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Supplementary Discussion 
 

Benchmark test on PDBbind2020 

We assessed the performance of binding affinity and distance predictions of Ligand-Transformer using 

the publicly available PDBbind20201 dataset. To work within a manageable training time, we imposed 

a limit on the maximum length of protein sequences to 384, and the maximum number of atoms in 

ligand molecules to 128. This strategy involves the selective consideration of polypeptide chains or 

domains situated close to the binding site (see the Protein sequence truncation subsection for more 

details). Consequently, we obtained a dataset comprised of 13,420 protein-ligand complexes 

(PDBbind2020-subset, Supplementary Data 1). This dataset was randomly partitioned into training, 

validation, and testing sets, containing 10,375, 640, and 936 data points, respectively. Descriptive 

statistics pertaining to these partitions are presented in the Dataset preparation section. 

 

With the training procedure described in the Training section, we conducted joint training for both 

binding affinity and distance predictions. The results of the binding affinity prediction on the test set 

are presented in Figure S1a. The majority of predictions have a low error, with the most frequent errors 

falling below 0.5 in pKd units (Figure S1b). These results indicate that the model is generally accurate 

in predicting the binding affinity, with a significant number of predictions closely aligning with the 

experimental values. For comparison, we report the results of three state-of-the-art (SOTA) models 

trained under identical split settings. In this test, Ligand-Transformer showed better performance across 

various evaluation metrics, including RMSE (root mean square error), MAE (mean absolute error), and 

Pearson's and Spearman's correlation coefficients, with respect to the other three methods2-4 (Table S1). 

It is worth noting that while Hac-Net2 is a complex-based model and TankBind4 is a pocket-based model, 

our model has acquired structural information solely from protein sequences. 

 

Table S1. Comparisons of the accuracy of binding affinity predictions with baseline methods.  

Dataset Model 
Metrics 

RMSE↓ MAE↓ Pearson↑ Spearman↑ 

Validation 

MONN 1.085 - 0.820 0.818 

TankBind 1.246 - 0.769 - 

HAC-Net 1.240 0.978 0.756 0.746 

Ligand-Transformer 1.076 0.817 0.825 0.832 

Test 

MONN 1.234 - 0.775 0.776 

TankBind 1.269 - 0.775 - 

HAC-Net 1.265 0.995 0.761 0.752 

Ligand-Transfomer 1.178 0.861 0.800 0.803 

The following evaluation metrics are reported: root-mean-square error (RMSE) in p𝐾d units, mean absolute 

error (MAE) in  p𝐾d units, and Pearson's and Spearman's correlation coefficients. The best result for each split 

and metric is marked in bold. All models were trained and tested on the identical split of PDBbind_10k, which 

was constructed in this study.  

 



 

Figure S1. Evaluation of Ligand-Transformer affinity predictions on the PDBbind_10k test set. (a) Scatter 

plot with regression analysis of measured vs predicted pKd values, featuring a linear regression line with 95% 

confidence intervals obtained from bootstrapping. Marginal histograms and kernel density estimate plots 

illustrate the distributions of the measured and predicted values. (b) Histogram detailing the distribution of the 

absolute prediction errors for pKd values. (c) Box plots segmenting the absolute prediction errors for pKd values 

across varying ranges of measured pKd. Source data are provided as a Source Data file. 

 

Figure S1c provides information about the performance of the prediction model across different ranges 

of pKd values. The performance of the model is more robust and accurate for median pKd values (ranging 

from 4 to 10). The deterioration of the performance in the extreme ranges could stem from biases 

inherent in the PDBbind dataset, which tends to include molecules with moderate to strong binding 

affinities, thus under-representing ligands with weak or no binding. Additionally, compounds with very 

high binding affinities are infrequently discovered. 

 

For the distance predictions, we measured the mean absolute error (MAE) of the predicted 𝑑𝑖𝑗, 𝑑𝑘𝑙, and 

𝑑𝑖𝑘 of each protein-ligand complex. Around 95% of the MAEs of 𝑑𝑖𝑗 in the test results were under 0.5 

Å, around 95% of the MAEs of 𝑑𝑘𝑙 were under 1 Å, and 95% of the MAEs of  𝑑𝑖𝑘 were under 2 Å 

(Figure S2a). Additionally, we found that our confidence module (see Algorithm 8), which predicts 

the mean absolute error (pMAE) of distances, is effective in estimating errors (Figure S2c). Specifically, 

the Pearson’s correlation coefficients between the pMAE and true MAEs of 𝑑𝑖𝑗, 𝑑𝑘𝑙, and  𝑑𝑖𝑘 were 0.90, 

0.73, and 0.56, respectively. The distance prediction errors were higher for low-resolution data (as 

determined by NMR spectroscopy or resolution ≥ 3 Å) compared with high-resolution data (Figure 

S2b). Low-resolution structures often have a greater degree of uncertainty in atomic positions, which 

naturally leads to higher errors in predicted distances within protein-ligand complexes. Such biases 

indicate that part of the prediction inaccuracies might originate from experimental errors or the inherent 

structural uncertainties. Moreover, the fact that the model can estimate its own distance prediction errors 

suggests that it has learned to recognize specific features within the protein-ligand complex that might 



be indicative of conformational variability. However, the estimation of distance prediction error does 

not translate into an ability to estimate binding affinity prediction error (Figure S2d). 

 

  

 

Figure S2. Evaluation of Ligand-Transformer distance predictions on the PDBbind_10k test set. (a) 

Histograms depicting the distribution of mean absolute errors (MAEs) in distance predictions by Ligand-

Transformer for individual complexes within the test set. The subplots from left to right illustrate the MAEs for 



residue-residue distances (𝑑𝑖𝑗 , defined as the distance between the Cβ atoms of the residues, or the Cα atom in 

the case of glycine), ligand atom-atom distances (𝑑𝑘𝑙 ), and residue-ligand atom distances (𝑑𝑖𝑘 , indicating 

distances between the Cβ atoms of the residues, or the Cα in the case of glycine, and ligand atoms). (b) 

Comparative analysis of distance prediction errors for structures with low resolution (either NMR-based or with 

resolution ≥ 3 Å, n=39) versus high-resolution structures (resolution < 3 Å, n=897). (c) Scatter plots of the 

correlation between the predicted MAEs (pMAEs) for distances and the actual MAEs, with pMAEs calculated 

as the average of all predicted absolute errors (pAEs) from the confidence module (refer to Algorithm 8 for 

details). The pMAEs are plotted for three distance categories: intra-protein residue-residue (𝑑𝑖𝑗), intra-ligand 

atom-atom (𝑑𝑘𝑙), and protein-ligand residue-atom (𝑑𝑖𝑘). (d) Correlation plots showing the relationship between 

pMAEs of distance predictions and the absolute errors in pKd prediction, in log10 molar units. The shaded areas 

representing 95% confidence intervals of the regression lines. Source data are provided as a Source Data file. 

 

 

We validated the generalisation ability of the model by analysing the performance on unseen protein 

sequences and ligands in its training set. We found that the protein sequences in the test set have 

considerable overlap with the training set, and the ligand chemical space of the test set exhibits more 

distinct characteristics compared to the training set (Figure S3a,b). We also observed that there are no 

significant prediction error biases when dealing with unseen protein sequences, ligands, or 

combinations of both (Figures S3c-f). These results suggest that the model exhibits a good capability 

to handle new targets or ligands. 



 

 
Figure S3. Assessment of the capability of the model for generalisation. (a-d) Visualizations of the complex 

feature space via PCA, t-SNE5, and UMAP6 (from left to right, respectively). The feature set for each complex 

was constructed by concatenating the Morgan fingerprints7 (radius=2, dimension=1024) for ligands, with 

sequence features consist of: (i) 3-mer frequency, which counts the occurrences of each possible 3-length 

subsequence within the protein sequence, (ii) amino acid composition, and (iii) physico-chemical properties, 

including estimated hydrophobicity8 and volume9. (a) Training set data points are shown in grey, with test set 

data points coloured according to ligand similarity to the training set, where dark purple indicates low similarity 

and yellow denotes high similarity. (b) Training data points are grey, with test set data points coloured by 

sequence similarity, transitioning from dark purple (low similarity) to yellow (high similarity). (c) Test set data 



points colored by the mean absolute error (MAE) of distance prediction, reflecting the average prediction error 

across all distance pairs in a complex. (d) Test set data points colored by the absolute error in pKd prediction. 

(e) Scatter plot correlating the MAE of distance prediction with both ligand and sequence similarity to the 

training set. (f) Scatter plot illustrating the relationship between affinity prediction error and similarity of ligand 

and sequence to the training set. Here, maximum ligand similarity represents the highest Tanimoto similarity 

score with any ligand in the training set, based on Morgan fingerprints7 (radius=2, 2048 bits). The maximum 

sequence similarity was calculated as the highest ratio of identical amino acids following global alignment 

without a gap penalty, as implemented in Biopython10. Source data are provided as a Source Data file. 

