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Fig. 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.

Abstract. Humanoid motion tracking is central to teleoperation and
whole-body imitation, yet evaluation often disagrees with what peo-
ple perceive in videos. Kinematic errors average per-frame pose differ-
ences but miss the physical artifacts that matter most, such as unstable
support and incorrect contacts (e.g., foot skating and mistimed touch-
downs). Meanwhile, widely used test suites are small and lack the diver-
sity needed to stress contact-rich, long-horizon behaviors. We introduce
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HumanTracker to make humanoid tracking evaluation both perceptu-
ally aligned and scalable. HumanTracker contributes 150 hours of newly
captured optical motion from 24 professional performers, organized into
four motion families with text labels for fine-grained diagnosis. We fur-
ther propose HumanScore, a preference-aligned metric trained from 12K
human-labeled motion pairs on synchronized tracking videos via a trajec-
tory reward model. Across representative state-of-the-art trackers, Hu-
manScore better predicts held-out human preferences and reveals contact
and stability failures that kinematic metrics often miss. The project page
is available at https://dairuliu.github.io/humantracker.

Keywords: Humanoid tracking - Benchmark - Human preference

1 Introduction

Motion tracking is becoming the cornerstone of humanoid robot control [6, 28,
32,33,40,45,51]. This ability drives applications in teleoperation and whole-body
imitation [10,12,18,19,27,53,54]. Most systems track a reference motion using
a learned feedback policy in physics simulation [6, 32,33, 51]. Yet, measuring
the true quality of this tracking remains surprisingly difficult. Two major issues
currently limit progress in this field.

The first major issue is how we measure success. Motion tracking looks easy
to measure: one can compare the rollout pose to the reference pose and report
kinematic errors such as mean joint error and key point error [6,33,39,51, 60].
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 [1,25,48,49]. 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 [41, 55, 58]. These artifacts are the key aspect to decide
whether the motion looks stable, smooth and human-like.

This gap is not a corner case. It is a consequence of what kinematic met-
rics measure. They treat tracking as a per-frame pose matching problem. They
average errors over joints and time. They do not directly represent contact, sup-
port, or balance. They also do not reflect how errors accumulate in closed-loop
control. Two rollouts can have similar pose errors but very different stability.
Observers reliably prefer the one 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 avail-
ability of large motion repositories such as PHUMA [25] and SONIC [33], the
most commonly used evaluation suite for humanoid tracking is still an AMASS
test set with only 140 sequences [34]. This small set lacks diversity and under-
represents the long tail of human movement, including challenging contact transi-
tions, 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.
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Table 1: Comparison of large-scale humanoid motion datasets. HumanTracker
uniquely provides 150 hours of newly captured data explicitly organized into distinct
motion categories for comprehensive evaluation.

Dataset Clips Hours Categories Text Label
AMASS [34] >11K >40 No No
HumanML3D [3] 14.6K 28.6 No Yes
PHUMA [25] 76K 73 No No
HumanTracker 24K 150 4 Yes

We introduce HumanTracker to address these problems. To address the met-
ric misalignment, we develop a preference-aligned evaluation: we collect human
comparisons on synchronized tracking videos and train a reward model to pre-
dict these preferences [9, 36,46]. We call this metric HumanScore. Unlike joint
error, HumanScore explicitly targets human preferences, perceptual stability,
and realistic physical contacts. It penalizes the exact physical artifacts that look
wrong to human observers. Importantly, we demonstrate that HumanScore cap-
tures nuanced perceptual qualities that cannot be simply reduced to a linear
combination of non-learned diagnostics such as foot slip or root drift. Exten-
sive experiments and visual analyses demonstrate the accuracy and zero-shot
generalization of HumanScore.

