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The Rise of Generative Al: S&P 500 Companies Discussing “Al”

# of S&P 500 Cos. Citing "Al" on Earmnings Calls: 10-Year
(Source: FactSet)
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ChatGPT launch

Source: https://insight.factset.com/more-than-40-of-sp-500-companies-have-cited-ai-on-earnings-calls-for-5th-straight-quarter




The Rise of Generative Al: Data Center Construction for Al

Data Center VS Offlce Constructlon

Data Center Construction nding is Skyrocketing Amidst the Al Boom

= US Data Center Construction Spending
US Office Construction Spending

ChatGPT |
Launc

Source: Joey Politano. https://x.com/JosephPolitano/status/1951740903925715126



Who should you take your LLM wisdom from in 20257




Deep Learning Breakthroughs by Hinton
... at the University of Toronto, 2009-2012
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Large
Language
Models

Source: GPT 40

An abstract image in pastel manga style of a large

language model as a big machine that takes in text

and produces fresh writing on an endless scroll and
6 which is maintained by a large number of scientists

and engineers.
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Attention Is All You Need
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Google Research

Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.0 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature.

1 Introduction

Recurrent neural networks, long short-term memory [12] and gated recurrent [7] neural networks
in particular, have been firmly established as state of the art approaches in sequence modeling and
transduction problems such as language modeling and machine translation [29, 2, 5]. Numerous
efforts have since continued to push the boundaries of recurrent language models and encoder-decoder
architectures [31, 21, 13].

*Equal contribution. Listing order is random. Jakob proposed replacing RNNs with self-attention and started
the effort to evaluate this idea. Ashish, with Illia, designed and implemented the first Transformer models and
has been crucially involved in every aspect of this work. Noam proposed scaled dot-product attention, multi-head
attention and the parameter-free position representation and became the other person involved in nearly every
detail. Niki designed, implemented, tuned and evaluated countless model variants in our original codebase and
tensor2tensor. Llion also experimented with novel model variants, was responsible for our initial codebase, and
efficient inference and visualizations. Lukasz and Aidan spent countless long days designing various parts of and
implementing tensor2tensor, replacing our earlier codebase, greatly improving results and massively accelerating
our research.

"Work performed while at Google Brain.

*Work performed while at Google Research.
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Effective Approaches to Attention-based Neural Machine Translation

Minh-Thang Luong  Hieu Pham  Christopher D. Manning

Computer Science Department, Stanford University, Stanford, CA 94305
{lmthang, hyhieu, manning}@stanford.edu
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Wikipedia: A Sonnet of Wonder

C h at G PT 4 D With wisdom vast, it spans the world so wide,

Wielding the wealth of knowledge, free to share.

Write a sonnet praising Wikipedia in Words weave through time where curious minds confide,
which each line begins with the letter Whispering truths with patience, just and fair.
W

Wondrous it stands, a beacon shining bright,
Warding off darkness, doubt, and false pretense.
Wrought by the hands of many, day and night,

Witness to learning’s boundless recompense.

Who dares to claim the heights of thought alone?
Whence comes this trove but hearts in concert joined?
While scholars build on stones that others've known,

Waking the past, their voices intertwine.

Wisdom and will sustain this noble dream,

Wikipedia—our light, our endless stream.
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DISTRIBUTIONAL CLUSTERING OF ENGLISH WORDS

Fernando Pereira Naftali Tishby Lillian Lee
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600 Mountain Ave. Hebrew University Cornell University
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Abstract sparseness problem by estimating the likelihood of

We describe and evaluate experimentally a
method for clustering words according to their dis-
tribution in particular syntactic contexts. Words
are represented by the relative frequency distribu-
tions of contexts in which they appear, and rela-
tive entropy between those distributions is used as

the similarity measure for clustering. Clusters are
represented by average context distributions de-
from the given words according to their prob-
abilities of cluster membership. In many cases,
the clusters can be thought of as encoding coarse
sense distinctions. Deterministic annealing is used
to find lowest distortion sets of clusters: as the an-
nealing parameter increases, existing clusters be-
come unstable and subdivide, yielding a hierarchi-
cal “soft” clustering of the data. Clusters are used
as the basis for class models of word coocurrence,
and the models evaluated with respect to held-out

INTRODUCTION

Methods for automatically classifying words ac-
cording to their contexts of use have both scien-
tific and practical interest. The scientific ques-
tions arise in connection to distributional views
of linguistic (particularly lexical) structure and
also in rclahon to the queauon or lexical acqul—
sition both fr

unseen events from that of “similar” events that

have been seen. For instance, one may estimate
the likelihood of a particular direct object for a
verb from the likelihoods of that direct object for
similar verbs. This requires a reasonable defini-
tion of verb similarity and a similarity estimation
method. In Hindle’s proposal, words are similar if
we have strong statistical evidence that they tend
to participate in the same events. His notion of
similarity seems to agree with our intuitions in
many cases, but it is not clear how it can be used
directly to construct word classes and correspond-
ing models of association.

Our research addresses some of the same ques-
tions and uses similar raw data, but we investigate
how to factor word association tendencies into as-
sociations of words to certain hidden senses classes

and associations between the classes themselves.
While it may be worth bu.um such a model on pre-
existing sense classes (Resnik, 1992), in the work
described here we look at how to denive the classes
directly from distributional data. More specifi-
cally, we model seases as probabilistic concepts
or clusters corresponding cluster member-
ship pmhnblhuu p( ¢|w) for each word w. Most
other based modeling techniques for natural
language rely mstead on “hard” Boolean classes
(Brown et al., 1990). Class conmucuon is then

learning pelspeclwes From zhe practical point
of view, word classification addresses questions of
data sparseness and generalization in statistical
language models, particularly models for deciding
among alternative analyses proposed by a gram-

lt is well known that a simple tabulation of fre-
quencies of certain words participating in certain
configurations, for example of frequencies of pairs
of a transitive main verb and lhe‘llexd noun of its
direct object, cannot be reliably used for compar-
ing the ll{(ellhoods of different alternative con&u—
rations. The problem is that for large enough cor-
ora the number of possible joint events is much
arger than the number of svent occurrences in
the corpus, so many events are seen rarely or
never, making their frequency count: unreliable
estimates of lF\cn probabilities.
Hindle (1990) proposed dealing with the
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very d and depends on
frequency counts for joint events involving partic-
ular words, a potentially unreliable source of in-
formation as noted above. Our approach avoids
both problems.

Problem Setting

n what follows, we will consider two major word

, for the verbs and nouns in our
expenments and a single relation between them,
in our experiments the relation between a tran-
sitive main verb and the head noun of its direct
object. Our raw knowledge about the relation con-
sists of the frequencies f,n of occurrence of par-
ticular pairs (v,n) in the required configuration
in a training corpus. Some form of text analy-
sis is required to collect such a collection of pairs.
The corpus used in our first experiment was de-
rived from newswire text automatically parsed by

Towards History-based Grammars:
Using Richer Models for Probabilistic Parsing*

Ezra Black Fred Jelinek John Lafferty David M. Magerman
Robert Mercer
IBM T. J. Watson Research Center

Abstract

We describe a generative probabilistic model of
natural language, which we call HBG, that takes
advantage of detailed linguistic information to re-
solve ambiguity. HBG incorporates lexical, syn-
tactic, semantic, and structural information from
the parse tree into the disambiguation process in a
novel way. We use a corpus of bracketed sentences,
called a Treebank, in combination with decision
tree building to tease out the relevant aspects of a
parse tree that will determine the correct parse of
asentence. This stands in contrast to the usual ap-
proach of further grammar tailoring via the usual
linguistic introspection in the hope of generating
the correct parse. In head-to-head tests .pmn

Salim Roukos

their tags, introduced in (5) and (5) and pop-
ularized in the natural language community by
Church (5), demonstrate the power of short-term
n-gram statistics to deal with lexical ambiguity.
Hindle and Rooth (5) use a statistical measure
of lexical associations to resolve structural am-
biguities. Brent (5) acquires likely verb subcat-
cgorization patterns using the frequencies of verb-
triples. and Mar-
eu» (5) propose a model of context that combines
the n-gram model with information from dominat-
ing constituents. All of these aspects of context
are necessary for disambiguation, yet none is suf-
ficient.
We propose a probabilistic model of context
for in parsing, HBG, which incor-

one of the best existing robust
ing models which we call P-CFG, the HBG model

-CFG, the
parsing accuracy rate from 60% to 75%, a 37%
reduction in error.

