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nstructor Bio

Ath-year CS PhD student For Fun:

- Stanford Piano Society!

Upcoming: |

| - https://piano.stanford.edu/
- Anthropic Fellows Program - 1G: @stanfordpiano
Previously:

- Carnegie Mellon & UWaterloo
- Amazon, NVIDIA, & Contextual Al

Research Interests:

- Data-centric scaling laws for reasoning
and generalization

Steven Feng - Efficient reasoning in SLMs and
data-limited regimes
Email: syfeng@stanford.edu - Human and cognitively-inspired learning

signals
and evaluation for foundation models

- Long-term memory and continual learning Stanford University

Website: styfeng.github.io
Twitter: @stevenyfeng



nstructor Bio

3rd-year EE PhD student

Research Interests:

- Computer Vision & Neuroscience (tMRI, Ultrasound)
- Language Models & Efficiency (Curriculum Learning, RAG, etc.)

- Currently = Foundation Models for Neuroimaging

....

D Previously:
. - EE Undergrad @ Cal Poly SLO

ML)
<

- Post-Baccalaureate Researcher @ Stanford Radiology (RSL)

Karan Singh

For Fun:

: 2 : - : Pt .
Email: karanps@stanford.edu - M Piano, ,£ Badminton, % Working Out, ¥ Cooking

Welbsite: karanps.com

Stanford University
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‘hanks to Our SpPoONSsoOrs

Making Transtormers United V6 possiple!

LGNS 0 MongoDB.

Stanford University



Frontier Lunch Club

(525 students meet founders and researchers off-stage.

3 RECRUITING PIPELINE
Get added to AGI House's talent network. Top Al labs and

startups 1in our network hire from this community.

‘a* A SEAT AT THE TABLE

Small group dinners and lunches with founders and
researchers from the AGI House network.

W $1,000 PRIZE

The best project from the group wins $1,000. We'll share
more at the first event.

Application-based - Spots are limited

Q MongoDB.

APPLY NOW

@ AGI HOUSE




Course Logistics




Course Website

Logistics FAQ Recordings &

CS25: Transformers United V6 Instructors

Steven Feng
A"i
\&4® Karan Singh
i h

CS25 has become one of Stanford's hottest seminar courses, featuring top researchers at the
forefront of Transformers research such as Geoffrey Hinton, Ashish Vaswani, and Andrej
Karpathy. Our class has an incredibly popular reception within and outside Stanford, and
millions of total views on YouTube. Each week, we dive into the latest breakthroughsin Al,
from large language models like GPT to applications in art, biology, and robotics. Now on our
sixth iteration of the course, we are excited to bring you fresh perspectives on where
Transformer research is heading next.

The only homework for students is weekly attendance to the talks/lectures. Anybody is free
to audit in-person or join our Zoom livestreams - you don't have to sign-up or be
affiliated with Stanford! (Please do not contact us about this). We also have a lively Discord
community (over 5000 members) - feel free to join and chat with hundreds of others about

Transformers! Time and Location

Spring Quarter (March 30 - June 3)
Logistics Lecture Videos Discord Thursdays 4:30 - 5:50 pm PDT

Skilling Auditorium | Zoom Link | Slido

Christopher Manning

Date Title Description

April 2nd First Class! [In-Person] Speaker Schedule Coming Soon!

CS25Staniceal Stanford University


http://cs25.stanford.edu

Course Logistics

% Lectures: Thursdays 4:30 - 5:50 pm PDT (Skilling Auditorium and Zoom)

% Enrollment 190 student max, also waitlist [ Axess]

% Only homework: attendance! In-person required for weeks with in-person speakers, Zoom

otherwise

» Allowed 3 unexcused absences - track attendance using a Google Form (and Zoom audience list)

starting next week

% Ask guestions during and after presentation (chat in Zoom or use slido, no voice on Zoom!)

» Submit questions to sli.do (code: SU_CS25)
Stanford University


https://www.sli.do/

‘hroughout the Quarter

< Join our Discord server! Link on website!

» Zoom Livestream (Public / Open Auditing) & Recordings (Released 2 Weeks Later).
% Social Events (TBD) + Potential 1-on-1 Networking with Speakers!

% In-person questions: please raise your hand - editors will block out your voice!

% Your image or voice may be incidentally captured by video cameras in the back of the

[OOIM

» An editor will remove any student appearances before videos are published. Contact us

with any guestions.

Stanford University
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Disclaimers: Auditing & Zoom

% Zoom meeting has limit of 500 participants

% Another reason enrolled students should come in person!

% Do not unmute yourself on Zoom! Any questions/concerns? Send in chat

% In-person auditors: please give seats to enrolled students who have priority

% Inappropriate behavior will result in blacklist from the course

(and maybe other conseqguences with Stanford)

Stanford University



11

What you'll take away trom CS25

N
%*

NG
%

N

N
%

NG
%

w A better understanding of how transtformers really work — from attention to scaling

& Cutting-edge applications in language, vision, biology, robotics, and more

/7 Live exposure to frontier research from speakers shaping the field

% |nnovative methods driving the next generation models

Key limitations, open problems, and the future of Al (assuming that includes humans)

Stanford University



Attention Is All You Need?
An Intro to Transformers
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Supervised Deep Learning
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Supervised Deep Learning
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Case Study: Language

ML work in language followed a similar trajectory, moving from simple, feature-based tasks like
sentiment analysis to the highly effective casual language modeling framework.

My experience was fantastic! w

he product is ok | suppose. Language Model e ¥

Your support team is useless! @

16 Stanford University
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Case Study: Language

Language is sequential and context-rich, where each word or sentence naturally constrains and predicts
the next.

CSO5isthe — Causal Language —

Model

Stanford University
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Case Study: Language

Language is sequential and context-rich, where each word or sentence naturally constrains and predicts
the next.

CS25isthe —» Causal Language — best

Model

Stanford University



Case Study: Vision

Like you might've guessed, vision was no different, and followed a similar trajectory and gradual
transition to self-supervised methods.
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Case Study: Vision

Vision is spatially structured rather than sequential, so models rely on technigues like random masking to

learn, but its moderate dimensionality makes effective modeling feasible.
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Word Embeddings

N/
%*

Words — Dense Vectors in High-Dimensional Space

Semantic Similarity: “king” - “man” + “women” = “queen”

Enable arithmetic, visualization, and learning

Classic Methods: Word2Vec, GloVe, FastTex

But... static embeddings have limitations

Contextual embeddings solve this problem
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Pre-Transformer: RNNs

% RNNs (Recurrent Neural Networks): Sequence models that process inputs step-by-step

while maintaining a hidden state that carries information forward through time.

f f 1 1
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% LSTMs (Long Short-Term Memory networks): A gated variant of RNNs designed to better

oreserve long-range dependencies through input, forget, and output gates.

23 Stanford University



[Tanstormers in 2 Min

% Self-attention: learns what to focus on for each token (words broken up)
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Analogy for QKV

< Imagine you're in a library looking for information on a specitic topic (query)

% Each book in the library has a summary (key) that helps identify its content

% Once you find a match between your query and a summary, you access the book to get the detailed

information (value) you need

% In attention, we do a “soft match” across multiple values / get info from multiple books (“book 1 is

most relevant, then book 2, then book 3, etc.”)

