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Abstract

A heuristic that directs observations toward changing signals can overlook variation hidden between
similar endpoints. We tested such a retention rule on 2,858 released character-velocity profiles,
comparing it with repeated splitting of the largest index gap. Both rules retained exactly sixteen or
thirty-two observations and used linear reconstruction. Signal-guided retention increased mean profile
error by 0.040904 at sixteen points and 0.005159 at thirty-two; character-clustered intervals were
0.015162-0.066646 and 0.000529-0.009790. Doubling the budget lowered pooled error under both rules.
These results concern compression of already processed profiles from one writer, and do not evaluate
real-time tablet sampling, character readability, or an image-restoration network.

Deterministic retention and reconstruction of public preprocessed pen-velocity profiles from one writer.
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Deterministic retention and reconstruction of public preprocessed pen-velocity profiles from one writer.

Abstract
A heuristic that directs observations toward changing signals can overlook variation hidden between
similar endpoints. We tested such a retention rule on 2,858 released character-velocity profiles, comparing
it with repeated splitting of the largest index gap. Both rules retained exactly sixteen or thirty-two
observations and used linear reconstruction. Signal-guided retention increased mean profile error by
0.040904 at sixteen points and 0.005159 at thirty-two; character-clustered intervals were
0.015162-0.066646 and 0.000529-0.009790. Doubling the budget lowered pooled error under both rules.
These results concern compression of already processed profiles from one writer, and do not evaluate
real-time tablet sampling, character readability, or an image-restoration network.

1. Where to spend an observation budget
Keeping more observations generally costs more storage or acquisition effort, but a fixed observation
count still leaves a placement decision. One option seeks reasonably even coverage along the sequence
index. Another directs its next retained point toward intervals whose currently observed endpoints differ
more strongly. The second option uses signal information and can sound more informed. Its effectiveness
nevertheless depends on whether endpoint differences reveal the important variation inside an interval.

The research question is whether this particular endpoint-guided allocation rule lowers reconstruction
error relative to index-gap allocation at equal point counts. We study sixteen-point and thirty-two-point
budgets separately. The directional proposition predicts a negative guided-minus-reference error under
each budget. This is a comparison of two explicit deterministic retention procedures, not a theorem about
adaptive sampling or a search for the optimal compression algorithm. An unfavorable result for the
heuristic would be informative without implying that signal-aware allocation is always inferior.

Character reconstruction work such as Meng et al., 2025 provides context for allocating limited
information to restoration. Our experiment operates on normalized velocity vectors from a pen-trajectory
collection, rather than pixels from inscription rubbings. It examines where a sparse representation places
retained values. There is no execution of the cited image model, no training of a new inpainting network,
and no claim that the observed ordering transfers to a historical writing system. The connection is the
experimental question of allocating a fixed information budget.

2. Already processed velocity profiles are the object being compressed
The source is Williams, 2006, the UCI Character Trajectories archive. Its MATLAB file contains 2,858
sequences and twenty character labels. All sequences originate from the same writer and involve a single
pen-down segment. Their lengths range from 109 to 205 samples, with a median of 174. We inspect array
shapes, finite values, and label alignment before applying a retention policy. Every sequence is long
enough to support both selected budgets, so no short-profile exclusion changes the evaluation sample.

The source records three channels related to horizontal position, vertical position, and pen-tip force, but
the released profiles have been numerically differentiated, smoothed, normalized, and aligned. We
analyze only the first two velocity channels. The third, force-related channel is unused. Although the
original acquisition used a 200 Hz tablet, the values being reconstructed here are the released processed
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velocities. We do not integrate them into physical positions, estimate path length in millimeters, or
interpret the numerical loss as displacement of a pen tip.

This differs from Alpaydin and Alimoglu, 1996, whose compact digit attributes represent spatially
resampled coordinate points. Equal indices in the present source refer to a processed temporal profile,
while the other resource's points have an arc-length construction. We do not combine their observations or
compare their numerical error levels. Dataset distinctions also separate these sequences from the
oracle-character context of Wang and Deng, 2024 and the character-learning setting in Lake et al., 2019.
Shared subject matter does not make their representations interchangeable.

3. A restriction that prevents an oracle allocation
The retention procedures begin with the first and last vector of a profile. At each step they choose an
interval between two already retained indices and add the vector at its integer midpoint, rounded
downward. Selection then repeats until the required point count is reached. Both rules must decide which
interval to split before seeing its midpoint value. They cannot evaluate all candidate midpoint errors and
retroactively choose the most helpful one. This information boundary is essential to a non-oracle
comparison.

The reference rule selects the eligible interval with greatest index length. Intervals with no unretained
integer point are ineligible. Ties go to the interval with the lower left endpoint. Consequently the reference
is an index-coverage rule, not an assumption that the underlying velocity is constant. It can discover a
hidden excursion by allocating a point to a wide interval even when its observed endpoint vectors are
similar. Its eventual spacing depends on integer midpoint splits and need not form an exactly uniform
grid.

