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Researchers commonly investigate how data properties influence the internal organization of convolutional neural networks,
yet these effects are often inferred indirectly rather than examined through direct analysis of learned feature representations.
Although data augmentation is widely used to increase dataset diversity, its influence on internal feature representations remains
less clearly characterized. Specifically, how augmentation affects interclass separation and intraclass consistency, and how these
effects compare to increased dataset size, remains unclear. Building on this gap in analysis, we examined how dataset size
and augmentation influence internal representation structure and how augmentations affect interclass separation and intraclass
consistency of the models. We also compared these results to those observed in models trained on larger, unaugmented datasets in
order to determine the impact of each property. We hypothesized that augmentations and larger sample sizes would both increase
interclass separation with sample size having a more significant effect, while augmentations reduce the intraclass variance more
in comparison to larger sample size trained models. Using pre-trained ResNet-18 models, we extracted Global Average Pooling
layer activations and analyzed them using silhouette score, accuracy, and an intraclass dispersion metric computed in the full
512-dimensional feature space, with PCA projections used for qualitative visualization. These graphs and metrics indicated that
dataset size led to large increases in accuracy and separation while augmentation had a larger influence on decreasing intraclass
variance. These findings emphasized the role of representation stability in low data learning and demonstrated the value of
internal analysis for understanding the impact of data properties.

Introduction textures, while deeper layers come to represent object parts
and class relevant structure*. Mallat (2016) showed how deep
Purpose convolutional architectures build invariance through succes-

sive contraction and separation of the input space>. Bau, Zhu,
Strobelt, Lapedriza, Zhou and Torralba (2020) quantified how
individual hidden units align with human-interpretable seman-
tic concepts, showing that internal organization of a trained
CNN is structured®. One way to study these internal repre-
sentations is to visualize them. Since feature vectors produced
by networks are too high dimensional, they need dimensional-
ity reduction techniques such as principal component analysis
(PCA) to project them into two dimensions while keeping as
much of their variation as possible’. Plotting the resulting
points by class makes it possible to qualitatively observe how
well a model separates categories and how tightly it groups ex-
amples of the same category. Overall, these studies establish
that a CNN’s internal feature space is a meaningful object of
analysis, motivating the representational focus of this work.

Artificial intelligence (Al) is a growing branch of computer
science. A specific type of Al, machine learning (ML), fo-
cuses on constructing a system that improves itself through
the analysis of data!. Although ML has advanced and cre-
ated applications in various fields, we aimed to focus on its
potential for image recognition, or more specifically, convo-
lutional neural networks (CNNs). Convolutional neural net-
works have become the dominant approach to image recogni-
tion, much of their success coming from their ability to learn
layered, abstract representations of visual input rather than re-
lying on hand engineered features?. Ranging from facial IDs
to classifiers, CNNs organize visual information by learning
hierarchical feature representations. In this process, early lay-
ers capture low level patterns such as edges and textures, while
deeper layers encode higher level semantic features>.

How these layers actually encode information has been ex- However, previous works have shown that limited training

amined extensively over time. Zeiler and Fergus (2014) used
deconvolutional visualization to show that early convolutional
layers respond to low level patterns such as edges and simple
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data can push networks to rely on non-robust features rather
than the intended ones®. This vulnerability is increased by
model capacity. Higher capacity networks can fit even ran-
domly labeled data, so their ability to generalize depends
heavily on the training data and on implicit regularization

© The National High School Journal of Science 2026

NHSJS Reports | 1



rather than on architecture alone®. Furthermore, Sun, Shri-

vastava, Singh and Gupta (2017) examined the relationship
between dataset size and model performance at large scale.
They reported that performance on image or vision tasks
increases approximately logarithmically with the volume of
training data, revealing quantity as a large factor in model per-
formance°. Hestness et al. (2017) found a similar result,
showing how generalization error decreases as the training set
grows !, Larger labeled datasets such as ImageNet have been
central to the progress of this problem’s research, supplying
the volume of examples needed to learn general purpose vi-
sual representations and remedy the lack of training materi-
als 2. Overall, the concern is not just lower accuracy, but that
the structure and stability of the learned representation itself
degrade when data is insufficient.