K
Attention(Q, K, V) = softmax V

Stanford University
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lrans:

% Self-attention: learns what to focus on for each token (words broken up)

Layer: . Attention: % All v

,» [CLS]

ormers in 2 Min
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[SEP]
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[SEP]
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[Tanstormers in 2 Min

% Self-attention: learns what to focus on for each token (words broken up)

% Positional encoding: adds order to sequences

BERT ~_RoOBERTa GPT2
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[Tanstormers in 2 Min

% Self-attention: learns what to focus on for each token (words broken up)

% Positional encoding: adds order to sequences

% Multi-head attention: more heads/parameters means we can capture diverse relationships

~
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RNNsg vs. Transtormers

% Attention allows for parallelism; RNNs by design

must process sequences one step at a time @ [j @ T W
a<0>_’ - — > > g

% Long-contexts are handled better by transformers; <> | o3> o<t SR

RNNs (and LSTMs at sufficient scale) suffer from

vanishing gradients and “diluted hidden states” h,

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

LSTM Memory Cell
Input gate

N/

% Attention allows memory access to all previous tokens

iNn the context; RNNs are limited to implicit memory via

their hidden state.

30 Stanford University
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NG
%

N

NG

[Tansformers Today

LLMs: GPT-5, DeepSeek, Claude, Gemini, LIama, etc.

Vision: CLIP, Segment Anything, DINOvZ2

Speech: Whisper, Voicebox

Biology: AlphaFold-3

Video: Sora, Runway, Pika, Seedance 2.0

Robotics: RT-2, Code as Policies

And so much more!

Stanford University



32

Large Language Models

% Scaled up Transformer architecture: billions of parameters + heavy computational cost (time, GPUS)

% Pretrained on massive amounts of “general” textual data (e.g. web corpus)

% Training objective of “next token prediction”: P(Wi|Wi,Wi,... W)

% Emergent abilities as they scale up (e.g., chain-of-thought reasoning)

% Larger general ones: “plug-and-play” with few or zero-shot learning

» Train once, then adapt to other tasks without needing to retrain

» In-context learning and prompting

Stanford University



Pretraining & bata Importance
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['ne Impact ot

I )

Data tfor Artificial Intelligence

Pretraining: initial stage of training an LLM from scratch (random weights)

Goal: obtain a general (unspecialized) level of intelligence and capabilities
Data is the tundamental “fuel” for all ML and Al models to learn

Arguably the most important aspect of ML training, particularly pretraining
Especially for LLM: pretrained on billions or trillions of tokens

Because of its importance, how do we maximally leverage it?

Stanford University
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r

Data strategiles:

Or

LM Training

% How can we train language models more effectively with smart data strategies?

» Project 1: Baby-Scale Language Learning from Individual Environments — how do

differences in real child language environments impact model learning at small scales?

» Project 2: Bilingual Language Modeling under Controlled Exposure — can LMs learn

multiple languages simultaneously without interference, and does input structure matter?

35

Stanford University
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omarter Data otrategles tor LM [raimning

% How can we train language models more effectively with smart data strategies?

» Project 3: Curriculum-Guided Layer Scaling for Language Model Pretraining — can

scaling data complexity alongside model depth improve downstream performance?

» Project 4: Scaling Laws for RAG-Considerate Pretraining — a study on optimal

allocation of data between pretraining and retrieval-augmentation

36 Stanford University
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What Are Some Key Dilterences?

12 PaLM

Continual learning vs. single pass Rl fhuieh e beuilusipaiiiy

GPT-3
Gap of ~4-5 orders of
maghnitude

(WY
o

Interactive, goal-based vs. autoregressive

Words of input (log10)
00

Grounded in continuous multimodal/multisensory dato 6 /T;T'\TTT"
: : 4
(e.g. BabyView) vs. text-only or text + image | ' '
. o . . o o o . 0 5 10 20
Hierarchical/compositional-based learning vs. statistical learning e e

Focus here: potential language data differences

Also, thoughts/ideas from Michael C. Frank’s tweet and paper

Stanford University


https://arxiv.org/abs/2406.10447
https://twitter.com/mcxfrank/status/1640379247373197313
https://www.sciencedirect.com/science/article/pii/S1364661323002036
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Why Investigate Small Models & Small Data”

% Greatly improve efficiency of training and using LLM

% Open up new doors and potential use-cases

% |Improved interpretability and alignment

% Enhanced open-source availability

% Technigues discovered here can possibly be applied to larger-scales

% Greater understanding of cognitive models of humans and how we learn language

efficiently

Stanford University
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Baby Scale: Investigating Models Trained
on Individual Children's Language Input

‘" Ny
(' ¢ ; » v
\_3 . ‘0

Steven Y. Feng Alvin WM Tan Michael C. Frank

Stanford University
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Can language models learn from one childs input?

% Human children learn from far less language than modern LLMs
% But most small-scale LM work still uses fixed or mixed datasets
% We wanted to ask:
» How models scale at child-scale data sizes
» How much performance varies across individual families
» What properties of the input make some child environments better for learning
% BabyView lets us train “synthetic learners” on the language input from individual children’s

homes

Stanford University
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NG NG NG NG NG
% % 0‘0 % %

N
%

Experimental Setup

Data: BabyView, egocentric recordings + transcripts from 20 English-speaking families
Family datasets range from ~1k to 725k tokens
Compare against larger synthetic TinyDialogues data for broader scaling analysis
Models trained: GPT-2 & GPT-BERT
Fvaluate: Zorro (grammar), Word Similarity & COMPS (semantics), EWoK (world knowledge)
Conditions:

» Individual-family models

» Size-matched family mixtures

» All-families model

Stanford University



A Zorro WS B Zorro WS
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Figure 2: Performance scaling of (A) BabyView experiments and (B) TinyDialogues experi-
ments across all four benchmarks. Each color denotes a separate model; different markers
show different experimental conditions. Lines of best fit show average linear relationships.

Stanford University
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Figure 1: Broader performance scaling with data quantity across all four benchmarks. Each
color denotes a separate dataset, with different markers showing different models. Gray
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curves show spline-smoothed average relationships across all data.
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Resul

Scaling

N N N
% % %

N
%

N
0‘0

(S

Scaling depends on the task (depends on the task)

TinyDialogues shows more classical scaling across all four benchmarks

Baby scale data fits into broader scaling trends

Dataset size not enough to explain di

Terences at baby scale

Families produce noticeably different model performance

% Gains come less from raw lexical diversity and more from:

» Contextual diversity

» Discourse diversity

» Speaker / interactional diversity

Stanford University
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What Predicts Better Performance..

N
%*

X

oo
)
)

4

Comprehensive linguistic analysis of BabyView dato
Strong predictors were not just token count
Top features included:
Bigram mutual information
POS bigram entropy
Caregiver / child POS-tagged token coverage
Child-to-caregiver semantic pair count
Cumlber of conversations

Distributional divergence from other datasets

Beyond Size’?

Stanford University



What Predicts Better Performance Beyond Size”

% Overall, better-performing datasets seem to be:
» More structuread
» More diverse
» Richer in interaction and coverage

% Lines up with child language research emphasizing quality, not just quantity

48 Stanford University
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[akeaways

% Child-scale LM learning is possible, but task-dependent

% Grammar scales better than semantic and world knowledge
% Variation across individual children’s language environments
< Input composition, structure, coverage matter most

% Studying child-scale data may help both:

» Build more data-efficient LMs

» Understand human language acquisition better

& https://arxiv.org/abs/2603.29522

github.com/styteng/babyscale-L M

Stanford University


http://github.com/styfeng/babyscale-LM
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Bringing Up a Bilingual BabyLM:
Investigating Multilingual Language Acquisition
Using Small-Scale Models

l' . &
" ¢ » » v
\ W A= L

Linda Zeng Steven Y. Feng Michael C. Frank

Stanford University



Researcn Questions

Want ¢ Quieres . o |
milk?  leche? RQ1: Does bilingual training cause interference or confer

advantages compared to monolingual training?

