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Abstract

Diffusion models have recently gained attention as a
promising tool for data augmentation because they can
synthesize new samples that resemble the original data
while preserving class labels. However, despite the strong
performance reported in prior works, it remains unclear
which factors actually drive these gains. In particular,
the contribution of the generated samples, the mixing pro-
cedure, and the diversity introduced by prompts has not
been fully examined. Motivated by this gap, we con-
duct a controlled study in the one-prompt setting, where
the diversity of the generated images is intentionally lim-
ited. Our analysis reveals that diffusion-based augmenta-
tion does not broaden the training distribution under this
regime and often reduces performance when combined with
real images. To investigate potential causes, we introduce
controlled variants of DiffuseMix that isolate scheduling,
fractal-based integration, and semantic guided blending.
None of these components recover the performance of the
vanilla model, suggesting that previously showed improve-
ments are more closely tied to large scale offline gener-
ation than to semantic or saliency driven mixing. Our
findings provide a clearer understanding of diffusion-based
augmentation and highlight the need for further analy-
sis in full prompt environments. The code is available at
https://github.com/iontail/gdl _term.git.

1. Introduction

Data augmentation is a central technique for improving
generalization in supervised learning. Many established
approaches operate directly in the data space by applying
transformations such as cropping, flipping, or color jitter-
ing. More advanced strategies include cut based augmen-
tation, which masks or removes selected regions [3, 10, 12,

,25,27], and mix based augmentation, which blends two
images to generate intermediate samples [5, 8, 26]. While
these methods enrich the training distribution and produce
robust models, they rely on strong supervision from mixed

labels and may introduce ambiguity in tasks that require a
single ground truth label.

Recent work has explored diffusion based augmentation
to address this limitation. Diffusion models [7, 16, 19] gen-
erate samples that follow the underlying distribution of the
training data. This enables the creation of new images that
share the same label as the reference sample, making them
suitable for single label augmentation. These models in-
troduce stochasticity through their iterative denoising pro-
cess, which is often formulated using stochastic differential
equations. By producing high quality samples and increas-
ing data diversity, diffusion-based augmentation has shown
promising performance [11,22,23].

However, diffusion models also exhibit failure cases.
They often generate out of distribution samples when in-
puts are low resolution, when descriptive prompts are used,
when prompts do not match the semantics of the reference
image, or when the target class is underrepresented in the
training set. Noisy or ambiguous inputs further degrade
sample quality. DiffuseMix [! 1] also reports a linear de-
cline in performance as the number of prompts decreases,
and using only one prompt can even perform worse than
training without augmentation. These issues raise important
questions about the mechanism behind the observed perfor-
mance gains.

We examine whether diffusion-based augmentation im-
proves generalization through distributional expansion and
increased preservation of object level information. We hy-
pothesize that diffusion augmentation mitigates a form of
tunnel vision, where the model focuses too narrowly on
dominant cues. Moderately varied samples may guide the
model toward more balanced representations, even when
some generated images deviate from the reference seman-
tics.

Motivated by this, we take DiffuseMix as our baseline
and redesign its components to analyze why diffusion-based
augmentation is effective. We modify the learning strategy,
adjust the hybrid pipeline, and introduce alternative con-
catenation schemes to investigate each factor contributing
to performance. Our work makes contributions as follows:
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* We conduct a detailed empirical study on diffusion-
based augmentation and analyze how it affects gener-
alization, with a focus on sample diversity and expo-
sure to a broader range of salient features.

* We decompose the original DiffuseMix pipeline into
learning strategy, hybrid mixing, and concatenation
components, and evaluate each part independently to
understand its contribution to performance.

e Our experimental findings remove several plausible
explanations for the performance gains of diffusion-
based augmentation and provide a clear direction for
future studies to investigate the remaining underlying
factors.

2. Related Work

Deep learning is applied across various domains, creat-
ing a significant need for large datasets to generalize model
performance. Since labeling, gathering, and refining data is
tedious, data augmentation has become a key component.
This approach effectively prevents models from overfitting
to the training data, thereby enhancing generalization ca-
pacity and offering a cost-efficient solution, even when us-
ing small-scale data.

