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This slide presentation includes forward-looking statements

This presentation contains forward-looking statements within the meaning of the Private Securities Litigation Reform Act of 1995, as amended. In some cases,
forward-looking statements can be identified by terminology such as “will,” “may,” "should,” “expects,” “intends,” “plans,” "aims,” “anticipates,” “believes,”
“estimates,” "predicts,” “potential,” “continue,” or the negative of these terms or other comparable terminology, although not all forward-looking statements
contain these words. The forward-looking statements in this presentation are neither promises nor guarantees, and you should not place undue reliance on these
forward-looking statements because they involve known and unknown risks, uncertainties, and other factors, many of which are beyond BioNTech's control; and
which could cause actual results to differ materially from those expressed or implied by these forward-looking statements. You should review the risks and
uncertainties described under the heading "Risk Factors” in BioNTech's Quarterly Report on Form 6-K for the period ended June 30, 2025; and in subsequent filings
made by BioNTech with the SEC, which are available on the SEC's website at https://www.sec.gov/. Except as required by law, BioNTech disclaims any intention or
responsibility for updating or revising any forward-looking statements contained in this presentation in the event of new information, future developments or
otherwise. These forward-looking statements are based on BioNTech's current expectations and speak only as of the date hereof.

"o "o

Furthermore, certain statements contained in this presentation relate to or are based on studies, publications, surveys and other data obtained from third-party
sources and BioNTech's own intemal estimates and research. While BioNTech believes these third-party sources to be reliable as of the date of this presentation, it
has not independently verified, and makes no representation as to the adequacy, faimess, accuracy or completeness of, any information obtained from third-party
sources. In addition, any market data included in this presentation involves assumptions and limitations, and there can be no guarantee as to the accuracy or
reliability of such assumptions. While BioNTech believes its own internal research is reliable, such research has not been verified by any independent source. This
presentation contains references to our trademarks and to trademarks belong to other entities. Solely for convenience, trademarks and trade names referred to,
including logos, artwork and other visual displays, may appear without the @ or TM symbols, but such references are not intended to indicate, in any way, that their
respective owners will not assert, to the fullest extent under applicable law, their rights thereto. We do not intend our use or display of other companies’ trade
names or trademarks to imply a relationship with, or endorsement or sponsorship of us by, any other companies.
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Agenda

Advancing a disruptive tech-bio company Prof, U. Sahin, M.D.

Developing the future of Al at BioNTech K. Beguir

Compute & model scaling A Laterre

Al innovation B. Almeida, B. Guloglu

Data acquisition & refinement N. Lopez Carranza, Y. Ben Dhieb
Applications C. Zhang, L. Walls, A. Delaunay, M. Rooney
Audience Q&A Prof. U. Sahin, M.D., K. Beguir
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Advancing a disruptive

tech-bio company

Ugur Sahin
| Founder & CEO
¥ BioNTech

5 BioNTech SE & In:
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London Science Museum
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BioNTech's Al capabilities with worldwide reach

United Kingdom
London
Austria

Vienna

w B ' Turkey
j Istanbul

* ,
d ® China

Shanghai

u.s.
Cambridge e
Gaithersburg

Germany (HQ + 6 sites) Tunis Singapore

Tunisia

France 9
Paris Australia

Victoria

South Africa
Cape Town
9 BioNTech locations

’ BioNTech Al centers
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BioNTech - disruptive tech-bio company with pioneering technologies developed through full Al

integration

Multiplatform oncology company

1 6 Clinical programs >20 Ongoing Phase 2 or 3 trials

X

Bristol Myers Squibb

COVID-19 vaccine Leader in integrated
global impact Al capabilities

5 Billion doses distributed i> InstaDeep"':‘

Infectious diseases
pipeline

Clinical programs in high unmet
need indications

In-house
manufacturing

Platforms including
individualized mRNA and
bispecific antibodies




SIONT=CH | > InstaDeep

Building a global
immunotherapy powerhouse

translating science into survival
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We are uniquely positioned to combine approaches to transform cancer care

Precise and potent modalities for
fast onset tumor reduction

ADC as potential "augmenters”
of immunomodulators and mRNA
cancer immunotherapies

Focus on HER2, HER3, TROP2, B7H3
ADCs as combination partners

TennOIodLIEtors » Focus on the critical IO pathways

- Targeting different complementary pathways
in cancer immunity cycle may promote a
durable anti-tumor effect

Potential for Potential for
synergy synergy

Potentially
curative

approaches + Eliminate polyclonal residual

disease with multi-antigen and

Targeted MRNA cancer individualized approaches

therapies immuno- R )
. therapies Polyspecific activity by targeting
Potential for multiple antigens at once
synergy - Establish long-lasting

immunological memory to
prevent relapses
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We are uniquely positioned to combine approaches to transform cancer care

st s « Focus on the critical IO pathways

+ Targeting different complementary pathways
in cancer immunity cycle may promote a
durable anti-tumor effect

Potential for Potential for
synergy synergy

Potentially
curative
approaches

Targeted mRNA cancer
therapies immuno-
’ therapies
Potential for
synergy
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Pumitamig'’s synergistic targeting of PD-L1and VEGF?

