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Key Inventions That Laid the Foundation
of Modern Automation

Flying Shuttle

O by John Kay

Spinning Jenny

by James Hargreaves O

Water Frame
by Richard Arkwright

Steam Engine
by James Watt

O Power Loom
by Edmund Cartwright

Cotton Gin o
by Eli Whitney

Mechanical Reaper
by Cyrus McCormick

Steamboat
by Robert Fulton

Telegraph

O by Samuel Morse

Bessemer Process

by Henry Bessemer O
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Dark Factories and the Future of Work:
How Al-Driven Automation is Reshaping
Manufacturing ; .
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IS IT ABLE TO DO DISCOVERY ?¢?



Test scores of Al systems on various capabilities relative to human
performance
Within each domain, the initial performance of the Al is set to -100. Human performance is used as a baseline, set to zero.
When the Al's performance crosses the zero line, it scored more points than humans.

20 Reading comprehension with
unanswerable questions
Reading comprehension
| | _ | mage recognition
O ez HIMA FPEMOrMAance :da5:108 T L '
_anguage understanding
Nuanced language interpretation
Handwriting recognition
20 Speech recognition
) Predictive reasoning
General knowledge tests
Math problem-solving
40 Code generation
Complex reasoning
-60
-80
'100 Ihe l"' of-each-Al svstefn Is-normalized-to an initial-performa
1998 2005 2010 2015 2020 2023
Data source: Kiela et al. (2023) OurWorldInData.org/artificial-intelligence | CC BY

Note: For each capability, the first year always shows a baseline of -100, even if better performance was recorded later that year.



PREDICTIVE Al
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WHAT IS GENERATIVE Al?
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Introduction
» Latent Diffusion Models (LDMs) are deep generative models
that have high text-to-image generative performance [1].

» We conducted decoding analysis [2,3]: reconstruct visual
images from fMRI signals using Stable Diffusion (SD).

» We also conducted encoding analysis [4,5]: provide
biological interpretations of each component of SD.
Presented Images

N '«

Methods

» We used Natural Scenes Dataset (NSD) [6].
» Scanned by 7-Tesla fMRI scanner over 40-hours
» [Each subject vuewed 10 OOO MS COCO |mages 3 times.
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Results: Decoding analyses

C|Net High-resolution image reconstruction with latent diffusion models from human brain activity

Yu Takagi'-2, Shinji Nishimoto'-2 oA ": "*3*35**"0"&.,_,.

1 Osaka University, 2NICT
Results: Encoding analyses

Single subject result

Ground Truths

Understanding latent representations

Across subjects result

subj05

Ground Truths
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Quantitative Evaluation
(2-way identification accuracy)
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Control Analyses

Decoding accuracy decreases when
building a semantic decoder using
only image category labels, rather
than caption.

Even if we used Stable Diffusion
v2.0 trained with OpenCLIP (not
trained on MS-COCOQO) and tested
on non-overlipped images, there
was no change in the quantitative
evaluation.

VANCOUVER CANADA
1 Project website

Selective engagement of
different U-Net layers through
the denoising process

Representational change
through the denoising
process

by mapping them onto the brain

Prediction accuracy (r)

Further improvement (Takagi and Nishimoto, arXiv 2023)

+Decoded Text
+GAN
+Decoded Depth

Takagi and Nishimoto | +Decoded Text ;

CVPR 2023
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Truths .

+Decoded Text :

We can incorporate several techniques: SN
+

Decoded caption from brain

Non-linear optimization (e.g. GAN)

Decoded depth from brain
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Conclusion

We propose a novel visual reconstruction method using Stable Diffusion. [1]Rombach et al., CVPR 2022; [2] Lin et al., NeurlPS 2022

[3] Shen et al., PLoS CB 2019; [4] Nishimoto et al., Current Biology

We also provide a quantitative, biological interpretation for Stable Diffusion 2011; [5] Yamins et al., PNAS 2014: [6] Allen et al., Nat. Neurosci.




Introducing

Mind—Video

' res: High-quality Video Reconstruction from Brain Activity

Ground truth Videos Reconstructed Videos

We propose Mind-Video, which progressively learns spatiotemporal
information from continuous fMRI data through masked brain modeling +
multimodal contrastive learning + spatiotemporal attention + co-training
with an augmented Stable Diffusion model that incorporates network
temporal inflation.

