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Abstract 

Background  Cyclic peptides, known for their high binding affinity and low toxicity, show potential as innovative 
drugs for targeting “undruggable” proteins. However, their therapeutic efficacy is often hindered by poor membrane 
permeability. Over the past decade, the FDA has approved an average of one macrocyclic peptide drug per year, 
with romidepsin being the only one targeting an intracellular site. Biological experiments to measure permeability are 
time-consuming and labor-intensive. Rapid assessment of cyclic peptide permeability is crucial for their development.

Results  In this work, we proposed a novel deep learning model, dubbed as MultiCycPermea, for predicting cyclic 
peptide permeability. MultiCycPermea extracts features from both the image information (2D structural information) 
and sequence information (1D structural information) of cyclic peptides. Additionally, we proposed a substructure-
constrained feature alignment module to align the two types of features. MultiCycPermea has made a leap in predic-
tive accuracy. In the in-distribution setting of the CycPeptMPDB dataset, MultiCycPermea reduced the mean squared 
error (MSE) by approximately 44.83% compared to the latest model Multi_CycGT (0.29 vs 0.16). By leveraging visual 
analysis tools, MultiCycPermea can reveal the relationship between peptide modification structures and membrane 
permeability, providing insights to improve the membrane permeability of cyclic peptides.

Conclusions  MultiCycPermea provides an effective tool that accurately predicts the permeability of cyclic peptides, 
offering valuable insights for improving the membrane permeability of cyclic peptides. This work paves a new path 
for the application of artificial intelligence in assisting the design of membrane-permeable cyclic peptides.
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Background
Membrane-permeable cyclic peptides have emerged as a 
promising class of therapeutic agents capable of access-
ing intracellular targets that are typically inaccessible to 
conventional small molecule drugs [1–3]. However, due 
to their structural limitations, cyclic peptides do not eas-
ily cross cell membranes. Over the past decade, FDA (the 
Food and Drug Administration) has granted approval to 
an average of one macrocyclic peptide drug per year [4]. 
Among these, romidepsin [5] approved for lymphoma 
treatment is the only that acts on the intracellular target. 
This limitation has been a major hurdle in advancing the 
use of macrocyclic peptides in therapeutics.

Researchers have developed various design strategies 
to assist in the membrane permeability of cyclic pep-
tides. One prevalent approach to enhancing membrane 
permeability is to stabilize cyclic peptides in a “closed” 
conformation [6–8] within the cell membrane by protect-
ing exposed NH groups via backbone N-methylation [9, 
10]. Additionally, methods such as amide-to-ester sub-
stitution [11] and altering side chain structures to form 
intramolecular hydrogen bonds with the main chain have 
been investigated to further improve membrane perme-
ability [12]. However, a universal rule regarding mem-
brane permeability has not yet been discovered [13].

The elusive nature of cyclic peptide membrane per-
meability makes it challenging to assess permeability 
potential during the initial design stages. The biochemi-
cal assessment of the permeability, using methods such 
as parallel artificial membrane permeability assay [14] 
(PAMPA), is labor-intensive and time-consuming. This 
underscores the importance of developing an accurate in 
silico model for predicting membrane permeability. Early 
computational models for assessing membrane perme-
ability often relied on molecular dynamics simulations 
[15–17]. However, the computational efficiency of these 
simulations is unsatisfactory.

Quantitative structure–property relationship [18] 
(QSPR) models based on machine learning are rap-
idly gaining traction. Their rise in prominence stems 
from their precision in predicting intricate biologi-
cal outcomes, reducing the need for costly experimen-
tal procedures [19–22]. Some studies have attempted 
to construct QSPR models for predicting the perme-
ability of cyclic peptides. Poongavanam et al. pioneered a 
machine learning approach to categorize cyclic peptides 
as having either low-moderate or high permeability [23]. 
Digiesi et  al. used various computational tools, rang-
ing from physics-based methods to 3D-QSPR methods, 
to predict permeability [24]. Although these approaches 
accelerate the experimental process, their applicability 
remains limited due to the small amount of available data 
(only dozens of samples). Recently, a database of cyclic 

peptide membrane permeability (CycPeptMPDB) [25] 
has injected new vitality into this field. It contains thou-
sands of cyclic peptide structures and their associated 
properties, including experimentally measured mem-
brane permeability. Benefiting from this dataset, previous 
works [26, 27] such as Multi_CycGT attempted to predict 
the membrane permeability of cyclic peptides using deep 
learning methods. These models are multimodal, based 
on the graph, sequence, and various molecular proper-
ties of cyclic peptides. However, we identified several 
issues which limited their performance: (1) The models 
do not leverage the knowledge of pretrained models [28]. 
Despite the further development of cyclic peptide data-
sets, the overall data volume is still relatively small, which 
limits the performance of deep learning models that 
require large amounts of data. (2) Their modality fusion 
methods are relatively simple and do not effectively har-
ness the potential of integrating information from dif-
ferent modalities [29]. (3) The evaluation is limited to 
relatively simple data partitioning methods, such as ran-
dom partitioning, and does not further challenge the per-
formance of models in real-world scenarios.

