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Abstract

Modern text-to-image synthesis models have achieved an exceptional level of
photorealism, generating high-quality images from arbitrary text descriptions. In
light of the impressive synthesis ability, several studies have exhibited promising
results in exploiting generated data for image recognition. However, directly sup-
plementing data-hungry situations in the real-world (e.g. few-shot or long-tailed
scenarios) with existing approaches result in marginal performance gains, as they
suffer to thoroughly reflect the distribution of the real data. Through extensive
experiments, this paper proposes a new image synthesis pipeline for long-tailed situ-
ations using Textual Inversion. The study demonstrates that generated images from
textual-inverted text tokens effectively aligns with the real domain, significantly
enhancing the recognition ability of a standard ResNet50 backbone. We also show
that real-world data imbalance scenarios can be successfully mitigated by filling
up the imbalanced data with synthetic images. In conjunction with techniques in
the area of long-tailed recognition, our method achieves state-of-the-art results on
standard long-tailed benchmarks when trained from scratch.

1 Introduction

The intricate landscape of real-world data often reveals an inherent imbalance, where the abundance
of common samples dominate the scarce presence of their rare counterparts [1, 2, 3, 4, 5, 6, 7, 8].
Long-tailed recognition is an area that aims to acquire balanced knowledge in this lopsided situation,
irrespective of different sample sizes for each class. Several works tried to mitigate this class
imbalance challenge through diverse approaches such as class-balanced sampling [9, 10, 11, 12], loss
re-weighting [13, 14, 15, 16, 17] and data augmentation [9, 11, 18, 19, 20, 21, 22, 23, 24, 25]. Recent
approaches also include decoupling methods [26, 27, 28], and the integration of mixture-of-experts
techniques [29, 30, 31, 32].

Given that the underlying motivation of these approaches revolves around re-balancing data distribu-
tions, an intuitive approach would be to fill up the imbalanced data using synthetic samples. However,
training traditional class conditional generative models under severe data imbalance is known to be
highly challenging [33, 34, 35, 36, 37], hindering the practical usages of well-established generative
models such as VAE [38] and GAN [39].

The rapid development of generative models [40, 41, 42, 43, 44, 45, 46, 47], has ushered in advance-
ments across diverse areas of machine learning. Synthetic data generation is one area where these
photorealistic images with delicate details exhibit promising results. Multiple studies [48, 49, 50, 51]
have proposed efficient methods for zero/few-shot classification, elucidating the robustness of features
acquired from synthetic data and their efficacy in transfer learning scenarios. However, these zero-shot
methods, predominantly reliant on prompting techniques, often exhibit marginal performance gains
in the presence of real data, constraining their practical usages in real-world long-tailed scenarios.



In this paper, with the help of recent large-scale text-to-image synthesis models, we effectively
address this issue by adopting per-class optimization of randomly initialized text tokens. This
work starts by evaluating a range of novel and established strategies devised for synthetic image
generation. After a thorough examination, we empirically discover that our new approach based
on Textual Inversion [52] exhibits a remarkable ability to generate diverse images that align with
the real domain without using class-related text information. Notably, by exclusively leveraging
information within the image domain, our method showcases its capability to generate classes that
were underrepresented by the original text-conditioned pretrained model. In conjunction with the
simple yet effective Balanced Softmax loss [17] and the proposed two-stage training procedure, our
method attains state-of-the-art results on standard long-tailed classification benchmarks [4, 3] when
trained from scratch. Our method especially demonstrates significantly higher accuracies in few-shot
scenarios involving classes with fewer than 20 samples.

Overall, our work makes the following key contributions: (1) We offer a comprehensive evaluation of
various generation strategies based on text-to-image synthesis models, incorporating diverse ablations
and providing valuable insights. (2) We propose a novel image generation method tailored for real-
world’s data imbalance scenarios involving Textual Inversion, which outperforms existing generation
methods. (3) In combination with our suggested two-stage training procedure and the Balanced
Softmax loss, our method achieves state-of-the-art results on standard long-tailed benchmarks when
trained from scratch.

2 Related work

2.1 Large scale text-to-image synthesis models

Recent advances in diffusion models [40, 53, 54, 55] and multimodal learning [56, 57] have led to
significant progress in the area of text-conditioned image synthesis, which was considered to be
extremely challenging with traditional conditional GANs [39, 58, 59, 60, 61]. Some notable examples
of diffusion models include GLIDE [41], Dall�E 2 [44], Imagen [45], Stable Diffusion [43], and
eDiff-I [46]. Autoregressive and GAN-based models such as Dall�E [42], Parti [62], GigaGAN [47],
and StyleGAN-T [63] have also shown very promising results. In conjunction with the advancements
of generative models, there has been extensive research on methods to personalize synthesized outputs.
Representative works include Textual Inversion [52], DreamBooth [64], and Custom Diffusion [65],
each focusing on fine-tuning different parts of diffusion models.

Among several options, we utilize Stable Diffusion, a text-conditioned variant of the Latent Diffusion
Model [43] (LDM), trained on LAION-5B [66]. LDM-based models leverage pretrained encoder and
decoder networks to perform forward and reverse diffusion processes in the latent space, reducing
the expensive compute overhead of the diffusion family. In this paper, we utilize Stable Diffusion
v1.5 [67], unless stated otherwise.

2.2 Learning from synthetic data

Building real-world datasets is often challenging due to the difficulty of collecting a balanced
set of images, as well as the inherent privacy and bias concerns involved. Simulation pipelines
from 3D engines [68, 69] or pretrained class-conditional GANs have been utilized as data sources.
For instance, GANs can generate pixel-wise annotations for semantic segmentation [70, 71] and
improve representation learning through different view generation [72, 73]. Nonetheless, synthetic
data generated from 3D engines may have domain gaps with real data and show limited diversity.
Additionally, training generative models from scratch usually requires a large amount of well-curated
data, further restricting the applicability of existing methods in data-scarce situations.

