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Background/Objective: High accuracy on a benchmark built from altered copies of images may not mean that a model can
recognize new signers or recordings. We tested what Sign Language MNIST, a 24-letter static fingerspelling dataset, can reliably
show.
Methods: We examined 34,627 released images. We tested four perceptual-hash rules against 1,680 known source photographs
and 8,400 controlled derivatives. We then compared image-random and source-disjoint classification on those known lineages.
Finally, we evaluated models on an independent dataset of five subjects using an explicit 24-class label map.
Results: Exact perceptual-hash grouping placed 97.03% of released images in groups with more than one image. However,
exact-hash links had only 94.44% precision and 8.96% sensitivity for known source identity. No tested hash threshold met
the prespecified 99% precision criterion. On the controlled data, one-nearest-neighbor macro F1 decreased from 90.08% with
image-random testing to a fivefold mean of 80.48% with source-disjoint testing. Near-perfect internal benchmark scores also
contrasted with a maximum of 7.50% subject-letter accuracy in zero-shot external transfer. An explicit label audit found no
class-index shift.
Conclusions: Similarity groups can reveal dependence, but they cannot replace recorded source IDs. The main result is a
measured limit on what this benchmark can support, not a new maximum accuracy score. Reliable accessibility claims require
source identifiers, signer-disjoint partitions, and evaluation on independently collected data.
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Introduction

American Sign Language (ASL) is a complete language. An
isolated hand image captures only one narrow part of it1. Re-
cent fingerspelling and continuous-signing datasets include
motion, signer variation, and context that a static alphabet
benchmark does not. FSboard contains smartphone-recorded
fingerspelling from many signers2. How2Sign includes con-
tinuous ASL video and several data types3. Sentence-level re-
search also shows that recognizing fingerspelled words within
signing remains difficult4. Static-letter classification is there-
fore a useful controlled vision task, but it is not a substitute for
ASL translation.

Prior static-image studies used convolutional neural net-
works (CNNs) with images from several viewpoints to learn
hand-shape features5. Other studies used support vector ma-
chines (SVMs) to classify geometric hand-pose features6.
This work supports comparing raw pixels, spatial descriptors,
and learned CNN features. However, a high image-level score
alone does not show that a model will work for a new person
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or camera.

Prior research and the evaluation gap

Sign-language research increasingly separates signers dur-
ing evaluation. ASL Citizen is a community-sourced bench-
mark that keeps users separate7. A large Turkish Sign Lan-
guage challenge also used signer-independent testing8. Stud-
ies of Irish Sign Language hand shapes and continuous sign-
language translation reported lower performance when test
signers were excluded from training9,10. Signer-diversity aug-
mentation tries to reduce this gap11.

FluentSigners-50 and a Greek Sign Language learning cor-
pus also include several signers and recording conditions12,13.
Other work shows that camera viewpoint matters and that real
fingerspelling appears within longer discourse14,15. Perfor-
mance may also differ across demographic groups16. These
studies show why signer diversity matters. They do not iden-
tify the original photograph behind each altered image in Sign
Language MNIST.

Computer-vision research has found a related problem: re-
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peated or closely related images can make a benchmark ap-
pear easier than it is. SelfClean and a revised dermatology
benchmark combined automated near-duplicate detection with
human or metadata checks17,18. They did not assume that a
similarity score proved shared origin. An image-copy chal-
lenge tested robustness to image transformations directly19.
A recent comparison of pHash with other image representa-
tions also found that hash performance depends on the type
of transformation20. A geospatial-image audit showed that
duplicates can cross published training and validation bound-
aries21. Label-error audits show that uncertain test data can
even change model rankings22. COVID-19, OCT, and MRI
studies found that image-level splits can overstate perfor-
mance when related images come from the same subject or
volume23–25. WILDS provides a framework for testing mod-
els when the data distribution changes26. MedMNIST v2
also shows why small-image benchmarks need clear source
documentation and fixed partitions27. Dataset documentation
frameworks call for explicit provenance and limits on intended
use28. The main lesson is simple: researchers must define and
verify which observations are truly independent.

