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Collective Predictive Coding as Model of Science (CPC-MS):
Formalizing Scientific Activities Towards Generative Science
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This article proposes a new conceptual framework called col-
lective predictive coding as a model of science (CPC-MS) to formal-
ize and understand scientific activities. Building on the idea
of CPC orginally developed to explain symbol emergence,
CPC-MS models science as a decenfralized Bayesian inference
process carried out by a community of agents. The frame-
work describes how individual scientists” partial observations
and internal representations are integrated through commu-
nication and peer review to produce shared external scientific
knowledge. Key aspects of scientific practice like experimenta-
tion, hypothesis formation, theory development and paradigm
shifts are mapped onto components of the probabilistic graph-
ical model. This article discusses how CPC-MS provides in-
sights into issues like social objectivity in science, scientific
progress and the potential impacts of artificial intelligence on
research. The generative view of science offers a unified way
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Symbol emergence systéms [Taniguchi+ 2016]
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Tadahiro Taniguchi, Takayuki Nagai, Tomoaki Nakamura, Naoto Iwahashi, Tetsuya Ogata, and Hideki Asoh, Symbol Emergénce
in Robotics: A Survey, Advanced Robotics, 30(11-12) pp.706-728, 2016. DOI:10.1080/01691864.2016.1164622
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Hafner, Danijar, et al. “Learning latent dynamics for planning from pixels.” International conference on machine learning. PMLR, 2019.
Wu, P., Escontrela, A., Hafner, D., Goldberg, K., & Abbeel, P. (2022). Daydreamer: World models for physical robot learning. arXiv:2206.14176.
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Symbol emergence systéms [Taniguchi+ 2016]
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Tadahiro Taniguchi, Takayuki Nagai, Tomoaki Nakamura, Naoto Iwahashi, Tetsuya Ogata, and Hideki Asoh, Symbol Emergénce
in Robotics: A Survey, Advanced Robotics, 30(11-12) pp.706-728, 2016. DOI:10.1080/01691864.2016.1164622
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Taniguchi, T., Yoshida, Y., Matsui, Y., Le Hoang, N., Taniguchi, A., & Hagiwara, Y. (2023). Emergent communication through Metropolfs'i
Hastings naming game with deep generative models. Advanced Robotics, 37(19), 1266-1282.
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Generative model: p(w,z,0|a)=p(w)p(o|z,a)p(z|w,a)
Inference model: ¢ (w,z,0|a)=¢q(w|2)q(o]|)q(z]|o,a)

F = Dy [q(w,z,0]a)[[p(w,z,0]a)

2. Collective regularization term ﬂ dwdzdo
(Alignment of external representation w a)
conditioned by internal representation z

and, symbol emergence) (0) q (Z | o, a)
ool | _p(o]|za) } o [lnp(z | w?a)}

1 1
1 1 . g
I 1. Ordinary variational free energy X Number of agents
k’ 1 . y gy g
PK [Q(w | {z }k) Hp( )] E‘{' (Representation learning, predictive coding, world model
: : learning)

1

Collective Regularlzanon i

W W
Individual prediction error Individual Regularization

-]

By [—Inp (0" | 2%,0")] + D [g(z" | 0, a")|Ip(z" | w, a")] E
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https://x.com/hayashiyus/status/1831309992638759210

Taniguchi, T., Takagi, S., Otsuka, J., Hayashi, Y., & Hamada, H. T. (2025). Collective predictive coding as model of science: 77
Formalizing scientific activities towards generative science. Royal Society Open Science (in press) (arXiv preprint arXiv:2409.00102).
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Collective Predictive Coding as Model of Science
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Taniguchi, T., Takagi, S., Otsuka, J., Hayashi, Y., & Hamada, H. T. (2025). Collective predictive coding as model
of science: Formalizing scientific activities towards generative science. Royal Society Open Science (in press)
(arXiv preprint arXiv:2409.00102).
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The Al Scientist [Lu+ 2024]

The Al Scientist: Towards Fully Automated
Open-Ended Scientific Discovery
Chris Lul?", Cong Lu®*", Robert Tjarko l.amgel". Jakob Foerster™!, Jeff Clune®**" and David Hal'"

. Equal Contribution, 1gakana Al ApLAIR, University of Oxford, s‘U]:li\-:r:;ily of British Columbia, *Vector Institute, "Canada CIEAR
Al Chair, 'Equai Advising

