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Fig. 1: RoboMirror makes humanoid understand before imitating. It acts like a mirror,
which can not only infer and replicate the actions being performed by the shooter from
egocentric videos based on the changes in the surrounding environmental perspective
(as shown in the upper part of the figure), but also understand the actions first and
then imitate them from third-person videos (as shown in the lower part of the figure),
without the need for pose estimation and retargeting during inference.
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Abstract. Humans learn locomotion through visual observation, inter-
preting visual content first before imitating actions. However, state-of-the-
art humanoid locomotion systems rely on either curated motion capture
trajectories or sparse text commands, leaving a critical gap between visual
understanding and control. Text-to-motion methods suffer from semantic
sparsity and staged pipeline errors, while video-based approaches only
perform mechanical pose mimicry without genuine visual understanding.
We propose RoboMirror, the first retargeting-free video-to-locomotion
framework embodying “understand before you imitate”. Leveraging VLMs,
it distills raw egocentric/third-person videos into visual motion intents,
which directly condition a diffusion-based policy to generate physically
plausible, semantically aligned locomotion without explicit pose recon-
struction or retargeting. Extensive experiments validate RoboMirror’s
effectiveness, it enables telepresence via egocentric videos, drastically
reduces third-person control latency by 80%, and achieves a 3.7% higher
task success rate than baselines. By reframing humanoid control around
video understanding, we bridge the visual understanding and action gap.

Keywords: Video to Humanoid Locomotion · Retargeting-free · Vision-
Language Models · Diffusion Policy

1 Introduction

Humans intuitively learn locomotion by observing, a process predicated on
understanding visual percepts before imitating them. Yet, current humanoid
paradigms fail to replicate this “understand-then-act” architecture. Prevailing
video-based methods degenerate into kinematic mimicry, a brittle process focused
on reconstructing poses rather than inferring intent. Other dominant modalities
are even less grounded: Motion Capture (MoCap) bypasses visual perception
entirely, while text commands compress rich visual context into sparse symbols. A
critical gap thus remains: current approaches either fail to genuinely understand
rich visual data or bypass it altogether, fundamentally decoupling perception
from control.

This failure to understand is exemplified by the “kinematic mimicry” paradigm [8,
9,43,44]. Its “pose estimate-retarget-track" pipeline is not only brittle, plagued by
error accumulation and latency, but architecturally incapable of semantic under-
standing. By forcing the controller to track low-level kinematics, it precludes the
learning of high-level visual intent. The alternative paradigms are flawed at the
modality level. MoCap-driven systems [34,35,48] are inherently non-perceptive,
while text-to-motion generation [6,20,22,23] suffers from the inherent sparsity of
language, which cannot encode the rich dynamics and goals abundant in video.

In this work, we argue for a different interface: video-to-locomotion. Unlike
sparse modalities like text or reference poses, video constitutes a substantially
more information-dense medium. As presented in Figure 1, both egocentric
and third-person videos encapsulate rich environmental cues, including scene
attributes, temporal dynamics, and action goals. Our key insight is that this
rich visual evidence must be internalized to condition a policy directly,
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rather than being reduced to brittle kinematics via pose estimation. We
therefore regard humanoid locomotion as a generative problem: given this inter-
nalized visual context, synthesize physically plausible and semantically grounded
motion. This direct “understand-then-act” mapping unlocks two capabilities that
prior approaches cannot provide: (1) telepresence, where first-person video demon-
stration guides the robot to perform the corresponding locomotion, creating an “as
if I were there” experience; and (2) robust, retargeting-free third-person imitation,
avoiding the error accumulation that plagues conventional pipelines.

