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Abstract—As humanoid robots are increasingly used in com-
plex real-world environments, reliable verification of robot ac-
tions becomes more important. Action verification should not
only check whether the executed action matches the intended in-
struction, but also keep reliable performance when motor-sensor
observations are affected by failures. Traditional instruction
authentication mainly protects the instruction itself and cannot
directly verify the final physical action of the robot. In addition,
the sensing information used to observe robot execution may also
become unreliable. In this paper, we propose a self-healing motor-
based action verification framework that combines explainable
sensor selection, temporal masked reconstruction, and multiscale
action recognition. First, Local Interpretable Model-Agnostic
Explanations (LIME) are used to identify motor encoders that
provide important information for action discrimination. Then,
the selected encoder signals are processed by a temporal masked
reconstruction model to recover unreliable joint observations
based on temporal continuity and cross-joint coordination. After
that, a multiscale gallery recognizer with zero trainable classifier
parameters is used to infer the physical action executed by the
robot. The inferred action is finally compared with the trusted
intended instruction to detect instruction-execution inconsistency.
The proposed framework is evaluated on a Booster Robotics
K1 Education humanoid robot under multiple sensor-failure
modes and different corruption levels, and is compared with
several existing methods. The proposed method achieves average
accuracies of 98.4% and 94.8% for single-action and compound-
action recognition, respectively. Under different sensor-failure
levels, the proposed self-healing method achieves an average
recognition accuracy of 92.6%.

Index Terms—Humanoid robots, instruction tampering, sensor
failure, self-healing systems, action recognition, motor encoders,
masked reconstruction, explainable artificial intelligence.

I. INTRODUCTION

UMANOID robots are increasingly used in manufac-

turing, service, healthcare, and other complex envi-
ronments, making the safety, reliability, and verifiability of
robot actions more important [1]-[3]. For networked humanoid
robots, protecting motion instructions only at the communica-
tion layer cannot guarantee that the final physical execution
matches the intended behavior [4]-[6]. Abnormalities in the
control path, actuator, or intermediate software layer may
still cause execution errors [6], [7]. Therefore, independent
physical evidence is needed to verify the final robot behavior.
As illustrated in Fig. 1, motor-encoder observations provide
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Fig. 1. Motivation of self-healing motor-based action verification. The
executed action is verified against the trusted intended instruction through
motor-encoder evidence that remains reliable under sensor failures.

such physical evidence for action verification. Motor encoders
directly record joint motion and can provide direct evidence
of the physical robot state [8], [9]. In addition, different robot
actions usually produce different coordinated motion patterns
across multiple joints, which provides useful information for
action recognition [10], [11]. Therefore, motor encoder signals
can be used as physical evidence of the actual robot execution.
However, this execution-side verification should also remain
reliable under sensor failures, because the physical evidence
itself depends on sensor observations [6], [12], [13].
Existing robot security studies have explored attack de-
tection using independent state information or physical con-
sistency. Guerrero-Higueras et al. [14] analyzed cyberattacks
against an indoor real-time localization system for mobile
robots and showed that attack conditions can produce dis-
tinguishable changes in localization measurements. Rivera
et al. [15] proposed an autoencoder-based method to detect
sensor spoofing attacks using robot-state reconstruction errors,
with a focus on LiDAR observations. Varshosaz et al. [16]
used visual odometry as an independent motion reference
and compared it with GPS trajectories to detect UAV GPS
spoofing. Man et al. [17] used spatiotemporal consistency
between object classes and motion tracks to detect percep-
tion misclassification attacks in autonomous systems. These
studies show that independent physical or state information
can provide useful evidence for detecting abnormal robot
behavior. However, they mainly focus on localization, percep-
tion, or robot-state abnormalities, rather than directly verifying
whether the final executed action matches the trusted intended



instruction. In addition, the physical observations used for
execution verification may themselves become unreliable be-
cause of sensor failures or malicious interference, reducing
the reliability of action recognition and verification. Differ-
ent methods have been studied to recover unreliable sensor
data and corrupted time-series observations. For example, the
Savitzky—Golay method [18] uses local polynomial fitting to
smooth signals while preserving local variations. For more
complex temporal dependencies, Temporal Convolutional Net-
works [19] use causal and dilated convolutions to model long-
range sequential relationships. However, these methods mainly
focus on signal smoothing, numerical recovery, or sequence
modeling performance. A low reconstruction error does not
guarantee that action boundaries, motion directions, and cross-
joint temporal relationships are correctly preserved. It also
does not guarantee that the recovered signals can support
reliable semantic action recognition. Therefore, recovering
useful physical motion information under unreliable sensor
observations while maintaining stable instruction-execution
consistency verification remains an important problem.

To tackle these issues, we propose a self-healing motor-
based action verification framework that integrates action
recognition, sensor recovery, and instruction-execution consis-
tency verification. First, LIME is used to identify motor en-
coders that provide important information for action discrim-
ination. Then, a multiscale gallery-based recognizer is built
using the selected encoder signals, and motion information
from different temporal scales is used to infer the action phys-
ically executed by the robot. This recognition process does not
require trainable classifier parameters. For possible sensor fail-
ures, a temporal masked self-healing model is used to recover
unreliable motor-encoder observations based on temporal con-
tinuity and cross-joint relationships. The recovered signals are
then used for action recognition. Finally, the inferred action
is compared with the trusted intended instruction to detect
instruction-execution inconsistency. The proposed framework
is evaluated on a Booster Robotics K1 Education humanoid
robot under different sensor-failure conditions. Experimental
results show that the proposed method achieves good perfor-
mance for both single-action and compound-action recognition
and maintains reliable recognition and verification under sen-
sor failures. The main contributions are as follows: 1) We pro-
pose a self-healing motor-based action verification framework
that directly verifies physical robot execution against a trusted
intended instruction. 2) We develop a multiscale gallery-based
action recognition method to infer the physically executed
action without trainable classifier parameters. 3) We develop
a temporal masked self-healing method to recover unreliable
motor-encoder observations based on temporal continuity and
cross-joint relationships for sensor failures. 4) We evaluate the
proposed framework using real motor-encoder data collected
from a humanoid robot under different sensor failures, corrup-
tion levels, and controlled instruction-substitution scenarios.

The remainder of this paper is shown as follows. Section II
introduces the related work. Section III shows the system
and threat model. Section IV describes the proposed method.
Section V presents the experimental evaluation. Section VI
shows the discussion, and Section VII concludes the paper.

