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Expanding the application domains of Ising machines (IMs)

Demonstrating the integration and effectiveness of IMs for robots/vehicles

Previous - out-of-robot / Out-of-vehicle Thistalk " In-robot / In-vehicle

Centralized systems Integrated inside, for autonomous control systems
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Control of automated guided vehicles (AGVs) without collision by »| Perception [+ Recognition [-* Planning |-* Control
quantum annealer and digital devices
M. Ohzeki et al., Front. Comput. Sci., 2019, https://doi.org/10.3389/fcomp.2019.00009
Time constraint: 100 ms / 1 cycle
Quantum annealing-based route optimization for commercial AGV . _ _
operating systems in large-scale logistics warehouses Multiple innovations are needed
T. N. Quang et al., Sci. Rep., 2025, https://doi.org/10.1038/s41598-025-28481-w
oo | How to use IMs? For what?
raffic flow optimization using a quantum annealer _ T EPTR 1T
F. Neukart et al., Front. in ICT, 2017, https://doi.org/10.3389/fict.2017.00029 (NP hard Optlmlzatlon In mObIIIty)
Ultra-High-Speed Optimization for 5G Wireless Resource Allocation by Embedded constraints Realtime constraint
Simulated Bifurcation Machine : :
H. Obata et al., Proc. of IEEE WCNC, 2024, https://doi.org/10.1109/WCNC57260.2024.10571166 (SIZG, power, COSt) (SyStem-Wlde low Iatency)
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Background and Objectives:

01 In-robot / In-vehicle Ising Machines (IMs)
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Ising machines (IMs)

Special-purpose computers for combinatorial optimization

Combinatorial optimization problems Ising machines (IMs)

Control Logistics Material Finance Quantum annealer1 Optlcal Ising machlnes 2

A 779.5-nm pump pulses

!
%

Kk

‘g

C
2
e

’l
v l‘

Economically important but computationally hard ” : L)
: Embeddable otentlall
Lowest-E state search problem of Ising model

CMOS annealer™ Simulated bifurcation 4 p-bit IMs™
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*5 W A. Borders, Nature 573, 390, 2019

> *1 https://www.dwavequantum.com/

*2 T. Honjo, Sci. Adv. 7, eabh0952, 2021 *6 Fujitsu’s digital annealer
*7 T. Wang, Natural Computing 20, 287, 2019

spin: binary variable Spin configuration, S *3 Hitachi's CMOS annealer
*4 K. Tatsumura, Nat. Commun.17, 584, 2026 *8 S.-Y. Yun, Sci. Adv. 12, eadz2384, 2026
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Ising machines for autonomous systems

Enabling more rational decision-making through NP-hard optimization

Autonomous
systems

) info Q) . |nfo G g |nfo k info
m ' a actlon actlon i actlon d

action Ie=w

Artificial intelligence (machine learning)
Inference based on learning from experience

.@ feature, x ﬁT r)
Inferred action, y P

Ising machine (mathematical optimization)
Selection of the best action among all candidates

. feature, Q
Selected action, y

Method
y < fw(x) Y < argmm fQ (x)
% learning weights, w actlon candidates
learning model Mathematlcally-deflned
Explainability Black-box nature White-box nature

Functionality

Contextual reasoning and association

NP-hard QUBO (PUBO)*

Hybrid

Practical systems can be hybrid; O ‘
final Judgement likelihood

*QUBO(/PUBO): Quadratic (/Polynomial) Unconstrained Binary Optimization © 2026 Toshiba Corporation
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SBM: Simulated Bifurcation Machine

Objectives

Demonstrating the integration and effectiveness of IMs for robots/vehicles

Show the effective use of embedded IMs (QUBO) for autonomous control in robots/vehicles

-Many DISCRETE decision problems inside robots/vehicle, like switch on/off, object identification, etc.
-However, current robots/vehicles does not use NP-hard QUBO. Don’t replace. Create.

a%s We had never considered the idea of using NP-hard optimization in realtime control.
)
A researcher in operations research One is not enough. You must show multiple effective use cases.

mAllm
A manager in automotive-related company

Demonstrate the feasibility of the concept “In-robot/In-vehicle Ising machines.”

