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Abstract

Commercial humanoid robots now closely match
human body proportions and movement, and ordi-
nary clothing is often enough to make them visu-
ally indistinguishable from a person. This visual
similarity introduces new risks: a humanoid can
be mistaken for a human in surveillance footage,
enabling the fabrication of false alibis. To our
knowledge, no existing benchmark directly stud-
ies human-versus-humanoid identification under
an appearance-free motion-only setting. We ad-
dress this problem by determining whether a mo-
tion sequence corresponds to a human or a hu-
manoid, using only temporal pose information
without relying on visual appearance cues. We
construct HvH (HumanVsHumanoid), a dataset
spanning 38 humanoid platforms and 11 shared
action classes, and propose I-Robot, a dual-branch
model that processes raw pose sequences and their
temporal differences in parallel and fuses them
via learned per-channel attention. I-Robot consis-
tently outperforms standard sequence and skele-
ton classifiers on HvH.

1. Introduction
Distinguishing a humanoid robot from a human is becoming
visually hard. In just a few years, commercial humanoid plat-
forms have reached human-scale body proportions, human-
like walking, and a joint range close to that of a person (Peng
et al., 2018; Rudin et al., 2022). Putting ordinary clothes
on such a robot is now often enough to make it look like
a human, and recent public demos show that actions like
walking, turning, and picking up objects already sit within
the natural range of human movement.
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Figure 1. Human-versus-humanoid identification.

This visual similarity opens a new space for misuse, while
identifying humanoids (Abdulatif et al., 2018) has received
little attention. A humanoid walking past a surveillance
camera could be logged as a person, fabricating an alibi
at a location the real person never visited. The same pat-
tern has played out twice before with face spoofing and
deepfakes (Van Den Oord et al., 2016; Liu et al., 2018; Kar-
ras et al., 2019; Kim et al., 2025): generation and attack
tools reached practical quality before reliable detectors ex-
isted (Rossler et al., 2019; Jeong et al., 2022; Shiohara &
Yamasaki, 2022; Jung et al., 2025; Chen et al., 2025), and
detection matured only in response to documented cases of
misuse. Addressing humanoid identification before a com-
parable trigger occurs motivates this work.

We therefore address human-versus-humanoid identifica-
tion from motion. To support this task, we construct the
HvH (HumanVsHumanoid) dataset, which consists of 574
videos collected from public YouTube footage, covering a
broad range of real-world humanoid motions across both
recent and earlier platforms. HvH covers 38 humanoid plat-
forms and 11 human action classes, with both sides sharing
the same action taxonomy to reduce context bias. Each
clip is processed by off-the-shelf MHR (Ferguson et al.,
2025) and SMPL (Loper et al., 2023) estimators, such as
SAM3D (Yang et al., 2026) and ScoreHMR (Stathopoulos
et al., 2024), to produce pose sequences, and the dataset pro-
vides evaluation protocols that hold out unseen platforms
and actions to measure generalization beyond the training
distribution.

As a simple but effective baseline, we propose I-Robot,
a dual-branch model that processes raw pose sequences
and temporal difference sequences in parallel to distinguish
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humans from humanoids, visualized in Figure 1. I-Robot
consistently outperforms standard sequence classification
baselines, showing that temporal pose differences provide
a highly discriminative cue for separating humans from hu-
manoids. Beyond detection, I-Robot can serve as a general-
purpose probe that quantifies how distinguishable a plat-
form’s motion is from natural human movement, providing
a useful signal for human-robot interaction and motion gen-
eration as humanoid motion continues to close the gap with
human movement.

Our contributions are as follows:

• We address human-vs-humanoid identification from
motion, motivated by the misuse risk of humanoids
whose visual appearance already matches humans.

• We construct the HvH dataset, covering 38 humanoid
platforms and 11 action classes collected from public
YouTube footage, with a held-out split of advanced
platforms for measuring generalization to unseen sys-
tems.

• We propose I-Robot, which processes raw pose and
temporal difference sequences in parallel, and show
that it consistently outperforms standard sequence clas-
sifiers, identifying frame-to-frame pose differentials as
the most discriminative cue.

