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Abstract

Modern machine-learning systems increasingly convert images, video, and sensor streams into high-dimensional embeddings, with
convolutional neural networks and Vision Transformers feeding vector databases that retrieve by approximate nearest-neighbor
search over semantic latent space. This architecture is powerful for conceptual search: it maps generalized meaning into compact
vectors where objects, scenes, and actions remain close despite changes in viewpoint, lighting, or style. Yet the same compression is
lossy for physical measurement. A standard embedding can collapse a spatial field into a flat vector, discarding geography, phase
structure, micro-texture, and boundary information—the quantities needed for sub-pixel tracking. This paper introduces Wave
Nearest Resonance (WNR), a frequency-domain retrieval prototype for controlled physical tracking tasks. WNR stores each
observation as a complex spectral object, estimates translation by cross-power phase correlation, synthesizes a forward query by
the Fourier Shift Theorem, and uses a sparse spectral hash to restrict expensive resonance scoring to a small candidate set. On a
synthetic translation benchmark with continuously rendered moving circles and squares, WNR preserves sub-pixel displacement
information that a compact autoencoder vector baseline loses. The present evidence is intentionally narrow: it supports WNR as a
signal-processing retrieval primitive for translation-dominated synthetic motion, not yet as a complete solution for cluttered scenes,
rotation, occlusion, deformation, or production-scale deployment.

1 Introduction
Embedding-based perception. Contemporary perception
systems are increasingly organized around learned embedding
spaces. In robotics, aerospace sensing, autonomous navigation,
and computer vision, live sensor streams are passed through
convolutional neural networks (CNNs), Vision Transformers,
or related visual backbones that convert raw measurements
into dense vectors [3, 4]. A video frame, radar-derived image,
or spatial sensor observation is thereby mapped from a con-
tinuous physical field into a coordinate x ∈ Rd in a learned
latent space. Downstream storage follows the same abstraction:
embeddings are inserted into vector databases and retrieved
with approximate nearest-neighbor (ANN) methods such as
graph search or quantization-based indexing [1, 2].

This architecture is well matched to semantic retrieval. Its
purpose is not to preserve every measured coordinate, but to
make observations with similar meaning close to one another
despite changes in illumination, viewpoint, scale, background,
or sensor style. For recognition, this invariance is a strength.
A vehicle should remain recognizable as the same class of
object under nuisance transformations, and a retrieval system
should return conceptually related examples even when their
pixels differ. The success of embedding-based perception
follows from this deliberate compression of physical detail into
semantic identity.

The measurement gap. Physical tracking imposes a differ-
ent requirement. A control system does not only need to know
what an object resembles; it must know where the object is,
how its boundary is moving, and how that boundary will evolve
over the next control interval. The compression that benefits

semantic retrieval can therefore become a liability. Collapsing
a two-dimensional sensor field into a one-dimensional em-
bedding can remove explicit spatial geography, micro-texture,
phase structure, and exact boundary metrics—precisely the
quantities that determine sub-pixel motion and contact geome-
try.

This limitation is not merely philosophical. Azulay and
Weiss show that standard CNN architectures can generalize
poorly to small image transformations, in part because striding
and pooling interact with sampling in ways that do not guaran-
tee stable behavior under small translations [5]. For semantic
classification, the system may tolerate these effects if the class
label remains plausible. For physical tracking, however, a
one-pixel or sub-pixel displacement is often the signal itself.
The relevant distinction is therefore between semantic similar-
ity, which estimates what an observation is likely to be, and
physical measurement, which estimates where the measured
structure actually is.

High-rate physical tracking. The measurement gap be-
comes most visible in fast physical environments: projec-
tiles moving through a medium, maneuvering aerial platforms,
close-proximity robotic systems, and other settings where per-
ception, prediction, and control operate on short time scales. In
such regimes, latency and geometric precision are coupled. A
pipeline that first produces a semantic interpretation and only
then estimates motion may be too slow, and a representation
that suppresses high-frequency spatial structure may be too
coarse.