This is an extension of our previous fMRI-Image reconstruction work:

(CVPR2023)
May 15, 2023 Read Paper Zijiao Chen* National University of Singapore, Center for Sleep and Cognition, Centre for Translational Magnetic Resonance Research
View Code Jiaxin Qing* The Chinese University of Hong Kong, Department of Information Engineering

More Samples Juan Helen Zhout National University of Singapore, Center for Sleep and Cognition, Centre for Transiational Magnetic Resonance Research




"Dynadiff: Single-stage Decoding of Images
from Continuously Evolving TMRI".
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Schizophrenia symptoms causes and treatments

For Information, Visit: www.drkapilsharma.in




Al helps a paralyzed woman speak
for the first time in 18 years
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The Rise and Rise of A‘I_ siZze = no. of parameters open-access
Large Language Models (LLMS)z e assocateavosike cracer
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A Mathematical Exploration of Why Language Models

f(s)

. Ppe(s)  prs (subset)  pp (class words) | pyrey (rand. proj.)
HE]}} SG]UE Downstream Tasks Task h THiR THR < 30 < "R Bl
SST 2 | 87.5 a0 82.0 8.7 B7.5 01.4
. . 1 . ; | . . 1.2
Nikunj Saunshi*, Sadhika Malladi®, and Sanjeev Arora Qo 5 | R0a4  87n ar 4 =0 1 =6 4 92 2
lﬂepartment of Computer Science, Princeton University 55T f%ne :" 4.2 43.5 44.0 4.2 23.1 al).2
{nsaunshi, smalladi, aroral@cs.princeton.edu 55T fine™ 5 | 49.4 48,6 47.6 4.3 28.58 SHRY
Institute for Advanced Study AG 4 |1 90.7 84.6 83.8 Th.4 8.5 04.5
AGH 41 91.1 8.2 86.1 0.1 (3.7 04.4
Proposition 2.1 {Cross-entropy recovers p’ ). The unique minimizer of fmm{{p,|ﬁ}} 1S P, = p_"lﬁ for
every s € support(pr). True log partition versus leamed quadratic function
AG Hewd ek T n
Proposition 2.2 (Softmax models recover p_"l . on asubspace). Fir a fired ®, if f* € argming g ,pa Lreni( f, ) | ' a] B
exists, then @pp. g = "i"Pn,,- for every s € support(pg ). E‘ el 0 |
E | / o 100 |
Definition 3.1. A classification task T is (7, B)-natural if min ET{{p"l tov) < T g - Ead . o]
veRY |lvl|o<B h X BT
§ 100 - 100 1
. . . . J . - 150 | 2001
Definition 3.2. Task T s (7, B)-natural w.or.t. & € B9V 4f min ET{{pllﬁ}, ) — = e - - - —

vE row-span| P, ||v)| =B

Theorem 4.1. Let {p. |, be a language model that is c-optimal, t.e. Lrep({P o)) — £

¢ = (. For a classification task T that is (7, B)-natural, we have

o7 ({p}) < 7+ \/2B% (1(p7))

Theorem 4.2. For a fired ®, let { be features from an e-optimal d-dimensional softmar language model,

e, Kppna( fo®) — €0, (®) < €. For a classification task T that is (7, B)-natural w.r.t. @,

[(®pr) < T+ \/EBZE (v(pT))

oy = €, for some
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95% Fewer False Alarms: JPMorgan
Chase Uses Al to Sharpen Anti-
)

Money Laundering Efforts

Al « Mar 26,2024
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ChatGPT-selected stocks outperform UK top funds
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Hallucination is Inevitable:
An Innate Limitation of Large Language Models

Liwel Xu Sanjay Jain Mohan Kankanhalli
School of Computing, National University of Singapore
ziwel.xu@u.nus.edu isanjay,mohan}@comp.nus. edu.sg

Definition 1 ( Alphabet and Strings). Let [ be the set of natural numbers. An alphabet .4 15 a finite
set of NV tokens A = {ag, a1, ..., ap—1 b A siring is a sequence ., —1 = wyu'y ... 1y, obtained
by concatenating tokens for n times, where i.n, N € M, w, € A. Let & be a computable set' of

all the finite-length strings of alphabet .4 and {sq. 51, .. .) be an one-to-one enumeration of all the
elements in 5.

