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Abstract

Cross-subject wearable activity recognition often fails when a model trained on one person encounters another person's
motion range, pace, or sensor placement. This paper evaluates a compact language-guided transfer pipeline on two
complete participant archives from the OpenPack v1.1.0 Zenodo record. Four arm and wrist inertial sensors and two wrist
physiological devices produced 184 one-second statistics; 4,072 nonoverlapping five-second sequences represented ten
packaging operations. The evaluation reverses source and target participants. Source sessions S01-S03 train the models,
S04 selects models and calibration parameters, and S05 provides an internal test. Target sessions S01-S02 form a label-
blind correlation-alignment pool after operation-window filtering, while S03—S05 remain an external cross-subject test.
The method combines a 20% masked linear reconstruction objective, a transparent TF-IDF operation-to-sensor gate,
target-to-source CORAL, BiGRU and compact attention branches, temperature scaling, and confidence-based abstention.
The LG-SSL-CORAL ensemble reached external macro-F1 scores of 0.490 and 0.524 in the two directions, compared
with 0.450 and 0.409 for BiGRU. Box-block paired bootstrap gains were 0.040 (95% CI 0.012—0.068) and 0.115 (0.089—
0.145). Extra Trees remained a strong comparator with mean macro-F1 0.519 versus 0.507 for the proposed ensemble.
Masked reconstruction improved the forward Conformer-lite result from 0.385 to 0.443, whereas CORAL and source-
only temperature scaling were direction-sensitive. At 50% coverage, selective accuracy rose to 0.669 and 0.677, but a
source-validation 10% risk rule did not transfer to the target subject. The language branch required 55.6 KiB of FP32
weights and 1.13 ms per sequence in a TensorFlow.js host-CPU proxy. The results establish both the benefit and the limits
of language-guided sensor selection, covariance transfer, and confidence rejection in a strict two-participant cross-subject
setting.

Keywords: Wearable Activity Recognition; Cross-Subject Transfer; Self-Supervised Learning; Language-Guided Sensor
Selection; Selective Prediction; Openpack; Edge Inference

Abstrak

Pengenalan aktivitas perangkat wearable lintas subjek seringkali gagal ketika model yang dilatih pada satu orang
bertemu dengan rentang gerak, kecepatan, atau penempatan sensor orang lain. Makalah ini mengevaluasi pipeline
transfer yang ringkas dan dipandu bahasa pada dua arsip partisipan lengkap dari catatan OpenPack v1.1.0 Zenodo.
Empat sensor inersia lengan dan pergelangan tangan serta dua perangkat fisiologis pergelangan tangan menghasilkan
184 statistik satu detik; 4.072 urutan lima detik yang tidak tumpang tindih mewakili sepuluh operasi pengemasan.
Evaluasi membalikkan partisipan sumber dan target. Sesi sumber S01-S03 melatih model, S04 memilih model dan
parameter kalibrasi, dan S05 menyediakan pengujian internal. Sesi target S01-S02 membentuk kumpulan korelasi-
penyelarasan buta label setelah penyaringan jendela operasi, sementara S03—S05 tetap menjadi pengujian lintas subjek
eksternal. Metode ini menggabungkan tujuan rekonstruksi linier bertopeng 20%, gerbang operasi-ke-sensor TF-IDF
transparan, CORAL target-ke-sumber, BiGRU dan cabang perhatian kompak, penskalaan suhu, dan abstensi berbasis
kepercayaan. Ensemble LG-SSL-CORAL mencapai skor makro-F1 eksternal sebesar 0,490 dan 0,524 dalam dua arah,
dibandingkan dengan 0,450 dan 0,409 untuk BiGRU. Perolehan bootstrap berpasangan box-block adalah 0,040 (95%
CI10,012-0,068) dan 0,115 (0,089-0,145). Extra Trees tetap menjadi pembanding yang kuat dengan rata-rata makro-F1
0,519 dibandingkan dengan 0,507 untuk ensemble yang diusulkan. Rekonstruksi bertopeng meningkatkan hasil
Conformer-lite maju dari 0,385 menjadi 0,443, sedangkan CORAL dan penskalaan suhu hanya sumber sensitif terhadap
arah. Pada cakupan 50%, akurasi selektif meningkat menjadi 0,669 dan 0,677, tetapi aturan risiko 10% validasi sumber
tidak ditransfer ke subjek target. Cabang bahasa membutuhkan 55,6 KiB bobot FP32 dan 1,13 ms per urutan dalam
proxy CPU host TensorFlow.js. Hasilnya menunjukkan manfaat dan batasan pemilihan sensor berbasis bahasa, transfer
kovariansi, dan penolakan kepercayaan dalam pengaturan lintas subjek dua partisipan yang ketat.
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A. INTRODUCTION

Wearable activity recognition has moved from short
laboratory gestures to long, structured work and training
sequences. Deep recurrent and convolutional models can
fuse multiple body locations [1], yet their accuracy often
falls when a new person's movement amplitude,
handedness, pace, or strap placement differs from the
training distribution. OpenPack makes this problem
concrete through synchronized packaging operations
recorded with wearable, environmental, and IoT sensing
[2]. Its challenge experience also shows that long
workflows, class imbalance, and similar neighboring
operations make conventional random-window evaluation
overly optimistic [3]. Motif-aware acceleration modeling
has improved packaging recognition [4], but robust
transfer to an unseen worker remains unresolved. Recent
public-benchmark work on UCI HAR and WISDM
likewise found a substantial source-target gap when
moving across sensing domains, even when alignment
improved a source-only baseline [5]. Subject-independent
motor-imagery decoding shows a related calibration-light
problem in a different biosignal modality, where masked
pretraining and a compact Conformer remained
competitive but target-subject adaptation still mattered [6].
More generally, transfer analysis based on approximately
shared features emphasizes separating content-like factors
from environment-specific factors rather than assuming
that all source structure transfers unchanged [7].

