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ABSTRACT

Current status quo in machine learning is to use static datasets of real images
for training, which often come from long-tailed distributions. With the recent
advances in generative models, researchers have started augmenting these static
datasets with synthetic data, reporting moderate performance improvements on
classification tasks. We hypothesize that these performance gains are limited by
the lack of feedback from the classifier to the generative model, which would
promote the usefulness of the generated samples to improve the classifier’s per-
formance. In this work, we introduce a framework for augmenting static datasets
with useful synthetic samples, which leverages one-shot feedback from the clas-
sifier to drive the sampling of the generative model. In order for the framework to
be effective, we find that the samples must be close fo the support of the real data
of the task at hand, and be sufficiently diverse. We validate three feedback criteria
on a long-tailed dataset (ImageNet-LT) as well as a group-imbalanced dataset
(NICO++). On ImageNet-LT, we achieve state-of-the-art results, with over 4%
improvement on underrepresented classes while being twice efficient in terms of
the number of generated synthetic samples. NICO++ also enjoys marked boosts
of over 5% in worst group accuracy. With these results, our framework paves the
path towards effectively leveraging state-of-the-art text-to-image models as data
sources that can be gueried to improve downstream applications.

1 INTRODUCTION

In the recent year, we have witnessed unprecedented progress in image generative models (Ho et al.,
2020; Nichol et al., 2022; Ramesh et al., 2021; Rombach et al., 2022; Ramesh et al., 2022; Saharia
et al., 2022; Balaji et al., 2022; Kang et al., 2023). The photo-realistic results achieved by these
models has propelled an arms race towards their widespread use in content creation applications,
and as a byproduct, the research community has focused on developing models and techniques to
improve image realism (Kang et al., 2023) and conditioning-generation consistency (Hu et al., 2023;
Yarom et al., 2023; Xu et al., 2023). Yet, the potential for those models to become sources of data to
train machine learning models is still under debate, raising intriguing questions about the qualities
that the synthetic data must possess to be effective in training downstream representation learning
models.

Several recent works have proposed using generative models as either data augmentation or sole
source of data to train machine learning models (He et al., 2023; Sariyildiz et al., 2023; Shipard
et al., 2023; Bansal & Grover, 2023; Dunlap et al., 2023; Gu et al., 2023; Astolfi et al., 2023; Tian
et al., 2023), reporting moderate model performance gains. These works operate in a static sce-
nario, where the models being trained do not provide any feedback to the synthetic data collection
process that would ensure the usefulness of the generated samples. Instead, to achieve performance
gains, the proposed approaches often rely on laborious *prompt engineering’ (Gu et al., 2023) to
promote synthetic data to be close to the support of the real data distribution on which the down-
stream representation learning model is to be deployed (Shin et al., 2023). Moreover, recent studies
have highlighted the limited conditional diversity in the samples generated by state-of-the-art im-
age generative models (Hall et al., 2023; Cho et al., 2022b; Luccioni et al., 2023; Bianchi et al.,
2022), which may hinder the promise of leveraging synthetic data at scale. From these perspectives,
synthetic data still falls short of real data.
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Figure 1: Exemplary samples from different distributions. Subfigures show random samples for
Jack-o-lantern class coming from: (a) ImageNet-LT; (b) Latent Diffusion Model (LDM-unclip v2-
1), conditioned on the text prompt Jack-o-lantern; (c) our pipeline.

Yet, the generative model literature has implicitly encouraged generating synthetic samples that are
close to the support of the real data distribution by developing methods to increase the controllability
of the generation process (Vendrow et al., 2023). For example, researchers have explored image
generative models conditioned on images instead of only text (Casanova et al., 2021; Blattmann
etal., 2022; Bordes et al., 2022). These approaches inherently offer more control over the generation
process, by providing the models with rich information from a real image without relying on ’prompt
engineering’ (Wei et al., 2022; Zhang et al., 2022; Lester et al., 2021). Similarly, the generative
models literature has aimed to increase sample diversity by devising strategies to encourage models
to sample from the tails of their distribution (Sehwag et al., 2022; Um & Ye, 2023). However, the
promise of the above-described strategies to improve representation learning is yet to be shown.

In this work, we propose to leverage the recent advances in the generative models to address the
shortcomings of synthetic data in representation learning, and introduce feedback from the down-
stream classifier model to guide the data generation process. In particular, we devise a framework
which leverages a pre-trained image generative model to provide useful, and diverse synthetic sam-
ples that are close to the support of the real data distribution, to improve on representation learning
tasks. Since real world data is most often characterized by long tail and open-ended distributions,
we focus on imbalanced classification-scenarios, in which different classes or groups are unequally
represented, to demonstrate the effectiveness of our framework. More precisely, we conduct experi-
ments on ImageNet Long-Tailed (ImageNet-LT) (Liu et al., 2019) and NICO++ (Zhang et al., 2023)
and show consistent performance gains w.r.¢. prior art. Our contributions can be summarized as:

* We devise a diffusion model sampling strategy which leverages feedback from a pretrained
classifier in order to generate samples that are useful to improve its own performance.

* We find that for the classifier’s feedback to be effective, the synthetic data must lie close to
the support of the downstream task data distribution, and be sufficiently diverse.

» We report state-of-the-art results (1) on ImageNet-LT, with an improvement of 4% on un-
derrepresented classes while using half the amount of synthetic data than the previous state-
of-the-art; and (2) on NICO++, with improvements of over 5% in worst group accuracy.

Through experiments, we highlight how our proposed approach can be effectively implemented to
enhance the utility of synthetic data. See Figure 1 for samples from our framework.

2 BACKGROUND

Diffusion models. Diffusion models (Sohl-Dickstein et al., 2015; Song & Ermon, 2019) learn data
distributions p(x) or p(x|y) by simulating the diffusion process in forward and reverse directions.
In particular, Denoising Diffusion Probabilistic Models (DDPM) (Ho et al., 2020) add noise to data
points in the forward process and remove it in the reverse process. The continuous-time reverse
process in DDPM is given by, dx; = [f(x;,t) — ¢?(t)V log p'(x;)] dt + g(t)dw;, where t indexes

time, and f(x;,¢) and g(t) are drift and volatility coefficients. A neural network eét) () is trained

to predict noise in DDPM, aligning with the score function V log p’(x;). Given a trained model
eét)(:ct), Denoising Diffusion Implicit Models (DDIM) (Song et al., 2020), a more generic form
of diffusion models, can generate an image xo from pure noise &1 by repeatedly removing noise,
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Figure 2: Overview of our framework. Given an imbalanced dataset, Dyc,, a classifier fy(x)
is initially trained. Knowing that the validation and test sets are balanced, the goal is to create a
balanced training set using synthetic data. The Diffusion Model, Gy, is conditioned on a randomly
selected real image and a label-containing text prompt. The model’s generation is also guided by
feedback, C(f,), from the classifier to increase usefulness of the synthetic samples. Subsequently,
fo(z) is retrained on the combined real and synthetic samples.

getting x;_1 given x; (from Song et al. (2020)):
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with oy and oy as time-dependent coefficients and ¢; ~ N (0, I') being standard Gaussian noise.

