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ABSTRACT Deep-learning methods have boosted the analytical power of Raman spectroscopy, yet they
still require large, task-specific, labeled datasets and often fail to transfer across application domains.
The study explores pre-trained encoders as a solution. Pre-trained encoders have significantly impacted
Natural Language Processing and Computer Vision with their ability to learn transferable representations
that can be applied to a variety of datasets, significantly reducing the amount of time and data required
to create capable models. The following work puts forward a new approach that applies these benefits
to Raman Spectroscopy. The proposed approach, RSPTE (Raman Spectroscopy Pre-Trained Encoder), is
designed to learn generalizable spectral representations without labels. RSPTE employs a novel domain
adaptation strategy using unsupervised Barlow Twins decorrelation objectives to learn fundamental spectral
patterns from multi-domain Raman Spectroscopy datasets containing samples from medicine, biology,
and mineralogy. Transferability is demonstrated through evaluation on several models created by fine-
tuning RSPTE for different application domains: Medicine (detection of Melanoma and COVID), Biology
(Pathogen Identification), and Agriculture. As an example, using only 20% of the dataset, models trained
with RSPTE achieve accuracies ranging 50%–86% (depending on the dataset used) while without RSPTE
the range is 9%–57%. Using the full dataset, accuracies with RSPTE range 81%–97%, and without pre-
training 51%–97%. Current methods and state-of-the-art models in Raman Spectroscopy are compared to
RSPTE for context, and RSPTE exhibits competitive results, especially with less data as well. These results
provide evidence that the proposed RSPTE model can effectively learn and transfer generalizable spectral
features across different domains, achieving accurate results with less data in less time (both data collection
time and training time).

INDEX TERMS Raman Spectroscopy, self-supervised learning, pre-trained encoder, multi-domain data,
clinical diagnostics

I. INTRODUCTION

Raman spectroscopy has emerged as a promising technique
for analysis and identification across diverse fields, including

agriculture [1], mineralogy [2], chemistry [3], biology [4, 5,
6], and medicine [7, 8, 9]. Its nondestructive, minimally in-
vasive, and highly specific molecular insights enable detailed
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analysis of chemical composition and structure across vari-
ous samples. In biological systems, it probes the biomolec-
ular content of cells [7], tissues [10], and biomolecules, fa-
cilitating the identification of cellular characteristics, disease
markers [11], species [5, 12], and treatment responses [13].

Deep learning employed in Raman spectroscopy have
enhanced analytical performance through automated feature
extraction and classification. [14, 15, 16]. Conventional deep-
learning approaches utilize techniques like Convolutional
Neural Networks and ResNets, which can extract features
from Raman spectra for efficient classification [2, 5]. Re-
cent approaches leverage techniques like Transformers and
Multi-head Attention mechanisms [17, 18] to capture long-
range dependencies within spectral data, enabling superior
performance over conventional methods in certain bench-
marks [19]. In addition, feature engineering and spectral
transformation techniques like Wavelet Transforms [20] and
Gramian Angular Fields [21] have helped simplify data com-
plexity and enhance subtle spectral features, which have also
improved performance [2, 5].

However, conventional approaches typically require large,
labeled datasets for training, which can be expensive and
time-consuming to acquire (especially for complex biolog-
ical samples). For example, Ho et al. [4] manually collects
over 60,000 samples for training and 3000 samples for fine-
tuning; Berlanga et al. aggregates over 80,000 spectra for
mineral classification [2]; and Qiu et al. utilizes 20,000
spectra for training and analysis [7]. Reaching the scale of
these datasets requires significant time and effort; such label
volumes are unattainable for many laboratories, especially
when samples are rare, costly, or patient-derived. Moreover,
these resultant models are often domain-specific, limiting
their adaptability to new analytical tasks. Several methods
that improve results on Raman spectroscopy benchmarks do
not specifically address the large data issue and focus mainly
on improving model or preprocessing steps [4, 5, 19] or
creating custom-built training datasets to solve in-domain
problems [2, 4, 7].

A promising solution is the recent development of pre-
trained encoders in natural language processing and com-
puter vision, which leverage transfer learning by training
on large volumes of unlabeled, out-of-domain data. These
models, such as BERT in NLP (Natural-Language process-
ing) [22] and CLIP in computer vision [23], learn rich,
generalizable, and information-dense representations that can
be fine-tuned for a wide variety of downstream tasks [24].
Pre-trained encoders are often trained using self-supervised
learning algorithms, which use the structure of unlabeled data
itself to learn valuable insights. For example, models may
be trained to predict masked words in a sentence [22] or
similarities within an image [25].

Models pre-trained on large, unlabeled data learn gen-
eral patterns and, when fine-tuned on smaller in-domain
data, achieve accuracy comparable to training from scratch
on large datasets, but with significantly less computing
power [24]. It is important to note that while training the pre-

trained encoder is time-consuming and computationally ex-
pensive, particularly for complex models that rely on several
broad, domain-relevant dataset, the process is a worthwhile
investment. Pre-training reduces the time and computational
cost of developing new models by enabling efficient fine-
tuning for specific applications.

This work leverages the benefits of self-supervised out-
of-domain pre-training by introducing Raman Spectroscopy
Pre-Trained Encoder (RSPTE), a proposed self-supervised
pre-trained encoder designed for data-efficient Raman Spec-
troscopy analysis. It is hypothesized that by pre-training on
a large corpus of unlabeled, out-of-domain data, RSPTE
can learn key spectral information and transfer well into
downstream tasks.

A common occurrence for models trained on limited data
is the tendency for the model to overfit on the sampled
distribution without considering the distribution of the data
as a whole. With such a small sample, even if the model
performs well on the sample itself, it may fail to extrapolate
its insights on the broader dataset (as shown in Fig. 1). Pre-
training improves performance by leveraging insights from
related datasets that may belong to different domains but
share useful similarities.

By creating a generalizable pre-trained encoder that can
learn key spectral representations which capture fundamental
information about spectroscopy, RSPTE can be used as a
pre-trained backbone, leveraging transferable knowledge to
accelerate domain adaptation–potentially allowing for the
creation of effective Raman Spectroscopy detectors with
reduced data, time, and effort.

The main contributions of this work are as follows:
1) Adaptation of the Barlow Twins framework to 1D

Raman spectral data and introduction of a pipeline of
five physically motivated spectral transforms designed
to simulate raman-specific instrument variability while
preserving chemical identity.

2) Axis-robust cross-domain pre-training strategy to learn
transferable spectral primitives (peak shape, width, in-
tensity ratios) rather than dataset-specific embeddings.

3) A systematic data-efficiency evaluation across four
downstream domains across pathogen identification,
medical diagnostics, cancer subtyping, and agricultural
classification.

4) Comparative analysis against classical and state-of-
the-art approaches (PCA+KNN, SVM, CNN, and Ra-
manNet).

II. MATERIALS AND METHODS
A. DATASETS
RSPTE was pre-trained on a mixed multi-domain Ra-
man spectroscopy dataset compiled from several established
sources, including spectra from:

• MDA-MB-231 breast cancer cell data [26], containing
approximately 160k spectra for training

• RRuFF [27], containing approximately 8k Raman spec-
tra of various minerals.
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FIGURE 1. Justification for the recommendation of pre-training in data-scarce situations. The model’s predictions after from-scratch training on limited data renders
suboptimal generalization to the data distribution as a whole. Pre-training could potentially help by supplying transferrable information from other domains about
spectral features and characteristics.

• Adenine data [3], containing approximately 4k Raman
spectra of different concentrations of the adenine nu-
cleotide.

