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Abstract

Data augmentation is crucial in training deep models, preventing them from overfitting to
limited data. Recent advances in generative Al, e.g., diffusion models, have enabled more
sophisticated augmentation techniques that produce data resembling natural images. We
introduce GeNIe a novel augmentation method which leverages a latent diffusion model con-
ditioned on a text prompt to combine two contrasting data points (an image from the source
category and a text prompt from the target category) to generate challenging augmenta-
tions. To achieve this, we adjust the noise level (equivalently, number of diffusion iterations)
to ensure the generated image retains low-level and background features from the source im-
age while representing the target category, resulting in a hard negative sample for the source
category. We further automate and enhance GeNIe by adaptively adjusting the noise level
selection on a per image basis (coined as GeNIe-Ada), leading to further performance im-
provements. Our extensive experiments, in both few-shot and long-tail distribution settings,
demonstrate the effectiveness of our novel augmentation method and its superior perfor-
mance over the prior art. Our code is available at: https://github.com/UCDvision/GeNIe

1 Introduction

Data augmentation has become an integral part of training deep learning models, particularly when faced
with limited training data. For instance, when it comes to image classification with limited number of
samples per class, model generalization ability can be significantly hindered. Simple transformations like
rotation, cropping, and adjustments in brightness artificially diversify the training set, offering the model
a more comprehensive grasp of potential data variations. Hence, augmentation can serve as a practical
strategy to boost the model’s learning capacity, minimizing the risk of overfitting and facilitating effective
knowledge transfer from limited labelled data to real-world scenarios. Various image augmentation methods,
encompassing standard transformations, and learning-based approaches have been proposed ( ,

;s ; , ; , ). Some augmentation strategies combine
two images p0551bly from two different categories to generate a new sample image. The simplest ones in this
category are MixUp ( , ) and CutMix ( , ) where two images are combined in
the pixel space. However, the resulting augmentations often do not lie within the manifold of natural images
and act as out-of-distribution samples that will not be encountered during testing.

Recently, leveraging generatlve models for data augmentation has gained an upsurge of attention (
, ; ; , ). These interesting studies, either based on fine-
tuning or prompt englneermg of dlffusmn models, are mostly focused on generating generic augmentations
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Figure 1: Generative Hard Negative Images Through Diffusion (GeNIe): generates hard negative images that
belong to the target category but are similar to the source image from low-level feature and contextual perspectives.
GeNIe starts from a source image passing it through a partial noise addition process, and conditioning it on a different
target category. By controlling the amount of noise, the reverse latent diffusion process generates images that serve
as hard negatives for the source category.

without considering the impact of other classes and incorporating that information into the generative process
for a classification context. We take a different approach to generate challenging augmentations near the
decision boundaries of a downstream classifier. Inspired by diffusion-based image editing methods (Meng
et al., 2021; Luzi et al., 2022) some of which are previously used for data augmentation, we propose to use
conditional latent diffusion models (Rombach et al.; 2021a) for generating hard negative images. Our core
idea (coined as GeNIe) is to sample source images from various categories and prompt the diffusion model
with a contradictory text corresponding to a different target category. We demonstrate that the choice of
noise level (or equivalently number of iterations) for the diffusion process plays a pivotal role in generating
images that semantically belong to the target category while retaining low-level features from the source
image. We argue that these generated samples serve as hard negatives (Xuan et al., 2021; Mao et al., 2017)
for the source category (or from a dual perspective hard positives for the target category). To further enhance
GeNIe, we propose an adaptive noise level selection strategy (dubbed as GeNIe-Ada) enabling it to adjust
noise levels automatically per sample.

To establish the impact of GeNIe, we focus on two challenging scenarios: long-tail and few-shot settings. In
real-world applications, data often follows a long-tail distribution, where common scenarios dominate and
rare occurrences are underrepresented. For instance, a person jaywalking a highway causes models to struggle
with such unusual scenarios. Combating such a bias or lack of sufficient data samples during model training is
essential in building robust models for applications such as self-driving cars. Same challenge arises in few-shot
learning settings where the model has to learn from only a handful of samples. Our extensive quantitative
and qualitative experimentation, on a suite of few-shot and long-tail distribution settings, corroborate the
effectiveness of the proposed novel augmentation method (GeNIe, GeNIe-Ada) in generating hard negatives,
corroborating its significant impact on categories with a limited number of samples. A high-level sketch of
GeNTe is illustrated in Fig. 1. Our main contributions are summarized below:

- We introduce GeNIe, a novel yet elegantly simple diffusion-based augmentation method to create challenging
hard-negative augmentations in the manifold of natural images. For the first time, to our best knowledge,
GeNIe achieves this by combining two sources of information (a source image, and a contradictory target
prompt) through a noise-level adjustment mechanism in the diffusion-denoising process.

- We further extend GeNIe by automating the noise-level adjustment strategy on a per-sample basis (called
GeNIe-Ada), to enable generating hard negative samples in the context of image classification, leading also
to further performance enhancement.
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- To substantiate the impact of GeNIe, we present a suite of quantitative and qualitative results including ex-
tensive experimentation on two challenging tasks: few-shot and long tail distribution settings corroborating
that GeNIe (and its extension GeNIe-Ada) significantly improve the downstream classification performance.

2 Related Work

Data Augmentations. Simple flipping, cropping, colour jittering, and blurring are some forms of image
augmentations ( , ). These augmentations are commonly adopted in training
deep learning models. However, using these data augmentations is not trivial in some domains. For ex-
ample, using blurring might remove important low-level information from medical images. More advanced

approaches, such as MixUp ( , ) and CutMix ( , ), mix images and their
labels accordingly ( , ; , ; , ; , ). However,
the resulting augmentations are not natural images anymore, and thus, act as out-of-distribution samples
that will not be seen at test time. To combat this, SAGE ( , ) proposes a data augmentation

technique that uses visual saliency to perform optimal image blending at each spatial location, and optimizes
the relative image position such that the resulting visual saliency is maximized. Another strand of research
tailors the augmentation strategy through a learning process to fit the training data ( , ;

, ;2). Unlike the above methods, we propose to utilize pre-trained latent diffusion mod-
els to generate hard negatives (in contrast to generic augmentations) through a noise adaptation strategy
discussed in Section 3.

Data Augmentation with Generative Models. Using synthesized images from generative models to
augment training data has been studied before in many domains ( , ;

, ), including domain adaptation ( , ), visual alignment ( , ), and
mitigation of dataset bias ( ; , ). For example,
( , ) introduces a methodology almed at enhancing test set evaluation through augmentation.

While previous methods predominantly relied on GANs (

) as the generative model, more recent studies promote using d1ffus1on models to augment the data
( ; ; ; ; ; ; ; ; , ;

). More specifically, ( , : , : , ; , ) study
the effectiveness of text-to-image diffusion models in data augmentation by diversification of each class with
synthetic images. ( , ) also utilizes a text-to-image diffusion model, but with a BLIP ( ,

) model to generate meaningful captions from the existing images. ( , ) utilizes diffusion
models for augmentation to correct model mistakes. ( , ) uses CLIP ( , ) to
filter generated images. Generative models for data augmentation may produce out-of-distribution samples
if the downstream task’s data distribution differs. Fine-tuning on a small downstream dataset can address
this. For example, DAFusion ( , ) fine-tunes a diffusion model using textual inversion
( , ), while SiSTA ( , ) adapts a GAN for the task. ( , )
propose adapting generative models to downstream tasks by leveraging the internal representations of the
denoiser network. Investigations by ( , ) explore the use of text-to-image synthetic images for
generating positive samples in contrastive learning. ( , ) utilizes text-based diffusion and a
large language model (LLM) to diversify the training data. ( , ) uses an LLM to generate
text descriptions of failure modes associated with spurious correlations, which are then used to generate
synthetic data through generative models. The challenge here is that the LLM has little understanding of
such failure scenarios and contexts.

We take a completely different approach here, without replying on any extra source of information (e.g.,

through an LLM). Inspired by image editing approaches such as Boomerang ( , ) and SDEdit
( , ), we propose to adaptively guide a latent diffusion model to generate hard negatives images
( , ; , ) on a per-sample basis per category. In a nutshell, the aforementioned

studies focus on improving the diversity of each class with effective prompts and diffusion models, however, we
focus on generating effective hard negative samples for each class by combining two sources of contradicting
information (images from the source category and text prompt from the target category).
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Language Guided Recognition Models. Vision-Language foundation models (VLMs) ( ,

; , ; , ; , ; , ; ) utilize
human language to guide the generation of images or to extract features from images that are aligned with
human language. CLIP ( , ) excels in zero-shot tasks by aligning images with text, while
recent works improve prompts ( , ; , ) or use diffusion models as classifiers
( , ). Similarly, we leverage Stable lefusmn 1.5 ( , ) to enhance downstream
tasks by augmenting training data with hard negative samples based on category names.

Few-Shot Learning. In Few-shot Learning (FSL), we pre-train a model with abundant data to learn a rich
representation, then fine-tune it on new tasks with only a few available samples. In supervised FSL (
) ; ) ; ) ) ) ; ) ; ) )
, ; , ; , ), pretraining is done on a labeled dataset,
whereas in unsupervised FSL ( , ; , ; , ; , ;
) the pretraining has to be conducted on an unlabeled dataset posing an extra challenge in the learning
paradigm and neighboring these methods closer to the realm of self-supervised learning.

3 Proposed Method: GeNIe

Given a source image Xg from category S = <source category>, we are interested in generating a target
image X, from category T = <target category>. In doing so, we intend to ensure the low-level visual
features or background context of the source image are preserved, so that we generate samples that would
serve as hard negatives for the source image. To this aim, we adopt a conditional latent diffusion model
(such as Stable Diffusion, ( , )) conditioned on a text prompt of the following format “A
photo of a T' = <target category>".