Classifier-guidance in diffusion models. Guidance in latent diffusion models involves leveraging
additional information, such as class labels or text prompts, to condition the generated samples on.
This modifies the score function as follows:

Vi logpy(zly) = Vi logp(x) + vV, log p(y|z), (2)

where v is a scaling factor. The term V. logp(y|z) is generally modeled either as classifier-
guidance (Dhariwal & Nichol, 2021) or classifier-free guidance (Ho & Salimans, 2022). In the
Latent Diffusion Model (LDM) used in this paper, V,logp(y|z) is modeled in a classifier-free
approach and ~ controls its guidance strength.

3 METHODOLOGY

Figure 2 presents an overview of our proposed approach. We assume access to a pre-tained diffusion
model, which takes as input an image and a text prompt, and produces an image consistent with the
inputs. We train a classifier f, on an imbalanced dataset of real images, Dya. This initial classifier
serves as a foundation for the subsequent generation of synthetic samples. We then collect a dataset
of synthetic data, Dsy,, by conditioning the pre-trained diffusion model on text prompts formatted
as class—label and random images from the corresponding class. We leverage feedback signals
from the pre-trained classifier to guide the sampling process of the pre-trained diffusion model,
promoting useful samples for f4. Finally, we train the classifier from scratch on the union of the
original real data and the generated synthetic data, Dyear U Dgyp.

3.1 INCREASING THE USEFULNESS OF SYNTHETIC DATA: FEEDBACK-GUIDED SYNTHESIS

Feedback-guided synthesis. Inspired by the literature in active learning (Wang et al., 2016; Wu
et al., 2022), we propose to generate useful samples by leveraging feedback from our pre-trained
classifier f4. More precisely, we use the classifier feedback to steer the generation process towards
generating useful synthetic data. Leveraging classifier feedback allows for a systematic approach
for generating useful samples that provide gradient for the classification task at hand.

Our proposed feedback-guidance might be reminiscent of classifier-guidance in diffusion mod-
els (Dhariwal & Nichol, 2021; Ho et al., 2020), which drives the sampling process of the generative
model to produce images that are close to the distribution modes. The proposed feedback-guidance
is also related to the literature aiming to increase sample diversity in diffusion models (Sehwag et al.,
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2022; Um & Ye, 2023), whose goal is to drive the sampling process of the generative model towards
low density regions of the learned distribution. Instead, the goal of our proposed feedback-guidance
is to synthesize samples which are useful for a classifier to improve its performance.

Formally, let D,.,; be a training dataset of real data, f, a classifier, and Gy a state-of-the-art pre-
trained diffusion model. We start by training f,; on D,..q, and define h € {0, 1} as a binary variable
that describes whether a sample is useful for the classifier fg or not. Our goal is to generate samples
from a specific class that are informative, i.e. from the distribution of p(z|h,y). To generate sam-
ples using the reverse sampling process defined in section 2, we need to compute V, log p(z|h, y).
Following Eq. 2, we have:

Va log pry,w(]h, y) = Vi log po(x) + 7V log po(ylz) + wVaC(x,y, fs), 3)
where C(z,y, fy) is a criterion function approximating the sample usefulness (h), and w is a scal-
ing factor that controls the strength of the signal from our criterion function. Note that by us-
ing a pre-trained diffusion model, we have access to the estimated class conditional score function
V. 1og pe(z|y) as well as the estimated unconditional score function V,, log pg(x). The derivation
of Eq. 3 is presented in Appendix A.1.

3.1.1 FEEDBACK CRITERIA C(z,y, fs)

We examine three feedback criteria: (1) classifier loss, (2) prediction entropy on generated samples,
and (3) hardness score (Sehwag et al., 2022). We explore criteria functions that promote generating
samples which are informative and challenging for the classifier.

Classifier Loss. To focus on generating samples that pose a challenge for the classifier f,, we use
the classifier’s loss as the criterion function for the feedback guided sampling. Formally, we define
C(z,y, fs) in terms of the loss function £ as:

Since L is the negative log-likelihood, and following Eq. 3, we have:
V. log pu(x|h,y) = V, log pe(x) + vV log po(ylr) — wV ., log pe(y|z). 5)

Note that py is the probability distribution modeled by the generative model and py, is the probability
distribution modeled by the classifier fs. We are effectively moving towards space where under
the classifier f,; the samples have lower probability', but simultaneously the term V log pp(y|z)
which is modeled by the generative model, ensures that the samples belong to class y. Figure 12
shows a grid of images as the scaling factor w and ~ is varied.

Entropy. Another measure for the usefulness of the generated samples is the entropy (Shannon,
2001) of the output class distributions for « predicted by f,(«). Entropy is a common measure that
quantifies the uncertainty of the classifier on a sample x (Wang et al., 2016; Sorscher et al., 2022;
Simsek et al., 2022). We adopt entropy as a criterion, C = H(f4(x)), as higher entropy leads to
generating more informative samples. Following Eq. 3, we have,

Vm IOgﬁw(xlhv y) = vw IOgﬁO(x) + ’sz 10g159(y|$) + WVwH(.ﬂi)(x)) (6)

This sampling method encourages the generation of samples for which the classifier fs has low
confidence in its predictions. Figure 11 shows a grid of images with varying scaling factors w and ~.

