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A Benchmark dataset construction
A.1 Protein-peptide binding affinity

The two protein-peptide binding affinity datasets were collected from [1]]. Entries with modified peptides were removed
from the standard dataset and entries with standard peptides were removed from the modified dataset. In total, 805
peptides were removed from the standard dataset and 5, from the modified.

Figure [ST]displays the distribution of physicochemical characteristics of the benchmark datasets.

Dataset characterization
Protein-peptide binding affinity

A. Label distribution B. Label distribution
Standard dataset Modified dataset
120
100 40
80 30
= o
5 5
is 60 o
© © 20
40
10
20 I I
0 B 0
2 4 6 8 10 12 4 6 8 10 12 14
Logarithm of Binding affinity Logarithm of Binding affinity
A. Molecular Weight B. Molecular Weight
Standard dataset Modified dataset
140
120
100
E]
5 80
2
o
60
40
. i I
. [] | - ml— =
0 1000 2000 3000 4000 5000 6000 0 500 1000 1500 2000 2500 3000 3500
Molecular Weight Molecular Weight
A. Cycles B. Cycles
Standard dataset Modified dataset
80
200 70
60
150
o = 50
E E
© 100 ©
30
50 20
10
0 0
0 2 4 6 8 10 12 0 2 4 6 8
Number of rings Number of rings
A. Solubility B. Solubility
Standard dataset Modified dataset
160
140 50
120
40
100
2 2
] I}
2 80 330
o o
60 20
40

10
20 I
0

-35 -30 -25 -20 -15 -10 -5 0 5
logp logp

Figure S1: Protein-peptide binding affinity benchmark datasets.
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A.2 Cell penetration

The two cell penetration datasets were collected from [[1]. The standard dataset only contained standard peptides, so no
further removal was necessary.

The standard dataset was a classification task and the modified, a regression task. Further, the label distribution for this
dataset shows a high peak at exactly -10 (see Figure[S2), which corresponds to the detection limit of the assays used to
build this dataset [2].

For these two reasons, we decided to redefine modified dataset as a classification task where the negative class was
defined as all peptides with -10 PAMPA permeability and the positives as those between -6.5 and -4.5. This range for
the positives was selected to provide peptides closer to the mean of the distribution. We undersampled the positive class,
to obtain a balanced dataset. In the end the dataset was comprised of 480 peptides.
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Figure S2: Label distribution for original modified cell penetration dataset

Figure[S3]displays the distribution of physicochemical characteristics of the final benchmark datasets.

iii



Dataset characterization
Cell membrane penetration affinity
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Figure S3: Cell penetration benchmark datasets.

A.3 Antibacterial

The standard antibacterial dataset was collected from [3]. Duplicated peptides and peptides with more than 50 residues
where removed, which affected 3,370 entries.

The modified antibacetrial dataset was collected from [4]]. The negative class was defined with the same strategy as [3]],
as other modified peptides with different bioactivities (i.e., antiviral, antifungal, antiparasitic).

Figure[S4] describes the physicochemical characteristics of the final benchmark datasets.
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Figure S4: Antibacterial benchmark datasets.
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Figure S5: Antiviral benchmark datasets.

A.4 Antiviral

The standard antiviral dataset was collected from [3]]. Duplicated peptides and peptides with more than 50 residues
where removed, which affected 160 entries.

The modified antiviral dataset was collected from [4]. The negative class was defined with the same strategy as [3], as
other modified peptides with different bioactivities (i.e., antibacterial, antifungal, antiparasitic).

Figure[S3]describes the physicochemical characteristics of the final benchmark datasets.
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B Similarity functions

B.1 MMSeqs2 configuration

The MMSeqs2 [5] configuration used for computating sequence alignment between standard peptides, followed the
default settings from Hestia-GOOD [6] (v.1.0.3), using longest as denominator for sequence identity [3].

B.2 Needleman-Wunsch

The global alignment with Needleman-Wunsch algorithm was performed using the default configuration in the EMBOSS
needleall implementation [7]], it is as follows:

needleall -aformat pair -gapopen 10 -gapextend 0.5 -endopen 10
-endextend 0.5 -datafile EBLOSSUM62

This code is called for each peptide pair, and is run in parallel using the corresponding function in the Hestia-GOOD
package.

