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Machine Learnin %%)
’ ; | i Deep Foundation Models
Learning

AV

=

Emergence of... “how features Functionalities
Homogenization of... learning algorithms architectures  models
— AN ”
M EEED EEBEFII
92 DEITITEDRIF B DRIF HEREDEIFE
FB7ITVZXLDE—1E 7=FTOF D31k E5J)Ltg—A1t,

R. Bommasani et al., On the Opportunities and Risks of Foundation
Models, arXiv:2108.07258 (2021).
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WAUWARPEFTF E (PEFT: Parameter-Efficient Fine Tuning)
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wwvege B N— > o L
FEWUR (R UBSHIAG prefix) Adapter€>a1—JL K=> 2175
Sy el (e R . Adapter®@/\S A —5ZE5i K>> 0175 EH (Z€DLET
}3,3;’;5 %Ké;ﬁajiﬁ{é;ﬁa’%ﬂ g GEOBEEEEHFETILDIC  TOESILOEHEMEL/ (S
SA—HA(IETE) A —A=EFT)
EFI ZEFERUL ZEIRL BEHhEN—>

- Prefix Tuning
: - LORA
Fi& P Tuning - Adapter . Ada LoRA
- Prompt Tuning

o~ B AR T2y RARTOS [LMESRN(CEEET S
KW CRDS i (PEFT) &S] Z5E (CCRDSIER
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https://blog.brainpad.co.jp/entry/2023/05/22/153000
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CaLM (Codon adaptation Language Model)
C. Outeiral and C. M. Deane, Codon language embeddings provide strong signals for protein engineering, bioRxiv 2022.12.15.519894

European Nucleotide ArchivemSHUS L 7Z#J900/5M cDNABSHZ AW TES

o ERDIVINDEBLMDID(CTVZ ) BEFEIEB=EETT. 64BOIRZEBE(CITDV7ITO—FIRDTT
REZFERA LU TERMENTEINEEL DY X THREE

« CaLMD/\S A —5#(3%I86007 (ESM2-15BY°ProtT5% & LEE U TE+HH SEBEFBARN)

- FBFTAHEBHREWNI/NSWCERENST . B OFEHETE PRI TS X0 (CHWNWTERE (CHEVVEE ZERK

Ankh

A. Elnaggar, et al., Ankh ¢: Optimized Protein Language Model Unlocks General Purpose Modelling, bioRxiv 2023.01.16.52426
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ProteinBERT

N. Brandes et al., ProteinBERT: a universal deep-learning model of protein sequence and function, Bioinformatics 38, 8, 2102-2110 (2022).
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BioNeMo (NVIDIA)

LLMZEGRIZEDT—StY MIBEAL. (REMEDRAIU——0045 > )\OBRIDIEEF
BFNRECFAH. MTODETIVICKDHERBO IS RAPIZ OVt X0JHE,

ESM-1 : 9> )\OBED#RE TR, 77 =/ BEBcI 4Rk

OpenFold : 7> )\OBEFU> D

MegaMolBART : RIibFHl. BF&iE(b. de novoahk

ProT5 : 7 =_B&fcH &Rk (5> )\ JELLM)

BioNeMo Clients NVIDIA BioNeMo Service
Drug Discovery Applications BioNeMo Models
— § 5 g & §
@ AlphaF OpenFold
~ 2:;5 2:(:).: ESM- 11w ESM-2 ProtGPT2
P\ — W o
| S
I NVIDI G. ou —]
oo
l\ CRDS https://blogs.nvidia.co.jp/2022/09/26/bionemo-large-
f,/ language-models-drug-discovery/

30



N\

ProtGPT2
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« IRADT -ty NEERZ L D44, 9B EDES) % 95y
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4266

