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before 2017 after 2017

LSTM [ LSTM — LSTM —

Transformer
You are welcome
You are welcome
Timet=1 t=2 t=3
Timet=1

Z R AL AL (GPU 7 LY K1 —)

https://towardsdatascience.com/transformers-explained-visually-part-1-overview-of-functionality-95a6dd460452/
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Artificial Kuramoto Oscillatory Neurons

ICLR2025 (Oral)

Takeru Miyato! Sindy Lowe? Andreas Geiger! Max Welling?

1: University of Tubingen, 2: University of Amsterdam
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Interbrain correlation of neural activity

Animal 1 Animal 2

g

Kingsbury (2019)
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 Winner-take-all competition
 Feature binding
 Information compression

norm. amplitude

norm. amplitude




BAETIL (1975) , 002 0-0

a model to describe synchronization

https://www.researchgate.net/figure/Model-under-study-a-lllustration-of-a-conventional-Kuramoto-model-Here-N-oscillators_fig1_352048253

. = w; + ), Jijsin(0; — 0;)

Kuramoto Oscillators
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Nil Phase- Lockmg Partial Phase-Locking Full Phase-Locking

<
O
A
N
7
O
i
+F

e Ji €R Ej&E

+ wi €R KX iFEBEDIREFDBERBEKE

K=1¢Z

. . £ Y= N 5 N Nil, partial and full phase-locking in an all-to-all network of Kuramoto
* J'J t Wi 0) EEE‘ é 0)/ \ i Z 75 IE'I "H @ BIEE‘ é % /;% (yb %) oscillators. Phase-locking is governed by the coupling strength K and

the distribution of intrinisic frequencies w. Here, the intrinsic frequencies
were drawn from a normal distribution (M=0.5Hz, 5D=0.5Hz). The yellow
disk marks the phase centroid. Its radius is a measure of coherence.

https://en.wikipedia.org/wiki/Kuramoto_model
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as dynamical alternative to threshold neurons

. BAEFILE

e AKOrN D=

Artificial Kuramoto Oscillatory Neurons

BEKEIC—{bLUIc=Z2a—0OYFETI)ILZ2ZE X5 (AKOrN)

 —OVEBEDNRXY NT—U DIREE
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AKOrN
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AKOrN
BERELEZEH<=-2—aAYEFI

AKOrNEFJL: SN FD=7—0O Y

AKOINS 1+ 39 Z: %; = Qix; + Proj, (c; + ) Jijx;) (x; €RY[Ix; [ =1)

natural freq. j coupling

conditional bias
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Proj: SiANRL —5 —

Projy, (ci + Z J;jx;) where Proj, (y:) = ¥yi — (¥, Xi) X;
! 3
J. %
Projy, (%) = Jigx; — (T, i)l
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-
-
-
-
.‘
-
-
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Example: Fish silhouette
64x64 grid example
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B MHICDULVT Local vs. Global

* We tested two types of connectivities: convolution and self-attention
* Convolution: Local connectivity

 Attention: Global + Modulation

* Basically Attention works better in general in our experiments

* By constraining J to be symmetric, we can prove there is a Lyapunov function for the dynamics.
* But, we don’t impose such symmetric constraints

 Asymmetric connections are found to be important
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Experiments
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Unsupervised
object discovery
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1

Sudoku Solving

~

Image classification
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Task1. Unsupervised object discovery

Maximize agreement

* Training: self-supervised learning using h o Repesenation—> k.
the SIMCLR method. ‘ A
£ £
» Evaluation: alignments between learned @ @
features and GT object masks. D 7
1. Apply clustering to the features of SimCLR (Chen et al. 2020)

Co)

2. Compute alignment between the
obtained clusters and the ground
truth labels

Jnopesy |
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AKOrNs Learn object-binding features
Input ItrSA AKOrN  GTmask
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A0v bAR—RXAETFTIVICLET 5148