We therefore propose RoboMirror , a retargeting-free framework named to
emphasize the mirror-like mapping from video to action. Our core technical insight
is to use a Vision-Language Model (VLM) to distill raw video into a visual latent
representation, which is then explicitly trained to reconstruct a corresponding
motion latent. This reconstructed motion latent serves as the sole conditioning
signal for a diffusion-based locomotion policy. This architecture explicitly bridges
semantic visual understanding with physics-based control. Concretely, we leverage
the robust generalization of VLMs [1, 2, 41] to obtain visual latents from first- or
third-person videos. These latents are mapped to motion latents, which are then
fed into the diffusion policy to generate smooth, executable actions, bypassing
explicit pose estimation and retargeting entirely.

Extensive experiments validate the effectiveness and practicality of RoboMir-
ror. Compared directly to imitation based on pose estimation, our method
dramatically accelerates the pipeline from video understanding to on-robot de-
ployment, reducing latency from 9.22 s to 1.84 s. Beyond sheer speed, our method
delivers higher-quality control by avoiding retargeting failures, as evidenced by a
3.7% absolute increase in task success rate and lower tracking error relative to
baseline. Furthermore, for egocentric videos [28], we demonstrate that robust,
semantically grounded locomotion can be synthesized without any explicit hu-
man pose supervision, a task where traditional pose-estimation pipelines fail.
Crucially, we successfully introduce VLM into the humanoid control loop, en-
abling video-conditioned policies that can be further extended to fine-grained
hand manipulation and low-friction teleoperation. In short, RoboMirror reframes
humanoid control around video understanding. By learning to understand first
and imitate second, we close the gap between what is seen and how to move,
moving from fragile pose mimicry to robust, visually grounded action.

Our contributions can be summarized as follows:

– We propose RoboMirror, the first retargeting-free framework for humanoid
locomotion that replaces brittle pose reconstruction with a direct mapping
from 2D video to visual motion intent, enabling a true end-to-end, video-to-
locomotion policy.

– We introduce a VLM-assisted locomotion policy where a VLM distills visual
latents from raw video. These latents are trained to reconstruct motion
latents, which in turn serve as a robust, non-kinematic conditioner for a
diffusion-based action generator.

– We validate RoboMirror’s significant outperformance against “pose estimation-
retarget-track” baselines in task success rate and latency. Crucially, we
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demonstrate robust locomotion from egocentric video without explicit pose
supervision, a task where traditional pipelines fail.

2 Related Work

2.1 Humanoid Whole-body Control

Model-based whole-body controllers deliver precise task execution via accurate
dynamics and contact modeling, but entail heavy modeling effort and limited gen-
eralization to new skills or unmodeled dynamics [5,37]. Learning-based approaches
ease modeling burden yet hinge on carefully crafted, task-specific rewards; despite
successes in challenging settings such as locomotion on complex terrains, jumping,
and fall recovery [10,12,21,24,27,30,39,40,47,52,53], they require per-task reward
engineering and often struggle to produce coordinated, human-like behaviors. To
disentangle distinct upper- vs. lower-body objectives, some studies split control
into independent policies [16,51], which can undermine inter-limb coordination
and limit generality. Others adopt hierarchical planning to learn complex se-
quential skills, e.g.table tennis [38], improving modularity but adding design
complexity and latency. Whole-body motion tracking reframes the objective by
directly using human motion as supervision [7], eliminating task-specific rewards
while promoting globally coordinated, expressive motion across diverse skills.
This perspective provides a unified control objective and a scalable path toward
human-like whole-body behavior.

2.2 Humanoid Motion Tracking

Learning realistic behaviors from human motion has become central to high-
fidelity control. DeepMimic [29] introduced a phase-based tracking framework
with random state initialization and early termination to stabilize imitation.To
mitigate sim-to-real gaps for dynamic skills, ASAP [8] proposed a multi-stage
pipeline with a delta-action model. HuB [50] and KungfuBot [44] further leverage
sophisticated motion preprocessing and tracking mechanisms to achieve precise
imitation of highly dynamic single motions.

