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Core form: 2-3 pages + repeatable AI workload cards (Thalf page each)

EARIEHR / Basic Information

1eSRIT

BESS—Ty & (BE8S
—7v hR) UL BfF
ROE (EFR - #at)
MR RER
MERAENRE

K&

M7ERENRE

PR - BB - 1R
HREMFEREENTRE

K&

HREMFERERENTRE
PR - BB - 1R

bt FEHARE]

MEHE

Bigy—7y bR/ ERR - BieR

2026 F 108 ~ 2029F 38 ( 2.5 M)



1. StEEFERFMAGHEOMIZE / Overview

o — Bmr—5
EREEX 4 / Category O 28 0O X - F / Sensitive I # / No O & / Yes
F 0O Zois Data

&iREX4% / Resource

T B GPUX—/N—J2Fa2—% OCUMHC O 252k O 4EBAPI

B A4S ~YYY () O IEE] 00O HAX—/N—J231—%
O ABCI (REHSH)

O NTUwo IS IREEIFAIT—ER

O O—AIVETIETROEEOYY Y O ZTOfM

COMETH/LET—070—Z2—RAHEHEADY D07\ T—J&EULTERESD
Do CNZHAWTMAPHI #HRICOERICE Lz FZHERL. TOBRELFTKIT D
FE. /Me will encapsulate the workflow into a publicly available software
package. Will will apply it to search for molecules suitable for use with
MAPbI cells and publish the result.

AAEDENIE. T—Ix 2 RRAL HO5—FETFTIV. BLUVVZTa2L—V3
VERBULREILU—LT—0ZEBEL, ROJTRAM CKRBEMICEUFHRET
EEMPIDRERZIT DO ETH D,
I—IxRRALIE YO rETFIVOBERS IV 2L—Y3 VDETE
FEIDHEEEIC, TOLEIERRHZERA LU THREFD FOREZITOREIZHE
Do

BAMICIE. FEGPUICHUTTI DDAl I—IT U REEVUYT, EI—IT U0
DEREDFORE., TOV— M ETFTIICKLDEHE,. FIRIBHEICKDRIE. 15
IO = b ETIVD T 74 U F 21— & EITRIREAHI 18R T D,
BI-—IJTUME AASNEND FBEICEDEEZT—I JO0— & REICE
795 &T. IRIVF—EMAEGHEICEN., EABBENS. MOEVREHE
ZHI 3D FOHERZITD.

THIC, I—YV IV METESNEHNRSLUT—d2HET5&T. 05
—hrETIOBERLEZHD (S, FRREREFDREZRET D, /We
will run one AI agent per GPU that will be able to propose a new molecule,
run a surrogate model calculation, run first-principles validation
calculations, or fine-tune a surrogate model. Based on an input band
structure, each agent will use this workflow to search with molecules with
good energy level alignment, good hole mobility, and high stability.
Agents will exchange findings and data to help refine their own surrogate
model and to find new search space.

FANEEINDEE
¥ / Expected
computing resources

ISR / Expected
Outputs

2{K(& / Workflow in
One Paragraph

2. EXREIRTY') / Requested Resource Summary

BEINST—o0—REIC, RERHEERERUHMIEERZEHLLZLT, 7—20—RFEOMEZ Appendix &L THRIT 5. &
IS Trl, BETIE MAZ T 572012, ENERZ. EDEE. W STEDIH ZLLET D, / For each anticipated
workload, please describe the required computing resources and estimated costs, and attach a separate card for each
workload.

Approximate values are acceptable; reviewers mainly compare purpose, scale, resource type, and cost.

