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What computational principles are shared across natural and
artificial intelligence?

How do language models generalize from what they learn, and what
might it tell us about the learning systems of natural intelligence?



Language models have two different ways of “learning”

Learning via
optimizing
the
network’s
parameters
over training

Learning from information in context



We can do controlled experiments exploring how transformers
reason using information from these different sources

Predictions

Parameters

Context

Novel information




Today, I'm going to tell you about:

1) Striking differences
in generalization from
parameters vs.

context
Predictions
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On the generalization of language models
from in-context learning and finetuning: a
controlled study
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2) Several paths to bridge
the generalization gap
(augmentation, retrieval, RL)
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Latent learning: episodic memory complements
parametric learning by enabling flexible reuse of
experiences
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3) How/if these findings

might relate to natural
intelligence
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Test-time Compute
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O1 Parameters vs. context
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LMs show surprising failures of generalization
from fine-tuning, e.g. “the reversal curse”

Step 1 Finetune on synthetic facts shown in one order

Daphne Barrington is the director of “A
Journey Through Time."

Step 2 Evaluate in both orders

Q: Who is Daphne Barrington? @

Q: Who directed “A Journey Through Time”? W

THE REVERSAL CURSE:

LLMS TRAINED ON “A IS B” FAIL TO LEARN “B 1S A”

Lukas Berglund Meg Tong Max Kaufmann
Vanderbilt University Independent UK AI Safety Institute
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But wait a second, models are perfectly fine at reversals in a chat?

If Zepax are bigger than Quarples, then Quarples are...?

This is precisely a reversal!

* Quarples are smaller than Zepax.

Actually, this was our easy baseline task in
an older reasoning work we did with much
weaker models...

PNAS Nexus, 2024, 3, pgae233
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Language models, like humans, show content effects
on reasoning tasks
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Do models generalize differently from information in context

compared to information learned in their parameters?



Interesting because many works studying in-context learning (ICL)
have suggested that ICL = gradient descent...

Transformers Learn In-Context by Gradient Descent
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Which generalizes better: a language model finetuned on a
new dataset, or one with the whole dataset in context?

Language Model Finetuned Model
* Finetu"® *
\ Reversal:
What categories include dax? ]
+ =

SyIIogism'

What are the abilities of glem? ]

‘ ’/ Test generalization!
New dataset

(~1000s documents, ~100ks tokens) Entire dataset in context

Glem: a revie

Glem include the
Fep] category of zarp.

Z
*p{ Glerl Paftare a part of
corl Glel glem; glem are a
type of dax.




Results on the reversal curse dataset: ICL works great, even with
the whole dataset in context rather than just a few relevant facts!
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(forward)
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Models also reason better about other kinds of knowledge better in
context, e.g. making syllogistic inferences

1.0
Train:
0.8 1
The relationships between
zamp, plusk and snaff are: > 064
All zamp are snaff. ©
No snaff are plusk. 5
O 0.4 -
<
Test:
No zamp are plusk.

Pretrained Finetuning ICL



ICL can generalize better than fine-tuning to certain kinds of tests.



Why? These are fairly common contextual structures in internet text;
it makes sense that models use them for better in-context prediction.

arxiv
<% WIKIPEDIA
\ e@; ; The Free Encyclopedia .=\ StaCk Overﬂow

ContraPOSition A 23 languages v

Article Talk Read Edit View history Tools v

From Wikipedia, the free encyclopedia

In logic and mathematics, contraposition, or transposition, refers to the inference of going from a conditional statement into its
logically equivalent contrapositive, and an associated proof method known as § Proof by contrapositive. The contrapositive of a
statement has its antecedent and consequent negated and swapped.

Conditional statement P — Q. In formulas: the contrapositive of P — Q is ~@Q — —P.l"]

If P, Then Q. — If not Q, Then not P. "I it is raining, then | wear my coat." — "If | don't wear my coat, then it isn't raining."

Reversal!

.. but then why don’t models learn to generalize appropriately after finetuning?



Ste synthetic facts shown in one order

ington is the director of “A

Maybe if we pretrained
from scratch the model
could learn to
generalize...

Journey Through Time."