VEGF-A dimer

in the TME :Q) PD-L1ligand
3 on tumor cells

]
Anti-VEGF-A (Fab)—-b\\ , < Anti-PD-L1 (VHH)

Pumitamig
Anti-PD-L1 (VHH) —» \4 Anti-VEGF-A (Fab)

PD-L1 ligand j VEGF-A dimer
on tumor cells in the TME

1. Partnered with Bris ! data: Human Protein Atlas

Local neutralization of
angiogenic and
immunosuppressive
VEGF-A effects

Targeting the TME and
blockade of PD-1/PD-L1
signaling
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Next-generation bispecific can potentially expand the reach of 10 therapy

Anti-PD-(L)1 therapy
addresses

estimated new cancer cases
new cancer cases inthe US and EU annually
in the US and EU annually Vi | that cannot be addressed
with medical need remaining < . by current IO therapies
high (5-year survival < 50%)" -

US and EU cancer incidence?

[index.html. 2. urce: NIH and American Cancer Society data EU il e E : European Cancer Informatio
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Landmark strategic collaboration with BMS to advance pumitamig’

’ IONT=CH | Bristol MyersSquibb

Anti-VEGF-A
Maximizing potential of next-generation immunomodulator pumitamig® with

» Bispecific antibody targeting PD-L1and VEGF-A
» Qver 1,200 patients treated in clinical trials across multiple tumor types
» Broad development ongoing in 10+ indications, including initial registrational trials

\\ (, global co-development and co-commercialization partnership

Anti-PD-L1VHH

Potential to transform standard of care and establish new 10 backbone
treatment option for patients with high unmet medical needs

1. Partnered with Bristal My
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Root cause of cancer treatment failure

Mutations

— DNA —
mutations

- a®
Individual Healthy Pre-cancer 0 ~ A
patients cell cell ® ‘e

®

\ ‘e
Mutations p
O

Cancer evolution 5-20 years - up to 10.000 mutations =
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We are uniquely positioned to combine approaches to transform cancer care

Immunomodulators

Potential for Potential for
synergy synergy

Potentially
curative

approaches + Eliminate polyclonal residual

disease with multi-antigen and

Targeted MRNA cancer individualized approaches

therapies immuno- I A
. therapies Polyspecific activity by targeting
Potential for multiple antigens at once
synergy - Establish long-lasting
immunological memory to
prevent relapses
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Leveraging our leadership in mRNA to fully exploit
cancer immunotherapy target space with two approaches

individualized Neoantigen-
Specific mmunotherapy

in Sahin et al., Nature 2017, Rojas et al. Nature 2023

Fixed Antigen
cine

he Roche Group.

Artificial intelligence-

driven Individualized
necantigen immune-
prediction

Mapping of On-demand
mutations tailored RNA
manufacturing
d in Castle et al., Cancer Res 2011,
Kreiter et al., Nature 2025

ANTIGENS
ANTIGENZ

3
indication

in blood.
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iNeST: autogene cevumeran driving continuous innovation with data

ZZ@ ) !.

Individual Mapping of Neoantigen On-demand tailored Individualized
patient samples mutations prediction mRNA manufacturing immunotherapy

v

Potential for continued improvement Al and ML optimization Dedicated mRNA GMP production facilities
as more data are generated and analyzed

ch, a member of the Roche Group. Autog vumeran is an jonal candidate.
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Neoantigen prediction: how do we identify, predict, and characterize neoantigens?

SNF8 V183M 27
SEMA7A G340S 27
DUS4L S305P 26

Characterization of Peptide-MHC binding Similarity/richness Lack of expression
neoantigen peptide affinity/quality across tumors in healthy tissues

Types of mutationand  Mutated transcription
clonality of mutations expression level
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Defining the complex TCR-tumor antigen interaction is an unsolved computational problem

Tumor Cell

HLA
a3

al 3
Peptide

Epitope A IS Pept!de
Diversity
> 100,000

Tumor Cell
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Dimensions of cancer heterogeneity

Tumor Heterogeneity
Mutation and neoantigen
profile, epigenetics,
biology and evolution

Clonal
evolutior

Somatic mutations

o)
i

Individual Patient

Sahin & Tiireci, Science 2018

Tumor Environment Immune system

HLA restriction and

Immunosuppression immune SNPs

Recognition and editing

Specificity, quantity,
and functional state
Immune of immune effectors
Diversity
Host and environment
Factors include HLA
haplotype, microbiome,
epigenome, age, antigen
exposure, drugs, and
comorbidities

Hereditary and environmental factors
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Our leading scientific capabilities are fueled by Al to pioneer personalized immunotherapies

iNeST": Personalized immunotherapy platform i Development of novel DeepChain platform
levering Al to create therapies unigue to each combining cutting-edge Al and bio-engineering
patient e Bl ONT:C I-| Optimization of mRNA design & structure

Automated dry-wet lab to enhance discovery
»  >450 patients treated? A | capabilities

= 18,000 neoantigens selected? In-house supercomputing cluster with
~500 PetaFLOPS of Nvidia H100 GPUs

* 4 ongoing trials

Compptat‘\ona\ extension of immunotherapy target
space?