• MLROD [2], containing approximately 78k Raman
spectra of various rocks and minerals.

Together, these datasets provided a sufficiently balanced
distribution of Raman spectra originating from a variety of
sources, potentially allowing the proposed RSPTE approach
to learn fundamental spectral patterns. Once the RSPTE
model was pre-trained, it was then used for fine-tuning on
different fields in which Raman spectroscopy is used. Several
datasets were evaluated to understand the performance of
fine-tuning after RSPTE:

• Bacteria-ID data [4], which was used as a reference for
benchmarks for several spectroscopy papers [4, 5, 19].
The dataset contained Raman spectra from 30 common
microbial species. The fine-tune and test splits are rela-
tively small, making this dataset suitable for data-scarce
evaluation.

• Covid-19 data [28], including Raman spectra of indi-
viduals diagnosed with Covid-19, individuals suspected
of having Covid-19, and healthy individuals as controls.
Suspected individuals were not included (thus making
the analysis a two-class problem) due to unreliable
labels, potentially causing issues with downstream fine-
tuning.

• Melanoma data [29], consisting of Raman spectra of
both healthy (control) and 12 variations of melanoma
cells. While the authors collected three spectra per sam-
ple using AuMs functionalized with ADT-NH2, ADT-
COOH, and ADT-(COOH)2, only spectra collected with
ADT-COOH functionalisation were used, as this subset
exhibits the highest inter-class similarity and therefore
poses a more challenging discrimination task [30]. Eval-
uating RSPTE’s performance under these conditions
could potentially provide insight into its ability to dis-
tinguish subtle spectral variations.

• Wheat Lines data [1], including Raman spectra from
a commercial wheat cultivar and a mutant strain, both

in raw form and treated with 125mM NaCl. After
analyzing the data embeddings, raw and salt-treated
spectra for each strain were pooled, yielding a two-
class problem (commercial cultivar vs mutant). Raw
and salt-treated spectra for each class were pooled for
theoretical and experimental reasons. Salt-treating does
not significantly change sample properties and is done to
enhance analysis - thus, a model trying to identify raw vs
salt-treated data would identify treatment-method rather
than spectra type, which was the desired task of the
dataset. Additionally, experimental observation of the
data revealed two large clusters (mutant vs original);
raw and salt-treated data were simply slightly shifted
from each other yet didn’t significantly change spectral
properties to warrant treatment as a different class en-
tirely.

As shown in Fig. 2, the spectra used in the dataset exhib-
ited differences in signal-to-noise (SNR), artifacts, peaks, and
baseline shifts. Some notable examples include:

• Varying SNR ratios: For example, the spectra from
MLROD dataset had a very high SNR, often represented
as smooth curves with well-defined peaks; on the other
hand, the data from the MDA-MB-231 dataset had a low
SNR, with a very noisy signal.

• Artifacts: The data from MLROD sometimes contained
cosmic rays, depicted as sharp spikes. These could
affect downstream preprocessing tasks as described in
Section II-C, and had to be removed.

• Some datasets contained baseline shifts, often from
external factors like fluorescence distortion. These shifts
were not expressly removed as they did not necessarily
impede the preprocessing steps.

• Peaks: Some datasets, like Adenine and RRuFF, ex-
hibited several peaks/spectra, but some only had one
principal peak, like the MDA-MB-231 dataset [26]

The choice of the datasets for pre-training and fine-tuning
was intentional because of the different domains from which
the individual datasets come from. The main objective was
to evaluate whether RSPTE could learn generic spectral
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FIGURE 2. Representative spectra used to pre-train RSPTE (intensity vs. Raman shift); left to right: (a) Cosmic-ray artifact from MLROD (characteristic narrow,
high-amplitude spike), (b) Breast-cancer spectrum from MDA-MB-231 (low-SNR signal with weak but present bands), (c) Extreme fluorescence distortion (steep,
baseline-dominated profile), and (d) Mild fluorescence distortion from Adenine/RRuFF (moderate baseline with clear adenine features).

features from a diverse dataset during pre-training, and suc-
cessfully transfer such knowledge to several downstream
models during fine-tuning. This approach aimed to demon-
strate cross-domain transferability without relying on a large
quantity of labeled, in-domain data for full training.

B. METHODS
The Barlow Twins approach of self-supervised pre-training
from Zbontar et al. [25] was chosen for its independence
from positive-negative pairs and explicit focus on redundancy
reduction.

1) Overview of Barlow Twins
Many conventional metric-learning algorithms require the
use of positive-negative pairs and learn embeddings by train-
ing the models to create similar embeddings for positive
pairs of images and different embeddings for different ones
[31], measuring “similarity” via metrics like negative cosine
similarity. However, these approaches often require labels to
create the pairings or make assumptions about the similarity
of data within batches which are potentially incorrect [31].

Barlow Twins does not require the use of any labels or
positive-negative comparisons during the training process.
Instead, two augmented versions of the same data sample
are created, which are both passed into the model to create
a pair of embeddings. Because the embeddings come from
the same sample, and are thus from the same class, the two
embeddings are expected to be similar to each other. If the
embeddings are dissimilar, it means that the model has not
yet effectively learned to generate accurate representations.

Barlow Twins uses a cross-correlation matrix to measure
both the similarity between two embeddings and their redun-
dancy. As illustrated in Fig. 3, the ideal cross-correlation ma-
trix would be in the form of an identity matrix, where strong
correlations exist only along corresponding parts of embed-
dings and minimal correlation between non-corresponding
pairs. To achieve this, the Barlow loss function penalizes
values less than one for correlations among corresponding
parts and nonzero values for correlations outside the diagonal
of the matrix (decorrelating features within the embedding).
Detailed pseudocode of the loss function is shown in Algo-
rithm 1.

2) Raman Spectroscopy-specific changes
Several modifications were applied in order to adapt the
Barlow Twins architecture to Raman Spectroscopy. Instead
of using the ResNet-50 architecture described in the refer-
ence paper [25], a base ResNet-34 adapted from [32] was
utilized instead. While ResNet is a common architecture that
has demonstrated successful results in Raman spectroscopy
classification [4, 14], the size of the ResNets used in these
established papers are significantly smaller than ResNet-50
(used in Zbontar et al. on ImageNet [25], several orders of
magnitude larger and more complex than this study’s pre-
training data). Given the size and shape of the RSPTE pre-
training dataset, a ResNet-34, better adapted for medium-
sized datasets, was used instead.

In addition, because pre-training was conducted on 1D
Raman Spectra instead of 2D images, the base ResNet-
34 architecture was adapted to work on 1D data by sub-
stituting 2D layers with corresponding 1D versions, using
Conv1D instead of Conv2D; ZeroPadding1D instead of Ze-
roPadding2D; MaxPool1D instead of MaxPool2D; and Av-
eragePooling1D instead of AveragePooling2D.

Furthermore, conventional image augmentations such as
rotation, flipping, and color shifting have no meaningful
analogue in 1D spectral data, necessitating domain-specific
transforms. Augmentations were chosen to introduce realistic
variability while preserving the fundamental spectral identity
of each sample. Each spectrum was stochastically augmented
using a pipeline of five Raman-specific transforms applied
with independent probabilities:

1) Gaussian noise (σ = 0.01) was added with approxi-
mately 50% probability to simulate detector noise.

2) Average blurring with a random kernel size between 2
and 5 was applied with approximately 25% probability
to mimic resolution variation across instruments.

3) A wavenumber-axis shift of ±5 points was applied
with approximately 25% probability to simulate small
calibration offsets. The shift mirrors calibration dif-
ferences across Raman spectroscopy equipment rather
than a large signal translation.