Key Idea. GeNIe in its basic form is a simple yet effective augmentation sample generator for improving
a classifier fy(.) with the following two key aspects: (i) inspired by ( ; )
instead of adding the full amount of noise 0,4, and going through all N4, (bemg typlcally 50) steps of
denoising, we use less amount of noise (70,42, with 7 € (0,1)) and consequently fewer number of denoising
iterations (|7 Npaz|); (i) we prompt the diffusion model with a P mandating a target category T different
than the source S. Hence, we denote the conditional diffusion process as X, = STDiff(Xg, P,7). In such
a construct, the proximity of the final decoded image X, to the source image Xg or the target category
defined through the text prompt P depends on r. Hence, by controlling the amount of noise, we can generate
images that blend characteristics of both the text prompt P and the source image Xg. If we do not provide
much of visual details in the text prompt (e.g., desired background, etc.), we expect the decoded image X,
to follow the details of Xg while reflecting the semantics of the text prompt P. We argue, and demonstrate
later, that the newly generated samples can serve as hard negative examples for the source category S since
they share the low-level features of Xg while representing the semantics of the target category, T. Notably,
the source category S can be randomly sampled or be carefully extracted from the confusion matrix of fy(.)
based on real training data. The latter might result in even harder negative samples being now cognizant
of model confusions. Finally, we will append our initial dataset with the newly generated hard negative
samples through GeNIe and (re)train the classifier model.

Enhancing GeNIe: GeNIe-Ada. One of the remarkable aspects of GeNIe lies in its simple application,
requiring only Xg, P, and r. However, selecting the appropriate value for r poses a challenge as it profoundly
influences the outcome. When r is small, the resulting X, tends to closely resemble Xg, and conversely, when
r is large (closer to 1), it tends to resemble the semantics of the target category. This phenomenon arises
because a smaller noise level restricts the capacity of the diffusion model to deviate from the semantics of the
input Xg. Thus, a critical question emerges: how can we select r for a particular source image to generate
samples that preserve the low-level semantics of the source category S in Xg while effectively representing
the semantics of the target category 177 We propose a method to determine an ideal value for 7.

Our intuition suggests that by varying the noise ratio r from 0 to 1, X,. will progressively resemble category
S in the beginning and category T towards the end. However, somewhere between 0 and 1, X, will undergo
a rapid transition from category S to T'. This phenomenon is empirically observed in our experiments with
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Figure 2: Effect of noise ratio, r, in GeNIe: we employ GeNIe to generate augmentations for the target classes
(motorcycle and cat) with varying r. Smaller 7 yields images closely resembling the source semantics, creating an
inconsistency with the intended target label. By tracing r from 0 to 1, augmentations gradually transition from
source image characteristics to the target category. However, a distinct shift from the source to the target occurs at a
specific r that may vary for different source images or target categories. For more examples, please refer to Fig. A9.
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Figure 3: GeNIe-Ada: To choose r adaptlvely for each (source image, target category) pair, we propose tracing
the semantic trajectory from Zs (source image embeddings) to Zr (target embeddings) through backbone feature
extractor fo(-) (Algorithm 1). We adaptively select the sample right after the largest semantic shift.

varying r, as depicted in Fig. 2. Although the exact reason for this rapid change remains uncertain, one
possible explanation is that the intermediate points between two categories reside far from the natural image
manifold, thus, challenging the diffusion model’s capability to generate them Sclocchi et al. (2024). Ideally,
we should select 7 corresponding to just after this rapid semantic transition, as at this point, X, exhibits
the highest similarity to the source image while belonging to the target category.

We propose to trace the semantic trajectory between Xg and Xrp through backbone feature extractor fy(.).
As shown in Algorithm 1, assuming access to the classifier backbone fy(.) and at least one example X7 from
the target category, we convert both Xg and X7 into their respective latent vectors Zg and Zr by passing
them through fp(.). Then, we sample M values for r uniformly distributed € (0, 1), generating their corre-
sponding X, and their latent vectors Z, for all those r. Subsequently, we calculate d, = (ZT_HZZST )j(Ziﬂ;ZS )
as the distance between Z,. and Zg projected onto the vector connecting Zg and Zr. Our hypothesis posits
that the rapid semantic transition corresponds to a sharp change in this projected distance. Therefore, we
sample n values for r uniformly distributed between 0 and 1, and analyze the variations in d,.. We identify
the largest gap in d, and select the r value just after the gap when increasing r, as detailed in Algorithm 1
and illustrated in Fig. 3.

3.1 Psuedocode of GeNle:

As illustrated in Algorithm 2, we provide a detailed pytorch-style pseudocode for GeNIe. First, a SDv1.5
pipeline initialized by loading all the components such as the VQ-VAE encoder and decoder, the CLIP text
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encoder and the DPM scheduler for the forward and reverse diffusion process. Then, the source image is
input to the encoder to encode the image into latent space for the diffusion model. Next, the encoded image
is partially noised based on the noise ratio r using the scheduler. The diffusion model then de-noises the
partially noised latent embedding for a total of NUM INFERENCE STEPS xr steps, with an additional
input of a text prompt from a contradictory target class. Finally, the decoder decodes the de-noised latent
embedding into the generated hard-negative image, that contains the low-level features of the source image
and the class/category of the contradictory text-prompt.

Algorithm 2: PyTorch-style Pseudocode of GeNle.

# StableDiffusionPipeline: Pre-trained diffusion model

# DPMSolverMultistepScheduler: Scheduler for forward and reverse diffusion
# encode_latents: Encodes an image into latent space

# decode_latents: Decodes latents back into an image

def AugmentGeNIe(source_image, target_prompt, percent_noise):
NUM_INFERENCE_STEPS = 50 # Number of steps for reverse diffusion
NUM_TRAIN_STEPS = 1000 # Number of steps for forward diffusion

# Initialize the stable diffusion pipeline and scheduler
pipe = StableDiffusionPipeline.from_pretrained("stable-diffusion-vi-5")
scheduler = DPMSolverMultistepScheduler.from_config(pipe.scheduler.config)

# Encode the source image into latent space
latents = encode_latents(source_image)

# Forward Diffusion

noise = torch.randn(latents.shape) # Generate random noise

timestep = torch.Tensor([int (NUM_TRAIN_STEPS * percent_noise)]) # Calculate timestep
latents_noise = scheduler.add_noise(latents, noise, timestep) # Add noise to latents

# Reverse Diffusion

latents = pipe(
prompt=target_prompt,
percent_noise=percent_noise,
latents=latents_noise,
num_inference_steps=NUM_INFERENCE_STEPS

)

# Decode latents back into an augmented image
augmented_image = decode_latents(latents)

return augmented_image

4 Experiments

Since the impact of augmentation is more pronounced when the training data is limited, we evaluate the
impact of GeNIe on Few-Shot classification in Section 4.1, Long-Tailed classification in Section 4.3, and
fine-grained classification in Section 4.2. For GeNIe-Ada in all scenarios, we utilize GeNIe to generate aug-
mentations from the noise level set {0.5,0.6,0.7,0.8,0.9}. The selection of the appropriate noise level per
source image and target is adaptive, achieved through Algorithm 1.

Baselines. We use Stable Diffusion 1.5 ( , ) as our base diffusion model. In all
settings, we use the same prompt format to generate images for the target class: i.e., “A photo of a
<target category>", where we replace the target category with the target category label. We gener-
ate 512 x 512 images for all methods. For fairness, we generate the same number of new images for each
class. We use a single NVIDIA RTX 3090 for image generation. We consider 4 diffusion-based baselines and
a suite of traditional data augmentation baselines.

Img2Img ( , ; , ): We sample an image from a target class, add noise to its
latent representation and then pass it along with a prompt for the target category through reverse diffusion.
The focus here is on a target class for which we generate extra positive samples. Adding large amount of
noise leads to generating an image less similar to the original image. We use two different noise magnitudes
for this baseline: » = 0.3 and r = 0.7 and denote them by Img2Img” and Img2Img!, respectively.

Txt2Img ( , ; , ): For this baseline, we omit the forward diffusion process and
only use the reverse process starting from a text prompt for the target class of interest. This is similar to the
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base text-to-image generation strategy adopted in ( , ; , ; ,
; ; , ). Fig. 4 illustrates a set of generated augmentation examples for

)

Txt2Img, Img2Img, and GeNIe.

DAFusion ( , ): In this method, an embedding is optimized with a set of images for each
class to correspond to the classes in the dataset. This approach is introduced in Textual Inversion ( ,

). We optimize an embedding for 5000 iterations for each class in the dataset, followed by augmentation
similar as the DAFusion method.

Cap2Aug( , ): Tt is a recent diffusion-based data augmentation strategy that uses image captions
as text prompts for an image-to-image diffusion model.

Traditional Data Augmentation: We consider both weak and strong traditional augmentations. More
specifically, for weak augmentation we use random resize crop with scaling € [0.2, 1.0] and horizontal flipping.
For strong augmentation, we consider random color jitter, random grayscale, and Gaussian blur. For the
sake of completeness, we also compare against data augmentations such as CutMix ( , ) and
MixUp ( , ) that naively combine two images together, and SAGE ( , ), that
mixes image pairs based on their visual saliency to promote discriminative foreground objects in the mix.

4.1 Few-shot Classification

We assess the impact of GeNIe compared to other augmentations in a number of few-shot classification
(FSL) scenarios, where the model has to learn only from the samples contained in the (N-way, K-shot)
support set and infer on the query set. Note that this implies that the GeNle, GeNle-Ada augmentations
are only applied during few-shot inference on the test-dataset, and not during the pre-training stage, where
the backbone is unsupervised pre-trained on an abundant (few-shot training) dataset. The goal is to assess
how well the model can benefit from the augmentations while keeping the original N x K samples intact.

Datasets. We conduct our few-shot experiments on two most commonly adopted few-shot classification

datasets: mini-Imagenet ( , ) and tiered-Imagenet ( , ). mini-Imagenet is
a subset of ImageNet ( , ) for few-shot classification. It contains 100 classes with 600 samples
each. We follow the predominantly adopted settings of ( , ; , ) where

we split the entire dataset into 64 classes for training, 16 for validation and 20 for testing. tiered-Imagenet
is a larger subset of ImageNet with 608 classes and a total of 779,165 images, which are grouped into 34
higher-level nodes in the ImageNet human-curated hierarchy. This set of nodes is partitioned into 20, 6, and
8 disjoint sets of training, validation, and testing nodes, and the corresponding classes form the respective
meta-sets.