Self-supervised learning (SSL) offers a way to learn sensor
structure before using class labels. Temporal and
contextual contrastive learning [8], cross-modality
agreement [9], and large-scale wearable pretraining [10]
have all produced transferable representations. Careful
assessments nevertheless show that SSL gains depend on
the downstream split and the strength of supervised
baselines [11]. CrossHAR further demonstrates that
hierarchical pretraining can aid cross-dataset recognition
[12], and a 2024 OpenPack study directly investigated SSL
for complex industrial work [13]. The same design tension
appears in adjacent time-series domains: lightweight cross-
modal medical pretraining focuses on parameter-efficient
few-shot transfer [14], cold-start workload forecasting
evaluates limited target support [15], and masked log-
sequence modeling tests what can be learned from normal
sequences without anomaly labels [16]. These studies are
not evidence about OpenPack, but they reinforce the need
to isolate the pretext transformation, target-support
assumptions, and downstream split rather than attributing
every gain to SSL in the abstract.

Language supplies a second transfer signal. Natural-
language supervision can bridge inconsistent activity
vocabularies and datasets [17], mediate inertial cross-
modal transfer [18], and align semantic and motion
representations [19]. Wearable systems have also begun
converting sensor evidence into natural-language
summaries and feedback [20], [21]. Language-guided

feature selection has been operationalized outside HAR by
mapping natural-language attack descriptions to network
features [22], while text-grounded design-rationale
interfaces expose how metadata is converted into human-
readable decision cards [23]. Work on dark-pattern
explanation and design critique further shows that fluent
text is most useful when tied to a transparent intermediate
representation and judged against human-facing criteria
[24], [25]. In the present work, language is used in a
narrower and fully inspectable form: operation descriptions
and sensor-location descriptions determine a soft sensor
gate. It performs semantic feature selection that can be
displayed directly to a worker or coach.

Reliable deployment requires more than a top-1 label.
Neural confidence can be miscalibrated, and temperature
scaling provides a simple validation-based correction [26].
Selective prediction instead allows a system to abstain when
confidence is low and evaluates the resulting risk-coverage
trade-off [27]. Recent studies in other domains have paired
confidence calibration with learned fusion [28], retrieval
coverage and abstention [29], selective refusal [30],
uncertainty-driven  rejection  [31],  distribution-free
uncertainty quantification [32], conformal risk envelopes
[33], and conformal alert control [34]. These are cross-
domain design precedents rather than evidence that a given
threshold will transfer to a new wearable user; they
motivate measuring calibration and risk-coverage behavior
explicitly. Lightweight HAR models [35] and JavaScript
inference runtimes [36] make local feedback feasible, but
accuracy, calibration, rejection behavior, and runtime must
be measured under the same protocol. Sports studies using
deep wearable recognition in beach volleyball [37] and a
single wrist IMU for volleyball skill assessment [38§]
illustrate why a recognized action should be paired with a
concise, sensor-grounded cue rather than an unexplained
class label.

Compact deployment introduces a separate architecture
question. BiGRU-attention and BiGRU-Transformer
hybrids have been used for storage-health classification and
GPU-memory forecasting [39], [40], while edge-oriented
quality  prediction, progressive  rendering, IoT
autoencoding, LiDAR-camera tracking, and TinyLLM-
style intrusion detection emphasize latency, modularity, and
failure-aware reporting [41], [42], [43], [44], [45]. The
present study uses these works only as engineering
analogies: its runtime claims remain limited to the measured
TensorFlow.js host-CPU proxy.

Explanation quality also depends on provenance. Evidence-
chain RAG, evidence-grounded operations QA, bilingual
incident triage, and word-level source attribution all
separate the evidence-producing branch from the text-
generating branch [46], [47], [48], [49]. This distinction is
directly relevant to coaching: a wearable cue should
describe the sensors and confidence used by the branch
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being explained, not a post hoc story assembled from
unrelated signals.

Human-facing Al studies have therefore converged on
compact evidence, risk, and recommendation cards for
incident response, prompt-injection oversight, scientific
search, patient communication, radiology, ultrasound,
counseling support, e-commerce recommendations,
capacity dashboards, and designer-editable briefs [50],
[51], [52], [53], [54], [55], [56], [57]1, [58], [59], [60].
Reproducible vision-language prototyping additionally
separates structural consistency from rendered visual
consistency [61], while rubric-grounded formative
feedback routes uncertain cases to human review rather
than letting generated prose obscure the underlying
decision trace [62]. These interface studies do not validate
wearable coaching, but they provide a vocabulary for
presenting probability, uncertainty, evidence, and
escalation.

For sports-facing deployment, interface adaptation matters
alongside recognition accuracy. A review-based study of
volleyball learning apps emphasizes task-specific
navigation and feedback presentation [63], complementing
wearable volleyball recognition and wrist-skill assessment
[37], [38] and the cross-dataset transfer results in [5]. This
motivates operation-specific cues that are concise,
inspectable, and easy for a coach to override.

This study makes four contributions. First, it audits the
exact U0101 and U0102 archives and constructs a leakage-
controlled, bidirectional session protocol. Second, it
compares Extra Trees, BiGRU, Transformer-lite, and
Conformer-lite models with masked reconstruction,
language-guided gating, and correlation alignment. Third,
it evaluates calibration, abstention, per-class behavior, and
box-block uncertainty rather than reporting accuracy alone.
Fourth, it measures an edge-oriented TensorFlow.js CPU
profile and generates branch-faithful coaching cues from
the recognized operation, confidence, and semantic sensor
weights. Together, these analyses characterize recognition
gains and failure modes under the two-participant protocol.

