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Humanoid motion tracking is central to teleoperation and whole-body imitation, yet evaluation often
disagrees with what people perceive in videos. Kinematic errors average per-frame pose differences but
miss the physical artifacts that matter most, particularly unstable support and incorrect contacts such
as foot skating and mistimed touch-downs. Meanwhile, widely used test suites are small and lack the
diversity needed to stress contact-rich, long-horizon behaviors. We introduce HumanTracker to make
humanoid tracking evaluation both perceptually aligned and scalable. HumanTracker contributes 150
hours of newly captured optical motion from multiple professional performers, organized into four motion
families with text labels for fine-grained diagnosis. We further propose HumanScore, a preference-aligned
metric trained from 6K human-labeled comparisons spanning 12K synchronized tracker trajectories via
a trajectory reward model. Across representative state-of-the-art trackers, HumanScore better predicts
held-out human preferences and reveals contact and stability failures that kinematic metrics often miss.
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Figure 1 HumanTracker overview. Left: we train a Human-Aligned Reward Model on pairwise preference data from
tracking rollouts, producing a scalar HumanScore via a temporal Transformer. Right: the HumanTracker Benchmark
provides 150+ hours of motion capture across four families: daily tasks, highly dynamic motions, environmental
interactions, and ground-level movements.
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1 Introduction

Motion tracking is becoming the cornerstone of hu-
manoid robot control [15, 3, 17, 30, 12, 23, 26]. This
ability drives applications in teleoperation and whole-
body imitation [31, 32, 7, 6, 11, 8, 5]. Most systems
track a reference motion using a learned feedback
policy in physics simulation [15, 3, 17, 30]. Yet, mea-
suring the true quality of this tracking remains sur-
prisingly difficult. Two major issues currently limit
progress in this field.

The first major issue is how we measure success. Mo-
tion tracking looks easy to measure: one can compare
the rollout pose to the reference pose and report kine-
matic errors such as mean joint error and key point
error [3, 17, 30, 37, 22]. However, we find a clear gap
between these numbers and what people see in videos.
A rollout may achieve low kinematic error but still
look bad, especially under contacts [9, 29, 1, 28]. Feet
may slide on the ground, and contacts may break and
reattach at the wrong time; these artifacts are exactly
what contact-aware global motion reconstruction and
refinement methods target in video-based settings as
well [24, 35, 33]. These artifacts are the key aspect
to decide whether the motion looks stable, smooth
and human-like.

This gap is not a corner case but a consequence
of what kinematic metrics measure. By treating
tracking as a per-frame pose matching problem and
averaging errors over joints and time, these metrics
fail to capture contact, support, balance, and the
accumulation of errors in closed-loop control. As a
result, two rollouts can have similar pose errors yet
differ substantially in stability. Observers reliably
prefer the rollout with clean contacts and steady
support, even when MPJPE is similar. Figure 1
highlights this mismatch.

The second major issue is the scope of evaluation
data. Despite the availability of large motion repos-
itories such as PHUMA [9] and SONIC [17], the
most commonly used evaluation suite for humanoid
tracking is still an AMASS test set with only 140
sequences [18]. This small set lacks diversity and
under-represents the long tail of human movement,
including challenging contact transitions, asymmetric
balancing, and complex recoveries. Moreover, results
are often summarized as a single aggregate score,
without a detailed breakdown by motion category,
making it difficult to pinpoint exactly where and why
a tracker fails. Table 1 compares HumanTracker with
representative large-scale motion datasets in scale,
categorization and text annotation.

We introduce HumanTracker to address these prob-

Table1 Comparison of large-scale humanoid motion datasets.
HumanTracker uniquely provides 150 hours of newly cap-
tured data explicitly organized into distinct motion cate-
gories for comprehensive evaluation.

Dataset Clips Hours Categories Text Label
AMASS [18] >11K  >40 No No
HumanML3D [2] 14.6K 28.6 No Yes
PHUMA [9] 76K 73 No No
HumanTracker 24K 150 4 Yes

lems. To address the metric misalignment, we de-
velop a preference-aligned evaluation: we collect hu-
man comparisons on synchronized tracking videos
and train a reward model to predict these prefer-
ences [4, 19, 27]. We call this metric HumanScore.
Unlike joint error, HumanScore explicitly targets hu-
man preferences, perceptual stability, and realistic
physical contacts. It penalizes the exact physical
artifacts that look wrong to human observers. Impor-
tantly, we demonstrate that HumanScore captures
nuanced perceptual qualities that cannot be simply
reduced to a linear combination of non-learned di-
agnostics such as foot slip or root drift. Extensive
experiments and visual analyses demonstrate the ac-
curacy and zero-shot generalization of HumanScore.

