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Needs Assessment Statement

● Rapid advances in stem cell engineering, genome editing, and generative 
artif icial 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

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

● Interpret clinical trial data comparing Fertilo with traditional IV M.
● Analyze how cell-state engineering can enhance reproductive success.
● Evaluate the potential role of  AI-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
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TFs can be great tools for cell engineering
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TFs can be great tools for cell engineering

J ung, et al. Nature Communications (2021)



Oocyte

TFs can be great tools for cell engineering



Oocyte

TFs can be great tools for cell engineering

Schultz, et al. Nature (2021)



Oocyte

TFs can be great tools for cell engineering

Research Question:
What are the suff icient set of  
transcription factors for 
oogenesis? 



TFs can be great tools for cell engineering

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



RNA-seq data of  natural oocyte dif ferentiation

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



Graph theory algorithm to prioritize regulators

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



Prioritized list of TFs that drive oocyte formation

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



TFs with critical roles in germ cell development and cell 
differentiation! 

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



Three TFs that drive DDX4 expression!

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



Combining them yielded higher percentages of these induced 
oogonia -like cells (iOLCs)

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



iOLCs expand post-isolation and display continued DDX4 
protein expression

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



iOLCs show continued oogonia -like protein expression

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



Read about our story to make iOLCs!



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



With these technologies, we started Gameto.



NR5A1+ RUNX2 + GATA4

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. 
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Let’s see how this works!

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

● They are steroidogenic, 
producing aromatase in 
response to FSH 
stimulation 

● Produce the necessary 
growth factors needed 
for robust paracrine 
interaction with oocytes 
and cumulus cells

NR5A1+ RUNX2 + GATA4



OSC-IVM demonstrates improved oocyte maturation 
compared to commercially available IVM systems

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)



OSC-IVM demonstrates improved oocyte maturation 
compared to commercially available IVM systems

Commercial IVM  = Medicult (Cooper Surgical)

After 28 h of IVM

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



OSC-IVM-assisted oocytes are developmentally competent 
for healthy embryo formation

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



The OSC-IVM platform is a novel tool to rescue immature 
oocytes from COS cycles

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



The OSC-IVM platform is a novel tool to rescue immature 
oocytes from COS cycles

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



Oocytes co-cultured with OSCs (vs. IVM Media) are 
transcriptionally closer to IVF MII oocytes

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). 



Our complete Fertilo results are now out!



Let me walk you through the key points!



Clinical-grade (CG) hiPSC → reproducible OSCs

Paulsen, et al. Cell Stem Cell (2026)

Presenter Notes
Presentation Notes
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

Paulsen, et al. Cell Stem Cell (2026)

Presenter Notes
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).



So we headed to clinical trials

Paulsen, et al. Cell Stem Cell (2026)

Presenter Notes
Presentation Notes
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

Paulsen, et al. Cell Stem Cell (2026)

Presenter Notes
Presentation Notes
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! 



3255 g, 49.5 cm, 9/9 APGAR! 



Welcome Mia! 



Welcome Mia! 
We now have 5 additional births from this study! 



Phase 2: Fertilo improves outcomes vs. standard IVM

Paulsen, et al. Cell Stem Cell (2026)

Presenter Notes
Presentation Notes
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.



Phase 2: Two healthy, live births in this group!

Paulsen, et al. Cell Stem Cell (2026)

Presenter Notes
Presentation Notes
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.



In total, Fertilo doubles ongoing pregnancy per cycle

Paulsen, et al. Cell Stem Cell (2026)

Presenter Notes
Presentation Notes
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

DNA Proteins Cells/Tissues



Let’s look a little farther ahead!

DNA Cells/TissuesProteins



Proteins that can edit any DNA sequence

DNA Proteins Cells/Tissues



Proteins that can edit any DNA sequence 
SPAMALOT



Proteins that can edit any DNA sequence 
SPAMALOT

Broad -Targeting
CRISPR Enzymes

Zhao, Koseki,...,Chatterjee. Nature Communications (2023)
Chatterjee, et al. Nature Biotechnology (2020)

Chatterjee, et al. Nature Communications (2020)
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Proteins that can edit any DNA sequence 
SPAMALOT

Rett 
Syndrome

Huntington’s
Disease

Zhao, Koseki,...,Chatterjee. Nature Communications (2023)
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inviTRA

We are using SpRYc to address fertility-related disorders 



We are using SpRYc to address fertility -related disorders 

SpRYc-mediated 
chromosomal 

elimination

SpRYc-mediated 
restoration of  

microdeletions

SpRYc-mediated 
correction of  

mutations

inviTRA



Proteins

Proteins that can edit any DNA sequence

DNA Cells/Tissues



Proteins that can bind and modify any other protein

DNA Proteins Cells/Tissues



Fertility -related disorders are driven by dysregulated proteins



Fertility -related disorders are driven by dysregulated proteins

PCOS

AR, StAR, 
CYP17A1, 

IRS-1

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

PCOS Endometriosis

AR, StAR, 
CYP17A1, 

IRS-1

ERα, COX-2,
CYP19A1,

MMP-9

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 POI

AR, StAR, 
CYP17A1, 

IRS-1

ERα, COX-2,
CYP19A1,

MMP-9

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. 



