TeCH: Temporal Distance Modeling via Contrastive
Representation Learning for Humanoid Whole-Body Control
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Fig. 1. Overviewv of TeCH: Self-explored robot states are embedded via
a state encoder into a latent manifold, with latent distance serving as a proxy
for transition step count; the learned representation enables both continuous
motion tracking and discontinuous goal reaching.

Abstract—Humanoid robots are ideal general AI platforms
owing to their environmental adaptability, while their high de-
grees of freedom complicate scalable motor learning. Traditional
on-policy reinforcement learning methods such as PPO rely on
handcrafted rewards, suffering from prohibitive training costs,
limited state coverage, and poor generalization. To address
these drawbacks, unsupervised representation learning has been
widely adopted for humanoid control. Existing solutions mainly
include Forward-Backward (FB) representation learning and
contrastive metric learning-based Temporal. Distance Represen-
tation (TLDR). Limited by the linear MDP assumption, FB fails
in complex contact-rich scenarios and yields unstable representa-
tions. This paper presents a novel unsupervised humanoid control
method TeCH built upon the contrastive learning framework of
TLDR. Our method constructs dense rewards via latent temporal
distance modeling to guide structured exploration, delivering a
concise, stable training pipeline and well-organized latent space.
It enables high-precision zero-shot motion tracking and goal
reaching with prominent data efficiency, and can be seamlessly
deployed on physical robots. Extensive simulated and real-
world experiments validate the superior tracking accuracy and
generalization of our method, demonstrating its great potential
for practical humanoid control.

I. INTRODUCTION

Humanoid robots serve as ideal physical platforms for
general Al due to their natural compatibility with human
environments. Their high degrees of freedom support flex-
ible whole-body loco-manipulation, yet complicate scalable
motor learning. Traditional methods using handcrafted re-
wards perform well only on limited tasks and lack robustness
and generalization in complex scenarios. To address this,

researchers shift toward learning general behavioral priors to
obtain reusable low-level motor skills, instead of optimizing
for separate tasks.

In recent years, reinforcement learning has advanced sim-
to-real motor skill transfer for humanoid robots. Centered
on whole-body motion tracking, these methods enable robots
to learn dynamic, reusable skills for locomotion and loco-
manipulation tasks. However, most prevailing approaches
adopt on-policy optimizers such as PPO with manually de-
signed tracking or task-specific rewards, yielding two key
drawbacks. First, they demand massive high-dimensional mo-
tion data and large-scale parallel environments, leading to
prohibitive training costs. For example, SONIC [23] requires
128 GPUs for three consecutive days of training. Second,
constrained dataset coverage fails to span the full control
space of high-degree-of-freedom humanoids. Lacking struc-
tured and smooth representations, existing methods limit skill
generalization and reuse, and cannot efficiently generate robust
responses against external disturbances.

To tackle these limitations, representation learning-based
unsupervised reinforcement learning methods have emerged
for humanoid control. A representative branch adopts suc-
cessor feature-based value decomposition, exemplified by
Forward-Backward (FB) representation learning [35l], which
learns composable latent representations for unsupervised skill
discovery and behavior reuse. With high sample efficiency,
strong reusability, and compatibility with large-scale replay
buffers, off-policy unsupervised reinforcement learning is
promising for constructing humanoid behavioral foundation
models. Introduced to humanoid control by BFM-Zero [18],
FB learning acquires smooth, composable motion primitives
via structured exploration, delivering favorable skill interpo-
lation, robustness, and generalization by modeling behavioral
manifolds. Nevertheless, FB suffers from critical limitations
in high-dimensional humanoid systems. It builds on the linear
Markov Decision Process (linear MDP) assumption in latent
embedding space, which fails under complex contact dynam-
ics, causing representation instability and degradation. Overall,
existing unsupervised skill learning methods inevitably trade
off representation expressiveness, training stability, and task
scalability.