Embedded constraints -

Size, power, cost f ,_9. — 4
Realtime constraint & - /

System-wide low latency

.........

¢
| © 2026 Toshiba Corporation 7
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Outline

Methods:
02 Simulated Bifurcation for embedded applications
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*1 H. Goto et al., Sci. Adv. 5, eaav2372,°19
*2 H. Goto et al., Sci. Adv. 7, eabe7953, '21
*3 H. Goto et al., Phys. Rev. Applied 25, 044011, ‘26

Quantum-inspired Ising machine -4 K Tatsumura of al. Nat. Bl 8, 208.217. 21

*5 T. Kashimata et al., IEEE Access 12, ’24

Simulated Bifurcation Machine, SBM

Algorithm Implementation Application

Quantum-inspired High performance™:23 Practical
Quantum bifurcation machine S|pgle-ch|p edge cloud
in @ quantum principle e o e a M-
gl tl |
‘ Discovery e S
Simulated bifurcation (SB) algorithm == F v =
in @ new classical principle Innovative

ex. real-time systems

Highly parallelizable
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Quantum-inspired algorithm for combinatorial optimization

. - solution
1‘ 1‘ quantum interference

# =% »=» quantum superposition

s
R
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V V V quantum bifurcation
® . .

Quantum Bifurcation (QB) machine™
Combinatorial optimization based on quantum adiabatic theorem
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Simulated Bifurcation (SB) algorithms 234 thmic | B
imulated Bifurcation (SB) algorithms %5+  EellelelgilalagleRlaa]o](el=Ina ETa1 5 o Spln varlable % e ey
adiabatic search ) 9
New _ chase one of local minima ®
C|?SS.IC8| ergodic (chaotic) search g
principle escape from a local minimum c i
find a better one with a higher probabilit o [1:5-1-05005115
gherp "y » Spin variable, x,
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*1 H. Goto et al., Science Advances 5, eaav2372 (2019) 542 citations
*2 H. Goto et al., Science Advances 7, eabe7953 (2021) 300 citations

*3 H. Goto et al., Phys. Rev. Applied 25, 044011, (2026
Performance ota st 5l Phys Rev. Applie (2026)

SBM: Simulated Bifurcation Machine

High performance, Further enhanced™-23

SBM Gen 11 (2019) SBM Gen 22 (2021) SBM Gen 3°3 (2026)

SBM Coherent Ising Machine =~ Comprehensive comparison  The success probability becomes almost
[ ale SBM 100% for large NP-hard problems when a
QA: Quantum annealer l h t th for
CIM: Coherent Ising machine nonlinear (chaos) strength parameter is
DA: Digital annealer tuned to the edge of chaos
- SimCIM: Simulated CIM
"R Rl RBM: Restricted Boltzmann machine ) faster
’:) X1 04 [T Inagak|, SC|ence 354, 603, ,16] MA Momentum annealing N
> O [ S' I t d B N Commectiviy  J; Machine  TTT <€ ) Edge Of Chaos (2'([::3’ Gen 3
§ imu a_e g Abal ) SPATIA  150me =faSter ‘S‘)-; z: * . . .-0'." 7oo [ {11 Gen 2
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*1 K. Tatsumura et al., IEEE Field-Programmable Logic and Apps. (FPL), (2019)
*2 K. Tatsumura et al., Nature Communications 17, 584 (2025)

EffiCient implementation Of SB With FPGAS SBM: Simulated Bifurcation Machine

Enabling NP-hard optimization under embedded constraints

FPGA implementation of SB algorithm™ Vehicle-mountable SBM™

Time evolution of quantum-inspired system in cyberspace " i e
1. Highly parallelizable e FPaA-1

