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Abstract

Sequence models compress history in token order, but
sequence order does not always agree with physical
proximity: two observations separated by many steps
may come from the same location, whereas consecu-
tive observations may be separated by a large spa-
tial displacement. For scanning tasks with physi-
cal coordinates in two or three dimensions, we pro-
pose Spatial-FWP Mamba, which maintains temporal-
semantic memory separately from coordinate-addressed
spatial memory. The Mamba branch models tempo-
ral dependencies and semantic representations. The
Spatial-FWP branch writes observation summaries into
a fixed-size associative matrix and uses the current po-
sition key to recall historical information from the same
or nearby locations.

The spatial branch relies on an explicit assump-
tion: the scan remains inside a bounded workspace
known in advance, and after coordinate normalization
and frequency configuration, multiscale sinusoidal po-
sition keys exhibit reliable local similarity within that
domain. Under this condition, position-triggered re-
call aggregates relevant history with one matrix-vector
product, without constructing a sliding window or stor-
ing and traversing all previous coordinates. To reg-
ulate updates to the fixed-capacity memory, we intro-
duce a causal trajectory-prior matrix, referred to as the
Prior Hologram (PH), that records historical coordi-
nates only. Querying PH with the current position pro-
duces a multiscale summary of the historical position
distribution around that point. This query result and
the current displacement are processed by a lightweight
geometry-only gating network to produce a pair-shared
diagonal forgetting gate and a scalar write gate. Obser-
vation content is used only as the value stored in mem-
ory and does not participate in spatial gating. Each
spatial update applies forgetting first, then reads the
historical state, and finally writes the current obser-
vation. The recurrence can be implemented as a PH
prefix scan followed by a diagonal-affine FWP prefix
scan. We present the formulation, complexity, applica-
bility boundaries, and an evaluation protocol without
reporting unverified performance figures.

Keywords: Mamba; fast weight programming;
coordinate-addressed associative memory; spatial
working memory; spatially selective recall; causal tra-
jectory prior; multiscale positional encoding; multiscale
forgetting; parallel prefix scan; spatiotemporal decou-

pling

1 Introduction

State-space models such as Mamba compress long-
range context into a fixed-dimensional hidden state
through input-dependent selective updates [3]. This
mechanism naturally models what has occurred in se-
quence order, but it does not automatically convert
temporal distance into physical distance. In embodied
motion, variable-density image scanning, maze traver-
sal, free-form canvas generation, and three-dimensional
point-cloud scanning, each token may also carry a phys-
ical coordinate. Observations separated by many se-
quence steps can therefore correspond to the same lo-
cation, while adjacent tokens may represent a large spa-
tial jump. If a single state is updated only in sequence
order, temporal semantics and physical proximity must
share one hidden dynamics and may interfere.

We add a coordinate-addressed spatial module
alongside Mamba. Mamba continues to maintain a
temporal-semantic state, whereas Spatial-FWP main-
tains a fixed-size spatial associative matrix that answers
a different question: what was previously observed at
this location or nearby? Coordinates are assumed to
be supplied by a dataset, localization system, odome-
try pipeline, or another external component. The mod-
ule neither estimates pose nor reconstructs a complete
metric map. Its role has two parts:

1. Position-triggered recall. Similarity between
the current and historical position keys determines
how much each stored observation contributes to
the readout. Nearby positions are designed to pro-
duce stronger responses, while distant positions
remain weaker within the configured workspace.
FWP performs this aggregation through accu-
mulated key-value associations without pointwise
neighborhood traversal.

2. Multiscale forgetting with geometry-only
write control. A current-position query of the
causal trajectory prior produces a multiscale cue
about nearby visitation history. This cue and the
current displacement jointly determine the reten-
tion of different position-frequency channels and
the overall write strength at the current step. Be-
cause the spatial gates do not read observation se-
mantics, stored content and geometric memory evo-
lution remain separate in the control path.