Semi-automated manufacturing capabilities for
iNeST'

ith Genentech




SIONT=CH | > InstaDeep
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BioNTech is uniquely positioned with complete Al integration and personalized medicine capabilities

under one roof

Fully-integrated tech-bio company

Deep genomics & immunology
expertise to analyze patient data

Individualized treatment platforms
to address inter-individual variability

Al-infused & digitally-integrated target
& drug discovery and development

Automated in-house manufacturing to
serve patients on time and globally

Clinical samples

Inter-
individual
variability

Tailored on-demand
immunotherapies

Capabilities to build tomorrow’s
personalized precision medicines

Personalized omics Drug

classes

Engineered
cell therapies

Antibodies

Antibody

conjugates
. T cell receptors

Small molecule
immunomodulators

Off-the-shelf drugs
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Developing the future of Al
at BioNTech

Karim Beguir
Co-Founder & CEO
InstaDeep
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Al is not a single exponential but a trip/e exponential

DATA COMPUTE MODELS
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Moore’s Law: efficiency of hardware compute doubles every two years

Price-Performance of Computation, 1939-2021
100,000,000,000.00000 it b . ‘
10,000,000,000.00000

;
¥
g
&
g
g
a
E
3

0.00001
0.00¢
1935 1540 1945 1950 1955 1960 1965 1970 1975 1980 1985 1990 1995 2000 2005 2010 2015 2020 2025

Yooy MOONSHOTS

jon & Al | EP #83 - Peter Diamandis & Ray Kur: ularity Q&A -
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While the . of Al models is also doubling every 8 m

Effective compute (relative to 2014)

Chinchilla

1. Situational Av e Ane: enbrenner -
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Is Al likely to expand even further?

The Al Revolution: The Road to Superintelligence - By Tim Urban -Janu
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Al itself is now accelerating Machine Learning,

which creates a new supercycle
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This supercycle, the Era of Experience, is driven by techniques such as Reinforcement Learning (RL)
and Optimization that focus on "learning by doing" with Al agents.

Era of Simulation Era of Human Data Era of Experience
e — 0 L —

Al Agent
New New

State Action

Environment

AlphaZero

AlphaGo/

‘Computer Use

gouabijjgjul uewnyiadns

ChatGPT AlphaProof

@
£
=
-
@
=
=
@
=
@
g
2
=
]
o
c
5
=
=]
T
2
B3

2016 2018

vid Silver, Richard 5. Sutton - (ref) - Api
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InstaDeep is active in Reinforcement Learning researc

MEMORY-ENHANCED NEURAL SOLVERS FOR EFFICIENT
Oryx: a Performant ar ADAFTATION IN COMBINATORIAL OFT Breaking the Performance Ceiling in Complex

Many-Agent Coordin n O Reinforcement Learning requires Inference Strategies

Oryx: a Performant and Scalable Algorithm for Memory-Enhanced Neural Solvers for Efficient Breaking the Performance Ceiling in Complex
Many-Agent Coordination in Offline MARL Adaptation in Combinatorial Optimization Reinforcement Learning requires Inference
Strategies

NeurlPS Conference 2025 NeurlPS Conference 2025 Spotlight NeurlPS Conference 2025 Oral
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Biology and Al know-how: 6 Nature journal publications in less than

nature methods

proteomics experiments

Nucleotide InstaNovo ChatNT

Transformer
A Multi-Modal

Conversational Agent for
Genomif

coming soon

ProtBFN & AbBFN Matchgate Classical

Shadows

SegmentNT

Annotating the genome at
tide resolution
undation model
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ChatNT, our conversational agent for Genomics, made the cover of Nature Machine Intelligence

nature
machine
intelligence

A conversational agent fluentin
biological sequences
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InstaDeep and BioNTech are building across the full stack of Al:

Compute & Model Scaling

Al Innovation

Data Acquisition & Refinement

Applications
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Compute & Model Scaling

Alex Laterre
| Head of Al Research
InstaDeep
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Scaling laws drive Al innovation

Gold medal at IMO 2025 achieved’ 1%t place at International Growing capabilities for physical
Programming Contest? agents?
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Compounding intelligence

FROM ONE TO THREE
SCALING LAWS

Jensen Keynote that Nvidia GTC 2025
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A fully integrated Al ecosystem

Pioneer work in generative models, representation learning, and reasoning.

Software for high-performance computing and advanced model optimization.

AlChor orchestration platform

A Kubernetes-native Al training platform for seamless scaling and fast experimentation.

Purpose-built for Al, delivering full control, visibility, and performance.
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o~ Kyber, InstaDeep's Al supercomputer

~500 PetaFLOPS 86,000 1.2 Tons

of Nvidia H100 GPUs CPU Cores of Hardware per Rack

Custom rack design engineered in-house

Optimised for Al performance and cost efficiency

Powered 100% by renewable energy

Designed to scale seamlessly with next-generation hardware

Tight hardware-software integration for control and efficiency

Internal
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o~ Alchor orchestration platform

Alchor, a complete Al training platform,
ready for production and built for scale.

Simple
GitOps workflow: Commit - Build - Run - Monitor

Scalable
Kubernetes-native provisioning and auto-scaling across clusters

Flexible
Modular data plane for multi-cluster and multi-cloud compute

® https:/faichor.aif

Internal

+15,000

experiments / month in 2025

+75%

GPU usage
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P ML software ecosystem in JAX

Scale = from rapid prototyping to large-scale training and deployment
Efficiency = "better, faster, cheaper" Al workloads that maximise hardware usage

Modularity - interoperable, reliable, and optimised components working together

i _ @ i 2 - - - 1 "\ -
G T (T - ) S -
— T | | r ™ g

A T - =2 1 , D N
Foundation » = Decisipn=Emaldigs «  Scientific_, ',
models * . ORING® 1 . omputihg

& 't ¢

]

A ~

i b #2 : ‘ e .
% -~ \ _' < .