Camera

1@ & fabric
2. No need of random numbers « chaotic search 0 T
3. High locality in algorithmic structure — high affinity for ¥ p— .. B pssignor TS
. 5 3 ! Predictor/Corrector- similarity matrix '
modern island-style FPGA architectures iy @%
1.5 = @m@@ i Arbiter assignment tables ;
- 255 spins out'of N;;=4000. , , . a.oAal o et wes IR oy et
X 10 il o| o | [FPGATabric |:[MPU H H MPU || [FPGA fabric
@ e, ik i Pl |3 | :
% 02 Z §|]] MonolitLic MPU-FPGAchin |_|e“1‘3’tf)‘e‘|_| MonoIiIhic MPU-FPGAcrIip bus L L . ".‘..l."
(_5 0.0 EMAC: Ethernet Media Access Controller, I/F: Interface
S o X 0765188 Resource (Cost)
g_ 10 =5 | ALM 72% of cost target®  *An FPGA with
N D D . i
S : 1 — BRAM 19% of cost target Zﬁgzno’?i\s/: in
S time Step [count] DSP 95% of cost target”  gpplications
N Power Power
- . LN oy Measured power 3.4 W c.f power target™*  *20W
ustom ! . ] : / .
R k % Performance — —
B Machine size utly-connecte
§ 512 spins
i Time per SB run 284 usec
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Outline

Demonstrations:

03 Mobile Robots with IM-enhanced functionality

MOT (Multiple Object Tracking) and SLAM (Simultaneous Localization and Mapping)

© 2026 Toshiba Corporation 13



*1 Toshiba and MIRISE, News Release, 2026.2.24
*2 K. Tatsumura et al., Nature Communications 17, 584 (2025)

Use case of embedded IMs for robots/vehicles  iiamiasiion e oo Soasetmn 20

Enhanced Multiple Object Tracking (MOT) with in-vehicle SBM™:2:3

Autonomous robot IM-enhanced MOT New algorithm

Accurate object tracking under complex scenarios:
- Concurrent occlusions at multiple points

Video - long-term occlusion events

In-vehicle SBM Conventional MOT with linear matching (erroneous ID switches)
(FPGA board) " Bl o o o oo

Installed

detections
dl d2 d3 d4
Autonomous o /__ane-tq-One
. atching
mobile robot 9 1 .
| —4—— Potentially
— £ 13 0 Matching
& t4 1
T t5 1
t6 0.8

Complex combinatorial
optimization, considering both
- ‘ One-to-One and One-to-Many
E ey matches

7 H B/ ‘T?""‘"
g > |

Eian,

On-site demonstration
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*1 Toshiba and MIRISE, News Release, 2026.2.24
*2 K. Tatsumura et al., Nature Communications 17, 584 (2025)

I m pact of em bed d ed I M on a uto nomous Cco ntrol *SBB(I\I/IT é?&i?:fé? Ig/ilf.ul;l(i;’:}[iioent f:/{;élrﬁ:;nal of the Robotics Society of Japan, (2025)

Improved path planning with IM-enhanced MOT 2.3

Conventional MOT IM-enhanced MOT
g Tracking Success

obstacles -Treated as a continuously tracked object
’Kﬁ -Velocity info: available
-Movement prediction: Confident

-Velocity info: Not available
-Movement prediction: NOT Confident

—Decision: Detour

Less efficient control

Dig

&
—Decision: Go straight

More efficient control

i Eanels. el

Digital Twin

(LTI
o

,,,,,,,,,,,,,,,,,
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*1 Toshiba and MIRISE, News Release, 2026.2.24
*2 K. Tatsumura et al., Nature Communications 17, 584 (2025)
*3 (In Japanese) M. Hirai et al., Journal of the Robotics Society of Japan, (2025)

Extend matching from linear to quadratic™-23 SBM: Simulated Bifurcaton Machine

Enhanced QUBO matching between tracks and detections
-Flexible matching-

Autonomous control in mobile vehicle

Sensing Understanding Planning Control

Multi object tracking system

Camera

\ detection 3
\

detections

detection 4

Route/
behavior Actuators

planners

__— tracks assignment—__
result

r trackers

Kalman filter framework

(k-2) frame (k-1) frame k frame |
Demonstrated: 43 msec (23FPS) © 2026 Toshiba Corporation 16
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*1 Toshiba and MIRISE, News Release, 2026.2.24
*2 K. Tatsumura et al., Nature Communications 17, 584 (2025)
*3 (In Japanese) M. Hirai et al., Journal of the Robotics Society of Japan, (2025)