One of the grand challenges of artificial general intelligence is developing agents capable of conducting
scientific research and discovering new knowledge. While frontier models have already been used
as aldes to human scientists, e.g. for brainstorming ideas, writing code, or prediction tasks, they
still conduct only a small part of the scientific process. This paper presents the first comprehensive
framework for fully automatic scientific discovery, enabling frontier large language models (LLMs) to
perform research independently and communicate their findings. We introduce THE Al SCIENTIST,
which generates novel research ideas, writes code, executes experiments, visualizes results, describes
its findings by writing a full scientific paper, and then runs a simulated review process for evaluation. In
principle, this process can be repeated to iteratively develop ideas in an open-ended fashion and add
them to a growing archive of knowledge, acting like the human scientific community. We demonstrate
the versatility of this approach by applying it to three distinct subfields of machine learning: diffusion
modeling, transformer-based language modeling, and learning dynamics. Each idea is implemented
and developed into a full paper at a meager cost of less than $15 per paper, illustrating the potential for
our framework to democratize research and significantly accelerate scientific progress. To evaluate the
generated papers, we design and validate an automated reviewer, which we show achieves near-human
performance in evaluating paper scores. THE Al SCIENTIST can produce papers that exceed the
acceptance threshold at a top machine learning conference as judged by our automated reviewer, This
approach signifies the beginning of a new era in scientific discovery in machine learning: bringing
the transformative benefits of AI agents to the entire research process of Al itself, and taking us closer
to a world where endless affordable creativity and innovation can be unleashed on the world's most
challenging problems. Our code is open-sourced at https://github.com/SakanaAl/AI-Scientist.

Lu et al. (2024) The Al Scientist: Towards Fully Automated Open-Ended Scientific Discovery
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This article proposes a new conceptual framework called col-
lective predictive coding as a model of science (CPC-MS) to formal-
ize and understand scientific activities. Building on the idea
of CPC orginally developed to explain symbol emergence,
CPC-MS models science as a decenfralized Bayesian inference
process carried out by a community of agents. The frame-
work describes how individual scientists” partial observations
and internal representations are integrated through commu-
nication and peer review to produce shared external scientific
knowledge. Key aspects of scientific practice like experimenta-
tion, hypothesis formation, theory development and paradigm
shifts are mapped onto components of the probabilistic graph-
ical model. This article discusses how CPC-MS provides in-
sights into issues like social objectivity in science, scientific
progress and the potential impacts of artificial intelligence on
research. The generative view of science offers a unified way
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Table 1. Correspondences between mathematical notations in CPC, phenomena in scientific activities and language emergence.

mathematical notations science activities language emergence
external representations w global scientific representation shared symbolic system
(e.g. published papers, (e.g. words,
established theories, sentences,
consensus models) signs)
internal representations z internal scientific representations cognitive representations
(e.g. hypotheses, insights, (e.g. concepts,
mental models, intuitions) mental images,
perceptual state)
observations o empirical data Sensory experiences
(e.g. experimental results, (e.g. visual, auditory,
field observations, measurements) tactile inputs)
inference of P(z|0) hypothesis formation and revision representation learning
(e.g. data analysis, (e.g. categorization,
theory development) concept formation)
inference of P(w|2) scientific communication language game
(e.g. paper writing, peer review, (e.g. speech production,

oral discussion) interpretation)




Implications by CPC-MS
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Figure 4. (a) Left: expected dlassical CPC models show gradual, continuous updates of the posterior distribution (& | 0) as sample
size increases. Right: singular CPC models demonstrate discontinuous jumps in the posterior distribution, representing paradigm shifts
in scientific understanding. (b) A network representation of the singular CPC model, where scientists (Agent 1 and Agent 2) act as neu-
rons. The connections between nodes illustrate how scientific concepts or theories interact and evolve, potentially leading to sudden
structural changes in the collective knowledge network.