To address the lack of diversity in existing test suites, we provide 150 hours
of newly captured optical motion data paired with category and text labels,
complementing existing large-scale motion sources [25,29,34,57]. All motions
are recorded in a controlled studio with a multi-camera optical system by 24
professional performers, including dance teachers and fitness coaches, yielding
high-fidelity references for contact-rich tracking evaluation. We explicitly orga-
nize 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 annotations, HumanTracker substantially ex-
ceeds prior mocap datasets used for humanoid tracking (Table 1). We compre-
hensively evaluate several state-of-the-art trackers, including GMT, TWIST2,
SONIC, and Humanoid-GPT, under our benchmark [6, 33,39, 54].

In summary, our main contributions are threefold. First, we highlight the
failure of traditional kinematic metrics and introduce HumanScore to align eval-
uation with human perception. Second, we provide a massive motion tracking
benchmark featuring 150 hours of diverse, categorized optical data with text
descriptions. Third, we establish a rigorous and standardized evaluation pro-
tocol to ensure future progress in humanoid tracking is both measurable and
meaningful.
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2 Related Works

2.1 Humanoid motion tracking at scale

Humanoid motion tracking is typically posed as motion imitation in physics
simulation, where a learned tracking policy follows reference trajectories un-
der contacts and perturbations [6,31-33,51]|; early large-scale imitation estab-
lished robust recovery under curricula/priors [32, 38|, and recent work scales
toward general and zero-shot whole-body trackers as well as deployment-ready
skill spaces [6,7,17,20,22,33,35,39,44,51,52,59,60]. Systems increasingly com-
bine tracking with residual refinement, multi-modal targets, and constrained
objectives for physical feasibility [10,21,45,48,62,63|, while alternative sequence
modeling and generative control perspectives (diffusion, token prediction, long-
horizon policy learning) broaden the design space [2,8,14,23,24,28,40]. Teleopera-
tion and perception-driven interfaces provide scalable supervision and stress-test
interface mismatch [4,12,16,18,19,27,50, 53, 54, 56|. Since reported results are
sensitive to simulators, action interfaces, and termination rules, HumanTracker
focuses on a standardized simulation evaluation protocol for meaningful com-
parison.

2.2 Datasets, retargeting, and benchmarking protocols

Scaling also depends on data: mocap repositories and internet-scale reconstruc-
tions provide broad coverage [11,29, 34, 57], complemented by text-annotated
resources and mocap-free synthesis [3,15,26,61]. For humanoid tracking, how-
ever, usability hinges on physically plausible retargeting and contact consis-
tency, motivating physics-constrained curation and interaction-preserving gen-
eration [1,25,49], as well as monocular/global 3D motion reconstruction with
contact-aware refinement to reduce foot skating and drift [13,41, 47, 55, 58].
Teleoperation pipelines increasingly collect robot-centric long-horizon behavior
data [12, 18,53, 54|, but comparable progress still requires standardized evalu-
ation protocols; HumanTracker provides reproducible evaluation and a unified
gpos reference format for fair comparison.

2.3 Preference-based evaluation for physical plausibility

Kinematic metrics can miss temporally structured failures (contact timing, slip,
drift); pairwise human preferences offer a direct supervision signal for reward
modeling when metrics are misaligned with perception [9,46]. HumanTracker
collects preferences over synchronized rollout/reference videos and trains a tra-
jectory reward model (HumanScore) as a preference-aligned metric for stability
and contact realism in long-horizon tracking.
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3 HumanTracker: Benchmark and Preference-Aligned
Evaluation

HumanTracker targets two bottlenecks (Sec. 1). First, existing benchmarks are
typically too small and too homogeneous to reveal where a humanoid tracker
fails in long-horizon, contact-rich regimes. Second, conventional kinematic er-
rors can disagree with what people perceive as stable and physically credible
tracking, especially around contacts and support transitions. To address both,
we introduce a large, explicitly categorized optical mocap dataset together with
a standardized evaluation protocol, and we complement conventional metrics
with a learned, preference-aligned trajectory score (HumanScore).

3.1 Evaluation protocol

Simulation setup. We evaluate a tracker by rolling it out in a physics simulator
while it tracks a reference clip in simulation [6,32,33,51]. The humanoid state is
parameterized by generalized coordinates ¢ and velocities ¢; each clip provides

a time-indexed robot-space reference ¢! (exported as gpos).