2. Related Work
2.1. Human Motion Imitation for Robots

Humanoid robotics has aimed to create artificial agents that
resemble humans in both form and behavior, motivating
extensive research on human motion and behavior imitation.
Early motion imitation studies formulated human-to-robot
transfer as constrained optimization or inverse-kinematics
problems, allowing captured human motions to be repro-
duced under robot-specific physical limitations (Nakazawa
et al., 2002; Safonova et al., 2003; Dariush et al., 2009).
Physics-based reinforcement learning later extended this
direction by training simulated humanoid agents to imitate
diverse reference motions with physically plausible con-
trol (Heess et al., 2017; Peng et al., 2017; 2018; 2021; 2022).
More recent motion retargeting and whole-body teleopera-
tion systems have further bridged human–robot embodiment
gaps, allowing real humanoid robots to reproduce increas-
ingly natural human-like behaviors (He et al., 2024; Ze
et al., 2025; Li et al., 2025). Motivated by these advances,
we study a new question raised by them: whether humanoid
motion, as it grows ever closer to human motion, can still
be reliably distinguished.

2.2. Pose Estimation

We use pose estimation methods to obtain meaningful body
representations from visual observations. 2D pose estima-
tion is limited in capturing spatially consistent body config-
urations because they encode body joints only in the image
plane, making it sensitive to viewpoint changes, depth ambi-
guity, and occlusion (Toshev & Szegedy, 2014; Newell et al.,
2016; Cao et al., 2017; Sun et al., 2019). In contrast, 3D
pose estimation provides explicit structural and kinematic
information, such as joint configuration, body orientation,
and pose geometry, which is more suitable for comparing
human and humanoid behaviors beyond appearance-level
cues (Kanazawa et al., 2018; Kolotouros et al., 2019; Ko-
cabas et al., 2020; 2021; Zhu et al., 2023). Recent 3D human
recovery methods, such as Score-Guided Human Mesh Re-
covery (Stathopoulos et al., 2024) and SAM 3D Body (Yang
et al., 2026), further improve pose representation by esti-
mating parametric body models from images. In this work,
we leverage these advances to extract MHR (Ferguson et al.,
2025) and SMPL (Loper et al., 2023) representations as
effective 3D body-level features.

2.3. Human Identification

A related line of research recognizes humans while reduc-
ing reliance on appearance cues such as clothing and outfit.
Cloth-changing person re-identification exploits clothing-
irrelevant cues such as body shape, contour, and motion
(Qian et al., 2020; Gu et al., 2022; Jin et al., 2022), while
gait recognition models body dynamics from RGB, skele-
ton, or pose sequences under variations in viewpoint, cloth-
ing, and carrying condition (Chao et al., 2019; Fan et al.,
2023; Teepe et al., 2021; Liao et al., 2020). These studies
are relevant because humanoids may be clothed or cov-
ered with human-like shells, making appearance unreliable.
However, they mainly assume human subjects and focus
on identity recognition, whereas our goal is category-level
human-versus-humanoid identification across diverse ac-
tions and platforms.

2.4. Human–Robot Comparison

Prior work (Abdulatif et al., 2018) classifies humans and
robots using radar micro-Doppler signatures, but requires
specialized radar hardware confined to constrained indus-
trial settings. Concurrent with our work, (Feng et al., 2026)
quantifies biomechanical divergence between human and
humanoid gaits from joint-level measurements to provide
benchmarks for humanoid robot dynamics, yet it is limited
to walking and demands direct access to the robot’s internal
state. (Li et al., 2026) predicts scalar human-likeness scores
on pose sequences via the Motion Turing Test, but its for-
mulation is inherently a regression over subjective human
ratings and does not yield a detection signal for distinguish-
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Raw Video Extracted Pose parameters

Figure 2. Raw humanoid video and the corresponding extracted
pose parameter.

Table 1. HvH dataset overview.

Metric Value

Total clips (scenes) 574
Humanoid clips 399
Human clips 175
Humanoid platforms 38
Action classes 11
Total duration 2.8 h
Avg clip length – Humanoid 20.7 s
Avg clip length – Human 10.3 s
Median clip length – Humanoid 9.9 s
Median clip length – Human 6.7 s

ing human from humanoid motion. Our work also operates
on pose motion but reframes the problem as detection across
diverse humanoid motion types, overcoming the sensing,
scope, and task-formulation limitations of prior efforts.

3. HumanVsHumanoid Dataset (HvH Dataset)
HvH is a new dataset for human and humanoid identification
from pose motion, collected entirely from publicly available
YouTube videos. Table 1 summarizes the dataset. It contains
574 clips in total, split into 399 humanoid clips across 38
commercial and research platforms and 175 human clips,
covering 11 shared action classes with a total duration of
approximately 2.8 hours.