B.3 Molecular fingerprints
The calculation of similarity between the molecular fingerprints ECFP and MAPc is performed using the corresponding

functions from the Hestia-GOOD version 0. 1.0 package, which relies on RDK:it [8] for the ECFP fingerprints and on
the MAPc package [ﬂ

C Machine learning modelling

C.1 Hyperparameter optimization

Table|S1|contains the hyperparameter space considered for the hyperparameter optimization through Bayesian Opti-
mization with Optuna [9]. The Bayesian optimization was performed with default settings for 200 steps with 10 parallel
threads and early stopping with a patience of 20.

Table S1: Hyperparameter search space for each learning algorithm.

Model Trials Hyperparameter search space
Name Type Range Log-scale
c float 1x1073-103 Yes
kernel categorical linear, poly, rbf, sigmoid NA

SVM 200 degree (only kernel poly) integer 2-5 No
coefO (only with poly or sigmoid) float 1078 -1 Yes
epsilon (only regression) float 107° -1 Yes
n_estimators (number of estimators) integer 10 - 500 No
min_split_gain float 1070 - 1073 Yes

LightGBM 200  reg_alpha ( « regularization) float 10710-1073 Yes
learning_rate float 1077-10"1 Yes

C.2 Peptide representations
All molecular language models were applied using their huggingface public weights. They are as follows:

* ESM2-8M: facebook/esm2_t6_8M_UR50D

* ESM2-150M: facebook/esm2_t30_150M_UR50D

e Prot-T5-XL: Rostlab/prot_t5_x1_half_uniref50-enc

e ChemBERTa-2 77M MLM: DeepChem/ChemBERTa-77M-MLM

"https://github.com/markusorsi/mapchiral
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* Molformer-XL: ibm/MoLFormer-XL-both-10pct
* PeptideCLM: aaronfeller/PeptideCLM-23M-all

For PeptideCLM, the code for the tokenizer was obtained from its public repositoryﬂ For Pepland, the code for
extracting the representations and model weights were also obtained from its public reposito

The ECFP and Avalon fingerprints were calculated using the corresponding function in RDKit, with radius 8 and
number of bits 2,048. The choice of radius 8 was made after a non-exhaustive exploration through a subset of the
datasets. Performance of these fingerprints could reasonably be enhanced by including radius and number of bits as
additional hyperparameters.

Representation ~ Antibacterial ~Antiviral  Cell penetration  Protein-peptide  Average Significant rank
binding affinity

Prot-T5-XL - X 0.78+0.01 0.91+0.01 0.81+0.02 0.78+0.01 0.82+0.01 1

Prot-T5-XL - *  0.83+0.01 0.65+£0.02  0.77+0.03 0.78+0.02 0.75£0.01 1

ESM2-8M - * 0.82+0.01 0.61+0.02 0.48+0.02 0.76+0.02 0.67+0.01 2

ESM28M -X  0.73x0.01 0.61£0.02  0.52+0.03 0.50£0.02 0.58+0.01 3

Table S2: Comparison of sequence reconstruction methods for modified peptides. X: modified residues are substituted
by ’X’; ’*’: they are substituted by their natural analog.

“https://github.com/AaronFeller/PeptideCLM
*https://github.com/zhangruochi/pepland
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D Search for optimal similarity function

Figure [S shows the results for the search for optimal similarity function and it highlights, for each dataset, the function
selected. Tables S2 - S9, contain the metrics for each of the similarity functions.
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Figure S6: Results per similarity function per dataset
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Table S3: Similarity function evaluation for protein-peptide binding affinity (standard) dataset. Green: Optimal
similarity function.

Similarity | Monotonicity | Dynamic range
MAPc-20 0.67+0.05 80
MMSeqs2 (filter) 0.5+0.2 80
MAPc-8 0.8+0.1 70
MAPc-12 0.6+0.2 70
Molformer-XL 0.1+0.4 70
ECFP-16 0.7+0.1 60
MMSeqs2 0.0+0.2 60
ECFP-12 0.53+0.07 50
ESM2-8M 0.5+£0.3 50
MAPc-4 0.7+0.2 50
Needleman-Wunsch 0.8+0.1 50
ECFP-8 0.2+0.2 40
ECFP-4 0.50£0.00 20

Table S4: Similarity function evaluation for protein-peptide binding affinity (modified) dataset. Green: Optimal
similarity function.