 

To demonstrate the ability of the model to predict distances when both the protein and the compound 

have not been seen in the training, we selected the DNA ligase A in complex with inhibitor 7-methoxy-

6-methylpteridine-2,4-diamine as an example (PDB 4GLW). The sequence identity of this complex 

with the training set is below 0.52, while the Tanimoto similarity of the ligand with the training set is 

below 0.33. A comparison between the predicted and true distance matrices for PDB 4GLW revealed a 

MAE of 0.24 Å in prediction of the protein distance matrix (𝑑𝑖𝑗), 0.59 Å of ligand distance matrix (𝑑𝑘𝑙), 

and 0.83 Å of contact matrix (𝑑𝑖𝑘) (Figure S4a,b). The comparison between the estimated distance 

prediction error (Figure S4c) and the actual error (Figure S4d) indicates that the model is capable of 

assessing errors, although it tends to underestimate them. Furthermore, the predicted residues in contact 

with the ligand align closely with the actual binding pocket (Figure S4e), while the predicted atomic 

contacts with the pocket are in good agreement with the ground truth (Figure S4f). These results 

indicate that Ligand-Transformer is capable of accurately predicting contacts even when both the 

protein and the ligand have not been encountered in the training set. 

 

 



 
Figure S4. Detailed distance prediction analysis for DNA ligase A complex with an inhibitor (PDB 4GLW). 

(a, b) Heat maps displaying the predicted (a) and actual (b) distance matrices for DNA ligase A in complex 

with the inhibitor (ligand ID: 0XT). The axes represent residue numbers and atom numbers (prefixed with ‘A’) 

of the complex. (c, d) Heat maps showing the predicted (c) and actual (d) absolute errors in the distance matrices 

for PDB 4GLW. (e) Line graph comparing the nearest distances between the small molecule and the Cβ atom 

(or Cα for glycine) of each residue, providing a visualization of the binding region of the ligand within the 

protein. Predicted distances are marked with error bars derived from the predicted absolute error (pAE) as 

calculated by the confidence module (refer to Algorithm 8). (f) Contact heat map that indicates the proximity 

between each atom of the small molecule and the nearest Cβ atom (or Cα for glycine) of the protein. Source 

data are provided as a Source Data file. 



Ablation test result 

 

 
Figure S5. Ablation study showing the impact of pretrained protein and ligand representations and joint 

training on model performance. The figure illustrates the decrease in model performance upon the removal 

of pretrained embeddings and joint training for both affinity and distance prediction tasks. The affinity 

prediction is evaluated using Pearson's correlation between the predicted and measured pKd values. For distance 

prediction, the evaluation metric is the average of the overall MAEs of distance matrix. Source data are provided 

as a Source Data file. 

 

To evaluate the impact of using pretrained representations of protein and ligand, as well as the joint 

training of affinity and distance prediction tasks, we carried out ablation experiments comparing the 

performance of the model without these components. The omission of pretrained protein and ligand 

representations resulted in performance decreases for both affinity and distance prediction tasks (Figure 

S5). Specifically, the Pearson's correlation for affinity prediction decreased to 0.78 and 0.77, and the 

average of overall MAEs of distance matrix – where it represents the MAE of the entire distance matrix 

for each complex – increased to 0.67 and 0.60, when we omitted the embeddings from AlphaFold2 and 

GraphMVP, respectively. These results illustrate that the pretrained representations of proteins and 

small molecules were beneficial for activity prediction and, particularly, distance prediction. 

 

Furthermore, when joint training of affinity and distance prediction was removed, the Pearson's 

correlation for affinity prediction decreased to 0.74. In particular, the removal of both the AlphaFold2 

embedding and the distance prediction resulted in a substantial decrease in the Pearson's correlation for 

affinity prediction, dropping it to 0.68. This finding suggests that the structure information integrated 

during training is important for activity prediction. In contrast, when we predicted distance alone, the 

accuracy did not decline significantly, implying that the activity information did not provide substantial 

additional information for distance prediction. 

 

  



Fine-tuning on the EGFRLTC dataset  

 

 

Figure S6. Comparison of predicted affinities from the base model (Model B) and fine-tuned models (FT1 

to FT10) on EGFRLTC-290 dataset and TargetMol library. (a) Correlation matrix of predicted affinities 

between different models on the EGFRLTC-290 dataset. (b) Correlation matrix of predicted affinities between 

different models on the TargetMol library. (c) Distribution of predicted affinities from the base model and fine-

tuned models on the EGFRLTC-290 dataset and TargetMol library. The first column is the distribution of 

measured pIC50 in EGFRLTC-290. (d) Normalized distribution of predicted affinities on the EGFRLTC-290 dataset. 

This normalization helps to make the predictions from different models more comparable. Source data are 

provided as a Source Data file. 

 

Figure S6a displays the correlations between the predicted affinities of the 11 models employed in the 

screening on the EGFRLTC-290 dataset, which includes the base model (Model B) and the ten fine-tuned 

models (FT1 to FT10). The results suggest a high consistency between the predictions made by the ten 

fine-tuned models, with an average correlation coefficient of 0.98. However, predictions between the 

base model and the fine-tuned models sometimes vary, with an average correlation coefficient of 0.86. 

Similar phenomena were also observed with the TargetMol library (Figure S6b). 

 

We observed that the distribution of predicted affinity of the base model differs substantially from the 

distribution of predictions from the fine-tuned models (Figure S6c). The base model has a higher 



average but a smaller deviation on the EGFRLTC-290 dataset, while it has a higher average but larger 

deviation on the TargetMol library. This discrepancy might be due to the fact that the base model was 

trained to predict pKd, whereas the measure of affinity used in this study is represented by pIC50, which 

is typically lower than pKd. 

 

To make the predictions more comparable, we normalized them to the uniform distribution of 

predictions on the EGFRLTC-290 dataset (Figure S6d). In addition to considering affinity, we also took 

into account other factors when making our final selection (details are in Methods). 

 

In Figure S7, we present visualizations of the chemical space comparing the TargetMol library with 

the EGFRLTC-290 dataset. These visualizations of PCA and t-SNE plots reveal that compounds in the 

TargetMol library possess compounds significantly different from those in EGFRLTC-290, particularly 

noticeable at the bottom of these plots. Despite these chemical differences, these compounds were not 

predicted to be highly effective inhibitors (Figure S7d). Further analysis shows the distinct chemical 

spaces occupied by compounds C1, C5, C7, and C11 as compared to the existing EGFRLTC-290 

inhibitors (Figure S7a). In contrast, C4 and C10 are observed to be closer to other EGFRLTC inhibitors 

in these 2D plots. This proximity is attributed to the shared aniline-pyrimidine scaffold common to C4, 

C10, and many existing EGFRLTC inhibitors. Additionally, Figure S8 highlights the precision of the 

fine-tuned model in predicting the IC50 values for compounds C1, C10, and C11. Notably, this precise 

prediction is achieved even though C1 and C11 differ significantly from the compounds in the 

EGFRLTC-290. 

 

 



 
Figure S7. Visualization of chemical space for EGFRLTC-290, TargetMol library, and selected inhibitors. 

Displayed are PCA, UMAP6, and t-SNE5 projections, from left to right, based on Morgan fingerprints7. (a) 

EGFRLTC-290 inhibitors are coloured in blue, green, and orange to represent allosteric, dual, and orthosteric types, 

respectively. TargetMol library compounds are shown in grey, with newly identified inhibitors in distinct colors. 

(b) EGFRLTC-290 inhibitors are shown in grey, while TargetMol library compounds are shaded according to their 

highest Tanimoto similarity to EGFRLTC-290 compounds, transitioning from purple (low similarity) to yellow 

(high similarity), based on Morgan fingerprints7 (radius=2, 2048 bits).. (c) TargetMol library compounds are 

shown in grey, with EGFRLTC-290 compounds coloured by their measured pIC50 values, ranging from white (low) 

to blue (high). (d) EGFRLTC-290 compounds are shown in grey, with TargetMol library compounds shaded 



according to their predicted pIC50 values (average predictions from models FT1 to FT10), ranging from white 

(low) to blue (high). Source data are provided as a Source Data file. 

 
Figure S8. Analysis of identified EGFRLTC inhibitors. (a) Scatter plot comparing the predicted versus 

measured pIC50 values for identified inhibitors. Each point is coloured to correspond to a specific inhibitor, 

plotted against the dashed line representing perfect prediction accuracy. (b) Histogram showing the distribution 

of maximum Tanimoto similarities for compounds in the TargetMol library to the EGFRLTC-290 set (c) Bar 

graph illustrating the maximum Tanimoto similarity of each inhibitor to the EGFRLTC-290 set. Similarity 

calculations are based on  Morgan fingerprints7 (radius=2, 2048 bits). Source data are provided as a Source 

Data file. 

 

 

Leave-one-cluster-out validation on the EGFRLTC-290 dataset  

 

Beyond 10-fold cross-validation on the EGFRLTC-290 dataset, we conducted a leave-one-cluster-out 

test to assess the performance of fine-tuned Ligand-Transformer on novel molecular backbones. We 

applied k-means clustering to the 290 compounds of the dataset, generating 10 clusters based on their 

Morgan fingerprints7 (radius=2, 1024 bits). Figure S9 presents the clustering results. 

 

For fine-tuning the Ligand-Transformer (denoted as Ligand-Transformer_FT), we used the same 

hyperparameters as in training the Model FTs (refer to Table S3). We established two baseline models 

for comparison. The first is a random forest model (RandomForest) using Morgan fingerprints, 

optimized through grid search to determine the best hyperparameters ('max_depth'=30, 

'min_samples_leaf'=1, 'min_samples_split'=3, 'n_estimators'=90). To verify the effectiveness of the 

selected features and hyperparameters, we evaluated the RandomForest model's performance using 10-

fold cross-validation, similar to the method depicted in Figure 1b, achieving a Pearson’s correlation 

coefficient of 0.85. The other baseline, the Ligand-Transformer_RI, was trained with identical 

hyperparameters as the FT models but initiated from random parameters rather than the pre-trained 

Model B. 