Standardization and reproducibility. All methods are evaluated under iden-
tical simulator settings, action bounds, initialization, and termination rules. We
release the evaluation code and configuration to make the protocol reproducible;
additional details and ablations are provided in Sec. 4.

3.2 HumanTracker dataset: 150 hours of high-quality optical mocap

Capture scale and fidelity. HumanTracker contains 150 hours of newly cap-
tured optical motion capture, collected specifically to benchmark contact-rich
humanoid tracking. Optical mocap provides dense and accurate skeletal mo-
tion, which is particularly important for fast limb dynamics and subtle contact
timing—precisely the regimes where small kinematic discrepancies can trigger
large failures. The dataset comprises motions performed by 24 professional per-
formers (e.g., dance teachers, fitness coaches, tennis coaches, and full-time mocap
actors) to ensure both technical quality and stylistic breadth.

Quality control for physical plausibility. Raw recordings are not automat-
ically “benchmark-ready” for physics-based tracking: small capture artifacts can
translate into implausible contacts or destabilizing reference trajectories. We
therefore apply a multi-stage quality control process with manual inspection,
removing physically inconsistent segments such as unexplained floating, ground
penetration, and contact discontinuities. This curation is crucial for fair eval-
uation because it prevents penalizing trackers for errors originating from the
reference itself.
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Fig. 2: Motion taxonomy. HumanTracker groups motions into four top-level families
based on tracking regime and contact structure, enabling fine-grained diagnosis beyond
a single aggregate score.

Annotations and released representations. Each clip is released with (i) a
top-level motion family label, (ii) a natural-language text label, and (iii) a retar-
geted robot-space reference trajectory (qpos). We also provide fitted parametric
human motion sequences (SMPL) for consistent downstream analysis [30,34,37].
Family labels support stratified evaluation and diagnosis (e.g., isolating failures
under impacts versus support switching), while text labels make the benchmark
directly queryable and enable fine-grained subset reporting beyond coarse aggre-
gates.

Motion taxonomy for diagnostic evaluation. Trackers rarely fail uniformly:
a method can appear strong on steady locomotion yet break under impacts,
asymmetric support, or low-posture, multi-contact transitions. To avoid a mis-
leading “average-case” benchmark, we group motions into four top-level families
(Fig. 2) that separate tracking regimes by contact pattern, support complexity,
and the dominant pathway through which errors amplify over time. Specifically,
Daily covers routine walking/turning/gestures and primarily probes steady-state
stability and residual drift under stable support; Highly Dynamic contains jumps,
kicks, acrobatics, and fast dance footwork where impacts and rapid support
switching amplify phase and timing errors; Interaction focuses on human/object
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Table 2: Dataset statistics of HumanTracker. The benchmark contains 150 hours and
24K motion clips across four motion families, each representing distinct tracking chal-
lenges ranging from steady locomotion to highly dynamic and multi-contact motions.

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, hand-body coordination
Ground 4 1.6k low posture, multi-contact transitions

Total 150 24000 diverse

interactions (e.g., pick & place, door opening, greetings) that require precise end-
effector timing together with whole-body stabilization; and Ground emphasizes
kneeling /sitting/rolling /recovery with low center-of-mass and complex multi-
contact transitions where contact geometry and friction consistency are critical.
This taxonomy makes evaluation diagnostic: per-family results reveal not only
which method is better, but where it improves and which failure modes remain.

Train/test split. We provide an 8:2 clip-level split stratified by motion family,
covering diverse regimes in both partitions while avoiding duplicate leakage. We
evaluate trackers both in-domain (trained or fine-tuned on HumanTracker train)
and zero-shot (without using HumanTracker), as detailed in Sec. 4.