II. RELATED WORK
A. Traditional Action Recognition Methods

Traditional action recognition relies on template matching or
on hand-crafted features coupled with shallow classifiers. The
simplest and most interpretable route is template matching,
which provides low-latency decisions directly from reference
recordings. For instance, the author in [20] introduced nearest-
neighbor pattern classification, which matches a query against
stored reference examples and remains the standard motion-
matching baseline, where every decision can be traced to
real recorded examples rather than to learned weights. Tem-
plate matching alone is often insufficient, however, because
real executions vary in phase, duration, and style. Shallow
classifiers address this variability by separating engineered
features with decision boundaries instead of raw distances.
Following this idea, the author in [21] proposed random
forests, which aggregate many decision trees into stable feature
importances and tolerate nonlinear feature interactions without
extensive tuning. Along similar lines, the author in [22]
proposed support-vector networks, which separate classes with
maximum-margin hyperplanes in kernel feature spaces and
remain effective when the engineered descriptor is high-
dimensional. In the activity-recognition literature these shallow
pipelines are canonical. The author in [23] surveyed body-
worn inertial activity recognition and organized the pipeline
around segmentation, feature extraction, and temporal clas-
sification, noting that statistics over short windows already
carry strong action evidence. While traditional recognition
research is broad, very few studies treat the sensors as fallible
evidence or ask whether recognition remains reliable when the
sensing channel itself is corrupted. Many previous studies have
nevertheless established that multijoint coordination carries
strong action semantics and that engineered velocity, range,
and timing features capture much of it.

B. Deep Learning-Based Action Recognition

Deep learning removes the need for hand-crafted features
by learning representations directly from coordinated motion.
The first widely adopted deep models for wearable activity
recognition combined convolutional and recurrent processing.
The author in [24] introduced DeepConvLSTM, which stacks
convolutional feature extraction over recurrent sequence mod-
eling so that local motion shape and long-range temporal
structure are captured within one network. Extending this
comparison of architectures, the author in [25] compared deep,
convolutional, and recurrent models across wearable datasets
and quantified their accuracy-complexity trade-offs, showing
that carefully regularized simple recurrent models often match
deeper alternatives. A comprehensive survey by the author
in [11] documented deep learning for sensor-based activity
recognition and highlighted persistent sensitivity to sensor
placement and subject variation. Beyond wearable settings,
articulated motion calls for explicit joint structure, and the
author in [10] proposed spatial-temporal graph convolutional
networks, which represent joints as a structured body rather
than independent channels and propagate features over both
spatial and temporal edges. Attention-based models take the



opposite route and let data decide the dependencies. The
author in [26] introduced self-attention for sequence modeling,
and the author in [27] adapted Transformer encoders to multi-
variate time series, capturing long-range interaction without
recurrent state. These studies collectively show that deep
models improve recognition when labeled data are sufficient.
However, they typically require trained parametric classifiers
and assume the input sensors are reliable, so a corrupted
sensing channel silently degrades every layer of the model.

C. Data Recovery

Data recovery methods repair missing, noisy, or corrupted
values so that downstream decisions can continue. Classical
approaches repair each channel from its own local structure.
The author in [18] proposed Savitzky—Golay filtering, which
fits a local polynomial so that smoothing preserves local varia-
tion, and the author in [28] proposed Wiener smoothing under
a statistical signal model. Outliers and low-rank corruption are
handled by the robust suppression of the author in [29] and the
principal-component repair reviewed in [30]; nearest-neighbor
rules borrow values from similar reference observations [20],
and moving averages, median filters, exponential smoothing,
and linear interpolation remain widely used baselines. These
methods are simple and inexpensive, however, they struggle
when faults are nonlinear, multichannel, or severe, and none
guarantees that the repaired signal preserves the decision that
consumes it.

Deep models instead learn temporal and cross-variable
structure from data. The author in [31] proposed GRU-D,
which folds missingness and time decay into recurrent predic-
tion, and the author in [32] proposed bidirectional recurrent
imputation. The author in [33] proposed imputation with
generative adversarial networks, and the author in [34] sur-
veyed missing-data patterns and their effect on classification.
Attention-based imputation follows this trend. The author
in [35] proposed self-attention-based imputation, the author
in [36] proposed conditional score-based diffusion imputation,
and attention models extend imputation to irregular sam-
pling [37]. Masked modeling generalizes reconstruction to rep-
resentation learning [38], [39], while temporal convolutional
networks [19] and convolutional autoencoders serve as learned
denoisers for multichannel signals. These studies collectively
show that learned reconstruction can restore degraded signals
to low numerical error; how to make recovery serve a safety-
relevant downstream decision rather than fidelity alone remains
an open research opportunity.

In this work, we propose a self-healing motor-based action-
verification pipeline that turns these recovery models toward
a safety-relevant decision. A temporal masked reconstruction
model restores unreliable joint observations from temporal
continuity and cross-joint coordination under a curriculum of
finite-valued sensor faults, and the reconstructed sequence is
passed to an unchanged multiscale action recognizer, so recov-
ery succeeds only if the executed action can again be inferred.
The inferred action is then compared with a trusted intended
instruction, promoting numerical reconstruction from an end
in itself to the evidence channel of behavioral verification.

III. SYSTEM AND PROBLEM FORMULATION

A. Instruction-Execution Verification

Let ¢; € C denote the intended action at time ¢, where
C is the set of the five locomotion actions. The intended
sequence is retained by a trusted supervisory component
before the command enters a potentially alterable control path.
Let a; € C be the action physically executed by the robot and
x;, € R’ the corresponding joint-angle observation from .J
selected encoders. The verification problem is to estimate a;
independently as a; = f(«1.;) and compare it with ¢;.

Zt = H[dt 7& Ct], (1)

where z; = 1 denotes an instruction—execution inconsistency.

A consistency decision is meaningful only if the physical-
evidence path is sufficiently reliable. We therefore model the
received observation as

Ty = F(T;my, qr), 2

where m; € {0,1}/ marks affected entries, ¢; denotes a
failure mode, and F applies the corresponding transformation.
The self-healing function g estimates &1.7 = g(&1.7), after
which f infers the executed action from the reconstructed
sequence.