Hardness Score. In Sehwag et al. (2022), authors introduce the Hardness score that quantifies
how difficult or informative a sample (x, y) is for a given classifier f,. Hardness score is defined as:

1 T—
HS (e, o) = 5 [(fol@) = 1) "2, (F(2) = ) + In(det(Sy)) + Kk n2m)], @)
where 11, and ¥, are the sample mean and sample covariance for embeddings of class y and k is
the dimension of embedding space. We directly adopt the Hardness score as a criterion;
Vi log pu(z|h, y) = Vi log po(x) + vV log po(ylz) + wVHS (2, y, fo)- (®)

This sampling procedure promotes generating samples that are challenging for the classifier fg.
Figure 13 shows a grid of images as the scaling factor w and +y is varied.

I'This is in contrast to classifier guidance, which directs the sampling process towards examples that have a
high probability under class y.
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Figure 3: Examples highlighting synthetic samples that are not close to the real data distribu-
tion and the need for dual text-image conditioning. Each subfigure depicts columns of images
from left to right: ImageNet-LT, LDM (text), LDM(text and image). See also Figures 6, 7.

3.1.2 FEEDBACK-GUIDED SYNTHESIS IN LDM

To apply feedback-guided synthesis in latent diffusion models, we need to compute the criteria
function C(fy(z:)) at each step of the reverse sampling process with the minor change that the
diffusion is applied on the latent variables z. However, the classifier f; operates on the pixel space
z. Consequently, a naive implementation of feedback-guided sampling would require a full reverse
chain to find 2, which would then be decoded to find ¢ to finally compute C(f(z¢)). Therefore,
to reduce the computational cost, instead of applying the full reverse chain, we use the DDIM
predicted z (or equivalently predicted x( in Eq. 1) at each step of the reverse process. We find that
this approach is computationally much cheaper and is highly effective.

3.2 TOWARDS SYNTHETIC GENERATIONS LYING WITHIN THE DISTRIBUTION OF REAL DATA

We identify three scenarios where using only text prompt results in synthetic samples that are not
close to the real data used to train machine learning downstream models:

* Homonym ambiguity. A single text prompt can have multiple meanings. For example,
consider generating data for the class i ron that could either refer to the ironing machine
or the metal element. See Figure 3 (a) for further illustrations.

* Text misinterpretation. The text-to-image generative model can produce images which
are semantically inconsistent or partially consistent with the input prompt. An example
of that is the class carpenter’s plane from ImageNet-LT. When prompted with this
term, the diffusion model generated images of wooden planes instead of the intended car-
pentry tools. See Figure 3 (b) for further illustrations.

* Stylistic Bias. The generative model can produce images with a particular style for some
prompts, which does not match the style of the real data. For instance, the Toucan images
in the ImageNet-LT dataset are mostly real photographs, but the generative model fre-
quently outputs drawings of this species of bird. See Figure 3 (c) for further illustrations.
Also see more samples in Figures 6, 7.

To alleviate the above-described issues, we borrow from the generative models’ literature a dual-
conditioning technique. In this approach, the generator is conditioned on both a text descriptor
containing the class label and a randomly selected real image from the same class in the real training
dataset. This additional layer of conditioning steers the diffusion model to generate samples which
are more similar to those in the real training data; see Figure 3, to contrast samples from text-
conditional models with those of text-and-image-conditional models. Using the unCLIP model in

Rombach et al. (2022), the noise prediction network e((f) (x;) in Equation 1 is extended to be a

function of the conditioning image’s embedding, denoted as e(gt) (Xt, Zeond), Where Zeong is the CLIP
embedding of the conditioning image.

3.3 INCREASING THE CONDITIONAL DIVERSITY OF SYNTHETIC DATA

As discussed in Section 3.2 leveraging conditioning from real images to synthesize data results in
generating samples that are closer to the real data distribution. However, this comes at the cost of
limiting the generative model’s ability to produce diverse images. Yet, such diversity is essential to
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Conditioning on:
text prompt: “Persian cat” +
Image embedding of a real
sample

(a) Regular samplmg (b) Regular sampling and dropout  (c) Feedback Guided sampling

Figure 4: Impact of dropout and Feedback-Guided (FG) sampling. Subfigures (a), (b) and (c)
depicts regular sampling, sampling with dropout, and sampling with dropout and Feedback Guid-
ance (Entropy), respectively. All samples are generated with the same seed. Also see Figures 8, 9.

train downstream classification models. We propose to apply random dropout on image embdding.
Dropout is a technique used for preventing overfitting by randomly setting a fraction of input units
to 0 at each update during training time (Srivastava et al., 2014). In this setup, the application of
dropout serves a different yet equally crucial purpose: enhancing the diversity of generated images.

By applying random dropout to the embedding of the conditioning image, we effectively introduce
variability into the information that guides the generative model. This stochasticity breaks the deter-
ministic link between the conditioning image and the generated sample, thereby promoting diversity
in the generated images. For instance, if the conditioning image contains a Persian Cat with a
specific set of features (e.g., shape, color, background), dropout might nullify some of these features
in the embedding, leading the generative model to explore other plausible variations of Persian
Cat in Figure 4 (a, b). Intuitively, this diverse set of generated samples, which now contain both
the core characteristics of the class and various incidental features, better prepares the downstream
classification models for real-world scenarios where data can be highly heterogeneous.”.

4 EXPERIMENTS

We explore two classification scenarios: (1) class-imbalanced classification, where we generate
synthetic samples to create a balanced representation across classes; and (2) group-imbalanced clas-
sification, where we leverage synthetic data to achieve a balanced distribution across groups.

4.1 CLASS-IMBALANCED CLASSIFICATION

Dataset. The ImageNet-LongTail (ImageNet-LT) dataset (Liu et al., 2019) is a subset of the original
ImageNet (Deng et al., 2009) consisting of 115.8K images distributed non-uniformly across 1,000
classes. In this dataset, the number of images per class ranges from a minimum of 5 to a maximum
of 1,280. However, the test and validation sets are balanced. In line with related literature (Shin
et al., 2023), our goal is to synthesize missing data points in a way that, when combined with the
real data, results in a uniform distribution of examples across all classes.

Experimental setup. We leverage the pre-trained state-of-the-art image-and-text conditional
LDM v2-1-unclip (Rombach et al., 2022) to sample from. We adopt the widely used ResNext50
architecture as the classifier for all our experiments on ImageNet-LT. Our classifier is trained for
150 epochs. To improve model scaling with synthetic data, we modify the training process to
include 50% real and 50% synthetic samples in each mini-batch. > We apply a balanced mini-batch
approach when training all LDM methods. We also use the balanced Softmax (Ren et al., 2020)
loss when training the classifier. For additional experimental details see Appendix G.

