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GPT-4 has about
1,700,000,000,000
parameters



Small models (<= 100b parameters)

ELMo GPT-1 BERT RoBERTa  Transformer ELMo GPT-2 Megatron-LM LLaMA Chinchilla YalLM ERNIE
94M 7™M 340M 354M 4B5M 1.58 8.38 658 808 1008 100B
Ai2  Bopenar \Google OMeta Ai2 @ 0openAl % 0OMeta © DeepMind Yandex BailEE

Large models (>100b parameters)

The base of
ChatGPT

Undisclosed
LaMDA GPT-3  Jurassic-1 Gopher MT-NLG PaLM PaLM-E GPT-4 number of
137B 175B 178B 280B 530B 540B 562B parameters

Google @OpenAl ARflabs ) DeepMind & | Google Google @ 0openAI

NVIDIA.
Parent
Google
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Exponentially Faster Language Modeling

Peter Belcak and Roger Wattenhofer

ETH Ziirich

{belcak,wattenhofer}@ethz.ch

Model | Nr  Ni/Np | RTE MRPC STSB SST-2 MNLI QNLI QQP | Avg | CoLA | Avg
UltraFastBERT-1x11-long | 4095  03% | 60.7 875 864 899 813 897 87.6 | 830 | 351 |77.7
External Baselines

OpenAl GPT 3072 100% | 56.0 823 800 913 814 874 703 | 788 | 454 | 75.1
DistilBERT 3072 100% | 599 875 869 913 822 892 713 | 812 | 52.1 | 77.6
BERT-base 3072 100% | 664 889 858 935 834 905 712 | 83.0 | 51.3 | 79.6




A Exponentially faster language modelling (arxiv.org)

300 points by born-jre 10 days ago | hide | past | favorite | 137 comments

& HuggingFace  ©. Search models, datasets, users.. =3

NEW  Get trending papers in your email inbox once aday! ~ Subscribe

i Q Search by arxiv id or title
Daily Papers arch by andv d or title R

by @ AK 4

A WithinReason 10 days ago | next [-]
Link to previous paper:

A qntty 10 days ago | prev | next [-]
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According to scientists, we only use 0.3% of our neural networks.
Imagine if we could use 100%.

Beitrage
This study introduces the "Ultra Fast BERT" model, designed to
4p  Gepostetvon uflexected vor 11 Tagen A theoretically enhance inference speed by up to 341 times. The increase in
181 [R] Exponentially Faster Language Modelling speed is possible by replacing the standard FeedForward layers within the
U Research Attention mechanism.
TL;DR: Organize your neurons into a tree to get 78x faster inference (theoretical limit is 341x).
This was demonstrated on BERT-base, where this change preserved 96% of its downstream GLUE 1/4
performance. For a quick comparison, DistilBERT offers 1.6x acceleration while preserving 97% of GLUE = e —
performance. pster
Model | Nr Ni/Ny | RTE MRPC STSB SST-2 MNLI QNLI QQP | Avg | CoLA | Avg
This is a HuggingFace Featured Paper from 11/21/2023. Baselines
. . i crammed BERT-3072 4095 1000% | 588 876 852 919 828 904 89.0 | 836 | 450 | 793
Paper: a1 crammedBERT-4095 3072 1000% | 57.6  89.1 859 919 813 909 876 | 832 | 479 ‘ 79.3
UltraFastBERTs

Cade: https://github.com/pbelcak/UltraFastBERT
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User User

what is 5 times 77? what is 384903720 times 5389827347

Assistant Assistant
Stimes 7equals 35. 384903720 times 538,982,734 equals
207,559,081,508,668,480.

384903720 x 538982734 =
207,456,459,332,370,480




User

what is 384903720 times 5389827347

@ Assistant
384,903,720 times 538,982,734 equals
207,559,081,508,668,480.



Thinking Slow Benchmark?

W

wll

max




FACT: Learning Governing Abstractions Behind
Integer Sequences

Peter Belcak, Ard Kastrati, Flavio Schenker, Roger Wattenhofer

Task

Sequence
Unmasking

Sequence
Contination

Sequence
Similarity

Sequence
Classif.

Input

1,2,0,4,5, 0,7

1,1,2,3,5,8,?

1,2,3,4,5..
2,4,6,8,10...

0,1,2,0,1,2...