More recent approaches [48, 49, 50, 74, 51] incorporate general-purpose text-conditioned diffusion
models. He et al. [48] employed GLIDE to generate synthetic images and used them to fine-tune
CLIP [56]. Sariyildiz et al. [49] focused more on ImageNet [75] and trained models from scratch
using various prompting methods. Their common findings suggest that features learned from the
synthetic data can be robustly transferred to downstream tasks. These results highlight the crucial roles
of classifier-free guidance scale and the number of images in achieving high diversity and classification
accuracy. Different from the above approaches, Li et al. [76] directly turned pretrained diffusion
models into zero-shot classifiers, and Azizi et al. [74] fine-tuned Imagen [45] with ImageNet [75] to
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produce class-conditional model that can potentially improve ImageNet classi�cation. The use of
synthetic data from diffusion models is also becoming prevalent in other computer vision domains,
such as semantic segmentation [77], object detection [78], and semi-supervised learning [79].

However, the synthetic images generated through the aforementioned methods, which target zero-shot
scenarios, present an issue of distribution misalignment [48]. Consequently, the direct application
of these zero-shot methods in the presence of real data (e.g. long-tailed or few-shot) leads to the
generation of noisy samples that deviate from the distribution of the real data. As a result, despite the
availability of valuable real samples, these approaches struggle to further improve the performance,
as discussed in Sec. 4.3.

Considering the challenge of learning from imbalanced data for generative models [35, 36, 37],
simple strategies such as training or �ne-tuning the entire generative model under imbalanced data,
are also not practical. Moreover, employing a naïve per-class �ne-tuning approach would result in
considerable inef�ciency, as it necessitates a substantial amount of model weights to be saved with an
increasing number of classes. In this study, we effectively circumvent these issues by adopting an
ef�cient per-class tuning strategy for text tokens.

2.3 Long-tailed recognition

Re-sampling and re-weighting. The classical approach for handling long-tailed data involves
re-sampling and re-weighting. Re-sampling methods aim to generate class-balanced data by over-
sampling of minority classes [12, 80] and under-sampling of majority classes [12, 81]. However,
it is known that over-sampling can lead to over�tting on tail classes [82], while under-sampling
may result in losing valuable information from head classes [24]. Re-weighting methods tackle
this issue by assigning different weights on either the class level [14, 83, 84, 16, 85] or the instance
level [86, 87], resulting in distinct losses for each class. Nevertheless, it is known that re-weighting can
introduce instability during the training, particularly when dealing with the extreme class imbalance
in large-scale datasets.

Data augmentation. Augmenting real samples [19, 20, 21] or introducing synthetic samples [23,
88, 89] is also promising direction. Modern augmentation strategies involve transferring information
from the majority classes to the minority classes [24]. In the domain of synthetic sample generation,
some studies [9, 25] have shown successful results by generating samples at the feature level. Closer
to our work, GAMO [88] adopts a three-player adversarial game to generate feature-level samples and
uses VAE [38] to generate image-level samples. However, given the easy-to-collapse nature of the
adversarial game and the dif�culty of learning imbalanced distributions, GAMO struggles to generate
high-quality images, resulting in a marginal performance gain that is further constrained to smaller
datasets. To the best of our knowledge, our approach is the �rst to generate realistic image-level
samples that can actually perform on par or even surpass other state-of-the-art long-tailed methods.

Other long-tailed methods. Recently, decoupling the learning of representation and classi�er,
following [26], has become one of the mainstream approaches [27, 28]. Another advantage of the
decoupling method is that it can be readily combined with other techniques, such as re-sampling or
re-weighting, further amplifying its potential. Meta-learning [17, 90, 91, 92], contrastive learning [93,
94], and ensembling [29, 30, 31, 32] based methods are additional sources of recent successes.
The most recent approaches [95, 96, 97] involve using a powerful multimodal model, CLIP [56].
By incorporating additional text data acquired from the web (e.g., Wikipedia) [96] or additional
prompt-tuning [97], recent works further improved the performance of the pretrained CLIP. However,
these methods heavily rely on the strong zero-shot performance of CLIP, which already surpasses the
performances of most state-of-the-art methods. In this work, we mainly focus on learning imbalanced
distribution from scratch, with a speci�c emphasis on acquiring robust representation exclusively in
the domain of images.

3 Filling up long-tailed data with generative models

3.1 Synthetic image generation strategies

Our study begins by evaluating diverse synthetic data generation approaches and selecting the best �t
for our data-scarce scenario. As pointed out by previous work [49, 50, 74], the problem of diversity
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Figure 1: Illustration of our different generation strategies: prompt-to-image methods (Single template,
CLIP template, T5 [100], and Flan-T5 XXL [101]), image-to-image methods (Image variation [102]
and Reimagine [103]), and transmodal methods (Captioning [104] and Textual Inversion [52]).

has been problematic in utilizing text-to-image synthesis models for image recognition. Since cutting-
edge text-to-image synthesis models prioritize aligning the visual appearance with input text prompts,
they tend to generate high-�delity but low-diversity images. A straightforward approach to balance
�delity and diversity is adjusting the classi�er-free guidance scale [98] as shown in Fig. 2a.

Recent models that employ classi�er-free guidance, such as Stable Diffusion, provide the capability
to generate more diverse but slightly noisier samples by decreasing the default guidance scalew,
which is set to 7.5 in the case of Stable Diffusion. Eq. (1) demonstrates the process of classi�er-free
guidance in LDM variants [43], where� represents a denoising U-Net,t denotes a timestamp,z refers
to the latent variable, andc is a conditioning vector. Higher guidance enforces stronger conditioning
of input prompts, and it is worth noting that classi�er-free guidance is no longer adopted when the
scale is set to 1.0, reducing the necessity of an additional reverse process for null-conditioning.