For multi-skill policies within a single controller, OmniH2O [9] demonstrated
a universal policy that catalyzed subsequent research on broad motion libraries.
ExBody2 [14] improves expressiveness via decomposed tracking targets and
motion filtering. TWIST [49] and CLONE [17] attain high-quality tracking in
teleoperation settings but primarily cover lower-dynamic motions. BumbleBee [42]
employs a two-stage strategy, which is clustering motions to train expert policies,
then distilling them into a unified policy. GMT [4] achieves robust tracking of
aggressive motions by prioritizing root velocity and pose information over global
positions. UniTracker [46] supports dynamic tracking but relies on global tar-
gets, limiting stability on long sequences. BeyondMimic [25] attains high-fidelity
single-motion tracking via carefully designed objectives and precise system iden-
tification, followed by distillation into a unified diffusion policy for task-specific
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control. KungfuBot2 [7] proposes an orthogonal MoE to realize a general motion
tracking policy spanning diverse skills. Building on these insights, we pursue
a universal policy that conditions on video to generate humanoid locomotion,
moving from fragile kinematic mimicry to visually grounded performance control
and transforming humanoids into semantically aligned imitators.

2.3 Modality-driven Humanoid Locomotion

Recent work explores conditioning humanoid locomotion on high-level modalities,
with language as a prominent interface. LangWBC [35] pairs a compact auxiliary
network with the control policy to generate motions online from instructions, but
its limited capacity hinders scaling to complex, diverse motion distributions and
offers weak guarantees for generalization to unseen prompts. RLPF [48] fine-tunes
an LLM and introduces physical feasibility feedback from a motion-tracking policy
to iteratively align semantic intent with executable motion, helping bridge sim-to-
real; however, heavy decoder updates risk catastrophic forgetting of pretrained
knowledge. RoboGhost [19] proposes a latent-driven, retargeting-free framework
that treats locomotion as generation, reducing error accumulation and inference
latency, but it considers language as the sole input modality. RoboPerform [18]
proposes a retargeting-free audio-to-locomotion framework that unifies music-
driven dance and speech-driven co-speech gesture generation for humanoids.
LeVERB [45] explores vision-language-guided whole-body control by leveraging
visual feedback and linguistic instructions; it depends on retargeting pre-collected
motion data and focuses mainly on quasi-static or low-dynamic tasks. In contrast,
we directly process raw egocentric/third-person video without motion retargeting,
aligning semantic understanding from vision with physically feasible actions using
a latent-driven diffusion policy.

3 Method

This section presents the core components of our framework, which is depicted in
Figure 2. We start with an overview of our main framework and its motivation
in Section 3.1, offering a high-level description of the architectural design and
underlying rationale. Section 3.2 elaborates on the method for reconstructing
motion latent from VLM-derived latent, which leverages a diffusion model for
accurate and robust reconstruction. Furthermore, Section 3.3 introduces our
MoE-based residual teacher policy and the latent-guided diffusion-based student
policy, along with a detailed exposition of their inference procedures. Other
implementation details are provided in the Appendix.

3.1 Overview

We present a novel framework that enables robots to understand visual content
from videos and execute corresponding physical actions in a coherent manner. At
its core, our framework replaces simplistic cross-modal alignment with motion
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Fig. 2: Overview of RoboMirror. It adopts a two-stage framework: initially, it leverages
Qwen3-VL to process egocentric or third-person video inputs, generating motion latents
through diffusion models with DiT Dθ. Subsequently, in the policy learning stage, a
MoE-based teacher policy is trained with RL, while a diffusion-based student policy
learns to denoise actions under the guidance of reconstructed motion latents. During
inference, it can first understand and then imitate the motion in the video without
motion obtainment and retargeting.

latent reconstruction, an intentional choice rooted in the principle that robust,
semantically meaningful vision-motion mapping arises from generative recon-
struction rather than superficial feature matching. As illustrated in Figure 2,
our approach comprises three sequentially linked components: a VLM-based
multi-view video understanding module, a VLM-conditioned diffusion model for
motion latent reconstruction, and a diffusion-based policy training module. We
address a critical challenge: generating physically executable actions for humanoid
robots directly from videos of varying perspectives (first- or third-person), entirely
eliminating reliance on error-prone pose estimation.

