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Abstract

lllegal wildlife trade is a major driver of biodiversity loss, and
species-level identification from fragmented wildlife products re-

mains a key bottleneck for conservation enforcement. High-Resolution

Melt (HRM) analysis provides a portable and cost-effective molecu-
lar tool for identifying sharks and rays in trade, but existing melting-
curve approaches often require large reference libraries and are
less suitable for low-resource field settings. We propose a two-stage
framework for few-shot species classification from HRM melting-
curve time series. First, statistical curve features are converted
into structured textual prompts to warm up a text encoder. Sec-
ond, patch embeddings from the raw time series are fused with the
text representation through a lightweight multi-head self-attention
layer. On a dataset of 65 shark and ray species, our method achieves
robust classification with only three training samples per species.
Across 10 random splits, it outperforms seven state-of-the-art base-
lines and reaches 93.08% average accuracy, demonstrating the po-
tential of lightweight HRM-based learning systems for scalable,
field-deployable wildlife enforcement. Our code will be available
at https://github.com/czhang657/Two-Stage-HRM-Melting-Curve-
Classification.

CCS Concepts

+ Computing methodologies — Supervised learning by clas-
sification; - Applied computing — Bioinformatics.
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1 Introduction

High-Resolution Melt (HRM) assay analysis provides a portable and
cost-effective way to obtain DNA melting curves for species iden-
tification (Figure 1), and has recently been explored for detecting
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illegally traded shark and ray products. Compared with traditional
DNA sequencing, HRM-based screening is faster, cheaper, and more
suitable for preliminary enforcement decisions. Cardefiosa et al.
[2] proposed converting HRM curves into images and classifying
them with ResNet18. However, this image-based formulation is
less suitable for low-resource settings with only a few reference
samples per species.

HRM curves are inherently one-dimensional numerical sequences
rather than images. Rendering a 3,478-point curve into a 224 X
224 image may compress fine-grained signal information and ob-
scure quantitative properties such as intensity, variance, amplitude,
and frequency-domain characteristics. Thus, image-based models
mainly learn curve morphology rather than directly exploiting the
full numerical signal.

We therefore revisit HRM-based species identification as a light-
weight sequence modeling problem and propose a two-stage fusion
framework that combines patch-based HRM sequence encoding
with structured textual prompts derived from statistical curve fea-
tures. By fusing native time-series signals with high-level semantic
summaries through compact self-attention, our method supports
few-shot HRM species classification.

In this paper, we make the following contributions:

e We introduce a statistical-to-semantic transformation that con-
verts global melting curve descriptors into discretized textual
prompts, enabling models to exploit quantitative HRM signal
characteristics beyond raw curve morphology.

e We propose a lightweight two-stage fusion framework that
combines patch-based time-series encoding with structured
statistical prompts through intermediate self-attention fusion.

e Experiments on 65 shark and ray species show that our method
consistently outperforms seven baselines in the 3-shot setting,
achieving 93.08% average accuracy across 10 random splits, with
ablation results confirming the effectiveness of each component.

2 Related Work

HRM and Melting Curve-Based Classification. High-Resolution
Melt (HRM) analysis identifies sequence variations by monitoring
fluorescence changes during DNA denaturation [16]. The result-
ing melting curve reflects thermodynamic properties such as GC
content, sequence length, and nucleotide composition, supporting
SNP, mutation, and species-level discrimination [13]. Traditional
HRM analysis relies on Ty, curve normalization, difference plotting,
and clustering [6, 13], while recent learning-based approaches use
CNN-LSTM models for temporal classification [12] or image-based
ResNet models for curve morphology classification [7]. However,
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Figure 1: Overview of the HRM workflow. A shark-fin sample is processed through a high-resolution melt (HRM) assay. The
resulting fluorescence data are processed to generate a derivative melting curve (-dF/dT), which is used for downstream

modeling.
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Figure 2: Overview of our framework. Raw melting curves obtained from High-Resolution Melt (HRM) assays are first processed
to extract global statistical features, which are used to construct textual information that will be fed into a textual encoder. The
assays are simultaneously fed into a patch embedding layer, which outputs non-overlapping time-series patch tokens. We
concatenate the patch tokens and [CLS] token output by textual encoder and apply multi-head self attention layer and MLP

layer to get final classification decision.

these methods mainly emphasize curve shape and often underuti-
lize explicit global statistical descriptors.