The two branches interact only through late fusion
at the current prediction head. Spatial readouts are not
fed into the next Mamba state, and the Mamba hidden



state is not used to generate spatial gates. Since the
forgetting and write gates depend only on the causal
coordinate prefix rather than on the main FWP ma-
trix, spatial computation can be organized as two se-
rial associative scans: the first computes PH states and
gates, and the second updates the main spatial mem-
ory. Constant per-step complexity here means constant
with respect to processed sequence length; the actual
cost still depends on the dimensions of the position keys
and observation values.
The main contributions are:
e a fixed-capacity spatial memory alongside Mamba
that uses coordinate similarity for position-triggered
recall;

e geometry-only dual gating based solely on histori-
cal coordinates and current displacement, with pair-
shared multiscale forgetting and scalar write con-
trol;

e a causal read-before-write update and a two-stage
associative prefix-scan implementation with explicit
complexity and causality constraints; and

e a distinction from explicit maps, sliding-window re-
trieval, and conventional sequence states, together
with an evaluation protocol for spatial recall, gat-
ing, and runtime efficiency.

2 Related Work

2.1 State-Space Models and Sequence
Modeling

State-space models (SSMs) compress sequence history
through recurrent state updates. HiPPO established
a theoretical basis for finite-dimensional projections of
continuous histories, and S4 developed structured SSMs
for efficient long-sequence modeling [1, 2]. Mamba
makes state updates depend on the current input,
while Mamba-2 simplifies computation through struc-
tured state-space duality and improves hardware uti-
lization [3, 4]. These states evolve primarily in in-
put order. Point Cloud Mamba and STREAM apply
SSMs to point clouds and sparse geometric data [10,
11], showing that scan order, sampling interval, and
physical geometry affect state updates. We preserve
Mamba’s temporal-semantic role and add an indepen-
dent coordinate-addressed state.

2.2 Fast Weights and Associative Mem-
ory

Fast-weight models use matrices that change over a se-
quence as short-term plastic memory [5, 6]. In linear at-
tention, key-value outer products accumulate over time,
so one matrix-vector product can aggregate historical
associations [7]. Fast Weight Programmers interpret
this process as memory writing and reading [8]; Gated
DeltaNet further studies gating and error-corrective up-
dates [9]. We use additive FWP for fixed-capacity as-
sociative storage rather than to reproduce an attention

window: coordinate keys provide addresses, observa-
tion summaries are stored as values, and query cost
does not grow with the number of historical coordi-
nates. Diagonal multiscale decay keeps interval com-
position in a low-cost closed form and avoids main-
memory-dependent dense modifications.

2.3 Continuous Coordinates and

Fourier Features

Random Fourier features approximate translation-
invariant kernels through finite-dimensional sinusoidal
inner products, providing explicit kernel features over
continuous coordinates [12]. Fourier features also im-
prove the representation of high-frequency variation in
networks with low-dimensional coordinate inputs [13].
We do not use a learnable coordinate network. Instead,
the two- or three-dimensional scan is assumed to re-
main inside a bounded workspace known in advance.
Frequencies, directions, and weights are fixed from the
workspace scale and the smallest neighborhood scale
that the task is intended to distinguish, and the re-
sulting Fourier key acts directly as the FWP address.
Unlike simply concatenating a position encoding with
a network input, the key inner product directly deter-
mines historical recall weights. We therefore discuss
locality only inside the configured workspace and do
not claim unbounded spatial extrapolation.

2.4 Spatial Representation and Ge-
ometric Sequences: Relation to
SLAM

Simultaneous localization and mapping (SLAM) esti-
mates pose while constructing an environmental rep-
resentation. Systems may maintain sparse landmarks,
metric maps, occupancy grids, or pose graphs. Cogni-
tive Mapping and Planning, Neural Map, MapNet, and
Active Neural SLAM also use explicit or semi-explicit
spatial memory for learned navigation [14, 15, 16, 17].
These methods and Spatial-FWP all use location to or-
ganize history, but solve different problems.

Spatial-FWP assumes that the current coordinate
is given. It neither performs localization nor replaces
SLAM. Tt stores observation summaries acquired along
the visited trajectory and answers what was previously
observed near the current location:

e Implicit memory rather than an explicit map.
The model does not allocate a separate slot to every
grid cell, voxel, or landmark. It compresses con-
tinuous coordinates and observations into a fixed-
dimensional associative matrix, so it cannot directly
output a measurable occupancy map or preserve ev-
ery historical sample exactly.

e Matrix readout rather than neighborhood
search. The read (M, )Tk, uses linear superpo-
sition of historical outer products to aggregate all
retained associations in one matrix-vector multipli-
cation. Inference requires no sliding window, neigh-
bor list, or Top-K coordinate search, and its cost is
independent of the number of visited locations.



e Visited experience rather than a complete
environment model. The matrix accumulates
observations only along the visited trajectory and
allocates no explicit storage to unvisited regions.
Continuous position responses may still produce
nonzero interpolation or Fourier sidelobes at unvis-
ited coordinates, and similar positions may interfere
in the fixed-dimensional representation. This lossy
superposition is the trade-off for fixed capacity and
stable long-sequence cost.

