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Abstract

Generative diffusion models show promise for data augmen-
tation. However, applying them to fine-grained tasks presents
a significant challenge: ensuring synthetic images accurately
capture the subtle, category-defining features critical for high
fidelity. Standard approaches, such as text-based Classifier-
Free Guidance (CFG), often lack the required specificity, po-
tentially generating misleading examples that degrade fine-
grained classifier performance. To address this, we propose
Hierarchically Guided Fine-grained Augmentation (HiGFA).
HiGFA leverages the temporal dynamics of the diffusion sam-
pling process. It employs strong text and transformed con-
tour guidance with fixed strengths in the early-to-mid sam-
pling stages to establish overall scene, style, and structure.
In the final sampling stages, HiGFA activates a specialized
fine-grained classifier guidance and dynamically modulates
the strength of all guidance signals based on prediction confi-
dence. This hierarchical, confidence-driven orchestration en-
ables HiGFA to generate diverse yet faithful synthetic images
by intelligently balancing global structure formation with pre-
cise detail refinement. Experiments on several FGVC datasets
demonstrate the effectiveness of HiGFA.

Code — https://github.com/ZhiguanglLuu/HiGFA

Introduction

Deep learning models have achieved remarkable success
across various domains, yet their performance in specialized
tasks like fine-grained visual classification (FGVC) often
hinges on large, diverse, and accurately labeled datasets. Ac-
quiring such datasets can be prohibitively expensive and
time-consuming. Data augmentation techniques are crucial
for mitigating data scarcity and improving model general-
ization. While traditional augmentation methods, such as
geometric transforms, color jittering, offer limited diversity,
generative models, particularly diffusion models (Ho, Jain,
and Abbeel 2020; Song et al. 2021; Rombach et al. 2022;
Podell et al. 2024), provide a promising alternative to syn-
thesizing novel and realistic data samples. Typically, existing
methods utilize class text or image structure as conditions to
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Figure 1: Accurately depicting the red shoulder patches of
the Red-winged Blackbird is essential for fine-grained classi-
fication. More examples are provided in Appendix.

guide generation and assume the output matches the target
category (Trabucco et al. 2024; He et al. 2023; Zhang, Rao,
and Agrawala 2023; Michaeli and Fried 2024). Compared
to traditional data augmentation, this technical route signif-
icantly increases data diversity, thereby improving model
generalization in downstream tasks.

Unfortunately, without careful design, these methods are
inferior to traditional augmentation in fine-grained visual clas-
sification tasks due to the insufficient fidelity to fine-grained
categories. Specifically, fine-grained categories often differ
only in subtle characteristics, such as the specific shape of a
bird’s beak, the precise pattern on an insect’s wing, or subtle
variations in car model designs. However, text descriptions
and image contours fail to faithfully capture these subtle
and category-defining visual attributes. For instance, as illus-
trated in Figure 1, generating an image labeled “Red-winged
Blackbird” that omits its distinctive red shoulder patches,
or depicts them with incorrect coloration or placement, in-
troduces semantic mismatching that will degrade classifier
performance.

In light of this, this work explores the following key ques-
tion:

How to achieve both diversity and fine-grained
fidelity in generative augmentation?

To investigate the solution to the aforementioned ques-
tion, we propose a Hierarchically Guided Fine-grained
Augmentation method (HiGFA ) that progressively incorpo-
rates conditions for controlling diversity and fidelity. Specifi-
cally, we jointly consider three conditions: 1) Text guidance
for diversity, which defines the overall scene, style, and coarse
object attributes; 2) Diversity-enhanced Contour guidance



for structure fidelity, which ensures realistic object struc-
ture and integration with scene; 3) Fine-grained classifier
guidance for category-specific fidelity, which ensures that
the generated objects preserve the discriminative character-
istics. Utilizing a conditional diffusion model (Zhang, Rao,
and Agrawala 2023) with three guidance, we can generate
samples with both high diversity and strong category fidelity.