B. METHODS

Data Record and Integrity Audit

Experiments used U0101.zip and U0102.zip from the
OpenPack Zenodo record v1.1.0, released on 24 April 2024
[64]. The record contains about 8.7 GB, while the two
selected participant archives are 241,038,401 and
291,085,240 bytes. Their computed MD5 digests matched
the record: 7c182630795ff0e93393a781a076be6f and
3c32acce47a27437btb39eed8a0e0199. OpenPack as a
whole contains 16 participants and 53.8 h [2]; the present
results cover only U0101 and U0102 and are not estimates
for all 16 participants.

Each archive contains five sessions, S0100 through S0500,
with one-hertz operation labels. Ten operation IDs, 100
through 1000, were scored; null ID 8100 was excluded.
Across both archives, 20,516 annotated seconds were
present, of which 20,386 belonged to the ten scored

operations. There were 1,997 operation intervals and 194
boxes. The selected windows yielded 1,808 U0101
sequences and 2,264 U0102 sequences (Table 1).

Table 1 Openpack Archive Integrity And Extracted Sequence

Inventory.
Selec Me
Archi Anno dia
Partic tated Featu

. ve MD5 - n
ipant secon res/s .
bytes puri

ds

ences ty
U010 241,03 | 7c182630795ff0e93 9125 1,80 184 1.0

1 8,401 393a781a076be6f ’ 8 0
U010 291,08 @ 3c32acce47a27437b 11,39 2,26 184 1.0

2 5,240 fb39eed8a0e0199 1 4 0

Four ATR TSNDI151 units occupied the right wrist, left
wrist, right upper arm, and left upper arm. Their timestamps
gave a median rate of 30.303 Hz. Acceleration and angular
velocity were complete, but every quaternion value in all
2,487,627 ATR rows was zero; orientation was therefore
excluded. Two Empatica E4 devices supplied wrist
acceleration, blood-volume pulse, electrodermal activity,
and temperature. Timestamp-derived median rates were
32.258, 62.5, 4, and 4 Hz, respectively. Table 2 reports
measured rows and missing cells. Kinect keypoints were
not used because the wearable pipeline was complete across
all ten participant-sessions, whereas Kinect 3-D files were
absent for one session per participant.

Table 2 Measured Wearable Stream Audit Across U0101 And
U0102. ATR Quaternion Columns Were Excluded Because

Every Value Was Zero.
Stream Location Rows LEii5 | LB Channels used
(Hz) cells
3-axis
ATROI RiEMC 1008 30303 0 acceleration
wrist 3-axis
gyroscope
3-axis
ATRO2 K 621007 30303 o Qe ErIw
wrist 3-axis
gyroscope
Right acce3le-:?)a(tlison +
ATRO3 | upper 621,906  30.303 0 .
3-axis
arm
gyroscope
Let: acceSIe-:?)a(tlison +
ATRO04 = upper 621,906  30.303 0 .
3-axis
arm
gyroscope
E4 Both 3-axis
ACC wrists 1,312,172 1 32.258 0 acceleration
E4 Both
BVP wrists 2,624,365  62.500 0 BVP
E4 Both
EDA wrists 164,006 = 4.000 0 EDA
E4 Both
TEMP wrists 164,006 4.000 0 temperature

Class support was imbalanced (Table 3 and Fig. 1). Attach
Box Label contained only 847 scored seconds and had a
4.10-s median interval, whereas Scan Label contained 3,225
seconds. The ten scored rows sum to 20,386 seconds and
1,967 intervals; the totals of 20,516 annotated seconds and
1,997 intervals additionally include null ID 8100. This
distribution motivated macro-F1 as the primary metric and
inverse-frequency class weights for neural training.
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Table 3 Scored Operation Support And Interval Duration Across
The Two Participants

Median
. Scored  Share .
ID Operation Intervals duration
seconds (%) )
100 Picking 1,913 9.3 194 $.83
g0p | Relocateltem | 5., | 454 200 11.20
Label
300 | Assemble Box = 3,195 | 15.6 198 15.05
400 Insert Items 1,764 8.6 194 7.62
500 Close Box 2,060 100 193 10.53
600 Az i 847 4.1 194 410
Label
700 Scan Label 3205 157 212 14.15
goo | AttachShipping |, 400 | (5 194 7.05
Label
900 Put on Back 1,135 55 194 5.70
Table
1000 Fill out Order = 1,742 8.5 194 7.81
- | I I g ]
- I
. I
. I
‘

1913 3134 3195 1764 2060 847 3225 1371 1135 1742 6 8 10
Median duration (s)

Figure 1 Observed Scored Seconds And Median Operation
Duration In U0101 And U0102.

Signal Representation and Sequence Construction

All sensor timestamps were mapped to one-second bins.
For each ATR axis, mean, standard deviation, root-mean-
square value, and range were computed for three
acceleration and three gyroscope channels. The same four
statistics were applied to acceleration and angular-speed
magnitudes, giving 32 features per ATR and 128 inertial
features. Each E4 contributed 16 acceleration statistics,
including magnitude, plus four statistics each for BVP,
EDA, and temperature, giving 28 features per device. The
final vector contained 184 features per second.

Within each session, gaps of at most two consecutive
seconds were linearly interpolated. Remaining gaps used
the nearest within-session observation in either direction
and then the session median; the measured streams in Table
2 contained no missing raw cells, so this rule mainly
guarded bin-boundary sparsity. This preprocessing is an
offline session transformation rather than a causal
streaming filter. Five consecutive one-second vectors
formed a nonoverlapping sequence. A sequence was
retained when at least three of its five one-hertz labels
belonged to the same scored operation, and that majority
operation became the target. Median purity was 1.00 for
both participants. Figure 2 shows the four inertial
magnitudes and aligned operation labels from an observed
session interval.

,
$1s0
g

Seconds

Figure 2 Four ATR Acceleration Magnitudes And Aligned One-
Hertz Operation Labels From An Observed U0101 Interval.