Similarity | Monotonicity | Dynamic range
MAPc-20 0.95+0.03 80
MAPc-12 0.84+0.02 80
MAPc-8 0.83+0.08 70
Molformer-XL 0.3£0.2 70
ECFP-12 0.87+0.08 60
ECFP-20 0.8+0.1 60
ECFP-8 0.91+0.05 60
MAPc-4 0.75+0.06 60
ECFP-4 0.84+0.05 40

Table S5: Similarity function evaluation for cell penetration (standard). Green: Optimal similarity function.

Similarity | Monotonicity | Dynamic range
MMSeqs2 (filter) 0.97+0.05 80
MAPc-20 0.81+0.04 80
MAPc-12 0.86+0.00 70
Molformer-XL 0.5+£0.3 70
MAPc-8 0.98+0.05 60
ECFP-20 0.9+0.1 60
MMSeqs2 0.66x0.08 60
ECFP-12 0.99+0.03 50
ESM2-8M 0.99+0.03 50
MAPc-4 0.9£0.1 50
Needleman-Wunsch 0.93+0.06 50
ECFP-8 1.00+0.00 30
ECFP-4 1.00£0.00 10
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Table S6: Similarity function evaluation for cell penetration (modified) dataset. Green: Optimal similarity function.

Similarity | Monotonicity | Dynamic range
Molformer-XL 0.1£0.3 70
MAPc-12 0.5£0.2 60
MAPc-20 0.2+0.2 60
MAPc-8 0.3+£0.6 50
ECFP-20 -0.5£0.3 40
MAPc-4 0.0+£0.2 40
ECFP-12 -0.7£0.3 30
ECFP-8 0.6+£0.9 10

Table S7: Similarity function evaluation for antibacterial (standard) dataset. Green: Optimal similarity function

Similarity | Monotonicity | Dynamic range
MMSeqs? (filter) 0.9+0.2 80
MAPc-20 0.79+0.06 80
MAPc-12 0.94+0.02 70
Molformer-XL 0.2+0.2 70
MAPc-8 0.97+0.02 60
ECFP-12 0.91+0.03 50
ECFP-20 0.98+0.03 50
MMSeqs2 0.73+0.2 50
ESM2-8M 0.6+0.3 40
MAPc-4 1.00+0.00 40
Needleman-Wunsch 0.94+0.05 40
ECFP-8 1.00+0.00 30
ECFP-4 0+1 10

Table S8: Similarity function evaluation for antibacterial (modified) dataset. Green: Optimal similarity function.

Similarity | Monotonicity | Dynamic range
MAPc-20 -0.77+£0.09 80
MAPc-12 -0.8+0.2 70
Molformer-XL 0.62+0.07 70
ECFP-20 0.11+0.02 60
MAPc-8 -0.91+0.03 60
ECFP-12 0.9+0.1 50
MAPc-4 -0.6+£0.4 50
ECFP-8 -0.1£0.2 40
ECFP-4 -0.50+0.00 20

Table S9: Similarity function evaluation for antiviral (standard) dataset. Green: Optimal similarity function.

Similarity | Monotonicity | Dynamic range
MMSeqs2 (filter) 0.96+0.05 80
MAPc-20 0.57+£0.04 80
MAPc-12 0.71+0.09 70
Molformer-XL -0.2+0.1 70
MAPc-8 0.81+0.05 60
ECFP-20 0.74+0.08 60
ECFP-12 0.90+0.03 50
MAPc-4 0.94+0.00 50
MMSeqs2 0.90+0.06 50
Needleman-Wunsch 0.73+0.09 50
ESM2-8M 0.18+0.04 40
ECFP-8 1.00+0.00 30
ECFP-4 1.00£0.00 10
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Table S10: Similarity function evaluation for antiviral (modified) dataset. Green: Optimal similarity function.

