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Abstract

Low-quality or scarce data has posed significant challenges
for training deep neural networks in practice. While clas-
sical data augmentation cannot produce very different new
data, diffusion models open up a new door to build self-
evolving Al by generating high-quality and diverse synthetic
data through text-guided prompts. However, text-only guid-
ance cannot control synthetic images’ proximity to the origi-
nal images, resulting in out-of-distribution data detrimental
to model performance. To overcome the limitation, we study
image guidance to achieve a spectrum of interpolations be-
tween synthetic and real images. With stronger image guid-
ance, the generated images are similar to the training data,
but are hard to learn. With weaker image guidance, the
synthetic images will be easier to learn but suffer from a
larger distribution gap to the original data. The generated
full spectrum of data enables us to build a novel “Diffusion
CurricuLum (DisCL)”. DisCL adjusts the image guidance
level of image synthesis for each training stage: It identifies
and focuses on hard samples for the model and assesses the
most effective guidance level of synthetic images to improve
hard data learning. We apply DisCL to two challenging
tasks: long-tail (LT) classification and learning from low-
quality data. It focuses on lower-guidance images of high
quality to learn prototypical features as a warm-up for learn-
ing higher-guidance images that might be weak on diversity
or quality. DisCL achieves a gain of 2.7% and 2.1% in
OOD and ID macro-accuracy when applied to iWildCam
dataset. On ImageNet-LT, DisCL improves the base model’s
tail-class accuracy from 4.4% to 23.64% and leads to a
4.02% improvement in all-class accuracy.

1. Introduction

While existing machine learning approaches can train repre-
sentation or discriminative models with promising general-

*These authors contributed equally to this work.
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ization performance, their success highly relies on the qual-
ity and quantity of the training data. However, in enormous
practical scenarios, the data are collected from real environ-
ments so neither the quality nor the quantity can always be
guaranteed. For example, it is difficult to control the light
conditions, weather, motion blur, or the position of objects in
the scenes captured by trail/animal cameras, traffic cameras,
motion cameras, or robot cameras. Likewise, it is also dif-
ficult to keep different classes in the collected data balanced
so the model may perform much poorer on tail classes with
scarce data. On the other hand, the low-quality/quantity of
data also makes the model more prone to the gap between
the test and training distributions, thereby posing an out-of-
distribution challenge. In many cases, such “hard” training
data hinders effective learning, introduces biases or outliers,
and may even impact the learning of other data.

Data augmentation and synthesis have been studied
to address the challenges of hard real data. By applying
pre-defined transformations [1] to data in scarce classes or
modifying their backgrounds [3, 1], data augmentation
helps learn representations robust to these task-irrelevant
variations. While the augmented data may lack sufficient
diversity or non-trivial difference to the original data, the
recent text-to-image generative models such as GAN or
Stable Diffusion enable more sophisticated data synthesis
[9] of diverse higher-quality samples, while the text prompts
retain the task-related features. For instance, recent works
[15, 23, 39] have focused on training specialized diffusion
models specifically for sampling from underrepresented or
hard classes to increase diversity. However, these existing
methods are still challenged when scaling to real-world data,
such as in-the-wild or long-tail learning scenarios, where
the data distribution is highly imbalanced, diverse, and
unpredictable. Although text-to-image synthesis improves
the data quality and quantity, the synthetic data are solely
controlled by text prompts but lack sufficient visual simi-
larity to the original image, which leads to a distribution gap
to the original data and hurts the generalization performance.
To maximize the merits of synthetic data for learning hard



data in real applications and address the syn-to-real gap, we
harness the image guidance in diffusion models to generate
a full spectrum of interpolations between synthetic data
(i.e., generated only from text prompts) and real data (i.e.,
original images that may suffer from low-quality or sparse
quantity). The synthetic data at each level of interpolation
are generated under the weighted guidance of both the text
prompt (e.g., the class name) and the real images. While
stronger image guidance preserves visual similarities to
the original image, for low-quality or low-quantity data,
weaker image guidance could lead to high-quality, diverse,
and potentially easier (e.g., with prototypical features) data.
Hence, the syn-to-real interpolations create a novel space
of synthetic data to design a generative curriculum that
can adjust the quality, diversity, and/or difficulty of data
for different training stages, by selecting the guidance level
according to a pre-defined schedule or training dynamics.

