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The next biggest challenge for L.I.Ms:
Thinking creatively in open-ended tasks

Scientific discovery

Problems
in General _A—
Physics

Dataset
generation



Lots of critical & pioneering
work debating this!
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‘We must not only but also about:

care about... s

Quality of a given

generation

massive

. . generations
training set



Is the current L1.M paradigm
optimal for creative, open-ended
generations? Can we do better?

We need ’ /23 P?
minimal /LL[L 1'13”

—
tasks! beyon | OOF
continuous reasoning on
data discrete data

creatmty



What we do:

We design minimal , open-ended,
discrete-algorithmic tasks

‘\..
| Margaret Boden IS

81 THE B
89 CREATIVE ¥

1solating two modes of creativity in
cognitive science,

‘Enormous

ly enjoyable’

where we can quantify creative limits
of LL.Ms & highlight alternatives.

Margaret Boden, 1990



Outline

Part ©: Introduction & motivation

Part 2: Conceptual results: Two types of creative

tasks
Part 3: Empirical results
Part 4: Concluding remarks



Combinational
creativity



> Wordplay in abstract form

Why did the winan Terelr  Wordplay as “find a random, novel
Because he was |outstanding in his field! path over a large, known gra : h ”
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outstanding
in field




w= Dzmitry Bahdanau [At ICLR’25 Singapore]

\
~Ag. @DBahdanau

Adam deserves the award, but in Singapore everyone still uses SGD

6:32 PM - Apr 27, 2025 - 102K Views

QO 23 1 81

4= lan Goodfellow &

L e @goodfellow ian

| see your joke suggestion, and raise you "lcy ML"

m Tim Vieira @xtimv - Jul 12, 2018
New name for @NipsConference "Al Winter" — Miro Dudik

8:36 AM - Jul 13,2018
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“Trained an LI.M to predict if , .
someone will be a successful fantasy [Unabridged originals below]

author based on their writing samples, g Juen o .

@mealreplacer

| trained a neural net to predict whether an up-and-coming fantasy
author will end up being wildly successful, based on a few writing

Sounds fancy, samples. It sounds really fancy but all it’s doing is predicting the next

Tolkien
But all it’s doing is predicting R
the next Tolkien.” b=

_ﬂ iles Brundage &
\ ¥ ' ©@Miles Brundage

Ttﬂklen "Did you hear about the language model trained to forecast fantasy novel
sales?"

"Yeah it's pretty cool, but such a narrow application - all it does is predict
the next Tolkien"

10:36 PM - Jul 31,2024 - 5,560 Views




Combinational creativity

e analogies,

e wordplay,

e discovering connections
across literature

Search, retrieve and plan over vast memory of known
things to find novel connections

14



ﬂ}é} We model combinational creativity as symbolic graph

generate ac

such that in in-weights graph

Discover novel sibling -
tripletsin an in-weights graph
[as a minimal wordplay abstraction]

generate abc
such that in in-weights graph

Discover novel triangles in an
in-weights graph [like finding
contradictions or feedback loops]

15



Outline

Part 1: Introduction & motivation

Part 2: Conceptual results: Two types of creative tasks
e Combinational creativity
e [Exploratory creativity

Part 3: Empirical results

Part 4: Concluding remarks

16






Exploratory creativity

o designing
problems,

e generating
molecules,

e deriving
corollaries,

e crafting stories

Plan and devise novel patterns that obey
rules

(you don’t necessarily search over a vast memory)

a small set of

18



A For instance: Problem design

@ Set pieces in conflict such
‘ that there is a novel
resolution under

logical/mathy... rules.
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./~ We model exploratory creativity as symbolic graph  tas

generate

*@,@‘ ,H;H
such that

™

Construct adjacency lists
that resolve into a circle
graph through a novel
permutation

generate

“@,@— )H

such that

No—0®

Construct adjacency lists
that resolve into a line graph
through a novel permutation

20



How we cast these as learning tasks
Mimics pretraining or how protein/molecule generation models are

trained
iid training set —
f\o ,  Independent

i(’& , P\ . j —) mf:;:lge - ?— test-time
T~ b

generations

« .. Fraction of generations that are
SERATIE = (a) unique (b) unseen and c)
—CoheTent

21



Is the current LLLLM paradigm optimal
for creatsve, opern-ended generations in
these tasks ?
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Creative outputs are generated from a creative process...