Extend matching from linear to quadratic™-23 SBM: Simlated Bifurcation Mashine

Flexible matching by in-vehicle SBM improves

tracking through multiple long-term occlusion events

QUBO formulation Relative improvement of tracking accuracy

-Detect the occurrences & locations of occlusion events by Flexible (QUBO) matching vs. linear matching
executing SBM twice while changing the weight (A1) for the
penalty corresponding to one-to-one matching constraint Conventional MOT with linear matching daiacions
A Quadratic terms
HQUBO = Z Z Qi,j = Hcost T }”Hpenalty P
U | B
w/o occlusion During occlusion
(#Detections = #Tracks) (#Detections < #Tracks)
a for small A for large 4 s
a1la) t1|t2]t3 t1 e t1[t2]t3 t1[t2]t3
%‘ TE d2d1-5 TE d1] 1
d2 o]ees | 02 1 dz Ty |d2 111][d2 1 )
t2 t3i...i|d3 1| tpii t3 d3 d3 ;
one-to-one one-to-many 3 being potentially

matched with d2

matching matching
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Extend matching from linear to quadratic™23

*1 Toshiba and MIRISE, News Release, 2026.2.24

*2 K. Tatsumura et al., Nature Communications 17, 584 (2025)

*3 (In Japanese) M. Hirai et al., Journal of the Robotics Society of Japan, (2025)

SBM: Simulated Bifurcation Machine

Flexible matching by in-vehicle SBM improves

tracking through multiple long-term occlusion events

QUBO formulation

- Detect the occurrences & locations of occlusion events by
executing SBM twice while changing the weight (A1) for the
penalty corresponding to one-to-one matching constraint

N Y Quadratic terms
HQUBO = Z Z Qi,j = Hcost T }”Hpenalty
i j

w/o occlusion During occlusion
(#Detections = #Tracks) (#Detections < #Tracks)
a for small A for large 4
a1la) t1|t2]t3 t1 e t1[t2]t3 t1[t2]t3
%‘ TE d2d1-5 TE d1] 1
d2  []..[d2 1 ez Foy 42 1]1][d2 1
t2 £3 foreei [d3 1] tpid vy5 [d3 d3
one-to-one one-to-many 3 being potentially

. . matched with d2
matching matching "

Relative improvement of tracking accuracy
Flexible (QUBO) matching vs. linear matching
v

Unified Temporal
metric association Detection Localization

Benchmark HOTAT AssAT DetAt LocAt

MOT17-02-FRCNN 33.5 (107%) 38.0 (113%) 29.9 (100%) 88.6 (100%)
MOT17-04-FRCNN 52.5 (105%) 56.5 (109%) 48.9 (100%) 90.8 (100%)
MOT17-05-FRCNN 43.3 (101%) 47.8 (101%) 39.3 (101%) 85.2 (100%)
MOT17-09-FRCNN 49.4 (112%) 49.2 (125%) 496 (101%) 91.6 (100%)
MOT17-10-FRCNN 37.8 (98%) 31.6 (96%) 45.7 (99%) 85.6 (100%)
MOT17-11-FRCNN 54.0 (109%) 55.8 (118%) 52.3 (100%) 91.4 (100%)
MOTI17-13-FRCNN 43.0 (102%) 44.7 (104%) 41.7 (100%) 84.9 (100%)
Overall (MOT17) 46.7 (104%) 49.6 (109%) 44.3(100%) 89.1(100%)
Cross-DLVL 95.8 (101%) 96.5 (101%) 95.3 (100%) 94.9 (100%)
Cross-DLVM 91.1 (110%) 91.4 (120%) 90.9 (100%) 91.0 (100%)
Cross-DLVH 80.8 (118%) 81.2 (137%) 80.6 (101%) 84.4 (100%)
Cross-DMVL 96.2 (123%) 96.9 (150%) 95.6 (100%) 95.4 (100%)
Cross-DMVM 87.2 (133%) 84.8 (174%) 89.7 (101%) 91.4 (100%)
Cross-DMVH 72.7 (121%) 66.5 (144%) 79.5 (101%) 84.7 (100%)
Cross-DHVL 91.0 (129%) 87.9 (164%) 94.2 (101%) 95.2 (100%)
Cross-DHVM 84.1(139%) 81.1 (189%) 87.4 (102%) 91.3 (100%)
Cross-DHVH 68.1(120%) 61.4 (141%) 75.6 (102%) 84.3 (100%)
Overall (Cross) 85.2 (123%) 85.8 (148%) 86.0 (101%) 90.6 (100%)
Overall (MOT17+Cross) 56.0 (111%) 60.9 (123%) 52.1 (101%) 89.5 (100%)

