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Abstract

Expert annotation is a central bottleneck in
sign-language corpus construction. A natural
assumption is that annotation budgets should
prioritize diverse or underrepresented signing
patterns. We test this in a controlled retro-
spective study on PHOENIX14T (German Sign
Language) and Isharah (Saudi Sign Language),
across gloss recognition, translation, multiple
budgets, and three seeds, comparing random
sampling against geometric, active-learning,
pose-derived articulatory, and privileged se-
lectors. Articulatory coverage is generally
weak across all four corpus–task settings and
rarely outperforms random sampling. A den-
sity analysis shows it selects locally atypical
clips even after controlling for duration; re-
moving the sparsest 10–20% helps at larger
budgets but never enough to beat random. A
privileged gloss-diversity oracle also performs
poorly despite selecting comparatively typi-
cal clips, showing that atypicality is not the
whole explanation. Facility-location represen-
tativeness is the strongest feasible selector in
three of four largest-budget settings, with lower
WER than random in 16 of 18 seed-matched
recognition comparisons, compared with only
2 of 18 for articulatory-only selection. The
results suggest pose-derived articulatory cov-
erage and gloss-type coverage, as operational-
ized here, are unreliable proxies for annotation
utility in low-resource sign-language corpus
construction. The source code is available at
https://github.com/gyan-shres
tha/WSLP-2026.

1 Introduction

Continuous sign-language corpora are expensive to
annotate because glossing, translation, segmenta-
tion, and temporal alignment require specialist ex-
pertise. Recorded video can therefore substantially
exceed manually annotated material: Content4All
released approximately 190 hours of broadcast
signing, but only about 20 hours received man-

ual alignment by Deaf experts and interpreters
(Camgöz et al., 2021). This bottleneck is particu-
larly consequential for underrepresented sign lan-
guages (De Sisto et al., 2022).

A corpus team with a fixed budget must de-
cide which clips to annotate before their linguis-
tic content can be observed through annotation.
Active learning selects uncertain examples using
an existing model, while core-set and batch meth-
ods seek geometric diversity or representativeness
(Sener and Savarese, 2017; Ash et al., 2019). Sign-
language studies have explored active selection for
isolated-sign acquisition and fingerspelling (Bicego
et al., 2023; Wang and Nalisnick, 2023), but selec-
tion from continuous unlabeled video before a re-
liable recognizer or gloss inventory exists remains
underexplored.

Sign languages suggest a natural label-free al-
ternative. Hand configuration, location, move-
ment, coordination, and non manual activity can
be approximated from pose without manual la-
bels (Börstell, 2023; Kezar et al., 2023). One
might therefore spend the annotation budget on
clips that add underrepresented articulatory pat-
terns. The intuition is appealing, but coverage need
not translate into annotation utility, measured here
as downstream task performance under a fixed bud-
get: learning may benefit more from repeated obser-
vations of common, representative structures than
from maximizing novelty.

We test this hypothesis on PHOENIX14T (Cam-
goz et al., 2018) and Isharah (Alyami et al., 2026),
hiding labels during selection and revealing them
only for purchased clips. Pose-derived articula-
tory coverage, as operationalized here, is generally
weak across both sign languages and both tasks,
rarely outperforming random sampling. We then
ask why. Coverage systematically favors locally
atypical clips, yet removing the sparsest candidates
recovers only part of the performance gap. A priv-
ileged gloss-diversity selector provides the com-
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plementary case: it performs poorly even while
selecting comparatively typical clips. The evidence
therefore points to a broader mismatch between
the coverage objectives evaluated here and down-
stream annotation utility, rather than a failure of
pose representation alone.

2 Controlled Study

2.1 Retrospective annotation protocol

Let the unlabeled pool be U = {u1, . . . , uN}, with
estimated annotation cost ci for clip ui. Each se-
lector chooses a subset whose total cost does not
exceed budget B. Labels remain inaccessible un-
til selection is complete. PHOENIX14T contains
7,096 training clips from studio weather broad-
casts; Isharah contributes a 10,000-clip signer-
independent pool recorded with smartphones in
varied settings. All budgets use a common 6×
duration-based annotation-time multiplier, which
holds the cost convention fixed across tasks (Ap-
pendix G gives the exact hour-to-percent map-
ping). Recognition budgets span 5 to 20 per-
cent of pool cost: 2.8/5.5/11.0 annotation hours
for PHOENIX14T and 7.1/14.2/28.4 for Isharah.
Translation follows the same schedule for Isharah
and a finer 0.5/1/2/5-hour sweep for PHOENIX14T.
Clip cost is proportional to duration, and each
budget is defined as a fixed fraction of the total
pool cost. Changing the recognition rate from 6×
to 40× therefore rescales the reported annotation
hours but does not change which clips are afford-
able, their greedy gain-per-hour ordering, or the
subsets ultimately selected. The experimental re-
sults are therefore unchanged under this alternative
rate (Appendix G). Because cost is duration-based,
selectors that prefer shorter clips purchase more
clips at the same budget (Table 10). These bud-
gets target severe low-resource conditions in which
selection strategy can substantially affect the com-
position of the labeled subset.

