results
demonstrating how compositionality in our method (as de-
scribed in Section 3.4) affects performance. For this we
use the same experimental setting of Section 4.2; however
we vary the number of augmentations used during training.
We report the improvement in area under the curve (AUC)
versus standard data augmentation for our method. While
all augmentations improve over the baseline, stacking more
augmentations lead to greater improvements.
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Figure 6. Ablation for number of augmentations. We vary the
number of augmentations used for generating images and report
the change in AUC. Results show that adding more augmentations
improve the performance

5. Conclusion
We propose a versatile method for data augmentation-

grounded in diffusion models. Our method tailors a pre-
trained diffusion model to produce high-quality augmenta-
tions while maintaining image semantics. This strategy is
adaptable, fitting a wide array of images regardless of their
labels or visual characteristics. Our experimental findings
reveal that harnessing generative models can significantly
bolster performance in both standard and zero-shot classifi-
cation contexts.

In the standard classification scenario, there exists a limit
on the enhancements provided by additional augmentations
due to the distribution divergence between real examples
and generated samples. Despite this limitation, synthesized
instances prove highly beneficial for generalization in few-
shot classification settings. Our proposed technique has bol-
stered the accuracy of few-shot classification across all ex-
amined domains, surpassing other recent generative model-
based augmentation methods.

We perform an exploratory analysis to assess the robust-
ness of our approach under various conditions. Our results
indicate that even when portions of images are masked, our
method can still yield performance improvements. Fur-
thermore, we discover that latent augmentations, facilitated
by employing invertible flows, contribute to additional ad-
vancements, likely owing to their capacity to synthesize im-
ages more closely aligned with a given input. In conclu-
sion, our proposed method presents a flexible and effective

means of augmenting classification models across diverse
domains.

Limitations Effectiveness of these generative models
for data augmentation is highly dependent on the specific
dataset and task at hand. Furthermore, few shot learning is
much more affected by such augmentations than standard
learning. This suggests that in some cases, using certain
generative models may not be effective at all, while in oth-
ers, they may show significant improvement. Therefore, it
is important to carefully evaluate the performance of gener-
ative models in the context of the specific task and dataset.
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[61] Oguz Kaan Yüksel, Sebastian U Stich, Martin Jaggi, and
Tatjana Chavdarova. Semantic perturbations with normal-
izing flows for improved generalization. In Proceedings of
the IEEE/CVF International Conference on Computer Vi-
sion, pages 6619–6629, 2021.

[62] Sangdoo Yun, Dongyoon Han, Seong Joon Oh, Sanghyuk
Chun, Junsuk Choe, and Youngjoon Yoo. Cutmix: Regu-
larization strategy to train strong classifiers with localizable
features. In Proceedings of the IEEE International Confer-
ence on Computer Vision (ICCV), pages 6023–6032, 2019.

[63] Hongyi Zhang, Moustapha Cisse, Yann N. Dauphin, and
David Lopez-Paz. mixup: Beyond Empirical Risk Mini-
mization. In International Conference on Learning Repre-
sentations (ICLR), 2018.

[64] Ruixiang Zhang, Tong Che, Zoubin Ghahramani, Yoshua
Bengio, and Yangqiu Song. Metagan: An adversarial ap-
proach to few-shot learning. In Advances in Neural Informa-
tion Processing Systems (NeurIPS), volume 31. Curran As-
sociates, Inc., 2018.

[65] Yuxuan Zhang, Wenzheng Chen, Huan Ling, Jun Gao, Yi-
nan Zhang, Antonio Torralba, and Sanja Fidler. Image gans
meet differentiable rendering for inverse graphics and in-
terpretable 3d neural rendering. In 9th International Con-
ference on Learning Representations, ICLR 2021, Virtual
Event, Austria, May 3-7, 2021. OpenReview.net, 2021.

[66] Yuxuan Zhang, Huan Ling, Jun Gao, Kangxue Yin, Jean-
Francois Lafleche, Adela Barriuso, Antonio Torralba, and
Sanja Fidler. Datasetgan: Efficient labeled data factory with
minimal human effort. In IEEE Conference on Computer Vi-
sion and Pattern Recognition, CVPR 2021, virtual, June 19-
25, 2021, pages 10145–10155. Computer Vision Foundation
/ IEEE, 2021.

873