- "
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1 | Efficiently train 100B-parameter foundation models

Hierarchical model sharding

o000 0000 s0o000000

Spine switch #1 Spine switch Inter-node: «

0000000 LI R

o
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1 | Efficiently train 100B-parameter foundation models

Hierarchical model sharding

v' Intra-node: fully sharded data parallelism (NVLink)
v Inter-node: data parallelism (RoCE)

v Tensor and sequence parallelism available 0
Code optimizations I

CuDNN kernels (e.g. Flash Attention)

Mixed precision with FP8 quantisation Model FLOPs Utilization (MFU) on 64 x H100 GPUs
XLA compiler and RoCE configuration tuning

NUMA binding affinity

Model FLOPs Utilization (MFU)
This is the ratio of sbserved throughput (tokens per second) to the theoretical maximum throughput of a system running at peak FLOPS,

e.g, Llama 3.1405B achieves 38 to 41% MFU on 16,384 H100 GPUs.
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2 | Scaling molecule screening with Machine Learning Interatomic Potential

Simulating molecular properties at scale is key to many industries, including drug discovery, materials, chemicals. Machine

Learning Interatomic Potentials allow quantum accuracy orders of magnitude faster on molecular simulations

Scientists Candidates Experiments

Looking for any type of [ : Success rate depends
new molecule or material on selection quality
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2 | Scaling molecule screening with Machine Learning Interatomic Potential

Simulating molecular properties at scale is key to many industries, including drug discovery, materials, chemicals. Machine

Learning Interatomic Potentials allow quantum accuracy orders of magnitude faster on molecular simulations

Scientists Candidates Experiments

Classical Force
Fields

Looking for any type of Success rate depends
new molecule or material on selection quality

Quantum
Chemistry

Internal

Accuracy
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2 | Scaling molecule screening with Machine Learning Interatomic Potential

Better Cheaper Scalable

Quantum Chemistry-level accuracy +10,000 times cheaper than DFT 00 atoms on one GPU

MLIP 1H100 GPU

"
2
2
i
c
[}
@
2
2
i
@
g
o

Up to 5x speed-up in simulation speed

MLIP Energies

DFT reference energies
Internal
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A fully integrated Al ecosystem

Pioneer work in generative models, representation learning, and reasoning.

Software for high-performance computing and advanced model optimization.

AlChor orchestration platform

A Kubernetes-native Al training platform for seamless scaling and fast experimentation.

Purpose-built for Al, delivering full control, visibility, and performance.
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Al Innovation
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Al innovation

Generative Al for genomics

n Bernardo Almeida
L ¥ Senior Research Scientist
4 InstaDeep
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Nucleotide Transformer: one of the most popular genomics Al models on Hugging Face

README

Al Foundation Models for Genomics

A hub for InstaDeep's cutting-edge deep learning models and research for genomics, originating from the g
Nucleotide Tranaformer and : +1 Million Downloads

CHENE-SAA0 pythan 331

Across model sizes'

@ Our Focus: Advancing Genomics with Al

Welcome to the InstaDeep Al for Genomics repository! This is where we feature our collection of transformer-
based genomic language models and innovative downstream applications. Our work in the genomics space began = S
with The Nucleatide Transformer, developed in collaboration with Nvidia and TUM and trained on Cambridge-1, + 500 C Itat I Ons
a panded to include pr the Agro Nucleotide Transformer (in ition with Google, trained
v4 accelerators), SegmentNT, and ChatNT.

Our mission s to provide the scientific community with powerful, reproducible, and accessible tools to unlock new 2
insights from biological sequences. This repository serves as the central place for sharing our models, inference Across m0d8| typeS
code, pre-trained weig and research contributions in the genomics domain, with explorations into future areas

like single-cell transcriptomics.

We are thrilled o open-source these works and provide the community with a to the code and pre-trained
weights for our diverse set of genomics language models and segmentation models.
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Generative Al for genomics - publications in top-tier journals

Building and Evaluating Robust
Foundation Models for Human
Genomics

Nature Methods, 2

the genome at si
resolution with DNA fou

Segmenting the Genome at Single-
Nucleotide Resoluti h DNA
Foundational Models

Nature Methods, 2025

Multi-modal Transfer Learning
between Biological Foundation Models

Multi-modal Transfer Le:
between Biological Foundation Models

NeurlPS Conference, 2i

A
RNAand protein tasks

A Multi-Modal Conversational Agent for
Genomics

Nature Machine Intelligence, 2025
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Exploiting the data available with the aim of building a best-in-class model for genomics