The pipeline unfolds in a natural "understand-reconstruct-control" progression.
It begins by feeding input videos into a pretrained VLM, which extracts a high-
level semantic latent lVLM encoding both action details and contextual scene
information. Unlike existing methods that naively repurpose lVLM as a control
signal, we treat this latent as a semantic anchor for a diffusion-based motion latent
reconstructor. This design stems from a key insight: "reconstruction outperforms
alignment." When a model learns to reconstruct kinematically coherent motion
latents from VLM semantics, it achieves not only more robust cross-modal
alignment but also inherently embeds physical plausibility constraints, avoiding
the semantic disconnection plaguing direct alignment strategies.
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The reconstructed motion latent lmotion then fuses with the robot’s propriocep-
tive states and real-time observations to condition a diffusion-based deployment
policy π. Through iterative denoising, this policy outputs actions directly ex-
ecutable on humanoid platforms. By obviating explicit motion estimation and
alignment procedures, our reconstruction-driven paradigm enables an end-to-end
video-to-action mapping, uniquely suited for practical deployment scenarios where
reliability and efficiency are paramount.

3.2 Motion Latent Reconstruction from Vision-Language Model

Leveraging the strong image and video understanding capabilities as well as
robust generalization of vision-language models, we adopt Qwen3-VL [2] as our
video understanding module. We first train a VAE [15] on our motion dataset
to reconstruct motion sequences. For video processing, we feed first-person or
third-person videos into Qwen3-VL with task-specific prompts. For egocentric
videos, the prompt is "Please describe the motion of the first-person individual
in the egocentric video" while for third-person videos it is "Please describe the
motion in the video". This design ensures the latent representations output by
Qwen3-VL are enriched with high-quality semantic information about the motion
content.

For infusing kinematic information into video latents and reconstructing mo-
tion representations, we employ a flow-matching based diffusion model, denoted
as Dθ, which takes VLM-derived video latents as conditional signals to reconstruct
VAE-learned motion latents. As illustrated in Fig. 2, Dθ consists of stacked trans-
former blocks with adaptive layer normalization, enabling effective conditioning
on video semantics while preserving motion kinematic structure [3]. The model
operates on noised motion latents ϵmotion, with cross-attention blocks attending
to the video latents lVLM to enforce semantic consistency, and self-attention
blocks capturing temporal dependencies within motion sequences.

Given a ground-truth motion latent lmotion from pretrained VAE, a flow-
matching timestep τ ∈ [0, 1], and sampled Gaussian noise ϵ ∼ N (0, I), the noised
motion latent ϵmotion is constructed as:

ϵmotion = τ · lmotion + (1− τ) · ϵ.

The diffusion model Dθ takes lVLM, ϵmotion, and timestep τ as inputs, aiming to
predict the velocity vector field ϵ − ϵmotion for flow matching. To optimize Dθ,
we minimize the following velocity-prediction loss:

Lfm = Eτ,motion,ϵ

[
∥Dθ(lVLM, ϵmotion, τ)− (ϵ− ϵmotion)∥22

]
.

This training paradigm ensures that Dθ learns to reconstruct motion latents
with kinematic information from video semantics, inherently achieving robust
cross-modal alignment without separate alignment modules.
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3.3 Policy Training

MoE-based Residual Motion Tracker We argue that the key to enabling
robots to directly observe or infer human motions from videos and perform
actions lies in the generalization capability of motion trackers. Specifically, we
aim for these trackers to successfully respond to novel prompts while achieving
genuine deployment flexibility, which are two critical properties for bridging video
understanding and real-world robotic locomotion.

First, we train an oracle teacher policy using the PPO algorithm [33] with
privileged simulator-state information. To learn a policy πt that generalizes across
diverse motion inputs, we first train an initial policy π0 on a highly diverse motion
dataset D0 [14,19]. Given the relative simplicity of egocentric motion datasets
Dfirst, we restrict the training of π0 exclusively to third-person view motion
datasets Dthird.