 

Figure S10 reveals that Ligand-Transformer_FT achieved the highest overall Pearson’s correlation 

coefficient of 0.499, indicating commendable performance of fine-tuned models on unencountered 

molecular scaffolds. Conversely, RandomForest exhibited poor generalization capabilities, with its 



performance dropping significantly when there was a disparity between the training and test sets. While 

Ligand-Transformer_RI occasionally outperformed Ligand-Transformer_FT in certain clusters, its 

overall correlation with the true labels was still worse. This highlights the value of pretraining on 

proteochemometric dataset before tailoring to target-specific tasks. However, when comparing with 

non-fine-tuned model (Figure 1a), fine-tuning did not significantly enhance performance on novel 

ligands, likely due to overfitting to training set molecules, despite notable improvements for ligands 

similar to those in the training set (Figure 1b). Thus, the optimal approach for discovering new 

inhibitors should consider both pre- and post-fine-tuned models. 

 

 

 
Figure S9. Clustering of molecules in EGFRLTC-290 dataset. (a) A bar plot illustrating the distribution of the 

290 molecules across the identified clusters. (b) Violin plots depicting the inter-cluster similarity, calculated 

using Tanimoto similarity based on Morgan fingerprints7 (radius=2, 1024 bits). The visualizations of the 

clustering results are presented through various dimensionality reduction techniques: t-SNE5 in panel (c), PCA 

in panel (d), and UMAP6 in panel (e), with each data point coloured by cluster. Source data are provided as a 

Source Data file. 

 



 
Figure S10. Leave-one-cluster-out validation on the EGFRLTC-290 dataset. (a) The boxplot summarizes the 

leave-one-cluster-out validation results, with each data point representing the Pearson’s correlation coefficient 

for each cluster tested across three different models. Regression plots display the validation outcomes for 

RandomForest (b), Ligand-Transformer_RI (c), and Ligand-Transformer_FT (d). The data points are coloured 

by cluster index. The black line represents the diagonal line, and the grey line represents the regression fit. 

Source data are provided as a Source Data file. 

 

 

Molecular docking on the EGFRLTC-290 dataset  

 

To benchmark the performance of molecular docking when a crystal protein structure is not available, 

we performed docking using AutoDock Vina11 on all 290 EGFRLTC inhibitors using AlphaFold2-

predicted protein structure. The starting ligand conformations were generated and optimized using 

RDKit12. The docking box was centered at the active site of EGFRLTC. Figure S11 shows the 

correlation between docking energy and the experimentally measured IC50 values. The Pearson’s R is 

only -0.17, indicating a weak relationship. This demonstrates the limitations of traditional structure-

based methods, which fail to account for conformational changes in the protein, thus cannot properly 

modelled the interaction between the ligand and protein. 

 



 
Figure S11. Docking energy compared with experimentally measured IC50 values on the EGFRLTC-290 

dataset. Source data are provided as a Source Data file. 

 

 

  



Supplementary Methods 
 

 

Ligand-Transformer framework 

 

The overall framework of Ligand-Transformer is shown in Figure 1. The modelling of protein-ligand 

complexes can be viewed as multimodal learning task. In this approach, we represent the protein-ligand 

complex as a complete heterogeneous graph, denoted by 𝐺 = ({𝐧𝑖}, {𝐧𝑘}, {𝐞𝑖𝑗}, {𝐞𝑘𝑙}, {𝐞𝑖𝑘}), where  {𝐧𝑖} 

and {𝐧𝑘} are the set of residues of the protein and the set of atoms of the molecule, respectively, and 

{𝐞𝑖𝑗}, {𝐞𝑘𝑙} and {𝐞𝑖𝑘} are all the pairs of residues, all the pairs of atoms, and all the pairs of residues and 

atoms, respectively. The protein representation generated by AlphaFold21 is fed to the protein encoding 

module to produce the initial graph of the protein 𝐺protein 
(0)

= ({𝐧𝑖

(0)
} , {𝐞𝑖𝑗

(0)
}) . Similarly, the 

representation of molecule generated by GraphMVP2 is processed by ligand encoding module to 

generate the initial graph of the molecule 𝐺ligand 
(0)

= ({𝐧𝑘

(0)
} , {𝐞𝑘𝑙

(0)
}). Then, 𝐺protein 

(0)
 and 𝐺ligand 

(0)
 are 

concatenated and padded to form the initial graph representation of the complex 𝐺(0), which is then 

iteratively refined in a cross-modal attention module,  consisting of 12  transformer-like blocks (see the 

Self-attention block section). In each block, the node representations of the complex graph are updated 

via self-attention weighted with an additional bias term from the edge representation, and the edge 

representations are updated based on the raw node self-attention logits. The final node representations 

are fed to the affinity head, where they are pooled and used to predict the binding affinity through a 

fully connected regression layer. Meanwhile, the final edge representations are passed to the distance 

prediction head where they are linearly projected to a binned distance distribution. The edge set  {𝐞𝑖𝑗} 

is used to predict the residue-residue distances (𝑑̂𝑖𝑗), which represents the distance between Cβ atoms 

of residues (or Cα for glycine). The edge set {𝐞𝑘𝑙} is used to predict the atom-atom distances in the 

ligand (𝑑̂𝑘𝑙), while the edge set {𝐞𝑖𝑘} is used to predict the residue-atom distances (𝑑̂𝑖𝑘), which are 

represented by the distance between Cβ atoms from the residue and the atom from the ligand. Detailed 

information regarding the modules can be found in the Algorithm subsections, where the accompanying 

pseudocode for each module are also provided. 

 

 

The Ligand-Transformer algorithm 

 

We present the Ligand-Transformer algorithm in the form of a pseudocode. Scalar values are 

represented in italics, while vectors are represented in bold. Specifically, 𝐧 represents a vector of nodes, 

and 𝐞 represents a vector of edges. We use the indices 𝑖 and 𝑗 for the residues of a protein, and 𝑘 and 𝑙 

for the atoms of a ligand, so that (𝑖, 𝑘) denotes an edge from residue 𝑖 of the protein to atom 𝑘 of the 

ligand. Although the edge representations are directional, for conciseness we use {𝐞𝑖𝑘} to represent the 

sum set of all {𝐞𝑖𝑘} and {𝐞𝑘𝑖}, encompassing both edges from the residues of the protein to the atoms 

of the ligand and the edges from the atoms of the ligand to the residues of the protein. We use capitalized 

operator names when they encapsulate learned parameters. For functions without parameters, we use 

lowercase operator names. More details about the functions can be found in the following subsections. 

We use ⊙ for element-wise multiplication, ⊕ for the outer sum, and 𝐚⊤𝐛 for the dot product of two 

vectors. 

 



Basic components and blocks 

The following basic functions are utilized in the subsequent pseudocode: 

Linear: Represents a linear transformation that involves multiplying the input by a weight matrix 𝐖 

and adding a bias vector 𝐛. 

LinearNoBias : Denotes a linear transformation without the bias vector b. It involves only the 

multiplication of the input by the weight matrix 𝐖. 

LayerNorm: This refers to layer normalization13. It operates on the channel dimensions and includes 

learnable per-channel gains and biases. 

ReLU: This term denotes the Rectified Linear Unit (ReLU) activation function. It is a non-linear 

function that outputs the input directly if it is positive; otherwise, it outputs zero. 

Sigmoid: This function denotes the sigmoid activation function that maps the input to a value in the 

range of 0 to 1, using the equation: sigmoid(𝑥) = 1 (1 + 𝑒−𝑥)⁄ . 

Softmax𝑖𝑛𝑑 : This function signifies the softmax activation function that normalizes a vector of 

numerical values into a probability distribution over the indices ind. 

Dropout𝑟𝑎𝑡𝑒: This term designates the rate parameter of the dropout regularization technique. This 

method randomly nullifies a certain proportion (𝑟𝑎𝑡𝑒) of input units during training as a preventive 

measure against overfitting14. 

Mean𝑖𝑛𝑑: This function represents a process for calculating the mean value. It computes the average 

value across a specified index, 𝑖𝑛𝑑. 

Concat𝑖𝑛𝑑: This function is used for concatenating vectors based on the specified index, 𝑖𝑛𝑑. If 𝑖𝑛𝑑 is 

not provided, it defaults to concatenating two vectors into a single vector. 

 

 

Transition block 

The transition block facilitates non-linear transitions for the features of nodes or edges, while 

maintaining dimension invariance. A transition block comprises a layer normalization13, which is 

applied to the input activations, succeeded by a standard 2-layer multilayer perceptron (MLP) utilizing 

ReLU as its activation function. The intermediate number of channels in the MLP expands the original 

number of channels by a factor of 𝑛expand = 4. If we assume an input activation, denoted as a vector 

𝐚 ∈ ℝ𝑐, where 𝑐 represents the dimension of 𝐚, then the algorithm can be illustrated as: 

 

Algorithm 1 Transition block 

def Transition (𝐚, 𝑛expand = 4): 

1: 𝐚′ = Linear(𝐚) 𝐚′ ∈ ℝ𝑐∗𝑛expand 

2: 𝐚 ← Linear(relu(𝐚′))  

3: return 𝐚  

 

  



 

Self-attention block 

 

Figure S12. Schematic representation of a gated self-attention block including pair bias and pair 

updating. 

