
The Surprising Victory of NLP: 
From Philosophy to Agentic Language Models

Christopher Manning
@chrmanning  ❀  manning@stanford.edu

Founder, Stanford NLP Group  ❀  Senior Fellow, HAI
KDD 2025  ❀ Toronto

Meaning and Intelligence in Language Models: From History and Philosophy to Universal Transformers and Web Agents



The Rise of Generative AI: S&P 500 Companies Discussing “AI”
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ChatGPT launch

40% of S&P 500

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 AI: Data Center Construction for AI

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



Who should you take your LLM wisdom from in 2025?
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or



Deep Learning Breakthroughs by Hinton
… at the University of Toronto, 2009–2012
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Large 
Language 
Models
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Source: GPT 4o
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 
which is maintained by a large number of scientists 
and engineers.



Modern LLMs Use the Transformer Neural 
Network Architecture
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Attention Is All You Need

Vaswani, Shazeer, Parma,
Uzkoreit, Jones, Gomez,
Kaiser, and Polosukhin

Google Research





ACL 1993



ACL 1993
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Distributional Clustering 
of English Words

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

Pereira       Tishby          Lee

Black
Lafferty
Mercer

Jelinek
Magerman

Roukos



Why was no one working on language models?

How were they hoping to get to artificial intelligence?
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The History of Language Models

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

1913

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

1948

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

1975
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But this technology wasn’t considered a pathway to machines with artificial intelligence:
For that we needed models of memory, knowledge representations, planning systems, 
and reasoning over abstract concepts



The history of modern (neural) AI/ML that many think of
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Experiments on perception and vision, 
with minute amounts of data

1950–2004

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
2009  CIFAR 10/100 – 600 images of 10/100 classes, 32x32 

2005–2009

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

2010–2017



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

1998

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

2000

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

2007

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

2018

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

2020–



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

1998

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

2000

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

2007

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

2018

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

2020–

Not enough compute!

Not enough model flexibility!

Not enough data!

LLMs go brrr! 



The Philosophical Turn Leading to Large Language Models



Jeremy Zawodny said….        [on a blog sometime in the 2000s]

Back in the late 90s when I 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 
quantities of knowledge at their fingertips. All they needed was 
ways to organize, classify, search, and collaborate.

I think we’ve made it. But the information isn’t organized like I 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!
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Source: GPT 4o
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 
which is maintained by a large number of scientists 
and engineers.

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

For most people now, LLMs are AI

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



Example MATH Level 5 question:

You have two circles, one with 
radius r and the other with 
radius R. You wish for the 
difference in the areas of 
these two circles to be less 
than or equal to 5π. If r + R 
= 10, what is the maximum 
difference in the lengths of 
the radii?

Amazing progress on math, science, and coding
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MATH Level 5 = Hardest  quarter of MATH problems from 
Art of Problem Solving & similar USAMO-level questions

Claude 3.7 Sonnet



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

“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

International Math Olympiad 2025
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Large Language Models and “Intelligence”
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Since ChatGPT, in the popular imagination, large language models have essentially become 
synonymous with artificial intelligence. What is AI?

The artificial part is easy:

“The science and engineering of making intelligent machines” 

– John McCarthy (1955)

What is intelligence?

Is language understanding and generation – or even doing mathematics –
distinct from general intelligence?
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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.

CA AB 2885



23

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



Intelligence vs. knowledge or task effectiveness
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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”



Intelligence
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“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)
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MoEUT 
Mixture-of-Experts Universal Transformers

Róbert Csordás, 
Kazuki Irie, Jürgen Schmidhuber, 

Christopher Potts, Christopher Manning



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

Motivation: Systematic Generalization

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

Add 5 and 3:

Add 8 and 10:

5 + 3 + 2 =

8 + 2 =

=10

10



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

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

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

Task Prior Work Transformer Universal 

Transformer

Rel. Pos. Enc. 

Transformer

Rel. Pos. Enc. 