~� t = � � (zt ) + w(� � (zt ; c) � � � (zt )) : (1)

To effectively address the issue of diversity, we thoroughly evaluate a range of novel and established
methods designed to generate feature-rich images and extensively compare their performances at
different guidance scales. For evaluation of the mentioned methods, we use IN100 and IN100-LT
from Sec. 4.1, generating 1,300 images per class using DDIM sampler [99] with 50 diffusion steps.
We present comprehensive qualitative results in Appendix.

Prompt-to-image based methods. The most straightforward method to utilize text-to-image
synthesis models is to use naïve prompts (e.g."a photo of a {CLS}"). However, this method, namely,
single template, is known to produce images that substantially lack diversity. Heet al. [48] and
Yuanet al. [105] introduce the use of large-scale language models and CLIP templates to alleviate
this issue. Heet al.use T5 [100] �ne-tuned on CommonGen [106] combined with CLIP �ltering
to remove noisy generated sentences. Building upon previous work, we experiment with the same
T5 [107], a larger language model (Flan-T5 XXL [101] �ne-tuned in Alpaca style [108, 109]) and a
community-famous prompt-extender [110] for Stable Diffusion which is a GPT-2 model �ne-tuned on
prompts from DiffusionDB [111]. Table 1 presents the results for four settings:single template, CLIP
templates, T5, and Flan-T5 XXL. Additional details (e.g.decoding strategies) and the performance
for Prompt-Extendcan be found in Appendix. We generally observe enhancements with more diverse
prompts when the scale isw = 7 :5, but single templateperforms the best as the scale becomes
w = 1 :0. With more noise engaged, we believe promoting diversity via complex prompts harms
precision by compromising important details of the original class.

Image-to-image based methods. While the above methods can generally be considered as zero-
shot methods, the approaches from here require real samples. For image-to-image based methods, we
utilize the state-of-the-art Stable Diffusion Reimagine [103], which replaces the CLIP text encoder
with the CLIP image encoder. Since the source images are fully encoded and the reverse process
does not originate from the noised source images, this method can produce images that differ in
both overall structure and high-frequency details. For a fair comparison, we also test a similar
variant called Image Variation [102] based on Stable Diffusion v1.3, as Reimagine is based on Stable
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Figure 2: (a) Impact of classi�er-free guidance scale on top-1 and top-5 accuracy. (b) Improvements in
top-1 accuracy when scaling number of training samples per class for different generation strategies.
(c, d) Performance ofTextual Inversionbased method with varying optimization steps used for
generation and increasing size of optimizable text embedding.

Table 1: Comparison of accuracies among diverse generation methods for IN100. Each method
generated 130K images (1,300 images per class) and synthetic images were exclusively used to train
ResNet50 [112]. Low guidance indicates a scale of 1.0 and high guidance denotes 7.5, except for
Image Variation[102] (3.0) andReimagine[103] (10.0).

Prompt-to-Image Image-to-Image Transmodal

Method Single CLIP T5 Flan-T5 Image Reimagine Image Textual
(Top-1/Top-5) Template Templates -XXL Variation Captioning Inversion

Low Guidance 59.9 / 83.7 57.2 / 82.2 45.8 / 71.5 51.6 / 77.3 47.2 / 77.1 54.2 / 80.7 55.2 / 83.762.8/ 86.2
High Guidance 41.5 / 67.5 48.7 / 73.6 36.0 / 61.0 41.3 / 67.3 42.2 / 70.9 41.5 / 68.7 45.6 / 73.649.2/ 74.3

Diffusion v2.1. We adopt real samples of IN100-LT described in Sec 4.1 as source images to evalute
the robustness of these methods in real-world data-scarce scenarios. Experimental results of these two
settings (Reimagine and Image Variation) are elaborated in Table 1. Broadly speaking, these methods
perform worse thansingle template, and through qualitative review, we attribute this to speci�c
circumstances where a "reimagined" object replaces the crucial component of an image containing
class-speci�c information. This observation aligns with the fact that this method achieves a relatively
high top-5 accuracy considering its performance on top-1. Technical details and qualitative results
are provided in Appendix.

Transmodal methods. Here, we propose two novel methods that �rst generate prompts from real
samples, then subsequently synthesize images from these prompts. We refer to this process as a
"Transmodal" or simply "image-to-prompt-to-image" approach. The �rst method utilizes the state-of-
the-art captioning model BLIP2 [104] to generate prompts and uses these prompts for sampling. The
second method utilizes Textual Inversion [52]. Using few sets of images, we optimize a text token "*"
per every class and generate images based on the prompt "a photo of a *". The results ofCaptioning
and Textual Inversioncan be found in Table 1, while additional details are provided in Appendix. We
observe thatTextual Inversionconsistently outperforms all other methods by a notable margin.

Textual Inversion details. Textual Inversion [52] is an optimization-based personalization method
designed to effectively learn the optimal text vector that best explains the concept of given samples.
Keeping Stable Diffusion's encoder (E), denoising U-net (� � ), and CLIP text encoder (c� ) frozen, Tex-
tual Inversion aims to optimize the text embedding (v� ), which is a continuous vector representation
of the text token (y), using the following objective.

v� = arg min
v

Ez�E (x ) ;y;� �N (0 ;1) ;t

h
k� � � � (zt ; t; c� (y))k2

2

i
: (2)

Our empirical results demonstrate that Textual Inversion can ef�ciently learn class-level concepts
given numerous images (i.e. head classes) and also effectively capture decisive features given few
number of images (i.e. tail classes), which is evident considering its initial tailoring for personalization
tasks involving 3-5 images. Furthermore, the experiment in Fig. 2c reveals that class-level information
is already well-learned in the early stages (500 steps) of optimization, which reduces the need for
prolonged training. From this observation, we adopt a simple heuristic based on the number of images
that restricts excessive training time and leverage checkpoints from various steps to enhance diversity.
Lastly, we observe from Fig. 2d that enlarging the token embedding's capacity from a single vector
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Figure 3: Overview of our proposed long-tailed image recognition pipeline on ImageNet-LT. During
the Stage I, the image classi�er is trained on balanced dataset, obtained by �lling up long-tailed data
with synthetic samples. Stage II �ne-tunes the image classi�er with long-tailed real dataset along
with Balanced Softmax loss [17].

of 1� 768 to 4� 768 signi�cantly improves top-1 accuracy, allowing �ner details to be captured [113].
Yet, further increasing the size of embedding (e.g.10� 768) did not yield additional gains, suggesting
that a text embedding of shape 4� 768 can adequately represent most classes.