Data Space Augmentation Feature space augmenta-
tion [1,2, 14] often lacks interpretability due to the abstract
nature of latent vectors. Consequently, verifying the seman-
tic validity of transformations is difficult. In contrast, data
space augmentation allows for direct visual inspection. This
visual clarity enables ones to apply intuitive ideas to de-
velop robust methods. Accordingly, various techniques ex-
ist in computer vision, including traditional methods such
as random cropping, flipping, and color jittering.

Beyond these basic transformations, many advanced
strategies aim to further increase sample diversity and re-
duce overfitting. Cut-based approaches [3,9, 10, 12,21,25,

] create new patterns by masking or removing selected
regions, while mix-based approaches [5, 8,26] generate in-
termediate samples by combining information from multi-
ple images. These methods enrich the training distribution
and help models learn stable decision boundaries. Overall,
data space augmentation provides a broad and flexible set of
tools that improve generalization while preserving clear in-
terpretability. This foundation enables the development of
more specialized augmentation schemes, which are partic-
ularly important when working with single label or multi-
label settings.

Single Label Augmentation Many augmentation meth-
ods generate samples with mixed labels, and these are
known as multi label augmentation techniques. MixUp [26]

blends two images through linear interpolation and assigns
a proportional label to the new sample. CutMix [25] re-
places a selected region of one image with a patch from
another, and the label is divided according to the area of the
replaced region. These two methods became influential be-
cause they increase regularization and help the model learn
smoother decision boundaries.

Following these ideas, several extensions were proposed.
ResizeMix [17] scales one image before placing it onto
another, which helps the model learn variation in object
size. More recent work introduced saliency driven meth-
ods. SaliencyMix [21] locates the most informative region
of an image based on its saliency map and extracts this area
as the patch for mixing. The patch is then placed onto an-
other image, which helps preserve important semantic con-
tent during augmentation. PuzzleMix [12] rearranges image
regions through a simple optimal transport process that in-
creases spatial coherence during mixing. These approaches
focus on important semantic regions and use this informa-
tion to guide the mixing process. As a result, the generated
samples preserve meaningful content while still providing
strong regularization.

However, multi label augmentation creates samples with
mixed labels, and this can introduce ambiguity. It can make
it harder for model to produce strong predictions, resulting
the low confident predictions. To overcome this limitation,
the augmentation process must augment images that share
the same label as the original data. This motivates the de-
velopment of single label augmentation methods that pre-
serve label consistency while still increasing diversity. One
promising direction is to use generative models to produce
new samples that match the desired label. Among these
models, diffusion models provide a stable way to create
high quality images that remain faithful to the original class.
This connection leads directly to diffusion-based augmenta-
tion.

Diffusion-based Augmentation Following the direction
of single label augmentation, diffusion based augmentation
methods [11, 20,22, 23, 28] have recently been proposed.
These approaches generate new samples by reflecting the
underlying distribution of the training dataset with diffusion
models. Diffusion models [7, 16, 19] introduce stochastic-
ity through iteratively tracing back to its noising trajectory,
which is commonly formulated using stochastic differential
equations. By generating high quality images that share the
same label as the reference samples, these methods increase
the effective dataset size and improve generalization. As a
result, diffusion-based augmentation has shown promising
performance.

Despite its advantages, diffusion-based augmentation
can generate inconsistent or out of distribution samples in
several situations. This often happens when the input data
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Figure 1. Failure case of diffusion-based generation. (a) Reference
image of a bear. (b) Image generated with the prompt “ukiyo_e”
following the procedure of [11]. The generated sample does not
preserve the original object and shows semantically inconsistent
content.

are low resolution, when descriptive prompts are used [ 1],
when the prompt does not match the semantics of the ref-
erence image, or when the model is applied to classes that
are underrepresented in the training distribution. In such
cases, the generated results may deviate significantly from
the original samples and fail to preserve semantic consis-
tency, as illustrated in Figure 1. DiffuseMix [ 1] further
shows that performance decreases linearly as the number of
prompts used to generate filtered images is reduced. In the
extreme case, using only a single prompt results in worse
performance than training on the original dataset without
augmentation.

These observations raise important questions. Does
diffusion-based augmentation truly improve generalization
by exposing the model to a wider distribution of samples?
Does it prevent overfitting by reducing reliance on a narrow
set of highly salient features? We hypothesize that diffu-
sion augmentation mitigates a form of tunnel vision, where
the model focuses too narrowly on dominant cues, miss-
ing less-salient cues that may give potential important cues.
By providing moderately varied samples that still contain
meaningful clues, diffusion-based augmentation may guide
the model toward more balanced and robust feature repre-
sentations. To answer these questions, we design controlled
experiments using a one prompt generation setting.