3.1. Data Collection and Processing

We collected videos from YouTube and processed each clip
into MHR (Ferguson et al., 2025) and SMPL (Loper et al.,
2023) parameter sequences to extract motion. We visual-
ize in Figure 2 the raw video alongside the corresponding
extracted MHR parameter.

Videos were searched and downloaded from YouTube us-
ing platform names and action keywords as queries. For
humanoid clips, queries were formed by combining each
of the 38 platform names with action terms such as walk-
ing, picking, and dancing. For human clips, the same action

terms were used to collect clips of people performing the
same movement categories.

Every clip was manually reviewed before pose estimation
was applied. Reviewers checked that the subject remained
visible without heavy occlusion throughout the clip, and that
the bounding box of the robot was clearly defined for hu-
manoid clips. Clips that failed either check were discarded,
and only the 574 clips that passed both conditions formed
the final dataset.

Pose estimation was applied to each passing clip using two
independent pipelines, one per representation. MHR param-
eters were extracted directly using SAM 3D Body (Yang
et al., 2026), which recovers full-body mesh parameters
from monocular video without a separate detection stage.
In our experiments, we use the SMPL parameters that were
extracted using a two-stage pipeline: D-FINE (Peng et al.,
2024) first detected the subject bounding box at every frame,
and the ScoreHMR (Stathopoulos et al., 2024) was then ap-
plied inside the detected region to extract SMPL parameters.
Both representations are stored at a fixed frame rate and used
as input to all experiments, allowing us to compare their
effectiveness as motion descriptors for the identification
task.

3.2. Dataset Statistics

Figure 3 shows the distribution of clips across action classes
and humanoid platforms. Walking, exercise, and picking are
the three largest action classes, while stairs and jumping
are the smallest. Humanoid clips are on average longer than
human clips, with a mean of 20.7 s versus 10.3 s, because
some humanoid demonstration videos are unusually long.
The 37 clips labeled as unknown are excluded from action-
level evaluation. The dataset spans 38 humanoid platforms
and follows a long-tail distribution. A few platforms, such
as Boost Robotics T1, Phoenix, and Figure 02, account for
a large share of clips, while most platforms have fewer
than ten samples. This reflects the uneven availability of
humanoid footage in the wild.

3.3. Evaluation Protocols

The validation split is designed to test generalization across
both action categories and humanoid platforms. For human
clips, an 8:2 split is applied per action class, resulting in
141 training clips and 34 validation clips across 10 action
categories. For humanoid clips, an 8:2 split is applied per
platform at the clip level, resulting in 314 training clips
and 108 validation clips across 38 platforms. Three plat-
forms are assigned entirely to the validation set and never
appear in training, including Unitree H1, Unitree H2, and
Xpeng IRON. These platforms were not seen during training,
providing a stricter evaluation of generalization to unseen
platforms. Among them, Unitree H1, Unitree H2, and IRON
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Figure 3. Statistics of the HvH dataset. (A) Distribution of videos across action classes for both humanoid robots and humans. (B)
Distribution of videos across different humanoid platforms.
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Figure 4. Visualization of our proposed framework, I-Robot.

represent particularly advanced humanoid systems whose
motion characteristics are closest to natural human move-
ment, making them the hardest cases in the validation set.

4. Proposed Method
We propose I-Robot, a pose motion-based framework for
distinguishing humans from humanoid robots. I-Robot oper-
ates on parametric pose sequences alone, processes the raw
pose trajectory and its temporal difference in two parallel
branches, and fuses them through a learned convolutional at-
tention so that the contribution of postural and velocity-level
cues is reweighted on a per-sample basis. We visualized the
proposed framework in Figure 4.

4.1. Problem Formulation

We focus on a setting where a humanoid robot already looks
like a human, perhaps wearing clothes, a mask, or a realis-
tic outer shell, so visual cues alone can no longer tell the
two apart. Appearance features such as texture, color, and
body shape can be copied from a human on demand, but
motion cannot: it is produced by the robot’s own physics
and controllers, and is hard to fake from one frame to the
next. We therefore identify humans and humanoids from
how they move, using pose parameter sequences extracted

from monocular video instead of raw image frames.

Formally, given a sequence of pose parameters X =
{xt}Tt=1 extracted from a monocular video clip, the goal
is to predict a binary label y ∈ {0, 1} indicating whether the
subject is a human or a humanoid robot. Each frame xt is a
flattened pose vector, and the sequence is sampled to a fixed
window of T = 32 frames. The input dimension depends
on the pose representation: xt ∈ R207 for SMPL parameters
and xt ∈ R381 for MHR joint coordinates. In both cases, the
model receives no image or appearance information, only
the motion trajectory encoded in the pose sequence.