Similarity | Monotonicity | Dynamic range
MAPc-20 0.320.5 80
MAPc-12 0.6+£0.2 70
MAPc-8 0.5+0.3 70
Molformer-XL 0.2+0.4 70
ECFP-20 0.5£04 60
ECFP-12 0.6+£0.2 50
MAPc-4 0.4+0.2 50
ECFP-8 0.3+0.4 40
ECFP-4 -0.6+0.7 20
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E Analysis of different representations

This section contains the results, per dataset, of the main representation:
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Figure S7: Results for all experiments both with SVM and LightGBM.

Xiv



Antibacterial (standard)

AU-GOOD MCC o GOOD curve Antibacterial (standard)
[ s :
Avalon P T oes Bl .
C o1 - () @z —— pepfumn
Molformer-XL s lightgbm e
. o200 - N — pepelm
PeplideCLM [ T o 0.8 — §e§13,,d
ProERT [ Rz — omn
— esm2-150m
oass-
ChemBERTa-2 [ 0 oes ~ prottsl
g ooz - 06 —— chomberta
b= Pepland [ T o ~— molformer
oo - 3
Foomwean DR 5 el
g H — sm
Cemr - -
2 ESM2B50M o TR gg09 it
g 0.4
A
ESM2ISOM o T et
)
PepFUNN - o Taes0
ProvTsXL [ s T 02
.
N
10—
ECFRI6 o o
00
0.0 02 04 056 08 10 03 04 05 06 07 08 09
AU-GOOD of MCC Similarity
Antibacterial (modified)
AU-GOOD MCC o GOOD curve Antibacterial (modified)
) o
Pepland o T oeas = sl =
< ooosm —— pepfumn
ESM28M o Toms o= = lightgbm ——
2 =
ESM2ISOM o T e e 08 — :;:,‘;c]:,nd
o — e — sz
— esm2-150m
1/
AvalonFP i Tosst e = il
g - oms. = 06 — chemberta
g ChemBERTa-2 [ T esns O
; e — 8
§  PeptdeCLM 0879 g s
@ = — svm
11— i
§ ProvTSXL o e 04 RSLOEE
1)
ESM2650M o e
1
PePFUNN a0 -
1/
MolformerXL o oees - 02
7/
ECFPI6counts [ s
.
ECFRI6 o oss -
0.0
0.0 0.2 .4 0.6 0.8 1.0 0.4 0.5 0.6 0.7 0.8 0.9
AU-GOOD of MCC Similarity
Antiviral (standard)
AU-GOOD MCC 10 GOOD curve Antiviral (standard)
T A rep
A — pepfunn
ChemBERTa-2 (8000785 — cofp
; A ~— pepelm
PeptideCLM Pt 08 e
PrOERT ST g T osmZim
—— esm2-150m
o oam
MolformerXL T ages ~ protts
g [ 0.6 — diE
5 AvalnFP 0785 ~— molformer
L —— g
g ESM28M 0785 . I model
@ = — svm
o - -
g ESM2ESOM e T azes HeLiebr
= 04
2
ESM2150M o T a0
1
PepFUNN ooz -
T
ECFPlGcounts o Tozez 02 }\i——
ce e
ECFRI6 ozt -
S
ProtTS-XL - s
0.0
0.0 02 04 06 08 10 01 02 03 04 05 06 07 08 09
AU-GOOD of MCC Similarity
Antiviral (modified)
AU-GOOD MCC o GOOD curve Antiviral (modified)
e — ’
Pepland T T ozez Roit) rep
S oest = ] sum = - — R
ProtBERT [T ee2 e = lightgbm === ANz e
L J o453 = — pepelm
PepFuNN - e — 08 F = = i
o oes o~ == 2 pep
ESM2M [ 0890 == 7 T emin
L — esm2-150m
e — >
” ECFRI6 o T e Sl — protthad
S 7 —— chemberta
; X 06
}% PeptideCLM i ose e ;< e L
o ommo o — 3
§  ESM2S0M e g el
g H — sm
1 == i
§ ECEPA6counts o o= 04 RSoE
7
ChemBERTa-2 [ Tloez o=
1
ESM2150M T el
S
Aalon PP Tases - 02
1
ProvTSXL o esar =
-
MolformerXL [ e
0.0
0.0 0.2 0.4 0.6 0.8 1.0 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
AU-GOOD of MCC Similarity

