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Introduction - Team History: 

From Genentech to Lawrence Berkeley National Lab, Bioscience Division

See appendix A



We maintain a network of funders in the financial markets 
along with a network of scientific collaborators and labs 
with a multiomic focus on stressors related to:

- Tumor Microenvironment (TME)
- Brain extracellular matrix (ECM, matrisome)
- Exosomes
- Mitochondrial stress (cardiolipin)
- Muscle atrophy (atrogenes)
- Human aging



Organization:



Our goal:

To investigate countermeasures associated to diseases related to stressors 
during spaceflight which can double as therapies resulting in precision medicine 
for all humankind



How?

By using scientific data engineering pipelines that leverage language models 
trained to detect hidden relationships between genes, proteins, pathways, drug 
compounds, molecular sequences and signatures



How?

- Deep knowledge domain expertise
- Human-in-the-loop curation
- Experimental validation



AI/ML Operations Accelerate Today’s Research Efforts



Language Models Represent the Tip-of-the-Spear in 
Today’s AI/ML operations



Language Models Applied to:

Ancient Human Language

            “Restoring and attributing ancient texts using deep neural networks”

“Epigraphy is the study of texts—inscriptions—written directly on 
durable materials (stone, pottery, metal) by individuals, groups and 
institutions of the ancient world. Thousands of inscriptions have 
survived to our time, but many have been damaged over the centuries 
and their texts are now fragmentary.” 

Nature (2022): https://www.nature.com/articles/s41586-022-04448-z 

“For each inscription, the input of the model consists of (1) a 
sequence of character embeddings (real-valued vectors, each 
representing the character of the alphabet that occurs at the 
corresponding position of the inscription); (2) an equally long 
sequence of word embeddings (real-valued vectors, each 
representing the vocabulary word at the corresponding character 
position of the inscription; Fig. 2); and (3) positional embeddings (also 
real-valued vectors, each representing a position of the input 
sequence). The first two kinds of embeddings are randomly initialized 
and learned when training Ithaca (via backpropagation). The 
positional embeddings are also trainable.”

https://www.nature.com/articles/s41586-022-04448-z


Language Models Applied to:

Human Language Associated to Genes, Proteins, Pathways, Compounds & Diseases

Static & Context-dependent Examples:

- Dictionaries
- Encyclopedias
- Ontologies
- Annotations
- Long/Short Descriptions
- ClinicalTrials.gov
- Drugbank.ca
- PubMed



Language Models Applied to Non-Human Language



Language Models Applied to:

Non-Human Language

2005: Lawrence Berkeley National Lab (LBNL):

"In certain embodiments using vectors, the vector space representation scheme uses variable length query object vectors. 
The variable length vector may have a plurality of component values or elements that are determined based on relationships 
between terms" https://www.google.com/patents/US7987191  - LBNL, K Franks, CA Myers, RM Podowski

2013: Google (Tomas Mikolov)

"Efficient Estimation of Word Representations in Vector Space"
https://arxiv.org/abs/1301.3781  - Google, Tomas Mikolov

2018: A. Vashwani 

”Attention is all you need” -"We propose a new simple network architecture, the Transformer, based solely on attention 
mechanisms, dispensing with recurrence and convolutions entirely. Experiments on two machine translation tasks show these 
models to be superior in quality… An attention function can be described as mapping a query and a set of key-value pairs to 
an output, where the query, keys, values, and output are all vectors." https://arxiv.org/pdf/1706.03762.pdf 

https://www.google.com/patents/US7987191
https://arxiv.org/abs/1301.3781
https://arxiv.org/pdf/1706.03762.pdf


Language Models Applied to:

Non-Human Language: Selected References

1. The Illustrated Transformer https://jalammar.github.io/illustrated-transformer/ 

2. Transformers from scratch https://e2eml.school/transformers.html 

3. Word Embeddings - also known as "vector representations" or "feature vectors" which can be applied to any sequence of 
objects including any molecular sequences: https://lena-voita.github.io/nlp_course/word_embeddings.html 

4. Using deep learning to annotate the protein universe https://www.nature.com/articles/s41587-021-01179-w.epdf 
Sup: https://ai.googleblog.com/2022/03/using-deep-learning-to-annotate-protein.html 

5. Learning the molecular grammar of protein condensates from sequence determinants and embeddings - Proceedings of 
the National Academy of Sciences Apr 2021, 118 (15) e2019053118;
https://www.pnas.org/content/118/15/e2019053118 

https://jalammar.github.io/illustrated-transformer/
https://e2eml.school/transformers.html
https://lena-voita.github.io/nlp_course/word_embeddings.html
https://www.nature.com/articles/s41587-021-01179-w.epdf
https://ai.googleblog.com/2022/03/using-deep-learning-to-annotate-protein.html
https://www.pnas.org/content/118/15/e2019053118


Language Models Applied to:

Non-Human Language: Selected References (continued)

6. An introduction to sequence similarity ("homology") searching - Curr Protoc Bioinformatics. 2013;Chapter 3:Unit3.1. 
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3820096/ 

7. DNA sequences performs as natural language processing by exploiting deep learning algorithm for the identification of N4-
methylcytosine Sci Rep 11, 212 (2021). https://www.nature.com/articles/s41598-020-80430-x 

8. De Novo Molecular Design with Chemical Language Models - Methods Mol Biol. 2022;2390:207-232. doi: 10.1007/978-1-
0716-1787-8_9. https://pubmed.ncbi.nlm.nih.gov/34731471/ 

9. Single-sequence protein structure prediction using language models from deep learning bioRxiv 2021.08.02.454840;
https://www.biorxiv.org/content/10.1101/2021.08.02.454840v1  

10. ProGen2: Exploring the Boundaries of Protein Language Models https://arxiv.org/abs/2206.13517  

11. Protein–protein interaction and non-interaction predictions using gene sequence natural vectors 
https://www.nature.com/articles/s42003-022-03617-0 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3820096/
https://www.nature.com/articles/s41598-020-80430-x
https://pubmed.ncbi.nlm.nih.gov/34731471/
https://www.biorxiv.org/content/10.1101/2021.08.02.454840v1
https://arxiv.org/abs/2206.13517
https://www.nature.com/articles/s42003-022-03617-0


Language Models Applied to:

Non-Human Language: Applications

AlphaFold 2 and variants

At the heart of AlphaFold 2’s “breakthrough” in predicting
the way a protein folds based on a sequence of amino acids
is the core of language modeling, the Transformer and Multi-
head Attention encoder/decoder stack powered by vector 
representations (embeddings). 