Another branch of unsupervised reinforcement learning
leverages contrastive metric learning to learn state representa-
tions. It models temporal correlations and behavioral distances
to produce dense, stable optimization signals. As a represen-
tative paradigm learned via contrastive learning, TemporalL
Distance Representation (TLDR) [1] differs from FB methods:



it abandons value function decomposition and directly learns
temporal reachability and system dynamics using temporal
distance objectives.

On this basis, this paper proposes TeCH (as shown in
Figure [I)), an unsupervised control framework for humanoid
robots built upon the temporal distance representation [1].
This method constructs dense progress rewards using distance
variations in the latent space, which endows autonomous
exploration with clearer directionality and naturally establishes
correspondences between states and goals. Benefiting from
more straightforward optimization objectives and a concise,
stable training pipeline, TeCH delivers better scalability and
optimization stability in global goal control tasks. We also
observe that TeCH can construct well-structured latent spaces
to support zero-shot motion tracking and goal reaching with
enhanced precision. It achieves exceptional data efficiency
during training and demonstrates promising performance when
deployed on physical humanoid robots.As the two mainstream
unsupervised reinforcement learning paradigms, both FB and
TLDR frameworks have been proven capable of transferring
learned capabilities to real-world humanoid robots. The main
contributions of this paper are summarized as follows:

« Methodological Innovation: We present a novel method
TeCH for humanoid control based on temporal distance
learning. It produces dense latent rewards for structured
exploration and improves tracking accuracy in unsuper-
vised reinforcement learning.

« Comparative Benchmark: We conduct the first system-
atic comparison of unsupervised RL on humanoid robots,
which provides practical insights for future design.

« Experimental Validation: Extensive simulated and real-
robot experiments validate that TeCH achieves high-
precision whole-body tracking and goal reaching for
practical deployment.

II. RELATED WORKS
A. Humanoid Whole-body Control

In recent years, learning-based methods have achieved re-
markable progress in humanoid whole-body control. Though
reinforcement learning can generate complex dynamic behav-
iors effectively in simulation [28) 21} 22} [34, [33]], sim-to-real
transfer remains a critical barrier to real-robot deployment.
Various strategies including domain randomization and system
identification have been proposed, yet most existing works
focus on single-task learning for specific behaviors such as
walking, running and standing up [29} [30} 3} 32| 39} [15] 27]].

Since 2025, multi-task and general-purpose humanoid con-
trol have attracted growing attention, aiming to build a single
policy for diverse tasks [12} [13| 41} 40, 38| 4} [11} [14} 5L |6} 18]].
These methods typically train tracking policies in simulation
and distill them into unified multi-task policies via CVAE-
based latent learning or diffusion models [[12, 138, 40, 4,
41, [19]]. Nevertheless, they are inherently limited by motion
dataset quality and generally adopt on-policy reinforcement
learning. Distinct from such paradigms, our method leverages

off-policy reinforcement learning to directly learn general
policies. It yields a richer, more structured skill space and
is free from constraints brought by motion datasets.

B. Unsupervised Reinforcement Learning

Unsupervised reinforcement learning enables learning of
diverse, controllable behaviors without task-specific rewards.
Mutual-information-based skill discovery methods, including
DIAYN [7], VIC [9], and VALOR [16], improve skill distin-
guishability by maximizing mutual information between latent
variables and state trajectories. However, these methods are
primarily validated in simple locomotion settings and typically
adopt on-policy training, limiting their scalability to high-
dimensional humanoid systems.

Common contrastive and representation learning ap-
proaches, such as CIC [20] and Proto-RL [37], learn struc-
tured state and skill embeddings via InfoNCE and prototype
matching for more stable representations. Meanwhile, intrin-
sic motivation methods including RND [2f], ICM [26], and
SMM [[1'/] promote exploration by rewarding state novelty and
coverage. Nevertheless, these paradigms lack explicit goal-
progress modeling and deliver weak supervision for goal-
reaching behaviors.

Forward-Backward (FB) representation learning [36]] offers
structured behavior modeling by decomposing value functions
into forward state embeddings and backward skill embeddings,
supporting composable skill representation and zero-shot gen-
eralization. Despite these merits, FB relies on strict successor-
feature decomposition assumptions and requires joint opti-
mization of dual mappings, with insufficient validation on
high-dimensional, contact-rich humanoid control.