In this work, we proposed a novel cyclic peptide per-
meability prediction model, dubbed as MultiCycPermea 
(Fig.  1). MultiCycPermea integrates both the molecular 
image representation and the sequence representation 
of cyclic peptides, incorporating three key modules. One 
cyclic peptide image encoding module utilizes the Swin 
Transformer [30] to capture the two-dimensional struc-
tural features of cyclic peptide images, subsequently 
converting the image information into vectors. Another 
cyclic peptide sequence encoding module uses multiple 
transformer layers to encode the SMILES [31] sequence 
(one-dimensional) features of cyclic peptides into vectors. 
Notably, these two encoding modules are not trained 
from scratch but are initialized with models pretrained 
on small molecule data. Finally, a structure-constrained 
triple loss module is used to align features from these two 
modalities. It constructs a graph using substructure simi-
larity between cyclic peptides to constrain feature align-
ment. In the experimental section, unlike previous works 
that only evaluated models under simple in-distribution 
(random partitioning) conditions, we simulated out-of-
distribution data partitioning to test on unseen cyclic 
peptide structures. Furthermore, to investigate the ability 
of models to capture drastic changes in membrane per-
meability due to subtle structural variations in cyclic pep-
tides, we also evaluated the model using the permeability 
cliff partitioning method. Primary contributions of this 
work can be summarized as follows:

1)	 We proposed a novel multimodal method to predict 
cyclic peptide permeability, named MultiCycPer-
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Fig. 1  The architecture of MultiCycPermea. a MultiCycPermea incorporates one image encoder for 2D structure feature extraction and one 
sequence encoder for 1D structure feature extraction. The information from these two modalities is aligned using a triple loss adjusted based 
on substructure similarity. b The cyclic peptide image encoder is first pretrained on a molecular OCR recognition task, while the cyclic peptide 
sequence encoder is pretrained on a molecular “MASK” prediction task. c The logic of substructure knowledge network construction: We use 
Tanimoto similarity between cyclic peptides to calculate substructure differences, which are then used to constrain the triple loss for aligning 
the two modalities
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mea. It captures the 2D structural features and 1D 
sequence features of cyclic peptides based on image 
information and sequence information. To the best 
of our knowledge, this is the first work to introduce 
images as a modality in the field of peptides.

2)	 We demonstrated that pretraining encoder models 
on small molecule data improves the performance 
of cyclic peptide permeability prediction. The model 
can enhance its encoding capabilities by pre-learning 
the structural knowledge of small molecules, high-
lighting the importance of pretrained models.

3)	 We comprehensively evaluated the performance of 
models, especially in the previously overlooked data 
partitioning methods (simulated out-of-distribution 
setting and permeability cliff setting). MultiCycPer-
mea achieved state-of-the-art performance across 
all data partitioning scenarios on the CycPeptMPDB 
dataset. We evaluated the predictive capability of 
MultiCycPermea in a recent cyclic peptide design 
study. MultiCycPermea successfully filtered out 

approximately 80% of cyclic peptides with low mem-
brane permeability.

4)	 MultiCycPermea shows interpretability. Leveraging 
visual model analysis tools helps us understand how 
the model constructs the relationship between cyclic 
peptide substructures and membrane permeability.

Results
The performance for MultiCycPermea and other baselines
To validate the efficacy of the model, we apply three 
methods to split the data. The predictive capability 
of MultiCycPermea is shown in Fig.  2. The compari-
son results of MultiCycPermea with other baselines 
are shown in the following: in-distribution (ID) setting 
(Table 1 and Additional file 1: Table S2), simulated out-
distribution (OD) setting (Table  2 and Additional file  1: 
Table  S3), permeability values cliff setting (Table  3 and 
Additional file 1: Table S4).

ID setting: In this basic data partitioning evaluation, 
apart from models like TextCNN and BiLSTM (with R2 

Fig. 2  The prediction results of MultiCycPermea. a–c The scatter plots of predicted permeability of cyclic peptides and ground truth under 3 
different data setting. d–f Confusion matrix showing the predicted versus actual top k percentiles of cyclic peptide permeability. MultiCycPermea 
can ensure that the predicted rankings reflect the relative positions of the actual permeability values
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approximately equal to 0), the remaining models can 
predict the permeability of cyclic peptides to a certain 
extent. From the perspective of the MSE metric, the 
better-performing methods were RandomForest (0.30), 
ChemBERTa (0.26), Unimol (0.24), MolCLR (0.19), 
Multi_CycGT (0.29), and MultiCycPermea (0.16). Nota-
bly, models pretrained on small molecules (regardless 
of the pretraining strategy) all showed higher predictive 
performance than the latest cyclic peptide permeability 
prediction model Multi_CycGT (ChemBERTa: − 0.03, 
Unimol: − 0.05, MolCLR: − 0.10, and MultiCycPer-
mea: − 0.13). This highlights the importance of pre-
trained models, even when trained on cross-domain 
data (the molecular mass of the small molecule data-
set is mostly below 400 Da, while cyclic peptide mass is 
often above 800 Da). Additionally, in correlation met-
rics, models showed similar tendencies. For example, 
with the PCC (Pearson correlation coefficient) metric, 
Multi_CycGT scores 0.71, while other pretrained mod-
els show improved performance (ChemBERTa: + 0.05, 
Unimol: + 0.06, MolCLR: + 0.11, and MultiCycPer-
mea: + 0.14). MultiCycPermea exceeded other baselines 
across various evaluation metrics, demonstrating the 
effectiveness of the MultiCycPermea architecture for the 
task of predicting cyclic peptide permeability.