Introduction

Almost any natural language sentence is ambigu-
ous in structure, reference, or nuance of mean-
ing. Humans overcome these apparent ambigu-
ities by examining the contezt of the sentence.
But what exactly is context? the cor-

porates the intuitions of these previous works into
one unified framework. Let p(7,w}) be the joint
probability of generating the word string w}' and
the parse tree T. Given w}, our parser chooses as
its parse tree that tree T* for which

T* = argmaxp(T, w}) (1)
TEP(w})
where P(w]) is the set of all parses produced by

the grammar for the sentence wj. Many aspects of
Che lnpul scnknce that might be relevant to the

rect interpretation is apparent from the words or
constituents immediately surrounding the phrase
in question. This observation begs the following
question: How much information about the con-
text of a sentence or phrase is necessary and suffi
cient to determine its meaning? This question
the crux of the debate among computational li
guists about the application and implementation
ol' statistical methods in natural language under-
tanding.

Previous work on disambiguation and proba-
bilistic parsing has offered partial answers to this
question. Hidden Markov models of words and

“Thanks to Philip Resnik and Stanley Chen for
their valued input.
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g process i in the prob-
-bumu: mod:], providing a very rich if not the
richest model of context ever attempted in a prob-
abilistic parsing model.

In this paper, we will motivate and define the
HBG model, describe the task domain, give an
overview of the grammar, describe the proposed
HBG model, and present the results of experi-
ments comparing HBG with an existing state-of-
the-art model.

Motivation for History-based
Grammars

One goal of a parser is to produce a grammatical
interpretation of a sentence which represents the

Distributional Clustering
of English Words

Towards History-based
Grammars: Using Richer
Models for Probabilistic

Parsing

Black Jelinek
Lafferty Magerman
Mercer Roukos



Why was no one working on language models?

How were they hoping to get to artificial intelligence?

I 11




The History of Language Models

1913  Andrey A. Markov explores consonant-vowel transition probabilities in
Alexander Pushkin novel, Eugene Onegin, developing Markov Models

1948 Claude E. Shannon develops A Mathematical Theory of Information;
- explores character/word-level n-gram models, entropy, text generation

1975 Frederick Jelinek’s group at IBM defines and names the modern concept R
of a (probabilistic) “language model” for next token prediction. Used for A ‘
spelling correction, speech recognition, machine translation.... “

But this technology wasn’t considered a pathway to machines with artificial intelligence:
For that we needed models of memory, knowledge representations, planning systems,
I and reasoning over abstract concepts




The history of modern (neural) Al/ML that many think of

1950-2004 Experiments on perception and vision,
with minute amounts of data

2005-2009 Small modern-style labeled vision datasets
2005-2012 PASCAL VOC 4 - 15,000 images, 20 classes
2006 Caltech 101 - ~5000 images, 101 classes, ~300x200
2007 Caltech 256 - 30,607 images, 256 classes L
2009 CIFAR 10/100 - 600 images of 10/100 classes, 32x32 = ¥&E

2010-2017 ImageNet! 1-14 million images, 1000 classes
Big data! Vision object classification is “solved”

O
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The History of Large Language Models

1998 CPAT-Tree-Based Language Models with an Application for Text Verification in
Chinese. ROCLing 1998. First use of “LLM” trigram | know of; 200M word corpus

2000 A Neural Probabilistic Language Model. Bengio, Ducharme & Vincent NIPS 2000
First neural language model built on 32 million token corpus, 31K vocab

2007 Large Language Models in Machine Translation. Brants, Popat, Xu, Och and
Dean. EMNLP 2007. 2 trillion token corpus n-gram model of up to 5-grams

2018 GPT (Radford, Narasimhan, Salimans & Sutskever) and BERT (Devlin, Chang,
Lee & Toutanova). 3.3 billion token corpus

2020- 100+ billion parameter neural language models trained on > 1 trillion tokens:
GPT-3, GPT-4, PaLM 2, Llama 3, Nemotron-4, ....

14



The History of Large Language Models

1998 CPAT-Tree-Based Language Models with an Application for Text Verification in
Chinese. ROCLing 1998. First use of “LLM” trigram | know of; 200M word corpus

2000 A Neural Pro incent NIPS 2000
First neural | 31K vocab
2007 Large Language M Och and
Dean. EMNLP 200 NOt enOugh model flélellltyl 5-grams
2018 GPT (Radford, Narasimh
Lee & Toutanova). 3.3 bill
2020- 100+ billion parameter neural la
GPT-3, GPT-4, PaLM 2, Llama 3,

15




The Philosophical Turn Leading to Large Language Models
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Jeremy Zawodny said....

Back in the late 90s when | was building things that passed for
knowledge management tools at Marathon Oil, there was all this
talk about knowledge workers. These were people who'd have vast
qguantities of knowledge at their fingertips. All they needed was
ways to organize, classify, search, and collaborate.

| think we’ve made it. But the information isn’t organized like | had
envisioned a few years ago. It’s just this big ugly mess known as The
Web. Lots of pockets of information from mailing lists, weblogs,
communities, and company web sites are loosely tied together by
hyperlinks. There’s no grand schema or centralized database.
There’s little structure or quality control. No global vocabulary.

But even with all that going against it, it’s all indexed and easily
searchable thanks largely to Google and the companies that
preceded it (Altavista, Yahoo, etc.). Most of the time it actually
works. Amazing!




The Surprising
Victory of NLP!

NLP has moved from the margins
to the center of ML & Al

For most people now, LLMs are Al

A flexible, informal, ubiquitous old
knowledge representation has
won over the formal languages of
recent centuries

Source: GPT 40

An abstract image in pastel manga style of a large

language model as a big machine that takes in text

and produces fresh writing on an endless scroll and
18 which is maintained by a large number of scientists

and engineers.



Amazing progress on math, science, and coding

Benchmark accuracy increases with training compute Z EPOCH Al

MATH Level 5 accuracy
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MATH Level 5 = Hardest quarter of MATH problems from

Art of Problem Solving & similar USAMO-level questions
19

Example MATH Level 5 question:

You have two circles, one with
radius r and the other with
radius R. You wish for the
difference 1n the areas of
these two circles to be less
than or equal to 5m. If r + R
= 10, what 1s the maximum
difference 1n the lengths of
the radii1?



International Math Olympiad 2025

“We can confirm that Google
DeepMind has reached the much-
desired milestone, earning 35 out of a
possible 42 points — a gold medal

score. U

“Their solutions were astonishing in
many respects. IMO graders found
them to be clear, precise and most of
them easy to follow.”

- IMO President Prof. Dr. Gregor Dolinar

20

IMO 2024

Formal
mathematics

AlphaProof &
AlphaGeometry

IMO 2025

Advanced Gemini
with Deep Think




Large Language Models and “Intelligence”

ince ChatGPT, in the popular imagination, large language models have essentially become

synonymous with artificial intelligence. What is Al?

he artificial part is easy:

“The science and engineering of making intelligent machines”
— John McCar

What is intelligence?

Is language understanding and generation — or even doing mathematics —

21

distinct from general intelligence?

TICS 2534 No. of Pages 24

Trends in
Cognitive Sciences

¢? CellPress

Dissociating language and thought in large

language models

Kyle Mahowald, "> Anna A. lvanova, 2®* Idan A. Blank, >* Nancy Kanwisher, ** Joshua B. Tenenbaum, ** and

Evelina Fedorenko**

Large language models (LLMs) have come closest among all models to date to
mastering human language, yet opinions about their linguistic and cognitive capa-
bilities remain split. Here, we evaluate LLMs using a distinction between formal lin-
guistic competence (knowledge of linguistic rules and patterns) and functional
linguistic competence (understanding and using language in the world). We ground
this distinction in human neuroscience, which has shown that formal and functional
competence rely on different neural mechanisms. Although LLMs are surprisingly
good at formal competence, their performance on functional competence tasks re-
mains spotty and often requires specialized fine-tuning and/or coupling with exter-
nal modules. We posit that models that use language in human-like ways would
need to master both of these competence types, which, in turn, could require the
emergence of separate mechanisms specialized for formal versus functional lin-
guistic competence.

