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Hyper-Aether integrates Al-driven graph construction with hardware-level virtualization. Virtual Machines (VMs) are the primary semantic computational units.
Figure 2. Computation as Stochastic Graph Dynamics Figure 3. Emergence of Meaning from VM Graphs
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At each step, the Al Shell applies a graph transformation policy m, and the hardware substrate ) o St " i )
executes the resulting graph via transition T. Stochastic signals , enable exploration and Meaning emerges from the joint organization of structure, relation, and value. Semantic evaluation
adaptation. Computation is the stochastic evolution of VM graphs. feeds back into the Al Shell, guiding the construction and transformation of VM graphs.




Traditional Transaction (Bit-Consistent World)

Goal: Ensure bit-exact delivery and state consistency

Aspect TradTﬁor?al Appro;ch J

l UnilorTr:nmtion Packet / Record / Mha_sa:e.
Consistency - Bit-level consistency

Suceess Condition | ACK received / All packets delivered

Rollback Trigger

Rollback Method

Commit Condition Al data written and acknowledged

Isolation Lock / Sequence / Version control

Timeout / Error / NACK

Transaction in Communication: Traditional vs Hyper-Aether (Semantic Transaction)

| ModeA
(Sender)

Retransmit / Restore previous state

Durability Persist to stable storage

Focus Data correctness . g

Example Database transaction, TCP, 2PC

Catogory
What is transmitted?

What is guaranteed?

How is success measured?
What causes failure?
How s recovery done?
What is committed?
What is rolled back?
System model
Consistency model

Utimate goal

Data-centric system

Write & Persist

Detailed Comparison
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S LOMEL s sRction.
Bits / Bytes

Exact delivery

ACK / Timeout Semantic distance (D)

Packet loss / Comuption ‘ Misunderstanding / Contet mismatch
Retransmit packets Adfust context | Attention / Memary  Resend
Data writen Meaning integrated (Resonan state)
Unwritten data Dhvergent semantic state

Cognition-centric system

ACID {Atomicity, Consisiency,  SCAR (Semanti; Infegrty, Contend Coherence,

Isolation, Durabilty) Adaptive Recovery, Resonant Commit)

Database comectness  Distributed cogrition corectness
(Shared understanding)

Traditional Transaction Flow

Send Data (Packets)
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From bit-level consistency to semantic consistency
Hyper-Aether Semantic Transaction (Meaning-Consistent World)

Goal: Ensure semantic alignment and cognitive state coherence
l Aspect  HyperAether Approach | |
e .

NodeB ] P WA WMB
Racab Unit of Transaction _ Semantic State (Meaning Unit) BEGIN (Receiver)

Consistency Semantic consistency @ Send Semantic State ’ @
= | (Serialized Latent Representation)

Success Condition ~ Semantic convergence (Meaning alignment)

Semantic Transaction Flow

Rolback Trigger  Semantic divergence (D > )

Ack Contextresend / Attenion adjustment
Memary correction / Reinforcement

Commit Condition ~ Semantic distance Dy < ¢
(Resonant convergence)

Context boundary / Attention scope

Durabllity Store in semantic memory (graph/vector)

t’.\

Focus Meaning correctness (Understanding match)

Example Distributed cognition, Semantic OS, VM
communication

Integrate into
‘Semantic Memory

Adjust Context / Resend
{ Reinforce & Retry

Commit is decided by semantic alignment.
The transaction succeeds only when the receiver understands the same meaning.

Structure of a Semantic Transaction
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Transaction Lifecycle in Hyper-Aether
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1. Begin 2, Transmit 3Evaluate 4 Adjust (fneeded) 5. Commit *+ Atomicity + Semantic integrity
(InitIntent)  (Newral SerDes)  {Semantic Distance) (Conlext/ Attention)  (Convergence) + Consistency * » Context Coherence

Essence of the Difference

Traditional systems ensure that
“the data arrived correctly”

From ACID to SCAR

ACID (Traditional) SCAR (Hyper-Aether)

Hyper-Aether ensures that
“the meaning was understood correctity.”

e -

+ Adaptive Recovery

Zim(VMRELERE)

I\ )\—T—F)LEEHD7
BRICH T DRREBAURIEN
g—>3>

¢F0?vt:>ﬁ—*>h
CEIOMRERN =1

SH!

iy
ARimX (L. Hyper-AetherJ L —AT—IOARDDELTY >
TAY guﬂfﬂ'fﬁlu\V//(VM)I"_JU’@‘UVJU_"( % 0*’(
T TBETV—FFTIOFvEREEUVET. IERDIXT A
TITBEN)Tw MO 2RIL. A R R MY — AZERE
FBDICH L. Hyper-Aether(dEBRBAIAREZERX U E
I, CDV—FFIOFvEUTDEDZEALET: » 7
NoTA4vD - AT v IREIS > « Za1—3)L
N> Tawv oAz "0 —>3>, « —_1—3JI)L2UY
SAY—/72UT7SAH—BIE. « BT v I)L—
FAT, s BN TAVIAEY—, e Y FTaVD
NS>H02 3>, « DEGERFERE. KmX([EET5(CE
—:Fj_-ba'-v%i@%ﬁﬂ]@%ﬁﬁﬁ%ﬁdﬂ L. 88K,
_7 > 3>, I8, FBHHyperAetherITE
(CHBEERT AN ZHRHRUET .

From data transmission
+ Durabily *+ Resonant Commit A ' ej(? 9

Feedback Laop {Learning & Adaptation) to meaning synchnnnization.

Hyper-Aether transactions are not about moving data, but about aligning understanding.
The commit moment is the moment of semantic resonance.




Paper Overview: A Practical VM-State Model for Quantum Hyper-Aether

Final-layer semantic states, layer-wise weight states, semantic routing, route entropy, and a minimal prototype

Core VM State

Yyu) = [fhva) ® (W) ® -+ ®

Final-layer Layer-wise
semantic state  weight states state state state

¢ VM semantic state = final-layer output vector
o Layer-wise weight state = input-importance vector
* Memory, context, and purpose are included in the VM state

0 Minimal Prototype and Key Results
Task Input

(5B EachVMinemalMN @ Practica deiitonof
e = © VM semantic state

: )
F Task Semantic State slg* @ Practical definition of

task semantic state

@ Compressed weight-
state representation

Contributions:

[k Pogsones,

- @ Implementable quantum-

architecture
° Verification ]

3 Update VM State

@ No physical quantum
hardware required

0 Semantic State Definitions

/M 7’ Y
0 AW M )
Stask = ‘F:f(xtask) Input
X

» Each VM evaluates the task i its own
learned semantic space

s Task and VM states are directly comparable
in the same output space

o VM Lifecycle and Verification

If max; R; < Bypqym —> spawn new VM
I U)(T) < Ogeere — Seepldeete candicate |

$-0-8-9-0-7

VMOutput LM Constraint ~ Accept  Reject  Revise

Verifier DB

* New VMs appear when no existing VM matches the task

* Unused VMs are conservatively moved to sleep/delete
candidate state

* Safetyis checked by semantic verification

Semantic Routing

VM* = argmax R, 1
\. ., —

+ Choose the VM with the highest semantic similarity
+ Baseline VM distance uses semantic distance only

)
DVM = Dsem =1-cos (Smsk' SVM,j)

o Quantum-like Approximation

Route probability as quantum-like superposition

exp(tR)

Tsem ] Hsem

* Superposition is approximated by route probabilities
* Entropy measures routing uncertainty
* Temperature approximates semantic fluctuation intensity

ordinary neural networks, cosine similarity, softmax probabilities, entropy-based uncertainty, and verifier-based safety checks.

@ Main Result: Quantum Hyper-Aether can be implemented as a quantum-inspired semantic routing system using
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Quantum Hyper-Aether

Semantic Geometry, Distributed Cognitive Virtual Machines, Semantic Entropy, and Semantic Temperature —————_

o Core Idea

Computation is modeled as
semantic graph evolution.

tr} Input interface

Virtual machines behave as
| semantic-cognitive entities.

Communication becomes meaning
transfer and semantic resonance.

Memory becomes
semantic topology.

Intelligence emerges from
distributed semantic interaction.
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0 Semantic Dynamics

Entangled virtual
machines for
nonlocal coordination

Q me | ece "'o‘&

Creativity as
semantic interference

Semantic observation
and collapse

Emergent VM
specialization

Semantic memory
geometry

VM generation
and deletion

—r.—px

0 Advantages and Challenges

\ Advantages
0.

o0
\ [}

s ‘& ‘i‘ gt

Adaptive Distributed

semantic routing cognition

i

Emergent
specialization

Semantic-native
computation

0 Semantic-Cognitive VM

‘_ VM 2 (Sil Niv Il'v Miv Rl'! Fl)

4 §;: semantic state

i I;: semantic

R;: routing

; F;: adaptive learning

| ® Excessive entropy causes fragmentation and instability.

Creativity through
semantic interference

o System Architecture
| QH=(C,V.RAH)

(:.‘} C: cogritive field

9 Semantic Geometry

Associative A={d a . d
Semantic Fields : {ﬂ"nz' o} e A
* ConitiveFied(c)
Weighted Semantic ;
Similarity

_lAin4
HIUA;l

+ neural inference Sim(i, )

V: semantic VM
network

e
o\ vaV,

engine

communication

Quantum Semantic
interface

Sty Sim i, ) = |((S) | #(5;)
M;: semantic memory
D, (i,5) =1 - Sim, (i,
S b) im, (i, /)
Distance

mantic field
intelligence Dgliyj) = 1 - Simg(i, j)

Dy(i,j) = aD,. + pDg +yDg

H: semantic Hilbert
feedback
+ Semantic multicast
* Resonance routing
+ Emergent communication clusters

‘ + Meaning similarity emerges through associative
+ Distributed cognitive field

resonance rather than only vector proximity.

G Semantic Entropy

Semantic temperature is the semantic fluctuation intensity
that drives exploration and adaptation.
Ty = a Var(Dy) + b Var (P;)
+cVar($;) +d Rgrapee + € Rijonte

Semantic entropy is the uncertainty, dispersion, and
fragmentation of semantic states.

III Hy=- Z p; log p; (state entropy)
— i

Behavior by Semantic Temperature Region

L]
. 2: Hyy ==Y P(C)IogP(C,) {custerentrapy) Region Range (i) Behavior
k

Low Temperature Tm &1 Stable, deterministic, automation

Hp= Z i Dy(irf) (dispersion entropy) Balanced, adaptive reasoning

)

Medium Temperature =1

High Temperature >1 Exploratory, creative, analogical

© Moderate entropy supports creativity and exploration. Turbulence, fragmentation,

i i
Excessive Temperature »1 collapse risk

Challenges

L ok @ e

Collapse  Synchronization = Computational u:::;‘rﬂz;y
instability scalability complexity

hl&?