4) Random zeroing, in which 2% of spectral points were
set to zero, was applied with approximately 50% prob-
ability to encourage robustness to missing data.

5) Random intensity scaling by a factor drawn uniformly
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from [0.9, 1.1] was applied with approximately 25%
probability to simulate intensity variation.

On top of the ResNet-34 Encoder, a projector was ap-
plied that took the output and transformed it into a final
embedding of 2048 neurons. The projector is a key part of
the Barlow Twins algorithm [25] and consists of 2 Dense-
BatchNormalization-Relu blocks, followed by a final Dense
layer to generate the output embeddings.

TABLE 1. Raman spectroscopy datasets and spectral windows used in this
work. Evaluation-only datasets were not utilized in pre-training or in the UMAP
analysis to select the number of spectral features. Heterogeneity was handled
through resampling, normalization, and light removal of extreme cosmic rays.
Samples within the RRuff, Adenine, and MLROD datasets had different input
shapes (amount of spectral features per sample) and spectral windows
(starting spectrum and ending spectrum values for the sample), so the range
(µ ± σ) of spectral count and spectral window is provided.

Set Dataset No. spectra Spectral window (cm−1)
Train MDA-MB-231 500 100–1800
Train RRuff 1186± 282 108± 45–1520± 148

Train Adenine 1756± 2525 325± 174–2386± 748

Train MLROD 1766± 465 102± 18–1253± 256

Eval Covid 900 400–2112
Eval Wheat Lines 1748 296–2043
Eval Melanoma 2089 605–1722
Eval Bacteria 1000 382–1792

Algorithm 1 Barlow Twins Loss Function
Require: Embedding batches ZA, ZB ∈ RB×D, redun-

dancy weight λ
Ensure: Scalar loss L

1: Z̄A ← ZA−µ(ZA)
σ(ZA) {Normalize along batch dimension}

2: Z̄B ← ZB−µ(ZB)
σ(ZB)

3: C ← Z̄⊤
A Z̄B

B {Cross-correlation matrix C ∈ RD×D}
4: Linv ←

∑
i(Cii − 1)2 {Invariance: diagonal→ 1}

5: Lred ← λ
∑

i ̸=j C2ij {Redundancy: off-diagonal→ 0}
6: L ← Linv + Lred
7: return L

C. TRAINING
In order to use the multi-domain dataset, the samples had to
be preprocessed in a way that could be accepted by RSPTE.

The first issue stemmed from the fact that the number of
spectral features varied for each dataset. For example, the
MDA-MB-231 breast cancer dataset had 500 spectral fea-
tures, but the Bacteria-ID dataset had 1000 spectral features.
This was a problem because the RSPTE architecture, which
uses a ResNet projection head, could only accept a fixed
input-shape, meaning the dataset spectra had to be resampled
such that they all had the same number of spectral features.
A matter which had to be determined was the final number
of spectral features to resample to; if the number chosen
was too small, RSPTE could risk losing potentially valuable
spectral information; however, if the number was too large,
the model could fail to generalize due to the excess input

shape of data, potentially “overwhelming” the Resnet-34
with input features. Additionally, excessively large spectral
features could cost valuable compute time and memory.

To determine the ideal number of spectral features of pre-
training, input shape analysis (Table 1) and multiple test
runs of 500, 1000, and 2000 spectral features (represen-
tative feature sizes within our data) were conducted. Pre-
trained encoder performance was evaluated by visualizing
the model’s embeddings using the UMAP dimensionality-
reduction algorithm as an indicator of the model’s ability
to transfer information. The Bacteria-ID’s reference dataset
was used for the visualization evaluation because it was
not utilized in pre-training or fine-tuning benchmarks. After
qualitatively analyzing the UMAP-reduced embeddings, re-
sampling the data to 1000 spectral features was determined to
provide an optimal balance between complexity and spectral
preservation (Fig. 4).

In order to resample the data to the desired number of
spectral features, cubic-spline interpolation was applied. It
is important to note that cubic-spline interpolation did not
reduce the spectral noise nor aided in spectral smoothing, but
only served to standardize the input shapes for the RSPTE
model.

Additionally, the range of spectral intensities also varied
between datasets. For example, the Adenine dataset had
spectral intensities ranging from 0 to about 60000; but the
Breast Cancer dataset had spectral intensities from 0 to 0.175.
These ranges were not only significantly different for each
dataset, but were also not the ideal range of values for pre-
training. Deep learning models often train best when the
input data is scaled from 0 to 1 because it scales the gradient
updates, dependent on the input values, to a manageable and
stable form that improves training quality [33].

In order to standardize the intensities, min-max normaliza-
tion was employed to standardize the dataset intensity range
from 0 to 1. See Fig. 5 for a visual representation.

This study intentionally did not align wavelengths across
datasets or include wavelength as an explicit feature. Our
pretraining objective was to learn axis-robust local spec-
tral primitives (e.g., peak shape, width, contrast, and co-
occurrence) rather than dataset-specific absolute anchors,
because instruments often differ in coverage, sampling den-
sity, and small calibration offsets. Architecturally, the 1D
CNN backbone with pooling (utilized in both the current
ResNet architecture and many other use-cases) is locally
shift-equivariant, which biases it to emphasize such local
patterns even under small global shifts of the wavenumber
axis. Biochemically, Raman identities are encoded not only
in absolute positions but also in relative spacings, intensity
ratios, and bandshape, which are quantities that remain sta-
ble under approximately uniform axis shifts arising from
instrument/environmental factors. In contrast, enforcing a
single global range across heterogeneous sources would re-
quire trimming/extrapolation and substantial padding, creat-
ing easy-to-learn artifacts that could reduce the quality of
embeddings, dominate self-supervised objectives, and overfit
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FIGURE 3. Visual demonstration of the Barlow Twins pipeline. The input spectra, represented as a 1D signal, is augmented into two distinct versions (two
augmented samples for each real sample), which are both passed through the model containing an encoder and a projector. Two embeddings result from this
process. A cross-correlation matrix using the two embeddings is derived and optimized to look like the target through the Barlow Twins loss function.

FIGURE 4. UMAP visualization of RSPTE embeddings when pre-training with data interpolated to 5000, 1000, and 2000 spectral features. The 1000 spectral
feature model has the most separable clusters. 500 samples returns similar (albeit slightly inferior) results. 2000 samples demonstrates a clear degradation in
embedding quality as clusters start to mix

the model to not focus on edges. We therefore restricted
preprocessing to resampling for the purpose of length stan-
dardization (without smoothing), letting the encoder learn
chemistry-relevant local structure that transfers across in-
struments. Crucially, absolute wavenumber information is
reintroduced during fine-tuning on each dataset’s native axis
(i.e all fine-tuning samples are on the same axis), which “re-
anchors” the learned primitives to dataset-specific peak posi-
tions when making downstream decisions. Experimentally,
the study’s choice for handling heterogeneity is supported
by the prior input-shape analysis demonstrating a justifica-

tion for 1000 spectral features, and a cluster-analysis of the
UMAP embeddings demonstrating improved separation on
fine-tuned data in a different spectral range.

The RSPTE model was created with these specifications:
• The encoder Resnet-34 model had an input shape of

size (1000,), corresponding to the decided number of
spectral features per spectra.

