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The Paradigm of  Foundation Models in AI
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Bommasani et al. On the Opportunities and Risks of Foundation Models. Arxiv
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Foundation Models  are Increasingly  
Big Transformer Models
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Figure 1: The Transformer - model architecture.

3.1 Encoder and Decoder Stacks

Encoder: The encoder is composed of a stack of N = 6 identical layers. Each layer has two
sub-layers. The first is a multi-head self-attention mechanism, and the second is a simple, position-
wise fully connected feed-forward network. We employ a residual connection [11] around each of
the two sub-layers, followed by layer normalization [1]. That is, the output of each sub-layer is
LayerNorm(x + Sublayer(x)), where Sublayer(x) is the function implemented by the sub-layer
itself. To facilitate these residual connections, all sub-layers in the model, as well as the embedding
layers, produce outputs of dimension dmodel = 512.

Decoder: The decoder is also composed of a stack of N = 6 identical layers. In addition to the two
sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head
attention over the output of the encoder stack. Similar to the encoder, we employ residual connections
around each of the sub-layers, followed by layer normalization. We also modify the self-attention
sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This
masking, combined with fact that the output embeddings are offset by one position, ensures that the
predictions for position i can depend only on the known outputs at positions less than i.

3.2 Attention

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. The output is computed as a weighted sum
of the values, where the weight assigned to each value is computed by a compatibility function of the
query with the corresponding key.
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The Language of  L i fe is  Unique
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https://visualsonline.cancer.gov/details.cfm?imageid=11683



Multiscale Heterogeneous Networks
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Clinical Diagnosis

Tissue/Organ Networks Intercellular Interaction Networks Intracellular Interaction Networks Molecular Structure/Graph

Target Discovery Drug Design

Patient NetworksSocial Networks with 
pathogen networks 

Treatment Personalization 
and Repurposing 

Biochemistry Cell Biology Molecular BiologyMedicine & ClinicalPublic health Pandemic

Public Safety, 
Vaccine, etc.



High Dimensional  Space to Explore but  Small  Data
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Immune modulation has many 
dimensions of complexity
Developing immune mediated therapies requires 
an understanding of this complexity for both 
target identification and antibody development.

Limited exploration of space by 
experimental and public data
Currently available data is disorganized, 
heterogeneous, noisy and gives only a 
partial observations of the parameters 
involved.



Drug Discovery is  a  Cost ly  Process
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~𝟏𝟎 Years, 1 Billion Dolloars 
for 1 Drug

Resource: yourgenome.org

# of new drugs per 
billion dolars

Resource: researchgate



Exponential  Data Volume, Diversity  & Complexity
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xTrimo
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The Cross-modal Transformer Representation of Interactome and Multi-Omics
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I terat ive Computational  Design & Wet- lab Val idation 
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xTrimo Foundation Models
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Full space exploration in silico 
inference and HT in-vitro assays
BioMap systematically curated all available data in single 
cell gene expression as well as  protein structure and 
interaction. These are used to train AI models and inform 
high throughput in vitro experiments to explore the full 
space for target ID and antibody design

AI based decoding of systems, 
cells and proteins to rank targets 
and antibodies
Immune targets and antibody designs can be ranked and 
top hits selected for validation with a higher rate of 
success

Efficient Exploration of Biological Complexity and Design Space



Protein Language is  Different  from Natural  Language
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xTrimoPGLM: 100B Parameter Unif ied Model
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Unified Mask Recovery + Generative Pretraining

[MASK]: xTrimoPGLM acts like BERT.
[sMASK] OR [gMASK]: xTrimoPGLM acts like GPT.

xTrimoPGLM: Unified 100B-Scale Pre-trained Transformer for Deciphering the Language of Protein. biorxiv



Compar ison wi th  Other  Large-scale Language Models
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Model

Pre-trained Models

Pretraining Techniques

Task (Head-to-head Comparison)

Parameters Layers Datasets Embedding 
Dim

P. Struc.
(3 Subtasks)

P.Dev.
(4 Subtasks)