257 D el /’ *5B48_C (9%, 67aa)
Y S AP T~ o pLDDT: 72.5
AN ,’.’Q’Q’Q 3
LU
4 ol
486 4307
2HIY_B (23.2 %) 3QRC_B (18 %)
pLDDT: 94.8 pLDDT: 70.4
® a: All alpha proteins @® c: (a/P) proteins ® e: Multi-domain proteins g: Small proteins
b: All beta proteins ® d:(a+B)proteins O f: Membrane/cell surface proteins ProtGPT2
AN . q
‘-,\. CRDS «oscros N. Ferruz et al., ProtGPT2 is a deep unsupervised language model 31
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Galactica (Meta AI)

S PN —R R EDORFRN -/ RZ2FBUREKRESEEET ). XBERERENDFIA
HBEfFENTWVED, JULS3R—2 3 2P ANEERINRRIROERREDIZSH AR 2 HTELE.

/f‘-“:\

- — Data source Documents Tokens
° %I] Eﬁﬁ:ﬂﬁg : La TeXTU_*EIDEﬁOD ﬁ:ﬁ ;E'bt“ G PT- 3 (L H%*IJ arXiv 2 mﬁ}ion 35 billion
PMC 3 milli 23 billi
(68.2 vs 49.0%) Semantic Scholr Jmilion 18 billon
[— = n 1 w H 1 éﬁi S:marftic Scli’glaaithstracts 19 ﬁﬂl;gg ;L bilhgg
- FF DR : mathematical MMLUCChinchilla > bioRoay 12505 1billon
— OSF 54,905 428 million
(CE5F] (41.3 vs 35.7%) . MATHCPaLM e 24019 176 millon
540B(CHsF] (20.4 vs 8.8%) Chemoy Y7617 67 million
o 9.3\/1 I\U—ANLPgZa . PUbMEdQAC‘:_ Total 48 million 88 billion
o - b 4= = D. D Tok
MedMCQA dev THBNTEHEZIRSDT. Duncouce  Dovumets_Toen
\J < E . 11 . b]l
« NLPR>FI—2 : “ElIfR = %ﬁ;fé‘ifa“ge . “;‘Zg‘(i]? gglmiﬁiﬁﬁ
— P ikibooks ,705 million
NTWLRVLDICBIG-bench5 X CBLOOM & BEEN | Openlebools 67 samilion
OPT-175B% E[olo 7z, ProofWiki’ 23% 12 millon
Khan Academy 3,075 7 million
Total dataset size = 106 billion tokens papers with Sode 13:%32 Jmiion
Data source Documents Tokens Token % Total 8million 7 billion
Papers 48 million 88 billion  83.0% Data source Documents Tokens
Code 2 million 7 billion 6.9% Pul')Chem Compound 1.7 million 1 blzll?on
Reference Material 8 million  7billion  6.5% E:flgerccftcenome 551'8% 8:? gﬁﬁgﬁ
Knowledge Bases 2million  2billion  2.0% , OEIS 350,833 007 Eﬂ}mn
Filtered CommonCrawl 0.9 million 1 billion 1.0% I Ribosome 9,950 0.05 billion
Prompts 13million 0A4billion  0.3% HIFN—R  LPIDMAPS B 00 mition
Other 0.02 million 0.2 billion 0.2% NASA Exoplanet 5,021  0.01 billion
Total 2 million 2 billion
AN
:ﬁ' CRDS R. Taylor et al., Galactica: A Large Language Model for Science,
~

arXiv:2211.09085 (2022).