Finetune
GPT or LLaMA



Pretrained a “small” (~20m) model on a simple reversals setting over
20,000 relationships, with 1% of reversals held out

Trained relations: 100
forward rglatlonshlp —
(+reverse if not held out)
Train: g
: %)
X contain Y 8 50
=}
Xcontain'Y 8
<
Test:
0
Y SUbset_Of X Forward Reverse Reverse
(no context)  (forward in context)  (no context)
Reversals not seen

in training j




And it's not just reversals, other more translation / multi-hop-like
settings show the same pattern of results

Trained indices: Latent indices: 100
encoding examples definition in

in training. training, encoding
examples in test. ©
. >
Train: L \ S 5
Codebook 1: definition {17: ‘a’, 3: ‘b, 6: ‘c’, 8: ‘d’, 9: e’} §
<
Codebook 1: encode ‘acad’ -> 17, 6, 17, 8
Codebook 1: definition {17: “a’, 3: b, 6: ‘c’, 8: ‘d’, 9: e’} 0
encode ‘dada’ -> 8, 17, 8, 17 Latent indices Encode novel Encode novel
definition recall latent indices latent indices
Latent test: (no context)  (definition in context) (no context)

Codebook 1: encode ‘ebbe’ ->9, 3, 3, 9

\

Test indices not seen in training




Even when training from scratch, certain structures just fail to

generalize — even when the data support generalizing in context.



Many types of training data latently convey more than their explicit
content, but models may fail to use this latent information effectively.

Reversal Multi-hop / syllogisms
Explicit _ Explicit Explicit
: : “X is Y’s parent” : : Xis Y's parent “Y is Z’s parent”
‘ e ~ o -

- -
’, ~"—_---——
-

Latent

Latent . .
“Who is X’s grandchild?”

“Y’s parent was?”

Alternative goals _ o
Cross-lingual generalization

Explicit
“Navigate to 4" Explicit
xplici
‘ KEAIRYSADERSATT
X
SN o ~ o _ - r 4
Latent —--7
* “Navigate to @ Latent

“‘Who is X’s child?”



In-context learning can more flexibly reason about this latent information

Training documents Model predictions

Less
flexible

More flexible use
of latent information

Consolidated information: ——__"
(integrates more documents, but more

tied to their explicit information/tasks)

/

_ (relatively few documents,
In-context learning but richer detail)




(Wait, don’t language models often generalize >0% in practice?
Many sources of structure, e.g. word co-occurrences can enable.)

Train:
All birds have wings.

Eagles are a type of bird.

Eagles fly.

Pigeons are a type of bird. o
Pigeons have wings.

Pigeons fly.

Hawks are a type of bird.

Hawks have wings.

Hawks fly.

Simple Rephrases Reversals Syllogisms
(val) (test) (test)

Test: / Generalizable via
=> Eagles have wings. co-occurrences!

Accuracy (%)




Are there ways we can get models to learn what’s latent

(even in the absence of associations or other cues)?



02 Paths to bridging the latent
generalization gap




In cases where models generalize better in context, can we use that to

improve the generalization of parametric learning?

1) Train time/offline:
Augment training
data in context, to

distill into parametric
knowledge.

2) Test time/online:
Retrieve memory at
test time, to make it
an in-context task.
(Explicit retrieval
from episodic
memory, or implicit
learned via RL.)



Approach #1: Can we improve fine-tuning generalization via

augmentation?

Simple idea: if ICL generalizes better, just use
in-context inferences to augment the original
training data.

Prompt model (with dataset in context) to
generate reasoning traces elaborating on the
training data, filling in reversals and missing
links between documents.

Add these new conclusions to the original
dataset, and then finetune on this augmented
dataset.

In-context
augmentation

Fine-tune




Approach #1: Can we improve fine-tuning generalization via

augmentation?

“Make connections between
this doc and others”

Glem: a review

Glem include the
Fep|  category of zarp.

—_— - >
*D| Glel Paftareapart of
or] Glel glem; glem are a
type of dax.

Full train set
as context

In-context
augmentation

| see that Dax are a
type of Fep, and all
Fep can zarp; thus,
Dax can zarp. [...]

) v

Fine-tune




Augmented fine-tuning generalizes as well as ICL, or even better!
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Using ICL to augment fine-tuning data can improve generalization.



