We're trying to predict FUTURE discoveries by reading
the ENTIRE history of astronomy papers! (No pressure...)

Literature-based
Crystal Ball

TL;DR SUMMARY ——————

We built a GIANT “knowledge graph” linking
astronomical OBJECTS (like stars, galaxies) to
scientific CONCEPTS from tons of old papers.

Then we asked: Can the past connections help us
guess NEW connections before they get published?

Spoilers: YES!
Our method is way
better at guessing

than just looking
at what’s similar.

CONCEPTS OBJECTS

This could save astro-
nomers a TON of time
< . & money by telling them

HY B 0-‘- HERE__ where to look first!
V Because science is DROWNING
/ ¥ in papers! Too many for any

—> difficulty of navigating a rapidly human to read.

growing literature
\ The answers might be hidden in

plain sight, connecting two things
nobody thought to put together!

—> undiscovered public knowledge




/’ So, what changed? Better AI for reading! Now
OXC computers can actually "understand” scientific
text and build these complex knowledge graphs.

/ (Before, it was just too hardl)

s CONCEPTS

“ (in the literature)

Astronomy is perfect for this!
We have great lists of OBJECTS...
but nobody has connected them
to CONCEPTS from papers.
That's the missing link we're building!

To do this, we used A LOT of data.
~ & Over 400,000 astronomy papers!
<::5> (from arXiv, spanning nearly 30 years)

0,

We let an LLM loose on all these papers to
automatically find the key concepts. (Because
who has time to read 400k papers manually?!)




Okay, we have the CONCEPTS.
d@mg‘*l] 2 Now we need the OBJECTS.
g . We ask the AT (GPT-5-mini) to read

GPT-5-mini the papers and find them for us.

It also tells us how the object
was used (was it the main subject?
L/ just a comparison?).

But AI can make mistakes.

Raw AL So we pass its answers through a
output “truth filter” (SIMBAD database)
to make sure the objects are real
and we have their correct names.

\) ="<® R_ Weended up
S N with ~100,000

unique objects!

Strong link: Object was the
CONCEPT

MAIN subject of the paper.
(e.g., "star formation”) g7 /

' . OBJECT
, L\ (eg., "M31")

Weak link: Object was just
mentioned in passing.

—

\y

This scary-looking math is just a way to
calculate that link strength based on how
important the object was in the paper.



LPUTTING IT ALL TOGETHER: THE COMPLETE PIPELINE!

Step 3:
@ Concept-Object Knowledge Graph Bm'ding the
Step 1& 2: OCR # LLM Extraction Ubserved edges (s T) New edges (> T) Knuwledge
Extracting & Graph
Cleanlng 9990 concepts
(recap from $ o ¥ SMBAD vt
P @) % Resolution pl“EdiCt these
last page!) astrophCorpus " “future” links!
: : e =
? L Object mentions 100,560 celestial objects (Trai:iﬁg.ll-:}ataj Year T {TI;L;:-%EEE)
Raw text -> Al -> obijecls

Truth Filter ->
Clean Objects

Step 4: ¢

The Math Magic
(Simplifying
the Graph)

The graph is huge,
so we smush it down
into two smaller,
manageable

matrices using ALS '; i

(a type of machine .
learning).

We trainon
the past...

Query: which objects for this concept?

CUEMEETIES

4 obiects ; We give the
s N ] N oddl 3 concept
%‘ X ' nae | (e.g., "dark

1
£l
5 e
-
)

')
— energy”)...
= G\
Predicted future associations

...and it gives us
OCR - aranked list of

objects it thinks
: will be linked to
Bottom left: ALS ap : : . it in the "future”.

i I Factor Matrix / Factor Matrix
)i el \'--_-H' (Concepts) (Objects)
k\-—- ALS (matrix factorization) ——7

St.ép 5 Mak.ing Predictions

How do we know this works? We test its
ability to “predict the future”!

FUTURE (Test Data) - E-;  ..and see if we
> can predict these
future links!

PAST (Training Data) - G<7 1

Year T

e.g., The model should know
beforehand which quasars will
become important for this concept.



THE CORE ENGINE: MAKING RECOMMENDATIONS

Think of this like Netflix
recommending your next binge-
watch. We have patterns of past
connections (positive signal) and
want to predict new hits that
haven't happened yet.

