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Abstract

Generative models have become a powerful tool for synthe-
sizing training data in computer vision tasks. Current ap-
proaches solely focus on aligning generated images with
the target dataset distribution. As a result, they capture only
the common features in the real dataset and mostly gener-
ate “easy samples”, which are already well learned by mod-
els trained on real data. In contrast, those rare “hard sam-
ples”, with atypical features but crucial for enhancing perfor-
mance, cannot be effectively generated. Consequently, these
approaches must synthesize large volumes of data to yield
appreciable performance gains, yet the improvement remains
limited. To overcome this limitation, we present a novel
method that can learn to control the learning difficulty of sam-
ples during generation while also achieving domain align-
ment. Thus, it can efficiently generate valuable “hard sam-
ples” that yield significant performance improvements for tar-
get tasks. This is achieved by incorporating learning diffi-
culty as an additional conditioning signal in generative mod-
els, together with a designed encoder structure and train-
ing–generation strategy. Experimental results across multi-
ple datasets show that our method can achieve higher per-
formance with lower generation cost. Specifically, we ob-
tain the best performance with only 10% additional synthetic
data, saving 63.4 GPU hours of generation time compared to
the previous SOTA on ImageNet. Moreover, our method pro-
vides insightful visualizations of category-specific hard fac-
tors, serving as a tool for analyzing datasets.

Code — https://github.com/komejisatori/Difficulty-Aware-
Synthesis

Introduction
Manually collecting and annotating a large number of im-
ages for training visual task models is time-consuming and
labor-intensive. Recently, the rapid advancement of image
generation models (Dhariwal and Nichol 2021; Ho, Jain,
and Abbeel 2020) offers a promising way to synthesize new
training data automatically.

Training data synthesis methods (Sarıyıldız et al. 2023;
Vendrow et al. 2023; Zhou, Sahak, and Ba 2023) have
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Figure 1: Our method generates images with controllable
learning difficulty that align with specified difficulty score
prompts. The score on each image is computed by a pre-
trained classifier. Additionally, our method reveals and visu-
alizes the factors that contribute to sample difficulty.

successfully enhanced model performance by augmenting
the original datasets with images synthesized by generation
models. A general pipeline is to use text-to-image genera-
tion models with text prompts related to target class names
to generate training data.

Images generated by off-the-shelf diffusion models, how-
ever, often suffer from a distribution mismatch with the tar-
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get dataset, reducing their effectiveness for training. Recent
work (Yuan et al. 2024) addressed this issue by fine-tuning
generation models on target real datasets to align distribu-
tions. However, this approach introduces new limitations:
(1) The fine-tuned model tends to generate easy samples that
reflect only the dominant features of the target dataset. These
synthetic samples have low learning difficulty, as similar real
images are already abundant in the dataset. Consequently,
they contribute less to improving the target task. (2) The
generation of hard samples is extremely limited. However,
these samples, which have higher learning difficulty, are of-
ten more effective for enhancing target task performance be-
cause they contain minority or atypical features of the target
dataset. Thus, a dilemma arises in current methods: without
fine-tuning, generated images suffer from distribution mis-
match, while aligning domains through fine-tuning leads to
primarily generating samples with low learning difficulty.

We address this dilemma by introducing learning diffi-
culty as an additional conditioning signal during fine-tuning
and generation. The model can thus capture the features of
samples with different learning difficulties while still main-
taining domain alignment. We fine-tune the pretrained text-
to-image model using both difficulty score prompts and text
prompts as conditioning inputs. Then, the model can gener-
ate new samples at specified difficulty levels by adjusting the
input difficulty score prompt. Our approach can disentan-
gle learning difficulty from the domain alignment process,
enabling the generation of samples with varying difficulties
while maintaining domain consistency.

Extensive experiments across multiple image classifica-
tion datasets demonstrate the effectiveness of our proposed
method in generating samples with controllable learning dif-
ficulty, thereby improving the performance of the target task
more efficiently. Furthermore, our method enables the vi-
sual analysis of class-wise hard factors, providing insights
into what makes certain class samples difficult in the target
dataset. Our contribution can be summarized as follows,

• We show that domain alignment alone causes models to
generate mostly easy samples, which provide only lim-
ited performance gains.

