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Disclosures

e Nothing to Disclose



Needs Assessment Statement

e Rapid advances in stem cell engineering, genome editing, and generative
artificial intelligence are reshaping molecular therapeutics. Reproductive
specialists require a clear understanding of how these technologies
integrate to enable programmable control of genes, proteins, and cellular
states in fertility and related diseases.



Expected Learning Outcomes

e Describe how ovarian support cell technologies improve oocyte
maturation and clinical outcomes.

e Interpret clinical trial data comparing Fertilo with traditional IVM.

Analyze how cell-state engineering can enhance reproductive success.

e Evaluate the potential role of Al-designed peptides and molecules in
fertility and other reproductive diseases.
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Proteins to Engineer Biology Programmably



Proteins that can edit any DNA sequence

DNA



Proteins that can bind and modify any other protein

DNA Proteins



Proteins that can generate any new cell type

DNA Proteins Cells/Tissues



Proteins that can generate any new cell type
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Transcription Factors : Regulators of Cell State
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Transcription Factors : Regulators of Cell State

Transcription
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nature communications

Human transcription factor protein interaction
networks

Helka G6s, Matias Kinnunen, Kari Salokas, Zenglai Tan, Xiaonan Liu, Leena Yadav, Qin Zhang, Gong=

Hong Wei & Markku Varjosalo &




TFs can be great tools for cell engineering
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TFs can be great tools for cell engineering
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TFs can be great tools for cell engineering
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TFs can be great tools for cell engineering
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TFs can be great tools for cell engineering

Adult Fibroblast Cells
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TFs can be great tools for cell engineering

Adult Fibroblast Cells
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But first:

How do we systematically
identify transcription factors
that induce new cell states
from iPSCs?



RNA-seq data of natural oocyte differentiation

Granulosa cells

Human Ovary Follicle RNA-Seq & Data processing

Smela, Kramme,...,Chatterjee. EMBO Reports(2025)



Graph theory algorithm to prioritize regulators

Human Ovary Follicle RNA-Seq & Data processing

!

PR(i)=(1-d)+d Y PL}?%) -y :
jen(i)

Smela, Kramme,...,Chatterjee. EMBO Reports(2025)



Prioritized list of TFs that drive oocyte formation

Smela, Kramme,...,.Chatterjee. EMBO Reports2025)



TFs with critical roles in germ cell development and cell

differentiation!
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Three TFs that drive DDX4 expression!

DDX4-tdTomato+ Yield (%)
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Smela, Kramme,...,Chatterjee. EMBO Reports(2025)



Combining them yielded higher percentages of these induced
oogonia -like cells (iOLCs)
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IOLCs expand post-isolation and display continued DDX4
protein expression

Trans tdTomato Trans tdTomato

Post-sort day 10
Post-sort day 28

Smela, Kramme,...,Chatterjee. EMBO Reports(2025)



IOLCs showcontinued oogonia -like protein expression
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Read about our story to make iOLCs!
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Rapid human oogonia-like cell specification via
transcription factor-directed differentiation

Merrick Pierson Smela'?, Christian C Kramme ='2® Patrick R J Fortuna'?, Bennett Wolf'?, Shrey Goel?,
Jessica Adams'?, Carl Ma'>'2, Sergiy Velychko =2, Ursula Widocki "4, Venkata Srikar Kavirayuni?,
Tianlai Chen3, Sophia Vincoff?, Edward Dong'?, Richie E Kohman =2, Mutsumi Kobayashi ‘"' >,

Toshi Shioda*' ¢, George M Church? & Pranam Chatterjee®”®



We have also generated ovarian support cells (OSCs)
from iPSCs!

i eLife

Research Article
Developmental Biology, Stem Cells and Regenerative Medicine

Directed differentiation of human iPSCs to
functional ovarian granulosa-like cells via
transcription factor overexpression

Merrick D Pierson Smela, Christian C Kramme, Patrick R} Fortuna, Jessica L Adams, Rui Su, Edward Dong,
Mutsumi Kobayashi, Garyk Brixi, Venkata Srikar Kavirayuni, Emma Tysinger, Richie E Kohman, Toshi
Shioda, Pranam Chatterjee, George M Church ™ « see less

Wyss Institute, Harvard University, United States; Department of Genetics, Harvard Medical School, United States;
Massachusetts General Hospital Center for Cancer Research, Harvard Medical School, United States; Department of
Biomedical Engineering, Duke University, United States; Department of Computer Science, Duke University, United
States




With these technologies, we started Gameto.

i eLife
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Gameto’s Fertilo program uses proprietary OSCs to
rapidly mature oocytes with minimal hormonal stimulations
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Gameto’s Fertilo program uses proprietary OSCs to
rapidly mature oocytes with minimal hormonal stimulations

NRS5A T+ RUNX2+ GATA4
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Directed differentiation of human iPSCs to
functional ovarian granulosa-like cells via
transcription factor overexpression




OSGIVMs are primarily
FOXL2+ AMHR2+
NR2F2+ granulosalike
cells.

They are steroidogenic,
producing aromatase in
response to FSH
stimulation
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Gameto’s Fertilo program uses proprietary OSCs to
rapidly mature oocytes with minimal hormonal stimulations

Ovarian Support

Directed differentiation of human iPSCs to
functional ovarian granulosa-like cells via
transcription factor overexpression

Merrick D Pierson Smela, Christian C Kramme, Patrick R] Fortuna, Jessica L Adams, Rui Su, Edward Dong,
M fenkata mma Tysinger, Richie E Kohman, Toshi




Gameto’s Fertilo program uses proprietary OSCs to
rapidly mature oocytes with minimal hormonal stimulations

OSC-IVMs are primarily
FOXL2+ AMHR2+
NR2F2+ granulosa-like
cells.

They are steroidogenic,
producing aromatase in
response to FSH
stimulation
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Gameto’s Fertilo program uses proprietary OSCs to
rapidly mature oocytes with minimal hormonal stimulations
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Let’'s see how this works!

NRS5A T+ RUNX2+ GATA4
TF-directed
differentiation
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OSGIVM demonstrates improved oocyte maturation
compared to commercially available IVM systems

Human Reproduction, 2023, 00(0), 1-14

human htps://doi.org/10.1093/humrep/dead205
reproduction Original Article
OXFORD P!

Infertility

Human-induced pluripotent stem cell-derived ovarian
support cell co-culture improves oocyte maturation
in vitro after abbreviated gonadotropin stimulation
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Presenter Notes
Presentation Notes
sibling oocyte study comparing the MII formation rate and oocyte morphological quality after 28 h of IVM
Total Oocyte Score (TOS) grading system (Lazzaroni-Tealdi et al., 2015)
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Presenter Notes
Presentation Notes
sibling oocyte study comparing the MII formation rate and oocyte morphological quality after 28 h of IVM
Total Oocyte Score (TOS) grading system (Lazzaroni-Tealdi et al., 2015)
Oocytes were given a score of −1, 0, or 1 for each of the following criteria: morphology, cytoplasmic granularity, PVS, ZP size, PB size, and oocyte diameter. ZP and oocyte diameter were measured using ECHO Revolve Microscope software and image analysis software Fiji (2.9.0/1.53t). The sum of all categories gave each oocyte a TOS (ranging from −6 to +6) with higher scores indicating better morphological qualit