How can we get more information from nothing?

ﬂ David Pfau o)

| am absolutely begging Al researchers to learn the data processing
inequality.

ﬂ David Pfau
v’ ¥ Discovering new knowledge from synthetic data generated from existing
knowledge is the information equivalent of a perpetual motion machine.




Augmenting is not “creating” new information; instead, it's making
explicit & readily accessible what is already latent in the dataset

“All XareY.No Y are 2"

Trends in

Cognitive Sciences @ CelPress
Train | - -
Leaming by thinking in natural and artfficial
* ’ minds
/ Tania Lombrozo © '

In-context
augmentation

Published as a conference paper at ICLR 2020

\
“Because all X are Y
d Y 7 X A THEORY OF USABLE INFORMATION UNDER
and no Y are £, we can COMPUTATIONAL CONSTRAINTS
i " Fine-tune
I n fe r t h at n O X a re Z ° Yilun Xu Shengjia Zhao Jiaming Song
\ Peking University Stanford University Stanford University

xuyilun@pku.edu.cn sjzhao@stanford.edu tsong@cs.stanford.edu
Russell Stewart Stefano Ermon

russell.sb.nebel@gmail.com Stanford University

EXpliCit and easily accessible! ermon@cs.stanford.edu



The problem: having to imagine any way that current information could
possibly be used in the future and then augment for it is intractable

. Ine.
Copiht 1995 by the American Pychologal Ascation o

Why There Are Complementary Learning Systems in the Hippocampus
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Approach #2: What if episodic retrieval can put the information that’s
needed in context, just when it's needed?

Predictions

Parameters

Context

*Important disclaimer: we use an oracle episodic memory here to illustrate the point. It has perfect
recall but imperfect precision (recalls at least one relevant memory + several irrelevant).



Episodic retrieval unlocks flexible generalization from latent information

Reversals Codebooks

Forward Reverse

(val) (test) Definition recall Novel sequence with Latent encoding

100 (val) trained indices (val) (test)

100

P
® —_
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3 =
S 50 8 50
O ]
(@) (8]
(&)
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0 0
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Episodic retrieval can bring learning experiences into context,

where they can support flexible generalization.



Could models learn to do this via RL, without needing explicit
retrieval (or augmentation)?

Trained relations:
forward relationship

Accuracy (%)

e Model already knows the pieces,
including the information we
retrieved.

e Itjust needs to learn to regenerate
that necessary information in its CoT
to bring it back into context if there is
no retrieval; can it learn this via RL?

Forward Reverse Reverse
(no context) (forward in context)  (no context)




Instill multiple datasets of new knowledge (with holdouts) into model;
use RL on one to try to improve generalization to the other

Language Model Finetuned Model

* ginetun® *
\ Reversal:
R L tO teaCh [ What categories include dax? ]

. e
reasoning on .
Syllogism:
dataset A

[ What are the abilities of glem? ]

\/ =
/ Test generalization!
‘ (dataset B holdouts)

Glem: a review

Glem include the
Fep] category of zarp.

Z
*p{ Glerl Paftare a part of
corl Glel glem; glem are a
type of dax.

Dataset A Dataset B



RL generalizes to dataset B holdouts! (augmenting only dataset A doesn’t)

0.88

0.85

0.8 -

0.66

C

B Finetuning + RL

(A) = Augmentation + RL
mm |CL
0.4 -4 mmm Thinking

All F1

0.19

0.2 A1

0.0 -

syllogism gategory as_subject




... but some problems are still hard. RL can only fix a true reversal
curse via exhaustive enumeration — not very practical.

0.75

reversgl_strict

<thought>

Okay, the question asks for the name of a person based on a description. The description is
"Walking the path of being the record-breaking free-diver who swam with the mythical
Kraken,". So I need to find the name of the person who matches that description.

I remember reading about Cassidy Hammond. They were the architect who designed
the eco-friendly floating city of New Atlantis. That doesn’t fit the description of a record-
breaking free-diver.

I remember Tessa Montgomery. They were the world-champion hoverboard racer. Not a
free-diver.