Language Models Applied to:

Non-Human Language: Applications

Molecular sequences

    Oxoford Protein Informatics Group:  “AlphaFold 2 is here: what’s behind the
    structure prediction miracle”

Oxford Protein Informatics Group (2021): 
https://www.blopig.com/blog/2021/07/alphafold-2-is-here-whats-behind-the-structure-prediction-miracle/ 

https://www.blopig.com/blog/2021/07/alphafold-2-is-here-whats-behind-the-structure-prediction-miracle/


Language Models Applied to:

Non-Human Language: Applications

BERT, GPT-3, DALL-E...
ALBERT
BART
BERT
Big Bird
BLOOM
Chinchilla
CLIP
CTRL
DALL-E
DALL-E-2
Decision Transfo
rmers
DialoGPT
DistilBERT
DQ-BART
ELECTRA
ERNIE
Flamingo

Transformer models: an introduction and catalog — 2022 Edition 
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/ 

OPT
Palm
Pegasus
RoBERTa
SeeKer
Swin Transformer
Switch
T5
Trajectory Transformer
s
Transformer XL
Turing-NLG
ViT
Wu Dao 2.0
XLM-RoBERTa
XLNet

Gato
Gopher
GLaM
GLIDE
GC-ViT
GPT
GPT-2
GPT-3
GPT-Neo
GPTInstruc
t
Imagen
Jurassic-1
LAMDA
mBART
Megatron
Minerva
MT-NLG

https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#albert
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#BART
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#BERT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#BIGBIRD
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#BLOOM
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#CHINCHILLA
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#CLIP
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#CTRL
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DALLE
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DALLE2
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DECISION
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DECISION
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DIALOGPT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DISTILBERT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DQBART
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#ELECTRA
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#ERNIE
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#FLAMINGO
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#OPT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#PALM
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#PEGASUS
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#ROBERTA
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#SEEKER
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#SWIN
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#SWITCH
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#T5
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#TRAJECTORY
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#TRAJECTORY
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#TRANSFORMER
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#TURING
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#VIT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#WUDAO
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#XMLROBERTA
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#XLNET
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GATO
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GOPHER
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GLAM
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GLIDE
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GCVIT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GPT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GPT2
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GPT3
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GPTNEO
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GPTINSTRUCT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GPTINSTRUCT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#IMAGEN
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#JURASSIC1
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#LAMDA
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#MBART
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#MEGATRON
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#MINERVA
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#MTNLG


How can scientific data engineering pipelines & language 
models accelerate the generation of:

a) New hypotheses?
b) New insights & interpretations?
c) New discoveries?



1. Every 24hrs about 4000 new papers are submitted to 
National Library of Medicine's PubMed*

- About 1500 of those are new submissions
- The remaining are modifications or retractions
- Results include real-time correlation matrix datasets

https://dev.vectorspace.ai:4000 

*This is just one of the world’s scientific literature repositories.

https://dev.vectorspace.ai:4000/


How can scientific data engineering pipelines & language 
models accelerate the generation of:

a) New hypotheses?
b) New insights & interpretations?
c) New discoveries?



2. Genes, proteins, pathways, compounds & molecular 
sequences can be represented by 
feature vectors (embeddings) resulting in:

- Similarity measurements between proteins, compounds & sequences
- Detection of hidden relationships between proteins, compounds & sequences
- Extraction of relationships between genes, proteins, pathways, compounds & 
sequences, before they are published...  

Protein–protein interaction and non-interaction predictions using gene sequence natural vector
Nan Zhao, Maji Zhuo, Kun Tian & Xinqi Gong - https://www.nature.com/articles/s42003-022-03617-0

https://www.nature.com/articles/s42003-022-03617-0
https://www.nature.com/articles/s42003-022-03617-0


Results showing the detection of a hidden relationship using language modeling when measuring feature vectors (embeddings) for similarity between atrogenes 
(muscle atrophy genes associated to the stressor of microgravity), PARP1 and NFAT5. The relationship converges over time (2010 to 2015), as literature is 
analyzed in real-time. This enables the prediction of a future or latent relationship between proteins, until the relationship is made explicit or published.