RQ2: How do bilingual exposure structures (speaker-split vs. mixed input;
sentence- vs. word-level code-switching) influence performance?

¢, Want
= - . .
SC_ guor® RQ3: How do these effects vary with model size, total data scale,
v and language proportion?

g

\’

51 Stanford University



Want ¢ Quieres
milk?  leche?

¢ Want

lec he '
Qui milk

®

x

€S

(Feng et al.,2024)
52

ENGLISH TOPLINE

SPANISH TOPLINE

ENGLISH
BASELINE

(random)

(by-speaker)

MULTILINGUAL

(random)

(sentence-level)

CODE-SWITCHING

(word-level)

EN (100M)

SP (100M)

(by-speaker)

EN (50M) ;

EN (50M) ]
EN (50M) &  SP(50M)
EN(50M) | SP (50M)

EN-SP (100M)

EN-SP (100M)

—_——

Mom: Want milk? Let’s go to the kitchen.
Dad: Time to sleep. Good night!

Mom: ; Quieres leche? Vamos a la cocina.
Dad: Time to sleep. Good night!

> Mom: Want milk”? Let’s go to the kitchen.

Mom: Want milk? Let’'s go to the kitchen.
Dad: Hora de dormir. jBuenas noches!

Mom: ; Quieres leche? Let's go to the kitchen.
Dad: Time to sleep. jBuenas noches!

Mom: Want leche”? Vamos a la kitchen.
Dad: Time to dormir. jBuenas noches!

Stanford University
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RQ1: Does bilingual training cause interference or confer

advantages compared to monolingual training?

RQ2: How do bilingual exposure structures (speaker-split vs.
mixed input; sentence- vs. word-level code-switching)

influence performance?

RQ3: How do these effects vary with model size, total data

scale, and language proportion?

Stanford University
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Low perplexity over English and Spanish text demonstrates that multilingual

models accurately predict the next word in both languages.

Training Condition

English Baseline (random)
English Baseline (by-speaker)
Multilingual (random)
Multilingual (by-speaker)
Code-switching (sentence-level)
Code-switching (word-level)
English Topline

Spanish Topline

PPL (EN) PPL (SP)
4.63 + 0.18 >100000
2.61 £0.02 2.82+0.02
3.04 = 0.01 3.37 =0.02
5.26 = 0.56 6.06 = 0.61
3.19 - 0.05 3.74 + 0.01
2.43 1+ 0.00 >100000

>1000 2.64 + 0.01

Stanford University
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Grammaticality performance is the same between the English baseline and
all multilingual conditions.

- Zorro (English) Across Models

Accuracy (%)
o)
-

o
o
]

50 - -
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Word similarity performance is the same between the English baseline and
all multilingual conditions.

Word Similarity (English) Across Models
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RQ1: Does bilingual training cause interference or confer

advantages compared to monolingual training?

RQ2: How do bilingual exposure structures (speaker-split vs.
mixed input; sentence- vs. word-level code-switching)

influence performance?

RQ3: How do these effects vary with model size, total data

scale, and language proportion?

Stanford University



Grammaticality performance is the same between different multilingual

conditions.
Zorro (English) Across Models
80
75 - e —
? 70 n
>
> 6D -
Qo
qo]
—
= 60 -
S
< 55 -
50 - o
6‘\60‘\ Qe’a\"e 3060?} Q?f‘}\be Ge‘\e\le AN © «QOQ\\\ QOQ\\‘\
A i ¢ vy e \\“0( Nl O
W\ \ O\ \ o 4 D
e S OO > &% S A\ 3
Q,’é“a ne NS PR 0,,\ o S
NG X \1\\3\‘ W o RO 3
Q}\Q \'\‘5\\ &0 5\4\\” 066‘
g0 co® C’
Model

58 Stanford University



Word similarity performance is the same between different multilingual

conditions.
Word Similarity (English) Across Models
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RQ1: Does bilingual training cause interference or confer

advantages compared to monolingual training?

RQ2: How do bilingual exposure structures (speaker-split vs.
mixed input; sentence- vs. word-level code-switching)

influence performance?

RQ3: How do these effects vary with model size, total data

scale, and language proportion?

Stanford University
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Data (hot model size) affects performance.

GPT2-mini
(V3 the parameters)

20M words
(5 the data scale)

Condition WS (EN)  Zorro (%)
English Topline 0.58 £0.01 77.11 £ 0.61
English Baseline (by-speaker) 0.55+£0.01 75.73 £1.02
English Baseline (random) 0.55+£0.01 75.25+1.11
Multilingual (by-speaker) 0.55+£0.01 76.09 £ 0.82
Multilingual (random) 0.55£0.01 74.97 £2.03
Code-switching (sentence-level) 0.56 £0.00 75.16 4= 1.12
Code-switching (word-level) 0.52 £0.05 75.52 +1.01
Spanish Topline 0.08 £0.00 50.21 +1.24
Condition WS (EN)  Zorro (%)
English Topline 0.47 +=0.03 73.86 ==1.92
English Baseline (by-speaker) 69.65 + 0.57
English Baseline (random) 0.33 £0.02° 72.09 £ 0.75
Multilingual (by-speaker) 70.42 4 0.92
Multilingual (random) 0.33£+£0.02 70.82 +1.06
Code-switching (sentence-level) 0.38 £0.02 71.65 £4.58
Code-switching (word-level) 0.30+0.02 68.86 +1.86
Spanish Topline 0.06 £0.01 47.57 +£2.12

(versity
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RQ1: Does bilingual training cause interference or confer
advantages compared to monolingual training?

% No LT interference: Adding Spanis

aCross perplexity, syntax, or semantics.

% Successful bilingual learning: Models acquire L2 and

Mmaintain

strong cross-lingual performance.

N does not harm English

Stanford University



RQ2: How do bilingual exposure structures (speaker-split vs.
m(”,j ég(‘:‘ferjs mixed input; sentence- vs. word-level code-switching)
| | influence performance?

% Exposure structure is surprisingly irrelevant: Speaker splits
and even word-level code-switching do not degrade L1.

;. Want

lec he '
Qui milk

€S
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RQ3: How do these effects vary with model size, total data
scale, and language proportion?

N
%*

Data scale matters more than model size

Stanford University



lakeaways

- No bilingual confusion: Models retain
monolingual L1 performance while successftully
acquiring L2.

- Speaker splits and word-level code-switching
have minimal impact.

- Data drives outcomes: Performance scales
with matching-language exposure (not model
size).

& https://arxiv.org/abs/2603.29552

github.com/styteng/bilingual-babyl M

Stanford University
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Retrieval Augmented Gen.
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Basic Idea
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Studying -

RAG Scaling

How much RAG

—
1M should you use?
DCLM 30M — 3B Parameters
(30M - 100B)
t
o /
X /
E entee
(QUGFY) —_— otrieve .g /,
¥ !
/
/
RAG Store Pretraining Tokens’

(30M — 20B Tokens)

68

Perplexity

- —e— 30M

" —e— 3B

‘\o<8ﬁ:_0"

Larger Models
Saturate Quickly

Small Models Benefit
More from RAG

—0— 728M

'Fractioln of Dafa Used' for Ret“rieval |

Stanford University
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ow Much RAG is Optima.