Semantic
measurement

4 @

Coherence
evaluation

Semantic
verification

Entropy/temperature
based control

0 Takeaway

Quantum Hyper-Aether provides a theoretical foundation for Al-native operating systems,
distributed AGI infrastructures, semantic computing, semantic thermodynamics, and semantic physics.

and temperature
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N-Layer Neural Network with Weights Included in the Quantum-Style State COHF FNTDEDEHEZATLREDO—EIELTEDSD,
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‘ ) : o The network is NTOL1Vv—C2 t@%af'lj(, % L/_C7I'7°/E| S TAEUB KU

Optnd icerom =-=----b | |G} = ) @ |Wiy e} ® |[Wae) @ v+ @ |[Wiy) @ |ms) ® [cr) 5 }j{;’f:;"::,’j:;f TR Mﬁﬁé%ﬁ@%lﬂ%?Z@/f JLOIRREE L CTRIRLEF T,

W) .7) 5 ::;a:::]:t:;ﬁ:ts DERILTI(E. @ﬁi‘lkﬁﬂiﬁxl ..... AN, ¥ldots. A_N A1,

. e [ A2, ANEWND FTHEE Tﬁa@ﬁ%;b%@‘cl_{ tL. BEHIEME IR

s s g s ' gerzlr el Eﬂi@@“%%ﬂﬁ?ﬁkﬁﬁ%ﬁ LET. LIEADT. NNN

3. N-Layer Joint Evolution Yy E:i;‘y l\'j—0(1$g£5|3|i7rf\°|/—9—®:@ﬁﬁf(ifd?< . ZIEMIR

- S S AT ALAEUTERRENZE T,
W—'ﬂ—'@*ﬂﬂ@ o PUEELBRIRSNES, FRRELDEMN/(SA—IBH&

not only the
e o ki 1) = A dyr o Ay [l s LTIRSDTER< . WI-WI-n dLAWIW_| ¥leftarrow W_| - ¥eta
— : ¥frac{dL{dW_WI—WI-ndWIdL) Tl3/2< . REZB%ES D&
4 Leaing s Joint Weight-Stte Evolion = REQHENZLE LTRBLTOE T, HHafEE T — )Ty
i, St | | ™ b wawn | |G L S0, S TOREEGEL. SRTOECDESEHRE
W Wionge [ | Wb = Gl i) | 1) =AQW [ |L=gle-ap| | e EIELEY, - .

(for alllayers ) for{=1,-- N (one step of the total system) (target ) whole system. VM‘\)DHyper-AeTher_O)ctjrd:E“VJT’r WO AT ICHL
FRIIVMZ TN > T« W OIRRE. IRTDLA77—EHy
O>FF X b BEFZERYU S —REESOHREIAE

Gradients / backpropagation signal flows back through all layers

5. Interpremtlon and _Imphc interpretation State-inclusive N-layer interpretation § i se.mantic syﬂems o 'ﬂst“ g 5 : <‘:' 7& Z]__\DQ Lj t L’ ) g a_ © g C‘:' &) 5 C‘:' S a_/{
| A e WNEFIXIAILDRECEENDE. NNNEBZ 1
e | O | Wk | iy [EEMAL. B, BB XIRSERZRER U g T 3 R

Party sparted Urifed i toabtate ¢ :
ev; arning separate nified in ynamics ! |'I’VM) X W‘sem) 8 |Wl) QB |WN)
state + operators joint evolving multilayer system i
Phys(cal analogy effective transformation open / effective quantum-ike system ! ® |M) ® |C) ® |P )

SATLERDET,

0 Summary: When weights of all IV layers are included in the quantum-style state, an N-layer neural network is interpreted as
a joint dynamical system in which activations, layer-wise weights, memory, and context can co-evolve through sequential layer transformations.




Applying the VM-State Model to Hyper-Aether

1. VM as a Joint Semantic State
llPVM) = |¢sem IWI) @@ |WN lM ® |C ® |P

@ [ sem) J:V:r) N lC = |fr) 0se /
= semantic state wZighl sate | | = memory = context ppoI'ich

joint evolw'ng W sta!e

= Ay ([Yym (1)), [Deny (1))

W evoiutlonl @ Vmﬁ,e
0 inference / adaptation [Wyae(t 4 1))

2, Internal VM Dynamics [ Wy (£ +1))
Current Environment /

User Input /
VM state —P Semantic Fahrlc

¥ (1)) (Oens ()

[W,e) AdaptweLeammg (G) ;
current '—/_' @ —« (% updated

[Cr) [P} weight state
context P”"”*"

weight state [Psema} IM,
semamlc memory

Semantic message /
interaction

VM spawn / delete
Spawn: max R(task, VM;) <
J

spavn
H Delete:  V(|¥yy)) < Ojtee
I

System-level functions

Similarity factors considered
semantic P learned memory &
similarity competence relevance compatibility

_____________ @j 124) = Yy, } © [yag,) @ = B Yy, )

A VM s no longer
just code + data +
runtime.

It becomes a
self-adaptive semantic
processing unit.

Inference, memory update,

context update, and
self-learning are unified
in one state-evolution
model.

" Learning changes
= the VM state itself,

not only external
parameters.

Communication is

-] modeled as state

interaction rather
than mere packet
transfer.

create a new VM
when no existing
VM fits

remove a VM
when its state value
becomes too low

spawn / delete

VM 5 / VMg Hyper -Aether becomes a distributed field of Q % @ @ %
s “] Wy interacting self- adaptlve VM states. commurication outin lesring

=
COHE(E. VM-stateEFTILDN)\A/IN—T—FI)LICEDKLD (CEATE
ZHEFHELTONET. COETILTE. FVMEBIFPI—R, &—
5. S2HA LATERSNBIMEDRTI=Y R LTRONBZDT
(<D ELRE. £DDIC. VMIZBEEDEERRE, LA7—ED
—a1—-S)LRy ND—OEMHREE. XEY, I>FFZ N BWEE
IRV —2ESOHAE I T vIRT— U TERSNET,
THICED. BYMIFEDESEEY T« vAMETI—w R UTR
BES T TR ET,

REVMDZEE FIREEHE(LE U CHATE R &2 RUTWETS, B
DVMIREE (IS, 71— — lﬂ\t7/74u0717Uu0tﬁ§
AL, #H. @n. XEUEH. 1>+ NEH. Bo¥8E%
UTRDVMIREEAEHEL LE T, 2B(3E. BEIRRE. D8 ym\
B89, AN ICRBOBEHREDEN CEE%S = 2N EHIRE
DL & U TEBRIRESNET,

VM-to-VMIBS (. Bl 4w MRE TR < . ERREERIOEE
ERE L THRBENET . HIVMNBOTEY LT v IRV TEZ—
SEAVMOREEZE LE T, COREETILCEDS, >
TV OIL—TA>D(E, BRIELIE, BN, RREE
IREHaE, BEEAH. BE B
VMIREEZ LB T BT, REEUEVMEEBIRTEETY,
R(FES, EFIEVMSA TP 0)VERICHHRBRL TEA
aNMﬂ9X0k+ﬁk?u?bamt%bMWNME’i'
METEB BB ENB T ENBNET, >7\7_-A oA
Hyper-Aether(3Z < DEB/ER I B SELE VM ,73‘
BoY>FTavIOREIT—ILRERDET, SEFER. BE.
Sa>0, 2B, VMOVER - HIfg. EMNREE G BoEsEEY>
FAVIRT— NIV EI—F 4 2D T 7T Uy IR TIREEE(L
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Applying the VM-State Model to Quantum Hyper-Aether

1. QUM as a Quantum-Like Joint Semantic State
[Woru) = [Ysen) ® 1W| @ ® IWN )@ M) |C)® |P ) ® 10)

¢ % W, ‘ I |Q = quantum-control
@ hﬁum ) r Ilyer‘-zlise !M ) @ = purpose/ state (superposition /
= camantic dte ’ it st = memory = context palty N e || m:::::nmc; {)enlanglemenl!

joint evolving quanium like VM state
2. Superposition of Meaning and Weight States
il i [Ysem} = E a; |s;) W) = Y B W) ( ))
S, S k (o

Superposed : Superposed
semantic state _\\' = weight state

W)
2 2 Bri [Wie)
[Q0) # [You,) @ [Youm,)

|QI‘-‘) = E Yij |5I)QVM| @ |sj)Qsz
i

Semantic similarity & competence i ,0
modulate amplitudes

|GiEn sim([Yae), [¥ou, )

) 1 tang LA =
: i it Candidate QVMs

Takstte ‘ " )= Lt |raute;) =¥ o)+ [omy ||~
Nmsl')

O Interference

Create a new QVM Remove a QUM when its
when the semantic field amplitude, value, o
cannot stably resolve | semantic contribution

a task with existing QVMs. | fades out.

Lifecycle manaqement fs interpreted as instability, transition, and decay in the semantic field,

System-level functions

QO) = E(H’Qm,), |‘Paw.12),m,llpamx))

A QUM is  quantum-fike
semantic processing unit
with semantic, weight,

memory, context, purpose,

and quantum-control
states.

)) A QVM can hold multple

candidate meanings and
multiple transformation
modes before selection.

Communication is
modeled as entangled
semantic interaction
rather than simple
packet transfer.

Routing is a quantum-like

@ selection process:

candidate routes are
weighted, interfered, and
finally measured.

Spawn and delete events

Lpnnnn emerge from phase

transitions, instability,
and decay in the
quantum-like semantic
field.

bR O

ieation  routi learni spaun/celote  Semantc i
communication  routing  learning  spa coordination  aligoment

summary. Applying the VM-state model to Quantum Hyper-Aether yields an entangled field of self-adaptive quantum-like VM states. Each QUM

carries semantic state, layer-wise weights, memory, context, purpose, and quantum-control state, while system behavior emerges from
superposition, interference, entanglement, measurement, and co-evolution across the distributed semantic field.
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Initial Practical Definition of the Quantum Hyper-Aether VM-State Model

n 1. VM Semantic State

Layer 1 Layerh-1  LayerN

(N)
(Output) X

Sym =

Wyu) = ]V’gevnb

The VM semantic state is
defined by the final-layer
output of the internal
neural network.

Internal Neural Network (F;)

ﬂ 2, Task Semantic State

VM Internal Neural Network

Stasy = Fy(task) |

Each VM evaluates the task in its own
learned semantic space.

"
B 3. Layer-wise Weight State

Layer |

W, € R%*du-1) Input-Importance

]*D:DZ?T-EDIJ

Input features
] by 0= DDl I o I sl
6J(M] . w,
(Iwilly +€)
Each layer weight state is represented as an
input-importance vector.

VM,
Task State Semantic State ____

) 5
Stask PR s Ty

(from Section 2)

Mz
Semantic State
Sym,

Compare Compare

.. (cosine similarity)

\

| (cosine similarity)

n 4. Semantic Routing
Wk "
Semantic State |
i sl g | i

Compare
(cosine similarity) |

= 9]
Ry = cos (stask? SVMJ)

(
Dyy = Dyep, = 1= cos (st:lk’ SVM,)

—

Select Best VM
VM* = argmax R,
/

3\

B 5. Route Probability, Entropy, and Temperature

Routing scores R; are
converted to probabilities
via softmax with

-

_ exp(tR))
7 Loy exp(eRy)

@ Spawn

n 6. VM Lifecycle Control

If max, R; < 0., — Spawn new VM
j

temperature 7.

K
Ho =% Z Pj log Pj

Jj=1

Tsem & Hsem

Entropy and temperature
are approximated from
route uncertainty in the
first implementation,

© peete

If a VM is not selected for T cycles
— Deletion / Sleep candidate

Initial practical heuristic.

7. Learning and Verification
J= Ltask @
Qz{Pl.lPh'"sPK} J \Uw

VM LLM
L(Jutpul > Verifier

First implementation uses the task loss only, and approximates
the quantum-control state by route probabilities.