P.Inter.
(4 Subtasks

xTrimoPGLM-100B 100B 72 Uniref+ 
ColabfoldDB 10240

Mixture Obj
Masked Language Modeling + 

Causal Language Modeling
81.45 85.52 82.96

ESM-15B 15B 48 UR50/S 
2018_03 5120 Masked Language Modeling 79.08 84.77 80.98

ESM2(3B) 3B 36 UR50/D 
2021_04 2560 Masked Language Modeling / / /

ESM2(650M) 650M 33 UR50/D 
2021_04 1280 Masked Language Modeling / / /

ESM2(150M) 150M 30 UR50/D 
2021_04 640 Masked Language Modeling 72.70 81.25 76.39

OmegaPLM 670M 66(head=1) Uniref50
2021_04 1280 Masked Language Modeling / / /

ProtBERT 420M / / / Masked Language Modeling / / /

Prot-T5-XL-Ur50 (3B) 3B / / / Masked Language Modeling 49.8 / /

ProGen 1.2B 36 280M 1028 Casual Language Modeling / / /

xTrimoPGLM: Unified 100B-Scale Pre-trained Transformer for Deciphering the Language of Protein. biorxiv



Learned Embedding is  Informative

15xTrimoPGLM-100B embeddings can discriminative different proteins

xTrimoPGLM: Unified 100B-Scale Pre-trained Transformer for Deciphering the Language of Protein. biorxiv



SOTA across Diverse Downstream Tasks
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xTrimoPGLM: Unified 100B-Scale Pre-trained Transformer for Deciphering the Language of Protein. biorxiv



Scal ing Law for Protein Language Model
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xTrimoPGLM: Unified 100B-Scale Pre-trained Transformer for Deciphering the Language of Protein. biorxiv



xTrimoPGLM for Antibody Structure Predict ion
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xTrimoPGLM: Unified 100B-Scale Pre-trained Transformer for Deciphering the Language of Protein. biorxiv



Accurate and Fast  Antibody Structure Predict ion
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xTrimoPGLM: Unified 100B-Scale Pre-trained Transformer for Deciphering the Language of Protein. biorxiv



Protein Generation
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xTrimoPGLM: Unified 100B-Scale Pre-trained Transformer for Deciphering the Language of Protein. biorxiv



Protein Design with Foundation Models
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A n t ib od y  B in d er  D es ign
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Pretrained Single-Cel l  Models  
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Cell
Gene 



xTrimoGene Transformer for  ~20K Genes
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● Asymmetric encoder-decoder transformer leveraging sparsity
● Encoder processes non-zero and non-mask values (non-zero values contain more 

information)

● Decoder processes all values 
1. zero values also preserve biological signals (e.g. PTPRC-, CD4- cel ls)

2. generat ing ful l  gene length output

• Zero
• Non-zero
• Mask

Large Scale Foundation Model on Single-cell Transcriptomics. biorxiv



xTrimoGene



Propert ies  of  the Model

xTrimoGene: An Efficient and Scalable Representation Learner for Single-Cell RNA-Seq Data. Biorxiv



Read Depth Aware Pretraining for  Reducing Batch 
Effects
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● Predicting a cell ’s masked gene expression based on other genes’ context

● The context is from a low read-depth variant of that cell ’s gene expression profi le

● Target: original gene expression
● Input: generated by hierarchical Bayesian downsampling

Large Scale Foundation Model on Single-cell Transcriptomics. biorxiv



Transformer  Embedding  Bet ter  Separa te  D i f fe rent  Ce l l  Types

Large Scale Foundation Model on Single-cell Transcriptomics. biorxiv

xTrimoGene



Perturbat ion Response Predict ion Model

Large Scale Foundation Model on Single-cell Transcriptomics. biorxiv

xTrimoGene
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Predict ion for  CRISPR Perturbat ion Data

Large Scale Foundation Model on Single-cell Transcriptomics. biorxiv

xTrimoGene

xTrimoGene



Target Identification
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xTrimo Life Science Leaderboard
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28 Tasks
https://www.biomap.com/sota/