3.3 Preference collection and HumanScore

From rollouts to preference supervision. To learn an evaluation signal
aligned with human perception, we construct a preference dataset over tracking
rollouts. We train a collection of trackers on the HumanTracker training split
while varying training choices that are known to affect contact realism and long-
horizon stability (e.g., reward parameterization, domain randomization strength,
and the availability of privileged information during training). For each refer-
ence clip, we then generate rollouts using the standardized protocol and render
synchronized videos.

Pair construction and sampling. Each query compares two rollouts that
track the same reference segment and differ only in the tracker that generated
them. We balance queries across motion families and over-sample “hard” pairs
where conventional metrics disagree, since such comparisons are most informa-
tive for separating perceptual quality beyond frame-wise kinematics.

Annotation interface, labels, and quality control. Figure 3 shows the in-
terface: each query samples a 5s window and presents two synchronized rollout
videos for the same reference segment (same camera and playback). Annotators
choose one of four labels—Ieft better, right better, both good, or both bad—which
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Fig. 3: Preference collection interface (in-house tool). Each query randomly samples
a 5s segment and presents two synchronized rollout videos for the same reference,
together with four options: Left better, Right better, Both good, and Both bad.

captures both strict preferences and common cases where both candidates are
acceptable or neither is satisfactory. Annotators are instructed to judge (i) fi-
delity to the shown reference and (ii) physical credibility (contacts, balance, and
smooth support transitions), rather than motion “style”. We apply basic quality
control (e.g., repeated queries and sanity checks) and filter inconsistent annota-
tions before training the preference model.

Dataset size and split. We use 12K annotated motion pairs and an 8:2 split
for preference-model training/testing. All quantitative validation of HumanScore
is reported on the held-out preference test split (Sec. 4).

HumanScore model We train a trajectory reward model ry(7) that predicts
human preferences and assigns a scalar HumanScore to a rollout trajectory 7.
Although supervision is collected from videos, the model operates on the under-
lying time series to avoid visual confounds: each frame ¢ is encoded as a token
x¢ that concatenates rollout information (including privileged signals available
during evaluation, such as full-body state and contact-related quantities) with
time-aligned reference features from ¢}*f. We use a bidirectional Transformer en-
coder [43] to capture long-horizon phenomena (e.g., slow drift, unstable support
switching, and contact inconsistency), mean-pool the encoded temporal tokens,

and map the pooled representation through an MLP head to obtain 74(7).
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Fig. 4: Trajectory reward model (HumanScore). A bidirectional temporal Transformer
encodes per-frame tokens, each containing rollout privileged states and reference in-
formation, and aggregates them via mean pooling to produce a global representation,
which is mapped to a scalar score by an MLP head.

Training objective from four-way labels. For strict preferences (left better
or right better), we use a Bradley—Terry likelihood [5,9,42]:

P(r; = 1) = 0(7“9(7’2-) — 7“9(73-))7

and minimize the negative log-likelihood. For ties (both good and both bad), we
enforce score consistency by penalizing large score differences between the two
rollouts, and we use the tie type to calibrate score scale (good ties should receive
higher absolute scores than bad ties). Implementation details (feature set, loss
weights, and ablations) are provided in Sec. 4.

3.4 Metrics and evaluation with HumanScore

Reported metrics. We report three primary metrics: Succ, MPJPE, and Hu-
manScore. Succ is the fraction of rollouts that finish a clip without termina-
tion under the standardized protocol. MPJPFE is the mean per-joint pose error
in radians (rad). HumanScore is computed from the raw reward-model output
Scorepy = ro(7), with higher values indicating a higher human preference. For
benchmark tables, we use:

S raw d
HumanScore, = 100 - o ( COTerM — M€ lanb) ,

scaley
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where b denotes either the zero-shot setting or the in-domain training setting,
and median, and scale, are computed once from the complete rollout sample
pool of setting b. The factor 100 reports HumanScore on a percentage-style 0—
100 scale. In our implementation, scale, = max((q75.6 — ¢25.6)/(210g 3), €), where
@255 and grs p are the pooled first and third quartiles and € = 108,

Preference alignment of metrics. To quantify alignment with human judg-
ments, we evaluate each metric on the held-out preference test split. We report
pairwise preference accuracy (predicting which rollout is preferred) and rank
correlation across methods, together with the per-family breakdowns enabled by
our motion taxonomy.