Pretraining Tokens Saved Per Retrieval Token

Perplexity Improvement Per 1B Retrieval Tokens

c ; 10
% 10
|_
T 10"
D 107
= - —_
&J —”—’ S
- ~ 0
1 22— a 10
GLJ 10 & }’——”’ : 9
o I =2 O
8 = —”” . e b 1
> 1 0 o e o, | em— < 10
—” (o}
- . o
2 _1'—— Crossover Point S_; B \ﬁ Y&
2 10 ~ 10
=
=
®© 4072 —— N=30M —— N=728M 08 — N=30M —— N=728M
-'ClJ' — N=136M N=1.0B —— N=136M N=1.0B
o —— N=233M N=3.0B —— N=233M N=3.0B
10 10 10° 10 10 10°

Pretraining Tokens per Parameter

Pretraining Tokens per Parameter
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Want to Learn More”

% Contact: karanps@stanftord.edu & syfeng@stanford.edu

% Paper: https://arxiv.org/abs/2604.00715

70 Stanford University


mailto:karanps@stanford.edu
mailto:syfeng@stanford.edu
https://arxiv.org/abs/2604.00715

Curriculum-Guiced sScaling




Motivation

% As the cost of LLM pretraining grows,
there is continued interest in strategies
to improve learning efficiency

X Typ|cc1\ oret

% Inspired by human deve

gradua

712

v scale models |

INcreas|

raining differs signiticantly
from how humans learn,
iNn models t

and results

nat can struggle at reasoning

opment, can we

N tandem with

ngly complex data?

(454
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Votivation

% Synthetic datasets: TinyStories

Ex: Once upon a time, in a small town, there was a little boy named Tim. Tim loved ice-cream so much. One day, he saw an
ancient ice-cream truck. The truck was very old and slow, but it had a big sign that said “Ice-Cream”. Tim went to the truck
and said, "Hi, can I have ice-cream, please?" The ice-cream man looked at him and said, "Sure, little boy. Here you go." Tim
took the ice-cream and started to eat it. But it did not taste good at all. It tasted very bad...

% Data filtering: DataComp-LM

% Image data filtering: MetaCLIP

Stanford University



Prior Work - Stacking

BERT Stacking (ICML 2019) MIDAS (NeurlPS 2024)

°

Encoder

Encoder Encoder Layer x 2L i

Layer x L Layer x L N

Embedding Embedding Embedding )
Stacking Algorithm GradStack Layer Similarity

74 Stanford University



Method

Model Size Transferred Random Init.
8 Layers 10 Layers 12 Layers 16 Layers
—_ — — 1B LM
Easy Hard Easy Hard Easy Hard Easy Hard
20% Budget 20% Budget 20% Budget 40% Budget

e ———
Data Complexity

Ei+) .= (@ . @0 o, @random . o0 o O )
1:k k+1:n norm . .
75 SRS m Stanford University
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Results

Model The Pilet PIQAT ARC-ET ARC-C' HellaSwag" Lambada®™ Average'
GPT-2-Small
Pretrained GPT-2-Small* 23.97 62.51% 39.48%  22.70% 31.14% —_— 38.96%
Baseline (Randomized) 37.51 58.00% 36.11% 21.08% 26.60% —_ 35.45%
Baseline (Curricularized) 36.09 59.09% 36.78%  22.18% 26.43% —_— 36.12%
Layer Scaling Only 39.67 58.76% 35.82%  21.42% 26.35% —_— 35.59%
MIDAS (Saunshi et al., 2024) 49.90 56.91% 3481% 21.16% 25.66% — 34.64%
CGLS (Simple) 35.93 59.03% 37.67% 21.76% 19.50% — 34.49%
CGLS 34.33 60.12% 36.62%  22.53% 26.55% — 36.46 %
Llama-3.2-1B
Pretrained Llama-3.2-1B* 9.25 74.32%  60.56% 36.52% 63.67% 62.00% 59.41%
Baseline (Randomized) 20.83 59.09%  36.36%  24.24% 34.20% 32.99% 37.38%
Baseline (Curricularized) 21.93 58.27% 35.19%  25.43% 34.65 % 33.09% 37.33%
Layer Scaling Only 2953  57.45% 32.58% 23.46%  30.00% 2773%  34.24%
MIDAS (Saunshi et al., 2024) 27.64 55.44%  32.58%  24.23% 29.62% 25.87% 33.55%
CGLS 25.34 61.21% 41.37% 25.43% 34.65 % 32.74% 39.08 %

Table 1. Evaluation results comparing CGLS and baseline approaches across average perplexity on The Pile dataset and core reasoning-
and knowledge-intensive downstream tasks.

Stanford University
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Results

Model Pilet PIQAT ARC-ET ARC-CT  HST LBDT Avg" | GPQAT T9+' ORET BT
Llama-3.2-1B (20B Tokens)

BL-R 2633 63.00% 41.79%  23.38% 33.52% 30.37% 38.41% | 25.22% 2.787 17.30% 0.235%
BL-C 2458 63.55% 4297% 24.83% 34.61% 32.66% 39.72% | 22.32% 2947 20.61% 0.401%
CGLS 2299 67.36% 4697% 26.28% 36.80% 34.08% 42.30% | 29.24% 3.568 17.03% 0.539%

Table 3. Evaluation results comparing CGLS and baseline approaches (BL-R refers to the compute-matched baseline trained on
randomized data, and BL-C refers to the compute-matched baseline trained with a curriculum) at the 20B-token scale, aligned with the
20x data/parameter ratio in (Hoffmann et al., 2022). All models are compute-matched.

Stanford University
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DISCUSSION

% TLDR: Testing at GPT-2-Small (124M parameter) and Llama-3.2-1B scales, combining

NG
%

orogressive model growing with a structured curriculum “unlocks” the potential of layer

stacking technigues.

Not all tasks benefit equally from the progressive curriculum, and at LLaMA-3.2-1B scale,

the randomized baseline achieved slightly better perplexity despite underperforming on

reasoning tasks.

Future potential: finer tuning of hyperparameters, alternative notions of curriculum,

applying this idea to other modalities like the image domain or medical imaging / TMRI.

Stanford University



Want to Learn More”

% Contact email: karanps@stanford.edu

% Paper: https://arxiv.org/abs/2506.11389
LI

i
Ok
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Overall Takeaways




Unified Insights on Data Strategies for LMS

% Data effectiveness is not just volume but quality, structure, and how it's used
% Data selection and strategies are important considerations

> Project 1: Baby-Scale Language Learning from Individual Environments — Individual

environments vary; differences are driven more by data composition & quality than
quantity.
> Project 2: Bilingual Language Modeling under Controlled Exposure — Models can learn

two languages effectively without confusion, regardless of exposure structure.

g Stanford University



Uni

fled

r

nsignts on .

Data otrategles:

Or

LLMs

> Project 3: Curriculum-Guided Layer Scaling for Language Model Pretraining — scaling

vour model alongside a data curriculum improves downstream performance up to 1B

scale.

> Project 4: Scaling Laws for RAG-Considerate Pretraining — Optimal performance

comes from balancing parametric learning (pretraining) and external memory (retrieval).

32

Stanford University



Our research underscores that effective language modeling isn’t just
about amassing data but about smarter data utilization strategies
that harness its structure, quality, and characteristics. By continuing
to refine data-centric approaches, the future of LLM training promises
smarter, more efficient, and highly adaptable models.

83 Stanford University
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Post-

raining and |

Il

ference-

1me Compute

% After we have a pre-trained a generally capable model, what now?

» How do we adapt it to specific tasks, scenarios, users, domains, etc?

 Major strategies:

» Fine-tuning / alignment

» Prompt-based methods

» RAG / retrieval-based methods

» Agents / tool use

Stanford University
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Improving .