Cross-Subject Protocol

The two transfer directions were evaluated separately. In
U0101—U0102, U0101 sessions S01-S03 supplied 1,113
training sequences, S04 supplied 366 validation sequences,
and S05 supplied 329 internal-test sequences. U0102 SO1—
S02 supplied 1,068 adaptation sequences, and U0102 S03—
S05 supplied 1,196 external-test sequences. The reverse
direction used 1,506 training, 397 validation, 361 internal-
test, 767 adaptation, and 1,041 external-test sequences.

For the adaptation pool, the operation timeline was used to
retain majority-scored five-second windows, after which all
class identities were discarded before covariance
estimation. Thus the pool was label-blind but annotation-
filtered. No target S03-S05 label, feature statistic,
calibration result, or threshold result influenced fitting or
model selection. Standardization means and standard
deviations were computed only from source S01-S03 and
applied to every split. This protocol separates source-
session generalization from external person transfer and
prevents target-test labels from selecting hyperparameters.

Masked Reconstruction
The SSL stage used a compact masked linear denoiser.
Twenty percent of standardized source-training entries were
set to zero with random generator seed 20260805. If X is
the unmasked matrix and Xm is its masked version, the
reconstruction matrix was

W = (Xm™m + I) ' XmTX,

where the ridge coefficient was 1.0. The masked source
matrix Xm was used only to fit W. At application time, each
complete sequence X was transformed as 0.5X + 0.5XW,
without masking validation, internal-test, adaptation, or
external-test inputs. W was fitted without operation labels
and applied identically to all held-out splits. This objective
tests masked reconstruction rather than contrastive learning,
avoiding an unsupported equivalence between the two SSL
families. Its role parallels the broader goal of transferable
time-series  representation learning [8]-[12] while
remaining small enough for controlled ablation. Masked
pretraining in subject-independent BCI and log-sequence
anomaly modeling provides adjacent evidence that the
value of a reconstruction objective depends on the
downstream shift and task [6], [16]; neither study is treated
as a direct OpenPack baseline.

Language-Guided Sensor Gate
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Ten short operation descriptions named the observed
motion, for example bilateral flap folding for Assemble
Box and dominant-wrist writing for Fill out Order. Six
descriptions represented the four ATR locations and two
E4 locations. A TF-IDF encoder with unigram and bigram
features produced cosine similarities between operation
and device text. Row-wise softmax with temperature 0.20
converted each similarity row to a distribution; the device
multiplier was 0.75 + 1.50p, keeping every device active
while emphasizing semantically related locations.

A balanced multinomial logistic model (C = 0.5) predicted
operation probabilities from each sequence's temporal
mean, standard deviation, and last-minus-first feature
difference. Source-training gates used source-session
grouped out-of-fold probabilities; the model refitted on all
source-training sequences generated gates for validation,
internal-test, and external-test inputs. Grouped out-of-fold
macro-F1 was 0.776 for U0101 and 0.748 for U0102.
Multiplying the class probabilities by the fixed operation-
device matrix produced a dynamic six-device gate. Each
feature group was scaled by its device multiplier before
classification. Figure 3 displays the fixed semantic matrix.
The gate is language-guided soft sensor selection,
consistent with language-supervised HAR [17]-[19], not an
end-to-end language-sensor foundation model. Its fixed
text-to-feature mapping also echoes language-guided
network-feature selection [22] and text-grounded design-
rationale interfaces [23], but every wearable channel
remains active so that a semantic mismatch cannot delete a
sensor outright.

1125
Picking

0.99

1.100

Assemble Box

g

Insert Items 1.01

g

Close Box 0.99

- 1.025

ic gate multiplier

Attach Box Label

Operation description

emanti

Scan Label -1.000

Attach Shipping Label 1.01 - 0975

Put on Back Table 0.99

- 0.950
Fill out Order 1.10

0.96 0.97

atro1 atro2 atro3 atroa

Wearable device
Figure 3 Text-Derived Operation-To-Device Gate Multipliers.
Every Sensor Remains Active.

ed01 e402

Correlation Alignment and Classifiers

CORAL aligned target adaptation features to source-
training features using second-order statistics [65]. With
source covariance Cs, target covariance Ct, and their means
us and pt, a target row x was transformed as

x' = (x — ut)Ct /2Cs'/2 + ps.

An identity regularizer of 10”-3 stabilized both covariance
matrices. The transform was fitted to target S01-S02 and
applied only to target external features. It preceded masked
reconstruction and the language gate in the combined
branch. Adaptive spatial-temporal transfer has addressed
related sensor and temporal mismatch across HAR datasets

[66], and cross-dataset wearable transfer continues to show
that alignment can be helpful without eliminating domain-
specific error [5]. Approximately shared-feature theory [7],
cross-cloud workload transfer [67], and cold-start tenant
forecasting [15] further motivate treating source-target
alignment as conditional rather than universally beneficial.
CORAL was selected here because its closed form permits
an exact, label-blind comparison.

Extra Trees used 300 estimators, square-root feature
sampling, minimum leaf size two, balanced class weights,
and the flattened 5 x 184 input [68]. The BiGRU baseline
used 18 units in each direction, 0.10 dropout, a 24-unit
ReLU layer, and a ten-class softmax, following the gated
recurrent unit formulation [69]. Transformer-lite projected
inputs to 24 dimensions, added sinusoidal position codes,
and used one custom single-head self-attention block and a
48-unit feed-forward block [70]. Conformer-lite added a
pre-attention feed-forward block and one-dimensional
convolutions with kernels three and one; it is a compact
Conformer-inspired network rather than the full speech
architecture  [71]. BiGRU-attention and BiGRU-
Transformer combinations in storage-health and GPU-
memory studies [39], [40] are cited as adjacent sequence-
model examples, not as directly comparable HAR results.