Univers. Transformer

SCAN (length cutoff = 26) 0.00 0.30 0.21 0.72 1.00

CFQ Output length 0.66 0.57 0.77 0.64 0.81

PCFG Systematicity Split 0.72 0.87 0.93 0.89 0.85

COGS 0.35 0.80 0.78 0.81 0.77

Math: add_or_subtract 0.91 0.89 0.94 0.91 0.97



● A Mixture of Experts can act as a large layer, without computation overhead.
σ-MoE (Csordás 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
● This also helps avoid model collapse
● Goal is to simulate a big MLP
● Mid-MLP activations should not compete
● Weak selection entropy regularization

Extension 1: MoE MLP: σ-MoE



Extension 2: MoE Attention: SwitchHead
[Csordás 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

FFN output norm in a PreLN Transformer



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



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

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



Performance

MoEUT outperforms parameter-matched baselines with half of the MACs



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

Distribution of the preferred layers by 

individual experts

The number of experts used by individual 

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

• MoEUTs 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 MoEUTs

• 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

Shikhar Murty, Pete Shaw, Mandar Joshi, Kenton Lee, 
Dmitry Bahdanau, Christopher D. Manning



An Agent
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“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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Find the fastest route from a hotel near the Golden Gate Bridge to a café with a view of 

the bay on Market Street



Linguistic Agents
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Find the fastest route from a hotel near the 

Golden Gate Bridge to a café with a view of 

the bay on Market Street

Type … on …, Click on …, 
Choose … from dropdown, …



Linguistic Agents: Reality
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Linguistic Agents: Reality

43
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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

Learning from Interaction

[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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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. …

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

Your objective is to follow user instructions, 
by mapping them into a sequence of actions. 
Instruction: {g}

Language Model 
Policy

The capital of France is __

0

0.075

0.15

0.225

0.3

0.375

Paris London

Language Model

Action 
space

History

Observation

Instruction

Action 
string

Browser Control with Linguistic Agents

First Attempt: Zero-shot Linguistic Agents

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

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

Here is a history of your interactions:
s1:
s2:
…
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??? 

Browser Control with Linguistic Agents

First Attempt: Zero-shot Linguistic Agents

Cancel shampoo subscription from the list of “subscribe 
and save” items
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??? 

LMs cannot know how to navigate to the right section 

of a website without prior knowledge

How can we provide this prior knowledge about 

environments?

Browser Control with Linguistic Agents

First Attempt: Zero-shot Linguistic Agents

Order monthly delivery of descaler



Browser Control with Linguistic Agents
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Second Attempt: Behavioral Cloning with Human demonstrations

Collecting human demonstrations that cover most use-cases across websites is expensive
Humans learn about new web-interfaces simply by interacting with them. 
Can we do the same with models?
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Main Challenge: Given a new URL, it’s not even clear what kinds of goals exist!

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

Our work: Third Attempt, NNetNav, Discovering Goals in Web UI

[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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We can learn about goals on unknown digital inferences only by interaction

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

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

Our work: Third Attempt, NNetNav, Discovering Goals in Web UI
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An Exploration Policy interacts with a website to generate trajectories

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

NNetNav: Discovering Goals on Web UI
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We retroactively relabel interactions, using natural language to guide and shape exploration

• Find a BERT model for natural language processing tasks

• Find the occurrences of the term "tesla" in a dataset 

related to "natural language processing".

NNetNav: Discovering Goals on Web UI
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We retroactively relabel interactions, using natural language to guide and shape exploration

• 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.

• Find a BERT model for natural language processing tasks

• Find the occurrences of the term "tesla" in a dataset 

related to "natural language processing".

NNetNav: Discovering Goals on Web UI



55

Meaningful interactions on real-websites are long and often hierarchical

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

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

Use Linguistic priors

Using natural language to guide and shape exploration
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. . .  . . .  . . .  

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

….”
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. . .  

Navigate to the vllm 

repository on github.com

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

….”
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. . .  . . .  

Navigate to the vllm 

repository on github.com

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

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

….”
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. . .  . . .  . . .  

Navigate to the vllm 

repository on github.com

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

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

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

….”
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. . .  . . .  . . .  

Navigate to the vllm 

repository on github.com

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

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

Complex trajectories can be segmented such that prefixes correspond to sub-tasks. We can 

use this as a pruning function for structuring exploration!

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

….”
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NNetNav: Main Components

[Axtree observation + 

previous actions]

[prompt + persona + action-

space]

[action]

Exploration Policy

Base LLM

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

[Axtree observation + 

previous actions]

[prompt + persona + action-

space]

Exploration Policy

Base LLM

Actual browser observation

[action]
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NNetNav: Main Components

[Axtree observation + 

previous actions]

[prompt + persona + action-

space]

Exploration Policy

Base LLM

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

   [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'

  [226] button 'Restaurants', visible

   StaticText 'Restaurants'

  [233] button 'Hotels', visible

   StaticText 'Hotels'

  [240] button 'Things to do', visible

   StaticText 'Things to do'

  [247] button 'Museums', visible

   StaticText 'Museums'