The complete information flow is illustrated in Fig. 2.
The intended command reaches the verifier through a trusted
reference path, while robot execution is assessed indepen-
dently through joint encoders, self-healing, and multiscale
recognition. The method can then trigger an alarm or a safe
response, but the design of that response is outside the present
scope.

B. Threat and Failure Model

The threat model assumes that an instruction may be mod-
ified between the trusted supervisor and the robot controller.
The adversary does not control the trusted reference used in
(1). If both the command channel and reference are replaced
by the same value, no behavioral consistency method can
recover the original intent. The model also assumes that
enough joint motion remains to infer cross-joint structure;
complete and persistent compromise of all physical evidence
is outside scope.

Sensor unreliability may be accidental or adversarial. For
clean value z, training standard deviation o, and affected-entry
mask m, failure severity p is the fraction of joint-time entries
with m = 1. Seven failure modes are evaluated. Dropout
produces missing values (' <— NaN), stuck-at-zero produces
x’ <+ 0, excessive noise produces =’ + z + N(0, (20)?),
offset drift produces 2z’ < x + 20, gain error produces
z' + 2.5z, polarity inversion produces z’ < —x, and transient
spikes produce =’ < x £ 50. Missing values disclose their
locations through nonfinite encoding. Finite-valued faults do
not disclose their affected locations to the recovery model.
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Fig. 2. Overview of the proposed self-healing instruction-verification framework. The trusted intended instruction and the robot’s physical evidence follow
separate paths. Joint-encoder observations are processed by sensor self-healing and multiscale action recognition before the inferred action is compared with

the trusted instruction.

C. Design Objectives

The method is designed around four objectives. First, mo-
tor selection should identify sensors that carry action evi-
dence rather than assume that all joints are useful. Second,
action recognition should handle different temporal scales
and compound-session transitions. Third, self-healing should
restore both numerical fidelity and motion semantics under
unknown failure modes. Fourth, verification should remain
separate from the potentially altered command path. These
objectives lead to the four-stage methodology described next.

1IV. METHODOLOGY
A. Overview of the Proposed Method

This section introduces the proposed self-healing action-
verification method, as shown in Fig. 2. The method includes
an offline configuration stage and an online verification stage,
and it contains four main modules. In the offline stage, clean
labeled motor-encoder data are first used to extract velocity,
acceleration, and motion-range features. LIME is then applied
to measure the contribution of each joint encoder to action
discrimination, and a compact set of informative encoders is
selected. Based on the selected encoders, multiscale motion
features are extracted to build class-specific reference galleries,
and k-center selection is used to keep representative samples.
At the same time, different types and levels of sensor faults
are added to clean motion windows to train the self-healing
model, so that it can learn temporal continuity and cross-joint
relationships. In the online stage, the selected encoder signals
are first processed by the self-healing model to reconstruct
unreliable observations, and overlapping windows are com-
bined to obtain the healed motion sequence. The multiscale
recognition module then compares the current motion features
with the reference galleries and fuses the matching results
from different temporal scales to infer the physically executed
action. Finally, the inferred action is compared with the trusted
intended instruction. If they are different, an instruction-
execution inconsistency is reported. The details of each mod-
ule are introduced in the following subsections.

B. Explainable Motor Encoder Selection

Let Ja denote the set of candidate encoders, M = | a1/,
and X € RHs*M (denote a clean motion window. For
each joint, we extract three complementary motion descriptors
based on velocity, acceleration, and motion range:

v; = Stdte'TU (Xt7j - Xt—l,j)a (3)
a; = StthTa (Xt,j — 2Xt71,j + Xt72,j)7 (4)
rj = m?XXt,j — mtinXtyj, (5)

where 7, and 7, contain the valid temporal indices. The
descriptors of all candidate joints are concatenated into a
window-level feature vector and used to train an action-
discriminative model h.

LIME is then applied to explain the local predictions of h
for sampled training windows [40]. Let 3, ;. 57 ;. and S} ;
denote the local LIME coefficients of the three descriptors of
joint j for explanation sample n € S.. We use the absolute
coefficients because both positive and negative contributions
indicate the importance of a joint. The importance of joint j
is defined as

. 37 Lones, (8551 + 185 51+ 185, ;1) ©

maxse g &7 Lnes, (1806l + 1826l + 1870

The normalized score is used to select the informative subset
with a fixed relative-importance threshold 7:

T ={je€TJm:I; >7}. (7N

An encoder is retained when its aggregated importance reaches
the predefined fraction 7 of the strongest encoder.

C. Multiscale Gallery-Based Action Recognition

To recognize the physical action executed by the robot from
the selected motor encoders, we develop a multiscale gallery-
based recognition method. Let J = |7*| and £ denote a set of
causal window lengths. Using only one temporal scale may be
sensitive to motion speed and action phase. Therefore, motion



information from multiple temporal scales is used for action
recognition.

For a motion window W € R/ ¢ € L, the statistical
motion feature is defined as

d)(W) = [,LL, 0, Tmin; Lmax) Tmax — Lmin, AZL’, ‘U”; (8)

where each term is computed for every selected joint and then
concatenated. Here, Az denotes the difference between the last
and first positions in the window, and |v| denotes the mean
absolute first difference. The features are normalized using
statistics from the clean reference data.

For each action class ¢ and temporal scale ¢, a clean feature
gallery G, is constructed offline. Given the current causal
window X _,11., its distance to class c is defined by the
nearest reference feature:

d5(t) = min [|¢(Xs—rs12) — g3 ©)
9€G.e

Since the distance ranges may be different across temporal
scales, the class distances are normalized at each frame, pro-
ducing d¢(t). The normalized distances from multiple scales
are then fused as

De(t) = 3 wedi(t),

G; = arg min D(t),
ceC
leLl

(10)
where wy > 0 and ver We = 1. The action with the smallest
fused distance is selected as the physically executed action.
Since each motion window ends at the current frame ¢, the
recognition process is causal.

Consecutive motion windows are highly redundant. There-
fore, each class-specific gallery is condensed offline using the
classical k-center algorithm [41]. The procedure starts from
the sample closest to the feature mean and repeatedly selects
the sample farthest from the current retained set. This process
keeps representative motion patterns while reducing redundant
gallery samples.