Recommended
First Prototype

| o Minimal working

+ Same internal NN
for VM and task
encoding

* Final-layer

semantic state
vector

* Weight state as
input-importance

* Routing by
cosine
similarity

* Entropy-based
uncertainty

o LLM verifier +
Constraint DB

Bl LT R PRIRIARE,
-4 >, KNEBEQEHRE,

ity =]

COH(F. 2F/\A/\—IT—F)LVM-stateTETJLDOHEAD
ERANTEEREZFZEDHEEDTYT, COEFTILIE. VMDY
ST A VIREZVMOREBZ 1 —SILRY N D — T DRIE
EBEHEUTEEREL. YT VIREZRT MNLEU
TEFAEBEICLTVWEYT, YRXRITDEKRIAREE. &VM
DEIUAE—1—3ILRY 8N D—0OZBU TIRI AN %Z
BI CETESN. EVMIEBDDEZ UIEEKRZERAN TS
ADZ=FHmUET,

RlIFEe, B EOEHREEANEEENRT NLELT
EELTWVWET, EAHMTINEHRZERIDTERL, BED
BMHREENRT NUICEMEESN. TDRED EEATRTH
TDECENEITHRLLSETESIDINZRUET, CNICKD.
BAHAEDELEEZERNN DRFRIRAIEERFRIRE UTERIRT
=FE9,

TV IIL—FTa 2 TE. IRIDEI> T4V
REEEBVMDENY > T 0 v IRST— hEDTIY 1 4814

ZAWEY., BELRVMIEEEEWIL—FT0 >0 /
(EN. IL—Fa ORIV I MYV I D% Sl
BENEI. COIL—Fa 2 IOFEEENSERAIT,
OE—EBWEEMAMENET. /
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FEERU-TREERDET . FHPORET(E. BEF
B(IH A TEKDOH CERIE S EFHIENARELIL— &
HWRTIEMUEIN, BWRIRE (XIMIREERS S HIHI5T —IR—X
([CKDTITONET,

FEHDE. HFQuantdm Hyper-Aether VMIREEEST L
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Simulation Evaluation Results: Sensitivity to 8,
Quantum Hyper-Aether Prototype

@ Evaluation Setup @ Summary Table @ Key Findings

* 500 tasks processed Final | Spawn | Forced Normal | AvgMax iAngemantic
P | WMCount | Cout | Assignments | Assignments | Score | Entropy

* Initial VM count: 5 ‘
i n“““ 0.489 1.901 fewer new VMs, but
+ Semantic routing by cosine similarity | many forced
71 :
* Spawn rule: spawn if max R; < By ---- b assignments.

o Forced assignment: existing YM
selected even though max score < 0.60 0.501 401

l.. . it
* Compared By, values: balanced tradeoff
0.30,0.40, 050, 060, 0.70 ; 0472 | 4365 between VM growth

and semantic fit.

(3) Trend Highlights

High Bgaun (0.60-0.70)

O Assigment Tradeof | (B} Final VM Count | i almost no forced
500 | =8~ Spawn Count assignments, but

=8 Forced Assignments excessive VM spawning,

400 | ~A— Normal Assignments
30| 266

Recommended initial
setting:

Bpaun > 0.50.

Avg Semantic Entropy
o - n oy s

030 040 050 060 070
Bspm Gspawn

Conclusion: Lower 0 paum tends to force tasks into existing VMs, while higher 6y, over-fragments
the semantic space. In this simulation, Byqy, = 0.50 provided the most practical balance.

Low Bpqy, (0.30-0.40):

BIE

CDE(E. VMDRR—> BB
Ospawn¥theta_{¥mathrm{spawn}}Bspawn(CBEd DEF/\1
N=I—7)IL7OF9ATD>=aL—> 3 iHizE EDlBD
TY, COEERIE. 58DVMNSIRDHHAT —)LT5000EY >
TAVIIRTZUIEL, ERDBEMENVMDRRE. sE8FHIZDHT,
BREOHET, IL—FTa>PmEB. YT v oI hOE—(C
EDLDICHEITINZTMUET, ERFAHERNL—RATZ
RUTWET, KL \Ospawn¥theta_{¥mathrm{spawn}}Bspawn
BIEVMIEBZI S ITHY. 2 < DEKI(CEEWNF X T ZBIFDVM
(CHRBEMCEIDHTS—AT. &L
Bspawn¥theta_{¥mathrm{spawn}}8spawnfE(FE&HIE| D HT%
PR UE TN BRIIRVMAER ERRDBRITA{tZ5I Sk UE
9, TARENZBEDHT.
Bspawn=0.50¥theta_{¥mathrm{spawn}} = 0.508spawn=0.50/H"
REEAN/ISOXZRH L. BERVMRERZH#ERF U D D@l
FDHTZE/RSUEIT, ULIZH>T. K
Bspawn=0.50¥theta_{¥mathrm{spawn}} ¥approx
0.508spawn=0.50Z Quantum Hyper-Aether(CdS 7 BEISHY
STAVIIN—FT4 ODPRTONIATHREE U THERILC
EZEPR—BUET,




System Control for Finite VMs and Steady-State Maintenance
Quantum Hyper-Aether Prototype

1. System Constraints 2. Observed State Variables 3. Control Parameters
ite VM ity: K <=K, VM count K(t
o Finite capacntgf s E count K () 1R et
o Tasks arive over time : pa
g ; (M Semantic entropy Hegp, (f)

¢ Semantic routing by cosine similarity tau
o Spawn threshold: theta,y,,, (@ Semantic temperature Ty, (£) = Hyemy (£) theta_nerge (routing sharpness)
* Quality threshold: thetagy, @ Forced assignment rate Pyyreeq (£) " "
# Goal: maintain stable VM population target max

: VM usage distribution U;(T’|
and low forced assignment ('ll = 0 These parameters are adjusted by
feedback control.

4, Task Processing and VM Lifecycle Control

o . - 0Cmnpulze routing o ] Update selected
Re‘;"‘e tas scores R; and and identify N —) VM state
et route probabiltes P;

Capacity reached: adaptive handling

'8
CllaAal| W || &
Reuse Merge Replace FPrcedm
assignmed
sleep VM | | nearby VMs | | low-usage VM fallback
0 Update usage statistics U;(T) o Verification / safety check

6. Feedback Control Law 7. Recommended Control Priority when K = K.

Barn(t41) = Uy () Q) Feuseskep ¥ | @

I on = = = Merge nearest VMs
! ﬂn"\tl'Mm;::I:nﬁon. T a(Pforced ptarget) B (K Ktarge:) 0 E10¢ This riveats
" ! routing uncertainty, o Replace low-usage VM - uncontrolled VM
spawm ae = reuse  delte/ mergerale | {21 forco-acsignment ® I forced assignment is too high -> increase By 0 e . growth while
| rate remain stable Forced assignment as last resort | | preserving semantic
Proreed < € i © If VM count is too high -> decrease B v /| pr c:;:?am. e

@ Finite-VM Quantum Hyper-Aether becomes a feedback-controlled semantic space management system.

iy
COEIE. Quantum Hyper-AetherBl RVMEY > 51 v I)IL—5F+
SOTORIATCBITDRT—SEUFT v [CREBREHZE LD
BDTY, FLMRERE. RT—FEUS» (FEICVMDEEIENT
TR, BT v IIL—FTa 2 TDFEE. )\S>2 ADmNIe
VMEJER, RESNEEY> T v oI hOE—. RUVEFIZINDH
TE, BIEAJEERMRIA —/\—\v RZHIFLDD. SRR —
Ty hemEEtERCETERSINDIENDSZETY,

CDE(E. EBREBRIL—Tv NET7 0574 TIRRVMEL. 18HZDD
EIH RS HYOS 3> L— b, TUTCEARNRMEREK(C(IZFLHTD
BDEFEZELUTWVWET, RIS, RT—STILREEICHEREMZN
EUFET, RXTEIERKRN (SE)RVMICEIDHE TSN, D—o0—R
(TEEREFRUICHEESNRTNERSS. ABDNS>Ho2 3>
KR(ITOFT« TRVMERDHBE Y —EXBE%Z FE> TLBAIRENSH D
F9.,

MFEre. BWAT—U T EBNWRT—U>JZFHEUTVETD,
BWRT—U>T&EF IR EVMDIY FUONBKRMNS D, V
B CTERITAWIEEN. IL—F a0 > TA—)\—~wv REL, B
PUEZ I RMEL. BROTENVMDEBEFIA. ¥—2. =

& &< U T, Quantum Hyper-Aether (3BT S A48
JILTHD. IROE, BTV IIL—FT120
BoDI\S >R, @HEDHTORSE., REEA =Y ROFHIFH,
T+ — R)\y OHIENERRAVMAO%Z (X FEATEIRECHE DURENS D,




When Required VM Count Becomes Logarithmic in Transaction Volume
Quantum Hyper-Aether Semantic Routing Prototype

! 2. Intuition Iﬁ 3. Why Logarithmic Growth Appears

Required VM count grows logarithmically /ot . %7
: 7 \ /
when semantic coverage improves as '\0 o : ,‘ II *
i l .
transactions accumulate. | I
""""""""""""""""""""""" Early stage: More Existing VMs New VM
many unseen  transactions  cover more of creation
Pr(max; R; < ;yq,,n) Y

semantic accumulate  the semantic becomes
regions space rarer

? 1. Core Result
Nyy(M) ~ Ny +alogM 0

A2

The probability of needing a new VM
decreases roughly inversely with
transaction count.

Therefore, required VM count grows slowly

At first, new VMs are created frequently; : ;
even as transaction volume increases.

later, most tasks are absorbed by existing VMs.

@ 4, Conditions That Enable Log Scaling A 5. When Log Scaling Fails

@ Stable semantic task distribution @ Similar tasks are absorbed by | | ) Every transaction introduces
€ Semantic cluster popularity is skewed existing VMs

(frequent patterns repeat) @ Merge / reuse / replace
@ VM states learn cluster centers over time ~ mechanisms are available

© Semantic distribution
nearly new semantics keeps drifting

© Nomerge / reuse /
replacement control

© Forced assignment hides
quality loss

A\ s s W e can sproch ot {m

0 Oparen 18 too high

© VM learning is weak or absent

(/] Ospawn 15 tuned appropriately @ Forced assignment remains low

These conditions allow semantic coverage to improve
faster than semantic novelty.

|~# 6. Qualitative Growth Pattems

@ 7. Practical Interpretation for Quantum Hyper-Aether

Linear case

il Biags new sianics) More transactions do not necessarily require proportionally more VMs.

If semantic routing improves coverage, VM growth slows down.

Logarithmic case 7 The system becomes more scalable when common semantic regions
(Novelty decreases) W arereused

Constant case o Good control of By, and VM Iifecycle is essential.

(Mostly same semantics)
@ Target regime: logarithmic VM growth with low forced

Transaction count M assignment and stable semantic coverage.

probability of discovering a truly new semantic region decreases as 1/M and the VM pool progressively

@ Conclusion: Required VM count becomes approximately logarithmic in transaction volume when the
learns and covers the task space.

==}
(. E(g%ﬁbb\%ﬂ PRI FE
VMA > MENVM (M)=NO+alogM & U THELT = 2
I, COEFHITIE, Ff/ﬁﬁ/ﬂ/ﬂﬂ?/T%VU IO+
KDEBEREBEEIND D, BEDOVMNEI X OZEMDILK Y DEB
NENIN—TETBDLIICRADET,
X(E., WEHIRVMBEEN TN > T 0 v IOIRXTODBHNEE L.
BRI T4 v IING—=2HMEDIREN. VMOIREEN B fE &
EBICOTRICI—=FEU. e(spown)b\Eﬂi-O)VM(J&HRé
NBESICHEBTNTWBCEERUTVWEY, ¥—>. BFIA.
BROMAHEA L. BRRVMOEINZE S S (CHIHEI UDD. s&@HIZE D
HTCZERINZET,
H(EEE, WMEEREEMEDT —XZHEUTWET, IRTD
jzﬂa/azb\(&(i%bb\aﬂiﬁ ik YNUN e(spown)b\u—;?é?
iﬁ 5. VMEZNFEES i?‘ (FERXEDMA R T SUKTS
M\EBVM;&(J’&?H/ESZE( DL ZERHBD. NvmaoMI(Tx
j(&.&b“C%i@'o LIzt > T, WEHRT—U T (EEE
PN3EDTIEHDERA. TELIEEY>Ta v IH)L
MERIRVMS A T A D)LEHEIENICKFUE T,
f&sm & LT Quantum Hyper-Aether(dS X5 AhVH
HEMEN(CFEE - BAIR I3 ETRT—S TV
TE,. bSO 3> =0ENICHEVFRTIERY
M(CIRBDCENRETNTLET,
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Q

0 Logarithmic Growth Test

+ 3,000 transactions processed Final VM
+ Finite VM capacity Ky, tested at 50, 100, 150
+ Initial VM count: 5

+ Semantic routing with cosine similarity

+ Feedback control on Bgpaun

+ Capacity handling: reuse sleep VM, merge

+ Metrics: steady state, throughput, forced ‘ 0

Finite-VM Simulation Results: Steady State, Throughput, and Logarithmic VM Growth

Quantum Hyper-Aether Prototype

Evaluation Setup o Summary Results

Avg VM Count Forced Rate | Avg Throughput
Count (steady) (steady) (steady)

0.100 33.38 0.421
T we | ow | am | om

The Kyqx = 150 case shows the strongest evidence for log-scaling.