Time-Series Modeling and Patching. Temporal convolutional
models such as TCN and CDIL-CNN capture long-range or periodic
temporal patterns through dilated convolutions [1, 3]. Transformer-
based time-series models further improve temporal representation
through self-attention, frequency-domain modeling, sparse atten-
tion, or decomposition mechanisms [15, 17, 19, 21, 22]. Patch-based
tokenization, popularized by ViT [5] and PatchTST [11], reduces
sequence length while preserving local temporal patterns. This
makes patching well suited for smooth HRM melting curves, where
local variations and global dependencies are both informative.

Multi-Modal Fusion between Time-Series and Textual Data.
Multi-modal fusion captures interactions between heterogeneous
inputs beyond simple concatenation. Prior work has explored late
fusion [14], intermediate interaction such as cross-attention [20],
and time-series—text integration through models such as TimeCAP
and Time-LLM [8, 9]. Motivated by these studies, we fuse HRM
patch embeddings with structured statistical-prompt representa-
tions using a lightweight single self-attention layer.

3 Our Proposed Approach

In this section, we describe our proposed framework. Under the
few-shot setting, we introduce a two-stage training framework for
species identification: (i) structured text prompt generation and
first-stage classification; and (ii) second-stage self-attention-based
time-series representation learning.

3.1 Overview of the Framework

As shown in Figure 2, our framework consists of statistical feature
extraction, time-series patch embedding, and self-attention-based
fusion.

Melting curve measurements are long one-dimensional sequences
(length 3,478), representing the negative first derivative of fluores-
cence with respect to temperature, collected from 60°C to 94.77°C in
0.01°C increments. Given a derivative melting curve of length 3,478,
the time-series branch divides the signal into fixed-length patches
and projects them into pseudo-token embeddings to capture local
curve patterns. In parallel, the statistical branch extracts global de-
scriptors, including distributional moments, peak-related features,
and frequency statistics, and converts them into a structured textual
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prompt encoded by BERT-base [4]. The resulting prompt represen-
tation is concatenated with the patch embeddings and processed
by a lightweight multi-head self-attention layer. Finally, the fused
tokens are aggregated and passed to an MLP classification head for
species prediction.

3.2 First Training Stage

Stage 1 encodes global statistical information from each HRM
melting curve. We extract statistical descriptors from the raw curve,
convert them into a structured textual prompt, and train a BERT-
based text encoder with cross-entropy loss for species classification.

Unlike the ResNet18 baseline [2], which mainly learns morphol-
ogy from rasterized curve images, this stage explicitly preserves
numerical properties such as intensity magnitude, distributional
statistics, and global signal trends. It therefore provides semantic
support for the subsequent fusion stage.

Statistical Feature Extraction. For each melting curve, we ex-
tract descriptors capturing global statistics, peak structure, and
frequency-domain behavior. Global features include mean intensity,
standard deviation, variance, skewness, and kurtosis. Peak features
are obtained using SciPy find_peaks with a prominence threshold
0f 0.001 and a minimum distance of 10 sampling points, from which
we record the number of peaks, peak temperature locations, normal-
ized inter-peak distance ratios, and peak height ratios. Frequency
features are computed with Fast Fourier Transform (FFT) by retain-
ing positive frequency components and recording the dominant
frequency and its normalized amplitude. These descriptors provide
compact quantitative summaries of HRM curve dynamics beyond
raw morphology.

Prompt Construction and Encoding. Since transformer-based
language models are generally insensitive to precise numerical
magnitudes, directly feeding continuous statistics may not yield
stable representations. Therefore, we discretize scalar-valued statis-
tics—except for the number of peaks and peak locations—into four
quartile-based categories according to the empirical distribution
computed from the training set. The 25%, 50%, and 75% thresholds
are fixed after preprocessing training data and reused during val-
idation and testing to strictly prevent information leakage. Each
statistic is then converted into a structured textual token indicating
its relative quartile membership (i.e., extreme low, lower, higher,
extreme high).