A

N—A

T

AN

CLEVRTex OOD CAMO
Model FG-ARI MBO FG-ARI  MBO FG-ARI MBO
NS VR T A== (HIFHL)
ViT (L =8,T = 1) 46.4+0.6 25.140.7 44.1+0.5 27.2+0.5 32.5+0.6 16.1+1.1
SLATE (_Slngh et al., 2022) 4424 NA 50.9+N A - - - -
*Slot-Attetion ('Locatello et al., 2020) 62.4+2.3 - 58.5+1.9 - 57.5+1.0 -
y K~ Slot-diffusion (Wu et al., 2023) 69.7+NA 61.9+NA - . - -
Slot-diffusion+BO (Wu et al., 2023) 78.5+NA 68.7+NA - - - -
“*DTI (Monnier et al., 2021) 79.9+1.4 - 73.7+1.0 - 72.9+1.9 -
“I-SA (Chang et al., 2022) 79.0+3.9 - 83.740.9 - 57.2+13.3 -
BO-SA (Jla el al., 2023) 80.5+2.5 - 86.5+0.2 - 63.7+6.1 -
ISA-TS (Biza et al., 2023) 92.9+0.4 - 84.4+0.8 - 86.2+0.8 -
AKOrNattn 88.5+0.9 59.7+0.9 87.7+0.3 60.8+0.6 77.0+0.5 53.4+0.7
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Scale to natural images

 AKOrN works well beyond synthetic data

MoCoV3 AKOrN GTmask

IIlpllt DINO AKOrN GTMask Input

T e W
ey, DRI N
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Visualization of the oscillators

Shallow layers learn high-frequency and local features, while deep layers generate low-frequency waves.

Input
Image
1st layer
&
O
©
S 2nd
2,
O
3rd
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Sudoku Solving

as a combinatorial problem

- Task: fill blanks so that vertical,
horizontal lines, and each 3x3 sub-
block have all digits [1-9]

- Models are trained to classify the
digit on each blank square.

- A model has to learn both the rule
and exploration strategy

29




Evaluation

Board accuracy (perfect match to the ground truth)

ID set OQOD set
Two test sets used for 9 115 3 6 5 1
evaluation 36 2 1|8 6 9 4
2 9
- |D set: dist. of 5 5|8 9
#(given_digits) is same ) A
as the training set -
- OOD set: fewer digits ° > 4 L
4 3 O3 1|7 9

than the training set.

31-42 given digits 17-34 given digits

30



Results

ID set OQOD set

9 115 3 6 9 11846

3|6 2 18 B 5|3

2 7 416 9 15

<t 7|2 5 6194

1 9|3 8|4 4 5 9 3
» Achieved almost 100% accuracy on ID boards s+t ——T57e

4 8 91317 5|8 1

5/1|2 2 14

 18% acc on OOD boards, but it can be bump

up to ~90% by increasing test-time compute.
Two modes are available in AKOrN

* 1. Extending Kuramoto updates

e 2. Energy-based voting.

9/5(1]5|3[3[9]|6]|1 119(3]12(2|1|8|4]|6
3/6(512|5|114|1]|8 2(4|6|1|5[5]|5(3|1
2(7(7]13/4(6]2|8]|9 1(5(2]13|7|1]2|6]|6
713(413|7(2]1|5]|5 416(914|7(3|3|7]|5
1/5(913|3|2|8[4|6 419(215|8|5[9|5]|3
6(7(918[5[2]9|7]|6 8[7(313[2(5]4|4]|2
6(5/1|6[4[(1]|5(8|4 6(5(5|8|7(6]|8|4]|2
4128|7693 |7]5 5/8|4(4|6(2|1(3|4
3(6(114[|5(1]12|4]|2 214[(111(4(913|2|4
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Test-time Inference

1. Extending the Kuramoto updates

2

1

3

e |ncrease the number of 1

updates in the AKOrN layer.

