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Abstract

Aging, a universal biological process in complex organisms, is increasingly recognized to be
driven by progressive loss of epigenetic information, as proposed in the Information Theory of
Aging (ITOA). However, research on anti-aging peptides remains scarce, with most existing efforts
confined to derivatives of natural proteins, while systematic design attempts are virtually absent.
This limitation not only restricts discovery within the evolutionary sequence space but also hampers
the identification of candidates with novel mechanisms and improved efficacy. Here, we present
ElixirSeeker2, the first computational framework for de novo design of anti-aging peptides. By
integrating modeling of known anti-aging peptides, activity scoring from the ICso database, and
penalty constraints from toxic peptides, ElixirSeeker2 enables large-scale virtual screening and
identification of novel peptide candidates. Several lead peptides demonstrated significant effects in
delaying cellular senescence, restoring cellular functions in vitro and in enhancing locomotor
activity of aged Caenorhabditis elegans. This study not only validates the feasibility of de novo
design in anti-aging interventions but also establishes a strategy for the development of next-
generation biologics.
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36 1. Introduction

37 Aging is an inevitable biological process in all complex organisms, characterized by the
38  progressive decline of physiological functions and increased susceptibility to multiple diseases,
39  including neurodegenerative disorders, cardiovascular diseases, and cancer [1-3]. Despite its
40  complexity and heterogeneous manifestations, researchers have long sought to identify a unifying
41  mechanism that drives aging. Recently, an information-theoretic framework has emerged as a novel
42  perspective. All analog information storage systems, including biological systems, share a
43  fundamental weakness: they are inherently susceptible to noise, which gradually erodes or distorts
44 the original information [4].

45 In biology, this concept is exemplified by the dynamic alterations of the epigenetic landscape.
46  The epigenome, as a central repository of information guiding gene expression programs, is
47  essential for maintaining cellular identity and function. However, over time, persistent challenges
48  such as cell division, environmental stress, and endogenous damage progressively disrupt and erode
49  epigenetic information. This process has been demonstrated as a major driver of cellular aging in
50  both yeast and mammalian models [5-7].

51 Building on this evidence, Sinclair and colleagues proposed the Information Theory of Aging
52 (ITOA) [8], which posits that aging is fundamentally a process of information loss, particularly the
53  gradual erosion of epigenetic information. Crucially, studies have shown that restoring information
54 integrity via epigenetic reprogramming can significantly reverse cellular aging phenotypes and
55  restore tissue functions, highlighting remarkable regenerative potential [9—11]. Thus, ITOA provides
56  not only a unifying theoretical framework for aging but also a guiding principle for novel anti-aging
57  interventions.

58 According to ITOA, effective strategies to delay or reverse aging should focus on
59  “supplementing” or “stabilizing” critical cellular information. In this context, proteins—the primary
60  executors of life’s functions—naturally emerge as key therapeutic targets. Numerous studies have
61  identified proteins that play central roles in aging regulation. For example, Klotho, one of the earliest
62  identified aging-suppressor proteins, significantly extends lifespan when overexpressed in mice,
63  whereas its deficiency leads to premature aging syndromes [12]. Similarly, members of the SIRT
64  family and FOXO transcription factors are critically involved in lifespan regulation, metabolic
65  homeostasis, and stress resistance [13—15].

66 These discoveries raise a pivotal question: can proteins themselves serve as “information
67  carriers” that, when supplemented exogenously, delay or reverse the loss of cellular information?
68  Compared with large full-length proteins, short peptides (typically fewer than 50 amino acids) offer
69  several advantages as therapeutic agents: smaller molecular weight, ease of synthesis and
70  modification, high tissue penetrability, and low immunogenicity [16—18]. In recent years, functional
71  peptide fragments derived from natural anti-aging proteins have been identified. For instance,
72 Klotho-derived peptides have demonstrated protective effects on cognitive function and kidney
73 health [19].

74 Despite these advances, most current anti-aging peptide development remains restricted to
75  derivatives of natural sequences. While such strategies can yield biologically active candidates, they
76  are confined within the sequence space shaped by natural evolution, limiting the discovery of
77  molecules with novel mechanisms or superior efficacy [20]. In small-molecule drug discovery, high-
78  throughput phenotypic screening and machine learning approaches have already facilitated the
79  identification of novel anti-aging compounds such as ElixirSeeker [21-22]. Likewise, advances in
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80 artificial intelligence, particularly deep learning, have enabled powerful modeling of protein
81  structure and function, making de novo peptide and protein design increasingly feasible [23-25].
82 Compared to traditional derivative strategies, de novo design offers substantial advantages. First,
83 it does not rely on any known protein templates, thereby enabling exploration of a vastly broader
84  sequence and structural space, which may yield entirely novel peptides not found in nature. Second,
85  de novo design allows precise tuning of physicochemical properties, which is essential for
86  optimizing drug-like features such as enhanced cell penetration, improved serum stability, and
87  reduced toxicity [26].
88 In this study, guided by the Information Theory of Aging, we present ElixirSeeker2, a novel
89  framework for de novo design of anti-aging peptides. Our approach integrates modeling of existing
90  anti-aging peptides, activity scoring using the IC50 database, and penalty terms from toxic peptide
91  datasets to enforce safety constraints as shown in Figure 1. Through large-scale virtual screening,
92  we identified lead peptide candidates capable of delaying cellular senescence and restoring cellular
93  functions. Importantly, our work not only provides a collection of entirely new anti-aging peptide
94  candidates but also validates the feasibility and great potential of de novo design as a paradigm-
95  shifting strategy for the development of anti-aging biologics.
96
97
98 2. Results and Discussion
99  2.1. Model design rationale and validation performance
100 To address the scarcity and abstract nature of experimentally validated anti-aging peptides, we
101  designed a dual-head multi-task learning framework under a Safety-by-Design (SbD) strategy
102  (Figure la). Since the number of confirmed anti-aging peptides is limited, relying solely on
103  classification is insufficient. Therefore, the architecture incorporates complementary learning
104  objectives to capture multiple aspects of peptide functionality.
105 Specifically, the classification head provides an anti-aging score by discriminating validated
106  peptides from AAgingBase against length-matched peptides sampled from UniProt. In parallel, the
107  regression head leverages ICso values from AHTPDB to encourage the model to recognize peptides
108  with general biological potency. To further enforce safety, toxic peptides, including membrane-
109  disruptive and hydrophobic motifs were integrated into the loss function through an additional
110  penalty term, enabling the model to disentangle beneficial bioactivity from toxicity and thus
111  balancing efficacy with safety.
112 As shown in Figure 1b, the similarity matrix of anti-aging peptides (AAPeptides) encoded by
113  ESM-2 demonstrates that the majority of peptide pairs exhibit low similarity, indicating both the
114  intrinsic diversity of the dataset and the difficulty of identifying universal sequence patterns. This
115  diversity also ensures that the model avoids overfitting to narrow sequence motifs. Importantly, we
116  deliberately adopted ESM-2 embeddings without designing overly complex architectures, given
117  three considerations: (i) the pretrained model already provides sufficiently rich representations of
118  peptide sequences; (ii) the majority of anti-aging peptides are short (6—25 amino acids), reducing
119  the necessity of deep and computationally expensive models; and (iii) a more parsimonious
120  architecture facilitates interpretability and generalizability.
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121
122 Figure 1. The proposed dual-head multi-task learning model of de novo anti-aging peptide