• We propose a difficulty-controlled generation framework
that can be used to synthesize samples with targeted
learning difficulty, thus improving performance on target
tasks more efficiently.

• We validate our method across multiple image classifica-
tion tasks, demonstrating its effectiveness in both provid-
ing valuable training samples and capturing factors that
affect sample difficulty for visualization.

Related Work
Conditioned Image Generation
Diffusion models are one of the mainstream tools for gen-
erating images (Dhariwal and Nichol 2021; Ho, Jain, and
Abbeel 2020; Ho and Salimans 2021; Nichol and Dhariwal
2021; Song, Meng, and Ermon 2021; Liu et al. 2022a). Start-
ing from Gaussian noise, these models iteratively predict
the noise to be removed at each step, gradually denoising

samples to obtain high-fidelity outputs. Many contemporary
methods (Kim, Kwon, and Ye 2022; Ramesh et al. 2021;
Ding et al. 2021; Gafni et al. 2022) leverage text prompts en-
coded by CLIP (Radford et al. 2021) to guide the denoising
process. Notably, Latent Diffusion (Rombach et al. 2022)
conducts denoising in a latent space before decoding the
denoised latents into pixel space. Various approaches have
been explored to enhance control over the generation pro-
cess through different conditioning signals, such as image-
based guidance (Mou et al. 2023; Kawar et al. 2023; Ruiz
et al. 2023; Brooks, Holynski, and Efros 2023; Avrahami,
Lischinski, and Fried 2022; Wang et al. 2022), composi-
tional conditioning (Liu et al. 2022b; Park et al. 2021; Huang
et al. 2023), and layout guidance (Mao, Wang, and Aizawa
2023; Zhang, Rao, and Agrawala 2023; Li et al. 2023b;
Voynov, Aberman, and Cohen-Or 2023). In contrast to these
works, we propose a novel form of generation guidance us-
ing a score reflecting the learning difficulty of training sam-
ples.

Training Data Synthesis
Synthetic images have proven effective for serving as new
training data in deep learning vision tasks, thereby saving
the cost of collecting and labeling real-world data. Early
works (Zhang et al. 2021; Besnier et al. 2020) utilize gen-
erative adversarial network (GAN)-based models. Recent
works apply more powerful diffusion models for data syn-
thesis. Several approaches directly utilize off-the-shelf pre-
trained diffusion models: Sariyildiz et al. (Sarıyıldız et al.
2023) applied text prompt engineering strategies to im-
prove the diversity of generated results. Huang et al. (Huang
et al. 2024) augment misclassified real data by using them
as image guidance for the diffusion model. Meanwhile,
some works (Vendrow et al. 2023; Zhou, Sahak, and Ba
2023) leverage textual inversion techniques to encode class-
specific characteristics from real data into new tokens. Re-
cent methods point out the importance of aligning the dis-
tribution between synthetic and real data. This is achieved
by fine-tuning the diffusion models using real data. Azizi et
al. (Azizi et al. 2023) finetuned the Imagen (Saharia et al.
2022) model for data generation. Real-Fake (Yuan et al.
2024) theoretically shows that fine-tuning achieves domain
alignment. They apply the more effective Low-Rank Adap-
tation (LoRA) (Hu et al. 2022) approach to fine-tune the
Stable Diffusion (Rombach et al. 2022) model. These fine-
tuning methods, however, tend to reproduce dominant fea-
tures of the target dataset and consequently generate mostly
easy samples. In contrast, our method can generate samples
with appropriate difficulty in the target domain, thus further
improving the performance.

Preliminary
In this section, we first introduce the setting of training
data synthesis. Then, we introduce our investigation of the
dilemma of previous training data synthesis methods.

