
DEP: Dual-Path Embeddings for Protein Toxicity
Classification
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Abstract. The reliance of protein predictors on computationally expensive 3D
structures or MSAs severely limits large-scale screening. To overcome this lim-
itation, we propose a lightweight, dual-path architecture operating exclusively
on 1D sequence embeddings. Our model fuses representations from a Local-
Hierarchical Path, designed to capture functional motifs, with a Global-Holistic
Path that models long-range dependencies. Evaluated on a benchmark toxic-
ity dataset, our model establishes a new state-of-the-art with an AUC-ROC of
0.966, surpassing complex models that require structural inputs. These results
show that a well-designed, sequence-only approach can be a faster, more scal-
able, and even better-performing alternative to structure-based methods.

1. Introduction

Predicting the biochemical properties of proteins is critical for the development of effec-
tive vaccines and therapeutic agents. Before a candidate molecule can move forward in
development, it must meet strict safety and efficacy requirements, including being non-
toxic and chemically stable. Historically, identifying failures in these properties occurred
late in the development cycle, during expensive and time-consuming experimental vali-
dation. A single failed formulation could lead to wasted resources, adverse clinical re-
actions, or poor bioavailability, compromising years of research [Rappuoli et al. 2011]
[Bento et al. 2025].

To mitigate these risks, bioinformatics has introduced computational tools capa-
ble of predicting protein properties in silico. These models allow researchers to flag un-
suitable candidates based on their primary sequence, simplifying the design process by
filtering out problematic molecules before laboratory testing. However, a growing trend
has emerged: the most accurate models increasingly depend on computationally intensive
inputs. State-of-the-art approaches often rely on 3D structural predictions from tools like
AlphaFold2 or on evolutionary information derived from multiple sequence alignments
(MSAs) [Jumper et al. 2021]. While these inputs enhance predictive power, they severely
limit scalability, making such methods impractical for large-scale screening and inacces-
sible for newly sequenced proteins that lack structural or evolutionary annotations.



This dependency has created a critical research gap. Despite the widespread avail-
ability of powerful pre-trained protein language models (PLMs) like ESM, which encode
rich functional and structural information directly within 1D sequence embeddings, their
full potential remains underexplored. The field has largely overlooked the question of
how far these embeddings can be pushed when paired with sophisticated, task-specific ar-
chitectures. Rather than designing architectures to fully leverage this rich sequence-level
information, the prevailing trend has been to supplement these embeddings with complex,
external data, assuming that structural inputs are a prerequisite for top-tier performance.

In this work, we challenge this assumption. We introduce DEP (Dual-Path Em-
beddings for Protein), a lightweight and efficient framework that operates exclusively on
1D sequence embeddings, eliminating the need for 3D structures or MSAs. Our core in-
novation is a purpose-built, dual-path architecture designed to extract multi-scale features
from the embeddings. A Local-Hierarchical Path uses specialized local-global attention to
identify conserved functional motifs, while a parallel Global-Holistic Path employs stan-
dard self-attention to capture the long-range dependencies that define a protein’s overall
context. By fusing these complementary representations, our model learns a comprehen-
sive feature set for highly accurate property prediction.

Evaluated on a benchmark toxicity prediction task, DEP establishes a new state-
of-the-art with an Area Under the Receiver Operating Characteristic Curve (AUC-ROC)
of 0.966. This result demonstrates that superior performance is achievable without rely-
ing on 3D models or evolutionary alignments, challenging the perceived dependency on
computationally intensive tools like AlphaFold. The model’s lightweight design directly
translates into faster training and inference, removing the computational bottlenecks as-
sociated with structure prediction pipelines. This combination of superior accuracy, ef-
ficiency, and robustness makes our framework an ideal solution for real-world screening
pipelines where speed and predictive power are paramount.1

2. Related Works

2.1. Classical Feature-Based Models

Early methods for protein toxicity relied heavily on handcrafted features such as amino
acid composition, motif occurrence, and physicochemical descriptors. Tools like BTX-
pred and NTXpred [Saha and Raghava 2007a, Saha and Raghava 2007b] targeted narrow
domains (e.g., bacterial and neurotoxins), using SVMs and BLAST-based filters to iden-
tify known toxic profiles. ClanTox [Naamati et al. 2009] expanded to venom proteins,
applying boosting over sequence-derived features.