123  design and its validation performance. (a) The classification branch provides an anti-aging score
124 by distinguishing positive samples from AgingBase (experimentally validated anti-aging peptides)
125  and negative counterparts extracted from UniProt with matched sequence lengths. In parallel, the
126 regression branch leverages ICso-annotated peptides from AHTPDB to model general bioactivity. A
127  Safety-by-Design strategy is further integrated by incorporating known toxic peptides into the loss
128 function as penalty terms, ensuring that predictions balance functional efficacy with safety
129  considerations. (b) Similarity matrix of anti-aging peptides (AAPeptides) encoded by ESM-2,
130  where dark purple indicates low similarity and bright yellow indicates high similarity. (¢) Loss_tox
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131  and Accuracy_tox during SbD strategy training. The decreasing toxicity penalty indicates stable and
132 effective model training. (d) Performance metrics (F1, MCC, and ACC) of the anti-aging binary
133  classification model on the validation set. (e) Confusion matrix of the anti-aging binary
134 classification model on the validation set. (f) ROC curve of the anti-aging binary classification
135  model with an area under the curve (AUC) of 0.91. (g) Dynamic change of learning rate across
136  training epochs.

137

138 To evaluate the effectiveness of the SbD strategy, we monitored the toxicity-related loss
139  (Loss_tox) and toxicity classification accuracy (ACC_tox) during training (Figure lc). toxicity-
140  related loss consistently decreased across epochs, while toxicity classification accuracy increased,
141  suggesting that the model progressively learned to identify toxic motifs. From a drug discovery
142  perspective, the rising toxicity classification accuracy further validates the ability of the framework
143  to distinguish toxic from non-toxic peptides, confirming that the SbD mechanism successfully
144 decouples functional motifs from toxicity-related patterns within the latent space. Such safety-aware
145  learning is particularly critical for de novo peptide design, where preclinical toxicity remains a major
146  bottleneck in translational applications.

147 Model validation results further confirmed performance. After 25 epochs, early stopping was
148  triggered (Figure 1g). The classification model achieved high performance with F1 and MCC values
149  exceeding 0.85 and an accuracy (ACC) approaching 0.90 (Figure 1d). The confusion matrix (Figure
150 le) highlights balanced predictive power across positive and negative classes, while the receiver
151  operating characteristic (ROC) curve yielded an AUROC of 0.91 (Figure 1f), underscoring
152  discriminative capability. The dynamic adjustment of the learning rate (Figure 1g) demonstrates
153  stable convergence within relatively few epochs, reflecting the sufficiency of the training data and
154  the efficiency of the model architecture.

155 In summary, the proposed framework effectively integrates functional, safety, and general
156  bioactivity constraints, yielding a robust predictive model for anti-aging peptides while ensuring
157  safety, a critical requirement for subsequent de novo peptide design.

158  2.2.Large-scale de novo peptide screening and candidate characterization

159 To systematically explore the anti-aging peptide sequence space, we adopted two
160  complementary strategies to generate candidate sequences (Figure 2a). For 6-mer peptides, we
161  performed an enumeration of the entire combinatorial space (20° = 64 million). For longer peptides
162  ranging from 7 to 25 amino acids, we employed a genetic algorithm to efficiently sample
163  approximately 10 million peptides for each length, resulting in ~251 million sequences in total.
164 This approach was chosen to decouple the predictive model from the generative process,
165  thereby avoiding reliance on generative Al models, which often impose strong distributional priors
166  andrisk collapsing into biased sequence motifs. Instead, the enumeration and genetic search ensured
167  a maximally diverse candidate pool that allowed the predictive model to operate in a hypothesis-
168 driven, unbiased manner.