4 Experiments

HumanTracker makes three recurring patterns explicit by evaluating diverse mo-
tions in physics simulation under a standardized rollout protocol, consistent
with how modern trackers are trained and evaluated [6, 32, 33,51]. First, cate-
gory composition matters: High Dynamic and Ground amplify contact-timing
and recovery failures and therefore separate methods more clearly than compara-
tively easy locomotion. Second, metric mismatch is systematic: low MPJPE does
not necessarily imply stable contacts or long-horizon consistency, especially in
contact-rich families where retargeting and contact timing artifacts are visually
salient [25,49]. Third, HumanScore is more predictive of held-out human pref-
erences than Succ and MPJPE in our setting, enabling more targeted diagnosis
of the failures that conventional kinematic errors under-penalize.

4.1 Setup

We evaluate all methods under the same simulator configuration and episode
protocol. We fix the control frequency, action bounds, and episode termination
rules, and we use a shared action interface so that results reflect tracking quality

Table 3: In-domain preference test comparison between the reward model and tradi-
tional metrics. Align Rate denotes the probability of correctly predicting the preferred
trajectory in a human-labeled pair.

Metric Align Rate
Reward Model (HumanScore) 0.9291
MPJPE (rad) 0.8218
MPJVE (rad/s) 0.4770
KPT Position MAE (m) 0.5594
Foot Contact Accuracy 0.5307
Avg Joint Accel (rad/s®) 0.6686

Avg Joint Jerk (rad/s®) 0.7088
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Table 4: HumanTracker benchmark (In-Domain Training). For each family we report
Succ (%) 1, MPJPE (rad) |, and HumanScore 1 on a 0-100 scale.

Daily High 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 [54] 88.9 0.149 18.9 77.6 0.174 21.4 953 0.125 32.2 0.0 0.248 38.2
Humanoid-GPT [39] 97.3 0.057 71.0 95.1 0.085 63.1 97.5 0.053 69.5 17.4 0.301 34.6

Table 5: HumanTracker benchmark (Zero-Shot). HumanScore is reported on a 0-100
scale.

Daily High Dynamic Interaction Ground

Method Succ MPJPE Human Succ MPJPE Human Succ MPJPE Human Succ MPJPE Human

(%) (rad) Score (%) (rad) Score (%) (rad) Score (%) (rad) Score
Humanoid-GPT [39] 97.2 0.060 72.0 89.9 0.102 64.0 97.6 0.051 70.9 19.2 0.608 23.3

SONIC [33] 93.6 0.103 52.5 92.3 0.118 43.1 96.6 0.080 65.9 0.0 0.260 35.3
TWIST2 [54] 80.0 0.106 24.3 62.3 0.164 21.8 93.5 0.075 41.2 0.0 0.320 13.3
GMT [6] 21.1 0.244 12.7  30.7 0.250 16.2 76.7 0.151 40.2 3.0 0.436 15.7

rather than actuator modeling differences. We use the same episode termination
rules as defined in Sec. 3.1. HumanTracker provides one train split and one test
split with an 8:2 ratio. We report all benchmark numbers on the test split. We
report an in-domain training setting and a zero-shot setting. In-domain train-
ing trains or fine-tunes a tracker on HumanTracker train. Zero-shot evaluates a
tracker without using HumanTracker train.

4.2 Evaluated methods

We evaluate four representative trackers. GMT [6] is a general motion track-
ing policy. TWIST?2 [54] is a scalable humanoid teleoperation and data collec-
tion system; we evaluate its tracking policy under the HumanTracker proto-
col. SONIC [33] scales motion tracking and reports strong zero-shot transfer.
Humanoid-GPT [39] scales up large-scale motion tracking and uses a modern
causal Transformer for better capacity. For each method, we follow the official
evaluation protocol as closely as possible and adapt its control outputs to the
HumanTracker shared evaluation interface.