In this paper, we develop novel generative curriculum
learning approaches for two types of challenging applica-
tions with “hard” real images: long-tail classification and
learning from low-quality images. In long-tail classifica-
tion, learning the tail classes’ features is challenging due
to their data deficiency and the lack of diversity compared
to “head classes”. To address this challenge, we propose
a curriculum that first learns synthetic images with lower
image guidance for tail classes since they enhance the diver-
sity and quantity of the original data. The curriculum then
gradually increases the guidance level and learns synthetic
images closer to the original images, thereby progressively
bridging the syn-to-real gap. In learning from low-quality
data, the primary challenge is to capture the critical features
of the target classes, which is hard due to intricate back-
ground, occlusion, or motion blur in the original images.
In contrast, images generated with lower image guidance
usually contain prototypical features easier to learn. That
being said, an overly high or low guidance level may enlarge
the domain gap between the training data and the target (in-
distribution or out-of-distribution) data. To avoid negative
transfer caused by the domain gap and to maximize the mer-
its of synthetic data, we develop an adaptive curriculum that
selects the guidance level of synthetic data leading to the
greatest progress of each training stage.

We examine two DisCL curricula on benchmark datasets,
WILD-iWildCam [4] and ImageNet-LT [25], for learning
from low-quality images, and long-tail classification
respectively. Our DisCL curricula improve OOD and ID
accuracy by 2.7% and 2.1% respectively on iWildCam.
On ImageNet-LT, DisCL improves the minority classes’
accuracy by 19.24% and leads to a 4.02% improvement
in the overall accuracy. Our main contributions can be
summarized as follows:

* Harness image guidance in diffusion models to systemati-
cally create a spectrum of synthetic-to-real data for each
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sample, enabling the design of effective training curricula
to address hard data learning.

Propose the “Diffusion CurricuLum (DisCL)” paradigm,
which selects synthetic data of different guidance levels
to meet the needs of each training stage. We propose two
novel DisCL curricula to address two key applications:
long-tail classification and learning from low-quality data.
Examine the two DisCL curricula on challenging datasets
and demonstrate their effectiveness in significantly boost-
ing the performance of existing image classifiers, particu-
larly on hard data.

2. Related Work

Diffusion models for Synthetic Data Recently, a diverse
array of generative diffusion models have been proposed,
including GLIDE [14], Imagen [31], Stable Diffusion [30],
Dall-E [28], and Muse [7]. These models can generate re-
alistic, high-resolution images when conditioned on text
prompts, and therefore, are used off-the-shelf to augment the
datasets for enhancing data diversity. For instance, He et al.
[16] demonstrates that synthetic data created with GLIDE
can significantly improve both zero-shot and few-shot per-
formance on image classification. Recent works like Bansal
and Grover [2], Sariyildiz et al. [32], Dunlap et al. [9] and
Hemmat et al. [17] have shown that real data combined with
synthetic data generated by Stable Diffusion models, boosts
the robustness of standard ImageNet classifiers. Other works
such as Shao et al. [34] train a diffusion model on original
data to generate large-scale synthetic samples across the dis-
tribution, improving alignment with real data but limiting
diversity. Hemmat et al. [17] further improves diversity by
employing an off-the-shelf diffusion model for single-stage
synthetic generation at a large scale. In contrast, in this
work, we focus on learning hard data, and adopt a progres-
sive approach in generating only-useful synthetic data at a
significantly smaller scale. We also leverage an off-the-shelf
diffusion model, but unlike prior works, we harness different
image guidance levels to generate training samples at each
stage of training. This method allows for smooth transition
across spectrum of interpolations from syn-to-real data, and
adapts the model to diverse, in-the-wild scenarios, while
maintaining data diversity and alignment.

Curriculum Learning (CL) Curriculum Learning (CL)
was first proposed by Bengio et al. [5], introducing a training
method analogous to the step-by-step progressive learning
of humans. Subsequent works have further explored this
idea; for example, Jiang et al. [22], Zhou et al. [45] adjusted
the progression pace based on the difficulty of samples, and
Jiang et al. [21], Zhou and Bilmes [44] further take the data
diversity into account. Previous works [13, 43, 47] have tried
CL on more challenging domains like noisy web images and
visual QA; this highlights its potential in tackling challenging
scenarios. Few works have explored the combination of



data augmentation and curriculum learning [20], but mainly
for the text data [26, 42]. Some initial efforts have been
made by Ahn et al. [1] to combine CL with engineered
image augmentations for tail classes in long-tail learning. In
contrast, our work aims to design a generative curriculum
on a syn-to-real spectrum of data produced by diffusion
models, with broader applications in learning from long-tail
or low-quality data.