The guided rule multiplies an interval's index length by the Euclidean distance between its two retained
endpoint vectors. It splits the interval with the largest product, using the same tie convention. Endpoint
vectors, interval length, and the existing retention set are its only inputs. Character labels, unretained
vector values, and eventual reconstruction errors do not enter its priorities. The rule can favor a wide
interval with changing endpoints, while giving a low priority to an interval whose endpoints conceal an
interior excursion.

4. The comparison is about released-profile retention
An important source restriction precedes these policies. Differentiation, Gaussian smoothing, source
normalization, and alignment have already been applied to the complete records. A retained vector can
therefore contain information derived from neighboring original observations during source
preprocessing. We do not describe the operation as physically deciding when to acquire raw tablet
measurements. It is a compression experiment on a fixed public representation, with policy information
restricted only during the subsequent retention stage.

Curve reduction in Ramer, 1972 and Douglas and Peucker, 1973 supplies background for the general
problem of representing a signal with fewer points. Time-series representation and segmentation work in
Keogh et al., 2001b and Keogh et al., 2001a provides additional context for the tradeoff between a
compact description and retained shape information. Those algorithms are not benchmarked here. The
reference and guided rules have been stated directly so that the reported error cannot be mistaken for the
performance of a named published simplification procedure.

The path-graph perspective in Ortega et al., 2017 and Shuman et al., 2012 helps make the remaining
information structure explicit: indices order the observations, and selected indices anchor reconstruction
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between neighboring retained values. No data-dependent graph, edge-weight learner, or graph neural
network is fitted. Labels are used later as covariance groups, without changing which values each policy
retains. The resource comparison is exactly the number of retained vector observations, rather than a
learned representation's parameter count.

5. A common reconstruction and a common scoring target
After selection, each velocity channel is reconstructed by piecewise linear interpolation in sample index.
Endpoints are always present, so every source index lies between retained anchors or is itself retained. We
verify that the reconstruction equals the source vectors at all selected indices. The method does not
extrapolate, smooth the reconstruction again, or use character-specific templates. Spline foundations in de
Boor, 1978 and alternative interpolation ideas in Fritsch and Carlson, 1980 identify possible extensions,
but the executed recovery rule remains linear for both allocations.

For every source profile, the score averages squared error across all sample indices and both selected
channels. Retained indices contribute zero error because their vectors are reproduced exactly. Evaluating
the complete profile gives both policies the same target object, despite their different retained sets. It
avoids comparing losses calculated only on two differently composed collections of hidden indices. The
resulting value is mean squared error per normalized channel sample, not squared two-dimensional point
distance summed across channels.

Figure 1. Complete released profiles supply values only at the indices selected by each sequential policy; identical
interpolation then reconstructs the same full scoring target.

The sixteen-point budget retains an average of 9.600 percent of each profile's samples; the
thirty-two-point budget retains 19.200 percent. These are averages of profile-specific fractions, not the
budget divided by the median sequence length. Actual storage would also need indices, coordinate
precision, headers, and a representation format. No packed files or runtime measurements are produced,
so retained count should not be renamed a measured compression ratio or execution speedup.
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6. Paired mean contrasts, grouped by character label
At each budget we subtract index-rule error from guided-rule error for every source profile. An
intercept-only ordinary least-squares regression estimates the average of those 2,858 paired differences. A
positive coefficient indicates that guided retention is worse on the specified profile loss. The two fits are
reported separately rather than treating two budgets applied to the same profile as independent
handwriting examples. The score averages profiles equally, so a longer sequence does not automatically
receive greater inferential weight.

We cluster covariance by the twenty released character labels, use a finite-sample correction, and apply a t
reference with nineteen degrees of freedom. The grouped-dependence framework in Cameron and Miller,
2015 motivates this choice. Heteroskedasticity-consistent estimation in White, 1980 alone would not
account for repeated examples within a character group. Nevertheless twenty labels from one writer are
not twenty independent writers. The resulting intervals offer a character-grouped summary of this
collection, rather than a population guarantee about handwriting styles.

Table 1. Guided-minus-index mean reconstruction error at two exact retained-point budgets.

Model Term Estimate (SE) 95% CI N

M1 Mean outcome/contrast 0.0409 (0.0123) [0.0152, 0.0666] 2858

M1: fit R-squared = 0.0000 - - 2858

M2 Mean outcome/contrast 0.0052 (0.0022) [0.0005, 0.0098] 2858

M2: fit R-squared = 0.0000 - - 2858

Model labels: M1 = Endpoint-signal versus index-gap allocation, 16 knots; M2 = Endpoint-signal versus
index-gap allocation, 32 knots.

