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1 INTRODUCTION 4 RESULTS 5 GENERALIZATION AND FUSION DEPTH
Therapeutic peptides are short amino acid chains whose suitability depends on properties that ~ Trained one model per task, this work reaches test F1 of 0.893 on permeability, 0.734 on @ Peptidesheldback @  Peptides it trained on
are slow and costly to evaluate. Prediction from sequence alone would let candidate libraries be  solubility, 0.726 on nonfouling and 0.557 on hemolysis. Neither hypothesis was supported.
triaged before any bench work. +0.457
N o . : : Hemolvsis - 0.444 0.901
PeptiVerse (2026) is the state of the art for four such properties: permeability, solubility, nonfouling and Bl This work, one model per task Il PeptiVerse, best neural model y ® ®
hemolysis. Its data and partitions are public, so every result here is directly comparable. A peptide can be +0.129
read a.s a sequence by a protein language model or as a.chemlcal structure by a chemical language 1.0 0503 0.918 Permeability - 0.836 @ @ 0.964
model; whether the two views are complementary remains unresolved.
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2 OBJECTIVES AND HYPOTHESES >
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i it +0.111
H1 Representation fusion. Jointly encoding sequence and chemical structure yields better 7 Solubility - 0.683 @ @ 0.794
. . (P
results than either representation alone. = 04
H2 Multitask learning. One shared model trained on all four related properties outperforms ., 04 0> 06 el 08 0-9 10
four single task models. '
Figure 7. Generalization gap by property. Every model does better on the peptides it trained on than on
3 MATERIALS AND METHODS 0.0 n . _ _ ones it has not seen, and the size of that drop is not the same across the four properties.
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ESM-2 Figure 4. This work against the state of the art, property by property. 25" 0852 0857 0.855
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FESION Bl This work, one model per task W This work, one model for all four 2 0687 0.684
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Figure 1. Model architecture. Both encoders remain frozen; only the fusion block, the shared body and =04 00 5 N N . .
, ermeability Solubility Non-fouling Hemolysis
the four task heads are trained.
- . i 0.2
44,033 labelled examples over 33,949 distinct peptides Figure 8. Where the two encoders join. The four join points fall within 0.020 validation F1 of one another
Solubility 18,453 42% 0.0 on every property. The choice of fusion depth does not make a significant impact.
Permeability Solubility Non-fouling Hemolysis
Non-fouling 17,180  39% 7 LIMITATIONS
vemolysis ([ cos  14% . . . . .
STOYEE i : . The likeliest explanation is that the two encoders are telling us the same thing. Both describe the
3 Figure 5. Test of H2. One shared model never beat four separate ones. It comes close on some properties lecul d both trained | . lecti : tid th g
Permeability _ 2,324 5% and falls clearly behind on others. s.ame mo ef:u e, and both were trained on overlapping collections of peptides, so the secon
view adds little value.
Figure 2. Composition of the four benchmark datasets. Bl ESM-2 3B (sequence) Wl PeptideCLM (structure) Ml both encoders fused 8 CONCLUSIONS
_CONC,AT concatenate —-> task head 1.0 . .
join at the input 0.879 0871 0.876 e Both encoders were frozen, so these results bound the pretrained representations rather than
the architectures.
EARLY . 0.8
- _ concatenate - self attention - task head 0.715 0.711 0.700 g g 0.701 i .
join before attention - ' e (Class support is uneven: hemolysis is 14 percent of labelled examples and shows the largest
LL
— ~ 0.6 gap.
I\t/"D q self attention —»> cgggi&;{?nr][%n —»> self attention —»> task head 3 0.503 0.489 0.524 . . . .
SRS SWAp MEHY - * Evaluation is confined to one public benchmark, so transfer to other corpora and to wet lab
o 04 validation is untested.
LATE own transformer —> one output —> task head =
one model per encoder vector each
0.2 8 CONCLUSIONS
Figure 3. The four fusion designs, distinguished by where the two token streams join: at the input, before . . . .
attention, midway through cross attention, or after separate transformers. 0.0 - = _ _ Fusing sequence and structure embeddings, and sharing one model across the four properties,
Permeability Solubility Non-fouling Hemolysis both fail to improve on a single frozen sequence encoder. Establishing which choices carry no
Encoders. ESM-2 embeds the sequence, PeptideCLM the chemical structure. Both stay frozen, so measurable effect bounds where further search is warranted: adapting the encoders is more

. . romising than adding representations or sharing heads.
each run trains only the fusion block and task heads. Figure 6. Test of H1. Adding the chemical structure encoder makes little difference either way, and the P J J1ep J

sequence encoder on its own is the stronger of the two single views on most properties.
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