Neural models used class-weighted cross-entropy, Adam at
0.0025, batch size 64, 18 epochs, and the weights with
minimum source-validation loss. Initializers used seed
20260805, and each configuration was trained once. The
final LG-SSL-CORAL ensemble averaged three probability
vectors: raw BiGRU, masked-reconstruction-plus-language
Conformer-lite, and masked-reconstruction-plus-CORAL
Conformer-lite. Weights were selected on the source
validation split over a 0.1 simplex grid with every
component at least 0.1. Forward weights were 0.4/0.2/0.4;
reverse weights were 0.5/0.1/0.4. Figure 4 summarizes the
branch order and selective output.

d Cr Subject Wearable Rec Pipeline

OpenPack wearables
41MUs + 2 E4

tati

1-s statistics Optional target-to- Maske:
5-s sequences. source CORAL re

Figure 4 Language-Guided Cross-Subject Wearable Recognition
Pipeline. CORAL Is Optional And Precedes Masked
Reconstruction For Target Features.

Calibration, Selective Prediction, Explanations, and
Statistics

Temperature was fitted by minimizing source-validation
negative log likelihood [26]. Calibration was measured by
negative log likelihood and 15-bin equal-count expected
calibration error (ECE). Selective prediction ranked
sequences by maximum probability [27]. Accuracy and risk
were evaluated over the risk-coverage curve, with 50% and
100% coverage reported explicitly. A second operating
point selected the lowest source-validation confidence
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threshold whose accepted error was at most 10%; its target
behavior was evaluated without retuning. This source-only
policy mirrors the deployment questions raised by
calibrated late fusion [28], abstention-aware RAG [29],
selective recruiter screening [30], uncertainty-driven credit
rejection [31], distribution-free model-risk workflows [32],
conformal resource envelopes [33], and conformal alert
control [34], while allowing the wearable experiment to
test whether the operating point actually transfers.

The primary classification metric was macro-F1; accuracy,
ECE, negative log likelihood, AURC, and per-class F1
provided complementary diagnostics. Ninety-five percent
confidence intervals used 1,000 bootstrap samples of target
session—box blocks. Paired differences reused the same
sampled blocks for the ensemble and BiGRU. These
intervals capture target box variability but not training-seed
variability.

Coaching text was generated for the standalone language
branch so that the stated sensor evidence matched the
branch being explained. Each cue contained the predicted
operation, calibrated probability, two highest semantic
device multipliers, and an instruction to review timing and
smoothness. This template follows the action-feedback
goal of UbiPhysio and Sensor2Text [20], [21] without
claiming that the semantic weights are causal feature
attributions. The branch-faithful rule also follows the
provenance separation used in evidence-chain RAG and
operations QA [46], [47]-[49], while evidence and risk-
card interfaces [50]-[57] motivate exposing confidence and
escalation rather than presenting generated prose as an
independent source of truth.

Host-CPU Proxy

Models ran with TensorFlow.js 4.22.0 under Node.js
24.14.0 on an x86-64 AMD EPYC 9V74 host with nine
available CPU cores [36]. After 20 warm-up predictions,
batch-one latency was averaged over 200 predictions and
paired with raw FP32 weight bytes and forward-direction
macro-F1. The measurement is an edge-oriented host
proxys; it is not a phone, microcontroller, energy, quantized,
or TensorFlow Lite benchmark. Edge-oriented proxy
modeling, progressive rendering, compact IoT
autoencoding, and TinyLLM-assisted detection provide
engineering context for reporting model size and latency
[41], [42], [43], [45], but do not change the scope of the
measured hardware claim...

C. RESULTS AND DISCUSSION

Architecture and Cross-Subject Transfer

Table 4 and Fig. 5 compare the external tests. Extra Trees
was the strongest overall comparator, with mean macro-F1
0.519. The LG-SSL-CORAL ensemble reached 0.507,
outperforming every individual neural configuration on the
mean of both directions. BiGRU averaged 0.430, SSL +
language Conformer-lite 0.422, raw Conformer-lite 0.400,
and Transformer-lite 0.341. The result cautions against
assuming that a newer sequence architecture dominates a
well-tuned tree ensemble when only two source
participants are available. Related wearable transfer and

calibration-light BCI studies likewise show that compact
recurrent, convolutional, or classical baselines can remain
competitive under limited target support [5], [6]; BiIGRU-
attention and BiGRU-Transformer successes in other
sequence domains [39], [40] do not remove the need for
task-specific comparison.

Table 4 External Cross-Subject Architecture Comparison. F1
Denotes Macro-F1.

Param F1 Acc. F1 Acc. 22{
Model eters U0101— U0101— U0102— U0102—
0102 0102 uo101 uo101 Fl
Extra 300 461 0.521 0.577 0608 O3
Trees trees 19
BiGRU 23506 0.450 0.515 0.409 0.415 gg
Transfo 03
rmer- | 9,466 0.291 0.308 0.390 0.419 4'1
lite
Confor
mer- s 0.385 0.425 0.414 0.467 e
. 2 00
lite
SSL +
langua
ge 14,24 0.4
Confor b 0.422 0.451 0.422 0.459 9
mer-
lite
SSL +
langua
ge +
CORA 14,24 0.4
L ) 0.402 0.431 0.431 0.500 17
Confor
mer-
lite
LG-
SSL-
CORA @ 51,54 0.5
L 6 0.490 0.546 0.524 0.548 07
ensemb

le

PP
Model

Figure 5 External Macro-F1 By Architecture And Transfer
Direction.
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The ensemble's internal macro-F1 was 0.864 for U0101 and
0.845 for U0102, but external F1 fell to 0.490 and 0.524
(Table 5). The corresponding drops of 0.374 and 0.321
quantify substantial participant shift. External accuracies
were nearly identical at 0.546 and 0.548 even though class-
wise behavior differed. Relative to BiGRU, paired box-
block gains were 0.040 (95% CI 0.012-0.068) and 0.115
(0.089-0.145). Both intervals excluded zero within the
measured target boxes. The reverse directions reuse the
same two people and therefore represent two transfer
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directions, not

replications.