Kinax Log Fit R? Linear Fit R*

nearby VMs, replace low-usage VM, forced
assignment as last resort

assignment, log VM growth =
o All cases reached K(t) = Kynqy and then stabilized at steady state.
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For Kpax = 150,
Observed VM Growth vs Fits (K, = 150) log it outperforms o Steady State: After saturation, K(¢) remains
lingar it stable at Kax.
(R? =0.825 —_————
¢ | w040, | Scalability: Increasing Kpqs increases
: all steady-state throughput.

o Finite VM systems can maintain steady
o

o Observed (K., = 150) operation under feedback control.

M Throughput improves with available VM
'"'I capacity, though not perfectly linearly.

Required VM growth —— e —
is closer to ‘ @ ‘ Quality: Forced assignment remains low and ‘ Semantic reuse reduces the need for

Nyw(M) = Ny + aloght decreases slightly with more VM capacity. continuously spawning new VMs.

under decreasing
semantic novelty.

The target regime is stable semantic
coverage with low forced assignment.

more consistent with logarithmic than C}

‘ Structure: The observed growth pattern is I
linear VM growth.

Transactions Processed M (log scale)

0.25-0.26 across the
tested capacities.

@ Conclusion: In this simulation, finite-VM Quantum Hyper-Aether reaches steady state, scales throughput with K Final Bspqvn converged near
and shows VM growth that is closer to logarithmic than linear under stable semantic task distributions.
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1. Types of Knowledge in a VM |

Lifetime What Happens

Type Description (Typicall  on VM Deletion?

Ephemeral Recent context, Seconds - Can be lost
| (Short-term)  short-term state Minutes (No need to keep)

(

| Leamed | Semantcpatlems, e Extract & save

(Micterm) | WeightS, Usage  ouebave  before deletion
statistics

Verified knowledge
(rules, constraints,
facts)

Persist in external
knowledge store

Verified
(Long-term)

4. Knowledge Lifetime Determined by Importance

Importance Score of Knowledge 1,
‘ I, = a - usage + b - verification + ¢ - novelty + d - stability

Low Importance [}, |

v Frequently used v Rarely used
' Verified # Knowledge Lifetime }» ¥ Unverified

| High Importance Iy t

N :
V Novel Ly=Lo+yl, | ¥ Possbyincored
' Stable & reliable | | ¥ Outdated

‘ Longer Lifetime Ly 1 Shorter Lifetime Ly J,

7. TTL (Time-To-Live) for Knowledge

‘ TTL, = f(usage, confidence, verification, age, novelty) ‘

= : = i k)

A ——

Usage T || Verified T | Novelty T Age T | Contradiction T !
Extend TTL | | Extend TTL ‘ Extend TTL | | Shorten TTL |  Shorten TTL

J L L )

TTL expiration = Knowledge becomes archive or deletion candidate. '

-0)

+v. By decoupling knowledge lifetime from VM lifetime and managing it with importance, verification, and TTL,
¥ Quantum Hyper-Aether can scale with finite \VMs while preserving valuable knowledge.

Knowledge Lifetime and Preservation under VM Deletion in Quantum Hyper-Aether
Principle: Knowledge Lifetime _2 VM Lifetime (Important Knowledqe: >> VM Lifetime)

2. Knowledge vs. VM Lifetime 3. Knowledge Loss Model on VM Deletion

Lifetime
—— Knowledge Lifetime (Ly)
— = VM Lifetime (Lyy) Ly 2 Lyy

(Important: Ly >> Lyy)

Kiost = KVM — Dexternalized

Ky : Total knowledge in the VM
K orcernaiized - Knowledge extracted and saved externally
Kips: : Knowledge lost when VM is deleted

= Goal: Maximize K,.mqiizeq efore deletion
to minimize knowledge loss.

5. Safe VM Deletion Procedure
(Knowledge Preservation First)

6. Hierarchical Knowledge Lifetime Model

Layer Typical Lifetime Content/ Role

1. Underused | 2.Moveto 3, Extract
VM Detected Sleep Candidate Knowledge

o’

Task session context,

Short-term Context
temporary slates

Seconds - Minutes

Local semantic patterns,

L2 VM-local Knowledge ~ Minutes - Hours/Days weights, age within VM

4, Verify with 5. Save Important ‘ 8. Deleteor | L3 Shared Semantic Memory Days - Months Reusable semantic clusters
LLM Verifier / Knowledge to Reuse VM across VMs
Constraint DB | gm | Knowledge Store | g |

8. Safe Deletion Condition

Verified rules, constraints,
stable knowledge

'ﬁl' L4 Verifod Knowledge Base | Lorg-tam  Seri-peranent

9. Effects of Proper Knowledge Lifetime Management Key Takeaway

VMs are short-lived
execution units;

knowledge is a long-lived
Maintains system performance and accuracy asset.

@ Usageis low:

9 Prevents important knowledge loss
Uj (T) < Bdelete

0 All eritical knowledge is externalized:
Externalize, verify,
and preserve important
knowledge before
VM deletion,

n

Knowledge Lifetime
2 VM Lifetime

Koviticat € Kexternal C Enables VM reuse and efficient resource control

# Only then > VM can be delsted or reused. r“ Keeps knowledge base compact and high-quality
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Knowledge Lifetime Management in Finite-VM Quantum Hyper-Aether
Simulation Results: Knowledge Loss, Reuse, and Performance under VM Reuse ————

© Evaluation Setup £} © E Summary Results Table

: |
||I 2,500 wansactions processed Final | VMreuse | Forced rate | Avgentropy ‘Avglhroughput Knowledge | Externalized | Knowledge | Knowledge | Knowledg
E Finite VM capacity: Ky, = 25 K events | (steady) (steady) ‘ (steady) losscount | knowledge | reusecount | missrate | lossrate

t
@ Initial VM count: 5 count

High novelty task stream to force VM reuse

948 0.105 ‘ 2.059 14.63
Comparison of two modes: “no_preserve” ‘

vs “preserve” | ‘
preserve mode uses: external Knowledge Store, preserve | 25 | 1079 | 0.109
importance-based extraction, 1

e Key Trend Panels

o Throughput 0 Knowledge Miss Rate G Knowledge Loss Rate
Estimated throughput capacity Loweris better Loweris better

1.0

0 Knowledge Store Growth |

Semantic Entropy
with TTL e

Lower is better

— no_preserve.
— preserve

Throughput

~ e

— no_preserve
— preserve
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G preserve has slightly higher throughput. O preserve achieves lower miss rate. o preserve sharply reduces loss.

o Main Findings @

g Knowledge preservation sharply reduces loss during VM reuse.

0 External store grows; VM-local bounded. 0 Entropy remains similar; preserve lower.

O Interpretation ¢ Legend

]
In no_preserve mode, VM-local knowledge disappears @

Externalization + TTL enables reusable long-lived knowledge when a VM is reused, causing total knowledge loss. C; Reuse VM reuse event
Beyend Vi, In preserve mode, important knowledge is extracted, S Knowledge poi ook edge repasitory

Knowledge miss rate decreases with preservation, verified, stored externally, and reused later. = stoe

TTL Time-To-Live (retention window)
The result supports the design principle: @ it i

System behavior remains stable under finite VM capacity. “Knowledge lifetime >= VM lifetime”. @ Preserve  Preserve mods (knowledge [fetime management)

v
¢
u Throughput improves slightly with preservation.
9

M Knowledgelossrate: 1,000 -> 0,368

Knowledge lifetime management allows finite-VM Quantum Hyper-Aether to
reduce knowledge loss, lower miss rate, and slightly improve throughput
My Knowledgemissrate: 0,729 > 0.694

while maintaining stable operation under aggressive VM reuse.
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Finite-VM Simulation with Knowledge Lifetime Management

——— Comparative results for TTL and knowledge verification

@ EXPERIMENT SETUP

+ Synthetic discrete-event simulation

+ 4 conditions: A No TTL / No verification;

B TTL / No verification; C No TTL /
Verification; D TTL / Verification

+ 20 maximum VMs, 60 topics

+ Knowledge capacity: 12 entries per VM

+ 6,000 simulation steps, 12 random seeds

+ Goal: evaluate performance and
incorrect-knowledge retention under
finite VM resources

| @ KEY FINDINGS

Knowledge verification produced the
largest gain in task success.

o TTL alone had little effect on success
rate, but reduced stale incorrect
knowledge.

o The combined condition D achieved
the best overall balance.

o Compared with A, condition D
improved success rate by about
1.3 percentage points,

o Compared with A, condition D
reduced retained incorrect knowledge
by about 89%.

o Forced assignment rate also
decreased under verification.

0

100

Task success rate (%)

Verification increases success;

TIL

COMPARISON OF CONDITIONS

Mean Incorrect
(steps) Knowledge (entries) Rate (%)
81.97

No verification | 3.247 2.858 5.83

|
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NoTTL/ 8324 P Py
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'ITLI

e Knowledge Retention vs.
Incorrect Knowledge

Task Success ‘ Mean Latency Forced Assignment

Rate (%)
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Task Success Rate

e Retained Incorrect
by Condition

e Cumulative Success Rate
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Simulation step

TTL and verification sharply ‘ All conditions converge near ~0.82-0.84; Contion D achieves the best balance:

reduce stale incorrect knowledge, verification (especially D) stays highest. ‘ !ﬁgh knowledge retention with minimal
‘ ‘ || incorrect knowledge.

J |
AiNG

alone has minimal impact.

Separating VM lifetime from knowledge lifetime, and combining TTL with knowledge verification,
can improve reliability in finite-VM environments while sharply reducing incorrect-knowledge accumulation.

PIARSO S
KRR TIE. BREHMDOREYS > (VM) THEREIND
RIB(CHWT., MES1I5910 LABEBOBM M Z S5k
BERERS = 2L —> 3> (KDL, LEEESR
EUT. TIL (Time-to-Live) 720U - FEAREE/R L. TTL
0D - FEFEARIER L. TTILRU - JEEREESD D . TTLd
D %Duﬁ*ﬁnﬁﬁo @4*{¢%n Ebt—o /\1 l/_
> 3> Tl EAVMEZE20. Bk I\tviji%“:éo
BVMOMGERIBFEEX 125& L. 6,000 w7,
FEFOELERI T M ZE T D 1=,

FBREUT, MFEAREEEY R IR INEDME L (CRBX
ELHFEL. BIIERIE81.97%H 583.24% [ _E Uz,
—7. TILEEMTIIMINEADE (/NS> TEht. 2
BEN3RIBZHIR T DNENER SN/, TTILEAN
AR R A U2 TE. pINER83.29%. T840
SER0.3204%, ARHIEILZKRL 34% LD, BRENICRER
DiERZRUIE, BEZM LR TD E. RIIEREHN
1.3/R1> bEEU. FRIFRAEHI8O%BHRR =Nz,
UEXD, VMDEa DSz DB L. TILICK
DR EF u"iszﬁulE%%EE’#/\bt‘é Z&ET. BRER
STEERET CHEEEZm EEE. RAGEHOEBEZAD
HTEBaEEMEN RSNz, ZEU. KERIIEKT
FILICKBDFREMREETHD. Quantum Hyper-
Aether?7 —F O F v 2ARDEIZERT D3EDTI
AW




FITRARST

AR TIE. Quantum Hyper-Aether7 —F5 2O F v (CH
FRERVMEBEZERE LT, FES1 I91 ABEDR
i © K SENSITIVITY ESMET . 1L —33>TEH. BROVMEER,