3. Methodology

We propose diffusion curriculum (DisCL) to “close the dis-
tribution gap between original data and the target data distri-
bution”. DisCL comprises two phases: (Phase 1) Synthetic-
to-Real Data Generation that generates a syn-to-real
spectrum of interpolated data for hard samples, and (Phase
2) Generative Curriculum learning based on the synthetic
data from Phase 1. The two phases are illustrated in Fig. 1.

3.1. Synthetic-to-Real Data Generation

Hard Sample Identification We first identify the difficult
samples where the model struggles to extract helpful features
for target classification. The difficulty estimation can be task-
specific. For instance, in long-tail classification with scarce
data, the difficulty of each sample depends on whether it
belongs to tail classes. For tasks with low-quality data, we
can utilize the loss or confidence on the ground-truth class to
measure the difficulty. These samples are marked as “hard
samples” within the training set (see Fig. 1), to highlight
their role in the model’s learning process.

Synthetic Data Generation with Image Guidance
Classifier-free guidance in diffusion models was introduced
by Ho and Salimans [19], to integrate conditional informa-
tion into the image denoising process of diffusion without
requiring a classifier. It has been adopted by several Text-
to-Image generation models such as Stable Diffusion (SD)
[30]. Given the latent representation of original image as
Zreal> the denoising (backward diffusion) process can start
from any step ¢ with initial z; defined as:

2 = \azreal + /1 — dve, e ~ N(0,I). (1)
The remaining denoising steps iteratively apply the following
process of noise estimation €, at each step ¢ to get a less noisy
generation of z;_1, until £ = 0, resulting in a synthetic image

zZ0.
€ = (14 w)eg(z, t|c) — weg(ze, t),
1 615 ~ /
= (2= — & )+ BiE, et —1
t—1 Ja ( t N t) B

(@)

In Eq. 1-2, &4, ai, and (; together define the variance sched-
ule of the diffusion process. €, ~ N(0,I) are two
independently-sampled Gaussian noises, €4(-, ) refers to
the noise estimation model, and w € R controls the strength
of the textual prompt c as a condition to €g(, -).
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Since &; monotonically decreases with ¢, the choice of
the initial ¢ in Eq. | controls the impact of the original z,q;
in the denoising process, and more visual information of
Zreal tends to be preserved in zg if initializing from a small ¢.
To achieve a full spectrum of interpolations between the real
image z,¢q; and synthetic images depicted by c, following
prior work in Meng et al. [27], we modify the initial step ¢
inEq. 1 tot(\) £ [(1 — A\)T'| where ) € [0, 1) defines the
image-guidance level, i.e.,

Zt(\) = w/dt(k)zreal +4/1— dt()\)e, t()\) £ L(l — )\)TJ
3)
Hence, a larger guidance level X leads to higher fidelity of
generated image 2 to original z;..,;, While a smaller A results
in a more prototypical image z(, depicted by textual prompt
c. A = O results in a generated image based on text only. '

Synthetic-to-Real Spectrum of Generated Images We
use state-of-the-art Stable Diffusion Model “ to generate
synthetic images for the hard samples identified in Phase
1 of Fig. 1. By adjusting the image guidance scale A € [0, 1)
in Eq. 3, the denoising process in Eq. 2 can produce a full
spectrum of smooth transitions between text-only guided
synthetic images and real images. We next study the effect
of varying the image guidance scales A\ on the generated
synthetic images. As shown in Fig. 2, changing X leads to
varying difficulty and diversity of synthetic images. With
a smaller )\, diffusion model mainly relies on the text
information provided in the prompt ¢, generating synthetic
images that differ markedly from the original and focus
more on the distinct prototypical features of the class in c.
As ) increases, the synthetic images increasingly inclines
towards the original image, exhibiting less diversity (across
random seeds) and more resemblance to the original ones.
When the original images are of low-quality, a large A
makes it challenging for the classifier to learn discriminating
features from synthetic images. Therefore, the broad
spectrum of synthetic data offers diverse properties, e.g.,
diversity, hardness, proximity to the real ones, providing a
novel design space for curriculum learning.

Filter out Synthetic Data with Low-Fidelity As shown
in Fig. 2, some synthetic images may suffer from poor
quality and low fidelity to the text prompt c, e.g. the
class object is missing or obscured, which can hinder the
downstream tasks. To mitigate this, we filter-out such
images by applying CLIP-based filtering used in [9, 18, 33],
which measures CLIP cosine similarity between synthetic
images and text prompt. We discard images that fall below a
predefined CLIPScore threshold before the training begins.