Figure S8: Results for all experiments both with SVM and LightGBM.
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Effect of representations with SVM
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Figure S9: Comparison of representations using SVM. Heatmaps correspond to the log p-values of the pairwise
Wilcoxon test.
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Effect of representations with LightGBM

Representation performance: standard datasets
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Figure S10: Combination of representations using LightGBM. Heatmaps correspond to the log p-values of the pairwise
Wilcoxon test.
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Figure S11: Results for the experiments with LightGBM combining multiple representations
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SVM

Representation Protein-peptide ~ Antibacterial ~ Antiviral Cell Average Significant
binding affinity (standard) (standard) penetration rank
(standard) (standard)
ECFP-16 0.69+0.02 0.74+0.01 0.92+0.01 0.85+0.01 0.80+0.01 1
PepFuNN 0.64+0.02 0.73+0.01 0.88+0.01  0.84+0.01 0.77+0.01 1
ECFP-16 counts  0.64+0.02 0.71£0.01 0.95+0.01 0.80+0.01 0.77+0.01 1
Prot-T5-XL 0.52+0.02 0.75+0.01 0.85£0.01  0.84+0.01 0.75+0.01 1
ESM2 150M 0.31£0.01 0.51£0.01 0.72£0.02  0.52+0.01 0.51£0.01 2
ESM2 650M 0.31£0.01 0.49+0.01 0.77+0.01 0.41£0.01 0.49+0.01 2
ESM2 8M 0.29+0.01 0.45+0.01 0.68+0.01  0.52+0.01 0.48+0.01 2
ProtBERT 0.24+0.01 0.29+0.02 0.68+0.02  0.63+0.01 0.45+£0.02 2
Molformer-XL 0.19+0.01 0.41£0.02 0.73£0.02  0.38+0.01 0.43+£0.02 3
Avalon FP 0.22+0.01 0.40£0.02 0.68+£0.02  0.42+0.00 0.43+0.01 3
ChemBERTa-2 0.25+0.01 0.19+0.01 0.64+0.01 0.53+0.01 0.38+0.02 4
PeptideCLM 0.21+0.01 0.28+0.01 0.65£0.02  0.39+0.01 0.37£0.01 4
Pepland 0.29+0.01 0.07+0.01 0.51£0.01  0.31+0.01 0.27+0.01 5
LightGBM
Representation Protein-peptide ~ Antibacterial ~ Antiviral Cell Average Significant
binding affinity (standard) (standard) penetration rank
(standard) (standard)
ESM2 8M 0.81£0.02 0.78+0.01 0.91+0.01 0.90+0.01 0.85+0.01 1
ESM2 650M 0.81£0.02 0.76+0.01 0.92+0.01 0.91£0.00 0.84+0.01 1
ECFP-16 counts ~ 0.79+0.02 0.75+0.01 0.94+0.01 0.91+0.01 0.84+0.01 1
Prot-T5-XL 0.81+0.02 0.77£0.01 0.91£0.01  0.90+0.00 0.84+0.01 1
ESM2 150M 0.81+0.02 0.74+0.01 0.91+0.01 0.90+0.01 0.83+0.01 1
ECFP-16 0.77£0.02 0.74+0.01 0.92+0.01 0.90+0.01 0.83+0.01 1
ChemBERTa-2 0.80+0.02 0.73+0.01 0.90+0.01 0.89+0.01 0.82+0.01 1
ProtBERT 0.79+0.02 0.71£0.01 0.91+0.01 0.92+0.01 0.82+0.01 1
PeptideCLM 0.79+0.02 0.71£0.01 0.90+0.01 0.86+0.00 0.81+0.01 1
Pepland 0.78+0.02 0.70£0.01 0.88+£0.01  0.89+0.01 0.81+0.01 2
Molformer-XL 0.77£0.02 0.68+0.02 0.91+0.01 0.88+0.01 0.80+0.01 2
PepFuNN 0.68+0.02 0.73+0.01 0.89+0.01  0.76+0.01 0.76+0.01 3
Avalon FP 0.68+0.02 0.73+0.01 0.85£0.02  0.62+0.01 0.72£0.01 4