1. PMID:28485155
 

 

2. An Integrative Network Science and Artificial Intelligence Drug Repurposing Approach for Muscle Atrophy in Spaceflight Microgravity
 

1. 13 Atrogenes were analyzed: Actn2, Cacng1, Emc7, 
Ldb3, Myf6, Myh4, Nfat5, Pdlim3, Rack1, Rpl4, Smpx, 
Smyd1, Trim63 extracted from “Transcriptome analysis 
of gravitational effects on mouse skeletal muscles under 
microgravity and artificial 1 g onboard environment”
https://www.nature.com/articles/s41598-021-88392-4  
2. 206233 Unique papers from PubMed between years 
2010 - 2015
3. 158285 Papers from PubMed from 2016 - 2021
4. 12903 Unique human proteins from 2010 - 2015
5. 834969 Co-publications were processed 834969 from 
2010 - 2015
6. 814407 Co-publications were processed 814407 from 
2016 - 2021
8. 395 Implicit interactions from 2010 - 2015 between 
atrogene and human protein
7. 547217 Explicit interactions from 2016 - 2021 
between atrogene and human protein
9. 88 Implicit interactions measuring distance and direct 
connection between vector representations using 
PubMed abstracts from 2010 - 2015. Protein pairs were 
selected based on their correlation scores by comparing 
vector representations (embeddings) for increased 
similarity over time

https://pubmed.ncbi.nlm.nih.gov/28485155/
https://www.frontiersin.org/articles/10.3389/fcell.2021.732370/full
https://www.nature.com/articles/s41598-021-88392-4


PMID: 29794013
 

(continued) convergence between TF and NFAT5 based on measuring similarity between feature vectors (embeddings) between 2010 and 2015. 

1. 13 Atrogenes were analyzed: Actn2, Cacng1, Emc7, 
Ldb3, Myf6, Myh4, Nfat5, Pdlim3, Rack1, Rpl4, Smpx, 
Smyd1, Trim63 extracted from “Transcriptome analysis 
of gravitational effects on mouse skeletal muscles under 
microgravity and artificial 1 g onboard environment”
https://www.nature.com/articles/s41598-021-88392-4  
2. 206233 Unique papers from PubMed between years 
2010 - 2015
3. 158285 Papers from PubMed from 2016 - 2021
4. 12903 Unique human proteins from 2010 - 2015
5. 834969 Co-publications were processed 834969 from 
2010 - 2015
6. 814407 Co-publications were processed 814407 from 
2016 - 2021
8. 395 Implicit interactions from 2010 - 2015 between 
atrogene and human protein
7. 547217 Explicit interactions from 2016 - 2021 
between atrogene and human protein
9. 88 Implicit interactions measuring distance and direct 
connection between vector representations using 
PubMed abstracts from 2010 - 2015. Protein pairs were 
selected based on their correlation scores by comparing 
vector representations (embeddings) for increased 
similarity over time

https://pubmed.ncbi.nlm.nih.gov/29794013/
https://www.nature.com/articles/s41598-021-88392-4


How can scientific data engineering pipelines & language 
models accelerate the generation of:

a) New hypotheses?
b) New insights & interpretations?
c) New discoveries?



3. Scientific data engineering pipelines using language 
models result in context-dependent protein, compound & 
sequence:

- Networks beyond Knowledge Graphs
- Networks with hidden relationships
- Networks which change based on user-defined context
- Networks with real-time data

https://vectorspacebio.science/demo 

https://vectorspacebio.science/demo


Using Vector Representations (embeddings) to Detect Hidden Relationships 
Between Proteins, Compounds, Diseases & Molecular Sequences

Using a combination of “frame semantics”, features can be engineered to represent unique ‘frames’ or current input 
windows. During the language modeling process, a feature vectors will be constructed representing frames. Another 
word for ‘frame’ might be ‘window’, ‘window frame’, ‘full text document’, ‘abstract’, set of k-mers or set of molecular 
sequences in different machine learning contexts. A full-text paper, document or window frame can be represented by 
a vector as in the case with Doc2Vec.

Measurements are made between two genes, proteins, drug compounds, diseases or sequences to determine direct 
mappings within a frame or graph network generated from their correlation matrix dataset. 

A) If they’re directly mapped, this means they’ve existed in the same ‘frame’, during the generation of input files for a 
language model and share an explicit or ‘known relationship’, meaning they’ve shown up together in the same 
paper, document or set. 

B) If not directly mapped, it can be defined as an implicit or hidden relationship as they will not be directly mapped 
in a vector space which indicates they’ve never shown up together in the same paper, document or set.

 

https://en.wikipedia.org/wiki/Frame_semantics_(linguistics)
https://arxiv.org/abs/1607.05368








How can scientific data engineering pipelines & language 
models accelerate the generation of:

a) New hypotheses?
b) New insights & interpretations?
c) New discoveries?



4. Accelerated drug repurposing, therapeutic target 
discovery & nutrigenomic cocktail development which 
translate to:

- Countermeasures for diseases associated to stressors
- Fanconi's anemia: A case study in language modeling applied to biomedical 
data resulting in a form of precision medicine (see supplemental section).
- Precision medicine for all humankind



Conclusion:

- Language models represent the tip-of-the spear in today's AI/ML development which has accelerated 
research related from deciphering ancient inscriptions to predicting the way a protein folds.

- Scientific data engineering pipelines can produce correlation matrix datasets. These can be used to predict a 
future explicit relationships between atrogenes (muscle atrophy genes connected to the stressor of 
microgravity) by detecting hidden relationships using vector representations of proteins observed over time.

- Correlation matrix datasets can be converted to graph and relationship networks which can be used to 
explore hidden relationships between proteins, compounds and diseases in the context of muscle atrophy 
genes.

- Language models can be used to accelerate the generation of new hypotheses, innovations and discoveries 
in the context of countermeasures for diseases associated to stressors during spaceflight.

- What if Fanconi’s anemia were a stressor during spaceflight? We'd have ourselves a countermeasure that 
would double as form of precision medicine benefiting all humankind.
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Our group, including partners in the financial markets, continue to fund 
operations in space biosciences.