Metrics. We follow the standard protocol and report the overall average accuracy across classes,
and the stratified accuracy across classes Many (any class with over 100 samples), Medium (any
class with 100-20 samples), and Few (any class with less than 20 samples).

Baselines. We compare the proposed approach with prior art which does not leverage synthetic data
from pre-trained generative models and with recent literature which does. We also compare the pro-

2Also see Figure 8
3This change boosts the performance by nearly 4 points.
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Table 1: Classification accuracy on ImageNet-LT using ResNext50 backbone..
Method # Syn. data ImageNet-LT
Overall Many Medium  Few

ERM (Park et al., 2022) X 4343 6531 36.46 8.15
Decouple-cRT (Kang et al., 2020) X 47.3 58.8 44.0 26.1
Decouple-LWS (Kang et al., 2020) X 47.7 57.1 45.2 29.3
Remix (Chou et al., 2020) X 48.6 60.4 46.9 30.7
Balanced Softmax (Ren et al., 2020) X 51.0 60.9 48.8 32.1
CMO (3 experts) (Park et al., 2022) X 56.2 66.4 53.9 35.6
Mix-Up GLMC (Du et al., 2023) X 5721 64.76 55.67 42.19
Fill-Up (Shin et al., 2023) 2.6M 63.7 69.0 62.3 54.6
LDM (txt) 1.3M 5790  64.77 54.62 50.30
LDM (txt and img) 1.3M 58.92  56.81 64.46 51.10
LDM-FG (Loss) 1.3M 6041  66.14 57.68 54.1
LDM-FG (Hardness) 1.3M 56.70  58.07 55.38 57.32
LDM-FG (Entropy) 1.3M 64.7 69.8 62.3 59.1

posed approach with a vanilla sampling LDM that uses only the text prompts* as conditioning. We
report the results of our proposed framework for the three feedback guidance techniques introduced
in section 3, namely, Loss, Hardness and Entropy. When leveraging synthetic data, we balance
ImageNet-LT by generating as many samples as required to obtain 1,300 examples per class.

Discussion. Table 1 presents the results, see further analysis on the performances of the model
as the number of synthetic data scales in Appendix E. We observe that approaches which do not
leverage generated data exhibit the lowest accuracies across all groups, and overall, with Mix-Up
obtaining the best results. It is worth noting that Mix-Up leverages advanced data augmentation
strategies on the real data, which result in new samples. When comparing frameworks which use
generated data from state of the art generative models, our framework surpasses the LDM baseline.
Notably, the LDM with Feedback-Guidance (LDM-FG) based on the entropy criteria increases the
LDM baseline performance ~ 5 points overall and, perhaps more interestingly, these improvements
translate into a ~ 9 points boost on classes Few. Our best LDM-FG also surpasses the most recent
competitor, Fill-Up Shin et al. (2023), by 1% accuracy point overall while using a half the amount
of synthetic images. This highlights the importance of generating samples that are close to the real
data distribution—as Fill-Up does— but also improving their diversity and usefulness.

4.2 GROUP-IMBALANCED CLASSIFICATION

Dataset. We follow the sub-population shift setup of NICO++(Zhang et al., 2023) dataset introduced
in Yang et al. (2023) which contains 62,657 training examples, 8,726 validation and 17,483 test ex-
amples. This dataset contains 60 classes of animals and objects within 6 different contexts (autumn,
dim, grass, outdoor, rock, water). The pair of class-context is called a group, and the dataset is
imbalanced accross groups. In the training set, the maximum number of examples in a group is 811
and the minimum is 0. For synthetic samples generated using our framework see Figure 10.

Experimental setup. We again leverage the pre-trained state-of-the-art image-and-text conditional
LDM v2-1-unclip (Rombach et al., 2022) as high performant generative model to sample from.
Since some groups in the dataset do not contain any real examples, we cannot condition the LDM
model on random images from group, and so instead, we condition the LDM on random in-class
examples. We adopt the ResNet50 (He et al., 2016) architecture as the classifier, given its ubiquitous
use in prior literature. For each baseline, we train the classifier with five different random seeds.

Metrics. Following prior work on sub-population shift (Yang et al., 2023; Sagawa et al., 2019), we
report worst-group accuracy (WGA) as the benchmark metric. We also report overall accuracy.

Baselines. We compare our framework against the NICO++ benchmark suite introduced in Zhang
et al. (2023); Yang et al. (2023). These state-of-the-art methods may leverage data augmentation but
do not rely on synthetic data from generative models. We also consider a vanilla LDM baselines

*Text prompts are in the format of class-label.
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Table 2: Classification average and worst group accuracy on NICO++ dataset using ResNet50 pre-
trained on Imagenet.

Algorithm #Syn. data  Avg. Accuracy Worst Group Accuracy
ERM (Yang et al., 2023) X 85.3+0.3 350+ 4.1
Mixup (Zhang et al., 2017) X 84.0 £ 0.6 427+ 14
GroupDRO (Sagawa et al., 2019) X 8224+ 04 37.8+ 1.8
IRM (Arjovsky et al., 2019) X 84.4+ 0.7 40.0 £ 0.0
LISA (Yao et al., 2022) X 84.7+ 0.3 427+22
BSoftmax (Ren et al., 2020) X 84.0 £ 0.5 404 4+0.3
CRT (Kang et al., 2019) X 852+0.3 433+ 27
LDM 229k 86.02 £ 1.14 32.66 + 1.33
LDM FG (Loss) 229k 84.55 £0.20 45.60+ 0.54
LDM FG (Hardness) 229k 84.66 + 0.34 40.80 £ 0.97
LDM FG (Entropy) 229k 85.31 £0.30 49.20 + 0.97

conditioned on text prompt, and report results for all three criteria. We generate the text prompts
as class—label in context. We balance the NICO++ dataset such that each group has 811
samples, overall we generate 229k samples.

Discussion. Table 2 presents the average performance across five random seeds of our method in
contrast with previous works. As shown in the table, our method achieves remarkable improvements
over prior art which does not leverage synthetic data from generative models. More precisely, we
observe notable WGA improvements of ~ 6% over the best previously reported results on the
ResNet architecture. When comparing against baselines which do leverage synthetic data from state-
of-the-art generative models, our framework remains competitive in terms of average accuracy, and
importantly, surpasses the ERM baseline in terms of WGA by over 14%. The improvements over
LDM further emphasize the benefit of generating samples that are close to the real data distribution,
are diverse and useful when leveraging generated data for representation learning. Notably, the
improvements achieved by our framework are observed for all the explored criteria, although entropy
consistently yields the best results.