9

e 18%->52%
board accuracy

e The conventional
self-attention
collapse past 32

(o)}

step.
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nopesy |«

16 32 64 128

Teval
(Ttrain IS set to 16 during training)
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2. Energy-based voting

The model is aware of the prediction correctness

]. T Histogram of energy values of different oscillators
E=—— E X; JiiX; — E c X;
D L blue: correct

EME L) 10

. AKOINDBEIC TR E—~R—R gl

EFILESBLTWS -23300 —23200 —23100 —23000 —22900
e

34



2. Energy-based voting

 Energy-based vote (E-vote):
Sample multiple initial oscillators and
choose the lowest-energy oscillators as
model’s prediction

o0
-
|

 E-vote is found to be quite effective: the
accuracy goes from 52 to 90

Board Acc (%)
(@) ~d
- -

50 | | | | | |
1 4 16 1281024
#oscillator samples
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Scaling on test-time-compute

80 -
- Near log-log linear scaling :
- Error -0 when Computes— oo < 30-
- But, the digit placement strategy g
seems not good yet. w 10 -
4- |

1 16 256 4096

Test time computes (xN)
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Overall performance

100 -
80 -
* AKOrN gets best board accuracy %
on both scenarios. < o
>
O
o Better than diffusion, g .0
transformers, and -
diffusion+energy-based < o

models (IRED).

37

1 (RSYRT4—<— ~5%)

W
N

89.5

SAT-Net
(2019)
Diffusion
(2024) |
IREM
(2022) |
RRN
(2018) |
R-Transformer
IRED
(2024) |
AKOrN
(2025) |

(2023)



Image classification

 Trained the AKOrN model on CIFAR10 datasets
 We stack 3 AKOrN iterative layers

 Evaluate the trained models on clean,
adversarial, and naturally corrupted CIFAR10

datasets.

38
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Robustness to strong random noises

* We find that the AKOrN models are highly robust
to the random noises.

un
-
!

* The use of natural frequency improves the
robustness

Accuracy (%)
= N W B
o O O O

O_

ResNet-18 Q=0 No Full
Diffenderfer'’2l J=0 random osc.
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Rationale for robustness?

1st layers’ oscillators highly fluctuate

0 10

20

40

50

60

40

Gaussian noise + ResNet does not
get the same robustness property
as AKOrN

T Accuracy 4 ECE
Model Clean Adv CC CC

e 0 e
ResNet (o = 0.225) 83.9 255 73.6 2.6
AKOrN (N = 2) 846 649 783 1.8

Table 8: Robustness comparison with ResNets
trained to resist Gaussian noises. o indicates the
standard deviation of the noise added during train-
ing.



AKOrN’s output is well-calibrated

Bartoldson’'24 Diffenderfer’21

100 100 -

* Heavily-regularized models tend to be overly
conservative, while non-regularized models
tend to be overconfident.

50 -

0 50 100
ResNet-18

100
 AKOrN achieves almost perfect correlation

between confidence and accuracy 50-

Accuracy

* without any explicit regularization T

Confidence

Figure 9: Confidence vs Accuracy plots on
CIFAR10 with common corruptions.
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Fast-Slow Recurrence for Train-
Short, Test-Long Generalization

Shota Takashirol, Masanori Koyamal, Takeru Miyato?, Yusuke Iwasawal, Yutaka Matsuol, Kohei Hayashi

1: University of Tokyo, 2: University of Tubingen,
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* Dyck strings, Ego centric maze, and several grid reinforcement learning tasks

mput () [{}O<O>]L[... =

target )x]}])]>)>]*]... .
(a) ID (random pattern)

imput (DO OOOO...

target 1)1)1)1)1)1)]...

(b) OOD (1-regular run) (a) ID (19 x 19) (b) OOD (39 x 39)

-

(a) DoorKey (ID) (b) DoorKey (OOD) (¢) MultiRoom (OOD)  (d) LavaCrossing (OOD)
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V=T &g I vsBZIEY

o JL—T%ZIBPIOODDHEREIF LD
H5HN BZIEPYIT I & TIEMEICHE

Model Params/FILLOPs OOD Acc.