3. Method

Before presenting each modification, we first clarify the
components we aim to analyze. DiffuseMix [|1] can be
viewed as consisting of three essential parts: the use of aug-
mented samples during training, the method of combining
generated images with the original data, and the incorpo-
ration of additional synthetic sources to increase diversity.
We hypothesize that each part may influence generalization
in different ways. To investigate this, we design controlled

variants that adjust the amount of augmented data accord-
ing to training progress, modify how generated images are
mixed with reference samples, and integrate additional syn-
thetic images such as fractal patterns. These modifications
enable us to examine the contribution of each component
and identify the factors responsible for the strong perfor-
mance often attributed to DiffuseMix.

3.1. Progressive Augmentation Scheduling

To investigate how the amount of augmented data influ-
ences model behavior, we introduce a scheduling mecha-
nism that gradually adjusts the proportion of concatenated
augmented samples during training. Let p(¢) denote the
blend ratio at epoch t, where p(f) = 0 indicates the use
of only original images and p(t) = 1 indicates fully aug-
mented samples. We evaluate three scheduling strategies as
follows.

3.1.1 Linear schedule.

The blend ratio increases proportionally with training
progress:

)= 7 »

where 7' is the total number of epochs. This schedule allows
the model to transition smoothly from learning core features
in the original data to incorporating information from aug-
mented images.

3.1.2 Warmup schedule.

The blend ratio remains zero until a warmup epoch w, after
which it increases linearly until reaching one:

0 ,
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This structure tests whether delaying augmentation sta-
bilizes early-stage training.

3.1.3 Step schedule.

The blend ratio changes discretely at two predefined epochs,
t1 and to, where 0 < t; < to < T. The model uses
only original images before ¢;, uses a fifty-percent blend
between ¢; and ¢5, and uses fully augmented samples after
tQ:

0, t<ty,
p(t) =405, t1 <t <t 3)
1, t > 1.

These scheduling strategies enable controlled compar-
isons of how the timing and proportion of augmented sam-
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Figure 2. Comparison of augmented results. From left to right: original images, diffusion generated images, DiffuseMix outputs, and our

CLIP Guided Semantic Hybrid Blending with fractal integration.

ples affect optimization stability, feature learning, and gen-
eralization. By varying the augmentation ratio across train-
ing stages, we can determine whether diffusion-based aug-
mentation provides consistent benefits or whether its effec-
tiveness depends on when and how strongly augmented data
are introduced.

3.2. Integration of Fractal-Based Images

We incorporate fractal-based structures into the hybrid
augmentation pipeline to examine their role as an additional
source of variation. In the standard hybrid setting of Dif-
fuseMix, a portion of the image is replaced with a diffusion
driven sample and mixed with fractal images named con-
catenation process. We extend this design by changing frac-
tal portion within the hybrid composition. The proportion
of the fractal is drawn from a predefined interval, allowing
controlled adjustment of its visual influence.

To maintain consistency between the mixed content and
the supervision signal, the target label is optionally scaled
according to the fractal ratio. For example, when the fractal
region accounts for twenty percent of the image, the label
is reduced to reflect the remaining semantic contribution of
the reference content, and binary cross entropy is applied.
This formulation provides a structured way to integrate frac-
tal patterns while preserving label coherence, enabling a
clearer analysis of how fractal-based structures interact with
hybrid augmentation and influence feature learning.

C:(l_A)H—i_)‘fz(S)? fze-}—7)‘€[a75] (4)

To generalize the integration of fractal patterns within
hybrid augmentation, we define a set of mixing functions
F = {f1, f2,..., f[x}. Each function f; specifies a rule
for inserting a fractal image set S into the hybrid sample.
We use the function f; that uniformly samples from S and
outputs the sampled fractal image itself. Here , H denotes
the hybrid image composed of the original sample and its
diffusion generated as in [1 1], and A € [«, ] controls the
mixing strength associated with f;, where o < 3. Applying
a function f; yields an augmented image C that incorporates
the fractal structure according to the mixing behavior de-
fined by that function. This formulation provides a unified
framework for analyzing the effect of fractal-based mixing
and assessing whether such mixing contributes meaning-
fully to the strong performance observed in diffusion-based
augmentation.