4.2. I-Robot

We propose I-Robot, a dual-branch model for human vs.
humanoid identification from pose sequences. The model
encodes the raw pose sequence and its frame-wise difference
in parallel and fuses the two branches via a learned per-
channel attention.

Difference stream. Given X ∈ RT×D, we define the
frame-wise difference as

∆xt = xt − xt−1, t = 2, . . . , T, (1)

with ∆x1 = 0. The difference signal exposes subtle frame-
to-frame irregularities that are largely flattened in the raw
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Table 2. Comparison results on validation set on MHR parameters.

Model F1 AUC Accuracy Precision Recall

1D-CNN 0.7827 0.9181 0.8863 0.7544 0.8264
GRU 0.7896 0.9145 0.8896 0.7602 0.8354
LSTM 0.7740 0.8814 0.8885 0.7562 0.7967
TCN 0.8197 0.9368 0.9224 0.8410 0.8020
CTR-GCN 0.5877 0.8996 0.8571 0.4606 0.8117
ST-GCN 0.5547 0.8753 0.8645 0.4719 0.6728

I-Robot (Ours) 0.8479 0.9304 0.9286 0.8388 0.8579

pose, providing a complementary cue for detection.

Dual-branch encoder. The raw sequence X and the dif-
ference sequence ∆X are encoded by two independent
two-layer bidirectional GRUs with layer normalization,
then mean-pooled along time to produce summary vectors
hraw,hdiff ∈ Rd. Independent encoders prevent the two
streams from collapsing into a shared representation, so
each branch can specialize in its own signal.

Convolutional attention fusion. A 1D convolution over
the two summaries produces per-channel attention weights
(αraw, αdiff) ∈ Rd × Rd, normalized across branches by
softmax. The fused representation is

hfuse = αraw ⊙ hraw + αdiff ⊙ hdiff +
1
2 (hraw + hdiff), (2)

where ⊙ denotes element-wise multiplication. Replacing
the standard concatenation with a 1D-convolutional gate lets
the relative weight of the two streams adapt per sample and
per channel, rather than being fixed by the linear projection
that follows a concat. For the final decision, hfuse is passed
to a two-layer MLP to predict ŷ ∈ {0, 1}.

5. Experiments
5.1. Implementation Details

All models are trained on pose sequences of length T = 32
with a stride of 32 with non-overlapping chunks. All models
use a hidden dimension d = 256, a two-layer classification
head with GELU (Hendrycks & Gimpel, 2016) and dropout
0.2, and are trained from scratch with AdamW (Loshchilov
& Hutter, 2019) (learning rate 10−3, weight decay 10−4) for
100 epochs with a cosine annealing schedule (Loshchilov &
Hutter, 2017) and gradient clipping at norm 1.0. Batch size
is 32, and we use binary cross-entropy loss with a positive-
class weight computed as Nneg/Npos on the training split to
balance the human-versus-humanoid ratio. All experiments
run on a single NVIDIA RTX A6000 GPU. We report five
metrics on the held-out split: Macro F1, AUC, Accuracy,
Precision, and Recall.

5.2. Baselines

We compare I-Robot against six baselines spanning families
of sequence and skeleton classifiers, all operating on the
same fixed-length pose sequence of T = 32 frames. Each
model ends with a two-layer MLP head to produce the
final binary prediction. Performance is reported with the
best result highlighted in bold and the second-best result
underlined.

1D-CNN (Tang et al., 2020). A three-layer 1D convo-
lutional network processes the pose sequence along the
temporal axis with kernel sizes of 5, 3, and 3. Each layer
is followed by batch normalization and a GELU activation,
and the output is summarized by global average pooling
over time.

LSTM and GRU (Hochreiter & Schmidhuber, 1997; Cho
et al., 2014). Two recurrent baselines process the input
with a two-layer bidirectional LSTM or GRU, capturing
temporal dependencies in both directions. The hidden states
across all time steps are aggregated by mean pooling along
the temporal axis before the classifier head.

TCN (Lea et al., 2017). A temporal convolutional net-
work with four dilated residual blocks of kernel size 3 and
exponentially increasing dilation {1, 2, 4, 8}, yielding a re-
ceptive field that covers the full T = 32 frame window. Each
block uses two dilated convolutions with batch normaliza-
tion, GELU, and a residual connection, and the sequence is
mean-pooled before classification.