• The projector network projected intermediate model
representations into embeddings of size (2048,). The
value 2048 was chosen after reviewing Zbontar et al.’s
ablation studies and training setup, in which an embed-
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FIGURE 5. Basic preprocessing and normalization steps used to pre-process spectra for pre-training. For each spectrum, a cubic-spline resampling to 1000
spectral features, followed by min-max normalization from 0-1 is applied. .

ding size of 2048 was decided.
• The batch size for training was 1024, after reviewing

the Zbontar et al.’s ablation study on batch size, where
optimal performance was discovered when using a batch
size of 1024 samples.

• The AdamW optimizer was used for gradient descent
due to demonstrated improvements over the conven-
tional Adam optimizer in terms of proper generalization
and minimizing overfitting [34], and its default parame-
ters for training were utilized.

• RSPTE was pre-trained for 200 epochs. Although the
initial plan was to train for 300 epochs following the
setup in Zbontar et al., signs of overfitting and potential
representation collapse (as shown later in Fig. 6, Results
section) were observed. Significantly better results were
achieved by reducing the epoch count to 200.

• Basic evaluation of the training results was conducted
by analyzing UMAP embeddings [35] of the trained
representations. The Bacteria-ID reference dataset was
selected for evaluation due to its large data count,
which facilitated visual identification of clustering. The
UMAP algorithm reduced the 2048-feature represen-
tations to 2 features while largely preserving the data
distribution and enabling visual analysis. (see Fig. 6 in
Results section).

Upon completion, the backbone of the pre-trained encoder
was saved for subsequent fine-tuning.

D. FINE-TUNING
For fine-tuning, the study utilized the datasets described
in Section II-A: Bacteria-ID, Covid-19, Melanoma, and
Wheat Lines.

In order to use the RSPTE backbone to fine-tune for the
datasets, the following setup was required:

1) Load the pre-trained encoder
2) Attach a Dense layer at the end of the pre-trained

encoder with N neurons, N being the number of classes
the dataset has.

For example, with the Bacteria-ID dataset, the pre-trained
backbone was loaded, and a Dense layer with 30 neurons was
attached to represent the 30 bacterial classes for classification
in the downstream task.

To assess RSPTE’s effectiveness, fine-tuning was per-
formed using both the RSPTE backbone and a randomly
initialized backbone as a control, with both settings trained
under identical conditions.

Training was conducted for 400 epochs, determined after
analyzing the behavior of models trained using the randomly-
initialized backbone, demonstrated below in Fig. 11 at Sec-
tion III

The batch size of 256 was determined after considering
the theoretical effects of batch size [36] on performance
for both pre-trained and randomly-initialized models. If the
batch size is too small, pre-trained models could have diffi-
culty with generalization due to excessive noise in gradient
updates triggered by random variations within the dataset,
which may diminish the knowledge obtained during the pre-
training step. However, an excessive batch size would make
convergence for the randomly-initialized models slower and
slightly more prone to over-fitting. While a batch size of
256 seemed like a reasonable compromise and demonstrated
accurate results for both pre-trained and randomly-initialized
models in certain scenarios, there were several areas where
the batch size 256 was greater than the size of the dataset
itself, which could make the model at risk of overfitting. To
maintain a fair, identical fine-tuning protocol across datasets
and splits, we kept the nominal batch size fixed at 256; when
the training partition contained fewer than 256 examples, the
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dataloader formed a single batch of size N (i.e., an effective
batch size min(256, N)) per epoch. We did not duplicate
samples to fill batches and did not use gradient accumulation
in these cases, so the optimizer performed one full-batch
update per epoch on the available training examples.

Moderate L1 and L2 regularization were applied in order
to help mitigate these effects. Both the L1 and L2 regular-
ization parameters λ1 and λ2 were set to 0.05, which helped
to both reduce overfitting and improve exploration by causing
random perturbations in the model that help it overcome local
minima. This regularization is particularly important in the
low-N regime induced by min(256, N) effective batches,
where full-batch updates can otherwise overfit. Keeping the
batch policy fixed while relying on regularization preserves
comparability between the pre-trained and randomly initial-
ized backbones without per-dataset hyperparameter tuning.

To promote maximum generalization, ReduceLROn-
Plateau was used to decrease the learning rate by a factor
of 0.1 if validation loss did not significantly improve for
30 consecutive epochs. The learning rate was reduced until
reaching a minimum of 5 × 10−7, at which point further
gradient updates had minimal impact on the loss. This helped
prevent the common issue of the loss “bouncing” between
two suboptimal extreme conditions instead of reaching the
minimum between them–a problem that occurs when the
learning rate is too high for the optimizer to have the gran-
ularity to reach the minimum.

After fine-tuning, the model was evaluated on the test
dataset. For the evaluation, the model was tested on either
an independent set provided by the creators of the evaluation
benchmark or a partition of the original dataset. The test
dataset accuracy was utilized as a metric for performance.

E. ABLATION STUDY
This study evaluated the performance of both the control
and pre-trained models fine-tuned with varying amounts of
data. Stratified sampling was used to select a percentage
of the fine-tuning dataset, allowing performance compar-
isons across different data proportions. Evaluations were
conducted on 10%, 20%, 50%, and 100% of the fine-tuning
datasets, except for the Wheat Lines dataset. Given its
approximately 50,000 samples, smaller percentages (0.1%,
0.2%, 0.5%, 1%, and 10%) were tested to better simulate
data-scarce scenarios, where RSPTE was expected to demon-
strate its benefits.

To account for variations introduced by data sampling,
Stratified K-Fold Cross-Validation with 5 folds was em-
ployed, a commonly used approach in prior studies [4, 19].
Four folds were used for training and one for validation,
ensuring balanced representation of classes across folds. The
fine-tuned model was then evaluated on the independent test
set to measure performance.

III. RESULTS
The loss decreased over time during the pre-training process
despite minor jumps in the beginning. UMAP projections of

the Bacteria-ID reference dataset embeddings, as shown in
Fig. 6, were created to evaluate the performance of the pre-
trained encoder and show signs of unsupervised separation of
different spectral types.

In the ablation study, significant improvements in test
accuracy (Table 2), precision (Table 3), recall (Table 4),
and f1 (Table 5) were observed after fine-tuning with the
RSPTE backbone compared to the randomly-initialized con-
trol (which mostly failed to generalize under low percentages
of data). Additionally, a review of common and SOTA mod-
els in current literature was conducted to provide context for
the results and what a theoretical maximum could look like.
Generally, RSPTE demonstrated comparable results across
benchmarks, achieving similar accuracies to established ap-
proaches, even with limited context or data. Particularly in-
teresting is RSPTE’s performance on the Bacteria-ID dataset,
where RSPTE achieved results similar to CNN and SOTA
approaches like RamanNet without pretraining on the 60,000
sample reference dataset.

TABLE 2. Accuracy (%) with and without RSPTE. Mean ± std across folds.