& e
g
> ~
i > &> = &
Output < ¥ ol
<
2 ot
O\‘}%%o"& O‘p" 2
& <
11 2 139 45 51 65 7 S o Q\Q
F S 3
& =
13 o
&
& -
.. &
Similar ®
4
5
~
Periodic






SHFEVELC AT O RAL

. =R R EF0L B/
o
Yo _

' a
¥

o

nw

== W
S =
.10

B8 =




Simon Tatham's Portable Puzzle Collection

ngde

Free

Simon Tatham's Puzzles

Chris Boyle

14.5K reviews Downloads ~ Everyone @
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Loopy




Loopy (Takegaki, Slitherlink, Ouroboros, Suriza, ...)
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RLP: A REINFORCEMENT LEARNING BENCHMARK
FOR NEURAL ALGORITHMIC REASONING

4000

3000

Rialina

QRDQN RecurrentPPO  TRPO DreamerV3 MuZero

Average episode length

o



Puzzle Parameters PPO DreamerV3
Netslide 2x3bl 35.3+0.7 (100.0%) 12.04+0.4 (100.0%)
3x3bl 4742.1 £2960.1 (9.2%) 3586.5 £ 676.9 (22.4%)
Same Game 2x3c3s2 11.54+0.1 (100.0%) 7.3 +0.2 (100.0%)
5x5c3s2 1009.3 £ 1089.4 (30.5%) 527.0£162.0 (30.2%)
Untanele 4 34.9 4+ 10.8 (100.0%) 6.3+0.4 (100.0%)
& 6 2294.7 + 2121.2 (96.2%) 1683.3 + 73.7 (82.0%)
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Sudoku RecGNN (lterative Solving)
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THOMAS H. CORMEN

CHARLES E. LEISERSON
RONALD L. RIVEST

CLIFFORD STEIN

Over
1 MILLION
copies sold
worldwide
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FOURTH EDITION




The CLRS Algorithmic Reasoning Benchmark

Petar Velickovié ! Adria Puigdoménech Badia! David Budden'
Razvan Pascanu'! Andrea Banino' Misha Dashevskiy! Raia Hadsell! Charles Blundell !

THOMAS H. CORMEN
CHARLES E. LEISERSON
RONALD L. RIVEST

CLIFFORD STEIN

Over
1MILLION
copies sold
worldwide

INTRODUCTION TO

ALGORITHMS




SALSA-CLRS: A Sparse and Scalable Benchmark for
Algorithmic Reasoning

Julian Minder Florian Grotschla* Joél Mathys™ Roger Wattenhofer

CLRS
1

SALSA-CLRS

train test generalize
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Example 1: Example 2: Example 3: Test:

Example 1: Example 2: Example 3: Test: Output
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Abstract Visual Reasoning Enabled by Language

Giacomo Camposampiero® Loic Houmard* Benjamin Estermann Joél Mathys
Roger Wattenhofer
ETH Ziirich, Switzerland

{gcamposampie, lhoumard, estermann, Jjmathys, wattenhofer}@ethz.ch

Description Description

HEnﬂuder}—. e /" Language Model - Solution Decoder




train input train input test input

train input train input test input

train output train output test output

train output train output test output










Planar

SBM

Proteins

True Graphs

SPECTRE : Spectral Conditioning Helps to Overcome the Expressivity Limits
of One-shot Graph Generators

Karolis Martinkus' Andreas Loukas > Nathanaél Perraudin *° Roger Wattenhofer '

GraphRNN MolGAN* GG-GAN (RS)* GG-GAN*

SPECTRE
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DISCOVERING GRAPH GENERATION ALGORITHMS

Mihai Babiac, Karolis Martinkus & Roger Wattenhofer

ETH Zurich

{mbabiac, martinkus,wattenhofer}@ethz.ch

def outer_loop ():

for i in range(N):
inner_loop ()

def inner_loop ():

for j in range(i):

float00 = random (0, 1)
bool00 = float00 < 0.4
if bool0O:

add_edge (i, j)

2| outer_loop ()

=N N b =

6

9
10
11
12

def outer_loop ():
for i in range(N):

int00 = i + n

add_edge (i, int00)
int01 = i % n
bool00 = int01 == 0
if not bool0O0:
int01 = i + 1
add_edge (i, int01)

outer_loop ()
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Automating Rigid Origami Design

Jeremia Geiger, Karolis Martinkus, Oliver Richter, Roger Wattenhofer







GraphChef: Learning the Recipe of Your Dataset

(a)
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Problem = Graph

Solution = Dist. Learning
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Thank You!

Any questions or comments?

R

Thanks to co-authors: Peter Belcdk, Benjamin Estermann, Lukas Faber, Florian
Grétschla, Ard Kastrati, Luca Lanzendérfer, Karolis Martinkus, Joél Mathys, etc.

Roger Wattenhofer

ETH Zurich — Distributed Computing Group
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