To address the lack of diversity in existing test
suites, we provide 150 hours of newly captured op-
tical motion data paired with category and text
labels, complementing existing large-scale motion
sources [18, 13, 34, 9]. All motions are recorded
in a controlled studio with a multi-camera opti-
cal system by 24 professional performers, including
dance teachers and fitness coaches, yielding high-
fidelity references for contact-rich tracking evalua-
tion. We explicitly organize the dataset into four
distinct families covering daily tasks, highly dynamic
movements, environmental interactions, and ground-
level motions, enabling per-family metrics and fine-
grained diagnosis of failure modes. At this scale
and with explicit motion taxonomy and text anno-
tations, HumanTracker substantially exceeds prior
mocap datasets used for humanoid tracking. We com-
prehensively evaluate several state-of-the-art trackers,
including GMT, TWIST2, SONIC, and Humanoid-
GPT, under our benchmark [3, 32, 17, 22].

In summary, our main contributions are threefold.
First, we highlight the failure of traditional kine-
matic metrics and introduce HumanScore to align
evaluation with human perception. Second, we pro-
vide a massive motion tracking benchmark featuring
150 hours of diverse, categorized optical data with
text descriptions. Third, we establish a rigorous and
standardized evaluation protocol to ensure future



progress in humanoid tracking is both measurable
and meaningful.

2 Related Work

2.1 Humanoid motion tracking

Humanoid motion tracking is commonly formulated
as reference-conditioned control in physics simulation,
where a policy must reproduce a time-varying motion
while satisfying the dynamics and contact constraints
of the robot [21, 15, 16, 3, 17, 30]. Recent systems im-
prove robustness and motion coverage through larger
training corpora, stronger sequence models, residual
correction, privileged training signals, and more ex-
pressive action interfaces [3, 17, 22, 30, 38, 5, 28, 37].
The same capability also underpins whole-body tele-
operation and imitation systems, in which human
motion is mapped to a deployable humanoid pol-
icy [31, 32,7, 6, 11, 8]. These advances have produced
increasingly capable trackers, but their reported per-
formance is difficult to compare because results de-
pend not only on the learned policy, but also on
the reference set, simulator, action representation,
initialization, and termination rule. HumanTracker
therefore treats evaluation as a controlled experi-
ment: tracker-specific policy interfaces are preserved,
whereas the reference representation, rollout account-
ing, and reported metrics are standardized.

2.2 Motion data and contact-aware evalua-
tion

Large motion repositories such as AMASS, Motion-X
and Motion-X++ have substantially expanded the
diversity of human motion available for learning [18,
13, 34], while text-annotated datasets support seman-
tic retrieval and conditional generation [2, 36, 10].
For humanoid tracking, however, dataset size alone
does not define a useful benchmark. Human motion
must be retargeted to the robot morphology, remain
physically plausible around contacts, and contain
sufficiently difficult regimes to expose controller fail-
ures. Physics-aware retargeting and reconstruction
methods consequently devote particular attention to
foot skating, global drift, penetration and inconsis-
tent support [9, 29, 1, 24, 35, 33]. Existing track-
ing evaluations nevertheless remain concentrated on
comparatively small test sets and often collapse het-
erogeneous motions into one aggregate value. Hu-
manTracker complements prior motion sources with a
large, explicitly categorized test bed whose four fam-
ilies separate steady locomotion, rapid impact-rich
motion, environmental interaction and ground-level
multi-contact transitions.

2.3 Preference-based evaluation

Pairwise preference learning is useful when the qual-
ity of a structured output is easier to recognize than
to specify as a fixed analytic objective [4, 19, 27].
This distinction is particularly relevant to humanoid
tracking: per-frame joint errors describe reference
deviation, but observers also respond to temporally
accumulated failures such as jitter, delayed contact,
foot sliding and loss of support. HumanTracker ap-
plies preference learning at the trajectory level. An-
notators compare synchronized rollouts of the same
reference segment, and a temporal reward model
learns a scalar score from the corresponding reference
and simulated-state sequences. Unlike a video-quality
model, HumanScore is evaluated directly on simu-
lator trajectories; unlike an individual handcrafted
diagnostic, it can integrate pose, contact, force and
velocity evidence across the complete motion win-
dow.

3 HumanTracker: Benchmark and
Preference-Alighed Evaluation

HumanTracker is designed around the two limita-
tions identified in the Introduction. The benchmark
supplies enough motion diversity to expose failures
that are hidden by a small aggregate test set, while
HumanScore supplies a trajectory-level measurement
that is trained to reproduce human judgments of
tracking quality. The two components share the
same unit of analysis: a reference motion is retar-
geted to the humanoid, executed by a tracking policy
in simulation, and evaluated from the resulting roll-
out. This section describes the benchmark data and
protocol first, and then the construction and training
of HumanScore.