Augmentation expands the training distribution by applying
label preserving transformations such as rotations, flips, crops,
and other image altering transformations that increase image
diversity without needing to add additional labeled examples.
Data augmentation is often used to combat low dataset prob-
lems by reinforcing visual features !3. These transformations
span geometric operations such as rotation, flipping, and crop-
ping, and recent surveys catalog a broad and growing range of
such techniques '4. The importance of augmentation is under-
scored by work showing that augmentation strategies can be
learned automatically to maximize accuracy . Importantly,
augmentation is not simply a way to “add data”, but a form
of regularization. Herndndez-Garcia and Konig (2018) ar-
gued that augmentation regularizes networks implicitly and
that on its own, it can match explicit regularizers such as
weight decay and dropout '®. A companion study (Hernandez-
Garcia & Konig, ICANN 2018) found that augmented net-
works learn more effectively from fewer examples'’. Aug-
mentation effects can also be uneven, benefiting some classes
while harming others, which suggests its influence on inter-
nal representations is not uniform'®. These distinctions mat-
ter for the present work, because it implies that augmentation
and increased dataset size aren’t interchangeable but influence
the learned representation through different mechanisms, even
when they produce similar accuracy.

Despite its widespread use, the effects of augmentation and
dataset size on the internal organization of learned representa-
tions remain less well explained. Hermann, Chen and Korn-
blith (2020) demonstrated that augmentation choices directly
determine which features a CNN comes to rely on. For ex-
ample, cropping and color transformations shift the balance
between shape and texture based representations. This indi-
cates that augmentation changes internal structure, not only
accuracy 1. Relatedly, CNNs trained on natural images have
been shown to rely heavily on texture rather than shape, a bias
that shifts when the training data changes, further evidence

that data properties directly shape what a network learns?°.

This is important, especially when models are trained with lit-
tle data and are unstable, as the change in dataset size or the
use of augmentation can significantly influence the structure
of learned feature representations, making the understanding
of their effects necessary. Most directly relevant to the present
study, Geiping et al. (2023) investigated how much augmen-
tation is “worth” compared to simply adding additional data,
concluding that augmentation benefit is only partly equivalent
to collecting more examples. The value mainly derives from
the invariance it brings?!. This finding implies that dataset
size and augmentation shape representations in distinct ways
and should not be seen as alternatives to one another, directly
paralleling the hypothesis of this present work. Yet this com-
parison has rarely been made through direct analysis of in-
ternal feature structure under controlled, low-data conditions,
which is the gap the present work addresses.

This Work

Therefore, convolutional neural networks typically require
large labeled datasets for stable internal representations.
When training datasets are limited, changes in representa-
tion structure are often attributed solely to insufficient sample
size. Augmentation introduces label preserving transforma-
tions that alter the effective training distribution, although its
effects are often overshadowed by the assumption of the need
to simply increase dataset size, leaving its impact on the inter-
nal learning process of the model often poorly understood.

In this work, we investigated differences in model percep-
tion between augmenting smaller datasets versus enlarging the
dataset’s quantity. Through a representational perspective, we
examined the effects of each solution and their potential use
cases. Our use of a pretrained network reflects the principle of
transfer learning, in which representations learned on a large
source dataset are reused for a related target task??>. Using
ResNet-18, we compared models trained with less data with
and without augmentation to models trained on larger datasets,
with and without augmentation®*. We visualized Global Av-
erage Pooling (AvgPool) layer activations using dimension-
ality reduction and quantified interclass separation and intra-
class consistency with the silhouette coefficient 24 a standard
measure that compares within class cohesion to between class
separation on a scale from —1 to +1. This approach empha-
sized the role of representation stability in low data learning
and highlighted the importance of internal analysis for under-
standing how the quality of data can influence the way the
model perceives the trends in low data settings. Overall, mod-
els trained on larger datasets showed greater interclass separa-
tion, while data augmentation had a larger effect on the consis-
tency of internal representations in low data training settings.
These results indicate that dataset size and data augmentation
shape internal feature representations in distinct ways, high-
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lighting the importance of representation analysis.

Materials and Methods

Setup

All the CIFAR-10 images were resized to 224 x 224 pixels,
converted to tensors, and then normalized using ImageNet
statistics of mean = [0.485, 0.456, 0.406] and standard de-
viation = [0.229, 0.224, 0.225]. The official CIFAR-10 train-
ing set was used for training while their official test set was
used for evaluation. No validation set was held out. 500-
image conditions contained 250 cat and 250 dog images while
the 5000-image condition contained 2500 cat and 2500 dog
images. Three subsets were sampled using stratified random
sampling across 5 seeds.