OSGIVM-assisted oocytes are developmentally competent

for healthy embryo formation
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Presenter Notes
Presentation Notes
assessing euploid blastocyst formation after insemination, compared to the commercially available IVM contro
investigated whether OSC-IVM treated oocytes were capable of fertilization, cleavage, and formation of euploid blastocysts
OSC-IVM yielded a statistically significant improvement in Day 5 or 6 euploid blastocyst formation per COC (25% ± 7.5%) compared to the commercial IVM control
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The OSGIVM platform is a novel tool to rescue immature
oocytes from COS cycles
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Presenter Notes
Presentation Notes
-we further explored the potential of hiPSC-derived OSCs to rescue immature denuded human oocytes retrieved in conventional ovarian stimulation cycles, and we determined how gene expression is modulated in oocytes and OSCs by OSC-IVM co-culture
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Presenter Notes
Presentation Notes
-we further explored the potential of hiPSC-derived OSCs to rescue immature denuded human oocytes retrieved in conventional ovarian stimulation cycles, and we determined how gene expression is modulated in oocytes and OSCs by OSC-IVM co-culture
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Presenter Notes
Presentation Notes
we performed a single oocyte transcriptomic analysis. Transcriptomic analyses provide a global view of oocyte gene expression and steady state transcript abundance, offering a strong representation of their cellular state, function, and general attributes.
we observed that maturation state was the main driver of oocyte separation in whole transcriptomic space, suggesting that transcriptional profiles are a good predictor of oocyte maturation state
we generated reference transcriptomic signatures for oocyte maturation outcomes. We used MII oocytes retrieved from conventional ovarian stimulation IVF samples (IVF-MII) to create a gene score for IVF MII maturation signature
In parallel, we used the stalled GVs resultant from IVM conditions (OSC-IVM and Media-IVM) to generate a gene score for GV fail-to-mature signature
-These two gene signatures were utilized to capture a relative positive control of maturation, namely an IVF-like successful maturation outcome, as well as a negative control of maturation, namely oocytes that arrest as GVs. We then generated scatterplot projections to assess the molecular profile of individual oocytes relative to the IVF MII maturation gene signature (y-axis), as well as the GV fail-to-mature gene signature (x-axis) (Fig. 2C, Supplementary Table 2). For visual clarity, we annotated individual oocytes by condition (OSC-IVM, Media-IVM, and IVF-MII) and maturation outcome (GV, MI, MII) and included histograms to highlight the distribution of MII oocytes across both signature scores axes (Fig. 2C, Supplementary Table 2). As expected, we observed that most of the oocytes morphologically classified as GVs (“x” symbol) clustered in the lower right side of the plot, holding a high score for GV fail-to-mature signature along with a low score for IVF MII maturation signature. In contrast, individual oocytes from the IVF-MII condition clustered together in the upper left side of the plot, with a high score for IVF MII maturation signature and a low score for GV fail-to-mature signature (Fig. 2C, D). We then compared the IVF MII Maturation Signature Score of MII oocytes from both IVM conditions, OSC-IVM (score mean = 0.50 ± 0.06) and Media-IVM (score mean = 0.07 ± 0.10), to the IVF-MII oocytes (score mean = 0.81 ± 0.05) (Fig. 2D). Despite observing a significant difference in the IVF MII Maturation Signature Score between IVF-MII oocytes and those from either OSC-IVM (p = 0.0026) and Media-IVM MII oocytes (p < 0.0001), it is noteworthy that OSC-IVM MII oocytes exhibited a closer resemblance to the IVF-MII oocytes counterpart, suggesting a stronger transcriptomic similarity between these two groups (Fig. 2C, D). No significant differences were identified among the groups across the GV fail-to-mature Signature Score (Fig. 2C, D). 
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RUO-OSC-M lots had variable distribution among the three major clusters, while RUO-OSC-V and RUO-OSC-L lots had more consistent outcomes, exhibiting an increased percentage of early GCs and GCs, respectively (Figures 3B and S3C). CGOSC-L lots had a consistent high proportion of the mature population of GCs (>93%), with a decrease from 22% to <6% lowquality cells (others), compared with initial batches (Figures 3B and S3C). After implementation of the process modifications, there was increased expression of GC markers,23 indicating improved purity and differentiation efficiency


.

A master cell bank (MCB) with GMP-compliant manufacturing
and safety

Table 2. Safety testing panel

CG-0S8C CG-0SC product CG-0SC product
Test Specification CG-hiPSC MCB production lots CG-0SC product 6 months storage 12 months storage
Genomic integrity no karyotypic pass NT pass pass pass
abnormalities
detected
Endotoxin <0.1 EUW/mL pass pass pass NT NT
Mycoplasma not detected pass pass pass NT NT
Sterility no growth pass pass pass pass pass
Adventitious agents (human test panel) not detected Pass pass pass NT NT
Adventitious agents (in vivo) negative pass NT NT NT NT
Adventitious agents (in vitro) negative pass NT NT NT
Adventitious agents (species- specific) negative pass NT NT NT
Retroviral contamination negative pass NT NT NT
Residual hiPSC—RT-gPCR OCT4 < 0.1%; NT NT pass NT NT
NANOG < 0.1%
Residual doxycycline <0.06 pg/mL NT NT pass NT NT
Mouse embryo assay —embryotoxicity blastocyst formation > 80% NT NT pass pass pass

NT, not tested.

Paulsen, et al. Cell Stem Cel(2026)
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Presentation Notes
To facilitate translatability, the CG-hiPSC seed bank, generated under controlled conditions, was expanded into a master cell bank (MCB) under GMP-compliant manufacturing practices. As part of this transition, aseptic process simulation (APS) runs were conducted to validate sterility, assess contamination risks, and confirm the robustness of the manufacturing process before full-scale GMP production. A comprehensive risk assessment was performed on all materials and process steps involved in CG-hiPSC to CG-OSC manufacturing. Based on identified risks inherent to the process, targeted analytical tests were conducted to ensure safety and process control (Tables 1 and 2). Following CG-hiPSC expansion under GMP conditions, all testing met the predefined acceptance criteria, confirming the safety and suitability of the starting material (Tables 1 and 2).
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So we headed to clinical trials

Paulsen, et al. Cell Stem Cel(2026)


Presenter Notes
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In phase 1, 20 infertile patients were recruited. Following minimal stimulation cycles, immature cumulus-oocyte complexes (COCs) were collected from patients, subjected to IVM with Fertilo, and key embryological and clinical outcomes were assessed. The results for each outcome were determined based on the number of samples that proceeded to each step. The MII maturation rate was 68% per COC retrieved based on the presence of a first polar body (PB1) (Figure 5A). Between 16 and 18 h post-ICSI, the fertilization rate was determined to be 84% per mature MII based on the formation of two pronuclei (Figure 5A). The cleavage rate was determined at 3 days post-ICSI based on the presence of 2 or more cells, and the total and high-quality (HQ) BFRs were determined on days 5–7 post-ICSI, based on cavitation and a 3BB or greater score based on the Gardner scale, respectively. The cleavage rate was 91%, the BFR was 42%, and the HQ BFR was 38% (Figure 5A); these percentages were calculated per fertilized embryo. The euploidy rate, which was determined within 7 days post-ICSI via PGT-A analysis, was 64% per blastocyst biopsy (Figure 5A). Finally, the biochemical (implantation) and clinical pregnancy rate were determined per embryo transfer. Biochemical pregnancy was assessed at days 10–14 post transfer based on a β-human chorionic gonadotropin (hCG) > 5 mIU/mL; the rate of successful implantation was 60% (Figure 5A). Ongoing clinical pregnancy was assessed at a minimum of 10 weeks post-embryo transfer based on the presence of a visible gestational sac with a fetal heartbeat via ultrasound at 10–12 weeks’ gestation; the rate of ongoing clinical pregnancy per embryo transfer was 53% (Figure 5A). Notably, the first live birth of a healthy singleton female following an OSC-IVM cycle with Fertilo occurred at 38.5 weeks. At birth, the baby was 3,255 g, 49.5 cm, and scored a 9/9 on the Apgar scale, demonstrating no congenital abnormalities after a vaginal birth. Since then, there have been five additional healthy live births in this study, with additional pregnancies ongoing.


Phase 1: High maturation, euploidy, and live birth rates
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In Phase 1, we evaluated Fertilo in 20 infertile patients undergoing minimal stimulation cycles. We saw a 68% maturation rate to MII, followed by strong downstream performance with 84% fertilization and 91% cleavage. Blastocyst formation reached 42%, with 38% high-quality blastocysts, and 64% of biopsied blastocysts were euploid. Clinically, this translated into a 60% implantation rate and a 53% ongoing pregnancy rate per transfer, with multiple healthy live births reported.


Our first Fertilo baby was born in Lima, Peru! pEe




3255 g, 49.5 cm, 9/9 APGAR!