independent  leave-one-subject-out

Table 5 Directional Performance And 1,000-Sample Target
Session—Box Bootstrap Intervals For The LG-SSL-CORAL

Ensemble.
Inter Exter Exter F1 AFl A Box
Direction nal ¢ nal 95% VS- 95%  bloc
p1 | PAFL a | B | 'a |
cc. RU s
0.45 0.01
U0101-U 2— 2—
0102 0.864  0.490 @ 0.546 0.52 0.040 0.06 54
6 8
0.48 0.08
U0102—-U 7- 9—
0101 0.845 0.524 0.548 0.55 0.115 0.14 60
9 5

Figure 6 places the directional macro-F1 intervals beside
the paired improvement intervals. The separation from
zero is wider in the reverse direction, where BiGRU was
weakest, while the forward interval shows a smaller but
still positive box-level gain. Per-class behavior is
examined after the transfer-component and calibration
analyses.

Paired box-block improvement

5 0075

£ oas s
& € 0050
£

n
——
——i
BiGRU

0.40 0.025

0.000

035
01010102 U0102-U0101

Figure 6 Target Box-Block Macro-F1 Intervals And Paired
Gains Over Bigru.

01010102 U0102-U0101

Transfer-Component Ablation

The forward ablation in Table 6 isolates each
transformation under the same Conformer-lite classifier.
Masked reconstruction raised external macro-F1 from
0.385 to 0.443 and reduced ECE from 0.326 to 0.256.
Adding the language gate increased source-validation F1
from 0.803 to 0.827 but reduced external F1 to 0.422. The
gate therefore captured source-discriminative body-
location semantics without consistently matching the new
worker's execution style. The direction-sensitive result is
consistent with the broader caution from subject-
independent BCI, cross-cloud transfer, cold-start
forecasting, and masked log modeling that a useful source
representation need not remain optimal under every target
shift [6], [67], [15], [16].

Table 6 Forward U0101—U0102 Transfer-Component Ablation
Under The Conformer-Lite Classifier.

Variant i(_)\l;;f Intern Extern Extern Extern Ex;lem
Fl al F1 al F1 alacc. al ECE AURC

Raw
Conformer- = 0.768 = 0.818 = 0.385 0.425 0.326 0.432

lite

Se(_)\l:;f Intern Extern Extern Extern Ex;lem
Fl al F1 al F1 alacc. al ECE AURC

Variant

+ masked
reconstructi
on
+
reconstructi
on +
language
gate
+ CORAL
only
+
reconstructi 0.823

on +
CORAL
+

reconstructi

on + gate + il
CORAL
LG-SSL-
CORAL
ensemble

0.803 = 0.793 = 0.443 0488 = 0.256 = 0.358

0.827 | 0.796 = 0422 0451 0.235 = 0.422

0.795 = 0.811 = 0.383 0.383 0.383 = 0.456

0.817 = 0.423 0452 | 0303  0.400

0.768  0.402 = 0.431 0.316 = 0.442

0.887 | 0.864 = 0490 0.546  0.071 0.300

CORAL reduced the adaptation-pool covariance Frobenius
distance from 38.234 to 0.254 forward and from 61.332 to
0.297 in reverse (Fig. 7). This exact statistical alignment did
not guarantee class alignment. Forward CORAL-only F1
was 0.383, reconstruction plus CORAL was 0.423, and the
fully sequential gate/CORAL branch was 0.402. In the
reverse direction, reconstruction plus CORAL reached
0.496, demonstrating a strong directional interaction.
Matching global covariance can merge or displace class-
conditional structure, especially when brief labeling
motions and large box movements share feature ranges.
This limitation parallels cross-dataset wearable findings [5],
approximately shared-feature analysis [7], and topology-
sensitive cross-cloud transfer [67], all of which distinguish
global alignment from task-conditional invariance.

CORAL adaptation-pool covariance alignment

= Before
m— After

10°

Covariance Frobenius distance (log scale)

U0102-U0101

Figure 7 CORAL Adaptation-Pool Covariance Distance Before
And After Target-To-Source Alignment.

U0101-U0102

The ensemble was more robust because validation selected
nonzero contributions from raw recurrence, semantic
gating, and covariance alignment. It reached forward F1
0.490 even though no standalone transformed branch
exceeded 0.443. This is probability-level complementarity,
not evidence that every component improves in isolation.
The selected weights also retained at least 0.1 for each
branch by design, so the method tests a language-and-
adaptation ensemble rather than silently dropping a difficult
component.
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Sensor Selection

Extra-Trees sensor ablation averaged over both transfer
directions is reported in Table 7 and Fig. 8. The four ATR
devices achieved the best mean macro-F1, 0.523, slightly
above all wearables at 0.519. Both wrists reached 0.494,
and the right wrist alone reached 0.480. The left wrist,
upper arms, and E4-only inputs reached 0.414, 0.396, and
0.390. Adding E4 physiology to all inertial features
therefore did not improve this two-person cross-subject
mean.

Table 7 Extra-Trees Sensor Ablation Averaged Over Both

Transfer Directions.
Extra- Mean Mean
Sensor set Features/s Trees macro-
. accuracy
inputs F1
All ATR 128 640 0.575 0.523
All wearables 184 920 0.564 0.519
Both wrists 120 600 0.541 0.494
Right wrist
(ATR+E4) 60 300 0.542 0.480
Left wrist (ATR+E4) 60 300 0.445 0.414
Upper arms 64 320 0.465 0.396
All E4 56 280 0.445 0.390

AllEA

Upper arms

Left wrist (ATR+E4)

Right wrist (ATR+E4)

Both wrists

All wearables

All ATR

Mean macro-F1

Figure 8 Mean Cross-Subject Extra-Trees Macro-F1 By Sensor
Set.