Sign Language MNIST contains 27,455 training images
and 7,172 test images. The dataset description says that these
images were created by transforming a much smaller source
collection29. The linked source repository organizes pho-
tographs and hand boxes by user30. However, the released
CSVs do not give each row a source-photo or signer ID. This
creates an important gap. Identical pixels, visual similarity, a
shared original photograph, a shared signer, and transfer to a
different dataset are not the same relationship. A single accu-
racy score can hide these differences.

Our primary contribution is a controlled test of the proposed
pHash grouping rule. We use images with known origins to
measure how well the rule identifies shared sources. We then
revise the interpretation of the released benchmark. Two sup-

porting analyses compare image-random and source-disjoint
testing on the controlled images and audit a 24-class external-
transfer test. Our directional hypothesis was that macro F1
would be lower under true source-disjoint evaluation than un-
der image-random evaluation. We used one-nearest-neighbor
classification as a diagnostic because it is sensitive to mem-
orization. We report the size of each difference instead of
choosing a significance threshold after seeing the results. The
study covers isolated static letters A-I and K-Y. It does not
cover motion-based J and Z, continuous signing, or transla-
tion.

Methods

Dataset and label mapping

The official Sign Language MNIST CSVs were kept separate
throughout the benchmark reanalysis. Pixel intensities were
divided by 255. Only the official training file was used for ran-
dom validation and exact-pHash cross-validation. The official
test file was used only for the published benchmark compari-
son. The public source archive used for this revision contained
1,680 labeled JPEGs and bounding-box CSVs. It included 10
photographs for each of 24 letters from each of seven users.
The dataset page describes approximately 1,704 originals29,
but the available records do not explain the 24-image differ-
ence. Source crops were converted to grayscale and resized
to 28 × 28 pixels. We did not treat a nearest-source match as
creator-supplied metadata.

The original integer labels follow the alphabet but omit 9
and 25, which correspond to J and Z. Table 1 shows the full
mapping. Both internal and external data used the same 0-to-
23 index. The audit code performs three checks. It verifies that
the official CSVs contain the expected labels, each external

Table 1 Explicit original-label, letter, and contiguous model-index mapping. External folders use the lowercase form of the displayed letter.

Original Letter Index Original Letter Index
0 A 0 13 N 12
1 B 1 14 O 13
2 C 2 15 P 14
3 D 3 16 Q 15
4 E 4 17 R 16
5 F 5 18 S 17
6 G 6 19 T 18
7 H 7 20 U 19
8 I 8 21 V 20
10 K 9 22 W 21
11 L 10 23 X 22
12 M 11 24 Y 23
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folder name matches its letter, and the saved prediction order
matches 2,400 external frame labels. A 24 × 24 subject-letter
confusion matrix provides another error check. These checks
show that the labels are consistent in the code. They do not
prove that every folder is linguistically annotated correctly.

Perceptual-hash audit and calibration

SHA-256 digests of the 784 pixel values identified byte-
identical rows. We also computed a 64-bit perceptual hash
(pHash) from each 28 × 28 image. The hash used the upper-
left 8 × 8 discrete-cosine coefficients. The median of the 63
non-DC coefficients set the bit threshold31. Pairs were com-
pared only within the same letter. We formed descriptive sim-
ilarity groups at Hamming-distance limits of zero, two, four,
and six bits. The zero-bit rule was chosen before model ac-
curacy was examined because it had the highest pairwise pre-
cision in the controlled calibration. We required a positive
predictive value of at least 99% before calling any rule a valid
test of shared source. Group sizes were summarized overall,
by letter, and by inferred user. The inferred-user labels came
from an imperfect reconstruction method.

For calibration, we made five derivatives of every known
source crop. The changes used independently seeded rota-
tion, brightness or contrast changes, translation, resampling,
or noise. Together with the originals, this produced 10,080
images. Each within-letter pair was labeled positive if both
images came from the same source photograph and negative
otherwise. We calculated pairwise sensitivity, specificity, and
precision from the linked and unlinked pairs. A false merger
was a group that contained more than one known source. A
false split occurred when images from one known source ap-
peared in more than one group. These synthetic changes tested
the hash rule, but they did not recreate the unknown Kag-
gle transformation process. Different photographs of a re-
peated hand pose remained negative source pairs even when
they looked almost identical.