Category Concentration RSPTE Random

Bacteria-ID 10% 61.2 ± 1.4 3.3 ± 0.3
20% 73.6 ± 0.3 36.6 ± 2.8
50% 78.9 ± 1.0 52.4 ± 1.6
75% 80.7 ± 0.5 74.0 ± 1.2
90% 80.2 ± 0.6 63.9 ± 3.1
100% 81.0 ± 0.6 68.1 ± 5.2

Covid-19 10% 61.3 ± 9.6 49.7 ± 1.6
20% 75.5 ± 2.6 51.6 ± 0.0
50% 85.2 ± 4.8 50.3 ± 1.6
75% 83.9 ± 2.9 51.0 ± 1.3
90% 85.2 ± 6.0 51.0 ± 1.3
100% 85.8 ± 1.6 51.0 ± 1.3

Melanoma 10% 40.0 ± 3.5 11.6 ± 3.5
20% 50.9 ± 4.5 8.8 ± 1.3
50% 72.8 ± 0.8 13.4 ± 2.9
75% 87.8 ± 2.9 85.9 ± 2.2
90% 88.8 ± 1.5 91.3 ± 2.3
100% 87.5 ± 2.4 94.7 ± 1.3

Wheat Lines 0.10% 82.1 ± 1.1 52.3 ± 0.0
0.20% 85.5 ± 1.4 51.4 ± 1.9
0.50% 89.8 ± 0.8 54.8 ± 9.7
1% 93.2 ± 0.3 92.0 ± 1.7
5% 96.7 ± 0.1 96.6 ± 0.3
7% 97.0 ± 0.2 97.1 ± 0.3
10% 97.3 ± 0.1 97.2 ± 0.2

Fig. 7-Fig 10 present confusion matrices that visually sum-
marize the classification performance across the evaluation
datasets. These figures highlight various scenarios encoun-
tered during the evaluation process.

An important benchmark to note in which suboptimal
results were found for both RSPTE and the randomly-
initialized backbone is the Covid-19 dataset. At 10%, both
achieve poor results, with 61% and 50%, respectively. Ac-
curacy of 50% is considered very low, because in a 2-
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Before Pretraining (Raw Signal) After Pretraining (pre-trained embeddings)

*different classes may have the same color

Overfitting (excessive epochs)

Overfitted embeddings (string 
behavior caused by inseparable 
embeddings)

FIGURE 6. UMAP projections of unsupervised Bacteria-ID reference dataset embeddings from the pre-trained backbone compared to projections of the raw
spectra. Additionally, the effects of overfitting on embedding quality is considered as well. The overfitted embeddings form ’strings’. This behavior often occurs
during representation collapse, which occurs when embeddings hold little-to-no useful information.

Randomly-Initialized With Pre-training

FIGURE 7. Confusion matrix of the Bacteria-ID dataset results with 50% of the data

class problem a model that guesses randomly would get an
accuracy of 50%. Also suboptimal were the results at 100%
of data, in which the randomly-initialized backbone failed
to generalize with 51%. This suggests that the setup was
suboptimal for both approaches.

A particularly compelling reason may be the over-
complexity of the model on a 2-class problem. Given the

dataset size and only 2 classes, utilizing a foundation model
of this size may not be beneficial as it may not generalize
well due to the number of weights being too much for
a simple task. Additionally, the high regularization, meant
to curb overfitting on multi-class complex datasets, could
have prevented the model from reaching a global minimum.
For smaller-class problems, utilizing a simpler approach,
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a) b)

FIGURE 8. Confusion matrix of the Covid-19 dataset results with 100% of the data; (a) Randomly-Initialized and (b) With Pre-training

a) b)

FIGURE 9. Confusion matrix of the Melanoma dataset results with 100% of the data; (a) Randomly-Initialized and (b) With Pre-training
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a) b)

FIGURE 10. Confusion matrix of the Wheat Lines dataset results with 1% of the data; (a) Randomly-Initialized and (b) With Pre-training

like PCA for dimensionality reduction, may provide better
results.

Furthermore, the accuracy gain when using the RSPTE
pre-trained backbone generally decreased as the amount
of fine-tuning data increased. In both the Melanoma and
Wheat Lines benchmarks, performance was comparable to
the control when trained on 100% of the data. However, in
the Bacteria-ID benchmark, RSPTE still provided a notable
improvement of nearly 10 percentage points, even with the
full dataset.

Additionally, even for the cases when RSPTE and the
Randomly-initialized backbone exhibited similar results in
accuracy, RSPTE often generalized significantly faster than
the randomly-initialized counterpart. As it shown in Fig. 11,
corresponding to the training process on the Melanoma
dataset, the randomly-initialized model required close to 250
epochs to finally start to generalize, as opposed to an almost
instant convergence with RSPTE which only took approx-
imately 10-30 epochs to reach comparable accuracy levels.
Converging in fewer epochs is crucial because it reduces the
computational time and resources needed to train a model
efficiently.

An interesting point to make is that for both the pre-
trained and randomly-initialized curves, the validation ac-
curacy converged below the train accuracy, which was near
100%. It is likely that because we only included spectra
collected with ADT-COOH functionalization because that

data was significantly less separable than when using all
functionalizations together. However it’s probable that doing
this meant that there simply wasn’t enough information for
the model to achieve an accuracy comparable to the training
data, which it potentially started to memorize in later epochs.

Finally, interest should be taken to the results of the
Bacteria-ID dataset, Beyond 75% of data, the randomly-
initialized backbone exhibits a bimodal performance distri-
bution. At both 90% and 100%, 4 out of 5 folds converged
to suboptimal solutions (60-68% accuracy), while 1 fold
achieved 79% accuracy comparable to RSPTE. This 80%
failure rate suggests a fundamental optimization challenge
and suggests the loss landscape for randomly-initialized
backbones at higher data regimes may contain dominant
attractors (bad local minima) that almost-always result in
suboptimal results. The high variance (90%: ±3.1%, 100%:
±5.2%) reflects this bimodal distribution. In stark contrast,
RSPTE achieves 80-81% accuracy consistently across all
folds (±0.6%), demonstrating that pre-trained initialization
provides reliable and reproducible access to high-quality
solutions regardless of random seed or fold selection.

IV. DISCUSSION
The results demonstrated the effective extraction of use-
ful and transferable features from unlabeled out-of-domain
data and their successful application to several different
Raman spectroscopy domains. This study implemented self-
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Randomly-initialized Pre-trained backbone

FIGURE 11. Example of accuracy/epoch curves for randomly-initialized and pre-trained backbone on 100% of the Melanoma dataset. While both exhibit similar
evaluation results, the randomly-initialized backbone took longer to generalize.

TABLE 3. Macro-Precision (%) with and without RSPTE. Mean ± std across
folds.

Category Concentration RSPTE Random

Bacteria-ID 10% 64.8 ± 1.4 0.5 ± 0.4
20% 76.3 ± 0.5 34.9 ± 3.0
50% 80.7 ± 1.5 51.5 ± 1.7
75% 82.0 ± 0.6 73.5 ± 1.2
90% 81.8 ± 0.6 63.6 ± 3.4
100% 82.1 ± 1.6 68.1 ± 5.6

Covid-19 10% 62.4 ± 10.8 29.9 ± 10.7
20% 76.3 ± 2.8 25.8 ± 0.0
50% 85.9 ± 4.4 25.2 ± 0.8
75% 84.1 ± 2.9 25.7 ± 0.3
90% 85.4 ± 6.1 25.5 ± 0.6
100% 86.1 ± 1.8 25.7 ± 0.3

Melanoma 10% 37.6 ± 5.0 1.8 ± 1.3
20% 53.8 ± 5.4 0.8 ± 0.2
50% 75.0 ± 3.6 3.2 ± 1.8
75% 88.8 ± 2.8 89.1 ± 0.8
90% 89.4 ± 1.7 93.0 ± 2.1
100% 89.1 ± 2.6 95.3 ± 1.3

Wheat Lines 0.10% 82.7 ± 0.8 26.2 ± 0.0
0.20% 85.9 ± 1.1 25.7 ± 0.9
0.50% 89.9 ± 0.8 51.9 ± 23.3
1% 93.2 ± 0.3 92.5 ± 1.4
5% 96.7 ± 0.1 96.6 ± 0.3
7% 97.0 ± 0.2 97.0 ± 0.3
10% 97.3 ± 0.1 97.2 ± 0.2

supervised pre-training using Barlow Twins on a multi-
domain pre-training dataset and fine-tuned a ResNet-
34+projector model across multiple evaluation sets. Perfor-
mance was compared between a self-supervised pre-trained
backbone and a randomly initialized one, demonstrating that
the RSPTE backbone consistently and significantly outper-
formed the randomly initialized model, even with limited
data.