 

The self-attention block is responsible for updating a graph representation consisting of both node 

features and edge features. It is a modified version of the basic self-attention15 with pair bias16, designed 

to facilitate effective communication between the edge features and node features. The attention block 

updates the edge features through the attention matrix derived from node features. The number of 

attention heads 𝑁head is a hyperparameter. Assuming {𝐧𝑖} are features of dimension 𝑐n for each node, 

and {𝐞𝑖𝑗} donates features for each pair of nodes, 𝑖 and 𝑗, then the algorithm can be described as: 

 

Algorithm 2 Self-attention with pair bias 

def SelfAttention ({𝐧𝑖}, {𝐞𝑖𝑗}, 𝑁head = 8): 

# Input projections 

1: 𝐧𝑖 ← LayerNorm(𝐧𝑖)  

2: 𝐞𝑖𝑗 ← LayerNorm(𝐞𝑖𝑗)  

3: 𝑐n
′ =

𝑐n

𝑁head

  

4: 𝐪𝑖
ℎ , 𝐤𝑖

ℎ, 𝐯𝑖
ℎ, = LinearNoBias(𝐧𝑖) 𝐪𝑖

h, 𝐤𝑖
h, 𝐯𝑖

h ∈ ℝ𝑐 , ℎ ∈ {1, … , 𝑁head} 

5: 𝑏𝑖𝑗
ℎ = LinearNoBias(𝐞𝑖𝑗)  

6: 𝐠𝑖
ℎ = sigmoid(Linear(𝐧𝑖)) 𝐠𝑖

h ∈ ℝ𝑐n
′
 

# Attention 

7: 𝑎𝑖𝑗
ℎ =

1

√𝑐
𝐪𝑖

ℎ⊤
𝐤𝑖

ℎ  

# Output edge features 

8: 𝐞𝑖𝑗 ← Linear (relu (Linear (concatℎ(𝑎𝑖𝑗
ℎ ))))  

# Output node features 



9: 𝑎𝑖𝑗
ℎ ← softmaxj(𝑎𝑖𝑗

ℎ + 𝑏𝑖𝑗
ℎ )  

10: 𝐨𝑖
ℎ = 𝐠𝑖

ℎ ⊙ ∑ 𝑎𝑖𝑗
ℎ 𝐯𝑖

ℎ

𝒋
  

11: 𝐧𝑖 ← Linear (concatℎ(𝐨𝑖
ℎ))  

12: return {𝐧𝑖}, {𝐞𝑖𝑗}  

 

Protein encoder 

The protein encoder takes the intermediate features from AlphaFold2, namely {𝐟𝑖
msa}, {𝐟𝑖𝑗

pair
}, and 

{𝐟𝑖
struc}, as input. These are transformed into initial representations for nodes {𝐧𝑖

(0)
} and representations 

for edges as pairs of residues {𝐞𝑖𝑗
(0)

} in the Ligand-Transformer model. Within this model, the node 

dimension (𝑐n) is set to 384, while the edge dimension (𝑐e) is set to 128. 

 

Algorithm 3 Encoding input protein representations from AlphaFold2 

def ProteinEncoder ({𝐟𝑖
msa}, {𝐟𝑖𝑗

pair
}, {𝐟𝑖

struc}): 

# Input projections 

1: 𝐟𝑖
msa ← LayerNorm(Transition(𝐟𝑖

msa))  

2: 𝐟𝑖𝑗
pair

← LayerNorm(Transition(𝐟𝑖𝑗
pair

))  

3: 𝐟𝑖
struc ← LayerNorm(Transition(𝐟𝑖

struc))  

# Concatenate residue-wise features 

4: 𝐟𝑖
resi = concat(𝐟𝑖

msa, 𝐟𝑖
struc) 𝐟𝑖

resi ∈ ℝ𝑐msa+𝑐struct 

# Output projection 

5: 𝐞𝑖𝑗
(0)

← Transition(𝐟𝑖𝑗
pair

) 𝐞𝑖𝑗
(0)

∈ ℝ𝑐e 

6: 𝐧𝑖
(0)

← Transition(𝐟𝑖
resi) 𝐧𝑖

(0)
∈ ℝ𝑐n 

7: return {𝐧𝑖
(0)

}, {𝐞𝑖𝑗
(0)

}  

 

 

Ligand encoder 

The ligand encoder transforms the molecular representations output by GraphMVP17 into 

representations within the Ligand-Transformer model. The GraphMVP representation defines the 

molecular graph as a directed sparse graph, meaning that bond feature 𝐟𝑘𝑙
bond  only exists between 

bonded atoms (𝑘, 𝑙). However, in Ligand-Transformer, we represent the molecule as a complete graph, 

meaning we maintain edge features 𝐞𝑘𝑙 between each pair of atoms (𝑘, 𝑙). Thus, during the encoding 

process, we perform padding to complete the edge features. The information is then updated through 

four layers of self-attention blocks. 

 



Algorithm 4 Encoding input ligand representations from GraphMVP 

def LigandEncoder ({𝐟𝑘
atom}, {𝐟𝑘𝑙

bond}): 

# Padding to complete graph 

1: 𝐟𝑘𝑙
atom_pair

= 𝐟𝑘𝑙
bond if bond (𝑘, 𝑙) exists else 𝟎  

# Input projections 

2: 𝐟𝑘
atom ← Transition (𝐟𝑘

atom)  

3: 𝐟𝑘𝑙
atom_pair

← Transition (𝐟𝑘𝑙
atom_pair

)  

# Communication between atom representations and edge representations  

4: 𝐟𝐨𝐫 𝐚𝐥𝐥  𝑚 ∈ [1, … ,4]    # not sharing weights  

5: 
    {𝐟𝑘

atom}, {𝐟′
𝑘𝑙

bond
}+= dropout𝑑𝑟𝑜𝑝_𝑟𝑎𝑡𝑒attention

(SelfAttention ({𝐟𝑘
atom}, {𝐟𝑘𝑙

bond}, 𝑁head

= 6) 
 

6:     𝐟𝑘
atom+= dropout𝑑𝑟𝑜𝑝_𝑟𝑎𝑡𝑒transition

(Transition(LayerNorm(𝐟𝑘
atom)))  

7:     𝐟𝑘𝑙
bond+= dropout𝑑𝑟𝑜𝑝_𝑟𝑎𝑡𝑒transition

(Transition (LayerNorm(𝐟𝑘𝑙
bond)))   

# Output projections 

8: 𝐞𝑘𝑙
(0)

= Linear(LayerNorm(𝐟𝑘𝑙
bond))) 𝐞𝑘𝑙

(0)
∈ ℝ𝑐e 

9: 𝐧𝑘
(0)

= Linear(LayerNorm(𝐟𝑘
atom))) 𝐧𝑘

(0)
∈ ℝ𝑐n 

10: return {𝐧𝑘
(0)

}, {𝐞𝑘𝑙
(0)

}  

 

 

Cross-modal attention module 

After the separate encoding of the protein and ligand, all node representations, whether they are residues 

or atoms, have the same dimension 𝑐n. Similarly, all edge representations, whether they are pairs of 

residues or pairs of atoms, also share the same vector dimension 𝑐e. Despite the protein-ligand being a 

heterogeneous graph, we do not explicitly differentiate between the types of edges and nodes in the 

cross-modal attention module. The symbol {𝐧(𝑚)} represents the set of all residues and atom nodes, 

while {𝐞(𝑚)} represents the collection of all pairs of residues, atom pairs, and residue-atom pairs. 

Interaction between edge information and node information is carried out via a self-attention block, 

each followed by a transition layer for nonlinear transformation. The output of each layer is added to 

the current representations via a residual connection18 and passed through a Dropout14 layer before they 

are added together. 

 

Algorithm 5 Update node representations and edge representations 

def CrossModalAttention ({𝐧𝑖
(𝑚)

}, {𝐧𝑘
(𝑚)

}, {𝐞𝑖𝑗
(𝑚)

}, {𝐞𝑘𝑙
(𝑚)

}, {𝐞𝑖𝑘
(𝑚)

}): 

# The type of nodes and edges are not explicitly distinguished in this block 



1: {𝐧(𝑚)} ≜   {𝐧𝑖
(𝑚)

} + { 𝐧𝑘
(𝑚)

}  

2: {𝐞(𝑚)} ≜  {𝐞𝑖𝑗
(𝑚)

} + { 𝐞𝑘𝑙
(𝑚)

} + {𝐞𝑖𝑘
(𝑚)

}  

# Communication and transition 

3: {𝐧(𝑚)}, {𝐞(𝑚)}+= dropout𝑑𝑟𝑜𝑝_𝑟𝑎𝑡𝑒attention
(SelfAttention ({𝐧(𝑚)}, {𝐞(𝑚)})  

4: 𝐧(𝑚+1) = dropout𝑑𝑟𝑜𝑝_𝑟𝑎𝑡𝑒transition
(Transition (LayerNorm(𝐧(𝑚)))) + 𝐧(m)  

5: 𝐞(𝑚+1) = dropout𝑑𝑟𝑜𝑝_𝑟𝑎𝑡𝑒transition
(Transition (LayerNorm(𝐞(𝑚)))) + 𝐞(𝑚)  

6: return {𝐧𝑖
(𝑚+1)

}, {𝐧𝑘
(𝑚+1)

}, {𝐞𝑖𝑗
(𝑚+1)

}, {𝐞𝑘𝑙
(𝑚+1)

}, {𝐞𝑖𝑘
(𝑚+1)

}  

 

 

Affinity prediction head 

After passing through twelve layers of cross-modal attention modules, we obtain the final 

representations of the protein residues {𝐧𝑖} and the small molecule atoms {𝐧𝑘}. We apply average 

pooling separately to these two sets of representations, and then concatenate them to obtain a joint 

representation vector of the complex system 𝐧̂, which is used for predicting binding affinity. During the 

training phase, we employ the mean squared error (MSE) to calculate the discrepancy in affinity 

prediction. 

