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Datasets are getting Bigger!

DeepSeek-R1-Zero average length per response during training
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https://arxiv.org/abs/2211.04325 https://arxiv.org/pdf/2501.12948


https://arxiv.org/abs/2211.04325

Viz Methods Aren’t Keeping Up!

Vis Size & Dataset Size vs Time (Hypothesized)

o —— Vis Size
——— Dataset Size

Time




Viz Methods Aren’t Keeping Up!
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https://www.biorxiv.org/content/10.1101/2023.04.10.536208v1

Published in 2024
21M Points

~8 Hours Computation on
CPU via OpenTSNE



Quick Review: Force Directed Layouts

Random 2D Points

® Start with some data!




Quick Review: Force Directed Layouts

Points with Weighted Connections . Build a proximity
structure

(r quadratic)

® Usually done with
embedding inner
products and knn
(™ memory intensive)

® 25M pointsin 768d
=76 GB VRAM

(H100 has 80GB VRAM)



Quick Review: Force Directed Layouts

Force-Directed Layout Animation

Run an iterative
optimizer!

(™ lots of cycles)

Usually compares low d
proximity to high d
proximity

(W W quadraticin

cycle!)

Think of this like

a spring system



Quick Review: Force Directed Layouts

Final Point Positions After Force-Directed Layout

® Points cluster together!




T-SNE as a Force Directed Layout

Algorithm 1: Simple version of t-Distributed Stochastic Neighbor Embedding.

Data: data set X = {x1,x2,...,Xx},
cost function parameters: perplexity Perp,
optimization parameters: number of iterations 7', learning rate 1), momentum o(z).

Result: low-dimensional data representation ") = {y{,y,,...,y,}. Proximity
begin o . . : . . Structures
compute pairwise affinities p;; with perplexity Perp (using Equation 1)
— PiitPij
Set pij = =,

sample initial solution 9 () = {y1,y5, ....y,} from A((0,1074])
for 1=1to T do
compute low-dimensional affinities g;; (using Equation 4)

compute gradient % (using Equation 5)

set y®) = oy (t=1) _H]% + ou(t) (Qf(t—l) — y(t—Z))
end

end

https://www.jmlr.org/papers/volume9/vandermaaten08a/vandermaaten08a.pdf



T-SNE as a Force Directed Layout

Algorithm 1: Simple version of t-Distributed Stochastic Neighbor Embedding.
Data: data set X = {x1,x2,...,Xx},
cost function parameters: perplexity Perp,
optimization parameters: number of iterations 7', learning rate 1), momentum o(z).
Result: low-dimensional data representation ") = {y{,y,,...,y,}.

beglcl(l)mpute pairwise affinities p;; with perplexity Perp (using Equation 1)
set p;j = Pj|i;"1pi|j .
sample initial solution 9 () = {y1,y5, ....y,} from A((0,1074]) Iterative
fort=1toTdo -— Optimizer

compute low-dimensional affinities g;; (using Equation 4)
compute gradient % (using Equation 5)

set y®) = oy (t=1) _H]% + ou(t) (Qf(t—l) — y(t—Z))
end

end

https://www.jmlr.org/papers/volume9/vandermaaten08a/vandermaaten08a.pdf



T-SNE as a Force Directed Layout

Algorithm 1: Simple version of t-Distributed Stochastic Neighbor Embedding.
Data: data set X = {x1,x2,...,Xx},
cost function parameters: perplexity Perp,
optimization parameters: number of iterations 7', learning rate 1), momentum o(z).
Result: low-dimensional data representation ") = {y{,y,,...,y,}.

begin
compute pairwise affinities p;; with perplexity Perp (using Equation 1)
sel pis= PjlitPpij
Pij 2n

sample initial solution 9 () = {y1,y5, ....y,} from A((0,1074])
for 1=1to T do
compute low-dimensional affinities g;; (using Equation 4)

compute gradient % (using Equation 5)
set y®) = oy (t=1) +ﬂ% + ou(t) (9/(:—1) — y(t—Z))

end

end

https://www.jmlr.org/papers/volume9/vandermaaten08a/vandermaaten08a.pdf

Springs



Q: How to Unlock Scaling for FDL?