D. Temporal Self-Healing of Motor Observations

To maintain reliable action recognition when motor ob-
servations become unreliable, we introduce a temporal self-
healing module to reconstruct corrupted encoder signals. Let
X € R¥*7 denote a clean motion window from the selected
encoders. During training, a failure type ¢ ~ p, and a
corruption ratio p ~ p, are sampled, and a binary corruption
mask M = (my ;) is generated with m, ; ~ Bernoulli(p).
The corrupted window is written as

X = F(X; M,q), (11)

where F applies the corresponding failure transformation of
Eq. (2) to the entries selected by M.

After per-joint normalization, the recovery model receives
both the motion values and an observation indicator. Let

O =I[X is observed], (12)

where an entry is marked as unobserved when it is missing
or identified as unreliable before reconstruction. Unobserved
values are replaced by the normalized mean, producing X.

The value and observation streams are concatenated and
projected into the latent space:

H)=[X||O]W,, + P, (13)

where P is a learned positional embedding.

The latent sequence is processed by a stack of Transformer
blocks to model temporal dependencies and relationships
across the selected joints. Each pre-normalized block is written
as [26]

H' = H + MHA(LN(H)),
H" = H' + FFN(LN(H')).

(14)
15)

After B Transformer blocks, a residual temporal-convolution
stage further refines local motion patterns:

H = LN(H} + Conv,, (GELU (Conv, (H¢)))). (16)
The recovered motion window is then obtained by
X = HW .. A7)

During training, the model is optimized to reconstruct
corrupted entries while preserving reliable observations. Let
Q= {(t,j) : my; = 1} denote the corrupted locations and 2
denote the observed locations. The reconstruction loss on the
corrupted entries is defined as

L = 7 2
masked — @ 7629 (xz - xz) . (18)

To avoid unnecessary changes to reliable motor observations,
an additional observed-entry consistency loss is defined as

1 .
['Observed - ﬁ Z (5171 - wi)z . (19)
e
The final training objective is
L= l:masked + Aoﬁobservedv (20)

where ), controls the contribution of the observed-entry
consistency term.
An exponential moving average of the model parameters is
maintained during training as
0« 70 + (1 — ). 1)
At inference, the trained recovery model is applied to

overlapping motion windows. Predictions for the same frame
from different windows are averaged:

o= 3 W)

(22)
|Wt ‘ wWEW,

where W, denotes the set of windows covering frame ¢. The
reconstructed value is used for entries marked as unreliable,
while reliable observations are retained. The resulting healed
motion sequence is then provided to the recognizer in Eq. (10)
to infer the physically executed action.



E. Instruction—Execution Consistency Verification

The healed motion sequence is first passed to the action rec-
ognizer to obtain the inferred action sequence a. After tempo-
ral alignment with the trusted intended action sequence a, the
two sequences are compared frame by frame. A mismatch is
reported when a; # a4, indicating that the physically executed
action is not consistent with the trusted intended instruction.
To reduce isolated mismatches near action transitions, the
binary mismatch sequence may be further processed using a
short persistence rule before an alarm is generated. This post-
processing does not require retraining and can be adjusted
independently from the recovery and recognition modules. The
verification module itself contains no learned parameters and
only determines whether the physical execution is consistent
with the trusted instruction; it does not identify which software
or control component caused the inconsistency.

Algorithm 1 Self-Healing Action Verification Pipeline

Input: Clean training set D, candidate encoders J,11, explanation samples
Se, threshold 7, action classes C, temporal scales £, fusion weights w,
retained gallery size m, failure family Q, distributions pq and p,, training
index set £, EMA coefficient -y, query observations X, and trusted intended
actions a

Output: Selected encoders J*, recognizer R, recovery parameters 0*,
inferred actions a, and verification flags z
Phase 1: Explainable Motor Encoder Selection
for all (X,,yn) € D do

Extract velocity, acceleration, and motion-range descriptors over J,11
Form the window-level feature vector w,,
end for
Train an action-discriminative model h on {(¢n,yn)}
for all n € Se do
Apply LIME to h around w, and obtain local coefficients 3,,
end for
for all j € 7,1 do
Compute normalized joint importance I; using Eq. (6)
end for
Select J* using Eq. (7)
Phase 2: Multiscale Gallery-Based Action Recognition
forallce C and £ € £ do
Extract causal motion windows of class c at scale £ over J*
Compute statistical motion features ¢(W')
Normalize the features using clean-gallery statistics
Apply k-center selection and retain m representative features as G. »
end for
Construct the multiscale recognizer R
Phase 3: Temporal Self-Healing Training B
Initialize recovery parameters § and EMA parameters 6
for all e € £ do
for all minibatches B from D|+ do
Sample failure type g ~ pg and corruption ratio p ~ p,
Generate corruption mask M and corrupted observations B
Construct the observation indicator O
Reconstruct B < gy (B, O)
Update 6 using Eq. (20)
Update 6 <— ~v0 + (1 — )0
end for
end for
Set 0* < 0
Phase 4: Online Self-Healing and Instruction Verification
for all overlapping windows W of X |7+ do
Reconstruct each window using gg+
Accumulate reconstruction results for all covered frames
end for R
Average overlapping predictions and form healed observations X
for all t € T do
Infer executed action a; using Eq. (10)
Set z¢ = 1 if a4+ # at, otherwise z; = 0
end for
return 7*,R,0* a, z

V. EVALUATION
A. Dataset and Environment setup

The dataset contains motor-encoder joint-state recordings
collected on a Booster Robotics K1 Education humanoid
robot [42] at approximately 20 Hz. The robot provides co-
ordinated multi-joint locomotion, making its motor-encoder
signals suitable for studying action-level physical execution.
Each frame records the joint angles of all 22 candidate
encoders and the executed action label. Five locomotion action
classes are included: forward, shift left, shift right, turn left,
and turn right. The single-action part contains ten sessions
per class, resulting in 50 sessions and 7,597 labeled motion
frames. During configuration, the first eight sessions of each
action class are used for model configuration and training,
giving 40 sessions, while the remaining two sessions form a
session-disjoint validation set of 10 sessions. After the model
configuration is fixed, all 50 single-action sessions are used
according to the evaluation protocol of each experiment. For
clean single-action recognition, five session-held-out folds are
used, each containing 40 training sessions and 10 test ses-
sions. The compound-action part contains eight sessions with
multiple action transitions and 8,003 labeled motion frames.
These sessions are kept separate from the configuration and
training data and are used for compound-action recognition,
self-healing, and instruction-verification evaluation. The five
action classes contribute 1,215, 1,880, 1,275, 1,813, and 1,820
frames, respectively. In total, the dataset contains 58 sessions
and 15,600 labeled frames. All data partitions are performed at
the session level rather than the frame level. All experiments
are conducted on a workstation with an Intel Xeon w3-2423
CPU and an NVIDIA RTX 4000 Ada GPU. The experimental
pipeline is implemented in Python 3.14.4 using PyTorch 2.13.0
with CUDA 13.0.