 

Algorithm 6 Predict binding affinity 

def AffinityHead ({𝐧𝑖}, {𝐧𝑘}, 𝑡𝑟𝑢𝑒_𝑎𝑓𝑓𝑖𝑛𝑖𝑡𝑦): 

# Input projection 

1: 𝐧𝑖 ← Linear(relu(Linear(dropout𝑑𝑟𝑜𝑝_𝑟𝑎𝑡𝑒affinity
(LayerNorm(𝐧𝑖)))))  

2: 𝐧𝑘 ← Linear(relu(Linear(dropout𝑑𝑟𝑜𝑝_𝑟𝑎𝑡𝑒affinity
(LayerNorm(𝐧𝑘)))))  

# Average pooling 

3: 𝐧̂protein = mean𝑖({𝐧𝑖})  

4: 𝐧̂ligand = mean𝑘({𝐧𝑘})  

5: 𝐧̂ = concat(𝐧̂protein, 𝐧̂ligand)  

# Output projection 

6: 𝑎𝑓𝑓𝑖𝑛𝑖𝑡𝑦 = Linear(relu(Linear(relu(Linear(𝐧̂)))))   

# Calculate loss when training 

7: ℒaffinity = (𝑎𝑓𝑓𝑖𝑛𝑖𝑡𝑦 − 𝑡𝑟𝑢𝑒_𝑎𝑓𝑓𝑖𝑛𝑖𝑡𝑦)2  

8: return 𝑎𝑓𝑓𝑖𝑛𝑖𝑡𝑦, ℒaffinity  

 

 

Distance prediction head 



The distance prediction head initially transforms the pair representations and categorizes them into a 

set of distance bins. These bins, denoted as 𝐯bins, vary across different models as detailed below. The 

specific bin definition used in each model can be found in Tables S2-S3. The model then calculates the 

probabilities using a softmax function. For prediction targets, we utilize one-hot encoded binned values 

from the ground-truth distances, and the loss is computed as the cross-entropy loss averaged over all 

these distances. The model determines three types of distances. The first is the distance between residues 

𝑖 and 𝑗, 𝑑̂𝑖𝑗, which is defined as the distance between their Cβ atoms, unless the residue is glycine, in 

which case the C atom distance is used. The second type of distance, 𝑑̂𝑘𝑙 , measures the distance 

between atoms 𝑘 and 𝑙 of the ligand. Lastly, the distance between residue 𝑖 of the protein and an atom 

𝑘 of the ligand, 𝑑̂𝑖𝑘, is calculated based on the distance from the Cβ atoms (or the C atom for glycine) 

to the atom of the ligand. Each of these distances is calculated independently using their respective edge 

representations, with the parameters not sharing across different edge types. 

 

Algorithm 7 Predict distance 

def DistanceHead ({𝐞𝑖𝑗}, {𝐞𝑘𝑙}, {𝐞𝑖𝑘}, {𝑑𝑖𝑗
true}, {𝑑𝑘𝑙

true}, {𝑑𝑖𝑘
true} ): 

# Linear projection 

1: 𝐩𝑖𝑗 = Linear(𝐞𝑖𝑗)  

2: 𝐩𝑘𝑙 = Linear(𝐞𝑘𝑙)  

3: 𝐩𝑖𝑘 = Linear(𝐞𝑖𝑘) 𝐩𝑖𝑗 , 𝐩𝑘𝑙 , 𝐩𝑖𝑘 ∈ ℝ|𝐯bins| 

# Symmetrize the logit values 

4: 𝐩𝑖𝑗 ← softmax(𝐩𝑖𝑗 + 𝐩𝑗𝑖)  

5: 𝐩𝑘𝑙 ← softmax(𝐩𝑘𝑙 + 𝐩𝑙𝑘)  

6: 𝐩𝑖𝑘 ← softmax(𝐩𝑖𝑘 + 𝐩𝑘𝑖)  

# Predicted distance is the expected value of the distribution 

7: 𝑑̂𝑖𝑗 = 𝐩𝑖𝑗
 ⊤𝐯bins   

8: 𝑑̂𝑘𝑙 = 𝐩𝑘𝑙
 ⊤𝐯bins  

9: 𝑑̂𝑖𝑘 = 𝐩𝑖𝑘
 ⊤𝐯bins  

# Calculate loss when training 

10: 

ℒdistance = mean(𝑖,𝑗)(one_hot(𝑑𝑖𝑗
true, 𝐯bins)

⊤
log 𝐩𝑖𝑗)

+ mean(𝑘,𝑙)(one_hot(𝑑𝑘𝑙
true, 𝐯bins)⊤ log 𝐩𝑘𝑙)

+ mean(𝑖,𝑘)(one_hot(𝑑𝑖𝑘
true, 𝐯bins)⊤ log 𝐩𝑖𝑘) 

 

# Calculate absolute error when training  

11: 𝑒𝑟𝑟𝑖𝑗 = |𝑑̂𝑖𝑗 − 𝑑𝑖𝑗
true|  

12: 𝑒𝑟𝑟𝑘𝑙 = |𝑑̂𝑘𝑙 − 𝑑𝑘𝑙
true|  

13: 𝑒𝑟𝑟𝑖𝑘 = |𝑑̂𝑖𝑘 − 𝑑𝑖𝑘
true|  



14: return 𝑑̂𝑖𝑗 , 𝑑̂𝑘𝑙 , 𝑑̂𝑖𝑘 , ℒdistance, 𝑒𝑟𝑟𝑖𝑗 , 𝑒𝑟𝑟𝑘𝑙 , 𝑒𝑟𝑟𝑖𝑘  

 

 

Distance error prediction 

We estimate the confidence of our distance predictions by predicting the absolute error. Following a 

similar approach to the distance prediction head, we transform the pair representation into 100 bins via 

a linear transformation. These bins range uniformly from 0.5 to 15.5 Å, and the model assigns a 

probability for the prediction error to fall within each bin. During model training, we first obtain the 

prediction error from the distance prediction head. This error is then converted into a label via one-hot 

encoding, and the loss is computed using cross-entropy. 

 

Algorithm 8 Distance error prediction 

def DistanceErrorHead ({𝐞𝑖𝑗}, {𝐞𝑘𝑙}, {𝐞𝑖𝑘}, 𝑒𝑟𝑟𝑖𝑗 , 𝑒𝑟𝑟𝑘𝑙 , 𝑒𝑟𝑟𝑖𝑘  ): 

# Linear projection 

1: 𝐩𝑖𝑗 = Linear(𝐞𝑖𝑗)  

2: 𝐩𝑘𝑙 = Linear(𝐞𝑘𝑙)  

3: 𝐩𝑖𝑘 = Linear(𝐞𝑖𝑘) 𝐩𝑖𝑗 , 𝐩𝑘𝑙 , 𝐩𝑖𝑘 ∈ ℝ|𝐯error_bins| 

# Symmetrize the logit values 

4: 𝐩𝑖𝑗 ← softmax(𝐩𝑖𝑗 + 𝐩𝑗𝑖)  

5: 𝐩𝑘𝑙 ← softmax(𝐩𝑘𝑙 + 𝐩𝑙𝑘)  

6: 𝐩𝑖𝑘 ← softmax(𝐩𝑖𝑘 + 𝐩𝑘𝑖)  

# Predicted distance error is the expected value of the distribution 

7: 𝑒𝑟𝑟̂𝑖𝑗 = 𝐩𝑖𝑗
 ⊤𝐯error_bins   

8: 𝑒𝑟𝑟̂𝑘𝑙 = 𝐩𝑘𝑙
 ⊤𝐯error_bins  

9: 𝑒𝑟𝑟̂𝑖𝑘 = 𝐩𝑖𝑘
 ⊤𝐯error_bins  

# Calculate loss when training 

10: 

ℒdistance_error = mean(𝑖,𝑗)(one_hot(𝑒𝑟𝑟𝑖𝑗
 , 𝐯error_bins)

⊤
log 𝐩𝑖𝑗)

+ mean(𝑘,𝑙)(one_hot(𝑒𝑟𝑟𝑘𝑙
 , 𝐯error_bins)

⊤
log 𝐩𝑘𝑙)

+ mean(𝑖,𝑘)(one_hot(𝑒𝑟𝑟𝑖𝑘
 , 𝐯error_bins)

⊤
log 𝐩𝑖𝑘) 

 

14: return 𝑒𝑟𝑟̂𝑖𝑗 , 𝑒𝑟𝑟̂𝑘𝑙 , 𝑒𝑟𝑟̂𝑖𝑘 , ℒdistance_error  

 

 

Ligand-Transformer 

Here we introduce the complete architecture of Ligand-Transformer. We initially encode the inputs 

from both the protein and small molecules separately, leading to a unified complete graph representation 

of them, namely {𝐧𝑖
(0)

} , {𝐧𝑘
(0)

} ,  {𝐞𝑖𝑗
(0)

} , and {𝐞𝑘𝑙
(0)

} . For all protein-small molecule contact edges, 



represented as {𝐞𝑖𝑘
(0)

}, we set them as zero vectors. These vectors are padded to form a protein-small 

molecule complete graph. Following this, we utilize twelve layers of non-parameter-shared cross-modal 

attention modules to facilitate information exchange and updates between nodes and edges. The 

resulting outputs are highly processed representations of the complex system. The node representations 

are used as input for the affinity prediction head for activity prediction, while edge representations feed 

into the distance prediction modules. 