Definition 2 (Formal World of f). A formal world of ground truth function [ is a set Gy =
{is, fls)) | s =8}, where f(s) is the only correct output of input string s, for all s £ &.

The training samples T is defined as a set of input-output pairs we get from the formal world of f:

Detinition 3 (Tramming  Samples 7).  Tramning
{(so wo), (v )y oo (sawa)s oo | we = fisi), s € 8,0 € N}

samples 7 s a  set

Theorem 1. For all computably enumerable sets of LLMs { . iy, ... }. there exists a computable
ground truth function f, such that all hl’"]. t, 7 = I, will hallucinate.

Theorem 2. For all computably enumerable sets of LLMs {fiy, 1, ...}, there exists a computable

oround truth function f, such that all hl""]. t. 7 € M, hallucinate on mfnitely many mnputs.

Theorem 3. For all computable LLMs h, there exists a computable ground truth function | such
that each of iU, 4 € 4 hallucinates w.r.t. f. Furthermore, there exists a computable ground truth
function® f' such that each of hlil, 4 & I4 hallucinates on infinitely many inputs w.r.t. f".

Theorem/corollary

Statement

Implication for

real-world LLMs

Theorem 1:
computably
enumerable LLMs
will hallucinate

Theorem 2: LLMs
will hallucinate on
infinitely many
questions

Theorem 3: any
computable LLM
will hallucinate

Corollary 1:
inability to
self-eliminate
hallucination

For any computably
enumerable set of
LLMs, there exists a
computable ground

truth function f such
that all states of all
LLMs 1n that set waill

hallucinate.

For any computably
emunerable set of
LLMs, there exists a
computable ground

truth function f such
that all states of all
LLMs 1n that set will

halluecinate on

infinitely many inputs.

For any individual
computable LLM,
there exists a
computable ground
truth function f such
that every state of
that LLM will
hallucinate.
Furthermore. tor any
computable LLM,
there exists another 7
such that every state
will hallucinate on

infinitely many inputs.

All computable LLMs
cannot prevent
themselves from
hallucinating,

All currently proposed
polvnomial-time
bounded LLMs are
inherently prone to
hallucination; it
cannot be completely
eliminated.

Hallueinations are not
isolated incidents but
a persistent challenge
across a vast range of

inputs for any LLM.

This generalizes
inevitability to any
spoecific LLM,
confirming that
current and future
LLNs will always
exhibit some form of
hallueination.

LLMNs cannot solely
rely on internal
mechanisms (e.g.,
self-correction,
chain-of-thought
prompting} to
climinate
hallunemmation: external
safecuards are
essential,

Corollary 1. All computable LLMs cannot prevent themselves from hallucinating.

Theorem 4. For all computable LLM /i, there exists a computable ordering < such that LLM i
hallucinates when answering question “sa2,, .1 < 52,7 after being trained on training samples {(
si?" felsi < 857)) | 6,7 < 2n}, wheren € [, fo(s; < 5;7) = *'yes" if 5; < s; and **no”’
otherwise.

Table 3: Identified hallucination-prone problems for different sets of LLMs. (}{n") and (2"
indicate polvnomial-time and exponential-time complexity, respectively.

LLMs Froblem Hallucination Guaranteed by  Extra Assumption
Combinatonal List Requiring £2(2"} solution Mone
({n*) time bounded LLMs _ T .
(e.g.. all existing LLMs) Subset Sum Being NP-complete P £ NP
Boolean Satisfiability (SAT) ﬁ*{i‘g NP-complete P £ NP
Entailment of Propositional Logic ﬁT”E co-NP-complete P = NP
({27 time bounded LLMs,  Presburger Arithmetic Requiring (1(2% | solution Nome
(){n*) time bounded LLMs  [56, 65] [158] o
All Computable LLMs Learning all Computable Linear Orders  Theorem 4 Mone
(incl. all LLMs above) Solving all Computable Problems Theorem 3 Mone
Entailment of First-Order Logic Fﬁeﬁ:i]g Undeidabic Mone
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Toward General-Purpose Robots via Foundation Models:
A Survey and Meta-Analysis
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(c) Scene Type Classification (d) Data Collection Methods