For more information, please contact us at support@vectorspacebio.science
or kasian@vectorspacebio.science or through out site at 
https://vectorspacebio.science 
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Supplemental



A view inside a scientific data engineering pipeline 
designed to leverage language models 

    Sections:
1. Input
2. Output
3. Model Training
4. Results



Fanconi’s anemia: A case study in language modeling applied to biomedical knowledge in the context of a rare disease

The responsible genes identified are FANCA (65% of cases), FANCB (also known as BRCA2 , known tumor suppressor gene related to gynecological and 
colon carcinomas, twin of BRCA1 related to forms of breast cancer with familial predisposition), FANCC (15% of cases), FANCD1 , FANCD2 , FANCE, 
FANCF , FANCG (10% of cases), FANCI , FANCJ , FANCL , FANCM and FANCN.

References:

- Aldehyde Dehydrogenase 2 in Aplastic Anemia, Fanconi Anemia and Hematopoietic Stem Cells

- Fanconi anemia: young patients at high risk for squamous cell carcinoma

- Xylitol inhibits carcinogenic acetaldehyde production by Candida species

- Fanconi’s anemia 

- The Algorithm For Precision Medicine

1. Fanconi’s anemia patients have problems metabolizing reactive aldehydes.

2. Reactive aldehydes have been demonstrated to cause specific genotoxic injury, namely DNA 
interstrand cross-links.

3. Aldehyde dehydrogenase 2 (ALDH2) is localized in mitochondria and is essential for the 
metabolism of acetaldehyde, thereby placing it directly downstream of ethanol metabolism. 

4. Deficiency in ALDH2 expression and function are caused by a single nucleotide substitution and 
resulting amino acid change, called ALDH2*2.

5. An “unexpected interrelationship” exists between aldehydes, ALDH2 and hematopoietic stem cell 
biology, and in particular its relationship to Fanconi anemia.

6. Xylitol, a chemical compound also used in chewing gum, inhibits alcohol dehydrogenase.

7. Alcohol dehydrogenase produces reactive aldehydes.

8. Reactive aldehydes cause double stranded breaks in DNA.

9. Fanconi anemia patients have difficulty in repairing double stranded breaks in DNA.

10. Xylitol may prevent metastatic cancer in patients with Fanconis anemia.
 

Vector Space  Biosciences, Inc.

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5082284
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4530570/
https://pubmed.ncbi.nlm.nih.gov/21154745/
https://en.wikipedia.org/wiki/Fanconi_anemia
https://youtu.be/Rt3XyeFHvt4?t=2057


1. Input: Human Language

Resulting NFAT5 (atrogene) description-based input file:



1. Input: Non-Human Language, molecular sequences

Resulting NFAT5 (atrogene) sequence-based input file:



1. Input:

Data Acquisition & Preprocessing

1.1 Human Language Associated to Genes, Proteins, Pathways, Compounds & Diseases

1.1.1 Static & Context-dependent Examples:

- Dictionaries
- Encyclopedias
- Ontologies
- Annotations & Descriptions
- ClinicalTrials.gov
- Drugbank.ca
- PubMed



Language Models Applied to:

Ancient Human Language

            “Restoring and attributing ancient texts using deep neural networks”

“Epigraphy is the study of texts—inscriptions—written directly on 
durable materials (stone, pottery, metal) by individuals, groups and 
institutions of the ancient world. Thousands of inscriptions have 
survived to our time, but many have been damaged over the centuries 
and their texts are now fragmentary.” 

Nature (2022): https://www.nature.com/articles/s41586-022-04448-z 

“For each inscription, the input of the model consists of (1) a 
sequence of character embeddings (real-valued vectors, each 
representing the character of the alphabet that occurs at the 
corresponding position of the inscription); (2) an equally long 
sequence of word embeddings (real-valued vectors, each 
representing the vocabulary word at the corresponding character 
position of the inscription; Fig. 2); and (3) positional embeddings (also 
real-valued vectors, each representing a position of the input 
sequence). The first two kinds of embeddings are randomly initialized 
and learned when training Ithaca (via backpropagation). The 
positional embeddings are also trainable.”

https://www.nature.com/articles/s41586-022-04448-z


1. Input: (continued)

Data Acquisition & Preprocessing

1.3 Non-Human Language: Modeling Input Data Throughout the Ages

2005: Lawrence Berkeley National Lab (LBNL):

"In certain embodiments using vectors, the vector space representation scheme uses variable length query object vectors. 
The variable length vector may have a plurality of component values or elements that are determined based on relationships 
between terms"
https://www.google.com/patents/US7987191  - LBNL, K Franks, CA Myers, RM Podowski

2013: Google (Tomas Mikolov)

"Efficient Estimation of Word Representations in Vector Space"
https://arxiv.org/abs/1301.3781  - Google, Tomas Mikolov

2018: A. Vashwani 

”Attention is all you need” -"We propose a new simple network architecture, the Transformer, based solely on attention 
mechanisms, dispensing with recurrence and convolutions entirely. Experiments on two machine translation tasks show these 
models to be superior in quality… An attention function can be described as mapping a query and a set of key-value pairs to 
an output, where the query, keys, values, and output are all vectors." https://arxiv.org/pdf/1706.03762.pdf 

https://www.google.com/patents/US7987191
https://arxiv.org/abs/1301.3781
https://arxiv.org/pdf/1706.03762.pdf


1. Input: (continued)

Data Acquisition & Preprocessing

1.4 Non-Human Language: Selected References

1. The Illustrated Transformer https://jalammar.github.io/illustrated-transformer/ 

2. Transformers from scratch https://e2eml.school/transformers.html 

3. Word Embeddings - also known as "vector representations" or "feature vectors" which can be applied to any sequence of 
objects including any molecular sequences: https://lena-voita.github.io/nlp_course/word_embeddings.html 

4. Using deep learning to annotate the protein universe https://www.nature.com/articles/s41587-021-01179-w.epdf 
Sup: https://ai.googleblog.com/2022/03/using-deep-learning-to-annotate-protein.html 