B. Model Initialization

This subsection introduces the model initialization, parame-
ter settings, and training configurations. For explainable motor
encoder selection, signals from all candidate encoders are used
to construct motion features. A 100-tree random forest is used
as the auxiliary model for LIME, and the LIME importance is
aggregated over 300 sampled training windows. The relative-
importance threshold is fixed at 7 = 0.20 according to Eq. (7).
Encoder-selection results are presented in the following sec-
tion. For the multiscale gallery-based action recognizer, the
causal window lengths are set to £ = {3,4,6,12}, and the
four temporal scales are combined using equal fusion weights
of 0.25. The maximum recognition context is 12 frames. For
each action class and temporal scale, k-center selection retains
385 reference features, resulting in 7,700 gallery references.
For the sensor self-healing module, the recovery model uses
a 64-frame input window, a latent dimension of 128, four
Transformer blocks with four attention heads, a feed-forward
dimension of 256, and temporal-convolution kernel sizes of
five and three. The observed-entry consistency weight A, is
set to 0.05. During mixed-failure training, the corruption ratio
is sampled from p ~ 1(0.1,0.7). The model is optimized
using AdamW [43], [44] with an initial learning rate of



1073, weight decay of 10~%, batch size of 128, dropout
of 0.05, gradient clipping at 1.0, and cosine learning-rate
decay to 5 x 107°. The recovery configuration is selected
using 40 single-action training sessions and 10 session-disjoint
validation sessions. Candidate configurations are compared on
the validation recordings under the seven sensor-failure modes
at 10%, 30%, 50%, and 70% corruption, and recovery RMSE
is used for model selection. The selected configuration uses
an exponential moving average with a decay of 0.9995 and a
common training budget of 300 epochs. After the configuration
is fixed, the recovery model is retrained using all 50 single-
action sessions, and the EMA parameters are used for the final
evaluation.

C. Evaluation Metrics

1) Classification Performance: To evaluate the classifica-
tion performance, we use accuracy and F1 score, defined as

TP +TN

ACC_TP+TN+FP+FN’ (23)
2TP

F, = 24

""" 2TP Y FP+ FN’ (24)

where TP, TN, FP, and FFN denote correctly classified
positive, correctly classified negative, incorrectly classified
positive, and incorrectly classified negative actions, respec-
tively.

2) Reconstruction Distance: To evaluate the quality of
sensor recovery, we use reconstruction RMSE and Wasserstein
distance. For the affected entries 2, RMSE is defined as

1 R
o] 2

1€Q

RMSE = — z)2. 25)

The Wasserstein distance between the clean and reconstructed
distributions of joint j is defined as

1
Wi(F;, Gy) = / F7 ()~ G )| du,  (26)
0

where F); and G; denote the clean and reconstructed distribu-
tions of joint j, respectively.

D. Evaluation Results of Motor Selection

Right Ankle Pitch
Right Ankle Roll
Right Hip Roll
Left Ankle Pitch
Left Hip Roll
Right Hip Yaw
Left Knee Pitch
Right Elbow Pitch
Left Hip Yaw
Left Hip Pitch -
Left Shoulder Roll 4]
Right Hip Pitch 40 ]
Left Elbow Pitch 4= ]
Right Shoulder Roll 40
Left Elbow Yaw 4]
ARight Shoulder Pitch 4]
Head Pitch 4]
Left Ankle Roll 4]
Right Elbow Yaw 4]
ALeft Shoulder Pitch 4]
Right Knee Pitch 4= ]

Aniead Yo S — =~ 20% relative-importance threshold
0 20 40 60 80 100
Relative aggregated LIME importance (%)
Fig. 3. Normalized LIME importance from clean single-action training

sessions. Blue bars satisfy the fixed 20% relative-importance threshold; gray
bars are excluded.

Figure 3 shows the normalized LIME importance of the
22 candidate encoders with the fixed 20% relative-importance
threshold. The importance values are aggregated over 300
sampled training windows. Encoders above the threshold are
shown in blue, while the remaining encoders are shown in
gray. The encoders are ordered from the highest importance to
the lowest importance. The highest scores are obtained by the
right ankle pitch and right ankle roll, followed by the right hip
roll and left ankle pitch. Nine encoders have importance scores
above the 20% threshold. The ninth encoder has an importance
score of 27.8%, while the tenth encoder has a score of 18.7%,
giving a difference of 9.1 percentage points. According to
the fixed threshold rule, these nine encoders are selected for
the following action-recognition and self-healing experiments.
Most of the selected encoders are located in the lower-body
joints, while the right elbow pitch is also included. The
encoder ranking is obtained only from the clean single-action
training data. The nine selected encoders are further evaluated
on ten session-disjoint single-action validation recordings and
achieve a mean accuracy of 99.46%. This result shows that the
selected encoder subset can provide high recognition accuracy
on unseen single-action sessions. These validation recordings
are not used for the LIME importance ranking or threshold
determination.

E. Evaluation Results of Action Recognition

TABLE I
AVERAGE CLEAN ACTION RECOGNITION ACCURACY AND MACRO-F1 (%).
SINGLE-ACTION VALUES AVERAGE FIVE SESSION-HELD-OUT FOLDS AND
COMPOUND VALUES AVERAGE EIGHT SESSIONS.