Starting from a random text token "*", Textual Inversion consistently proves to be effective for
long-tailed data by generating images that align well with the target domain, regardless of the sample
size, without relying on any class-related text information. Especially, the high scaling ef�ciency of
this method described in Fig. 2b, provides compelling evidence of the strong potential inherent in
textual-inverted tokens. Our qualitative results even suggest its capability to generate classes that were
previously underrepresented by conventional text-conditioning. More information on the mentioned
heuristic and training, as well as supplementary qualitative results, can be found in Appendix.

3.2 Two-stage training procedure

One of the mainstream approaches in long-tailed recognition is to decouple representation learning
and classi�er learning as suggested by Kanget al. [26]. Motivated by this idea, we adopt a two-stage
training procedure. During the �rst stage, the entire model is trained on balanced dataset, obtained by
�lling up long-tailed data with synthetic samples.

In the second stage, we �ne-tune the model with only real samples on top of robust feature learned
from the �rst stage [48, 49]. Interestingly, while cRT [26] only retrains the classi�er (i.e. linear
layer), �ne-tuning the whole model with a reduced learning rate produced superior results in our case.
For both stages, we adopt Balanced Softmax loss [17], which effectively handles the discrepancy
between the posterior distributions of training and test set. Given the number of samples in each class
i (denoted asni ), and the model's output (denoted as� ), Balanced Softmax (̂� ) can be expressed as
�̂ j = n j e� j

P k
i =1 n i e� i

. In both stages, only real samples are accounted for Balanced Softmax and no other
re-sampling or re-weighting technique is adopted. The effectiveness of Balanced Softmax loss, which
harmoniously blends with our method, is demonstrated through ablation experiments in Sec. 4.5.

3.3 Comparison with existing methods

Here, we clarify the differences between our method and previous works [48, 49, 74] on synthetic
data generation. Heet al. [48] and Sariyildizet al. [49] mainly focus on the zero-shot learning and
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transfer learning of the robust representation acquired from synthetic images. The key difference
between these two is that Sariyildizet al.emphasize training the network from scratch, whereas Heet
al. utilize synthetic data to �ne-tune a pretrained CLIP model. Another notable work by Aziziet
al. [74] focus on tuning text-conditioned Imagen [45] to a class conditional diffusion model and
highlight their method using a metric called Classi�cation Accuracy Score [114]. We gently note that
comparing the performance of this model, trained on full data, with the aforementioned zero-shot or
few-shot methods may result in misleading conclusions. Our work primarily focuses on long-tailed
scenarios through per-class optimization of random initialized text tokens.

4 Experiments

4.1 Datasets

Table 2: Overview of long-tailed datasets

Dataset # Classes # Images Imbalance Factor

ImageNet-LT [4] 1000 115.8K 256
Places-LT [4] 365 62.5K 996
iNaturalist-LT [3] 8142 437K 500
IN100-LT 100 19K 200

To validate our method, we conduct experiments
on commonly used long-tailed datasets: ImageNet-
LT [4], Places-LT [4], and iNaturalist2018 [3]. We
utilize ImageNet-100 (IN100) and ImageNet-100-LT
(IN100-LT) for our ablation studies. IN100 is a ran-
domly selected subset of ImageNet-1K consisting of
115.8K training images, and IN100-LT is its long-
tailed version with an exponentially decaying number of samples. Further details are summarized
in Table 2. Our �ndings align with previous studies [115, 49], as we observe similar trends across
ImageNet, ImageNet-LT, and their downscaled versions, IN100 and IN100-LT. It is important to note
that direct comparison of IN100 results with previous papers [49, 51] could lead to misleading results,
as each study adopts a distinct set of randomly selected classes.

Table 3: Classi�cation accuracy (%) on ImageNet-LT and iNaturalist2018 using ResNet50 backbone.
* denotes models trained with longer epochs (over 200). Our Fill-Up adopts longer training only for
iNaturalist2018. We separately categorize ensembling-based methods involving multiple experts.

Method
ImageNet-LT [4] iNaturalist2018 [3]

Overall Many Medium Few Overall Many Medium Few

Baseline (CE) [24] 41.6 64.0 33.8 5.8 61.0 73.9 63.5 55.5

Decouple-cRT [26] 47.3 58.8 44.0 26.1 68.2 73.2 68.8 66.1
Decouple-LWS [26] 47.7 57.1 45.2 29.3 69.5 71.0 69.8 68.8
Remix [22] 48.6 60.4 46.9 30.7 70.5 - - -
LDAM-DRW [16] 49.8 60.4 46.9 30.7 66.1 - - -
BS [17] 51.0 60.9 48.8 32.1 70.0 70.0 70.2 69.9
PaCo� [93] 57.0 65.0 55.7 38.2 73.2 70.3 73.2 73.6
BS + CMO� [24] 58.0 67.0 55.0 44.2 74.0 71.9 74.2 74.2

RIDE (4 experts) [29] 55.4 66.2 52.3 36.5 72.6 70.9 72.4 73.1
NCL (3 experts)� [30] 59.5 - - - 74.9 72.7 75.6 74.5
BalPOE (3 experts)� [31] 60.8 67.8 59.2 46.5 76.9 75.0 77.4 76.9