2.2 Selection strategies

Baselines and geometric selection. Random sam-
pling selects clips until the budget is exhausted.
Source-stratified random allocates budget across
recording sources first, then samples within each; it
is a source-imbalance control rather than a primary
strategy, so it appears in Appendix A rather than
Table 1. For geometric selection, each normalized
pose sequence is projected to a generic embedding
zi: greedy k-center spans the embedding space

(Sener and Savarese, 2017), while facility location
favors clips similar to many others, emphasizing
dense, representative regions.
Articulatory coverage. Our selection objective
favors clips that add signing patterns not yet well
represented in the labeled set. Because labels are
unavailable during selection, we approximate six
articulatory channels from pose: hand configura-
tion, orientation, location, movement, two-hand
coordination, and non-manual activity. Each chan-
nel is clustered into a separate discrete codebook,
so each clip can be represented by the codewords
assigned to its frames. Selection can then favor
clips that introduce articulatory patterns that are
missing or underrepresented in the current labeled
set.

The objective incorporates three considerations.
First, repeated observations of the same codeword
should have diminishing value, so additional cov-
erage contributes progressively less. Second, rare
codewords should receive greater weight because
common patterns are easier to acquire. Third, clips
with poor pose tracking should contribute less be-
cause their assigned codewords are more likely to
reflect measurement error. We capture these effects
with a logarithmic coverage term, a codeword rarity
weight rgk, and a clip-level pose-quality score qi:

Fart(S) =
∑

g

ωg

Kg

∑Kg

k=1 rgk ℓgk(S),

ℓgk(S) = log
(
1 +

∑
ui∈S qinigk

)
,

where Kg is the number of codewords in channel
g, ωg is its channel weight, and nigk is the capped
number of frames in clip i assigned to codeword
k. The logarithm gives diminishing returns and
makes Fart submodular, which supports greedy op-
timization. The rarity weight rgk increases as a
codeword becomes less frequent in the pool, while
qi is floored at 0.1 so that poorly tracked clips are
down-weighted rather than excluded. Closed-form
definitions of both weights are provided in Ap-
pendix G.

We evaluate three nested selectors based on
this objective: articulatory only, which uses
Fart alone; articulatory + repr., which adds the
facility-location term Frep; and the full objective,
0.60Fart+0.30Frep+0.10Fsrc, which also rewards
coverage across recording sources. The weights
are fixed a priori and are not tuned on any evalua-
tion set. All three selectors use greedy selection by
marginal gain per purchased hour.
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Model-dependent and privileged comparisons.
To separate a weakness of the coverage objective
from one of the pose representation, we also com-
pare against selectors with stronger signals. En-
tropy sampling and BADGE (Ash et al., 2019)
score the pool with a recognizer trained on a ran-
dom seed set costing 2% of the target annotation
budget, making them feasible but not label-free.
Privileged diagnostics read labels unavailable at se-
lection time: text facility location operates on hid-
den translations, and the gloss oracle favors gloss
types not yet covered, testing whether coverage
helps when defined over linguistic content rather
than pose-derived codewords.
Density diagnostic. We measure each clip’s mean
cosine distance to its 20 nearest neighbors in the
generic pose embedding; larger values indicate
sparser local regions. To control for duration, we
compare selector density within duration quartiles.
We then rerun articulatory coverage after exclud-
ing the sparsest 10% or 20% of candidates, leaving
the objective, greedy procedure, and budget un-
changed.

2.3 Tasks and evaluation

Gloss recognition uses a lightweight pose model
with a 256-dimensional projection, temporal con-
volution, Transformer encoding, and CTC output.
Translation uses a matched pose encoder with an
autoregressive text decoder. Within each setting,
all selectors share the same architecture, optimiza-
tion, and decoding settings; Appendix G gives full
implementation details. The recognition vocabu-
lary contains only glosses present in the purchased
subset: the CTC output layer can only emit trained-
on glosses, so a reference gloss absent from the
purchased subset is scored as an error at evaluation
time, a deliberate measure of one consequence of
the annotation-selection decision. We report word
error rate (WER; lower is better) for recognition
and BLEU (higher is better) for translation, with
mean and standard deviation over three seeds; priv-
ileged diagnostics use one run. The study concerns
selector ranking under severe label scarcity rather
than state-of-the-art absolute accuracy.

3 Results

3.1 Articulatory coverage is generally weak

Table 1 summarizes the largest-budget results and
Figure 1 shows every recognition budget as a dif-
ference from random; Appendix A gives the under-
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Figure 1: Recognition WER relative to random sam-
pling at each budget, where negative values indicate
lower WER than random and the dashed line denotes
the random baseline. Articulatory-only selection has
higher mean WER than random at every budget on both
corpora, while adding representativeness lowers mean
WER in each case. Representativeness alone has lower
mean WER than random at every budget. Values are
computed from Appendix Tables 3 and 4. The priv-
ileged gloss oracle is omitted because it falls outside
the plotted range, reaching up to +9.7 WER relative to
random on Isharah; see Table 1.

lying absolute numbers. On PHOENIX14T recog-
nition, WER rises from 77.46 with representative-
ness to 78.24 with articulatory + representative-
ness, 78.90 with the full objective, and 81.50 with
articulatory-only selection, the same ordering as at
2.8 and 5.5 hours. PHOENIX14T translation is sim-
ilarly unfavorable: at 5 hours, representativeness
reaches 5.68 BLEU, compared with 4.69 for the full
objective and 3.84 for articulatory-only selection.
Across the six recognition corpus–budget settings
(three PHOENIX14T budgets, three Isharah bud-
gets), articulatory-only selection never outperforms
random sampling (Appendix A); on translation it
wins only once, at the largest Isharah budget.