As illustrated in Figure 3, the resulting textual prompt is first
embedded and combined with positional encoding before being
processed by a BERT-base encoder consisting of 12 transformer
layers with multi-head self-attention and feed-forward blocks. The
final [CLS] token representation is extracted as a global summary
of the statistical prompt.

Stage-1 Supervised Classification. In Stage 1, we train the BERT
encoder to make statistical prompts discriminative for species iden-
tification. The [CLS] representation is passed through a linear head
and softmax layer to predict 65 species labels using cross-entropy
loss:

Lcg =~ Z yilog i, 1)
7

where y; and 7J; denote the ground-truth label and predicted proba-
bility, respectively. The trained encoder is then reused in Stage 2 to
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Figure 3: Overview of Stage 1. Statistical features extracted
from each melting curve are discretized into quartile-based
categories. The resulting structured prompt is fed into a
BERT-base encoder. The final [CLS] representation is pro-
jected through an MLP head for 65-way species classification.

provide statistical representations for fusion with raw time-series
signals.

3.3 Second Training Stage with Intermediate
Fusion

As shown in Figure 4, Stage 2 fuses local temporal patterns from raw
melting curves with the global statistical representation learned in
Stage 1.

Patching and Token Construction. Following TimeCAP [9] and
PatchTST-style patching [11], each melting curve is segmented
into non-overlapping patches of length 16. Each patch is linearly
projected into a 128-dimensional token to capture local temporal
patterns from the native one-dimensional signal.

Reusing the Stage-1 Text Encoder. After Stage 1, we discard the
classification head and retain the trained BERT encoder. The [CLS]
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Figure 4: Overview of the second training stage. The raw melting curve is segmented into non-overlapping patches and projected
into a 128-dimensional latent space. The Stage-1 statistical prompt is encoded by the fine-tuned BERT encoder, whose [CLS]
token is projected as a global semantic token. The patch tokens and statistical token are concatenated and processed by
multi-head self-attention to fuse local temporal patterns with global statistical descriptors.

representation of the structured statistical prompt is projected from
768 to 128 dimensions to match the patch-token space. During Stage
2, the BERT encoder is unfrozen and jointly optimized with the
time-series branch.

Intermediate Fusion via Self-Attention. The patch tokens and
statistical token are concatenated and processed by a multi-head
self-attention layer, enabling interaction between local temporal
structures and global statistical summaries. The fused tokens are
aggregated and passed to an MLP classifier trained with the cross-
entropy loss in Eq. 1.

3.4 Inference

At inference time, given a new melting curve, we first extract the
same set of statistical descriptors described in Section 3.2. Scalar-
valued statistics are discretized using the fixed quartile thresholds
computed from the training set to ensure consistency and prevent
data leakage. The resulting structured prompt is processed by the
trained BERT encoder to obtain the [CLS] representation. In paral-
lel, the raw melting-curve data is segmented into non-overlapping
patches and projected into the 128-dimensional latent space. The
projected patch tokens and the projected [CLS] token are concate-
nated and jointly processed by the multi-head self-attention module.
The output tokens are aggregated and passed through the final MLP
classification head to produce the predicted species label.

4 Experiments

4.1 Dataset and Data Preprocessing

We evaluate our method in a strictly low-resource setting using the
shark and ray HRM dataset from Carderiosa et al. [2]. Since melting
curve representations achieved the best performance in their study,
we use melting curves as the input modality.

The original dataset contains 1,154 samples across 87 species. To
build a balanced few-shot benchmark, we remove species with fewer
than five samples and randomly subsample five curves for species
with more than five samples. The final dataset includes 65 species
and 325 curves. Each curve is a one-dimensional sequence of length
3,478, representing the negative first derivative of fluorescence with
respect to temperature from 60°C to 94.77°C at 0.01°C intervals.

For each species, we use a 3/1/1 train-validation-test split, yield-
ing a 3-shot classification setting. We repeat this procedure over 10
random seeds (0-9) and report average performance across splits.