Evaluation. We evaluate the test-set accuracies of a state-of-the-art unsupervised few-shot learning method
with GeNIe and compare them against the accuracies obtained using other augmentation methods. Specif-
ically, we use UniSiam ( , ) pre-trained with ResNet-18, ResNet-34 and ResNet-50 backbones
and follow its evaluation strategy of fine-tuning a logistic regressor to perform (N-way, K-shot) classification
on the test sets of mini- and tiered-Imagenet. Following ( , ), an episode consists of
a labeled support-set and an unlabelled query-set. The support-set contains N randomly sampled classes
where each class contains K samples, whereas the query-set contains ) randomly sampled unlabeled images
per class. We conduct our experiments on the two most commonly adopted settings: (5-way, 1-shot) and
(5-way, 5-shot) classification settings. Following the literature, we sample 16-shots per class for the query
set in both settings. We report the test accuracies along with the 95% confidence interval over 600 and 1000
episodes for mini-ImageNet and tiered-ImageNet, respectively.

Implementation Details: GeNIe generates augmented images for each class using images from all other
classes as the source image. We use r = 0.8 in our experiments. We generate 4 samples per class as
augmentations in the 5-way, 1-shot setting and 20 samples per class as augmentations in the 5-way, 5-
shot setting. For the sake of a fair comparison, we ensure that the total number of labelled samples in the
support set after augmentation remains the same across all different traditional and generative augmentation
methodologies. Due to the expensive training of embeddings for each class in each episode, we only evaluated
the DA-Fusion baseline on the first 100 episodes.
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Figure 4: Visualization of Generative Samples: We compare GeNIe with two baselines: Img2Img” augmenta-
tion: both image and text prompt are from the same category. Adding noise does not change the image much, so
they are not hard examples. Txt2Img augmentation: We simply use the text prompt only to generate an image for
the desired category (e.g., using a text2image method). Such images may be far from the domain of our task since
the generation is not informed by any visual data from our task. GeNIe augmentation: We use the target category
name in the text prompt only along with the source image.

Results: The results on mini-Imagenet and tiered-Imagenet for both (5-way, 1 and 5-shot) settings are
summarized in Table 1 and Table 3, respectively. Regardless of the choice of backbone, we observe that
GeNTIe helps consistently improve UniSiam’s performance and outperform other supervised and unsupervised
few-shot classification methods as well as other diffusion-based (Trabucco et al., 2024; Luzi et al., 2022;
Rombach et al., 2021b; He et al., 2022b) and classical (Yun et al., 2019a; Zhang et al., 2018; Ma et al.,
2022) data augmentation techniques on both datasets, across both (5-way, 1 and 5-shot) settings. Our
noise adaptive method of selecting optimal augmentations per source image (GeNIe-Ada) further improves
GeNIe’s performance across all three backbones, both few-shot settings, and both datasets (mini and tiered-
Imagenet).

4.2 Fine-grained Few-shot Classification

To further investigate the impact of the proposed method, we compare GeNIe with other text-based data
augmentation techniques across four distinct fine-grained datasets in a 20-way, 1-shot classification setting.
We employ the pre-trained DINOV2 ViT-G (Oquab et al., 2023) backbone as a feature extractor to derive
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Table 1: mini-ImageNet: We use our augmentations on (5-way, 1-shot) and (5-way, 5-shot) few-shot settings of mini-
Imagenet dataset with 3 different backbones (ResNet-18, 34, and 50). We compare with various baselines and show
that our augmentations with UniSiam outperform all the baselines including Txt2Img and DAFusion augmentation.
The number of generated images per class is 4 for 1-shot and 20 for 5-shot settings.

ResNet-18 ResNet-34
- — Augmentation Method Pre-training 1-shot 5-shot

Augmentation Method Pre-training 1-shot 5-shot Weak Bascline o 985107 735107
- iDeMe-Net sup. 59.14+0.9 74.6+0.7 Weak Baseline++ sup. 52.7+0.8 76.240.6
- Robust + dist sup. 63.7+0.6  81.2+£0.4 Weak SimCLR unsup. 64.0£0.4  79.840.3
- AFHN sup. 62.44+0.7  78.2£0.6 Weak SimSiam unsup. 63.840.4  80.4%0.3
Teak ProtoNet+SSL sup.+ssl _ 76.6 Weak UniSiam+dist unsup. 65.6+0.4 83.4+0.2
Jeak Neg-Cosine sup. 62.3+£0.8  80.9£0.6 Weak UniSiam unsup. 64.3+0.8  82.3£0.5
- Centroid Align sup. 59.9+0.7 80.4+0.7 Strong UniSiam unsup. 64.5£0.8  82.140.6
_ Baseline sup 59.6+0.8 77.340.6 CutMix UniSiam unsup. 64.0+£0.8  81.7+0.6
Lo o 00 e MixUp UniSiam unsup. 63.740.8  80.1+0.8
- Baseline++ Sup- ‘:)9'(3i0'8 76.7+0.6 Img2Ing” UniSiam unsup. 65.5+0.8  82.940.5
Weak PSST sup.+ssl 59.54£0.5  77.4£0.5 Ing2Ing!! UniSiam unsup. 705408  84.840.5
7 . B =9 4 B Txt2Img H UniSiam unsup. 75.440.6 85.540.5
W ejdk U%\ITR‘A unsvup. éS.liO.L’l d3'4i0‘.3 DAFusion UniSiam unsup. 64.7+1.9  83.241.4
Weak P}OtO(JLR unsup- 50.940.4 71.6£0.3 GeNIe (Ours) UniSiam unsup. 77.1+0.6 86.3+0.4
Weak SimCLR unsup. 62.6+0.4 79.740.3 GeNIe-Ada (Ours) UniSiam unsup. 78.5+0.6 86.6+0.4

W:cak SinllS.isz - unsup. 62.840.4  79.9£0.3 ResNet-50
Weak UniSiam-+dist unsup. 64.1+0.4 82.3+0.3 Woak PDALNet p— 039000 531206
‘Weak UniSiam unsup. 63.1+£0.8  81.4+0.5 Weak Meta-DM unsup. 66.7£0.4  85.3+0.2
Strong UniSiam unsup. 62.8+0.8  81.24+0.6 Weak UniSiam unsup. 64.6+0.8  83.4+0.5
CutMix UniSiam unsup. 62.7+0.8 80.61+0.6 Strong UniSiam unsup. 64.8+0.8  83.240.5
MixUp UniSiam unsup. 62.1+0.8 80.7+0.6 CutMix UniSiam unsup. 64.3£0.8  83.2+0.5
L Qs MixUp UniSiam unsup. 63.84£0.8  84.6+0.5
Ing2Ing " UniSiam Unsup. 63.9£0.8 82'&0‘? SAGE UniSiam unsup. 757408 849404
Ing2Ing UniSiam unsup. 69.1£0.7  84.0£0.5 Ing2Tng" UniSiam unsup. 66.0£0.8 840405
Txt2Img2023; UniSiam unsup. 74.1£0.6  84.6+£0.5 Ing2Img! UniSiam unsup. 711407 857405
DAFusion UniSiam unsup. 64.3£1.8  82.0+1.4 Txt2Img ; UniSiam unsup. 76.4+0.6  86.5+0.4
GeNIe (Ours) UniSiam unsup. 75.54+0.6 85.4+0.4 DAFusion UniSiam unsup. 65.7£1.8  83.941.2
GeNIe-Ada (Ours) UniSiam unsup. 76.840.6 85.9+0.4 Gelile (Ours) UDiSiany unsup. S OO RE T2 O
GeNIe-Ada (Ours) UniSiam unsup. 78.6+0.6 87.9+0.4

features from training images. Subsequently, an SVM classifier is trained on these features, and we report
the Top-1 accuracy of the model on the test set.

Results: Table 2 summarizes the results. Addi- Table2: Few-shot Learning on Fine-grained dataset:
. . . . We utilize an SVM classifier trained atop the DINOV2 ViT-
tional details about this experiment can be found

. . G pretrained backbone, reporting Top-1 accuracy for the
in Section A.9. GeNIe outperforms all other base- test set of each dataset. The baseline is an SVM trained on

lines, including Txt2Img, by margins upto 0.5% on the same backbone using weak augmentation.

CUBQOO, 66% on CaI‘S196, 01% on Food101 and Method Birds Cars Foods Aircraft
5.3% on FGVC-Aircraft. GeNIe exhibits great ef- CUB200 Cars196 Food101 Aireraft
: : : Baseline 90.3 49.8 82.9 29.2
fectlYeness in more c}}allengu.lg; datasets, outp'er Ing2Tng 007 S04 74 30
forming the baseline with traditional augmentation  1ngorng 91.3 56.4 91.7 34.7
by about 38% for the Cars dataset and by roughly EXEI"‘E p 238 giz 3?9 ;1)(1)-;
. eNIe (r=0.5 92. .6 91.5 9.

17% for the Aircraft dataset. It can be observed  aoye (r=0.6) 02.9 871 02.5 45.0
here that GeNIe-Ada performs on-par with GeNIe GeNIe (r=0.7) 92.5 87.9 92.9 47.0
ith a fixed noise level, eliminating the necessit Gellle (r=0.8) 925 877 9.1 165
With a lixed hol vel, eamnnating v WY GenTe (1=0.9) 92.4 87.1 93.1 45.7
for noise level search in GeNIe. GeNIe-Ada 92.6 87.9 93.1 46.9

4.3 Long-Tailed Classification

We evaluate our method on long-tailed data, where the number of instances per class is unbalanced, with
most categories having limited samples (tail). Our goal is to mitigate this bias by augmenting the tail of the
distribution with generated samples. We evaluate GeNIe using two backbones: ViT with LViT ( ,
) and ResNet50 with VL-LTR ( , ). Following LViT, we first train an MAE ( ,
) and ViT on the unbalanced dataset without any augmentation. Next, we train the Balanced Fine-
Tuning stage of LViT by incorporating the augmentation data generated using GeNIe or other baselines. For
ResNet50, we use VL-LTR code to fine-tune the CLIP ResNet50 with generated augmentations by GeNTe.