3.1 The HumanTracker benchmark

Motion collection and processing. HumanTracker con-
tains 150 hours of newly captured optical motion from
24 professional performers, including dance teachers,
fitness coaches, tennis coaches and full-time motion-
capture actors. The performers and recording plan
were chosen to cover both routine movement and
motions that place substantially different demands
on a humanoid controller. Because a visually valid
human recording is not automatically a valid robot
reference, we inspect the retargeted sequences and
remove segments with capture or processing artifacts
such as unexplained floating, ground penetration and
discontinuous contacts. Each released clip contains
a top-level motion-family label, a natural-language



RN AR ---
1) i

@~
..
U L) 1) Qa

III IIII
8] / b L /)

d v

~ IIII
/ /

II £

-- ¢

=3 EE
II = || comna
§ 4 4 e

Figure 2 Motion taxonomy. HumanTracker groups motions into four families according to their dominant tracking and
contact regimes. The taxonomy supports category-level diagnosis rather than only a single aggregate score.

description, a fitted SMPL sequence and a robot-
space reference trajectory in gpos format [14, 20, 18].
These representations support semantic subset se-
lection while keeping the input to every evaluated
tracker identical. Figure 2 illustrates the resulting
motion coverage, and Table 2 summarizes the family-
level scale of the benchmark.

A taxonomy for diagnostic evaluation. The four motion
families are defined by the failure regimes that they
expose. Daily contains walking, turning and routine
gestures, and therefore measures steady-state sta-
bility and residual drift under comparatively regular
support. Highly Dynamic contains jumps, kicks, acro-
batics and fast dance footwork, for which impacts and
rapid support switching amplify phase and timing er-
rors. Interaction contains motions involving objects
or other people, which require end-effector timing to-
gether with whole-body stabilization. Ground covers
kneeling, sitting, rolling and recovery, where a low
centre of mass and multiple simultaneous contacts

make the controller sensitive to contact geometry and
friction. The distribution intentionally reflects the fre-
quency of the captured activities rather than forcing
equal family sizes; all benchmark results are there-
fore reported by family as well as in aggregate. The
complete dataset is split 8:2 into disjoint training and
test partitions, with the family distribution preserved
and duplicate motions kept within one partition.

3.2 Standardized tracker evaluation

For every method, we convert the reference to the
same 29-DoF humanoid gpos representation and ex-
ecute the policy through a common MuJoCo eval-
uation entry point. Each tracker retains its native
policy observations and action decoder, because re-
placing these components would change the learned
controller; the evaluator instead standardizes the mo-
tion list, robot model, reference indexing, rollout
accounting and metric implementation. The control
trajectory is recorded at 50 Hz. At every step, the
evaluator stores the simulated generalized position



Table 2 HumanTracker dataset statistics. The benchmark contains approximately 150 hours and 24K clips across four

complementary tracking regimes.

Family Hours  #Clips Typical challenges

Daily 93 10.3k steady locomotion, mild contacts

Highly Dynamic 10 1.6k impacts, aerial phases, fast footwork

Interaction 43 11.6k human/object interaction, coordination between hands and body
Ground 4 1.6k low posture, multi-contact transitions

Total 150 24K diverse

and velocity, policy action and motor target, foot
contacts and contact forces, foot and pelvis velocities,
and 14 keypoint poses and spatial velocities. The
same state history is used for conventional diagnos-
tics and HumanScore, which prevents differences in
post-processing from being mistaken for differences
between trackers.

An episode is successful only if the tracker reaches the
final reference frame without triggering the shared
SONIC termination criterion. We report Succ as
the fraction of completed episodes and MPJPE as
the mean absolute error over the 29 actuated joint
angles, in radians, over the executed portion of each
rollout. Additional diagnostics include joint-velocity
error, keypoint-position error, foot-contact agreement
and finite-difference joint acceleration and jerk. We
evaluate two settings. In-domain trackers are trained
or fine-tuned on the HumanTracker training split;
zero-shot trackers are evaluated without using that
split. All reported benchmark values use the held-out
HumanTracker test split.

3.3 Preference data construction

Rollout segmentation for paired comparison. The pref-
erence pool is generated exclusively from motions in
the HumanTracker training split, so no benchmark
test motion is used to train HumanScore. For each
source motion, GMT, Humanoid-GPT, SONIC and
TWIST2 produce aligned rollouts of the same robot-
space reference [3, 22, 17, 32]. At 50 Hz, every rollout
is divided into consecutive 250-frame windows, each
spanning 5s. If a rollout ends with fewer than 250
frames, the final short window is retained rather than
discarded. Windows are admitted only when all four
trackers provide an aligned candidate for the same
source-frame interval; this ensures that a preference
reflects tracker behaviour rather than a change in
reference content.