ToxinPred [Gupta et al. 2013] extended this approach to general toxicity predic-
tion using dipeptide composition and motif-based features. Its successors, ToxinPred2
and ToxinPred3 [Sharma et al. 2022, Sharma and Raghava 2024], combined alignment-
based similarity (BLAST), motif search (MERCI), and ensemble ML (e.g., Extremely
Randomized Trees) with pre-trained embeddings such as ESM-2[Lin et al. 2023]. These
models reached AUROC scores near 0.99 but remained dependent on curated training
distributions and lacked mechanisms for handling novel or domain-shifted inputs.

1The source code and dataset are available at https://github.com/Buzelin2/DEP.



2.2. Sequence-Based Deep Learning Models

The limitations of feature-based models led to the adoption of deep learning for end-
to-end learning from raw protein sequences. ToxDL [Pan et al. 2020] was among
the first to apply convolutional architectures with domain embeddings, showing
improved generalization over alignment-based approaches. More recently, CSM-
Toxin [Morozov et al. 2023] leveraged fine-tuned ProteinBERT embeddings, achieving
strong performance across diverse protein classes (MCC 0.66), though interpretability
and structural awareness remained limited.

Newer approaches began exploiting larger pre-trained protein language models
(PLMs) such as ESM-2. ToxDL 2.0 [Zhu et al. 2025] integrates ESM-2 representations
with AlphaFold2-predicted 3D structures via graph neural networks (GCNs), and adds
domain knowledge as input features. The model highlights toxic regions using Integrated
Gradients, improving interpretability and generalization. However, it remains a static
model, frozen during inference and unable to adapt to subtle distributional shifts.

2.3. Summary and Research Gap

Toxicity prediction has progressed from handcrafted pipelines to deep learning models
that integrate structural and evolutionary information. However, most recent approaches
depend heavily on AlphaFold2-derived structures or MSAs, resources that are computa-
tionally expensive, unavailable for newly sequenced proteins, and impractical at scale.
Furthermore, existing models are typically static, once trained, they remain fixed at infer-
ence time. This lack of adaptability restricts their ability to handle distributional shifts,
novel protein classes, or changes in the underlying biological context, limiting their ro-
bustness and generalization in dynamic or previously unseen scenarios.

In contrast, large pretrained protein language models (PLMs) such as ESM-C have
demonstrated the ability to encode meaningful functional and structural information di-
rectly from 1D sequences, without relying on structural or evolutionary inputs. However,
existing approaches have largely treated these embeddings as frozen inputs to static clas-
sifiers, failing to explore their full potential in dynamic or adaptive modeling settings.

This highlights a critical research gap: there is a need for lightweight, structure-
free models that not only perform competitively but also adapt during inference to dis-
tributional shifts and novel input scenarios. To address this, we propose a dual-path ar-
chitecture that processes frozen ESM-C embeddings through complementary local and
global attention mechanisms.

3. Benchmark Dataset for Toxicity Prediction
To ensure a rigorous and directly comparable evaluation of our model, we adopted the
pre-existing benchmark dataset for protein toxicity prediction established by recent state-
of-the-art studies[Zhu et al. 2025]. Using a standardized benchmark and its prescribed
data partitions is critical for academic integrity, as it guarantees that our model is assessed
under the exact same conditions as competing methods, enabling a fair and transparent
comparison of performance.

The benchmark was constructed to facilitate a robust assessment of model gener-
alization. Sourced from the UniProt database, it incorporates two critical design features.



First, a temporal split separates proteins based on their deposition date (before and after
January 1, 2022), creating an independent test set of entirely novel sequences unavail-
able during the development of prior models. Second, the dataset enforces a maximum
sequence identity of 40% between the training and test partitions using CD-HIT-2D. This
measure is essential to mitigate information leakage and test the model’s ability to learn
meaningful biological patterns rather than simply recognizing homologous sequences.

The final dataset structure provided by the benchmark comprises distinct train-
ing, validation, and test partitions, with the independent test set containing 152 toxic and
4,710 non-toxic proteins. Our strict adherence to this rigorous, pre-established evaluation
protocol is fundamental to the validity of our results. The dataset is also provided on our
GitHub repository.