I\ = 0 corresponds to images generated using only text prompt guid-
ance, while A = 1 corresponds to replication of the original image without
any text guidance.

2We use Stable Diffusion XL model for generation
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Figure 1. Overview of Diffusion Curriculum (DisCL). DisCL consists of two phases: (Phase 1) Syn-to-Real Data Generation and (Phase
2) Generative Curriculum learning. In Phase 1, we use a pretrained model to identify the “hard” samples in the original images and use them
as guidance to generate a full spectrum of synthetic to real images by varying image guidance strength A. In Phase 2, a curriculum strategy
(Non-Adaptive or Adaptive) selects training data from the full spectrum, by determining image guidance level \; for each training stage e.
The Adaptive strategy chooses A; to maximize expected progress, while the Non-Adaptive strategy follows a predefined schedule. Synthetic
data of the selected guidance level is then combined with non-hard real samples to train the task model.
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Figure 2. Synthetic images generated with different image guidance levels A and random seeds. X marks images with low-fidelity to
the text prompt, which are filtered out by CLIPScore (ref. the end of §3.1). Zoom-in for better view.

3.2. Generative Curriculum with Synthetic Data closely resemble real images. This enables us to design a
With the full spectrum of syn-to-real generated data, we curriculum that selects data based on their diversity and fea-
achieve a smooth transition from images with prototypi- ture types for different training stages. With a curriculum of
cal features and high diversity to task-specific features that rich synthetic data, we can improve the model’s performance
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in challenging and diverse cases that would be difficult to
address using only real data. Additionally, this approach
allows us to control the distribution gap to the original data.
We apply our generative curriculum to two challenging ap-
plications: long tail learning and learning from low-quality.

For long tail classification, the scarcity of data in minority
classes makes it difficult for models to extract useful features
for these classes, leading to poor generalization on balanced
test set. For tail classes, we first generate a full spectrum of
synthetic data using techniques in §3.1, following the stan-
dard split of tail classes in the studied dataset. A diverse set
of textual prompts is used to achieve this goal’. The gener-
ated spectrum offers varying degrees of data diversity, which
if used at once, can introduce a syn-to-real distribution gap.
To mitigate this gap, we first expose the model to diverse syn-
thetic images of tail classes, and then progressively shift to a
task-specific distribution that resembles the original images.
This yields a non-adaptive “Diverse-to-Specific”’ curricu-
lum that starts with synthetic data with a lower guidance
scale (A — 0) and gradually moves toward data of a higher
guidance scale (A — 1). The algorithm for our non-adaptive
curriculum strategy is provided here in Algorithm 1.

Learning from low-quality images can be challenging
due to inevitable quality issues, such as obscurity in images
from traffic, motion, or wildlife observation cameras. We
investigate wildlife observation as an example application of
DisCL to enable effective learning under such scenarios. For
low-quality camera trap images, we aim to generate simpler,
more prototypical images of animals to warm up training and
generalize to harder cases. We identify hard samples using
a pretrained classifier—Ilower ground-truth class probabili-
ties indicate higher difficulty. Varying the image guidance
scale, we synthesize a full spectrum of data for these samples
using class information in the text prompts*, which steers
the diffusion model toward relevant animal and habitat fea-
tures. Unlike long-tail settings, hard samples in low-quality
domains often lack both prototypical and generalizable fea-
tures, as shown in prior work on camera trap images [37].
Consequently, synthetic data generated with low guidance
often appears prototypical but out-of-distribution. A non-
adaptive curriculum that introduces such synthetic data early
risks distribution shift or overemphasis on outlier features.
DoCL [46] addressed this by selecting real data adaptively to
optimize learning progress. Inspired by this, we propose an
adaptive curriculum detailed in Algorithm 2, which selects
the image guidance level A at each epoch based on progress
— defined by improvement in ground-truth class confidence
on validation subsets corresponding to each A. The guidance
level with the highest progress is chosen for the next epoch.
This ensures the model learns from the most informative

3Text prompts are provided in Appendix A.2.2
4Text prompts are provided in Appendix A.2.3.
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data at each stage, enabling a smooth transition from simple
to complex patterns and maximizing improvement on the
real data distribution. Details are in Algorithm 2.