The pattern transfers to Isharah recognition. At
28.4 hours, representativeness obtains 76.24 WER,
versus 78.19 for the full objective and 82.80 for
articulatory only. At the smallest budget, the
strongest methods are effectively tied, but the sep-
aration grows as more data are purchased. Active
learning (entropy sampling, BADGE) and core-
set selection (k-center) are also inconsistent across
budgets, whereas facility-location representative-
ness is more reliable: across the 18 corpus–budget–
seed comparisons on recognition, computed from
individual per-seed WER values (Appendix Ta-
ble 5), it has lower WER than random in 16 cases
against articulatory-only’s 2. Because runs are
matched by seed, we compare the 18 paired WER
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Strategy PHX CSLR Isharah CSLR PHX SLT Isharah SLT
WER ↓ (11.0 h) WER ↓ (28.4 h) BLEU ↑ (5 h) BLEU ↑ (28.4 h)

Representativeness 77.46 ± 0.2 76.24 ± 2.0 5.68 ± 0.2 6.75 ± 0.2†

k-center 78.47 ± 0.8 81.20 ± 2.2 2.84 ± 0.1 6.93 ± 0.8
Articulatory + repr. 78.24 ± 0.8† 78.48 ± 1.2† 4.62 ± 0.3 5.66 ± 0.3
Full obj. (art+repr+src) 78.90 ± 0.6 78.19 ± 1.7† 4.69 ± 0.5 6.90 ± 0.4†

Random 79.40 ± 1.5 80.04 ± 3.0† 4.40 ± 0.5 5.40 ± 0.9†

Articulatory only 81.50 ± 0.3 82.80 ± 0.6 3.84 ± 0.6 5.88 ± 0.4†

Text facility location (priv.) 79.19 75.13 3.81 3.79
Gloss coverage oracle (priv.) 85.33 89.77 3.89 2.88

Table 1: Results at the largest budget in each setting. PHX denotes PHOENIX14T. The three articulatory rows are
nested: articulatory coverage alone, then + representativeness, then + source coverage, corresponding to the full
objective with weights 0.60/0.30/0.10. Bold indicates the numerically best feasible selector by mean and does not
imply statistical significance. † indicates a mean whose ±1 standard-deviation interval over three seeds overlaps
that of the best method; unmarked rows do not overlap the best under this criterion. For Isharah SLT, every method
except articulatory + repr., including random, falls within this range of the best, so the leading methods cannot
be reliably ranked. Italic indicates an oracle diagnostic that requires labels and is unavailable during unlabeled
selection. Entropy sampling and BADGE are feasible baselines reported in Appendix A.

differences directly. Representativeness outper-
forms random under both tests, with a two-sided
sign-test p = 0.0013 and Wilcoxon signed-rank
p < 10−4, corresponding to a mean WER reduc-
tion of 1.68 points. Articulatory-only shows the
opposite pattern, with higher WER than random un-
der both the sign test (p = 0.0013) and Wilcoxon
signed-rank test (p = 0.00025), with a mean in-
crease of 1.80 points. These 18 pairs are not fully
independent because they reuse three seeds across
nested budgets. We therefore use the paired tests
to summarize the consistency of the observed win
counts, rather than as evidence from 18 indepen-
dent experimental replicates.

3.2 Coverage is not annotation utility

A weak pose representation could explain the pat-
tern above on its own, so the next diagnostic re-
moves pose from the selector entirely and sub-
stitutes exact lexical identity. At the 11-hour
PHOENIX14T budget the privileged gloss oracle
acquires 1,085 of 1,089 gloss types yet yields 85.33
WER, compared with 79.40 for random and 77.46
for representativeness. This shows that lexical type
coverage, like articulatory coverage, need not cor-
respond to annotation utility; the failure is not spe-
cific to pose descriptors. On Isharah, oracle WER
is 89.77, 9.73 points worse than random. Even with
exact lexical categories, maximizing type breadth
can sacrifice the frequency, context, and repetition
a type needs to be learned from.

The selected subsets show the same disconnect
(Appendix Table 10, which also reports clip counts).
At the 10% PHOENIX14T budget, articulatory cov-

erage acquires more gloss types than representa-
tiveness but produces higher WER, while represen-
tativeness purchases more mutually similar clips.
Breadth and redundancy therefore need not track
annotation utility.

3.3 Representativeness is strongest in three of
four settings

Facility-location representativeness has the best
mean result for recognition on both corpora and for
PHOENIX14T translation. Isharah translation is
less conclusive: at the largest budget, k-center, the
full objective, and representativeness obtain 6.93,
6.90, and 6.75 BLEU, respectively, while random
obtains 5.40 ± 0.9. Under the descriptive vari-
ability criterion in Table 1, all of these methods
overlap the best method’s range, whereas articula-
tory + repr. does not. The smaller-budget BLEU
values are also low relative to their run-to-run vari-
ation. We therefore do not assign a clear ranking
among the leading methods for Isharah translation.