3.3. CLIP-Guided Semantic Hybrid Blending

To enhance the semantic fidelity and visual naturalness
of the augmented data, we introduce CLIP-Guided Se-
mantic Hybrid Blending. Previous methods such as Dif-
fuseMix [ 1] typically employ a deterministic concatena-
tion strategy that mixes the original and generated images in
a fixed spatial ratio (e.g., vertical or horizontal concatena-
tion). However, this naive approach disregards the seman-
tic quality of the generated content, often retaining regions
where the diffusion model fails to generate meaningful fea-
tures while overwriting high quality regions of the original
image.
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Figure 3. PCA [24] visualization of CLIP [18] embeddings showing how prompt diversity and hybrid mixing affect distributional behavior.
(a) Distribution of original images, all-prompt generations, and single prompt samples. (b) Concatenation distributions mixing mixing
originals, generated samples, and fractal patterns. (c) Generated samples colored by prompt, revealing prompt-specific variation. (d)
Concatenated samples from (c) concatenated using the same procedure as in (b).

Our proposed method addresses this limitation by adopt-
ing a semantic-aware replacement strategy. Instead of ar-
bitrarily splitting the image, we explicitly identify regions
in the generated image where the semantic alignment with
the target class is weak. We then replace only these low-
confidence regions with the corresponding content from the
original source image. This ensures that the final augmented
sample retains the structural diversity provided by the dif-
fusion model while correcting semantic artifacts using the
ground truth data, resulting in a more natural and class-
consistent training sample.

3.3.1 Semantic Feature Extraction and Activation
Mapping

Let I e, denote the diffusion-generated image. To local-
ize class-discriminative regions, we utilize the pre-trained
CLIP [18] visual encoder ¢in,g. We process Igen in a patch-
wise manner to obtain a spatial feature map Fy,,. Simulta-
neously, we obtain the target class embedding e, using the
CLIP text encoder.

We compute the spatial semantic similarity map S via
cosine similarity between each patch token and the class
embedding:

<Fgen(x7 y)a ec> )
[Fgen(z, )|l llec|

This map represents the pixel-wise confidence that the gen-
erated content belongs to the target class.

S(z,y) =

®)

3.3.2 Spatially-Adaptive Mask Generation

We construct a binary blending mask M to guide the im-
age integration process. Unlike fixed geometric masks, our
mask is derived dynamically from the semantic similarity
map. We define a threshold 7 based on the distribution of

activation values within S. Pixels with similarity scores be-
low 7 are considered “semantically ambiguous” or “low-
fidelity”:

1, ifS(z,y) <7 (replace w/ origin.),

M((E,y) = {

0, otherwise (keep generated).
(6)
Consequently, the final hybrid image is synthesized as

Ihybrid =Mo Iorg + (]- - M) O] Igenv @)

where ® denotes element-wise multiplication. By selec-
tively replacing only the semantically weak regions of Ic,
with the robust features of /s, we maximize preservation
of original semantics while still benefiting from generative
augmentation. Examples of our CLIP-guided semantic hy-
brid blending can be observed in Figure 2d.

3.4. Implementation Details

Threshold Selection. To ensure a fair comparison with
the baseline, which typically uses a fixed fifty percent spa-
tial mixing ratio, we set our adaptive threshold 7 to the fifti-
eth percentile of activation values in S. This ensures that, on
average, the amount of replaced area matches the baseline,
while the location of replacement is semantically optimized.

Boundary Smoothing. Directly applying the binary
mask M can introduce sharp and unnatural artifacts at the
boundaries between the original and generated regions. To
mitigate this, we apply Gaussian smoothing to M before fi-
nal blending. Specifically, we use a Gaussian kernel of size
k = 5 with a standard deviation o = k/3, which softens
transitions and yields visually coherent augmented images.



4. Experiments

In this section, we describe the experimental settings, the
datasets used for evaluation, and the procedures applied to
assess our augmentation strategies. We also present the cor-
responding results and discuss the insights gained from the
analyses.

4.1. Setup

Dataset. We conduct all experiments on CIFAR100 [13],
which contains 50,000 training images and 10,000 test im-
ages across 100 categories. The dataset includes diverse
objects such as animals, vehicles, household items, and nat-
ural scenes, making it a suitable benchmark for evaluating
generalization in augmentation studies. Tiny ImageNet [15]
was also considered, but excluded due to computational
constraints. All augmentation methods are evaluated under
identical preprocessing and evaluation steps for fair com-
parison.