4.3 Benchmark results on HumanTracker

Tab. 4 and Tab. 5 summarize performance across the four motion families. The
per-family breakdown exposes different failure regimes: steady locomotion and
mild contacts in Daily, fast impacts and phase errors in High Dynamic, precise
end-effector timing under asymmetric support in Interaction, and low posture
with complex multi-contact transitions in Ground.
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In-domain training. With access to HumanTracker train (Tab. 4), the main
separation occurs in contact-heavy families. Daily, High Dynamic, and Inter-
action are dominated by Humanoid-GPT, which combines high success, low
MPJPE, and high HumanScore after in-domain training. Ground remains dif-
ficult even with in-domain training: Humanoid-GPT completes more rollouts,
while TWIST2 receives a slightly higher HumanScore and lower MPJPE, re-
flecting the different contact geometry and support transitions required at low
center-of-mass.

Zero-shot generalization. Without using HumanTracker for training (Tab. 5),
performance gaps widen substantially. Generalization remains most challeng-
ing on Ground, where performance varies widely and most methods still fail to
complete rollouts, and it remains difficult in High Dynamic for weaker trackers,
reflecting sensitivity to action interfaces and unseen contact regimes. Humanoid-
GPT shows the strongest zero-shot performance on Daily and Interaction, while
SONIC remains competitive and obtains the highest HumanScore on Ground.
Overall, Ground remains largely unsolved under zero-shot transfer despite these
differences.

4.4 Preference-aligned evaluation with HumanScore

HumanScore vs. conventional diagnostics. We quantify alignment with
human judgments on the held-out preference test split. As shown in Tab. 3, Hu-
manScore achieves the highest alignment rate (0.9291), outperforming kinematic
errors such as MPJPE as well as individual diagnostic signals such as foot-contact
accuracy. This supports our motivation: perceptual tracking quality depends on
temporally structured physical artifacts (contact timing, slip, drift, and support
transitions) that are not faithfully summarized by frame-wise pose errors or any
single handcrafted diagnostic.

Annotator reliability. To ensure the preference signal is stable, we measure
inter-annotator agreement on 500 overlapping pairs. Annotators achieve a Co-
hen’s Kappa of k = 0.76 (95% CI: 0.71-0.81), indicating substantial agreement
and validating the preference supervision used to train HumanScore. We further
analyze model design choices via ablations in Sec. 4.5 (Fig. 5).

4.5 Ablation studies

We conduct ablations to understand which information HumanScore uses to pre-
dict human preferences. All ablations use the same 12K human-labeled motion
pairs as the reward-model training protocol, without collecting additional labels
or generating new rollouts. We use the same random 80/20 train/evaluation
split with seed 42 and report pairwise preference accuracy on the held-out hu-
man preference split.
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Fig. 5: HumanScore ablations on held-out human preference pairs. The full model is
trained with all features; W/O denotes zeroing a feature group only at evaluation time.

Input ablation. For feature sensitivity, we train a full HumanScore model once
and zero out selected feature groups only at evaluation time. This isolates which
signals the trained model actually relies on. As shown in Fig. 5(a), removing
contact-related features reduces Align Rate from 0.9291 to 0.7395, while keeping
only kinematic pose features drops it to 0.7548. In contrast, removing reference
features changes the score only slightly to 0.9253, and removing root-velocity
features leaves the result unchanged at 0.9291. This indicates that HumanScore
is not merely learning a kinematic pose-matching proxy; it relies strongly on
physical and contact-related cues such as foot contact, foot motion, and contact
stability.

Temporal ablation. Temporal context is also important. We truncate each
5s preference clip to the first 1s, 2s, 3s, 4s, or the full 5s window. As shown in
Fig. 5(b), Align Rate improves monotonically from 0.7739 at 1s to 0.8525 at
2s, 0.8812 at 3s, 0.9138 at 4s, and 0.9291 at 5s. This supports scoring complete
trajectory windows rather than isolated frames, since perceptual failures such as
foot skating, jitter, instability, and near-fall events are temporally structured.