4. Methodology
Our approach to predicting protein properties based on their sequence is centered on
a novel deep learning architecture that processes rich vector representations of protein
amino acid sequences. The methodology is divided into two phases: first, the generation
of contextualized embeddings from amino acid sequences using the pre-trained ESM-C
300M [ESM Team 2024] protein language model, and second, a hierarchical classifica-
tion model that employs a dual-path, local and global attention mechanism to make a final
prediction.

4.1. Input Representation and Pre-processing

The starting point for our analysis is the primary structure of the protein, represented
by its amino acid sequence. To capture the complex biological and structural semantics
embedded within these sequences, we leverage a transfer learning approach. We use the
pre-trained ESM-C 300M protein language model to transform each amino acid sequence
into a sequence of high-dimensional embeddings.

Formally, a protein represented by an amino acid sequence S is first tokenized into
a sequence of its constituent tokens, T = (t0, t1, ..., tL). In this sequence, t0 represents the
special classification token [CLS], a standard component in Transformer-based models
like BERT or ESM. This token is prepended to the input and is specifically designed to
act as a summary, aggregating information from the entire sequence into a single vector
after processing. The remaining tokens (t1, ..., tL) correspond to the L amino acids of
the protein. The token sequence T is then processed by the ESM model, represented by
ΦESM , which maps T into a sequence of output vectors Hraw:

Hraw = ΦESM(T ) , Hraw ∈ R(L+1)×D

where D = 960 is the dimensionality of the ESM embedding space.

To handle the naturally variable lengths of protein sequences and enable efficient,
parallelized batch processing on hardware like GPUs, it is necessary to standardize all
model inputs into fixed-size tensors. We therefore define a maximum sequence length,
Nseq, and apply a standard padding strategy. For any given protein, the body of its em-
bedding sequence (all tokens except the initial [CLS]) is padded with zero vectors if it is
shorter than Nseq,. This procedure ensures a uniform input shape across all samples in a



batch. The final input tensor X for our model is built by prepending the original [CLS]
token’s embedding to the standardized sequence body. This procedure results in a final
tensor X with fixed dimensions:

X ∈ RN×D

where N = Nseq +1 is the standardized total sequence length (including the CLS token).
This tensor X , which encapsulates both global protein information (via the CLS token)
and detailed sequential features, serves as input to our Dual-Path Transformer Classifier.

4.2. Overall Model Architecture

The proposed architecture, which we term DEP (Dual-path Embeddings for Protein), is
engineered to effectively capture features at multiple scales from the input protein embed-
dings. Fundamentally, DEP can be viewed as a hybrid model, designed to leverage the
distinct advantages of both Convolutional Neural Networks (CNNs) and Transformers.
It uses convolutional layers in its initial stages to efficiently capture local motifs, while
employing Transformer-based attention mechanisms to model long-range dependencies.

It features a dual-path architecture that processes the sequence representation in
parallel to extract complementary information:

1. The Local-Hierarchical Path: This path operates on the sequence body, denoted
as Xbody ∈ R(N−1)×D, which corresponds to the full input embedding sequence ex-
cluding the [CLS] token. Its purpose is to model local interactions among amino
acids, such as structural motifs (e.g., α-helices, β-sheets) and functional patterns.
It hierarchically aggregates these fine-grained features to produce a robust local
representation vector, zlocal.

2. The Global-Holistic Path: In parallel, this path processes the complete embed-
ding sequence, X ∈ RN×D. It employs a global self-attention mechanism to
capture long-range dependencies between all amino acids, which are crucial for
defining the protein’s overall fold and function. The final state of the initial token
from this path serves as the global summary vector, zglobal.

The output representations from both paths, denoted zlocal and zglobal, are subse-
quently concatenated and fed into a final classification head, which performs the binary
prediction (e.g., toxic/non-toxic). This consensus approach allows the model to ground its
decision on both detailed local patterns and the broader protein context. Figure 1 provides
a schematic overview of the architecture.

4.3. Local-Hierarchical Path

The local-hierarchical path is designed to extract and progressively abstract fine-grained
features from the protein’s amino acid sequence. This process begins with a convolutional
“stem” that captures multi-scale local patterns. The features are then projected into the
model’s main feature space and processed by a series of transformer blocks that apply our
specialized local and global attention mechanism.
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Figure 1. Overall pipeline of the proposed method for protein property prediction.
The architecture leverages contextualized embeddings from ESM-C and
employs a dual-path Transformer classifier to generate binary predictions.