OD setting: After reducing the structural similarity 
between the training and testing data, all models showed 
a significant performance decline. Considering both MSE 
and PCC metrics, pretrained models still have some 
advantages over not pretrained Multi_CycGT (MSE: 
0.53, PCC: 0.41). Specifically, all pretrained models per-
form better than Multi_CycGT in terms of MSE, while 
MolCLR (+ 0.03) and MultiCycPermea (+ 0.07) show bet-
ter performance in terms of PCC. Under this relatively 
rigorous evaluation, MultiCycPermea outperformed 
other baselines.

Cliff setting (Fig.  3): In the real-world cyclic peptide 
design work, researchers often start from known cyclic 
peptide structures and gradually modify certain parts to 
improve their properties [32, 33]. Therefore, it is crucial 
for the model to detect significant changes in membrane 
permeability resulting from different modification meth-
ods. The models that performed well in the previous two 
tasks still had a significant advantage here. Among them, 
MultiCycPermea performed well, achieving an MSE of 
0.18 and a PCC of 0.88.

The effectiveness of each component in MultiCycPermea
We conducted a series of ablation studies to analyze the 
importance of each module in MultiCycPermea. Figure 4 
illustrates the impact of each component across three 
data settings (represented by MSE and PCC metrics). 

Table 1  Permeability prediction results under ID setting

Model MSE (↓) MAE (↓) R2 (↑) PCC (↑) SCC (↑)

SVM 0.48 0.48 0.18 0.46 0.46

RandomForest 0.30 0.38 0.48 0.70 0.66

TextCNN 0.59 0.57 0.00 0.07 0.12

BiLSTM 0.59 0.57 0.00  − 0.05  − 0.05

GAT​ 0.47 0.50 0.19 0.45 0.46

GCN 0.49 0.52 0.17 0.41 0.43

ChemBERTa 0.26 0.38 0.61 0.76 0.69

Unimol 0.24 0.36 0.59 0.77 0.72

MolCLR 0.19 0.33 0.67 0.82 0.76

CyclePermea 0.22 0.34 0.63 0.81 0.74

Multi_CycGT 0.29 0.40 0.45 0.71 0.68

MultiCycPermea 0.16 0.28 0.73 0.85 0.81

Table 2  Permeability prediction results under OD setting

Model MSE (↓) MAE (↓) R2 (↑) PCC (↑) SCC (↑)

SVM 0.62 0.55  − 0.12  − 0.05  − 0.01

RandomForest 0.51 0.51 0.07 0.32 0.37

TextCNN 0.60 0.57  − 0.04  − 0.09  − 0.04

BiLSTM 0.61 0.58  − 0.08  − 0.09  − 0.02

GAT​ 0.58 0.54 0.02 0.17 0.22

GCN 0.56 0.52 0.02 0.22 0.27

ChemBERTa 0.50 0.53 0.07 0.30 0.36

Unimol 0.48 0.52 0.12 0.38 0.48

MolCLR 0.48 0.49 0.12 0.44 0.48

CyclePermea 0.47 0.49 0.11 0.43 0.47

Multi_CycGT 0.53 0.54 0.03 0.41 0.45

MultiCycPermea 0.44 0.47 0.19 0.48 0.51

Table 3  Permeability prediction results under Cliff setting

Model MSE (↓) MAE (↓) R2 (↑) PCC (↑) SCC (↑)

SVM 0.47 0.58 0.16 0.64 0.63

RandomForest 0.30 0.40 0.57 0.76 0.72

TextCNN 0.75 0.66 0.00 0.10 0.11

BiLSTM 0.75 0.66  − 0.02 0.00  − 0.04

GAT​ 0.56 0.56 0.23 0.48 0.50

GCN 0.62 0.58 0.15 0.41 0.45

ChemBERTa 0.29 0.39 0.60 0.79 0.73

Unimol 0.32 0.41 0.58 0.69 0.64

MolCLR 0.23 0.35 0.71 0.84 0.80

CyclePermea 0.27 0.38 0.63 0.80 0.72

Multi_CycGT 0.31 0.41 0.56 0.73 0.65

MultiCycPermea 0.18 0.29 0.76 0.88 0.85
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We summarized several findings from the ablation 
experiments.