Table S11: Standard to standard interpolation. Average performance of the representations per dataset. Errors
correspond to the standard error of the mean. Significant rank: tier that the model occupies based on the pairwise
statistical comparisons. Colors: chemical fingerprints (green); peptide fingerprint (red); CLMs (orange); PLMs (blue);
peptide LM/GNN (pink). Rows are ordered by column Average.
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SVM

Representation Protein-peptide ~ Antibacterial ~ Antiviral Cell Average Significant
binding affinity (modified) (modified) penetration rank
(modified) (modified)
Molformer-XL 0.88+0.01 0.87+0.02 0.85+0.01 0.74+0.02 0.83+0.01 1
Prot-T5-XL 0.78+0.01 0.91+0.01 0.81+0.02 0.78+0.01 0.82+0.01 1
ECFP-16 counts  0.87+0.01 0.83+0.02 0.64+0.02 0.86+0.01 0.80+0.01 1
Avalon FP 0.77+0.01 0.84+0.01 0.64+0.01 0.86+0.02 0.79+0.01 1
ECFP-16 0.89+0.01 0.65+0.03 0.66+0.02 0.89+0.01 0.77£0.01 1
PepFuNN 0.87+0.01 0.74+0.02 0.37+0.02 0.86+0.02 0.71£0.02 2
PeptideCLM 0.77+0.02 0.75+0.02 0.70+0.01 0.62+0.02 0.70+0.01 2
ESM2 650M 0.80+0.01 0.73+0.02 0.60+0.02 0.61+0.03 0.68+0.01 2
ChemBERTa-2 0.74+0.01 0.79+0.01 0.43+0.02 0.72+0.01 0.68+0.01 2
ESM2 150M 0.71£0.01 0.82+0.02 0.39+0.03 0.71+0.02 0.67£0.02 2
ProtBERT 0.72+0.01 0.59+0.02 0.75+0.02 0.58+0.02 0.65+0.01 3
ESM2 8M 0.73+0.01 0.61+0.02 0.52+0.03 0.50+0.02 0.58+0.01 4
Pepland 0.60+0.01 0.66+0.02 0.51+0.02 0.50+0.02 0.57+0.01 4
LightGBM
Representation Protein-peptide ~ Antibacterial ~ Antiviral Cell Average Significant
binding affinity (modified) (modified) penetration rank
(modified) (modified)
Molformer-XL 0.88+0.01 0.91£0.01 0.89+0.01 0.85+0.02 0.88+0.01 1
ChemBERTa-2 0.87+0.00 0.91£0.01 0.84+0.02 0.88+0.01 0.88+0.01 1
Prot-T5-XL 0.87+0.01 0.84+0.02 0.93+0.01 0.84+0.02 0.87+0.01 1
Avalon FP 0.83+0.01 0.90+0.01 0.72+0.01 0.90+0.01 0.85+0.01 2
ProtBERT 0.85+0.01 0.87+0.02 0.87+0.01 0.81+0.02 0.85+0.01 2
ECFP-16 0.90+0.01 0.87+0.01 0.71£0.01 0.87+0.01 0.84+0.01 2
ESM2 650M 0.89+0.00 0.91+0.01 0.72+0.01 0.80+0.02 0.83+0.01 2
PeptideCLM 0.88+0.00 0.83+0.02 0.78+0.01 0.85+0.01 0.83+0.01 2
ECFP-16 counts  0.89+0.01 0.87+0.01 0.65+0.04 0.86+0.02 0.82+0.01 2
ESM2 150M 0.86+0.01 0.91+0.01 0.60+0.02 0.82+0.02 0.80£0.01 2
ESM2 8M 0.78+0.01 0.89+0.02 0.68+0.02 0.82+0.02 0.80+0.01 3
Pepland 0.85+0.01 0.78+0.01 0.62+0.02 0.83+0.01 0.77+0.01 3
PepFuNN 0.88+0.01 0.74+0.02 0.442+0.01 0.73+0.02 0.70+0.02 4