4.3.1. Initial Feature Extraction: The Convolutional Frontend

The local-hierarchical path begins with a convolutional frontend, a module designed to
perform an efficient, preliminary feature extraction. This frontend processes the sequence
body Xbody ∈ R(N−1)×D by first permuting the tensor to align with the channel-first format
expected by 1D convolutional layers. It is then processed by a stack of three Conv1d
layers with a kernel size of 3 and increasing dilation rates (d = 1, 2, 4). Each convolution
is followed by a GELU activation function. This structure allows the model to capture
features from varying local contexts efficiently.

Let the output of this frontend be Xfeatures. These features, which retain the original
sequence length, are then projected from the input embedding dimension D to the model’s
main hidden dimension, Dmodel, via a linear layer:

Xproj = XfeaturesWproj + bproj , Xproj ∈ R(N−1)×Dmodel

This projected tensor, Xproj, serves as the input to the subsequent transformer blocks.

4.3.2. Transformer Block with Local-Global Attention (LGA)

The projected feature tensor, Xproj, is then processed by a series of L Transformer Blocks.
Each block applies a specialized local-global attention mechanism followed by a feed-
forward network, illustrated in Figure 2.

A key feature of this path is its hierarchical nature. Each block progressively re-
duces the sequence length, creating a more abstract feature representation at every step.
Therefore, the sequence length, denoted by M , is not fixed; it shrinks as data flows
through the pipeline. Let the input to a given block be Xin ∈ RM×Dmodel . The block will
output a tensor with a new, shorter sequence length, M ′, calculated as M ′ = ⌊M−w

s
⌋+ 1,

where w is the window size and s is the stride. This output tensor then becomes the in-
put for the subsequent block. This progressive summarization is fundamental to how the
model shifts its focus from fine-grained details to broader structural patterns.

Within each block, the process begins with a standard layer normalization applied
to the input:

Xnorm = LayerNorm(Xin)



The core of each block is the windowed, local-global attention mechanism
[Buzelin et al. 2025], which computes queries (Q) from local segments of the sequence,
while keys (K) and values (V ) are derived from the entire sequence.

Local Windowed Query (Q) Generation. To capture fine-grained local motifs, queries
are generated from overlapping windows of the normalized input, Xnorm. Given a window
size w and a stride s, we define a set of M ′ overlapping windows, where M ′ = ⌊M−w

s
⌋+1.

For each window i ∈ {1, . . . ,M ′}, a segment of the input is passed through a 1D con-
volution (Conv1d) and then averaged along its length to produce a single query vector,
Q(i). The collection of these vectors forms the final query tensor:

Q = [Q(1), Q(2), . . . , Q(M ′)] , Q ∈ RM ′×Dmodel

Global Key (K) and Value (V) Generation. In contrast, the key and value tensors
are computed globally to provide a complete context for the local queries. The entire
normalized sequence, Xnorm, is passed through two separate 1D convolutional layers to
produce the key and value tensors:

K = Conv1DK(Xnorm) , K ∈ RM×Dmodel

V = Conv1DV (Xnorm) , V ∈ RM×Dmodel

Attention Computation. We then apply a standard multi-head scaled dot-product at-
tention mechanism. The query, key, and value tensors are split across H heads. For each
head h, the output is computed as:

Attention(Qh, Kh, Vh) = softmax
(
QhK

T
h√

dh

)
Vh

where dh = Dmodel/H . The outputs from all heads are concatenated. A residual
connection is added with the original query tensor Q, resulting in the attention output
Yattn ∈ RM ′×Dmodel .

Residual Connection and Feed-Forward Network. Due to the reduction in sequence
length from M to M ′, a standard residual connection from Xin is not possible. Instead,
we create a parallel residual path by applying a max-pooling layer to Xnorm to match the
new sequence length, followed by a Conv1d with a kernel size of 1. This is added to the
attention output:

Xintermediate = Yattn + Conv1D(MaxPool1D(Xnorm))

Finally, this intermediate representation is passed through a second residual connection
consisting of a layer normalization and a position-wise feed-forward network (MLP).
The MLP is composed of two linear layers with a GELU activation. To foster hierarchical
feature learning, the inner dimensionality of the MLP, DMLP, expands at each block i:
D

(i)
MLP = DMLP, base × 2i.