Consider a high-speed object whose appearance changes
because of rotation, turbulence, partial occlusion, sensor blur,
or a noncanonical maneuver. A learned embedding model can
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map the observation to the nearest familiar region of latent
space, producing a plausible semantic match while losing the
exact displacement field needed for control. In close-proximity
aerial robotics, for example, a fractional change in attitude or
boundary position can affect whether a corrective command
is valid. Pooling and downsampling operations that intention-
ally remove high-frequency variation for robustness can erase
these small shifts until the motion becomes large enough to be
semantically salient [5]. In close proximity, the system needs
boundary certainty, not only a probabilistic bounding box.

Existing sensing hardware often reflects this distinction.
Radar and phase-based tracking systems continue to rely on
Fourier-domain signal processing because range, Doppler,
phase, and correlation are physical measurements rather than
semantic labels. The computational cost of these transforms
is significant enough that radar pipelines are frequently stud-
ied as specialized SoC or accelerator designs rather than or-
dinary database queries [9]. WNR explores whether a soft-
ware retrieval layer can borrow this phase-preserving signal-
processing structure while retaining a database-style candidate-
generation step.

Wave Nearest Resonance. This paper proposes Wave Near-
est Resonance (WNR) as a prototype database architecture
for that gap. WNR is a deterministic, frequency-domain alter-
native to semantic vector retrieval for translation-dominated
measurement tasks. Instead of storing an observation only as a
flattened latent vector, WNR stores a two-dimensional complex
spectral object,

Z ∈ CH×W , Zu,v = Au,ve
iϕu,v ,

so that amplitude, phase, and spatial-frequency structure
remain available to the retrieval engine. In the translation
setting studied here, motion is represented as a change in spec-
tral phase rather than as unconstrained drift in an abstract
embedding space; rotations, deformations, and multi-object in-
teractions remain future extensions. A WNR query is resolved
by nearest resonance: candidate signals are compared by the
constructive or destructive interference induced between their
spectral components under physically meaningful transforma-
tions.

The premise is that a physical prediction system should pre-
serve the mathematics of the measured field for as long as pos-
sible. Phase correlation already provides a classical mechanism
for estimating sub-pixel displacement from the cross-power
spectrum of shifted images [6]. Spectrogram fingerprinting
shows that continuous time-frequency signals can be reduced
to sparse peak constellations and indexed efficiently at large
scale [7]. Recent work in high-throughput mass spectrometry
further demonstrates that locality-sensitive hashing can classify
and group large raw physical signal data without first convert-
ing it into semantic neural embeddings [8]. WNR combines
these lessons into a database formulation for spatial waveforms:
index the wave skeleton, retrieve by resonance, and estimate
motion through phase rather than through a learned semantic
proxy.

Contributions. The paper develops WNR through four con-
tributions.

1. Architectural formalization. We introduce a prototype bi-
nary spectral hash prefilter for two-dimensional frequency
matrices. Inspired by spectrogram peak-constellation hash-
ing and signal-level LSH [7, 8], the prefilter converts sparse
wave skeletons into compact binary signatures, retrieves a
small Hamming-nearest candidate set, and reserves dense
phase-correlation scoring for those candidates. We use
“Spectral LSH” only for the broader indexing family, not as
a claim that this prototype provides a proved sublinear LSH
guarantee.

2. Deterministic trajectory extraction. We formulate cross-
power phase correlation as a database retrieval primitive and
use it to obtain a sub-pixel displacement vector (∆y,∆x)
without a learned trajectory head [6].

3. Forward phase synthetic generation. We introduce a
pipeline based on the Fourier Shift Theorem that synthesizes
a future query from the current spectral state, enabling
retrieval against a predicted physical position rather than
only the last observed frame.

4. Controlled boundary test. We evaluate WNR on a syn-
thetic translation benchmark with continuous sub-pixel mo-
tion, where the relevant measurement variable is known
exactly and can be separated from semantic appearance
matching.

2 Literature Review and Theoretical
Foundations

2.1 The Limits of Spatial Invariance in Deep
Learning

Convolutional networks were designed to exploit the local
structure of images while reducing sensitivity to nuisance trans-
formations. Weight sharing gives CNNs a form of translation
equivariance at the feature-map level, while pooling, striding,
and later global aggregation increase invariance for classifica-
tion [3]. Vision Transformers inherit a different mechanism—
patch tokenization followed by attention—but serve the same
high-level role in many perception pipelines: converting spatial
measurements into representations that are stable enough for
semantic recognition [4]. For classification and retrieval, this
invariance is desirable. The network should identify an object
even when it appears at a different location, under different
illumination, or with a different background.