« Synthetic discrete-event simulation Kimax Condition ‘ Success Rate (%) Incorrect Knowledge | Forced Assignment (%)

i . €Y hotte marngsriet 82,86 15,78 %ﬂ?gﬁ@TTL (Time-TO-Live) N B&U%u%ﬁ*ﬁng*EEL{’FFﬁ(:E
T i AR O D:TTLe Verlfcation | 8260 BU. GBIEERTETILZEVT. RAVMELL TILR. &

| o025 | 1282 |
oo el N R T ———a—_— sz e, TR, FENS
* Sensitivity dimensio;ls: m (A ] A No management 79.57 EL—P&%D Egﬁ%\ 3§$U r.'::lE-'U % zn"‘_—( (L—_ 5‘2 5 ,%2% ngﬁﬂj LJ 7:__ o
- Knomerg T = 190,200, 70, 1500300 I .l 50U, vty TIHEEE DM L3RS
* Verification detection rate = 60%, 75%, m O i 80.32 NIRWC EQWRENTE, FEEERZITDRVNGS. VMBE

e DB S TIRIFSNDAHRENEX D2—H T, B4HS

TI= N — — =R —1]> [ —

TTL SENSITIVITY UNDER CONDITION D € VERIFICATION SENSITIVITY UNDER CONDITION D E*E%La;;.;gfrg‘ﬁir ;)OID/%_IJ EI] g%ﬂigiggi\; b\a;,gg(g
HRUTWD, TILEEECHWGEZRRET DHGE S LT

AE L. FIGRAREE (X250 2 E1EINHI o D8 & U CTHEE LTS

SEIDETE Tl FFUTTLIEERANFKDIXEB =i == T=ht,

BE(CFHEWTTLTIIERRIGBRERICEKIN T D28, /

ORRINZENDTMNIIR T Ulz. £z, HREEERE (338X

W _ (CREBVEEZRL. BAHIREZENS VNI ERFHGE

e e e gt e Gl @ o B S el et e e e (FKRIEITIRA UTe. 7272 U, 58U MREE(E—3B D

correct knowledge.

Sensitivity Analysis for Finite-VM Knowledge Lifetime Management

Quantum Hyper-Aether simulation summary
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Semantic Routing Simulation Results Summary
Comparison of Routing Policies on 90 Meaning Tasks Across 8 VM Types (12 Random Seeds)

1. Overall Performance Summary 2. Routing Accuracy (%)

100.00 100.00

3. Task Success Rate (%)

Routing Test Set Task Mean Mean
Routing Policy ~ Accuracy Accuracy  Success Latency Semantic
(%) (%) (%) (steps) Similarity

=}
S

85.11

@®
1=}

Randem 14.25 14.14 52.79 2.579

Load-based | 14.12 13.82 54.42 2437

(Overlap) 100.00 100.00 85.1 1.880

Semantic
(Embedding)

Routing Accuracy (%)
Task Success Rate (%)

Keyword |
|

100.00 100.00 89.13 1.892

» Semantic routing achieves the highest task success rate (89.13%).
It also attains the highest semantic similarity with the expected VM.

» Random and Load-based routing perform close to chance level (~14% routing accuracy)
with much lower success rates.

» Keyword routing performs strongly in this dataset, but Semantic routing is slightly better
in success and generalization.

Random  Load-based Keyword Semantic
(Overlap)  (Embedding)

Random Load-based Keyword Semantic
(Overlap) (Embedding)

Semantic and Keyword routing correctly send tasks
to the expected VM in almost all cases.

Semantic routing achieves the highest task success rate,
demonstrating the benefit of meaning-based routing.

4. Mean Latency (steps) 5. Mean Semantic Similarity 6. Trade-off: Accuracy vs. Success

‘Semantic
(Embedding)
0918

Keyword
(Overlap)

@ Load-based
0.151 0.150

oo N NN

Random Load-based Keyword Semantic Random Load-based Keyword Semantic
(Overlap) (Embedding) (Overlap) (Embedding)

Mean Latency (steps)
Mean Semantic Similarity
Task Success Rate (%)

(i}
©o 20 4 e 80
Routing Accuracy (%)

Meaning-based routing (Keyword/Semantic) reduces
processing latency compared to non-semantic routing.

Semantic routing achieves the highest similarity between
task and the selected VM's knowledge.

Higher routing accuracy leads to higher task success.
Semantic routing achieves the best overall trade-off.

Experiment Setup Routing Policies: Key Takeaways

Random, Load-based, Keyword (Overlap),

Dataset: 90 meaning tasks (8 categories) 1. Semantic routing outperforms all baselines in task success, latency, and semantic alignment.
Semantic (Embedding) @

Train/Test split: 80 / 10

2. Keyword routing is strong when explicit keywords are available, but semantic routing is more
Q VM Types: 8 specialized VMs Task Success Model: Based on semantic similarity

robust to expression variation.
and VM specialization 3. Load-based routing balances load but ignores meaning, resulting in low accuracy and success.
4. These results support the effectiveness of meaning-based routing in Quantum Hyper-Aether.

ﬁ Random Seeds: 12 ® Latency Model: Queueing delay + processing time
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AMAFET(E. Quantum Hyper-Aether@(F (C5%5T LTE
News Semantic Task Dataset ZFL\C. Random
routing. Load-based routing. Keyword-overlap
. . . routing. Semantic routing D4BFEDIL—F« >0 BT
News Semantic Routing Experiment Results Summary EHLI=, COF—Ftv M. HERECE. M) 2
Comparison of Routing Policies on News Semantic Task Dataset (80 Tasks) 0\ §§1’ﬁi . A|\ $§5§ . I_'Ei%\ _/L\\:/H\:ﬁé\ ,)_T—bﬂ; : I;l.{) l/:\'i‘—\
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* Semantic routing achieves the best performance across all metrics. Random Load-based Keyword Semantic Random Load-based Keyword Semantic

’ :’eg:'::"":“w o b e il ‘Semantic routing achieves the highest routing accuracy (85.60%), Semantic routing achieves the highest task success rate (84.01%), %n% n ] O y 76%3—5 J: U ] O ’35%T“ @ j 7_: © Keyword

« Semantic routing improves task success while reducing latency. far above Keyword (64.35%) and baseline methods (~10%). showing the best ability to complete tasks correctly. ro U .I.i n g (3: N 9 X 0 Y t VM%D Egﬁm%gg_ _:Et&% *IJ % a— 5 : t
THREEZNEL. 64.35%DIL—T 1 2 THEE & 66.46%D
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Revised Definition of Semantic Distance - | = 0 a0
From embedding-only similarity to ontology-assisted semantic routing B, E(CHRXTIBHIAH EVMENGRIBSHAHDIEEE,. HI X
. oy e (EOYAHELUEDIHNSDEELE U TEHESNCLZ. D
n Previous Definition Extended Definition i (B R W F D [T IS T BN, S
Dion(T, VM;) = Dors(T, VM) Dyon (T, VM) = @Dor(T, VM) + BDira(T, VM) zbﬁiﬁfiﬂégg?ﬁé%&%’gﬁﬁwg AD, ki
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* Good for simple matching Don: : ontology distance C; : confidence of VM knowledge éb‘t"ft? oTAY OEE%E% }'_f%a 9D A |\ [ :/_EE%E
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Ablation Study of Revised Semantic Distance in Quantum Hyper-Aether

Effect of Each Distance Component on Routing Performance

Ablation Conditions

Distance Components

Embedding only
Embedding + Ontology
Embedding + Ontology + Context

Embedding + Ontology + Context
+ Staleness

Embedding + Ontology + Context
+ Staleness + Confidence

Embedding + Ontology + Context
+ Staleness + Confidence + Load

1. Routing Accuracy (%)
99.04 9929 8914 99.35

Conf. | Load

v

2. Task Success Rate (%)

96.47 96,58 96.55 96.39 96.48

Huge improvement
by adding Ontology
(B: +37.74 pts vs A)

5. Incremental Improvement (vs Previous Step)

B Routing Accuracy (pts) [ Task Success Rate (pts)
B Mean Semantic Distance (lower is better)
+37.74

+16.91
+0.25

I w011 0,087
+0.089 0,001
4003
H_ - i

-0.002 o001
-0.08

L

-0.10 S
-0.16

C-D D—E

(+Ontology) (+Context) (+Staleness) (+Confidence)

+0.21
+0.09
. +0.040
- .

-0.002

E=F
{+Load)

Overall Results (Averaged over 8 Seeds)

Routing Test
Accuracy Accuracy
(%) (%)

61.30 60.36
99.04 98.76
99.29
99.24
99.14

99.35

98.76
98.76
98.54
98.84

3. Mean Latency (steps)

Lower latency with more
components (best: F)

Key Findings

* Ontology is the key factor.

Adding ontology (A-B) brings the largest
improvement in all metrics.

» Context further improves task success.
Helpful for handling task types (verification,
hybrid, ambiguous).

* Staleness and Confidence stabilize routing.
They prevent outdated or unreliable
knowledge from being selected.

* Load balancing yields the best latency.
Condition F achieves the lowest latency
and the highest routing accuracy.

Success Rate

Task Mean Mean
Latency Semantic
(%) (steps) Distance
79.56 2.072 0.333
96.47 1.768 0.158
96.58
96.55

96.39

1.766
1.767
1.766
1.764

0.197
0.244
0.195

96.48 0.235

4. Mean Semantic Distance

4 0.333 Ontology greatly reduces
.\ distance (better fit)
. \

\ ats 0.235
N 0.197 0.195
No.158 _—»

Best Overall Performance

@ Condition F (all components)
achieves the highest routing accuracy
(99.35%) and the lowest latency (1.764).

Why It Works
eB Combining statistical similarity (embedding)
< with symbolic knowledge (ontology),
context, freshness, confidence, and load
results in robust routing.

Conclusion
@ The revised semantic distance definition
significantly improves routing accuracy,

efficiency, and reliability in Quantum
Hyper-Aether.
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Weight Sensitivity Analysis of Revised Semantic Distance

News Semantic Task Dataset

o Experiment Setup A e Best Configuration 6 Robust High-Performance Region

. 3 3 Robust Region (129 / 160 configurations)
160 weight configurations evaluated Best Configuration: W001 within 0.5 percentage points of the best

s routing accuracy and task success
"’ 4 random seeds per conﬁguration | @ Embeddmg 0.600 Routing Accuracy Test Accuracy Component Mean Weight Min Weight Max Weight

T o _
| 5'!.', Ontology 0.300 @ .l.I.I.I. 6P Embedding 0327

in 1 ! 5!5 Ontology | 0.372

2t comex | o100 || 100.00% || 100.00%

Components: Embedding, Ontology, [ | | 8% Context 0.188
Context, Confidence, Staleness, Load | 0 ar 0.000 Task Success Rate | | Mean Latency

® 320 simulation steps per seed

Q Confidence  0.113

o i : =
AIA Positive semantic weights normalized; | g Shalanass i R Staleness 0.103
Staleness and Load treated as !

penalty weights | £y oo l . () Load 0.101

0.00

Weight Value Range

o Visual Findings o Key Conclusions
1) Best Configuration Weights (W001) ; 2) Sensitivity Insights (Conceptual)

| @ Ontology consistently important [INEG_—_—— High

|

@ Embedding still necessary I Hich
\
\ @ Contextimproves robustness I Medium reliable design.

0.025
0.181
0.016

0.000 | Py

0.220 |ty

025

0.099 |ttt

: 1 I S| | = T

0.50 0.75 1.00

o High performance is not limited to a single weight point.
o Ontology is the most important component for robust routing.

Balanced Embedding + Ontology + Context is the most

‘ 0 Confidence helps relizbilty  WENENED  Medium o Small penalty weights for Staleness and Load are useful,
but should not dominate semantic suitability.