TABLE 4. Macro-Recall (%) with and without RSPTE. Mean ± std across
folds.

Category Concentration RSPTE Random

Bacteria-ID 10% 61.2 ± 1.4 3.3 ± 0.3
20% 73.6 ± 0.3 36.6 ± 2.8
50% 78.9 ± 1.0 52.4 ± 1.6
75% 80.7 ± 0.5 74.0 ± 1.2
90% 80.2 ± 0.6 63.9 ± 3.1
100% 81.0 ± 0.6 68.1 ± 5.2

Covid-19 10% 61.5 ± 9.8 50.3 ± 0.5
20% 75.4 ± 2.5 50.0 ± 0.0
50% 85.2 ± 4.8 50.0 ± 0.0
75% 83.9 ± 2.9 49.4 ± 1.3
90% 85.1 ± 6.0 50.0 ± 0.0
100% 85.7 ± 1.5 49.4 ± 1.3

Melanoma 10% 38.8 ± 3.3 11.3 ± 3.7
20% 49.6 ± 5.1 8.3 ± 0.0
50% 71.2 ± 2.0 11.1 ± 2.4
75% 87.7 ± 2.9 85.7 ± 2.6
90% 88.6 ± 1.5 91.0 ± 2.3
100% 87.7 ± 2.5 94.7 ± 1.2

Wheat Lines 0.10% 82.4 ± 1.0 50.0 ± 0.0
0.20% 85.7 ± 1.2 50.0 ± 0.0
0.50% 89.7 ± 0.8 55.8 ± 9.6
1% 93.2 ± 0.3 92.3 ± 1.6
5% 96.7 ± 0.1 96.7 ± 0.3
7% 97.0 ± 0.2 97.1 ± 0.3
10% 97.3 ± 0.1 97.2 ± 0.2

A. LIMITATIONS
Despite the promising results, it is important to acknowledge
some limitations of the current study.

1) Hyperparameter Exploration: RSPTE was pre-trained
with a fixed batch size of 256. When fine-tuning on
small datasets where the training partition contains
fewer than 256 samples, this effectively becomes full-
batch gradient descent, which may limit the regular-
ization benefits typically provided by stochastic mini-
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TABLE 5. Macro-F1 (%) with and without RSPTE. Mean ± std across folds.

Category Concentration RSPTE Random

Bacteria-ID 10% 61.2 ± 1.4 0.7 ± 0.4
20% 72.7 ± 0.4 32.6 ± 2.8
50% 77.7 ± 0.9 50.7 ± 1.6
75% 79.4 ± 0.5 72.5 ± 1.1
90% 78.8 ± 0.5 62.7 ± 3.1
100% 79.7 ± 0.7 66.7 ± 4.9

Covid-19 10% 60.9 ± 9.5 36.5 ± 7.2
20% 75.2 ± 2.5 34.0 ± 0.0
50% 85.1 ± 4.9 33.5 ± 0.7
75% 83.9 ± 2.9 33.8 ± 0.6
90% 85.1 ± 6.0 33.8 ± 0.6
100% 85.7 ± 1.6 33.8 ± 0.6

Melanoma 10% 35.6 ± 3.7 2.9 ± 2.0
20% 49.0 ± 4.6 1.5 ± 0.3
50% 71.3 ± 1.7 4.2 ± 1.7
75% 87.2 ± 3.2 85.5 ± 2.8
90% 88.3 ± 1.6 91.1 ± 2.3
100% 86.8 ± 2.8 94.7 ± 1.2

Wheat Lines 0.10% 82.1 ± 1.1 34.4 ± 0.0
0.20% 85.5 ± 1.4 33.9 ± 0.8
0.50% 89.8 ± 0.8 43.9 ± 15.3
1% 93.2 ± 0.3 92.0 ± 1.8
5% 96.7 ± 0.1 96.6 ± 0.3
7% 97.0 ± 0.2 97.0 ± 0.3
10% 97.3 ± 0.1 97.2 ± 0.2

batching. Although L1 and L2 regularization were
applied during fine-tuning, per-dataset hyperparameter
tuning of batch size and regularization strength could
yield improved performance on smaller datasets.

2) Over-parameterization: The ResNet-34 backbone,
while effective for complex multi-class problems such
as Bacteria-ID (30 classes) and Melanoma (12 classes),
may be over-parameterized for simpler binary classifi-
cation tasks. This is evident in the Covid-19 results,
where RSPTE achieved 85.8% accuracy compared to
51.0% for the randomly initialized baseline. This is
a substantial improvement, but simpler methods like
PCA or SVM provide equivalent or better perfor-
mance. The confusion matrices for Covid-19 reveal
persistent false positives and false negatives, suggest-
ing that the model’s capacity exceeds what is necessary
for a binary task with only 278 samples. For such
low-complexity tasks, smaller backbones, like ResNet-
18, or simply dimensionality reduction followed by
classical classifiers, may be more appropriate.

3) Generalization to diverse acquisition conditions:
RSPTE was pre-trained and evaluated exclusively on
publicly available datasets. Performance on data ac-
quired under substantially different conditions, such as
non-standard wavelength ranges or specialized instru-
mentation may require additional validation.

Some specific adjustments to the current approach that

TABLE 6. Reference accuracies reported in prior work (typically full-data or
specified feature subsets), shown for context alongside our RSPTE (100%)
results where available. Protocols differ across studies.

Task Method Accuracy (%) Setup
note

Bacteria-ID RSPTE (ours, 100%) 81 no
pretraining
conducted

KNN 40
CNN 82.2 Pretrained

with
60,000
spectra

Logistic Regression 75.8
SVM 74.9
PCA + KNN 82
RamanNet 85.5 Pretrained

with
60,000
spectra

Covid-19 RSPTE (ours, 100%) 87
KNN 79
PCA + KNN 85
RamanNet 91
SVM 90

Melanoma RSPTE (ours, 100%) 87 −COOH
only

KNN 77 all features
PCA + KNN 76 all features
CNN 93.3 −COOH

only
RamanNet 98.54 −COOH

only
RamanNet 99 all features

Wheat Lines RSPTE (ours, 10%) 97 100% not
available

Tree Classifier 94.62

may be valuable for further study include:
• Exploring new augmentations, like applying baseline

shifts or mixing several different spectra together.
• Evaluating further preprocessing steps like signal clean-

ing; stricter cosmic-ray [2] thresholding; polynomial
baseline removal, for removing fluorescence shifts; or
low-pass filtering, to reduce noise. However, the impact
of these artifacts remains uncertain, as they may either
improve model robustness or contribute to noise and
overfitting, warranting further study.

• Combining UMAP with other interpretable ML tech-
niques to further understand the effect of pre-trained
encoders [37, 38].

Finally, future research could explore combining the
RSPTE pre-training approach with innovative model archi-
tectures and novel techniques. Since the Barlow Twins archi-
tecture allows for a swappable projector network, integrating
novel projectors like Transformers [19], Action Networks
[39], or Quanvolutional Neural Networks [40], which have
either shown demonstrated improvements on benchmarks
or promising results in the field, would be an interesting
direction. Additionally, synthetic data generation to further
augment the pre-training data, as has been explored through
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approaches like Generative Adversarial Networks [41], could
further improve the resiliency of the pre-trained encoder.