Many infertility -driving proteins are considered “undruggable”



And are also conformationally disordered 

AlphaFold prediction:
NOBOX



So you can’t use small molecules or structure -based methods 
to hit these targets…

AlphaFold prediction:
NOBOX



Can we design “guide” peptides to 
bind and degrade undruggable 
targets without needing their 

structure?

So you can’t use small molecules or structure -based methods 
to hit these targets… 



Our first instinct : language models

> 1 Trillion Sentences
~ 70 trillion tokens
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Our first instinct : protein language models

Durairaj, et al. bioRxiv (2023)
Lin, et al. Science (2023)
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Our first instinct : protein language models

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

Syntax Structure
Semantics Function
Grammar Interaction

~100 Million Sequences
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Bhat, Palepu,...,Chatterjee. Science Advances (2025)



pLM-based generators for target-specif ic peptide design

Real 
Peptides

ESM-2 Latent Space

Naturalistic 
Peptide Sequences

Target Sequence

CLIP

Gaussian
Perturbation

PepPrCLIP

Bhat, Palepu,...,Chatterjee. Science Advances (2025)



pLM-based generators for target-specif ic peptide design

Real 
Peptides

ESM-2 Latent Space

Naturalistic 
Peptide Sequences

Target Sequence

CLIP

Gaussian
Perturbation

Nanomolar Binding

PepPrCLIP

Bhat, Palepu,...,Chatterjee. Science Advances (2025)



pLM-based generators for target-specif ic peptide design

Real 
Peptides

ESM-2 Latent Space

Naturalistic 
Peptide Sequences

Target Sequence

CLIP

Gaussian
Perturbation

Nanomolar Binding

Enzyme Inhibition

PepPrCLIP

Bhat, Palepu,...,Chatterjee. Science Advances (2025)



pLM-based generators for target-specif ic peptide design

Bhat, Palepu,...,Chatterjee. Science Advances (2025)

Real 
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ESM-2 Latent Space

Naturalistic 
Peptide Sequences

Target Sequence

CLIP

Gaussian
Perturbation

Nanomolar Binding

Enzyme Inhibition
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pLM-based generators for target-specif ic peptide design

PepMLM

Chen,…,Chatterjee. Nature Biotechnology (2025)



pLM-based generators for target-specif ic peptide design

Chen,…,Chatterjee. Nature Biotechnology (2025)
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pLM-based generators for target-specif ic peptide design

Chen,…,Chatterjee. Nature Biotechnology (2025)
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pLM-based generators for target-specif ic peptide design

Chen,…,Chatterjee. Nature Biotechnology (2025)

PepMLM

Pe
pM

LM
 ip

TM

Test ipTM Test ipTM

R
FD

iff
us

io
n 

ip
TM

Higher Hit -Rate than RFdiffusion

Degrades Huntington Protein

38.39% 28.86%

Inhibits Viral Infection

HTT (EPR5526)

Vinculin

Control + HMPV uAb_12 + HMPV uAb_15 + HMPV uAb_18 + HMPV



Ye,…, Chatterjee, DeLisa. (In review)

pLM-designed peptides work in vivo!
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Ye,…, Chatterjee, DeLisa. (In review)

pLM-designed peptides work in vivo!



So clearly, sequence is enough to generate potent binders



But just binding isn’t enough…



Consider the GLP-1 agonists 



GLP-1R agonist peptides have been around for DECADES

Zheng, et al. Signal Transduction and Targeted Therapy (2024)



GLP-1R agonist peptides have been around for DECADES

Zheng, et al. Signal Transduction and Targeted Therapy (2024)



What’s taken so long??

Zheng, et al. Signal Transduction and Targeted Therapy (2024)



It took years to perfectly adjust these peptides to get optimal 
therapeutic properties !

Zheng, et al. Signal Transduction and Targeted Therapy (2024)



Therapeutic design is multi -objective
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Therapeutic design is multi -objective

Binds Target

Non-Fouling

Non-ToxicNon-Toxic

Orally BioavailableLong Half -Life

Soluble
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But maybe we can still get clues from these? 

Zero (0) 
Objective -Guided 

Generation

Single (1) 
Objective -Guided 

Generation
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A woman walking through 
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MODEL



Language-Guided Diffusion

Ramesh, et al. arXiv (2022)



Can we instead do this for sequence generation?

Ramesh, et al. arXiv (2022)



Austin, et al. NeurIPS (2021)
Sahoo, et al. NeurIPS (2024)

Shi, et al. NeurIPS (2024) 

Discrete Dif fusion

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
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Austin, et al. NeurIPS (2021)
Sahoo, et al. NeurIPS (2024)

Shi, et al. NeurIPS (2024) 

Discrete Dif fusion

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



Austin, et al. NeurIPS (2021)
Sahoo, et al. NeurIPS (2024)

Shi, et al. NeurIPS (2024) 

Discrete Dif fusion

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)

Austin, et al. NeurIPS (2021)
Sahoo, et al. NeurIPS (2024)

Shi, et al. NeurIPS (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)

Austin, et al. NeurIPS (2021)
Sahoo, et al. NeurIPS (2024)

Shi, et al. NeurIPS (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 



Masked Diffusion Language Model (MDLM)

Austin, et al. NeurIPS (2021)
Sahoo, et al. NeurIPS (2024)
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Membrane Diffusion Language Models (MemDLM)

Goel, Schray,...,Kratochvil, Chatterjee. NeurIPS AI4Science Oral (2025)
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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 
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MemDLM generates membrane -inserting sequences 

Goel, Schray,...,Kratochvil, Chatterjee. NeurIPS AI4Science Oral (2025)



Great! So MDLMs can make valid biological sequences.