The language matrix in Fig. 3 selected plausible locations:
Fill out Order emphasized the right-wrist ATR, Insert
Items emphasized the left wrist, Assemble Box
emphasized the left upper arm, and Put on Back Table
emphasized the right upper arm. Multipliers remained
modest, approximately 0.92-1.11, which prevented a text
mismatch from removing a sensor. These patterns support
the gate's interpretability, while the ablation establishes
that semantic plausibility and predictive transfer are
different properties. The same distinction appears in
calibrated multisensor fusion [28], language-guided
network-feature selection [22], and LiDAR-camera
tracking [44]: an interpretable or confidence-weighted
fusion rule still requires task-specific validation.

D. Calibration and Selective Prediction

Before temperature scaling, the ensemble's target ECE was
already low at 0.071 and 0.058 (Table 8). Source-fitted
temperatures of 0.728 and 0.692 sharpened the
distributions and worsened target ECE to 0.152 and 0.124.
Mean negative log likelihood likewise increased from
1.401 to 1.585. Source-only temperature scaling therefore
failed to transfer across these participants, even though it
optimized source validation. Comparable calibration and

abstention pipelines in late fusion, unanswerable QA,
recruiter screening, credit risk, and resource allocation [28],
[29], [30]-[33] make the same operating-point question
explicit, but the present result shows that a source-fitted
correction cannot be presumed portable.

Table 8 Transferred Calibration And Selective Prediction For

The Final Ensemble.
EC LTt Sourc O
1He Tempera E e | erule ¢
Direction E P acy @ @ rule
ture scal o cover
raw od 50% 50 ace targe
% & t risk
Uuo101—-U 0.0 0.15 0.3
0102 7 0.728 5 0.669 31 0.969  0.445
U0102—U 0.0 0.12 0.3
0101 53 0.692 4 0.677 23 0.775 0372

Confidence ranking remained useful. At 50% coverage,
selective accuracy was 0.669 forward and 0.677 reverse,
compared with full-coverage accuracies of 0.546 and 0.548.
Figure 9 contrasts raw and temperature-scaled ECE and the
50%/100% coverage accuracies. Temperature scaling is
monotonic, so confidence ordering changed only through
numerical ties. The source-validation rule designed for at
most 10% accepted error yielded target risks of 0.445 at
96.9% coverage and 0.372 at 77.5% coverage. It therefore
served as a fixed empirical operating point, not a cross-
subject risk guarantee. Conformal alert-control work
similarly distinguishes a calibrated alert rule from universal
safety [34]. A practical coach should expose coverage and
observed target risk rather than label the threshold safe.

Cross-subject calibration transfer Ac

010100102

curacy-coverage trade-off

y-
010100102

Figure 9 Cross-Subject ECE Transfer And Selective Accuracy At
50% Versus 100% Coverage.

08
-—raw
= Temperature-scals

U0102-4U0101

- 100% c

9e
50% coverage

U0102-U0101

daptive ECE

A

s
07
06
Fos
5 oe
£ 03
3
02
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00
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Class Behavior and Coaching Cues

Table 9 aggregates class F1 across directions. Scan Label
was easiest (mean 0.759), followed by Fill out Order
(0.640) and Picking (0.607). Attach Box Label was hardest
(0.185), consistent with its shortest median duration and
smallest support. Relocate Item Label and Assemble Box
changed markedly by direction: their directional F1 pairs
were 0.638/0.309 and 0.338/0.589. These results favor
operation-specific feedback over a single global confidence
statement.

Table 9 Per-Operation External F1 And Support For Both

Transfer Directions.
Supp Supp
) Fl Fl
p  Operati ot a0 o0 O Uoloe—uo MR
on U010 U010 nF1
102 101
2 1
100  Picking =~ 94 0.599 110 0.615 0'760
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| BmE Fl S Fl
o Operati ot 60 uo O yoloz—uo  Me?
on U010 U010 nFl
102 101
2 1
Relocat 047
200 eltem = 180 0.638 157 0.309 .
4
Label
Assem 0.46
300 B 212 0.338 151 0.589 .
400 msert o gg 0.462 90 0.644 D
Items 3
soo  Close gy 0.503 92 0.368 0.43
Box 5
Attach 018
600 Box 51 0.265 ) 0.105 p
Label
Scan 0.75
700 oo 18s 0.821 169 0.697 N
Attach 046
800 Shippin 76 0.382 75 0.548 :
5
g Label
Put on
900  Back 65 0.364 71 0.619 0;;9
Table
100 | Fill out 0.64
o Ordor 104 0.530 84 0.750 0

The language branch generated directly inspectable cues.
A correct Fill out Order prediction in U0102 S04 had
probability 0.996 and emphasized the right-wrist ATR
(1.11x) and right-wrist E4 (1.03x), leading to the
instruction to review wrist timing and smoothness. A
correct Assemble Box prediction had probability 0.879 and
emphasized the left and right upper-arm ATR devices. The
same mechanism also exposed a serious failure: one Fill
out Order sequence was predicted as Picking with
probability 0.980 and emphasized both upper arms.
Because the cue follows the predicted class, a high-
confidence recognition error produces a confidently wrong
coaching focus. The failure aligns with the transferred
calibration result and demonstrates why abstention must be
validated on the deployment population. Evidence-linked
incident, scientific-search, medical, counseling, e-
commerce, and capacity-dashboard cards [50]-[57], [58],
[59] provide useful interface precedents precisely because
they keep uncertainty and evidence visible instead of
allowing polished text to conceal a mistaken upstream
decision.