5. Learning the molecular grammar of protein condensates from sequence determinants and embeddings - Proceedings of 
the National Academy of Sciences Apr 2021, 118 (15) e2019053118; DOI: 10.1073/pnas.2019053118
https://www.pnas.org/content/118/15/e2019053118 

https://jalammar.github.io/illustrated-transformer/
https://e2eml.school/transformers.html
https://lena-voita.github.io/nlp_course/word_embeddings.html
https://www.nature.com/articles/s41587-021-01179-w.epdf
https://ai.googleblog.com/2022/03/using-deep-learning-to-annotate-protein.html
https://www.pnas.org/content/118/15/e2019053118


1. Input: (continued)

Data Acquisition & Preprocessing

1.4 Non-Human Language: Selected References (continued)

6. An introduction to sequence similarity ("homology") searching - Curr Protoc Bioinformatics. 2013;Chapter 3:Unit3.1. 
doi:10.1002/0471250953.bi0301s42  https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3820096/ 

7. DNA sequences performs as natural language processing by exploiting deep learning algorithm for the identification of N4-
methylcytosine Sci Rep 11, 212 (2021). https://doi.org/10.1038/s41598-020-80430-x 
https://www.nature.com/articles/s41598-020-80430-x 

8. De Novo Molecular Design with Chemical Language Models - Methods Mol Biol. 2022;2390:207-232. doi: 10.1007/978-1-
0716-1787-8_9. PMID: 34731471. https://pubmed.ncbi.nlm.nih.gov/34731471/ 

9. Single-sequence protein structure prediction using language models from deep learning bioRxiv 2021.08.02.454840; doi: 
https://doi.org/10.1101/2021.08.02.454840 https://www.biorxiv.org/content/10.1101/2021.08.02.454840v1  

10. ProGen2: Exploring the Boundaries of Protein Language Models https://arxiv.org/abs/2206.13517  

11. Protein–protein interaction and non-interaction predictions using gene sequence natural vectors 
https://www.nature.com/articles/s42003-022-03617-0 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3820096/
https://doi.org/10.1038/s41598-020-80430-x
https://www.nature.com/articles/s41598-020-80430-x
https://pubmed.ncbi.nlm.nih.gov/34731471/
https://www.biorxiv.org/content/10.1101/2021.08.02.454840v1
https://arxiv.org/abs/2206.13517
https://www.nature.com/articles/s42003-022-03617-0


1. Input: (continued)

Data Acquisition & Preprocessing

1.5 Non-Human Language: Applications

1.5.1 AlphaFold 2 and variants

At the heart of AlphaFold 2’s “breakthrough” in predicting
the way a protein folds based on a sequence of amino acids
is the core of language modeling, the Transformer and Multi-
head Attention encoder/decoder stack powered by vector 
representations (embeddings). 



Language Models Applied to:

1.5.1 Non-Human Language: Applications

1.5.2 Molecular sequences

    Oxoford Protein Informatics Group:  “AlphaFold 2 is here: what’s behind the
    structure prediction miracle”

Oxford Protein Informatics Group (2021): 
https://www.blopig.com/blog/2021/07/alphafold-2-is-here-whats-behind-the-structure-prediction-miracle/ 

https://www.blopig.com/blog/2021/07/alphafold-2-is-here-whats-behind-the-structure-prediction-miracle/


1. Input: (continued)

Data Acquisition & Preprocessing

1.5 Non-Human Language: Applications

1.5.3 BERT, GPT-3, DALL-E...

Transformer models: an introduction and catalog — 2022 Edition 
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/ 

ALBERT
BART
BERT
Big Bird
BLOOM
Chinchilla
CLIP
CTRL
DALL-E
DALL-E-2
Decision Transfo
rmers
DialoGPT
DistilBERT
DQ-BART
ELECTRA
ERNIE
Flamingo

OPT
Palm
Pegasus
RoBERTa
SeeKer
Swin Transformer
Switch
T5
Trajectory Transformer
s
Transformer XL
Turing-NLG
ViT
Wu Dao 2.0
XLM-RoBERTa
XLNet

Gato
Gopher
GLaM
GLIDE
GC-ViT
GPT
GPT-2
GPT-3
GPT-Neo
GPTInstruc
t
Imagen
Jurassic-1
LAMDA
mBART
Megatron
Minerva
MT-NLG

https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#albert
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#BART
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#BERT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#BIGBIRD
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#BLOOM
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#CHINCHILLA
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#CLIP
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#CTRL
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DALLE
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DALLE2
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DECISION
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DECISION
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DIALOGPT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DISTILBERT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DQBART
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#ELECTRA
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#ERNIE
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#FLAMINGO
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#OPT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#PALM
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#PEGASUS
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#ROBERTA
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#SEEKER
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#SWIN
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#SWITCH
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#T5
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#TRAJECTORY
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#TRAJECTORY
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#TRANSFORMER
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#TURING
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#VIT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#WUDAO
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#XMLROBERTA
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#XLNET
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GATO
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GOPHER
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GLAM
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GLIDE
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GCVIT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GPT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GPT2
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GPT3
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GPTNEO
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GPTINSTRUCT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GPTINSTRUCT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#IMAGEN
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#JURASSIC1
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#LAMDA
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#MBART
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#MEGATRON
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#MINERVA
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#MTNLG


1. Input: (continued)

Data Acquisition & Preprocessing

1.6 Real-time

Every 24hrs, we measure ~4k papers are submitted to PubMed with ~1500 new 
submissions with the remaining being modifications and retractions

Key point: A series of new papers can impact a correlation score between two 
proteins or proteins and compounds

Live build log: https://dev.vectorspace.ai:4000 

https://dev.vectorspace.ai:4000/


1. Input: (continued)

Data Acquisition & Preprocessing

1.7 Any data can be preprocessed and used as input data to language models

Key point: Data sources can be ensembled and combined in different 
configurations to increase signal



2. Model training: Human Language

Resulting NFAT5 (atrogene) feature vectors (embeddings):



2. Model training: Non-Human Language, molecular sequences

Resulting NFAT5 (atrogene) sequence-based feature vectors (embeddings):



2. Model training:

Optimize via Ensembles

2.1 Leveraging Ensembles

2.1.1 Language models can be ensembled for
increased precision or to fit to a particular
domain e.g. protein interaction modeling
or drug repurposing.