4.2 Baseline Models

We compare our method with seven baselines covering HRM-specific
and general time-series models. CNN-LSTM [12] combines 1D con-
volutional feature extraction with LSTM-based temporal modeling.
ResNet18 [2] converts melting curves into 224 X 224 images and
uses a frozen pre-trained ResNet18 backbone with a trainable clas-
sification head. CDIL-CNN [3] uses stacked dilated convolutions
for multi-scale temporal patterns. TimesNet [17] transforms 1D
time series into 2D representations using dominant periods identi-
fied by the Fast Fourier Transform (FFT). PatchTST [11] segments
long sequences into patches and applies Transformer encoding.
iTransformer [10] is adapted to single-channel HRM curves by
segmenting each sequence into equal-length tokens. Autoformer
[19] uses decomposition-based Transformer encoding with global
pooling and a linear classifier. Further details of the baseline design
and its description are presented in the Appendix A.1.

4.3 Hyperparameter Search

To ensure a fair comparison, we conduct architecture-aware hy-
perparameter tuning for all baselines based on validation perfor-
mance. For CNN-LSTM and CDIL-CNN, we grid search learning rate
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Model sO s1 s2 s3 s4 s5 s6 s7 s8 s9  Mean
MLP (Numeric Features) 1.54 0.00 1.54 1.54 0.00 0.00 0.00 0.00 1.54 1.54 0.77

BERT (Numerical Prompt) 75.38 76.92 63.08 64.62 69.23 7692 80.00 66.15 5846 49.23 68.00
BERT (Proposed Stage 1) 61.54 70.77 70.77 70.77 69.23 78.46 7231 7231 7231 7538 71.39

Table 1: Stage 1 classification accuracy (%) of our model and variants across 10 independent random splits.

Model sO sl s2 s3 s4 s5 s6 s7 s8 s9 Mean
CNN-LSTM 60.00 53.85 7692 7692 80.00 81.54 7692 69.23 76.92 80.00 73.23
ResNet18 83.07 92.31 90.77 89.23 89.23 93.85 87.69 90.77 93.85 93.85 90.46
CDIL-CNN 40.00 52.31 52.31 50.77 43.08 52.32 50.77 3692 43.08 49.23 47.08
TimesNet 80.00 86.15 80.00 80.00 84.62 84.62 7846 7231 7846 8154 80.62
PatchTST 84.62 93.85 87.69 87.69 89.23 90.77 87.69 87.69 89.23 87.69 88.62
iTransformer 92.31 93.85 93.85 89.23 90.77 90.77 89.23 90.77 90.77 87.69 90.92
Autoformer 1.54 1.54 3.08 3.08 1.54 1.54 1.54 0.00 1.54 1.54 1.69

Our Model 90.77 95.38 90.77 92.31 92.31 93.85 96.92 9231 9538 90.77 93.08

Table 2: Classification accuracy (%) of our model and the baselines across 10 independent random splits.

and weight decay within architecture-specific ranges: [107%,1072]
and [107%,1073] for CNN-LSTM, and [5 x 10743 x 1073] and
[0,3 x 10~3] for CDIL-CNN. For ResNet18, we use a broader search
space due to its optimization sensitivity, with learning rate and
weight decay both searched from 107 to 1071,

For TSLib-based models, including PatchTST, Autoformer, iTrans-
former, and TimesNet, we use the official TSLib implementations
[18]. Each model is trained for up to 3,000 epochs with early stop-
ping patience of 100. Learning rate and weight decay are searched
over {10_3, 107%,1077, 10_6}, resulting in 16 combinations per
model per seed. All models use AdamW with cosine learning rate
decay and 10-epoch linear warmup, and the best configuration is
selected by validation loss.

For our model, we additionally tune patch size and stride over
{4, 8,16}, yielding nine combinations. The non-overlapping set-
ting with patch size 16 and stride 16 achieves the best validation
performance and is used in all reported experiments.

4.4 Effectiveness of Structured Prompts and
Stage 1 Training

Before evaluating the full model, we assess the statistical prompt
representation alone. For each of the 10 random splits, quartile
thresholds are computed only from the training set and applied to
validation and test samples to prevent data leakage.