The same invariance becomes a theoretical bottleneck for
physical tracking. A tracker requires equivariance: when the
object moves by (∆y,∆x) in image-array coordinates, the
representation should preserve that displacement so the down-
stream system can measure it. Pooling and strided convolution
deliberately weaken that property by aggregating nearby re-
sponses and subsampling intermediate feature maps. The result
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is a representation that may be stable for semantic category
while unstable or under-informative for exact coordinate re-
covery. This distinction is central to WNR: a semantic embed-
ding asks for invariance to small transformations; a physical
measurement system asks for those transformations to remain
observable.

Azulay and Weiss show that common CNNs can generalize
poorly to small image transformations and connect this failure
to violations of classical sampling assumptions inside modern
architectures [5]. In practice, a one-pixel translation or small
geometric perturbation can change the network response in
ways that are not a faithful physical translation of the internal
representation. For high-rate tracking, sub-pixel shifts are
not adversarial nuisances; they are the signal to be measured.
This motivates a retrieval layer that does not compress away
micro-motions before the database is queried.

2.2 Phase Correlation and Sub-Pixel Registra-
tion

Classical image registration begins from a different premise:
two measurements of the same physical scene should be
compared as signals, not first converted into semantic labels.
This paper uses image-array coordinates (y, x) and displace-
ment vectors (∆y,∆x); centers reported by the dataset are
stored as (x, y) only when computing Euclidean center er-
rors. Let f(y, x) be a reference image and let g(y, x) =
f(y−∆y, x−∆x) be a translated observation. If F and G are
their discrete Fourier transforms, WNR uses the normalized
cross-power spectrum

R(fy, fx) =
G(fy, fx)F (fy, fx)

|G(fy, fx)F (fy, fx)|+ ϵ
.

The inverse Fourier transform of R produces a correlation
surface whose dominant peak identifies the shift that moves
f toward g under this convention. Because the normalization
removes magnitude information, the method emphasizes phase
agreement rather than raw intensity similarity. This is why
phase correlation is robust to many changes that degrade direct
pixel matching.

Foroosh, Zerubia, and Berthod extend phase correlation to
sub-pixel registration and show that, under the shifted-image
model, the correlation structure can be used to recover frac-
tional displacement rather than only integer-pixel motion [6].
Later registration algorithms refine the peak by local inter-
polation or upsampled Fourier evaluation, achieving accurate
sub-pixel estimates without a learned bounding-box head [10].
This is a different measurement primitive from Intersection-
over-Union (IoU) or bounding-box overlap. IoU evaluates
agreement between coarse regions after detection; phase cor-
relation estimates the continuous displacement that generated
the measurement. WNR adopts the latter as a database opera-
tion: retrieve candidates whose cross-power phase produces a
physically meaningful displacement peak.

2.3 The Fourier Shift Theorem for Predictive
Modeling

The Fourier Shift Theorem supplies the predictive step. Let
fy = fftfreq(H) and fx = fftfreq(W ) denote normalized
DFT frequencies in cycles per pixel for an H ×W image. A
translation by (∆y,∆x) corresponds to the phase modulation

Fshifted(fy, fx) = F (fy, fx)e
−2πi(fy∆y+fx∆x).

Equivalently, if integer DFT bin indices (ky, kx) are used,
the exponent is −2πi(ky∆y/H + kx∆x/W ). This identity
is a bridge between digital signal processing and predictive
modeling [11]. A neural predictor typically learns a decoder
that maps a hidden state to a future frame or future embedding.
Under a translational motion model, the Fourier Shift Theorem
gives a direct procedure: estimate the current displacement or
velocity, apply the corresponding phase-shift exponential, and
invert the transform to obtain the future wave. The operation is
deterministic, differentiable, and exact under the assumed shift
model.

For WNR, the theorem changes the role of the database
query. Rather than asking only which stored signal best
matches the last observed frame, the system can synthesize
a forward-phase query and ask which stored wave skeleton
resonates with the predicted future state. This does not elimi-
nate learning from the system; learned components may still
estimate higher-order motion, deformation classes, or sensor
priors. But the core translation step need not be learned when
the governing transform is already known.