169 The initial sequence pool of ~315 million peptides was filtered by predicted ICso values,
170  retaining only those with ICso < 100 pM as a threshold for potential biological activity. This yielded
171 ~200 million peptides for further screening. Figure 2b illustrates the distribution of anti-aging scores
172 across this filtered set in t-SNE space, where the majority of sequences exhibited very low predicted
173  scores, highlighting the rarity of potential anti-aging candidates. Interestingly, when comparing the
174  ICso distribution (Figure 2¢), we observed that peptides predicted with higher ICso values often
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175  coincided with elevated anti-aging scores, whereas peptides with low ICso values (indicative of
176  strong bioactivity) generally had low anti-aging scores. This suggests that while general potency is
177  necessary, anti-aging functionality may be associated with milder or more selective activity rather
178  than indiscriminate high potency, a property that could translate into better tolerability and lower
179  off-target effects.

180 Sequence logo analysis of top-scoring peptides provided further mechanistic insight. For 6-mer
181  peptides (Figure 2d), the most enriched motif was ELPPRR; however, when examining the
182  individually highest-ranked sequences (ElixirPep01-06, Figure 2¢), only limited overlap with the
183  logo was observed (e.g., FVQTQP, ELPGKR). This discrepancy reflects the fact that sequence logos
184  represent averaged positional preferences across the candidate pool, whereas the model predictions
185  capture context-dependent interactions between residues. In other words, the model does not simply
186  reward isolated motifs but instead evaluates their contribution within the global structural and
187  biochemical context.

188 Similarly, sequence logos for longer peptides (10, 15, and 25 residues) revealed consistent
189  enrichment of C-terminal arginine/lysine/proline residues (Figures 2f-h), yet the top individual
190  peptides (ElixirPep13, ElixirPep19, and ElixirPep29; Figures 2i-k) again displayed distinctive local
191  features, suggesting the context-dependent nature of functional predictions.

192 Notably, the recurrent enrichment of R/K/P residues at the C-terminus has strong biological
193  plausibility: (i) the positive charges of arginine/lysine facilitate interaction with negatively charged
194  phospholipids in cell membranes, a hallmark of cell-penetrating peptides; and (ii) R/K/P residues at
195  terminal positions are unfavorable cleavage sites for canonical endopeptidases, thereby conferring
196  enhanced proteolytic stability. Together, these features suggest that the model has implicitly
197  captured hallmarks of membrane penetration and in vivo stability.

198 Another recurrent pattern was the frequent appearance of proline or consecutive prolines (PP),
199  which are well known as o-helix breakers and structural inflection points that induce B-turns or
200  folding interruptions. Such motifs are consistent with the presence of modular architectures in short
201  peptides, where one segment anchors or penetrates the membrane, and the other executes the
202  functional activity. This observation suggests that the model not only identifies membrane-active
203  features but also recognizes design principles for bifunctional peptide modules.
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205 Figure 2. Large-scale peptide screening and sequence characterization. (a) Schematic

206  overview of candidate generation: exhaustive enumeration of all 6-mer peptides (~64 million) and
207  genetic algorithm sampling of 7-25-mer peptides (~251 million). After ICso < 100 uM filtering,
208  ~200 million peptides were evaluated by the predictive framework to yield 29 top-ranked candidates.
209  (b) t-SNE projection of anti-aging score distribution for filtered peptides (c) t-SNE projection of
210  ICso distributions. (d) Sequence logo of 6-mer candidate peptides (e¢) Examples of top 6-mer
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peptides (ElixirPep01-06) with sequences and predicted 3D conformations (f~h) Sequence logos
for candidate peptides of 10, 15, and 25 residues, respectively, showing recurrent enrichment of
R/K/P residues at the C-terminus. (i—k) Representative top-ranked peptides of 10, 15, and 25
residues (ElixirPep13, ElixirPep19, and ElixirPep29). For the all seqlogos, see Figure S1.

Overall, these analyses highlight the capacity of the framework to generate and prioritize
candidates with both mechanistic plausibility and novel sequence diversity, while maintaining safety
and functional considerations.

2.3. Proline as a position-dependent hallmark of anti-aging peptides

In Section 2.2, we performed self-normalized enrichment analysis, where candidate peptides
were compared internally to highlight recurrent sequence patterns. While informative, this approach
does not account for biases in the natural sequence space. To address this, we further implemented
a length-matched position-specific residue enrichment analysis, using peptides extracted from
UniProt as a background. For each peptide length between 6 and 25 residues, the top 1,000
sequences ranked by anti-aging score were selected as candidates, and their amino acid frequencies
at each position were compared against the background distribution.

Fold-change (FC) values were calculated along with false discovery rate (FDR) corrections,
allowing the identification of significantly enriched (red) or depleted (blue) residues with thresholds
of FDR < 0.05 and |FC| > 2.

a b
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Figure 3. Position-specific residue enrichment analysis of anti-aging peptides. (a) Volcano
plot of amino acid enrichment across candidate peptides compared with length-matched UniProt
background sequences. Significantly enriched residues (red, FC > 2, FDR < 0.05) and depleted
residues (blue, FC < -2, FDR < 0.05) are highlighted, with annotations indicating peptide length,

position, and residue identity (e.g., “20,13,P” = position 13 of a 20-mer). (b) Position-specific
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236  analysis of 6-mer peptides, showing fold-change distributions at each position.

237

238 As shown in Figure 3a, volcano plots revealed systematic amino acid biases across peptide
239  lengths. Proline (P) emerged as the most significantly enriched residue overall, consistent with our
240  findings in Section 2.2. However, the enrichment of proline was not uniform across all positions.
241  For example, Figure 3b illustrates position-wise analysis for 6-mer peptides, where proline was
242 significantly depleted at position 2 (6,2,P), while enrichment was observed closer to the C-terminal
243 region in longer peptides (e.g., 16,13,P). Similarly, several acidic residues such as aspartic acid (D)
244 and glutamine (Q) were consistently depleted at specific positions (e.g., 12,8,D).