PMC-LLaMA

480 DINA A AT 1 BIVDEFDRIL T
7|' _7 A —1037(*5.1‘2.=. = :E;) LLLa MAE Biomedical academic papers
I7A>F1—22D, =

Large Language Model (LLM)

. SZORC F—=Atwv b5 HI811054MEE 00 Lama
s ZHYS L. PubMed Central (PMC)-idT : |
7’]’)[/9 >0 U480 4= 3 (CHI A, "_",'_',“B.AIR = szonc. Pub@ed PMC-LLaMA
« PubMedQA. MedMCQA. USMLE&&E®D3D Further Finetuning
DINA A AT« FIILQANR FY—TTal Vi
ﬁg%ﬁ}go Method | Setting |USMLE(OOD/ID) MedMCQA(ID) PubMedQA(ID)
y %gW%bﬁﬁ@£§§§§§@A&177ﬂ Y 09 B 09
\gxg(: R L7z n;%_LLMj_C‘ &/_-l_:uﬁzénéo uman (expert ‘ ‘ .

InstructGPT-175B 46.0 44.0 73.2
ChatGPT . 57.0 44.7 63.9
LLaMA-7B Zero-shot 27.1 24.3 5.2
LLaMA-33B 43.4 30.3 1.8

LLaMA-7Brat | jull fine-tunin 44.55/35.66 48.15 73.41
PMC-LLaMA-7Bguy &1 44.70/40.61 50.54 69.53
LLaMA-7Bpgrr PEFT 29.38/27.34 32.37 65.81
PMC-LLaMA-7Bpgrr 30.64/28.52 34.33 68.23

Table 1: Comparison between LLaMA-7B and PMC-LLaMA-7B under different settings.
ACC in percentages is reported in the table. Note that, the manual and zero-shot results
with * are referred from LMFlow | , |.

A . . .
77\ o crns - C. Wu et al.,, PMC-LLaMA: Further Finetuning LLaMA on Medical
) CRDS Papers, arXiv:2304.14454 (2023). 33



MoLFormer

1.1EE DN F57—F TIMERENZARIRR NS AT A—T

o HfET—4~1twv ~MEPubChem (1.11/8) &ZINC (10/82) =FIFE
(SMILESZREED>—4o > RX) .
o 10fEFEONRFI—T DWW DD T RY AT THETH D= TINN
SEETIVRELDEEBNIEHEEEFIE,
o PDFLLM (=SMILESZZEZ ULLM) ([EDFaE Bz FEE C=.
s EENHEZSORL RO TFIEFEZE FHTD3DICTHDIRMEER -
BENERTIBIETE IS ENREENT.

Property
Prediction

L hemical Fine-tuning on
arge chemica GC1CCCCCLEAAAAAAA Benchmarks
data sets Gociclcccicl)d)EA MolFormer learns a Molecule
GOCLCCCCCLEAAAAAA
GeNLeen(c(e)c)ecl compres;ed Similarity
- representation of QM9, QM8, ESOL,
ZINC (1 Billion) Chemical chemical molecules FreeSolv, Lipophilicity,
PubChem (111 Million) L BBBP, Tox21, ClinTox,
GIEEEE HIV, BACE, SIDER

Chemicals Attention

Visualization

representation Linear Attention
(SMILES) Relative Position
Embeddings

J. Ross et al.,

\
W)

"

©2023 CRDS

) CRDS

\

—
€FI)L
Table 1| Comparison of fine-tuned MoLFORMER with existing

supervised and pretrained/self-supervised baselines on
multiple classification benchmarks

BBBP1 Tox21 ClinTox2 HIV1 BACE1 SIDER

27
RF 4 76.9 N3 781 867 684
SVM 729 818 669 792 862 682
MGCN™* 850 707 634 738 734 552
D-MPNN’ nz 68.9 905 750 853 632
DimeNet” — 78.0 70 — - 615
Hu et al.” 708 787 789 802 859 652
N-gram™ 91.2 76.9 855 830 876 63.2
MolCLR™ 736 79.8 93.2 806 89.0 680
GraphMVP-C*® 72.4 74.4 715 710 81.2 63.9
GeomGCL" - 85.0 919 — - 64.8
GEM™ 72.4 781 901 806 856 672
ChemBERTa™ 643 — 906 622 — —
MOLFORMER-XL 937 847 948 822 8821 69.0

Bold indicates the top-performing model. All models were evaluated using the area under the
receiver operating characteristic curve on scaffold splits. Baseline performances are adopted
from refs. 25, 26,386, "’ signifies that the values were not reported for the corresponding task.