ST-GCN (Yan et al., 2018). A spatio-temporal graph con-
volutional network that reshapes the flat pose vector into a
joint graph and alternates spatial graph convolutions with
temporal convolutions.

CTR-GCN(Chen et al., 2021). An extension of ST-GCN
in which each block refines a shared static adjacency with a
channel-wise dynamic adjacency learned per sample.

5.3. Main Results

Table 2 reports results using MHR joint coordinates as the
input representation. I-Robot achieves the highest F1 and
Accuracy, and is second-best on the remaining three metrics,
indicating balanced performance across the full precision-
recall trade-off. Among the baselines, TCN is the strongest
by F1 and AUC, while graph-based models (ST-GCN, CTR-
GCN) fall behind despite their explicit joint-level inductive
bias, suggesting that for the human-vs-humanoid decision,
the dominant signal lies in the temporal structure of mo-
tion rather than in static inter-joint relations. CTR-GCN
achieves the highest Recall but with markedly lower Pre-
cision, a behavior consistent with a model that is biased
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Table 3. Per-Action F1 performance on MHR parameters

Action I-Robot GRU 1D-CNN TCN ST-GCN CTR-GCN LSTM

stairs 1.000 0.897 0.966 0.966 0.933 0.966 0.966
standing 0.966 0.810 0.914 0.946 0.881 0.821 0.766
stand up 0.856 0.851 0.893 0.920 0.770 0.889 0.889
exercise 0.861 0.881 0.874 0.874 0.757 0.802 0.826
running 0.985 0.943 0.675 0.653 0.957 0.664 0.749
picking 0.879 0.767 0.769 0.766 0.635 0.793 0.771
walking 0.767 0.714 0.665 0.766 0.769 0.740 0.719
carrying 0.493 0.614 0.731 0.782 0.530 0.601 0.608
dancing 0.653 0.575 0.687 0.629 0.548 0.527 0.601
jumping 0.486 0.500 0.486 0.438 0.486 0.471 0.486
unknown 0.484 0.485 0.440 0.497 0.447 0.457 0.484

toward predicting the humanoid class.

5.4. Analysis

Table 3 reveals several results that differ from our initial
expectations. Actions with dynamic motion, such as jump-
ing and dancing, were expected to be easy to classify since
humanoid controllers are known to struggle with rapid and
coordinated movements. However, all models perform rela-
tively lower on these actions compared to other categories,
suggesting that even imperfect humanoid motion is hard to
distinguish from human movement once projected onto para-
metric pose parameters. One possible explanation is that the
pose estimation process itself introduces noise for fast and
irregular motions, which may obscure the discriminative
signal that would otherwise separate human and humanoid
movement in these action categories.

Figure 5 shows the accuracy of I-Robot by platform, sep-
arating humans, seen humanoids, and unseen humanoids.
The single orange bar on the left reports accuracy on human
clips. The green bars report accuracy on humanoid platforms
seen during training, and the blue bars on the right report
accuracy on three platforms held out from training (IRON,
Unitree H1, Unitree H2). Numbers above each bar are per-
platform accuracy (%), and the N below each bar is the
number of clips (non-overlap) contributed by that platform.

Accuracy drops on more recent and more human-like plat-
forms. Unitree H1 is classified almost perfectly, but its suc-
cessor H2 is much harder despite coming from the same
product family. IRON, one of the newest humanoids in the
dataset, is also harder to identify. All three platforms are un-
seen during training, but the gap between H1 and H2 inside
the same family shows that the drop is not just about gener-
alization; it reflects the hardware and control improvements
between generations. The same trend shows up among seen
platforms: Unitree R1 has one of the lowest accuracies, even
though it is included in training, which means that more
advanced humanoids remain hard to detect even after the
model has seen them. Together, these observations support
our broader claim that the detection task becomes strictly
harder as humanoid motion approaches human motion.

Table 4. Ablation study on I-Robot components in MHR parame-
ters.

Variant Raw Diff Conv. Fusion F1 AUC Accuracy Precision Recall

Raw only ✓ × × 0.7959 0.9189 0.9014 0.7811 0.8137
Diff. only × ✓ × 0.7906 0.8977 0.9025 0.7850 0.7965
Concat. ✓ ✓ × 0.8396 0.9483 0.9209 0.8174 0.8677

I-Robot (Ours) ✓ ✓ ✓ 0.8479 0.9304 0.9286 0.8388 0.8579

Table 5. I-Robot performance comparison between MHR and
SMPL representations.