Task Setting
Following previous methods (Azizi et al. 2023; Yuan et al.
2024), we evaluate our method on basic image classification
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Data Real only + Synthetic data

Easy Medium Extremely hard

Acc. 95.0 95.2 (+0.2) 95.8 (+0.8) 94.6 (−0.4)

Table 1: Classification accuracy when real data is augmented
with synthetic data from different difficulty score ranges.
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Figure 2: KDE distribution curve of difficulty scores. Sim-
ply fine-tuning on the whole target dataset biases the model
toward generating easy images.

tasks. Training data synthesis leverages generative models,
typically text-to-image diffusion models, to augment a target
dataset Dt = {xi, yi}nt

i=1 with synthetic images and labels
Ds = {x′

i, y
′
i}

ns
i=1, where xi and x′

i denote the real and syn-
thetic images. yi, y′i denote the labels for the classification
task. The combined dataset D = Dt ∪ Ds can be used to
train a target classification model, which typically outper-
forms models trained solely on Dt.

Investigation
Previous methods aligned the domain of Ds with Dt by fine-
tuning the generative model. However, we investigated their
generated data from the learning difficulty perspective and
found that they are dominated by “easy samples”.

Difficulty Score. We define a difficulty score s to repre-
sent the learning difficulty of a sample. Given c ∈ (0, 1) as
the predicted probability of the ground-truth class produced
by a classifier after the softmax activation, the score is com-
puted as

s = 1− c. (1)
Thus, a higher difficulty score leads to a sample with higher
learning difficulty for the model and vice versa.

Dilemma of Current Methods. We then analyzed the dif-
ficulty score distribution and its impact on target-task perfor-
mance using the recent Real-Fake method, and found that
the generated samples are dominated by easy examples. We
used Imagenette (Howard 2019) as the target classification
dataset and applied a ResNet-50 (He et al. 2016) model pre-
trained on the training split to compute the difficulty score.
Based on our experiments, we found that:

(1) Current methods mainly generate easy samples. We
first compared the difficulty score distribution of Dt and Ds

generated by Real-Fake. We generated the same number of
images as the real training dataset and assessed the difficulty
score. The Kernel Density Estimation (KDE) distributions
in Fig. 2 show that the synthetic data distribution is more
extreme and dominated by easy samples.
(2) Samples with appropriate difficulty are more effec-
tive. We further analyzed the relationship between the diffi-
culty score and the improvement effect on the target task.
We divided the difficulty score s ∈ (0.0, 1.0) into three
levels: Easy (0, 0.33), Medium (0.33, 0.66), and Extremely
Hard(0.66, 1). Then we generated and selected the same
amount of data (25% of the real training set) for each dif-
ficulty level. The results in Table 1 show that synthetic data
with a medium-level difficulty score yields the most signifi-
cant training improvements. However, Real-Fake is highly
inefficient at generating such samples as the medium-
difficulty examples constitute only about 1% of all generated
images (Fig. 2). As a result, a large amount of additional
data needs to be generated to filter out a sufficient number
of medium-difficulty samples. Meanwhile, using only ex-
tremely hard samples degrades training performance, high-
lighting the importance of controllable sample difficulty.

Difficulty Controlled Dataset Synthesis
Previous methods suffer from the above dilemma because
their strategies, while achieving domain alignment, captured
only the dominant features of the target dataset. Motivated
by this observation, we propose a method that disentangles
(1) domain alignment and (2) difficulty-aware feature mod-
eling. We achieve this by introducing learning difficulty as
an explicit conditioning to control the image generation pro-
cess. Fig. 3 illustrates the structure of our model and the
fine-tuning pipeline. For the model structure, we incorpo-
rate a difficulty encoder into a standard text-to-image diffu-
sion model. During fine-tuning, the model is trained on data
annotated with difficulty scores and text prompts. With our
method, the learning difficulty of generated images can be
controlled by adjusting the input difficulty score prompt.

Model Structure
We adopt the text-to-image Stable Diffusion (Rombach et al.
2022) model for image generation. The model consists of a
CLIP text encoder and a denoising U-Net. Additionally, we
introduce a difficulty encoder to condition the model on the
input difficulty score.

Difficulty Encoder. To establish the mapping relationship
between difficulty scores and the characteristics of samples,
we construct a difficulty encoder, Ed, which is a multilayer
perceptron (MLP) model that projects the difficulty score of
the ith sample into a latent embedding hi for controlling the
generation.