Xout = Xintermediate + MLP(LayerNorm(Xintermediate))

The final tensor Xout ∈ RM ′×Dmodel serves as the input to the next Transformer Block.



4.3.3. Local Feature Aggregation

After the feature sequence has been processed by the final Transformer Block, the result-
ing tensor, Xfinal local ∈ RMf×Dmodel , must be condensed into a single vector representation.
For this purpose, we employ a summary aggregation module.

This module introduces a learnable summary token, tsummary ∈ R1×Dmodel , which is
prepended to the sequence Xfinal local. The augmented sequence is then passed through a
standard TransformerEncoderLayer. This final self-attention operation allows the
summary token to gather and integrate the most salient information from all the feature
vectors in the sequence.

The output state of this summary token is then selected as the definitive feature
vector for the local-hierarchical path:

zlocal = AttentionAggregator(Xfinal local) , zlocal ∈ RDmodel

This vector, zlocal, encapsulates the most important hierarchical and local-contextual in-
formation discovered by this path.
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Figure 2. Detailed architecture of a single Transformer Block, featuring Win-
dowed Attention, residual connections, and an MLP.

4.4. The Global-Holistic Path
Operating in parallel to the local path, the global-holistic path is responsible for captur-
ing long-range dependencies and forming a holistic understanding of the entire protein.
Unlike the local path, it processes the complete input tensor X ∈ RN×D, including the
[CLS] token.

The process begins with a linear projection that maps the input features from the
original embedding dimension D to the model’s hidden dimension, Dmodel:

X ′
global = XWglobal proj + bglobal proj

The resulting tensor, X ′
global, is then fed into a standard TransformerEncoder. This

encoder is composed of a stack of Lglobal identical layers, where each layer performs
global self-attention followed by a position-wise feed-forward network. This allows every
token in the sequence to directly attend to every other token, capturing the overall protein
context.

Let the output of the Transformer Encoder be Yglobal. A final layer normalization
is applied:

Y ′
global = LayerNorm(Yglobal)



The definitive representation for the global path, zglobal ∈ RDmodel , is then extracted by
taking the final hidden state corresponding to the first token of the sequence (the original
[CLS] token). This vector serves as a comprehensive summary of the protein’s global
properties.

4.5. Final Classification Module

The final stage of the architecture integrates the specialized representations learned by the
two parallel paths to produce a single prediction. This is achieved through a combination
mechanism that combines the local and global feature vectors.

The two output vectors, zlocal from the local-hierarchical path and zglobal from the
global-holistic path, are first concatenated to form a final, comprehensive feature vector,
zfinal:

zfinal = [zlocal; zglobal] , zfinal ∈ R2×Dmodel

This concatenated vector leverages both the fine-grained, contextualized motifs and the
holistic properties of the protein.

Finally, zfinal is passed through a simple linear layer that acts as the classification
head, mapping the high-dimensional feature vector to a single logit. This logit is then
passed through a sigmoid function, σ, to yield the final probability score p ∈ [0, 1], which
represents the model’s confidence in the property being predicted (e.g., toxicity).

p = σ(Wclassifierzfinal + bclassifier)

4.6. Experimental Settings

All experiments were run on a single NVIDIA RTX 4090 GPU. Models were trained for
10 epochs using the AdamW optimizer (initial learning rate = 8×10−5, with the PyTorch
default weight decay of 10−2). We used a batch size of 16 protein sequences and applied
a sliding window of length 50 with a stride of 4.

5. Experiments and Results

For a rigorous comparison, we adopt the exact training, validation, and test splits from the
current state-of-the-art, ToxDL 2.0 [Zhu et al. 2025]. We note that the ToxDL 2.0 study
reports threshold-dependent metrics (e.g., F1-score) using a threshold optimized on its test
set—a practice known to inflate performance and hinder fair comparison. Consequently,
we prioritize the threshold-independent Area Under the Receiver Operating Characteristic
Curve (AUC-ROC) for our primary evaluation. As shown in Table 1, our model sets a
new state-of-the-art with an AUC-ROC of 0.966, substantially outperforming ToxDL 2.0
(0.945). Crucially, this result is achieved using only 1D sequence embeddings, foregoing
the need for computationally expensive 3D structures or multiple sequence alignments.