Training Setup. We use PreActResNet18 [4] as the back-
bone network for all experiments, aligning with common
practice in augmentation studies. Since DiffuseMix [ 1]
specifies training for only 300 epochs, we follow the widely
adopted settings of PuzzleMix [12]. Specifically, we adopt
stochastic gradient descent with momentum 0.9, a learning
rate of 0.1, weight decay of 1 X 104, and a batch size of
100. The learning rate is reduced by a factor of 10 at epochs
100 and 200. All experiments are performed on a single
GPU with a fixed random seed.

Baseline For diffusion-based augmentation, we use the
single prompt generation setting. In all experiments, the
baseline refers to the model trained using the DiffuseMix
procedure under this single prompt setting, applying its de-
terministic concatenation strategy without modification.

4.2. Experiments on Progressive Augmentation
Scheduling

We evaluate whether gradually increasing the use of aug-
mented samples can recover the performance lost when
diffusion-generated images are introduced. As shown in
Table 1, all scheduling strategies (Linear, Warmup, Step)
slightly improve the degraded DiffuseMix baseline, reach-
ing Top-1 accuracies of 70.39-70.94%. However, these
values remain far below the vanilla model (75.35%). This
occurs because the scheduled variants still rely almost en-
tirely on the original data during most of training, causing
the network to behave similarly to the non-augmented set-
ting.

These results suggest that progressive scheduling can-
not overcome the fundamental limitations of single prompt

Table 1. Comparison of augmentation variants on CIFAR100. DM
denotes DiffuseMix. Hybrid mixes generated and original images
using a vertical or horizontal mask. Fractal mixes fractal images
with the original image. Sch. indicates the scheduling method
(Linear, Warmup, Step, Constant). Ratio denotes the mixing pro-
portion. Lsf indicates the label scaling factor, where a value of
1.00 applies no label modification.

Method  Sch. Ratio Lsf | Top-1 Top-5

Baseline Con 0.0 1.00 | 68.63 87.92
Vanilla Con 0.0 1.00 | 7535 91.66
DM Lin 0.0 1.00 | 70.69  90.55
DM Warm 0.0 1.00 | 70.39  90.25
DM Step 0.0 1.00 | 70.94  89.59
Hybrid Con 0.05-0.15 1.00 | 66.61 87.45
Hybrid Con 0.10-0.20 1.00 | 66.55 87.15
Hybrid Con 0.15-0.25 1.00 | 65.51 86.15
Hybrid Con 0.20-0.30 1.00 | 64.86 8592
Fractal Con 0.20 1.00 | 7427 91.81
Fractal Con 0.20 0.80 | 74.21 91.50

concatenated augmentation. Instead of improving general-
ization, the inclusion of diffusion-generated samples con-
tinues to promote overfitting and prevents the model from
fully matching vanilla performance.

4.3. Experiments on Integration of Fractals

To isolate the effect of fractal mixing from other com-
ponents, we vary the mixing ratio by sampling it uniformly
from a predefined interval between « and (3 in Equation 4.
This design tests whether exposure to different fractal pro-
portions can improve robustness to perturbations, as sug-
gested in prior work [6]. However, the results in Table 1
show a consistent decrease in performance as the ratio in-
terval increases. Even with a fixed ratio of 0.20, the frac-
tal variant reaches only 74.27% Top-1 accuracy and fails to
surpass the vanilla model. These findings indicate that the
success of DiffuseMix is not driven by fractal image inte-
gration, and fractal mixing alone does not provide a mean-
ingful generalization benefit. Moreover, the fact that such
gains appear only when using a large number of prompt-
generated images suggests that fractal mixing is not a gener-
alizable mechanism but rather a byproduct of specific multi-
prompt conditions, following the results in [1 1] that apply-
ing fractal images to other augmentations [12, 25, 260] ex-
tremely lowering the performance.

4.4. Effectiveness of Semantic Hybrid Blending

Given the preceding analyses, we next examine another
potential source of the performance gains reported in prior
work: the manner in which generated images are combined
with the original data. To isolate this factor, we compare our



semantic hybrid blending approach with the deterministic
concatenation used in DiffuseMix [ 1], ensuring that both
methods operate under the same single prompt generation
setting and apply an equivalent average pixel replacement
ratio of 50%.