R4 IR EHR wg  CTIRRRA B ERR
Category Purpose Primary Total Volume Peak Estimated Cost
Resource Concurrency
N — B—/—R
o a5 —cETIV
FE/ - (GPU 4 E) T |AA x 300FH/GPU
Training MD=F&E/Surrogate | GPU AA GPU Hours DIEEZB | Hours

model training.
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FAF) [CKD
I—3J12D

TJ742F1—
Z—>7J/Initial
training at
single node
scale (4 GPU).
Agent fine
tuning with
Single GPU
(data
parallel)
W T—9  HTERD LU (i;f’jzgu)
~ PN |/
TN/ .:.%Jﬁl]/l\_/lolecule ol BB GPU Hours | /Single GPU BB x 300 FH/GPU
Inference & | generation and (data Hours
Agents orchestration. oarallel)
S L—3 DFREOSRE B— GPU
T ez, &t8/Accurate (F—%1t%1)
Sa.Jl_fédEé calculation of GPU CC GPU Hours | /Single GPU ﬁc x 300 F3/GPU
&2?i3a%?2n molecule (data ours
properties parallel)
N BI—JIUhk
2=y . JOT=PETL [ZD= 120
AP <= %EEE%F AbL—o o 18 DTTRETL o simcost) /T
/Storage, surroggte /Storage /0ne surrogate
API, Other model per
modeLs.
agent.

3. EIRATREMEDIRIML / Basis of Feasibility

BESEHE / Prior Evidence

S4EA5% / Extrapolation

FEFIR / Main
Assumptions

FRURXY / Main Risks

HBIEADETREIL. H100 GPU &= 1 EH8E U7z Grace Hopper / — R ETERITHE
#o /e perform each type of calculation on a grace hopper node with
a single H100 GPU.

VZa1L—Y3a VB LUHRY X VI8 —GPU L TEIEL. XEHigiEE
B CHDEEREINDZH, HEEX 2.5 BFELTRT—) VI HEZEITD,
/As simulation and inference tasks will run on a single GPU, and are
expected to be memory bandwidth bound, we scale performance by 2.5.

KHARTIE. T—I 1 SHEESY XD DEED ZERITRE T DIERERD
BRO—0J7O0-ZREBELTLDIN, HES LU IRXMDRBEVICHNT
[F. BEEMNRT—0 7O BRICEDW\WTEHEZEITD. /While we are
proposing a highly nondeterministic workflow where the balance of
compute tasks is choosen by the Agent, we estimate based on a fixed
balance of workflow steps.

I—I120bRAL BARBMNICIERERNTHY . TDEHEI—I TN
FRODS@IELTZY . KEUREECEIRIL—T(CfRD & ZAT DD, 51E
BREREISER T 2MEMEANKHS5ND, /Agentic Al is

nondeterministic. Ensuring that each agent remains on task - avoiding
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fail states or infinite loops - and making optimal use of
computational resources.

ATOIIT Y ME YD —0 JO—FHABEERDLERICAT—) T
TR EZTEMET D, 122U, BEIXMEEBAT DIHEICIE, KRR
#i#EB= / Reduced-scope TEIHT, VI IITPHEESLICT7ZIIT) X LREICESZEELS AitE
Plan 9D, /This project aims to scale the workflow to large portions of
the machine. If costs exceed expectations, we will not perform large
scale runs and focus on software development.

4, TS5V b TA—LRIAER / Platform-wise Breakdown

&iRiER DATL/TT—ER Bifi] = BIE &R
Resource Type System or Service Unit Total Estimated Cost
GPUX% / GPU  AIAS Vo GPUBSRS / GPU-  AA + BB + CC (AA + BB + CC) x 300

systems /AI4Science Machine hours GPU Hours FM/GPU Hour
CPU/HPC % / J— R /

CPU/HPC node-hours

259K / Cloud BFM or cost
17|
ShEB AP / AA/H7 token

External API

5. TFREIEMESTE - /%) / Annual Plan and Team

22TE4H~88 : BiFEnF7—oty BV O —FETILDFEEERE
s, HET., Y2 —3uBlUTO5— MMERDOTZHDY —IVIEUH
UMEBZBEL., D71V F1——_2J0BT—9t Y bOEKETD,

Apr - Aug: surrogate model training on existing molecule dataset.
Creation of tool calls for simulation and surrogate inference. Fine
tuning dataset generation.

202718 A~9 B t #BRERULLY —IVIEUH UEZ AV CIEFLEEMEHRED &

B - BREEEIT D, EfLEEMBE T —9 Yy AW O - EFTILD T 7 A

VFI1—ZU0EERL. I—IJVIVNEBOI A FI—Z00FTD=0H

DY =V UEZRAET 5,

Aug - Sep: use and testing of tool calls to generate a set of hole
FEEHE / Timeline materials. Fine tuning of surrogate model on hole material set. Creation

of tool call for agent driven fine tuning.