(1)	 Images can serve as a data modality for peptides 
to help predict membrane permeability and can be 
integrated with sequence information to improve 
model performance. Although images have never 
been used as a data modality in previous peptide-
related work, we have demonstrated their potential 
application value in this study. Under all three data 
partitioning methods, the predictive performance 
of the ImageEncoder (only) and the SequenceEn-
coder (only) are comparable. With the help of image 
information, MultiCycPermea (w/o triple loss) out-
performed the SequenceEncoder (only). For exam-
ple, in the OD setting, the fusion of information 
results in an improvement of 0.05 and 0.06 points 
in MSE and PCC, respectively, compared to the 
sequence-only performance.

(2)	 Pretraining on small molecules can help the encod-
ers improve their encoding capabilities and sig-
nificantly enhance model performance on cyclic 
peptide membrane permeability prediction. For 
encoders without pretraining, their performance 

showed a decline across all data settings (Additional 
file 1: Tables S5–S7). Specifically, due to the inher-
ent sparsity of molecular images, the ImageEncoder 
required pretraining guidance. For example, in the 
ID setting, the ImageEncoder (pretrained) outper-
formed the ImageEncoder (w/o pretrain) by 0.36 
in MSE and 0.68 in PCC. The SequenceEncoder, in 
comparison, does not rely as heavily on pretraining 
guidance, but pretraining still improved the perfor-
mance to a certain extent. Although the CycPept-
MPDB dataset represents a qualitative improve-
ment over previous datasets, it is still insufficient 
for training “data-hungry” deep learning models. 
We chose to pretrain on a small molecule dataset 
instead of a peptide dataset because most peptide 
datasets consist of standard amino acids. Design-
ing membrane-permeable cyclic peptides often 
requires various modifications, making these data-
sets primarily composed of non-standard amino 
acids.

(3)	 Feature aligning after incorporating structural 
knowledge can improve the model’s predictive 
capability. MultiCycPermea demonstrated perfor-
mance improvements when incorporating triple 

Fig. 3  Distribution of permeability cliff data pairs. Although many known cyclic peptide pairs have high structural similarity (greater than 0.9), their 
corresponding membrane permeability often differs a lot (permeability difference greater than 2, note that the permeability values shown here are 
log-transformed)
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loss and triple loss with SKC. For example, in the 
Cliff setting, the original model improved MSE 
from 0.22 to 0.18, while the PCC increased from 
0.84 to 0.88. We revealed the source of the perfor-
mance improvement by depicting the relationship 
of Tanimoto similarity between cyclic peptide pairs 
and the feature similarity proposed by the model. 
Using the model trained in the ID setting as an 
example, we randomly sample peptides from the 
test set, where each cyclic peptide is paired with 
another randomly selected cyclic peptide. We then 
calculated the Tanimoto similarity and feature simi-
larity between the peptide pairs. The results dem-
onstrated that the model trained with edge weight 
constraints better integrated substructure similarity 
into feature extraction, evidenced by an increase in 
PCC from 0.55 (Fig. 5b, before constraints) to 0.68 
(Fig.  5c, after constraints). Incorporating struc-
tural knowledge into the feature alignment process 

that the features extracted by the model were more 
closely aligned with the inherent structural charac-
teristics of the cyclic peptides.

Leveraging the visual model analysis tool to uncover 
the structural knowledge of cyclic peptide membrane 
permeability
One major advantage of using images as a modality is the 
ability to leverage analysis tools from the field of com-
puter vision to visually understand how the model makes 
decisions. We employed Grad-CAM (Gradient-weighted 
Class Activation Mapping) [34] to elucidate how Mul-
tiCycPermea determines the permeability cliff pairs of 
cyclic peptides. Grad-CAM is a visualization technique 
that highlights the image regions the network empha-
sizes. Figure 6 presents three cyclic peptide pairs in the 
permeability cliff setting, with an importance heatmap 

Fig. 4  The ablation study of MultiCycPermea. a–c The results of the ablation experiments under ID setting, OD setting, and Cliff setting, respectively. 
The MultiCycPermea (w/o triple loss) version directly concatenated the features from the two modalities to predict membrane permeability. SKC 
stands for substructure-knowledge-constrained
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Fig. 5  The scatter plot distribution of feature similarity and Tanimoto similarity for test data in the ID setting. a The feature component is extracted 
from MultiCycPermea (w/o triple loss). b The feature component is extracted from MultiCycPermea (triple loss w/o SKC). c The feature component 
is extracted from MultiCycPermea