V. CONCLUSION
The results obtained with RSPTE and presented in this paper
are promising. The proposed approach demonstrated the
ability to achieve heuristic results using only a fraction of in-
domain data. In a research setting, this approach could enable
faster, earlier, and more cost-effective results by reducing the
need for large quantities of manually collected and labeled
in-domain data, potentially streamlining developments in the
Raman Spectroscopy field and making analysis more acces-
sible to resource-limited settings.
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APPENDIX A SOFTWARE
Training was completed on an NVIDIA A100 GPU using
Google Colab Pro. The model was trained using Keras.
Scikit-learn was used for the fine-tuning data preparation and
K-fold cross-validation.

APPENDIX B SAMPLES IN FINE-TUNING DATA
This appendix details the number of samples employed in the
training, validation, and test sets for all fine-tuning datasets,
including the per–sampling-level breakdown used in our
experiments. Unless otherwise noted, validation is a 20%
split of the sampled training data (i.e., 80% training / 20%
validation). For sampling levels that yield non-integer counts,
we round to the nearest integer and allocate validation as
Nval = Nsample − ⌊0.8 · Nsample⌋ (so that train + val equals
the sampled total).
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BACTERIA
Total (train+val pool): 3000 Test: 3000
Sampling levels (10, 20, 50, 100% of 3000).

Sampling Sampled Total Train (80%) Val (20%) Test

10% 300 240 60 3000
20% 600 480 120 3000
50% 1500 1200 300 3000
100% 3000 2400 600 3000

MELANOMA
Total (train+val pool): 569 Test: 64
Sampling levels (10, 20, 50, 100% of 569).

Sampling Total Train (80%) Val (20%) Test

10% 57 45 12 64
20% 114 91 23 64
50% 284 227 57 64
100% 569 455 114 64

WHEAT LINES
Total (train+val pool): 47,820 Test: 5,314
Sampling levels (0.1, 0.2, 0.5, 1, 10% of 47,820).

Sampling Sampled Total Train (80%) Val (20%) Test

0.1% 48 38 10 5314
0.2% 96 76 20 5314
0.5% 239 191 48 5314
1% 478 382 96 5314
10% 4782 3825 957 5314

COVID-19
Total (train+val pool): 278 Test: 31
Sampling levels (10, 20, 50, 100% of 278).

Sampling Sampled Total Train (80%) Val (20%) Test

10% 28 22 6 31
20% 56 44 12 31
50% 139 111 28 31
100% 278 222 56 31

APPENDIX C PER-CLASS RESULTS
This appendix reports per-class accuracy (i.e., class-wise
recall, %) as mean ± std across folds. Multi-class datasets
(Bacteria-ID, Melanoma) include all evaluated concentra-
tions; binary datasets (COVID-19, Wheat Lines) show
class 0/1 recalls per concentration for both RSPTE and
Random initializations. R stands for randomly initialized, P
stands for pre-trained
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TABLE 7. Bacteria-ID (30 classes): Per-class accuracy (recall, %) across concentrations. Mean ± std.

Class 10% R 10% P 20% R 20% P 50% R 50% P 75% R 75% P 90% R 90% P 100% R 100% P

0 6.0±9.1 58.8±3.3 57.2±13.7 81.4±5.1 80.6±3.1 91.4±2.5 91.6±2.9 94.8±1.5 89.4±5.3 92.4±4.9 90.4±5.3 93.8±1.2
1 72.6±32.5 71.8±14.7 95.2±2.8 96.8±2.4 98.8±0.8 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 99.6±0.8 100.0±0.0
2 0.0±0.0 51.6±12.1 3.8±2.3 62.2±11.5 16.0±7.6 52.8±14.0 52.8±5.3 68.6±4.0 33.6±10.0 67.8±4.7 44.4±5.3 67.0±5.6
3 1.4±2.8 57.0±9.6 74.2±8.5 87.4±4.5 92.8±1.7 99.4±0.8 99.0±0.9 100.0±0.0 96.2±1.2 99.4±0.5 98.8±0.8 99.8±0.4
4 0.0±0.0 38.0±5.6 24.4±8.8 34.2±8.3 32.4±5.8 38.8±5.3 36.0±5.8 43.2±4.2 43.2±4.3 39.0±8.1 36.0±7.6 51.2±9.2
5 0.8±1.6 84.8±8.2 88.6±7.0 100.0±0.0 99.8±0.4 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0
6 0.0±0.0 27.6±11.7 6.2±4.0 7.2±3.7 20.8±10.3 4.2±1.2 5.8±2.8 4.2±1.7 19.0±7.9 4.2±2.6 10.6±3.6 2.4±2.1
7 0.0±0.0 44.6±6.7 21.0±12.5 74.4±2.7 36.8±7.3 85.4±2.7 64.0±8.1 81.8±3.5 51.4±7.0 81.8±4.7 61.6±10.3 86.8±2.1
8 0.0±0.0 44.2±9.1 16.4±10.1 58.0±7.6 19.4±6.5 72.2±2.6 53.4±5.1 72.6±4.2 33.8±7.5 73.2±6.2 42.4±14.8 75.2±3.3
9 0.0±0.0 34.4±2.4 1.4±1.0 45.6±6.2 10.8±3.5 65.8±6.6 34.2±3.5 65.4±5.5 26.8±7.0 73.0±8.4 35.0±19.8 73.4±6.1
10 7.6±15.2 70.4±2.6 17.4±8.1 80.4±6.5 40.8±5.0 85.4±0.8 78.6±5.6 88.2±4.3 63.6±10.0 83.0±2.8 68.4±9.9 84.2±2.8
11 0.0±0.0 50.4±5.5 9.8±4.7 30.6±3.6 8.2±4.3 29.4±4.0 22.0±6.5 27.8±4.8 17.4±7.0 31.2±4.5 17.2±2.6 34.6±5.6
12 0.0±0.0 61.2±6.2 11.6±9.2 62.4±4.8 38.6±4.0 76.2±2.2 80.2±3.0 81.0±2.2 50.6±6.8 87.8±2.7 62.2±15.4 85.0±4.5
13 0.6±1.2 64.6±5.5 39.0±9.2 68.8±4.9 59.4±10.9 75.6±6.0 69.4±4.8 73.6±1.9 64.2±4.6 71.0±6.5 62.8±6.4 74.2±2.7
14 0.0±0.0 60.8±12.9 10.8±7.7 90.4±3.8 31.2±7.6 97.2±1.0 93.2±3.3 96.8±1.7 56.4±6.0 97.8±1.0 78.4±11.8 96.6±2.5
15 0.0±0.0 51.8±8.0 25.4±12.4 60.4±7.1 59.4±3.0 66.2±3.9 59.6±6.8 67.6±2.7 64.0±6.6 64.8±10.4 62.8±5.6 63.2±2.3
16 0.6±1.2 68.2±4.7 81.8±4.5 72.2±1.7 78.4±4.8 80.4±2.4 83.0±6.2 83.6±3.8 83.4±4.5 83.0±5.6 79.6±4.8 83.2±3.4
17 3.2±6.4 34.2±6.2 8.6±2.6 52.6±1.9 28.8±5.9 57.0±4.3 48.6±2.6 53.0±2.3 37.4±2.6 45.4±6.3 40.2±6.4 44.0±6.9
18 0.4±0.8 80.0±4.3 91.2±1.5 92.4±1.4 90.6±1.0 92.8±2.0 94.4±1.9 93.8±0.4 91.4±1.5 93.4±2.2 93.8±1.2 94.2±1.2
19 0.0±0.0 82.6±6.7 13.8±8.4 97.6±0.5 57.2±14.3 97.6±0.5 93.4±2.0 97.4±0.8 79.8±7.4 97.0±1.6 79.2±10.8 97.2±0.8
20 4.0±8.0 79.2±10.2 92.2±3.3 98.8±1.0 96.8±1.6 98.8±0.8 99.2±0.8 99.6±0.5 99.0±0.6 99.6±0.5 99.2±0.8 99.6±0.8
21 0.0±0.0 56.6±2.9 15.4±8.9 79.8±9.7 39.2±6.4 88.4±5.6 88.2±3.4 92.6±1.9 61.2±5.3 93.8±1.6 75.2±11.2 94.4±2.7
22 0.0±0.0 64.0±10.2 26.8±16.0 73.6±2.8 42.4±6.5 78.8±1.5 70.4±4.2 85.0±4.2 61.4±6.1 84.8±3.4 65.6±11.7 82.2±2.2
23 0.0±0.0 54.6±10.3 13.2±4.2 68.8±3.1 38.8±3.4 72.6±4.6 70.2±6.8 83.6±5.1 54.2±6.2 79.4±6.2 61.2±11.8 84.4±3.8
24 0.0±0.0 37.2±13.6 1.8±1.6 86.0±0.6 13.4±3.3 90.8±2.1 70.8±10.2 93.6±0.8 34.8±5.9 93.0±2.0 51.2±23.9 92.4±1.6
25 0.0±0.0 84.4±3.4 20.0±9.0 86.2±1.6 42.4±4.1 82.2±3.1 84.6±2.7 86.6±2.9 66.2±7.4 82.4±4.4 77.0±5.3 86.8±4.1
26 1.4±2.8 78.6±7.7 33.6±11.7 81.2±5.0 57.6±4.2 93.6±2.4 87.8±3.7 93.2±1.2 75.8±8.7 90.4±5.0 79.8±8.9 92.8±2.1
27 0.0±0.0 79.2±10.9 94.8±3.9 93.4±3.7 99.0±0.6 97.4±1.4 99.8±0.4 96.6±2.1 99.2±0.4 98.0±1.1 99.8±0.4 96.6±1.2
28 0.8±1.6 75.8±3.0 58.0±12.9 90.0±3.6 73.8±7.2 96.2±3.1 91.8±1.7 98.0±0.9 80.8±4.5 98.2±1.3 85.0±5.8 97.0±2.5
29 0.4±0.8 88.2±6.7 43.4±17.4 95.2±1.6 67.6±2.2 98.8±0.4 98.0±1.1 99.6±0.5 82.2±6.4 99.6±0.5 86.6±7.0 98.6±0.5