Also note that our framework tackles the group-imbalanced problem from the data perspective.
Any algorithmic approach such as Bsoftmax (Ren et al., 2020), IRM (Arjovsky et al., 2019), or
GroupDRO (Sagawa et al., 2019) can be applied on top of our approach.

4.3 ABLATIONS

To validate the effect of dual image-text conditioning, dropout on the image conditioning embed-
ding, and feedback-guidance, we perform an ablation study and report Fréchet Inception Distance
(FID) (Heusel et al., 2017), density and coverage (Naeem et al., 2020), and average accuracy overall
and on the classes Few. FID and density serve as a proxy to measure how close the generated
samples are to the real data distribution. Coverage serves as proxy for diversity, and accuracy
improvement for usefulness. FID, density and coverage are computed by generating 20 samples
per class and using the ImageNet-LT validation set (20,000 samples) as reference. The accuracies
are computed on the ImageNet-LT validation set. As shown in the Table 3, leveraging the vanilla
sampling strategy of an LDM conditioned on text only (row 1) results in the worse performance
across metrics. By leveraging image and text conditioning simultaneously (row 2) , we improve
both FID and density, suggesting that generated samples are closer to the ImageNet-LT validation
set. When applying dropout to the image embedding (row 3), we observe a positive effect on both
FID and coverage, indicating a higher diversity of the generated samples. Finally, when adding
feedback signals (rows 4-6), we notice the highest accuracy improvements (comparing to the model
trained only on real data) both on average (except for hardness) and on the classes Few, highlighting
the importance of leveraging feedback-guidance to improve the usefulness of the samples for
representation learning downstream tasks. It is important to note that quality and diversity metrics
such as FID, density and coverage may not be reflective of the usefulness of the generated synthetic
samples (compare Hardness row with the Entropy row in Table 3).
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Table 3: Ablation of our framework based on LDM. Results are computed w.rt. the real balanced
validation set of the ImageNetLT. All hyper-parameters for each setup are tuned.

Text Img dropout FG FID] Density T Coveraget Avg./Few validation acc. 1

v X X X 18.46 0.962 0.690 59.52/50.74
v v X X 14.24 1.019 0.676 59.95/49.5
v v v X 13.63 1.06 0.722 60.16 /54.79
v v v Loss 18.48 0.8672 0.6398 62.19/54.78
v v v Hardness  10.84 1.07 0.82005 57.7156.57
v v v Entopy  21.36 0.8217 0.6148 65.7/517.7

5 RELATED WORK

Synthetic Data for Training. Synthetic data serves as a readily accessible source of data in the
absence of real data. One line of previous works have used graphic-based synthetic datasets that
are usually crafted through pre-defined pipelines using specific data sources such as 3D models or
game engines Peng et al. (2017); Richter et al. (2016); Bordes et al. (2023); Richter et al. (2016);
Peng et al. (2017) as synthetic data to train downstream models. Despite their utility, these methods
suffer from multiple limitations, such as a quality gap with real-world data. Another set of prior
work has considered using pre-trained GANSs as data generators to yield augmentations to improve
representation learning Astolfi et al. (2023); Chai et al. (2021); with only moderate success as the
generated samples still exhibited limited diversity (Jahanian et al., 2021). More recent studies have
begun to leverage pre-trained text-to-image diffusion models for improved classification (He et al.,
2023; Sariyildiz et al., 2023; Shipard et al., 2023; Bansal & Grover, 2023; Dunlap et al., 2023)
or other downstream tasks (Wu et al., 2023; You et al., 2023; Lin et al., 2023; Tian et al., 2023).
For example, Imagen model (Saharia et al., 2022) was fine-tuned by Azizi et al. (2023) to improve
Imagenet (Deng et al., 2009) per-class accuracy. Li et al. (2023) proposed ’diffusion classifier’, a
pre-trained diffusion model adapted for the task of classification. He et al. (2023) adapted a diffusion
model to generate images for fine-tuning CLIP Radford et al. (2021). Sariyildiz et al. (2023) showed
that prompt-engineering can lead to a training data from which transferable representations can be
learned. These studies suggest that it is possible to use features extracted from synthetic data for
several downstream tasks. However, consistent with our findings, He et al. (2023) and Shin et al.
(2023) argue that these methods may produce noisy, non-representative samples when applied to
data-limited scenarios, such as those with long-tailed and open-ended distributions. Shin et al.
(2023) uses textual inversion (Dhariwal & Nichol, 2021) in an image synthesis pipeline for long-
tailed scenarios for improved domain alignment and classification accuracy. For related work on
real data balancing methods for imbalanced datasets, see Appendix A.2.

6 CONCLUSION AND FUTURE WORK

We introduced a framework that leverages a pre-trained classifier together with a state-of-the-art
text-and-image generative model to extend challenging long-tailed datasets with useful, diverse syn-
thetic samples that are close to the real data distribution, with the goal of improving on downstream
classification tasks. We achieved usefulness by incorporating feedback signals from the downstream
classifier into the generative model; we employed dual image-text conditioning to generate samples
that are close to the real data manifold and we improved the diversity of the generated samples by
applying dropout to the image conditioning embedding. We substantiated the effect of each of the
components in our framework through ablation studies. We validated the proposed framework on
ImageNet-LT and NICO++, consistently surpassing prior art with notable improvements.

Limitations. Our approach inherits the limitations of the state-of-the-art generative models, and the
image realism and representation diversity are determined by the abilities of the generative model —
our guidance mechanism can only explore the data manifold already captured by the model.