Figure 4: Comprehensive visualizations of the Open-X Embodiment Dataset encompassing data collection methods, robot morphologies,
and scene types.
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(a) Object recognition: CLIPort [196] (b) Object recognition & localization: NLMap [25]  (c) Feature distillation in NeRF: F3RM [197]

VLM used for: Object and Scene Representation
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(d) Representation in policy learning

feature distillation in Ge-NeRF): GNFactor [198]

(also applied

(e) State estimation: FM—-Loc [199]

Text Description

(f) Interactive perception: MOSAIC [200]

VFM and VLM used for: Policy learning, State estimation and Interactive perception

Challenges in Robotics (3)

l

Generalization (3.1)

|
l l

perception  morphology

{Vision Languange)
— Foundation Models —
used in Robotics (4.1)

Foundation Models for Robotics (4) —

— Robotic Foundation Models (4.2) —

l l

Requirements of Models (3.3)

| |
l l l l

Data Scarcity (3.2)

simulation real-world model-based  model-free
VFM and VLM
in Perception (4.1.1)
_ LLM and VLM
e Y m in Task Planning (4.1.2)
LLM and VLM in

-+ Grounding (4.1.4) " Action Generation (4.1.3)

———— Data Generation (4.1.5)

———  Prompting (4.1.6)

Motion Planning Models (Languange-Conditioned)

(4.2.1) " Imitation I ing

—— Single-purpose —
Action Generation Models Reinforcement Learning

(4.2.1) at Scale

———— General-purpose (4.2.2)
Vision and Language
Pre-training

Figure 5: Conceptual Framework of Foundation Models in Robotics: The figure illustrates a structured taxonomy of foundational models,

categorized into two primary segments: the application of existing foundation models (vision and language models) to robotics, and the

development of robotic-specific foundation models. This includes distinctions between vision and language models used as perception tools,

in planning, and in action, as well as the differentiation between single-purpose and general-purpose robot foundation models.

l l
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in planning, and in action, as well as the differentiation between single-purpose and general-purpose robot foundation models.
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How do Al agents work?

Goals: Humans set goals for Al agents,
but the agents decide how to achieve
them.

Data collection: Al agents collect data
from their environment.

Decision making: Al agents use the data
they collect to make decisions about how
to act.

Action: Al agents perform actions to
achieve their goals.

How Agentic Al Works (Proactive & Strategic)
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GPQA
Diamond

LiveCode

AIME 2024 Biach

MATH-500 CodeForces

Model
pass@1 cons@64 pass@1]

OpenAl-ol-mini 63.6 80.0 90.0 60.0 53.8 1820
OpenAl-01-0912 74.4 83.3 94.8 77.3 63.4 1843

DeepSeek-R1-Zero 71.0 86.7 95.9 73.3 50.0 1444

pass@] pass@]1 rating

Table 2 | Comparison of DeepSeek-R1-Zero and OpenAl ol models on reasoning-related
benchmarks.

DeepSeek-R1-Zero AIME accuracy during training

- rl-zero-pass@1
i rl-zero-cons@@16
-== 01-0912-pass@]

- 01-0912-cons@64

T * T
4000 6000 8000
Steps

Figure 2 | AIME accuracy of DeepSeek-R1-Zero during training. For each question, we sample
16 responses and calculate the overall average accuracy to ensure a stable evaluation.
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NEWS | 08 December 2022

Are ChatGPT and AlphaCode going  codeLiama MetaA
to replace programmers?

OpenAl and DeepMind systems can now produce meaningful lines of code, but software
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Al tools are competing with humans to write code. Credit: Getty I
GPT-3.5 / Translate

Enter soma code and cilck “Transiate®

Input Output
JavaScript - Python




RAL LANGUAGE PROCESSING COMPUTER
VISION & NLP

ieusly.ai: PRIMER L Levity

onkeylLearn s clarifai

skyl.a1

ODE DATA SCIENCE
obviﬂusly.ai WORKFLOW
°°“-5 . AUTOMATION
ersect labs :u“der BRYTER
RETAIL & E-COMMERCE
° NOOQCItG




GPU computational performance per dollar

Graphics processing units (GPUs) are the dominant computing hardware for artificial intelligence systems. GPU
performance is shown in floating-point operations/second (FLOP/s) per US dollar, adjusted for inflation.