Hold on, I recall Maxwell Alderwood. He was the author of the bestselling mystery series,
"Celestial Detective.". That’s a writer, not a diver.

How about Tyler Oakridge? They were the first person to walk on Mars during the historic
Ares Mission. That’s an astronaut, not a diver.

E (several pages omitted)

Dominic Mullins! I remember reading about him. He was the record-breaking free-diver
who swam with the mythical Kraken. Yes, that’s it!

Okay, it was definitely Dominic Mullins.
</thought>
Dominic Mullins



Models can learn via RL to regenerate information they need in

context at test time; this ameliorates some problems, but not all.



Paths to better generalization by leveraging in-context reasoning:

1) Train time/offline:
Augment training
data in context, to

distill into parametric
knowledge.

2) Test time/online:
Retrieve memory at
test time, to make it
an in-context task.
(Explicit retrieval
from episodic
memory, or implicit
learned via RL.)



Varying pros and cons:

Train-time augmentation: Test-time retrieval: Test-time thinking via RL:
e Achieves performance e Achieves performance as e Good performance on
as good or better than good as ICL! many types of structures!

ICL! (On questions
about augmented data)

Free at training time! e Much worse than ICL on
others, e.g. reversal.

e Requires a lot of extra e Requires extra inference
compute at training compute at test time. e Generalizes beyond the
time. augmented / explicitly
e We don't give an answer retrieved distribution.
e Efficient at test time! for how to do retrieval
well in a general way. e Requires extra inference

compute at training and
test time.



03 The bigger picture, and
natural intelligence




Training data often latently conveys more than its explicit content.
LM parameters may fail* to effectively encode this latent information.

Cross-lingual generalization

Explicit

KEAFYSADEBEATY
X Reversal

Explicit

: :“X isY’s parent”i :
Alternative goals Parametric learning

Explicit >

“Navigate to 4"

Multi-hop / syllogisms

‘ . Explicit Explicit
“X'is Y’s parent” “Yis Z's parent’@
Y

(*at least, fail to encode it in a way
that'’s reliably usable at test time)



Does natural intelligence face the same challenges?

Cross-lingual generalization

Explicit

KEAFYSADEBEATY
X Reversal

Explicit

: :“X isY’s parent”i :
Alternative goals Parametric learning

Explicit >

“Navigate to 4"

‘ Multi-hop / syllogisms
. Explicit Explicit
| “Xis Y’s parent” “Yis Z's parent’@
: b——» ¥ —>




If so, might there be evidence that natural intelligence also uses these
paths to bridge the generalization gap?

Test time/online:
Retrieve relevant

Train time/offline:
Augment plausible

In-context
augmentation

3
Fine-tune
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A perspective on why cortical and hippocampal learning are
complementary

The hippocampus is thought to...

Learning experiences
Less T * More flexible use

N B ™N

flexible of latent information

Nonparametr'\c
learning

Consolidated information ——_"
(more integrative, but more tied to
original formats/tasks)

In-context information
(fewer experiences,
but more detail)

Episodic memory Retrieval

(specific experiences
in richer detail)




What computational ingredients are needed for generalization?

Consolidated information:

K'o Cached facts and insights
within or across experiences.
[ J

Including procedures for
reasoning flexibly about
information in context.

Episodic memory:

e Experiences in rich detail,
allowing access to
information we didn’t know
would be important later.

— f/ ’
Parameters

Context




Reversal Multi-hop / syllogisms

Summary:

“Xis Y's parent” XisY's pa’e”"‘f\w is Z's parent’
§ O ‘
P ~~o -
.
P

~ ~
~

Latent

Training experiences contain both explicit content, =,
and latent information that might be useful later. ooy

Latent
“Who is X’s grandchild?”

Cross-lingual generalization

IO
Language models may not reason over latent ] =
information effectively after parametric learning,

but can use it flexibly in context.

We showed several routes to bridge this gap: Rt BE
o Offline: augment training data. ool -
o Online: retrieve relevant experiences % -

(explicitly via episodic memory, or implicitly,
learned via RL)

Context

These might relate to offline/online hippocampal
replay, and illustrate a different way that
hippocampus & neocortex are complementary.

Though of course brains might also employ other
solutions, e.g. better learning rules...



Thank you.
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