Known-source controlled experiment

We used the same 10,080 labeled images for a test in which
the source of each image was known. A stratified 80/20 ran-
dom image split used seed 25. We compared it with five Strat-
ifiedGroupKFold outer folds. Each outer fold kept a source
photograph and all five of its derivatives together. No source
ID in a source-disjoint test fold appeared in training or inner
validation. The random holdout had one test partition, while
the source-disjoint condition had five. These results describe
the controlled collection. They are not a source-disjoint re-
evaluation of the released CSVs.

We used four fixed diagnostic models. The first was one-
nearest-neighbor on normalized pixels. The second was a

standardized linear raw-pixel SVM with C = 0.132. The
third was a linear SVM with C = 0.1 on 1,296 histogram-of-
oriented-gradients (HOG) features33. The fourth was a three-
seed CNN ensemble. The CNN followed a standard image-
classification design34. It had three convolution-pooling
stages with 32, 64, and 128 filters, two dense stages with 50%
dropout, and a 24-class softmax output. AdamW used a learn-
ing rate of 0.001, a batch size of 128, and at most 25 epochs.
Inner validation selected the checkpoint with the lowest vali-
dation loss, with early stopping after five epochs without im-
provement. The inner validation data came only from each
outer training portion. In the source-disjoint condition, they
were also grouped by source. Random rotation, translation,
and zoom were used only during training. CNN refits used
seeds 25, 37, and 49. Their predicted probabilities were av-
eraged for ensemble classification. The raw-pixel SVM scaler
was fitted only on the outer training data. No validation or test
data were used to fit it.

Classification protocols and models

For comparison with the submitted analysis, we kept three
evaluation conditions for the released CSVs. The first was
a stratified image-random 80/20 validation split of the official
training file. The second used five exact-pHash-group folds
within that file. The third used the untouched official test file.
Exact-pHash grouping prevents identical same-letter hashes
from crossing a fold. However, the calibration showed that
these folds cannot be called source-disjoint. In the nested five-
fold model comparison, grouped inner folds selected the SVM
C value from 0.01, 0.1, and 1.0. Group-disjoint inner vali-
dation selected standard and compact residual CNN settings.
Each model was then refitted on the outer training fold with
three seeds. The epoch count came from the seed-25 inner-
validation run and was used for all three refit seeds. Residual
connections provided an architecture comparison, not a newly
proposed method35. Macro F1 was the main multiclass out-
come. Accuracy, macro precision, and macro recall were sec-
ondary outcomes. In a separate five-seed test, CNNs with no
augmentation and training-only augmentation used the same
architecture, validation data, and checkpoint rule.

After the fold-3, seed-37 residual refit failed, we ran an ad-
ditional test to find the cause. We repeated the same refit for
20 epochs. At epochs 11 and 20, we measured performance
in training mode and inference mode on the outer-training and
outer-test partitions. We also repeated the exact 11-epoch re-
fit. We evaluated it before and after one pass over the outer-
training images with training behavior enabled and no gradi-
ent updates. This pass updated the moving statistics in the 11
BatchNormalization layers. A direct array comparison con-
firmed that every trainable weight stayed unchanged. These
tests described a failure that had already been observed. They
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did not choose a replacement model or change any main result.
We kept source and user reconstruction only as a sensi-

tivity analysis. Within each letter, every released image was
matched to the closest of 70 source crops using pHash dis-
tance and normalized-pixel correlation. The user margin was
the best score from another user minus the best score over-
all. This value is always nonnegative, so a positive margin
does not prove that the match is correct. On 8,400 controlled
derivatives, the method recovered the correct source photo-
graph 77.63% of the time and the correct user 90.82% of
the time. Under translation, those values fell to 16.37% and
60.83%. At a margin threshold of 12.10, source recovery in-
creased to 96.10%, but coverage of controlled queries fell to
50%. This threshold cannot guarantee 96.10% accuracy on
released images because their sources and transformations are
unknown. We do not treat any reconstructed source or user
identity as ground truth.