Fill-Up (Stage I) 61.1 65.2 59.7 54.9 64.4 58.7 63.9 66.3
Fill-Up (Stage II)( � ) 63.7 69.0 62.3 54.6 74.7 71.7 74.8 75.3

4.2 Implementation details

For generating synthetic samples, we adhere to our best setting from Sec. 3.1. To facilitate comparison,
we utilize the widely adopted ResNet50 [112] for all experiments. For Places-LT, we additionally
report scores initiated from pretrained ResNet152 [112], following the conventional approaches [7,
117]. With RandAugment [21], our models are trained for 100 epochs in Stage I and �ne-tuned for 30
epochs in the Stage II. However, we make an exception for the �ne-grained iNaturalist2018 dataset,
extending the Stage II to 400 epochs, based on the notable performance increase observed with longer
training schedules, as recommended by [93]. After evaluating the models on the corresponding
balanced test/validation sets, we report overall top-1 accuracy as well as accuracies for many-shot
(more than 100 images), medium-shot (20-100 images), and few-shot (less than 20 images) classes.
Further details are available in Appendix.
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Table 4: Classi�cation accuracy (%) on Places-LT
trained using pretrained ResNet152.† denotes models
trained from scratch using ResNet50 backbone.

Method
Places-LT[4]

Overall Many Medium Few

Baseline (CE)y 18.7 37.4 12.0 0.5
Baseline (CE) [93] 30.2 45.7 27.3 8.2

Decouple-LWS [26] 37.6 40.6 39.1 28.6
BS [17] 38.6 42.0 39.3 30.5
ResLT [116] 39.8 39.8 43.6 31.4
MiSLAS [28] 40.4 39.6 43.3 36.1
PaCo [93] 41.2 37.5 47.2 33.9

NCL (3 experts) [30] 41.8 - - -
SHIKE (3 experts) [32] 41.9 43.6 39.2 44.8

Fill-Up (Stage I)y 40.0 41.5 41.3 34.5
Fill-Up (Stage II)y 42.0 45.0 43.5 34.1
Fill-Up (Stage I) 41.5 42.5 43.2 36.2
Fill-Up (Stage II) 42.6 45.7 43.7 35.1

Table 5: Classi�cation accuracy (%) on
ImageNet-LT test set using different syn-
thetic data generation methods.

Method
ImageNet-LT [4]

Guidance Top-1

ImageNet-LT - 41.6

Sariyildizet al. [49] 2.0 42.9
Bansalet al. [51] 7.5 30.1

Single Template 7.5 26.6
Single Template 1.0 41.9

+ Real Data - 53.3

Textual Inversion (1.3K) 1.0 49.9
+ Real Data - 55.6

+ BS + RandAug - 61.8
Textual Inversion (2.6K) 1.0 53.5

+ Real Data - 57.1
+ BS + RandAug - 63.7

ImageNet (Full) - 76.1

4.3 Ef�ciency of Textual Inversion generated images

Before delving into long-tailed benchmarks, we �rst evaluate the ef�cacy of the Textual Inversion-
based generation strategy on the scale of ImageNet. Table 5 presents the results of Stage I training
with synthetic data targeted for ImageNet-LT. Following standard ImageNet data, which contains
1,300 images for each class, we generate either 1,300 or 2,600 images, resulting in a total of 1.3M
and 2.6M images, respectively. If real data is provided, we balance it by �lling it up to contain 1,300
or 2,600 images per class accordingly. Aligning with our observations on IN100 and IN100-LT,
generating images from textual-inverted tokens yields 8% higher top-1 accuracy than using single
template generated data when trained solely with the synthetic data, and 2.3% higher top-1 accuracy
when trained with �lled-up real data. We also observe that these numbers scale as the amount of
synthetic samples grow. Although it is important to mention that our method uses long-tailed real
samples to learn text-tokens, it is noteworthy that this approach outperforms the previous state-of-the-
art generation method from Sariyildizet al. [49] which employs DINO style data augmentation, by
7% without employing any data augmentation, using the same number (1,300) of images.

4.4 Benchmarks on long-tailed datasets

We compare the proposed two-stage method based on Textual Inversion with the state-of-the-art
methods. The benchmark results for ImageNet-LT and iNaturalist2018 can be found in Table 3, and
results for Places-LT are displayed in Table 4. The benchmark results from ImageNet-LT demonstrate
that our method effectively learns a balanced representation in Stage I, and achieves a notable
performance improvement by learning decisive features from the real domain in Stage II. Especially,
our method exhibits a signi�cantly higher top-1 accuracy for few-shot classes, demonstrating more
than 16% performance gain compared to PaCo [93], which previously achieved the highest accuracy
for few-shot classes.

iNaturalist2018 dataset is not only known for its imbalanced data distribution, but also for its
extremely �ne-grained classes [7]. The relatively modest performance gain observed during our Stage
I training can be attributed to the noise in the data generated using a low classi�er-free guidance of
scale 1.0. However, despite the potential hindrance caused by noisy samples in learning �ne-grained
classes, our Stage II model, trained on top of balanced feature space derived from Stage I, exhibits a
substantial performance improvement while retaining balanced knowledge. We also note remarkable
performance gain from 70.4% to 74.7% with PaCo-style longer training schedules.

Places-LT benchmark, as displayed in Table 4, is a very challenging dataset where training of
ResNet50 from scratch only yields 18.7% overall accuracy and an exceptionally low 0.5% accuracy
for few-shot classes. As a result, adopting an ImageNet pretrained ResNet152 is a common practice.
However, our proposed method not only outperforms existing state-of-the-art approaches with the
standard protocol of ResNet152 but also surpasses them when trained from scratch using ResNet50.
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Figure 4: An illustration of different Fill-Up
methods. Long-tailed data represents the actual
class distribution of IN100-LT.