As another effective contrastive learning paradigm, Tempo-
ral. Distance Representation (TLDR) [1]] abandons forward-
backward factorization. It explicitly models temporal reacha-
bility via a temporal-distance-aware encoder ¢,,, which em-
beds temporally adjacent states closely and produces dense
progress-aligned rewards 71q,. This design yields a simpler,
more stable off-policy optimization objective. In this work, we
extend TLDR to real humanoid robots and conduct systematic
evaluations on general motion tracking and goal-reaching
tasks.

III. PRE-TRAINING OF TECH

TeCH comprise two core components: an unsupervised pre-
training phase and a zero-shot inference pipeline (Section [[V).
In this chapter, we outline their unsupervised pre-training
workflow, covering the training procedure in simulation envi-
ronments and the design specifics for transfer to real humanoid
robots. We provide the problem formulation in Section
and introduce the unsupervised reinforcement learning frame-
work of the TeCH in Section and Section which
is based on the temporal distance representation framework.

For TeCH, the learning objectives are twofold: 1) a latent
representation space that captures the temporal structure of
behavior trajectories. In this space, states or trajectories with
temporal proximity and similar behavior patterns are mapped



to adjacent positions, empowering the policy to generalize
based on trajectory-level behavior semantics (Section [III-BJ);
2) a policy conditioned on latent task representations. We
can map macroscopic robot poses into this structured space
to achieve unified control over diverse motion targets and
behavior patterns (Section [[II-C)).

To achieve zero-shot sim-to-real transfer of the policy, we
follow [18]] introduce an adversarial objective during training
to align humanoid robot behaviors with the human data
distribution (Section [[II-D)); we also add auxiliary training ob-
jectives to enforce critical constraints for sim-to-real transfer,
such as joint limit compliance and bounded action change
rates. The full pre-training pipeline and pseudocode of TeCH
are further elaborated in Section [II-El

A. Problem Formulation

We formulate the real-world humanoid robot control prob-
lem as a Partially Observable Markov Decision Process
(POMDP), defined as a five-tuple (S,0, A, P,v), where S
denotes the full state space, O the observation space, A the
action space, P(s;y1 | $¢,a¢) the state transition dynamics,
and v € (0,1) the discount factor.

For a humanoid robot with 29 degrees of freedom, the
action ¢ € A C R? consists of target values for a
proportional-derivative (PD) controller over all degrees of
freedom. The privileged state information s € R*%3 includes
root height, body pose, body orientation, linear velocity, and
angular velocity. The observable state is defined as o; =
{g — @, qs,wi*°t/4, 9,3 € RO where ¢ € R? denotes
joint positions normalized with respect to the nominal pose
7, ¢ € R?? denotes joint velocities, wi°®® € R3 denotes
root angular velocity, and g; € R® denotes the projected
gravity vector in the root frame. We further define the obser-
vation history as o, g = {0t—m,a1_p,...,01} € RISHH64
which consists of proprioceptive states and actions. Except
for root height, all state components are normalized with
respect to the current heading direction and root position.
During the pretraining stage, the agent has access to an
unlabeled motion dataset M = {7}, where each trajectory
contains both observation and privileged state sequences,
ie.,7 = (01,81,...,0i(s); Si())> Where [(7) denotes the length
of trajectory .

B. Temporal Distance Representation Learning

Formally, given a state transition (s¢, s¢11), We construct
pseudo-goals via temporal rolling:

gt = roll(s¢11), (D

This temporal rolling operation extends future states beyond
single-step transitions, moving beyond immediate adjacency
and modeling longer-range temporal dependencies. As a result,
the learned representation is optimized under a contrastive
learning paradigm to capture multi-step environmental dynam-
ics, rather than merely fitting instantaneous state transitions.
We then map all observed states and constructed pseudo-goals

into a unified latent space via a shared encoder:

br = Py(st), By = Oy(si41),  ¢g = Pylge).  (2)