Dataset: We perform experiments on ImageNet-LT ( , ). It contains 115.8K images from 1, 000
categories. The number of images per class varies from 1280 to 5. Imagenet-LT classes can be divided into
3 groups: “Few” with less than 20 images, “Med” with 20 — 100 images, and “Many” with more than 100
images. Imagenet-LT uses the same validation set as ImageNet. We augment “Few” categories only and
limit the number of generated images to 50 samples per class. For GeNIe, instead of randomly sampling
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Table 3: tiered-ImageNet: Accuracies (% + std) for 5- Table 4: Long-Tailed ImageNet-LT: We com-
way, 1-shot and 5-way, 5-shot classification settings on the pare different augmentation methods on ImageNet-
test-set. We compare against various SOTA supervised LT and report Top-1 accuracy for “Few”, “Medium”,
and unsupervised few-shot classification baselines as well —and “Many” sets. On the “Few” set and LiVT

as other augmentation methods, with UniSiam ( ,  method, our augmentations improve the accuracy by
) pre-trained ResNet-18,50 backbones. 11.7 points compared to LiVT original augmentation
RoiNei1s and 4.4 points compared to Txt2Img. GeNIe-Ada out-
e — Motod —— et et performs Cap2Aug baseline in “Few” categories by
““gl:"e“ arion S e(LOR re-tralning _-sho i 7.6%. Refer to Table A1l for a full comparison with
Jeal imC: unsup. 63.4+04  79.2+0.3 s . s
Weak SimSiam unsup. 64.1+£0.4  81.4+0.3 prior LOl’lg Tailed methods.
Weak UniSiam unsup. 63.1£0.7  81.0£0.5 ResNet-50
Strong UniSiam unsup. 62.8+0.7  80.9+0.5 ;
CutMix UniSiam unsup. 62.140.7  78.940.6 Method Many Med. Few | Overall Acc
11\“}‘;;’ ! gnig?ﬂm unsup. gé};g; ;?gigb ResLT 633 533 403 55.1
mg2Img” niSiam unsup. 3.9:£0. 8+0.5 § N
Ing2Img! UniSiam unsup. 68.7+0.7  83.5+0.5 E{;VCSO ggg ZZZ} g}g E(l)(:
Txt2Ing UniSiam unsup. 72.9+0.6  84.2+0.5 . 2 v o0
DAFusion UniSiam unsup. 62.642.1 81015 Zero-shot CLIP 60.8  59.3 586 59.8
GeNIe(Ours) UniSiam unsup. 73.6+0.6 85.0+0.4 DRO-LT 64.0 49.8  33.1 53.5
GeNIe-Ada(Ours)  UniSiam unsup. 75.1+0.6 85.5+0.5 VL-LTR 77.8 67.0  50.8 70.1
ResNet-50 Cap2Aug 785 67.7 519 70.9
Weak PDA+Net unsup. 60.040.9  84.2+0.7 ColTomhdal 102166595 ULl
Weak Meta-DM unsup. 69.6+0.4  86.5+0.3 ViT-B
Weak UniSiam + dist unsup. 69.6+0.4 86.5+0.3 Method Many Med. Few ‘ Overall Acc
Weak UniSiam unsup. 66.8+0.7  84.7+0.5 - o -
Strong UniSiam unsup. 66.5+0.7  84.5+0.5 ViT 50.5 23.5 6.9 3L.6
CutMix UniSiam unsup. 66.0£0.7  83.3+£0.5 MAE 4.7 48.2 194 54.5
MixUp UniSiam unsup. 66.1+0.5  84.1+0.8 DeiT 70.4 40.9 128 48.4
Ing2Img” UniSiam unsup. 67.84+0.7  85.3£0.5 LiVT 73.6 56.4 41.0 60.9
;mgﬁmg” UniSiam s T2AR0T SO0 LiVT + Img2Img’ 743 564 343 60.5
xt2Img niSiam unsup. 140.6 .340.4 . " - -
DAFusion UniSiam unsup. 66.54+2.2  84.8+1.4 Elxg + Img;Img ;28 ;63 jgg gég
GeNIe (Ours) UniSiam unsup. 78.0+0.6 88.0+0.4 1 + Txt2Ing -9 5. - .
GeNIe-Ada (Ours) UniSiam unsup. 78.84+0.6 88.6+0.6 LiVT + GeNIe-Ada 740  56.9 52.7 63.1

the source images from other classes, we use a confusion matrix on the training data to find the top-4 most
confused classes and only consider those classes for random sampling of the source image.

Results: Augmenting training data with GeNIe-Ada improves accuracy on the “Few” set by 11.7% and
4.4% compared with LVIiT only and LViT with Txt2Img augmentation baselines respectively. In ResNet50,
GeNIe-Ada outperforms Cap2Aug baseline in “Few” categories by 7.6%. The results are summarized in
Table 4. Please refer to Section A.11 for implementation details.

4.4 Ablation and Further Analysis

Semantic Shift from Source to Target Class. The core motivation behind GeNIe-Ada is that by varying
the noise ratio r from 0 to 1, augmented sample X, will progressively shift its semantic category from source
(S) in the beginning to target category (T') towards the end. However, somewhere between 0 and 1, X, will
undergo a rapid transition from S to T. To demonstrate this hypothesis empirically, in Figs. 5 and A7, we
visualize pairs of source images and target categories with their respective GeNIe generated augmentations
for different noise ratios r, along with their corresponding PCA-projected embedding scatter plots (on the
far left). We extract embeddings for all the images using a DINOv2 ViT-G pretrained backbone, which we
assume as an oracle model in identifying the right category. We observe that as r increases from 0.3 to 0.8,
the images transition to embody more of the target category’s semantics while preserving the contextual
features of the source image. This transition of semantics can also be observed in the embedding plots (on
the left) where they consistently shift from the proximity of the source image (blue star) to the target class’s
centroid (red cross) as the noise ratio r increases. The sparse distribution of points within r = [0.4,0.6] for
the first and second images and r = [0.2, 0.4] for the third image aligns with our intuition of a rapid transition
from category S to T, thus empirically affirming our motivation behind GeNIe-Ada. This semantic shift also
corroborates with the insight provided in ( , ) - that at denoising timesteps beyond the
transition, the class has completely changed/transitioned, but the generated sample may still be composed
of low-level elements of the initial image.

To further establish this, in Fig. 6, we demonstrate the efficacy of GeNIe in generating hard negatives at the
decision boundaries of an SVM classifier, which is trained on the labelled support set of the few-shot tasks of
mini-Imagenet, without any augmentations. We then plot source and target class probabilities (P(Ys|X,.)
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Figure 5: Embedding visualizations of generative augmentations: We pass all generative augmentations

through DINOv2 ViT-G (serving as an oracle) to extract their corresponding embeddings and visualize them with
PCA. As shown, the extent of semantic shifts varies based on both the source image and the target class.
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Figure 6: Why GeNIe augmentations are challenging? While deciding which class the generated augmentations
(Xr) belong to is already difficult within » = [0.6,0.7] (due to high overlap between P(Ys|X,) and P(Yr|X,)),
GeNIe-Ada selects the best noise threshold (r*) offering the hardest negative sample.

and P(Yr|X,), respectively) of the generated augmentation samples X,.. For both r = 0.6 and 0.7, there
is significant overlap between P(Ys|X,) and P(Yr|X,), making it difficult for the classifier to decide the
correct class. On the right-hand-side, GeNIe-Ada automatically selects the best r resulting in the most
overlap between the two distributions, thus offering the hardest negative sample among the considered r
values (for more details see A.1). Note that a large overlap between distributions is not sufficient to call the
generated samples hard negatives because they should also belong to the target category. This is, however,
confirmed by the high Oracle accuracy in Table 5 (elaborated in detail in the following paragraph) which
verifies that majority of the generated augmentation samples do belong to the target category.

Label consistency of the generated samples. The choice of noise ratio r is important in producing
hard negative examples. In Table 5, we present the accuracy of the GeNIe model across various noise ratios,
alongside the oracle accuracy, which is an ImageNet pre-trained DeiT-Base (Touvron et al.; 2021b) classifier.
We observe a decline in the label consistency of generated data (quantified by the performance of the oracle
model) when decreasing the noise level. Reducing r also results in a degradation in the performance of the
final few-shot model (87.2% — 77.6%) corroborating that an appropriate choice of r plays a crucial role. We
investigate this further in the following paragraph.

Effect of Noise in GeNIe. We examine the impact of noise on the performance of the few-shot model
in Table 5. Noise levels r € [0.7,0.8] yield the best performance. Conversely, utilizing noise levels below
0.7 diminishes performance due to label inconsistency, as is demonstrated in Table 5 and Fig 5. As such,
determining the appropriate noise level is pivotal for the performance of GeNIe to be able to generate
challenging hard negatives while maintaining label consistency. An alternative approach to finding the
optimal noise level involves using GeNIe-Ada to adaptively select the noise level for each source image and

11
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Table 5: Effect of Noise and Diffusion Models in GeNIe: We use the same setting as in Table 1 to study the
effect of the amount of noise. As expected (also shown in Fig 5), small noise results in worse accuracy since some
generated images may be from the source category rather than the target one. For r = 0.5 only 73% of the generated
data is from the target category. This behaviour is also shown in Fig. 2. Notably, reducing the noise level below 0.7
is associated with a decline in oracle accuracy and subsequent degradation in the performance of the final few-shot
model. Note that the high oracle accuracy of GeNIe-Ada demonstrates its capability to adaptively select the noise
level per source and target, ensuring semantic consistency with the intended target. To further demonstrate GeNIe’s
ability to generalize across different diffusion models, we replace the diffusion model with SD3 and SDXL-Turbo.
The resulting accuracies follow a similar trend to those in Table 1, confirming GeNIe’s advantage over Txt2Img across
various diffusion models.