  [254] button 'Transit', visible

   StaticText 'Transit'

  [261] button 'Pharmacies'

   StaticText 'Pharmacies'

  [268] button 'ATMs'

   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/ServiceLogin?hl=en&passive=true&continue=https://www.google.com/maps&service=local&ec=GAZAcQ'

 [386] button 'Show Your Location', visible, pressed='false'

 [400] button 'Zoom in', visible

 [412] button 'Zoom out', visible

 [421] button 'Show Street View coverage', visible

 [423] button 'Show imagery', visible

  [425] LabelText '', visible

 [469] LabelText '', visible

  StaticText 'Layers'

 [476] button 'Layers', visible, expanded=False

AxTree (Truncated)

Let’s think step-by-step. Given the state, I 

will click on [261] to check out nearby 

pharmacies. Action: click [261]

Base LLM: LLama-3.1-70B-Instruct

The Exploration Policy interacts the 

environment by generating actions from 

the action-space



[instruction]
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NNetNav: Main Components

[prompt] [trajectory-so-far]

Base LLM

Trajectory 

Labeler

[Axtree observation + 

previous actions]

[prompt + persona + action-

space]

[action]

Exploration Policy

Base LLM

The Trajectory Labeler takes a summary of the trajectory-so-far and outputs a plausible goal for 

that trajectory.



[instruction]
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NNetNav: Main Components

[prompt] [trajectory-so-far]

Base LLM

Trajectory 

Labeler

[Axtree observation + 

previous actions]

[prompt + persona + action-

space]

[action]

Exploration Policy

Base LLM

[instruction, traj-so-far][reward fn prompt]

[action]

Outcome Reward 

Model

Base LLM

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

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 0
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NNetNav: Structuring Exploration for Goal Discovery

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 0
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NNetNav: Structuring Exploration for Goal Discovery

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 0
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NNetNav pruning leads to efficient exploration. 

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

NNetNav: Structuring Exploration for Goal Discovery



Fully unsupervised, 
open-ended goal 
discovery on arbitrary 
websites (using LLMs)!
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NNetNav so far

URL1: http://..

URL1: http://..

URL1: http://..

Find requirements and course 

details for the Master of Applied 

Data Science degree at the 

University of Michigan.

Find detailed information 

about the chemistry of water, 

including its structure and 

properties.

URL1: http://..

URL1: http://..

URL1: http://..

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 

basic game development concepts"

NNetNav

Understand the methodology 

presented in the research paper 

'Spectroscopic and X-ray Modeling of 

the Strong Lensing Galaxy Cluster 

MACS J0138.0-2155'.



71

NNetNav Final Goal: Learning a Mapping from Goals to Trajectories

Exploration 
Trajectory

Labeled 
Goal

Just use the exploration trace?
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NNetNav Final Goal: Learning a Mapping from Goals to Trajectories

Exploration 
Trajectory

Labeled 
Goal

 Exploration trajectory contains sub-optimal local decisions

Just use the exploration trace?
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[Axtree observation + 

previous actions]

[prompt + instruction + 

action-space]

[action]

Instruction 

Following Policy

Base LLM

g: Find out how the founder of WallStreetBets' experience relates to investing.

previous-actions: 

[None]

g g

2. Generate goal-directed action for each trajectory prefix, offline

g

previous-actions: 
[None, type[…]]

previous actions:          
[None, type[…], click[…], …]

g

previous actions:                       
[None, type[…], click[…], …, a_23]

NNetNav: Mapping Goals to Trajectories
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[Axtree observation + 

previous actions]

[prompt + instruction + 

action-space]

[action]

Instruction 

Following Policy

Base LLM

g: Find out how the founder of WallStreetBets' experience relates to investing.

previous-actions: 

[None]

g g

2. Generate goal-directed action for each trajectory prefix, offline

g

previous-actions: 
[None, type[…]]

previous actions:          
[None, type[…], click[…], …]

g

previous actions:                       
[None, type[…], click[…], …, a_23]

NNetNav: Mapping Goals to Trajectories
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3. Best-of-k Rejection Sampling

previous-actions: 

[None]

previous-actions: 

[None, hover[…]]

previous actions:                

[None, hover[…], click[…], …]

previous-actions: 

[None]

previous-actions: 
[None, type[…]]

previous actions:          
[None, type[…], click[…], …]

previous actions:                       
[None, type[…], click[…], …, a_23]

previous-actions: 

[None]

previous-actions: 

[None, type[…]]

previous actions:                

[None, click[…], click[…], …]

R: 4

R: 3

R: 5

NNetNav: Mapping Goals to Trajectories
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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
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These datasets contain a huge variety of intents covering 100s of use-cases
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Input Output

We used the NNetNav datasets for SFTing the Llama-3.1-8B-instruct model
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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.