Future work. In our work, we consider only one feedback cycle from a fully trained classifier. We
leave for future exploration a setup where the feedback from the classifier is being sent to the gener-
ator online while the representation learning model is being trained. Furthermore, any differentiable
criterion function can be applied in the sampling. For example one can consider an active learning
acquisition function such as Gal et al. (2017); Cho et al. (2022a) as a feedback criterion function.
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A APPENDIX

A.1 DERIVATION OF EQUATION 3

Simply writing the Bayes rule, we have:

U loe | P& o e [P 9)0(2]y)p(y)
vwlogpmh’y)_vwlg{p(h,y)] vmlg[ p(hly)p(y)

= Vlog [p(hlz,y)p(x|y)] = Vg logp(zly) + V. log p(hlz, y). ©)

Note that by using a pre-trained diffusion model, we have access to the estimated class conditional
score function V log pe(z|y). We then assume there exists a criterion function C(z, y, f,) that eval-
uates the usefulness of a sample x based on the classifier f,. Consequently, we model p(h|z,y) as:

p(hla,y) = SPLEEVS)) (10)

where Z is a normalizing constant. As a result, we can generate useful samples based on the criteria
function C(z, y, f,), and following Eq. 9, we have:

Va IOgﬁw(x‘hv y) =V, IOg ﬁe(xw) + erC(I, Y, f¢)7 (11)

where w is a scaling factor that controls the strength of the signal from our criterion function C.
Following Eq. 2, we have,

Vi logpu(z|h,y) = Vi log pe(x) + vV logPo(ylz) + wV.C(z,y, fo). (12)
A.2 RELATED WORK: BALANCING METHODS FOR IMBALANCED DATASETS.

An effective strategy for mitigating class imbalance include balancing the dataset (Shelke et al.,
2017; Idrissi et al., 2022; Shen et al., 2016; Park et al., 2022; Liu et al., 2019). Dataset balancing
can either involve up-sampling the minority classes to bring about a uniform class/group distribution
or sub-sampling the majority classes to match the size of the smallest class/group. Traditional up-
sampling methods usually involve either replicating minority samples or through simple methods
such as linearly interpolating between them. However, such simple up-sampling techniques have
been found to be less effective in scenarios with limited data (Hu et al., 2015). Sub-sampling is
generally more effective, but it carries the risk of overfitting due to reduced dataset size. Another
line of research focuses on re-weighting techniques (Sagawa et al., 2019; Samuel & Chechik, 2021;
Cao et al., 2019; Ren et al., 2020; Cui et al., 2019). These methods scale the importance of under-
represented classes or groups according to specific criterion, such as their count in the dataset or the
loss incurred during training (Liu et al., 2021). Some approaches adapt the loss function itself or
introduce a regularization technique to achieve a more balanced classification performance (Ryou
et al., 2019; Lin et al., 2017; Pezeshki et al., 2021). Another effective method is the Balanced
Softmax (Ren et al., 2020) that adjusts the biases in the softmax layer of the classifier to counter-
act imbalances in class distribution. Furthermore, authors in Park et al. (2022) introduce a new
technique for enhancing minority over-sampling. This approach involves augmenting a variety of
minority samples using the extensive context provided by majority class images as a backdrop.

A.3 A Toy 2-DIMENSIONAL EXAMPLE OF CRITERIA GUIDANCE

Figure 5 illustrates the experimental results of using a simple 2-dimensional dataset for a classifi-
cation task. The dataset contains two classes represented by blue and red data points. Within each
class, the data consists of two modes: the majority mode, containing 90% of the data points, and
the minority mode, which holds the remaining 10%. We initially train a diffusion model on this
dataset. Sampling from the trained diffusion model generates synthetic data that closely follows the
distribution of the original training data, showing an imbalance between the modes of each class
(see Figure 5 (b)).

To encourage generation of data from the mode with lower density, we introduce a binary variable h
into the model. In this context, h = 0 indicates the minority mode, while h = 1 signifies the majority
mode. Following the criteria guidance discussed in Section 3.1.1, without retraining the model, we
modify the sampling process so that the generator is guided towards generating samples of higher
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(a) Real data (b) DDPM - regular sampling (c) DDPM - feedback guided sampling

Figure 5: Experimental results on a 2-dimensional classification dataset showcasing the effect of
feedback-guided sampling. Panel (a): Real data consists of two classes represented by blue and
red data points. Within each class, two modes are identified: a majority mode comprising 90%
of the data and a minority mode containing the remaining 10%. Panel (b): The synthetic data
generated by regular sampling of a DDPM replicates the imbalances of the original dataset. Panel
(c): Synthetic data generated after modifying the diffusion model guided by feedback from a linear
classifier. Feedback-guided sampling leads to more samples being generated from the minority
modes. Combining with real data, it results in more balanced data with increased representation
from the minority mode, ultimately improving classifier performance.

entropy. To that end, we train a linear classifier for several epochs until it effectively classifies the
majority mode, but the decision boundary intersects the minority mode, resulting in misclassification
of those points. Leveraging the classifier’s uncertainty around this decision boundary, we guide the
generative model to produce higher entropy samples. This results in more synthetic samples being
generated from the minority modes of each class (see Figure 5 (c)).

Integrating this synthetic data with the original data produces a more uniform distribution across
modes, leading to a more balanced classifier. This is desirable in our context as it mitigates the
biases inherent in the original dataset and improves the model’s generalization.

B SAMPLES STYLISTIC BIAS

Stylistic Bias is one of the challenges in synthetic data generation where the generative model con-
sistently produces images with a particular style for some prompts, which does not correspond to
the style of the real data. This results in a mismatch between synthetic and real data, potentially
impacting the performance of machine learning models trained on such data.

C SAMPLES FOR DROPOUT ON IMAGE EMBEDDING

Dropout introduces variability into the information that guides the generative model by randomly
omitting certain features from the conditioning image embedding. This stochasticity breaks the
deterministic relationship between the conditioning image and the generated sample, leading to
increased diversity in the generated images. See Figure 8.
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(c)

Figure 6: Here we plot more samples from Imagenet-LT where stylistic bias appears in synthetic
generations. This scenario arises when the generative model produces images with a particular style
for some prompts, which does not match the style of the real data. See Section 3.2 for more details.
(a) real samples from class scorpian, (b) synthtic samples using LDM, (c) synthetic samples with
image and text conditioning.

Figure 7: Here we plot more samples from Imagenet-LT where stylistic bias appears in synthetic
generations. This scenario arises when the generative model produces images with a particular style
for some prompts, which does not match the style of the real data. See Section 3.2 for more details.
(a) real samples from class triceratops, (b) synthetic samples using LDM, (c) synthetic samples with
image and text conditioning.
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Conditioning on:
text prompt: “Persian cat” +

Image embedding of a real sample n.-

(c) With random dropout p=0.4

(d) With random dropout p=0.6 (e) With random dropout p=0.8 (f) With random dropout p=1.0

Figure 8: Synthetic sample generation using text prompt and image embedding. We plot different
levels of dropout. We condition on a single random real sample (plotted on the left most). As ob-
served, using only image conditioning and text (a), we observe very low diversity in the generations.
As we increase the dropout probability, we observe more diversity. If we only condition on the text
prompt (f), we also observe low diversity.
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D SAMPLES FEEDBACK GUIDED SAMPLING

In this section we provide more synthetic samples using Feedback guided sampling. See Figure 9
and 10 for more details.