4 Why Does Coverage Fail?

Coverage favors locally atypical clips.
Articulatory-only selection (Table 2) is sparser
than the pool in every duration quartile of both
corpora, most clearly on Isharah, while random
stays near baseline: coverage systematically favors
unusual pose configurations rather than inheriting
a duration bias.
Filtering helps but does not rescue coverage. If
atypicality were the sole reason coverage fails, re-
moving the sparsest candidates should eliminate
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Duration-controlled ∆ kNN distance Articulatory-only WER at largest budget

Corpus Art. coverage Random Unfiltered Best filtered Random

PHOENIX14T [+0.017, +0.034] [−0.009, +0.007] 81.50 79.94 79.40
Isharah [+0.058, +0.092] [−0.006, +0.014] 82.80 81.99 80.04

Table 2: Density and filtering diagnostics. ∆ kNN distance is given as the range over the four duration quartiles,
each measured against its own quartile pool mean; positive values indicate locally sparser clips. Articulatory
coverage is sparser than the pool in every quartile of both corpora, whereas random straddles zero. The WER
columns report articulatory-only selection before filtering, after removing the sparsest 10–20% of candidates, and
random for reference.

the deficit. Instead it produces only partial recov-
ery: articulatory-only WER improves from 81.50
to 79.94 on PHOENIX14T and 82.80 to 81.99 on
Isharah, yet the best filtered variant remains at or
above random’s mean WER in all six recognition
settings (Appendix Table 9). Atypical-example se-
lection therefore contributes to the weakness of
coverage but does not fully explain it.
Diversity can fail even without atypicality. The
privileged gloss oracle is a complementary coun-
terexample: on PHOENIX14T it is the weakest
recognition selector despite being denser than the
pool in three of four quartiles (Appendix Table 8)
and acquiring nearly the complete gloss inventory.
Even direct access to lexical categories can sac-
rifice the repetitions or combinations needed for
learning.
Supporting diagnostics. Two additional diag-
nostics support this interpretation (Appendix D):
random selection saturates articulatory codebooks
quickly, and coverage-based selection is more sen-
sitive to pose corruption than representativeness is.
The learned channels also show low signer leak-
age and strong temporal coherence (Appendix E),
arguing against the explanation that the representa-
tion is dominated by signer identity or frame-level
noise. Together, these diagnostics point to a mis-
match between the coverage objectives evaluated
here and annotation utility, rather than a single im-
plementation failure.

5 Discussion

The results highlight a distinction between cover-
age and learnability. A selector can acquire many
rare articulatory or lexical types without purchas-
ing enough repeated, representative evidence for
those types to be learned effectively. This helps
explain why filtering atypical clips improves ar-
ticulatory coverage only partially, and why even
near-complete lexical coverage can perform poorly.
Facility-location representativeness provides the

strongest results in three of the four corpus–task
settings, while Isharah translation does not yield a
clear ranking among the leading methods.

These results are specific to the low-resource,
pose-based setting evaluated here. Both down-
stream models are small (4.1M parameters), so
the observed ranking reflects the value of different
selection strategies under a fixed annotation budget
for models of this scale. Larger models, particu-
larly those operating on RGB input, may be able
to exploit forms of diversity that these models can-
not, and a coverage-selected subset could therefore
rank differently in that setting. We therefore inter-
pret our results as evidence that coverage is not a
reliable default for low-resource, pose-based anno-
tation selection, rather than as a claim that coverage
can never be beneficial.

6 Conclusion

Selecting clips to maximize pose-derived cover-
age or lexical type coverage, as operationalized by
the objectives tested here, is not reliably better than
random sampling in low-resource sign-language an-
notation. Across two corpora and two tasks, pose-
based coverage underperforms, and privileged lex-
ical coverage does not rescue the underlying idea.
This does not imply that all diversity objectives fail;
our conclusion is limited to the coverage objectives
evaluated here. Selection policies should therefore
be justified by annotation utility, with representa-
tiveness treated as a strong empirical baseline rather
than coverage as a default objective.

Limitations

The study uses sentence-segmented benchmarks
rather than unsegmented community corpora, and
fixed budget units rather than a prospective an-
notator study. Segmentation is also part of the
data collection process, not just a fixed property
of the benchmark. Our selectors operate on clips
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with predefined boundaries, whereas a corpus built
from continuous recordings must first decide where
those boundaries fall. Coverage-based selection
may behave differently when segmentation itself
is part of the selection process. Both downstream
models are small and pose-based, so conclusions
concern selector ranking under severe label scarcity
and may not transfer to large RGB models (see Sec-
tion 5). PHOENIX14T is a narrow weather domain,
Isharah provides only one additional sign language,
and the gloss oracle tests type coverage rather than
all diversity objectives.

The pose pipeline also exposes a measurement-
quality concern: dominant-hand detection varies
substantially across signers, with a 0.365 spread on
Isharah, so a noise-sensitive selector may allocate
annotation partly by measurement quality rather
than signing content. We do not infer a causal
effect on translation; the signer-level correlation
with BLEU is not statistically significant (ρ = 0.42,
p = 0.27, n = 9).