As these regressions estimate only a mean, their R-squared values are effectively zero. They do not
quantify the fraction of the velocity signal reconstructed or the proportion of a character preserved. No
classifier outcome, reader response, or latent semantic variable enters the model. Small numerical
negative R-squared values arising from floating-point subtraction are treated as zero in the presentation,
without changing the estimated mean, covariance, or interval.

7. Signal guidance worsens the pooled error at both budgets
With sixteen retained points, index allocation has average profile error 0.035459490 and guided allocation
0.076363576. Their difference is 0.040904085, with standard error 0.012299056 and a 95% interval from
0.015161865 to 0.066646305. The guided mean is more than twice the reference mean in this setting.
Since the budgets and reconstruction rule match, that contrast reflects the particular placement policy
interacting with the released velocity profiles, rather than the guided rule being given fewer retained
values.

At thirty-two points, average errors are 0.003630634 for index allocation and 0.008789688 for guided
allocation. The difference is 0.005159054, with standard error 0.002212375 and interval 0.000528501 to
0.009789607. Doubling the point budget lowers the pooled error under both allocation rules. The
remaining guided disadvantage is smaller in absolute units, while its ratio to the reference mean remains
substantial. Absolute and relative descriptions therefore emphasize different aspects of the same result.

The proposition favoring this guided rule is not supported by either mean contrast. We do not rescue it by
selecting another character subset, changing the tie-breaking rule after seeing outcomes, or choosing a
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new signal-priority formula. A stronger heuristic could perform differently. The reported comparison is
useful as a negative example of assuming that an endpoint-based signal score automatically identifies the
most valuable place to retain additional information.

8. A plausible failure mode is not yet a measured mechanism
The priority formula gives little weight to a wide interval when its retained endpoint vectors are similar. A
processed velocity profile can vary within such an interval and return toward its initial vector by the other
endpoint. The midpoint rule then receives little encouragement to explore it. This explains a possible
weakness of the heuristic from its definition. It does not establish how much of the observed loss
difference comes from that specific pattern, since we have not labeled or estimated a mechanism for
individual failure intervals.

Influence reasoning associated with Cook, 1977 could motivate inspecting profiles contributing most to
the pooled difference. We retain every profile and do not remove high-loss examples. The missing-data
perspective in Little and Rubin, 2002 also limits interpretation: deliberate retention from complete
processed records differs from naturally unavailable observations. Measurement-error ideas in Carroll et
al., 2006 further distinguish the normalized released channels from a noise-free physical velocity. The
study does not identify either a natural missingness mechanism or a sensor-error distribution.

Agreement concepts in Bland and Altman, 1986, Lin, 1989, and Koo and Li, 2016 would become relevant
if a later study compared reconstruction scores with character-recognition or reader outcomes. We
estimate none of those agreement quantities. Two reconstructions with similar profile error could still
differ in semantic usefulness, while a large numerical error might occur in a region irrelevant to
identifying a character. The current experiment has no evidence with which to establish either
relationship.

9. Sparse profile reconstruction and image inpainting remain different tasks
Image-completion methods in Pathak et al., 2016, Liu et al., 2018, Suvorov et al., 2021, and Lugmayr et
al., 2022 concern richer reconstruction settings than retaining velocity knots. The image prior discussed in
Ulyanov et al., 2017 also uses a different representation and source of inductive structure. Their relevance
is to how a limited information set interacts with a reconstruction rule. We do not map a velocity-knot
budget into image-mask area, claim equivalent damage mechanisms, or use these results to rank those
systems.

Interpretation following Wasserstein and Lazar, 2016 emphasizes the observed mean differences and their
restrictions rather than a generic claim that adaptive allocation fails. The reproducibility questions in
Ioannidis, 2005 remain pertinent to one writer and one heuristic. Replication could vary the writer,
channel representation, budget, or priority score using a declared protocol. Such a program would test
whether index coverage is a robust default or merely favorable in this narrow collection. It has not already
been carried out by enumerating the profiles available here.

10. Resource guidance needs a verified information boundary
This experiment shows that exploiting observed endpoint values can spend a retention budget less
effectively than maintaining index coverage. At both tested budgets, the chosen signal-guided heuristic
increases full-profile reconstruction error. Increasing the budget helps both procedures, but it does not
reverse their observed ordering. The result is specific enough to reproduce and limited enough to avoid
turning a failed heuristic into a universal conclusion about information allocation.
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Documentation under Gebru et al., 2021 includes the single writer, processed velocity channels, source
sequence lengths, exact retention priorities, midpoint and tie conventions, retained indices, and full-profile
loss denominator. Preservation consistent with Wilkinson et al., 2016 keeps these records with the original
MATLAB archive and per-profile paired errors. They allow the resource comparison to be checked
without inventing a physical sampling experiment. Establishing usefulness for restoration practice still
requires task-specific evidence about the representation and outcome that a real application intends to
preserve.
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