To avoid conflicts among the three types of guidance, this
paper further proposes a dynamic guidance mechanism. Rely-
ing on static weighting for these signals is inherently fragile.
For example, strict adherence to contour guidance may en-
force a subject’s pose but conflict with background described
in the text prompt, resulting in an unnatural “cutout” effect.
Similarly, excessive classifier guidance can make image col-
lapse. Given that the optimal balance between these signals
varies on an image-by-image basis, our approach leverages
the observation that diffusion models generate images pro-
gressively, from coarse to fine(Li and Chen 2024; Raya and
Ambrogioni 2023; Benita, Elad, and Keshet 2025; Koulischer
et al. 2025).

Consequently, we exploit this inherent temporal dynamic
by controlling the guidance strengths with the classification
confidences. The generation process begins with a warm-
up phase where text and contour guidance predominantly
shape low-frequency image components, establishing global
structure. Following this initial phase, classifier guidance is
activated. The relative strengths of all three guidance signals,
text, contour, and classifier, are then dynamically modulated
based on the evolving classification confidence. Specifically,
when high class fidelity is rapidly attained for a sample, indi-
cated by high classifier confidence, the weight of the classifier
guidance is progressively reduced, allowing text and contour
cues to exert greater influence and thereby promote diversity.
Conversely, for samples where achieving fine-grained fidelity
proves more challenging, evidenced by lower confidence, the
classifier guidance maintains a pronounced role, ensuring
that category-specific details are accurately rendered until
satisfactory confidence levels are reached.

In a nutshell, the contributions of this work are as follows:

* We propose HiGFA, a unified framework that synergisti-
cally integrates hierarchical guidance sources (text, con-
tour, classifier) within the diffusion process.

* We apply geometric transformations on contour maps
to enhance sample diversity and implement a dynamic
strategy to maintain a balance between global structure
and fine-grained details.

* We demonstrate that HiGFA generates diverse, high-
fidelity augmented images, leading to superior perfor-
mance on FGVC tasks compared to existing generative
augmentation methods.

Related Work

Data Augmentation via Generative Models. Generative
models can synthesize novel and diverse examples that poten-
tially lie outside the empirical support of the original training
set, enriching the underlying data manifold. Early work em-
ployed generative adversarial networks (GANs) (Goodfellow
et al. 2014) to synthesize additional samples for minority
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classes in imbalanced classification and fine-grained classifi-
cation tasks (Mariani et al. 2018; Zhang et al. 2021). Several
studies (Hemmat et al. 2023; Trabucco et al. 2024; He et al.
2023; Shama Sastry, Dumpala, and Oore 2024) have demon-
strated that using diffusion models for data augmentation or
expansion can improve performance on downstream classi-
fication tasks. Some of these works, such as (Zhang et al.
2023; He et al. 2023; Dunlap et al. 2023), primarily rely on
CLIP image features and CLIP-encoded text as conditions
for data generation. However, due to the limited fine-grained
perceptual capabilities of CLIP (Hua et al. 2025, 2024; Jiang
et al. 2023; Han et al. 2025), the generated samples often fail
to accurately reflect fine-grained visual characteristics. Yang
et al. (2024) proposed guiding the generation process using
hierarchical prototypes extracted by feature extractors. How-
ever, the selection of prototypes in this method depends on
hyperparameter choices, and although this approach enforces
feature consistency, it does not explicitly encourage diversity
in the generated samples. Michaeli and Fried (2024) intro-
duced the use of ControlNet to condition generation based
on image structure and subject. However, for fine-grained
image classification, preserving only the structure and subject
is insufficient; the key performance factors typically lie in
subtle visual details, rather than in maintaining a particular
pose or object composition. Our proposed method, Hi GFA,
synergistically integrates multiple guidance sources with a
hierarchical and adaptive scheduling strategy. We enhance
diversity by applying random rotations and thin-plate spline
interpolation to manipulate the edge maps input to Control-
Net. To ensure consistency in the generated samples, we
incorporate guidance from a fine-grained classifier.

Methodology

The primary objective of employing generative models for
fine-grained data augmentation is to synthesize diverse im-
ages that faithfully represent the subtle characteristics of
specific categories, thereby enhancing the performance of
fine-grained classifiers. In this section, we first introduce
essential preliminaries on diffusion models and guided gener-
ation. We then highlight the limitations of existing diffusion-
based augmentation methods, particularly their inability to
maintain category fidelity. To address this issue, we propose a
Hierarchically Guided Fine-grained Augmentation (HiGF2)
method designed to preserve fidelity while simultaneously
improving data diversity.