Welcome Mia! &




Welcome Mia!
We now have 5 additional births from this study! &
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Phase 2: Fertilo improves outcomes vs. standard IVM
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In Phase 2, we ran a direct head-to-head comparison against traditional monophasic IVM. Across nearly every embryologic endpoint, Fertilo performed better. We saw significantly higher maturation rates, higher fertilization rates, and higher cleavage rates per COC retrieved. Importantly, the rate of high-quality blastocysts and euploid embryos was also significantly greater with Fertilo. Most striking, 8 out of 10 patients in the Fertilo arm produced at least one euploid blastocyst, compared to just 3 out of 10 with traditional IVM.
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Phase 2: Two healthy, live births in this group!
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There have been two healthy live births in this group, with one ongoing pregnancy awaiting delivery and two implantation failures. In the traditional IVM group, all three patients underwent embryo transfer, with two resulting in healthy live births and one implantation failure.
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In total, Fertilo doubles ongoing pregnancy per cycle
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When we combine both phases and look at outcomes per cycle, the difference becomes even clearer. Fertilo achieved a 41% ongoing pregnancy rate per cycle, compared to 20% with traditional IVM. And while per-COC differences in blastocyst rates were more modest, per cycle Fertilo produced substantially more blastocysts and more euploid blastocysts. In other words, more patients actually reach a meaningful clinical endpoint with Fertilo.


So this is the “near” future

Cells/Tissues



Let's look a little farther ahead!

DNA Proteins



Proteins that can edit any DNA sequence
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Proteins that can edit any DNA sequence
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Proteins that can edit any DNA sequence
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We are using SpRYc to address fertility-related disorders
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We are using SpRYc to address fertility-related disorders
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Proteins that can edit any DNA sequence
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Proteins that can bind and modify any other protein

Proteins



Fertility -related disorders are driven by dysregulated proteins



Fertility -related disorders are driven by dysregulated proteins
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Presenter Notes
Presentation Notes
Androgen Receptor (AR): Overactivation of AR contributes to the excess androgen production seen in PCOS, leading to ovarian dysfunction and infertility.
Steroidogenic Acute Regulatory Protein (StAR): Overexpression of StAR drives increased androgen biosynthesis in the ovaries, contributing to hyperandrogenism.
CYP17A1 (17α-Hydroxylase/17,20-Lyase): This enzyme is involved in androgen synthesis, and its dysregulation leads to elevated androgen levels in PCOS patients.
Insulin Receptor Substrate (IRS-1): Insulin resistance is a common feature of PCOS, and dysregulated IRS-1 signaling leads to impaired insulin function, exacerbating hyperinsulinemia and androgen production.
LH Receptor (LHCGR): Overactivation of the LH receptor due to elevated luteinizing hormone levels contributes to disrupted ovulation in PCOS.



Fertility -related disorders are driven by dysregulated proteins
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Presenter Notes
Presentation Notes
Estrogen Receptor Alpha (ERα): ERα is overexpressed in endometriotic lesions, driving estrogen-dependent growth and inflammation.
Cyclooxygenase-2 (COX-2): COX-2 is overexpressed in endometrial tissue, promoting inflammation and lesion formation, which contributes to pain and infertility in endometriosis.
Aromatase (CYP19A1): Aromatase is responsible for local estrogen production in endometriotic lesions, and its dysregulation leads to increased lesion growth and persistence.
Matrix Metalloproteinase (MMP-9): MMP-9 is involved in tissue remodeling and is upregulated in endometriotic lesions, contributing to tissue invasion and lesion formation.



Fertility -related disorders are driven by dysregulated proteins

PCOS Endometriosis

endometriosis

Eggs not
maturing

endometriosis

Immature eggs

Cysts
4 not released

formation

AR, StAR, ERa, COX-2,
CYP17A1, CYP19AT1,
IRS-1 MMP-9

POI

Primary ovarian
Insufficiency

FOXO3a, p53,
BMP15,
GDF9


Presenter Notes
Presentation Notes
FOXO3a: This transcription factor is involved in regulating ovarian follicle apoptosis. Dysregulation of FOXO3a promotes premature follicle loss in POI.
p53: As a key regulator of apoptosis, p53 overactivation leads to excessive follicular atresia and ovarian insufficiency in POI patients.
BMP15 (Bone Morphogenetic Protein 15): Dysregulation of BMP15, a protein critical for ovarian follicle development, is implicated in defective folliculogenesis and oocyte maturation in POI.
GDF9 (Growth Differentiation Factor 9): Like BMP15, GDF9 is essential for normal follicle development, and its dysregulation is associated with impaired ovarian function in POI.



For proteins, unlike DNA, it's not so simple.

naturemedicine

The biology of infertility: research advances and

clinical challenges

Martin M Matzuk & Dolores J Lamb
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Many infertility -driving proteins are considered “undruggable”
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The biology of infertility: research advances and
clinical challenges

Martin M Matzuk & Dolores J Lamb
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And are also conformationally disordered

naturemedicine

The biology of infertility: research advances and

clinical challenges

Martin M Matzuk & Dolores J Lamb

Ovulation
CEBP-fi, ILBST, LFNG, LHR, NOS3, NRIP1,
NR2C2, OAS1D, PDE3A, PDEAD, PTGS2, PR,
SIRT1, SAB1, SULT1E1, TRP73, YBX2

Preovulatory follicle

Cumulus expansion
AMBP, AREG, BMP15,
BMPR18, EREG, GDF3,
PTGERZ2, PTX3, TNFAIPS

-]
Fertilization @

BSG, CD9, CD81, PIGA,
PLCB1, 2ZP1, ZP2, ZP3

Maternal effect
CSF2. DNMT 10, DNMT3L,
DPPA3, HSF1, NLRPS, NPM2,
PADS, UBE2A, ZAR1, ZFP36L2

Luteal

ADAMTSH, IMMP2L, INH-c
IRS2, ER-a, ER-J, SH2B1,
S0D1, S0X3, TNFRSF1A

Early antral follicle
AHR, CCND2, DDR2,
FSHR, IGF1, NOS1,
NR2C2, PCYT18B,
SH2B1, SAC, TAF4B,
[ THBS1, UBE3A

i/ Secondary follicle
b2 GDFg, KITL

@O @ Primary follicle

2 KITL, KIT, AMH,

®® & FOXO3A

Primordial follicles

LHX8, NOBOX, SOHLH1, SOHLH2

Implantation and uterine  yoERPe ErGLR Pa Paa

ACSL4, CBS, CENPB, CSF1,

CYP40, DLGAPS, FKBP4, HMX3,

HNF1A, HOXA10, HOXA11, >

Post-implantation and post-partum

ILT1RA, LHX1, LIF, LPAR3,
NCOA1,NDP, OVOL1, PAXS, PR,
PTGS2, TERT, WNTTA

ABCA1, B4GALT1, BSX, CSF1,

DAZAP1, FOXB1, FZD4, GDI1, HSF1,
INHBB, NR2C2, OXT. OXTR, SRD5A1

Stergidogenesis
ARNTL, CYP11A, CYP19A1,
CYP40, DHCR24, NRSA2,
STAR, VDR

Embryonic germ cell
BCL2. BCL2L2, BMP4,
EMPBB, DAZL, FST, GJA1,
GLP1, KIT, KITL. NANOS3,
PRDM1, SMAD1, SMADS,
STRAS, TCF21, TIAL1, WT1,
WNT4, ZFX

Central
ACVR2A, AFP, AIRE, CDK4,
CDKN1C, CG-ur, CPE,
CRTC1, DDR2, FSH-f, EGR1,
GGT1, GHR, GNAH, GNRHR,
INSL3, KISS1, KISS1R, LER.
LEPR, LH-f, OTX1, NPR2,
POU1F1, PROP1, STATS,
TGF-}1, TSHB, TKT

Meiotic and DNA repair

ATM, BRWD1, CDC25B,
CDK2, CKS2, CNB1IP1,
CPEB1, DMC1, ERCCH1,
ERCC2, FANCA, FANCC,
FANCG, FANCL, FMN2,
GJA4, GPR3, HSF2, MEIT,
MOS, MLH1, MLH3, MSH4,
MSHS, NBN, NOS3, PMS2,
RECBS, SGOL2, SMC18B,
SPO11, SYCP1, SYCP2,
SYCP3, TOP3B, TRIP13,
UBB, UBR2

AlphaFold prediction:
NOBOX




So you can’t use small molecules or structure -based methods

to hit these targets...