4.6 Optimization utility.

While HumanScore is primarily designed as an evaluation metric, a natural
question is whether it can be used directly as a reward signal in reinforcement
learning. In preliminary experiments, we incorporated HumanScore as a dense
reward component during PPO training. We observed that the policy success-
fully learned to minimize visible artifacts like foot skating and jitter, leading
to perceptually smoother motions. However, we also noted instances of reward
hacking, where the policy adopted overly stiff postures to artificially inflate the
score. This suggests that while HumanScore provides a valuable learning signal,
it must be carefully balanced with task-specific rewards or regularized to prevent
exploitation. We leave the full exploration of preference-based RL for humanoid
tracking to future work.
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Table 6: Reward model training hyperparameters.

Hyperparameter Value
Layers 5
Attention heads 2
FFN dimension 1024
Pooling Mean
Batch size 128
Learning rate 1x107°
Epochs 4
LR schedule Cosine
Dropout 0.05
Weight decay 1x107°

4.7 Implementation details and dataset statistics.

We include additional implementation details from the supplementary material
to make the camera-ready paper self-contained. HumanScore is evaluated on 5s
windows: each rollout is divided into non-overlapping segments, and the reward
model scores each segment independently. We first average the raw segment
scores for the rollout, then apply the global sigmoid calibration from Sec. 3.4
so that the reported sequence-level HumanScore is on a 0-100 scale. This ag-
gregation reduces temporal variance while preserving failures that persist over
multiple seconds. Formally, for a rollout 7 partitioned into N non-overlapping
segments {s;}~ ;, we compute

N
raw 1
Scorepp (7) = N Z r9(8:),
i=1

before applying the global setting-level normalization. The reward model itself
is lightweight, using a five-layer Transformer encoder with two attention heads,
mean pooling, and a feed-forward dimension of 1024. The final checkpoint used
for all HumanScore results is fine-tuned for four epochs with batch size 128,
learning rate 1x107°, dropout 0.05, weight decay 1x10~°, and a cosine learning-
rate schedule.

Table 7: Detailed HumanTracker dataset statistics by split and motion family. Dura-
tions are reported in hours before rounding in the main benchmark summaries.

Split statistics Motion-family statistics
Split Clips Frames Hours Family Clips Frames Hours
Train 19,716 52.16M 121.65 Daily 10,304  40.49M 93.73
Test 4,926 12.71M 29.65 High Dynamic 1,630 4.31M 9.98

Overall 24,642 64.87TM 151.31 Interaction 11,068 18.58M 43.01
Ground 1,640 1.49M 4.59
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5 Conclusions

This paper addressed two obstacles that currently limit progress in humanoid
motion tracking: the misalignment between kinematic errors and perceived track-
ing quality under contacts, and the lack of reproducible, comparable evaluation
protocols across methods. We introduced HumanTracker, a unified benchmark
that evaluates tracking as control under a common and reproducible simulator
setup, enabling fair cross-method comparison. HumanTracker also contributes
150 hours of newly captured optical motion data from 24 professional perform-
ers, including dance teachers and fitness coaches, curated into four motion fami-
lies, complete with multimodal annotations including category labels, text labels,
fitted SMPL sequences, and retargeted reference qpos trajectories.

To better reflect what humans judge as “tracks well,” we used 12K syn-
chronized rollout/reference motion pairs and trained a trajectory reward model
whose output we report as HumanScore. Across representative trackers and set-
tings, our results highlight systematic cases where low kinematic error does not
imply stable contacts, and show that HumanScore is more predictive of held-out
preferences than conventional metrics.

We hope HumanTracker will enable fairer comparison, clearer diagnosis, and
ultimately tracking methods that are more robust and credible on real hu-
manoids.
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