Manufacturer

40 billion = AMD
¥ Intel
= NVIDIA

30 billion

20 billion
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10 billion

> ¥ . ¢ ‘
0 e .d&’;}t 2 *3e 9 l‘!.“:‘ Il _

Apr 30, 2006 Nov 4, 2011 Jul 31, 2014 Apr 26, 2017 Jan 21, 2020

Release date

Data source: Sun et al., Median Group via Epoch (2022) OurWorldInData.org/artificial-intelligence | CC BY
Note: FLOP/s values refer to 32-bit (full) precision.




NVIDIA ENABLES EXPLOSIVE GROWTH IN Al COMPUTATIONAL REQUIREMENTS
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B Months since last major release = Al Performance (FP16 TFLOPS unless noted)
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Inferencing all the way down: models get cheaper

Once thought to be prohibitively expensive to serve, the inference cost of serving strong models is dropping.
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B Months since last major release = Al Performance (FP16 TFLOPS unless noted)
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40 + + 4,000

20 T I —— T 2000 r‘{o
Google Gemini produced a strong model series with very competitive pricing
10 + Prices on Gemini 1.5 Pro and 1.5 Flash have been dropped by 64-86% a few months after launch while offering

strong performance, e.g. Flash-8B is 50% cheaper than 1.5 Flash yet comparable across many benchmarks.

Months since prior launch
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Base Agent (Score: 20%)

from Llm_withtools import CLAUDE_MODEL, OPENAI_MODEL, chat_with_agent

Gadel + Darwinian Exploration from utils.eval_utils import get_report_score, msg_history_to_report, score_tie_breaker

from utils.git_utils import diff_versus_commit, reset_to_commit, apply_patch

class Agenticbhystem:
def _init_ (

Task 2: rewrite Open-ended self,

problem_statement,

your own code exploration of git_tempdir,
self-improving base_commit,
agents chat_history_file="./chat_history.md",
test description=None,
self_improve=False,
instance_id=None,

Foundatlon self.problem_statement problem statement
self.git_tempdir = git_tempdir

. Ly self.base_commit base_commit
~ self.chat_history_file = chat_history_file
self.test_description test_description

Task 1: solve self.self improve = self_improve

dOWﬂStreamtaSk self.instance_id instance_id if not self _improve else "guava"
self.code_model = CLAUDE_MODEL

# Initialize logger and store it in thread-local stor

self.logger setup_logger(chat_history_file)

# Clear the log file
with open(chat_history_file, "w") as f:
f.write("")

Da rWinian get current_edits(self):

diff = str(diff_versus_commit(self.git_tempdir, self.base_commit))

Agent ArChive return diff

get_regression_tests(self):

Ir‘lltlal Get the regression tests from the repository.
Agent THIRIL

instruction f"""I have uploaded a Python code repository in the directory {self.git_tempdir}.

<problem_description>
{self .EI'GD'LEI’H_StELtEFﬂEHt}
</problem_description>

<test_description>
{self.test_description;
</test_description>

Your task is to identify regression tests in the {self.git tempdir} directory that should pass both before and after addressing the <problem_description>. I have already taken care of the required dependencies.

B Feature to
m Self-improve improve itself
instruction

Archive . : Coding agent’s
self mOdlfy/ Q own repo Code Diff:

Darwin's Theory of Evolution select

Task repo
: \
e.g., Gltl;lub repo) e . Code Diff:
Evaluat—e on Task instruction \\agent / OB LSk

benchmark = (e.g., GitHub issue) e ==
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QUANTUM RNN (BAUSCH 2020)

1/0 |0) —+— E(xo) [P N(6,) |—m— E(z1) ‘ (— N(fo) —
T NS N(6,) k\) N (6m) rL
e & & O O O QN - | Hidden [0) —— N(6;) ‘ N(0r) ‘ N (6;) |7 L

Fig. 11 Bausch (2023) circuit. The input is the sequence (zp,z1). The mixing and hidden blocks are prohibitive for current
hardware. The output is the next token in the sequence as the outcome from a single shot.

QUANTUM SEQUENCE CLASSIFIER (LONDON 2023)

- |0) ——— A
Input E(xo) E(z,)

Fig. 12 London et al. (2023) circuit. The input is the sequence (xo,z1). Only the first qubit is measured. The output is the
probability that the sequence is in class 1.