TABLE 8. Melanoma (12 classes): Per-class accuracy (recall, %) across concentrations. Mean ± std.

Class 10% R 10% P 20% R 20% P 50% R 50% P 75% R 75% P 90% R 90% P 100% R 100% P

0 0.0±0.0 64.0±15.0 0.0±0.0 80.0±17.9 0.0±0.0 96.0±8.0 64.0±15.0 96.0±8.0 84.0±8.0 92.0±9.8 96.0±8.0 92.0±9.8
1 20.0±40.0 13.3±6.7 0.0±0.0 23.3±17.0 0.0±0.0 60.0±8.2 90.0±8.2 96.7±6.7 100.0±0.0 93.3±8.2 90.0±8.2 96.7±6.7
2 0.0±0.0 68.6±14.0 20.0±40.0 65.7±14.6 80.0±33.3 100.0±0.0 97.1±5.7 100.0±0.0 97.1±5.7 100.0±0.0 100.0±0.0 100.0±0.0
3 0.0±0.0 92.0±9.8 20.0±40.0 72.0±16.0 8.0±16.0 84.0±8.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0
4 40.0±48.9 46.7±6.7 20.0±40.0 40.0±13.3 36.7±45.2 63.3±16.3 76.7±17.0 63.3±19.4 86.7±12.5 70.0±12.5 86.7±6.7 40.0±8.2
5 0.0±0.0 20.0±17.9 0.0±0.0 52.0±16.0 0.0±0.0 76.0±8.0 76.0±8.0 88.0±9.8 80.0±0.0 92.0±16.0 84.0±8.0 96.0±8.0
6 0.0±0.0 24.0±19.6 0.0±0.0 80.0±12.6 0.0±0.0 80.0±0.0 92.0±9.8 84.0±8.0 96.0±8.0 80.0±0.0 96.0±8.0 84.0±8.0
7 0.0±0.0 36.0±8.0 0.0±0.0 48.0±20.4 0.0±0.0 68.0±9.8 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 96.0±8.0
8 0.0±0.0 28.0±20.4 0.0±0.0 28.0±9.8 8.0±16.0 54.0±8.0 76.0±8.0 76.0±8.0 76.0±19.6 68.0±9.8 84.0±8.0 76.0±8.0
9 40.0±48.9 48.0±16.0 20.0±40.0 53.0±18.9 0.0±0.0 76.0±14.9 92.0±9.8 96.0±8.0 100.0±0.0 96.0±8.0 100.0±0.0 100.0±0.0
10 36.0±44.5 32.0±20.4 20.0±40.0 32.0±9.8 0.0±0.0 64.0±19.6 80.0±30.9 96.0±8.0 88.0±16.0 100.0±0.0 100.0±0.0 100.0±0.0
11 0.0±0.0 0.0±0.0 0.0±0.0 44.0±14.9 0.0±0.0 48.0±16.0 84.0±14.9 56.0±14.9 84.0±8.0 68.0±9.8 100.0±0.0 72.0±20.4

TABLE 9. COVID-19 (2 classes): Per-class accuracy (recall, %) by
concentration. Mean ± std.

Conc. RSPTE C0 RSPTE C1 Random C0 Random C1

10% 68.0 ± 18.6 55.0 ± 4.7 68.0 ± 41.2 32.5 ± 41.5
20% 72.0 ± 7.8 78.8 ± 9.4 0.0 ± 0.0 100.0 ± 0.0
50% 85.3 ± 7.8 85.0 ± 9.4 40.0 ± 49.0 60.0 ± 49.0
75% 86.7 ± 4.2 81.3 ± 4.0 0.0 ± 0.0 98.8 ± 2.5
90% 82.7 ± 6.8 87.5 ± 6.9 20.0 ± 40.0 80.0 ± 40.0
100% 82.7 ± 3.3 88.8 ± 4.7 0.0 ± 0.0 98.8 ± 2.5

TABLE 10. Wheat Lines (2 classes): Per-class accuracy (recall, %) by
concentration. Mean ± std.

Conc. RSPTE C0 RSPTE C1 Random C0 Random C1

0.10% 88.6 ± 1.9 76.2 ± 3.3 0.0 ± 0.0 100.0 ± 0.0
0.20% 89.8 ± 2.8 81.7 ± 5.0 20.0 ± 40.0 80.0 ± 40.0
0.50% 88.4 ± 2.1 91.1 ± 1.5 76.9 ± 38.6 34.6 ± 38.0
1% 93.4 ± 0.7 93.0 ± 0.5 98.2 ± 0.6 86.3 ± 3.8
5% 96.8 ± 0.2 96.7 ± 0.2 97.5 ± 0.5 95.8 ± 0.8
7% 96.8 ± 0.1 97.1 ± 0.3 97.8 ± 0.3 96.4 ± 0.7
10% 97.0 ± 0.2 97.5 ± 0.2 97.4 ± 0.3 97.1 ± 0.6
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