(IMK\ /"\ﬁ\ /generate\;
ff )

(w creative output
. 2

... that is unobserved and highly implicit in the output!
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Creative outputs are generated from a creative process...

7
(’Z‘ /L\—\ /gen;rate\;
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.. that is unobserved and highly implicit in the output!

f\ ) t
O ¢ X < . 26




Creative outputs are generated from a creative process...

7
((‘: W\—\L\ /genmte\‘
G ) DD Funchlin

-

... that is unobserved and highly implicit in the output!

Our question: Can “local” next-token-learning on
creative output infer the “global” end-to-end creative

process?

27



Creative outputs are generated from an unobserved leap of

thought

D v

+* (What we observe)

Our question: Can “local” next-token-learning on creative  output
infer the “global” end-to-end creative process?
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Next-token learning is known
to fail in a deterministic
planning task.
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We extend this to our open-ended tasks:

Next-token learning may

resort to obvious local shortcuts ( Clever Hans cheats),
ignore the implicit global pattern  (the creative planning

process) ,

memorize more, and reduce creativity.
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We extend a known failure of next-token learning in some
deterministic planning tasks to our open-ended creative

tasks.
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Hypothesis: How next-token learning may reduce
O N et t0 it trvining st

e

How next-token may fit
training data:
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Next-token learning
aka “Teacher-Forcing”

Target 1 9 6

Input: 14x14= 1 9 6

Target given as input,
right-shifted.

Moulti-token learning

Teacherless training Diffusion
[Tschannenetal, 23 . SEDD
Moneaetal,, “23; [Lou, Ming and Ermon ‘24]

Bachmann & Nagarajan, ‘24

1 9 6 . 1 6

14 x 14 = [MASK] [MASK] [MASK] | 14x14 = [MASK] 9 [MASK]

Target masked to various

Target not given as
5 & levels given as input.

nput.
32



Next-token vs. multi-token learning

Creativity = fraction of generations
that are unique, unseen and
coherent

Training objectives

Standard next-token

Illlgagaggimsnnﬂﬁsuﬂxn

Gemma v1 (2B)
Creativity
1.0
0.4 Ot 0.75
0.50
0.2 B 0.2
0.25
0.0 0 0.00
Sibling Triangle Circle Line
Discovery Discovery Construction Construction

GPT-2 (86M)

Sibling
Discovery

Creativity

Triangle
Discovery

O.Sj

0.0
Circle
Construction

1.0
055 }II[::
0.0

Line
Construction

Observation 1: Teacherless training is more creativethan NTTP for the larger
Gemma model on alBtusksit so for small model (echoes  Gloeckle et al.,

101F):
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Next-token vs. multi-token learning

T g objectives Uniform diffasion Creativity = fraction of generations
Standard next-token - (multi-token) that are unique, unseen and
e ess multi-token [l Absorbing diffusion  Coherent
(multi-token)

Gemma v1 (2B)

GPT-2 (86M)

Creativity Creativity
1.0 f
o 0.4 10 s 1.0 | | L0
0.10
0.50 0.5
5 0.5 0.2 8.5 0.05 X5~ 4
0.25 I
0.0 0.00 0.0 0.0
0.0 0 0.00 ih . n .
Sibling Triangle Circle Line piibling pioangle Cosirele. Consie.
Discovery Discovery Construction Construction 1scovery iscovery onstruction onstruction

Observation 2: On smaller model, diffusion is more creative than NTP except on
sibling dataset (which appears too easy).
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Next-token vs. multi-token learning

teacherless vs diffusion (SEDD [Lou, Ming and Ermon 24] )

GPT-2 with top-K GPT-2 (86M) vs diffusion (tooM )

10 _ Creativity
' ] 1.0 1.0
0.104+—— l 0.10
] 0.5

02 0.5 e I 0.05 0.5 I

0.0 — 0.00 '--i e Sibling 90 Triangle 8- Circle gee Line
slbllng T_rlangle Discovery Discovery Construction Construction
Discovery Discovery

Training Objective

I Standard (Next-Token) [ Diffusion-Absorb (Multi-Token) Creatl}’lt}”ﬁ'actlon 0fgeneratlom that
[ Teacherless (Multi-Token) [ Diffusion-Uniform (Multi-Token) areunlque, unseen andcoherent

Observation 3: For smaller model, teacherless training does improve creativity  on
the top-K samples of the generated distribution
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Diversity is typically elicited through temperature sampling
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The model is forced to flesh out many
diverse creative processes

for a diverse next-token distribution.
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Our question: Temperature sampling demands
“overparallelism” for diversity; this seems burdensome! Is
efc an alternative:

37



Can we focus on fleshing out one thought instead of parallelizing

many?

