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The promise of Al: accelerate discoveries and generate insights
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A recent talk by Dr Aviv Regev, of Genentech/Roche, at an NVIDIA forum?! highlighted the
promise of Al In life sciences space. As an example, machine learning was used to rapidly
predict activity of candidate small molecules as antibiotics - rate of the successful candidates
skyrocketed (50-fold increase) as a result. Al shines when large quantities of data exist, but the

Machine learning techniques have been rapidly evolving since mid 50s,
eventually leading to more and more sophisticated algorithms that can play chess,
analyze pathology reports, drive cars, and now converse with humans on any topic.
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Over the past 18 months, Generative Al (GenAl)
has broadened the breadth of value that Al could
deliver

Here, we are showcasing several innovative projects we completed that emphasize the power
of high-quality data and illustrate that creative new methods improve outcomes for GenAl.
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Large Scale Toxicology Data Extraction and Summarization Benefits from Multi Agent Al pipeline
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Scientists want to know why the gene is dysregulated in disease
and toxicity. Browsing all literature and reading all papers would take
weeks — so, we built a pipeline that summarizes the literature and

In this pipeline, we introduced a multi-agent workflow to help Al stay

focused, don’t hallucinate, and perform self-QC
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Data Crawler compiles a Generative Al reduces the time to collect the information from of disease and toxicity

comprehensive (an exhaustive) list of
publications to analyze

SVC and MLP models were trained to
predict relevance of an abstractand were
used to filter most relevant publications

>16 hrs/gene to 1.5 hrs/gene. Modular nature of the pipeline
makes it easy to re-purpose it for other research questions
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Finding sameness in millions of cells: Al foundational model for single-cell data — driven by high quality data
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What's next in Al for IT, R&D and clinical operations

There is a 2-3 order of magnitude difference
between big tech and big pharma in investment
Into compute.

What's next for R&D? What's next for clinical operations? What's next for IT?

However, pharma operates with the same
scale of data: e.g. 200M cells is ~8 trillion -
tokens, which is more than went into GPT-3

training.

The compute gap offers great opportunities for
pharma: applications of text-based models, ’
and development of new foundational models

Retrieval-Augmented Generation (RAG) .

applications to increase data accessibility
IS a quick win

Content summarization powered by Al
agents to reduce hallucinations
Multi-modal applications in omics and
Images for advanced analytics

Data-powered autonomous Al agents
will lead to R&D advances

New foundational models based on
data that only pharma has — multi-
omics, time series, clinical outcomes

Enhanced information sharing and .

access through RAG applications
Al-agents empowered on-demand data
analysis and dashboarding

Biomarker discovery through existing
multi-modal Al applications in single cell
transcriptomics

Extended multi-modal applications and
dataset integrations

Foundational models integrating clinical
outcomes, biomarkers and existing
knowledge graphs

Compute-intensive GenAl support for
day-to-day inference tasks

Data needs to be ready for Al
consumption

Vectorization layer for data infrastructure
Al knowledge management to prevent
prompt injection and other attacks

High compute and data requirements to
train breakthrough Al models mean
collaboration might be the key to unlock
GenAl potential
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