4. Experiments
4.1. Long-Tail Classification

Setup To validate the efficacy of DisCL method on
long-tail classification, we conduct main experiments with
ImageNet-LT (IN-LT) dataset [25]. This dataset includes
1000 classes, with class cardinality ranging from 5 to 1,280.
To assess the robustness of DisCL more comprehensively,
we conduct experiments on two additional datasets: a syn-
thetically imbalanced dataset, CIFAR100-LT [6], and a real-
world benchmark, iNaturalist2018 [40]. CIFAR100-LT is
provided with imbalanced classes by synthetically sampling
the training data with multiple imbalance ratios {100, 50}.
iNaturalist2018 dataset represents a naturally occurring long-
tailed distribution with class cardinality ranging from 2 to
1000. We evaluate overall accuracy and the accuracy across
three class categories: many (most frequent), medium, and
few (least frequent, tail) classes on the standard balanced test
sets of three datasets. For synthetic data generation, we use
DDIM [36] as our noise scheduler. For training, we follow
Ahn et al. [1] and Han et al. [15], using ResNet-10 as visual
backbone. We average results over 3 runs and report training
details and hyper-parameters in Appendix A.4.1 and A.5.

Baselines We compare the effect of DisCL with compara-
ble baseline of CUDA [1] and LDMLR [15], mainly using
Cross-Entropy (CE) loss function. To further illustrate the
robustness of DisCL, we try Balanced Softmax (BS) loss

[29], known for its competitive performance on long-tail
learning.

» CUDA: Engineered data augmentation + curriculum learn-
ing on IN-LT.

LDMLR: A three-stage training using diffusion model to
improve LT.

BS loss: Balanced softmax to address class-distribution
shift between training and test sets.

We also conduct ablation study to analyze the effect of
DisCL under different hyperparameter settings. We note that,
real data for hard samples (A ~1) is included by default;
however, this doesn’t apply to the Fixed Guidance and Text-
only Guidance ablation:

* Text-only Guidance: Using data at image guidance scale
A = 0 without curriculum strategy.

» Fixed Guidance °: uses data generated from a single guid-
ance scale \; € [0,1). We report results for the guidance
with the highest few-class accuracy.

SText-only Guidance (A\=0) reaches the best performance amongst all
guidance scales. Hence, the result of Fixed Guidance here are same as
Text-only Guidance, reported in Table 1. We also report the performance of
all other scales in Fixed Guidance experiment in the Fig. 14.



ImageNet-LT

Method Curriculum Many Medium Few  Overall
CE N/A 57.70 26.60 4.40 35.80
ﬁ CE + LDMLR N/A 57.20 29.20 7.30 37.20
5 | CE+CUDA N/A 57.49 28.16 6.58 36.30
{_;ﬁ i N/A 51.14 37.02 1929 39.80
+ CUDAT N/A 51.16 37.35 19.28  40.03
CE + Text-only Guidance N/A 56.63 30.69 17.90  39.10
CE + All-Level Guidance N/A 56.77 30.88 19.17 39.40
§ CE + DisCL Adaptive 56.21 30.43 16.78  38.65
‘2| CE+DisCL Specific to Diverse | 56.71 30.67 1836  39.18
5:5 CE + DisCL [Lower CLIPScore Threshold] ~ Diverse to Specific | 57.66 30.61 23.69 39.67
CE + DisCL [Higher CLIPScore Threshold] ~ Diverse to Specific | 56.92 30.64 22.88  39.68
4 CE + DisCL Diverse to Specific | 56.78 30.73 23.64 39.82
o + DisCL Diverse to Specific | 52.68 37.68 21.36  41.33

Table 1. Accuracy (%) of long-tail classification on ImageNet-LT
with base model ResNet-10. The best accuracies among baseline
and DisCL are highlighted in bold. { marks our reproduced results
using the original paper-provided code. refers to Balanced
Softmax Loss[29]. Baselines (LDMLR, CUDA) are defined in §4.1.

DisCL: employs multiple levels of guidance scales along-

side a range of curriculum strategies. These strategies and

the guidance intervals used for training, are defined below:

— Diverse to Specific: Non-adaptive strategy with guid-
ance changing from smallest (diverse augmentation) to
largest (task-specific augmentation).

— Specific to Diverse: Non-adaptive strategy with guid-
ance changing from largest to smallest.

— Adaptive: Curriculum strategy® to adaptively select
guidance during training.