® Sub-Quadratic layout algorithm
O Ideallylinear!

® Multi-GPU implementation
O Handle VRAM bottleneck
O Handle interconnect bottleneck

® Theoretical relation to existing methods
O Situate it in broader literature



NOMAD Projection

® Negative Or Mean Affinity Discrimination
® Linear layout algorithm
® Multi-GPU implementation

O Cleanly shards embedding matrix

O Sends minimal data over interconnect

® Approximate upper bound on InfoNC-T-SNE

® Computed first map of Multilingual Wiki (61M)




InfoNC T-SNE

® Noise Contrastive Estimation (NCE) converts unsupervised
density estimation problems into supervised learning problems

O Main Idea: train a binary classifier to discriminate between
data samples and noise samples

O InfoNCE: train a multiclass classifier to discriminate
between a data sample and several noise samples

® InfoNC T-SNE: Train a multiclass classifier to discriminate
between a true proximities and noise proximities



InfoNC T-SNE
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InfoNC T-SNE
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Uniform!

http://arxiv.org/pdf/2206.01816



InfoNC T-SNE

1
Induces Positive 02’ 0

Springs \ ~ 14 16; — 6;]|?

q(ij)
Xﬁ’f; log q(ZJ)+ZmeMQ(%m))]

f

Induces Negative
Springs

http://arxiv.org/pdf/2206.01816



InfoNC T-SNE

f <hn [l"g (q(z'j) + gZZM ‘1“’"))]

f

Linear Negative Forces!

http://arxiv.org/pdf/2206.01816



InfoNC T-SNE

~
°3

2 Linear Positive Forces if Sparse?

f Shn [l"g (q(z'j) + gZZM q(im))]

http://arxiv.org/pdf/2206.01816



UMAP

3.1 Graph Construction

The first phase of UMAP can be thought of as the construction of a weighted
k-neighbour graph. Let X = {z1,...,zxN} be the input dataset, with a

mnfrir\ {nr Aiccimi]arii‘xr anQI'I‘I'D\ I'] b Y A4 Y —\ T@\ ~ n;‘fﬁﬂ an l.ﬂY\1'l"' ]fnmnr-

https://arxiv.org/pdf/1802.03426



NOMAD Projection

® Use KNN to retain a linear number of
positive spring forces, and sampling to
retain a linear number of negative
spring forces

® Approximate KNN graph so that each
component is local to one device

® Approximate cross-device negative
spring forces with weighted cluster
means to minimize data interchange




Partitioning Strategy

KD,y

D,

KD o

Drank

First, cluster a sample of input data
Then, compute exact nearest neighbors
within each cluster

TADA! You now have an approximate
nearest neighbor index that shards
cleanly by cluster

Removes the need for exchanging data
related to positive forces

Enables shared storage of embedding
matrix



Sampling Strategy

L=-Eip [Z pllé) log (q(ij) i(zfa + M) }

£=—Ey~p [l"g (qw) * é(,,f)M q“m))]



Sampling Strategy

q(ij) + ;3(2 M Q(im))]



Sampling Strategy

= —Ei.p, )1 Q(ij;)
L - [;p(]z
q(ij)
L= —]Ez‘ j ~ lo
i {(mn zme@




Sampling Strategy

£=-FE;.p [Z p(ilé)log (q(ij) -qF(;a + M) }
; }

Cluster Means as Normal Negative
Negative Samples Samples



Sampling Strategy

£=-FE;.p [Z p(ilé)log (q(ij) -qF(;a + M) }

® LetRbe apartition of the ANN graph

® LetR be the partition cells that we wish to
approximate



Sampling Strategy

L=-E;,.p [Zp(jli) log (q('ij) i(ig T M)}

M =|M|Y p(m € r)q(in,)
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M= " En~e [ > q(z’m)]
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Sampling Strategy
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Sampling Strategy

L=-E,;.p, [ZP(JM log (Q(ij) j'(%: + M)]

M= 1M1 3 plm € rfgli)

re€R
> q(im)]
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Relationship to InfoNC-T-SNE

L' = ~Eyr llog (q(z’j) + gl(:fZM ‘I(im))]