2.1.2 Different distance calculations can result in
different similarity measurements between two 
vector representations of a protein or drug
compound.

ALBERT
BART
BERT
Big Bird
BLOOM
Chinchilla
CLIP
CTRL
DALL-E
DALL-E-2
Decision Transformers
DialoGPT
DistilBERT
DQ-BART
ELECTRA
ERNIE
Flamingo

Gato
Gopher
GLaM
GLIDE
GC-ViT
GPT
GPT-2
GPT-3
GPT-Neo
GPTInstruct
Imagen
Jurassic-1
LAMDA
mBART
Megatron
Minerva
MT-NLG

OPT
Palm
Pegasus
RoBERTa
SeeKer
Swin Transformer
Switch
T5
Trajectory Transformers
Transformer XL
Turing-NLG
ViT
Wu Dao 2.0
XLM-RoBERTa
XLNet

Transformer-based Language Models: 

https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#albert
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#BART
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#BERT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#BIGBIRD
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#BLOOM
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#CHINCHILLA
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#CLIP
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#CTRL
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DALLE
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DALLE2
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DECISION
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DIALOGPT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DISTILBERT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DQBART
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#ELECTRA
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#ERNIE
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#FLAMINGO
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GATO
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GOPHER
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GLAM
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GLIDE
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GCVIT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GPT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GPT2
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GPT3
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GPTNEO
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#GPTINSTRUCT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#IMAGEN
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#JURASSIC1
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#LAMDA
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#MBART
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#MEGATRON
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#MINERVA
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#MTNLG
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#OPT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#PALM
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#PEGASUS
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#ROBERTA
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#SEEKER
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#SWIN
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#SWITCH
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#T5
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#TRAJECTORY
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#TRANSFORMER
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#TURING
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#VIT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#WUDAO
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#XMLROBERTA
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#XLNET


2. Model training: (continued)

Optimize via Context

2.2 Context-dependent Modeling

2.2.1 Feature vectors (embeddings) can be used to control context 



2. Model training: (continued)

From Feature Vectors to Correlation Matrix Datasets

2.3 Feature vectors are extracted and transformed into correlation matrix datasets



3. Output: Final Correlation Matrix Dataset in CSV format

Resulting correlation matrix datasets from feature vectors (embeddings):



3. Output:

Correlation Matrix Datasets are Transformed from Feature Vectors (embeddings) 
including types:

 
3.1 Static 

 3.2 Real-time

3.3 Context-dependent



4. Results:

Visualization & Data Interpretation

4.1 Static & real-time relationship networks

4.1.2 Key point: Correlation matrix datasets represent a vector space
which can be transformed into a graph network or relationship network 
which may include advanced visualization (AR/XR) and external citations 
validating strength and context of each node, represented by a protein, 
compound, sequence, biochemical, pathway or biomechanical force in the 
network.

4.1.3 Key point: Implicit or hidden relationships can be detected between proteins, 
compounds, sequences, biochemicals, pathways or biomechanical forces by 
interpreting data using visualizations showing relationships between these including 
strength and context of the relationship over time and in real-time.

4.1.4 How can an implicit or hidden relationship be defined?

 



4. Results:

4.2 Using Vector Representations (embeddings) to Detect Hidden Relationships 
Between Proteins, Compounds, Diseases & Molecular Sequences

Using a combination of “frame semantics”, features can be engineered to represent unique ‘frames’ or current input 
windows. During the language modeling process, a feature vectors will be constructed representing frames. Another 
word for ‘frame’ might be ‘window’, ‘window frame’, ‘full text document’, ‘abstract’, set of k-mers or set of molecular 
sequences in different machine learning contexts. A full-text paper, document or window frame can be represented by 
a vector as in the case with Doc2Vec.

Measurements are made between two genes, proteins, drug compounds, diseases or sequences to determine direct 
mappings within a frame or graph network generated from their correlation matrix dataset. 

A) If they’re directly mapped, this means they’ve existed in the same ‘frame’, during the generation of input files for a 
language model and share an explicit or ‘known relationship’, meaning they’ve shown up together in the same 
paper, document or set. 

B) If not directly mapped, it can be defined as an implicit or hidden relationship as they will not be directly mapped 
in a vector space which indicates they’ve never shown up together in the same paper, document or set.

 

https://en.wikipedia.org/wiki/Frame_semantics_(linguistics)
https://arxiv.org/abs/1607.05368


4. Results:

Practical Applications: Hidden Relationship Detection Between Proteins 

 



4. Results:

4.2 Using Vector Representations (embeddings) to Detect Hidden Relationships
Between Proteins, Compounds, Diseases & Molecular Sequences

 

Simple examples of implicit or hidden relationships:

A) Although two proteins may not be mentioned together in the same research paper, a well-defined 
implicit relationship can exist between these two proteins based on language modeling. This 
relationship can remain implicit or hidden in the literature until a researcher makes the connection.

B) Two proteins may exist in the same research paper, however, new relationships can be detected 
based on changing context within a language model. These relationships can remain implicit or hidden 
during the research process. 

Key point: Scoring strength of a hidden relationship over time may predict a latent and explicit 
relationship in the future between two proteins or compounds.