Table 2 reports the classification accuracy. For compact
presentation, we denote the baseline deterministic concate-
nation as DC and our semantic hybrid blending as SHB.
DC corresponds to the fixed spatial concatenation strategy
used in DiffuseMix, while SHB represents our proposed
semantic-aware replacement approach.

Table 2. Comparison of classification accuracy on CIFAR100. DC
and SHB respectively denotes deterministic concatenation used in
DiffuseMix and our semantic hybrid blending approach.

Method Strategy Top-1(%) Top-5(%)
Baseline DC 68.63 87.92
Ours SHB 69.50 87.99
A - +0.87 +0.07
Vanilla - 75.35 91.66

As shown in Table 2, our method achieves a Topl ac-
curacy of 69.50%, outperforming the baseline (68.63%)
by +0.87%. This confirms that semantic aware replace-
ment improves upon deterministic concatenation. However,
the vanilla model reaches a much higher Topl accuracy of
75.35%, showing that both DC and SHB experience a no-
ticeable drop in performance once diffusion generated im-
ages are introduced into the training process.

This large gap suggests that the main difficulty is not the
way the original and generated images are blended, but the
nature of the generated samples themselves. Although SHB
retains meaningful semantic regions more effectively than
DC, its accuracy still remains far below that of the vanilla
model. We hypothesized that the improvement observed
with multiple prompt generation was previously assumed
to result from the model learning essential object regions
more effectively by viewing a greater variety of generated
images. However, our findings do not support this assump-
tion. Although the precise cause remains unresolved, the
results indicate that factors other than semantic variety may
be responsible for the improved performance. One possible
explanation is that exposure to a broader distribution of gen-
erated samples yields benefits that are not solely attributed
to preserving or enhancing salient object regions.

4.5. Random Hybrid Mixing Does Not Increase Di-
versity

To examine whether broader diversity could explain the
gains of DiffuseMix, we additionally evaluate a random hy-
brid mixing strategy. Prior work [17] shows that random

mixing can itself improve generalization by increasing sam-
ple diversity. Motivated by this, we mix diffusion generated
samples using random rectangle masks that cover half of the
image, without relying on any semantic cues.

However, the random variant performs even worse than
deterministic concatenation. If the effectiveness of the prior
work were truly due to an expansion of the data distribution,
then the combination of single prompt generation and ran-
dom masking should have produced measurable improve-
ments, since random masking increases the visual diversity
of hybrid samples. Yet no such effect is observed. This
indicates that the added diversity does not translate into
a broader semantic distribution that the model can learn
from. The images become visually different, but these dif-
ferences do not contribute to a wider or more meaningful
feature space. Overall, the results do not support the idea
that diffusion-based augmentation improves performance
by enlarging the training distribution, especially in the sin-
gle prompt setting where the generated samples lack gen-
uine semantic variation.

This tendency is also evident in our PCA [24] visualiza-
tion in Figure 3. The distributions of diffusion generated
samples and concatenated samples lie inside the spread of
the original data and occupy a narrower region, while the
original data alone cover a wider and more balanced area
in embedding space (Figures 3a and 3b). When we color
generated samples by prompt, each prompt forms a rela-
tively tight cluster as illustrated in Figure 3c. However, after
concatenation with the original images and fractal patterns,
the per prompt hybrid distributions become almost indis-
tinguishable from one another and from the original cluster
in Figure 3d. In other words, even when many prompts are
used, the hybrid data do not move outward to form a broader
distribution but rather collapse into a similar region. This
directly challenges the assumption that the linear perfor-
mance gains reported with more prompts are explained by
a wider data distribution. Instead, the results suggest that
diffusion-based augmentation in this setting mainly densi-
fies samples in an already occupied region of feature space.
A possible interpretation is that the model may be bene-
fiting from a denser concentration of samples in feature
space rather than from a true expansion of the data distri-
bution. This explanation is not the focus of our study, but it
appears more plausible than the assumption that diffusion-
based augmentation broadens the distribution. A definitive
conclusion, however, would require additional analysis be-
yond PCA.