naturemedicine

The biology of infertility: research advances and
clinical challenges

Martin M Matzuk & Dolores J Lamb

Ovulation
ADAMTSH, IMMPZL, INH-c:
CEBP-fi, ILBST, LFNG, LHR, NOS3, NRIP1, ;
NR2C2, OASID, PDE3IA, PDEAD, PTGS2, PR, Preovulatory follicle gﬂosg_‘ggc.;;;m‘#:::m
SIRT1, SAB1, SULT1E1, TRP73, YBX2 . h

Cumulus expansion

AMBF, AREG, BMP15
BMPR1B, EREG, GDF9 5= Early antral follicle
PTGERZ, PTX3, TNFAIPE AHR, GCND2, DDR2,
FSHR, IGF1, NOS1,
NR2C2, PCYT1B,
SH2B1, SAC, TAF4B,
THBS1, UBE3A
Mural GC
Fertilization {
Fe e T8
BSG, CD9, CD81, PIGA, P /
PLCB1, ZP1, ZP2, ZP3 & \\"f 5 .4 Secondary follicle
f\-:\ ] GDFY, KITL
Maternal effect | FIGLAS:J -~ @ Primary follicle
CSF2, DNMT10, DNMT3L, g o A KITL, KIT, AMH
DPPA3, HSF1, NLRPS, NPM2, \ - (.\(D FOXO3A '
PADSG, UBE2A, ZAR1, ZFP36L2 ! = 7
Lng T Primordial follicles
coke cnK::e:cgsp b LHX8, NOBOX, SOHLH1, SOHLH2
Implantation and uterine o P Eo,

ACSL4, CBS, CENPB, CSF1,

CYP40, DLGAPS, FKBP4, HMX3,
HNF1A, HOXA10, HOXA11,
ILT1RA, LHX1, LIF, LPAR3,
NCOA1,NDP, OVOL1, PAXS, PR,
PTGS2, TERT, WNT7A

Post-implantation and post-partum Stercidogenesis
ABCA1, B4GALT1, BSX, CSF1, ARNTL, CYP11A, CYP19A1,

DAZAP1, FOXB1, FZD4, GDI1, HSF1, CYP40, DHCR24, NRSA2,
INHBB, NR2C2, OXT, OXTR, SRD5A1 STAR. VDR

—

Embryonic germ cell
BCL2, BCL2L2, BMP4,
EMPBB, DAZL, FST, GJA1,
GLP1, KIT, KITL, NANOS3,
PRDM1, SMAD1, SMADS
STRAS, TCF21, TIAL1, WT1,
WNT4, ZFX

Central
ACVR2A, AFP, AIRE, CDK4,
CDKN1C, CG-cr, CPE,

CRTC1, DDR2, FSH-f, EGR1,
GGT1, GHR, GNAH, GNRHR,

INSL3, KISS1, KISS1R, LER.
LEPR, LH-§, OTX1, NPR2,
POU1F1, PROP1, STAT3,
TGF-i1, TSHB, TKT

Meiotic and DNA repair

ATM, BRWD1, CDC25B,
CDK2, CKS2, CNB1IP1,
CPEB1, DMC1, ERCCH1,
ERCC2, FANCA, FANCC,
FANCG, FANCL, FMN2,
GJA4, GPR3, HSF2, MEIT,
MOS, MLH1, MLH3, MSH4,
MSHS, NBN, NOS3, PMS2,
RECBS, SGOL2, SMC18B,
SPO11, SYCP1, SYCP2,
SYCP3, TOP3B, TRIP13,
UBB, UBR2

AlphaFold prediction:
NOBOX

ct

Random

De novo desig;
RFdiffusion



So you can’t use small molecules or structure -based methods

to hit these targets...

naturemedicine

The biology of infertility: research advances and

clinical challenges

Martin M Matzuk & Dolores J Lamb

Ovulation
CEBP-fi, ILBST, LFNG, LHR, NOS3, NRIP1,

NR2C2, OAS1D, PDE3A, PDE4D, PTGSZ2, PR

SIRT1, SAB1, SULTIE1, TRP73, YBX2

Cumulus expansion
AMBP, AREG, BEMP15
BMPR1B, EREG, GDF3,
PTGER2, PTX3, TNFAIPG

Fertilization

BSG, CD9, CD81, PIGA,
PLCB1, ZP1, ZP2, ZP3

Tul
Corpus
Maternal effect luteum
CSF2, DNMT 10, DNMT3L,
DPPA3, HSF1, NLAPS, NPM2,
PADG, UBE2A, ZAR1, ZFP36L2

Implantation and uterine

CDK4, CDKN1B, CEBP-§, EGRI,
NPEPPS, PTGFR, PRL, PRLR

Preovulatory follicle

Luteal

ADAMTS1, IMMP2L, INH-tt,
IRS2, ER-tx, ER-fi, SH2B1,
SO0, SOX3, TNFRSF1A

Early antral follicle
AHR, CCND2, DDR2,
FSHR, IGF1, NOS1,
NR2C2, PCYT1B,
SH2B1, SRC, TAF
I3 THBS1, UBE3A

! secondary follicle
GDF%, KITL

Primary follicle
KITL, KIT, AMH,
FOXO3A

Primordial follicles

LHX8, NOBOX, SOHLH1, SOHLH2

ACSL4, CBS, CENPB, CSF1,
CYP40, DLGAPS, FKBP4, HMX3,
HNF1A, HOXA10, HOXA11, —
ILT1RA, LHX1, LIF, LPAR3,

NCOA1,NDP, OVOL1, PAXS, PR,
PTGS2, TERT, WNT7A

Post-implantation and post-partum Steroidogenesis

ABCA1, BAGALT1, BSX, CSF1,

ARNTL, CYP11A, CYP19A1,

DAZAP1, FOXB1, FZD4, GDI1, HSF1, CYP4D, DHCR24, NRSA2,
INHBB, NR2C2, OXT, OXTR, SRD5A1 STAR, VDR

Embryonic germ cell

BCL2, BCL2L2, BMP4,
BMPSB, DAZL, FST, GJA1,
GLP1, KIT, KITL. NANOS3,
PRDM1, SMAD1, SMADS,
STRAS, TCF21, TIALT. WT1,
WNTA, ZFX

Central

ACVR2A, AFP, AIRE, COK4,
CDKN1C, CG-a, CPE,

CRTC1, DDR2, FSH-B, EGR1.
GGT1, GHR, GNRH, GNRHR,

INSL3, KISS1, KISS1R, LEP
LEPR, LH-}}, OTX1, NPR2,
POU1F1, PROP1, STAT3,
TGF-fi1, TSHB, TKT

Meiotic and DNA repair

ATM, BRWD1, CDC25B,
CDK2, CKS2, CNB1IPY,
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Can we design “guide” peptides to
bind and degrade undruggable
targets without needing their

structure?




Our first instinct : language models

> 1 Trillion Sentences
~ 70 trillion tokens

Large Language Models (LLMs), such as GPT-3 and GPT-4, util
ize a process called tokenization. Tokenization involves br
eaking down text into smaller units, known as tokens, which
the model can process and understand. These tokens can rang
e from individual characters to entire words or even larger
chunks, depending on the model. For GPT-3 and GPT-4, a Byte
Pair Encoding (BPE) tokenizer is used. BPE is a subword tok
enization technique that allows the model to dynamically bu
ild a vocabulary during training, efficiently representing

common words and word fragments. Although the core tokeniza N\
tion process remains similar across different versions of t “q —= )
hese models, the specific implementation can vary based on
the model's architecture and training objectives. e
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Ouir first instinct : protein language models

~100 Million Sequences

Pretrained via masked LM

00000000

00000000

{

v Syntax
v Semantics
v Grammar

\_’ EGRLTVYCTVQ.. [

Single sequence

Durairaj, et al. bioRxiv(2023)
Lin, et al. Science2023)



Ouir first instinct : protein language models

~100 Million Sequences Pretrained via masked LM

00000000

00000000

{

Brightness (%)

Single sequence

Vv Syatax Structure
v Semanties Function

v Grammar Interaction

\_’ EGRLTVYCTVQ.. [

Durairaj, et al. bioRxiv(2023)
Lin, et al. Science2023)
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So clearly, sequence is enough to generate potent binders




But just binding isn’t enough...