Results We present the results of our method alongside
the baselines for the ImageNet-LT dataset in Table 1. With
CE loss, DisCL significantly improves accuracy in all 4
class-categories. Notably, “Few” class accuracy increases
by 17.06%, from 6.58% to 23.64%, demonstrating DisCL’s
effectiveness in addressing the data scarcity challenge, espe-
cially for tail classes. DisCL also works effectively with BS
loss, resulting in additional gains of 1.52% in Many, 2.08%
in Few, and 1.3% overall accuracy, further underscoring our
method’s impact even with a class-balancing loss function.
Results on CIFAR100-LT (Table 2) and iNaturalist2018 (Ta-
ble 3) confirm the robustness of DisCL across several diverse
datasets, achieving better accuracy in tail classes along with
improved overall generalization.

CIFAR-100-LT
Imbalance Ratio=100 Imbalance Ratio=50

Method Curriculum Many Medium Few Overall | Many Medium Few  Overall
CE N/A 52.86 25.34 549 29.02 49.60 2541 533 31.72
CE + CUDA N/A 54.55 26.07 543 29.85 52.29 26.17 553 33.13
CE+DisCL  Diverse to Specific | 53.14 2552 10.65  30.91 534 31.69 2147 3622
N/A 47.87 30.07 14.41 31.61 46.01 30.76 18.55  34.82
+CUDA N/A 48.01 3279 1555  33.02 46.08 3251 22.11 36.21
+DisCL  Diverse to Specific | 49.02 29.02 19.07  33.08 49.51 32.60 25.58  36.77

Table 2. Accuracy (%) of long-tail classification on CIFAR-100-LT
with base model ResNet-10. The best accuracy for overall and
classes of {many, medium, few} samples is highlighted in bold.

Curriculum strategy proposed in §3.2
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iNaturalist2018

Method Curriculum Many Medium Few Overall
CE N/A 55.02 43.40 37.33 42.20
CE + CUDA N/A 55.94 4421 39.13 4318
CE +DisCL  Diverse to Specific | 54.71 44.37 48.92 47.25
N/A 46.12 49.31 50.27 49.46
+CUDA N/A 48.77 4994  50.87 50.23
+DisCL  Diverse to Specific | 45.44 48.18 53.63 50.30

Table 3. Accuracy (%) of long-tail classification on iNaturalist2018
with base model ResNet-10. The best accuracy for overall and
classes of {many, medium, few} samples is highlighted in bold.

4.2. Learning from Low-quality Data

Setup We also conduct DisCL experiments with iWild-
Cam dataset [4] to evaluate its efficacy in classifying
low-quality data. The task is to classify 182 different animal
species from images captured by camera traps. We evaluate
model performance on standard out-of-domain (OOD) and
in-domain (ID) test sets in terms of macro F1 score. We
choose the CLIP ViT model as our base model and finetune
CLIP ViT-B/16 and CLIP ViT-L/14 " models with DisCL.
The reported accuracy is averaged over 3 random seeds.
More training details and hyperparameters are provided in
Appendix A.4.2 and Appendix A.5.

Baselines We compare the effect of our method with three

benchmark algorithms, LP-FT [24], FLYP [12], and ALIA

[9]. To further analyze the gain of our model, we try

Weighted Ensembling (WE) method [41], which can further

improve model performance by integrating prior knowledge

from pretrained model:

* LP-FT: A two-step process involving linear probing and
full fine-tuning of model to avoid distortion of pretrained
features, to improve OOD generalization.

* FLYP: Finetuning with the pretraining (contrastive) loss.

* ALIA: Diffusion-based data-augmentation on fine-grained
classification tasks.

* WE: Linearly merging the weights of pretrained and
finetuned model.

We conduct ablation study to analyze the effect of DisCL
with different hyper-parameters introduced in §4.1, and the
newly introduced ablation hyper-parameters:

* DisCL: employs multiple levels of guidance scale and a
range of curriculum strategies:

— Easy to Hard: Non-adaptive strategy with guidance
changing from smallest (easiest & most prototypical
features) to largest (hardest & task-specific features).

— Random: Randomly select guidance at each train stage.

Results We present the results of our method and compara-
ble baselines for the iWildCam dataset in Table 4. Compared
to the nearest competing baseline, DisCL significantly en-
hances the OOD F1 performance by 2.6%. Additionally,
DisCL boosts the ID F1 performance by 2.1%. Among

"We use hyperparameters provided in Goyal et al. [12] with a batchsize
of 128 to train the model.