Method Generative Noise ResNet-18 ResNet-34 ResNet-50 Oracle
Model r= 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot Acc
Txt2Img SD 1.5 - 74.1+£0.6  84.6+0.5 75.4£0.6 85.5+£0.5 76.4+0.6  86.5+0.4 -
GeNIe SD 1.5 0.5 60.44+0.8 74.1+£0.6 62.0£0.8 75.8+£0.6 63.7£0.9 77.6+0.6 73.440.5
GeNIe SD 1.5 0.6 69.7+0.7  80.74+0.5 71.1£0.7  82.2£0.5 72.14£0.7  82.840.5 85.84+0.4
GeNIe SD 1.5 0.7 74.5+0.6  83.3+0.5 76.4£0.6 84.4+0.5 77.14£0.6  85.0+0.4 94.54+0.2
GeNIe SD 1.5 0.8 75.5+0.6  85.44+0.4 77.1+0.6 86.3+0.4 77.3+£0.6  87.2+0.4 98.240.1
GeNIe SD 1.5 0.9 75.0£0.6  85.3+0.4 77.6+£0.6 86.2+0.4 77.7£0.6  87.0+0.4 99.34+0.1
GeNIe-Ada SD 1.5 Adaptive 76.8+0.6  85.9+0.4 78.5+0.6 86.6+0.4 78.6+0.6  87.9+0.4 98.940.2
Txt2Ing SDXL-Turbo - 72.5+0.3  82.1+0.6 76.2£0.2 84.4+0.3 76.7£0.6  85.9£0.5 -
GeNIe SDXL-Turbo 0.5 61.2+0.5 73.51+0.2 61.5£0.2 74.9£0.3 63.1£0.2 76.5£0.6 -
GeNIe SDXL-Turbo 0.6 70.2+0.2 79.3+0.4 71.2+0.7  81.4+0.6 73.2+0.2 82.440.5 -
GeNIe SDXL-Turbo 0.7 73.1£0.3  83.5+0.5 76.1£0.6 85.3+0.4 77.240.6  84.2+0.4 -
GeNIe SDXL-Turbo 0.8 74.240.3  85.1+0.3 76.9£0.4  85.5+£0.5 78.740.6  87.7£0.4 -
GeNIe SDXL-Turbo 0.9 73.940.4  84.9+0.7 76.6+£0.7  84.2+0.6 78.14£0.5 87.0+£0.4 -
GeNIe-Ada  SDXL-Turbo  Adaptive 75.1+0.3  87.1+0.8 78.9£0.5 85.2+0.5 79.0£0.6  88.6+0.2 -
Txt2Img SD 3 - 73.6+£1.7  82.9+1.2 76.7£1.5 85.5+1.3 77.241.9  85.0+1.2 -
GeNIe SD 3 0.5 62.0+1.2 72.9+1.1 62.5+0.9 73.9£1.0 64.1£0.5 76.1£1.9 -
GeNIe SD 3 0.6 70.8+£1.5 79.1+1.9 71.841.2 82.1+1.3 74.1+1.5 83.4+1.8 -
GeNIe SD 3 0.7 74.6+0.8  84.5+1.2 76.5+1.9 86.2+1.6 78.5+1.9  84.0+1.1 -
GeNIe SD 3 0.8 75.9+1.2  86.3£1.7 77.8£1.9 85.5£1.9 79.2+1.7  88.3£1.9 -
GeNIe SD 3 0.9 75.1+0.5  85.2+1.2 78.1+1.3 86.2£1.2 77.1£1.9  88.9£0.8 -
GeNIe-Ada SD 3 Adaptive 76.8+1.3  87.5+1.5 78.9£1.3 87.7£1.5 79.1£1.4  89.5+1.0 -

target class. As demonstrated in Tables 5 and 2, GeNIe-Ada matches or outperforms GeNIe with fixed noise
levels.

Effect of Diffusion Models in GeNIe. We have tried experimenting with both smaller as well as more
recent diffusion models. More specifically, we have used Stable Diffusion XL-Turbo to generate hard-negatives
through GeNIe and GeNIe-Ada. Few-shot classification results on minilmagenet with these augmentations
are shown in Table 5. The accuracies follow a similar trend to that of Table 1, where Stable Diffusion 1.5
was used to generate augmentations. GeNIe-Ada improves UniSiam’s few-shot performance the most as
compared to GeNIe with different noise ratios r, and even when compared to Txt2Img. This empirically
indicates the robustness of GeNIe and GeNIe-Ada to different diffusion engines. Note that, Stable Diffusion
XL-Turbo by default uses 4 steps for the sake of optimization, and to ensure we can have the right granularity
for the choice of r we have set the number of steps to 10. That is already 5 times faster than the standard
Stable Diffusion v1.5 with 50 steps. Our experiments with Stable Diffusion v3 (which is a totally different
model with a Transformers backbone) also in Table 5 also convey the same message. As such, we believe
our approach is generalizable across different diffusion models.

GeNIe’s applicability vs. VLMs and Large Scale Pre-Trained Backbones. GeNle enables down-
stream task performance improvements by fine-tuning the pre-trained backbone using our challenging hard-
negative samples. This GeNle fine-tuned backbone could then be used for various different test samples at
inference time. This allows the user to benefit from performance improvements, while using a computation-
ally cheap pre-trained backbone (such as ResNet-18,34,50), as opposed to a compute and memory intensive
pre-trained VLMSs. Using VLMs is even more challenging in compute-constrained edge-device applications,
where only a few gigabytes of memory is available for model inference upon deployment. That being said,
we include comparisons against a LAION ( , ) vision-language pre-trained CLIP (

, ) ResNet50 in Appendix A.5, Table A3 to evaluate if GeNIe can still render performance
improvements using hard negative samples. We observe that while this new CLIP backbone’s performance
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appears saturated on this task ( 93% 1-shot accuracy), GeNIe-Ada still achieves 1.3%, 0.5% improvements
in the 1-shot, 5-shot settings, respectively, thus corroborating the efficacy of our hard-negative samples in
data-deficient settings.

5 Concluding Remarks

GeNIe, for the first time to our knowledge, combines contradictory sources of information (a source image,
and a different target category prompt) through a noise adjustment strategy into a conditional latent diffusion
model to generate challenging augmentations, which can serve as hard negatives.

Limitation. The required time to create augmentations through GeNIe is on par with any typical diffusion-
based competitors ( , ; , ); however, this is naturally slower than traditional
augmentation techniques ( , ; , ). This is not a bottleneck in offline augmen-
tation strategies, but can be considered a limiting factor in real-time scenarios. Recent studies are already
mitigating this through advancements in diffusion model efficiency ( , ; ;

, ). Another challenge present in any generative Al-based augmentation technlque is the do-
main shift between the distribution of training data and the downstream context they might be used for
augmentation. A possible remedy is to fine-tune the diffusion backbone on a rather small dataset from the
downstream task.

Broader Impact. GeNIe can have a significant impact when it comes to generating challenging augmenta-
tions and thus enhancing downstream tasks beyond classification. Like any other generative model, GeNIe
can also introduce inherent biases stemming from the training data used to build its diffusion backbone,
which can reflect and amplify societal prejudices or inaccuracies. Therefore, it is crucial to carefully mitigate
potential biases in generative models such as GeNIe to ensure a fair and ethical deployment of deep learning
systems.
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A Appendix

A.1 Analyzing GeNIe, GeNIe-Ada's Class-Probabilities

The core aim of GeNIe and GeNIe-Ada is to address the failure modes of a classifier by generating chal-
lenging samples located near the decision boundary of each class pair, which facilitates the learning pro-
cess in effectively enhancing the decision boundary between classes. As summarized in Table 5 and il-
lustrated in Fig. 5, we have empirically corroborated that GeNIe and GeNIe-Ada can respectively pro-
duce samples X, X, that are negative with respect to the source image Xg, while semantically be-
longing to the class 1. To further analyze the effectiveness of GeNIe and GeNIe-Ada, we compare the
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Figure Al: P(Ys|X,) and P(Yr|X,) for r € {0.5,0.6,0.7,0.8,0.9}. On average, the classifier confidently predicts the
source class more than the target class for X, for r = 0.5, and vice-versa for r = 0.8,0.9. However, for r = 0.6, 0.7, the
classifier struggles to classify X, indicating that the augmented samples are located closer to the decision boundary.

source class-probabilities P(Ys|X,) and target-class probabilities P(Yg|X,) of augmented samples X,.

To compute these class probabilities, we first fit an SVM
classifier (as followed in UniSiam ( , )) only on
the labelled support set embeddings of each episode in the
minilmagenet test dataset. Then, we perform inference us-
ing each episode’s SVM classifier on its respective X,’s and
extract its class probabilities of belonging to its source class S
and target class T'. These per augmentation-sample source and
target class probabilities are then averaged for each episode for
each r € {0.5,0.6,0.7,0.8,0.9} in the case of GeNIe and for the
optimal r = r* per sample in the case of GeNIe-Ada, plotted
as density plots in Fig. A1, Fig. A2, respectively. Fig. Al illus-
trates that P(Ys|X,.) and P(Yr|X,) have significant overlap in
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Furthermore, Fig. A2 illustrates that when using the opti-

mal r = r* found by GeNIe-Ada per sample, P(Ys|X,) and 00 00 02 04 06 08
P(Yr|X,) significantly overlap around probability scores of Probability

0.2 — 0.45, indicating class confusion for GeNIe-Ada augmenta-
tions. This corroborates with our analysis in Section 4.4, Ta-
ble 5 and additionally empirically proves that the augmented
samples generated by GeNIe for r € {0.6,0.7} and GeNIe-Ada
for r = r* are actually located near the decision boundary of
each class pair.