Preliminaries

Diffusion Models. Diffusion models (Ho, Jain, and Abbeel
2020; Song et al. 2021; Lipman et al. 2023) are deep gen-
erative models that generate data by reversing a stochastic
process with gradually adding noise. Let xo ~ ¢(xg) be
a sample from the true data distribution. The forward pro-
cess is a Markov chain defined over 7' timesteps, injecting
Gaussian noise according to a variance schedule j3; € (0,1):
q(x¢|xi—1) = N(xe; /1 = Bixi—1, B D). Ast — T, xp
approaches an isotropic Gaussian distribution A/(0, I). The
reverse process aims to denoise x; back to x;_1, typically
modeled by a neural network €y (x¢, t) that predicts the noise
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Figure 2: An overview of our HiGFA: a) Existing diffusion-based augmentation method is insufficient to ensure category fidelity.
b) Incorporating contour guidance helps preserve scene layout and object structure, but struggles with fine-grained category
consistency and limit diversity. To enhance diversity, we apply diversity enhancement such as flipping, rotation, and thin-plate
spline interpolation. ¢) To improve fine-grained category consistency, in the later stages, our adaptive strategy incorporates
classifier guidance to balance the scale of all three guidance on a sample-wise level. Without classifier guidance, the generation
process tends to converge toward the mean of the class distribution. d) Under the combination of hierarchical guidance and
dynamic adjustment, our method generates augmented images with both high category fidelity and enhanced diversity.

added at step t. The reverse transition pg(x;—1|x:) can be
approximated as:

po(Xt—1 | X¢) = N(X¢—15 pg(xt, 1), B (x4, 1)), (1)
where g and 3¢ depend on the noise prediction €p(x¢, t). At
inference, sampling starts from x7 ~ A/(0,I) and iteratively
applies the learned reverse process to generate a sample x.
The basic diffusion model described here is unconditional.

Guided Diffusion. Conditional generation can be achieved
using guidance mechanisms. Classifier guidance (Dhariwal
and Nichol 2021) uses a pretrained classifier py(y | x) to
steer the sampling towards a target class y. The mean of the
reverse step is adjusted using the classifier’s gradient:

fro(xely) = po(xt) + 5 - B (x¢) Vi, logpe (ylx¢), (2)
where s is the guidance scale. Classifier-free guidance
(CFG) (Ho and Salimans 2022) avoids external classifiers
by jointly training a conditional model ey(x;,t,y) and an
unconditional model €y (x¢,t,?) (often by randomly drop-
ping the conditioning y during training). During sampling,
the noise prediction is extrapolated from the conditional and
unconditional predictions:

€o(xely) = €o(xe|0) + 5+ (eo(xely) — €a(xe[0)),  (3)
where s is the guidance scale, y is the condition (e.g., text
prompt), and () represents the null condition (e.g., empty
string). CFG is highly effective and widely used in large-

scale text-to-image models (Rombach et al. 2022; Esser et al.
2024; Ramesh et al. 2022; Podell et al. 2024; Han et al. 2024).
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Fidelity Challenge in Fine-grained Data
Augmentation

A primary challenge when using generative models for fine-
grained data augmentation is ensuring the synthetic images
accurately reflect the subtle, defining features of the target
category. Standard text-to-image models, often guided by
text prompts interpreted by models like CLIP (Radford et al.
2021) or LLMs (Raffel et al. 2020), struggle to capture these
fine-grained distinctions, potentially leading to generated
images with incorrect category attributes.

For instance, consider augmenting images for the “Ivory
Gull”, a seabird species characterized by entirely white
plumage, distinguishing it from most other gulls which typi-
cally have gray mantles (Jobling 2010). Existing diffusion-
based augmentation methods (Dunlap et al. 2023; He et al.
2023) typically rely on text guidance, often using classifier-
free guidance (CFG). Even with the introduction of simple
contour guidance (Michaeli and Fried 2024), these methods
can only ensure contour similarity but fail to achieve the
specificity required to preserve fine-grained key features. Fur-
thermore, maintaining fine-grained category definitions is
an image-level challenge, and using fixed guidance weights
makes it difficult to balance fidelity and diversity across all
images. This can result in generated samples that deviate
from the true category characteristics, diminishing the effec-
tiveness of the augmentation.