22TF10B~128 - B8 I —Y 10 MCKBDUMFNETRIEERIFEI—I T b
D—0J0-%Z%dd, I—J10 MR LEDZHDOTOVTRIVIZTF
) 0&EBEL. KRR —)V TCOEMFRIEZIT D,

Oct - Dec: development of a combined agentic workflow to be run in
parallel. Prompt engineering to improve agent performance. Testing on up
to large scale.

2028 £ 1 H~3 B : MAPbI ZMHFHIBE UFRMEIOBRRAR T L —LT—D %
BAY D,
Jan - Mar: application to search for materials fit for MAPbI.
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BEORAARITCIE. 1~2/—FFE (FGUICT—IJT U hZEEVUHT) TE
9%, XA—3EUTFA#EEICDVWTIE, &K 1,600 GPUREE TOERITZEXT
REUTEHM=ZIT D, /Typical development runs will use 1 - 2 nodes with
an agent assigned to each GPU. Scalability tests will be performed on up
to 1600 GPUs.

RART A 5O —bETIVOIBRERS LI —IT IR TL—LT—=TD
RET - WBERZTIEHT D,

Postdoc AA - Initial surrogate model development. Development of agentic
framework.

RAFEFEIT / Peak
Concurrency

F4 BB EFLEEMEI T —9 Yy FOERS LUCTOS—METILDT 714 U F
1—Z27, B5VICRET A MDEREZEIEHT B,
Student BB - generation of hole material dataset and fine tuning.

EHEAH / Team Running tests.

HEMAEECC: V22— 327—2270-0Y—=)Ld—=ILELTOATEI
IS IURBRIN T AN I ADEOHDEAE/INTA—=IDTAEITD,
Collaborator CC - encapsulation of simulation workflow as a tool call.
Testing of computational parameters for optimal performance.

PI DD : 'OV 10 b 2EDIFIED KOEHEIEEITL). MAPbI R EHEZRDEIT
=FX89 D,
PI DD - project management, running of search for MAPbI materials.

EARRE 1 NBZEEZIC. BB Ty TICHIFTBREEIR MDD ZEITL.
TOBRICEDVWCEHEERODTFESTENDREUZXERYT S, LIEE, BH. PI
M EERS LUT—YHAIRNRZEET D, IoIc. KRREETICHSIFEE
BEDRBZRE<7z6). MREET I EEHMICEHRL. TOIJT I XVN—ET
HET D,

After the first month of operations, we will analyze the computational
costs associated with each step and revise the computer budget plan
accordingly. Each month, the compute and data usage will be checked by
the PI. A regularly updated performance model will be shared with
project members to ensure large runs do not exhaust the computational
resources.

R EDREZER / Key review points: ORIFEEZRODZERICH T 2NEN., OQBEEFENSRERATREE. OBREEERANDHEH
%, OREBRDEE,

EREE / Cost
Management
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(AR Al D—00—FE (WERLITES!) / Avpendix: Al Workload Card
(duplicate as needed)
BI)—00O—RITEIHER—ITEH, FE, RE, #H, I—-IYzUb, YZIal—yay, T—9ER. SHEOVITNICEFERA,
/ One half-page card per workload. Applicable to training, distillation, inference, agentic systems, simulation, data
generation, or evaluation.

J—2o0—RE #1 / Workload Card #1

Z: BEE OXE O O0r—rz o OVZalb—y3y
OFMDfth

IXRIVF—HFAL, 1A MERT IV (ZEETHMEEE) . P LUBHREK
IRIVF— (BEIETHMIER) ZFAlRseaIHt Oy — ~ETIVDORREZ
175, /Development of an initial surrogate model able to predict
energy levels, ionization potentials (for stability), reorganization
energy (for mobility).

SOAP-BPNN B KU MACE EWV\o 27 —F T U F v LIRSt T D, #IHIFEE
EFIV - FT—4 / Model & [(SIE M9 F—Htw b (134,000 9F) ZFLD, /We will compare SOAP-
Data BPNN and MACE architectures. Initial training will be done on the
AM9 dataset (134K molecules).