Subsequently, we evaluate the tracking accuracy of π0 for each motion sequence
s ∈ Dthird, with a specific focus on lower-body motion precision. This evaluation
employs the error metric e(s) = α ·Ekey(s) + β ·Edof(s), where Ekey(s) denotes
the mean position error of key lower-body landmarks and Edof(s) represents the
mean tracking error of lower-body joint angles. Motion sequences with e(s) > 0.6
are filtered out, and the remaining data D are used to train a generalizable
teacher policy.

The teacher policy πt is trained as a simulation oracle via PPO, utilizing
real-world unavailable privileged information: ground-truth root velocity, global
joint positions, physical properties (e.g., friction, motor strength), proprioceptive
state, and reference motion. Besides, to handle challenging motions, we design the
policy to focus on learning dynamic information, specifically a corrective offset δa
rather than directly learning kinematic information such as absolute joint targets
ptarget. This offset is added to the joint positions from the reference kinematic
trajectory, yielding our final output action ât ∈ R23 forming: ât = ptarget + δa,
which is optimized via cumulative rewards to ensure accurate motion tracking
and robust behaviors.

Furthermore, we integrate a Mixture of Experts (MoE) module to enhance
expressiveness and generalization. The policy includes expert networks and a
gating network, which takes the same inputs and computes weights for the experts’
outputs to form a weighted sum. The final action is computed as ât =

∑n
i=1 pi ·ai,

with pi denoting the gating probability for expert i and ai is its corresponding
output. This design boosts generalization, improves tracking accuracy, and enables
precise supervision of the student policy.

Diffusion-based Student Policy Unlike prior work where student policies
πs distill knowledge from teachers via explicit reference motion, we regard the
student policy as a generation model, which is formulated as a latent-driven
generation task [19]. It takes motion latents generated under video latent guidance
as input, alongside observation history, to generate humanoid actions. This design
enables the robot to more quickly imitate the motion of the subject in the video,
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bypassing error-prone steps such as pose estimation and motion retargeting,
significantly reducing the time consumption of the entire process.

Following a DAgger-like paradigm, we train the student by rolling it out
in simulation, querying the teacher for optimal actions ât at observable states.
During training, we inject Gaussian noise ϵt into teacher actions and use our
reconstructed latents lv2m, which are from video latents, as guiding latents. The
noising process follows a Markov chain:

q(xt|xt−1) = N (xt;
√
1− αt · xt−1, αtI) (1)

where αt ∈ (0, 1) is a sampling hyper-parameter. Denoising at step t is modeled
as xt−1 = ϵθ(xt, t), with ϵθ as the denoiser. Using an x0-prediction strategy, we
supervise via MSE loss: L = ∥a− ât∥22, where a = xt−

√
1−ᾱt·ϵθ(xt,t)√

ᾱt
. Converged

policies require no privileged knowledge or explicit references, enabling real-world
deployment.

Inference Pipeline To ensure fluent, smooth motion, we minimize denoising
time by adopting DDIM sampling [36] and an MLP-based diffusion model for
action generation. The reverse process is:

xt−1 =
√
αt−1

(
xt −

√
1− αt · ϵθ(xt, t)√

αt

)
+
√

1− αt−1 · ϵθ(xt, t) (2)

During inference, our pipeline operates as follows: we first input either an
egocentric or third-person video into Qwen3-VL to obtain a video latent represen-
tation lvlm. This video latent lvlm is then fed into our pretrained diffusion model
Dθ, yielding a motion latent lv2m enriched with kinematic semantics. Finally, we
use lv2m as a conditional signal to guide our diffusion-based student policy, which
generates deployable actions directly.

Notably, this pipeline eliminates the need for pose estimation from third-
person videos or motion guessing from egocentric videos. By leveraging the video
understanding capability of VLMs and the latent comprehension ability of our
policy, we successfully achieve video-to-locomotion, enabling the robot to imitate
both sparse and dense motion modalities present in the input video.