Learn from Learn from
genomes ' functional data

Nucleotide Transformer v3
NTv3

Pre-training on Post-training on
genomes from >17,000 functional
>150,000 species tracks across 16 species
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Introducing NTv3: a new, truly foundational, model for genomics with a million nucleotide context

more than 150,000 species genomes Genome annotation Variant prediction
(e.g. genes, splice sites finding) (e.g. eQTL, deleterious mutation)

genomes + functional tracks + genome annotation

human genomics, plants genomics, metagenomics Genomic tracks Sequence generation
(e.g. gene expression) . (e.g. enhancer design)

up to 1 million input nuclectides
design of DNA sequences de novo with in-vitro validation

from 10M -> 4B parameters

£ £

fastest foundation models available DNA sequence
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| Learning from +150,000 species genomes

i Jh &
Pre-training 8kb Tokens
Phase 1 —_— 32kb 3.8T

Phase2 —m—m—m———] 1Mb 1T
e I B 51T

oriC Operon mtDNA Mycoplasma X0
é ¢ ) Commam—
siRNA Plasmld -/- YOS Lsu oo Euk.gene Human TAD

10? 103 104 10° 108
Nucleotides
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j | Learning from +150,000 species genomes

NTv3 learns through Masked Language Modelling

1 Mb DNA sequence

INPUL = e Rl % Mask

- TATTCGTCHMCACTATCEMATGGTAG:-

Convolutional Tower

Transformer Tower

Deconvolutional Tower

- TATTCGTCECACTATCEHRATGGTAG:--
Output
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| Scaling Laws in Action

0.5 15

1
Training tokens [trillions]
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| NTv3, The Fastest Genomic Foundation Models

NTv3 scales up to 1 million nuclectides an order of magnitude more efficiently than competitive models

Caduceus 10M*

P NTv2 500M Caduceus 10M

NTv2 50M

8K 16K 32K B4K 128K
Sequence Length (nucleotides)




SIONT=CH | > InstaDeep

| NTv3, The Fastest Genomic Foundation Models
NTv3 scales up to 1 million nuclectides an order of magnitude more efficiently than competitive models

Caduceus 10M*

," NTv2500Mm Caduceus 10M

— =
@
E
©
E
=
@
©
[=
@
=t
(5}
2
&

NTv2 50M
»

NTv3 650M
=~ NTv3 100M
% NTv3 10M

8K 16K 32K B4K 128K
Sequence Length (nucleotides)
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| NTv3 is amongst the : n downstream tasks

Evaluation of different foundation models on 44 long-range downstream tasks, including gene expression,
DNA accessibility and genome annotation across various human tissues.

mmm HyenaDNA (50M)

mmm Caduceus (10M)

mm NTv3 (10M)
NTv3 (100M)
NTv3 (650M)

lli+ilik+




SIONT=CH | > InstaDeep

| NTv3 is amongst the |

Evaluation of different foundation models on 44 lo ange dc tree ks, including gene expression,
DNA accessibility and genome annotation across various human tissues.

Average performance across quantitative tasks Average performance across classification tasks

c
2
=
s
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| Learning from +17k genomic tracks and genome annotation

Intron
Genome Exon
Annotation Splice Site

Enhancer

Gene expression

Genomic — e 1 DNAaccessibility
Tracks Wd L Al ANl N e bl Protein binding

2M

26M
3.8M
790 K

10K
1K
21K

Histone modification 4 K

B —— e
Predictions for 1mb input sequence
at single-nucleotide resolution
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| NTv3 accurately predicts at single-nucleotide resolution
Example of NTv3 predictions for experiments in human K562 leukemia cells

Genes i b ————— i — H

¥ T Y T 17 TR 3
NTv3 Lk wam m..AAMMHHh b

K562
RNA-seq

experiment l i e

K562
DNAse

NTv3

A A ,_
D T

K562
H3k4me3

K562
CTCF

Predictions for 1 million nucleotide genomic region
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| NTv3 accurately predicts

NTv3 outperforms state-of-the-art model (Borzoi*) at e

DNA accessibility

Transcription initiation
ansenpto (ATAC-seq)

Protein/Histone binding % Transcription initiation

DNA accessibility DNA accessibility
(ATAC-seq) (DNAse-seq)

Gene expression 2% Gene expression

DNA accessibility i e
(DNAse-seq) Protein/Histone binding

0.00 025 050 075 100 125 150 175 2.00 (0] 0.5 1.0 15 2.0 25 3.0 35
Percentage improvement over Borzoi (%) Percentage improvement over Borzoi (%)
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| NTv3 accurately

T S DY R —

annotation

NTv3

annatation
NTv3
annotation
NTv3
annotation
NTv3
annatation
NTv3
annotation
NTv3

annotation

NTV3 .

Predictions for 200 thousand nucleotide gene region
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| NTv3 accurately

outperforms state-of-the-art model (SegmentNT*) at gene f ec eleme and ¢
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Exploiting the data available with the aim of building a best-in-class model for genomics

Predictive _ Generative

Nucleotide Transformer v3
NTv3

Native predictions De-novo
and can be and conditional
finetuned seqguence generation

Thanks to the masked discrete diffusion framework, NTv3 both exhibits strong
) for downstream tasks and is !
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| Designing regulatory enhancer sequences with NTv3

Design promoter-specific enhancers, at different levels of
activity, in Drosophila cell line.

Enhancers are sequence elements that modulate the
expression of genes and can be used for gene therapy.