Uniform and tracker-balanced pair sampling. We con-
catenate all aligned windows in a deterministic order
by motion family, source motion and temporal posi-
tion, and assign each window a global index. From
this catalogue we select a uniformly spaced set of

unique indices over the full ordered list. This con-
struction samples the complete HumanTracker train-
ing distribution without manually favouring visually
difficult examples or any particular family. Each se-
lected window yields exactly one comparison between
two of the four trackers. The six unordered tracker
combinations are allocated equally, so every pairing
contributes the same number of comparisons and
each tracker appears equally often. Candidate order
is alternated within each combination and the final
task order is deterministically shuffled, so no tracker
is favoured by display position. The resulting pref-
erence pool is partitioned into training and held-out
sets by source motion.

Human annotationand split. Using the interface shown
in Figure 3, annotators first decide whether either
rollout fails to complete the motion or loses balance;
when both remain viable, they compare jitter, foot
sliding, locomotion consistency and whole-body nat-
uralness in that order. They choose Similar when
neither candidate is meaningfully better and Cannot
compare when both are unusable or the evidence is
insufficient. The interface randomizes display order
and records the underlying candidate indices, elimi-
nating a fixed association between display side and
tracker identity. The collected labels comprise strict
preferences, similar pairs and cannot-compare pairs.
Cannot-compare pairs are excluded from reward-
model optimization. We construct an 80/20 train-
ing/test split with seed 42 by grouping records by the
original motion_id; all clips from one source motion
therefore remain in one partition. The split is bal-
anced jointly over family, tracker pairing, label type,
annotator and full-versus-short clip status, and the
remaining records define the training and held-out
preference sets.

3.4 HumanScore

Trajectory representation. Figure 4 summarizes how
HumanScore maps a rollout segment 7 to a scalar
ro(7). Although annotations are collected from ren-
dered videos, the model consumes simulator trajecto-
ries so that its prediction is not affected by camera



Figure 3 Preference collection interface. Annotators view two synchronized 5s rollouts of the same reference segment.
Display order is randomized and the available responses are Left better, Right better, Similar and Cannot compare.

or rendering choices. Each frame is represented by
an 850-dimensional vector. Seventy reference dimen-
sions encode the root pose and navigation velocity,
29 joint positions and velocities, and two reference
foot-contact states. The remaining 780 dimensions
encode the simulated root and IMU poses, action and
motor target, joint state, foot contact, force, velocity
and acceleration, pelvis and navigation velocities, 14
keypoint poses and spatial velocities in the gravity-
aligned frame, and the residual between the next
reference and the current simulated state. The exact
feature decomposition is given in the supplementary
material.

The per-frame vector is linearly projected, normalized
and combined with sinusoidal positional encoding
before being processed by a bidirectional Transformer
encoder [25]. A padding mask is passed to every
self-attention layer, and the encoded valid tokens
are averaged with the same mask before an MLP
produces the scalar score. This detail is essential for
the retained tail clips: a segment of L < 250 frames
is right-padded with zeros to 250 frames, while a
Boolean mask marks only positions 1,..., L as valid.
Padding can therefore neither participate in attention
nor change the denominator of temporal pooling.

Preference objective. For a strict comparison in which
trajectory 7, is preferred to 7, we define the pairwise

preference probability as
P(1a = m) = U(TG(T“) ; Te(Tb)) ;

where T' is a temperature. We optimize binary cross-
entropy on the score difference, using target 1 for a
strict preference and target 1/2 for a Similar pair; an
optional tie weight controls the contribution of the
latter. Preferred candidates are placed consistently in
the first input position during training, whereas simi-
lar pairs retain their recorded order. Model selection
uses preference accuracy on a motion-disjoint valida-
tion subset of the training partition, with validation
loss as a tie-breaker; the held-out preference test set
is evaluated only after selecting the checkpoint.

3.5 From segment scores to benchmark met-
rics

At evaluation time, a rollout is divided into consecu-
tive 250-frame windows using the same keep-tail rule
as the annotation pipeline. Each window is scored
independently; a short final window is right-padded
and masked exactly as during training. For a rollout
7 with windows {s;}¥ ;, the raw sequence score is

N
raw 1
Scorepan (1) = N Z ro(si).
i=1
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We convert raw scores to a readable scale from 0 to
100 without changing their ordering:

Scorexat — mediang,
HumanScore, = 100 o RM .
scaley

scale, = rrlzu((q75’b_q25’b7 10_8> .