4 Experiments

We evaluate our RoboMirror on both egocentric and third-person videos, aiming
to verify its action imitation capabilities for videos of different perspectives
respectively. Specifically, for egocentric videos, the model first infers a dense
motion latent from the video with sparse motion information, and then performs
the imitation task. In the experiments, we train the teacher policy and student
policy in the IsaacGym simulation environment, and directly deploy the student
policy on the Unitree G1 humanoid robot for real-world testing.
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4.1 Experimental Setups

Dataset We train our model on the Nymeria [28] and Motion-X [26] datasets.
Nymeria is a large-scale real-device dataset capturing diverse human daily ac-
tivities across indoor and outdoor locations, providing paired text-video-motion
data—including egocentric videos, full-body motions, and human-annotated mo-
tion narrations. This dataset contains approximately 1K videos, each around
15-20 minutes long. Due to its large scale, we select 100 videos, segment each
into 5-second clips, and ultimately obtain 18K video-motion pairs. Both the
motions and videos are sampled at 30 FPS.

Motion-X is a large-scale 3D expressive whole-body motion dataset, con-
structed from massive online videos and eight existing motion datasets, with
motions formatted as SMPL-X. We select motion categories paired with videos
from it as our third-person dataset. We split the dataset into train and test sets
with an 8:2 ratio.

Metrics We adopt two categories of evaluation metrics: motion latent recon-
struction and motion tracking. For motion latent reconstruction, we report
motion-video retrieval accuracy MV-R@3, MM Dist-V (MM-V), dynamic time
warping (DTW), and foot skating to evaluate whether the reconstructed motion
latents conform to the semantics of the input videos, where we only evaluate
on third-person video datasets. Additionally, we report motion-text retrieval
accuracy MT-R@3, MM Dist-T (MM-T), and FID to assess whether the recon-
structed motion latents contain sufficient kinematic and semantic information.
For motion tracking, evaluated in physics simulators aligning with prior works [9],
we use success rate as the core indicator, supplemented by mean per-joint position
error (EMPJPE) and mean per-keypoint position error (EMPKPE). Detailed metric
definitions are provided in the Appendix.

Implementation Details We first input videos into a pretrained VLM for video
understanding to obtain video latents, where we use the Qwen3-VL-4B-Instruct
model. For the motion latent reconstruction network, we adopt a 16-layer MLP
as the backbone and inject conditions via AdaLN [13] to guide the model in
reconstructing motion latents from Gaussian noise. For policy training, teacher
policy adopts MoE structure of 5 experts, and the student policy employs a
diffusion model with a 4-layer MLP as its backbone; this compact network
architecture, combined with DDIM sampling, ensures real-time performance
during deployment. More details can be found in the Appendix.

4.2 Evaluation of Motion Latent Reconstruction

To validate the motion latent reconstruction capability of the diffusion model
trained with latents from VLMs as conditions, we decode the reconstructed
latents into real motions using our pretrained VAE decoder. The reconstruction
performance of motion latents is then evaluated by assessing both the generation
quality of the motions and their degree of semantic relevance. Specifically, we
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“The man is stepping side to side with his foot at the back of the other foot alternately.” “The person raises her left knee to her right elbow, then her right knee to her left elbow.”

“He is alternately punching both hands in front.” “A man is doing arm swings in a standing position.”

“The person is performing a battle rope exercise in a wave-like motion.” “The person is mopping the floor in a rhythmic, repeated motion.”

“The person is performing a basketball dribbling sequence.” “The person is performing a sequence of Tai Chi movements with a fan.”
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Fig. 3: Qualitative results in the IsaacGym and MuJoCo. The upper half presents the
tracking performance of egocentric videos-to-locomotion, and the lower half presents
that of third-person videos-to-locomotion.