Fine-tune NTv3 to become a generative model using Masked
Diffusion Language Models (MDLM)

Experimental validation through in vitro MPRAs

Promoter

NG TCACACGGTAG

Sequence ‘

Design Activity

"'Genebody
+ACTATCGGTCACACGGTAG:

Generated sequence

In collaboration with Alex Stark |MP \9
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1 | NTv3 designs have in-vitro state-of-the-art performance for

Experimental validation of enhancers
with different strengths (RpS12 promoter)

Native enhancers T
NTv3 generated

T

>
£
>
E
o]
o
[
i
®
£
=
[
Il
=
]
£
b=
@
aQ
x
w

TT
.
Tﬁll

--CGCGCCGGTC--- lowest low mid high highest
Generated enhancer Expression Level

NTv3 successfully generated de novo enhancers matching the prompted activity levels.
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on | NTv3 designs have in-vitro state-of-the-art performance for |

Experimental validation of enhancers
with promoter-specific activities
4.37x

= DeepStarr*
= NTv3 )

5
o
5
£
?
k-]
]
&

DSCP RpS12
Tested promoter types

ers, achieving fold-change specificity

NT C i
significantly superior to previously validated state-of-the-art in vitro methods.

ida et al., Mature Ge
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a new generation foundational model for genomics applications

Genome annotation Variant prediction
(e.g. genes, splice sites finding) (e.g. eQTL, deleterious mutation)

Genomic tracks \ / Sequence generation
(e.g. gene expression) (e.g. enhancer design)

=

DNA sequence

taDeep Lid. |
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Al Innovation

Generative Al for protein and

antibody engineering

Bora Guloglu
Senior Research Scientist
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Our vision: one model, many tasks

Our goalis to n

> by learning a joint distribution across multiple data types and sources.

7 in the hands of scientists with task-specific inference.

Our Vision

Scientist

Tasks determined
with conditional generation
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Laying the Groundwork

nature communications

Protein sequence modelling with Bayesian _
flow networks

1. Atkinson, T., Barrett, T.D., C 5 ai. Protein sequence modelling with Bayeslan flow networks. Nat Commun 16, 3187 (2025)




SIONT=CH | > InstaDeep

AbBFN2
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Why design F,s?

Therapeutic antibodies have diversified in formats across
the years.

The F, region is the common key recognition component i
all modalities.
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AbBFN2

Antibodies have unusual properties,
necessitating fine : | over their
genetics, sequence, and overall biophysics.

It is estimated that >10¢ antibody sequences are
Vs problem with

possible I

CDR-H2
VH: EVQLLESGGGLVQPGGSLRLSCAAS! AMSWVRQAPGKGLEWVSAISV 5SIYADSVKGRFTISRDNSKNTLYLQMNSLRAEDTAVYYC.
Vgene Dgene
CDR-L1 CDR-L2 CDR-L3
VL: DIQMTQSPSSVSASVGDRVTITC WYQQKPGKAPKLLIY SLQSGVPSRFSGSGSGTDFTLTISSLQPEDFATYY! FGQGTRLEIK
R T R e et e e e S SRR e U R e SR R i S S P R s R R e O P

Vgene Jgene
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AbBFN2: included data modalities

netic Attributes

Hydrophobi HV gene LV gene

Pesitive Pat HD gene LJ gene

Negative Patches Flag HU gene LV seq identity

Charge Imbatance Flag HV seq identity LJ seq identity
Novel capabilities:
HD seq identi LV seq identity
HU seq identity LJ seq identity 14 per-residie energiis
¥ Gonmiine families

HV seq identity 1 vernier zone energies
R Per-residus genstics

id locus 1 interface energies

4
-4
4
-4
4
-4
-4
-4
-4

Amino Acid Sequence

FWR-LT Future Plans
CDR-L1

FWR-L2 Length Attributes L1 Antioody Structure
CDR-H2 s Z sinding interactions
FWR-H3 1 CDR-H1 length 11 cor-L1jength 11 Quantum-evel energetics
CDR-H3 c 1l CDR-HZ tength 11 COR-L2 length

FWR-HA 121 CDR-H3 length 11 coR-L3 length
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Sequence annotation

Biophysical Attributes

HV gene

ADBEN2 achieves SOTA s o 23 e
sequence labelling tasks?, demonstrating 1 s

ng of the genetic and biophysical attributes
of antibody sequences.

HD gene
B nNegative Patches ) Negative Patches Fiag HU gene
B charge imbatance B charge Imbatance Flag HV seq identity B Liseqidentity
HD seq identity E v seqidentity
HU seq identity Z LI seqidentity
HV seq identity

HD seq identity LC locus
. . HJ seq identity Species.
+ Sequence labelling is a prerequisite fo
teered e ionand des\'gn_ Acid Sequence

£
b-4
-4
b4
Z
Z
b-4
Z
-4

i « PWR-11
« AbBFN2is a « coR-Ut
. -HZ - FWR-L2 Length Attributes
= Simpilifies traditional computational pipelines it o \
d . : : : JR— . FWRL3 COR-H1 length 11 cor-L1length
an f V Ic .  COR-H3 - CDR-L3 1 COR-HZ lengtn 1*1 COR-L2 length

- FWR-H& - PWR-L& [ CDR-H3 length 141 COR-L3 lengtn
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Stahilisation of existing antibodies

Using an unstable starting candidate, AbBFN2 is able to refine the interfaces and the total antibody to
allows more stable pairing, better st and high ;sion levels.