All models used ImageNet pretrained ResNet-18. Early lay-
ers were frozen, while layer3, layer4, and the final fully con-
nected layer were decided to be trained. The final layer was
replaced with a two output classifier. Models were trained for
10 epochs using Adam, cross-entropy loss, learning rate of
1074, no learning rate scheduler, and no weight decay. Batch
size was 40 for 500-image conditions and 160 for the 5000-
image condition.

One model trained on 5000 images and one trained on
500 images remained unaugmented, while the remaining six
500-image and six 5000-image models each used one of the
following transformations: RandomRotation, RandomHor-
izontalFlip, RandomResizedCrop, RandomErasing, Rando-
mAffine, and GaussianBlur. The augmentation parameters
were kept fixed across runs for each augmentation condi-
tion. RandomRotation used a maximum rotation of 30 de-
grees since larger rotations could create unrealistic images.
RandomHorizontalFlip used the default flip probability of
0.5 since animals could face either direction while maintain-
ing identity. RandomResizedCrop produced images of size
224 x 224 using a crop scale range of 0.8 to 1.0 and an as-
pect ratio range of 0.9 to 1.1. These values were selected to
avoid aggressive cropping that might remove important parts
of the animal while still testing whether changes in scale and
composition improve representation stability. RandomEras-
ing used PyTorch’s?> default parameters, including an erasing
probability of 0.5, scale range of 0.02 to 0.33, and aspect ratio
range of 0.3 to 3.3 to help models focus on broader patterns
than single defining features. RandomAffine used a maximum
rotation of 10 degrees, translation of up to 5% in both the
horizontal and vertical directions, scale range of 0.95 to 1.05,
and shear of 5 degrees for distortion that wouldn’t be too al-
tered for the low resolution CIFAR-10 images to be classified.
GaussianBlur used a kernel size of 3 with sigma randomly
sampled from 0.1 to 0.5 to test whether reducing texture detail
affected internal feature organization without completely re-

moving useful visual information. All 500-image conditions
used the same number of original images, epochs, batch size,
and training steps. In augmented conditions, random trans-
formations could produce different views of the same images
across epochs, so these models experienced greater effective
training diversity without receiving additional labeled exam-
ples.

The comparison was intended to separate sample count
from augmentation effects where possible. The 500-base and
5000-base conditions tested the effect of increasing real train-
ing examples, while the 500 and 5000 quantity models’ aug-
mented conditions tested the effect of adding label preserving
variation while keeping the original sample count fixed. Be-
cause augmentation also acts as regularization, the augmented
conditions reflect both increased effective diversity and reg-
ularization pressure. Independent variables included dataset
size (500 vs 5000 samples) and augmentation strategy, while
dependent variables included classification accuracy, silhou-
ette score, intraclass dispersion and PCA based representation
structure. We treated the unaugmented low image quantity
trained model as control for low image model comparisons
and unaugmented high image quantity model as control for
high image model comparisons.

Fine Tuning

The models were fine tuned to distinguish between dog and
cat. To reduce overfitting, early layers of the models were
frozen while higher layers, including layer3, layer4, and the fi-
nal fully connected layer, were fine tuned. This freezing strat-
egy was chosen to reduce overfitting in the low data setting
while still allowing relevant higher level representations to
adapt to the cat/dog classification task. Because early ResNet-
18 layers generally encode lower level visual patterns such
as edges, textures, and simple shapes, freezing these layers
helped preserve general purpose ImageNet features. Fine tun-
ing layer3, layer4, and the final fully connected layer allowed
later, more semantic representations to adjust to the target task
while limiting the number of trainable parameters.

Data Extraction

After training, internal representations were extracted from the
Global Average Pooling layer of each ResNet-18 model dur-
ing inference. This produced 512-dimensional feature vectors,
which were flattened and projected into two dimensions us-
ing principal component analysis (PCA) (Figure 1). A single
PCA basis was fit on the activations of the two unaugmented
base models (500 and 5000 images), and every condition
was then projected into that shared two-dimensional space.
PCA plots were interpreted only as qualitative visualizations.
Cross model conclusions were based on 512-D quantitative
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Figure. 1 Feature extraction pipeline for AvgPool activations.
Global Average Pooling activations were extracted from each trained
ResNet-18 and flattened into 512-dimensional feature vectors, which
were then used for PCA visualization, silhouette score, and intraclass
dispersion calculation.

metrics, including silhouette score and intraclass dispersion,
rather than absolute PCA coordinates. Therefore, PCA plots
were used for qualitative analysis of clustering structure, in-
terclass separation, and intraclass compactness. Quantitative
comparisons across training regimes were based on silhouette
score, classification accuracy, and intraclass dispersion mea-
surements.