Figure A2: Significant overlap between
P(Ys|X,+) and P(Y7|X,+) indicates high class-
confusion for augmented samples generated by
GeNIe-Ada.

A.2 Independence of Generated Augmentations from Downstream Test Sets

Here we analyzed whether the augmented samples generated by GeNIe using the diffusion model overlap with
the test set of the downstream task. To set the stage, we extracted the latent embeddings corresponding to
the train set (i.e., support), test set (i.e., query), and augmentations generated by GeNIe. Fig A3 illustrates
the distribution of distances between train-test and augmentation-test pairs across 600 episodes. Notably,
the mean distance of augmentation-test pairs is higher than that of train-test pairs, indicating that the
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Figure A3: Comparison of embedding distributions and UMAP visualization for train, test, and GeNle-augmented
samples.

128 130 132 134 136 138

augmented samples are distinct from the test set. This observation aligns with the fundamental assumption
of train and test sets being mutually exclusive. Additionally, Fig A3 provides further evidence through a
UMAP embedding plot of a randomly selected episode, where the embeddings of train, test, and augmented
samples are visualized. The plot reveals clear separations between the test set and augmented samples,
further confirming that the augmented samples do not overlap with or resemble the test set in embedding
space. These findings validate that the diffusion-generated augmentations are independent of the downstream
task’s test set, ensuring the integrity of the evaluation process.

A.3 Computational Complexity of GeNIe and GeNIe-Ada

Here we provide details on the computational com-
plexity of GeNIe across multiple noising ratios r Table Al: Computational Complexity

and GeNIe-Ada when operating on a search space Augmentation | Inf. Steps | Runtime [sec/img]
of r € [0.6,0.8]. Computational complexity has TxtoTng T 113

been reported in terms of the total number of

inference/denoising-diffusion steps and the runtime GeNIe(r=0.5) 0.5 T 2.17

in seconds per generated image. The runtime has GeNTe(r=0.6) 0.6 xT 2.59

been averaged over 10 different image-generations GeNIe(r=0.7) 0.7xT 2.98

on an NVIDIA Tesla-V100 GPU with 16GB VRAM ~_GeNIe(r=0.8) 0.8x T 3.46

with 50 steps of denoising using a DPM sched- ~_GeNIe-Ada 21xT 9.22

uler with StableDiffusion v1.5. As can be seen in

Tab. A1, GeNIe is approximately 1/r times faster than the base diffusion model (referred to as the Txt2Img
augmentation baseline). This empirically corroborates with the total number of denoising steps using in
GeNIe vs. Txt2Img. Since, GeNIe-Ada scans for the best hard-negative in r € [0.6,0.8], it incurs a computa-
tional cost of ~ 2.2x the Txt2Img. Note that the runtime for GeNIe-Ada reported in Tab. Al also includes
the runtime of performing a batched forward pass through a ResNet-50 feature extraction backbone.

A.4 Additional Augmentation Comparisons

We compute few-shot classification scores on mini-ImageNet with additional combinations of traditional
augmentations. We introduce a Mixed augmentation scheme where we use a combination of Weak and Strong
augmentations together. We also experiment the scenario where CutMix and MixUp are used alongside the
Mixed augmentation strategy as indicated by Mixed+CutMix and Mixed+MixUp. Finally, we experiment
with a combination of GeNIe along with MixUp, similar to ( , ). As can be seen in Tab. A2,
we notice marginal improvements of upto 0.6% by using the Mixed augmentations either with or without
the CutMix, MixUp counterparts. We also notice a drop in performance of upto 0.9% when MixUp is used
along with GeNIe. This follows the general trend of drop in performance when using CutMix or MixUp, as
reported in Tab. 1.

A.5 Comparison against large-scale pre-trained CLIP backbone

We evaluate GeNle and GeNle-Ada with few-shot pre-trained ResNet-18,34,50 backbones to demonstrate
that our hard-negative augmentations can boost downstream-task performance of any data-deficient pre-
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Table A2: mini-ImageNet: We use our augmentations on (5-way, 1-shot) and (5-way, 5-shot) few-shot settings of
mini-Imagenet dataset with 2 different backbones (ResNet-18 and 50). We compare with additional combinations of
traditional augmentations, with and without GeNIe. The number of generated images per class is 4 for 1-shot and 20
for 5-shot settings.

ResNet-18 ResNet-50

Augmentation Method Pre-training 1-shot 5-shot Augmentation Method Pre-training 1-shot 5-shot

Weak UniSiam unsup. 63.1+£0.8 81.4+0.5 Weak UniSiam unsup. 64.6+0.8 83.4+0.5
Strong UniSiam unsup. 62.840.8  81.2+0.6 Strong UniSiam unsup. 64.8420.8  83.2£0.5
Mixed UniSiam unsup. 63.240.5  81.9+0.4 Mixed UniSiam unsup. 64.54+0.5  83.8+0.5
CutMix UniSiam unsup. 62.7+0.8  80.6+0.6 CutMix UniSiam unsup. 64.3+£0.8  83.2+0.5
MixUp UniSiam unsup. 62.1£0.8  80.7£0.6 MixUp UniSiam unsup. 63.8420.8  84.6+0.5
Mixed+MixUp UniSiam unsup. 65.740.9 82.1+0.2 Mixed+MixUp UniSiam unsup. 64.940.7  84.5+0.7
Mixed+CutMix UniSiam unsup. 64.9£0.8  81.6£0.5 Mixed+CutMix UniSiam unsup. 63.5£0.5  83.0£0.8
DAFusion UniSiam unsup. 64.3+1.8  82.0+1.4 DAFusion UniSiam unsup. 65.7+1.8  83.9+1.2
GeNIe+MixUp UniSiam unsup. 74.8£0.5  84.5%0.3 GeNIe+MixUp UniSiam unsup. 76.4£0.5  85.9£0.7
GeNIe (Ours) UniSiam unsup. 75.5+£0.6 85.4+0.4 GeNIe (Ours) UniSiam unsup. 77.3+£0.6 87.24+0.4
GeNIe-Ada (Ours) UniSiam unsup. 76.84+0.6 85.9+0.4 GeNIe-Ada (Ours) UniSiam unsup. 78.6+0.6 87.9+0.4

trained backbones. In this subsection, we conduct an experiment where we use a CLIP ( )

pre-trained ResNet50 backbone rather than a UniSiam pre-trained ResNet50. We then evaluate if GeNIe
GeNIe-Ada can improve CLIP’s few-shot accuracies to clarify whether the benefits of our approach come
primarily from the generated negative samples or from the additional label information obtained by training
on LAION. As can be seen in Table A3, we observe that while the CLIP backbone’s performance appears
saturated on this task ( 93% 1-shot accuracy), GeNle-Ada still achieves 1.3%, 0.5% improvements in the
1-shot, 5-shot settings, respectively.

Table A3: Performance comparison against CLIP pre-trained ResNet-50.

Augmentation Method Pre-training 1-shot 5-shot

Mixed CLIP ResNet-50 unsup. 93.1+0.3 95.6+0.2
GeNle CLIP ResNet-50 unsup. 93.9+0.3 95.8+0.3
GeNle-Ada CLIP ResNet-50 unsup. 94.440.2 96.1+0.2

A.6 Effect of Linear Classification Head vs. SVM

Following ( , ), we use an SVM classification head for few-shot and fine-grained datasets.
However, our augmentation method is not restricted to this choice of classification head. In Tables A4, A5,
we use a single layer linear classification (LL) head on top of the embedding extraction backbone, following
( , ). We notice that GeNIe and GeNIe-Ada offer similar on-par performances with SVM
and linear-layer (LL) classification heads for 1-shot and 5-shot minilmagenet classification tasks as well as
on the fine-grained few-shot classification datasets. This corroborates GeNIe’s robustness to both - SVM and
linear-layer fine-tuning based classification methods.

Table A4: We use our augmentations on (5-way, 1-shot) and (5-way, 5-shot) few-shot settings of mini-Imagenet
dataset with 2 different backbones (ResNet-18 and 50) with a linear-layer (LL) and SVM classification head. The
number of generated images per class is 4 for 1-shot and 20 for 5-shot settings.

ResNet-18 ResNet-50
Augmentation Method Pre-training 1-shot 5-shot Augmentation Method Pre-training 1-shot 5-shot
GeNIe + LL UniSiam (2024) unsup. 75.9+0.3 85.1+0.7 GeNIe + LL UniSiam (2024) unsup. 77.8+0.8 87.54+0.5
GeNIe-Ada + LL UniSiam (2024) unsup. 76.9+0.5 85.7+0.6 GeNIe-Ada + LL UniSiam (2024) unsup. 78.1+0.5 87.84+0.2
GeNIe + SVM UniSiam (2024) unsup. 75.5+0.6 85.41+0.4 GeNIe + SVM UniSiam (2024) unsup. 77.3+0.6 87.240.4
GeNIe-Ada + SVM (Ours) UniSiam (2024) unsup. 76.840.6 85.94+0.4 GeNIe-Ada + SVM  UniSiam (2024) unsup. 78.6+0.6 87.94+0.4

A.7 Effect of Backbone for Noise Ratio Selector in GeNIe-Ada

To analyze the effect of the backbone feature extractor fy on selecting the optimal hard-negative using
GeNIe-Ada, we use a pre-trained DeiT-B ( , ) instead of the UniSiam pretrained ResNet
backbone. However, we still utilize the same ResNet backbone for few-shot classification. As shown in
Tab. A6, we notice a marginal improvement of upto 0.7% when using GeNIe-Ada+DeiT-B as compared to
GeNIe-Ada which uses the UniSiam pre-trained ResNet backbone. This suggests that there is still potential
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Table A5: Few-shot accuracies with linear-layer (LL) and SVM classification heads on fine-grained datasets.