2.4 High-Dimensional Indexing and Locality-
Sensitive Hashing

A frequency-domain database also requires an indexing mecha-
nism. Locality-sensitive hashing (LSH) addresses this general
problem by mapping high-dimensional objects into hash codes
such that nearby or similar objects collide with higher proba-
bility than unrelated objects [12, 13]. In practice, LSH-style
systems trade exact global search for fast candidate genera-
tion: a hash table provides fast bucket access under standard
hashing assumptions, while the final ranking step verifies a
much smaller candidate set. This is the same architectural pat-
tern used by vector databases, but WNR applies it to spectral
structure rather than semantic embeddings.

Continuous waveform indexing has a direct precedent in
audio fingerprinting. Wang’s industrial audio search algorithm
converts a spectrogram into a sparse constellation of high-
energy peaks and hashes local peak relationships so that a
noisy query can retrieve matching recordings efficiently at
large database scale [7]. The key insight is that the full wave-
form need not be compared against every stored waveform. A
stable spectral skeleton can act as the address into the database,
after which detailed alignment is performed only on retrieved
candidates.

Recent work in high-throughput mass spectrometry makes
the same point in another physical domain: raw signal data can
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be classified at scale using locality-sensitive hashing without
first reducing the measurements to semantic neural embed-
dings [8]. WNR generalizes this indexing philosophy to spatial
spectrograms and physical tracking. The implemented binary
spectral hash prefilter hashes the persistent wave skeleton for
lookup; phase-correlation and resonance tests then recover
the continuous displacement and boundary information that a
binary hash alone cannot represent.

3 The Wave Nearest Resonance System
Architecture

3.1 Input Transformation and Windowing
The WNR pipeline begins by converting each incoming sen-
sor frame into a frequency-domain object suitable for phase-
sensitive comparison. The implementation first mean-centers
each 64 × 64 grayscale frame and then applies a separable
two-dimensional Hann window,

Ĩ(y, x) =
(
I(y, x)− µI

)
wy(y)wx(x),

before computing the two-dimensional FFT [14]. The FFT
treats the finite image as one period of a periodic signal; if
the left and right or top and bottom borders do not agree, the
artificial discontinuity at the wrap seam injects broadband en-
ergy into the spectrum. This spectral leakage contaminates the
phase field that phase correlation relies on. Windowing sup-
presses the boundary discontinuity and concentrates spectral
energy around the physical structure rather than around frame
edges, following standard window-design practice in spectral
analysis [15].

In code, the validation notebook constructs the window as
an outer product, My,x = hann(H)yhann(W )x, and applies
it consistently to database frames, query frames, and synthetic
future frames.

3.2 Spectral Skeletonization: The Band-Pass
Filter

A raw WNR object is a dense complex matrix Z ∈ CH×W .
Directly indexing every coefficient is unnecessary and often
harmful. The largest-magnitude coefficients in a physical scene
are frequently the DC term and very low spatial frequencies:
background illumination, global gradients, and slowly varying
intensity. If a database keeps only the largest coefficients, it
risks indexing the static background rather than the moving
object’s boundary structure.

WNR therefore uses a spectral skeleton. The validation key
is a non-DC high-pass mask over Fourier radius,

B = {(ky, kx) :
√
k2y + k2x ≥ rmin},

followed by magnitude selection inside that eligible set. The
lower radius removes the DC component and nearby back-
ground frequencies. Within the remaining frequencies, WNR
stores only the strongest coefficients:

Sα(Z)ky,kx = Zky,kx 1{(ky, kx) ∈ B}
· 1{|Zky,kx | ≥ τα(Z)}.

where τα keeps the top α fraction of eligible coefficients.
The result is a sparse spectral skeleton: a compact wave finger-
print that preserves edge and shape structure while suppressing
static background. An annular version with an upper cutoff
rmax is a natural extension for noisier sensors, but the reported
validation does not use an upper-radius cutoff.

The validation implementation removes Fourier radii be-
low three bins, then evaluates top-5% and top-10% magnitude
skeletons over the remaining non-DC frequencies.

3.3 The Resonance Search Engine
At query time, WNR turns two observed frames into a forward-
looking spectral query. Given frames It and It+1, the system
estimates the displacement ∆̂ = (∆̂y, ∆̂x) using cross-power
phase correlation:

R =
Ft+1Ft

|Ft+1Ft|+ ϵ
, ∆̂ = arg peak

∣∣F−1(R)
∣∣ .