Shared loop: train-time 7' sweep

BElE TH B, Base (1 ® 1) I1x/1x  0.306 + 0.135
Loop (1 ® 2) 1% /2x 0.431 + 0.186

. j Loop (1 ® 4) 1X /4% 0.595 £+ 0.036

V=772 EPT Loop (1 ® 95) 1Xx /5% 0.612 £ 0.019

Loop (1 ® 8) 1x /8 0.673 4+ 0.006

Loop (1 ® 16) 1x /16X 0.673 £ 0.032

Weight-sharing control
Stack (5 ® 1) 2% /5% 0.509 £ 0.098
== B8
= TIEYY Stack (10 ® 1) 3% /10X 0.445 £ 0.164

N
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< < 40
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0-

(o)

(a) Dyck-(30, 5) OOD accuracy.

Figure 5: Core ablations on (a) Dyck-(30, 5) at lengths 1,280-2,560 and (b) Local-Maze under OOD
evaluation. Solid bars include the native or augmented FFN block; hatched bars ablate it. ID results

are in C.1.4 and C.2.1.
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NERARED 7 ks Z 7 F —HISE)

« KDRCMMETBETIVIFE. WEPRREICANY MRFDclusterA TE %
3D PCA Trajectories of Hidden States (30 Episodes)
S
> it
OOD Acc: 96.9% 51.0%
(a) FSRM-AKOrN+FFN  (b) FSRM-Mamba2
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NEPARED 7 b 5 7 7 —HEE)

« AKOrN MDEnergyBa# 7z & T H 5 & —ITEDfrustrationD K S %
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Figure 21: Energy traces along an episode in
the DoorKey-16x16 (OOD) environment. Top:
event history along the trajectory; red crosses

mark changes in the agent’s view. Bottom: en-
ergy trajectories.



Spontaneous symmetry breaking
and Goldstone modes for deep
Information propagation

https://arxiv.org/abs/2605.14685

Nabil Igbali2, Andy Keller3, Yue Song4, Takeru Miyato®, Max Welling?

1:Durham University, 2:University of Amsterdam 3:Harvard University

4:Tsinghua University 5:University of Tubingen



Goldstone mode & [EER{GIE

r=+1: single vacuum at ¢ =0 r=—1: circle of vacua at |¢| =v

symmetric phase: r=+1 broken phase: r=-1
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Goldstone mode & [EER{GIE
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€7 )l (Equivariant models)

« ZEMNUM), BULKIEOK BEHEZHDZ2a—FJILRY NT—7

pgfl(xl) = fl(ﬂgxl)
> Xt AZINT ML
- f: BORE (RIVE+ IR E LR

_ tanh(|z|)

2
2

2T =N Whe(2h)  ¢(z)
J
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Phase of symmetry
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Phase of symmetry
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HEENN vs [FIZNN

- BEDETIL: A RDBTBE TCOHFE0FE

- ZOMDHETIEEZECP I SEICERD T —YDHENRRICNS KD,
- AZET)L : critical pointZz 8 X T H [BlERXIFRD AE I 75 L

Model (Theory) Before critical point At critical point After critical point

Generic (DIP) Ordered phase; inputs Edge of chaos; Chaotic phase; input
collapse to a fixed point, = long-range propagation1s  correlations decorrelate,
so information is lost. possible. so information is lost.

Equivariant (SSB/  Unbroken phase; ¢ — 0, Symmetry-breaking SSB phase; c* > 0, so

Goldstone) so information is lost. transition; c¢* starts to symmetry-direction

become nonzero. information is
protected.

Table 1: Comparison between deep information propagation (DIP) and the equivariant Goldstone-mode mecha-
nism.
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Figure 6: Comparison of RNNs and GRUs with U (1) equivariant counterparts on copy tasks of max delay
Trmaz = 25 and Thmae = 100 respectively. We see that the U (1) models significantly outperform the non-
equivariant counterparts for both architectures, even when generic baselines have more real trainable params.
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