The language-thought conflation

When we hear a sentence, we typically assume that it was produced by a rational, thinking agent
(another person). The sentences that people generate in day-to-day conversations are based on
their world knowledge (‘Not all birds can fly."), their reasoning abilities ("You're 15, you can't go to
abar.’), and their goals ("Would you give me a ride, please?’). Thus, we often use other pecple’s
statements as a window into their minds.

In 1950, Alan Turing leveraged this tight relationship between language and thought to propose his
famous test [1]. The Turing test uses language as an interface to cognition, allowing a human partic-
ipant to probe the knowledge and reasoning capacities of two conversation partners to determine
which of them is a human and which is a machine. Although the utility of the Turing test has since
been questioned, it has undoubtedly shaped the way society today thinks of machine intelligence [2].

The popularity of the Turing test, combined with language-thought coupling in everyday life, has
led to several common fallacies related to the language-thought relationship. One fallacy is that
an entity (be it a human or a machine) that is good at language must also be good at thinking.
If an entity generates coherent stretches of text, it must possess rich knowledge and reasoning
capacities. Let's call this the ‘good at language -> good at thought’ fallacy. This fallacy has
come to the forefront due to the recent rise of large language models (LLMs) (see Glossary),
including OpenAl's GPT models, Anthropic's Claude, and more open alternatives [3] like
Meta's LLaMa models and EleutherAl's GPT-J. LLMs today can produce text that is difficult to
distinguish from human output, outperform humans at some text comprehension tasks [4,5],
and show superhuman performance on next-word prediction [6]. As a result, claims have
emerged, both in the popular press and in the academic literature, that LLMs are not only a
major advance in language processing, but are also showing ‘sparks of artificial general

Trends in Cognitive Sciences, Month 2024, Vol. xx, No. xx

Highlights

Formal linguistic competence (getting the
form of language right) and functional
linguistic competence (using language
to accomplish goals in the world) are dis-
tinct cognitive skils.

The human brain contains a network of
areas that selectively support language
pracessing (formal linguistic compe-
tence), but not other domains like logical
or social reasoning (functional linguistic
competence).

In the late 2010s, large language
models trained on word prediction
tasks began achieving unprecedented
success In formal linguistic compe-
tence, showing impressive perfor-
mance on linguistic tasks that likely
require hierarchy and abstraction.

Consistent performance on tasks requir-
ing functional linguistic competence is
harder to achieve for large language
models and often involves augmenta-
tions beyond next word prediction.

Evidence from cognitive science and
neuroscience can lluminate the capabili-
ties and limitations of large language
models and pave the way toward better,
human-like models of both language and
thought.

"The University of Texas at Austin, Austin,

TX, USA

“Georgia Institute of Technology, Atlanta,

GA, USA

SUniversity of California, Los Angeles,

CA, USA

“Massachusetts Institute of Technology,

Cambridge, MA, USA

5These authors contributed equally to

this work

https://doi.org/10.1016/].tics.2024.01.011

© 2024 Elsevier Ltd. All rights reserved.
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CA AB 2885

CALIFORNIA REPUBLIC

Section 11546.45.5 of the California Government Code (2024-09-28):

“Artificial intelligence” means an engineered or machine-based system
that varies in its level of autonomy and that can, for explicit or implicit
objectives, infer from the input it receives how to generate outputs that
can influence physical or virtual environments.




an engineered or machine-based system that varies in its level of autonomy
and that can, for explicit or implicit objectives, infer from the input it receives
how to generate outputs that can influence physical or virtual environments

23



Intelligence vs. knowledge or task effectiveness

More commonly ...
We confuse being knowledgeable with being intelligent
Or the ability to do tasks?

AGI: “ability to perform most (cognitive/ economically valuable) tasks at or
above the level of the average person”

I24




Intelligence

“the ability to learn and perform a range of techniques to solve problems and
achieve goals, appropriate to the context in an uncertain, ever-varying world”

— Christopher Manning (2020)




THE SCIENTIST
IN THE CRIB

WHAT EARLY LEARNING
TELLS US ABOUT
THE MIND

Alison Gopnik, Ph.D.
Andrew N. Meltzoff, Ph.D.
Parricia K. Kuhl, Ph.D.




MoOEUT
Mixture-of-Experts Universal Transformers

N

Robert Csordas,
Kazuki Irie, Jurgen Schmidhuber,
Christopher Potts, Christopher Manning

O GitHub/robertcsordas/moeut




Motivation: Systematic Generalization

Transformers can only “see” the results of computations done in earlier layers
It is often necessary to reuse the same computation in multiple steps

Such a computation cannot be done by one “circuit” with regular Transformers

a1 1 8 B
Add 8and 10: [ NN NN N
N

Add 5 and 3:




Universal Transformers: Share weights at each level [Dehghani et al. 2018]

. Advantages:
. Recurrence should result in better systematic generalization
. Reusing learned “circuits” should result in more parameter efficiency

e Disadvantages:
. Layer sharing drastically reduces parameter count
. Increasing layer sizes is prohibitively expensive

Prior Work Transformer Universal Rel. Pos. Enc. Rel. Pos. Enc.

Transformer Transformer Univers. Transformer

Csordas et al. 2021: The Devil is in the Detail: Simple Tricks Improve Systematic Generalization of Transformers



Extension 1: MoE MLP: o-MoE

A Mixture of Experts can act as a large layer, without computation overhead.
o-MoE (Csordas et al. 2023, Approximating Two-Layer Feedforward Networks for Efficient Transformers)

Many, tiny experts

Each has not enough capacity to work alone

This helps prevent expert collapse

Experts have to be composed.

Non-competitive sigmoid activations [WinJ [WzE“J

This also helps avoid model collapse

Goal is to simulate a big MLP

El E4
Mid-MLP activations should not compete [wi Wi
Weak selection entropy regularization

\
3




Extension 2: MoE Attention: SwitchHead

[Csordas et. al, 2024: SwitchHead: Accelerating Transformers with Mixture-of-Experts Attention]

Difficulty: Naive solution requires selecting N2 Q/K pairs, saving no compute.
Expert O and V projections allows drastically reducing the total number of heads

+
~




Extension 3: Residual Norm Growth: The Problem

(The widely used) Pre-layernorm Transformers repeatedly add to the residual
Thus the norm of the residual grows. Later layers learn bigger updates to be able to

influence the residual
This is not possible for shared-layer models; growth tanks their performance

©
L / =
N S 100
Laye E
D
Laye norm i ﬂ -Ei 50
8
-

o

Q 0 5 10 15

N Layer

Layer

.
Layemorm i > FFN output norm in a PreLN Transformer
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Extension 3: Residual Norm Growth: Solution

The output norm of all layers should be
proportional to their input

Use LayerNorm only before nonlinearities
(except ReLU), but not on the main path
We call this setup PeriLayerNorm

19 m PostLN
18- s PrelN
>17 - .
= B PeriLN
3 16-
S 15-
14 -
183 - -_—___

44M 244M

sel

T

Layernorm

T

sel Q
1 1
Layernorm
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Extension 4: Layer groups

Motivation: Transformer circuits are often multilayer (e.g., induction heads)

Repeating a small group of layers performs better than a single one

G

Alternating layers (ABAB) is better than running them sequentially (AABB)

9
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Performance

MOoEUT outperforms parameter-matched baselines with half of the MACs

18 - —&— Baseline 18 { —&— Baseline
D> —&— o-MoE > —&— o-MoE
3 14 S 14 -
D D
o o
12 - 12 1
1 | | I | 1 | |
0 200 400 600 800 1000 0 4 6
Number of model parameters (M) Total training MACs x10 18

Scaling in the number of parameters. Scaling in the number of MACs used for training.