3 Spatial-FWP Architecture and
Formulation

Spatial-FWP Mamba consists of a temporal-semantic
stream and a spatial-memory stream. Mamba main-
tains the hidden state h;, whereas Spatial-FWP main-
tains the spatial associative matrix M;. Both branches
receive the same observation but serve different pur-
poses. Mamba uses it to update temporal seman-
tics. The spatial branch uses coordinates to gener-
ate addressing keys and control signals, while treat-
ing the projected observation v; only as the payload
to store. Its operations comprise positional encod-
ing, PH lookup, geometry-only gating, historical de-
cay, position-triggered recall, and current-step writing.
Figure 1 summarizes the architecture. The modules in-
dicate data dependencies rather than requiring every
local projection to run serially. Quantities such as k;,
v, and 0p; depend only on current inputs and can be
prepared in parallel, but the gates must wait until the
PH scan has produced PY;; they cannot bypass the
trajectory prior.

3.1 Multiscale Positional Keys in a
Bounded Workspace

At time step ¢, the model receives a physical two- or
three-dimensional coordinate p;. Let 2 be a bounded
workspace whose coordinate limits are known in ad-
vance and which the scan trajectory does not leave.
Along coordinate axis r, we use

pt,r - b;
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to place all axes on a common scale. This rescaling
does not discretize the continuous space into a grid.
The trajectory may continue for an arbitrary number
of steps inside §2; repeated visits to the same physical
location deliberately produce the same address and are
not a temporal periodicity error.

The position key k; = K(p;) is constructed from
fixed multiscale sine—cosine pairs and requires no train-
able coordinate encoder. Let a; > 0 denote the weight
of frequency w;. A direct definition is

K(p) = L [\/@; cos(2mw] p),

N )
@Sin(2ﬁw;ﬁ)]£l'

Each frequency contributes one sine—cosine pair, so
dr = 2m, and the normalization gives ||[K(p)|2 =
1. Lower frequencies describe broad spatial relations,
while higher frequencies add local discrimination. In
two or three dimensions, each scale may use several
fixed directions so that the encoding is not sensitive
to only one coordinate axis. After normalization, low-
frequency pairs with periods longer than the workspace
span provide a coarse spatial basis; higher frequencies
are then added according to the smallest spatial scale
that the task should distinguish. The scales need not
share one period, and their weights can limit the in-
fluence of fine-scale sidelobes. Since (2 is known, these
parameters are fixed once when the model is config-
ured and remain unchanged no matter how long the
scan continues within the workspace.

The association strength between two positions is
determined by the inner product of their keys:

Z;’;l a; cos(27rwjT (P—7q)

Z;nﬂ aj
(3)

This expression depends only on coordinate displace-
ment. If the selected scales and directions form a domi-
nant response around zero displacement within the con-
figured workspace, the current position preferentially
recalls history from the same and nearby locations.
A bounded workspace makes the largest relevant dis-
tance and the smallest required resolution explicit, so
the frequencies can be chosen for that range without
requiring extrapolation to unseen coordinates. Finite
sinusoidal features may nevertheless retain distant side-
lobes. We therefore assume only that nearby locations
usually produce stronger responses within the config-
ured workspace; we do not claim that similarity de-
creases monotonically with Euclidean distance over all
space.

k(p,q) = K(p) ' K(q) =

3.2 Trajectory-Prior Matrix PH

The trajectory-prior matrix, referred to as the Prior
Hologram (PH), records only position keys encoun-
tered in the past. It stores no observation content and
does not represent walls or reachability. Let P; de-
note the PH state immediately before the ¢-th position
is queried, so it contains only previous positions. PH
uses a fixed retention factor vpg, and older positions
gradually weaken.

At each step, the current key first queries the his-
torical position distribution. The current position is
written only afterward for use by later steps:

PY; = Piky,
Py :’YPHPt‘i‘ktk?;ra

query history first;
then update PH.