SIMPLE QUANTUM RNN (THIS PAPER)

1/010) ~—{ E(a) |

B(a,)|

Hidden |0)

Fig. 13 Proposed circuit. The input is the sequence (zo,x1). The output can be the next token in the sequence as the outcome
from a single shot.
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Data Advantages
Google: YouTube videos
Meta: User photos
Tesla: Driving data
Apple: LIDAR scans

TECHNICAL CAPABILITY (World Model Sophistication)
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Positioning by Technical Capability vs Market Power
Analysis Update: August 2025
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World foundation model development platform for advancing Physical Al

/ Diffusion world foundation models

~ Advanced video tokenizers

NVIDIA Cosmos

Autoregressive world foundation models

Cosmos

“A humanoid robot is engaged in a task of transferring fruits from
a wooden basket to a cloth bag on a table. The environment is a
simple indoor room with light-colored walls and green curtains
hanging on either side of the scene. The table is wooden and
rectangular, with a smooth surface. On the table, there are two
baskets containing various fruits, such as apples, oranges, and
grapes, and a cloth bag with animal illustrations. The robot,
equipped with metallic arms and a head featuring a visor-like
camera, methodically picks up a red apple from the basket using
its dexterous hands. It then places the apple carefully into the
cloth bag. The robot's movements are precise and deliberate,
showcasing its ability to handle objects with care. The scene
highlights the robot’s capability to perform household tasks in a
controlled and organized manner.”

Millions of Hours of Video

Guardrails
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Empowering Biomedical Discovery with Al Agents

Shanghua Gao', Ada Fang“*%*, Yepeng Huang“**, Valentina Giunchiglia¥4*, Ayush Noori*>*, Jonathan
Richard Schwarz!, Yasha Ektefaie“®, Jovana Kondic’, and Marinka Zitnik>%91*
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Figure 1: Empowering biomedical research with Al agents. Al agents pave the way for "Al scientists" capable of skeptical
learning and reasoning. These multi-agent systems consist of agents based on conversable large language models (LLMs) and can
coordinate machine learning (ML) tools, experimental platforms, humans, or even combinations of them. Robotic agent, Al agent o e T o e el O - emmmm— e ————————————————————————————— -
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Figure 2: Evolving use of data-driven models in research. Data-driven approaches, from databases and search engines, machine
learning, and interactive learning models to advanced agent systems (Section ), have reshaped biomedical research throughout the
last several decades. Dashed boxes represent studies focused predominantly on algorithmic machine learning innovation; solid-line
boxes represent studies focused predominantly on biomedical discovery.
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The Denario project:
Deep knowledge Al agents for scientific discovery

Francisco Villaescusa-Navarro'**, Boris Bolliet***, Pablo Villanueva-Domingo®*,
Adrian E. Bayer'?, Aidan Acquah®, Chetana Amancharla’, Almog Barzilay-Siegal®,
Pablo Bermejo?'%!!, Camille Bilodeau'?, Pablo Cdrdenas Ramirez'*'15 Miles Cranmer'®,
Urbano L. Franca'™¥, ChangHoon Hahn'®*" Yan-Fei Jiang!, Raul Jimenez?'?2,
Jun-Young Lee!, Antonio Lerario®, Osman Mamun'®, Thomas Meier®?,

Anupam A. Qjha®?, Pavlos Protopapas®™, Shimanto Roy'?, David N. Spergel®,
Pedro Tarancén-Alvarez?2® | Ujjwal Tiwari’, Matteo Viel232930.3132  Dyjoviiay Wadekar®40,
Chi Wang*, Bonny Y. Wang®, Licong Xu®4, Yossi Yovel®*7, Shuwen Yuel¥,
Wen-Han Zhou®®, Qivao Zhu®, Jiajun Zou®, {figo Zubeldial®-34

A® | )