Concepts Objects

Hidden

Themes
(Latent Facters)

THE MATH BEHIND THE MAGIC
L?:D (The Objective Function)

Back to the "Math [ -3
Magic" (ALS) from - 3
the last page! — i J
The assumption: 7\ R
gf:%gﬂ‘:g-:#i’;ures Try to match the links we've ...but keep the model simple
connecting things. actually seen (weighted so it doesn't just memorize
by confidence)... the data (“overfitting").
HANDLING SIMILAR IDEAS:
é""‘?ﬂf&% Sometimes different words
S - = mean almost the same thing.
HANDLING SIMILAR IDEAS: . o {Eﬁ?ggﬂsjr.} This helps the model share

Like soarner based on info between them.

vconpireer aind the same
relatives to describe other.
Sometimes different words
mean almost the same thing.
This helps the model share
info between them.

THE COMPETITION (Things we have to beat)

1. RANDOM GUESSING: The
"monkey throwing darts" approach.
Sets the absolute bottom bar.




m;ﬂl The Contenders & The Rules of the Game
Me're comparing

The 'monkey’ baseline  =aselines & lod

How we keep

score
(see prev. page) ~y
The 'Bandwagon’ <~ Dbid you get the
approach: just — right answer quickly?
recommend what's (Higher is better).
already famous.
The :{I‘rend : ' : +&— Didyou find all
h: hy Vi the right answers in
approach: what's vour 155 Kipickes
famous lately. Civerilt
The 'Copycat’

approaches: find

similar concepts Nhe gold standard:
and borrow their

Cares about
associations. finding the right
Our 'Matrix _> answers AND putting
Factorization’ them at the top.
star (from _ _ a2 _ _ :
prev. page). A _ Salegarlg yope Wi
Lazyl Gives the
B same
11 Popularity - - ! t objects are more lik Wire associanons recommendations to

everyone, regardless
of the concept
RecatPonilitte (A hi v T fect (concept-agnostic).

Smarter| Tailors ConceptKNN family. : O o | - ‘Iv of baselines that b QP

recommendations ' [ ( ; ' - 9
based on the specific”"" " Ept s nd scor

concept B . JDE
{r:-:-n‘::e|:n'r-«:u.nn'u:n*le:%/_9 _
@ i) ConceptKKN \A (graph-based). We w

Uses shared ,
connections in - 2 )
the data. - W Uses similar meanings
I = ver \ from text descriptions.

& A quick note on fair play: we train on past data
and test on future data. Standard ML practice. i




A few more =>
"ground rules" to
keep the fight
fair...

K 7

Fine-tuning our

ALS model's ‘engine”

before the race.

We used a small
grid search to find
the best settings.

The Official
Scoring Rulebook
(The Math-y
version of the
previous page!)

Final "Rules of the Game" &
The Official Scoring Rulebook

Giving the Co Cﬂ‘l’
(ConceptKN
helping hand: Thls
“smoothing" blends
its score with its
neighbors, making
it a stronger
competitor.

N You must have some experience to
enter this competition. No newbies!

Remember:
Speed is key!
1st place is WAY
better than 2nd.

Did your net catch
the right fish?
(How many good
answers are in

your top K?)

__Ig#]
2":! 3nl
Are the BEST
answers at the
very TOP?
Ranking order
*really* matters
here.

ﬁ

Running the race
at different
points in time!

K Setting the stage for the MAIN EVENT!
We're testing on a MASSIVE scale across
different years to be thorough.




MRR

WINNER! Q

Our ALS model

forms the biggesf,-) i

best polygon.

%
e

Recall@100 "
(Top 100 Catch)

THE DETALLED SCORE SHEET

(Speed is Key!)

THE SCORECARD:
2 pecaligro .~ HOW DID EVERYONE DO?
(Top 10 Catch)

” Our ALS model forms the
biggest, best polygon.

Baselines (the competition)

N
(Best of the Best Ranking)

are mostly stuck in the middle.

THE VICTORY MARGIN

The Nitty 6ritty)

Our Champion
(ALS) dominates
on EVERY single

metric!

Ao f (Just HOW much better?)

The “dart-throwing
monkey” (Random) is
predictably terrible.