The peak is unwrapped on the periodic FFT grid, and a local
parabolic interpolation around the peak refines the displace-
ment to sub-pixel precision. The Fourier Shift Theorem then
creates a future spatial query wave from the most recent frame,

qfuture = F−1
(
Ft+1(fy, fx) e

−2πi(fy∆̂y+fx∆̂x)
)
,

Qfuture = F{qfuture}.

For candidate ranking, WNR computes the phase-correlation
surface between Qfuture and each dense-verified candidate Cj .
The implemented score is

sj = max
y,x

∣∣∣∣F−1

(
CjQfuture

|CjQfuture|+ ϵ

)∣∣∣∣ exp[−λ(d2j,y + d2j,x)
]
,

where (dj,y, dj,x) is the additional alignment shift implied
by the correlation peak and the validation code fixes λ =
0.08 for both brute-force and hashed variants. This penalty
prevents translation-invariant peak height alone from ranking
a candidate highly when the candidate requires a large extra
spatial correction.

The database search has two stages. First, the spectral skele-
ton of the future query is converted into a compact binary
signature. The prototype binary spectral hash uses the signs
of selected nonredundant Fourier coefficients as hash bits; if
an exact bucket contains fewer than the target number of en-
tries, it falls back to Hamming-nearest signatures and returns a
fixed target set for dense verification. The current fallback may
scan the stored binary signatures, so the reported candidate
count should be read as the number of expensive FFT phase-
correlation comparisons, not as the total number of binary
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Figure 1: Spectral skeletonization converts a dense Fourier matrix into a sparse non-DC fingerprint. The database key keeps stable structural
coefficients while suppressing low-frequency background components.

signatures touched. Second, WNR executes full cross-power
phase-correlation scoring only on the returned candidate waves.
Figure 2 shows the registration primitive, while Figure 1 illus-
trates the sparse key used for candidate generation.

4 Experimental Design and Methodol-
ogy

4.1 Synthetic Dataset Generation: The Projec-
tile Test

The validation experiment uses a controlled synthetic dataset
so that ground-truth centers and velocities are known exactly.
The generator creates sequences of 64× 64 grayscale frames
containing simple circles or squares moving across a static,
mildly varying background. Each sequence has length five;
frames 0 and 1 are used as the observed query pair, and frame
2 is the ground-truth future target. The notebook parameterizes
the number of sequences through WNR_NUM_SEQUENCES
and records a 70/15/15 train/validation/test split. Its laptop-
friendly default is 1200 sequences, which creates 840 train-
ing database frames. The reported tables use the larger ex-
ported run with WNR_NUM_SEQUENCES=8000, 5600 train-
ing database frames, a seeded test split of about 1200 se-
quences, and a capped evaluation of the first 200 shuffled test
queries per reported condition. The authoritative metrics are
synchronized across the shipped metrics.json artifacts.
Timings are run-specific CPU timings and include query-time
shift estimation, query FFT construction, spectral hashing, can-
didate filtering, and final candidate scoring, but not offline
database FFT/hash construction; the original hardware meta-
data were not preserved.

The critical design choice is that motion is generated in
continuous coordinates. For 70% of sequences, velocities are
sampled continuously from approximately [−3, 3] pixels per
frame in each axis, with small near-zero velocities avoided; the
remaining sequences use integer velocities for easier cases. Ob-
jects are rendered with anti-aliased masks rather than rounded
center coordinates. Thus a velocity such as (2.5,−1.2) gen-

erates true fractional-pixel motion rather than an integer-grid
animation. This prevents the benchmark from accidentally
favoring methods that only succeed when motion snaps to
pixels.

4.2 The Baseline: CNN Autoencoder and Vector
Index

The baseline represents the standard semantic-vector approach.
A compact convolutional autoencoder maps each frame to a
128-dimensional latent vector. Its encoder uses three stride-2
convolutional blocks, 1 → 16 → 32 → 64 channels, each
with kernel size 4 and padding 1, reducing the frame to an
8 × 8 feature map before a fully connected latent layer. The
decoder mirrors this structure with transposed convolutions and
a sigmoid output. Training uses mean-squared reconstruction
loss with AdamW, learning rate 10−3, batch size 128, and three
default epochs.