0000 0000 0000 @ Staleness and Load should stay g i
small to moderate

o o
@ ie ‘@ Q 8 (N f? Revised semantic distance is robust across a broad

= Confids Ailaness | z
E ¥ Ontology.  (Caasy 3 Lo ‘ LowImpact  Relative Influence on Performance High Impact

weight region, with ontology-assisted routing as the
central driver of performance.
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Evaluation of routing performance under ontology degradation: link deletion, misconfiguration, and unknown category addition

Unki Cat Detecti =7 — — e

Descripion. [ e e Oy @ disaster response ass) SUEISAEC (F. B RODIL—TF « SOHEE. T MEE.

outin est as alse Unknown Lat: N - —_—— S
CepEtoy i) Accuracgy Accuracy Success Rate nzfﬁ;‘;‘ﬂn (Knuﬁﬁtfasks) uow; ;nb?trier) 97\0 ESZDJE%‘_—\ *%Djjj—j D, *ﬁllillz%‘_—\ u,\Unknown:‘/I\ :'Zi’:]l}%

@ 00 Complete Ontology | Al conceptand category 100.00% 100.00% ‘ 85.07% 13.12% 0.00% : iigft\z—? W7 SIEE I E DA RO
- - : : - - = N T R —~
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Unknown / Discovery VM Comparison in Quantum Hyper-Aether

Corrected evaluation of unknown-category detection and handling +———-

Dataset: News Semantic Task Dataset
Known classes: 10 VM categories
Unknown class: disaster_response
Compared methods: 6

(J- Key correction: after a new VM is created,
unknown tasks handled directly by the new VM
are counted in Total Unknown Handling Rate.

Comparison of Unknown-Handling Methods

Known Unknown Total Unknown Integrated False Task L“:EB“
Accuracy Precision Handling Unknown F1 Unknown Success i L
A No unknown mechanism 100.00% 0.00% 0.00% 0.00% 0.00% 87.97% 1.770

B Top-1 threshold 100.00% 0.00% 0.00% 0.00% 0.00% 87.97% ‘ 1.770

‘ C + Margin 100.00% 100.00% 11.47% 20.58% 0.00% 88.63% ‘ 1.800

- D+ Ontology confidence 99.90% 96.30% 12.80% 22.59% 0.10% 88.71%  1.803

| E + Verification 99.74% 93.58% 17.12% 28.95% 0.26% 88.94% 1 1.815
‘ F Discovery + new VM J 99.76% ‘ 78.19% 79.88% l 79.02% 0.24% 1 93.24% 1.786

‘! Key Findings (@5

Simple threshold rules did not handle unknown tasks effectively.

Margin, ontology confidence, and verification improved unknown detection step by step.

Discovery VM plus automatic new-VM creation achieved the best overall result.

The best method preserved known-task accuracy at 99.76% while raising total unknown handling to 79.88%.
Overall task success increased to 93.24%, showing that Quantum Hyper-Aether can extend its semantic
structure to new categories.

€! Visual Summary |- —

1. Integrated Unknown F1
A 0.00

B 0.00

¢ I 2058

0 I 2259

E I 28.95
F

I 79.02

. Total Unknown Handling
0.00
0.00
B 1147
I 1280
I 17.12

I 7058

. Task Success

Conclusion:

Unknown / Discovery VM is
essential for scalable
semantic expansion.
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Lifecycle Management of Provisional VMs in Quantum Hyper-Aether

Lifecycle Promote Merge
Condition Lifecycle Strategy Action Accuracy| Accuracy Accuracy
(%) T (%) 1 (%) 1

Immediate VM creation
(at first detection)

Promote by count only

Count + Cluster cohesion

+ Verification .

+ Merge / Reject

Full lifecycle (E + Delete)
‘-_T -Higher. is better. | Lower is better. )

Lifecycle Action Accuracy (%)

g
4
&

Cunditlon

4. Numbar of Duplicate VMs (average)

| MergelReier:l i
| mechanisms |
! eliminate most |
i duplicate VMs. !

74.50

# of Duplicate VMs

Cendition

e |
| achieved the
i highest overall
ol ar,curacy |
'
25 36 27.15 l

Summary of Experimental Results

Reject Delsta Wrong # of Permanent | # of Duplicate Task Success Experiment Overview

Accuracy Accuracy Promotion Vi o
) 1 ) Rate (%) VMs (avg) { Ms (avg) | Rate (%) 1 D Dataset
% * News Semantic Task Dataset

» Mixture of tasks:

¥ New categories to promote:
disaster_response, transportation_disruption,
legal_regulation

V' Tasks to merge: similar to existing VMs

| {e.g., Technology & Al, Climate & Energy)
19.38 g i v Noise tasks to reject
¥ Regular known news tasks

100.00 = 4.9 5.12 - - @ Number of Runs: 30 per condition

100.00 57.63 4.9 5.12 & P Key Goal: Manage provisional VMs effectively

| S| = | - | (Promote / Merge / Reject / Delete}

2. Wrong Promotion Rate (%) I 3. Number of Permanent VMs (average)

88.50

| Conditions E and F i
| maintain a small and |
E stable number of |
permanent VMs.

72.85 Cund;twns Eand F | |

|
I I I ; L = : ‘
promotuons !
H

Cundltbn | Condition

# of Permament VMs

5. Task Success Rate (%) i 6. Detailed Accuracy in Condition E (Key)

74.23 76.47 76.47

I I I I | Conditions EandF |

| achieve the highest |
Cond.ﬁm E task success rate. | Promote Merge

Success Rate (%)
2 288

Accuracy (%)

‘ In Cendition E, Merge and Reject E
| are achieved with perfect accuracy, | i
‘ and Promote accuracy is95.00%. |

[
-3

o

LOTRSLLIGGEE [ Immediate creation () causes an explosion of VMs and duplicates. [ Verification (D) improves performance, but is not enough. [ Delete (F) is necessary but needs more intelligent criteria

[ Count and cohesion alone (B, C) are insufficient to prevent

wrong promotions.

[ Merge and Reject (£} are the most critical for high accuracy and (beyond idle time) to avoid deleting potentially valuable clusters.
low duplication.

Recommendation: Use Condition E (Merge + Reject with Verification and Similarity Check) as the core lifecycle policy.
Employ a confidence-aware delete strategy to safely remove truly obsolete provisional VMs while preserving future-value clusters,
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Condition
(Delete Policy)

n Idle-time only

n Idle-time + Usage
n + Confidence

B + Semantic Novelty

[ + Reuse Provability

- Dormant State
+ Confidence-aware Delete

T Higher is better. | Lower is better.

1. Delete Precision (%) T

100 - 9333
.

2
H
£

5. Regenerahons (avg) 4 6. Knowledge Loss (index) | 7. Post-Return Task Success Rate ( %) T 8. Average Memory Usage (GB] $

2.0

Count (avg)
5 @
3

e
o

0.0

KEY FINDINGS

Eﬂ Usage, confidence, and novelty alone (©-0)) are too conservative and fail to delete obsolete VMs.
M Adding reuse probability (E) achieves the best balance: perfect delete precision, no false deletions, no regenerations,

low memory usage, and high post-return success. Reuse
[ Dormant state (F) protects valuable VMs through a sleep-wake mechanism, eliminating knowledge loss and regenerations. | "'“'H"'I' Novelty

\ Irl-:lmdqhﬂonm) 2.0
 causes unnecessary |

| regenerations after
1 return.

Improved Delete Mechanism Experiment

Dormant State, Semantic Novelty, and Reuse Probability
SUMMARY OF RESULTS

Obsolete VM Dormant | Reactivations
Retention Transitions | from Dormant
Rate (%) 1 (avg) [EV))

Delete Useful VM
Precision False Delete
(%) T Rate (%) |

Knowledge | Post-Retun
Loss Task Success
(index) 1 Rate (%) T

Average
Memory
Usage (GB) {

Regenerations
(avg) L

1.40
0.00
0.00
0.00
0.00 0.00 1.00

0.00 . . £ 1.30

[ O Best (good) | © Worst (bad) |

2. Useful VM False Delete Rate (%) | 3. Obsolete VM Retention Rate (%) 1

& 0.4 Cnndimm E deletes |
0.2 ohsnrete VMs comectly. |
| Others keep some. lo 00

0.00 0.00

0.0
B

25 CnndlhnnsEandFmaintain

9% hnhmmamncatoguﬂumm |

Gt

2.19 | CondmmEminm'izn

knowledge loss while |
| still removing nbweuu
VMs.

g 15

4 10
&
K|

Succsss Rate (%)

05
0.0 - = - s

9242 92 Az 9242 92.42 92..

38

EXPERIMENT SCENARIO
@ Time-varying workload with phases

Phase 1
(Category A &,
appear
frequently)

Phase 2
{A&B
disappear)

Phase 3
(Other categories
dominate)

Phase 4
(A&B
return)

[ Categories
® Return later (should be preserved):
disaster_response, transportation_disruption, legal_regulation
@ Obsolete (should be deleted): temporary & noise categories
@ Others: regular known categories

I
() 30 independent runs per condition
@ Metrics are averaged over the entire timeline

4, Dormant Transitions & Reactivations (avg)

B Dormant Transiticns I Reactivations

Dnly Dormant pellcy [F)
| uses the Dormant state |
| and successfully le-mveg_

Count (avg)

10 GmdhlmEmFuMwugood

Mamory (GB)
e N & o ®

DELETE DECISION FACTORS (Relative \mpunance] RECOMMENDED POLICY

Eﬂ Idle-time enly deletion (A) removes some useful VMs, causing regenerations, knowledge loss, and lower success after return, =) o

*@-Il@

Semantic  Confidence Other
anl.n:y ‘I'\m- Factors |

| Higher-ranked factors have larger impact on keeping or deleting a VM.

Low At [ Dormant VM
. ‘ Active VM |  (Sleop)

. Still Low &

LwI Value
Delehe M

= Move low-activity VMs to Dormant state instead of immediate deletion.
~ Use reuse probability, novelty, and confidence to protect future-value VMs.

* Delete only after a sufficient grace period with consistently low value.

The combination of Reuse Probability and Dormant State enables safe deletion of unnecessary VMs while preservirlg future-value knowledge.
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VM Operations in Quantum Hyper-Aether

Semantic routing, lifecycle control, knowledge recovery, and adaptive learning

2. Semantic Routing 3. Discovery and Provisional VM

+ Revised semantic distance D|scovery VM
« Embedding + ontology + context o Collectiurknown tasks
e Known VM ranking

» Temporary semantic cluster
A Known domain B Unknown or o
ambiguous Provisional VM
&, Route to best
— existing VM Q e e
5. Knowledge Loss and Recovery

1. User Request

8

” End-user question

. Semantic task parsing
® - Context and

ax preference signals
Verification, clustering, and evidence accumulation

4. Lifecycle Decisions 6. Adaptive Learning Loop

/’ ] [y \

When a deleted VM cannot answer a new question

Merge
; ¥ % Integrate into
& an existing VM

Dormant - L — i « centroid Prepare for Evaluate

i Semantic Memory
[ A Krigviedge pap diteciad | Index / VM Tombstone

@ Preference drift hypothesis | wedt=geny

bd Lifecycle p . S future llll repeated
Control Low activity but ‘ {H.} Autummuusknowleﬂgerecollecﬁonl « confidence questions demand
potentially useful { J

\ [3 ’ « deletion reason \
i -
== Temporary knowledge cache " Promote /
Delete = parary, ledge ) user relevance Merge /
Remove low-value VM % Reject
after grace period L q Verification and VM rsbuild oo !
J H

Goal: follow changing user interests while

Supports fast
i controlling VM growth and memory cost.

6E Delete factors: idle time, usage, confidence, novelty, reuse probability reconstruction

. Adaptive user-centered learning

- Evolve with user interests
and real-world feedback.