These findings also suggest a possible explanation for
the behavior of DiffuseMix. The method shows linearly im-
proved performance as the number of prompts increases, yet
performs poorly in the one prompt setting. This pattern im-
plies that the benefit of using many prompts does not simply
arise from mixing diffusion generated images with the orig-



inal data. Instead, it may relate to how a larger collection of
prompts introduces other effects that are absent when only
a few prompts are used.

4.6. Possible Causes Behind the Degradation

Saliency Driven Limitations We speculate that the ob-
served behavior is related to the offline construction of aug-
mented samples, the fixed nature of the hybrid masks, and
the presence of hard negative examples during training.
As discussed in Section 4.4, the semantic-based approach
yields only a minor improvement over the vanilla setting.
Following the DiffuseMix protocol, all augmented images
are generated before training and stored offline. As a result,
each original image and its diffusion generated counterpart
are combined using a single fixed mask. Across training it-
erations, the same mask is repeatedly applied to the same
pair, creating no variation in how the two images are spa-
tially integrated.

This static pairing prevents the model from encountering
diverse mixing patterns and limits the potential advantage of
hybrid augmentation. Under these conditions, the network
may still fall into a form of funnel vision, attending to a nar-
row set of highly discriminative cues rather than exploring
a broader range of meaningful features. This suggests that
although semantic-based hybridization attempts to preserve
important content, its ability to counteract tunnel vision is
fundamentally constrained when the augmentation process
lacks variability.

Hard Negative Effects The analysis above relies on the
idea that masking different regions of an image may help the
model avoid the tunnel vision by suppressing or removing
the most salient areas. If this hypothesis were correct, then
masking with any content that is not the diffusion generated
image should yield a substantial performance improvement
over the vanilla setting. However, prior work [9] shows that
hybridizing the original image with a simple black mask
leads to only a very small improvement over the vanilla
baseline. This indicates that masking a vertical or horizontal
half region cannot account for the large performance gains
reported in DiffuseMix.

A more plausible explanation emerges when consider-
ing the behavior of diffusion generated samples. In Dif-
fuseMix, some prompts (e.g., ukio_e, sunset, aurora) consis-
tently produce images that do not preserve the semantics of
the reference sample as in Figure 1b. Despite their semantic
mismatch, the overall performance improves linearly as the
number of prompts increases. This pattern implies that the
benefit does not come from better semantic preservation,
but from exposing the model to a wider set of challenging
variations that force it to rely on less salient yet meaningful
features. Therefore, avoiding tunnel vision may require not
only masking the most salient region, but also replacing that

region with hard negative content that encourages the net-
work to discover additional discriminative cues that support
generalization.

Dataset Scale Effects A final factor to consider is the
large size of the augmented dataset produced by Dif-
fuseMix. Because the method constructs all augmented
samples offline, the hybrid images are fixed throughout
training and cannot vary across iterations. This static struc-
ture limits the diversity that augmentation can provide un-
less a large set of augmented samples is prepared in ad-
vance. As a result, DiffuseMix requires many prompts to
increase the dataset size, thereby creating a wide pool of
augmented examples.

This enlarged dataset not only compensates for the lack
of online variability, but also increases the chance of in-
troducing difficult variations that help the model avoid the
tunnel vision. Thus, the improvement observed with many
prompts may not stem from precise semantic mixing. In-
stead, it may arise from the much larger pool of augmented
samples produced through large scale offline generation,
which exposes the model to a broader range of challenging
variations.

5. Conclusion & Future Work

In this work, we examined the factors that influence the
performance of diffusion based augmentation in the one
prompt setting. Our analysis shows that diffusion gener-
ated images do not broaden the training distribution and of-
ten introduce biased or low diversity samples. We tested
this through scheduling strategies, fractal integration, and
semantic hybrid blending, yet none of these approaches
closed the gap to the vanilla model. These results suggest
that the performance gains reported in DiffuseMix are un-
likely to come from precise semantic mixing or enhanced
sample diversity. Instead, a more plausible explanation is
the large pool of augmented samples created when many
prompts are used, which exposes the model to a wider set
of challenging variations and reduces reliance on highly
salient features.

Due to the limited resource, we were unable to gener-
ate samples for a full set of prompts and therefore restricted
our analysis to the single prompt setting. As a result, the
exact cause of the performance gains in the full prompt en-
vironment is still not fully understood and warrants further
investigation. A deeper investigation using a large collec-
tion of prompts, together with semantic-based and random
hybrid mixing strategies, is left as future work.
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