245 These results suggest that proline enrichment in anti-aging peptides is position-dependent. At
246  the N-terminus, proline is often unfavorable, possibly because its conformational rigidity disrupts
247  the initiation of stable secondary structures or hinders recognition motifs. In contrast, enrichment
248  near the C-terminus likely reflects its structural role as a B-turn inducer or helix breaker, introducing
249  conformational kinks that facilitate modular peptide architectures. Such C-terminal enrichment may
250  further synergize with positively charged residues (R/K) frequently observed in this region (Section
251  2.2), collectively promoting both membrane interaction and proteolytic resistance.

252 Taken together, this length- and position-specific analysis confirms that the predictive model
253  captures not only global compositional biases but also context-sensitive structural preferences,
254 highlighting proline as a key determinant of anti-aging peptide architecture when positioned
255  appropriately within the sequence.

256  2.4.Candidate peptides effectively delay or reverse cellular and organismal aging

257 Given that all 6-mer peptides were exhaustively enumerated in silico, their likelihood of success
258  was expected to be relatively higher compared to longer peptides. Accordingly, six top-ranked 6-
259  mers (ElixirPep01-06) were selected for synthesis and experimental validation, while 23 peptides
260  from the 7-25-mer pool were chosen based on ICso values, sequence diversity, and peptide length.
261  Intotal, 24 peptides were successfully synthesized at >95% purity (Table S1).
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262
263  Figure 4. Experimental validation of candidate peptides in cellular and organismal models of

264  aging. (a) Co-treatment paradigm: peptides were applied concurrently with H:0:-induced
265  senescence, followed by assessment of SA-B-gal, DCFH-DA, and MitoTracker signals. (b—d) Co-
266  treatment results in HEK293 cells: SA-B-gal absorbance (b), intracellular ROS levels (¢), and
267  mitochondrial membrane potential (d). (e) Post-treatment paradigm: peptides were applied after
268  senescence induction. (f) SA-B-gal absorbance in post-treatment assays. (g—h) Representative
269  microscopy of ElixirPep01 and ElixirPep05 treatments: DAPI/MitoTracker (g, red = mitochondrial
270  potential) and DAPI/DCFH-DA (h, green = ROS). Both peptides improved mitochondrial integrity
271  and reduced ROS. (i) C. elegans body thrashing assays. For panels (b—d, f), data represent mean +
272  SEM of biological replicates. Statistical significance was assessed by two-way ANOVA with
273  Benjamini—Krieger—Yekutieli FDR correction (q < 0.05) for post hoc comparisons versus SI group.
274 For panel (i), body thrashing frequency was compared across groups by two-way ANOVA with the
275  same post hoc correction versus CT group. *p < 0.05, **p < 0.01, ***p < 0.001.

276

277 To evaluate their anti-aging activity, we implemented two treatment strategies in HEK293 cells
278 (Figures 4a and 4e). Although HEK293 is an immortalized cell line, recent studies have
279  demonstrated its suitability as a senescence model due to robust stress-induced phenotypes and high
280  experimental efficiency[27-29]. The first approach was co-treatment, in which peptides were
281 administered concurrently with H.O2-induced senescence, while the second was post-treatment, in
282  which peptides were applied after senescence induction to assess their capacity for phenotype
283  reversal.
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284 Across both designs, cells were exposed to three concentrations (1, 10, 100 uM) of each peptide,
285  alongside non-treated controls (NC), senescence-induced controls (SI), and a positive control (PC,
286 100 uM NAC). A total of 75 groups were screened in 384-well plates. Following treatment,
287  senescence markers were quantified, including SA-B-gal activity, intracellular ROS (DCFH-DA),
288  and mitochondrial membrane potential (MitoTracker).

289 In the co-treatment paradigm, all six 6-mers demonstrated measurable effects. SA-f-gal staining
290  revealed significant reductions for ElixirPep01-05 at multiple doses, while ElixirPep06 showed
291  efficacy only at 1 uM (Figure 4b). ROS levels were consistently suppressed across all six peptides
292  (Figure 4c), and mitochondrial membrane potential was significantly improved by ElixirPep01-05
293  (Figure 4d). These findings confirmed protective activity during senescence induction.

294 To rigorously test the ability to reverse aging phenotypes, post-treatment assays were conducted
295  (Figure 4e). As shown in Figure 4f, most peptides reduced SA-B-gal activity relative to SI controls,
296  with ElixirPep02 and ElixirPep05 achieving particularly strong effects at 100 uM (p < 0.001).
297  Representative microscopy further confirmed these results: ElixirPepOl and ElixirPep05
298  significantly reduced ROS (green, DCFH-DA) and improved mitochondrial membrane potential
299  (red, MitoTracker) compared to SI controls (Figures 4g—h).

300 Finally, functional validation was extended to Caenorhabditis elegans (C. elegans). Worms
301  were continuously administered peptides from the young adult (YA) stage until day 11. Body
302  thrashing assays—a classic readout of muscle vitality in aging worms—revealed that ElixirPep01
303 (10 uM, p < 0.05), ElixirPep04 (10 uM, p < 0.0001), and ElixirPep05 (1 uM, p < 0.05) significantly
304  enhanced locomotor activity compared to controls (Figure 4i).

305 Collectively, these results demonstrate that at least three of the top six 6-mer peptides effectively
306  delay or reverse cellular and organismal aging phenotypes. Among the 24 peptides tested, ~40%
307  exhibited measurable efficacy in reversing senescence in post-treatment assays (Table 1), with
308  several surpassing the performance of the positive control NAC.