Methods Nymeria Motion-X

MT-R@3↑ FID↓ MM-T↓ MT-R@3↑ MV-R@3↑ FID↓ MM-T↓ MM-V↓ DTW↓

Vid2Mot 49.34 62.81 25.67 69.40 68.8 31.27 16.22 6.65 0.33
ViMo [31] - - - 76.92 67.8 21.03 8.48 7.42 0.31
Ours 64.60 42.42 16.97 77.66 72.3 19.53 8.17 6.24 0.23

Table 1: Performance comparison of motion-text and motion-video alignment on the
Nymeria and Motion-X datasets.

evaluate the model’s reconstruction performance on the Nymeria and Motion-X
datasets, with the results summarized in Table 1. For video-motion alignment, we
further employ MV-R@3, MM-V, DTW [32], and foot skating to quantitatively
measure the temporal consistency and physical plausibility of reconstructed
motions with corresponding videos, which is also presented in Table 1. Here,
we introduce a simple baseline, named Vid2Mot, which finetunes the VLM via
LoRA [11] while freezing the VAE decoder. This design enables the latents output
by the VLM to be directly decoded into motions through the decoder.
4.3 Evaluation of Motion Tracking

To further validate the efficacy of our motion tracking policy, we conduct eval-
uations on egocentric and third-person videos, measuring the Mean Per Joint
Position Error (Empjpe) and Mean Per Keypoint Position Error (Empkpe) under
physics-based simulations in both IsaacGym and MuJoCo. The pipeline proceeds
as follows: first, videos and prompts are fed into the VLM for video understand-
ing and latent representation generation; subsequently, these latents are used as
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Method IsaacGym MuJoCo

Succ ↑ Empjpe ↓ Empkpe ↓ Succ ↑ Empjpe ↓ Empkpe ↓

Nymeria

Baseline 0.92 0.19 0.17 0.69 0.27 0.24
Ours 0.99 0.08 0.11 0.78 0.19 0.17

Motion-X

Baseline 0.91 0.23 0.20 0.61 0.36 0.33
Ours 0.95 0.17 0.15 0.70 0.28 0.27

Table 2: Motion tracking performance comparison in simulation on the Nymeria and
Motion-X test sets.

Method Succ ↑ R@3 (%)↑ FID ↓ MM-Dist↓

Nymeria

Qwen-VL 0.97 61.1 46.73 17.64
Qwen2-VL 0.98 61.9 44.02 17.53
Qwen2.5-VL 0.97 62.6 42.74 17.80
Qwen3-VL 0.99 64.6 42.42 16.97

Motion-X

Qwen-VL 0.93 76.84 20.69 8.31
Qwen2-VL 0.94 77.08 20.42 8.19
Qwen2.5-VL 0.95 77.58 19.77 8.26
Qwen3-VL 0.95 77.66 19.53 8.17

Table 3: Ablation study on different vision-language models across motion latent
reconstruction quality and tracking performance.

conditions to input into our pretrained diffusion model in Section 3.2 for motion
latent reconstruction; finally, the student policy takes this representation and
generates actions. As shown in Table 2, our method achieves high task success
rates on the Nymeria and Motion-X datasets, alongside low joint and keypoint
errors—indicating strong alignment between the semantic information of videos
and physically executable trajectories. The baseline herein refers to the result of
finetuning Qwen3-VL with LoRA, where motion reconstruction is adopted as the
optimization objective, and the latents output by Qwen3-VL are directly used to
guide the policy in action generation.

4.4 Qualitative Results

We conduct a qualitative evaluation of the motion tracking policy across two
deployment scenarios: simulation (IsaacGym) and cross-simulator transfer (Mu-
JoCo). Figure 3 illustrates representative tracking sequences, emphasizing the
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Method Succ ↑ R@3 (%)↑ FID ↓ MM-Dist↓

Nymeria

Alignment 0.95 51.1 62.42 30.54
Reconstruction 0.99 64.6 42.42 16.97

Motion-X

Alignment 0.92 56.41 40.19 24.37
Reconstruction 0.95 77.66 19.53 8.17

Table 4: Ablation study on alignment vs reconstruction across motion latent recon-
struction quality and tracking performance.