The encoder is trained with a dual-objective contrastive loss
to regularize latent space geometry:

CTE(¢7 >\) - _jdist(¢x7 ¢g) + )\Cstep(¢xv ¢y)7 (3)

where the core term Jgist serves as the contrastive objective
that enforces explicit feature separation between temporally
distant state pairs in the latent space, distinguishing reachable
and unreachable temporal state relationships. Complementar-
ily, the step-wise smoothness term Cgtcp, acts as a regulariza-
tion constraint between consecutive states, preventing abrupt
feature shifts and maintaining continuous latent evolution.
Jointly optimized, this dual contrastive objective shapes a
physically consistent latent geometry, where latent-space dis-
tances explicitly reflect the temporal reachability and multi-
step transition logic of real robot trajectories.

C. Goal Progress Reward with Temporal Distance

For the policy 7y, the key objective is to measure progress
toward a latent goal z. Let Z(-) denote the projected latent
representation. The reward is defined as:

Tadr (8t St41,2) = (|2 = Z2(st)|l2 — [z — Z(st41)l2. (D)

This formulation has a clear intuition: if the next state is
closer to the goal in the latent space, the reward is pos-
itive; otherwise, it is negative. Consequently, the policy is
continuously driven to optimize toward the direction of goal
proximity, resulting in a dense and directionally informative
learning signal.

D. Transfer TeCH to Real Robots

Deploying unsupervised reinforcement learning on hu-
manoid robots faces issues such as limited real-world ob-
servations, sim-to-real dynamics gaps, unstable motions and
unnatural behaviors from unregulated exploration. To resolve
these problems and enhance sim-to-real transfer, we adopt
four training components. We apply asymmetric training to
handle partial observability, and leverage domain random-
ization to reduce simulation overfitting. Auxiliary objectives
are introduced to ensure motion stability and safety, while a
latent-conditioned style discriminator regularizes policies to
generate human-like behaviors. The detailed implementation
of all above modules follows BFM-Zero [18]].

E. Pre-training Pipeline

As illustrated in Figure 2] the pretraining pipeline consists of
three iterative modules: online interaction, experience replay,
and multi-objective optimization. These components form a
closed training loop that continuously operates across parallel
simulation environments.

During online interaction, the policy executes actions con-
ditioned on a latent variable z and collects transitions of the
form (s, 0p—:t, at, St+1, 2¢), which are stored in an online
replay buffer. Importantly, the latent variable z is not drawn
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Fig. 2. This pre-training pipeline employs three parallel critics to jointly op-
timize the policy: a discriminative critic for humanoid motion regularization,
an auxiliary critic providing sim-to-real transfer reward, and a representation
critic that regularizes state embeddings to align with latent goal.

from a single source but is instead constructed from a mixture
of three complementary signals, jointly balancing exploration
diversity, goal reachability, and behavioral priors:

1) Randomly sampled latent variables (e.g., from Gaussian
or hyperspherical priors), which expand the coverage of
the latent task space and encourage behavioral diversity;

2) Latent representations associated with online samples,
which align learning with goals that are currently reach-
able by the policy;

3) Latent representations derived from expert trajectories,
which inject human-motion priors and provide stable
anchors in the latent space.

Notably, TeCH enables a more flexible exploration strat-
egy by leveraging its learned temporal distance metric. In
addition to the mixed-goal sampling scheme adopted by
[L8]—including random goals, replayed high-value goals, and
expert goals—TeCH further estimates the temporal reachabil-
ity between the current state and candidate goal states. This
reachability estimate is then used to dynamically adjust goal-
sampling probabilities throughout training.

Specifically, during the early stages of training, TeCH
assigns higher sampling probabilities to temporally distant
and infrequently visited goals, thereby encouraging broader
exploration. As the policy gradually stabilizes, the sampling
distribution shifts toward regions associated with higher ex-
pected returns, allowing learning to focus on refining task-
relevant skills and improving overall policy performance.

During the experience replay stage, the learner simultane-
ously samples transition batches from the online replay buffer
and trajectory segments from unlabeled expert demonstrations.
These samples are used to construct the discriminator learning

signal and the representation learning objective, respectively.