Results

Overview

These experiments were designed to determine whether in-
creasing dataset size or applying data augmentation more
strongly influences internal feature representations of con-
volutional neural networks. We trained all our models un-
der identical optimization settings with different training set
sizes (500 or 5000 images) and augmentation strategies. Us-
ing ResNet-18 trained on the CIFAR-10 cat and dog classes,
we evaluated the effects of dataset size and data augmenta-
tion on internal feature space structure. Results were reported
using a combination of quantitative metrics, including silhou-
ette score, classification accuracy, and intraclass dispersion, as
well as visualizations of intermediate feature representations
extracted from the Global Average Pooling layer.

Average Silhouette Scores, Accuracy Percentages, and In-
traclass Dispersion Outcomes

The model trained on a larger dataset exhibited a substantially
greater interclass separation, as measured by silhouette score,

Table 1 Averages as well as Standard Deviations of Silhouette Score,
Classification Accuracy, and Intraclass Dispersion Across Training
Conditions. Silhouette score, classification accuracy (%), and intra-
class dispersion are reported for ResNet-18 models trained with the
cat and dog classes of CIFAR-10 under varying dataset sizes (500 or
5000 images) and data augmentations. Metrics were computed on the
test set following training and are reported for comparative analysis

across training regimes.

Condition Accuracy (%) | Silhouette Score | Intraclass Dispersion
500 samples 82.89+£0.42 | 0.0868 £ 0.0058 290.22£21.32
5000 samples | 88.29+£0.32 | 0.1960+0.0051 288.40£12.90
500 + Rotate | 81.17+1.95 | 0.0741+0.0108 253.24£8.38
500 + Flip 83.60+£0.94 | 0.0917+0.0100 226.64+£4.10
500 + Crop 83.00£1.23 | 0.0950+0.0077 227.33+£2.93
500 + Erase 83.46£0.72 | 0.0869 +0.0065 232.93+5.61
500 + Affine 83.62+£0.68 | 0.0867 +0.0068 245.69+8.17
500 + Blur 83.12+£0.99 | 0.0898 +0.0055 215.48+3.82
5000 + Rotate | 89.124+0.43 | 0.1345+0.0088 259.16 £20.32
5000 + Flip 89.07+£0.38 | 0.1819+0.0048 213.85+5.04
5000 + Crop 89.14+£0.35 | 0.1782+0.0113 213.84+5.91
5000 + Erase | 88.71+0.52 | 0.1682=+0.0063 238.85+8.22
5000 + Affine | 88.9440.92 | 0.1687£0.0096 244.64+10.17
5000 + Blur 88.35+£0.32 | 0.1946+0.0043 202.24+1.74

compared to models trained on smaller datasets, even when
augmentation was applied. In the 500-image setting, augmen-
tations had very minimal effect on silhouette score, shown by
the standard deviation ranges of the augmented models coin-
ciding with that of the 500-base model. In the 5000-image set-
ting, however, augmentation tended to reduce silhouette score
relative to the 5000-base model (0.1960), with rotation pro-
ducing the largest decrease (0.1345) and only blur remaining
comparable to the base (0.1946). In neither case did augmen-
tation replicate the increase in silhouette score produced by
enlarging the dataset, which more than doubled the score of
the base model when moving from 500 to 5000 images (Table
D).

Accuracy followed a similar trend to silhouette score, with
models trained on larger datasets generally achieving higher
accuracy than models trained on smaller datasets. The 5000-
base model achieved an accuracy of 88.29 +0.32% and
82.89 +0.42% for the 500-base model. Although several
augmentation conditions produced small changes in accuracy,
these changes were inconsistent and often fell within overlap-
ping standard deviation ranges when compared to their corre-
sponding base models. In the 500-image setting, most aug-
mentations were similar to or slightly higher than the base;
only rotation (81.17%) clearly reduced it. While in the 5000-
image setting, all six augmentations exceeded the 5000-base
(88.29%), with crop, rotate, and flip highest. These results
suggest that augmentation can affect classification perfor-
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mance depending on the transformation, but increasing dataset
size provided a more reliable improvement in accuracy over-
all.