Hierarchically Guided Fine-grained Augmentation

The core limitation identified above is the lack of precise con-
trol at image-level over the generation process to enforce ad-
herence to fine-grained category definitions. To address this,
we propose Hierarchically Guided Fine-grained Augmenta-
tion ( HLGFA ). Our method is motivated by the observation
that diffusion models tend to generate coarse, low-frequency
information (e.g., overall structure, scene layout) during the
early stages of the reverse sampling process and progres-
sively refine high-frequency details in later stages (Li and
Chen 2024, Benita, Elad, and Keshet 2025). HiGFA lever-
ages this temporal dynamic by applying multiple forms of
guidance with varying strengths across the sampling process,
transitioning from coarse-grained control to fine-grained fea-
ture enforcement:

» Text Guidance: Primarily drives diversity by leveraging
text prompts via classifier-free guidance to define varied
global compositions, scenes, and styles. Its strong initial
influence establishes a semantically coherent foundation
for image generation.

* Diversity-enhanced Contour Guidance: Enforces struc-
tural fidelity by applying ControlNet (Zhang, Rao, and
Agrawala 2023) with transformed edge maps. This en-
sures realistic structures and seamless integration into
scene, while contour transformations further support di-
versity in object pose and layout.

* Fine-grained Classifier Guidance: Improves fine-
grained fidelity by refining category-specific visual details
during the final sampling stages. This tailored classifier
guidance accurately captures subtle, discriminative fea-
tures critical to the target class.

Text Guidance. Given a text prompt u, specifying a desired
scene, general object category, and optionally an artistic style,
we use standard classifier-free guidance (CFG, Eq. 3) to pro-
vide coarse-grained control. Following (Michaeli and Fried
2024) prompts are generated using category names and scene
descriptions, with optional style modifiers (e.g., “photorealis-
tic”, “oil painting”) introduced randomly for diversity. The
strength of CFG is controlled by a scale parameter sc¢g ().
This scale remains constant during initial sampling steps
(t =T down to Nj) to robustly establish the global structure
and style, and is dynamically adjusted during later steps.

Diversity-enhanced Contour Guidance. To maintain
structural fidelity with real images from the dataset, we incor-
porate contour guidance using ControlNet (Zhang, Rao, and
Agrawala 2023). For a reference image x from the dataset,
we extract its Canny edge map x. and condition the diffusion
process on it via ControlNet. To enhance diversity beyond
the reference image’s specific pose and structure, we apply
transformations to the Canny edge map x. before feeding.
For datasets with rigid objects (e.g., cars, airplanes), we apply
random horizontal flipping and random rotation (e.g., within
+15°). For datasets with non-rigid objects (e.g., birds, dogs),
we additionally apply thin-plate spline (TPS) warping (Book-
stein 1989) to simulate plausible deformations. Specifically,
we divide the edge map into patches, randomly select five
edge-containing patches, and perturb a point in each to create
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a target map for TPS. These augmentations encourage pose
diversity. ControlNet’s influence is governed by a condition-
ing strength parameter s, (¢), which remains constant during
the initial phase and is dynamically modulated for ¢ < Nj.

Fine-grained Classifier Guidance. To enforce category-
specific details, we employ a fine-grained classifier py(y |
x'), trained on the original dataset, as a domain-specific
expert to ensure the generated images accurately exhibit
category-specific details. This guidance is activated only
during the later sampling stages (for ¢ < IN,), when structural
elements are largely resolved and noise levels are reduced.
Let ps(y|x’) be the fine-grained classifier, where x’ is an im-
age and y is the target fine-grained label. Since the classifier
operates on images rather than latent variables, we estimate
the corresponding clean image Xo from the noisy latent x;
using the standard denoising prediction:

Xt — 1 — O_[tEQ(Xt,t)

Var ’
where a; = H§=1(1 — f3;). The predicted latent X is then
decoded to an image x; using the VAE decoder ©:

x; = D (Xo(x¢,1)).