Table S12: Modified to modified interpolation. Average performance of the representations per dataset. Errors
correspond to the standard error of the mean. Significant rank: tier that the model occupies based on the pairwise
statistical comparisons. Colors: chemical fingerprints (green); peptide fingerprint (red); CLMs (orange); PLMs (blue);
peptide LM/GNN (pink). Rows are ordered by column Average.
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SVM

Representation Protein-peptide ~ Antibacterial ~ Antiviral Cell Average Significant
binding affinity penetration rank

PepFuNN 0.32+0.06 0.49+0.03 -0.04+0.04  0.23+0.03 0.25+0.04 1
ECFP-16 0.25+0.06 0.54+0.03 -0.08+0.04  0.08+0.03 0.19£0.04 1
ECFP-16 counts  0.27+0.06 0.51+0.03 -0.09+0.04  0.03+0.03 0.18+0.04 1
ChemBERTa-2 0.02+0.06 0.14+0.03 0.03+0.04 0.37+0.03 0.14+0.04 1
Prot-T5-XL 0.08+0.06 0.01+0.03 0.01+0.04 0.34+0.03 0.11+0.04 2
ESM2 150M 0.08+0.06 -0.00+0.03 0.02+0.04 0.31+0.03 0.10£0.04 2
ESM2 650M -0.01+0.06 0.09+0.03 0.11+0.04 0.14+0.03 0.08£0.04 2
ProtBERT 0.02+0.06 0.02+0.03 0.05+0.04 0.24+0.03 0.08+0.04 2
Pepland 0.20+0.06 -0.06+0.03 0.07+0.04 0.12+0.03 0.08+0.04 2
ESM2 8M 0.08+0.06 0.01+0.03 -0.03+£0.04  0.21+0.03 0.07+0.04 2
Molformer-XL 0.07+0.06 0.01+0.03 0.060.04 0.11+0.03 0.06£0.04 2
PeptideCLM -0.01+0.06 0.03+0.03 -0.14+0.04  0.26+0.03 0.04£0.04 2
LightGBM

Representation Protein-peptide ~ Antibacterial Antiviral Cell Average Significant

binding affinity penetration rank

PepFuNN 0.40+0.02 0.47+0.03 -0.03+0.05  0.36+0.02 0.30+0.04 1
Avalon FP 0.33+0.02 0.40+0.03 0.04+0.05 0.41+0.02 0.30£0.04 1
ECFP-16 counts  0.30+0.02 0.54+0.03 -0.02+0.05  0.36+0.02 0.30£0.04 1
ECFP-16 0.32+0.02 0.47+0.03 -0.12£0.05  0.36+0.02 0.26+0.04 1
ChemBERTa-2 0.31+0.02 0.39+0.03 0.02+0.05 0.26+0.02 0.25+0.04 1
Pepland 0.19+0.02 0.31+0.03 0.12+0.05 0.34+0.02 0.24+0.04 1
Molformer-XL 0.32+0.02 0.06+0.03 -0.14+0.05  0.36+0.02 0.15+0.04 2
ESM2 150M 0.04+0.02 -0.04+0.03 0.17+0.05 0.36+0.02 0.14+0.04 2
ProtBERT 0.01£0.02 0.14+0.03 0.13+0.05 0.27+0.02 0.14+0.04 2
Prot-T5-XL 0.03+0.02 0.04+0.03 0.07+0.05 0.35+0.02 0.12+0.04 2
PeptideCLM 0.21+0.02 0.06+0.03 -0.19+0.05  0.41+0.02 0.12+0.04 2
ESM2 650M 0.00+0.02 0.06+0.03 0.09+0.05 0.25+0.02 0.10£0.04 2
ESM2 8M -0.04+0.02 0.00£0.03 0.02+0.05 0.33+0.02 0.08£0.04 2

Table S13: Standard to modified extrapolation. Average performance of the representations per dataset. Errors
correspond to the standard error of the mean. Significant rank: tier that the model occupies based on the pairwise
statistical comparisons. Colors: chemical fingerprints (green); peptide fingerprint (red); CLMs (orange); PLMs (blue);
peptide LM/GNN (pink). Rows are ordered by column Average.
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