Although samples may share the same difficulty score,
their visual characteristics can differ substantially across cat-
egories. Thus, the difficulty encoder must produce distinct
embeddings for different categories. Therefore, our diffi-
culty encoder takes as input the concatenation of the cate-
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Figure 3: Overview of our method. Left: Real training images are annotated with a text caption and a difficulty score assessed
by a pretrained classifier. Right: A difficulty encoder is integrated into the text-to-image diffusion model. The model is fine-
tuned to incorporate the difficulty score as an additional condition.

gory labels and the difficulty score, i.e., hi = Ed([yi]⊕ [si]),
where ⊕ indicates a concatenation operation.
hi is concatenated with the CLIP text-prompt embedding

produced by the pretrained CLIP encoder Etext in the Stable
Diffusion model, as illustrated in Fig. 3. We use the con-
catenated embeddings, τi = Etext (pi) ⊕ hi, to guide the
generation process, enabling control based on both the text
description p and the difficulty score.

Difficulty Controlled Fine-Tuning
Data Preparation. To fine-tune the text-to-image model
on the target dataset Dt using our method, we generate dif-
ficulty scores and text prompts for each training sample.

For difficulty score, we use a classifier pretrained on Dt

to compute each sample’s score s, as defined in the Investi-
gation section. Note that we do not depend on any specific
classifier architecture for scoring. For text prompts, each im-
age is paired with a text caption p in the form of “a photo
of [CLS]”, where [CLS] denotes the category name in
the target dataset. In contrast to previous works using com-
plex prompts generated by pretrained captioning models, we
adopt a simple template during training, enabling difficulty
control to be handled by the difficulty encoder rather than by
prompt complexity.

Finally, the original target dataset Dt is extended to D′
t =

{xi, yi, si, pi}nt
i=1, where si and pi denote the assigned dif-

ficulty score and text prompt for the image.

Optimization with Difficulty Condition. The difficulty
encoder is trained from scratch. And we employ Low-Rank
Adaptation (LoRA) (Hu et al. 2022) to efficiently fine-tune
the diffusion model on our prepared dataset. The model is
trained to predict the added noise ϵ given a noised latent zt
at timestep t ∈ {1, . . . , T}, using the conditioning input.
The denoising loss is formulated as:

L = EE(x),τ ,ϵ∼N (0,1),t

[
∥ ϵ− ϵ(θ,δ)(zt, t, τ ) ∥22

]
, (2)

where δ denotes the parameters of LoRA layers.
During the training process, LoRA enables efficient fine-

tuning of the diffusion model to denoise perturbed images,
ensuring the generated outputs align with the target dataset
distribution. Simultaneously, the difficulty encoder learns to
project difficulty scores into a latent space to control the
generation process. The distinct roles of these two learn-
able components effectively disentangle the domain align-
ment and difficulty control.

Difficulty Controlled Data Synthesis
After optimizing on the target dataset, we employ the model
for training data synthesis. For each class in the target classi-
fication task, we use class-specific text prompts and sample
difficulty scores from a predefined distribution.

For text prompts, unlike during training, where simple
templates are used, we adopt more diverse text descriptions,
following Real-Fake, to enhance generation diversity. For
the difficulty score distribution, we sample the difficulty
score s from a Gaussian distribution s ∼ N (µ, σ), where
µ is centered around a mid-level difficulty, and the standard
deviation σ controls the degree of diversity. We experimen-
tally found the suitable µ, σ during generation.

The generated images are then used to augment the tar-
get dataset and enhance classification performance. We ex-
perimentally demonstrate that our method effectively con-
trols difficulty while remaining compatible with diverse text
prompts.

Hard Factors Extraction
Our difficulty encoder generates latent embeddings corre-
sponding to specific levels of learning difficulty. This allows
our method to analyze difficulty-inducing visual factors in-
herent in the target dataset. To achieve this, we generate im-
ages conditioned solely on difficulty scores, without using
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Imagenette CUB Cars EuroSAT

Real only SD w/o finetune Real-Fake Ours

Figure 4: Top-1 classification accuracy (%) on various tasks with ResNet-50 model. The x-axis denotes the ratio of additional
synthetic images. All results are averaged over three runs, and shaded regions represent the standard deviation. The detailed
numerical results are provided in the appendix.