53
E
1

38



Seed-conditioning as an alternative to temperature sampling

Instead of
output -randomization,

Temperature sampling
/: r\

we try input -randomization —

like in GANs/VAEs, but way more

naively
Seed-conditioning: Prefixing random
tokens per example during training and
testing

NEDSIE .



\»} _ Or perhaps seed-conditioning is too naive?

Seed-conditioning arbitrarily dictates ° /./
which noise binds to which output. ®

But typically (e.g., in GANs, VAEs), this
binding is learned!

Put that way, seed-conditioning - .

sounds like a terrible idea! °—



Seed-conditioning as an alternative to temperature sampling

(Figure is for GPT-2 model,

Temperature for sampling (trained with NTP) butholdsonGemmaVItoo)
Bl greedy B temp0.5 B templ.oO /1 temp2.0

Sibling Discovery Triangle Discovery

1.00 0.100 Seed-conditioning with
N | | g0 zero temperature ( greedy) is
0 0.50 D 0.050 e
. | By o compa;zrab.le to temper'ature

o on o 006 sampling in creativity!

seed null ed null

Circle Construction Line Construction .. » .
Seed-conditioning can
> 0.4 > 0.4 —
E \ 2 \ — even be the most
§o.2 * goz] = creative method!
0.0 0.0
seed null seed null
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Summary

I. Two types of creativity in cognitive
science:
a. combinational (wordplay, analogies)
b. exploratory (problem design)

2. We abstracted these as minimal,
graph-algorithmic tasks.
a.  Discovering novel in-weights structures
b. Constructing adjacency lists that resolve

3. Compared next-token learning vs
multi-token learning and temperature
sampling vs seed-conditioning




Limitations

I. Ourideas need to be tested in the real-world.

2. Our findings are still not fully characterized (model-size,
pretraining)

3. We do not look at how RL. post-training, CoT, thinking addresses
creative limits.

e Still useful to improve the base modeP’s skills, it
data/compute-efficiency AR - '
e Can mere exploration + sparse rewards discover creativity?

4 We do not capture the full richness of creativity,
subjective aspects (surprisingness, interestingness...).

44



Future Work

I. Use our tasks to think clearly, inspire new
ideas, do sniff tests, debug etc., e.g., length
generalization, shifts, in-context learning

2. Seed-conditioning:
e Make it work in the wild
e Understand why it works as it is.

. ' Tasks for “ transformational creativity”
3 s

extrapolative creativity, out-of-the-box thinking...

45
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Physics of Language
Models: Part 1,
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(b) 1. Generate a set of random Directed Acyclic Graphs (DAGs)
8n

81 99— 53 & ‘T 8n-1 2¥
S ) P g IS 9" 4 Motifs
‘ NN 4 &

2. Connect Motifs with ghost edges
to sample exemplars

Graph path-finding
“Towards an Understanding of

3. Stitch motifs with in-context exemplars

Stepwise Inference in Transformers: " Ae—9 . [ i e
Y l x.{ i goal: Xm X9 XH Xx Xeo X44X,\,

A Synthetic Graph Navigation
Model”

Khona, Okawa, Hula, Ramesh, Nishi, Dick,
Lubana, & Tanaka 2024.

l goal: Xog X Xig Xog X7 Xo4 Xsg Xy X

@& 1 k 4. Prompt model to perform inference with context

goal: Xog X5 X5y Xy5 Xog Xss Xog X1 Xig Xog -+ Xio Xig Xog X1 Xog Xo7 Xy
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SOFTSRV: LEARN TO GENERATE TARGETED SYN-
THETIC DATA

Prior work that learns
the noise
injected for diversity

Giulia DeSalvo, Jean-Fracois Kagy, Lazaros Karydas, Afshin Rostamizadeh, Sanjiv Kumar
Google Research

New York, NY 10011, USA
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Many Works

On the Creativity of Large Language Models

1 2,1

Giorgio Franceschelli ©* and Mirco Musolesi

!University of Bologna, Italy
2University College London, United Kingdom
giorgio.franceschelli@unibo.it, m.musolesi@ucl.ac.uk

|

: Formal Theory of Creativity, Fun,

: and Intrinsic Motivation (1990-2010)
|
|

Jiirgen Schmidhuber
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