Edge-Oriented Profile

The forward TensorFlow.js measurements are shown in
Table 10 and Fig. 10. Raw Conformer-lite used 55.6 KiB
and 1.09 ms per five-second sequence; masked
reconstruction retained the same model size and used 1.10
ms. The language branch used 55.6 KiB, 1.13 ms, and
achieved macro-F1 0.422. Raw BiGRU was more accurate
at 0.450 but used 90.1 KiB and 6.94 ms. The feature
transformations and coaching template are outside the
neural weight file, so a production implementation must
budget their preprocessing cost separately. This
component-wise accounting is consistent with edge proxy
work in quality prediction, progressive rendering, IoT
autoencoding, and compact intrusion detection [41], [42],
[43], [45].

TABLE 10.
Table 10 Tensorflow.Js Forward Host-CPU Proxy; FP32 Batch-
One Inference After 20 Warm-Ups And Over 200 Repetitions.

. Weights Latency Macro-
Model Variant = Parameters (KiB) {ms) Fl
C"nf;’t‘;“er' Raw 14242 55.6 1.09  0.385
C"nﬁ’t‘;ner' SSL 14242 55.6 110 0.443
Conformer- | SSL + 14242 55.6 113 0422
lite language
SSL +
Coufoimze | FOEEES g 55.6 120 | 0.402
lite +
CORAL
Transhffenner' Raw 9466 37.0 135 0291
Conformer- SSL +
. CORAL 14242 55.6 141 0423
C"nﬁ’tremer' CORAL = 14242 55.6 182 0.383
BiGRU Raw 23062 90.1 6.94 | 0.450

Edge-oriented host-CPU proxy

0.450

0.425

°
5
8
3

°

0.350

Cross-subject macro-F1

0.325

FP32 weights
0.300

56 KB
90 kB

4 5
Batch-1 TensorFlow.js host-CPU latency (ms)

Figure 10 Forward Tensorflow.Js Host-CPU Latency And
External Macro-F1; Marker Area Encodes FP32 Weight Size.

6 7

The three ensemble branches total 51,546 parameters and
201.3 KiB of FP32 weights. Their combined latency was
not benchmarked as one deployed graph, so the individual
measurements should not be summed and presented as a
device result. The standalone language branch is the
clearest edge-oriented coaching configuration: it produces a
class, semantic device cue, and confidence with a small
classifier, while the ensemble supplies the higher-accuracy
server or workstation option.

Human-Facing Reliability and Transferability

The coaching cue should be treated as an evidence display,
not an explanation of causality. Evidence-chain and
evidence-grounded systems make the same separation
between retrieval or provenance and verbalization [46],
[47], [48], [49], while incident-visualization, prompt-
injection oversight, and scientific-search cards organize
source links and uncertainty for inspection [50], [51], [52].
The present template follows this principle by deriving text
only from the Ilanguage branch's predicted class,
probability, and fixed semantic device weights.

The high-confidence error suggests that visual design must
expose uncertainty and escalation rather than only render a
polished instruction. Patient-facing safety cards, medical-
image explanation cards, ultrasound cards, counseling
recommendation cards, and risk-aware operations
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dashboards all make uncertainty or evidence hierarchy
visible [53], [54], [55], [56], [57], [59]. E-commerce
recommendation cards provide a lower-stakes analog in
which trust is calibrated through explanation structure
rather than confidence alone [58]. These works are cross-
domain design references; the present study did not run a
human-subject Ul evaluation.

A coach-facing implementation should therefore keep the
cue editable, show the accepted or rejected state, preserve
the underlying sensor evidence, and allow a human to
override or defer. Text-grounded design rationale, design-
critic evaluation, structured visual briefs, volleyball-app
interface analysis, and rubric-grounded formative feedback
provide complementary precedents for such editable
oversight [23], [25], [60], [63], [62]. Reproducible vision-
language prototyping further suggests that structural and
visual consistency should be evaluated separately [61].

Scope and Limitations

Inference is limited to the two evaluated participants and
five sessions per participant; the results do not estimate
population-level OpenPack performance. The adaptation
pool was annotation-filtered before class identities were
discarded, so it represents label-blind covariance
adaptation within known work intervals rather than
continuous unsupervised field adaptation. Preprocessing
used bidirectional within-session filling and is not a causal
sensor pipeline. Each neural configuration was trained
once, and the box bootstrap does not measure optimization
variance. Runtime was measured on one host CPU under
changing shared load, not on a named wearable device.
More broadly, probabilistic forecasting under changing
weather and seasonal regimes illustrates why operating
characteristics can shift across external regimes [72]; here,
that analogy reinforces rather than replaces the need for
target-population wearable validation.

Directional results, fixed split counts, box-level intervals,
and the negative calibration and CORAL findings
characterize this bounded two-participant experiment.
Exact archive checks, source-only model selection, and
held-out target sessions delimit the conclusions to U0101
and U0102. A preregistered multi-participant leave-one-
subject-out evaluation with causal preprocessing and
target-free window formation is the appropriate next test.

D. CONCLUSIONS

Language-guided sensor selection, masked reconstruction,
and covariance alignment addressed different parts of the
cross-subject wearable problem, but none was uniformly
beneficial alone. The LG-SSL-CORAL ensemble
improved over BiGRU in both directions, reaching macro-
F1 0.490 and 0.524 with positive box-block confidence
intervals. Extra Trees remained slightly stronger on the
two-direction mean, masked reconstruction produced the
clearest standalone neural gain, and all four inertial devices
outperformed the complete wearable set. Confidence
ranking improved accepted accuracy at reduced coverage,
whereas source-fitted temperature scaling and a source-

derived 10% risk threshold did not transfer. The 55.6-KiB
language branch provided fast host-CPU inference and
readable sensor cues, but its high-confidence error
confirmed that coaching text is only as reliable as the
recognized action. These findings support compact,
selective, language-grounded wearable coaching while
defining the calibration, adaptation, population-validation,
and evidence-interface work required before deployment.
Future systems should combine target-population risk
validation with editable, evidence-linked feedback rather
than treating generated coaching prose as a standalone
guarantee [51], [55], [57], [63], [62].
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