Co-treatment (10uM) Post-treatment (10uM)

No. ROS A¥Ym SA-B-gal No. ROS A¥Ym SA-B-gal
NC = 28109|4 55016|"% 0.23 NC = 28996|4 46106|"% 0.26

Sl A 47810|W 455174 0.5 Sl A A5976|W  35869|4 0.43
PC — 27518|— 48880|— 0.33 PC = 22297|— 42368|— 0.32
ElixirPep01 |== 28915|== 48620(W¥ 0.23 ElixirPep0l1|== 39265|== 39153|= 0.4
ElixirPep02 |=— 29715|— 47920[¥ 0.3 ElixirPep02|— 29171|¥ 35156|— 0.39
ElixirPep03 | ¥ 27517|= 48626(W% 0.29 ElixirPep03|= 34161|== 37154|= 0.39
ElixirPep04 | ¥ 26716|— 47920[% 0.31 ElixirPep04 |~ 37154|% 35144|— 0.39
ElixirPep05 |[== 28725[& 49111 |= 0.35 ElixirPep05 |== 39152|== 41156[= 0.39
ElixirPep06 [~ 28727|— 473394 0.58 ElixirPep06 |=— 33532|— 42064[— 0.42
ElixirPep09 [¥ 22046(W¥ 44918|= 0.33 ElixirPep09 |== 25827|= 37147[= 0.33
ElixirPep10 |=— 34450|4. 52335[W% 0.27 ElixirPepl0|=— 23946|— 39441|¥% 0.27
ElixirPepll |¥ 25020|== 46871|= 0.41 ElixirPepll|W 18062|4 44419|= 0.41
ElixirPep13 | 31216|4 52972|— 0.33 ElixirPepl3|¥ 16867|— 41641|— 0.33
ElixirPep14 |[== 31266f& 52670|== 0.44 ElixirPepl4 |== 27848|== 40287[& 0.44
ElixirPepl15 |¥ 23090f— 46591(¥ 0.3 ElixirPepl5|W¥ 14142|4& 47987(% 0.3
ElixirPepl6 [¥ 25866[= 47071|W¥ 0.28 ElixirPepl6|¥ 12761|=— 38667[%¥ 0.28
ElixirPepl7 |¥ 22108|W¥ 42330[¥ 0.26 ElixirPepl7|W¥ 21898|4& 42581|W% 0.26
ElixirPep18 |== 38930|4. 51872|= 0.41 ElixirPepl8|== 28152|=5 42123|= 0.35
ElixirPep19 [— 32509 47513|a 0.79 ElixirPepl19|— 31680|— 39460|4 0.51
ElixirPep20 | ¥ 24299|= 45591 [== 0.39 ElixirPep20|= 31344|== 42199|= 0.4
ElixirPep21 |— 34147{& 50431|— 0.34 ElixirPep21|— 32179|— 42283|& 0.48
ElixirPep22 |== 34250f{& 55377[W% 0.26 ElixirPep22 |== 274894  44430(W% 0.31
ElixirPep23 | ¥ 20775|— 48398|— 0.45 ElixirPep23|W¥ 20527|4 45446|=— 0.4
ElixirPep24 |== 31848|4& 57973|4& 0.84 ElixirPep24 |== 26090|4& 43798|% 0.28
ElixirPep25 [ 33357[& 56807 |4 0.73 ElixirPep25|W¥ 14874|W 26842|— 0.39
ElixirPep27 |¥ 27500|4 50213(¥ 0.32 ElixirPep27|¥ 15791|4 50505|= 0.34
309 ElixirPep28 [~ 39554|— 48799|4 0.63 ElixirPep28|— 23934|— 40426[— 04
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310 Table 1. Effects of candidate peptides (10 pM) on cellular senescence markers in HEK293 cells
311  under co-treatment and post-treatment conditions. Peptides with lower SA-B-gal absorbance
312 than SI group and effective for both ROS and A¥Ym will be highlighted in red. Peptides with any
313  one of these indicators exceeding the positive control level are highlighted in yellow.

314

315 3. Methods

316  3.1.Data and Multi-task Learning Framework Design

317 The present study employs a multi-task learning framework that integrates heterogeneous
318  peptide datasets to construct a unified predictive model for anti-aging peptide discovery.

319 The central rationale is that experimentally validated anti-aging peptides are extremely scarce,
320  limiting the effectiveness of conventional single-task classifiers. To mitigate this limitation, we
321  deliberately introduce an auxiliary regression task that leverages peptide bioactivity data (ICso
322  wvalues) not directly related to aging but reflective of general biological potency.

323 By jointly training on both classification and regression tasks within a shared representation
324  space, the model is encouraged to capture broader biochemical and structural determinants of
325  activity, thereby enhancing its ability to generalize to novel sequences with anti-aging potential.
326 For the classification task, positive samples were collected from AgingBase, a curated database
327  of experimentally verified anti-aging peptides. These sequences represent the benchmark functional
328  group of interest. As negative counterparts, we extracted peptide fragments ranging from 6 to 25
329  amino acids in length from the UniProt database. By contrasting AgingBase peptides with a diverse
330  set of non-annotated short peptides from UniProt, the classification task is designed to highlight
331  functional motifs and sequence-level properties associated with anti-aging activity.

332 To complement the classification task, a regression objective was constructed using peptides
333  annotated with half-maximal inhibitory concentration (ICso) values obtained from the AHTPDB
334 web server. Importantly, this dataset is not directly associated with anti-aging mechanisms, but
335  rather with general peptide bioactivity in different biological contexts. The underlying assumption
336  isnotthat IC50 serves as a surrogate marker of anti-aging efficacy, but that peptides with measurable
337 activity embody structural and compositional features characteristic of functional biomolecules. By
338 training the model to approximate IC50 values, the shared encoder is guided to learn gradients of
339  bioactivity beyond binary decision boundaries.