All seed-level results use three seeds. This is
too few for reliable statistical testing of individual
cells in Table 1, so small differences are described
as within run-to-run variation rather than assigned
per-cell significance tests. Section 3.1 instead uses
the seed-matched design to analyze the 18 paired
differences across conditions. These paired com-
parisons provide more information than any single
three-seed cell, but they are still not fully inde-
pendent because the same seeds are reused across
nested budgets. We therefore interpret the result-
ing tests as evidence about the consistency of the
paired differences, not as inference from 18 inde-
pendent replicates. The 6× multiplier used to price
the annotation budgets (Appendix G) is an assump-
tion rather than a measured glossing rate. Although
the multiplier does not affect clip selection or any
within-task comparison, it does affect how the re-
ported hours should be interpreted across tasks.
If glossing requires approximately 40× real time
while translation requires 6×, then recognition and
translation experiments reported at the same nomi-
nal number of hours do not correspond to the same
annotator effort. The hour budgets should there-
fore be interpreted within each task rather than as
directly comparable annotation costs across tasks.

Acknowledgments

We thank anonymous reviewers for their valuable
feedback.

References
Sarah Alyami, Hamzah Luqman, Sadam Al-Azani,

Maad Alowaifeer, Yazeed Alharbi, and Yaser Alon-
aizan. 2026. Isharah: A large-scale multi-scene
dataset for continuous sign language recognition.
IEEE Transactions on Multimedia.

Jordan T Ash, Chicheng Zhang, Akshay Krishnamurthy,
John Langford, and Alekh Agarwal. 2019. Deep
batch active learning by diverse, uncertain gradient
lower bounds. arXiv preprint arXiv:1906.03671.

Manuele Bicego, Manuel Vázquez-Enrı́quez, and José L
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A Complete Results at All Budgets

Table 1 in the main text reports the largest budget
in each setting. Tables 3 to 7 report results at every
budget.

Strategy 2.8 h 5.5 h 11.0 h

Representativeness 88.73 ±0.5 85.05 ±0.3 77.46 ±0.2

Articulatory + repr. 89.74 ±0.6 85.75 ±0.4 78.24 ±0.8

k-center 90.96 ±0.5 86.25 ±0.6 78.47 ±0.8

Full without quality wt. 89.68 ±1.2 85.54 ±0.1 78.42 ±0.4

Full obj. (art+repr+src) 90.16 ±0.5 85.83 ±0.2 78.90 ±0.6

Full without rare wt. 90.43 ±0.5 86.10 ±0.6 79.08 ±0.4

Random 89.98 ±1.2 86.59 ±0.8 79.40 ±1.5

BADGE 89.91 ±1.7 85.87 ±0.7 79.71 ±0.8

Source-stratified random 89.93 ±0.6 87.66 ±1.0 81.13 ±1.1

Entropy sampling – 87.10 ±0.8 81.23 ±0.8

Articulatory only 91.47 ±0.8 87.90 ±1.1 81.50 ±0.3

Text facility loc. 88.50 85.11 79.19
Gloss oracle 92.98 89.57 85.33

Table 3: PHOENIX14T gloss recognition, WER ↓. En-
tropy sampling is defined at the 10 and 20 percent bud-
gets only.

Strategy 7.1 h 14.2 h 28.4 h

Representativeness 90.78 ±0.5 88.15 ±0.3 76.24 ±2.0

Full obj. (art+repr+src) 90.74 ±0.6 89.61 ±0.3 78.19 ±1.7

Articulatory + repr. 90.90 ±0.3 90.36 ±0.7 78.48 ±1.2

BADGE 91.03 ±0.4 89.84 ±1.5 79.45 ±1.1

Source-stratified random 91.61 ±1.5 89.63 ±0.3 79.70 ±4.1

Random 91.49 ±0.4 88.99 ±0.6 80.04 ±3.0

k-center 91.31 ±0.9 89.89 ±0.4 81.20 ±2.2

Entropy sampling – 89.82 ±2.3 82.40 ±4.3

Articulatory only 92.10 ±0.9 91.49 ±1.0 82.80 ±0.6

Text facility loc. 90.37 89.06 75.13
Gloss oracle 91.56 90.98 89.77

Table 4: Isharah gloss recognition, WER ↓. At 7.1 h the
strongest three strategies lie within 0.2 WER and should
be read as tied.

B Quartile-Level Density by Selector

Section 4 states that the gloss oracle is denser than
the duration-matched pool in three of four quar-
tiles on PHOENIX14T. Table 8 gives the full per-
quartile breakdown behind that claim and behind
Table 2, for every selector discussed in the main
text, not only articulatory-only and random.

Budget Seed 0 Seed 1 Seed 2

PHOENIX14T, representativeness − random (WER)
2.8 h −0.29 −1.65 −1.79
5.5 h −0.51 −2.64 −1.47
11.0 h +0.05 −2.83 −3.04
Isharah, representativeness − random (WER)
7.1 h −0.81 −0.54 −0.79
14.2 h −1.19 +0.21 −1.52
28.4 h −2.46 −4.95 −3.97

PHOENIX14T, articulatory-only − random (WER)
2.8 h +2.16 +1.41 +0.91
5.5 h +0.93 +1.52 +1.49
11.0 h +3.58 +1.55 +1.17
Isharah, articulatory-only − random (WER)
7.1 h +1.82 −0.13 +0.13
14.2 h +2.07 +4.28 +1.17
28.4 h +5.28 −1.36 +4.36

Table 5: The 18 corpus–budget–seed comparisons be-
hind the win counts in Section 3.1, as (selector WER −
random WER); negative means the selector beats ran-
dom at that seed. From the per-seed runs underlying
Tables 3 and 4.