2log 3

Here b denotes the in-domain or zero-shot benchmark
setting, and the median and quartiles are computed
once from the pooled rollouts of all methods and fam-
ilies in that setting. Calibration is never performed
separately for a tracker or family. To measure align-
ment with people, a metric predicts the preferred
candidate by comparing its value on the two tra-
jectories of each strict held-out pair; error metrics
are sign-inverted so that the preferred direction is
consistent.

4 Experiments

Our experiments address three questions that fol-
low directly from the Introduction. First, does a

large category-aware benchmark expose tracker be-
haviour that a single aggregate test set would ob-
scure? Second, does HumanScore predict held-out
human choices more accurately than conventional
kinematic and physical diagnostics? Third, which
information and temporal context account for that
alignment? We answer these questions using the four
HumanTracker motion families, two tracker-training
regimes and a motion-disjoint preference test set.

4.1 Experimental setup

Trackers and evaluation settings. We evaluate GMT,
TWIST2, SONIC and Humanoid-GPT through the
standardized protocol of Sec. 3.2 [3, 32, 17, 22]. GMT
and SONIC are general-purpose tracking policies with
an emphasis on broad motion coverage; TWIST2
supplies the tracking component of a scalable whole-
body teleoperation system; and Humanoid-GPT uses
a causal Transformer to scale motion-conditioned
control. Each policy retains its native observation
and action-processing stack, while all methods re-
ceive the same retargeted reference motions and are
measured by the same evaluator. We use the SONIC



Table 3 HumanTracker benchmark (In-Domain Training). For each family we report Succ (%) 1, MPJPE (rad) |, and

HumanScore 1 on a 0-100 scale.

Daily Highly Dynamic Interaction Ground
Method Succ MPJPE Human Succ MPJPE Human Succ MPJPE Human Succ MPJPE Human
(%) (rad) Score (%) (rad) Score (%) (rad) Score (%) (rad) Score
TWIST2 [32] 30.1 0.150 32.6 38.7 0.177 26.3 70.8 0.128 30.0 14.3 0.243 3141
Humanoid-GPT [22] 74.3 0.071 76.8 57.7 0.130 54.8 931 0.055 75.0 4.0 0.334 14.9

termination criterion for every tracker. The zero-shot
comparison includes all four trackers without train-
ing on HumanTracker. The in-domain comparison
includes TWIST2 and Humanoid-GPT, for which
we train policies from scratch on the HumanTracker
dataset. Every benchmark number is computed on
the HumanTracker test split and is reported sepa-
rately for Daily, Highly Dynamic, Interaction and
Ground.

Metrics. We use Succ to denote completion rate
and report it alongside joint-space MPJPE and Hu-
manScore as complementary measurements. Succ
captures catastrophic loss of tracking but cannot
distinguish the quality of two completed rollouts.
MPJPE measures local reference fidelity but aver-
ages over time and joints. HumanScore measures
trajectory-level preference and is designed to respond
to contact, stability and smoothness as well as pose.
We evaluate HumanScore in consecutive 5-second
windows and retain a final shorter window using right-
zero padding and a validity mask. For the preference
study, we additionally compare joint-velocity error,
keypoint-position error, foot-contact agreement, and
mean joint acceleration and jerk. A lower error pre-
dicts the preferred trajectory when its value is smaller;
for foot-contact accuracy and HumanScore, a larger
value predicts the preference.

4.2 Results

The category breakdown reveals a consistent asymme-
try: improvements on common upright motion do not
transfer uniformly to impact-rich and ground-level
behaviour. Tables 3 and 4 report all three metrics
for every motion family. The results should therefore
be read across metrics within a family, rather than
by using any one column as a universal ranking.

As shown in Table 3, Humanoid-GPT outperforms
TWIST2 on Daily, Highly Dynamic and Interaction
across Succ, MPJPE and HumanScore. Ground re-
verses this ordering across all three metrics: TWIST2
reaches 14.3% Succ, 0.243 MPJPE and 31.1 Hu-
manScore, compared with 4.0%, 0.334 and 14.9
for Humanoid-GPT. This divergence is informative

rather than contradictory: success measures whether
a rollout reaches the end, while MPJPE and Hu-
manScore describe the frames that were actually
generated. Reporting the three together prevents
a low error on short failed trajectories from being
interpreted as robust tracking.