Representation F1 AUC Accuracy Precision Recall

SMPL (D = 207) 0.7317 0.8870 0.8519 0.6991 0.8084
MHR (D = 381) 0.8479 0.9304 0.9286 0.8388 0.8579

Figure 6 illustrates both successful and failure cases for
walking and dancing action classes. Notably, in the fail
cases, even human evaluators find it difficult to distinguish
the render results. The generated motions exhibit smooth
and highly human-like dynamics, which become more evi-
dent when observing temporally connected frames.

5.5. Ablation Study

Table 4 validates the two core design choices in I-Robot:
the difference branch and the convolutional attention fusion.
Adding the difference branch alone already yields a sub-
stantial gain over the raw-only baseline, with F1 increasing.
This confirms that frame-wise motion changes carry dis-
criminative information beyond what the raw pose provides.
Replacing the simple concatenation fusion with convolu-
tional attention fusion further improves F1 and Accuracy,
showing that per-channel adaptive weighting between the
two branches is more effective than treating them equally.

Table 5 compares I-Robot under two pose representations.
MHR outperforms SMPL across all metrics, with improved
F1 and AUC. The performance gap suggests that the higher-
dimensional MHR representation (D = 381) provides
richer temporal cues for the difference branch, whereas
the more compact SMPL body rotation matrix (D = 207)
trades overall discrimination for better sensitivity.

6. Conclusion
We presented I-Robot, a motion-based framework for distin-
guishing humanoid robots from humans. We constructed the
HvH dataset covering 38 humanoid platforms, and 11 action
classes consist of human pose parameters. Our proposed
I-Robot, which processes both raw pose and temporal dif-
ference sequences in parallel, consistently outperformed all
standard sequence classifiers, confirming that how a subject
moves is a more reliable cue than where its joints are at any
single frame.
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Figure 6. Rendered results of MHR pose parameters for walking
and dancing action classes.

Limitations and future work. The current dataset is
limited in size and collected entirely from YouTube,
which introduces domain bias from demonstration-oriented
footage, edited videos, favorable viewpoints, platform-
specific recording conditions, and non-surveillance camera
settings. Thus, our results do not fully verify generalization
to realistic surveillance settings with low resolution, com-
pression, occlusion, crowded scenes, or unusual viewpoints.
I-Robot also depends on off-the-shelf pose estimators. Pose
errors can directly affect prediction, especially for fast, ir-
regular, or occluded motions. This may explain the lower
performance on dynamic actions such as dancing and jump-
ing. Future work should evaluate robustness across pose es-
timators and explore stronger temporal encoders, including
transformer-based motion models. Finally, our formulation
focuses on binary human-versus-humanoid classification.
We do not yet evaluate whether the learned representation
generalizes to unseen robot morphologies or partially non-
humanoid agents, which remains an important direction for
future work.

Discussion
Physical deepfake. This work is motivated by the need
to study the problem before potential misuse of humanoids,

such as alibi fabrication or surveillance evasion, becomes
common. We refer to AI-driven motion that impersonates
human movement in the physical world as a physical deep-
fake, in analogy to pixel-space and audio-space deepfakes
that fabricate human appearance or voice. We do not claim
that such misuse is already widespread, nor do we evaluate
adversarially optimized humanoid motions; rather, we in-
troduce human-versus-humanoid identification as an initial
step toward studying this emerging problem—motivated by
the precedent that digital deepfake detection became pro-
gressively harder only after synthesis quality had already
advanced.

Beyond detection: broader applications. I-Robot is not
limited to human-versus-humanoid detection; it can also
serve as a motion scoring tool for human-robot interaction,
industrial safety, and motion generation. As a scoring tool,
its output can be interpreted as a continuous measure of
how human-like or robot-like the motion appears. While
concurrent research evaluates human-likeness by measuring
how well humanoid robots imitate humans (Li et al., 2026),
our work provides a complementary perspective: whether
such motion remains distinguishable from natural human
motion. This dual use is useful in human-robot interaction,
where systems may need to respond differently to humans
and robots (Abdulatif et al., 2018), in industrial safety, where
identifying the type of moving agent can support risk-aware
monitoring, and in motion generation, where the score can
provide an automatic quality check of motion realism (Feng
et al., 2026).
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