Table 2 | Performance of fine-tuned MoLFORMER and other
supervised GNN baselines on QM9, QM8, ESOL, FreeSolv
and Lipophilicity regression benchmarks

ams QMs ESOL  FreeSolv Lipophilicity

GC 4.3536 0.0148 0.970 140 0.655
A-FP 2.6355 0.0282 05030 0.736 0.578
MPNN 31898 0.0143 0.58 1150 07190

MOoLFORMER-XL 156894 0.0102 0.2787 0.2308 0.5289

For QM9 and QM8, we report average MAE, while root-mean-square error is reported for
the remaining tasks. Baseline performances are taken from refs. 28,40, Bold indicates the
top-performing model.

Large-scale chemical language representations
capture molecular structure and properties, Nature Machine
Intelligence 4, 1256-1264 (2022).
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Generalist Medical Al

Multimodal self-supervised training

GMAI

b
Applications D e e 0

Chatbots for Interactive Augmented
patients note-taking procedures

Medical domain knowledge Flexible interactions

&

Literature Publications 'l l

D
- . o .
Q8&A exchanges S_)

Clinical Knowledge Multimodal inputs
notes graphs and outputs

Reasoning with multiple
knowledge sources

Dynamic task specification

g =

Grounded Text-to-protein Bedside decision
radiology reports generation support

Regulations: Application approval; validation; audits; community-based challenges; analyses of biases, fairness and diversity

)CRDS

©2023 CRDS

intelligence, Nature 616, 259-265 (2023).

M. Moor et al., Foundation models for generalist medical artificial
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GPT-3Z27 71 >F1—=>0 UTIEE(LIRH#ERY XY (HERFENLP) (SEA,

- ROJRXAH1 hKRZEMFAIR (Findable. ACCGSSIble\ Interoperable. Reusable) >—45twv k,
o MRIBIENLPY RO THDEECIBHRESR (SII) (SEA. SIIC(E, RSS2 F o« 7 525

(NER) . IT>Fa 7R (ER) . B (RE) . 1BiRiEsm (1) REDHRIREEND.
« GPT-3ZJ7A4>F1—=7U. 91.8%MDF1 X7 %ZEHK.

- LLMZ{ERA U CKEGETROBESNEREZFAIL. d—T v NS A—FZFDOME - )\ X %%E
IRIEEREATHNT=

2021.02 Perovskite Solar Cell 400 Examples

Literature Review Paper No Manual Annotation Classification:
nature Prompt: ..  Solar cells were { What’s the PCE of the perovskite
research FuzzY_Match fabricated based on the 1m1dazole solar cell with the parameters
Selection aided CH3NH3PbI3 absorber laye belon?
& Springer usmg the dEVLLE structure hh(}l\r‘l {Stack & Synthesis Information.}
. = |in ;Lg.l%of )1 Firstly, indium tin DFT Dat i {Cell Information.};
CUESE | promptDesign  \oriae (IT0) glass - atase

Output: High
Qutput:
{5tack & Synthesis information.};
{Cell Information..};

{Stability Information..}; . Regression:
= Fine-Tuned
¥ LLM (MDP) What's the bandgap of Ag2CsSb2137
2021.02 - 2023.02 Literature Dataset Output: 1.96
~1100 New Papers Prompt:. Solar cellsPh Training Update
were fabricated
namre based on the .
research imidazole-aided Design:

& Prompt CH3NH3PBI3 absorber
%) Springer Design layer, using  the

. — | device structure — Fine-Tuned _|
T shown in Fig. 1 (a). LLM (SlI)
Firstly, indium tin
f oxide (ITO) glass [ 1:}—-‘:’
S substrates were . Parsing

- Perovskite Graph

Design a perovskite solar cell
with >25% power conversion
efficiency under AM1.5 and 100
light intensity.