Analysis

. Experts specialize to be shared or to be layer-specific
. The model takes into account the context for routing: Inner layers use a more
diverse set of experts

1 ——
i 60 - —
g 0.75 E —— Layer 1
S L
o} g 050 o ayer 5
© » ’g,_ - Layer 9
15 H — Layer 17
1/ 0.00
0 100 200 300 0 200 400 600 300 1000
Expert ID Token
Distribution of the preferred layers by The number of experts used by individual

individual experts tokens in different layers




Summary

Mixture-of-Experts Universal Transformers (MoEUTs or “moots”) can scale in a
computationally and memory efficient way

We use recent work to apply MoEs for both the feedforward and attention layers
We add two innovations:
Layer grouping: recurrent stacking of groups of MoE layers

A peri-layernorm scheme between pre- and post-layernorm, which applies layer
norm only before linear layers that immediately precede sigmoid or softmax
activations

MOoEUTs enable parameter- and resource-efficient UT LMs, for the first time
outperforming standard Transformers on medium-scale language modeling tasks

Recurrence is essential to the good performance of MoEUTSs
MoEUT models demonstrate good zero-shot performance on downstream tasks:

BLIMP and Children’s Book Test, Lambada, HellaSwag, PIQA and ARC-E




Linguistic Agents Learning from Interaction:
Learning Grounded Interactions on the Web

N

Shikhar Murty, Pete Shaw, Mandar Joshi, Kenton Lee,
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An Agent

“Anything that perceives its environment (using sensors) and
acts upon it (using actuators)” — Russell and Norvig (2002)

A Linguistic Agent

A foundation model used as an agent that understands and
operates primarily in the domain of human language




Linguistic Agents
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Linguistic Agents

Find the fastest route from a hotel near the
Golden Gate Bridge to a cafe with a view of
the bay on Market Street
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Linguistic Agents: Reality

Q  Order fried chicken sandwiches for delivery g O o -

¥ Knowledge suggestions 2 pending >
1'Q 1IKE L0 Snare creait cara iniormaduor rnere. riease Iist e opuons you iouna.

+ New session 3£ K

Order fried chicken... 4 seconds ago

: . : : Continue: Select a highly-rated restaurant from available options »
I'd like to share credit card information...

High system load has caused an internal server error. Please try again later or create a new session.
(10091) Get support with the issue

m Manus's computer has encountered an critical issue. You can choose to reset Manus's computer or

start a new session.

N

() Select a highly-rated restaurant from available options 3/7 A
Manus has stopped

°Kyle Wigg... O O % ¢

TRYING TO ORDER FRIED CHICKEN SANDWICHES WITH MANUS IS A FRUSTRATING EXPERIENCE.
IMAGE CREDITS:MANUS
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Linguistic Agents: Reality

stephentoub commented 2 days ago

Please fix the style issues causing build failures, and move the new test into an existing test file.

-O- Fix style 1ssues and move balancing group test to existing file .- 548aed4

Copilot Al commented 2 days ago - edited ~ Contributor | | Author
3

Please fix the style issues causing build failures, and move the new test into an existing test file.

I've fixed the style issues and moved the test into the existing Regex.Groups.Tests.cs file in commit . The
changes included removing trailing whitespace in Match.cs and properly placing the balancing group test in the
RegexGroupTests class.

/\ Warning

» Firewall rules blocked me from connecting to one or more addresses

&1 E

;2 ‘ build-analysis | bot  mentioned this pull request 2 days ago

Intermittent build failure in AfterSourceBuild: "Could not write state file" #76488

4 ‘ build-analysis  bot mentioned this pull request 2 days ago

NuGet failing with Response status code does not indicate success: 503 (Service

Unavailable) dotnet/arcade#11723
|_':.|, 5 tasks

stephentoub commented yesterday Member

A bunch of regex tests are now failing.

@200 #10) 98

-O- "-\ Fix regex balancing group test failures -- fel/3fc
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Learning from Interaction

To survive, agents must have:
Enough built-in knowledge to survive
The ability to learn

Goal: Intelligent agents that learn from interactions in the world!

Method: Generating interactive trajectories through hierarchical exploration

[1] BAGEL: Bootstrapping Agents by Guiding Exploration with Language

Murty, Manning, Shaw, Joshi, Lee, ICML 2024
[2] NNetNav: Unsupervised Learning of Browser Agents Through Environment Interaction in the Wild

Murty, Zhu, Bahdanau, Manning, ICLR SSI-FM Workshop 2025
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Browser Control with Linguistic Agents

First Attempt: Zero-shot Linguistic Agents

-----------------------------------------

0.375 - ‘ You are an agent capable of the
following actions:

1.Type X on Y

2.Move mouse to X

3.Click on X

4 .Hover on element X

5. ..
Your objective is to follow user instructions,

by mapping them into a sequence of actions.
Instruction: {g}

0.3 -

Action
space

0.225 -
0.15 -

‘Instruction‘

0.075 -

(-1 9) |

Language Model
Policy

Here is a history of your interactions:
s1:
S2:

Paris L.ondon ‘ History ‘

The capital of France1s

After executing these actions, you observe
the following HTML state: <AXTree state>

Now, think about your next action:
Thought: [model-pred]

‘Observation‘

Language Model

Action
string

Now, take an action:
Action: [model-pred]

-----------------------------------------

‘----------------------
.----------------------'
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Browser Control with Linguistic Agents

First Attempt: Zero-shot Linguistic Agents

Cancel shampoo subscrlpt/on/ lf.rom the list of “subscribe . [ mm(- | 9) j —_— 2272
and save” items

';_-D Free shipping 3 Price adjustment

Special for you = Within 30 days E] Get the Temu App

A% 0 o s O Orders & @ e
TEMU ﬁ Best Sellers 5-Star Rated ﬂ Temu Fest Categories &5 Account Support 2= EN D

SCORE BIG DEALS & SAVE MORE

580%OFF&

SAVE NOW >

@ Temu's Commitments (3 Secureprivacy | [= Safe payments | Delivery guarantee >

A Be wary of messages about delivery issues claiming to be from USPS. View >

Almost sold out ¥ Only 1 Left

Sl " 11} o Z : <

/ B.ONUS \ng 1.7K+ sold % $10.76 $43-8% 4.9K+sold ¥ $63.47 $323:36 7K+ sold % $37.87 $168-4% 2K+ sold % $6.07 $42-99 3.7K+sold &D]
COUPONS )1:11:27:59 O 1:27:59 o 02:11:27:59 — 02:11:27:59 O 11:27:59

\/270 LR L e * &k kA 275 * k k k k176 * % % K % 579 &
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Browser Control with Linguistic Agents

First Attempt: Zero-shot Linguistic Agents

Order monthly delivery of descaler [ tnl- | 9) ] — 222

Finance Your Equipment Today—Be Prepared for the Holiday Rush! »

@ papts B 2 e O 3P
Esp Grinders Brewing Coffe Barist Caf Drinkw. Hom Cl g Part Top Resources S
Mach Equipment Filter Tool Suppl Brand

LMs cannot know how to navigate to the right section
of a website without prior knowledge

SAVE 10% O

4.8 /5

SANREMO’S D gy . L
SR L cosomr Hovy can we provide this prior knowledge about
oReviEws. environments?