Goel, Schray,...,Kratochvil, Chatterjee. NeurIPS AI4Science Oral (2025)



But we need to generate optimized sequences.

Binds Target

Non-Fouling

Non-ToxicNon-Toxic
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PepTune

Tang, Zhang, Chatterjee. ICML (2025)



PepTune can model modified peptides!
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PepTune uses chemical language

Feller, et al. bioRxiv (2024)



Masked Discrete Diffusion to Generate Peptides 

Tang, Zhang, Chatterjee. ICML (2025)



PepMDLM generates diverse new, modified peptides!

Tang, Zhang, Chatterjee. ICML (2025)



Goal: identify Pareto optimal peptide sequences across all
properties 
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PeptiVerse: Accurate peptide property predictors
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PeptiVerse + PepMDLM
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New GLP-1R agonists
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The AMH-AMHR2 axis drives PCOS 
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PepTune generates therapeutic antagonists of AMHR2
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PepTune generates therapeutic antagonists of AMHR2
with ready-to-go, optimal drug-like properties

Tang, Zhang, Chatterjee. ICML (2025)



Discrete Flow Matching (DFM)!

Campbell, et al. ICML (2024)
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Chen, Zhang, Tang Chatterjee. ICLR GenBio Workshop - Spotlight (2025) 

Multi-Objective-Guided Discrete Flow Matching 

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.



MOG-DFM optimizes properties during peptide generation

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

Binding Affinity Solubility Toxicity
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MOG-DFM enables highly specific peptide design with 
moPPIt !

Chen,...Mei, Behroamas, Ferreira, Chatterjee. (in review)
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moPPIt-designed peptides bind receptors like GM-CSFR



Enhance endometrial receptivity and implantation

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



moPPIt-designed peptides as CAR-T ligands ?
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moPPIt-designed peptides → CARs
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Suppress T cell proliferation !

Chen,...Mei, Behroamas, Ferreira, Chatterjee. (in review)
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Next: CAR T-regs to protect transplanted ovarian cells? 



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

Chen, Holsman, Zhao, Chatterjee. ICLR ReALM-GEN Workshop (2026)



Pareto -Constrained Mol ecule Editing (pCoMole)

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



Peptidomimetics with improved therapeutic properties

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



CNP peptide as a fertility treatment?



CNP peptides have very low serum half -life/stability (<2 hours)



pCoMole-generated CNP analogs with favorable therapeutic 
prof iles

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



pCoMole-generated CNP analogs with favorable therapeutic 
prof iles

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



Can we specifically bind to non -biological substrates?



Heavy metals pollute our environment
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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.



Heavy metals pollute our environment and create reproductive 
health risks!

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.



Metalorian = Heavy Metal-Binding Peptides
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MetaLATTE = Protein -Metal Multi -Class Classifier

Zhang, Srijay, Chatterjee. ICLR LMRL Workshop (2025)

AUCROC Comparison 

Cd Cu Co None
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Metalorian peptides bind Copper !

Zhang, Srijay, Chatterjee. ICLR LMRL Workshop (2025)



UNPUBLISHED

Metalorian peptides can sequester nickel



Ultimate goal: Instead of just doing targeted therapeutics…



Cancer Cells Healthy Cells

Ultimate goal: Can we induce desired states?
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Ultimate goal: Can we induce desired states?



Atretic Follicles Healthy Follicles

Ultimate goal: Can we induce desired states?



Stochastic Process 

We frame this problem as a Schrödinger Bridge

Atretic Follicles Healthy Follicles



Stochastic Process 

Atretic Follicles Healthy Follicles

But these end cell states are heterogenous!



Branched Schrödinger Bridge Matching ( BranchSBM )

Tang, Zhang, Tong, Chatterjee. ICML (2026) 
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BranchSBM learns multiple coupled bridges
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BranchSBM learns multiple coupled bridges, and jointly
optimizes them
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BranchSBM → trajectories to heterogenous terminal states

LiDAR Data

Tang, Zhang, Tong, Chatterjee. ICML (2026) 
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But in biology, transition states ALSO matter.



Cell Differentiation Protein Folding
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Cell Differentiation Protein Folding



We need to model intermediate dynamics too!

Cell Differentiation Protein Folding



Entangled Schrödinger Bridge Matching

Tang, Zhang, Chatterjee. NeurIPS FPI Workshop(2025) 
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Learn a bias force captures the dynamic interactions between 
particles
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EntangledSBM predicts intermediate cell populations
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