Strategy 0.5 h 1 h 2 h 5 h

Representativeness 4.01 ±0.1 4.08 ±0.2 4.49 ±0.2 5.68 ±0.2

Random 2.59 ±0.3 3.87 ±0.5 3.57 ±0.5 4.40 ±0.5

Articulatory + repr. 1.99 ±0.2 3.57 ±0.1 3.84 ±0.4 4.62 ±0.3

Full obj. (art+repr+src) 1.60 ±0.2 2.62 ±0.1 3.06 ±0.2 4.69 ±0.5

Articulatory only 0.93 ±0.1 1.12 ±0.2 1.91 ±0.2 3.84 ±0.6

k-center 0.87 ±0.2 1.38 ±0.1 1.85 ±0.2 2.84 ±0.1

Table 6: PHOENIX14T translation, BLEU ↑.

C What Each Strategy Purchases

Table 10 describes the selected subsets at the 10-
percent PHOENIX14T budget rather than the mod-
els trained on them.

Articulatory coverage acquires more gloss types
than representativeness, 497 against 451, and still
produces higher error. At this 10-percent (5.5-hour)
budget the gloss oracle acquires 1,024 of 1,089
types, fewer than at the 20-percent (11-hour) bud-
get reported in Section 3.2 (1,085 of 1,089), and
is the weakest method overall at both. Meanwhile
the strongest selector is one of the most redundant
methods, 0.527 against 0.448 for random: it delib-
erately purchases clips that resemble one another.
Type breadth and redundancy both point the oppo-
site way from annotation utility.

Representativeness acquires fewer distinct types
than articulatory-only selection, but provides more
repeated evidence for each one: 13.37 occurrences
per type on average, compared with 11.33. In other
words, representativeness favors depth, whereas
articulatory coverage favors breadth. The gloss or-
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Strategy 7.1 h 14.2 h 28.4 h

k-center 0.92 ±0.2 1.87 ±0.4 6.93 ±0.8

Full obj. (art+repr+src) 1.19 ±0.3 2.66 ±0.5 6.90 ±0.4

Representativeness 1.17 ±0.4 1.92 ±0.5 6.75 ±0.2

Articulatory only 1.24 ±0.5 2.35 ±0.5 5.88 ±0.4

Articulatory + repr. 1.12 ±0.2 2.11 ±0.3 5.66 ±0.3

Random 1.24 ±0.2 2.56 ±0.5 5.40 ±0.9

Table 7: Isharah translation, BLEU ↑. Discussed in Sec-
tion 3.3; scores below 14.2 h have standard deviations
too large relative to the spread to interpret the ordering.

Strategy Q1 Q2 Q3 Q4

PHOENIX14T
Articulatory only +0.017 +0.034 +0.025 +0.022
Full obj. (art+repr+src) +0.006 +0.022 -0.002 -0.007
Representativeness +0.012 -0.003 -0.104 –
k-center +0.012 +0.116 – –
Gloss oracle (priv.) -0.007 +0.003 -0.017 -0.021
Random +0.004 -0.007 +0.007 -0.009

Isharah
Articulatory only +0.058 +0.058 +0.061 +0.092
Full obj. (art+repr+src) +0.035 +0.046 +0.060 +0.041
Representativeness +0.049 +0.025 -0.015 -0.075
k-center +0.044 +0.167 – –
Gloss oracle (priv.) +0.035 +0.035 +0.042 +0.076
Random +0.014 +0.009 -0.006 -0.002

Table 8: Mean kNN distance in the generic pose em-
bedding, expressed as a difference from each quartile’s
own pool mean, for every selector’s purchases at the
10-percent budget. Positive values indicate clips that
are sparser than typical clips of the same duration. --
marks a quartile with fewer than 10 purchased clips.

acle shows the same trade-off at the extreme. It
covers 1,024 of 1,089 types, yet provides only 6.06
tokens per type, roughly half the support of any fea-
sible selector, and is also the weakest method for
recognition despite its near-complete type coverage.
The same pattern appears at the 20-percent budget,
where representativeness provides 20.16 tokens per
type compared with 17.38 for articulatory-only se-
lection. These results suggest that coverage alone
is insufficient: recognition also benefits from re-
peated evidence for the types that are selected.

D Supporting Diagnostics

We use two additional diagnostics to examine the
behavior of articulatory coverage. The satura-
tion experiment varies the hand-configuration code-
book size as a diagnostic sweep. The main hand-
configuration channel used everywhere else in the
paper, including every row of Table 1, has 64 code-
words; the 40, 150 and 400 settings below are di-
agnostic sweeps only and are not used by the main
selector. The corruption experiment measures how
stable each selected subset remains when detected

Budget Unfiltered Dens10 Dens20 Random

PHOENIX14T
2.8 h 91.47 91.81 91.94 89.98
5.5 h 87.90 87.73 86.92 86.59
11.0 h 81.50 79.94 80.19 79.40
Isharah
7.1 h 92.10 93.20 91.61 91.49
14.2 h 91.49 90.21 90.05 88.99
28.4 h 82.80 81.99 82.02 80.04

Table 9: Articulatory-only WER (mean over three seeds)
before filtering, after removing the sparsest 10% and
20% of candidates, and for random selection, at all six
recognition budgets. The best filtered variant remains at
or above random’s mean WER in every setting.

hand landmarks are randomly dropped.