Natural
Antibodies

Last Year

This Year

-50
Interface Energy (Lower is better)
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Multi-objective design using AbBFN2

AbBFN2 optimises sequences with ¢ C
candidates for early discovery and optimisation.

100 125 150 175 2 3
Hydrophobicity Positive Charge

Inference-time compute scaling
EVQLLESGGGLVQPGGSLRLSCAAS...
QVQLLESGGSLVQPGGSLRLSCAAS...
QVQLLESGGSLVQPGGSIRLSCARS...

1 2 3
Negative Charge

J to generate diverse

-20 0 20 0
Charge Balance Pred. ADA Safety

: Success rate (overall)

4: Success rate (tractable candidates)

5: Number of mutations (1 objective)

Number of mutations (5 objectives)

1.0
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Experimental validation

I onal humanization is a trial-and-error bottlene
and risks disrupting binding through extensive changes.

co-optimisation of
immunogenicty risk

t on 1 n2 te Iteration | te K+
—_— S —> ;‘ and affinity

(3-6 months)’

optimisation of optimisation of

———— s Tl _’ affinity
(20 minutes) (2 weeks)

1. Based on Marks et al, Bioinformatics,

“k: it often relies on : iry back-mutations, is >~ and cost-intensive
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Live Demo
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Experimental validation

AbBFN2 enabiles efficient
eliminating the need for leng

Humanise antibodies to reduce side-effects,
starting from the precursor sequence’ to
generate designs

( compared to their
manually designed clinical-stage counterparts.
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AbBFN2: Cutting-edge in silico antibody design

« Training on both sequence and associated metadata of interest produces a

ere, generate an paradigm of AbBFN2 admits a
<s that can be decided at inference time.
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Data acquisition
& refinement

Nicolas Lopez Carranza Youssef Ben Dhieb
Head of BioNTechAl () Senior ML Engineer

InstaDeep InstaDeep
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BioNTech Al strategy is

Potential for continued improvement as more
data are generated and analysed
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We aim to learn as much as possible

from the
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Sequence Space Image Space

InstaNovo Internal
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The
encompasses uncharacterized
proteins and hidden translation

products beyond canonical
proteins and known PTMs
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technology
enables de novo peptide
sequencing to explore the

‘dark proteome' and
uncover unknown proteins
in cancer.
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InstaNovo's library-free approach allows discovery of unanticipated dark proteome antigens

TMDPKTGYQ
ATGPVMPTR

IncRNAs

MS2 spectra Reference library Database search Known Dark Tumor Antigens
(dTAs)

TMDPKTGYQ
GARVEMEYR
ATGPVMPTR IGEYKTSLS

All Possible Peptides
Incl. any unanticipated targets
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InstaNovo SOTA de novo peptide sequencing

InstaNovo (auto-regressive) and InstaNovo+
(diffusion) combine to outperform SOTA methods.

Has already shown potential in detecting tumour
specific epitopes from undocumented ORFs and
aberrant splicing.

Published in Nature Machine Intelligence

Covered by Science Magazine

Tumor-specific
dark peptides

Normal Identifications

o L ————=

@

Tumor Identifications

Peptide 1
Peptide 2
Peptide 3

Peptide 4

Peptide 5
Peptide 6
Peptide 7
Peptide 8
Peptide 9

Peptide 10

nature machine intelligence

Avticls

InstaNovo enables diffusion-powered

denovo peptide sequencinginlarge-scale

proteomics experiments

Nature Machine Intellig

InstaDeep”
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Introducing InstaNovo V2

The next generation of InstaNovo models

63 million labelled spectra

Up to 50x faster inference

10-15% increase in peptide recovery

Up to 2x the number of identifications

roducing the nex

1 Novel PSMs
12500

Database Overlap

Peptide identifications in InstaNovo V1 and V2

InstaNovo V1

InstaNovo V2

InstaNovo  InstaNovo V2
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Al-Assisted tissue annotation tool (last year)

compared to manual annotation.
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pathologists — but still not enough




Thousands of hon-annotated whole slide images




BIONT=CH | > InstaDeep AlDay © 2025 BioNTech SE & InstaDeep Ltd. | October, 2025 | 98

How can we he pathologists

efforts while ensuring model performance?
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Random data points selection




SIONT=CH | > InstaDeep

Random Data Points Selection
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Use Foundation Models to Cluster the Data by Patterns
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Use Foundation Models to Cluster the Data by Patterns
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Use Foundation Models to Cluster the Data by Patterns
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Use foundation models + smart data points selection
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We developed a tool to

with our histology data
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Live Demo
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embeds..
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Applications
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Nanoparticle

design

&z
Cheng Zhang y & :* Lexi Walls
Research Engineer — v Senior Scientist Il
InstaDeep I BioNTech
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High valency nanoparticle vaccines yield strong antibody responses
towards tough infectious disease targets

Hepatitis B Human papilloma

e . S Malaria vaccine®
vaccine virus vaccine

Goal: Leverage Al to build
nanoparticles suited to harness
the power of mRNA vaccines

Nanoparticle vaccines have a crown of repeating antigen on a scaffold
They yield improved immune responses compared to solitary antigens
All nanoparticle vaccines in humans are protein based
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Goal: mRNA launched nanoparticle vaccines

mRNA delivery

Nanoparticle
assembly

T Nanoparticle
secretion

Nanoparticle
vaccine

Generated by BioRender

October, 2025
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Building a toolkit of diverse Al-designed de novo nanoparticles