SFEOXRRBEY (AAD) [ 4 GPU X 1 TRy IH7Y DFTERRE X
0 BROIERHT7 —FT0F v X FEIRY I (YY) &UTEHEY 5.

%5 - #Z5I / Name & Type

#B=HB8# / Scientific
Purpose

BFEETEFE—/—F (GPU 4B) ZAVWTERT D, £z, RBEQRET
WP —FT7I0FvZR/ETDH. 10BEDEH7—FT7I7FvICDOWNT
LEEBAREEZEAT Do

AA1 = 4 GPU x XX time per epoch x 10 tested architectures x YY
number of epochs

We will use a single node (4 GPUs) for each training run. We will
test 10 different candidate architectures to find the most accurate
choice.

ERREDERT—F v FZRAVLWTHI00 GPU L TE—TIRY I DERZEIT
2THY., TORREHEHICRT—) VTR I BRI T, 1 IR
BIEER - B / Cost & VO HIZYDETEREZ XMW &RIEE 5,
Basis We performed a single training epoch of a similarly sized synthetic
dataset on an H100 GPU. Scaling by ZZ we expect a single epoch to
take XX seconds.

&EiREHE / Resource Plan
(FIRFRST - EZEST
/including Concurrency &

Runs)

J—o0—R%E #2 / Workload Card #2

Z%: O%E BB O Or—vyz o OVIal—yv3ay
OFDfth

FET O — b ETIVIE. RN FT—9 Y hZAVTEEZIT S,
TDE. AFICKVUERLU ZEFLEEMR T —5 2y bERWT T 71 U F
1—ZVT%FEHwT D, TSIC. I—I TV MNHRIETZRIUISEIC
. IT—I 2 FFEEDY—IVFUCEHLEL GEIMNR D 74 F1—=22
%= BERFEITd D, /The initial surrogate model will be trained on
generic molecule sets. The model will first be finetuned on a human
generated set of hole transport materials. Subsequent fine tuning
calls will be performed as agentic tool calls when the agent detects
degrading performance.

2%5 - #=5I / Name & Type

=88 / Scientific
Purpose

vi



B 2

T7A0F1—Z27F FEBEGEEINILZETIL (SOAP-BPNN H7zI%
MACE) [CXFU TEET D, MRS TIIAFERT—F Y bZEL. FD
EFIV-FT—4 / Model & REET—ITURICRUERINEZDTFT—YZERAVTHENICETIVESE
Data ¥19 S, Me will fine tune the selected model from the training
phase (SOAP-BPNN or MACE). The data will first be a human generated
fine tuning set, and later Agent generated molecules.

LTFOT—20—REHEICHEVWTIE 1 TRy (20 IRy IH) %=,
I—Ix0FEED 1,000 27y T (DFRR. V—IHUHL, YZalb
-3, TJP7AF1—227) WoBRINBIEDEEEL. TNEN
DUBIIEELE (A, B, (, D) THOTINDIEDET B,

HEA D 74 F1——20701%. ERT—9ZRAVWVCERBRICEDTY I
Y OEET D,

VI 74 F1——27

1GPU X 1 TRy OHEYDEE X 2{EHE7—FTI0F v X YYIiRvY
2 = A0 GPU S

FIFEERE -

100347 X 8 GPU X QA IRv Y X (Y—IUIFOHE U XX + 9FiR
R YY + O 7F X MEEREFRE ZZ) = A1 GPU B¥fE

FRFRIESET ¢

30347 X 32 GPU X QQIRYT x (XX + YY + 7ZZ) = A2 GPU BFRS
AFREETT !

44T X 1600 GPU X Q IHRwvo x (XX + YY + ZZ) = A3 GPU BFRE
AEERT:

21T X 32G6PU X QQIRYT x (XX + YY + ZZ) = A4 GPUBFS

ZESHE / Resource Plan et ERFEII LT CEMli g S ¢

(AT - EESS AAT = A0 + AT + A2 + A3 + M
/including Concurrency &

Runs) T7AF 11—V TFEETICOVWTE—GPU (F—FLF) THEMEY

%, FEBRB CEEINLLA2BEDY —FT I/ F vICRHULTFHTDD
PADFI—ZUJZTI2EEEIC A I—IIT IV MEIAITYIRTD
PADFI-—ZUJEFETIS BRIYI2L—I3 V100 RTyTTEIC
1 BIDEEEREE D) .