Prompting the model to “think step by step” before answering
Intermediate steps provide guidance through reasoning problem
Similar to human thought process: decompose multi-step problems
Provides an interpretable window into behavior of the model

(how it arrived at an answer, where it goes wrong in its reasoning patl)
Suggest that deep in the model's weights, it knows more

apout the problem than just prompting a response

Reasoning With Chain-ot-Thought (CoT)

2

(10), (Standard)

Ref: https://arxiv.org/abs/2201.11903
Stanford University



https://arxiv.org/abs/2201.11903

~xample: Chain-or-Thought Reasoning

Standard Prompting Chain-of-Thought Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of

tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?

A: The answer is 11. . Roger started with 5 balls. 2 cans of 3 tennis balls
2ach is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to

do they have? make lunch and bought 6 more, how many apples
\ ) | do they have? |

A: The answer is 27. x

Ref: https://arxiv.org/abs/2201.11903
Stanford University
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Extending Co'l

—>

ree-of-Thoughts

% |Instead of producing a singular reasoning path, model considers multiple reasoning paths

% Use self-evaluation to decide on outputs (i.e., majority vote, debate, etc.)

Prompting (10)

Figure 1: Schematic illustrating various approaches to problem solving with LLMs. Each rectangle
box represents a thought, which is a coherent language sequence that serves as an intermediate
step toward problem solving. See concrete examples of how thoughts are generated, evaluated, and
6|

searched in Figures

......

24

Prompting (CoT)

------

------

~

Majority vote

(a) Input-Output (c) Chain of Thought  (c) Self Consistency

with CoT (CoT-SC)

(d) Tree of Thoughts (ToT)

Ref: https://arxiv.org/abs/2305.10601

Stanford University
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% Generates code as the intermediate reasoning steps

‘:‘ O r

% Formalizes longuage into programs to arrive at better,

Mmore precise answers

% Related work: Program of Thoughts Prompting

[https://arxiv.org/abs/2211.12588]

Ref: https://arxiv.org/abs/2211.10435

89

Extending CoT — Program-of-Thought

Chain-of-Thought (Wei et al., 2022) Program-aided Language models (this work)

—{( Input ) —{( Input )
\ Q: Roger has 5 tennis balls. He buys 2 more cans of \

tennis balls. Each can has 3 tennis balls. How many
Q: Roger has 5 tennis balls. He buys 2 more cans of tennis balls does he have now?
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

tennls balls = 5

bought balls = 2 * 3
ennis balls. The answer is

Q: The bakers at the Beverly Hills Bakery baked 200 answer = tennis balls + bought balls

loaves of bread on Monday morning. They sold 93 loaves o

in the morning and 39 loaves in the afternoon. A grocery Q: The bakers at the Beverly Hills Bakery baked 200
store returned 6 unsold loaves. How many loaves of loaves of bread on Monday moming. They sold 93 loaves
bread did they have left? in the moring and 39 loaves in the aftemoon. A grocery

store returned 6 unsold loaves. How many loaves of bread

\did they have left? /
Model Output

A:

loaves baked = 200

loaves sold morning = 93

The answer is 62. loaves sold afternoon = 39
K / loaves returned = 6
The answer is
answer = loaves baked - loaves sold morning

- loaves sold afternoon + loaves returned

\'_“, )

Figure 1: A diagram illustrating PAL: Given a mathematical reasoning question, Chain-of-thought (left) generates interme-
diate reasoning steps of free-form text. In contrast, Program-aided Language models (PAL, right) generate intermediate
steps and Python code. This shifts the role of running the reasoning steps from the language model to the Python 1nterpreter
The final answer is obtained by running the generated reasoning chain. Chain-of-thought reasoning is

PAL steps are highlighted in gray and pink;the Python interpreter run is [Nl SETS SEUT e

Stanford University
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Proplem Decomposition: Socratic Questioning

‘0

» Self-questioning module to use LM to propose “subproblems” related to the original problem

% “Divide-and-conquer” algorithm that simulates self-questioning and iterative thinking

‘0

» Recursively answer sub-problems to solve the original problem

=== ========= > <Q),HI >
. I
Question: — l |
What fills the H° := [HO H{] 1 Self-Questioning (SQ) J

(Floating in the J balloons? (Low density : /N
air l gas like helum|) Y _ ____, < Ql Hl> €« === == < Ql Hl > < Ql Hl > =y |
* . . ] [ 1,117, I 2,117, Ny 117, Hj
* Related work: Least-to-Most Prompting . — . | . |
1S [he state . can make a — TE — TE:
of the balloon? J Helium (balloon float? : Hl,'_ [H; Hi] 5Q HY = H 1'le3] %Q_I
Enables Complex R ing in L e '
nablesS L.ompiex ~easoning in Large , Balloon has — =2 | <QLH%I> - <QiH%I>
e B gl lower density | i | = — I N
oy LS I | : | H® == [HY H ) | 1ought Backtracking
Language Models [https://arxw.org/abs/ (l;‘:hﬁymf; " )] | | : Wait to receive all return hints
oon 1o L _1’1:3 < Q3 H3 1> E A;-* —-—— - Received all return hints
. ) . . l | — Qf The i*" question at depth d
2205.10625] Flgure l: Example .of a comple)f wsuql question solved SQ || H? = (% ¥ O Tty
in the human thinking process, involving raising M I Image
and commonsense questionS. h L ﬁia The return hint to question Qf ™! )

Ref: https://arxiv.org/abs/2305.14999
90 Stanford University
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Proplem Decomposition: Computation Grapns

% Formulate compositional tasks as computation graphs, breaking down reasoning into sub-
orocedures

 Takeaway: Transformers can solve compositional tasks by reducing reasoning into
subgraph matching, without developing systematic problem solving skills

% Related work: Graph of Thoughts: Solving Elaborate Problems with LLMs [arXiv:
2308.09687]

4 N
function multiply (x[l..p]l, v[l..q]):

// multiply x for each y[1i]
for 1 = q to 1

carry = 0

for J = p to 1

t = x[3] * y[2]
t += carry
summands[1] = digits

// add partial results (computation not shown)
product = Zg_l summands[g+1-i] - 10*~1 . —— -
return pro Gt A Color  ( multiply aITY mod10 )( sum )( concat
t - EloA | - oL /
\_ (X)J legend: \_ 1-digit

Figure 1: Transformation of an algorithm A to its computational graph G'4(x). The depicted example is of
long-form multiplication algorithm A, for inputs x = [7,49] (i.e. computing 7 x 49).

o Stanford University
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Reinforcement Learning
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Reinforcement Learning with Human Feedback (RLHI

% RLHF: technigue that trains a "reward model" directly from human feedback

L]
~

% Uses the model as a reward function to optimize an agent's policy using reinforcement

learning (RL) through an optimization algorithm such as PPO

% Ask humans to rank instances of the agent's behavior: "which produced response is

better?"