Fig. 6  Cases of permeability cliff pairs of cyclic peptides and the regions of interest identified by MultiCycPermea using Grad-CAM analysis. In 
each cliff pair, the cyclic peptide on the left is difficult to permeate (< − 6), while the corresponding peptide on the right is easy to permeate (> − 6). 
Redder colors indicate higher attention, while bluer colors indicate lower attention. a The two cyclic peptides have a Levenshtein similarity of 0.92. 
b The two cyclic peptides have a Tanimoto similarity of 0.91. c The two cyclic peptides have a Tanimoto similarity of 0.92
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overlaid on the cyclic peptide images. For the cyclic pep-
tides in examples a and c that are difficult to permeate 
(ID:1482 and 2059), the model paid close attention to the 
number of aromatic rings, which is the structural differ-
ence compared to the corresponding easily permeable 
cyclic peptides (ID:1456 and 159). The structural differ-
ences between the two cyclic peptides in example b are 
mainly on whether the side chains of the peptide back-
bone are heavily alkylated. MultiCycPermea successfully 
reveals this distinction. Notably, for the more perme-
able cyclic peptide (ID:1883), MultiCycPermea not only 
focused on the phenol structure (polar functional groups 
that reduce membrane permeability) but also gave high 
attention to areas around all N-methylation sites (a very 
popular modification strategy to enhance cyclic peptide 
membrane permeability [10]). These examples illustrate 
that MultiCycPermea has captured certain relationships 
between the substructures of cyclic peptides and their 
membrane permeability. By using Grad-CAM to reveal 
the decision-making process of MultiCycPermea, it can 
provide insights for medicinal chemists to improve the 
membrane permeability of cyclic peptides.

MultiCycPermea can help screen for membrane‑permeable 
cyclic peptides
In practical applications, it is crucial to determine 
whether the designed cyclic peptides are easily perme-
able. We applied MultiCycPermea to a recent cyclic 
peptide design work [35], where researchers designed 
millions of potential cyclic peptides and tested the mem-
brane permeability of some representative ones. The 
final readable test data includes 24 cyclic peptides, of 
which 9 are difficult to permeate. We used the Multi-
CycPermea model trained in the OD setting for evalua-
tion. The comparison between the predicted results and 
the permeability values obtained from PAMPA experi-
ments is shown in Fig. 7a. MultiCycPermea achieved an 
MSE of 0.45 and a PCC of 0.55, indicating that Multi-
CycPermea can perceive changes in membrane perme-
ability due to structural variations. Notably, in practical 
scenarios, we generally consider a permeability value 
of − 6 as an important evaluation point. Cyclic peptides 
with a permeability value higher than − 6 are consid-
ered easily permeable, while those below − 6 are consid-
ered difficult to permeate. In this dataset, among the 9 
cyclic peptides that are difficult to permeate, MultiCy-
cPermea identified 7, with 1 being uncertain (predicted 
value close to the boundary at greater than − 6.2 but 
less than − 5.8), successfully eliminating approximately 
80% of the difficult-to-permeate cyclic peptides. For the 
15 cyclic peptides that are easy to permeate, MultiCy-
cPermea only misjudged the permeability of 2 peptides. 
The ability to distinguish between easily permeable and 

difficult-to-permeate cyclic peptides with high accuracy 
suggests that MultiCycPermea can assist in initial screen-
ing for membrane permeability in cyclic peptide synthe-
sis experiments.

Discussion
Our image-based approach has certain limitations: 
(1)  The representation of cyclic peptides in this work 
relies on Lewis structures, which cannot capture stereo-
chemical information, thus limiting the model’s ability to 
consider three-dimensional structural features that may 
affect permeability. (2) The resolution of images gener-
ated by RDKit is generally adequate for small to medium-
sized peptides (up to a molecular weight of 1777 Da, the 
largest in CycPeptMPDB). However, for larger cyclic 
peptides, the existing image resolution becomes insuffi-
cient for accurate representation, potentially affecting the 
model’s performance on such molecules.

Conclusions
In the early stages of cyclic peptide drug design, deter-
mining membrane permeability is crucial. In this study, 
we introduced MultiCycPermea, a multimodal deep 
learning model for cyclic peptide permeability predic-
tion. We tested MultiCycPermea on the most compre-
hensive cyclic peptide dataset (CycPeptMPDB) using 
three data partitioning methods, and it outperformed 
the state-of-the-art models. We addressed a challenge in 
cyclic peptide permeability prediction, the limited avail-
ability of training data, through transfer learning, where 
the model first learns fundamental chemical structure 
representations from extensive small molecule datasets 
before fine-tuning on cyclic peptide prediction. We also 
demonstrated that images, as a highly intuitive modality, 
cannot only be used for cyclic peptide property predic-
tion but also reveal decision-making principles through 
visual interpretability tools. For future work, we plan to 
enhance MultiCycPermea in two directions: implement-
ing online learning mechanisms to continuously incor-
porate newly available permeability data and integrating 
stereochemical information through video-based repre-
sentations to capture dynamic conformational changes of 
cyclic peptides. We believe these explorations can further 
improve the model’s applicability and accuracy.

Methods
The overall architecture of MultiCycPermea for predict-
ing the permeability of cyclic peptides is illustrated in 
Fig.  1a. MultiCycPermea uses two input modalities of 
cyclic peptide data (image and sequence) and integrates 
them through a structure-knowledge-constrained triple 
loss fusion (Fig.  1c). In this section, we first introduced 
the architecture and the pretraining of the image encoder 
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Fig. 7  Using MultiCycPermea to assist in screening easily permeable cyclic peptides. a Actual membrane permeability and predicted values 
by MultiCycPermea for the 24 cyclic peptides in the external evaluation set. b Examples of cyclic peptides that are difficult to permeate. c Examples 
of cyclic peptides that are easy to permeate
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model. Second, we introduced the architecture of the 
peptide sequence encoder and the pretraining model. 
Third, we described the feature fusion model and the 
training target.