Figure 9: Synthetic samples of three different classes of Imagenet-LT. Column 1: class rocking chair,
Column 2: class flower pot. First row: Real samples from Imagenet-LT, Second row: synthetic
samples vanilla LDM. Third row: synthetic samples using Entropy as the guidance.
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Figure 10: Synthetic samples of three different classes of NICO++. Column 1: class ship in context
autumn, Column 2: class cat in context autumn , Column 3: class rabbit in autumn. First row: Real

samples from NICO++, Second row: synthetic samples LDM. Third row: synthetic samples using
Entropy as the guidance and dropout.
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D.1 THE INTERPLAY BETWEEN CLIP-GUIDANCE AND FEEDBACK-GUIDANCE

Figures 11, 12, and 13 display grids of synthetically generated images. Each is conditioned to gen-
erate the class ”African Chameleon”, with variations in feedback-guidance scales based on three
different criteria: entropy, loss, and hardness. The grids are organized such that rows and columns
correspond to varying levels of two distinct guidance scales: clip-guidance and feedback-guidance.
Clip-guidance serves the role of ensuring that the generated images are faithful to the visual char-
acteristics of an ”African Chameleon”, such as color patterns, skin details, or posture. On the other
hand, feedback-guidance relies on the uncertainties in the classifier’s predictions to guide the gener-
ative model.

As we move from left to right along the columns, the clip-guidance scale increases, thereby leading
to images that become increasingly accurate and recognizable as chameleons. These images would
likely be easier for both humans and classifiers to correctly identify as representing the African
Chameleon class.

Conversely, when we move from the top row to the bottom, the feedback-guidance scale increases.
This change leads to the generative model generating more challenging images. These images di-
verge from the standard or typical depictions of a chameleon, thus posing a greater challenge for the
classifier.

Increase in clip-guidance scale

Increase in feedback-guidance scale (Entropy)

A,

Figure 11: A grid of images generated for the class ”African Chameleon”. Along the x-axis, from
left to right, the clip-guidance scale is increased, while along the y-axis, from top to bottom, the
classifier-feedback guidance scale is increased. The random seed is consistent across all images,
ensuring that any observed variations are only due to changes in the guidance scales. Moving from
left to right, it is evident that increasing the clip guidance scale results in samples that more faithful
to the ”African Chameleon” class. However, this comes at the cost of generating very typical, easily
classifiable images. Conversely, as we move from top to bottom, increasing the classifier-feedback
guidance results in the generation of more ’challenging’ or atypical images of African chameleon.
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Increase in clip-guidance scale

Increase in feedback-guidance scale (Loss)

Figure 12: A grid of images generated based on the ’loss’ criterion for the class “African
Chameleon”. Like Figure 11, as the clip guidance scale increases from left to right, images become
more faithful to the class, while increasing the classifier-feedback guidance from top to bottom pro-
duces more atypical images.

Increase in clip-guidance scale

Increase in feedback-guidance scale (Hardness)

A

Figure 13: A grid of images generated based on the ’hardness’ criterion for the class ”African
Chameleon”. As with Figures 11 and 12, variations in the images are due to changes in the clip and
classifier-feedback guidance scales.

23



Under review as a conference paper at ICLR 2024

E

IMPACT OF THE NUMBER OF GENERATED IMAGES

Figure 14 shows the performances on a classifier trained on ImageNet-LT when using a different
amount of generated images. We show that adding generated synthetic data significantly help to
increase the overall performance of the model. In addition, we observe significant gain on the few
classes which highlight that generated images are well-suited for imbalanced real data scenarios.
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Figure 14: Test accuracy depending on the number of generated synthetic data used to train the
classifier. The first curve shows the accuracy on the class Few, while the second one shows the
accuracy on the class Medium and the last one shows the accuracy on class Many. Our method
significantly outperforms Fill-Up(Shin et al., 2023) while using less synthetic data.
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F IMPACT OF USING BALANCED SOFTMAX WITH SYNTHETIC DATA

In our experiments, we have used balanced softmax to train our classifier to increase the perfor-
mances on class Few. We also ran experiments using a weighted average of a traditional cross-
entropy loss using balanced softmax with the same loss without balanced softmax. In this exper-
iment, we added a scalar coefficient o which controls the weight of the balanced softmax loss in
contrast to the standard loss. In Figure 15, we plot the test accuracy with respect to this balanced
softmax weight. Without balanced softmax, the accuracy on the class many is extremely high while
the accuracy on class few is much lower. However by increasing the balanced softmax coefficient,
we significantly increase the performances on class few and medium as well as the overall accuracy.
However, this comes at the price of lower performance for classes Many.
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Figure 15: Test accuracy on Few, Medium, Many and Overall with respect to the balanced softmax
coefficient. All the models use 1.3M synthetic samples.

G ADDITIONAL EXPERIMENTS AND DETAILS

General setup in sample generation We use the LDM v2-1-unclip (Rombach et al., 2022) as
the state-of-the-art latent diffusion model that supports dual image-text conditioning. We use a
pretrained classifier on the real data to guide the sampling process of the LDM. For Imagenet-LT,
the classifier is trained using ERM with learning rate of 0.1 (decaying) and weight-decay of 0.0005
and batch-size of 32. For NICO++ we use a pre-trained classifier on Imagnet and then fine-tune it
on NICO++.

We apply 30 steps of reverse diffusion during the sampling. To apply different criteria in the sam-
pling process, we use the pretrained classifier on the real data. For lower computational complexity,
we use floatl6 datatype in PyTorch. Furthermore, we apply the gradient of the criterion function
every 5 steps. So for 30 reverse steps, we only compute and apply the criterion 6 times. Through
experiments we find that 5 is optimal as the generated samples look very similar to applying the cri-
terion in every step. For the hardness criterion in Eq. 3.1.1 where we need the 4, and 3/ ! for each
class, we pre-compute these values. We compute the mean and covariance inverse of the feature
representation of the classifier over all real samples. These values are then loaded and used during
the sampling process.