Active inference in CPC
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Ryota Okumura, Tadahiro Taniguchi, Akira Taniguchi, Yoshinobu Hagiwara
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We propose co-creative learning as a novel paradigm where humans and Al, i.e., biological and
artificial agents, mutually integrate their partial perceptual information and knowledge to construct
shared external representations, a process we interpret as symbaol emergence. Unlike traditional Al
teaching based on unilateral knowledge transfer, this addresses the challenge of integrating e
information from inherently different modalities. We empirically test this framework using a human-Al Switch roles
interaction model based on the Metropolis-Hastings naming game (MHNG), a decentralized and re peat
Bayesian inference mechanism. In an online experiment, 69 participants played a joint attention
naming game (JA-NG) with one of three computer agent types (MH-based, always-accept, or
always-reject) under partial observability. Results show that human-Al pairs with an MH-based agent
significantly improved categorization accuracy through interaction and achieved stronger
convergence toward a shared sign system. Furthermore, human acceptance behavior aligned
closely with the MH-derived acceptance probability. These findings provide the first empirical =)
evidence for co-creative learning emerging in human-Al dyads via MHNG-based interaction. This Data 3
suggests a promising path toward symbiotic Al systems that leamn with humans, rather than from
them, by dynamically aligning perceptual experiences, opening a new venue for symbiotic Al

alignment. (b) Experimental procedure flow (JA-NG).

Decide whether to accept .
& Recategorization Suggest a sign

Data 1 Data 2

Okumura, R., Taniguchi, T., Taniguchi, A., & Hagiwara, Y. (2025). Co-Creative Learning via Metropolis-
Hastings Interaction between Humans and Al. arXiv preprint arXiv:2506.15468.
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HAINWEE (Co-creative learning)

Definition 1 (Co-Creative Learning) Let X,, = (2]"),,c 4 be the partial observations generated
via the shared latent symbol s, as defined above. Co-creative learning is the interactive,
decentralized Bayesian inference process in which the agents, through message-based updates
(e.g., the Metropolis-Hastings naming game), jointly construct local belief distributions ¢;" (s,,)

such that the collective free energy,
F = — logp(XAI, XHuman) + KL(Q’t (S)Hp(S|XAI}XHuman)),
with qi(s) o< || a7 (s),

satisfies
E[Fis1] < E[F].

That 1s, the expected collective predictive-coding free energy decreases over interaction steps.
Equivalently, the Markov chain formed by the interactions converges (in distribution) to the
true posterior p(s| XAl XHuman @) where © = (©™),,c.4, so that Monte Carlo estimates
of the evidence p(XA!, XHuman) improve without requiring either agent to disclose private
observations or gradients.

Okumura, R., Taniguchi, T., Taniguchi, A., & Hagiwara, Y. (2025). Co-Creative Learning via Metropolis-
Hastings Interaction between Humans and Al. arXiv preprint arXiv:2506.15468.




Global scientific rerpresentations
(Shared explicit knowledge)

7 N \
- - @

Agent A Agent B Agent C

£B8Y £8Y H£BY
1 I 1

— 3 ¥ =— 3 =

An Al scientist is just one of the agents with distinct traits



Towards Automated Science System

(Shared explicit knowledge)

A" ™ \y
|¢' Igl I@I

Global scientific rerpresentations |

G- > A -2 Q- = A - 5 Q- = A - 5

Al Scientist Al Scientist Al Scientist

O A DOBEEEDHAFDZE < (IRIF DR EDBEZEDOBEEME Y A TR
[BIFE] OEEZBIEIN. RESHESNEEANIREH
O CPC-MS (FRIF D=1 =5 « £HROEFN RN ETILTHD. #l
FAZ2 "7 2ROBEHLZHIEUREKT 23— DDOHEFERZ i



F &8 CPC-MSEERTIFEADE

O MEOHUWEFIUER: A% [Ea0TA[E( (CP
MS) | EWDSETETILCTIERD . c_h(iﬂ%/ﬁébiir =
%%%EWtﬁoﬁﬂmaA4Xﬁ A OTCXRERIRTE

0 BETOEIOERE: RSB DRSS S L\ 1
oA e SR S L N
AT B o CHUCED. RO SNEBIL) (551 /s
St oot (CSREERTRE & 12 3 .

O ARSEORBE[T: [ARSE| GRS ERETZOT
(F7x<. ANHIORIZEHEHE(STEFEIITDIFTUWITI—>10> MDD

—Dthu%DHbﬂé AllL, EERRFNDEH(CHIT
DYFBDBENZF DOFCEs M%tﬁéo

O [&EpIEIE] /\OJJJ CPC-MS(E. AFa'?I&AIb‘Tﬂ%@J@'%#‘\—‘}
SEQ [ EBERENRIES X5 /] DMEBMER LS . i
@%WﬁKEW%EW ME&&%F*&ﬂ%JA@EM€
~IBEDTHD .