External validation

The independent fingerspelling sequences from Pugeault and
Bowden contain the same 24 static-letter categories from five
subjects36,37. We prespecified 20 frames from the central half
of each subject-letter sequence. This produced 2,400 frames
and 120 subject-letter units. We applied the Sign Language
MNIST models without retraining. We tested full-frame
grayscale resizing, a center crop, and a depth-guided crop.
The main outcome was majority-vote accuracy across the 120
subject-letter units. We did not count repeated video frames as
2,400 independent tests. A leave-one-subject-out HOG-SVM
trained within the external dataset checked whether the crops
and labels contained learnable information. We verified the

class mapping in Table 1 before interpreting the external pre-
dictions.

Statistical analysis and reproducibility

All percentages were recalculated from saved predictions or
JSON outputs rather than copied from the original manuscript.
The calibration included every within-letter pair. The zero-
bit descriptive rule was chosen without looking at classi-
fier scores. The controlled random-versus-source compari-
son is descriptive because it compares one random split with
five source-disjoint folds. Existing CNN comparisons report
the mean and sample standard deviation across five seeds.
The nested exact-hash comparison reports pooled out-of-fold
macro F1. Group-bootstrap intervals are provided in Support-
ing Information. The external Wilson interval uses the 120
subject-letter units. The supporting package contains code,
seeds, software versions, mapping checks, calibration counts,
confusion matrices, and numeric outputs. Ethical considera-
tions: This study used publicly available, de-identified image
data. No participants were recruited or contacted, and institu-
tional review board approval was not required.

Results

Similarity structure and hash calibration

No two released pixel rows were byte-identical. However, ex-
act same-letter pHashes formed 3,656 groups across 34,627
images. Of these, 1,030 groups were singletons. The remain-
ing 33,597 images, or 97.03%, belonged to groups with more
than one image. The median group contained five images, and

Figure. 1 Distribution of exact same-letter pHash group sizes across the 34,627 released images. The 1,030 singleton groups are shown
separately.
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the largest contained 61. Eleven groups included images from
both the official training and test files. By letter, the multi-
image fraction ranged from 95.01% for Q to 98.01% for C.
Across seven inferred users, it ranged from 95.97% to 98.06%.
The per-user values carry uncertainty because the users were
reconstructed from image similarity. Supporting Information
gives the full counts by letter and inferred user. Figure 1 shows
the group-size distribution. Group membership is an observed
hash relationship, not proof that images came from the same
photograph.

The known-source calibration changed how these groups
should be interpreted. It included 25,200 same-source pairs
and 2,086,560 different-source pairs within letters. The exact-
hash rule linked 2,257 true pairs but missed 22,943. It also
linked 133 pairs from different source photographs. All 133
pairs showed the same user and letter. The images looked very
similar, but their source files were different. Exact-hash sen-
sitivity was 8.96%, precision was 94.44%, and specificity was
99.994% (Table 2; Figure 2). Every one of the 1,680 true
sources was split across at least two exact-hash groups. Rais-
ing the Hamming threshold to six bits increased sensitivity to
48.96%. However, precision fell to 60.94%, and 424 groups
contained more than one source. None of the four rules met
the 99% precision requirement. The zero-bit rule was still
the most conservative descriptive threshold, but no tested rule
could verify source lineage.

The official test images were less similar to the training
images than the random validation images were. In a 32-
component PCA space fitted only on training data, the median
distance to the nearest same-letter training image was 0.338
for random validation. It was 2.769 for the official test, or
8.19 times larger. This result shows a shift in image simi-
larity, not a source-independent test. Full-pixel distances on
1,000 prespecified images per partition showed the same pat-
tern (Supporting Information). Figure 3 shows the full dis-
tance distributions.

Controlled source-disjoint classification

In the known-source collection, the random test partition
shared 1,228 source photographs with the training partition.
The five source-disjoint folds had no source overlap, as con-

firmed by the code. Table 3 compares the resulting macro F1
values. This is the only analysis in the paper with verified
separation by source photograph. The scores do not measure
source-disjoint performance on the released Sign Language
MNIST CSVs because the source of each CSV row is un-
known.