4. Results: (continued)

Practical Applications: Predicting a Future Relationship Between Two Proteins or a 
Protein and a Drug Compound 

4.3 Static & Real-time Relationship Networks

4.3.1 Scoring the strength of a hidden relationship over time may predict a latent 
and explicit relationship in the future between two proteins or a protein, drug 
compound, biochemical, sequence or micronutrient. 

4.3.2 Prediction a future relationship between two atrogenes (muscle atrophy genes 
related to the stressor of microgravity):

[ next slide ]



Results showing the detection of a hidden relationship using language modeling when measuring feature vectors (embeddings) for similarity between atrogenes 
(muscle atrophy genes associated to the stressor of microgravity), PARP1 and NFAT5. The relationship converges over time (2010 to 2015), as literature is 
analyzed in real-time. This enables the prediction of a future or latent relationship between proteins, until the relationship is made explicit or published.

1. PMID:28485155
 

 

2. An Integrative Network Science and Artificial Intelligence Drug Repurposing Approach for Muscle Atrophy in Spaceflight Microgravity
 

1. 13 Atrogenes were analyzed: Actn2, Cacng1, Emc7, 
Ldb3, Myf6, Myh4, Nfat5, Pdlim3, Rack1, Rpl4, Smpx, 
Smyd1, Trim63 extracted from “Transcriptome analysis 
of gravitational effects on mouse skeletal muscles under 
microgravity and artificial 1 g onboard environment”
https://www.nature.com/articles/s41598-021-88392-4  
2. 206233 Unique papers from PubMed between years 
2010 - 2015
3. 158285 Papers from PubMed from 2016 - 2021
4. 12903 Unique human proteins from 2010 - 2015
5. 834969 Co-publications were processed 834969 from 
2010 - 2015
6. 814407 Co-publications were processed 814407 from 
2016 - 2021
8. 395 Implicit interactions from 2010 - 2015 between 
atrogene and human protein
7. 547217 Explicit interactions from 2016 - 2021 
between atrogene and human protein
9. 88 Implicit interactions measuring distance and direct 
connection between vector representations using 
PubMed abstracts from 2010 - 2015. Protein pairs were 
selected based on their correlation scores by comparing 
vector representations (embeddings) for increased 
similarity over time

https://pubmed.ncbi.nlm.nih.gov/28485155/
https://www.frontiersin.org/articles/10.3389/fcell.2021.732370/full
https://www.nature.com/articles/s41598-021-88392-4


PMID: 29794013
 

(continued) convergence between TF and NFAT5 based on measuring similarity between feature vectors (embeddings) between 2010 and 2015. 

1. 13 Atrogenes were analyzed: Actn2, Cacng1, Emc7, 
Ldb3, Myf6, Myh4, Nfat5, Pdlim3, Rack1, Rpl4, Smpx, 
Smyd1, Trim63 extracted from “Transcriptome analysis 
of gravitational effects on mouse skeletal muscles under 
microgravity and artificial 1 g onboard environment”
https://www.nature.com/articles/s41598-021-88392-4  
2. 206233 Unique papers from PubMed between years 
2010 - 2015
3. 158285 Papers from PubMed from 2016 - 2021
4. 12903 Unique human proteins from 2010 - 2015
5. 834969 Co-publications were processed 834969 from 
2010 - 2015
6. 814407 Co-publications were processed 814407 from 
2016 - 2021
8. 395 Implicit interactions from 2010 - 2015 between 
atrogene and human protein
7. 547217 Explicit interactions from 2016 - 2021 
between atrogene and human protein
9. 88 Implicit interactions measuring distance and direct 
connection between vector representations using 
PubMed abstracts from 2010 - 2015. Protein pairs were 
selected based on their correlation scores by comparing 
vector representations (embeddings) for increased 
similarity over time

https://pubmed.ncbi.nlm.nih.gov/29794013/
https://www.nature.com/articles/s41598-021-88392-4


4. Results: (continued)

Practical Applications:

4.4 Static & Real-time Relationship Networks

4.4.1 Extraction of a hidden relationship
between proteins or a protein and drug
compound

Query: NFAT5 (atrogene)
Context dependency: None

https://proteins.vectorspace.ai/network 

https://proteins.vectorspace.ai/network


4. Results: (continued)

Practical Applications: Context-dependent Relationship Extraction Between Two or 
More Proteins or Drug Compounds 

4.5 Context-dependent results

Context can significantly change relationships in a correlation matrix dataset and 
resulting relationship network:

[ next slide ]



4. Results: (continued)

Query: NFAT5, Context dependency: “Heart”Query: NFAT5, Context dependency: None



4. Results: (continued)

Practical Applications

4.6 Developing Countermeasures for Stressors

4.6.1 Drug repurposing and nutrigenomic cocktails

https://www.nature.com/subjects/nutrigenomics


4. Results: (continued)

4.7 From human-in-the-loop curation to experimental validation



Conclusion:

- Language models represent the tip-of-the spear in today's AI/ML development which has accelerated 
research related from deciphering ancient inscriptions to predicting the way a protein folds.

- Scientific data engineering pipelines can produce correlation matrix datasets. These can be used to predict a 
future explicit relationships between atrogenes (muscle atrophy genes connected to the stressor of 
microgravity) by detecting hidden relationships using vector representations of proteins observed over time.

- Correlation matrix datasets can be converted to graph and relationship networks which can be used to 
explore hidden relationships between proteins, compounds and diseases in the context of muscle atrophy 
genes.

- Language models can be used to accelerate the generation of new hypotheses, innovations and discoveries 
in the context of countermeasures for diseases associated to stressors during spaceflight.

- What if Fanconi’s anemia were a stressor during spaceflight? We'd have ourselves a countermeasure that 
would double as form of precision medicine benefiting all humankind.