Table 4 shows a stronger dependence on motion fam-
ily in the zero-shot setting. Humanoid-GPT leads all
three metrics on Daily. On Highly Dynamic, SONIC
obtains the highest Succ and HumanScore, whereas
Humanoid-GPT has the lowest MPJPE. Humanoid-
GPT leads all three metrics on Interaction. Ground
remains difficult: Humanoid-GPT reaches the highest
Succ at 33.8% and the lowest MPJPE at 0.183, but
SONIC receives the highest HumanScore. A single
aggregate score would dilute these differences because
Ground is the smallest family. The family-wise view
instead identifies low-posture, multi-contact transi-
tions as a concrete target for future tracker design.

4.3 Does HumanScore align with people?

We evaluate each metric on strict preferences from
the motion-disjoint HumanScore test partition. As
reported in Table 5, HumanScore predicts 90.97% of
held-out choices. The strongest individual diagnostic,
keypoint-position MAE, reaches 84.76%, followed by
joint-velocity error at 84.66%. Contact accuracy also
aligns substantially with preference at 82.78%, but re-
mains below HumanScore. These results show that no
individual frame-aggregated diagnostic captures the
joint contribution of reference fidelity, contact timing,
stability and temporal accumulation used by annota-
tors. The 6.21-point gap over the strongest conven-
tional diagnostic supports the metric-misalignment
motivation in the Introduction.

Because the test split is grouped by source motion,
this result measures generalization to unseen Hu-
manTracker training motions rather than memoriza-
tion of adjacent clips from the same sequence. It
also evaluates tracker combinations that are bal-
anced by construction: each of the six pairings con-
tributes approximately one sixth of the split. Hu-
manScore is therefore not rewarded merely for learn-



Table 4 HumanTracker benchmark (Zero-Shot Setting). For each family we report Suce (%) 1, MPJPE (rad) |, and

HumanScore 1 on a 0-100 scale.

Daily Highly Dynamic Interaction Ground
Method Succ MPJPE Human Succ MPJPE Human Succ MPJPE Human Succ MPJPE Human
(%) (rad) Score (%) (rad) Score (%) (rad) Score (%) (rad) Score
GMT |[3] 19.1 0.243 6.4 31.3 0.251 7.6 79.3 0.150 25.4 0.3 0.447 4.2
TWIST2 [32] 58.1 0.106 26.6 50.0 0.174 18.5 90.1 0.076 43.8 0.0 0.330 4.0
SONIC [17] 92.1 0.103 66.6 831 0.121 51.3 96.4 0.082 60.4 21.0 0.233 41.8
Humanoid-GPT [22] 93.8 0.045 73.0 75.8 0.080 50.2 971 0.045 63.5 33.8 0.183 26.6

Table 5 Alignment with held-out strict human preferences.
Align Rate is the fraction of pairs for which a metric
assigns the better value to the human-preferred trajectory.
Acceleration and jerk exclude six pairs shorter than their
finite-difference stencil.

Metric Align Rate Pairs
HumanScore 0.9097 1916
MPJPE (rad) 0.8173 1916
MPJVE (rad/s) 0.8466 1916
KPT Position MAE (m)  0.8476 1916
Foot Contact Accuracy 0.8278 1916
Avg Joint Accel (rad/s?)  0.6901 1910
Avg Joint Jerk (rad/s®) 0.7152 1910

ing the frequency of a dominant tracker matchup.
A stronger claim about a new tracker family would
require collecting rollouts from a tracker excluded
from preference-model training, which we leave as a
separate generalization test.

4.4 Ablation Study

Figure 5 summarizes inference-time feature and tem-
poral sensitivity analyses of the trained model. Zero-
ing all contact-related inputs reduces alignment from
0.9097 to 0.8789, and retaining only pose-kinematic
inputs yields 0.8768. Removing reference features
reduces alignment to 0.8987. Masking root-velocity
features changes the score by only 0.16 points, from
0.9097 to 0.9113. These interventions do not retrain
the model and should not be interpreted as archi-
tecture ablations; they identify which evidence the
fitted score function depends on. The contact-feature
decrease, together with the 0.8278 alignment of foot-
contact accuracy alone, indicates that HumanScore
uses contact information jointly with the rest of the
trajectory rather than treating contact agreement as
a sufficient scalar proxy.

Temporal context supplies complementary evidence.
With the first 1, 2, 3, 4 and 5 seconds of a preference
window, alignment is 0.8852, 0.8920, 0.9055, 0.9045
and 0.9097, respectively. The trend improves overall,

with a small 0.10-point fluctuation between three and
four seconds; the final second improves alignment
by 0.52 points. This is consistent with the target
phenomena: a single frame can reveal pose error,
whereas foot sliding, repeated jitter, progressive drift
and near-fall recovery require an interval over which
their evolution can be observed.