For the following workload cards we define a single epoch (out of
QQ) as including 1000 agent driven steps (proposal, tool call,
simulation, fine tuning) with a fixed ratio (A, B, C, D) of each
task within that epoch.

Initial fine tuning will be done over YY epochs based on synthetic
data experiment.

Initial fine tuning: 1 GPU x XX time per epoch x 2 candidate
architectures x YY number of epochs = A0 GPU hours.

Development: 100 runs x 8 GPUs x QQ epochs x (XX tool call time +
YY molecule proposal time + ZZ context pruning time) = A1 GPU hours.
Medium Scale: 30 runs x 32 GPUs x Q@ epochs x (XX tool call time +
YY molecule proposal time + ZZ context pruning time) = A2 GPU hours.
Large Scale: 4 runs x 1600 GPUs x QQ epochs x (XX tool call time +
YY molecule proposal time + ZZ context pruning time) = A3 GPU hours.
Production run: 2 runs x 32 GPUs x QQ epochs x (XX tool call time +
YY molecule proposal time + ZZ context pruning time) = A4 GPU hours.
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Total time AAT = A0 + A1 + A2 + A3 + Ad

We will use a single GPU for each fine tuning run (data parallel).
We will do manual fine tuning on the top 2 architectures identified
during training. AI agents will perform fine tuning tasks as on
demand; we estimate once per 100 simulation steps.

EFEDERETIVICH UL T 500 7—9 RZEMUERET. H100 GPU L
TE—IRYIDIT7AF1—_00%FALTVS, SRETTILOE
EIZIXYWIRYIZEL, CORBRICHULTRIT—) U J%E 2.5 =EA

PIRER B / Cost & T2 &7T. 1 TRy IHIZYDEERBEZ X EREEL S, /e

Basis performed a single fine-tuning epoch of a similarly sized synthetic
model with an additional 500 data points on an H100 GPU. An accurate
model required YY epochs. Scaling by 2.5 we expect a single epoch to
take XX seconds.

J—2-o0—F%E #3 / Workload Card #3

Zf: OFF OXFE Otses MT—r b OV3Ialb—v3ay
OF Dfth

T—ITxMBAICKDA—T A L= 3 VI[CKY, LRBIEFHDFDIE
FEEZBRENICHERT D EZTEET D, WAICEEFT 2EHRDIT—T
I ME FRDFORERZTO > EEEIC, YOV EFTIVFEEEE TR

BZEE® / Scientific BUIXa1L—23arzBUVWeEtEZEEITT S, /Agentic Al orchestration

Purpose will allow for autonomous exploration of the vast chemical space of
candidate molecules. Parallel agents will be able to propose new
molecules and perform calculations using either a surrogate model or
full simulation.

DeepSeek-R1. Qwen3. Nemotron-3-Super [CANZ. FRFTHARIARICEIZ T SFTHR
EFIVFT—% / Model &  A—TVYV—RXEFIWICDVWTELLERRETZITD, /We will compare
Data DeepSeek-R1, awen3, and Nemotron-3-Super as well as new open source
models that emerge during the project.

STEIXNIUTOEYBERES -

%R - 7B / Name & Type

SRR -
100317 X 8§ GPU X QQ I RvY X (Y—=IUMUHE U XX + 9FIER
BRI YY + O 7F X MEEEERE ZZ) = B1 GPU B

HIRRELT :

30517 X 32 GPU X QQIRwo x (XX + YY + ZZ) = B2 GPUBFRE
o FARAEEAT :
HmEE / Resource Plan ) 02" ™ 0 6oy x Q0 THRW S X OX + VY + 22) = B3 GPUBSES
(RIBSSEAT - ERERE o

/including Concurrency &

Runs) 2T X 32G6PU X QQIRyT x (XX + YY + ZZ) = B4 GPU B

st EEFRE I LT CFHli g 3 ¢
BB = Bl + B2 + B3 + B4

BiEmY R UILBE—GPU (T —FAF) THRITI Do

Development: 100 runs x 8 GPUs x QQ epochs x (XX tool call time + YY
molecule proposal time + ZZ context pruning time) = B1 GPU hours.
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BIEEM - 1B¥L / Cost &
Basis