Consider the GLP-1 agonists
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GLP-1R agonist peptides have been around for DECADES
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GLP-1 drug sales hit $22 billion (2022)
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What's taken so long??
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It took yearsto perfectly adjust these peptides to get optimal
therapeutic properties !
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144-168 h
1051120 Triple agonists showed
superior weight loss in
mice (2014)
1-13 h 6-8 h
24h 57 24h e
- o 0 e L q0e Liraglutide was
A0S\ AR s A approved by the
SR\ g o PP! y:
ST g Sy FDA (2010)
Dual agonists
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were identified through gene (2009)
sequencing (1983)
Exenatide became the
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A glucagon- GLP-1 analog (2005)

GLP-1(7-37)
was identified in
intestine (1983)

like sequence
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Exendin-4 was
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\

\
\

\; L —

500 in fish (1982)
GLP-1(7-36) was
confirmed (1987)
0
1978 1980 1982 1§84 1986 1988

GLP-1 0 GLP-1RAs [ Clinical Trial

Dual agonists’ first \
clinical trial (2018)

GLP-1 drug sales hit $22 billion (2022)

Semaglutide was
approved by the FDA|
2021

The first clinical trial of
an oral diabetes drug
based on GLP-1 (2021)
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Zheng, et al.
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Therapeutic design is multi -objective

Binds Target Soluble Non-Toxic
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Therapeutic design is multi -objective

Binds Target

Long Half -Life

PK/PD
« T>MI
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Current generation frameworks do not support this...



Current generation frameworks do not support this...

Zero (0)
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Input Prompt: Recite the first law of robotics
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Output:



Current generation frameworks do not support this...

Single (1)
~Zero () Objective -Guided
Obijective -Guided Generation
Generation

DALL-E 2

Input Prompt: Recite the first law of robotics

Y

MODEL

Output:




But maybe we can still get clues from these?

Single (1)
~Zero () Objective -Guided
Obijective -Guided Generation
Generation

DALL-E 2

Input Prompt: Recite the first law of robotics

Y

MODEL

Output:




Language-Guided Diffusion

_ CLIP objective _ img
- o encoder
“a corgi
playing a
flame [
throwing O O
" \ \ ——
trumpet Slelolele O O
30"
O O
""""""""""""""""""""""""""" h— O+ ~» — O O
O O
prior decoder

Ramesh, et al. arXiv(2022)



Can we instead do this for sequence generation?

CLIP objective img
s encoder
“a corgi
playing a
flame [N W |
throwing 5
- .‘3;“ —\ ¥
trumpet Slelelel® ok,
33
O O
---------------------------------------- O+ ~» e L O
O O
prior decoder

Ramesh, et al. arXiv(2022)



Discrete Diffusion

Forward Discrete Diffusion

XT L=l —ayfl — oyl — o] .. lfaa
Xt (] ouf o] . |a)

T

q(x | Tm1) =l + (1 — )@

(M[k|[k|s|.]|D]

Input Discrete Sequence t

Austin, et al. Neur/PS2021)
Sahoo, et al. Neur/lPS2024)
Shi, et al. NeurlPS(2024)


Presenter Notes
Presentation Notes
In the forward process, we progressively mask tokens according to αₜ, transforming the clean protein sequence into an absorbing noise state


Discrete Diffusion

Forward Discrete Diffusion
XT L=l —ayfl — oyl — o] .. lfaa
> EMASK] [MASK]|[MASK] | [MAsK| [MASKﬂ
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q(x | Tm1) =l + (1 — )@
(M[k|[k|s|.]|D]
Input Discrete Sequence t

Austin, et al. Neur/PS2021)
Sahoo, et al. Neur/lPS2024)
Shi, et al. NeurlPS(2024)


Presenter Notes
Presentation Notes
In the forward process, we progressively mask tokens according to αₜ, transforming the clean protein sequence into an absorbing noise state


Discrete Diffusion

................................................................ T
Forward Discrete Diffusion
Reverse Discrete Diffusion
XT L=l —ayfl —oufl —a] .., |1 —
] > EMASK] [MASK]|[MASK] [ (MASK]| [MASKﬂ
Xt [at | o | o] .. at]
T MHSA + FFN Polxi—1 | T
q(x | Tm1) =l + (1 — )@ ( k | t)
| Vv
(M[k|[k|s|.]|D] (M|k|[k|s|.]|D]
Input Discrete Sequence Reconstructed Discrete Sequence t

Austin, et al. Neur/PS2021)
Sahoo, et al. Neur/lPS2024)
Shi, et al. NeurlPS(2024)


Presenter Notes
Presentation Notes
Then, during reverse diffusion, the model learns to denoise — predicting the original amino acids step by step from these masked inputs


Discrete Diffusion

Forward Discrete Diffusion

XT L=l —ayfl — oyl — o] ..
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Reverse Discrete Diffusion
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|
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Reconstructed Discrete Sequence

Austin, et al. Neur/PS2021)
Sahoo, et al. Neur/lPS2024)
Shi, et al. NeurlPS(2024)


Presenter Notes
Presentation Notes
Finally, we optimize the denoising likelihood, 𝐿 diff L diff ​ , which trains the model to accurately reconstruct the clean sequence at every timestep


Masked Diffusion Language Model (MDLM)
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Sahoo, et al. Neur/lPS2024)
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Presentation Notes
Finally, we optimize the denoising likelihood, 𝐿 diff L diff ​ , which trains the model to accurately reconstruct the clean sequence at every timestep
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Masked Diffusion Language Model (MDLM)

said

Austin, et al. Neur/PS2021)
Sahoo, et al. Neur/lPS2024)
Shi, et al. NeurlPS(2024)


Presenter Notes
Presentation Notes
Finally, we optimize the denoising likelihood, 𝐿 diff L diff ​ , which trains the model to accurately reconstruct the clean sequence at every timestep


MDLMs are the future of language models

Forward Future 2 @ForwardFuture - Dec 31,2025
Google isn’t betting on a single Al architecture.

Google DeepMind - Try G Studio Try Gemi 3
Sundar Pichai, CEO of Google:

“We’re going to push the diffusion paradigm as hard as possible.”...

Show more

Gemini Diffusion

SO DOINGTEXT DIFFUSIO"N

0:29/1:02" o) {&




Masked Diffusion Language Model (MDLM)

................................................................ T
Forward Discrete Diffusion
Reverse Discrete Diffusion
XT L=l —ayfl — oyl — o] .. 1faa
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Finally, we optimize the denoising likelihood, 𝐿 diff L diff ​ , which trains the model to accurately reconstruct the clean sequence at every timestep


Membrane Diffusion Language Models (MemDLM)

Absorbing State Diffusion
5 ] Reverse Diffusion

XT [lfat 1— ol — o)l — g e
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Xt [&t Qi | o | Qg | .. at]

/I\

MeMOLM

MHSA + FFN Do (X)

Qp = 1-— t/T
I A4
(M|c|p|E|.[5] (M[{c|p|E|.|S]
Input Protein Sequence Reconstructed Protein Sequence t
N
rd ERDM ~
L=28AA L=264AA L=597AA
pLDDT =934 pLDDT =91.5 pLDDT =91.2

Goel, Schray,...,Kratochvil, Chatterjee. NeurlPS Al4Science Ord2025)


Presenter Notes
Presentation Notes
An RDM reparameterizes the discrete diffusion process into a continuous, convex combination with an absorbing mask state for stable, differentiable training—whereas a standard MDLM uses stochastic categorical masking without reparameterization, limiting gradient control and sampling efficiency.