Benchmark and external model performance

On the released CSVs, ordinary random validation was nearly
perfect even for one-nearest-neighbor classification (Table 4).
Exact-pHash separation lowered its selected-fold macro F1 to
83.10%, while its official-test score was 79.97%. The calibra-
tion found both false links and missed same-source pairs. The
exact-hash column is therefore a similarity-group stress test,
not a clean source-independent estimate. Without augmenta-
tion, the CNN reached 100% macro F1 on random validation
but 91.77 ± 1.83% on the official test. With training-only
augmentation, it reached 99.27 ± 0.24% on random valida-
tion and 97.85 ± 0.88% on the official test. The near-perfect
random score would not have identified the condition that per-
formed better on the official test.

The nested fivefold exact-hash analysis kept outer evalua-
tion folds separate from inner model selection. Pooled macro
F1 was 79.77% for raw-pixel SVM, 97.17% for HOG-SVM,
98.06% for the standard-CNN ensemble, and 98.68% for the
residual ensemble. The standard CNN was only 0.89 percent-
age points above HOG-SVM. Its paired group-bootstrap 95%
interval ranged from −0.003 to 1.86 points. The residual en-
semble was 0.62 points above the standard ensemble, with an
interval from −0.12 to 1.35 points. These results do not show
a reliable advantage for either CNN architecture. They are
also not source-independent estimates.

Individual residual CNN fits were especially unstable. In
outer fold 3, seed 37 produced 24.32% macro F1 and pre-
dicted only 14 of 24 classes. Recall was zero for ten let-
ters. By contrast, seed 25 reached 99.30% macro F1 on the
same fold. Seed 37 reached at least 89.25% in every other
fold. Therefore, neither the fold nor the seed alone explained
the failure. The additional rerun reproduced the failure. At
the selected epoch 11, training accuracy in batch mode was
99.80%. In inference mode, macro F1 was only 25.70% on

Table 2 Pairwise lineage calibration and connected-component errors on 1,680 known sources plus 8,400 controlled derivatives. Different
photographs are distinct sources even when the signer and pose are nearly identical.

Rule Sensitivity Specificity Precision False-merger groups Split sources
Exact hash 8.96% 99.994% 94.44% 29 / 8,249 (0.35%) 1,680 / 1,680 (100%)
≤ 2 bits 24.68% 99.954% 86.74% 153 / 6,029 (2.54%) 1,678 / 1,680 (99.88%)
≤ 4 bits 39.57% 99.837% 74.59% 306 / 4,415 (6.93%) 1,667 / 1,680 (99.23%)
≤ 6 bits 48.96% 99.621% 60.94% 424 / 3,449 (12.29%) 1,634 / 1,680 (97.26%)
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Figure. 2 A more permissive pHash rule recovered more true same-source pairs but also merged more distinct photographs. No tested threshold
reached 99% linked-pair precision. Calibration used controlled transformations, not the unknown released-image lineage.

the outer-training images and 24.32% on the outer test fold.
By epoch 20, inference-mode macro F1 reached 99.92% on
outer training and 100% on the outer test fold. We then made
one no-gradient pass over the training data after the 11-epoch
refit. This pass changed BatchNormalization moving statis-
tics but left every trainable weight unchanged. Macro F1 in-
creased to 94.30% on outer training and 94.20% on the outer
test fold. The extreme result therefore came from a fold-by-
seed interaction. The normalization statistics were not ready
when an epoch count chosen with seed 25 was applied to seed
37. These updated values explain the mechanism; they do
not replace the original performance estimate. The residual
official-test ensemble still classified all 7,172 official images
correctly. This isolated 100% score cannot establish stability
or transfer to other data.

The reconstructed-user analysis must be interpreted cau-
tiously. Across seven inferred-user holdouts, average macro
F1 was 66.14% for HOG-SVM, 66.93% for the standard
CNN, and 72.95% for the residual CNN. Source-matching er-
rors were common, especially after translation. These folds
therefore cannot be called verified tests on unseen signers. At

a user-margin threshold of 12.10, controlled-source recovery
was 96.10% at 50% coverage. However, 80.92% of released
images exceeded the same numerical threshold. This differ-
ence in coverage shows why the controlled calibration cannot
guarantee correct source matches for released rows.