E Validating the Articulatory Channels

Any codebook fitted to pose produces clusters.
Whether those clusters separate articulation rather
than the people producing it is a separate ques-
tion, and the failure mode is concrete: clustering
handshape descriptors can converge on hand size,
camera distance or seating position. Such clusters
would still yield a coverage curve, so the problem
is invisible downstream.

We measure the excess normalized mutual in-
formation between cluster assignment and signer
identity, relative to a permutation null. Raw NMI is
biased upward when clusters are many and signers
few, so the null distribution is the only meaningful
reference. We also test whether cluster identity per-
sists across adjacent frames, as articulatory state
should, and whether the handshape and location
channels are redundant.

The thresholds are calibrated on synthetic pose
where the answer is known by construction: one
set in which handshape is drawn independently
of signer, and one in which handshape is a deter-
ministic function of signer. Without this calibra-
tion a passing score cannot be interpreted. The
0.05 signer-leakage threshold sits roughly an order
of magnitude above the independent-control value
(0.007) and well below the signer-determined one
(0.698), so both corpora’s observed values (0.018,
0.037) are unambiguously on the independent side.

F Pose Reliability Across Signers

The measurement-disparity observation in the Lim-
itations section rests on the measurements be-
low. The Isharah pose set measured here spans
18 signers with 500 to 2,000 clips each, so its
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Strategy Clips Types Gloss cov. Hsrc Redund. Tokens/type Types ≥5

Random 702 476 0.439 0.846 0.448 11.73 181
Source-strat. 705 486 0.448 0.986 0.460 11.35 189
k-center 1491 440 0.406 0.831 0.530 13.90 178
Representativeness 1427 451 0.416 0.835 0.527 13.37 188
Articulatory only 827 497 0.458 0.837 0.453 11.33 208
Full obj. (art+repr+src) 1224 491 0.453 0.932 0.517 11.98 192

Text facility loc. 1280 505 0.465 0.835 0.524 11.74 186
Gloss oracle 773 1024 0.944 0.853 0.485 6.06 276

Table 10: Properties of the purchased subset at the 10 percent PHOENIX14T budget. Hsrc is normalized entropy
over recording sources; redundancy is mean nearest-neighbor cosine similarity within the selected set. Tokens/type
and Types ≥5 measure repetition within the purchase itself, not coverage of the pool. Gloss coverage is measured
after selection and was not available to any label-free selector. Entropy sampling and BADGE are omitted: their
purchases depend on a seed model that was not retained, so they cannot be reproduced exactly. Articulatory only
and Full obj. were re-run for this table; both shifted by ≤2% from the originally reported run.

40 codewords 150 codewords 400 codewords
Budget Random Gain Random Gain Random Gain

0.5 h 1.000 0.000 0.997 0.003 0.847 0.143
1 h 1.000 0.000 1.000 0.000 0.942 0.055
2 h 1.000 0.000 1.000 0.000 0.981 0.019
5 h 1.000 0.000 1.000 0.000 0.997 0.003

10 h 1.000 0.000 1.000 0.000 0.999 0.001
40 h 1.000 0.000 1.000 0.000 1.000 0.000

Pose-corruption stability: duration-weighted overlap with clean selection

Strategy 10% dropout 20% dropout

Articulatory only 0.622 0.559
Full obj. (art+repr+src) 0.746 0.693

Representativeness 0.822 0.777

Table 11: Supporting diagnostics for articulatory coverage. The upper panel reports the fraction of the hand-
configuration inventory covered by uniform random selection and the additional coverage obtained by greedy
coverage selection. The 40-, 150-, and 400-codeword settings are diagnostic sweeps; the main selector uses 64
codewords. The lower panel reports duration-weighted overlap between selections made from clean and corrupted
pose, where higher values indicate greater stability.

Test PHOENIX14T Isharah Threshold

Signer leakage (excess NMI) 0.018 0.037 < 0.05
Temporal coherence (lift) 8.97× 10.46× > 3×
Channel independence (NMI) 0.047 0.048 < 0.30

Synthetic calibration, excess NMI
handshape ⊥ signer 0.007
handshape = signer 0.698

Table 12: Validation of the articulatory channels. Both
corpora sit near the independent control and far from
the signer-determined one. This establishes that the
channels are not degenerate; it does not establish that
they correspond to linguistic categories.

spread is not a small-sample artifact; the signer-
independent training pool draws on 13 of them. On
PHOENIX14T the extremes are the two smallest
signers; restricted to signers with more than 500
clips the spread is 0.107.

Correlating per-signer detection rate with per-

Per-frame detection rate PHOENIX14T Isharah
studio smartphone

Dominant hand, mean 0.771 0.836
Non-dominant hand, mean 0.720 0.712
Face 0.876 0.963
Dominant hand, worst signer 0.578 0.608
Dominant hand, best signer 0.834 0.974
Spread across signers 0.256 0.365

Table 13: Landmark detection rates. Upsampling
PHOENIX14T frames by 2×, 3× and 4× leaves de-
tection essentially unchanged (0.691 to 0.687), so the
limit is detail absent from the source rather than reso-
lution. Smartphone footage recorded in unconstrained
environments detects better than studio broadcast.

signer BLEU across all runs gives Spearman ρ =
0.42, p = 0.27 over nine signers. We report the
input disparity, which is directly measured, and do
not claim it causes worse translation.
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G Implementation Details