 

Algorithm 9 Ligand-Transformer main architecture 

def Ligand-Transformer ({𝐟𝑖
msa}, {𝐟𝑖𝑗

pair
}, {𝐟𝑖

struc}, {𝐟𝑘
atom}, {𝐟𝑘𝑙

bond}): 

# Input encoding 

1: {𝐧𝑖
(0)

}, {𝐞𝑖𝑗
(0)

} = ProteinEncoder ({𝐟𝑖
msa}, {𝐟𝑖𝑗

pair
}, {𝐟𝑖

struc})  

2: {𝐧𝑘
(0)

}, {𝐞𝑘𝑙
(0)

} = LigandEncoder ({𝐟𝑘
atom}, {𝐟𝑘𝑙

bond})  

3: {𝐞𝒊𝒌
(0)

} = 𝟎 𝐞𝑖𝑘
(0)

∈ ℝ𝑐e 

# Update representations  

4: for all  𝑚 ∈ [1, … ,12]    # not sharing weights  

5: 

   {𝐧𝑖
(𝑚)

}, {𝐧𝑘
(𝑚)

}, {𝐞𝑖𝑗
(𝑚)

}, {𝐞𝑘𝑙
(𝑚)

}, {𝐞𝑖𝑘
(𝑚)

} ← 

CrossModalAttention ({𝐧𝑖
(𝑚−1)

}, {𝐧𝑘
(𝑚−1)

}, {𝐞𝑖𝑗
(𝑚−1)

}, {𝐞𝑘𝑙
(𝑚−1)

}, {𝐞𝑖𝑘
(𝑚−1)

}) 

 

# Predict affinity and distance  

6: 𝑎𝑓𝑓𝑖𝑛𝑖𝑡𝑦, ℒaffinity = AffinityHead ({𝐧𝑖
(12)

}, {𝐧𝑘
(12)

}, 𝑡𝑟𝑢𝑒_𝑎𝑓𝑓𝑖𝑛𝑖𝑡𝑦)  

7: 
𝑑̂𝑖𝑗 , 𝑑̂𝑘𝑙 , 𝑑̂𝑖𝑘 , ℒdistance, 𝑒𝑟𝑟𝑖𝑗 , 𝑒𝑟𝑟𝑘𝑙 , 𝑒𝑟𝑟𝑖𝑘

= DistanceHead ({𝐞𝑖𝑗
(12)

}, {𝐞𝑘𝑙
(12)

}, {𝐞𝑖𝑘
(12)

}, {𝑑𝑖𝑗
true}, {𝑑𝑘𝑙

true}, {𝑑𝑖𝑘
true} ) 

 

# Predict distance prediction errors  

8: 
𝑒𝑟𝑟̂𝑖𝑗 , 𝑒𝑟𝑟̂𝑘𝑙 , 𝑒𝑟𝑟̂𝑖𝑘 , ℒdistance_error

= DistanceErrorHead ({𝐞𝑖𝑗}, {𝐞𝑘𝑙}, {𝐞𝑖𝑘}, 𝑒𝑟𝑟𝑖𝑗 , 𝑒𝑟𝑟𝑘𝑙 , 𝑒𝑟𝑟𝑖𝑘  ) 
 

# Summing losses when training  

9: ℒ = ℒaffinity ∗ 𝑤affinity + ℒdistance ∗ 𝑤distance +  ℒdistance_error ∗ 𝑤distance_error  

10: return 𝑎𝑓𝑓𝑖𝑛𝑖𝑡𝑦, 𝑑̂𝑖𝑗 , 𝑑̂𝑘𝑙 , 𝑑̂𝑖𝑘 , ℒ, 𝑒𝑟𝑟̂𝑖𝑗 , 𝑒𝑟𝑟̂𝑘𝑙 , 𝑒𝑟𝑟̂𝑖𝑘  

 

 

Training 

 

Training details 

The models used in different tasks have the same framework, but slightly different training 

hyperparameters. Model A, which has undergone hyperparameter optimization and exhibits the best 



performance in activity prediction and distance prediction, is used for comparison with other baseline 

models and also for calculating the conformational selectivity of ABL inhibitors. The screening of 

EGFRLTC inhibitors is done using Model B, and the fine-tuning on the EGFRLTC-290 dataset is also 

based on this model. All models are trained using the Adam optimizer19. All training runs were 

performed on 4 NVIDIA A100-SXM-80GB GPUs with 2 AMD EPYC 7763 64-Core Processor 1.8 

GHz and 1000 GiB RAM. 

 

Training of the hyperparameters 

Model A. The training of Model A is carried out in three steps. First, we conducted warm-up training 

with 4,480 complexes (PDBbind_4k) that only included single chains with lengths less than 384. During 

this training, we incorporated a warm-up strategy where the learning rate linearly increases, followed 

by a linear decrease in both the learning rate and 𝑤𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒. This training yielded Model A.0. Next, we 

proceeded to train with the complete training set (PDBbind_10k) of 10,375 data points. This step 

produced Model A.1, where both the learning rate and 𝑤𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 also decreased linearly throughout the 

training process. Finally, after adding the Distance error prediction module, we fine-tuned the model to 

produce the final version of Model A. In Model A, 𝑣𝑏𝑖𝑛𝑠 in the distance prediction head employs a set 

of 100 distance bins that stretch from 1 to 20 Å, with each bin sharing the same width. In Table S2 we 

summarize the training hyperparameters of Model A. 

 

Table S2. Training details of Model A. 

Model ID A.0 A.1 A 

Parameters initialized from Random A.0 A.1 

Training dataset PDBbind_4k PDBbind_10k PDBbind_10k 

Learning rate 5.4e-4 to 3e-4 3e-4 to 1e-4 1e-4 

Warm-up epochs 5 0 0 

𝑤𝑎𝑓𝑓𝑖𝑛𝑖𝑡𝑦 0.5 0.5 0.5 

𝑤𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 50 to 2.5 2.5 to 1.0 1.0 

𝑤𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑒𝑟𝑟𝑜𝑟
 0.0 0.0 0.5 

𝑑𝑟𝑜𝑝𝑟𝑎𝑡𝑒𝑎𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛
 0.45 0.45 0.45 

𝑑𝑟𝑜𝑝𝑟𝑎𝑡𝑒𝑡𝑟𝑎𝑛𝑠𝑖𝑡𝑖𝑜𝑛
 0.15 0.15 0.15 

𝑑𝑟𝑜𝑝𝑟𝑎𝑡𝑒𝑎𝑓𝑓𝑖𝑛𝑖𝑡𝑦  0.06 0.06 0.06 

Batch_size 8 8 8 

Number of epochs 260 60 10 

 

Model B. In training Model B, we first trained on PDBbind_10k to obtain Model B.0. Since Model B 

was not employed for evaluating performance on PDBbind, we maximized the utilization of available 

datasets by training all data points in PDBbind2020-subset, adding the distance error prediction head 

on the basis of Model B.0 to derive Model B. We performed a 10-fold cross-validation on the EGFRLTC-

290 dataset, equally dividing it into 10 parts, and fine-tuned Model B to obtain Model FT1 to FT10. In 

Model B and Model FT1 to FT10, 𝑣𝑏𝑖𝑛𝑠 in the distance prediction head uses a set of 64 distance bins 

stretching from 2.3125 Å to 21.6875 Å, with each bin sharing the same width. This distance definition 

is identical to that used in AlphaFold21. In Table S3 we summarize the training hyperparameters of 

Model B and fine-tuned models on EGFRLTC-290. 

 

Table S3. Model B and fine-tuned models on EGFRLTC-290. 

Model ID B.0 B FT1 to FT10 

Parameters initialized from Random B.0 B 

Training dataset PDBbind_10k PDBbind2020-subset 
EGFRLTC-290 (ten-fold 

cross-validation) 

Learning rate 5e-5 4e-5 2e-7 



Warm-up epochs 0 0 0 

𝑤𝑎𝑓𝑓𝑖𝑛𝑖𝑡𝑦 0.5 0.5 0.5 

𝑤𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 50 50 0.0 

𝑤𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑒𝑟𝑟𝑜𝑟
 0.0 0.5 0.0 

𝑑𝑟𝑜𝑝𝑟𝑎𝑡𝑒𝑎𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛
 0.3 0.3 0.65 

𝑑𝑟𝑜𝑝𝑟𝑎𝑡𝑒𝑡𝑟𝑎𝑛𝑠𝑖𝑡𝑖𝑜𝑛
 0.0 0.0 0.5 

𝑑𝑟𝑜𝑝𝑟𝑎𝑡𝑒𝑎𝑓𝑓𝑖𝑛𝑖𝑡𝑦  0.0 0.0 0.0 

Batch_size 8 8 4 

Number of epochs 36 16 100 

 

 

Ablation test 

Without AlphaFold2 embedding: For model without the protein representations generated by 

AlphaFold2, we replace {𝑓𝑖
𝑚𝑠𝑎} with {𝑓

𝑖

𝑎𝑎𝑡𝑦𝑝𝑒
}, where 𝑓

𝑖

𝑎𝑎𝑡𝑦𝑝𝑒
 is one-hot coded vector of the amino 

acid type of residue 𝑖; we replace {𝑓𝑖𝑗
𝑝𝑎𝑖𝑟

} with {𝑓
𝑖𝑗

𝑝𝑎𝑖𝑟𝑝𝑜𝑠
}, where 𝑓

𝑖𝑗

𝑝𝑎𝑖𝑟𝑝𝑜𝑠
 is the one-hot binned position 

number of residue 𝑖 minus the position number of residue 𝑗 in the protein sequence, with the minimum 

cut-off of -63 and maximum cut-off of 63. {𝑓𝑖
𝑠𝑡𝑟𝑢𝑐}  are not used in the model trained without 

AlphaFold2 embedding. 