Method Single action Compound
Acc. F1 Acc. Fl1
Gaussian NB 81.7 83.1 73.5 74.2
AdaBoost 81.4 81.2 77.2 77.1
Logistic regression 93.7 93.7 86.0 86.7
Decision tree 94.8 94.6 87.6 87.8
Random forest 98.0 98.0 91.6 91.9
RBF-SVM 98.4 98.3 91.0 91.4
ID-CNN 98.3 98.2 91.6 91.5
BiLSTM 98.4 98.3 92.3 92.3
Transformer 98.1 98.0 92.9 92.9
KNN-1 98.7 98.6 92.1 92.4
Proposed multiscale 98.4 98.3 94.8 95.1

Table I compares the proposed multiscale recognizer with
ten baseline methods on both single-action and compound-
action data. The baseline methods include traditional machine-
learning classifiers, such as Gaussian naive Bayes, AdaBoost,
logistic regression, decision tree, random forest, RBF-SVM,
and KNN-1, as well as deep-learning models including 1D-
CNN, BiLSTM [45], and Transformer. For single-action recog-
nition, the proposed multiscale recognizer achieves a high
accuracy of 98.4% and a macro-F1 of 98.3%, showing com-
petitive performance among all comparison methods. Among
the traditional methods, Gaussian naive Bayes and AdaBoost
obtain relatively lower accuracies of 81.7% and 81.4%, while
logistic regression and decision tree improve the results to
93.7% and 94.8%, respectively. Random forest and RBF-SVM



TABLE II
SENSOR-FAILURE RECOVERY AVERAGED OVER SEVEN MODES. RMSE AND STANDARDIZED WD ARE LOWER-IS-BETTER; ACTION ACCURACY AND
MACRO-F1 ARE PERCENTAGES AND HIGHER-IS-BETTER.

10% failure

30% failure

50% failure 70% failure

Method
RMSE WD Acc. FI RMSE WD Acc. FI RMSE WD Acc. FI RMSE WD Acc. Fl

Unmitigated — — 553 5538 — — 31.8 282 — — 269 212 — — 280 227
Moving average 0.110 045 805 816 0.154 0.67 578 574 0.192 0.87 448 415 0227 1.08 38.0 329
Median filter 0.099 026 912 916 0.176 0.60 657 667 0239 101 422 41.0 0284 140 346 31.1
Savitzky—Golay 0.147 0.69 77.1 779 0.189 0.87 534 536 0223 1.05 403 392 0255 1.23 338 29.8
Gaussian filter 0.127 056 80.6 81.6 0.164 0.75 578 572 0.198 092 459 424 0230 1.11 393 343
Wiener filter 0.227 097 689 698 0210 088 583 582 0222 099 512 505 0243 1.14 429 415
Hampel 0.225 073 88.0 883 0.280 1.16 573 579 0323 159 345 322 0344 1.85 29.1 245
Linear interpolation 0.325 1.81 584 588 0.330 1.81 38.7 350 0334 1.81 347 29.1 0336 1.81 342 290
Exp. smoothing 0.150 0.62 712 727 0.180 0.78 504 489 0.209 094 406 360 0236 1.11 362 30.1
Butterworth 0.121 039 362 364 0.150 056 333 304 0.183 076 327 284 0.215 097 312 253
PCA 0.151 0.80 843 846 0.179 091 70.1 693 0205 1.04 543 526 0229 1.17 425 388
KNN 0.060 0.19 824 80.7 0.072 026 723 682 0.083 030 659 61.0 0.093 036 579 509
TCN 0.042 0.11 909 913 0.046 0.11 88.6 89.1 0.049 0.11 87.0 87.7 0.052 0.13 84.8 855
Conv. autoencoder 0.044 0.11 89.1 899 0.048 0.11 835 846 0.052 0.12 80.7 817 0.056 0.14 783 792
TMAE (ours) 0.028 0.08 93.0 931 0.028 0.06 92.7 93.0 0.030 0.06 92.7 93.0 0.033 0.07 92.1 924

further achieve 98.0% and 98.4% accuracy. The deep-learning
models also obtain strong single-action performance, with 1D-
CNN, BiLSTM, and Transformer reaching 98.3%, 98.4%, and
98.1% accuracy, respectively. KNN-1 achieves the highest
single-action accuracy of 98.7% and macro-F1 of 98.6%.
For compound-action recognition, the proposed multiscale
recognizer achieves the highest accuracy of 94.8% and the
highest macro-F1 of 95.1% among all evaluated methods.
In comparison, Gaussian naive Bayes and AdaBoost obtain
73.5% and 77.2% accuracy, while logistic regression and deci-
sion tree reach 86.0% and 87.6%, respectively. Random forest,
RBF-SVM, and KNN-1 further improve the compound-action
accuracy to 91.6%, 91.0%, and 92.1%. The deep-learning
methods also show better performance than most traditional
classifiers, where 1D-CNN achieves 91.6%, BiLSTM reaches
92.3%, and Transformer obtains 92.9% accuracy. Overall, the
results show that the proposed method maintains high recog-
nition performance for isolated single actions and provides
the best performance for the more complex compound-action
sequences.

F. Evaluation Results of Sensor Recovery

Table II compares the proposed TMAE with thirteen recov-
ery baselines under 10%, 30%, 50%, and 70% sensor-failure
ratios. The comparison methods cover several commonly used
recovery strategies. Moving average, median, Savitzky—Golay,
Gaussian, Wiener, Hampel, exponential smoothing, and But-
terworth are included as classical filtering methods, while lin-
ear interpolation estimates corrupted values from neighboring
observations. PCA is used as a low-dimensional reconstruction
baseline, and KNN performs recovery based on nearby clean
motion patterns. TCN [19] and the convolutional autoencoder
are included as learned temporal-recovery baselines. For a fair
comparison, the learned recovery models use the same 50
single-action training sessions, the same seven-failure mixed
corruption setting, the same AdamW optimizer, batch size

of 128, EMA procedure, and the same 300-epoch training
budget. The same training data and random seed are also used
for the learned baselines. PCA and KNN are fitted only on
clean single-action training windows, while the compound-
action recordings are not used for training and are used
only for recovery and recognition evaluation. All methods
receive the same corrupted compound-action sequences at
each failure ratio. The reported RMSE and WD measure the
reconstruction quality, while accuracy and macro-F1 measure
whether the recovered signals can still support correct action
recognition. Each value in Table II is averaged over the seven
sensor-failure modes. The unmitigated setting directly uses the
corrupted observations without any recovery and is included as
a reference to show the performance loss when sensor failures
are not handled.