QOutput:
{Stack & Synthesis Information.}

$. CRDS s crns 1. Xie et al., Large Language Models as Master Key: Unlocking the 36
’,’ Secrets of Materials Science with GPT, arXiv:2304.02213 (2023).
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MatSciBERT

MERFRX I — ) ATIEENEMBBRZCHESNESEETST I

o BBIL> T+ 7+ 0k BMRDFE. HXCGHRD
FD3DDI IR NI — LD RXIT TR FIE,

« MatSciBERTOERIFEFRAHI T MILFHETN
THEH. MHRERVPTFI M SOEHRMESE
DNLRDTZ & (CfEFTIEE.

. * /x [ The Materials
materials > (Mb — | % = ’é =||= Science
\I/ b [T D Corpus
Selecting =||E||=
Query search Download materials ===
research science
papers papers
\ M .
Named entity recognition | < a MatSG@ERT'
\ ‘ g Materials
Relation classification € - N science aware
‘_ ‘ - %é Language
Abstract classification < R % Model
Downstream 1
tasks
/. CRDS ©2023 CRDS

\‘-;/

Captions with entities extracted using MatSciBERT NER model

Manual labels '

The comparison of XRD patterns of glass ceramig heat treated at 725

°C for 5h and rhombohedral Ba4Gd3F17. The superstructure

reflections are marked with o. Inset: enlarged sections of XRI patterns.

Reflection

HRTEM image and the corresponding FET pattern taken from as-
deposited sample B(80/1) (a) and annealed sample D(30/1) (b);

identifying rutile TiO2 crystal grains.

FFT

The illustrative schemes: a) The bonding of hexagonal ZnO
nanocrystals to the glass surface. b) The structure of multi-layers

coatings.

Crystal

(a) XRD patterns of the glass-ceramics sintered different holding times;
(b) intensity of p- and a-cordierite peaks count at (101) and (110) plane

respectively as a function of sintering holding time.

XRD

Photolumineseence spectra of PbBr-based layered perovskites with an
organic layer of naphthalene-linked ammonium molecules. Profiles: (a)

15 (b) 2; () 3; (d) 4; (e) 5.

Luminescence

Labels: Application (APL), Characterization method (CMT), Descriptor (DSC), Material

(MAT), Property (PRO), Synthesis method (SMT), Symmetry/phase label (SPL)

T. Gupta et al.,

MatSciBERT: A materials domain language
model for text mining and information extraction, npj
Computational Materials 8, 102 (2022).
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ClimateBERT

S[URBHEDSTFRA MTEMFBULE NSO RATA —INR—RADEEETII

« SURBSEDTFT R MIIE—MRIRSEEEST )L CIHEEICRIE TERVLEIDNMNEENTLSD,

o« Ta—RARBEVPHYIEDSTEERY AN oO0-)LTNESUREEDTFTX b
(200R %) TERIFHE,

o« YRTESNIEEEDETIRX T TREFETILZ48%E

o TEIFRTURBEEDSYIAKNI—-LFRXD (7FX |\ﬁ B, RREDM. TJ7 O
FITWVIRE) (CHBITD IS —FZ3.57%MN535.71% K TF=B/,

Domain-adaptive pretraining (climate
domain)

o

News |* | Abstracts Reports

Figure 1: Sequence of training phases. Our main contribution is the continued pretraining of language models on the climate
domain. In addition, we evaluate the obtained climate domain-specific language models on various downstream tasks.
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Open questions

Accuracy, reliability and accountability

» Hallucination: How can scientists methodically determine when
large language models (LLMSs) are ‘hallucinating’ or generating
inaccurate and fantastical content? How can scientists best
assess and work around these tendencies to generate unreliable
or non-factual outputs?