After training, target frames from the training split are en-
coded and inserted into a nearest-neighbor index. The notebook
uses FAISS IndexFlatL2 when available [16]; otherwise it
falls back to scikit-learn’s Euclidean NearestNeighbors
implementation [17], and finally to a NumPy brute-force
search. The future-vector query is linear in latent space:

Vfuture = Vt+1 + (Vt+1 − Vt).

The retrieved database frame is then compared against the
ground-truth future frame.

4.3 WNR Implementation and Ablations
The WNR implementation uses the same observed frames and
target frame as the baseline but replaces latent-vector extrap-
olation with Fourier-domain motion estimation. All frames
are mean-centered and Hann-windowed before the FFT. The
validation evaluates three WNR variants:

1. WNR brute force. Compare the synthesized future query
against full FFT representations of all database frames using
cross-power phase-correlation scores.
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Figure 2: Phase-correlation registration estimates the physical displacement between observed frames from the cross-power spectrum. The
resulting sub-pixel shift is then applied as a forward Fourier phase rotation to form the future query.

Figure 3: Semantic vector retrieval and WNR preserve different information. The CNN autoencoder maps each frame to a compact latent point
and extrapolates in vector space; WNR keeps amplitude and phase in a spectral representation so translation remains a measurable physical
variable.

2. WNR hashed skeleton, 5%. Apply the non-DC spectral
skeleton, keep the top 5% eligible coefficients for both
database and query spectra, generate a compact binary spec-
tral signature, and score only the target candidate set re-
turned by the hash prefilter.

3. WNR hashed skeleton, 10%. Apply the same hashed skele-
tonization procedure while keeping the top 10% eligible
coefficients.

These are compared against static vector retrieval, the
CNN-autoencoder nearest-neighbor baseline described above.
The prototype hash uses 32 sign bits from 16 selected nonre-
dundant Fourier anchors and targets 10 dense FFT-scored can-
didates per query. It should be interpreted as an explicit binary
candidate prefilter for this validation, not as a fully optimized
production LSH system with analyzed collision probabilities,
sublinear multi-probe guarantees, update semantics, or mem-
ory costs. Figure 4 summarizes the empirical bucket/candidate
distribution induced by the uploaded skeletonization run.

4.4 Evaluation Metrics
The validation records two kinds of outputs, because WNR
both retrieves a database frame and estimates a continuous
forward displacement. The image metrics are retrieval met-
rics: they compare the retrieved database frame against the
true frame at t + 2. The geometric WNR displacement met-
ric is computed after phase-shift correction by advancing the
observed center at t+ 1 by the estimated shift. The reported
metrics are:

• Retrieved-frame MSE: pixel-level reconstruction error be-
tween the retrieved database frame and the ground-truth
future frame.

• Retrieved-frame SSIM: global structural similarity between
the retrieved database frame and the ground-truth future
frame [18].

• Phase-predicted displacement error: Euclidean distance
between the phase-advanced predicted center and the true
future object center. For the static vector baseline, which has
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Figure 4: Candidate concentration under spectral skeleton hashing. Sparse non-DC fingerprints route queries to a small number of candidate
waves before the more expensive resonance verification step.

no phase estimator, this is the center error of the retrieved
database frame.

• Retrieval displacement error: for WNR only, the center
error of the retrieved database frame before any phase-based
center correction.

• Shift error: for WNR only, the error of the estimated dis-
placement vector itself.

• Latency: average query time in milliseconds, measured
over the evaluated queries. The timing is run-specific CPU
wall-clock time; the exported run did not preserve enough
hardware metadata for hardware-normalized benchmarking.

The tables do not report image quality for the synthesized fu-
ture frame. WNR’s MSE and SSIM columns evaluate retrieved
database frames; the phase-shifted future wave is evaluated
only through center displacement.

5 Results and Analysis

5.1 Global Performance
Table 1 shows the metrics from the larger exported validation
run. The static CNN-vector baseline remains the fastest pure
nearest-neighbor lookup, but it is substantially less accurate
on this physical-prediction proxy: retrieved-frame MSE is
0.006270, retrieved-frame SSIM is 0.7657, and mean center
error is 1.992 pixels. WNR brute force improves the retrieved-
frame metrics and the phase-estimated center prediction, re-
ducing retrieved-frame MSE to 0.002132 and phase-predicted
displacement error to 0.177 pixels, but it compares against

all 5600 dense FFT database candidates and therefore costs
238.98 ms/query.