Method Motion-X

Succ ↑ Empjpe ↓ Empkpe ↓ Time Cost (s) ↓

Pose-driven 0.94 0.17 0.15 9.22
Latent-driven 0.95 0.16 0.15 1.84

Table 5: Ablation study on comparing the tracking performance of pose-driven and
latent-driven approaches for the third-person video-to-locomotion task.

policy’s capacity to preserve motion semantics, maintain balance during dynamic
transitions, and generalize across distinct physics engines and hardware platforms.

Additionally, in Figure 4, we also provide visualization results of the generated
motion decoded from the motion latents reconstructed from DiT Dθ via the
pretrained decoder. More qualitative results in the simulation and real-world can
be seen in the Appendix.

4.5 Ablation Studies

To systematically validate the effectiveness of our method, we conduct a series
of ablation studies in this section. These experiments cover three key aspects:
1) different video understanding models, 2) diverse approaches for converting
video latents to motion latents, and 3) the advantages of our method over pose
estimation-based student policy for third-person video-driven locomotion.

Different Vision-Language Models To verify the impact of different vision-
language models on the final results, we employ four distinct models: Qwen-VL,
Qwen-2-VL, Qwen2.5-VL, and Qwen3-VL. We evaluate their performance in
terms of motion reconstruction quality and their influence on policy tracking
performance, with the results summarized in Table 3. As indicated in the table,
Qwen3-VL generates superior latent representations that are more suitable for
motion latent reconstruction, thereby enabling more effective control of humanoid
robots.



14 Zhe Li et al.

“The person is running towards 

her peer and acting like a bird.”

“She walks toward the living room with her 

arms bent forward, then lets them drop.”

“She is walking forward while mimicking 

swimming with both of her hands.”

“He walks forward in the dining area

  with both of his hands gesturing.”

Fig. 4: Qualitative results of generated motions.

Alignment Vs Reconstruction We argue that reconstruction outperforms align-
ment. Since the latents output by VLM lack kinematic information, directly using
them to guide action generation results in unstable motions with ambiguous
task relevance. Thus, it is necessary to convert lvlm into lmotion embedded with
kinematic cues. One approach is to align lvlm with lmotion to impart kinematic
information, which then guides action generation. However, we hypothesize that
reconstructing target motion latents lmotion from VLM latents lvlm can more
effectively bridge the domain gap between visual semantics and motion dynamics.

To validate this, we conduct ablation experiments on alignment and recon-
struction. For the alignment baseline, we train a 4-layer transformer adapter
with InfoNCE loss, which pulls positive sample pairs closer while pushing nega-
tive pairs apart. As shown in Table 4, reconstructing lmotion from lvlm achieves
significantly superior performance.

Latent-driven Vs Pose-driven For evaluating our method’s ability to imitate
actions from third-person videos, we assess the advantages of RoboMirror over
conventional pose estimation-based methods. Herein, pose estimation-based
methods refer to approaches that first estimate poses from video test sets, then
retarget the poses to the humanoid, and finally feed the retargeted reference
motion as input to the student policy for action generation. As shown in Table 5,
RoboMirror achieves superior tracking performance with lower overall pipeline
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latency. This is attributed to the fact that both pose estimation and retargeting
incur non-negligible time costs and introduce cumulative errors, whereas our
framework avoids such inefficiencies.

5 Conclusion

We present RoboMirror, a video-to-locomotion framework rooted in "understand
before you imitate." Leveraging VLMs, it extracts semantic motion intents from
videos and reconstructs them into kinematically grounded latents, enabling
humanoids to generate physically plausible, semantically aligned actions without
pose estimation or retargeting. Extensive experiments validate its superiority in
task success, latency, and cross-domain generalization. RoboMirror bridges visual
understanding and humanoid locomotion, laying groundwork for understanding-
driven control.
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