At 10% failure, the proposed TMAE achieves the best
overall performance, with an RMSE of 0.028, WD of 0.08,
accuracy of 93.0%, and macro-F1 of 93.1%. Among the clas-
sical methods, median filtering performs relatively well and
reaches 91.2% accuracy with an RMSE of 0.099, while mov-
ing average and Gaussian filtering obtain 80.5% and 80.6%
accuracy, respectively. PCA reaches 84.3% accuracy, and KNN
obtains a relatively low RMSE of 0.060 but only 82.4%
action-recognition accuracy. The learned recovery methods
give stronger results, where TCN achieves 90.9% accuracy and
91.3% macro-F1, while the convolutional autoencoder reaches
89.1% accuracy and 89.9% macro-F1. When the failure ratio
increases to 30%, the proposed TMAE remains almost un-
changed, with 92.7% accuracy, 93.0% macro-F1, an RMSE
of 0.028, and WD of 0.06. In contrast, the performance of
most comparison methods starts to decrease more clearly. TCN
drops to 88.6% accuracy and the convolutional autoencoder to
83.5%, while KNN and PCA decrease to 72.3% and 70.1%,
respectively. Most classical filtering methods are reduced to
approximately 50%-66% accuracy. At 50% failure, TMAE
still maintains 92.7% accuracy and 93.0% macro-F1, and its
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Fig. 4. Per-mode reconstruction and action-recognition results at 10% sensor failure. Each panel repeats the seven failure labels to avoid cross-panel ambiguity.

The proposed method is shown in red.

RMSE increases only slightly to 0.030. This result shows that
the performance of the proposed method changes very slowly
as more observations become corrupted. By comparison, TCN
decreases further to 87.0% accuracy, the convolutional au-
toencoder to 80.7%, KNN to 65.9%, and PCA to 54.3%,
while most classical methods fall below 55% accuracy. At the
highest 70% failure ratio, TMAE still achieves 92.1% accuracy
and 92.4% macro-F1, with an RMSE of 0.033 and WD of 0.07.
From 10% to 70% failure, its accuracy decreases by only 0.9
percentage points, from 93.0% to 92.1%. In contrast, TCN
decreases from 90.9% to 84.8%, the convolutional autoencoder
from 89.1% to 78.3%, KNN from 82.4% to 57.9%, and PCA
from 84.3% to 42.5%. The unmitigated setting decreases from
55.3% to 28.0%. Overall, the proposed TMAE shows the
slowest performance degradation as the failure ratio increases
and maintains both low reconstruction error and high action-
recognition performance across all four failure levels.

Figure 4 presents the recovery and recognition results
for the seven individual sensor-failure modes at the 10%
failure ratio. The evaluated failures include missing values,
zero replacement, additive noise, bias offset, scale change,

sign flip, and impulse corruption. Missing and zero failures
remove or replace the original observations, noise adds ran-
dom perturbations, bias and scale change the signal level or
amplitude, sign flip reverses the signal direction, and impulse
corruption introduces large abnormal spikes. The four panels
report RMSE, WD, accuracy, and macro-F1, respectively,
and the proposed method is shown in red. At this relatively
low failure ratio, most learned methods still maintain high
recognition performance, but clear differences can already be
observed among different failure modes. For missing failure,
linear interpolation achieves the highest recognition accuracy
of 94.50%, while the proposed method reaches 92.85% with
a much lower RMSE of 0.027 rad and WD of 0.073. For zero
failure, the proposed method achieves the highest accuracy
of 92.90%, compared with 91.31% for median filtering and
91.08% for TCN. Under noise, the proposed method reaches
93.27% accuracy with an RMSE of 0.033 rad, while median
filtering gives a similar accuracy of 93.10% but a higher
RMSE of 0.066 rad. For bias and scale failures, the proposed
method achieves 92.63% and 93.06% accuracy, respectively,
and keeps the lowest reconstruction errors among the com-
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Fig. 5. Per-mode reconstruction and action-recognition results at 70% sensor failure. Severe finite-valued failures expose a widening gap over classical and
convolutional baselines; TMAE leads every comparison method in the seven-mode averages.

pared methods. The difference becomes more obvious for sign-
flip and impulse failures. Under sign flip, the proposed method
achieves 93.05% accuracy, while TCN and the convolutional
autoencoder reach 90.89% and 90.80%, respectively. Under
impulse failure, the proposed method reaches 92.91% accu-
racy, compared with 89.99% for median filtering and 89.79%
for TCN. These results show that the proposed method already
provides stable reconstruction and recognition across all seven
failure modes even at the 10% corruption level.

Figure 5 further presents the same seven failure modes
when the sensor-failure ratio increases to 70%. Compared with
Fig. 4, the performance gap between the proposed method and
most comparison methods becomes much larger. For missing
and zero failures, the proposed method still achieves 91.90%
and 91.65% accuracy, while TCN reaches 90.50% and 89.53%,
respectively. Under noise failure, the proposed method obtains
90.55% accuracy with an RMSE of 0.053 rad, compared with
87.34% accuracy and 0.059 rad RMSE for TCN. For bias
and scale failures, the proposed method reaches 92.86% and
93.28% accuracy, with RMSE values of only 0.026 and 0.021
rad, respectively. The difference becomes especially clear for

sign-flip and impulse failures. Under sign flip, the proposed
method achieves 92.22% accuracy and an RMSE of 0.020
rad, while TCN reaches 90.56% accuracy with an RMSE
of 0.030 rad. Under impulse failure, the proposed method
still achieves 92.13% accuracy with an RMSE of 0.027 rad,
whereas the strongest baseline in recognition, KNN, reaches
only 74.52% accuracy with an RMSE of 0.075 rad. TCN and
the convolutional autoencoder decrease further to 54.92% and
35.77% accuracy under impulse failure. Overall, the proposed
method remains above 90% accuracy for all seven failure
modes at the 70% corruption level, while many comparison
methods show a much larger performance decrease. This
further shows that the proposed self-healing method degrades
slowly as the failure ratio increases and can maintain stable
action recognition under severe sensor corruption.

G. Case Study of End-to-End Self-Healing

Figure 6 presents a qualitative case study of the proposed
end-to-end self-healing process under a 70% sensor-failure ra-
tio. The four rows correspond to four selected motor encoders
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respectively.

from four different compound-action sessions, while the three
columns show noise, bias, and impulse failures, respectively.
In each signal panel, the ground-truth trajectory is shown in
dark color, the faulty observation is shown in red, and the
self-healed output is shown by the green dashed line. The three
action bars below each signal panel show the action sequences
obtained from the ground-truth, faulty, and self-healed motor
signals. The five colors represent forward, shift left, shift right,
turn left, and turn right.

