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Learning Objective

e Understanding what is language model, type of language models, and
existing major language models and their applications in general and in
biomedicine.



What is Language Model

Given a sequence of words/tokens: P(“P53 is a tumor suppressor gene.”)
Wi, Wo, ..., Wy ; "
| = P(“P53")-
a model that computes either of the L
following probabilities: P("is” |'P53") »
P(WIJ WZ, » W?I) Or P(“aulstPSS isu).
P(Wyplwy,wy, ..., wy_q) P(“tumor”|“P53 is a”)¢
Is called a language model. P(“suppressor’|“P53 is a tumor”)
n P(“gene”’|“P53 is a tumor suppressor”)e
P(Wy, Wy, .., Wy) = n P(wilwy, ..., wi_1) P(“."|“P53 is a tumor suppressor gene”)
i=1

Jurafsky, D. and Martin, J.H. (2023) Speech and Language Processing. hitps://web. stanford.edu/~jurafsky/slp3



Language Modeling

Word count modeling (n-gram)
count(wy, wy, ..., Wp,)

P(wy,|lwy,wy, .., w, 1) =
(Wn|wy, Wy, ..., Wn—1) count(wy, wy, ..., Wp_1)

Neural network modeling

P(wn|wy, Wy, ..., Wn_1) = P(wy|h)
exp(h"emb(w,,))

B Zw"E\x’ocab exp (hTemb(W’))

h = Encoder(wy,ws, ..., Wy —1)

Jurafsky, D. and Martin, J.H. (2023) Speech and Language Processing. hitps://web. stanford.edu/~jurafsky/slp3



Transformer and LLMs
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Type of LLMs
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Yang, J.,Jin, H,, Tang, R, Han, X_, Feng, Q., Jiang, H., Yin, B. and Hu, X. (2023) Harnessing the Power of LLMs in Practice: A Survey on ChatGPT and Beyond.
10.48550/arXiv.2304.13712.



Timeline of Representative LLMs
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Minaee, S., Mikolov, T., Nikzad, N., Chenaghlu, M., Socher, R., Amatriain, X. and Gao, J. (2024) Large Language Models: A Survey.



The Paradigm of LLMs
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Tian, S., Jin, Q., Yeganova, L., Lai, P.-T., Zhu, Q_, Chen, X_, Yang, Y., Chen, Q., Kim, W_., Comeau, D.C., et al. (2024) Opportunities and challenges for ChatGPT and large language
models in biomedicine and health. Briefings in Bioinformatics, 25, bbad493.



How LLMs are Used
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Minaee, 5., Mikolov, T., Nikzad, N., Chenaghlu, M., Socher, R., Amatriain, X. and Gao, J. (2024) Large Language Models: A Survey.



Major LLMs and Their Performance

Closed-source vs. open-weight models

Llama 3 4058 from Meta closes the gap between closed-source and open-weight models.
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LLMs in Biomedicine

90

Accuracy of LLM performance on the MedQA (USMLE) dataset
851 has increased from the level of human passing by GPT3.5 to
80 4 the level close to human expert by Med-PaLM 2 in

less than half a year.

Accuracy (%)

Non-LLM Human Passing GPT-3.5 Med-PalLM GPT-4 Med-PaLM 2 Human Expert

Tian, S., Jin, Q., Yeganova, L., Lai, P.-T., Zhu, Q., Chen, X., Yang, Y., Chen, Q., Kim, W., Comeau, D.C_, et al. (2024) Opportunities and challenges for ChatGPT and large language
models in biomedicine and health. Briefings in Bioinformatics, 25, bbad493.
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Major LLMs in Biomedicine and Their Performance
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Open-weight LLMs outperform closed-source LLMs |
across a diverse array of medical datasets, including MedQA ® Flan PaLM
(USMLE), PubMedQA, MedMCQA, and subsets of MMLU related to
medicine and biology in terms of accuracy.

® Closed-source @ Open-weight

hitps://huggingface.co/spaces/openlifescienceai/open_medical_llm_leaderboard
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Applications of LLMs in Biomedicine

Macular corneal dystrophy In a Chinese family related with novel mutations of GHSTE.
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ChatGPT: the future of discharge summaries?

Summarizing medical evidence
Sajan B Patel « Kyle Lam &

el FCT)
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« Published: February 06,2023 « DO hitps//dol.org/10.1016/52589- TS00(23)00021-3 «

Summarizing radiology reports

Search

PROS CONS

» Knowledge base to provide insights # May produce counterfactual
and explanations. information or erroneous results.
» Conversational interaction ability » Not able to capture the full
complexity of medical knowledge
and clinical decision-making.
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LLMs in the Context of Al in Biomedicine

a
Multimodal self-supervised training Medical domain knowledge Flexible interactions
o--
b @an %
> o-- .
1 Q&A exchanges L-H
Clinical Knowledge Multimodal inputs
Images | EHRs notes graphs and outputs
Reasoning with multiple Dynamic task specification
GMAI knowledge sources
b
Applications ®9 e
Chatbots for Interactive Augmented Grounded Text-to-protein Bedside decision
patients note-taking procedures radiology reports generation support

Moor,M. et al. (2023) Foundation models for generalist medical artificial inteligence. Nature, 616, 259-265.
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Thank you!

Next talk in line: How to Use GPT-3.5 and GPT-4 with Python, Qiao Jin, M.D.
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