340 Both tasks share a common sequence encoder derived from the Evolutionary Scale Modeling
341  (ESM) framework, a large-scale protein language model pre-trained on millions of natural protein
342  sequences. ESM embeddings capture contextualized residue-level dependencies informed by
343  evolutionary constraints and structural regularities. By using ESM as the backbone, our approach
344  benefits from transfer learning, where general protein-level representations are fine-tuned to the
345  specific domain of short bioactive peptides. On top of the shared encoder, we implemented task-
346  specific prediction heads: a fully connected layer with a sigmoid activation for binary classification
347 of anti-aging versus non-anti-aging peptides, and a linear regression head for predicting ICso values.
348 Given the relative scarcity of anti-aging peptides compared to readily available negative
349  samples, we adjusted the positive-to-negative ratio to approximately 1:1.2 to prevent strong class
350  imbalance. Positive sequences were further augmented through controlled mutational perturbations,
351  thereby enriching the diversity of the anti-aging set and reducing the risk of overfitting to narrow
352  sequence motifs. Additionally, extreme homogeneous sequences were incorporated as contrastive
353  examples, forcing the model to distinguish genuine biological signals from trivial repetitive patterns.
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354 In summary, the data and model design of this study follow a principled strategy aimed at
355  overcoming the challenges of limited positive samples and the risk of spurious correlations.

356  3.2.Loss Function and Safety-by-Design (SbD) Strategy

357 In addition to the multi-task learning framework, we further incorporated a Safety-by-Design
358 (SbD) strategy to explicitly account for peptide toxicity. Toxicity represents one of the most critical
359  barriers in the clinical translation of peptide-based therapeutics, and therefore cannot be neglected
360  when building predictive frameworks for drug discovery. Our approach integrates prior knowledge
361  of known toxic short peptides directly into the training objective by introducing a penalty
362  mechanism: whenever the model assigns high anti-aging probability or strong activity scores to
363  sequences documented as toxic, an additional loss term is applied to penalize such misclassifications.
364 The rationale behind adopting SbD principles is threefold. First, biological functionality and
365  toxicity are often entangled at the sequence level, and conventional activity-based tasks cannot
366  guarantee safety. By incorporating explicit penalty signals, the model is encouraged to disentangle
367  functional motifs from toxicity-associated patterns in its latent space. Second, SbD enhances the
368 translational relevance of the framework by discouraging false optima—sequences that are
369  predicted to be highly active yet unusable due to toxicity. Third, this strategy provides a safeguard
370  for downstream generative tasks, ensuring that de novo designed peptides are guided not only by
371  efficacy but also by inherent safety boundaries.

372 The overall loss integrates three components: an anti-aging classification loss, an activity
373  regression loss, and a toxicity penalty term based on the principles of SbD. The total loss is defined
374 as:

375 Livtar = ALeps + P Lyog TV Liox
376 Where a, 8, v are hyperparameters balancing the contributions of different objectives.
377 The classification loss L.ps adopts the Binary Cross-Entropy (BCE) function, ensuring
378  discrimination between anti-aging and non-anti-aging peptides:
1 N
379 Lo = =5 (nloga @) + (1 =y log(1 - o(5)))
i=1
380 Here, N denotes the number of classification samples, y; € {0,1} is the ground-truth label, ¥,
381  is the model logit, and a(-) is the sigmoid activation.
382 The regression loss L., is defined as the Mean Squared Error (MSE), guiding the model to
383  capture continuous ICso values:
1 M
P Yo
j=1
385 Where M is is the number of regression samples, z; is the ground-truth ICso.
386 We further introduce the SbD-inspired toxicity penalty L;,,. Let £ denote the set of known

387  toxic peptides. For each toxic sequence k, if the model incorrectly assigns a high anti-aging
388  probability, an additional penalty is applied:

1
389 Lipe =72 > o)
tox |T| y Yk
€T
390 Where ¥y, is the logit for toxic peptides. The penalty increases when o(37;) approaches 1

391  (misclassified as anti-aging) and vanishes when it approaches 0.
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392 To further refine the control, we introduce a threshold parameter 7, penalizing only predictions
393  above this safety margin:

1
394 Ligy = —Z max(0, c(y) — 1)
|7
keT
395 This formulation explicitly encodes avoidance of toxic misclassification into the training

396  process, enforcing the model to separate functional from toxic sequence patterns in the latent space.
397 To quantify the effectiveness of the SbD strategy, we used two key safety evaluation metrics:
398  toxicity penalty and toxicity detection accuracy. The toxicity penalty is as described above as Ly,
399  and the toxicity detection accuracy is defined as

1
400 Accroy = 1— mz I[o(k) > 0.5]
ker
401 Where |7] represents the size of the toxic peptide set, and I[-] is an indicator function that

402  returns 1 if the condition is true and O otherwise. Accg,, it represents the proportion of toxic
403  peptides correctly identified by the model as non-anti-aging peptides.

404  3.3. Model Optimization and scheduling

405 We used Adam (LR le-4), batch size 16, and up to 50 epochs. A ReduceLROnPlateau
406  scheduler (factor=0.5, patience=3, min_lr=1e-6, cooldown=2) monitored validation total loss. Early
407 stopping (patience=7, min_delta=0.001) restored the best weights upon convergence. Training ran
408 on CUDA. Classification and regression minibatches alternate within each epoch, each
409  backpropagating its respective loss term; the SbD penalty is attached to classification steps. After
410  each epoch, we aggregate training losses and evaluate on the validation sets. The best checkpoint is
411  saved with its configuration JSON.

412 We records all key metrics per epoch (total loss; task-wise losses; toxicity penalty;
413  classification AUC/F1/MCC; regression RMSE/R?* LR history). We fixed random seeds
414  (random_state=42) and standardized tokenization/length settings to improve reproducibility.