 

Without GraphMVP embedding: For model without the protein representations generated by 

AlphaFold2, we replace {𝑓𝑘
𝑎𝑡𝑜𝑚} with {𝑓𝑘

𝑎𝑡𝑜𝑚𝑡𝑦𝑝𝑒}, where 𝑓𝑘

𝑎𝑡𝑜𝑚𝑡𝑦𝑝𝑒
 is one-hot coded vector of the 

element of atom 𝑘; we replace {𝑓𝑘𝑙
𝑏𝑜𝑛𝑑} with {𝑓𝑘𝑙

𝑏𝑜𝑛𝑑𝑡𝑦𝑝𝑒}, where 𝑓𝑘𝑙

𝑏𝑜𝑛𝑑𝑡𝑦𝑝𝑒
 is the one-hot coded vector 

representing the bond type between atom 𝑘 and 𝑙. The training hyperparameters for ablation test are the 

same as Model A. 

 

 

Dataset preparation  

 

Protein sequence truncation 

If the length of the sequence is less than or equal to 384, we retained the entire sequence. When 

truncation is necessary, we first calculated the minimum distance of each protein chain to the ligand, 

which is defined as the smallest distance among all the atoms in each chain and all the atoms in the 

ligand. We discarded all amino acids in the chains that are more than 8 Å away from the ligand. If the 

sequence length still exceeds 384, then we used Pfam20 to identify the domains of the protein based on 

the sequence. Subsequently, we computed the minimal distance of all the domains to the ligand. This 

distance was defined as the smallest distance between all the atoms in the domain and all the atoms in 

the ligand. We progressively deleted domains that are more than 8 Å distant from the ligand until the 

sequence length is reduced to 384 or less. 

 

Dataset split  

We randomly partitioned the PDBbind2020-subset into training, validation, and testing sets, which 

included 10,375, 640, and 936 data points respectively. The distributions of the training, validation, and 

test sets are alike, indicating that there is no bias in the dataset division (Figure S14). 



 
Figure S13. Distribution of atom numbers of ligands and binding constants. (a) Training set, (b) 

Validation set, and (c) Test set. Source data are provided as a Source Data file. 

 

  



Supplementary Figures 

 
 

Figure S14. Predicted binding characteristics of EGFRLTC inhibitors. (a) Predicted distances between residues 

E762 and G857 for the 11 candidate inhibitors identified by Ligand-Transformer. Experimentally validated active 

compounds are shown in blue, and inactive compounds are shown in orange. (b) Probability distributions of 

predicted distances between residues E762 and G857 for each compound and apo state protein. (c) Predicted 

residue-wise binding profiles to the αC-helix region for each compound. (d) Predicted distances from each 

compound to the αC-helix region. Source data are provided as a Source Data file. 

  



 

 

Figure S15. Analysis of distances between the Cβ atom of residue V275 and the Cβ atom of residue F401 of 

ABL kinase. (a) Structural overlay highlighting the distance between residues V275 and F401 in the 

conformations of states A (PDB 6XR6, blue), I1 (PDB 6XR7, orange), and I2 (PDB 6XRG, green) of ABL. 

Residues are represented by spheres at the Cβ atoms, and the proteins are depicted as ribbons. (b) Depiction of 

the spatial positioning of residues V275 and F401 within the state A of ABL (PDB 6XR6). The sequence 

annotation is based on UniProt entry P00519, with the ATP binding site, αC-helix, active site, and activation loop 



colored in teal, violet, red, and magenta, respectively. The protein backbone is rendered as a cartoon, the active 

site residues as sticks, and the Cβ atoms of residue V275 and F401 as spheres. (c) Distance distributions between 

residue V275 and F401 for ABL in complex with 12 different inhibitors. Kernel density estimations (KDE) plots 

for the distances from 20 measured structures are shown for state A (blue), state I1 (orange), and state I2 (green). 

Predicted distance probability distribution of the apo state, derived from AlphaFold2 (AF2), is depicted as grey 

bars with a bin width of 0.3 Å. The Ligand-Transformer predicted distance probabilities for the 12 inhibitors are 

displayed as colored bars with a bin width of 0.19 Å. The mean values of the predicted distances are plotted as 

solid lines, with dashed lines representing the standard deviation. The symbol in the upper right corner denotes 

which conformational state of ABL the inhibitor selectively binds to as determined by NMR analysis21. Source 

data are provided as a Source Data file. 

  



 

 

Figure S16. Analysis of distances between the Cβ atom of residue H380 and the Cα atom of residue G402 

of ABL. (a)  Structural overlay highlighting the distance between residues H380 and G402 in the conformations 

of ABL kinase states A (PDB 6XR6, blue), I1 (PDB 6XR7, orange), and I2 (PDB 6XRG, green). Residues are 

represented by spheres at the Cβ atoms of residue H380, Cα atoms of residue G402, and the proteins are depicted 

as ribbons. (b) Depiction of the spatial positioning of residues H380 and G402 within state A of ABL (PDB 6XR6). 

The sequence annotation is based on UniProt entry P00519, with the ATP binding site, αC-helix, active site, and 



activation loop colored in teal, violet, red, and magenta, respectively. The protein backbone is rendered as a 

cartoon, the active site residues as sticks, and the Cβ atom of residue V308 and the Cα atom of residue G402 as 

spheres. (c) Distance distributions between residue H380 and G402 for ABL in complex with 12 different 

inhibitors. Kernel density estimations (KDE) plots for the distances from 20 measured structures are shown for 

state A (PDB 6XR6, blue), state I1 (orange), and state I2 (green). Predicted distance probability distribution of the 

apo state, derived from AlphaFold2 (AF2), is depicted as grey bars with a bin width of 0.3 Å. The Ligand-

Transformer predicted distance probabilities for the 12 inhibitors are displayed as colored bars with a bin width 

of 0.19 Å. The mean values of predicted distances are plotted as solid lines, with dashed lines representing the 

standard deviation. The symbol in the upper right corner denotes which conformational state of ABL the inhibitor 

selectively binds to as determined by NMR analysis21. Source data are provided as a Source Data file. 

  



 

 

Figure S17. Analysis of distances between the Cβ atom of residue L403 and the Cβ atom of residue L406 of 

ABL. (a) Structural overlay highlighting the distance between residues L403 and L406 in the conformations of 

the states A (PDB 6XR6, blue), I1 (PDB 6XR7, orange), and I2 (PDB 6XRG, green) of ABL. Residues are 

represented by spheres at the Cβ atoms, and the proteins are depicted as ribbons. (b) Depiction of the spatial 

positioning of residues L403 and L406 within state A of ABL (PDB 6XR6). The sequence annotation is based on 

UniProt entry P00519, with the ATP binding site, αC-helix, active site, and activation loop colored in teal, violet, 



red, and magenta, respectively. The protein backbone is rendered as a cartoon, the active site residues as sticks, 

and the Cβ atoms of residue L403 and L406 as spheres. (c) Distance distributions between residue L403 and L406 

for ABL in complex with 12 different inhibitors. Kernel density estimations (KDE) plots for the distances from 

20 measured structures are shown for state A (PDB 6XR6, blue), state I1 (orange), and state I2 (green). Predicted 

distance probability distribution of the apo state, derived from AlphaFold2 (AF2), is depicted as grey bars with a 

bin width of 0.3 Å. The Ligand-Transformer predicted distance probabilities for the 12 inhibitors are displayed as 

colored bars with a bin width of 0.19 Å. The mean values of predicted distances are plotted as solid lines, with 

dashed lines representing the standard deviation. The symbol in the upper right corner denotes which 

conformational state of ABL the inhibitor selectively binds to as determined by NMR analysis21. Source data are 

provided as a Source Data file. 

 

  



 
 

Figure S18. Predicted complex structure of EGFRLTC bound with C1. (a) Predicted structure generated using 

Proteinix22. The protein is shown as ribbons, while the ligand is represented as sticks and spheres. Atoms are 

colored as follows: white for carbon, blue for nitrogen, red for oxygen, and green for chlorine. The ATP-binding 

site, αC-helix, active site, and activation loop of EGFRLTC are highlighted in teal, violet, red, and magenta, 

respectively. (b) Protein-ligand interaction visualization using BIOVIA Discovery Studio, based on the modeled 

complex structure.  



 
 

Figure S19. Predicted complex structure of EGFRLTC bound with C4. (a) Predicted structure generated using 

Proteinix22. The protein is shown as ribbons, while the ligand is represented as sticks and spheres. Atoms are 

colored as follows: white for carbon, blue for nitrogen, red for oxygen, and green for chlorine. The ATP-binding 

site, αC-helix, active site, and activation loop of EGFRLTC are highlighted in teal, violet, red, and magenta, 

respectively. (b) Protein-ligand interaction visualization using BIOVIA Discovery Studio, based on the modeled 

complex structure. 

  



 
 

Figure S20. Predicted complex structure of EGFRLTC bound with C5. (a) Predicted structure generated using 

Proteinix22. The protein is shown as ribbons, while the ligand is represented as sticks and spheres. Atoms are 

colored as follows: white for carbon, blue for nitrogen, red for oxygen, and cyan for fluorine. The ATP-binding 

site, αC-helix, active site, and activation loop of EGFRLTC are highlighted in teal, violet, red, and magenta, 

respectively. (b) Protein-ligand interaction visualization using BIOVIA Discovery Studio, based on the modeled 

complex structure. 