Cyclic peptide image encoder
Architecture of the image encoder: MultiCycPermea 
employed the Swin Transformer (Swin-B) architecture 
[30], which consists of 4 stages and 12 transformer layers. 
Each stage uses a 4 × 4 patch size with embedding dimen-
sions of 128, 256, 512, and 1024, and has 4, 8, 16, and 32 
attention heads, respectively. The model features a win-
dow size of 7 and an MLP ratio of 4. Swin-B has a shifted 
window mechanism where self-attention [32] is applied 
within windows that shift between layers, enhancing 
the capture of both local and global features, reducing 
computational complexity, and maintaining the ability 
to model long-range dependencies. In MultiCycPermea, 
Xi ∈ R384×384×3 represent the input cyclic peptide image 
and is divided into non-overlapping small windows as 
shown in Fig. 1b. The self-attention mechanism within a 
window can be described by:

where Q , K , and V are the query, key, and value matrices. 
After four stages of dimensionality reduction with the 
Swin-B, the feature map HXi = ImageEncoder(Xi) of the 
cyclic peptide molecular image becomes 12× 12× 1024.

Pretraining of the image encoder: Inspired by the excel-
lent performance of deep learning-based molecular OCR 
recognition tools, represented by MolScribe [36], we first 
loaded the encoders pretrained on the OCR task, and 
then transferred it to peptide prediction task. Specifi-
cally, during the pretraining process, a decoder is used to 
decode the feature map of the molecular image into the 
atoms and bonds:

where XA
i  represents the type of each atom in the image 

while XB
i  represents the type of covalent bonds between 

the atoms in the image. The main part of the decoder 
consists of 6 transformer layers with 8 attention heads. 
A fully connected linear network was used to predict the 
types of covalent bonds. After pretraining, the decoder 
part was completely discarded, and only the encoder part 
was retained for MultiCycPermea.

Cyclic peptide sequence encoder
Architecture of the sequence encoder: First, the SMILES 
representation of the cyclic peptides Si is tokenized into 

(1)Attention(Q,K,V) = SoftMax
QKT

dk
V

(2)XA
i ,X

B
i = ImageDecoder

(

HXi

)

,

individual characters [t0, t1, . . . , tL] up to 250 tokens using 
regular expressions. A start token and an end token are 
added to the beginning and end of the sequence, respectively. 
These tokens are then embedded into a high-dimensional 
space: [w0,w1, . . . ,wL] = Embedding([t0, t1, . . . , tL]) , where w• ∈ R256 
and L is the length of the sequence. Second, the sequence 
of vectors is processed through 8 transformer layers with 
8 heads [37], HSi = SequenceEncoder([w0,w1, . . . ,wL]) . 
Each layer consists of a self-attention mechanism followed 
by a position-wise feedforward network with an inner layer 
size of 1024 and an output size of 256. Layer normalization 
is applied before each sub-layer, and a dropout rate of 0.1 
is used after both the attention and feedforward networks. 
Residual connections surround each sub-layer to facilitate 
gradient flow. The mechanism of the self-attention layer is 
identical to Eq.  1. The difference lies in that one captures 
features within image windows, while the other captures 
features in molecular sequences.

Pretraining of the sequence encoder: For the pre-
training of the sequence encoder, we adopt a method 
similar to the masked language modeling of BERT 
[38]. In this process, random tokens in the SMILES 
sequences are masked, and the model is trained to 
predict these masked tokens. This allows the model 
to learn contextual dependencies and relation-
ships within the molecular sequence effectively: 
LMask = −logP(ti|t1, . . . , ti−1, [MASK], ti+1, . . . , tL). In 
practice, each token has a 15% chance of being masked. 
Finally, we discarded the parameters of the output layer 
used for token prediction and retained the remaining 
parameters for MultiCycPermea.

Structure constrained feature fusion and permeability 
prediction
We proposed a substructure-knowledge-constrained 
triple loss for fine-grained alignment of features from 
two modalities. Specifically, we created a knowledge 
graph based on the substructure similarity between 
peptides (Fig.  1c). The knowledge network is defined as 
G = (V, E) , where V represents the set of nodes (cyclic 
peptides without distinguishing between different 
modalities) and E represents the set of edges. The weights 
on the edges are calculated by the similarity of substruc-
tures between two cyclic peptides. For example, the edge 
weight ei,j between node i and j in the knowledge is calcu-
lated as:

This way of constructing the knowledge graph ensures 
that the weights between nodes of cyclic peptides with 
similar substructures are smaller, while cyclic peptides 
with different substructures are larger.