5 Discussion and Limitations

The benchmark and preference results point to the
same conclusion from different directions. Category-
level evaluation shows that contact regime changes
the relative behaviour of trackers: a method that is
reliable on upright daily motion can still fail almost
completely during ground-level transitions. The pref-
erence experiment explains why this distinction is not
fully represented by joint error. HumanScore gains
most of its advantage when it can observe contact-
related state over several seconds, suggesting that
the perceptual unit of failure is often an event such
as a slide, impact, support switch or recovery, rather
than an isolated pose. HumanScore should therefore
be read alongside success and kinematic error, not as
a replacement for all analytic diagnostics: the former
summarizes perceived trajectory quality, whereas the
latter remain valuable for locating a specific source
of error.

Several boundaries remain. HumanScore is trained
from HumanTracker training motions and rollouts
produced by four trackers, so its motion-disjoint test
measures generalization to unseen motions, not to an
entirely unseen robot, simulator or controller family.
Its 850-dimensional input also includes privileged sim-
ulator state and contact quantities that are available
for benchmarking but may not be observable on hard-
ware; applying the metric to real-world trajectories
will require an observable feature set or a separately
validated state estimator. The preference pool assigns
one primary judgment to each pair, which provides
broad coverage but does not quantify uncertainty
through repeated independent labels. Finally, the
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Figure 5 HumanScore sensitivity on held-out preference pairs. The full model is trained once with all features. Panel a
masks feature groups only at inference; panel b restricts the available temporal prefix.

present metric comparison covers representative indi-
vidual diagnostics; broader tests against fitted linear
and nonlinear diagnostic composites would further
delimit what must be learned from trajectory-level
preference data.

HumanTracker also inherits the limits of its data
distribution. The four families are deliberately diag-
nostic but imbalanced, with far fewer Ground clips
than Daily or Interaction clips, and the evaluation
uses one 29-DoF humanoid embodiment in MuJoCo.
Results should not be interpreted as a population
estimate over all human activity or as evidence of
hardware robustness. Extending the benchmark to
additional embodiments, real-robot rollouts and rare
contact regimes is therefore a natural next step. We
also restrict HumanScore to evaluation in this work.
Directly optimizing a learned score can create be-
haviours that exploit model imperfections; using it as
a reinforcement-learning reward will require explicit
regularization and an independent human evalua-
tion rather than assuming that benchmark alignment
transfers automatically to policy optimization.

6 Conclusion

HumanTracker addresses the two obstacles identi-
fied in the Introduction: conventional tracking errors
are misaligned with perceived physical quality, and
existing evaluation sets are too limited to diagnose
the long tail of humanoid motion. The benchmark
contributes 150 hours of curated motion from 24
professional performers, organized into four families
and evaluated through a common rollout and met-
ric pipeline. Its category-level results reveal that
progress on daily and interaction motion does not
imply robust tracking of highly dynamic or ground-
level contacts; in particular, Ground remains difficult
even for the strongest evaluated trackers.

HumanScore complements this benchmark with a
trajectory metric learned from synchronized human
comparisons. Its preference pool is sampled from the
HumanTracker training split using aligned 5-second
rollouts and balanced comparisons among four track-
ers, while motion-disjoint data splits and padding
masks preserve both generalization testing and short
tail clips. On held-out preferences, HumanScore
reaches 0.9097 alignment, exceeding the strongest
conventional diagnostic by 6.21 percentage points.
Feature and temporal sensitivity analyses further
show that this advantage depends on contact-related
evidence accumulated across the motion window. To-
gether, the dataset, protocol and human-aligned met-
ric make tracker comparison more reproducible and
failure analysis more specific, while leaving cross-
embodiment, hardware and reward-optimization vali-
dation as important directions for future work.
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A HumanScore implementation de-
tails

A1 Segment construction and padding

All preference and evaluation rollouts are represented
at 50 Hz. We split a sequence into consecutive 250-
frame windows and retain the final window when
fewer than 250 frames remain. A full window is
therefore 5s long. For a retained tail of L < 250
frames, the feature tensor is right-padded with zeros
to shape 250 x 850, and a Boolean validity mask con-
tains ones for the first L frames and zeros elsewhere.
After any configured temporal downsampling, the
corresponding downsampled mask is passed to the
Transformer as its key-padding mask and to mean
pooling as its validity mask. If h; is the encoded
token at time ¢, the pooled representation is

Z?iol mtht
max(372 my, 1)

h = ,
where m; € {0,1}. Thus, retaining a short segment
increases data coverage without introducing artificial
zero frames into either temporal attention or the
trajectory representation.