(4)
Expanding the PH recurrence makes the query inter-
pretation explicit:

PY, = b ks, pi)ks. (5)

s<t

P, =0,

Every previous position ps contributes its key k. Its
contribution is controlled jointly by k(ps,p:), which
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Figure 1: Overall architecture of Spatial-FWP Mamba. Mamba maintains the temporal-semantic state. The spatial
branch first queries the causal trajectory prior at the current position to obtain a compressed description of nearby
position history. It combines this result with the current displacement to generate geometry-only dual gates, then
updates a fixed-capacity FWP by forgetting, reading, and writing in that order. The two branches interact only

through late fusion at the current prediction head.

measures positional similarity to the current coordi-
nate, and 'yfj_}}_s, which discounts older visits. Thus,
PY; is not a global trajectory summary that is inde-
pendent of the current position. It is a compressed his-
torical query centered at p;; querying the same P; from
another position generally produces a different result.

Under the local-similarity assumption, several his-
torical positions near p; tend to reinforce related fre-
quency channels, whereas an unvisited region usually
yields a weaker response or lacks the same coherent
multiscale pattern. Consequently, PY; carries cues
about how historical positions are distributed around
the current point, how recent those visits are, and at
which spatial scales they match the current position.
It is not an exact neighborhood map, a coordinate list,
or a visit count, but a compact local-history descrip-
tion for the gating network. Because querying precedes
writing, the current coordinate does not enter its own
prior and no future coordinate is used. PH does not
preserve directed transition order, so motion direction
and step size are supplied separately by the current dis-
placement. During training, the fixed PH recurrence
can be evaluated with the prefix scan described in Sec-
tion 4.

3.3 Geometry-Only Dual Gating

The spatial controller reads only PY; and the current
displacement Ap; = p; — pr—1. It does not read x;, the
observation payload v, or the Mamba state h;. The dis-
placement is rescaled along each coordinate axis to com-
parable units and is denoted by dp;. A lightweight net-
work directly produces the forgetting and write gates:

(9t,it) = MLPgeo (PY; @ 6py). (6)

The two inputs answer different questions. The
PH query PY; describes how the neighborhood of the
current position has been visited, including the strength
and multiscale composition of the relevant history. The
displacement dp; describes how the current step arrived
there, including motion direction and travel distance.
Displacement alone cannot distinguish a jump back into
a visited region from a jump into a new one, while PY;
alone does not describe the current motion. Together,
they provide evidence for distinguishing continuous lo-
cal scanning, cross-region jumps, returns to old areas,
and entry into new areas without reading the complete
coordinate history or observation semantics.

Accordingly, PY;®dp; supplies two complementary
geometric inputs to the controller: one summarizes the



spatial trace already present around the current po-
sition, and the other describes how the scan reached
that position. The MLP uses these cues to produce
frequency-wise retention and the overall write strength.
This means that the inputs contain geometry directly
relevant to the gating decision; it does not treat PY; as
a lossless map or prescribe a hand-designed gating rule.

The vector g; is a diagonal forgetting gate that
controls retention in each positional-frequency channel.
The sine and cosine channels of the same frequency
share one gate value, allowing that frequency to decay
as a pair without disturbing its phase relationship. Dif-
ferent frequencies may have different retention times,
producing multiscale forgetting; the mechanism cannot
precisely delete one physical location.

The scalar i; determines how strongly the current
observation is written as a whole. It depends only on
historical visitation and current motion, not on im-
age quality or semantic importance. Both gates use
bounded activations between zero and one. The forget-
ting gate additionally has an upper bound below one to
prevent indefinite accumulation under additive writing.

3.4 Read-Before-Write and Position-
Triggered Recall

The observation is first compressed into a value vector
vy = V(x). It may contain a visual or semantic sum-
mary, but serves only as the stored payload and is not
supplied to the spatial controller. The spatial matrix
M; is updated by forgetting, reading, and writing in
that order:

M; = diag(g:)M;_1,
re = (M;) ke,

M, =M; + itktvt—r , write the current observation.

(7)

Here, M, is the historical state visible to the current

read. In implementation, g; only scales matrix rows;

the diagonal matrix need not be constructed explicitly.

Because the read precedes the current write, r; does
not contain vy.