Table 6: Classi�cation accuracy (%) on IN100-
LT using ResNet50. Diverse Fill-Up approaches
are denoted in accordance with Figure 4.

Method
IN100-LT

Overall Many Medium Few

Baseline (Full Data) 82.3 81.3 84.1 81.8
Baseline (LT data) 26.4 50.8 13.5 1.9
+ BS 29.3 45.1 27.5 6.1
+ BS + RandAug 27.9 43.3 26.7 4.7

Fake Only 66.1 67.0 71.5 56.7

Stage I

+ A (Under-balance) 56.0 70.7 53.6 35.0
+ B (Balance) 65.8 77.3 65.9 47.2
+ C (Over-balance) 69.5 80.1 70.2 52.0

+ BS 71.2 73.0 73.1 66.1
+ BS + RandAug 72.0 73.8 72.9 68.2

+ D (Addon) 70.1 81.1 70.9 51.7

Stage II

Stage I (C+ BS+ RandAug) 69.5 80.1 70.2 52.0
+ Naïve 67.8 78.8 66.4 51.7
+ Class-balanced sampling 64.4 75.3 67.0 44.1
+ cRT 72.7 79.7 76.9 56.8
+ BS 74.0 79.1 75.9 63.8

+ RandAug 74.5 79.8 77.0 63.1

4.5 Ablation studies

Here, we perform extensive ablations using IN100 and IN100-LT datasets, focusing on the impact
of different Fill-Up strategies and the effectiveness of our design choice in two-stage training. As
depicted in Fig 4, we adopt four distinct strategies to �ll the long-tailed data with synthetic images.
In line with the previous observation from Fig 2b, performance generally tends to scale with an
increasing number of images used for Fill-Up. However, experimental results suggest that naïvely
adding all 1,300 images for every class (referred to as "D - addon") without considering the relative
balance among classes leads to only marginal performance gains. It is also important to highlight the
powerful synergy between our method and the Balanced Softmax loss. Compared to the baseline, the
accuracy of the few-shot classes rises from 6.1% to an impressive accuracy of 66.1%.

For Stage II training, we begin from our best setting in Stage I. As suggested by previous works,
naïve �ne-tuning or class-balanced sampling degrades the balanced features learned from the �rst
stage under extremely long-tailed data. cRT-style �ne-tuning of the �nal classi�er brings 3.2%
performance gains on top of the balanced features. In our case, �ne-tuning the whole model with
Balanced Softmax loss resulted in a stronger performance. We believe, this unbiased extension of the
softmax function, effectively mitigates the challenges posed by highly imbalanced data, allowing the
entire set of model parameters to be ef�ciently tuned without collapsing. Given the additional 0.5%
gain from RandAugment, our method achieves a remarkable accuracy of 74.5% which signi�cantly
reduces the gap with real data (82.3%) compared to the long-tailed baseline (26.4%).

5 Conclusion
This paper introduces the concept of �lling-up long-tailed data with synthetic samples from recent
large-scale text-to-image synthesis models. We provide valuable insights into different methods of
synthetic data generation through detailed experiments and propose a novel approach leveraging
Textual Inversion that outperforms other methods. Carefully designed with real-world data imbalance
scenarios in mind, our approach, which comprises per-class optimization of text tokens and two-stage
training, displays state-of-the-art results on standard long-tailed benchmarks, with particularly notable
performance in few-shot classes accuracy.

Limitations and future work. While synthetic data generation demonstrates highly scaled perfor-
mance with an increasing number of generated images, vast number of sampling through diffusion
process demands massive computational resources. Recent advancements in one-step generative
models (e.g.GAN [47, 63], and consistency models [118]) offer potential solutions. Furthermore,
the ability to generate unlimited data comes at the cost of increased computation for training. While
our approach shows higher ef�ciency in generating feature-rich samples, the challenge of generating
images with strong features on par with real samples remains as another core problem for future.
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Appendices

A Diffusion models

A.1 Denoising diffusion probabilistic model

In this section, we provide a basic explanation of Denoising Diffusion Probabilistic Model
(DDPM) [119] and Latent Diffusion Model (LDM) [43]. Diffusion model involves thermodynamics-
inspired processes, namely the forward and reverse processes, which are associated with a Markov
chain with Gaussian transition to gradually add and remove noises. Speci�cally, each step of the
forward process (also called the diffusion process) is de�ned by a conditional Gaussian distribution
where� t controls mean and variance of output noises. It is demonstrated thatq(xT ) follows an
isotropic standard Gaussian distribution under reasonableT and� t constants. The reverse process,
on the other hand, aims at recovering the original data distributionq(x0) from the isotropic standard
Gaussian distributionN (0; I). Each reverse process is de�ned by a conditional Gaussian distribution
p� (x t � 1jx t ), where the mean and variance are determined by a neural network parameterized by
� and time-dependent constants� t , respectively. Mathematically, each step of the forward and the
reverse processes can be expressed as follows:

q(x t jx t � 1) := N (x t ;
p

1 � � t x t � 1; � t I); (A1)

p� (x t � 1jx t ) := N (x t � 1; � � (x t ; t); � 2
t ): (A2)

Since the reverse process (Eq. (A2)) is not analytically derived from the forward process (Eq. (A1)),
current diffusion models approximate the true conditional distribution for reverse stepq(x t � 1jx t )
by plugging inp� (x t � 1jx t ) instead ofq(x t � 1jx t ) and minimizing negative log-likelihood for the
true data distribution. Since calculating the exact log-likelihood is intractable, Hoet al. [119]
optimize a variational lower boundL VLB on the negative log-likelihood. The variational lower bound
is expressed in Eq. (A3).