At benchmark time, the same rule is applied to a
complete rollout. If its N windows are {s;}¥ , in-
cluding a possible masked tail, we compute the raw
rollout score as

N
1
Scoreiini (1) = > ralsi).
=1

The robust sigmoid calibration in Sec. 3.5 is then
applied once at the evaluation-setting level. Because
both averaging and calibration are monotonic with
respect to a uniform increase in segment scores, the
reported scale from 0 to 100 is interpretable across
methods within the same setting while preserving the
ordering induced by the reward model.

A.2 Per-frame features

Table 6 reports the complete feature decomposition.
Reference features occupy 70 dimensions and rollout
features occupy 780 dimensions. All rollout quantities
are computed from the simulated robot rather than
copied from the reference. Foot contact and force
are obtained from contacts between the robot and
floor; foot acceleration is the temporal derivative of
the measured foot velocity; and keypoint features use
14 bodies expressed in a gravity-aligned navigation
frame. The next-reference residuals encode the differ-
ence between the next desired state and the current

simulated state, allowing the model to distinguish a
transient deviation that is being corrected from one
that is growing.

Table 6 HumanScore feature decomposition for each frame.

Group Contents Dim.

Reference root pose/navigation velocity; 70
joint position/velocity; foot
contact

Robot state root and IMU pose; ac- 126

and action tion; motor target; joint po-
sition/velocity

Contact and foot contact/force/veloci- 35

local motion  ty/acceleration; pelvis and

root velocities
Current key- 14 gravity-frame 4 x 4 poses 308

points and 6D spatial velocities

Next- root velocity and 14 keypoint 311
reference pose/velocity residuals

residual

Total concatenated per-frame token 850

A.3 Reward-model optimization

The reported model linearly projects each 850-
dimensional token, applies layer normalization and
sinusoidal positional encoding, and processes the se-
quence with a pre-normalized bidirectional Trans-
former. A mask-aware temporal mean is followed
by a three-layer MLP score head. Table 7 lists
the configuration used for the reported HumanScore
checkpoint. We optimize strict preferences and sim-
ilar pairs jointly: after ordering a strict pair as
preferred /non-preferred, binary cross-entropy is ap-
plied to the temperature-scaled score difference with
target 1; a similar pair uses target 0.5. Cannot-
compare labels are excluded. AdamW and a cosine
learning-rate schedule are used for optimization, and
checkpoint selection is based on validation preference
accuracy with validation loss as a tie-breaker.

B Preference data statistics

The pair catalogue is built from non-flipped motions
in the HumanTracker training split. All aligned 5-
second and retained tail clips are concatenated in the
fixed family order Highly Dynamic, Daily, Ground
and Interaction, followed by source-motion and tem-
poral order. The sampler selects 6,000 midpoint-
uniform positions from this catalogue. Each of the
six tracker combinations contributes exactly 1,000
pairs, and each tracker therefore occurs in 3,000 pairs;
the pool contains 12,000 tracker trajectories in total.
The 6,000 comparisons contain 4,808 strict prefer-



Table 7 Hyperparameters of the reported HumanScore check-
point.

Hyperparameter Value
Transformer layers 5
Attention heads 2

FFN dimension 1024
Pooling masked mean
Maximum sequence length 250 frames
Batch size 128
Learning rate 1x107°
Epochs 4

LR schedule cosine
Dropout 0.05
Weight decay 1x107°
Padding right zero + validity mask

ences, 949 similar judgments and 243 cannot-compare
judgments. After excluding the last group, 4,609 com-
parisons are available in the training partition and
1,148 in the test partition. The 80/20 split groups
by source motion_id and uses seed 42; its balanc-
ing objective includes motion family, tracker pair,
label type, annotator, clip length and the number of
sampled clips from the same source motion.

C HumanTracker dataset statistics

HumanTracker source recordings have native rates of
120 Hz for the Daily, Highly Dynamic and Interaction
families and 90 Hz for Ground; the evaluation rep-
resentation is converted to the common 50 Hz robot
trajectory described above. The family sizes reflect
the captured activity distribution, with more Daily
and Interaction motion and fewer Highly Dynamic
and Ground sequences. Tables 8 and 9 give the
unrounded counts and durations used to form the
summaries in the main paper.

Table 8 HumanTracker statistics by benchmark split.

Split Clips Frames Duration (h)
Train 19,716 52,157,880 121.65
Test 4,926 12,711,300 29.65

Overall 24,642 64,869,180 151.31

Table 9 HumanTracker statistics by motion family.

Family Clips Frames Duration (h)
Daily 10,304 40,489,540 93.73
Highly Dynamic 1,630 4,313,190 9.98
Ground 1,640 1,486,558 4.59

Interaction 11,068 18,579,892 43.01
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