MRR  Ree F NDC This table shows
- : the improvement of
- ALS over the others.
&I‘r's often HUNDREDS
s or THOUSANDS of
percent better than
the basic baselines!
Even the "tougher
seedsall - competitors”
ement (ConceptkKNN) get
left behind by
15-20%.

mcept subset.

Focusing on the
s excludes  REAL science.
. €= We excluded

concepts like
: © X "felescope” or "metho*d" to see how well we
i predict actual astrophysical ideas. This makes
the test harder and more meaningfull
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@-—gin is widest on long-horizon retrieval metrics. b

L

THE TEST OF TIME:

Does it hold up year after year?

Method ¢ 2017 2019 2021 2023 .\

Random 0.0010::0.0002  0.000920.0002  0.0008::0.0003  0.001220.0004

Popularity 0.0764 0.0812 0.0565 0.0526

RecentPopularity (A=3) 0.0841 0.0846 0.1001 0.1021

RecentPopularity (A=3) 0.0S16 00845 0.09G4 0.0o982

ConceptKINN-AA (best &) 0.1201 0.1317 0.1412 0.1450

ConceptKNN-TextEmb (best k) 0.,1324 0,1429 0. 1547 0, 1594 SPOILER

ALS 01463400004  0.159620.0004  0.1766-£0.0005  0.1851:£0.0005 ;
(b) NDCG @100 >9 Y:ES‘ ALS

Method 2017 2019 2021 2023 u_nns every

Random 0.00154:0.0003  0.0012£0.0003  0.0009::0.0002  0.0008.50,0002 single year.

Popularity 0.0532 0.0744 0.0647 0,0478

RecentPopularity (A=3) 0,099 0.0771 0.0704 0.0352

RecentPopularity (3=>5) 0.0852 0.0775 0.0E52 0.0336

ConceptK NN-AA (best £) 0.1369 0.1226 0.1063 0.0848

ConceptKNN-TextEmb (best &) 0.1363 0.1349 0.1193 0.0954

ALS 0.16174+0.0002  0.1459£0.0003  0.1306:50.0003

0.1070::0.0003 )

———

Cwithout smoothing, for a cleaner comparison of base me

thods.) > €

Why this matters:
We're best at the
"long game"—finding
distant, non-obvious
connections useful for

"practical triaging".

We took the "smoothing”
filter off here to show
the RAW performance.

ALS still dominates.

THE BOTTOM LINE: Consistent wins, especially on the

Implications for hterature-driven discos

hard stuff (real physics concepts & long-horizon

cl

search).

BIG IDEA: The literature isn't just a pile of
§&——— papers. It's a giant, evolving MAP of
knowledge. Our model helps draw that map.



A FINAL WORD OF CAUTION:
Our tool finds expected connections based on
the past. But the BIGGEST scientific leaps

often come from the UNEXPECTED! ~ A\\o
This is a tool to help your judgment, G)e@

not replace it.

~ THE MESSY REALITY OF DATA:
\ » OCR is imperfect,
e LLMs make mistakes,

* “Discovery" is hard to define.

' WHAT'S NEXT? (Because science is never done),
Our graph only includes

objects mentioned in
papers. That's a tiny
fraction of what's out

there! )
Future work could The FU;.w;erse
be MUCH BIGGER. g

& Want to try it yourself? |I=._
GET THE CODE HERE! |'i—_

(Open science ftw!)

@ Thanks for reading! Now go find some cool, unexpected connections!
Vi (And maybe cite us if you do ©).




THE “GIANT'S SHOULDER§" WE STOOD ON
(Recipe for Science!)
g s e

F——— r S———

y A S =

This is the foundation! Science is a relay race.
[ These are the people who ran before us.

CLASSIC
PAPERS &
CORE
CONCEPTS
Network theory,
citation
analysis... the
fundamental
ideas.
o ; ASTRONOMY
2 DATA 8: TOQLS
o 8) g% (The ‘Eyes’)
= Whe;e tlhe
actua
Al & science lives
LANGUAGE (ADS, arXlv).
MODELS
(The ‘Brains’)

These are the
tools we used to
‘read’ the papers

(like BERT,
SciBERT).

This is your treasure map!
Go explore these to start
your OWN project.
The adventure continues...
OVER TO YoU!

g Thanks for coming on this journey with us!
Now go make some science! %