= Responsiveness to change: If LLMs fail to extrapolate effectively
when world knowledge changes or data distributions drift over
time, how can scientists safeguard their accuracy, reliability
and responsiveness to change?

= Sparse phenomena: If LLMs struggle to reliably generate accurate
content for infrequent or sparsely studied phenomena, how do
scientists draw on LLMs to inform insights about anomalies,
new discoveries or unprecedented observations?

= Research integrity: What is plagiarism and authorial misrepresenta-

tion in the age of LLMs? How should scientists be held account-

able for plagiarism and authorial misrepresentation? What checks
should be putin place to establish the authenticity of scientific
publications?

Quantifying the degree of LLMs assistance in writing: What is

acceptable and what is not?

Accountability: Who is responsible for the integrity of scientific

research and the content of scientific papers aided by LLMs?

Who is accountable?

.

Explainability, missingness and bias

» Opacity: How can opague LLMs justifiably be integrated into the
scientific method?

Explainability: How can the original sources be traced back? How
can scientists, who draw on opaque LLMs, clarify the intended
meaning or nuances of the texts based on which such models
render their outputs? Does a lack of interpretability undermine
the justifiability of relying on inferences drawn from LLMs?

= Missingness: If scientific papers represent the final product of a

research process rather than a full picture of the complex choices,

practices and contexts that underlie the research (that is not

all research is documented, in particular failures and negative
results), how can the inferences generated by LLMs (which only
process the information scientific articles, textbooks, websites
and so on) account for the missingness that derives from the
limitations of such a ‘tip-of-the-iceberg’ view?

+ Selection: How can LLMs account for outdated or incorrect
knowledge in the published literature?

+ Bias: How can potential biases in the training data sets of LLMs —
and other social, statistical and cognitive biases that may arise in
their design, development and deployment — be most effectively
assessed? How will LLMs enhance existing and introduce new
biases or help remove existing ones?

Scientific ingenuity and discovery

+ Paradigm shifts: How can LLMs accommodate future ‘paradigm
shifts’ in scientific understanding? Could LLMs (which generate
insights by identifying patterns emergent from past research —
potentially engendering paradigm lock-in and stifling novelty)
function to tamp down possibilities for new scientific directions?
Outliers: Will outliers (radical new ideas, unconventional views
and unusual writing styles) be lost, overlooked or averaged out?
+ Scientific creativity: What is the role of the scientist in the age
of LLMs? What is the role of scientific creativity?
+ Deskilling: Will overreliance on LLMs to produce arguments and
text risk diminishing or weakening the writing and critical thinking
skills and insight of researchers?

Science assessment and peer review

+ Assessing quality: How do we assess high-quality science in
the age of LLMs? What role should the values of reproducibility/
replicability and transparency play?

+ Ethos of science: How do we trust science in the age of LLMs?
How, if at all, do the values of objectivity, rigour and accountability
change with the scaled integration of LLMs into scientific
practices?

- RIZoOfEH
~— . . .
.Q\ 'CRDS A. Birhane gt al., SC|e_nce in the age of large language models, 46
N Nature Reviews Physics 5, 277-280 (2023).
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Automated Research Workflows for Accelerated Discovery (2022)

TEAM SCIENCE WORKFLOW PROCESS

Airflow https://airflow.apache.org
o Bigtable https://cloud.google.com/bigtable
= Research
g Roles and Chimera https://github.com/hysds/chimera
e Expertise
o Cromwell http://cromwell.readthedocs.io/
Cyverse Discovery Environment | https://cyverse.org/discovery-environment
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-]
'0-5 Experimental and Hadoop https://hadoop.apache.org
[¥] Statistical Design
s Galaxy https://galaxyproject.org
= Modeling iRODS https:/irods.org
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- Simulation Automated ; Jupyter https:/jupyter.org
5 Research Computational
E' Workflow Scientist Kepler https://kepler-project.org
2 Machine R
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