L VLB := Eq

�
� log

p� (x0:T )
q(x1:T jx0)

�
; (A3)

= Eq

�
KL(q(xT jx0) k p(xT )

�

| {z }
L T

+
X

t> 1

KL
�
q(x t � 1jx t ; x0) k p� (x t � 1jx t ))

| {z }
L t � 1

� logp� (x0jx1)
| {z }

L 0

�
:

The aboveL VLB consists of three sub losses: 1) loss for the forward processL T , 2) loss for the
backward processL t � 1, and 3) discrete decoder lossL 0. Although the above variational lower
bound can be computed analytically (KL divergence between two Gaussian distributions has an
exact solution), the authors of DDPM utilize the practical loss function below and demonstrate the
successful generation of realistic images from the real-world domain.

L simple(� ) := Ex 0 � q(x ) ;� �N (0 ;I) ;t

h


 � � � �

� p
�� t x0 +

p
1 � �� t �; t

� 


 2

2

i
; (A4)

where �� t =
Q t

s=1 � t :

Finally, image sampling is conducted by recursively iterating the following equation:

x t � 1 =
1

p
� t

�
x t �

1 � � tp
1 � �� t

� � (x t ; t)
�

+ � t z; wherez � N (0; 1): (A5)

A.2 Latent diffusion model

Latent Diffusion Model (LDM) reduces the excessive training and inference time of DDPM by
performing forward and reverse processes in the latent space. Speci�cally, an encoderE learns to
map an arbitrary imagex � q(x) into a latent codez = E(x), and a decoderD learns to map such
latent back into the image space (D(E(x)) � x). Regularization by either KL-divergence loss [120]
or VQGAN-like [121] vector quantization is adopted to avoid high-variance latent spaces. Given
time stept, diffused latent variablezt , unscaled noise sample� , denoising network� � , conditioning
networkc� , and conditional inputy, the LDM loss is given as follows:

L LDM := Ez�E (x ) ;y;� �N (0 ;1) ;t

h
k� � � � (zt ; t; c� (y))k2

2

i
(A6)
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Stable Diffusion is a speci�c text-conditioned variant of the LDM trained on LAION-5B [66]
dataset which utilizes CLIP text encoder [56] as a conditional networkc� for text inputy. In LDM
variants, classi�er-free guidance [98] simultaneously guides the reverse process by calculating the
difference between the text- and null-conditioned score functions. The mathematical formulation of
classi�er-free guidance can be written as follows:

~� t = � � (zt ) + w(� � (zt ; c) � � � (zt )) ; (A7)

where~� t is a guided output, andw is a guidance scale.

B Additional experimental details

B.1 Details on prompt-to-image based methods

Table A7: Effect of different decoding strategies
on Top-1 and Top-5 accuracy.

Decoding Method T5 Flan-T5 XXL Prompt-Extend

Beam Search 34.2 / 61.7 37.0 / 65.7 27.1 / 50.9
Top-p Sampling 36.0 / 61.0 41.3 / 67.3 35.0 / 58.8

For prompt-to-image-based generation, we em-
ploy �ve different methods: single template,
CLIP templates, T5, Flan-T5 XXL, and Prompt-
Extend. In the previous work by Heet al. [48],
they apply CLIP �ltering to re�ne the outputs
generated by the T5 language model, aiming to
remove noisy prompts. However, we believe it
is worth considering the noisy prompts as they are an inherent part of the language model and have
potential value in evaluating the model's performance. Hence, we refrain from applying additional
�lters to the generated prompts.

Among a wide range of T5 [100] variants �ne-tuned on different datasets, we speci�cally utilize
T5 model �ne-tuned on CommonGen dataset [106, 107]. Consistent with the �ndings from Heet
al. [48], we observe prompts generated from this variant tend to generate natural descriptions of
plausible real-world objects. We supply the model with the class name and let it generate a sentence
up to 60 tokens long.

For a larger model, we adopt Flan-T5 XXL [101], which is an instruction-tuned variant of T5 XXL.
Speci�cally, we utilize the model �ne-tuned through the recently popular Stanford Alpaca [108, 109].
Our speci�c instruction for the model is as follows: "Generate a prompt-style sentence for image
generation including {CLS}". In general, this approach led to the generation of signi�cantly more
plausible outputs with reduced noise.

We observe that not all generated prompts can be effectively described by the Stable Diffusion due to
limitations in its expressiveness. Motivated by this observation, we employ a widely used prompt-
extender [110] for Stable Diffusion, which is a GPT-2 model �ne-tuned on the DiffusionDB [111]
dataset. Like T5, we supply the model with the class name and let the model extend prompts in a
more favorable way for Stable Diffusion.

For language models, improved decoding methods also play a crucial role in enhancing the quality of
the outputs. To evaluate their performances, we conduct experiments using two widely used decoding
techniques: beam search and top-p nucleus sampling. To obtainn prompts, we use4 � n beams for
beam search and usek = 50 andp = 0 :95 for sampling. We generate 200 and 1,000 prompts for
beam search and top-p nucleus sampling, respectively. Prompts are evenly utilized to generate 1,300
images per class. Following previous experiments, we generate 130K images for IN100 with a scale
of 7.5. As seen in Table A7, we generally observe better performance with top-p sampling. The �nal
table for prompt-to-image-based methods, covering scales of 1.0 and 7.5, is given in Table A8.

Table A8: Full comparison of accuracies among different prompt-to-image-based generation methods
for IN100. Low Guidance indicates a scale of 1.0, and high guidance denotes 7.5.

Prompt-to-Image

Method (Top-1/Top-5) Single Template CLIP Templates T5 Flan-T5 XXL Prompt-Extend

Low Guidance 59.9 / 83.7 57.2 / 82.2 45.8 / 71.5 51.6 / 77.3 29.7 / 54.7
High Guidance 41.5 / 67.5 48.7 / 73.6 36.0 / 61.0 41.3 / 67.3 35.0 / 58.8

For higher guidance, which better re�ects the complexity of given prompts, incorporating diversity
in prompts seems to improve accuracy. However, additional complexity from fancy prompts tends
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to deteriorate the recognition ability in lower guidance situations with more noise engaged. This
motivates our intuition of using Textual Inversion and adopting a simple prompt ("a photo of *") with a
more context-rich token ("*"). Furthermore, using speci�c domain-favored prompts, such as Prompt-
Extend favored by Stable Diffusion, can lead to greater deviation from the original distribution.
Qualitative results for all generated prompts and images can be found in Sec. D.1 and Sec. D.2.