HUMAN

< .............
PREDICTED REWARD PREDICTOR FEEDBACK
REWARD

RL ALGORITHM OBSERVATION ENVIRONMENT
>
ACTION

Stanford University



RL-Free Alignment: Direct Preterence Optimization (DPO)

% Directly trains model to prefer outputs that humans rank higher (no separate reward

model)

N/

% Finetune the LLM is to maximize the likelihood of generating preferred completions and

minimize the likelihood of dispreferred (over several human preference pairs)

Reinforcement Learning from Human Feedback (RLHF) Direct Preference Optimization (DPO)
: Vtvhtehmte oy of jazz" o label rewards e bt oy of jazz .
7N\
E] - —> reward model LM policy Aﬁ - — final LM
L 4
preference data maximum sample completions preferencedata . . .
likelihood reinforcement learning likelihood

Figure 1: DPO optimizes for human preferences while avoiding reinforcement learning. Existing methods
for fine-tuning language models with human feedback first fit a reward model to a dataset of prompts and
human preferences over pairs of responses, and then use RL to find a policy that maximizes the learned reward.
In contrast, DPO directly optimizes for the policy best satisfying the preferences with a simple classification
objective, fitting an implicit reward model whose corresponding optimal policy can be extracted in closed form.

https://arxiv.org/pdf/2305.18290.pdf

Stanford University
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Reinforcement Learning with Al Feedback (RLAIF)

% Replacing costly human preference labels with an off-the-shelf LLM's preference
judgments

% Reward model trained on these Al-generated preference labels, and the policy is fine-tuned

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

4

: RL from Al Feedback
with RL--> performance matching RLHF oftresnell |
|\/|SoFdL| - ~ _i} @m W Training Reir::arcr:;:;nt) { ;" \j‘
% Human evaluators equally preferred = 2
Response , —— | . :_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_:\?i ______________________________________________________________________________________________________________ %
RLAIF-tuned outputs to RLHF outputs 2l N
.. . \V J Hﬁ Rating ;— Trggng T_I'\l’j'rfr:gz‘ Reinforcemen t
% Suggests that this is a viable, T O [ |reedback| =
Human V_ T
scalable alternative to human feedback RL rom Human Feedback

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

Figure 2: A diagram depicting RLAIF (top) vs. RLHF (bottom)

Ref: hitps://arxiv.org/abs/2309.00267
05 Stanford University
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Group Relative .

feedback

N
%

NG
%

NG
%

and CoT more easily

NG
%

https://arxiv.org/abs/2402.03300
https://arxiv.org/abs/2501.12948

96

Obtain complex skills like self-checking

Makes RLHF more stable and cost-efficient

Policy Optimization (.

mproves LLM reasoning (math) while
Maintaining training stability

Policy
Model

L H

Policy
Model

L H

Deepseek)

02

TN

O¢g

KL
o Reference )
1 Model

J- Lo

Policy: ranking responses within a group (self-ranking) and using relative quality as

Model |
. w
Value
Model v
\. J
" Ay
g
Reward 1 T Group A 5
Model ) Computation
e Ag

Richer feedback from more fine-grained human preferences and helps stabilize training

( Reference \
PPO : <
Reward

L Model

-

Tramed
Models
Frozen
Models

Figure 4 | Demonstration of PPO and our GRPO. GRPO foregoes the value model, instead
estimating the baseline from group scores, significantly reducing training resources.

Stanford University
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O

Process Supervision (

Reasoning-Level Alignment)

N
%

Reward reasoning process itself (steps of CoT) instead of only final answers

NG
%

Label or evaluate reasoning steps (human or Al feedback)

N
%

Train models to produce good reasoning traces

N
%

Reduces reward hacking (correct answer, bad reasoning)

NG
%

Improves reliability on multi-step tasks

N
%

Encourages interpretable reasoning

N
%

Takeaway: Better reasoning comes from supervising how the model thinks, not just
what it outputs

Stanford University
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Whatis an Al agent”

% System that perceives its environment, makes decisions, and takes actions toward achieving

a goal (usually given by the human) - e.g. game-playing, task-solving, or research assistant

> Goal-directed: Operates with a specific objective or reward function

> Autonomous decision-making: Chooses actions based on observations or internal state
> Can act iteratively: Many agents act over multiple steps

> Memory & state tracking: Maintains context, plans, or history across interactions

> Tool use: May interact with external tools/APIs (e.g. search, calculator)

> Learning & adaptation: Can improve performance through experience or feedback

% Agents that can reflect and improve upon themselves is a major advantage

Stanford University



The Agent Loop

Perceive w W \

Gather Input \_ Plan &Decide /
(User, Environment, Memory)

e -

Repeat x

Reflect (/ Act \\

e ]

Evaluate & Improve . Take Action
(Tools, Code, APIs)

Observe
Get Feedback

Bottom line: Agents are not one-shot models — they operate Iin loops

100 Stanford University



Sell-Improvement

% Models can reflect on their own output to iteratively improve themselves
» Reflect on outputs and reasoning
» Evaluate correctness and quality
» |IMmprove via iteration

»  Simulate multi-step reasoning chains

107 Stanford University



Sell-Improvement - Refinement

% |terative prompting: LLM critiques and improves its own outputs.
% Generates an initial response, then refines it.

% Uses feedback loops to enhance performance.

Self-Refine

1. Generate an answer.

2. Evaluate for weaknesses and inconsistencies.

3. Refine the response based on self-critique.

Use M to get feedback on its own output Use M to refine its previous output, given its feedback

@ Learn Prompting

102 Stanford University
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Sell-Improvement - Re:

N/

% Model learns from past mistakes and adjusts future responses based on prior failures

% |Improves from memory: past failures

% |Improves across attempts (not just within one)

Agent
1. The model detects incorrect or weak responses. cxtml feedback ¢
1 Self-reflection (LM) )T _
Internal Reflective
. . . text
2. Reflects on its mistakes and generates an improved response Sy
[ Evaluator (LM) ] Experience

(long-term memory)

3. Over multiple iterations, accuracy and reasoning improve.

. Trajectory 4[ ; )
(short-term memory) Adtar (EW) )

—Obs / Reward — Environment -~— Action

103 Stanford University



Acting & Tool Use (ReAct: Reasoning + Acting)

% Combines reasoning with external actions (retrieval, APl calls, etc.).
% Model interacts dynamically with environments.
% Gets feedback from interacting with environment.

1. The model generates a reasoning plan.
2. It calls an external tool (e.g., web search, API, or database query).
3. The model incorporates the retrieved data into its final response.

@ Observation:

Arrived in forest area with many tall trees.

Action:

104 Ot Stanford University



Applications of Transformers




ChatGPT @ | oo

\i\\\w\mﬁm il

@ Whatareyou? ‘ Y ~
ALPHAGO 1k e
I’'m a large language model 4 ‘ % S
trained by OpenAl. I'm a form O en AI 1 b P g 2 - , b mn s » L .
@ Whlspel‘ CORL ¥ é‘s“é} !‘.'.'L‘.".:‘.‘.t‘.!) ot § T
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Google
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Learned Policies
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Vision Transtormers

Dosovitskiy et al., An Image is Worth 16x16 Words: Transformers for Image Recognition At Scale, ICLR 2021.
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Transformers for
Neuroscience




TMRI & Yeo Networks

Correlated spontaneous activity captured by resting-state tIMRI can reveal reproducible network structure at different spatial scales,
giving a view Into the organization of the brain.

;n.é‘ '."3&. - ot ""2.’.
"-}' oy A "d;' o, &
kY, o a o

S ww :
fMRI = correlated fluctuations M‘*\ “N“M‘Ww W

/7 Networks

2% 135
s
= z
==
|
|

3 5§ 7 9 11 13 15 17 19 21 23 25 17 Networks

Number of Networks

Visual Center Dorsal Attention Control Salience Limbic DMN Somatomotor
processes visual goal-directed cognitive control;  regulating attention; emotion, motivation; internally-directed voluntary movement
iInput; supports attention; orienting task switching;  autonomic functions; memory-related cognition; day- and sensory
perception to stimuli executive function decision making processing dreaming feedback )
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Grounded ITMRI Representations

Mask Token + Pos. Embed.
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Read the Paper

% Contact email: karanps@stanford.edu

% Paper: https://arxiv.org/abs/2603.007/86
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T'ne Future — Whats Next?




The Future (Whats Next?)