Method Birds (CUB200) Cars (Cars196) Foods (Food101) Aircraft
Baseline 90.3 49.8 82.9 29.2
ImgQImgL 90.7 50.4 87.4 31.0
Img2Img’” 91.3 56.4 91.7 34.7
Txt2Img 92.0 81.3 93.0 41.7
GeNlIe (r=0.5)-SVM 92.0 84.6 91.5 39.8
GeNlIe (r=0.6)-SVM 92.2 87.1 92.5 45.0
GeNlIe (r=0.7)-SVM 92.5 87.9 92.9 47.0
GeNle (r=0.8)-SVM 92.5 87.7 93.1 6.5
GeNIe (r=0.9)-SVM 92.4 87.1 93.1 45.7
GeNlIe-Ada-SVM 92.6 87.9 93.1 46.9
GeNIe (r=0.5)-LL 92.4 84.1 91.4 40.1
GeNle (r=0.6)-LL 91.8 87.5 92.1 44.7
GeNlIe (r=0.7)-LL 92.9 88.2 92.4 47.2
GeNIe (r=0.8)-LL 92.3 87.9 92.7 46.4
GeNIe (r=0.9)-LL 92.8 87.6 93.5 46.2
GeNIe-Ada-LL 92.1 87.4 93.7 46.3

to develop more effective strategies for selecting noise ratios to further enhance GeNIe. However, in this
paper, we limit our exploration to GeNIe-Ada and leave these improvements for future work.

Table A6: Effect of Backbone for Noise Ratio Selector in GeNIe-Ada: We evaluate the impact of the noise ratio
selector used in GeNIe-Ada (fo(.)). Note that in all experiments presented in this paper, we use the same backbone
for fo(.) that is subsequently fine-tuned for few-shot classification tasks. However, to analyze the effect of fy(.) on
sampled augmentations, we replace it with a more powerful backbone, specifically DeiT-B pretrained on ImageNet-
1K. It is important to note that this is not a practical assumption; if DeiT-B were available for noise selection, it could
also be used as the classifier in few-shot experiments, outperforming the weaker backbones employed in our study.
Nevertheless, this experiment demonstrates that using a stronger backbone can result in more accurate selection
of augmentations in GeNIe, thereby enhancing the final accuracy. To clarify, DeiT-B is utilized solely as fq(.) for
sampling augmentations and not as the classifier. Therefore, the observed improvement is attributed exclusively to
better augmentation sampling.

ResNet-18 ResNet-50
Augmentation Noise Ratio Selector Method 1-shot 5-shot Augmentation Noise Selector Method 1-shot 5-shot
Backbone fy(.) [Classifier Backbone] Backbone fy(.) [Classifier Backbone]
GeNIe (Ours) - UniSiam[ResNet18] 75.5+0.6 85.4+0.4 GeNIe - UniSiam[ResNet50] 77.3+£0.6 87.2+0.4
GeNIe-Ada UniSiam[ResNet18] UniSiam[ResNet18] 76.8+0.6 85.9+0.4 GeNIe-Ada UniSiam[ResNet50] UniSiam|[ResNet50] 78.6+0.6 87.9+0.4
GeNIe-Ada IN-1K[DeiT-B] UniSiam[ResNet18] 77.5+0.5 86.3+£0.2 GeNIe-Ada IN-1K[DeiT-B] UniSiam[ResNet50] 79.2+0.4 88.3+0.5

A.8 Impact of GeNle with Fine-Tuning:

For all our experiments regarding GeNIe and GeNIe-Ada, we assume that the base diffusion model is
aware/has been trained on some samples of the target class. This facilitates the addition of the target
class (input as text-prompt) into the generated augmentation, while retaining the low-level features of the
source image through partial noising. However, there can be a scenario where the base diffusion model does
not understand the contradictory text prompt and thus fails to incorporate it into the generated image. As
a solution, we can use textual inversion ( , ) to fine-tune the diffusion model on few images
belonging the unknown target class to learn the corresponding embeddings for the target categories. This
fine-tuning allows us to learn embeddings specific to the target class, enabling the generation of the desired
hard-negative examples. To empirically demonstrate the robustness of GeNIe on these scenarios, we present
few-shot classification results on mini-Imagenet using GeNIe hard-negative augmentations in Tab. A7, gen-
erated by textual-inversion fine-tuning the diffusion model on images of the target class. Note that once the
diffusion model is fine-tuned, the procedure to generate hard-negatives using partial noising and a contradic-
tory text-prompt remains the same. As can be seen in Tab. A7, GeNIe+TxtInv performs significantly better
than DAFusion baseline. It is important to note that, in this case, we do not utilize any information about
the target category labels. DAFusion also employs textual-inversion-based fine-tuning; however, it does so
without generating hard-negative samples. This indicates that GeNle is effective even in scenario where the
diffusion model is unaware of the target-class.
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Table A7: mini-ImageNet: We use our augmentations on (5-way, 1-shot) and (5-way, 5-shot) few-shot settings of
mini-Imagenet dataset with 2 different backbones (ResNet-18 and 50), by using Textual-Inversion ( ,
on the target-classes. The number of generated images per class is 4 for 1-shot and 20 for 5-shot settings.

ResNet-18 ResNet-50
Augmentation Method Pre-training 1-shot 5-shot Augmentation Method Pre-training 1-shot 5-shot
DAFusion UniSiam unsup. 64.3£1.8  82.0+1.4 DAFusion UniSiam unsup. 65.7£1.8  83.9+£1.2
GeNIe+TxtInv UniSiam unsup. 73.9+0.8 84.6+0.9 GeNIe+TxtInv UniSiam unsup. 76.2+1.2 86.2+0.9

A.9 Details of Fine-grained Few-shot Classification

Here we provide details of Fine-grained Few-shot Classification experiments.

Datasets: We assess our method on several datasets: Food101 ( , ) with 101 classes of
foods, CUB200 ( , ) with 200 bird species classes, Cars196 ( , ) with 196 car
model classes, and FGVC-Aircraft ( , ) with 41 aircraft manufacturer classes. We provide

detailed information around fine-grained datasets in Table A8. The reported metric is the average Top-1
accuracy over 100 episodes. Each episode involves sampling 20 classes and 1-shot from the training set, with
the final model evaluated on the respective test set.

Implementation Details: We enhance the basic prompt by incorporating the superclass name for the fine-
grained dataset: “A photo of a <target class>, a type of <superclass>". For instance, in the food dataset
and the burger class, our prompt reads: “A photo of a burger, a type of food." No additional augmentation
is used for generative methods in this context. We generate 19 samples for both cases of our method and
also the baseline with weak augmentation.

Table A8: Train and test split details of the fine-grained datasets. We use the provided train set for few-shot task
generation, and the provided test sets for our evaluation. Aircraft dataset uses the manufacturer hierarchy.

Dataset Classes Train Test
samples samples
CUB200 ( , ) 200 5994 5794
Food101 ( s ) 101 75750 25250
Cars ( s ) 196 8144 8041
Aircraft ( , ) 41 6,667 3333

A.10 Few-shot Classification with ResNet-34 on tieredlmagenet

Table A9: tiered-ImageNet: Accuracies (% =+ std) for 5-way, 1-shot and 5-way, 5-shot classification settings on
the test-set. We compare against various SOTA supervised and unsupervised few-shot classification baselines as well

as other augmentation methods, with UniSiam ( , ) pre-trained ResNet-34 backbone.
ResNet-34

Augmentation Method Pre-training 1-shot 5-shot

Weak MAML + dist ( , ) sup. 51.741.8  70.3+1.7
Weak ProtoNet ( , ) sup. 52.0+1.2  72.1+1.5
Weak UniSiam + dist ( , ) unsup. 68.7£0.4  85.7+0.3
Weak UniSiam ( , ) unsup. 65.0+£0.7  82.5+0.5
Strong UniSiam ( , ) unsup. 64.840.7  82.4+0.5
CutMix ( , ) UniSiam ( , ) unsup. 63.8+£0.7  80.3+0.6
MixUp ( , ) UniSiam ( , ) unsup. 64.1£0.7  80.0+0.6
Img2Imgh( , ) UniSiam ( , ) unsup. 66.1+£0.7  83.1+0.5
Img2Imgt( , ) UniSiam ( , ) unsup. 70.4£0.7  84.7+0.5
Txt2Img( , ) UniSiam ( , ) unsup. 75.0+£0.6  85.4+0.4
DAFusion ( , ) UniSiam ( , ) unsup. 64.1+£2.1  82.8+1.4
GeNIe (Ours) UniSiam ( , ) unsup. 75.7+0.6 86.0+0.4
GeNIe-Ada (Ours) UniSiam ( , ) unsup. 76.9+0.6 86.3+0.2

We follow the same evaluation protocol here as mentioned in section 4.1. As summarized in Table A9, GeNIe
and GeNIe-Ada outperform all other data augmentation techniques.
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Table A10: Few-shot classification comparison of GeNle-Ada with Txt2Img on minilmagenet.

Method ResNet-18 ResNet-34 ResNet-50
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

Txt2Img 76.94+1.0 86.5+0.9 77.1+£0.8 86.7+1.0 77.2+1.3 86.8+0.9

GeNIe-Ada 77.7+0.8 87.4+1.0 78.3+0.9 87.8+0.9 79.1+1.1 88.4+1.2

Noise Ratior=0.3 Noise Ratior=0.5 Noise Ratior=0.7 Noise Ratior=1.0
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Figure A4: Key components of GeNIe: (i) careful choice of r and (ii) contradictory prompt are two key idea
behind GeNIe
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Figure A5: Analyzing the semantic trajectory of GeNIe augmentations across 10 different images of class Mushroom
(source image) to class Volcano (target class).

A.11 Additional details of Long-Tail experiments

We present a comprehensive version of Table 4 to benchmark the performance with different backbone
architectures (e.g., ResNet50) and to compare against previous long-tail baselines; this is detailed in Table
All.

Implementation Details of LViT: We download the pre-trained ViT-B of LViT (Xu et al., 2023) and
finetune it with Bal-BCE loss proposed therein on the augmented dataset. Training takes 2 hours on four
NVIDIA RTX 3090 GPUs. We use the same hyperparameters as in (Xu et al., 2023) for finetuning: 100
epochs, Ir = 0.008, batch size of 1024, CutMix and MixUp for the data augmentation.