The important retrieval result is the hashed skeleton WNR
path. With only 10 average dense FFT candidates, the 5%
spectral skeleton reaches retrieved-frame MSE 0.001241 and
retrieved-frame SSIM 0.9477, while the front-end phase es-
timator gives the same 0.177-pixel phase-predicted displace-
ment error as brute-force WNR. Relative to the compact static
vector baseline, this is an approximately 80% retrieved-frame
MSE reduction and 91% phase-predicted displacement-error
reduction. Relative to WNR brute force, hashed skeletoniza-
tion reduces dense phase-correlation comparisons by 560× and
measured latency by more than 99% in this exported run, while
preserving the same front-end phase-estimated displacement
accuracy.

The global result supports the narrower architectural premise
tested here. The compact baseline vector representation is effi-
cient but does not preserve the displacement variable that the
task measures. WNR estimates that variable directly through
phase correlation, then uses the Fourier Shift Theorem to form
a physically meaningful future query. The spectral hash is
what makes the method database-like in this prototype: the
expensive resonance test is not applied to the full corpus, but
to a small dense-verification set.

5.2 Sub-Pixel Precision
Table 2 reports the capped sub-pixel subset. This is the regime
where semantic compression is most exposed. The static vector
baseline has mean center error 2.133 pixels. The WNR phase
estimator reduces the phase-predicted center error to 0.259
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Table 1: Global metrics from the exported large run (200 capped test queries, 5600 database frames). MSE/SSIM are retrieved-frame image
metrics, Phase Disp. is the phase-estimator center error, and Dense FFT is the number of expensive phase-correlation comparisons. Lower is
better except for SSIM.

Method Ret. MSE Ret. SSIM Phase Disp. Ret. Disp. Shift Err. Dense FFT ms/query

Static vector retrieval 0.006270 0.7657 1.992 – – – 0.36
WNR brute force 0.002132 0.9144 0.177 0.864 0.177 5600 238.98
WNR hashed skeleton 5% 0.001241 0.9477 0.177 0.593 0.177 10 0.91
WNR hashed skeleton 10% 0.001253 0.9473 0.177 0.590 0.177 10 0.92

Figure 5: Global validation accuracy across the capped 200-query test evaluation. Hashed WNR improves retrieved-frame image metrics and
phase-estimator geometric metrics relative to the static vector baseline while avoiding brute-force dense FFT scoring over the full database.

pixels across brute-force and hashed skeleton variants. The 5%
skeleton again gives the best retrieved-frame image metrics,
with MSE 0.001300 and SSIM 0.9446, while keeping latency
below one millisecond in the exported run.

The equality between phase-predicted displacement error
and shift error in WNR rows shows that this geometric col-
umn is governed by the front-end phase-correlation velocity
estimate, not by which database frame is retrieved. This is
expected: once the sub-pixel shift is estimated, the forward
Fourier phase operation moves the latest observation into the
predicted future coordinate system. The retrieval stage is in-
stead reflected by retrieved-frame MSE/SSIM and retrieval
displacement error. The CNN baseline, by contrast, must ex-
press a sub-pixel physical displacement as a direction in a
learned latent vector space, where small translations are often
suppressed by design.

5.3 Impact of Spectral Skeletonization
The metrics clarify the role of skeletonization. Brute-force
WNR is accurate but not yet a database system: it evaluates
5600 dense FFT candidates per query and costs roughly 239
ms. Hashed skeleton WNR evaluates only 10 average dense
FFT candidates and runs in about 0.9 ms/query in the exported
run, while maintaining the same phase-estimator displacement
accuracy and improving retrieved-frame MSE/SSIM relative

to brute force. This is a reduction in expensive resonance com-
parisons, not a proof that the current binary-signature fallback
touches only 10 database records in all cases.

The 5% and 10% skeletons are close, but 5% is slightly
better on MSE and SSIM in both global and sub-pixel evalua-
tions. This suggests that the most useful physical information
is concentrated in a small non-DC subset, while additional
coefficients may reintroduce weak background or nuisance
structure. The result supports the implemented design: sup-
press the DC/low-frequency field and hash sparse structural
frequencies before dense resonance verification.