TOXCAT Assay to test valid membrane insertion

| ToxR | POl | B-lactamase ]
P—
Q© = B-lactamase 8
O =ToxR
AToxR-POI-BL APOI Soluble ™ ™

(monomer) (dimer)

Control Samples AToxR-POI-BL APOI EK3 CLS ErbB2, GpA,

Qsox2

Spectinomycin Growth Growth Growth Growth Growth

Carbenicillin No growth No growth No growth Growth Growth

Carbenicillin + No growth No growth No growth No growth Growth

Chloramphenicol

Goel, Schray,...,Kratochvil, Chatterjee. NeurlPS Al4Science Ord2025)



MemDLM generates membrane -inserting sequences

| ToxR | POl | B-lactamase ]
P—
Q© = B-lactamase 8
O =ToxR
AToxR-POI-BL APOI Soluble ™ ™

(monomer) (dimer)

Control Samples AToxR-POI-BL APOI EK3 CLS ErbB2, GpA,

Qsox2

Spectinomycin Growth Growth Growth Growth Growth

Carbenicillin No growth No growth No growth Growth Growth

Carbenicillin + No growth No growth No growth No growth Growth

Chloramphenicol
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Goel, Schray,...,Kratochvil, Chatterjee. NeurlPS Al4Science Ord2025)



Great! So MDLMs can make valid biological sequences.

| ToxR | POl | B-lactamase ]
P—
Q© = B-lactamase 8
O =ToxR
AToxR-POI-BL APOI Soluble ™ ™

(monomer) (dimer)

Control Samples AToxR-POI-BL APOI EK3 CLS ErbB2, GpA,

Qsox2

Spectinomycin Growth Growth Growth Growth Growth

Carbenicillin No growth No growth No growth Growth Growth

Carbenicillin + No growth No growth No growth No growth Growth

Chloramphenicol

o oo Carbenicillin (300 pg/mL)
1.6 1 cLs
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GoodTM5
—e— GoodTM8
©®— PoorTM2
1.2 4 —e— PoorTM4
J
0.8 1
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Time (Hours)

Goel, Schray,...,Kratochvil, Chatterjee. NeurlPS Al4Science Ord2025)



But we need to generate optimized sequences.

Binds Target Soluble Non-Toxic
i B
VI w8/

Long Half -Life Non-Fouling

PK/PD indices
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Time




PepTune

Tang, Zhang, Chatterjee. /CML(2025)



PepTune can model modified peptides!

N-Methylation .
Noncanonical
@ Amino Acids
Side-chain

Stereochemlstry

Ha@ 0
\\__?
HzN’ H\/"\OH
. 0 W\‘ 0
= \’f\o’}/ﬁ\w ):
L HNZ SNH, Cyclization
PEGylation Reactions

Feller, et al. bioRxiv(2024)



PepTune useschemical language

Tripeptide Structural Representation

N-Methylatio . = : .
L Noncanonical Methionine NH, [[Alanine o || Glycine
Amino Acids = H
Side-chain H3C\ : N g 0
Stereochemlstry S 5 ﬂ
3% (Y 0 c

H, OH
Canonical SMILES string
|CSCCIC@H](N)C(=0)||N[C@@H](C)C(=0)||NCC(0)=0|

Cyclization Tokenized string
PEGylation Reactions ICScC|[C@H]| |(N)”C(=O)||E [C@@H||(C)||c(=0)||NCC]||(0)|[=0|

Feller, et al. bioRxiv(2024)



Masked Discrete Diffusion to Generate Peptides

IMASK] [MASK] Cl=0IN | [MasK] IMasK] NE(=0) | [MASK] —— T [MASK] Cl=0lN [MasK] [MASK] NC(=0) [MasK]

RoFormer Backbone

Zero-Masking Probability Carry-Over Unmasking
C{Xﬁ(zt, t)‘ m) = U) (ifz, = xp then xp(z;,t) = zj)
L J
¥

e o oo reommt L2 oo cuo ey
INCO) (occny  cetele c=0) (NCo) ct=0) (oeeN) (nco)

CC(C)C [C@@H] C(=0)N [C@H] CC(C)IC NC(=0) N2CCC C(=0)

coElc  [c@@Hl | EFEON | [c@Hl (cclcic) | Nee) | naccc ccelc  [c@@H] | CEON | [c@Hl  (cclo) [INEON | nacce

Input Peptide SMILES Reconstructed Peptide SMILES

S|-——r——_——e—ee e, ————

» L= Llo\IOELBO + Einva.lid <

Continuous-Time State-Dependent NELBO + Invalid Loss

Tang, Zhang, Chatterjee. /CML(2025)
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PepMDLM generates diverse new, modified peptides!

Non-Natural Amino Acid Frequencies
10 1

Frequency of Non-Natural Amino Acids Per Peptide

PepTune Permeability Dataset Binding Dataset

Permeability Data Binding Data PepMDLM

Mean nAAs Per Peptide 2215 2.150 2.940
Cyclic Peptides (%) 0.467 0.027 0.100

Tang, Zhang, Chatterjee. /CML(2025)
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Goal: identify Pareto optimal peptide sequences across a//
properties

>

P (s(x))

Membrane Permeability

Target Protein Binding Affinity

Tang, Zhang, Chatterjee. /CML(2025)
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Goal: identify Pareto optimal peptide sequences across a//
properties

>

P (s(x))

Membrane Permeability

Target Protein Binding Affinity

Tang, Zhang, Chatterjee. /CML(2025)



A Unified Platform for
.  PEPTIDE THERAPEUTIC
S PROPERTY PREDICTION

Zhang,...,Chatterjee. /CLR GEM Workshof2026)


Presenter Notes
Presentation Notes
we show that our parameterization of the bias force enables generalization to unseen perturbed populations that diverge from the training distribution by learning dependencies on the target state (Fig. 2). Comparing the reconstruction metrics of the target perturbed cell states with and without velocity conditioning, we confirm our hypothesis that introducing dependence on the dynamic velocities across a cell cluster enables more accurate reconstruction of the target distribution compared to when the bias term is trained with only positional dependence


Datasets of Experimentally-
Validated Peptide Properties

Binding Affinity to Protein Target
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Presenter Notes
Presentation Notes
we show that our parameterization of the bias force enables generalization to unseen perturbed populations that diverge from the training distribution by learning dependencies on the target state (Fig. 2). Comparing the reconstruction metrics of the target perturbed cell states with and without velocity conditioning, we confirm our hypothesis that introducing dependence on the dynamic velocities across a cell cluster enables more accurate reconstruction of the target distribution compared to when the bias term is trained with only positional dependence
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Presentation Notes
we show that our parameterization of the bias force enables generalization to unseen perturbed populations that diverge from the training distribution by learning dependencies on the target state (Fig. 2). Comparing the reconstruction metrics of the target perturbed cell states with and without velocity conditioning, we confirm our hypothesis that introducing dependence on the dynamic velocities across a cell cluster enables more accurate reconstruction of the target distribution compared to when the bias term is trained with only positional dependence
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Presenter Notes
Presentation Notes
we show that our parameterization of the bias force enables generalization to unseen perturbed populations that diverge from the training distribution by learning dependencies on the target state (Fig. 2). Comparing the reconstruction metrics of the target perturbed cell states with and without velocity conditioning, we confirm our hypothesis that introducing dependence on the dynamic velocities across a cell cluster enables more accurate reconstruction of the target distribution compared to when the bias term is trained with only positional dependence


PeptiVerse: Accurate peptide property predictors

/= Spaces Chatterjeelab PeptiVerse 1 W like 1 Running = » App Files @ Community Settings ii',

A Unified Platform for
PEPTIDE THERAPEUTIC
PROPERTY PREDICTION

£ Predict [ BestModels  ul Distributions % Documentation

B Input #¥ Select Properties

It Tyen Physicochemical Properties v

Sequence * SMILES
@ .~ Calculate Basic Properties
Peptide Sequence(s) | SMILES MW, net charge, pl, hydrophobicity (Sequence only)

F!.Inr amino acid sequence(s) or SMILES
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one per line

pH for Net Charge 7 S
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Prediction Properties v
Protein Sequence (for binding prediction) & Solubility *+ (Not supported)
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we show that our parameterization of the bias force enables generalization to unseen perturbed populations that diverge from the training distribution by learning dependencies on the target state (Fig. 2). Comparing the reconstruction metrics of the target perturbed cell states with and without velocity conditioning, we confirm our hypothesis that introducing dependence on the dynamic velocities across a cell cluster enables more accurate reconstruction of the target distribution compared to when the bias term is trained with only positional dependence


PeptiVerse + PepMDLM
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New GLP-1R agonists
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The AMH-AMHR?2 axis drives PCOS

Polycystic
Ovary Syndrome

Tang, Zhang, Chatterjee. /CML(2025)
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Polycystic
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Tang, Zhang, Chatterjee. /CML(2025)



PepTune generates therapeutic antagonists of AMHR2

AMHR?2
activation

AMHR?2 Binder 1

S\ '
P |
r VINA Docking Score: -8.8
Binding: 7.828 | Solubility: 0.939
Hemolysis: 0.923 | Non-Fouling: 0.147

C

Polycystic s 5
Ovary Syndrome ~

_
// ’_\,
|

.y - AMHR?2 Binder 2
h VINA Docking Score: -6.8
Binding: 7.561 | Solubility: 0.918
Hemolysis: 0.861 | Non-Fouling: 0.107

Tang, Zhang, Chatterjee. /CML(2025)



A Ai
PepTune generates therapeutic antagonists of AMHR2
with ready-to-go, optimal drug-like properties
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Discrete Flow Matching (DFM)!