GET YOURS TODAY

Barista tools are essential—

for perfecting your craft.
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Browser Control with Linguistic Agents

Second Attempt: Behavioral Cloning with Human demonstrations
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Our work: Third Attempt, NNetNav, Discovering Goals in Web Ul

Main Challenge: Given a new URL, it's not even clear what kinds of goals exist!

https://neal.fun/deep-sea/
NEAL.FUN

The Deep Sea

Made with ® by Neal Agarwal

[INNetNav: Unsupervised Learning of Browser Agents Through Environment Interaction in the Wild
Murty, Zhu, Bahdanau, Manning, ICLR SSI-FM Workshop 2025
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Our work: Third Attempt, NNetNav, Discovering Goals in Web Ul

Main Challenge: Given a new URL, it's not even clear what kinds of goals exist!

https://neal.fun/deep-sea/

NEAL.FUN

The Deep Sea

Made with ® by Neal Agarwal

We can learn about goals on unknown digital inferences only by interaction
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NNetNav: Discovering Goals on Web UI

An Exploration Policy interacts with a website to generate trajectories
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NNetNav: Discovering Goals on Web UI

An Exploration Policy interacts with a website to generate trajectories
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NNetNav: Discovering Goals on Web UI

We retroactively relabel interactions, using natural language to guide and shape exploration

= Hugging Face Models Datasets Spaces Posts Docs 7 Enterprise  Pricing ~= Log In @Yl

The Al community i ¢ e s « Find a BERT model for natural language processing tasks
building the future. T  Find the occurrences of the term "tesla" in a dataset
related to "natural language processing".

The platform where the machine learning community

collaborates on models, datasets, and applications.
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NNetNav: Discovering Goals on Web UI

We retroactively relabel interactions, using natural language to guide and shape exploration

= Hugging Face Models Datasets Spaces Posts Docs 7 Enterprise  Pricing ~= Log In @Yl

The Al community i ¢ i * Find a BERT model for natural language processing tasks
building the future. . * Find the occurrences of the term "tesla" in a dataset
The platform where the machine learning community e AR T o related to "natu ral Ianguage proceSSing"-

collaborates on models, datasets, and applications.

iPhone 16 Pro

Hello, Apple Intelligence.

Learn more

 Research the Apple Watch Ultra 2.

* Find out the battery life of the Apple Watch Ultra 2.

* Find the battery life of the Apple Watch Ultra 2 and learn
about Apple's shipping options.




Using natural language to guide and shape exploration

Meaningful interactions on real-websites are long and often hierarchical

(| V”m—prOjeCt/V"m Public ) Sponsor Q Notifications % Fork 4.1k V¢ Star 27.6k

<> Code (%) Issues 1.6k 19 Pull requests 416 () Discussions () Actions () Security |~ Insights

[Roadmap] vLLM Roadmap Q3 2024 vLLM's V2 Engine Architecture Hardware Backend Deprecation Policy
#5805 opened on Jun 24 by simon-mo #8779 opened 5 days ago by simon-mo #8932 opened 11 hours ago by youkaichao
(Mopen O (®Mopen @35 (®open D2
Q is:issue is:open © Labels 49 c® Milestones 0 m
(> 1,608 Open + 3,023 Closed Author ~ Label ~ Projects ~ Milestones ~ Assignee ~ Sort ~

© [Feature]: OpenAl o1-like Chain-of-thought (CoT) inference workflow
#8633 opened last week by kozuch Q 1 task done

© [Feature]: Online Inference on local model with OpenAl Python SDK 14
#8631 opened last week by pesc101 Q 1 task done

© [Bug]: OpenGVLab/InternVL2-Llama3-76B: view size is not compatible with input tensor's size and stride ) {1 110

#8630 opened last week by erkintelnyx

® [Bug]: memory leak €D Q7

#8629 opened last week by wciq1208 Q 1 task done

© [Bug]: Speculative decoding interferes with CPU-only execution @ g‘ D2

Navigate to the issue titled memory leak for the vilm project, like the comment by user wciq1208 and then respond
to the post saying “l am also ....”

How can we search efficiently over the space of possibly exponential meaningful interactions?
Use Linguistic priors




Solutions ¥ Resources Open Source ~ Enterprise ~ Pricing

Let’s build from

The world’s leading Al-powered developer platform.

Navigate to the issue titled memory leak for the vlim project, like the

comment by user wciq1208

vLLM

() Overview [ Repositories 7 [ Projects @ Packages A People 6
Pinned

& viim  Ppublic B lim-compressor  Public

A high-throughput and memory-efficient inference and serving engine

Transformers-compatible library for applying various compression
for LLMs

algorithms to LLMs for optimized deployment with vLLM

@Python  Y¥ 276k % 41k @Python w507 ¥4

] Repositories

Q, Find a repository... Type ~ Language ~ Sort ~

viim | public SN

A high-throughput and memory-efficient inference and serving engine for LLMs

V4

$ Want to contribute to vlim-project/viim? Dismiss ~

If you have a bug or an idea, read the before opening an issue.
If you're ready to tackle some open issues, 1

[Roadmap] vLLM Roadmap Q3 2024

vLLM's V2 Engine Architecture Hardware Backend Deprecation Policy
48779 opel . mor 9 ened 12 ik
Oa

Filters = © Labels 49 > Milestones 0 New issue

1,608 Open
[ORX P

[Feature]: Qwen2.5 bitsandbytes support

[New Model]: Molmo support

[Usage]: caching with different batches ( usage

inZeng0g Q1

[Bug]: Error when using tensor_parallel in v0.6.1.post1 or 0.6.2 ' bug

[Bug]: VIIm0.6.2 UserWarning: resource_tracker: There appear to be 1 leaked shared_memory objects to clean
up at shutdown | bug

and then respond to the post saying “l am also

© 1task done

[Bug]: memory leak #862¢ (Bugl: memory leak

interval_s =

weiq1208 com

Your current environment

» The output of *python collect_env.py"

Model Input Dumps
Mo response ‘—‘: -
it to
", Describe the bug
*pu(s): 7.9us, 1.7sy, 0.0ni, 9.51d, 0.0wa, 8.8 hi, 0.0 si, 0.0 st
WiB Mem : 64247.4 total, 6749.3 free, 36211.0 used, 21287.1 buff/cache
MiB Suap 8.0 total, 0.0 free, 0.0 used. 27338.7 avail Mem
PID USER PR NI VIRT RES _ SHR 5 ACPU SMEM _ TIMEs COMAND
16 root 0 44.89 19.2g 343976 R 100.0 30.7 91:01.24 pt_main_thread

1 root 0 10.0g 9279084100080 5 0.0 1.4 .86 pt_main_thread
15 root 15648 8804 9160 S python

8 root 4612 243 (1836 S Q. bash Add a comment
380 root @ 734 1976 1356 R 0. .0 9:00.00 top
Write

vllm serve /hestia/model/Qwen2.5-168-Instruct-AWQ --max-model-len 16384 --quantization awq --port B98I

Before submitting a new issue...

. D Lo * vant issues, and asked the chatbot living at the bottom right corner of the
‘ L -] » @ W 7 ) otsoffrequen d questions. CI Markdown is supported

execute_model_req
te_model (execu!

H B

1am also facing the same issues. In particular, when | run the following|

[ Paste, drop, or click to add files

Comment




Navigate to the vlim
repository on github.com

O Product ~ Solutions ¥ Resources Open Source v Enterprise Pricing

Let’s build from i

The world’s leading Al-powered developer platform.

Navigate to the issue titled memory leak for the vlilm project, like the
comment by user wcig1208 and then respond to the post saying “I am also

V4
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Open the issues page for the vlim repository on github.com

Navigate to the vlim
repository on github.com

vLLM

O Product ~ Solutions ¥ Resources Open Source v Enterprise Pricing

contribute to vlim-project/vliim?

before opening an issue.

[Roadmap] vLLM Roadmap Q3 2024 vLLM's V2 Engine Architecture Hardware Backend Deprecation Policy

(M Overview [ Repositories 7 [ Projects @ Packages A People 6

Pinned Filters = | QU is:issue is:oper © Labels 48 > Milestones 0 New issue
& vilm  Public [ lim-compressor ' Public © 1608 Open 3,023 Closed P o (e
, . A high-throughput and memory-efficient inference and serving engine Transformers-compatible library for applying various compression
® ® ® for LLMs algorithms to LLMs for optimized deployment with vLLM b ® b =) [Feature]: Qwen2.5 bitsandbytes support feature reques
@python w276k ¥ 4%k @Python 507 ¥ a4 B B
[New Model]: Molmo supp odel
O r r T
, . [ Repositories [Usage]: cachii ith differen usage
The world’s leading Al-powered developer platform. 538 opene
Q Find a repository... Type ~ Language ~ BER < [Bug]: Error n using tensor_parallel in v0.6.1.post1 or 0.6.2 bug
vilm  Public M/‘-\/\’\/J [Bug]: VIim0.6.2 UserWarning: resource_tracker: There appear to be 1 leaked shared_memory objects to clean

. . . . . up at shutdown ' bug
A high-throughput and memory-efficient inference and serving engine for LLMs Ty ‘.