iWildCam
Method Curriculum (010))] ID
CLIP (zero-shot) 11.0 (-) 8.7 (-)
8| Lp-FT N/A 34.7(0.4)  49.7 (0.5)
:g:) LP-FT + WE N/A 35.7(0.4) 50.2(0.5)
2| FLypt N/A 355(L1)  522(0.6)
FLYP + WEf N/A 364(1.2) 52.0(1.0)
FLYP + ALIA N/A 36.9(0.3) 52.6(0.4)
FLYP + Text-only Guidance N/A 342(04) 51.4(0.3)
FLYP + Fixed Guidance N/A 36.0 (0.3) 50.8 (0.6)
z FLYP + All-Level Guidance N/A 36.5(0.6) 53.4(0.5)
.2 | FLYP + DisCL Easy-to-Hard | 35.2(0.9) 51.4(0.5)
= | FLYP + DisCL Random 35.9(0.1) 52.1(0.2)
<C| FLYP + DisCL [Lower CLIPScore Threshold] Adaptive 37.1(0.8) 50.9(0.9)
FLYP + DisCL [Higher CLIPScore Threshold] Adaptive 38.1(1.3) 52.8(0.8)
z FLYP + DisCL Adaptive 38.2(0.5) 54.3(14)
& | FLYP + DisCL + WE Adaptive 38.7(0.4) 54.6 (0.7)

Table 4. In-distribution (ID) and out-of-distribution (OOD) macro
F1 score of low-quality image learning on iWildCam with CLIP
ViT-B/16 model. The best performance is highlighted in bold. }
marks our reproduced results using the original paper provided
code. Baselines are defined in §4.2.
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Figure 3. iWildCam accuracy of CLIP ViT-L/16 model trained with
and without weight ensembling (WE). The best model performance
is highlighted with a red horizontal line.

all evaluated methods, DisCL achieves the highest scores
in both OOD and ID generalization, underscoring its ef-
fectiveness for low-quality classification. Moreover, our
model could still deliver performance improvements on
larger model when using ViT-L/14, as shown in Fig 3; DisCL
achieves gains of 2.8% in OOD F1 and 3.7% in ID F1. These
findings reinforce the versatility and robustness of the DisCL
framework across different model scales and complexities.
We further study the performance of model after employing
WE method. DisCL still benefits from this method and main-
tains superior performance compared to other methodologies,
despite integrating prototypical features from synthetic data
that might overlap with the pretrained model’s knowledge.

5. Ablation Study and Analysis
5.1. Effect of Syn-to-Real Interpolation Data

We examine the effectiveness of using a spectrum of data gen-
erated with our DisCL method, by comparing All-Level Guid-
ance and Text-only Guidance rows in both the task tables (IN-
LT and iWildCam). For IN-LT results in Table 1, All-Level
Guidance brings ~1.27% gain in few-class accuracy, along-
with significant gains across other class-categories. Likewise,
All-Level Guidance shows a superior ID and OOD perfor-

mance as compared to Text-only Guidance for the iWildCam
as well, see Table 4. These findings corroborate that utiliz-
ing a spectrum of data with multiple guidance levels helps
mitigate the negative effects of the distribution gap.

5.2. Effect of Curriculum Learning Strategy

Long Tail Classification We compare the impact of our
Diverse to Specific curriculum strategy tailored for IN-LT
task against other strategies, notably All-Level Guidance
which employ no curriculum and uses all synthetic data. The
Diverse to Specific demonstrate a higher few-class accuracy
with a margin of 4.47%, see Fig. 4a. We then compare it
with a reverse strategy Specific-to-Diverse, and found the
latter one to be worse. The reverse strategy can overfit model
to real distribution early on, increasing the gap between real
and synthetic data; hence, later-stage training on the data
with larger distribution gap can decrease models’ few-class
accuracy. For IN-LT, we also try Adaptive strategy (mainly
developed for learning from low-quality data), in which strat-
egy’s progression is based on a validation set, comprising
few tail images sampled from each guidance scale and few
original images. But, validation set is scarce interms of tail
samples, which renders it ineffective for identification of
truly useful guidance. Hence, this strategy ranks as the least
effective for LT task.

Learning from Low Quality Data For iWildCam task, we
study the effect of our designed Adaptive strategy, catering
to the challenge of learning from low quality data. As shown
in Fig. 4b, for this task, Adaptive surpasses the All-Level
Guidance with a clear margin, underscoring the benefit of
using progressive curriculum over using all synthetic data.
Further comparisons with the Non-Adaptive curricula includ-
ing Easy-to-Hard and Random, show an impactful increase
in OOD F1, while using our Adaptive.

These findings highlight how the structured data selection
used in Diverse-to-Specific, is more effective in directing
model’s focus on scarce data (classes), however, when deal-
ing with real-world low-quality data, an Adaptive strategy is
more successful in adjusting to models’ needs by adaptively
selecting the suited data.