Medium Scale: 30 runs x 32 GPUs x QQ epochs x (XX tool call time +
YY molecule proposal time + ZZ context pruning time) = B2 GPU hours.
Large Scale: 4 runs x 1600 GPUs x QQ epochs x (XX tool call time +
YY molecule proposal time + ZZ context pruning time) = B3 GPU hours.
Production run: 2 runs x 32 GPUs x QQ epochs x (XX tool call time +
YY molecule proposal time + ZZ context pruning time) = B4 GPU hours.
Total time BB = B1 + B2 + B3 + B4

We will use a single GPU for each inference task (data parallel).

B—@H100 GPU ETEMET D ollama 1 X5 2 X%Z&FL), gpt-oss (120B
INSA=FETFTIV) ITHULT, V=ILIEUEL., DFRE. bIUHERZSR
DEESHD ITBEDY RV I DV THRFBIDBIEEIT > 72,
TORBRZEIC, MHeEM LR 2.5 ZEA LSS, TNENONERE X
AT, BB#. (CHERBEEOHNS,

Running an ollama instance on a single H100 GPU, we ran inference
using gpt-oss (120b parameter version) on a representative prompt and
history for three tasks: tool calling, molecule proposal, and finding
synthesis. The times required scaled for 2.5x improved performance
were AA, BB, and CC seconds, respectively.

J—o0—KR%E #4 / Workload Card #3

%R - 7B / Name & Type

B=EM / Scientific
Purpose

EF)I s 7—%4 / Model &
Data

&iRstE / Resource Plan
(FIFFRAT - EZEST
/including Concurrency &

Runs)

ZfF: OFF OXE Oitss OT—ryz b OYIalb—v3ay
BZDfth

TRIVE—HFNL, 1A MERT VIV, PIUBRERRIRIVFTF—Z2ELET
Bz, N1 Ty RINEB L RNIVDOFENEEIEZR (DFT) StEZ=EMT
Do

Density functional theory simulations at the hybrid-DFT level of
theory will be performed to calculate energy levels, ionization
potentials, and reorganization energy.

STEICIEBIgDFT O—RZRAV., FET 98y rBLUVAI I—I TR
KO TREINEZDFORAICT U TERT B,

We use the BigDFT code run on either the training dataset or
molecules proposed by AI agents.

STEIXMILUTOEYREES -
FHFEERDE -

100317 X 8 GPU X ZZIRv Y X (22— 3 VEHEXX) = (1
GPU BfE

FRERAEEELT

3031T X 32 GPU X ZZ TiRkw X (XX) = (2 GPU B
RIRIEEIT :

41T x 1600 GPU X ZZ TRw o x (XX) = (3 GPU BRS
ARERT !

24T X 32 GPU X ZZTiRv o X (XX) = (4 GPU B

et B EISLA T TR S ¢
CC=C+C+C+(4

BYIaL—Y3V[EE—-GPU (F—FALFI) TEITT D,
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BISEM - 1B#L / Cost &
Basis

Development: 100 runs x 8 GPUs x ZZ epochs x (XX simulation time) =
C1 GPU hours.

Medium Scale: 30 runs x 32 GPUs x ZZ epochs x (XX simulation time) =
C2 GPU hours.

Large Scale: 4 runs x 1600 GPUs x ZZ epochs x (XX simulation time) =
C3 GPU hours.

Production run: 2 runs x 32 GPUs x ZZ epochs x (XX simulation time) =
C4 GPU hours.

Total time CC =C1 +C2+(C3+ (4

We will use a single GPU for each simulation run (data parallel).

B—H100 GPU ZFI\L\T Spiro-OMeTAD DA # bR 2 U v ILETE E X
L. TEIDVZ2L—Y 3 VICETIRFEZAEL TLW\D, CORBRICHU
TRT=V IR ZBERIZ_ET, 1BDY I 10— 3 UETRE
= XXM ERBEE D,

We performed a single ionization potential calculation of Spiro-
OMeTAD using a single H100 GPU. Scaling performance ZZ we expect a
single simulation run to take XX seconds.