G.1 COMPUTATIONAL COST

In this work, we use state of the art generative models to synthesize samples for an imbalanced
classification problem. Since we leverage feedback from the classifier to the generative model, our
framework requires a pretrained classifier, once the samples are generated, the classifier is retrained
from scratch. Depending on the size of the dataset and the architecture used for the classifier, and
the number of hyper-parameters to tune the classifier, the computational cost varies. The generation
time for synthetics samples are studied more carefully below. However, the dataset is generated only
once and it can be reused for tuning the classifier in the second stage.

For generations, we leverage DDIM sampling and we apply the feedback guidance every 5 steps
during the sampling process. We calculate the average wall-clock time (in seconds) per sample
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generation. Results are reported in Table 4, on an average of 1000 samples, computed on the same
model and the same GPU machine (V100) without batch-generation. Faster GPU machines with
larger RAM result in faster sample generation.

Note that results are reported per sample generation, one can potentially run the sampling process in
parallel. We consider the improvement in the sampling complexity as a future direction of research.
Several approaches can be taken to improve the sampling time complexity:

 Using model distillation for diffusion models such as consistency models Song et al. (2023)
or progressive distillation Salimans & Ho (2022) that significantly reduce the sampling
time.

* Reducing the frequency of guidance to minimize the number of queries to the classifier.

* Reusing the gradients of the classifier guidance criterion in the sampling process during
steps that we skip the computation. This can help with reducing the frequency of applying
the guidance.

Table 4: Average generation time per sample in seconds. Results are reported on an average of
1000 samples with float16 precision. Values are subject to change on different GPU machines and
different computation precision.

Method Time (seconds)
LDM 3.819 +£0.011
LDM-FG (Loss) 21.817 £ 0.009

LDM-FG (Hardness) 21.937 +£0.014
LDM-FG (Entropy) ~ 21.906 + 0.012

G.2 IMAGENET-LT

We follow the setup in Kang et al. (2019) and use a ResNext50 architecture. We apply the balanced
softmax for all the LDM models reported for Imagenet-LT. We train the classifier for 150 epochs
with a batch size of 512. We also use standard data augmentations such a random cropping, color-
jittering, blur and grayscale during training.

Furthermore, below we provide an ablation study on combining different criteria. Specifically, we
study the scenario where each sample is generated with 0.33 probability from each of the three given
criteria (Entropy, Loss and Hardness). We upsample the Imagenet-LT dataset to 1.3M samples. As
seen in Table 5, entropy outperforms other criteria and the combination of criteria.

Table 5: Classification accuracy on ImageNet-LT using ResNext50 backbone. Ablation on
combining different criteria..

Method # Syn. data ImageNet-LT
Overall Many Medium  Few

LDM-FG (Loss) 1.3M 60.41 66.14 57.68 54.1

LDM-FG (Hardness) 1.3M 56.70 58.07 55.38 57.32

LDM-FG (Entropy) 1.3M 64.7 69.8 62.3 59.1

LDM-FG (Combined) 1.3M 62.38 67.66 59.96 56.23
G.3 NICO++

We follow the setup in Yang et al. (2023), where a pre-trained ResNet50 model on ImageNet is
used for all the methods. We assume access to the attributes labels (contexts). For training our
LDM model we only apply ERM without any extra algorithmic changes. We use the SGD with
momentum of 0.9 and train for 50 epochs. We apply standard data augmentation such as resize and
center crop and apply ImageNet statistics normalization. Following the setup in Yang et al. (2023),
for every method, we try 10 sets of hyper-parameters (learning rate, batch-size’). We perform model

SLearning rate is randomly selected from 10YM™(=%=2) and batch-size is randomly selected from
2Unif0rm(6,7) .
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selection and early stopping based on average validation accuracy. We then train the selected model
on 5 random seeds and report the test performance.

In Table 6 we provide an ablation analysis on the hyper-parameter w that controls the strength of the
feedback guidance. The rest of hyper-parameters in the generative model or the classifier are tuned
for every set-up. As it can be seen, among the w values that we tried, all improved the worst-group-
accuracy compared to the case where w = 0, however the best results are achieved with w=0.03.

Table 6: Ablation study on the NICO++ dataset with the entropy as feedback guidance. In each
setup, we select the hyper-parameter based on average accuracy on the validation set and report the
worst-group accuracy on the test set.

Feedback guidance coefficient ~Worst-group accuracy

w=20 32.66 £1.33
w = 0.01 45.60 + 2.63
w = 0.03 49.20 £ 0.97
w = 0.05 4210+ 1.84

G.4 PLACES-LT

To further study the effect of feed-back guidance on different datasets, we study the Places-Long
tailed dataset Liu et al. (2019). This dataset consists of 365 classes where the minimum number of
examples in a class is 5 and the maximum is 4980. We follow the common practice in the literature
Kang et al. (2020); Liu et al. (2019) and use a pretrained ResNet-152. We follow the setup in Ren
et al. (2020) and apply two stages of training. Stage one where the model is trained for 30 epochs.
Once the base model is obtained, we further fine-tune the last layer of the model for 10 epochs using
Meta Sampler and Balanced Softmax introduced in Ren et al. (2020). We use the SGD optimizer
with a decaying learning rate of 0.1, momentum of 0.9 and weight decay 0.0005 and batch-size of
512.

Table 7 summarizes the results. We compare against previous methods that do not use synthetic data
as well as the recently proposed Fill-Up Shin et al. (2023)that uses synthetic data. We achieve state
of the art results overall as well as on classes medium, and few.
Table 7: Classification accuracy on Places-LT using pre-trained ResNet-152.
Method # Syn. data Places-LT
Overall Many Medium Few

ERM Cui et al. (2021) X 30.2 45.7 27.3 8.2
Decouple-LWS Kang et al. (2020) X 37.6 40.6 39.1 28.6
Balanced Softmax Ren et al. (2020) X 38.6 42.0 393 30.5
ResLT Cui et al. (2022) X 39.8 39.8 43.6 314
MiSLAS Zhong et al. (2021) X 40.4 39.6 433 36.1
PaCo Cui et al. (2021) X 41.2 37.5 47.2 33.9
Fill-Up Shin et al. (2023) 1.8M 42.6 45.7 43.7 35.1
LDM-FG (Entropy) 1.8M 42.8 41.7 44.9 40.0
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