Xi 11 = Xt + Ugp(Xe, t)

Discrete sequence trajectory: x¢

SEMMMMMGY G
EMMM
EMMMMMMM

0 t 1

Probability flow: p¢ 1

M I HPrOb'
G

Y Mass
K N |

0 t 1 0

Campbell, et al. /CML(2024)


Presenter Notes
Presentation Notes
We sample an initial discrete sequence and select a weight vector from a predefined Pareto direction set to define the target trade-off among objectives.



Discrete Flow Matching (DFM)!

X1 = X +[ug(Xe, )|

Discrete sequence trajectory: x¢
MMMMMGY G

Dimensions

Campbell, et al. /CML(2024)


Presenter Notes
Presentation Notes
We sample an initial discrete sequence and select a weight vector from a predefined Pareto direction set to define the target trade-off among objectives.
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Multi-Objective-Guided Discrete Flow Matching

X1 = X +[ug(Xe, )|

ACAETVE ACAHTVE
a. Sequence Initialization a. Position/election C': Step 3: Euler Sampling

AS(y'x,w) A (y'x) +1- D, x, ) /ﬁ

b. Score Calfulation for each transition /

obj1

| = iy
oo ﬁ . EXp(AS) obj1 &
b. Weight Vector Selection c. Velocity Field Adjustment : obj2
Step 2: Adaptive
_ StepO: Initialization ) \__ Step1: Guided Transition Scoring ) Hypercone Filtering

Chen, Zhang, Tang Chatterjee. /ICLR GenBio Workshop Spotlight (2025)


Presenter Notes
Presentation Notes
The final transition is sampled using an Euler approximation of the CTMC dynamics, evolving the sequence along the guided, multi-objective trajectory.
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MOG-DFM optimizes properties during peptide generation
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MOG-DFM enables highly specific peptide design with
!

Chen,...Mei, Behroamas, Ferreira, Chatterjee. (in review)



MOG-DFM enables highly specific peptide design with
moPPIt!

CATPQ...SVLIG ILKYES update ILHYES
Target Sequence Binder Sequence

I |
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Affinity Predictor J ‘

l !

affinity score motif score

I J
|

AS = f(affinity score, motif score)

Step 3: Euler Sampling
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BindEvaluator Target Motifs

Score Calculation for each
transition at selected position motif Y
l score
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PepDFM Velocity Field Adjustment Step 2: Adaptive
HyperconeFiltering

Step 1: Guided Transition Scoring )

Chen,...Mei, Behroamas, Ferreira, Chatterjee. (in review)
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Enhance endometrial receptivity and implantation

Macrophage Differentiation (Area z-score)
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moPPIlt-designed peptides as CAR-T ligands ?

CAR-T

~* Peptide

@ CAR



moPPIt-designed peptides as CAR-Treg ligands ?

—

IL-10
CD4+ T cell

Cardiac
Organoid CD8+ T cell

Chen,...Mei, Behroamas, Ferreira, Chatterjee. (in review)
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moPPIt-designed peptides — CARs

:: > 7 MYC- Mutant
EF1
a CD8A SP Peptide tag IgG4 Hinge CD28 TM CD28 CD3C |T2A GFP

Chen,...Mei, Behroamas, Ferreira, Chatterjee. (in review)



Suppress T cell proliferation !

CellTrace Far Red
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Next: CAR Fregs to protect transplanted ovarian cells?

iPSCs

TF-directed
differentiation

— -

Ovarian Support
Cells

Ameno

Utilizing our OSCs, we aim to develop a cell therapy that makes the
onset of menopause slow and gradual, no longer an abrupt and
inevitable milestone but something we can manage and modify with
medical intervention.

Goals

# Integrate dynamically into the body's chemical
conversation

@ Respond to signals from the brain and send
hormonal feedback, mimicking the HPO axis

J3 Tune the levels of hormones released to each
individual's needs



We can also use DFM tosarink molecules!



We can also use DFM tosarink molecules!
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Pareto -Constrained Mol ecule Editing (pCoMole)

Chen, Holsman, Zhao, Chatterjee. /ICLR ReALMGEN Workshop (2026)



Pareto -Constrained Mol ecule Editing (pCoMole)
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Peptidomimetics with /improvedtherapeutic properties

Target Ligand Length Non-Toxicity Solubility Permeability Half-life (h) Affinity Motif Score Specificity
PTHIR Teriparatide 259 0.8890 0.6905 0.2793 2.8301 0.9148 0.2696 0.9834
pCoMole 217 0.8729 0.7268 0.2959 2.9488 0.9358 0.3593 0.9706
53 p28 170 0.8533 0.6737 0.2627 2.2015 0.6369 0.5418 0.9873
. pCoMole 133 0.8076 0.6309 0.3071 3.8517 0.6885 0.5014 0.9649
Semaglutide 248 0.8872 0.7656 0.2583 1.8571 0.9467 0.4691 0.9827
pCoMole 186 0.8122 0.7240 0.2985 4.0277 0.9367 0.5212 0.9778
GLP-IR Liraglutide 237 0.7854 0.8307 0.2609 2.0808 0.8440 — —
Exenatide 256 0.8319 0.7547 0.2319 2.0663 0.8949 — —
Lixisenatide 286 0.7204 0.8392 0.2215 2.7535 0.8280 — —
Tirzepatide 273 0.9491 0.8303 0.2573 1.7149 0.9798 — —

Chen, Holsman

, Zhao, Chatterjee. (in review)



CNP peptide as a fertility treatment?

C-type natriuretic peptide improves
maternally aged oocytes quality by

‘ e Llfe inhibiting excessive PINK1/Parkin-
’/ ¢ mediated mitophagy
Hui Zhang'?!, Chan Li"?t, Qingyang Liu'?, Jingmei Li"2, Hao Wu'?, Rui Xu'?,
Yidan Sun'2, Ming Cheng'"?, Xiaoe Zhao'2, Menghao Pan'?, Qiang Wei'?*,

Baohua Ma'2*

'College of Veterinary Medicine, Northwest A&F University, Yangling, China; ?Key
Laboratory of Animal Biotechnology, Ministry of Agriculture, Yangling, China
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CNP peptides have very low serum half-life/stability (<2 hours)

wwJeLife
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C-type natriuretic peptide improves
maternally aged oocytes quality by
inhibiting excessive PINK1/Parkin-
mediated mitophagy

Hui Zhang'?!, Chan Li"?t, Qingyang Liu'?, Jingmei Li"2, Hao Wu'?, Rui Xu'?,
Yidan Sun'2, Ming Cheng'"?, Xiaoe Zhao'2, Menghao Pan'?, Qiang Wei'?*,
Baohua Ma'2*

'College of Veterinary Medicine, Northwest A&F University, Yangling, China; ?Key
Laboratory of Animal Biotechnology, Ministry of Agriculture, Yangling, China




pCoMole-generated CNP analogs with favorable therapeutic
profiles

Known CNP

Toxicity: 0.87 Solubility: 0.88
Half-Life: 1.74 h Permeability: 0.32
Affinity: 0.80 VINA Score:-6.2
Specificity: 0.99 Motif Score: 0.57

Chen, Holsman, Zhao, Chatterjee. (in review)



pCoMole-generated CNP analogs with favorable therapeutic
profiles

Known CNP pCoMole-designed CNP variant 1 pCoMole-designed CNP variant 2

Toxicity: 0.87 Solubility: 0.88 Toxicity: 0.84 Solubility: 0.82 Toxicity: 0.77 Solubility: 0.89
Half-Life: 1.74 h Permeability: 0.32 Half-Life: 5.17 h Permeability: 0.31 Half-Life: 3.49 h Permeability: 0.32
Affinity: 0.80 VINA Score: -6.2 Affinity: 0.81 VINA Score: -5.2 Affinity: 0.79 VINA Score: -7.3
Specificity: 0.99 Motif Score: 0.57 Specificity: 0.98 Motif Score: 0.58 Specificity: 1.00 Motif Score: 0.60

Chen, Holsman, Zhao, Chatterjee. (in review)



Can we specifically bind to non -biological substrates?