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

Agent #Params WebArena SR WebVoyager SR

GPT-4 Unk 14.1 33.5

Llama-3.1-8B 8B 1.0 4.4

Lai et al. 2024 7B 2.5 -

Ou et al. 2024 7B 6.3 -

Patel et al. 2024 72B 9.4 -

LLaVA-7b PAE + Claude 

(Zhou et al. 2024)
7B - 22.3

LLaVa-34B-PAE + Claude 

(Zhou et al. 2024)
34B - 33.0

Qwen2.5-7B-AgentTrek 

(Xu et al. 2024)
7B 10.5 -

Qwen2.5-32B-AgentTrek 

(Xu et al. 2024)
32B 16.3 -

LLama70b 70B 7.1 31.3

LLama8b-NNetNav-WA 8B 16.3 28.1

LLama8B-NNetNav-Live 8B 9.5 35.2

LLama8B-NNetNav-All 8B 14.9 34.1
Ours



Agent #Params WebArena SR WebVoyager SR

GPT-4 Unk 14.1 33.5

Llama-3.1-8B 8B 1.0 4.4

Lai et al. 2024 7B 2.5 -

Ou et al. 2024 7B 6.3 -

Patel et al. 2024 72B 9.4 -

LLaVA-7b PAE + Claude 

(Zhou et al. 2024)
7B - 22.3

LLaVa-34B-PAE + Claude 

(Zhou et al. 2024)
34B - 33.0

Qwen2.5-7B-AgentTrek 

(Xu et al. 2024)
7B 10.5 -

Qwen2.5-32B-AgentTrek 

(Xu et al. 2024)
32B 16.3 -

LLama70b 70B 7.1 31.3

LLama8b-NNetNav-WA 8B 16.3 28.1

LLama8B-NNetNav-Live 8B 9.5 35.2

LLama8B-NNetNav-All 8B 14.9 34.181

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

Ours

outperforms zero-shot 
GPT-4



Agent #Params WebArena SR WebVoyager SR

GPT-4 Unk 14.1 33.5

Llama-3.1-8B 8B 1.0 4.4

Lai et al. 2024 7B 2.5 -

Ou et al. 2024 7B 6.3 -

Patel et al. 2024 72B 9.4 -

LLaVA-7b PAE + Claude 

(Zhou et al. 2024)
7B - 22.3

LLaVa-34B-PAE + Claude 

(Zhou et al. 2024)
34B - 33.0

Qwen2.5-7B-AgentTrek 

(Xu et al. 2024)
7B 10.5 -

Qwen2.5-32B-AgentTrek 

(Xu et al. 2024)
32B 16.3 -

LLama70b 70B 7.1 31.3

LLama8b-NNetNav-WA 8B 16.3 28.1

LLama8B-NNetNav-Live 8B 9.5 35.2

LLama8B-NNetNav-All 8B 14.9 34.182

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

OSS VLM models not as 
good? 

outperforms zero-shot 
GPT-4

Ours



Agent #Params WebArena SR WebVoyager SR

GPT-4 Unk 14.1 33.5

Llama-3.1-8B 8B 1.0 4.4

Lai et al. 2024 7B 2.5 -

Ou et al. 2024 7B 6.3 -

Patel et al. 2024 72B 9.4 -

LLaVA-7b PAE + Claude 

(Zhou et al. 2024)
7B - 22.3

LLaVa-34B-PAE + Claude 

(Zhou et al. 2024)
34B - 33.0

Qwen2.5-7B-AgentTrek 

(Xu et al. 2024)
7B 10.5 -

Qwen2.5-32B-AgentTrek 

(Xu et al. 2024)
32B 16.3 -

LLama70b 70B 7.1 31.3

LLama8b-NNetNav-WA 8B 16.3 28.1

LLama8B-NNetNav-Live 8B 9.5 35.2

LLama8B-NNetNav-All 8B 14.9 34.183

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

Ours

OSS VLM models not as 
good? 

NNetNav is not just 
distillation

outperforms zero-shot 
GPT-4



Find a place to climb within 2 miles of zip code 90028.

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?

Some rollouts from LLama8b-NNetNav-Live



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. 

Assigning issues on GitHub

Some rollouts from LLama8b-NNetNav-WA



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. 

Creating a shipping report

: self-correction!



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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