The training then proceeds to the multi-objective opti-
mization stage, where parameters are updated sequentially
according to Discriminator — Encoder(¢,) — Main Critic
and Auxiliary Critic — Actor — Target Network Soft Update.
This closed-loop procedure is repeated until convergence.

From an optimization perspective, the Actor is driven by
three complementary learning signals: the representation ob-
jective Qrep (induced by r14;), the style objective Q p, and
the auxiliary objective Q r. Combining these terms yields the
final Actor objective:

L(m)=~E (5, y.5:)~D )\REPQREP—F)\DQD—MRQR]

ay=m(04,H,2), 2~V
(5)

The complete pretraining procedure of TeCH is summarized
in Algorithm ??. For clarity, implementation details related to
parallel environment simulation and distributed training are
omitted.

IV. ZERO-SHOT INFERENCE IN TECH

During the testing stage, TeCH can solve a variety of tasks
in a zero-shot manner, without any additional task-specific
learning, planning, or fine-tuning. We first embed different
downstream tasks into the latent space, and consider two
representative types of tasks.

« Goal Reaching: Given discontinuous goal states, we map
them into multiple policy conditions z, enabling the robot
to switch between different target poses.

« Trajectory Tracking: We aggregate future states within a
reference trajectory window and map them into a sequence
of latent conditions {z;}, allowing the policy to progres-
sively track the target motion.

TeCH does not belong to the successor-feature-based unsu-
pervised reinforcement learning paradigm and therefore does
not provide a unified value-based inference interface. As a
result, it typically cannot directly support reward optimization
tasks such as those in [18]. In contrast, TeCH introduces
temporal-distance-aware representations that explicitly encode
the temporal reachability relationship with respect to the
current state. Consequently, in zero-shot tracking scenarios,
TeCH often exhibits faster and tighter trajectory tracking
behavior.

Goal Reaching. For the goal reaching task, the correspond-
ing latent vector is formulated as:

Zg = ¢(Sg)7 (6)

where ¢(-) denotes the temporal distance encoder of TeCH.
Tracking. For motion trajectory tracking, given a trajectory

7 = {s1,...,8n}, the sequence of latent variables {z;} for
the policy is defined as:
t+H
2zt = wy G(ser), (7
t'=t

where H represents the look-ahead time window, and wy are
discount weights satisfying wy > 0 and Z:,ii[ wy = 1.



V. EXPERIMENTS
A. Experimental Setup

In this section, we evaluate TeCH comprehensively in both
simulation and real-world robotic platforms. We train both
methods in the Unitree G1 humanoid simulation environ-
ment [43] based on IsaacLab [25]. The simulation frequency
is set to 200 Hz, while the control frequency is 50 Hz. For
the motion dataset, we use the LAFANI dataset [10], which
has been retargeted to the Unitree G1 robot and contains
approximately 40 motion clips of several minutes each.

B. Simulation Results

1) Motion Tracking: This evaluation measures the imitation
accuracy of motion sequences. We evaluate the policies on
both the training dataset (LAFANI [10], 40 clips, approxi-
mately 2-3 hours in total) and the test dataset (100-Style [24],
3-4k clips, approximately 18—19 hours in total), where all
motions are retargeted to the G1 robot. We use joint position
error as the evaluation metric:

B
1
Emae(ea m) = m Zl ||qt(e) - Qt(m)HV (8)
t=

where m denotes the target motion trajectory. The final results
are reported as the average error over all motion clips.

Unlike prior frameworks such as Sonic that rely on task-
specific motion tracking rewards and imitation learning, BFM-
Zero and TeCH explore unsupervised reinforcement learn-
ing for humanoid control, learning a unified latent space of
reusable skills that enables discontinuous goal reaching and
hierarchical planning.