Heavy metals pollute our environment

Reproductive and
developmental toxicity

Nephrotoxicity e . Genotoxicity
@ Q Neurotoxicity

. Skin toxicity
Immunological
toxicity

Carcinogenicity

Hepatoxicity

Cardiovascular
toxicity


Presenter Notes
Presentation Notes
Heavy metals can reduce sperm count, motility (ability to move), and viability (ability to survive). They can also disrupt hormone balance and negatively affect sperm function, making it harder for them to fertilize an egg.��Heavy metals can disrupt a woman's menstrual cycle, interfere with ovulation, and affect the development and implantation of an embryo. They can also increase the risk of miscarriages and other pregnancy complications.
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Heavy metals pollute our environment and create reproductive
health risks!

Reproductive and Annals of Agricultural
developmental toxicity and Environmental Medicine
antioxidants
. Impact of heavy metals on the female
Revies reproductive system
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Fertility—An Overview Nephrot " G : + + Department of Biology and Environmental Protection, Poznan University of Medical Sciences, Poznan, Poland
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Presentation Notes
Heavy metals can reduce sperm count, motility (ability to move), and viability (ability to survive). They can also disrupt hormone balance and negatively affect sperm function, making it harder for them to fertilize an egg.��Heavy metals can disrupt a woman's menstrual cycle, interfere with ovulation, and affect the development and implantation of an embryo. They can also increase the risk of miscarriages and other pregnancy complications.
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Metalorian = Heavy Metal-Binding Peptides

PR


Presenter Notes
Presentation Notes
The reverse process jointly denoises embeddings and labels, with the continuous model predicting pθC(xt−1C∣xtC,xtD)p_\theta^C(x^C_{t-1} \mid x^C_t, x^D_t)pθC​(xt−1C​∣xtC​,xtD​) and the discrete model predicting pθD(xt−1D∣xtD,xtC)p_\theta^D(x^D_{t-1} \mid x^D_t, x^C_t)pθD​(xt−1D​∣xtD​,xtC​), enabling iterative cross-conditioning so that protein embeddings refine toward valid sequences while labels converge to target metals; in other words, Gaussians parameterize continuous denoising while categorical transitions reconstruct discrete labels
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MetalLATTE = Protein-Metal Multi -Class Classifier

Protein Sequence Input
AUCROC Comparison
GCGQDTDCRECES Ag -

Cd Zn —— XGBoost
— ESM
—— ESM-FT

One-hot Label Input
Cd Cu Co None

[1,0,0,..0]

Zhang, Srijay, Chatterjee. /CLR LMRL Workshof2025)
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The reverse process jointly denoises embeddings and labels, with the continuous model predicting pθC(xt−1C∣xtC,xtD)p_\theta^C(x^C_{t-1} \mid x^C_t, x^D_t)pθC​(xt−1C​∣xtC​,xtD​) and the discrete model predicting pθD(xt−1D∣xtD,xtC)p_\theta^D(x^D_{t-1} \mid x^D_t, x^C_t)pθD​(xt−1D​∣xtD​,xtC​), enabling iterative cross-conditioning so that protein embeddings refine toward valid sequences while labels converge to target metals; in other words, Gaussians parameterize continuous denoising while categorical transitions reconstruct discrete labels


Metalorian = Co-evolving diffusion of peptide binders

' MetalLATTE
Latent

One-hot Label Input Decoder
Cd Cu Co None

Block . Block
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Diffusion trajectory ==
Conditional signal

Forward Diffusion
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Protein Sequence Input
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The reverse process jointly denoises embeddings and labels, with the continuous model predicting pθC(xt−1C∣xtC,xtD)p_\theta^C(x^C_{t-1} \mid x^C_t, x^D_t)pθC​(xt−1C​∣xtC​,xtD​) and the discrete model predicting pθD(xt−1D∣xtD,xtC)p_\theta^D(x^D_{t-1} \mid x^D_t, x^C_t)pθD​(xt−1D​∣xtD​,xtC​), enabling iterative cross-conditioning so that protein embeddings refine toward valid sequences while labels converge to target metals; in other words, Gaussians parameterize continuous denoising while categorical transitions reconstruct discrete labels


Metalorian = Co-evolving diffusion of peptide binders
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Metalorian peptides bind Copper !
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Metalorian peptides can sequester nickel

% PAR remaining (Ni)
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Ultimate goal: Instead of just doing targeted therapeutics...




Ultimate goal: Can we induce desired states?

Cancer Cells Healthy Cells



Ultimate goal: Can we induce desired states?

Aneuploid -Prone State  Chromosomally-Stable State



Ultimate goal: Can we induce desired states?

Atretic Follicles Healthy Follicles



We frame this problem as a Schrodinger Bridge

Stochastic Process
X

t=0 time t=T

Atretic Follicles Healthy Follicles

\/



But these end cell states are heterogenous!

Atretic Follicles

Stochastic Process
X

t=0

time t=T

Healthy Follicles

\/
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Branched Schrodinger Bridge Matching ( BranchSBM)
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Finally, in Stage 4, we jointly optimize all flow and growth networks so that the full branched system minimizes total energy, conserves mass, and matches the terminal distributions


BranchSBM learns multiple coupled bridges
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Finally, in Stage 4, we jointly optimize all flow and growth networks so that the full branched system minimizes total energy, conserves mass, and matches the terminal distributions


BranchSBM learns multiple coupled bridges, and jointly

optimizes them
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Finally, in Stage 4, we jointly optimize all flow and growth networks so that the full branched system minimizes total energy, conserves mass, and matches the terminal distributions


A‘x&

BranchSBM — trajectories to heterogenous terminal states
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BranchSBM — trajectories to heterogenous terminal states
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But in biology, transition states ALSO matter.




But in biology, transition states ALSO matter.
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But in biology, transition states ALSO matter.

Cell Differentiation Protein Folding
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We need to model intermediate dynamics too!

Cell Differentiation Protein Folding
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Entangled Schrodinger Bridge Matching

by(R:, V) = ay(Ry, V) 8; + (I — 88, )hé’(RhW)

dv; = [(=V,U(Ry) — by(Ry, Vi) /midt — yvidt + 4/ (2vkpT)/mid W

Tang, Zhang, Chatterjee. NeurlPS FPI Worksho2025)


Presenter Notes
Presentation Notes
Introducees learned, globally coupled bias field 𝑏 𝜃 ( 𝑅 𝑡 , 𝑉 𝑡 ) b θ ​ (R t ​ ,V t ​ ) that allows all particles or dimensions to interact through shared dynamics,
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Entangled Schrodinger Bridge Matching ( EntangledSBM )
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Learn a bias force captures the dynamic interactions between
particles

by(Re, Vi) = a(Re, Vi)3: + (T — 8:8] ) hi(By, Vi)

d'ui — [(—V,,; U(Ry) — bZ(Rh V) /m;|dt — ’y"vfgdt + -V‘ (29kpT)/m;dW
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4
EntangledSBM predicts intermediate cell populations
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we show that our parameterization of the bias force enables generalization to unseen perturbed populations that diverge from the training distribution by learning dependencies on the target state (Fig. 2). Comparing the reconstruction metrics of the target perturbed cell states with and without velocity conditioning, we confirm our hypothesis that introducing dependence on the dynamic velocities across a cell cluster enables more accurate reconstruction of the target distribution compared to when the bias term is trained with only positional dependence


Feasible transition paths for protein folding

Alanine Dipeptide (22 atoms) Chignolin (138 atoms) Trpcage (284 atoms) BBA (504 atoms)

TIC 2

Tang, Zhang, Chatterjee. NeurlPS FPI Workshof2025)
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A unified model for protein dynamics and cellular trajectories
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