Pose and normalization. Landmarks are extracted
with MediaPipe Holistic (Lugaresi et al., 2019).
Each frame is translated to the shoulder midpoint,
scaled by shoulder width, and rotated so the shoul-
der axis is horizontal, so that body roll does not
produce different location codewords for the same
articulation. Coordinates are clipped to [−5, 5] and
median filtered with window five; gaps of at most
five frames are linearly interpolated and longer
gaps remain masked.
Articulatory channels. Six groups with codebook
sizes 64 (hand configuration), 16 (orientation), 24
(location), 32 (motion), 8 (coordination) and 16
(nonmanual). Each hand is translated to its wrist,
scaled by palm size, rotation aligned, and left hands
are mirrored into the right-hand coordinate frame
so the same configuration on either hand maps to
one codeword. For handshape, orientation and lo-
cation only frames below the clip’s 60th speed per-
centile are used, since those parameters describe
held configurations rather than transitions between
them. Codebooks are fitted with MiniBatch k-
means on descriptors standardized by median and
interquartile range, sampling at most 200 descrip-
tors per clip and 200,000 across the pool. Frames
in which a hand is not detected are excluded before
quantization; including them creates a codeword
meaning “hand not found”, which a coverage objec-
tive then treats as a rare pattern worth purchasing.

Pose quality is qi = clip
(
vi+ai+ri

3 , 0.1, 1.0
)
,

where vi is the fraction of frames with a detected
hand, ai is mean landmark availability across all
tracked streams, and ri is temporal continuity (the
fraction of adjacent frames whose hand-validity
does not flip); the floor at 0.1 down-weights poorly
tracked clips without excluding them. The rarity

weight is rgk = min
(
5,

√
medg
fgk

)
, where fgk is

the pool frequency of codeword k in channel g and
medg is the median codeword frequency within
that channel.
Downstream models. Gloss recognition uses a
4.1M-parameter model: frame projection to 256 di-
mensions, two temporal convolution blocks (kernel
5, stride 2), four pre-norm Transformer encoder lay-
ers with four heads and feed-forward width 1024,
and a CTC output. Sequences longer than 320
frames are resampled. Translation uses a matched
encoder with an autoregressive text decoder. Train-
ing uses AdamW at 3× 10−4, weight decay 10−2,
5 percent warmup, cosine decay, at most 60 epochs

with early stopping at patience 8, and an effective
batch of 32.
Cost model. The pipeline supports two annotation-
time multipliers, 6× for translation and 40×
for gloss, the latter anchored on the How2Sign
corpus’s reported figure of approximately one
annotator-hour per 90 seconds of video for gloss
annotation (Duarte et al., 2021). Every bud-
get reported in this paper, for both recognition
and translation, uses the 6× translation multi-
plier. Recognition budgets (2.8/5.5/11.0 h for
PHOENIX14T, 7.1/14.2/28.4 h for Isharah) are
5/10/20 percent of each corpus’s pool cost under
that rate; Isharah translation reuses the same sched-
ule. PHOENIX14T translation instead uses a finer
0.5/1/2/5-hour sweep, 0.9/1.8/3.6/9.1 percent of
its pool cost. We use a common duration-based
cost axis rather than task-specific annotation rates
so that selector comparisons are not confounded
by a change of cost model across tasks; this is a
controlled-study convention, not a claim about the
true relative annotation cost of glossing and transla-
tion. The 40× gloss rate is not used to price any of
the reported experiments. Budgets are expressed as
the same fraction of pool annotation cost on both
corpora rather than the same absolute hours, since
Isharah’s pool is 2.6 times larger.
Why the multiplier cannot affect the reported
results. Pricing gloss recognition at the translation
rate understates the true annotation cost, but it does
not affect the selected subsets or downstream re-
sults. Let the multiplier be m, so clip i has cost
ci = mdi, where di is its duration, and let the an-
notation budget be a fixed fraction β of the total
pool cost, B = βm

∑
j dj . The feasibility con-

straint
∑

i∈S mdi ≤ βm
∑

j dj then reduces to∑
i∈S di ≤ β

∑
j dj , so the feasible subsets are

independent of m. The greedy selection rule is
invariant for the same reason: ranking candidates
by marginal gain per purchased hour, ∆F/(mdi),
gives the same ordering as ∆F/di for any m > 0.
Entropy sampling and BADGE are also unchanged
because their seed sets are priced as a fixed 2 per-
cent of the same target budget. Replacing the 6×
rate with the 40× gloss rate therefore leaves ev-
ery purchased subset and downstream result un-
changed; it only rescales the reported annotation
hours by 40/6. The corresponding recognition bud-
gets would be 18.7/36.7/73.3 h for PHOENIX14T
and 47.3/94.7/189.3 h for Isharah. This invariance
follows directly from the budget definition and se-
lection rule rather than from an empirical sensi-
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tivity analysis. The rate assumption still affects
comparisons of recognition and translation budgets
in absolute annotator hours, since the two tasks
should not be interpreted as having the same real
annotation cost.
Label isolation. The constraint that selection never
sees a label is enforced by a static analysis test
that parses each selection module and fails if it
reads a gloss or translation field, by attribute or by
subscript. Naming an annotation type in the cost
model is permitted, since the cost model must know
the relative price of a gloss and a translation.
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