Table 1. Performance comparison (AUC-ROC) of our model against prior methods
on the independent test set.

Method AUC-ROC
ToxinPred2 (RF) 0.864
ToxinPred 3.0 (ET) 0.822
ToxinPred 3.0 (Hybrid) 0.833
CSM-Toxin 0.873
tAMPer 0.857
ToxDL 0.888
ToxDL2 0.945
Our Model 0.966

To further assess practical performance, we evaluate threshold-dependent metrics.
For a fair comparison, the classification threshold for our model and ToxDL 2.0 was
optimized strictly on the validation set. The results, presented in Table 2, show that DEP
achieves a superior F1-score (0.626 vs. 0.606). This improvement is driven by a gain in
precision (0.516 vs. 0.492) while maintaining a competitive recall (0.798 vs. 0.790).

Table 2. Performance comparison between ToxDL2 and DEP across multiple met-
rics.

Model Precision Recall F1-score
ToxDL2 0.4918 0.7895 0.6061
DEP 0.5158 0.7976 0.6262

5.1. Ablation Study

0.50 0.52 0.54 0.56 0.58 0.60 0.62 0.64
F1-score

Model variant
Full model (0.626)
W/O - ESM embeddings (0.503)

Simple fine-tuning (0.578)
- Local attention (0.518)

Figure 3. One-dimensional scatter plot of F1-scores for the full model and three
ablation variants.

To quantify the contribution of each key component, we trained four model variants de
novo, using identical hyper-parameters and data splits to those detailed in Section 4. Their
F1-scores on the independent test set are shown in Figure 3.

The complete dual-path architecture, which couples frozen ESM-C embeddings
with Local–Global Attention (LGA), attains an F1 of 0.626. When the pretrained embed-
dings are replaced by a randomly initialised, learnable token matrix, performance drops
sharply to 0.503, a relative loss of 20%. Collapsing the network to a single global trans-
former encoder and fine-tuning all ESM-C parameters recovers part of the gap, reach-
ing an F1 of 0.578; nevertheless, this remains 8% below the full system, indicating that



parameter-efficient adaptation combined with our dual-path design is more effective than
a monolithic fine-tuning strategy. Finally, removing the hierarchical LGA blocks while
retaining global self-attention yields an F1 of 0.518, highlighting the essential role of the
local path in capturing short-range motifs that drive toxic activity.

6. Conclusion

We introduced a novel dual-path architecture for protein toxicity prediction, engineered
to extract multi-scale features from static embeddings. Our core architectural innovation
is a Local-Hierarchical Path that performs progressive feature abstraction using a special-
ized Local-Global Attention (LGA) mechanism, designed to identify conserved functional
motifs. In parallel, a Global-Holistic Path employs standard self-attention to capture the
long-range dependencies that define a protein’s overall context. The fusion of these com-
plementary representations provides a robust foundation for toxicity classification.

Our model establishes a new state-of-the-art on the benchmark toxicity dataset,
outperforming recent methods like ToxDL 2.0 that depend on AlphaFold2-generated 3D
structures and evolutionary alignments. This result is a central contribution of our work,
demonstrating that superior predictive performance can be achieved without any reliance
on computationally expensive 3D structure predictions or multiple sequence alignments.
We conclude that the synergy between our local path, adept at isolating toxic motifs, and
our global path, which contextualizes these motifs within the full protein, is sufficiently
powerful to extract the necessary predictive signals from 1D sequence embeddings alone.

The lightweight, sequence-only nature of our model makes it not only highly accu-
rate but also significantly more efficient and readily deployable for the large-scale screen-
ing of protein candidates, where invoking structural prediction pipelines would be a ma-
jor bottleneck. Future work will focus on extending this successful architecture to other
property prediction tasks to test its generalizability and on leveraging attention weights
to enhance the biological interpretability of its predictions. Ultimately, our work presents
a powerful paradigm: designing sophisticated, purpose-built architectures is a highly ef-
fective strategy for unlocking the full potential of protein language model embeddings,
challenging the prevailing notion that complex structural inputs are a prerequisite for top-
tier performance.
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