Our group, including partners in the financial markets, continue to fund 
operations in space biosciences.

For more information, please contact us at support@vectorspacebio.science
or kasian@vectorspacebio.science or through out site at 
https://vectorspacebio.science 

mailto:support@vectorspacebio.science
mailto:kasian@vectorspacebio.science
https://vectorspacebio.science/
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Team history: Appendix A

1990’s

 HER2 breast cancer research
 Language processors to rebuild SYLK file formats for pharmaceutical pipeline 

schematics
 Original Pharmaceutical Recipe Builder (PRB) 
 A few years in Silicon Valley



Team history: (continued)

2001 X-Mine, Inc. So. SF, Sandip Ray and Tom Neff, CEO of FibroGen a division of: 

 Bioinformatics, applying early forms of NLP, Latent Semantic Indexing (LSI) & Inductive Logic Reasoning 
(IRL)

 Early approaches in literature mining were based on co-occurrance by applications such as PubGene
 Move beyond rudimentary approaches resulting in Opus, a system for relating genes, drugs and diseases 

using vector representations (embeddings)
 Q & A system enabling automated answers to questions such as “What is the capital of Austria?”
 Objective: Capture hidden relationships. Example:
 a. Paper 1: “Research suggests Ebola originating in a cave in Africa”
 b. Paper 2: “Research suggests Ebola originating in Kitum cave”
 Resulting inference: Kitum cave is in Africa



Team history: (continued)

2001 X-Mine, Inc. So. SF, Sandip Ray and Tom Neff, CEO of FibroGen a division of:

First language modeling patent issued: 



Team history: (continued)

2001 X-Mine, Inc. So. SF, Sandip Ray and Tom Neff, CEO of FibroGen a division of:

Opus sold NEC Japan and a paper was published: 



Team history: (continued)

2002-08 Lawrence Berkeley National Lab, Biosciences (Life Sciences) division: 

 Invited to LBNL (Bissell Lab) to develop new ways of establishing relationship networks between genes, 
proteins, drug compounds and diseases. 

 Research aims: Gaining a better understanding of how to protect and repair the human body during 
spaceflight using multidisciplinary approaches in breast cancer and lifespan research

 Connected to the following report produced by Mina Bissell commissioned by NASA Ames Research 
titled: “Modeling Human Risk: Cell and Molecular Biology in Context - A Report On Animal 
Experimentation at the Frontiers of Molecular, Cellular and Tissue Radiobiology” to "evaluate the 
extent to which experiments with animal models are essential for the development of new and 
more accurate predictions of the risks associated with exposure to HZE particles." 



Team history: (continued)

2002-08 Lawrence Berkeley National Lab, Biosciences (Life Sciences) division:



Team history: (continued)

2002-08 Lawrence Berkeley National Lab, Biosciences (Life Sciences) division:



Team history: (continued)

2002-08 Lawrence Berkeley National Lab, Biosciences (Life Sciences) division:

   Additional research efforts included:

 https://three.jsc.nasa.gov/AnimalExpReport1996.pdf 
 Breast cancer, ECM & tumor microenvironment
 Radiation damage to chromosomes
 Genes which extended the lifespan of nematodes 

 

https://three.jsc.nasa.gov/AnimalExpReport1996.pdf


Team history: (continued)

2002-08 Lawrence Berkeley National Lab, Biosciences (Life Sciences) division

 

Created a variant of ‘AutoClass’ the first 
artificial intelligence software to make a 
published astronomical discovery and 
part of the first AI program at NASA.



Team history: (continued)

2002-08 Lawrence Berkeley National Lab, Biosciences (Life Sciences) division

 We used it to compare and then create a unsupervised variant. Discretely valued vectors we’re useful 
in creating vector representations of genes.

 Related to Latent Semantic Indexing (LSI), NLP, NLU

 Presentation: “Cultivating the value of results interpretation”, DAGs, early work data engineering 
surrounding knowledge graphs, graph and relationship networks along with their visualization and 
interpretation

 Relationship Networking using Vector Representations (Embeddings) Patent – early language 
modeling

 



Team history: (continued)

2002-08 Lawrence Berkeley National Lab, Biosciences (Life Sciences) division:

 



Team history: (continued)

2002-08 Lawrence Berkeley National Lab, Biosciences (Life Sciences) division:

 



Team history: (continued)

2002-08 Lawrence Berkeley National Lab, Biosciences (Life Sciences) division:

 LBNL takes a 5% stake in our spinoff, SeeqPod, “one of Berkeley Lab’s success stories” Ten 
Scientists Honored for Work Moving Technology to Marketplace 
https://www2.lbl.gov/today/2007/Dec/13-Thu/tech-transfer-jump.html  

 2006 US Navy’s Space and Naval Warfare (SPAWAR/NAVWAR) and National Counterintelligence 
Security Center (NCSC) based on the Knowledge Discovery Dissemination (KDD) working group 
connected to the development of relationship networks including human-in-the-loop curation:

https://www2.lbl.gov/today/2007/Dec/13-Thu/tech-transfer-jump.html


Team history: (continued)

2002-08 Lawrence Berkeley National Lab, Biosciences (Life Sciences) division:

 



Team history: (continued)

2002-08 Lawrence Berkeley National Lab, Biosciences (Life Sciences) division:

 



Team history: (continued)

2009 – Applying innovations in space biosciences to industry: Language modeling applied to industry 
applications in the financial markets, search, recommendation and discovery engines for SeeqPod, Spotify

2013 – word2vec, a language modeling approach based on vector representations (embeddings):

 



Team history: (continued)

2017 – Attention is All You Need https://arxiv.org/abs/1706.03762 
Transformer models

2021 – present:

 

https://arxiv.org/abs/1706.03762
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