2y, & pbh

fiins
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Building a nanoparticle piece by piece

Internal




SIONT=CH | > InstaDeep

Utilizing Al protein design to build the nanoparticle components

Shape
generation

Generate thousands of de novo trimer shapes to enhance diversity of building blocks

Internal
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Assembling the nanoparticle building blocks into desired shapes

Assembled to thousands of symmetric shapes

Internal
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Designing amino acid sequences to form the protein shape

NLGVTFKWS..
VDEVTATQTH
—_—
Hundreds of
sequences per
particle
—_—
SPRHTLALR...
ATMKESVAE

Generate hundreds of thousands sequences to match the desired shapes and assemblies

Internal
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Computationally rank and filter the nanoparticle models

Filter and enrich to tens - hundreds of high-quality designs prior to laboratory testing

Internal
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In vitro: confirming nanoparticle design and assembly

Computationally g : Wet-lab

designed : t
nanoparticle model experiments

Negative stain electron
micrographs confirming
nanoparticle assembly

Internal
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In vitro: showcasing nanoparticles can display vaccine antigens

Internal

Computationally
designed
nanoparticle +
antigen model

Negative stain electron
micrographs confirming
nanoparticle displays
antigen

Wet-lab
experiments
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TCR affinity

enhancement

Antoine Delaunay
Senior Research Engineer
InstaDeep

Michael Rooney
Senior Director Comp Biology
BioNTech
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T cell receptors (TCRs) can access highly tumor-specific cancer targets

Antibody

CEACAM \ TROP2

HPV PRAME
P53 RAS NY-ESO-1

N ;
61 ryn\-;“/:}f« X-".\'V"'"

oo

Extracellular targets Intracellular targets
Modest tumor specificity High tumor specificity
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T cells can achieve durable responses

Checkpoint blockade in NSCLC PRAME-directed TCR-T

N iands” Mchumeh  Cimemotheroy Phase 1b
In= (n=58) Dose expansion (n=13)

2
e

Median PFS, months
(95% c1)

HR vchematherapy 033 035
(95% C1} (0200053 (0.21100.60)

58.1 0.6 95
(35810 NA) (223w NA)  (7010221)

8

o
(=]

w0
o0
0
0
8
'
20
20

Change in sum of diameter of
target lesions from baseline (%)
(=]

0 3 6 9 12151821 24 27 30 33 36 39 42 45 48 51 54 57 60 63 66 €8 72 75 3 6 g

Time (months) Months after T cell infusion

Brahmer, JCO, 2023. Wermke, Nature Medicine, 2025.
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Affinity enhancement is required to unlock the full potential of T cell receptors (TCRs)

Weak binding TCRs Strong binding TCRs

“micromolar” "nanomolar"”

103M 106 M
Natural TCRs
TCR-T solTCR

Cell therapy Off-the-shelf
biologic
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Conventional display-based affinity enhancement is labor- intensive

but explores tiny sliver of TCR sequence space

Natural
TCR

. 4
Displays

CDR2a
library

CDR28
library

Measurement

l Enhanced

TCR

developability

~1032 mutants with <15 mutations
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Al-guided exploration of TCR sequence space enables effi

Natural
TCR

4

high potency

Al-guided rational exploration of
sequence space

high specificity

Measurement

l > Enhanced 2 mutants with <15 mutations

TCR
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Learning the rules of TCR optimization is hard due
to high structural diversity of TCRpMHC interactions

Qverall TCR:pMHC docking is similar, but exact Residue environment determines optimal
CDR loop positions are highly diverse substitutions but varies from TCR to TCR

Twelve TCRpl i Divergent germline CDR2B-MHC interactions in two structures that
07, Imis5,

Lizetec 264 98g. 4irx, 4mji) share both V- MHC allele
)

(PDI
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QOur model outperforms state-of-the-art in TCR—pMHC structure prediction

Performance benchmark on test targets Our method outperforms sampling models that
(CDR3 RMSD < 2.5A) quickly saturate
50
45
40
35
20 30
10 25

20
0 200 400

Number of structures generated per target

50

<25A

40

CDR3 RMSD

30

0
Boltz-1' Chai-12  Our model

For each model, fraction of targets where at least one of 5 Boltz-1 Chai-12
generated structures achieved CDR3 RMSD < 2.5A. Test
set contains only unseen targets.

= +Our model
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Our Al pipeline achieves an average 50,000-fold TCR binding enhancement increase over WT, in
three rounds or less, on the four considered targets. We repeatedly reach picomolar affinity.

natural
TCR

4

structure

4

natural TCRs

variant affinity
sampler ™ predictor

EEREnE

l > enhanced

TCR

Source: Internal
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Affinity-enhanced TCRs lead to s | ' in a pre-clinical model

PHLA tumor target 1 pHLA tumor target 2

no TCR no TCR
WT TCR WT TCR

—— enhanced TCR —— enhanced TCR ZCR dosing

nds.

. TCR dosing
TCR dosing starts

ends

E
E
o
E
°
4
e
e
2

tumor volum

20
study day study day

Source: Internal Source: Internal
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Al Dav

Thank you for your time

Next: QA

October 2025