Nevertheless, we compare against the state-of-the-art
general-purpose motion tracking controller SONIC [23]. We
evaluate the publicly released model under the same en-
vironment and test sets, reporting FEy,,. and the standard
deviation across motion clips. For fairness, BFM-Zero, TeCH,
and SONIC [23] are evaluated without early termination, i.e.,
metrics are computed over full trajectories. Since SONIC
typically struggles to recover quickly after severe failures or
falls, we additionally report SONIC (TER.), where metrics are
computed only over segments before termination.

TABLE I
MOTION TRACKING ERROR ON TRAINING AND TEST DATASETS FOR
TECH AND BASELINES(MEAN =+ STD).

Motion Tracking Error (Emae) ({)

Method
LAFAN1 100-Style
SONICP 0.2916 4+ 0.1887 0.1522 £+ 0.1049
SONIC (TER.)* 0.1081 £+ 0.0213 0.1355 4 0.0351
BFM-Zero® 0.1510 4+ 0.0255 0.1674 £ 0.0459
TeCHP 0.1318 4+ 0.0329 0.1474 £+ 0.0405

2 SONIC (TER.) is evaluated only on segments before termination.
b SONIC, BFM-Zero, and TeCH are evaluated on full trajectories.

From the tracking results, we observe that SONIC [23]
performs poorly in recovery after falls and during ground

transitions, which significantly degrades its overall tracking
performance on the test set. Under fully out-of-distribution
conditions (e.g., external perturbations, falls, or random initial-
izations), BFM-Zero and TeCH are generally able to recover
balance more naturally and continue stable tracking, whereas
SONIC often fails to return to a stable motion regime. We
attribute this advantage primarily to off-policy unsupervised
exploration. Compared to methods relying on large-scale mo-
tion imitation supervision, unsupervised RL frameworks like
TeCH cover a much broader range of non-standard states and
dynamic transitions during training, leading to a smoother and
more continuous skill space.

Even in terms of tracking accuracy alone, TeCH achieve
performance comparable to SONIC (TER.), as shown in
Table [l Notably, SONIC already outperforms GMT [4],
Any2Track [42], and BeyondMimic [19] in its original evalu-
ation. We also emphasize the significant difference in training
efficiency: SONIC [23] uses 128 GPUs, large-scale motion
datasets, and massive parallel environments for training. In
contrast, our method is trained with a single GPU and only
several hours of LAFANI data, reducing GPU-hours and
environment samples by nearly two orders of magnitude.

For a more granular comparison of the two unsupervised
RL methods, we present qualitative motion tracking results in
Figure 3| TeCH achieves highly accurate motion tracking, with
generated trajectories closely aligned with reference motions
at the joint level, indicating that the learned representation
effectively captures local pose structure. Moreover, TeCH
consistently outperforms BFM-Zero, particularly in mitigating
global root rotation drift, as further supported by the quanti-
tative results in Figure [] especially in fast-rotation scenarios.
This performance gap stems from limitations of BFM-Zero,
which learns representations via indirect forward-backward
factorization, introducing approximation errors in the succes-
sor measure M and constraining its ability to model global
orientation, long-horizon phase information, and cumulative
root drift. In contrast, TeCH formulates tracking objectives
more directly, resulting in improved global pose consistency
while preserving precise local joint accuracy.

2) Goal Reaching: We manually extract 21 “stable” poses
from the training dataset (i.e., LAFANT1), defined as states with
zero velocity. To evaluate the proximity between the agent and
the target pose, we define the joint error as:

lel
Eunac(e) = — 3 llai(e) — a9l ©)

e

where e denotes an episode and ¢(-) represents the joint
configuration (i.e., a 29-dimensional vector). The final results
are reported as the average over all target poses. Each episode
has a fixed horizon of H = 500.

Figure [5(a) compares the joint-level mean absolute error
between BFM-Zero and TeCH on the goal-reaching task. The
results show that both methods achieve comparable accuracy,
while TeCH reaches the target more efficiently with a slight
degradation in precision. Figure [5(b) shows three randomly
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Fig. 4. Comparison of Root Global Rotation Error between BFM-Zero and
TeCH under Out-of-Distribution Fast 360-Degree Rotation Task.
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Fig. 5.  Comparison of joint error and qualitative results for goal reaching:
(a) average joint MAE over 21 target poses; (b) example target poses; (c)
qualitative results of TeCH on the goal reaching task.