Navigate to the issue titled memory leak for the vlilm project, like the
comment by user wcig1208 and then respond to the post saying “I am also

V4
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O Product ~ Solutions

Let’s build from]

The world’s leading Al-powered developer platform.

Navigate to issue titled memory leak for the vlim repository on github.com

Navigate to the vlim
repository on github.com

vLLM

(M Overview [ Repositories 7 ] Projects @ Packages

Pinned
& viim  Ppublic

A high-throughput and memory-efficient inference and serving engine
for LLMs

@Python  ¥r 276k ¥ 41k

] Repositories

Q, Find a repository...

viim  Public

A high-throughput and memory-efficient inference and serving engine for LLMs

V4

B lim-compressor

Transformers-compatible library for applying various compression
algorithms to LLMs for optimized deployment with vLLM

Open the issues page for the vlim repository on github.com

% Want to contribute to viim-project/viim?

If you have a bug or an idea, read the before opening an issue.
If you're ready to tackle some open issues,

[Roadmap] vLLM Roadmap Q3 2024 vLLM's V2 Engine Architecture

Filters - © Labels 48

%) 1,608 Open
[OR¥ P
[Feature]: Qwen2.5 bitsandbytes support featu

[New Model]: Molmo support

[Usage]: caching with different batches ( usage

r 1 ) 1 tas

[Bug]: Error when using tensor_parallel in v0.6.1.post1 or 0.6.2 ' bug

[Bug]: VIim0.6.2 UserWarning: resource_tracker: There appear to be 1 leaked shared_memory objects to clean
up at shutdown  bug

Navigate to the issue titled memory leak for the vlilm project, like the
comment by user wcig1208 and then respond to the post saying “I am also

Hardware Backend Deprecation Policy

weiqi208

Model Input Dumps
No response
" Describe the bug

Mpu(s):

MiB Snap

PID USER
16 root

1 root
15 root
84 root
389 root.

[Bug]: memory leak #

Your current environment

» The output of *python collect_env.py”

9us, 1.7sy, 0.0ni, 99.5 i
MiB Mem 64247 4 total, 6749.3 free
0.0 total, 0.0 free,

PR NI VIRT _RES _ SHR S XCPU XMEM

@ 44,89 19.2 343976 R 106.9
@ 10.8g 927908190080 S 0.8
@ 15648 8804 M160 S 0.0
L] 4612 24307 1836 S 0.0
7304 1976 T1356 R 0.0

vllm serve /hestis/model/Qwen2.5-14B~Instruct-AWQ —-msx-model-len 16384 —-quantization awq —-port BOBI

Before submitting a new issue...

s, and asked the chatbot living at the bottom right corner of the

B o tant s,
& T OS5 O V 7 I osoffrequent




Navigate to the issue titled memory leak for the vilm project, like the
comment by user wciq1208 and then respond to the post saying “l am also

V4

Navigate to issue titled memory leak for the vlim repository on github.com

Open the issues page for the vlim repository on github.com

Navigate to the vlim
repository on github.com

[Bug]: memory leak ) task done | [BUGI: memory lek
VLLM

% Want to contribute to viim-project/viim? Dismiss ~ © Open

Solutions Resources Open Source v Enterprise Pricing

interval

If you have a bug or an idea, read the before opening an issue.
If you're ready to tackle some open issues, self, execute_model_re one, ) -> OptionallLis
weiqi208 " tw = e texecut

nt.last_timepoint >
Your current environment

0 | ia] @ a [Roadmap] vLLM Roadmap Q3 2024 VLLM's V2 Engine Architecture Hardware Backend Deprecation Policy
Overview — Repositories 7 Projects Packages People 6 - o . § - o ea o

» The output of *python collect_env.py"

2 Model Input Dumps

" No response
Pinned ‘ = 5
Filters = Q is:issue © Labels 48 > Milestones 0 New issue

" Describe the bug

i =1 Coul 7s o K 0 i e xecute_model)
& vilm  Public [ lim-compressor ' Public © 1,608 Open A , N Ve fafmme 6 R Thoy Aor e ; W8, 0.0t "

A high-throughput and memory-efficient inference and serving engine Transformers-compatible library for applying various compression MiB Swap 0.8 total, 0.9 free

, ° b ° for LLMs algorithms to LLMs for optimized deployment with vLLM ° ° ° [Feature]: Qwen2.5 bitsandbytes support fea L PID USER PR NI VIRT _RES _ SHR S XCPU XMEM TIME + COMMAND
Y:T ) e ] t 16 root 0 4 19.29 343976 R 100.9 30.7 9! 24 pt_main_thread
1 root @ 10,09 927908190080 S 0.8 1.4 16:19.86 pt_main_thread
@Python  Tr276k ¥ 4k @ Python 507 ¥ L root 8 1000 szrieeesn 5 09 vl
[New Model]: Molmo support  new mc G 84 root 4612 24351 1836 S 0.0 :00.01 bash

Add a comment
380 root 7304 1976 T1356 R 0.0 W 0:02.00 top

Write | Preview H B
[ Repositories [Usage]: caching with different batches (usage - i i i
T he WO I’|d IS |eCl d | n g Al—powe red d eve[o Ije r pl(}ltforﬂ’] § i ) N : vllm serve /hestia/model/Qwen2.5-14B-Instruct-AWQ —-max-model-len 16384 --quantization swq —-port 8881 " Iam also facing the same issues. In particular, when | run the following|
Q Find a repository... w3 @ Language ~ Sort ~ [Bug]: Error when using tensor_parallel in v0.6.1.post1 or 0.6.2 ' bug Before submitting a new issue...
; ned 9 hour : e - . ies, and asked the chatbot living at the bottom right corner of the ) ) i
vilm  Public M/\-JV\,J [Bug]: VIim0.6.2 UserWarning: resource_tracker: There appear to be 1 leaked shared_memory objects to clean 4 YO KOV N cavently questions. edomnisseppanes S
A high-throughput and memory-efficient inference and serving engine for LLMs up‘afshut.duwn m:_ e : ; g Comment

Complex trajectories can be segmented such that prefixes correspond to sub-tasks. We can
use this as a pruning function for structuring exploration!
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NNetNav: Main Components

[action]
Exploration Policy - -
T

Base LLM
[prompt + persona + action- [Axtree observation +
space] previous actions]

Base LLM: LLama-3.1-70B-Instruct
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NNetNav: Main Components

AN

Saved

2w

se
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Actual browser observation

@
©

[action]
-T-

Exploration Policy

Base LLM

n < a
<«

[Axtree observation +
previous actions]

[prompt + persona + action-
space]




NNetNav: Main Components

RootWebArea 'Google Maps', focused, url="https://www.google.com/maps'
[120] application 'Map - Use arrow keys to pan the map. - Get details about a place by pressing its corresponding number key.', visible
[123] Canvas ", visible
[134] search ", visible
[138] LabelText ", clickable, visible
StaticText 'Search Google Maps'
[139] combobox 'Search Google Maps', clickable, visible, focused, hasPopup='grid', expanded=False
[141] button 'Search', visible
[175] button 'Directions', visible
[194] region 'Menlo Park’, visible
[197] heading Menlo Park’, visible
[198] group 'Menlo Park weather', visible
StaticText '50°'
image 'Partly cloudy', url="https://ssl.gstatic.com/onebox/weather/128/partly cloudy.png
[199] region 'Traffic', visible

Let’s think step-by-step. Given the state, I
will click on [261] to check out nearby

pharmacies. Action: click [261]