Operational

Meaning-based routing / Controlled VM growth Safe forgetting with recovery
Principles

Route by semantic meaning 1 I Create only when valuable; Delete to save resources,
and context, not keywords. merge and retire responsibly. recover when knowledge is needed.
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Semantic Event-based Asynchronous Graph Neural Network (SE-AEGNN) for Quantum Hyper-Aether

Local graph updates for VM lifecycle management and knowledge adaptation

o Semantic Event Input e Semantic Event Graph

i = Incoming
e; = (8¢, Pys Ct, Ky, Oy t) Semantic Event e, Q R
,

\
: semantic embedding ‘*:... o \

: purpose & / — Strong Edge 5 .-® Nodes
: context A " 77" Wesk Edge P2 \

: event type
: importance

N : Subgraph
Node State -hop | { . © Outside Subgraph

T Y
: time i P ~ | X; = [zi Pis € Qi iy 13, 85, T3, ] . / --- HopBoundary |
L \ + \ P L J

Event Types O:':___ @ )
- Bl A Dormant ‘,- . i il b
 Kowledge | Failyre ?ﬂfm, Resource w 7 =idla Hj (e;) = affected L-hop subgraph
. Update shitt | | Presswe | L )

J L < lifecycle state
P S S Update only local nodes, not the whole graph

@) SE-AEGNN Message Passing

h{": hidden state
of node i at layer |
ey Z #,(Il(h(l) (0] Ey e) @ @ (0 e i at layer
' ‘ By =y el) N(i): neighbors of i

o in Hy (e;)

o0 Q® -+ @O |+ e

r : E;; (e.g., weight,
L [hjf” SjENGY i (e.g., weig ngoba!contexl) J

e TR 3 ———— e, e
Neighbor States Edge Attributes Semantic Event | Message Aggregation I ‘ Node Update |
=3 m
_ relation, recency)

Only nodes in A; (e;) are updated at layer [.

e Lifecycle Decision Logic o Unified Runtime Loop Benefit

e " 1. Semantic Event | | 2. Find nearestVMs | | 3, Build H, (e;) o Low computation: local
d b Spawn VM O Reuse Dormant VM x:m:dge ‘ ‘m Delete / Compress VM L ey ) | (similarity search) | (local subgraph) ‘ instead of global update

9 i | Q Low latency: asynchronous
low match, high high reuse match, low coverage, low usage, processing
| adequate quality. low confidence, long idle time, 8. Return answer / 4. Run local
user preference shift, low reuse probability, schedule next event _ SE-AEGNN update o Adaptive VM lifecycle
‘ backup cnmpleted f management

) ' T.Updatographand | [ 6.Chooseaction | . Knowledge recovery
Matchlng Score: M i(eg) = exp[ B d(e, ‘)] Rrsatbags ite (outespown /| 5. Evaluate after failure
reuse / recollect / | [liiscysle mwiiice S Better reuse of dormant

low answer qu; alcty I\

A s Sy = AT ‘ delet knowledge
| Deletion s staged: Active -> Dormant -> CandidateDelete -> Deleted | =S “% ‘ ) )k i

| @ Anchor/Affected |

@ OtherNodesin |
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SE-AEGNN vs. Global GNN Update: Simulation Results Summary

SE-AEGNN (Semantic Event-based Asynchronous Graph Neural Network) updates only the affected L-hop subgraph,
achieving the same decisions as Global Update with much lower computation.

1. Concept: Local Update in Semantic Event Graph

SE-AEGNN Local Update ‘

Global Update (Baseline)
Avg. Local
Updated VMs
(SE-AEGNN)

‘ 89.5
157.5

4. Runtime Comparison
(Total Time for 300 Events)

Local Update
Ratio
(IH/ N)

# of VMs

100

300

W SemanticEvent (0 AllVM NodesUpdated (@) Affected Nodes (L-hop) Not Updated

SE-AEGNN updates only the affected L-hop subgraph
instead of the whole graph.

Qs -
*Q*,"%**@

1. Generate Event 2. Find Anchor VMs: 3. Build L-hop Subgraph 4. Message Passing

[Query, Faiure, (TopX similar VMs)  (SE-AEGNMonly)  (GNN Update)
Preference Shitt, )

Time (seconds)

-8 Global Update |
—&-': - SE-AEGNN (Local)
5. Lifecycle Decision 6. Update Graph &
(Route / Reuse/  Knowledge Store

Recollect / Spawn /
Dormant / Delete)

Both methods use the same rules. Only the update scope is different.

7. Simulation Settings B. Lifecycle Decisions

+ VM counts: 100, 300, 1000 (*> Route
* Embedding dimension: 32

« Average degree: ~8 8 Reuse
* SE-AEGNN layers (L): 2
« Anchor VMs (Top-K): 3
* Semantic events: 300

[T] Recollect
« Event types: Snawn
- Query (55%) @ P
- Knowledge Update (10%)
- Failure (10%) |z== Dorman
- Preference Shift (10%)

- Resource Pressure (10%) e
- Timer (5%) [l e

Number of VMs
Use existing active VM to answer.
9. Key Findings
Reactivate a dormant VM.
SE-AEGNN updates only a small portion of the graph.
Collect additional knowledge.

& SE-AEGNN achieves 3.35x to 14.32x fewer node evaluations.
Create a new VM.

Move VM to dormant state.

Compress and VM.
et il without sacrificing decision quality.

Note: This is a minimal simulation with random semantic vectors and rules. In practical systems with heavier GNN/LLM computations and larger graphs,
the runtime advantage of SE-AEGNN is expected to be much more significant.

Global
(Update Al

60,600

Node Evaluation Count

(Total)

(Local)

181,800 ‘ 31,850

- Global Update
B SE-AEGNN (Local)

Number of VMs

@ As the number of VMs increases, the local update ratio decreases significantly.

& Runtime is consistently reduced (up to 1.19x faster in this minimal Python simulation).
@ Lifecycle decisions are 100% consistent with the Global Update in this experiment.
SE-AEGNN enables scalable and efficient VM lifecycle management

SE-AEGNN |

3. Quantitative Comparison (Average over 300 Semantic Events)

Evaluation Count
| Reduction
(Global / Local)

18,100 ‘ 3.35x

Jl 5.71x

‘ Runtime Speedup |

(Global / Local) |

J |
1.03x%

‘ 1.05x |

606,000 L 42350 | 14.32x L 1.19%

L S — i — —
5. Node Evaluation Count 6. Local Update Ratio
(Total over All Layers) (IH.| / N}

Count (log scale) " Ratio (%)

Number of VMs.

Decision
Agreement
(with Gobal)

‘ 100%

100%

1000

e SE-AEGNN provides the same
lifecycle decisions as Global Update

= while dramatically reducing the

Global Update
(Expensive)

computational scope.

SE-AEGNN
(Efficient)
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SE-AEGNN LifeCycle Experiment: 4 Methods x 3 Scenarios Results Summary

1. Four Methods Compared

@ Global Baseline
Global update, no reuse,
no recollection, no staged delete o,

© LocalUpdate Only &
Local update only 25

(no reuse, no recollection) o

© Lifecycle SE-AEGNN © %, % ©

Local update + Reuse c
(Dormant VM) + Staged delete /.

© Full SE-AEGNN
Local update + Reuse
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SE-AEGNN = Semantic Event-based Asynchronous Graph Neural Network
2. Average Performance over 3 Scenarios (1,200 events each)
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3. Time Series Examples (1,200 events)
© Global Baseline @) Local Only @) Lifecycle (@) Full SE-AEGNN
Stable Preference

Active VM Count Knowledge Loss Rate (%)
40%

Answer Success Rate (%)

o 0
o 400 BOO 1200 o 400 800 1200
Events Events.

Gradual Drift
Answer Success Rate (%) Active VM Count Knowledge Loss Rate (%)

SEeE

[ o L]
[ 400 800 1200 o 400 800 1200 0 400 80O 1200
Events. Events. Events.

Return to Old Topic

‘Answer Success Rate (%) Active VM Count Knowledge Loss Rate (%)

0

1]
[ 400 800 1200
Events.

7. 3 Scenarios Overview (Averages)

Stable Preference

. Gradual Drift Return to 0ld Topic
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Computation / Event 3.18

[ ﬂ: SE-AEGNN achieves high accuracy, zero knowledge loss, and dramatic efficiency through local update, reuse, recollection, and staged deletion.
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Quantum Hyper-Aether: Overall Archltecture

An Al-native semantic computing platform inspired by quantum concepts
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Quantum Hyper-Aether treats computation as semantic state evolution, where meaning is measured, routed, executed,

and continuously reorganized across distributed VMs.

------ Feedback Loop ------
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Quantum Hyper-Aether: 4-Method, 3-Scenario Simulation Results
Minimal integrated Python simulation comparing Global Update, Fixed VM, Lifecycle VM, and QHA + SE-AEGNN

2 Main Result
@ QHA + SE-AEGNN achieved the best response success rate
p4 in all three scenarios while keeping update cost far below Global Update.
Mean Response Success Rate
Scenario Global Update Fixed VM Lifecycle VM QHA + SE-AEGNN

86.7% 86.9% 89.2% 94.7% %
9.6% *
Khowlacgs 86.4% 84.0% 85.7% 93.3% %

deletion shock
til Additional Indicators
Under Preference Drift

& Mean Active VMs (approx.)
QHA + SE-AEGNN maintained am Global Fixed Lifecycle QHA +

5 5 Update vMm VM SE-AEGNN
the highest moving-average T L o Tﬁ Lol LI
performance throughoot the 12.0 8.0 54-6.1 53-6.2

simulation. =
(Update cost: 1.01) After Knowledge Deletion Shock ; : Global Fixed l Lifecycle | QHA+

~0.885 success Recovery steps to 90% of pre-shock level: Updare v VM |. SHE;AEGNN

Fixed VM @ Global Update 29 steps 0.855-0.875 |0.840-0870 | 0.881-0.903 0.909 - 0.929
{Update cost: 1.00) Global Update . - e
~0.865 success @ (Update cost: 12.0) Wi 64:ateps @ Knowledge Recollection Events per Run

~0.865 success @ Kitecyzlaym Blans Global Fixed | Lifecyde | QHA+
Update VM VM SE-AEGNN
0 0 0 2.27-337

@ QHA + SE-AEGNN 34 steps
i QHA + SE-AEGNN shows the highest knowledge
retention and performs active re-collection.

. Localized semantic-event updates, adaptive VM lifecycle control, and targeted
Key Conclusion | knowledge re-collection make QHA + SE-AEGNN the most effective and

efficient strategy in this abstract simulation model.

f,? 1 Experimental Setup

:‘% 4 methods compared

@ 3 scenarios: Stationary workload,
Preference drift, Knowledge deletion shock

ag 30 random seeds per condition

@ 600 simulation steps per run

Metrics: response success rate,
update cost per event, active VM count,
retained knowledge, recovery speed

3 Accuracy vs Update Cost -/ Recovery and Adaptation

QHA + SE-AEGNN |
[ ] (Update cost: 1.30) m Takeaway
~0.945 success ~11x lower update
cost than Global
Update, with
higher accuracy.

Mean Response
Success Rate

Lifecycle VM

0.1 1 10

' i OHA + SE-AEGNN achieved near-Global-Upcite '
Update Cost per Event (abstract units)

recovery speed with localized updates.
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Quantum Hyper-Aether: Research Evaluation

Conceptual assessment of the architecture, simulation evidence, strengths, limitations, and next research steps

Quantum Hyper-Aether is a promising Al-native semantic computing framework with strong conceptual novelty

and encouraging simulation results, but it still requires formalization and real-system validation.