B.2 Details on image-to-image based methods

We directly utilize models from [102, 103] for image-to-image-based methods. Since these two
have different training setups, they have distinct default guidance scales, which are 3.0 forImage
Variation and 10.0 forReimagine. Reimagine also has a parameter called noise level, which controls
the amount of noise added to the image embedding. Nonetheless, the impact of this parameter is
minimal in top-1 accuracy (41.6% with noise level 0 and 41.3% with noise level 100 in a scale of
10.0), so we keep the noise level to 0. Moreover, considering that the Stable Diffusion 2 Reimagine
model produces images with a resolution of 768 pixels, we note a potential advantage of this variant
over all other approaches that generate images with a resolution of 512 pixels. When generating
synthetic images, we try to maintain a balanced utilization of the given source images. For example,
to generate 1,300 images using 5 real samples in the tail class, we utilize each source image 260
times for image-to-image generation. As discussed in the main paper, image-to-image-based methods
sometimes tend to replace a crucial class-related component of an image with a "reimagined" object.
Qualitative results of image-to-image based methods, including mentioned circumstances, can be
found in Sec. D.2.

B.3 Details on transmodal methods

For transmodal methods, we introduce two novel approaches:Captioning and Textual Inversion. For
captioning model, we utilize 6.7B parameter variant of BLIP2 [104]. We extract a single prompt using
a default greedy decoding method for every single image in the long-tailed data. Unlike previous
prompt-to-image-based approaches, we observe prompts diverging with more advanced decoding
methods, failing to describe the images accurately. We evenly distribute prompts and use them to
generate 1,300 images per class.

In the case of theTextual Inversionmethod, we optimize a single token "*" of embedding shape 4� 768
for every class unless otherwise speci�ed. To avoid manual handcrafted optimization, we adopt a
uni�ed learning rate of5:0 � 10� 3, batch size of 2, and a simple heuristic for determining the total
training steps, given by (min(max( number of images� 100; 2000); 10000)). We save checkpoints
every 100 steps and evenly utilize all of them for generating images. From experimental results,
we believe that incorporating coarse-to-�ne details during the optimization process contributes to
learning robust class representations. In terms of storage, even for the head classes, the �le sizes
strictly remain below 1.6MB per class due to our limitation on the maximum training steps.

B.4 Details on training classi�ers

For all Stage I training, we follow the standard ResNet50 training protocol for ImageNet. We
randomly crop the images to a size of 224� 224 and perform random horizontal �ipping and color
jittering. We train for 100 epochs with a batch size of 256 and an initial learning rate of 0.1, which is
decayed by a factor of 0.1 every 30 epochs. If noted with RandAug or BS, standard RandAugment [21]
or Balanced Softmax loss [17] was adopted following Parket al. [24]. For Stage II training, we
continue training for 30 epochs from the last checkpoint in Stage I with only real data. During the
second stage, the initial learning rate of 1� 10� 3 decayed by a factor of 0.1 every ten epochs is
adopted with �ve warm-up epochs. However, as noted in the main paper, we adopt the PaCo [93]
style (400 epochs and initial learning rate of 0.01 decayed by cosine schedule) Stage II training for
iNaturalist2018 as it outperforms our basic 30 epoch training by a huge margin. Lastly, to accelerate
training for iNaturalist2018, which becomes a huge dataset containing over 8M images with our
balanced Fill-Up strategy, we speci�cally utilize a batch size of 2,048 for iNaturalist2018.
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C Extended analysis

C.1 Alignment of generated data with real data

Here, we discuss the alignment between generated data and real data. One of the most famous metrics
to quantitatively measure the quality of generated images in relation to the true distribution is the
Fréchet Inception Distance(FID) [122]. FID calculates the distance between two distributions in the
feature space provided by a pre-trained Inception-V3 [123] network. We also utilize Precision &
Recall [124], which are widely adopted in the �eld of generative modeling, to quantify the �delity
and the diversity of the generated images separately. Precision is de�ned as the portion of generated
images that falls within the support of the real data distribution, while recall is de�ned as the portion
of real images falling within the support of the fake distribution [61]. We adopt Inception-V3 network
as a feature extractor for Precision & Recall. In line with previous experiments, we generate a total of
130K images for IN100, with 1,300 images per class. Moreover, we maintain the practice of utilizing
IN100-LT exclusively for learning text tokens and do not mix real samples during the evaluation.

As indicated in Table A9, we generally observe better FID and Precision & Recall values with Textual
Inversion-generated images. A qualitative comparison between these two methods is depicted in
Fig. A5. In general, textual-inverted tokens exhibit key features from the real domain, enabling
the generation of images with some diversity similar to real samples. Moreover, we con�rm that
classi�er-free guidance plays a crucial role in maintaining a balance between Precision & Recall.
Although it is still very dif�cult to directly correlate these metrics with Top-1 accuracy, we suspect
that achieving a high Recall value is important for improving accuracy. More qualitative analysis
from Sec. D.2 supports the notion that noisier samples, generated with a low guidance scale, sparsely
contain feature-rich instances that aid in the gradual expansion of the decision boundary.

Figure A5: Randomly selected images from IN100 classes generated via Single Template and Textual
Inversion methods. For better visualization, images were generated using a guidance scale of 7.5.
Class names are as follows: {A: soccer ball, B: traf�c light, C: frying pan, D: monastery, E: airship}
In general, Textual Inversion produces more diverse images.
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