 

  



 
 

Figure S21. Predicted complex structure of EGFRLTC bound with C7. (a) Predicted structure generated using 

Proteinix22. The protein is shown as ribbons, while the ligand is represented as sticks and spheres. Atoms are 

colored as follows: white for carbon, blue for nitrogen, red for oxygen, yellow for sulfur, and cyan for fluorine. 

The ATP-binding site, αC-helix, active site, and activation loop of EGFRLTC are highlighted in teal, violet, red, 

and magenta, respectively. (b) Protein-ligand interaction visualization using BIOVIA Discovery Studio, based on 

the modeled complex structure. 

 

  



 
 

Figure S22. Predicted complex structure of EGFRLTC bound with C10. (a) Predicted structure generated using 

Proteinix22. The protein is shown as ribbons, while the ligand is represented as sticks and spheres. Atoms are 

colored as follows: white for carbon, blue for nitrogen, red for oxygen, yellow for sulfur, and green for chlorine. 

The ATP-binding site, αC-helix, active site, and activation loop of EGFRLTC are highlighted in teal, violet, red, 

and magenta, respectively. (b) Protein-ligand interaction visualization using BIOVIA Discovery Studio, based on 

the modeled complex structure. 

 

  



 
 

Figure S23. Predicted complex structure of EGFRLTC bound with C11. (a) Predicted structure generated using 

Proteinix22. The protein is shown as ribbons, while the ligand is represented as sticks and spheres. Atoms are 

colored as follows: white for carbon, blue for nitrogen, red for oxygen, and cyan for fluorine. The ATP-binding 

site, αC-helix, active site, and activation loop of EGFRLTC are highlighted in teal, violet, red, and magenta, 

respectively. (b) Protein-ligand interaction visualization using BIOVIA Discovery Studio, based on the modeled 

complex structure. 

  



 
 

Figure S24. Superimposed predicted complex structures of EGFRLTC bound with C1 and C5. Structures 

predicted by Protenix22. The complex with C1 is colored in green, and the complex with C5 is colored in purple. 

Proteins are depicted as ribbons, and ligands are depicted as sticks and spheres. 

  



Supplementary Tables 
 

 

Table S4. In vitro EGFRLTC inhibition assays for the 12 top-ranking ligands predicted by 

Ligand-Transformer, with afatinib as positive control. 

Compound 

name 

SMILES IC50 

(nM) 

Hill 

slope 
Top Bottom 

Afatinib 
CN(C)C/C=C/C(=O)NC1=C(C=C2C(=C1)C(=NC=N2)NC3=CC(=C

(C=C3)F)Cl)O[C@H]4CCOC4 
22.39 0.87 100.7 -19.9 

C0 

(Brigatinib) 

CN1CCN(CC1)C2CCN(CC2)C3=CC(=C(C=C3)NC4=NC=C(C(=N

4)NC5=CC=CC=C5P(=O)(C)C)Cl)OC 1 to 38    

C1 

CC(=O)c1cnc2ccc(-

c3cc(Cl)c(O)c(Cl)c3)nc2c1N[C@H]1CC[C@H](CN(C)C)CC1 5.5 0.80 100.9 0.5 

C2 

CN(C)CC#Cc1ccc(OCCCc2sc(N3CCc4cccc(C(=O)Nc5nc6ccccc6s5

)c4C3)nc2C(=O)O)c(F)c1 >10000       

C3 

CC1(C)CCC(CN2CCN(c3ccc(C(=O)NS(=O)(=O)c4ccc(NCC5CCO

CC5)c([N+](=O)[O-])c4)c(Oc4cnc5[nH]ccc5c4)c3)CC2)=C(c2ccc(C

l)cc2)C1 >10000       

C4 

Cc1cc(Nc2ncc(Cl)c(Nc3ccccc3S(=O)(=O)C(C)C)n2)c(OC(C)C)cc1

C1CCNCC1 73 0.86 99.1 -7.6 

C5 

COc1cc2nccc(Oc3ccc(NC(=O)c4cn(C(C)C)c(=O)n(-

c5ccc(F)cc5)c4=O)cc3F)c2cc1OC 2744 0.74 

Set to 

100 -8.9 

C6 

CC(C)N(C[C@H]1O[C@@H](n2cnc3c(N)ncnc32)[C@H](O)[C@

@H]1O)[C@H]1C[C@@H](CCc2nc3ccc(C(C)(C)C)cc3[nH]2)C1 >10000       

C7 

CCc1cc(Nc2nccc(-c3c(-

c4ccc(OC)c(C(=O)Nc5c(F)cccc5F)c4)nc4ccccn34)n2)c(OC)cc1N1C

CC(N2CCN(S(C)(=O)=O)CC2)CC1 3577 0.66 

Set to 

100 -19.2 

C8 

N[C@@H]1c2cccnc2[C@H](OC(=O)N2CCC(n3c(=O)[nH]c4ncccc

43)CC2)CC[C@H]1c1cccc(F)c1F >10000       

C9 

CC(=O)O[C@]1(C(C)=O)CC[C@H]2[C@@H]3CCC4=CC(=O)CC

C4=C3[C@@H](c3ccc(N(C)C)cc3)C[C@@]21C >10000       

C10 

COc1cc(N2CCC(N(C)C)CC2)ccc1Nc1ncc(Cl)c(Nc2ccccc2P(C)(C)=

O)n1 1.2 0.89 100.00 -24.8 

C11 

N#Cc1ccnc(Nc2cc(C3CC[NH+](C4COC4)CC3)cc(N3CCC(F)(F)C3

)n2)c1 106 1.2 97.5 -0.7 

* The value of IC50, Hill slope, Top, Bottom is fitted results to the equation: Y =  Bottom +
(Top − Bottom)

1 + 10(LogIC50 − X)× Hill slope. where X denotes the log of the inhibitor concentration and Y represents the percentage 

inhibition. Details are described in Methods section. 

** Brigatinib was chosen from our library based on the selection criteria detailed in the Methods section. It is 

already established as an inhibitor of EGFRLTC; therefore, we did not conduct redundant assay measurements for 

it. The IC50
 of brigatinib is taken from BindingDB (https://www.bindingdb.org/). 

  



Table S5. Predicted populations of three conformational states of ABL in complex with selected 

ligands. 

Compound 

name 

Measured 

state a 

Predicted 

state b 
𝒘𝐀 c 𝒘𝐈𝟏 c 𝒘𝐈𝟐 c MSE (Å) d 

Dasatinib A A 0.569 0.359 0.072 0.313  

Imatinib I2 I2 0.254 0.259 0.487 0.406  

Bosutinib A A 0.478 0.434 0.088 0.329  

Axitinib A I1 0.394 0.41 0.196 0.340  

Nilotinib I2 I2 0.263 0.24 0.497 0.387  

Ponatinib I2 I2 0.273 0.24 0.486 0.394  

VX680 A A 0.655 0.284 0.061 0.317  

Irfin1 A A 0.607 0.316 0.076 0.317  

PD173955 I1 I1 0.44 0.468 0.091 0.320  

PD166326 I1 I1 0.404 0.496 0.101 0.323  

Rebastinib I2 I2 0.227 0.264 0.509 0.392  

FR180204 A A 0.552 0.372 0.076 0.314  

apo e A A 0.518 0.303 0.179 0.299 

a Conformational state of ABL [A, I1, I2] the inhibitor selectively binds to as determined by NMR analysis21. 

b Predominant conformational state of ABL inferred to the predicted population. 

c Predicted population of specific conformational state of ABL according to the reweighting process detailed in 

the Methods section. 

d Mean squared error (MSE) between the protein distance matrix {𝑑̂𝑖𝑗} predicted by Ligand-Transformer and the 

distance matrix {𝑑̅𝑖𝑗(𝐰)} of the reweighted conformational ensemble. Details are described in the Methods 

section. 

e Apo state of ABL, using distance matrix predicted by AlphaFold2. 

  



Table S6. Input protein sequences for Ligand-Transformer 

Protein Sequence 

EGFRLTC 

GSGEAPNQALLRILKETEFKKIKVLGSGAFGTVYKGLWIPEGEKVKIPVAIKELREATSPKANKEILD

EAYVMASVDNPHVCRLLGICLTSTVQLIMQLMPFGSLLDYVREHKDNIGSQYLLNWCVQIAKGMN

YLEDRRLVHRDLAARNVLVKTPQHVKITDFGRAKLLGAEEKEYHAEGGKVPIKWMALESILHRIY

THQSDVWSYGVTVWELMTFGSKPYDGIPASEISSILEKGERLPQPPICTIDVYMIMVKCWMIDADSR

PKFRELIIEFSKMARDPQRYLVIQGDERMHLPSPTDSNFYRALMDEEDMDDVVDADEYLIPQQG 

ABL 

SPNYDKWEMERTDITMKHKLGGGQYGEVYEGVWKKYSLTVAVKTLKEDTMEVEEFLKEAAVM

KEIKHPNLVQLLGVCTREPPFYIITEFMTYGNLLDYLRECNRQEVNAVVLLYMATQISSAMEYLEK

KNFIHRDLAARNCLVGENHLVKVADFGLSRLMTGDTYTAHAGAKFPIKWTAPESLAYNKFSIKSD

VWAFGVLLWEIATYGMSPYPGIDLSQVYELLEKDYRMERPEGCPEKVYELMRACWQWNPSDRPS

FAEIHQAFETMFQESSISDEVEKELGKQGV 
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