All three zero-shot external preprocessing methods pro-
duced near-chance subject-letter accuracy (Table 5). With
depth-guided crops, the label-checked standard CNN recog-
nized 9 of 120 units, or 7.50%. The Wilson 95% interval was
4.00-13.64%, and chance for 24 balanced letters is 4.17%. Its
24 × 24 confusion matrix showed correct votes only for C (two
units), G (one), P (five), and Q (one). Figure 5 and the full nu-
meric matrix allow readers to check for a possible label-index
shift. The programmatic label check passed, so the low score
was not caused by the suspected one-position encoding shift.
The HOG-SVM control trained within the external dataset
averaged 53.33 ± 13.63% across five leave-one-subject-out
folds. This control shows that the external pipeline contains
learnable information. The remaining gap may reflect differ-
ences in signer, camera, framing, orientation, background, or
class conventions.

Table 3 Macro F1 on the controlled 1,680-source collection. The random condition is one stratified 80/20 image split; source-disjoint values
are mean ± standard deviation over five source-group folds. CNN values are three-seed probability ensembles in each outer test set.

Model Image-random holdout Source-disjoint folds Difference
1-nearest-neighbor pixels 90.08% 80.48 ± 0.99% 9.60 points
Raw-pixel SVM 71.47% 49.36 ± 1.75% 22.11 points
HOG-SVM 95.03% 90.36 ± 1.14% 4.66 points
Standard CNN ensemble 81.15% 79.92 ± 1.48% 1.23 points
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Figure. 3 Distance to the nearest same-letter training image after PCA was fitted only on the random training portion. The official test
distribution was farther from training than the random-validation distribution.

Discussion

This study asked how evaluation design changes what can be
concluded from static ASL letter scores. The released data
showed strong image dependence. However, the new cali-
bration rejects a stronger claim from the submitted version:
identical pHash groups are not verified source groups. On im-
ages with known sources, the exact rule linked different pho-
tographs from the same user and missed most true derivatives.
A looser bit threshold found more true pairs but also produced
more false mergers. The 97.03% multi-image statistic there-
fore describes a strong similarity pattern. It does not measure
the percentage of images derived from a shared source photo-
graph. The exact-hash model results remain useful as stress
tests if they are described accurately.

The controlled collection gives a separate answer about
source independence. All four diagnostic models supported
the directional hypothesis: macro F1 was lower with source-
disjoint testing than with image-random testing. The decrease
was 9.60 percentage points for one-nearest-neighbor, 22.11
for raw-pixel SVM, 4.66 for HOG-SVM, and 1.23 for the
standard-CNN ensemble. The smaller CNN decrease shows
that data dependence does not affect every representation
equally. One model architecture cannot define the size of the
problem for the whole dataset. These are descriptive compar-
isons against one random split. Also, the synthetic derivatives
may differ from the creator’s unknown process. The PCA dis-
tance shift and lower classifier scores on the released CSVs
add evidence of dependence. Neither analysis can replace the
missing source IDs. The safest conclusion is that random vali-

Table 4 Macro F1 by released-CSV protocol. Classical random and selected exact-hash folds are single model runs; CNN entries are means ±
sample standard deviations across five seeds. Classical official-test models used the full official training file, whereas CNN official-test models
retained development validation for checkpoint selection, so the last column is not a matched training-size ranking.

Model Random validation Exact-hash validation Official test
1-nearest-neighbor pixels 99.96% 83.10% 79.97%
Raw-pixel SVM 100.00% 87.78% 78.41%
HOG-SVM 100.00% 95.11% 93.65%
Standard CNN, no augmentation 100.00% 91.90 ± 1.25% 91.77 ± 1.83%
Standard CNN, training augmentation 99.27 ± 0.24% 96.93 ± 1.85% 97.85 ± 0.88%
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Figure. 4 Macro F1 on controlled source crops and synthetic descendants. Error bars are standard deviations over five source-disjoint folds.
The random holdout has one split and therefore has no error bar.

dation, exact-hash separation, official-file testing, and external
testing answer different questions. None is a perfect estimate
of real-world performance.