Meaning-centered
distributed computing

-

Quantum-inspired semantic
state evolution

Adaptive VM / agent lifecycle

Localized semantic-event updates

Autonomous knowledge re-collection w @ @

< A

LY 1 L
P o s
®.
Originality: combines
semantic computing,
adaptive VMs, and

quantum-inspired
modeling

Efficiency potential:

localized updates
reduce the cost of
full global
synchronization

¥ix

System coherence:
architecture spans
input, semantic space,
orchestration, VM
execution, and

infrastructure

Scalability potential:
distributed VM
design fits
multi-node
infrastructure

0 2. Main Strengths

A ‘
L O
Adaptivity: supports
spawn, reuse,

dormancy, deletion,
and re-collection

Learning

capability:

continuous
feedback enables

self-organization

A\ 4. Limitations & Open Issues

Current evidence is based on an abstract

discrete-event simulation (_Needs work
or LMty messement vt (esdsvor
oot physical quartum computation | (_Nectswork )
Mathematical formalization is incomplete oot work

for some state transitions and guarantees

Need validation on larger workloads, real
datasets, and multi-server environments

Open challengeJ

2 21 28 2 gl

Need stronger evaluation of robustness,
security, and operational complexity

e

o
Y 5. Overall Evaluation

10 conceptoriginaiiy BEEEE Ve Hih
-*- Architectural consistency BT SO High

@ Adaptivity and learning potential [} () I BB High

Iﬁ Simulation support EERN Medium-High
Q Engineering maturity . . Medium-Low
@ Real-world validation 7] Low

Q Overall research promise BEEEE High

Overall, Quantum Hyper-Aether is a high-potential research direction
with strong conceptual contributions and encouraging early evidence,
but it remains at the pre-deployment research stage.

|ﬁ 3. Evidence from Minimal Simulation

Mean Response Success Rate (%)

Recovery after deletion shock: 34 steps
vs 29 for Global Update

Highest retained knowledge among

the tested methods
\

| Global | Fixed |Lifecyde | QHA%
Scenario | Update = VM VM | SE-AEGNN
Stationary 0
workioad | 86.7% 86.9% @ 89.2% 94.7%
Preference | 84.9% | 857%  882% | 94.6%
Knowledge
| celtonshock | 86.4% | 84.0% 857% | 93.3%
Update cost per event: QHA + SE-AEGNN = 1.30
¢ 3 vs Global Update = 12.0

o

Formalize the state-transition model

Build a larger integrated prototype

Evaluate with real semantic workloads
Measure latency, throughput, and resource cost
Test multi-node and fault-tolerant behavior

Refine knowledge deletion and re-collection policies

<9 6. Recommended Next Steps

Key Takeaway: Strong conceptual novelty + promising simulation results + clear open research challenges.




Quantum Hyper-Aether: BC/DR Advantages

Semantic service continuity and adaptive recovery with VM-based orchestration

o QHA improves BC/DR by recovering services at the level of meaning, purpose, and knowledge rather than only restoring infrastructure.

@ Why QHA Helps BC/DR

VM-based modular recovery o®¢ User/Service Requests
Recover or re-spawn only A@AY (Gueries, Tasks, Interactions)

affected VMs instead of
the entire system.

Semantic priority control
Restore mission-critical !
services first based on i

business meaning and
user goals.

Adaptive failover

Route requests to

semantically similar

backup VMs when a VM fails. 1

Knowledge re-collection
Rebuild lost knowledge

from peers, external sources,
and recent interactions.

Distributed resilience
@ Run across multiple servers.

and data centers with

flexible VM placement.

@ Key BC/DR Benefits

0 O

Lower Faster service Higher
recovery sc continui flexibili
gt i . resilience
Only affected Important services Alternate VMs

can resume «can temporarily
before full answer or canbe te-acquired

restoration. process tasks.

£} Operation mode Infrastructure-centric

‘ e Example Semantic Recovery Policy

Lost knowledge |

QHA can restore services according to business 2 available during recovery

and validated. J
3 meaning and continuity value.

| @ BC/DR Recovery Flow in QHA

@@ @-<-@-0@

Failure Impact Semantic VM Knowledge  Validation Mormal /
Detection Analysis  Prioritization  Re-routing Re=-spawn Recovery Degraded
Operation

Y Recovery is guided by service meaning, business criticality, and knowledge availability.

] e Conventional VM-DR vs Q_HA Semanti_c DR

Conventional VM-DR QHA Semantic DR

Purpose / semantic service / VM set

Recovery unit ‘Whole VM / application
1= Recovery priority Static order

Restore same image Reuse, merge, re-route, or re-spawn VMs
7 Backup + peeﬂno_wleage +

Backup resteration 5
P external recollection

Meaning-centric and self-organizing

@ Objective Return to previous state } Maintain service continuity and adapt

Suggested BC/DR Evaluation Metrics

Semantic RTO: Alternative VM
time until critical queries

n ©  safety/ Compliance VM ,\Q et

" I f iting
BB @ coomeswponw | cam b areverd 3 b it
n E Payment / Contract VM ] Knowledge RPO: ‘ Post-recovery
—_— amount of knowledge ‘ ' answer accuracy
: lost after failure accuracy of responses
n__ I_lll l Analytics VM ) after recovery

a 0 Exploration / Learning VM Service continuity rate ‘ e Re-collection cost

resources/cost to re-acquire
and validate knowledge

percentage of critical services

Key Takeaway: QHA extends traditional disaster recovery into semantic service continuity &= /<)
by re-routing, re-spawning, and re-learning across distributed VMs. = Q 9

Context-aware semantic priority
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BC/DR Research for Generative Al Systems

Current directions, recovery targets, research gaps, and the Quantum Hyper-Aether (QHA) opportunity
What Must Be Recovered?

Current Research Areas

1) Inference Continuity
+ KV-cache replication

+ Fast failover

+ GPU / node failure recovery

2) Training Recovery
+ Checkpointing

+ Distributed job restart

+ Pipeline reconfiguration

3) Integrity & Safety

+ Model-weight integrity

» Cache corruption detection

+ Semantic consistency after recovery

4) Governance & Standards
* Risk management

* Auditability

* Operational resilience

" A) Semantic RPO / RTO
How much conversation, plan,
and user preference can be lost?
B) Service Recovery # Semantic Recovery .‘
Service Recovery # Semantic Recovery

[ C) Consistent RAG Recovery ‘
K=(D,ELCV) ‘

documents, embedding model, index, chunking, version

D) Autonomous Agent Recovery
Avoid duplicated or missing
actions after failure

Key Insight: Generative Al BC/DR must recover not only infrastructure, but also semantic state,

1) Model State

weights, adapters,
quantization

2) Inference State

KV cache, active
session

6) Tool State
external AP|

progress, pending
actions

5) Governance State
system prompts,
policies, guardrails

Semantic State Capsule
S, = (P, K, C;, M, A)

Purpose, Knowledge, Context,
Model state, Pending Actions

-*k-» @Q-ﬂ-(l-»-e'

Failure State Capsule Verification

Restore
(D semantic RPO = d(shefure» Srestored)
@ Semantic RTO = tyysied — tailure

knowledge, and trustworthy behavior.

Resumed

@

3) Knowledge State
RAG documents,
embeddings, vector
index

4) Semantic State

user intent, context,
task status

.“.%

7) Evaluation State

benchmarks,
quality baselines

8) Audit State

logs, provenance,
version history

Recovery Options

|

‘ ‘ D o Restore the same VM
|| Generate an

| ‘ .{. J 9 alternative VM

: Reuse a
zr
! \G | 9 dormant VM
{@, o Re-collect missing

knewledge

Trusted é@ @ Degraded operation

Response ‘ Y| with another LLM
:5% e Multi-VM verified

H
H
! recovery
|

9
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Adaptive Semantic BC/DR Simulation Results FTZRSH
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° QHA achieved the best overall recovery performance. Y reroute

° QHA reduced mean Semantic RTO by about 48% snapshot restore

versus Fixed Recovery Policy. . e
lorman reuse

° QHA reduced Semantic RPO by about 61% .
versus Fixed Recovery Policy. knowledge recollection

° QHA was especially strong in Knowledge Corruption, VM regeneration
User Preference Drift, and Compound Cascading Failure.
“ knowledge merge
SE-AEGNN also outperformed rule-based and fixed
recovery, showing the value of local semantic A hybrid recovery
graph updates.

The results suggest that predictive semantic recovery and knowledge reuse
INSIGHT improve both resilience and semantic service continuity. In particular, QHA
combines fast recovery with lower semantic loss, making it robust under

corruption, drift, and cascading failures.

Higher is better for utility, success rate, and continuity. Lower is better for RTO and RPO.
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Geo-Distributed Autonomous Semantic BC/DR Simulation Results

3-region model x 4 recovery methods x 5 wide-area disaster scenarios x 250 Monte Carlo runs per case (5,000 total runs)

RECOVERY METHODS (4)
o é% Conventional Multi-Region DR

0 = A
& Active-Standby Geo-DR

e m Autonomous Island BC/DR

L
O &% anA Geo-Distributed Semantic BC/DR

WIDE-AREA DISASTER SCENARIOS (5)
Primary Region Loss
Dual-Region Network Partition
Regional Power Shortage
Knowledge Replica Corruption

Wide-Area Cascading Disaster

Global Semantic RTO
(lower is better)

Geo Recovery Utility
(higher is better)

QHA Geo-Distributed
Semantic BC/DR

Autonomous Island
BC/DR

Active-Standby
Geo-DR

Conventional Multi-
Region DR

@ KEY FINDINGS

o QHA achieved the best overall geo-distributed
recovery performance.

QHA VS CONVENTIONAL DR

;jl + 69% Geo Recovery Utility

= 37 % I(gr;:;l Semantic RTO
| \,\‘ = 69 % Il?nwo?nr!ledge Divergence

QHA showed the lowest knowledge divergence
and the highest reconciliation accuracy.

0 Autonomous Island BC/DR outperformed both
conventional and active-standby DR.

o The results support the value of autonomous
regional operation, dermant VM reuse, and
semantic reconciliation.

@ QHA remained strongest under severe wide-area
cascading failures.

o INSIGHT

Critical Service
Survival Rate
(higher is better)

o Reconciliation Accuracy: 0.889 vs 0.403

Reconciliation
Accuracy
(higher is better)

Semantic Partition
Tolerance
(higher is better)

Knowledge Divergence
(lower is better)

WIDE-AREA CASCADING DISASTER
(Higher is better)

=)

—— QHA Geo-Distributed
Semantic BC/DR

—— Autonomous Island BC/DR
—— Active-Standby Geo-DR
—— Conventional Multi-Region DR

Mean Global Service Score
o o o
b S ©

o
()

=
=1

10 20 30 40 50 60
Simulation Time Step

The simulation suggests that geo-distributed semantic recovery is more effective when each region can
operate autonomously during partitions and later reconcile semantic knowledge safely after reconnection.
QHA combines these capabilities most successfully.
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Why Semantic-Unit Processing Fits Geo-Distributed Systems

Result Summary for Geo-Distributed Autonomous Semantic Processing

e ~

o Core Idea | o Geo-Distributed Semantic Fabric

Global Semantic Gateway /
Policy Layer

Regfon A | ‘ Regi;)n B ‘ ‘

e Process, route, and recover by semantic units
rather than only packets or VMs

i e Move meaning and intent, not always

Region C
| &= Semantic Local | &2 Semantic Local =) Semantic Local
VM Group D:l Knowledge VM Group ‘,m Knowledge

the full raw data

e Use semantic state, context, purpose, and ¢ = = = <
knowledge as control targets Bt e ‘

| Semantic = ™ Reasoning/ Semantic
@ Memory Simulation @ Memory

e Coordinate distributed execution through a

global semantic state graph Semantic Event Fabric

v’.- uz; Global Semantic State Graph

p

‘ o Why Better Than Conventional WAN-Centric Control

o Key Advantages in Wide-Area Distributed Processing
| |

Packet / Request @ % 0

Best semantic match + availability Region Knowledge-
WAN traffic specialization aware routing

ﬁ Unit

Meaning / Task / Intent
i
|

Q Nearest / least loaded
< Data movement .

Routing Graceful
degradation

under failures

Adaptive
BC/DR across

Move raw data Move summaries / embeddings / context regions

el

x_» Recovery Bit-level replica restore Meaning-level functional recovery

nclusion: ic-uni i les effici ing,
22 Coordination Conclusio Semantic-unit processing enables efficient routing

Tight synchronization Asynchrenous semantic events

——— i

Conceptual view aligned with Quantum Hyper-Aether / semantic VM architecture

VM Group m Knowledge
Ee e .} |

© Validation /
BCOR ||

® @

Scalable
asynchronous
coordination

resilient recovery, and adaptive coordination across geo-distributed regions.
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