6 Discussion, Limitations, and Conclu-
sion

The experiment changes the systems interpretation of WNR.
Brute-force phase correlation shows the accuracy advantage of
physical wave matching, but its latency is too high to support
the database claim. The hashed skeleton run narrows that gap
in the exported metrics: expensive dense FFT comparisons
drop from 5600 to 10, and query latency falls from roughly
239 ms to roughly 0.9 ms while preserving the same front-end
phase-estimated displacement accuracy. This is the central
empirical result, but it should be read as a prototype CPU
timing result rather than as a hardware-normalized production
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Table 2: Sub-pixel performance from the exported large run (200 capped sub-pixel queries). MSE/SSIM are retrieved-frame image metrics,
Phase Disp. is the phase-estimator center error, and Dense FFT is the number of expensive phase-correlation comparisons. Lower is better
except for SSIM.

Method Ret. MSE Ret. SSIM Phase Disp. Ret. Disp. Shift Err. Dense FFT ms/query

Static vector retrieval 0.006593 0.7535 2.133 – – – 0.10
WNR brute force 0.002144 0.9118 0.259 0.880 0.259 5600 239.22
WNR hashed skeleton 5% 0.001300 0.9446 0.259 0.622 0.259 10 0.92
WNR hashed skeleton 10% 0.001309 0.9443 0.259 0.620 0.259 10 0.94

Figure 6: Sub-pixel tracking performance on fractional-motion queries. WNR preserves the phase information needed to estimate small physical
displacements, whereas latent-vector extrapolation treats those shifts as changes in an abstract embedding coordinate.

benchmark.
Several limitations remain. First, the validation data are

synthetic: circles and squares moving over simple static back-
grounds are useful for isolating sub-pixel motion, but they
do not yet cover cluttered scenes, changing illumination, oc-
clusion, sensor noise, or nonrigid deformation. Second, the
current skeleton candidate generator is a minimum viable bi-
nary spectral hash prototype. It demonstrates sparse spectral
candidate selection, but a complete system would require col-
lision analysis, sublinear fallback search, update semantics,
memory measurements, and comparisons against optimized
ANN implementations. Third, the current database has 5600
training frames, which is useful for a prototype but small for
a database-systems claim; future work should sweep corpus
size while separately measuring candidate-generation latency,
dense-scoring latency, memory, exact-bucket hit rate, fallback

rate, and retrieval quality. Fourth, WNR currently models
translation most directly. Rotation, scale, deformation, and
multi-object interactions require additional spectral operators
or local-window decompositions. Fifth, the WNR MSE and
SSIM values reported here are retrieved-frame image metrics,
whereas the final WNR center error uses the phase-estimated
shift; synthesized-frame image metrics and retrieval-dependent
final-prediction metrics should be reported separately in future
evaluations. Finally, the CNN baseline is intentionally com-
pact; future work should compare against stronger optical-flow
models, transformer trackers, and learned latent dynamics in
addition to autoencoder retrieval.

Despite these limitations, the results support a narrower ver-
sion of the paper’s core claim. Semantic vector databases are
effective for conceptual similarity, but they are not designed
around exact coordinate and phase preservation for the con-
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Figure 7: Latency and dense-candidate effects of spectral candidate filtering. Hashed skeleton WNR reduces the number of expensive FFT
phase-correlation comparisons while retaining the phase-estimator displacement accuracy of the full phase-correlation path.

trolled sub-pixel translation task studied here. WNR treats
the signal as a measured wave object: it windows the input,
indexes a sparse non-DC spectral skeleton, estimates displace-
ment through cross-power phase correlation, and predicts the
future center by Fourier phase shifting. On the validation run,
this yields substantially lower retrieved-frame MSE, higher
retrieved-frame SSIM, and an order-of-magnitude reduction
in phase-predicted displacement error relative to the compact
static CNN-vector baseline, while the hashed skeleton path
keeps dense resonance verification small. The conclusion is
therefore not that WNR replaces semantic embeddings uni-
versally, but that translation-dominated physical tracking can
benefit from a retrieval primitive closer to signal processing
than to semantic nearest-neighbor search.
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