The three failure modes produce different types of signal
distortion. Under noise failure, the faulty observations fluc-
tuate strongly around the original trajectory, while the self-
healed signal follows the main motion pattern and removes
most of the random variation. Under bias failure, the faulty
signal is shifted away from the ground-truth trajectory for a
long period, while the self-healed result restores the signal
toward the original motion level. Under impulse failure, large
abnormal spikes are introduced into the motor observations,



but the reconstructed signal removes most of these spikes and
preserves the major motion changes.

The action bars show the same effect at the recognition
level. The faulty observations frequently produce long incor-
rect action segments or collapse the prediction into only a
small number of action classes. After self-healing, the pre-
dicted action sequences become much closer to those obtained
from the ground-truth signals, and most major action tran-
sitions are recovered. This behavior is consistently observed
across the four motors and different compound-action sessions,
showing that the proposed method can recover useful motion
information and support stable action recognition even under
a severe 70% sensor-failure condition.

H. Evaluation Results of Instruction Verification

To evaluate the final instruction—execution verification stage,
we construct controlled command-substitution cases from the
compound-action recordings. For each executed-action frame,
the matching action label is used as the normal intended
command, while each of the other four action classes is
separately used as a substituted command. This produces one
normal case and four inconsistent cases for every frame and
covers all 20 ordered action substitutions. Because the final
verification rule directly compares the inferred physical action
with the trusted intended command, its performance is mainly
determined by the underlying action-recognition result.

With clean motor observations, the proposed framework
achieves 96.8% balanced verification accuracy. Without self-
healing, the balanced accuracy decreases from 72.0% at 10%
sensor failure to 55.0% at 70% failure. After self-healing,
it remains nearly unchanged, reaching 95.6% at 10% failure
and 95.1% at 70% failure. At the highest 70% failure ratio,
the normal-command acceptance still reaches 92.1%, while
the tampered-command recall reaches 98.0%. These results
show that the self-healing stage allows the final instruction—
execution consistency verification to remain stable even under
severe sensor corruption.

TABLE III
COUNTERFACTUAL INSTRUCTION-VERIFICATION RESULTS (%)

Evidence Failure Normal Tamper Balanced
ratio accept. recall accuracy
Clean 0% 94.8 98.7 96.8
Unmitigated  10% 55.3 88.8 72.0
Unmitigated 30% 31.8 83.0 57.4
Unmitigated  50% 26.9 81.7 543
Unmitigated 70% 28.0 82.0 55.0
Self-healed 10% 93.0 98.2 95.6
Self-healed  30% 92.7 98.2 95.4
Self-healed ~ 50% 92.7 98.2 95.4
Self-healed ~ 70% 92.1 98.0 95.1

VI. DISCUSSION

The experimental results show that the proposed frame-
work can maintain reliable action recognition and instruction—
execution verification under both clean and faulty motor

observations. The proposed multiscale gallery-based recog-
nizer achieves 98.4% accuracy for single-action recognition
and 94.8% for compound-action recognition. This shows that
motion information from different temporal scales is useful
for describing both individual actions and action transitions.
Different from methods that require classifier training, the
proposed recognizer does not use trainable classifier param-
eters and directly matches the current motion features with
class-specific reference galleries. Under sensor failures, the
self-healing model further improves the reliability of the
motor evidence. At 10%, 30%, 50%, and 70% failure ratios,
the proposed method achieves average recognition accura-
cies of 93.0%, 92.7%, 92.7%, and 92.1%, respectively. The
accuracy decreases by only 0.9 percentage points when the
failure ratio increases from 10% to 70%, showing that the
proposed method degrades slowly under more severe sensor
corruption. This stability comes from using temporal and
cross-joint information to reconstruct unreliable observations
while using the observed-entry consistency term to preserve
reliable observations. Therefore, the recovered signals can still
keep the motion patterns needed by the downstream action
recognizer. The final recognized action can then be compared
with the trusted intended instruction for instruction—execution
consistency verification.

Nevertheless, several limitations still need further study.
First, although the multiscale gallery-based recognizer does
not require trainable classifier parameters, it needs to store a
separate reference gallery for each action class and temporal
scale, which introduces a relatively large storage cost. This is
because representative motion patterns from different action
phases and temporal scales need to be retained for matching.
The current k-center selection can reduce redundant gallery
samples, but the storage requirement may still increase when
the number of actions, temporal scales, or training sessions
becomes larger. More compact prototype selection, feature
quantization, or gallery compression can be studied in fu-
ture work. Second, the current sensor failures are injected
into clean recordings. This provides controlled failure types
and corruption ratios, but cannot fully represent all physical
encoder failures in real robots. Instruction tampering is also
evaluated by controlled command substitution rather than
a live compromised communication or control channel. In
addition, the current dataset is collected from one humanoid
robot and contains five locomotion actions, so the selected
encoders and reference galleries may need to be updated
for different robot platforms, actions, speeds, and operating
environments. Finally, the current self-healing model processes
buffered motion windows, which introduces additional delay.
Future work will further evaluate real sensor failures and
online instruction manipulation, extend the framework to more
robot platforms and action types, and study causal or streaming
recovery together with more compact gallery storage.

VII. CONCLUSION

Reliable verification of physical robot execution is important
for humanoid robots operating under possible instruction tam-
pering and sensor failures. Protecting the command path alone



cannot guarantee that the final robot behavior is correct, while
unreliable motor observations can further reduce the reliability
of execution verification. In this paper, we proposed a self-
healing motor-based action verification framework that com-
bines explainable motor-encoder selection, multiscale gallery-
based action recognition, and temporal sensor recovery. The
proposed recognizer infers the physically executed action
without trainable classifier parameters, while the self-healing
model reconstructs unreliable motor observations using tem-
poral and cross-joint information. The inferred action is finally
compared with the trusted intended instruction for consistency
verification. Experimental results on a Booster Robotics K1
Education humanoid robot show that the proposed method
achieves 98.4% accuracy for single-action recognition and
94.8% for compound-action recognition. Under seven sensor-
failure modes, the self-healing method achieves average recog-
nition accuracies of 93.0%, 92.7%, 92.7%, and 92.1% at
10%, 30%, 50%, and 70% failure ratios, respectively, show-
ing only a small performance decrease as sensor corruption
increases. At the 70% failure ratio, the final instruction—
execution verification still achieves 95.1% balanced accuracy.
Future work will evaluate real sensor failures and online
instruction manipulation, extend the framework to more robot
platforms and action types, and investigate causal recovery and
more compact gallery storage for practical deployment.
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