(3)ei,j = 1− TanimotoSimilarity
(

Si, Sj
)

.
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MultiCycPeptide aligns features based on this struc-
tural knowledge graph constraint. First, average pooling 
was applied to the 1024-dimensional feature vectors of 
peptide images, which was then mapped to a 256-dimen-
sional space via a linear layer to align with the sequence 
features:

where Wproj ∈ R256×1024 is a projection matrix. Second, 
we selected the start token feature hS = HS[0, :] from the 
encoded sequence features and normalize features from 
two modalities:

Third, to align the features from the two modalities, we 
used the structure-knowledge-constrained triple loss as 
follows:

where ei,j is the edge weight between the cyclic peptide i 
and j, d(•, •) is the Euclidean distance between features, 
and α is the margin of triple loss [39] which forced the 
distance within the positive feature pairs d(•, •)+ is at 
least closer than their negative counterparts d(•, •)− . A 
positive pair is constructed by combining features from 
different modalities of a cyclic peptide. In contrast, a 
negative pair consists of one modality (either image or 
sequence) from a positive pair and another modality 
sourced from a different cyclic peptide within the same 
training batch. One merit of introducing pre-knowledge 
about the substructure of cyclic peptides is that the tri-
ple loss can dynamically adjust the degree of the distance 
punishment.

In the final stage of MultiCycPeptide, we concatenated 
the features from the two modalities together and predict 
the permeability of the cyclic peptides through three lin-
ear layers with activation function (ReLU [40]), reducing 
the dimensions from 512 to 256, 256 to 128, and finally 
to 1:

where yi is the experimentally determined membrane 
permeability of the cyclic peptide. The loss function for 
training the MultiCycPermea is:

(4)hX = Wproj · AveragePooling(HX),

(5)hX =
hX

||hX||
,hS =

hS

||hS||
.

(6)Lkc_triple = ei,j ·max

(

0, d
(

hXihSi
)+

− d
(

hXi ,hSj

)−

+ α

)

,

(7)hCi = concat
(

hXi ,hSi
)

,

(8)LPermea

(

yi, Xi, Si
)

=
(

yi − LinearLayers(hCi)
)2
,

(9)LMultiCycPermea = Lkc_triple + LPermea.

Experimental setup
The tools used in the experiment included RDKit [41] 
(for all kinds of fingerprint calculation and generating 
cyclic peptide images) and the PyTorch platform [42]. 
The baseline models were all sourced from their respec-
tive GitHub open-source repositories. For encoders of 
MultiCycPermea, we loaded the encoders trained for 
30 epochs on the pretraining tasks and then fine-tun-
ing on cyclic peptides. The AdamW optimizer [43] was 
used with a learning rate of 1e − 4, and a batch size of 32 
was selected for training. The margin of the triplet loss 
α was set to 0.1 in all experiments. Data augmentation 
was adopted to enhance the representation of cyclic pep-
tides during the training stage. For the image modality, 
cyclic peptide images were randomly augmented using 
the following methods (implemented via the Albumen-
tations Python library [44]): random rotation, cropping 
and padding, scaling, blurring, Gaussian noise injection, 
and salt-and-pepper noise injection. For the sequence 
modality, standard cyclic peptide SMILES were randomly 
converted into other non-standard SMILES representa-
tions. Each augmentation method was applied with a 
50% probability during each data loading. The structural 
knowledge network used for triple loss is computed prior 
to training and queried using the peptide IDs in the data-
set. All models in this work were trained for 200 epochs. 
The best parameters on the validation set were retained 
for the final evaluation on the test set. All reported met-
rics were the averages obtained from three independent 
experiments.

Data and evaluation metrics
We implemented MultiCycPermea on the current largest 
cyclic peptide membrane permeability dataset, CycPept-
MPDB [25]. The sequence information of cyclic peptides 
and their logarithmic permeability values were extracted 
from this dataset. The cyclic peptide images were gener-
ated using the RDKit tool. We removed duplicate entries 
and those whose permeability was not measured through 
experiments. We validated the model performance under 
three data settings (Fig. 8, Table 4):

(1) In-distribution (ID) setting: This setting conforms 
to the traditional practice of random partitioning, which 
entails uniformly allocating the dataset into training, vali-
dation, and test sets.

(2) Simulated out-distribution (OD) setting: The pur-
pose of this setting is to simulate the model’s perfor-
mance when predicting structures with low similarity 
to the known training set. We referred to the data pro-
cessing methods of previous works [46] to ensure that 
the similarity between the training set and the test set 
exceeds a threshold. Specifically, this setting begins with 
the extraction of the Murcko scaffold from each peptide 
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Mi = MurckoScaffold(Si) , followed by the computation 
of the Jaccard distance matrix:

where MF(•) represents the Morgan fingerprints and 
Jacccard(•, •) represents the Jaccard similarity. Subse-
quently, hierarchical clustering based on the Jaccard dis-
tance matrix was employed to categorize the data. We 
divided the data according to their cluster number as the 
training, validation, and test sets, ensuring that the mini-
mum distance between samples from any two clusters is 
greater than 0.3.