Historical content is generally easier to retrieve
when its position key is more similar to the current
key. As the gates continue to act, older information
weakens, and different frequencies may remain active
for different durations. PH and the main FWP use
the same positional similarity but query different as-
sociations: PH summarizes historical coordinates into
PY; for gate generation, whereas the main FWP re-
trieves coordinate-observation associations into r; for
the current prediction. All surviving writes are com-
pressed into the fixed-size matrix M; . A query there-
fore requires only one matrix-vector multiplication and
no sliding window, neighbor list, or traversal over his-
torical coordinates. Figure 2 illustrates the latter pro-
cess: the current position automatically recalls nearby
historical observations from the main FWP.

The blue intensity illustrates only the intended
tendency that nearby locations usually produce
stronger responses; it is not the exact response of a
particular Fourier configuration. Actual recall also de-

decay history;

read at the current position;

scan start

futhre /A—IIJ

current

recalled history unvisited

Figure 2: Automatic spatial-neighborhood recall during
a two-dimensional serpentine scan. The dark trajectory
is the causal prefix, and the orange cell is the current
position t. Previously scanned regions are blue; darker
cells are closer to the current position and are expected
to produce stronger spatial responses. No explicit slid-
ing window or traversal over historical coordinates is
required.

pends on write strength and accumulated forgetting.
Both PH and the main spatial memory follow query-
before-write, so the current observation cannot enter
its own recall. Bounding the forgetting gate helps pre-
vent unbounded accumulation under repeated additive
writes, but does not eliminate interference in fixed-
capacity memory.

4 Cascaded Dual Parallel Prefix
Scans

Here, “paralle]” does not mean removing temporal
causality. During training, a tree-structured prefix scan
can evaluate an entire sequence without a serial token-
by-token loop. The quantities k;, v¢, and Ap; are first
generated in parallel across time steps. The spatial
chain then performs the PH scan, gate generation, and
FWP scan in sequence. Mamba does not depend on PH
and can run independently. During online inference, P,
and M; are still updated one step at a time. Figure 3
summarizes this distinction.

Why prefix composition is possible. PH uses a
fixed scalar retention factor, whereas the main FWP
uses a diagonal forgetting vector. Both updates first
scale the previous state and then add the current write,
so adjacent intervals can be composed by a fixed rule.
Let B, = itk‘tv; . Two consecutive main-FWP intervals
combine as

(92aB2)o(glaBl) = (gQ@gla 92[:7N0ne]®B1+BQ)' (8)

The later interval first scales the write retained from the
earlier interval, then adds its own write. Because g; is a
vector rather than a dense transition matrix, composi-
tion requires only elementwise scaling and addition and
does not produce a dense state transition.
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performs the PH scan, geometry-only gate generation, and FWP scan in sequence, followed by position-triggered

recall and late fusion.

The scan first produces the post-write states M;.
To preserve read-before-write semantics, the arrival
state used for recall can be recovered afterward:

M; = M, — By, re = (M) k. (9)

This recovery is independent at each time step and re-
quires no additional temporal recurrence.

Computation and state size. Online inference
stores only P, and M;, so state size does not grow
with trajectory length. The principal per-step cost
of PH is O(d}), while FWP update and recall cost
O(did,). During training, total work grows linearly
with sequence length, and both scans admit logarith-
mic parallel depth. The spatial chain must neverthe-
less complete the PH scan before running the FWP
scan. The architecture is a fixed-capacity, lossy mem-
ory mechanism; it does not eliminate the additional
computation introduced by the spatial branch.

5 Decoupled Spatiotemporal
Streams and Late Fusion

The Mamba backbone follows its standard selective
state-space recurrence:

ht :M(ht_l,xt). (10)
Let its current-step output be
Yo = O(hy, @t). (11)

The spatial recall vector r; is not fed into the next
Mamba state, and the Mamba state is not used to gen-
erate g; or i;. The branches interact only through late
fusion at the output:

Yyt = MLPguge (’I‘t &) yiv[amba). (12)
Here, “decoupled” refers to the control pathways rather
than a complete absence of shared information. Both
branches receive z;, and the spatial payload v; may con-
tain a semantic summary. The distinction is that ob-
servation content does not determine the spatial gates,
while spatial recall is not written directly into the next
temporal state. Recall errors therefore do not accumu-
late recurrently in the Mamba state through the fusion
path.