“

ko(xh t) =

&)

The fine-grained guidance adjusts the noise prediction ey,
which already incorporates CFG and ControlNet, denoted €g.
For t < N, the adjusted noise prediction is given by:

EQ(Xtvt) = EO(Xt7t) - SCIS(t) cO0¢ - va, 10gp¢(y | X:ﬁ)7 (6)

where sq5(t) is the classifier guidance scale, and o
1.0 is the gradient scaling factor, following standard prac-
tice (Nichol et al. 2021).

Crucially, accounting for the varying difficulty in extract-
ing fine-grained features from images within the same dataset
is vital. For example, images with clean backgrounds require
minimal classifier guidance to avoid image collapse due to ex-
cessive guidance, whereas images with cluttered backgrounds
or multiple objects demand stronger guidance to preserve
class fidelity. Therefore, we propose a dynamic guidance ad-
justment mechanism that adaptively modulates the strength
of guidance based on classifier predictions, aligning it with
the complexity of individual images. All guidance strengths
are dynamically orchestrated in two phases, delineated by a
threshold timestep N. Let py(y | x;) denote the classifier’s
confidence in the target class at time . During the early steps
(t > N,), the objective is to establish global structure and
style. Both sc¢z and s are fixed, and fine-grained guidance
remains inactive. In the later steps (t < Nj), the objective
shifts to refining fine-grained details. The guidance strengths
are updated as follows:

Scfg (t) = sctg(T) - Po(y | Xi_1),

sett(t) = scu(T) - po(y | x;_1),

Sets(t) = scis(Ns) - (1 = pg(y | x1)) ,
where scgg (1) and sc1 (1) are the initial CFG and Control-

Net scales, respectively, and sqis(N;) is the initial classifier
guidance scale. When the classifier exhibits uncertain (i.e.,

N



Rigid Objects Non-Rigid Objects

Type Methods

Aircraft Cars CompCars CUB Dogs DTD

NoAug (Rao et al. 2021) 82.6 91.8 67.0 81.5 841 685

FRAug (Rao et al. 2021) 83.2 92.1 69.4 82.0 842 692

- CALAug (Rao et al. 2021) 84.9 92.4 70.5 825 846 69.7
Traditional ~ RandAug (Cubuk et al. 2020) 83.7 92.6 72.5 815 842 693
AutoAug (Cubuk et al. 2019) 84.7 92.9 73.2 82.1 84.6 068.7

RandEarse (Zhong et al. 2020) 82.5 92.3 71.4 81.2 838 695

CutMix (Yun et al. 2019) 83.0 91.7 67.3 81.8 845 69.2

Real Guidance (He et al. 2023) 83.2 92.0 72.8 822 831 682

ALIA (Dunlap et al. 2023) 83.0 91.9 72.2 80.8 83.8 68.9

) DiffuseMix (Islam et al. 2024) 81.8 92.3 72.0 81.6 84.0 68.7
Generative  DjstDiff (Yang et al. 2024) 82.4 92.1 71.8 809 842 68.8
SaSPA (Michaeli and Fried 2024) 85.2 93.0 74.4 81.7 849 69.7

Ours 86.1 93.6 75.2 82.7 858 70.8

Table 1: Performance comparison of data augmentation methods using the CAL (ResNet50) classifier across rigid and non-rigid
datasets. Results are reported as top-1 Accuracy (%). Best results are in bold, runner-up underlined, respectively.

Dataset Methods No Aug FRAug CAL-Aug RandAug AutoAug RandEarse CutMix
) Baseline  82.6 83.2 84.9 83.7 84.7 82.5 83.0
Aircraft  Qurs 85.8(+3.2) 86.1(+2.9) 87.5(+2.6) 86.6(+2.9) 86.5(+1.8) 854 (+2.9) 85.8(+2.8)
Baseline  84.1 84.2 84.6 84.2 84.6 83.8 84.5
Dogs  Qurs 85.1 (+1.0) 858 (+1.6) 86.2(+1.6) 857 (+1.5) 853 (+0.7) 84.8(+1.0) 852 (+0.7)

Table 2: Comparison of traditional augmentation methods on FGVC Aircraft and Stanford Dogs. Our method demonstrates
strong compatibility with conventional data augmentation techniques.

Ps(y | x}) is low), the guidance is amplified to steer genera-
tion more strongly toward the target class. Conversely, when
classifier confidence is high, the guidance is attenuated to
prevent overcorrection, allowing the base generation process
to continue with minimal interference. This adaptive mecha-
nism enhances stability and mitigates overfitting to classifier
biases.