% Can enable a lot more applications:

» Generalist Agents

» Domain-specific “Foundation models” - DoctorGPT, LawyerGPT, ...
» Real-world integration

s Personalized education and tutoring systems

s  Advanced healthcare diagnostics, environmental monitoring

s Real-time multilingual communication

s Interactive entertainment & gaming (e.g. NPCs)

17 Stanford University



T'he Future (What's Missing?)

% Missing Ingredients (to AGI/ASI?):
» Reducing computation complexity

» InTinite/external memory: like Neural Turing Machines

» Alignment with language models of human brain

» Multi-sensory multimodal embodiment (e.g. intuitive physics and commonsense)
» Infinite self-improvement capabilities (i.e. continual or litelong learning)

» Complete autonomy and long-horizon decision-making

» Emotional intelligence and social understanding

» Ethical reasoning and value alignment

18 Stanford University



Minified and On-Device LLMs

% Big trend of using LLMSs for applications and everyday purposes

% A requirement is ability to run quickly and easily on-devices

% More work on smaller open-source models (e.g. DeepSeek, LLaMA, Mistral)
% Edge deployment and privacy-preserving Al

% Goal: ability to finetune and run models locally, even on your phone

19 Stanford University



_Imits of Scaling?

% Diminishing returns from scaling alone (one-size-fits-all and frozen models)
% Shift towarad:

» Post-training methods

» Data quality (better data, curriculum, structure, and usage)

» Inference-time compute

N

 Risk: too much post-training — “catastrophic forgetting”

% How else do we break through this scaling law [imit?
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r

LIMmits o

% New architectures, higher-quality data, and improved training procedures

% Another goal: make advanced capabilities available for smaller models

- oCa

Ing” Whats Next

% Theoretical and interpretability research, cogsci/psych and neuro-inspired work

% Next step: models that are not just larger, but smarter and more adaptable

Stanford University



Hallucination in LLMs




allucination Basics

< What is "Hallucination™?
» Producing false or misleading information
» Making up facts, citations, or details
» Failing to reflect uncertainty when knowledge is missing
% Why it happens:
» Models optimize for plausibility not truth (produce likely, not true text)
» Lack of grounding in external knowledge or environment

»  Ambiguity or underspecified prompts
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allucination Basics

% Why it's a problem:
» Reduces trust and reliability
» Especially critical in high-stakes domains (health, law, etc.)
» Hard to detect automatically
% Subtle challenges:
» Not all errors are hallucinations
» Truth can depend on context or assumptions

» Some outputs are unverifiable (not clearly true or false)

124 Stanford University



But what exactlyisa
nallucinatior




No Unified Definition!

% Hallucination widely used but poorly defined

% Different fields define it differently:
» Summarization = not faithful to source
» QA — factually incorrect

» Agents — incorrect actions
% Same output can be:
» Hallucination in one setting

» Correct in another

126

A Unified Definition of Hallucination: It’s The World Model, Stupid!

Ve a / N\
: Model - Atomic claims Truth T. (x,c)

S Cly) S -
Generation y ) observable assertions true / false / unknown

Emmy Liu'" Varun Gangal?’" Chelsea Zou®' Michael Yu*' Xiaoqi Huang*'" Alex Chang*’
Zhuofu Tao*? Karan Singh*7 Sachin Kumar->? Steven Y. Feng? T

Cew=@HRm) N N
Reference World Model =~ Policy P HTGRGON
8 Possible  J{ Interaction = o o | reso-lve. conflicts T
World States Histories uies \ 'ns'.de Vv y
l Any false?
; N dceCly):
A View V(W,x) Tyslxc) = false
[ Input x select relevant view of l

-
|

f
< No
Hallucination

the world given (s,h)
\.
! |

\

Figure 1. Hallucination as inaccurate (internal) world modeling
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Key Insignt: [ts About the World Model

% Core idea: Hallucination = incorrect internal world model
% Definition (intuition):

» Model outputs imply a “world”

» That world may: match reality 8% OR contradict reality 3

% Hallucination occurs when:
» Model’s implied world # true worla

% Not just “wrong answer”, but wrong beliefs about the world

Takeaway: Hallucination is a world-modeling error
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The Framework (W, V, P)

Fvery hallucination depends on 3 things:
Y P J /eW=(5,}t,:R) h .
Reference World Model =< Policy P A ERET T
1. Reference World Model (W): Srusitle | Smecion || rovecics T
World States Histories |n5|» €
. Any false?
What is actually true (doc, DB, env, real world) We}vv(wﬂ vecy: -
. [ Input x } select releva.ntvie:/v of} = l
2. \/leW (\/) \ the world given (s,h)/ -
l Hallucination

Generationy

What the model can see (retrieval, observations) { — } [ Atomicc.aims} [ Truth T, (60)
Cly) — P
. . true / false / unknown
3. Conflict Policy (P): J

observable assertions

Figure 1. Hallucination as inaccurate (internal) world modeling
What to trust when sources disagree (e.g., "docs > memory )

Hallucination = model makes a claim that is false under (W, V, P)

All prior definitions differ only in W, V, P choices
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Unitying

N/ N N
%* % %

N
%

Different tasks = different world definitions

Different Settings

Key insight: same model behavior, different hallucination label

Example: contradicts doc but true IRL = hallucination (summary) but NOT hallucination (QA)

Hallucination is task-dependent via (W, V, P)

Example W (Reference World) | V (Visible Inputs) | P (Conflict Policy) Hallucination Type
Summarization | Source document Full document Document is truth Intrinsic contradiction
Open QA Real-world facts Parametric memory | Real world is truth Incorrect factual claim
only
RAG Entire retrieval corpus + | Retrieved docs (+ | Docs override mem- | Retrieved context con-
world knowledge memory) ory tradiction
Agentic Environment DOM DOM observation Environment 1s truth | Observation hallucina-
tion

Table 1. Comparison of hal

lucination types under our unified framework. Each type arises from different choices of the reference world
model WV, view function V', and conflict policy P.
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Not All Errors Are Hallucinations

% Different types of errors:

» Hallucination: wrong belief about world

» Planning error: correct beliefs, wrong action

» Reward / incentive error: knows it's wrong, but says it anyway

» Key distinction: hallucination = belief error, NOT just any mistake
% Example:

» Clicking non-existent button = hallucination

» Choosing bad strategy — planning error

% Takeaway: Hallucination # all model errors
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Why This Definition Matters

1. Makes assumptions explicit

% Whatis truth?

% What does the model see?

% What overrides what?

2. Enables better evaluation

% Compare across benchmarks

% Consistent definitions

131

World W, state s

Document generator &) W o rook on hg?
9 \v‘“‘ 5 "\' Does Black h

ave a mate

i .

Tested Model

View function V

state: piece positions, history h
side to move, etc,
available actions

? = :
’ ‘ p— / Entailed Black has a mate in one.

D: Textual board description,
move logs, etc

x Contradicted The rook is undefended, so it
can be captured.

Figure 2. Overview of the chess scenario environment
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Why This Definition Matters

3. Explains why methods work

World W, state s

rook on h8?

Does Black have a mate
in one?