6 Experimental Design

6.1 Spatial Revisit Task

We use a single spatial-revisit task to evaluate the archi-
tecture. In a bounded continuous workspace, the model
receives observations along a trajectory. A cue relevant
to a later decision appears at one location; after leav-
ing that region, the trajectory returns to the same or a
nearby position, where the model must act on the ear-
lier cue. This task places a long temporal separation
and renewed spatial proximity in one process, directly
testing whether coordinate-triggered recall contributes
useful information to the final decision.

We retain only three comparisons: Mamba,
Mamba given the same coordinate encoding, and the
complete Spatial-FWP Mamba. They use the same ob-
servation encoder and comparable state sizes. Decision
accuracy is the primary measure, accompanied by state
size and online per-step cost. This compact comparison
separates the contribution of spatial memory from the
simpler effect of providing coordinates, without turn-
ing position-key diagnostics, hidden-state probes, and
multiple ablations into separate experiments.

6.2 Limitations

The method has a clearly defined operating range. Si-
nusoidal position keys depend on a predefined bounded
workspace and a corresponding frequency configura-
tion, and we assume that scan coordinates remain in-
side this domain. Knowing the workspace makes it
possible to configure frequencies from its maximum
distance and the smallest required resolution, but it
does not eliminate all distant sidelobes of a finite-
dimensional Fourier kernel. If the operating range
changes, coordinates must be renormalized and the fre-
quencies reconfigured; the original encoding should not
be treated as a lossless position store for unbounded
space. FWP is also a fixed-capacity distributed asso-
ciative matrix. As writes accumulate, different position
keys and observations may overlap and interfere. Diag-
onal forgetting changes the retention of frequency scales
but cannot delete the content of one physical location
exactly.

PH records past visitation rather than obstacles,
connectivity, or reachability. Two coordinates that are
close in Euclidean distance but separated by a wall may



still influence one another. Localization noise and ac-
cumulated drift can alter position keys and reduce re-
visit reliability. A geometry-only write gate also cannot
detect blurred images, sensor failures, or semantically
unimportant observations. This is the cost of keeping
spatial control separate from content semantics. In dy-
namic environments, old and new observations at the
same location may be compressed into the same asso-
ciative direction and require forgetting or a later exten-
sion.

Computationally, PH adds a fixed state of size
O(d?), and the main FWP scan must wait for the PH
scan and gate generation. The method therefore does
not have the same constant factors as a single Mamba
scan. Its advantage is that state size does not grow with
history length, not that spatial memory introduces no
additional computation.

6.3 Future Research Directions

Multiscale sine—cosine position keys allow the spatial
FWP to write and retrieve spatial history through po-
sitional bases at different frequencies. The diagonal
forgetting gate used in this paper can adjust these fre-
quency channels separately, but its control rule remains
open to further study. Future work could generate a
more suitable diagonal forgetting matrix from the ge-
ometry of the current environment, observation scale,
and motion state, allowing each frequency scale to re-
ceive an environment-conditioned forgetting rate. This
may improve on fixed or uniform forgetting when mul-
tiscale information must be retained. The useful condi-
tioning signals and the effect of such gates on memories
at other positions must be established experimentally.

Potential settings include movement among ob-
jects, variable-density image or point-cloud scanning,
robot navigation, maze exploration, and generation
across a two-dimensional canvas.

7 Conclusion

This paper introduced Spatial-FWP Mamba, which
augments the temporal-semantic state of Mamba with a
fixed-capacity coordinate-addressed memory. Within a
predefined bounded workspace, multiscale position keys
selectively retrieve history from the current coordinate.
The PH query supplies a compressed cue about the sur-
rounding historical position distribution, and the cur-
rent displacement supplies the motion context; together
they generate a paired diagonal forgetting gate and a
scalar write gate. Observation content enters the spa-
tial matrix only as a value vector; it does not control
the spatial gates, and the spatial readout is not fed into
the next Mamba state. Read-before-write prevents the
current observation from entering its own recall. The
affine forms of PH and the main FWP allow the spatial
branch to use two serial associative prefix scans. The
module does not replace localization, mapping, or ex-
plicit neighborhood search; it provides a fixed-capacity
and necessarily lossy historical context queried by phys-
ical coordinates. Its practical value must be established

through position-kernel diagnostics, controlled revisits,
downstream decisions, and runtime measurements.
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