 [3] Permeability values cliff (Cliff ) setting: This set-
ting aims to evaluate the performance of models in 
distinguishing between cyclic peptides with very simi-
lar structures but significantly different permeability 
values. We referred to the data processing methods 
of previous works [47, 48] to identify pairs of cyclic 
peptides where a small structural change leads to a 
large difference in permeability (a difference of 2 in 
log-transformed values). We evaluated the structural 

(10)
Distance

(

Mi,Mj

)

= 1− Jaccard
(

MF(Mi), MF
(

Mj

))

,

similarity between peptide pairs using three different 
metrics: substructure similarity, scaffold similarity, and 
sequence similarity. Substructure similarity is assessed 
by calculating the Tanimoto coefficient of two pep-
tides. Scaffold similarity is measured by computing the 
Tanimoto coefficient for the scaffolds of two peptides. 
Sequence similarity is determined by calculating the 
Levenshtein distance between the SMILES representa-
tions of two peptides. We then collected pairs with any 
similarity greater than 0.9 and a permeability value dif-
ference exceeding 2. In total, 2856 cyclic peptide pairs 
with cliff relationships were identified and subsequently 
evenly distributed with other non-cliff peptides into the 
training, validation, and test sets. Note that during the 
evaluation phase, the metrics we presented are specifi-
cally targeted at the peptides containing cliff pairs.

For the pretraining data of the cyclic peptide image 
encoder and the cyclic peptide sequence encoder, 
we followed the datasets used in previous works. The 
cyclic peptide image encoder was pretrained using the 
PubChem database [49] and patent data collected in 
the MolScribe study [36]. The cyclic peptide sequence 
encoder was pretrained using small molecule data from 
ChemBERTa [50], but we randomly selected 1 million 
molecules from it due to the dataset’s large size.

The following metrics are used to evaluate the perfor-
mance of models:

(1)	 MSE (mean squared error): Measures the average 
squared difference between the estimated values 
and the actual values.

Fig. 8  The results after dimensionality reduction using t-SNE [45] based on the molecular fingerprints of cyclic peptides. a In-distribution setting. 
The training and testing data have similar distributions. b Simulated out-of-distribution setting. The training and testing sets are different in their 
distributions. c Permeability cliff setting. In this scenario, the distribution of the test set is not as uniform as in the ID setting. It primarily targets 
molecules with highly similar structures but drastic changes in membrane permeability

Table 4  The number of cyclic peptide molecules in different 
sets after the three data partitioning methods. It is worth noting 
that the numbers in parentheses for the permeability cliff setting 
indicate the number of known cliff data points

Training Validation Test

In-distribution setting 5619 730 743

Simulated out-of-distribution 
setting

5554 816 722

Permeability cliff setting 5650 (2282) 720 (284) 722 (290)
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(2)	 MAE (mean absolute error): Measures the average 
magnitude of errors in a set of predictions without 
considering their direction.

(3)	 R2: Indicates goodness of fit by measuring how well 
unseen samples are likely to be predicted by the 
model through the proportion of variance explained 
by the model.

(4)	 PCC (Pearson correlation coefficient): Measures the 
linear correlation between two variables.

(5)	 SCC (Spearman’s correlation coefficient): A nonpar-
ametric measure of rank correlation that assesses 
how well the relationship between two variables can 
be described using a monotonic function.

Baselines
The baseline models can be summarized into the fol-
lowing three categories:

(1)	Classical machine/deep learning models for regres-
sion task:

SVM (support vector machine), RandomForest, 
KNeighbors, ElasticNet, DecisionTree, GradientBoost-
ing, and GaussianProcess [51]: these methods utilize 
molecular fingerprints as input and then apply different 
forms of machine learning methods to extract features 
for predicting permeability of cyclic peptide.

BiLSTM and TextCNN [52, 53]: these models directly 
process SMILES sequences. TextCNN employs con-
volutional networks to identify patterns in SMILES, 
whereas BiLSTM processes these sequences bidirec-
tionally through LSTM.

GAT (graph attention networks), GCN (graph convo-
lutional networks), and GIN (graph isomorphism net-
work) [54–56]: these models convert SMILES strings 
into graph, representing atoms and bonds as nodes 
and edges, respectively. GAT incorporates an attention 
mechanism to assess node importance, GCN applies 
graph convolutions for feature learning, and GIN is 
designed to capture the isomorphism properties of 
graphs.

(2)	Three deep learning models pretrained on small mol-
ecule datasets:

ChemBERTa [50]: It is a transformer-based model pre-
trained on molecular data, utilizing random masking 
and prediction to capture relationships within molecular 
sequences.

CyclePermea [57]: It is a transformer-based model 
pretrained on molecular data and utilizes molecular 
fingerprints to assist prediction.

MolCLR [58]: It is a self-supervised learning frame-
work using large amounts of data, trained by molecular 
contrastive learning of representations with graph neu-
ral networks.

UniMol [59]: It is a universal 3D framework, con-
taining a pretrained model with the SE [3] transformer 
architecture: a molecular model pretrained by molecu-
lar conformations.

(3)	A recently published deep learning model for perme-
ability prediction task:

Multi_CycGT [26]: it is a multimodal permeability 
prediction model, based on the graph, sequence, and 
various molecular properties of cyclic peptides.
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