Experiments
Experiment Setup

Dataset. Six FGVC benchmarks are used to evaluate
including FGVC Aircraft (Maji et al. 2013), CUB200-
2011 (Reed et al. 2016), Stanford Cars (Krause et al. 2013),
Stanford Dogs (Khosla et al. 2011), CompCars (Yang et al.
2015) and DTD (Cimpoi et al. 2014). The FGVC Aircraft,
Stanford Cars, and CompCars datasets primarily evaluate
the performance of our method on rigid objects, whereas the
CUB200-2011, Stanford Dogs, and DTD datasets assess its
effectiveness on non-rigid objects.

Comparison Methods.
the following competitors:

We compare our method against

* Traditional Augmentation Methods: FRAug(random
horizontal flipping and random rotation), CALAug (Rao
et al. 2021)(random flipping, random cropping, and color
jittering), RandAug (Cubuk et al. 2020), AutoAug (Cubuk
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et al. 2019), RandEarse (Zhong et al. 2020), CutMix (Yun
et al. 2019).

* Diffusion Based Augmentation Methods: Real Guid-
ance (He et al. 2023), a method that uses a low transla-
tion strength to preserve fidelity to the original image;
ALIA (Dunlap et al. 2023), a method that uses both
the original dataset caption and a GPT-generated sum-
mary as textual guidance; DiffuseMix (Islam et al. 2024),
an image-to-image method that leverages diffusion mod-
els to address category ambiguity introduced by mixup;
DistDiff (Yang et al. 2024), a method that uses hierar-
chical prototypes to guide sample generation, ensuring
alignment with the distribution of the original dataset;
SaSPA (Michaeli and Fried 2024), a method designed for
FGVC, utilizing ControlNet to preserve the structure and
subject of the original images.

Fine-grained Visual Classification

Implementation Details. For all generative model-based
methods, we generate two augmented images per original
image. Across all datasets, the training set consists of 40%
generated images and 60% original images, except for the
CUB dataset, where the augmentation ratio is reduced to 20%.
We add the random horizontal flipping and random rotation
to all diffusion-based methods.
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Figure 3: Performance of methods on the FGVC Aircraft, Stanford Cars, CUB, and Stanford Dogs under few-shot settings. The
results indicate that our method remains effective even when the classifier is not very reliable.

Results. The results presented in Table 1 demonstrate the
effectiveness of our proposed augmentation method across a
diverse range of fine-grained visual benchmarks, encompass-
ing both rigid and non-rigid object categories. 1) First, our
method consistently achieves state-of-the-art performance,
securing the top accuracy score on all six datasets. This
highlights the robustness and general applicability of our ap-
proach. 2) Compared to using no augmentation, our method
provides substantial gains, ranging from +1.2% on CUB to
+8.2% on CompCars, indicating the significant benefit of the
generated data. In addition, most data augmentation methods
based on generative models are superior to traditional data
augmentation methods. These results suggest that the genera-
tive approach introduces more beneficial variations than stan-
dard geometric and photometric transformations as shown in
Figure 4. 3) Notably, compared to SaSPA, which is specifi-
cally designed for FGVC and often the strongest generative
competitor, our method shows considerable improvements.
4) Table 2 presents the results of integrating our method with
commonly used traditional data augmentation techniques.
The performance improvements observed demonstrate that
our approach significantly benefits from these combinations,
further highlighting its robustness. This consistent advantage
over other state-of-the-art generative methods underscores
the effectiveness of our specific augmentation strategy.

Few-shot Learning

Implementation Details. To evaluate the performance of
our method under limited data conditions, we conduct ex-
periments in the few-shot learning setting. Specifically, we
select four datasets, Aircraft, Cars, CUB, and Dogs, along
with several representative comparison methods. And we
consider 4-shot, 8-shot, and 16-shot scenarios. In this setting,
the guidance classifier is replaced with a ResNet50 model
trained solely on the available k-shot samples. Additionally,
we increased the augmentation ratio to 0.6.