The verified 24-class mapping rules out one possible cause
of the poor external result. It does not prove that the two
datasets show every sign in visually equivalent ways. Cor-
rect external votes were concentrated in only a few letters. At
the same time, the control model trained within the external
dataset performed much better. These findings suggest that
differences in image collection and representation need study
before any model is considered for use outside the bench-
mark. This conclusion agrees with findings from multiview
and signer-diverse sign datasets and with research on distribu-
tion shifts in other visual fields7,14,26. The residual network
also shows that an ensemble and a strong official-test score
can hide an unstable individual fit. Additional tests traced the
fold-3, seed-37 failure to incomplete normalization statistics

Table 5 Zero-shot external subject-letter majority-vote accuracy on
120 units under three fixed preprocessing variants. These are not
frame-level percentages. Models were trained only on Sign Lan-
guage MNIST.

Model Full frame Center
crop

Depth-
guided crop

Standard CNN
ensemble

7.50% 5.00% 7.50%

Residual CNN
ensemble

3.33% 5.00% 4.17%

HOG-SVM 5.83% 7.50% 5.00%

at the transferred epoch count. This is a warning about the
training process. It does not show that residual networks are
generally worse.

Implications

Future versions of the dataset should include a non-identifying
source-photo ID for each derivative. They should also include
a signer ID when consent permits and document the trans-
formation process. Researchers should assign validation and
test partitions before augmenting the source images. If these
records are unavailable, authors should call pHash groups sim-
ilarity groups. They should report measured sensitivity and
precision instead of assuming that each group has one source.
A useful follow-up study would compare several image repre-
sentations with verified source and signer splits. It should also
repeat random seeds and examine errors for each letter. For
CNNs that use batch normalization, each seed should have its
own training-only checkpoint rule. A prespecified update of
normalization statistics is another option. One seed should
not simply inherit the epoch count chosen for another seed.
External studies should define image framing, hand orienta-
tion, class conventions, and the unit of analysis before testing
begins. They should then report performance across signers
and recording conditions. Any accessibility use case should
be developed with Deaf and signing communities.

Limitations

The controlled calibration applies only to the transformations
we tested. Its five synthetic changes resemble some docu-
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Figure. 5 Audited 24 × 24 confusion matrix for the standard-CNN ensemble on depth-guided external crops, aggregated to five subject-letter
units per true class. Rows follow Table 1’s external folder labels and columns use the same model indices.

mented changes, but they do not reproduce every undocu-
mented step used to create the released CSVs. The source
archive contains 1,680 photographs, while the dataset page de-
scribes approximately 1,704. This difference and the missing
row-to-source map prevent a true source-disjoint test of the
released benchmark. Some separate photographs show almost
identical poses by the same user. Therefore, neither an equal
hash nor visual inspection alone proves that two images share
a source. The 99% precision requirement was a cautious rule
for making source-lineage claims, not a universal threshold.
The known-source random comparison used only one split.
Its five source-disjoint folds also share some training observa-
tions. The displayed differences are therefore descriptive, not
a formal significance test.

The nearest-source method forced every released image to
match one source. Its user margin was always nonnegative
because of how it was defined. Correct top-one recovery was
imperfect in the controlled data and especially poor after trans-

lation. A high margin therefore cannot prove an identity when
the transformation process is unknown. Results based on in-
ferred users are sensitivity analyses only. The external dataset
had five subjects and 120 combined subject-letter units. Its
fixed crops were not adjusted to individual images. In addi-
tion, a consistent folder-to-index map does not prove that both
datasets use identical versions of every sign or explain the shift
between them. The control model trained on part of the ex-
ternal dataset, so its score cannot be compared directly with
zero-shot transfer. The residual architecture used only three
seeds per grouped fold. The normalization analysis was per-
formed after the failure was seen and reused the same outer
fold. It cannot show how often this failure would happen in
new training runs.

Finally, Sign Language MNIST consists of isolated 28 ×
28 grayscale images, excludes motion-based J and Z, and
has undocumented demographic, skin-tone, handedness, and
background diversity. No continuous-signing, live-camera,
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latency, usability, or deployment experiment was conducted.
The study cannot establish real-world ASL translation, equi-
table performance, or readiness for assistive use.

Closing thought

The relevant question is not how close a benchmark score is to
100%. It is which new source, signer, or recording that score
actually represents.
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