Intraclass dispersion showed a consistent pattern in which
augmentation reduced within class spread relative to the
unaugmented base. Lower intraclass dispersion means fea-
ture representations from the same class were grouped more
tightly, showing greater within class consistency. In the 500-
image setting, the 500-base model produced the highest in-
traclass dispersion of 290.22 +21.32, while every augmenta-
tion lowered the intraclass dispersion, with the 500-blur condi-
tion showing the lowest average dispersion of 215.48 +3.82.
A similar pattern appeared in the 5000-image setting, where
the 5000-base model had the highest intraclass dispersion
among the 5000-image conditions and all augmentations re-
duced it. These results suggest that augmentation consistently
reduced intraclass dispersion across transformations, though
the degree of reduction varied. The effect of augmentation on
within class consistency depended on the type and strength of
the transformation, with milder transformations producing the
tightest representations and stronger ones reducing dispersion
the least. Milder transformations, such as blur, crop, and hori-
zontal flip, are more likely to preserve the main visual identity
of cats and dogs while still introducing useful variation. This
may explain why some of these conditions maintained or im-
proved performance relative to other augmented models. In
contrast, stronger transformations such as rotation, erasing,
and affine may have altered important visual cues or made
the already low resolution CIFAR-10 images harder to clas-
sify. As a result, these augmentations reduced dispersion less
than milder ones and, in the 5000-image setting, also lowered
silhouette score instead of improving representation structure.
This highlights the importance of augmentation quality: trans-
formations must preserve task relevant features in order to im-
prove internal representation stability.

Average Pooling Layer Activation Graph Analysis

To further examine how these quantitative differences mani-
fest in internal representations as well as illustrate the impact
of augmentations, we generated feature space visualizations
using PCA graphs with dimensionality reduction techniques
applied to Global Average Pooling layer activations. These
plots were interpreted as qualitative views of each model’s in-
ternal feature organization. The visualizations were used to
examine relative clustering patterns within each model.

When observing the nonaugmented graphs, the activations
were distinguished to an extent, but also very spread out along
the dominant feature’s axis (Figure 2). However, the aug-
mented models, regardless of what augmentation was used,
all revealed trends of tightly knit clusters or tighter intraclass
clustering that was not fully reflected in silhouette score or
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Figure. 2 PCA of ResNet AvgPool Activations (Shared PCA Space).
PCA visualizations of Global Average Pooling layer activations for
ResNet-18 models trained under either 500 or 5000 images as well
as different augmentation conditions. Each point represents an in-
dividual test sample projected into a two-dimensional PCA space,
with colors indicating class labels. The PCA basis was fit on the two
unaugmented base models and all conditions were projected into that
same shared coordinate space, so axes are comparable across panels.

accuracy differences. It is also important to note the overlap
of points in every graph, with the only noticeable decrease in
overlap being present in the unaugmented 5000-image model
(Figure 2). Overall, the PCA visualizations indicated that in-
creasing dataset size was associated with greater interclass
separation and accuracy, whereas augmentation was associ-
ated with tighter intraclass clustering under low data condi-
tions. Although it is important to note that the augmentations
cannot fully compensate for low sample quantity.

Discussion

When examining the average accuracy score of the 500-image
augmented models, compared to the base model’s accuracy
of 82.89%, an average augmented accuracy of 82.98% repre-
sents a small increase in accuracy. This contrasts with the sig-
nificantly higher accuracy achieved by the 5000 image model
(88.29%) (Table 1). This analysis framed dataset size as a
stronger indicator of model performance than augmentation
overall but tends to overlook the aspects of what each method
actually changes within the model. When examining the aver-
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age silhouette score of the low image augmented models, com-
pared to the unaugmented low image model’s silhouette score
of 0.0868, an average augmented silhouette score of 0.0873
represents a very small increase in class separation. This once
again contrasts with the significantly higher silhouette score
achieved by the 5000-image model (0.1960) (Table 1). Even
the best 500-image augmented model reached only about half
the silhouette score of the 5000-base model at 0.0950 com-
pared with 0.1960. The significantly larger silhouette score
indicates that increased dataset size exerted a stronger influ-
ence on interclass separation.