Results. As shown in Figure 3, our method consistently
outperforms other baselines in few data setting. This demon-
strates that even when the guidance classifier is unreliable,
our dynamic adjustment mechanism effectively mitigates
over-perturbation, ensuring that the generated images are not
overly influenced by the classifier.
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Text Contour Classifier Aircraft Cars CUB DTD
v 83.8 919 789 63.5
v N 853 925 802 66.6
v v v 86.1 93.6 827 70.8

Table 3: Ablation study on hierarchical guidance.

Ablation Study

Hierarchical Guidance. We select FGVC Aircraft, Stan-
ford Cars, CUB, and DTD, to perform ablation experiments
on hierarchical guidance. Table 3 shows that each compo-
nent contributes incrementally to performance improvement.
Notably, on non-rigid datasets, omitting classifier guidance
results in performance degradation may below the baseline.
This indicates that, for non-rigid categories, text and contour
guidance alone are insufficient for the generative model to
produce discriminative features. Overall, incorporating fine-
grained classifier guidance yields substantial performance
gains, highlighting its critical role in generating high-fidelity
images for fine-grained visual classification tasks.

Classifier Guidance Scale and Step. 'We conduct ablation
studies on the FGVC Aircraft dataset to investigate the effects
of the classifier guidance scale and the classifier guidance
start step. Figure 6a examines the impact of the classifier
guidance scale s¢s, with the start step fixed at N, = 21.

When s.s is small, the influence of classifier guidance
is limited, causing the diffusion model to rely more heavily
on textual and contour cues. Conversely, when s is too
large, classifier guidance becomes overly dominant, which
may result in partial image collapse and semantic distortion,
ultimately degrading classifier performance. Figure 6b ana-
lyzes the effect of the classifier guidance start step N, with
the scale fixed at s.;s = 5. Results indicate that applying
classifier guidance during the later stages of the diffusion
process yields superior outcomes. Introducing guidance too
early, when background structures and object contours are
still forming, can be harmful, as classifier predictions at this
stage are often meaningless. Early intervention may disrupt
both textual and contour guidance.
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Figure 4: Qualitative comparisons between images generated by Hi GFA and some baseline generative augmentation methods for
fine-grained categories. These comparisons highlight Hi GFA’s ability to generate diverse images while also better preserving
subtle category-defining details. The complete results are provided in Appendix.
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hard samples with complex backgrounds and conflicting prompts require extended guidance for generation, highlighting the

sample-wise adaptability of our dynamic guidance.
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Figure 6: Ablation study on guidance scale, step and adaptive
strategy. Enabling classifier guidance in the later stages of
diffusion improves efficiency and enhances the robustness.

Adaptive Strategy. Figure 6 present an ablation study eval-
uating the dynamic strategy. Without this strategy, increasing
the guidance scale significantly degrades classification per-
formance. Incorporating it reduces sensitivity to the hyperpa-
rameter S.)s and improves the performance and stability of
HiGFA. Figure 5a shows the average evolution of the three
guidance during inference on the FGVC Aircraft. At the on-
set of classifier guidance, both text and contour guidance
sharply decline. As inference process continues, all three
guidance gradually stabilize. Figure 5b and Figure 5c illus-
trate the evolution of the guidance scale for an easy and a
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hard sample, respectively. For the easy sample, images with
clean backgrounds and the main subject minimally affected
by the surroundings, a brief but strong classifier signal suf-
fices to guide generation toward the target class, after which
text and contour guidance dominate. In contrast, the hard
sample, which feature complex backgrounds and conflicts
between text prompt and the main subject, requires prolonged
classifier guidance to progressively align the output with the
target distribution.

Conclusion

This paper introduces Hierarchically Guided Fine-grained
Augmentation (HiGFA) for generating images for fine-
grained data augmentation with diffusion models. Exist-
ing guidance methods often fail to capture subtle, category-
defining features, limiting their augmentation effectiveness.
HiGFA solves this problem by combining multiple guidance
sources: text, diversity-enhanced contours, and a classifier.
It adjusts the strength of each source over time to match the
diffusion model’s coarse-to-fine image generation process.
Early stages focus on global structure and style using text
and contour guidance, while later stages employ an adaptive,
confidence-modulated fine-grained classifier guidance to pre-
cisely enforce category-specific features on a cleaner image
estimate. Experiments on several FGVC datasets demonstrate
the effectiveness of HiGFA.
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