Relationship to InfoNC-T-SNE

cl = ~Eyr llog (q(ij) + ;:(ifiM Q(im))]

Jensen’s Inequality
Taylor Expansion

Definition of Expectation




Relationship to InfoNC-T-SNE

cl = ~Eyr llog (q(ij) + ;:(ifiM Q(im))]

Jensen’s Inequality
Taylor Expansion
Definition of Expectation

£1S Ko, [Zpum og (40 M)]



Wikipedia
Map




Let’s zoom
1n







Here are
the articles
about homer

Gomer

el

Xomep BusaHTtuckum

Fomepuapl
Homero de Bizancio

Epigramsdiigraas Jeune
BpbleagiHec

Homéridegita Homeri pseudoherodotiana

Qdissea (Livio Andronico)

Omeru

Homéro
Homers

Thestorides of Phocaea
)
H ogestie
Fb
Homér

Homer

Testorid iz Fokeje

Fokejida



What are these
frogs doing near
Homer?



lliad Homer Achilles

Hamptophryne

Achilles

BGE-M3 Ambient Cosine Similarity

1
Hamptophryne

-0.55

- 0.50
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0.40

0.35

0.30

Hungarian

Frog Homer
Taxonomy
% : The
B lliad &
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Dutch
Batrachomyomachia Frog

Taxonomy



What 1s

Batrachomyomachia?

Hungarian

Frog Homer
Taxonomy
% : The
- ‘ lliad &

.47.. .Odyssey

f\ Dutch

Batrachomyomachia Frog
Taxonomy



Batrachomyomachia

Xp 28 languages v

Article Talk

From Wikipedia, the free encyclopedia

Read Edit View history

"Frog-mouse war" redirects here. For the 20th-century controversy in the foundations of

mathematics, see Brouwer—Hilbert controversy.

The Batrachomyomachia (Ancient Greek: Batpayxopuopayia,
from Batpaxog, "frog", uog, "mouse", and paxn, "battle") or
Battle of the Frogs and Mice is a comic epic, or a parody of
the lliad.

The word batrachomyomachia has come to mean "a trivial
altercation". Both the Greek word and its German translation,
Froschmédusekrieg, have been used to describe disputes such
as the one between the ideologues and pragmatists in the
Reagan administration.!"]

Plot [edit]

Psicharpax, the Mouse-Prince, having escaped a hunting cat,
stops by the shore of a lake to drink, and encounters the Frog
King Physignathus. Physignathus offers to show Psicharpax his
kingdom, on the other side of the lake, and the Mouse agrees.
Psicharpax climbs onto the Frog King's back, and Physignathus

lllustration from an 1878 German &~
edition of the Batrachomyomachia.
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Anexcei MaBnosuy Kniouapés

[ata poxpaeHua 15 (28) ceHTAbpa 1910

MecTto c. ConoBbéBo, Eneukuii
poXAeHuA yesn, Opnoeckas ry6epHua
[ara cmepTun 24 vioHA 1997 (86 ner)

MecTo cmepT  XapbkoB

“...In 1943-1944, he was the head of the
physics department at the Kharkov
Engineering and Technical Institute...”

ru: Kniouapés, Anekceit Nasnosuy
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https://atlas.nomic.ai/map/twitter
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https://atlas.nomic.ai/data/brandon/twitter-community-archive-2025-04-05-212102643048/map/52fc5d73-027b-4019-9a0c-fa32bee36ff1#ZcZR

Axes
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Variation

-,

ot 5



https://atlas.nomic.ai/data/hivemind/fixed-tweets-from-members-of-us-congress-from-all-time-updated-2024-12-05/map/1361d6f1-a1fa-4cf6-8f2a-c408159ca17d#QiW6
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https://atlas.nomic.ai/data/andriy/krea-stable-diffusion-latent-space/map/e93b6f7f-3cc6-4cf6-b4b3-c6d0e21d8c44#SMvc
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https://atlas.nomic.ai/data/brandon/wikipedia-articles-aligned-nomic-x-openai-17406221424930553/map/7d0278ad-d79a-4630-908e-f7e79abd7cb6#6Sr0

Questions?