Qualitative comparison of motion tracking between BFM-Zero and TeCH in simulation: We can see both methods can effectively track in domain

selected target poses, illustrating their diversity and complex-
ity. Figure [5(c) presents qualitative results, where the robot
successfully transitions from lying down to sitting and then to
standing, demonstrating robust recovery behaviors.

Notably, TeCH reaches target goals produces coherent
trajectories even in challenging recovery scenarios. In con-
trast, tracking-based methods such as SONIC struggle
with discontinuous goal transitions, highlighting the limitation
of purely tracking-driven objectives for discontinuous goal-
feadbéngWorld Results of TeCH

As shown in Figure[6|and Figure[7} TeCH also demonstrates
strong performance in both motion tracking and goal reaching
when deployed on real hardware. When large external pushes
perturb the robot, TeCH can autonomously stand back up after
a fall just like BEM-Zero, whereas the baseline SONIC [23]
cannot recover from falling states. This is due to our uni-
fied latent goal space encoding full-body recovery motions
during pre-training, allowing the policy to generate self-
righting trajectories without separate fall-recovery fine-tuning.
However, the two URL methods exhibit distinct behavioral
characteristics in real-world tests. Compared to BFM-Zero,
TeCH tends to execute target motions more directly and
responds more aggressively, sometimes resulting in slightly
less smooth behaviors. This is due to our representation loss
optimizing for minimal transition steps between latent goals,
which prioritizes fast state transfer over motion smoothness;
in contrast, BFM-Zero’s motion-imitation discriminator loss
biases the policy toward slower, gradual movements extracted
from mocap datasets.

D. Random Rollout

We further investigate the quality of unconditioned random
rollouts sampled from our latent action space Z, as visualized
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Fig. 6. TeCH performs robust motion tracking on high-dynamic motions in real robot tests.

Fig. 7.

in Figure [§] We observe that fully random latent samples yield
coherent, human-like humanoid motion sequences without any
task guidance or motion priors. The humanoid avatar smoothly
transitions across diverse balanced poses, ranging from deep
squatting to wide-stance weight shifting and outstretched limb
movements, exhibiting natural human-like fluidity and avoid-
ing the jerky joint spasms or floating artifacts prevalent in
poorly regularized latent representations.

E. Latent Interpolation

As illustrated by the green dotted trajectory on the right
side of Figure [T} linear latent-space interpolation between
two target latent embeddings produces smooth, physically
consistent humanoid motion sequences. The intermediate robot
poses along the interpolation path evolve continuously and
gradually without distorted or fragmented unnatural motions.
This verifies that our learned latent goal space owns valid
continuous structure: straightforward linear interpolation in
the embedding space directly maps to smooth sequential state
transitions of the robot, supporting both motion tracking and
goal-reaching planning.

VI. ABLATION STUDIES
A. Latent Space Dimensionality

The performance of unsupervised behavior foundation mod-
els largely depends on the representational capacity of the
latent space Z C RP: when D is too small, task embeddings
and successor features may fail to distinguish different skills;
when D is too large, optimization becomes more difficult and
sample-inefficient, and training instability may arise due to
redundant representations and increased estimation variance.

To analyze the effect of this hyperparameter, we keep all
other training settings fixed (network architecture, learning
rate, domain randomization, and discriminator reward weights)

P ot 228 e 1N F ? ﬁ; F

TeCH completes real-world goal reaching tasks with stable movements and smooth behavioral transitions.

and evaluate both BFM-Zero and TeCH in the Unitree
G1 simulation environment. We sweep the latent dimension
D € {32,64,128,256,384,512,1024}, and use Earth Mover’s
Distance (EMD) [31] on the LAFANI1 dataset as the metric for
action distribution matching (lower is better, indicating closer
alignment to the reference motion distribution).