5.3. Effect of CLIPScore Threshold

Long Tail Classification Our analysis of CLIPScore dis-
tribution on IN-LT generated data leads us to infer that the
best CLIPScore threshold for filtering is 0.3 (detailed ex-
plained in the Appendix A.2.2). We then assess different
CLIPScore thresholds with the Diverse to Specific curricu-
lum strategy, by experimenting with different values: lower
(0.28), and higher (0.32), shown in Fig. 4c. However, we find
that changing the CLIPScore threshold does not significantly
affect the performance. As shown in Fig. 6b, CLIPScore
of synthetic data remains concentrated, as Stable Diffusion
model performs well on generating high-quality images for
ImageNet classes. Changes in the CLIPScore threshold will
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Figure 4. Ablation study of Curriculum Strategies (a,b) and CLIP-
Score Thresholds (c,d) & on ImageNet-LT and iWildCam respec-
tively. Error bar reports the standard deviation of each experiment.

not significantly affect the quality of synthetic images and
corresponding effects in downstream classification tasks.

Learning from Low Quality Data In the iWildCam task,
we identify the optimal threshold as 0.25. To further validate
this choice, we experiment with nearby thresholds (0.23
and 0.27) with the chosen Adaptive Curriculum strategy
suited for low-quality image classification. As depicted
in Fig. 4d, the 0.25 threshold markedly improves OOD
performance compared to other CLIPScore thresholds.
Unlike the ImageNet dataset, the iWildCam images are
characterized by significant difficulty and poor quality,
leading to high variance in CLIPScores of synthetic data (as
shown in Fig. 7b). In this scenario, adjusting the CLIPScore
threshold can impact model performance. When a higher
threshold is used, the selected synthetic images include
more prototypical visual features but they are less similar to
the original images. Hence, they improve OOD performance
but lead to a drop of ID F1 score.

The ablation study results on two classification tasks
demonstrate that the selection of the CLIPScore threshold
should be carefully aligned with the generation quality in-
herent to the task-at-hand.

5.4. Scaling Synthetic Data for Long Tail Learning
We empirically analyze the effect of scaling synthetic tail
data on IN-LT performance using ResNet-10 model in Fig.5.
DisCL consistently improves the few class accuracy upto
3-4X scale ; however, beyond this point, the gains diminish
with a slight degradation in both many and medium classes.
As aresult, we chose to use 3X scale of synthetic tail data
for all DisCL training experiments. Notably, many-class
accuracy shows the lowest degradation across scaling, con-
firming the findings of long-tail learning that hard-sample
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Figure 5. Ablation study on scale of Synthetic data (generated for
tail class samples) used in DisCL training with ResNet-10 on IN-LT
task. Here X refers to the original number of tail classes’ samples.

synthetic data can improve tail class generalization without
disrupting many-class representations.

6. Conclusion

In this paper, we introduce DisCL, a novel paradigm de-
signed to enhance model performance when dealing with
low-quality or scarce data. DisCL effectively bridges the
distribution gap between original and target data using a spec-
trum of synthetic data, particularly for challenging samples.
Our method utilizes image guidance in diffusion models to
generate a comprehensive range of interpolated data from
synthetic to real. Additionally, we design specific curric-
ula to maximize the benefits of synthetic data for learning
hard samples and closing the gap between synthetic and real
data. The efficacy of DisCL is demonstrated through its
significant and robust performance improvements in long-
tail classification and learning from low-quality data, across
various base model settings. Our analyses reveal that the
interpolation of synthetic-to-real data, the selection of guid-
ance intervals, and the proposed curriculum strategy are all
essential components contributing to these gains.

Despite the promising results, the performance of DisCL
is influenced by certain limitations. The quality of the gen-
erated data spectrum is dependent on the capabilities of the
diffusion model and the visual-text alignment ability of fil-
tering models. These dependencies constrain the overall
performance of DisCL. Additionally, the current approach
to generate text prompts for long-tail classification relies
solely on category names derived from large language mod-
els (LLMs). To better align with the real data distribution
and to reduce the gap between synthetic and real data, fu-
ture works could focus on generating text prompts from
image captions. Lastly, discrepancies in the position and
size of class objects between real and synthetic images can
widen the distribution gap. Addressing this issue may in-
volve detecting objects and performing crop operations on
real images or using detailed prompts to control these prop-
erties in synthetic data. These areas present opportunities for
further research and improvement.
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