[200] button 'Moderate traffic in this area Slower than usual', visible
StaticText 'Moderate traffic in this area’
StaticText 'Slower than usual'
[220] region 'Available search options for this area', visible, roledescription='carousel’ Expl() ]‘ati()n PO licy
[226] button 'Restaurants', visible
StaticText 'Restaurants'

[233] button 'Hotels', visible
StaticText 'Hotels'

[240] button 'Things to do', visible B dScC LLM

StaticText 'Things to do'

[247] button 'Museums', visible

[254] button "Transit', visible
StaticText '"Transit'

[261] button 'Pharmacies’ [prompt + persona + action- [Axtree observation +
StaticText 'Pharmacies’

[268] button 'ATMSs' space] previous actions]
StaticText 'ATMs'

-
<

button 'Next page'
[296] list ", visible
[297] listitem ", visible
[298] button 'Menu', visible
[301] listitem ", visible
[302] button 'Saved', visible
StaticText 'Saved'
[308] listitem ", visible
[309] button 'Recents', visible, disabled=True
StaticText 'Recents'
[347] button 'Google apps', clickable, visible, expanded=False
[350] link 'Sign in', clickable, visible,
url="https://accounts.google.com/Service Login?hl=en&passive=true&continue=https://www.google.com/maps&service=local&ec=GAZAcQ
[386] button 'Show Your Location', visible, pressed='false’' B L L M " L L - 3 1 - 7 O B - I t t
[400] button 'Zoom in', visible a S e - a m a " n S ru C
[412] button 'Zoom out', visible
[421] button 'Show Street View coverage', visible
[423] button 'Show imagery', visible
[425] LabelText ", visible

O Lttt e The Exploration Policy interacts the

[476] button 'Layers', visible, expanded=False . . .
environment by generating actions from

the action-space

63 AxTree (Truncated)




NNetNav: Main Components

[action]
Exploration Policy - -
T

Base LLM
[prompt + persona + action- [Axtree observation +
space] previous actions]
[instruction]
Trajectory - -
Labeler T
Base LLM
‘ [prompt] ' ftrajectory-so-far] '

The Trajectory Labeler takes a summary of the trajectory-so-far and outputs a plausible goal for
that trajectory.
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NNetNav: Main Components

[action] [action]

Exploration Policy -T- Outcol\l/rlls(;:le ward -T-

Base LLM Base LLM
[rrompt + persona + action-  [Axiree observation + [reward fn prompt] [instruction, traj-so-far]
space] previous actions]
[instruction]
Trajectory - -
Labeler T
Base LLM
‘ [prompt] : ftrajectory-so-far] '

The ORM scores the trajectory for the generated goal
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NNetNav: Structuring Exploration for Goal Discovery

1. Interact with a website with a structured exploration policy + trajectory labeler

&y 2

type[ cllck[ ] click[..] click[..]

t g: Subscribe to the r/wallstreetbets forum _
and navigate to world news R: 1 :

Pruning Function:
Invoke Trajectory Labeler at fixed time-steps
Assign reward to resulting (goal, trajectory) pair
Continue if reward is 1
Prune if reward is O

66

URL: http://webarena-reddit.com
Persona Type: Investor, Active on r/
investing and r/wallstreetbets




NNetNav: Structuring Exploration for Goal Discovery

1. Interact with a website with a structured exploration policy + trajectory labeler

B B B W T

type[ cllck[ ] click[..] click[..] hoverl[...]
o - e = ﬁl_.mm“ — Tn:“., _.. ‘ = =

= t . —
: g: Subscribe to the r/wallstreetbets forum _
and navigate to world news R: 1 :
g: Find out how the founder of WallStreetBets' _ URL: http://webarena-reddit.com
P T O G T e i Persona Type: Investor, Active on r/

investing and r/wallstreetbets

Pruning Function:
Invoke Trajectory Labeler at fixed time-steps
Assign reward to resulting (goal, trajectory) pair
Continue if reward is 1
Prune if reward is O
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NNetNav: Structuring Exploration for Goal Discovery

1. Interact with a website with a structured exploration policy + trajectory labeler

B X % % R I

typel...] click[..] click[..] click[..] hoverl...]
R T T n.a..imm.m. :‘n"or‘:‘:.. P oa— m %I"'omm‘ S— m ”bi:’"“‘: l | l".- n ‘ .t:: ‘ .:,._.» f——

- t . m—
: g: Subscribe to the r/wallstreetbets forum _
and navigate to world news R: 1 :
g: Find out how the founder of WallStreetBets' _ URL: http://webarena-reddit.com
P T O G T e i Persona Type: Investor, Active on r/

- g: Find the post about Jaime Rogozinski, the founder of 2
: WallStreetBets, and his lawsuit against Reddit, and ask him : @)@
about his experience with the platform. R: 1 :

Pruning Function:
Invoke Trajectory Labeler at fixed time-steps
Assign reward to resulting (goal, trajectory) pair
Continue if reward is 1
Prune if reward is O
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NNetNav: Structuring Exploration for Goal Discovery

32////////////////%
®257/////%7%////%////////4
f////%/////
5//////

&
§

NNetNav pruning leads to efficient exploration.

(area in red corresponds to actions that were prevented due to early pruning)
I 69




NNetNav so far

Understand the methodology
presented in the research paper
'Spectroscopic and X-ray Modeling of
the Strong Lensing Galaxy Cluster
MACS J0138.0-2155".

Find requirements and course

» = details for the Master of Applied

(URL1: http://.. ) Data Science degree at the
University of Michigan.

NNetNawv

Find detailed information
about the chemistry of water,
including its structure and
properties.

Find the status of your order
#000000170 after comparing
some gift ideas for skin care
products on the One Stop Market
website.

Create a new project using the
NodeJS Express template and set the
project name to "My Game Project',
the project description to ""A simple

express.js project to demonstrate
(URLI: http://.. ) . "
basic game development concepts
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NNetNav Final Goal: Learning a Mapping from Goals to Trajectories

71

@) % oA T

type[ ] cllck[ 1 click[..] click[..] hover[..]
I.istul'.lo«nu u«_“- o [— %WZ':: ecm w::m <) f—
= =1 |= =1 ==

Exploration
Trajectory

71 g: Subscribe to the r/wallstreetbets forum _
and navigate to world news R: 1 :

g: Find out how the founder of WallStreetBets' _

. experience relates to investing. R: 1 :

Just use the exploration trace?

Labeled
Goal




NNetNav Final Goal: Learning a Mapping from Goals to Trajectories

@) A T

type[ ] cllck[ ] click[..] click[..] hoverl[...]
‘:,..,, == = = = — Exploration
.,._:. = ....::. — > ...... meottpavmriel - .
= = > = = —— Trajectory

71 g: Subscribe to the r/wallstreetbets forum _

and navigate to world news R: 1 :
PP : | abeled
g: Find out how the founder of WallStreetBets' _ G 1
. experience relates to investing. R: 1 : Oa

Just use the exploration trace?

X Exploration trajectory contains sub-optimal local decisions
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NNetNav: Mapping Goals to Trajectories

al e o a2 e o o i = a4 ¢ o o a24
previous-actions: previous-actions: previous actions: previous actions:
[None] [None, typel..]] [None, typel..], click[..], ..] [None, typel..], click[..], .., a_23]
[action]

Instruction : =
Following Policy - T-

Base LLM
[prompt + instruction + [Axtree observation +
action-space] previous actions]

/3




NNetNav: Mapping Goals to Trajectories

previous-actions: previous-actions:
[None] [None, type[..]1]
[action]
Instruction : =
Following Policy - T-
Base LLM
[prompt + instruction + [Axtree observation +
action-space] previous actions]

74

/fiworldnews ~woldews

uuuuu
Sbmssens  Comments & Hot.