415  3.4. Compute Environment

416 All experiments were executed on a Linux workstation running Ubuntu 24.04 LTS, equipped
417  with NVIDIA GeForce RTX 4090 accelerators. The cumulative compute budget for this study
418 amounted to approximately 2000 RTX-4090 GPU-hours. In particular, the deep learning backbone
419  was PyTorch 2.6.0 (paired with Triton 3.2.0 for fused kernels). The sequence modeling layer was
420  built with Transformers 4.48.2, Tokenizers 0.21.0, and huggingface-hub 0.28.1. For scientific
421  computing and numerical kernels we used NumPy 1.26.4 and SciPy 1.14.1, while classical metrics
422  and model-selection utilities were provided by scikit-learn 1.6.1. Data wrangling and table-level
423  persistence were implemented with pandas, and plotting/logging utilities relied on matplotlib 3.9.2,
424 seaborn (matching our conda build), and tqdm (4.66+). On the CUDA side, our environment
425  resolved to nvidia-cuda-runtime-cul2 12.4.127, nvidia-cudnn-cul2 9.1.0, nvidia-cublas-cul2
426 12.4.5.8, nvidia-nvjitlink-cul2 12.4.127, and related 12.4.x components. The Python toolchain was
427  Python 3.12.

428 The full requirements file is shipped with the codebase.

429  3.5.Candidate Peptide Enumeration and Screening

430 To probe the peptide sequence space, we adopted a two-pronged strategy: exhaustive
431  enumeration for 6-mers and genetic algorithm (GA)-based search for 7-25-mers. For hexapeptides,

432  we enumerated the full combinatorial space over the 20 canonical amino acids.
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433 All 64,000,000 6-mer sequences were scored by the trained multi-task model: we computed
434  the anti-aging probability and the predicted ICso. Consistent with the activity prior, we filtered 6-
435  mers using the threshold IC5,<100 and ranked the survivors by anti-aging score.

436 For 7-25-mers, full enumeration is intractable. We therefore employed a standard GA to
437  efficiently navigate the combinatorial landscape. For each length L€ {7.25}, we randomly initialized
438 N mutually distinct sequences as the population , scored each sequence with the trained model, and
439 iteratively evolved the population via selection, crossover, mutation, with elitism retained.

440 Across 6-25 aa, we evaluated 255,321,471 sequences in total. Within this subset, 19 distinct
441  lengths (7-25 aa) were represented with the following counts: length 7—8,646,687, 8—8,990,820,
442  9—9,248,575, 10—9,351,083, 11—9,380,009, 12—9,508,744, 13—9,751,485, 14—9,961,420,
443  15—10,138,038, 16—10,502,810, 17—11,199,839, 18—11,814,377, 19—12,169,466, 20—
444 12,376,904, 21—12,490,351, 22—12,596,373, 23—12,696,600, 24—12,792,489, and 25—
445 12,858,105.

446  3.6. Peptide Synthesis and Preparation

447 Potential anti-senescence peptides identified from preliminary screening were synthesized by
448 GenScript with a purity of >95% and without any N- or C-terminal modifications. The peptides
449  were provided as TFA salts, which were converted to acetate salts, and subsequently dissolved in
450  double-distilled water (ddH20). Short peptides that were difficult to synthesize or purify were
451  excluded from further testing. All producible peptides underwent qualitative solubility assessment
452  and were confirmed to be soluble.

453  3.7.Cell Culture and Senescence Modeling

454 HEK?293 cells were utilized for large-scale peptide screening. Although HEK?293 is an
455  immortalized cell line, it remains a valid model for senescence induction due to the following
456  reasons: (1) it retains functional p53 and Rb pathways, which are central to stress-induced
457 senescence; (2) it exhibits well-documented responses to oxidative and genotoxic stressors, leading
458  to stable senescence phenotypes; and (3) its high reproducibility and ease of culture make it suitable
459  for high-throughput screening.

460 Cells were maintained in Dulbecco’s Modified Eagle Medium (DMEM) supplemented with
461 10% fetal bovine serum (FBS) and 1% penicillin—streptomycin solution. All cultures were kept in
462  ahumidified incubator at 37 °C with 5% CO..

463 For senescence induction, HEK293 cells were seeded in 96-well plates at a uniform density.
464  Two treatment paradigms were employed 1) Co-treatment: Cells were exposed to 300 uM hydrogen
465  peroxide (H202) for 24 h, followed by recovery in complete medium for another 24 h. Peptides were
466  present throughout both the H-O- treatment and recovery phases; 2) Post-treatment: Cells were
467 treated with 300 uM H:O: for 24 h, recovered in complete medium for 24 h, and then exposed to
468  peptides for an additional 24 h.

469 Each peptide was tested at concentrations of 1 uM, 10 uM, and 100 uM. All conditions were
470  performed in triplicate, and the entire experiment was independently repeated three times.

471  3.8.Cell Senescence and Functional Assays

472  3.8.1. Senescence-Associated p-Galactosidase (SA-fB-gal) Staining

473 SA-B-gal activity was measured using a commercially available kit. Cells were fixed with the
474  provided fixative, washed with PBS, and incubated with B-galactosidase substrate working solution
475 (pH 6.0) at 37 °C under CO2-free conditions in the dark until sufficient blue precipitate formed. The
476  reaction was stopped, and the absorbance at 605 nm (Asos) was recorded using a microplate reader.
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477  Wells without substrate or cells served as background controls. Since the insoluble indigo
478  precipitate correlates with SA-B-gal activity, lower Asos values indicate reduced senescence.