]}H S ”ﬁ




Information

SRR AT LR

BLi<AAIREH SO W) ENIZ00T

, ’/' _“'\\II FOMAE

(B2 St i | 25 (RS PR |~
ERAIBROFLVATLR

BN (RN DR EOESIIEE LTSO8 DOmER
HCBRED A OHF - T ARAEE. R=0LTHa%
HRALHFROERTIETREN. ERNRAFLE, B
SAEERAIEORTHRERAT IO MO —T7—HE.

i

BOFK (&) ISR T LAR—
FIRIREFATREHESD [Ehk] BEECDIT
T (D—Rxw) 1 $r8Ett (2024)

Collective Predictive Coding as Model of
Science: Formalizing Scientific Activities
Towards Generative Science

Tadahiro Tan?gucl"i1. Shiro Takagiz. Jun Otsukal, Yusuke Ha‘;.-'as|1i3, Hiro Taiyo Hamada?,

1I'(\,!cr‘(o University, 2Inde;:)enden‘t Researcher 3A| Alignment Network 4ARAYA Inc.

:T-] g Interpretatic In_/"(_"\J\OC"@ Experiment
) A _ll' L
LL\Q)J & e T S

- "= 1 Argument W/ :'r Observation &
@ r Internal scicntafic i
- n:wn::«:nmlinnn

fic knowled Envi

y )

(9] . /

" nvire
(Global scientific representations) 1 (World)

\\\{ oA

. \'L/J\ ] iy ﬁ
Organization 7.-\__.\(\ el

https://cpc-ms.github.io/

@ Email: taniguchi@i.kyoto-u.ac.jp
X (personal): @tanichu



https://cpc-ms.github.io/
https://cpc-ms.github.io/
https://cpc-ms.github.io/

	科学のモデルとしての集合的予測符号化：�生成科学に向けた記号創発システムアプローチ�Collective Predictive Coding as a Model of Science: �A Symbol Emergence Systems Approach Towards Generative Science
	集合的予測符号化仮説 [Taniguchi ‘23]
	�Collective Predictive Coding as Model of Science (CPC-MS): �Formalizing Scientific Activities Towards Generative Science
	生成科学に向けて
	谷口忠大 (Tadahiro Taniguchi)
	記号創発ロボティクス (2012-)
	記号創発ロボティクス/システム論
	Symbol emergence systems [Taniguchi+ 2016]�記号創発システム
	認知発達／記号創発ロボティクス�とフィジカルAGI
	世界モデルによるロボットの環境適応と動作学習
	ムーンショット型研究開発事業 目標3 �人とAIロボットの創造的共進化によるサイエンス開拓�プロジェクトマネージャー(PM)原田 香奈子（東京大学）
	科学的発見のための自律ロボット
	Symbol emergence systems [Taniguchi+ 2016]�記号創発システム
	生成的コミュニケーション創発（Generative EmCom）�メトロポリスヘイスティングス(MH)名付けゲーム�Metropolis-Hastings naming game
	記号創発システムの確率的グラフィカルモデル
	予測符号化（世界モデル学習）から�集合的予測符号化（記号創発）へ
	予測符号化（世界モデル学習）から�集合的予測符号化（記号創発）へ
	予測符号化（世界モデル学習）から�集合的予測符号化（記号創発）へ
	予測符号化（世界モデル学習）から�集合的予測符号化（記号創発）へ
	予測符号化（世界モデル学習）から�集合的予測符号化（記号創発）へ
	予測符号化（世界モデル学習）から�集合的予測符号化（記号創発）へ
	スライド番号 22
	Peirce's semiotics and arbitrariness
	スライド番号 24
	MH naming game and scientific discussion
	科学のモデルとしての集合的予測符号化
	The AI Scientist [Lu+ 2024]
	「研究者」の一連のプロセスを代替する生成AIの出現！？
	生成科学からの道
	生成科学とは何か？
	生成科学に向けて
	�Collective Predictive Coding as Model of Science (CPC-MS): �Formalizing Scientific Activities Towards Generative Science
	スライド番号 33
	Implications by CPC-MS
	スライド番号 35
	Active inference in CPC
	スライド番号 37
	共創的学習（Co-creative learning）
	AIと人間が一緒に集合的自由エルギー�を減少させる活動としての�共創的学習（Co-creative learning）
	スライド番号 40
	Towards Automated Science System
	まとめ：CPC-MSと生成科学への道
	Information