111% better 123% better
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*1 Quantum-inspired optimization solutions for embedded applications, EdgeTech+ 2025.

Use case of embedded IMs for robots/vehicles

Enhanced SLAM (Simultaneous Localization and Mapping) with IMs

SLAM Scenes w/ repetitive features w/o background landmarks Zef)erence frame I(?p)ut frame
. [ ref. b
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APE: Absolute Pose Error, RPE: Relative Pose Error, (1) means higher is better , (|) means lower is better © 2026 Toshiba Corporation 19
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Conclusions

Expansion of application domains of IMs to robots and vehicles

Feasibility

Ising machine enables NP-hard optimization in robots and vehicles

*NP-hard QUBO optimization under embedded constraints (size, power, cost) and realtime constraint
(system-wide low latency)

-An actual robot using embedded IMs for better route planning has been demonstrated.

- Simulated bifurcation is well suited to embedded applications.

More rational decision-making is enabled by NP-hard optimization
-Enhanced MOT (Multiple Object Tracking) with IMs
-Enhanced SLAM (Simultaneous Localization and Mapping) with IMs

More use cases based on creative ideas

A wider range of use cases is needed to support broader adoption of IMs in robotics and automotive industries.
More advanced embeddable IMs

- Chiplet-compatible, higher-performance and/or higher-density IMs would help expand the market

© 2026 Toshiba Corporation 20




Outline

For further information:

05 Recent Publications on Simulated Bifurcation
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Toshiba’s website “SQBM+™” https://www.global.toshiba/ww/products-solutions/ai-iot/sbm.html
SQBM+™ : (Commercial service) Quantum-inspired optimization solution based on SB technology

For further information

Search by “SQBM+”
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Issue
Edge-of-chaos-enhanced quantum-inspired algorithm for combinatorial optimization
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Recent Publications on SB

*1 Y. Hamakawa et al., arXiv:2503.23966 (2025)
*2 T. Kashimata et al., arXiv:2506.16924 (2025)
*3 H. Obata et al., Proc. of IEEE WCNC, 2024.

Toward broader adoption of IMs across diverse application domains
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Solve complex discrete optimization
Communication quality (CQIl) depends on users and
channels

Two-step SB (SB and classical hybrid):

In the 15t step, solve a relaxed problem with SB

In the 2n step, finalize the allocation table
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Recent Publications on SB

*1 K. Kubo et al., arXiv:2512.02323 (2025)
*2 F. Aiga et al., arXiv.2603.06101 (2026)
*3 K. Yanagisawa et al., Entropy, 26, 397 (2024)

Toward broader adoption of IMs across diverse application domains
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Fig. 4. Performance of SBCI1 and SBCI2 for excited states. (A) The execution time of CI, Tc1 &

FIG. 5. Reconstruction performance on the BAS dataset: (a) 36 randomly selected test samples. (b) The same samples with a central 5 x 4
block masked (47.6% of pixels missing, shown in orange). (c)-{e) Reconstructions of (b) using the trained SRBM at 1, 500, and 1000 epochs,
respectively, obtained by conditional LSB sampling. (f) The ratio of incorrect pixels per reconstruction as a function of training epoch. Each
data point represents the mean over 10 independent runs with different random initializations of u; error bars indicate the standard deviation

(sec), and the amount of memory (GB) of SBCI1, SBCI2 and the Davidson method for each
instance. Ng.. 15 the number of determinants. (B) T¢1 (sec) for each mstance. (C) The amount of

memory (GB) for each mstance Figure 2. A workflow of the proof-of-concept implementation.
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