Module #¥ |
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. . e
— e

Module #2

Figure 1: This cartoon shows the different components of Denario and their interplay. The system is
shown as an orange circle, and it takes some input text and data (left side), and can generate one or
several outputs (red icons on the right). The system is composed of different modules (yellow shapes),
which can exchange messages among them (blue arrows outside modules). The modules are composed of
multiple agents (bots icons), that can communicate with each other (blue arrows inside modules).
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Module Task Input Output
Idea Generate project idea input.md idea.md
| Literature | Determine if idea is new IFIPUt'md literature.md |
idea.md
: input.md
Methods Develop project plan des md methods. md
. _ Implement plan l!ll:lllt-.]]‘ld results. md
Analysis write and execute code idea.md Plot
make plots methods.md Bis
input.md
. idea.md paper.pdf
Paper Write paper methods. md
results. md
Revi Revi (input.md) ref 4
eview view paper paper.pdf eree. m

Table 1: This table shows the different modules contained in Denario along with their tasks, inputs,
and outputs. input.md contains a description of the data or problem of interest and is provided by the

human researcher in markdown format. idea.md contains the project idea, literature.md a report on
whether the idea is new, methods.md the research methodology, results.md the research analysis, Plots
15 a folder containing the plots and referee.md contains a referee report. paper.pdf is the scientific

paper in pdf format. Files between parentheses are optional.
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Figure 9: This fipure shows the Graphical User Interface (GUI) of Denario. In the upper-left part, the
user can set the API keys for the LLMs. Below that part, the user can upload data and download the

files generated by Denario. In the central part, the user can choose which module to run and can tune
the options available for it (e.g. LLM model). If the user wants to perform end-to-end research, she/he

will have to run the different modules sequentially.

Input text

We have some data about asteroids. The data is located in /mnt/ceph fusers/fvillaescusa/As-
troPilot / Asteroids /data

Each asteroid is identified by a unique number. For example, 1 corresponds to the first discovered
asteroid, Ceres.

All C5V files share a common structure:
o Column 1: Asteroid identification number

o Column 2: Corresponding physical or orbital property

These files are recommended to be opened with the Python package " pandas”.
File Descriptions:

e asteroid_name.csv: number + name of the asteroid
e asteroid_diameter.csv: number 4+ diameter of the asteroid in kilometers

o asteroid_semimajor_axis.csv: number 4+ semimajor axis of the orbit in astronomical units

(AU)
e asteroid_eccentricity.csv: number + eccentricity of the orbit
¢ asteroid inclination.csv: number + inclination of the orbit in degrees
e asteroid_arg_peri.csv: number + arpument of periapsis of the orbit in degrees
o asteroid long_asc_node.csv: number + longitude of ascending node of the orbit in degrees
o asteroid_spin_period.csv: number + spin period of the asteroid in hours

o asteroid_obliquity.csv: number + obliquity of the astercid in degrees (Obliquity is defined
as the angle between the spin vector and the orbital angular momentum wvector. )

e asteroid_type.csv: number + spectral type of the asteroid

o asteroid family.csv: number + family name of the asteroid (The family name corresponds
to the larpest member of the family)

e asteroid_apge.csv: number + age of the asteroid in gigayears (Gyr)

Please come up with an interesting project for a PhD thesis. Use state-of-the-art methods to
analyze the data. For every step, make lots of plots and save the data you generate, as it may be
used for other steps. When writing the code, write some lines to indicate whether the execution
was successful or not. Join plots that are similar. Do not create dummy data. You have access to
128 cpus; for computationally heavy tasks, try to use all of them.

Domain expert evaluation

L hadt

Number of experts

IIJ l 1" 3 i 5 & 7 B 9 1n
Reviewer score

Figure 11: We have assigned each of the papers in the Appendix to a domain expert for evaluation.
Each expert, knowing that these are Al-generated papers, was tasked with providing a numerical score
to quantify the quality of the paper, from 0 (really bad paper) to 10 (really good paper). This graph
shows the distribution of the scores. As can be seen, while some papers are ranked below average, most
papers are above average, and some of them were highly ranked.