Fine-tuning BERT-base on the generated prompts with a clas-
sifier over the final [CLS] representation achieves 71.39% average
accuracy (Table 1), showing that statistical descriptors alone are
discriminative. In contrast, an MLP trained directly on raw numer-
ical features under the same protocol collapses to near-random
performance, achieving only 0.77% accuracy despite having over
100K trainable parameters. This suggests that structured textual
encoding is more effective than direct numerical learning in the
3-shot setting.

Prompts with exact numerical values but without quartile dis-
cretization also outperform the MLP baseline, but underperform the
proposed structured prompts, indicating that discretization reduces
numerical noise and improves semantic alignment. Separability
analysis further shows that among all (625) = 2080 inter-species
pairs, only 0.1% share identical discretized profiles, while 69.4%
differ in at least 6 of 8 features, confirming strong species-level sep-
arability before fusion. The experimental results show effectiveness
of the proposed structured prompt and stage 1 training.

4.5 Effectiveness of the Proposed Method

As shown in Table 2, our full two-stage model achieves the best
average accuracy of 93.08% across 10 random splits, outperforming
all seven baselines. Compared with ResNet18, the strongest prior
species classifier, our method improves accuracy from 90.46% to
93.08%. CNN-LSTM reaches 73.23%, CDIL-CNN obtains 47.08%, and
TimesNet achieves 80.62%, suggesting that conventional temporal
convolutional or frequency-aware architectures are less effective
for few-shot HRM species classification.

Our method also outperforms transformer-based baselines, in-
cluding PatchTST at 88.62% and iTransformer at 90.92%. Although
these models use deeper self-attention stacks, our framework achieves
higher accuracy with only a single self-attention layer, indicating
that the Stage-1 statistical prompt provides complementary global
guidance beyond purely numerical patch tokens. Autoformer per-
forms poorly at 1.69%, likely because its forecasting-oriented decom-
position mechanism is not well aligned with species classification.

Paired ¢-tests across the same 10 splits show statistically signifi-
cant improvements over ResNet18 (p = 0.0488) and iTransformer
(p = 0.0499). Species-level error analysis further shows that 40 of
65 species achieve perfect accuracy across all splits, with at most
3 errors out of 10 for any species. These results indicate that our
gains are stable across random splits and are not driven by a small
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Model s0 sl s2 s3 s4 s5 s6 s7 s8 s9  Mean
AB1: w/o the BERT Component 87.69 95.38 86.15 87.69 93.85 89.23 86.15 86.15 95.38 89.23 89.69
AB2: Prompt with Numerical Values 86.15 87.69 84.61 86.15 92.30 9230 9230 87.69 95.38 93.85 89.84
AB3: Single-Stage Training w/o Stage-1 Pretraining 87.69 9538 92.31 9231 93.85 93.85 93.85 89.23 90.77 90.77 92.00
Our Model 90.77 95.38 90.77 9231 9231 9385 96.92 9231 9538 90.77 93.08

Table 3: Ablation study and fusion-variant analysis across 10 independent random splits evaluating key design choices of our

framework.

subset of species. This experiment result confirms that combin-
ing structured statistical prompts with lightweight patch-based
self-attention yields superior performance.

4.6 Ablation Study

We conduct ablation studies under the same protocol to assess
each component. As shown in Table 3, removing the BERT branch
reduces accuracy to 89.69%, confirming that statistical prompts pro-
vide complementary global information beyond patch tokens. Re-
placing quartile-discretized prompts with exact numerical prompts
achieves 89.84%, indicating that discretization improves robustness
and semantic alignment. Training the full model without Stage-1
pretraining decreases accuracy to 92.00%, showing that supervised
prompt pretraining helps establish a stable statistical representation
before fusion.

5 Conclusion

In this paper, we presented a two-stage fusion framework for few-
shot species identification from HRM melting curves. By combining
structured statistical prompts with patch-based time-series repre-
sentations through lightweight self-attention fusion, our method
outperforms seven baselines across 10 independent 3-shot splits on
65 shark and ray species. These results show that discretized sta-
tistical prompts complement raw curve morphology and improve
robustness under limited data, suggesting a promising direction for
low-resource scientific time-series classification.
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