479  3.8.2. Intracellular Reactive Oxygen Species (ROS) Measurement

480 ROS levels were detected using the fluorescent probe DCFH-DA. After incubation, esterase
481  activation, and washing according to the manufacturer’s instructions, the relative fluorescence
482  intensity was measured at excitation/emission wavelengths of 485/535 nm using a multifunctional
483  microplate reader. All steps were performed under consistent incubation times and protected from
484  light to prevent photobleaching.

485  3.8.3. Mitochondrial Membrane Potential (A¥'m) Assessment

486 A¥Ym was evaluated using Mito-Tracker Red CMXRos dye (Beyotime Biotechnology).
487  Freshly prepared dye was applied, followed by incubation and PBS washes. Fluorescence was
488  measured at appropriate excitation/emission wavelengths. To correct for variations in cell number
489 or dye loading, signals were normalized to nuclear dye fluorescence or total protein content from
490  the same or parallel wells. Alternatively, data were normalized to the model control group within
491  each plate during statistical analysis.

492  3.9. C. elegans Strains and Maintenance

493 The N2 strain served as the wild-type control in all experimental procedures. Animals were
494  cultured under standard conditions at 20°C on nematode growth medium (NGM) plates containing
495 25 mM NaCl, 1.7% agar, 2.5 mg/mL peptone, 5 pg/mL cholesterol, ] mM CaClz, 1 mM MgSOsa,
496  and 50 mM KH:PO. (pH 6.0).

497 To eliminate potential metabolic interference from live bacteria, a uniform food source
498  consisting of UV-killed Escherichia coli OP50 was utilized throughout the study. Bacterial lawns
499  were prepared by spreading concentrated OP50 suspension onto NGM plates, air-drying briefly,
500  and subjecting to UV irradiation at 999,900 pJ/cm? for 12 minutes using a UV crosslinker with lids
501  removed.

502 Population synchronization was achieved through hypochlorite treatment. Gravid adults were
503  collected with M9 buffer (22 mM KH2PO4, 42 mM Na:HPO4, 86 mM NaCl, 1 mM MgSO.) and
504 exposed to alkaline hypochlorite solution (1% NaClO, 0.5 M NaOH) for 10 minutes with continuous
505 agitation. After egg release, samples were centrifuged at 1000 x g for 1 min, washed three times
506  with M9 buffer, and allowed to hatch overnight in M9 at 20°C. Resulting L1 larvae were transferred
507  to OP50-seeded NGM plates for development under controlled temperature conditions.

508

509 4. Conclusion

510 In this study, we developed ElixirSeeker2, the first computational framework for de novo
511 design of anti-aging peptides that integrates activity prediction, safety constraints, and large-scale
512  virtual screening. Guided by the Information Theory of Aging, ElixirSeeker2 successfully identified
513  multiple short peptides capable of delaying or reversing senescence-associated phenotypes in vitro
514  and enhancing locomotor function in C. elegans. These findings demonstrate that systematic de
515  novo design can yield functional anti-aging candidates beyond the limits of naturally evolved
516  sequences, providing a generalizable paradigm for next-generation biologics.

517 It should be emphasized that the present preprint represents only the first phase of a long-term
518  project. We are currently conducting evaluations in rat models to further validate the physiological
519  efficacy and safety of the leading peptides. In parallel, the ElixirSeeker2 algorithm will be further
520  optimized, incorporating advanced structural predictors. Together, these ongoing efforts aim to
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521  transform ElixirSeeker2 from a proof-of-concept computational platform into a fully translational
522  framework for anti-aging peptide therapeutics.
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661  Table S1. Candidates’ Sequence.

No. Sequence Length | MW
ElixirPep001 | FVQTQP 6 718.855
ElixirPep002 | ELGPGR 6 627.695
ElixirPep003 | ELPGKR 6 698.815
ElixirPep004 | FTSAQP 6 649.735
ElixirPep005 | SSKQRP 6 701.775
ElixirPep006 | LSVQPK 6 670.805
ElixirPep007 | LELSPR 6 713.815
ElixirPep008 | SSQPRA 6 644.675
ElixirPep009 | KEPAVNR 7 812.92
ElixirPep010 | LLEPNGLR 8 911.055
ElixirPep011 | LQTKTLRP 8 956.225
ElixirPep012 | ELMPGVKSR 9 1016.22
ElixirPep013 | CGPVLPGKAR 10 997.225
ElixirPep014 | LVLEPPNVRCQ 11 1267.51
ElixirPep015 | LEVPISKRPLRG 12 1364.64
ElixirPep016 | VQLSGPPGMVRA 12 1211.45
ElixirPep017 | AQTRAPESPKNRF 13 1501.69
ElixirPep018 | EKNLQVPKLTYTRR 14 1746.12
ElixirPep019 | NLEVNTRPAPIVKRR 15 1763.1
ElixirPep020 | WVRLETAPKVGPVPGR 16 1762.12
ElixirPep021 | RVNHKRGPVWASEPRPK 17 2014.31
ElixirPep022 | KHFKLTEKGPVQYPPLRC 18 2141.61
ElixirPep023 | VVKYRLFASSPVLERKNPR 19 2259.66
ElixirPep024 | IQWCRGKSSKAVVPIPNLRI 20 2265.73
ElixirPep025 | YVRKDRRNLRQEAPVPARYEA 21 2587.9
ElixirPep026 | LKCRTGTKVSSTGRVPRLKPERL 23 2583.2
ElixirPep027 | RLVYNNKGFLWKGKPLPENYQR 22 2721.15
ElixirPep028 | RKYTLTFKCHNSGLVPQPRRKNKM 24 2903.55
ElixirPep029 | KIWKVWAPNNKVKMNSRGPHCPAAR | 25 2889.42
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Figure S1. Seqlogo of each length of AAPeptide.
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Amino Acid Bias for 6-mer Peptide
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