Accelerating scientific
breakthroughs with an Al
co-scientist

February 19, 2025 Juraj Gottweis, Google Fellow, and Vivek Matarajan, Research Lead
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An Al Scientist for Autonomous

Discovery

Ludovico Mitchener*'!, Angela Yiu*-', Benjamin Chang*-'?, Mathieu Bourdenx™**, Tyler Nadolski!, Arvis
Sulovari®, Eric C. Landsness®®, Daniel L. Barabasi™®, Siddharth Narayanan®, Nicky Evans®, Shriya Reddy!”,
Martha Foiani®*?, Aizad Kamal®, Leah P. Shriver':'%:'% Fang Cao!'", Asmamaw T. Wassie!, Jon M. Laurent®,
Edwin Melville-Green®, Mayk Caldas', Albert Bou®, Kaleigh F. Roberts'?, Sladjana Zagorac'®, Timothy C.
Orr®, Miranda E. Orr®'5, Kevin J. Zwezdaryk!"-'51* Ali E. Gharesb!, Laurie McCoy', Bruna Gomes!”,
Euan A. Ashley'®, Karen E. Duff**®, Tonio Buonassisi®®", Tom Rainforth?, Randall J. Bateman®®, Michael
Skarlinski!, Samuel G. Rodrigues®™¥, Michaela M. Hinks!, Andrew D. White'- 7+
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Morrmatherrmic-POREoR

Dataset: Brain metabolomics data from coirol Eondions i mha

mice treated with hypothermia by activation
of KOR+ POA neurons.
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d Kosmos tests nucleotide salvage pathway activation
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b Human identifies upregulation of nucleotide salvage

Discovery synthesis

“Hypothermic neuroprotection engages a
brain-wide shift toward nucleotide salvage while
constraining the conversion of CMP to
CDP-choline. This reprogramming preserves
energatic homeostasis, sustains nuclectide
pools, and couples pyrimidine handling to
regulated membrane precursor flus.”

a Research Objective (Abbr.): Determine

Kosmos

Human Validation

Human Validation

Experimental state spaca
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Untargated melabolomics
and lipiderrics

¢ Kosmos performs pathway enrichment analysis

B Upregulated
e Downregulated
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e Kosmos rules out de novo synthesis pathways
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Comparing Kesmos findings with original results
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Dataset: Environmental sensor measure- humidily ary Fax aix)

ments from spin-coating and annealing.
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Kosmos further investigates feature importance
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b Kosmos performs exploratory analysis c
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Discovery synthesis

“Thiz study disentangles how amblent temperature, absalute
hurnidity, and solvent vapor act across spincoating and thermal
annealing to shape perovekite solar cell performance. Thermal
annealing humidity emerges as the dominant, threshald-like
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8 Research objective (Abbr.): Investigate

similarities and differences across connec-

tomes and species.

Dataset: 8 connectomes across 5 species.

b Kosmos collapses length and synapses distributions ©

I
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Kosmos supports conserved neuronal scaling

Lamngth (Mormalized by Madian) Synapses (Mormalized by Median)

d Kosmos synthesis recapitulates human discovery

Log-normal distributions
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Discovery Synthesis

Scaling laws

Kosmos: "“Neuron-level degree and

synapse counts are...most parsimo-

niously described by log-normal
[distributions]. [r3]"

Kosmos: "Log-log regressions of
synapse count versus neurite length
showed robust power-law scaling in
seven of eight datasets. [r9]"

-

Preprint: "Node degrees and
strengths are well approximated by
lognormal distributions_®

-

Preprint: “In each of the eight
datasets the scaling [betwean neurite
length and synapse count] holds.”

-

Kosmos: Log-normal connactivity

distributions [lead)] to geometric rather
than linear scaling in neural network
formation [r3]. The consistancy of strong
correlations across phylogenetically
diverse organisms, [...] aligns with
theoratical predictions about wiring
oplimization and metabalic constraints in
naural networks [r1].

8 Research objective (Abbr.): Identify causal
proteins in myocardial fibrosis and propose

mechanism of action.

Dataset: GWAS summary statistics for T1

relaxation time and cis-acting plasma pQTLs.

e Comparison of lognormal fits identified by Koesmos and original human findings
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b Kosmos performs Mendelian Randomization c Kosmos develops mechanistic hypothesis
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d Discovery synthesis
“The directional enrichment across credible sets, the LD-aware fine-mapping of 3002, and the consistant protactive
assoclations with T1 converge on a model in which increased S0OD2 lowears T1, consistent with reduced myocardial fibrosis
through antioxidant pathways for SOD2. It nominates distal enhancer perturbation and miENA-mediated regulation as
acticnable mechanisms for follow-up.”
e Human validation of Mendelian Randomization f Comparison of Kosmos and human results
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