While training with larger datasets had large improvements
in interclass separation, augmentation showed varied results
when it came to silhouette scores. The mix of gains and re-
ductions indicates that although it depends on which augmen-
tation is chosen, the use of augmentations in general only pro-
vided small changes to separation. On the other hand, aug-
mentation exerted a more consistent visible influence on in-
traclass structure. Augmentation consistently resulted in re-
duced intraclass variance, indicating greater internal encoding
consistency. Intraclass dispersion was introduced as an addi-
tional metric to measure within class consistency in the fea-
ture space, separate from the between class focus of silhou-
ette score. This metric was computed on the 512-dimensional
AvgPool feature vectors as the average squared distance of
each sample to its class centroid, averaged across the cat and
dog classes, where lower values mean representations from
the same class were grouped tighter. Since it was calculated
in the full feature space unlike the reduced PCA space, it
captures structure that the two-dimensional projections may
not, and it being unnormalized means that its absolute scale
is large and only meaningful when it is compared across con-
ditions instead of simply looking at the value by itself. In-
cluding this metric allowed within class compactness to be
examined directly, rather than viewed solely qualitatively by
PCA graphs. For example, the unaugmented base models pro-
duced the highest dispersion in both settings (290.22 in the
500-image case and 288.40 in the 5000-image case), while
every augmentation reduced it, with blur consistently pro-
ducing the most compact representations (215.48 and 202.24
respectively). The same trends were present across dataset
sizes, with milder transformations such as blur, flip, and crop
yielded lower dispersion than stronger ones such as rotation
and affine (253.24 and 245.69 in the 500-image setting), sug-
gesting that augmentation exerted a more consistent effect on
intraclass structure than on interclass separation, a distinc-
tion that would not have been visible from silhouette score
alone. Tighter clusters of the activations reveal reductions
in intraclass variance and suggest that augmentation leads to
greater consistency in how images are encoded in the feature
space. Because principal component analysis reduces the 512-
dimensional AvgPool feature vectors to only two dimensions

for visualization, these plots capture just a fraction of the total
variance in the feature space and may omit structure present in
the full representation. For this reason, the PCA plots were in-
terpreted only qualitatively, while all quantitative conclusions
were drawn from the silhouette score and intraclass dispersion
computed in the original 512-dimensional space.

Overall, the hypothesis that both augmentation and in-
creased dataset size would enhance interclass separation was
only partially supported, as augmentation didn’t have a con-
sistent increase in separation across conditions. The hypoth-
esis that dataset size would have a stronger effect on inter-
class separation was supported. For intraclass consistency,
the hypothesis that augmentation would reduce intraclass vari-
ance more than increasing dataset size was supported: ev-
ery augmentation lowered dispersion relative to the unaug-
mented base at both sizes, whereas increasing from 500 to
5000 images changed it little (290.22 vs. 288.40). Practi-
cally, these findings suggest that when training an image clas-
sifier with limited data, augmentation should not be treated
as a full replacement for collecting more real examples. The
larger 5000-image model produced stronger interclass separa-
tion and higher accuracy, indicating that increasing real sam-
ple count remains important when the goal is to improve clas-
sification performance. However, augmentation may still be
useful in low data settings because certain transformations can
encourage more compactness within class feature representa-
tions. Therefore, when additional labeled data are unavailable,
moderate label preserving augmentations such as horizontal
flipping, mild cropping, or mild blur may help stabilize in-
ternal representations, but they should be selected carefully
because stronger transformations such as rotation, erasing, or
affine distortion can reduce performance if they alter impor-
tant visual cues.

A limitation of this study is that all experiments were con-
ducted on a single binary classification task using the cat and
dog classes from CIFAR-10. Although this setup allows con-
trolled comparison of dataset size and augmentation strate-
gies, it does not fully represent low data learning problems
with more classes, stronger class imbalance, or harder im-
age distributions. Therefore, the conclusions should be inter-
preted as evidence for lower class quantity and binary settings
rather than as general claims about low data learning across
all computer vision tasks. Another limitation of this analy-
sis is that silhouette score was used as the main feature space
separation metric in a binary task. Because silhouette score
depends on both between class distance and within class com-
pactness, it should be noted that silhouette score is impacted
by within class variance and isn’t solely an interclass metric.
Future work should test whether the same representation level
patterns hold in multiclass CIFAR-10 settings, other datasets,
and more difficult low data distributions. Furthermore, fu-
ture tests could consist of exploring different augmentation
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strengths, class counts, and data regimes to test the generality
of these findings. Evaluating other architectures or freezing
strategies could help further clarify how representation stabil-
ity depends on model design. Furthermore, applying this rep-
resentational analysis framework to other low data domains
could help guide understanding of how different parameters or
conditions affect the internal features of the model, especially
when the representation structure may vary under limited data
conditions.
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