Method Synthetic data ratio

Real only 5% 10% 25% 50% 75% 100%

Generation time (GPU hours) 0 7.9 15.9 39.6 79.3 118.9 158.5

SD w/o finetune
78.21

77.96 77.90 77.80 77.91 77.73 77.64
Real-Fake (Yuan et al. 2024) 78.32 78.61 78.68 78.73 78.70 78.62
Ours 78.47 78.74 78.76 78.73 78.71 78.63

Table 2: Top-1 classification accuracy (%) on ImageNet with ResNet-50. GPU hours are measured on a single NVIDIA A100
GPU with a generation batch size of 128. The difficulty encoder introduces an additional latency of only 8%. Therefore, all
reported timings are based on the original Stable Diffusion model.

Standard deviation σ = 0.1

Mean value (µ) 0.3 0.5 0.7 0.9

Acc. 95.8 96.4 96.0 95.2

Mean value µ = 0.5

Standard deviation (σ) 0.00 0.01 0.10 0.50

Acc. 95.8 95.8 96.4 96.0

Table 3: Classification accuracy on Imagenette under differ-
ent difficulty score distributions. A synthetic data ratio of
75% is used.

any text prompts, thereby isolating the visual features asso-
ciated with different levels of difficulty. We demonstrate this
analysis in our experiments.

Experiments
Implementation Details
Target Tasks and Models. We use Imagenette (Howard
2019), CUB (Wah et al. 2023), Cars (Krause et al. 2013),
and ImageNet (Deng et al. 2009) as target taskss. For the
target classifiers, we use ResNet-50, ResNet-101 (He et al.
2016), and ViT-Small (Dosovitskiy et al. 2020). The train-
ing settings follow Real-Fake (Yuan et al. 2024) for a fair
comparison.

Model ViT-small ResNet-50 ResNet-101

Real only 82.6 95.0 95.6
Real-Fake 84.8 95.4 95.8
Ours 86.0 96.4 96.8

Table 4: Classification accuracy of different model structures
on Imagenette. A synthetic data ratio of 75% is used.

Diffusion Model. We use the pretrained Stable Diffusion
v1.5 (Rombach et al. 2022) with an image resolution of
512 × 512, following the same configuration as Real-Fake.
Our implementation is based on the Diffusers library (von
Platen et al. 2022) library, and the LoRA (Hu et al. 2022)
fine-tuning schedule follows its default configuration.

Training Data Synthesis. We augment the real training
data for each classification task by generating synthetic im-
ages at various ratios. Generation is performed using the de-
fault PLMS sampler with 30 steps and a guidance scale of
2.0. Following Real-Fake, we use captions generated by the
pretrained BLIP-2 model (Li et al. 2023a) for Imagenette
and ImageNet, and simple prompts of the form “a photo
of [CLS]” for the other datasets. Difficulty scores are
sampled from a Gaussian distribution with mean µ = 0.5
and standard deviation σ = 0.1. Other detailed settings are
reported in the appendix.
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Figure 5: Visualization of synthetic images from four classes
in Imagenette, with different difficulty score inputs shown
on the left. Easy and hard samples from the target dataset are
also shown for comparison. The numbers on the images are
difficulty scores assessed by a pretrained ResNet-50 model.

Training Performance of Synthetic Data
Classification Accuracy. To evaluate the effectiveness of
our method, we augment the real training split in each task
with varying amounts of synthetic data generated by three
methods: (1) our proposed approach, (2) Real-Fake, and (3)
a Stable Diffusion model without fine-tuning. Fig. 4 presents
results on Imagenette, CUB, Cars, and EuroSAT. The re-
sults indicate that our method achieves higher accuracy
using fewer synthetic samples. For example, on the Cars
dataset, our method improves accuracy by over 1.2% com-
pared to Real-Fake. Table 2 reports the results on ImageNet,
showing that generating only an additional 10% of data
with our method is sufficient to surpass Real-Fake’s best
result, while significantly reducing generation cost by ap-
proximately 63.4 GPU-hours of generation time. Moreover,
compared to other methods, our method achieves more sta-
ble improvements over training with real data only.