Implementation Details of VL-LTR: We use the official code of VL-LTR (Tian et al., 2022) for our
experiments. We use a pre-trained CLIP ResNet-50 backbone. We followed the hyperparameters reported
in VL-LTR (Tian et al., 2022). We augment only “Few” category and train the backbone with the VL-LTR
(Tian et al., 2022) method. Training takes 4 hours on 8 NVIDIA RTX 3090 GPUs.
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A.12 Extra Computation of GeNIe-Ada

Given that GeNle-Ada searches for the best hard-negative between multiple noise-ratios 7’s, it naturally
requires a higher compute budget than txt2Img that only uses r = 1. For this experiment, we use GeNle-
Ada with r € {0.6,0.7,0.8} to compare with Txt2Img. Based on this, we only have 3 paths, with steps of 0.1),
and for each of which we go through partial reverse diffusion process. E.g. for » = 0.6 we do 30 steps instead
of standard 50 steps of Stable Diffusion. This practically breaks down the total run-time of GeNIe-Ada to
approximately 2 times that of the standard reverse diffusion (GeNIe-Ada: total r = 0.6 +0.74+ 0.8 = 2.1 vs
Txt2Img total r = 1). Thus, to be fair, we generate twice as many Txt2Img augmentations as compared to
GeNle-Ada to keep a constant compute budget across the methods, following your suggestion. The results are
shown in Table A10. As can be seen, even in this new setting, GeNle-Ada offers a performance improvement
of 0.8% to 1.9% across different backbones.

Table A11: Long-Tailed ImageNNet-LT: We compare different augmentation methods on ImageNet-LT and report
Top-1 accuracy for “Few”, “Medium”, and “Many” sets. { indicates results with ResNeXt50. *: indicates training
with 384 resolution so is not directly comparable with other methods with 224 resolution. On the “Few” set and
LiVT method, our augmentations improve the accuracy by 11.7 points compared to LiVT original augmentation and
4.4 points compared to Txt2Img.

ResNet-50
Method Many Med. Few ‘ Overall Acc
CE ( , 2019) 640 338 58 416
LDAM ( , 2019) 604 469 307 498
oRT ( , 2020) 618 462 273 496
7-Norm ( , ) 59.1 469 30.7 49.4
Causal ( , 2020) 627 488 316 51.8
Logit Adj. ( , ) 61.1 475 276 50.1
RIDE(4E)1 ( , 2021) 68.3 535 359 56.8
MiSLAS ( , 2021) 629 507 343 52.7
DisAlign ( , ) 61.3 52.2 314 52.9
ACE#t ( , 2021) 717 546 235 56.6
PaCot ( , ) 68.0 564 372 58.2
TADE? ( , ) 665 57.0 435 58.8
TSC ( ) ) 635 497 304 52.4
GCL ( 7 ) 63.0 527 371 54.5
TLC ( 7 ) 68.9 557 408 55.1
BCL{ ( , 2022) 676 546 366 57.2
NCL ( , ) 673 554 390 57.7
SAFA ( , 2022) 638 499 334 53.1
DOC ( , 2022) 65.1 528 342 55.0
DLSA ( , 2022) 678 545 388 57.5
ResLT ( , 2022) 633 533 403 55.1
PaCo ( , ) 682 587 41.0 60.0
LWS ( , 2019) 622 486 318 51.5
Zero-shot CLIP ( , ) 60.8 59.3 58.6 59.8
DRO-LT ( , 2021) 640 498 331 53.5
VL-LTR ( , 2022) 778 67.0 508 70.1
Cap2Aug ( , 2023) 785 67.7 51.9 70.9
GeNIe-Ada 79.2 64.6 59.5 71.5
ViT-B
LiVT* ( , ) 764 59.7 427 | 63.8
ViT ( , ) 50.5 235 6.9 31.6
MAE ( , ) 74.7 48.2 194 54.5
DeiT ( , ) 70.4 409 128 48.4
LiVT ( , ) 73.6 564 41.0 60.9
LiVT + Img2Img” 743 564 343 60.5
LiVT + Img2Img! 73.8 564 453 61.6
LiVT + Txt2Img 74.9 55.6 483 62.2
LiVT + GeNIe (r=0.8) 745  56.7  50.9 62.8
LiVT + GeNIe-Ada 74.0 56.9 52.7 63.1
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A.13 Further analysis of semantic shifts using GeNIe

In Fig. 5, we empirically demonstrate that by increasing the noise ratio from 0 to 1, the semantic category of
the source image transitions gradually from the source class to the text-prompt’s target class. To establish
this further, we now choose 10 samples of a source class of Mushroom and generate GeNIe augmentations
with the target class of a Volcano. The generated images corresponding to each r € [0, 1] are passed through
a DINOv2 encoder and their embeddings are projected onto their 2 principle eigen vectors using PCA. The
trajectories extracted from each of these 10 source images is depicted collectively and individually in Fig. A5.
It can be noticed that each of the trajectories demonstrate a gradual transition of semantic category from the
source to the target class, with a sparse distribution of points usually observed within [0.4,0.6]. This is also
observed in the plot on the bottom-right side of the figure where all trajectories are collectively plotted. Here,
however, there is no clear range of r where a sparse distribution of points can be observed, thus indicating
that each source image has its own optimal r value. This can be attributed to the inter-sample variances of
images belonging to the same class. Since GeNIe-Ada operates on each individual source image and target
class text-prompt, it facilitates the selection of the best hard-negative per sample.

A.14 How does GeNIe control which features are retained or changed?

We instruct the diffusion model to generate an image by combining the latent noise of the source image with
the textual prompt of the target category. This combination is controlled by the amount of added noise and
the number of reverse diffusion iterations. This approach aims to produce an image that aligns closely with
the semantics of the target category while preserving the background and features from the source image
that are unrelated to the target.

To demonstrate this, in Figure A4, We are progessivley moving towards the two key components of GeNle:
(i) careful choice of r and (ii) contradictory prompt. The input image is a bird in a cage. The top row shows
a Stable Diffusion model, unprompted. As can be seen, such a model can generate anything (irrespective of
the input image) with a large r. Now prompting the same model with “a photo of a bird” allows the model
to preserve low-level and contextual features of the input image (up to » = 0.7 and 0.8), until for a large
r > 0.9 it returns a bird but the context has nothing to do with the source input. This illustrates how a
careful choice of r can help preserve such low-level features, and is a key idea behind GeNle. However, we
also need a semantic switch to a different target class as shown in the last row where a hardly seen image of
a dog in a cage is generated by a combination of a careful choice of r and the contradictory prompt - leading
to the full mechanics of GeNle. This sample now serves as hard negative for the source image (bird class).

A.15 Analyzing Noise Effects in Bi-Directional Transformations with GeNIe

To further explore the effect of noise ratio r in GeNIe, we conducted an experiment where GeNIe was applied
twice to transform between a source image and a target category. For this experiment, images from the
“mushroom” category were used as the source, and “volcano” served as the target category. In the first step,
we applied GeNIe using a mushroom image as the source and a volcano prompt as the target. In the second
step, we reversed the process: the GeNIe-generated volcano image from the first step was used as the source,
with the target prompt set to mushroom. Importantly, using a smaller noise ratio,  during the generation
of the volcano image helps preserve more low-level visual features from the original mushroom source image.
Consequently, when the roles of source and target are flipped in the second step, the final image retains
a stronger resemblance to the original mushroom source image for lower noise ratios. This phenomenon is
visualized in Fig. A6. As shown, a lower noise ratio during the first step results in the preservation of more
visual features, leading to a final image that more closely resembles the original mushroom source.

A.16 More Visualizations

Additional qualitative results resembling the style presented in Fig. 4 are presented in Fig. A8, and more
visuals akin to Fig. 2 can be found in Fig. A9. Moreover, we also present more visualization similar to the
style in Fig. 5 in Fig. AT.
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Figure A6: Trajectory of GeNIe augmentations: To further analyze the effect of noise ratio r in GeNIe, we
conducted an experiment using a set of augmentations generated from 10 different source images in the "mushroom"
category, with a target label of "Volcano," across varying noise ratios. Similar to Fig. 5, all generated augmentations
were processed through the DinoV2 ViT-G model, which serves as our oracle, to extract their embeddings. For
visualization, we applied PCA to these embeddings. Next, we selected one augmentation with a specific noise ratio,
(r), and used it as the source image in for the "volcano" category in GeNIe, with the target prompt set to "mushroom."
As observed, using a lower noise ratio samples as the source for "volcano" preserves more low-level visual features
from the original mushroom source image. Consequently, after a second round of applying GeNIe, the resulting
augmentations (even rows) tend to more closely resemble the original source image (first image in the corresponding
odd rows above). The left plot presents the embeddings of all 10 samples, while the right plot provides a detailed
visualization of one sample, showcasing the impact of varying noise ratios used in the second step of applying GeNIe.
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Figure A7: Effect of noise in GeNIe: Similar to Fig. 5, we pass all the generated augmentations through the DinoV2
ViT-G model, which acts as our oracle model, to obtain their associated embeddings. Subsequently, we employ PCA
for visualization purposes. The visualization reveals that the magnitude of semantic transformations is contingent
upon both the source image and the specified target category.
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Figure A8: Visualization of Generative Samples: More visualization akin to Fig. 4. We compare GeNIe with
two baselines: Img2Img” augmentation uses both image and text prompt from the same category, resulting in less
challenging examples. Txt2Img augmentation generates images based solely on a text prompt, potentially deviating
from the task’s visual domain. GeNIe augmentation incorporates the target category name in the text prompt along

with the source image, producing desired images with an optimal amount of noise, and balancing the impact of the
source image and text prompt. 31
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Figure A9: Effect of noise in GeNIe: Akin to Fig. 2, we use GeNIe to create augmentations with varying noise levels.
As is illustrated in the examples above, a reduced amount of noise leads to images closely mirroring the semantics of
the source images, causing a misalignment with the intended target label.
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