As shown in Figure [0] the EMD of both methods decreases
as D increases, indicating improved action distribution fitting,
but with diminishing returns. The performance largely satu-
rates when D > 256. Across all settings, TeCH consistently
achieves lower EMD than BFM-Zero, suggesting that it can
more accurately capture the target motion distribution under
the same capacity. When D is sufficiently large, BFM-Zero
with successor-feature factorization also achieves comparable
performance. Considering the trade-off between performance,
computational cost, and training stability, we use D = 256 as
the default latent dimensionality in all main experiments.

B. TeCH Encoder Learning Rate

For encoder learning in TeCH, a large learning rate
may cause instability in the latent geometry, while a
small learning rate may lead to sparse progress signals
and delayed policy updates. To study its effect on
motion distribution fitting, we fix D = 256 and all other
hyperparameters, and sweep the encoder learning rate lr €
{5x107°,3x107%, 1075, 3x107%, 107¢, 8x10~7, 1079}.
We report EMD evaluated during training (lower is better).

As shown in Figure a large learning rate (Ir ~ 3x107°)
leads to rapid early decrease in EMD but quickly saturates
at a higher level with large fluctuations, indicating insuffi-
cient refinement of the temporal distance structure. Smaller
learning rates (3x10~% and 10~°) yield smoother convergence
and better performance, reaching a stable range after around
100, M steps, but remain suboptimal. The best performance
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Fig. 10. TeCH encoder learning rate ablation: EMD over training steps under
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is achieved at Ir = 8x10~7, which attains the lowest EMD
within the standard training budget. A further reduction to
1079 improves performance slowly but significantly slows
convergence. Overall, there is a clear trade-off between conver-
gence speed and final performance, and we use [r = 8x10~7
as the default setting in all experiments.

C. Online Latent Goal Update Frequency

In addition to the encoder learning rate, TeCH also relies
on periodically refreshing the latent goal z during online
interaction (corresponding to the update-z-every hyper-
parameter). This interval determines how many environment
steps a sampled latent variable is kept before resampling. A
short interval may weaken long-horizon consistency, while a
long interval may reduce skill diversity and overly concentrate
replay data in latent space. We sweep update-z-every €
{5, 10, 50, 100, 200} while fixing D = 256 and the optimal
learning rate above.

Random latent samples produce natural, artifact-Free humanoid motion sequences without task supervision or motion prior

= update-z-every: 5 — update-z-every: 200 update-z-every: 100 —

Fig. 11. TeCH ablation on online latent goal update frequency: EMD over
training steps under different update intervals.

As shown in Figure [TI] all curves decrease rapidly in
the early stage and begin to diverge after approximately
40M steps. Updating z every 5 or 10 steps leads to the
fastest convergence and the smoothest curves, achieving the
lowest EMD (around 0.70) at 110 M steps. The setting
update-z-every= 50 performs slightly worse, with a final
EMD of approximately 0.78, while 100 and 200 result in
0.81 and 0.83-0.85, respectively. Overall, more frequent z
resampling improves action distribution fitting by increasing
behavioral coverage in parallel environments while maintain-
ing stable temporal representations. However, the performance
gain saturates as the interval increases from 50 to 100 and 200.
The difference between update-z—-every= 5 and = 10
becomes negligible after 80 M steps. Combining all ablation
results, we use {r = 8x10~7 and update-z-every= 10
as default settings in the main experiments.

VII. CONCLUSION

In conclusion, this paper presents a novel unsupervised
humanoid control method built upon the contrastive learning
based TLDR framework. Different from existing FB represen-
tation that relies on strict linear MDP assumptions, TeCH di-
rectly models temporal reachability in latent space to produce
stable, dense reward signals and supports effective off-policy
training. Combined with a series of practical training strate-
gies including asymmetric training, domain randomization,
auxiliary objectives and style regularization, our method well
addresses partial observability, sim-to-real gaps and unstable
or unnatural motions. Extensive experiments across simulation
and physical robots verify that our approach achieves high-
precision zero-shot tracking and goal reaching with strong data
efficiency and generalization ability, demonstrating promising
potential for real-world humanoid robot deployment.
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