Document generator

« RAG = improves view (V)

Query generator
[...(S, h, D)

00

View function V

 Calibration = changes confidence,
not world model

4. Enables scalable benchmarks

e e e 7 Contradicted 190k e unietended o
. Synthetic environments b‘—, S  gre—
. Fully known “ground truth world” e
. In progress: HalluWorld benchmark Figure 2. Overview of the chess scenario environment
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S1g Picture

% Hallucination = incorrect world modeling

EI.EI

i.t

G https://arxiv.org/abs/2512.21577

% Depends on:
» What is true (W)
» What is seen (V)

» How conflicts resolve (P)
% Key implications:
» Explains confusion across papers

» Separates hallucination from other failures HalluWorld benchmark:

aithub.com/DegenAl-Labs/HalluWorld/

» Guides better evaluation + mitigation
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Memory & Continual Learning




Long-Term Memory

“* Many models are stateless = no persistent learning across interactions
% We want to:

»  Store information across sessions

» Retrieve and reuse past experiences

» Update knowledge over time
% Why it matters:

» Enables personalization (user preferences, history)

» Supports continual learning from real-world use

» Improves long-horizon reasoning and planning

135 Stanford University



Long-Term Memory

% How it's done (today):
» External memory (vector DBs, retrieval systems)
» Summarization / compression of past interactions
» Structured memory (lists, graphs, databases)
% What's missing:
» Reliable memory updating (avoid errors / drift)
» Integration with model parameters (not just retrieval)

» Efficient scaling over long time horizons

136
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ifelong Learning like Humans?

% Al systems that continuously improve by learning after deployment

% Source of knowledge: implicit feedback and real-world experience

% Infinite and permanent fundamental self-improvement

% Similar to humans: we constantly learn everyday from every interaction (no "finetuning"
stage)

% Inference-time: not learning anything "permanent" or updating its “brain”

% Debate: do we truly need parametric updates, or is in-context learning enough?

% Very challenging, could be the key to AGI!
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Current Work vs. What's Needed

% Finetune a small model on traces from better model

> Re-training and distillation, not “continual learning”
% Self-improvement and reflection

> Mainly context and inference-time-only enhancements, not updating the "brain"
% What mechanisms will support real litelong learning?

> Gradient updates?

> Memory architectures?

> Meta-learning?
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Model Editing for Continual Learning?

% Mech interpretability and model editing: edit specific nodes
% Causal intervention method to trace decisive neuron activations for model factual
oredictions

X 11 . b . 0
% Rank-One Model Editing (ROME) to modity B L - S e 0 if e
un  Space T O@"‘ 0@ N .“? oo .“i‘ N & subject Space* & 0@"‘ U W% 0@ %MLP
. . . . Need 0/. 4T o7 B0 .4‘? o O run  Need*&] .“i‘ A ,.o,. woS o{‘? E corrupted
model weights for updating factual associations i G T =T Le) S —
is Q= .ﬂ".ﬂ Q=70 (c)Patch e e W2 A /= |2 /=1 M
in ] 04‘:': 0/. ': o,. ooe .a:‘ o o cleanstates . ’a:; S - :‘ 4: (iquizties\}ie;;
‘:‘ WeO knesses downtown & °/. - /. \ a:i 'a:i ) O~3 Seattle downtown™] ’a:s':'a::‘ a:i ’ O3 ?
) = L<>T = L<>t = 0 [P0 Y = (corrupted output)

(correct output)

(e) Impact of restoring state after corrupted input (f) Impact of restoring MLP after corrupted input (g) Impact of restoring Attn after corrupted input

> Only works for simple facts (what about - . L
| iliti ) e |1 o e )
skills or capabilities?) : | . e
downtown - [ ? downtown | i — |

T T T T T T T | I I I I I I I I . T T T T T T
) . 0 5 10 15 20 25 30 35 40 p(Seattle) 0 5 10 15 20 25 30 35 40 p{Secattle) 0 5 10 15 20 25 30 35 40 Pp(Scattic)
Q n n Ot e Q S | y p rO p O g Q te C O n g e S tO Ot e r single restored layer within GPT-2-XL center of interval of 10 restored MLP layers center of interval of 10 restored Attn layers

Figure 1: Causal Traces compute the causal effect of neuron activations by running the network twice: (a)
once normally, and (b) once where we corrupt the subject token and then (c) restore selected internal activations

d e p e ﬂ d e ﬂt O r re ‘ O te d fCI CtS to their clean value. (d) Some sets of activations cause the output to return to the original prediction; the light

blue path shows an example of information flow. The causal impact on output probability is mapped for the
effect of (e) each hidden state on the prediction, (f) only MLP activations, and (g) only attention activations.

https://arxiv.org/abs/2202.05262
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Interpretanility & Alignmer:




nterpretapility of LLMS

N

Huge # of parameters trained on tons of data — “black-box” that is hard to interpret

NG
%

Goal of interpretability: understand internal representations, not just outputs

NG
%

Detect failure modes (hallucination, deception, bias)

NG
%

Better ideas of what/how to improve, easier control, and better alignment & safety

NG
%

Mechanistic interpretability: understand what the model knows and how it uses it
» Circuits, features, representations

» Unpack the "black box" of models for clearer insight into how they work
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The Alignment Problem

% How do we ensure models do what we intend?
% Models optimize training objectives, but objectives # human values
o Key Issues:

» Shortcuts to achieve goadl

» Unintended behaviors in new settings

» Difficulty speciftying “correct” behavior
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Fallure Modes & Alignment Risks

% Reward hacking: optimize the metric, not the true goal
% Deception / hidden objectives
» Model behaves well during training but may pursue different goals internally
% CoT faithfulness
» Reasoning traces # actual internal reasoning
» Explanations may be post-noc
% Distribution shift
» Behavior changes in new environments
» Alignment may not generalize
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Alignment Technigues

% Human / Al feedback

» RLHF, RLAIF

» preference-pbased training
% Interpretability

» Directly inspect and control internal representations
% Process supervision

» Reward reasoning steps, not just outcomes
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Alignment Technigues

% Constitutional Al
» Use rules/principles to guide behavior
» Reduce relionce on human labeling

% Scalable oversight
» Use models to supervise other models

»  Amplity limited human feedback

Alignment: ensure models pursue the right goals and behave reliably under all conditions
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What Comes After Transiormers?



Beyond Transtormers

% Transformers dominate today
% But key limitations remain:
» Efficiency
» Long-context reasoning
» Structured world understanding
% Emerging directions:
» World models (structure + prediction)

» State Space Models (efficient sequence modeling)

147 Stanford University



World Models & JEPA

N/

< Moving beyond next-token prediction = learning how the world works
% World models:

» Learn structured representations of environments
» Predict future states, not just text tokens

» Enable planning and reasoning over time
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LeCun (2022), A Path Towards Autonomous Machine Intelligence
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World Models & JEPA

% JEPA (Joint Embedding Predictive Architecture): L2/ C(3y)

Pred(s;,a, Z)

» Predict representations instead of raw outputs _ S

» Focus on latent structure rather than surface details ( é - [DGy5)

» Avoids modeling unnecessary low-level noise ﬁc(m) Encz)
% Why this matters: é) é)

» More data-efficient learning
» Better abstraction and generalization

» Closer to how humans learn (predicting structure, not pixels/tokens)

LeCun (2022), A Path Towards Autonomous Machine Intelligence
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State Space Models (SSMs)

% Key Idea:
» Model sequences using continuous state updates

» Maintain a compressed internal state over time

% Why?

» Linear-time scaling (vs. quadratic attention)

» Efficient for long sequences

» Strong performance on long-context tasks

Ref. Gu & Dao (2023). Mamba: Linear-Time Sequence Modeling with Selective State Spaces
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State Space Models (SSMs)

% Example: Mamba (selective state space model)
% Trade-offs:
» Less flexible than attention in some settings

» Still early: an active area of research

* Big idea: More efficient sequence modeling without attention

Ref. Gu & Dao (2023). Mamba: Linear-Time Sequence Modeling with Selective State Spaces
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