Parameter Optimization. We further analyze the hyper-
parameters used in our data synthesis strategy. Table 3
shows the effect of the difficulty score distribution param-
eters (µ, σ) on classification accuracy. The results show that
our method enables effective tailoring of the synthetic data
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Figure 6: Difficulty score distributions of the real datasets
(blue) and 100 randomly generated images (orange) using
our method, shown for two datasets. X-axis: difficulty score;
Y-axis: KDE density. Each row corresponds to a different
difficulty score input, as indicated on the left. All difficulty
scores are assessed by a pretrained ResNet-50 model.

Real data Our methodReal-Fake

Figure 7: T-SNE visualization of features extracted by a pre-
trained ResNet-50 for samples from the same class in Ima-
genette.

to each target dataset by simply tuning the difficulty score
distribution. Moreover, our method exhibits robustness to
parameter selection, consistently outperforming Real-Fake
across a broad range of µ and σ values.
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0.36

Target Hard Samples

Crowded humans

Hard Factors

Obvious vehicles
Clean backgrounds

Target Easy Samples

Synthetic Hard Samples Synthetic Easy Samples

Easy Factors

Figure 8: Hard factor visualization for the “garbage truck”
category in Imagenette. Our method captures both hard and
easy factors associated with the sample’s learning difficulty.

Various Model Structures. Table 4 shows the effective-
ness of our method on various model structures, including
CNN and Transformer-based models. All synthetic data are
generated using difficulty scores assessed by a ResNet-50
model pretrained on the target dataset. This demonstrates
that our method does not rely on using the same model ar-
chitecture for data preparation and final training.

Controlling Efficacy of Difficulty
Visualization. We randomly generate 100 samples with
each of the difficulty scores 0.3, 0.5, and 0.7. Representa-
tive examples of generated images are shown in Fig. 5. The
generated samples exhibit visual properties consistent with
those of real data at corresponding difficulty levels.

Difficulty Score Distribution. Fig. 6 shows the difficulty
score distributions of the generated images. This demon-
strates that our method effectively controls the learning dif-
ficulty of generated data, addressing a key limitation of ex-
isting methods that tend to produce mostly easy samples.

Feature Distribution. We compare the feature distribu-
tions of images generated by our method and Real-Fake. As
shown in Fig. 7, our method generates samples that more ef-
fectively delineate the boundaries of the feature distribution
of real data, whereas Real-Fake’s samples tend to cluster to-
gether. This indicates that our method effectively disentan-

Photo of 
garbage truck

+ on the beach + with dogs

0.53 0.80 0.51

Condition Difficulty: 0.7

0.29 0.100.37

Condition Difficulty: 0.3

Figure 9: Our method supports diverse text prompts and can
reflect both textual semantics and the target difficulty score.

gles difficulty control from the domain alignment process.

More Analysis
Hard Factor Visualization. Omitting the text prompt dur-
ing generation allows our method to reveal the visual fac-
tors associated with different difficulty levels for the tar-
get dataset. As shown in Fig. 8, generated samples in the
“garbage truck” category reveal that hard examples typically
depict crowded scenes, while easy ones feature clearly vis-
ible vehicles and uncluttered backgrounds. Similar analyses
for other categories are provided in the appendix.

Compatibility with Diverse Text Prompts. Despite be-
ing fine-tuned on simple text prompts, our method general-
izes well to more diverse inputs, as illustrated in Fig. 9. The
results show that our method successfully aligns with both
difficulty scores and diverse text prompts. This enables the
integration of our method with captions generated by pow-
erful vision-language models (Lei et al. 2023), enabling the
synthesis of more diverse images.

Conclusions
In this paper, we demonstrate the critical role of appro-
priately difficult samples in model training. We identify a
fundamental limitation in existing training data synthesis
methods: domain alignment alone causes models to capture
only common features and to generate mostly easy sam-
ples. To overcome this, we propose a generation method that
conditions on learning difficulty to disentangle difficulty-
aware feature modeling from domain alignment. We vali-
date the effectiveness of our method through extensive ex-
periments by evaluating classification performance and the
difficulty distributions of the generated samples. In addition,
our method serves as a useful tool for the visual analysis of
hard factors within datasets.
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