+ Ireland Ams To Legalize Cannabis For Personal Use
10614 i

oooooo

previous actions:
[None, typel..], click[..], ..]

uuuuuuuuuuuuuu

previous actions:

[None, typel..], click[..], .., a_23]




NNetNav: Mapping Goals to Trajectories

3. Best-of-k Rejection Sampling

Postmill orun Postmill Forts
i Forums Togs Aphabecal  § Submessions - .
Submissions  Comments Y Subscrbed> 8 Hot~ Subscribed forums g Ao /f/worldnews worldnews («) /1/1AmA Opoints (+0,-0)
PetCare ; 3
t of forums e s s + I'm Jaime Rogozinski, Founder of WallStreetBets and f'm suing Reddit. AMA
—_— 5 smmedty priek ars 390 n IAmA
R 4 reland Aims To Legalize Cannabis For Personal Use rn I1s possible that Redd takes this post down, buthope they dort because | deserve 1o be heard
Sabesrke . od ¥ ob1th
AskReddit s Myname:s d y Icutivated, cared for,
AskReddit 10,041 submissions 1 — e planned a tradng (AmA
m
+ Brazi's Lula appoints Indigenous ministers 10 reverse Amazon deforestation smscn adtecs trademark Reddit
{/velationship_advice na2 filed several WalStreetBets trademarks of its own.
Iationehi. adi Subserbe 0 ¢ s ogpors " » Hide this forum Subscrbe 0
relationship_advice 184 commants Three weeks aga, | sued them
reiationship_agace 578w 15.2q206
+ Russians kidnapped 30 mayors, 7 of them went missing - Kyiv Mayor svescn.s ool rake tothisbe o shp =
worldasmn 9 sy Pandabutint R, IPOROK: orrefer to the this.
Sscrbe 0 S—
worldnews ° ° Bans o o [ Reddit was quick 1o point out that fve sued for personal gain, by having quietly waiting 3 years af ter being banned
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R Hoduptonies tosue fjustgot
e + ~ » Hide this forum
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news 2322 submissions. pedbic
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movies Cruxof the argument (or If you prefer s ideo recap)
movies 3261 submissions + Russian strikes after Tands in its territory. yose o Moderationiog
e 8 Reddit clams . Tons of subceddits, users, snd
trmemes 1 was removed Yaure able
' [memes Swserbe 0 to

previous-actions: previous-actions: previous actions: previous actions:
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[None] [None, hoverf... [None, hover]...], click[...], ...

Postmill Fi
Submessons Comments ¥ Subscribed= & Hot Subseribed forums T (© Hiama Opoints (+0,-0)
PetCare. . + I'm Jaime Rogozinski, Founder of WallStreetBets and I'm suing Reddit. AMA.
List of forums 5 gomiedby jrtek - A
I possibe that Redd takes this post down,but | hope they dorft because | deserve 1o be heard
HikskRedeit
P smsebe 0 Myname a For Iculivated cared o,
N 02020, 1 wiote planneda adng
AstAeddt filed for trademark Reddit lAmA
fled several WaStreetBets trademarks o 1 own i
relationship_adrice oL
Sebsoibe 0 vee weeks ago, I sued them
relationship_advice Thive uskssgn | sepd oy —
relabonship_adwice sne Id like to share due to i hope skp 1
0 ) for this
) "
fworldnews ‘Subscribe 0 Reddit was quick 10 point out that f've sued for personal gam, by having quietly waiting 3 years after being banned ibe
worldnews 4 ;
woridnews 464 1o sue ljust got
> Hide this forum
— + Redditvs. Jaime Rogozineki - Reddit nitated this against me three years ago andis stllongong Ichose 1o
Sscibe 0 o despite havng ample ™
news spesk out
= . Reddt- 4 Toolbox
f/movies Sim
s Crux o the argument (orf you prefer a deorecap
movies v Moderation log
moves Reddit claims s Tons of subreddits, users and
I wasremoved You'e able
o
{imeres smare o

previous-actions: previous-actions: previous actions:
None [None, type|... None, click]|...], click[...], ...

R:




Scaling NNetNav to collect 100k training examples

We used NNetNav to collect ~10k demonstrations (around 100k examples) from 15 live websites and 5 self-hosted websites

[T ee—
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- games season-2
: Read the research paper ; Explore the 360° and Street . —— L
: about the ModernBERT-base * View images of the Eiffel Tower - —

- model from Hugging Face.

. Create a new forum ,
. called "Funny Stuff" with :
. the title "Memes and

. LOLs", description "A

- - . place for sharing and
- Find the price of the iPhone 16 and - . discussing funny memes :

* compare it with the price of the - . Find a pair of wireless earbuds and . and LOLs", and sidebar
* iPhone 16 Pro. = . addthem to your cart on Amazon - . "Memes of the day".

= Datasets: @stanfordnlp/nnetnav-wa© Qlike 0 Following @ Stanford NLP 144

a_—

Modalities: Text Formats: {3} json  Size: 10K-100K Libraries: & Datasets il pandas @ Croissant +1 License: & apache-2.0

= Datasets: @stanfordnlp/nnetnav-1live T Qlike 0 Following @ Stanford NLP 144

76 Modalities: Text Formats: {} json  Size: 10K-100K Libraries: & Datasets Il pandas @ Croissant +1 License: #® apache-2.0




These datasets contain a huge variety of intents covering 100s of use-cases
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We used the NNetNav datasets for SFTing the Llama-3.1-8B-instruct model

a2
previous-actions: previous-actions: previous actions: previous actions:
[None] [None, typel[..]] [None, type[..], click[..], ..] [None, type[l..], click[..], .., a_23]
Input Output

@ stanfordnlp/11lama8b-nnetnav-wa © Olike 0 Follow @ Stanford NLP 144

PyTorch stanfordnlp/nnetnav-wa llama (O arxiv:2410.02907 i License: apache-2.0

@ stanfordnlp/1lama8b-nnetnav-live © ©like 0 Follow B Stanford NLP 144

PyTorch stanfordnlp/nnetnav-live  llama [ arxiv:2410.02907 & License: apache-2.0
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Benchmarking Web Agents

We used the NNetNav datasets for SFTing the Llama-3.1-8B-instruct model,
which is the current SoTA among open LLMs on WebVoyager and WebArena

WebVoyager: Information gathering tasks on live-websites, no logins allowed.

WebArena: Wide range of tasks, that involve changing website state, on self-hosted
clones of real websites.
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ome rollouts from LLama8b-NNetNav-Live
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Some rollouts from LLama8b-NNetNav-Live

Find out how many teams are in the Scottish Premiership of the Football
Tournament and when did the Hibernian team's most recent match start?
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soldiers reunited with
families

The four women were taken hostage on 7
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Watch: Cheering crowds greet freed
Palestinian prisoners in West Bank

The BBC's Jon Donnison watched onin
Ramallah as the former captives were
greeted by cheering crowds.
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Some rollouts from LLama8b-NNetNav-WA

For safety reasons, we do not let the model login to live websites, limiting the kinds of tasks it
can do. To test for tasks that require login, we evaluate on WebArena.

e Q Search GitLab

Projects
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n-lab / 11711_gitlab 5 Owner @ %0 ¥0 1o o1 Updated 4 minutes ago
’ Example Jekyll site using GitLab Pages: https://pages.gitlab.io/jekyll
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& The full HTMLS Doctor Element Index as well as common markup patterns for quick
reference.
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Some rollouts from LLama8b-NNetNav-\WA

For safety reasons, we do not let the model login to live websites, limiting the kinds of tasks it
can do. To test for tasks that require login, we evaluate on WebArena.
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admin
Dashboard Q & 4
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o
¢
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]
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$0.00
Revenue Tax Shipping Quantity
$0. . .
R — 50.00 $0.00 $0.00 0
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Customer items Total
Sarah Miller 5 $0.00 Product Price Quantity
Grace Nguyen 4 $190.00 Sprite Stasis Ball 65 cm $27.00 6

Creating a shipping report
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NNetNav Summary

NNetNav is a method of learning by unsupervised interaction.
It builds demonstrations by interacting with live websites by:

1. Open-ended goal discovery with a hierarchically biased exploration policy

2. Mapping goals to trajectories with best-of-k rejection sampling

NNetNav-trained Llama-8b became the SOTA among unsupervised methods using OSS
models, outperforming zero-shot GPT-4
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