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Abstract

Distilling knowledge from human demonstrations is a
promising way for robots to learn and act. Existing methods,
which often rely on coarsely-aligned video pairs, are typically
constrained to learning global or task-level features. As a re-
sult, they tend to neglect the fine-grained frame-level dynam-
ics required for complex manipulation and generalization to
novel tasks. We posit that this limitation stems from a vicious
circle of inadequate datasets and the methods they inspire. To
break this cycle, we propose a paradigm shift that treats fine-
grained human-robot alignment as a conditional video gener-
ation problem. To this end, we first introduce H&R, a novel
third-person dataset containing 2,600 episodes of precisely
synchronized human and robot motions, collected using a VR
teleoperation system. We then present HUMAN2ROBOT, a
framework designed to leverage this data. HUMAN2ROBOT
employs a Video Prediction Model to learn a rich and im-
plicit representation of robot dynamics by generating robot
videos from human input, which in turn guides a decoupled
action decoder. Our real-world experiments demonstrate that
this approach not only achieves high performance on seen
tasks but also exhibits one-shot generalization to novel po-
sitions, objects, instances, and even new task categories.

1 Introduction

The ability to observe others, whether humans or animals,
and acquire skills to solve new tasks is a fundamental rea-
son why humans excel at tackling a wide range of complex
challenges. To enable robots to assist with diverse real-world
problems, it is essential that they develop a similar capa-
bility, particularly the ability to learn directly from human
demonstrations. This has motivated extensive research (Bahl
et al. 2023; Srirama et al. 2024; Nair et al. 2022; Wang et al.
2023; Bahl, Gupta, and Pathak 2022; Smith et al. 2019) on
how to learn from human demonstrations effectively.
Despite recent progress, current approaches face a funda-
mental generalization gap. While they perform well on tasks
encountered during training, they often fail entirely when
presented with human demonstrations of unseen tasks. The
prevailing paradigm relies on applying self-supervised (Xu
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Figure 1: HUMAN2ROBOT: An human-video-conditioned
policy, capable of completing seen tasks and one-shot per-
forming unseen tasks with a single human video.

et al. 2023b) or contrastive learning (Jain et al. 2024) meth-
ods to coarsely aligned human-robot video pairs. However,
the lack of fine-grained supervision in existing datasets fun-
damentally constrains what models can learn. Rather than
uncovering detailed action-level correspondences, models
are often limited to capturing global features or high-level
task summaries. Consequently, many approaches extract
holistic video representations using models such as the Per-
ceiver Resampler (Alayrac et al. 2022), which compresses
entire clips into fixed-length embeddings. This severely lim-
its their ability to model the nuanced frame-level temporal



dynamics that are essential for generalization.

Furthermore, even when densely aligned data are avail-
able, models that rely on global feature matching remain
fundamentally limited in their ability to capture fine-grained
spatio-temporal structure. They often discard the frame-by-
frame dynamics that are essential for imitating complex
tasks. This limitation has created a vicious circle: the lack of
fine-grained datasets gives rise to methods that are incapable
of leveraging detailed supervision, while the dominance of
such methods in turn discourages the development of fine-
grained datasets needed to overcome this barrier. As such,
we argue that to achieve true generalization where a robot
can perform tasks demonstrated by a human but unseen in
its own training data, we must break this cycle. This neces-
sitates a paradigm shift in both learning methodology and
data curation.

In this paper, we propose that the key to unlocking fine-
grained human-robot alignment lies in video generation (Ho
et al. 2022; Esser et al. 2023; Blattmann et al. 2023a; Wu
et al. 2023; Khachatryan et al. 2023; Xing et al. 2024; Tu
et al. 2024a). Instead of merely learning whether two videos
are broadly similar or mapping task goals from the human
domain to the robot domain, we aim to generate a corre-
sponding robot video directly from a human demonstration.
We posit that by training a model to predict the precise
frame-by-frame evolution of a robot’s movements, it learns
a far richer and more temporally coherent alignment. This
generative process forces the model to internalize the in-
tricate dynamics of manipulation, enabling it to understand
how a task is done, not just what is done.

To train such a model would require a dataset with densely
aligned and fine-grained human-robot video pairs. Manu-
ally annotating such data is prohibitively labor-intensive.
To overcome this, we leverage virtual reality teleoperation
to create a novel dataset, which we call H&R. By enhanc-
ing existing teleoperation systems with improved coordinate
system matching, we achieve a seamless mapping between
the operator’s hand movements and the robot arm’s motion.
This allows us to efficiently collect a large-scale third-person
dataset of 2,600 episodes, featuring perfectly synchronized
videos of human hands and robot arms across 4 types of ba-
sic tasks and 6 long-horizon tasks.

Building on the proposed dataset, we introduce HU-
MAN2ROBOT, a framework designed to leverage the pro-
posed H&R dataset. It employs a two-stage training pro-
cess. First, we train a Video Prediction Model (VPM) built
upon a pretrained Stable Diffusion model, which learns to
translate a human video into a robot video. This model in-
cludes a spatial UNet for feature extraction, a behavior ex-
tractors for motion and position encoding, a spatial-temporal
UNet that uses a spatial-temporal UNet architecture to ex-
plicitly model motion and temporal dynamics, generating
a rich latent representation that captures core dynamics of
the task. Second, we train an action decoder that conditions
on the predictive representations generated by the VPM to
output robot actions. This two-stage design effectively learn
human-robot alignment and leverages the implicitly learned
robot-dynamics features to guide the final policy learning.

With this carefully designed framework, HU-
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MAN2ROBOT not only excels on seen tasks but also
demonstrates remarkable one-shot generalization to novel
object positions, appearances, and even entirely new task
types and backgrounds. Furthermore, we introduce a
KNN-based inference method that allows HUMAN2ROBOT
to perform previously seen tasks with high precision, even
without a human demonstration at test time.
In summary, our main contributions include:

* We present H&R, the first dataset featuring perfectly
aligned videos of human hands and robotic arms across a
variety of tasks, enabling high-fidelity learning from hu-
man demonstrations.

We introduce HUMAN2ROBOT, an end-to-end gener-
ative framework utilizes a two-stage training process,
which excels in carefully selected tasks, even with vari-
ations in positions, appearances, instances, backgrounds
and different task types.

We propose a KNN+HUMAN2ROBOT method, which in-
tegrates KNN for task prediction, enabling to perform
tasks even without human videos as input. This further
enhances the scalability and flexibility of the system.

2 Related Work

Teleoperation. Recently, VR-based methodologies (Iyer
et al. 2024; Ding et al. 2024) have attracted considerable
attention due to their cost-effectiveness, efficiency and ver-
satility. However, these methods focus on controlling the
robot, whereas our goal of using VR is to capture perfectly
aligned videos of humans and robots, which are essential for
robotic imitation.

Learning from Human Videos. Researchers have recently
been attempting to leverage existing human-centric video
datasets to enhance robot policy learning (Liu et al. 2018;
Smith et al. 2020; Chen, Nair, and Finn 2021; Shaw, Bahl,
and Pathak 2022; Zeng et al. 2024; Zhang et al. 2025b).
Researchers propose to learn representations from human
videos to assist in task execution (Xiao et al. 2022; Wang
et al. 2023; Majumdar et al. 2023). However, these ap-
proaches need strong prior knowledge and struggle to trans-
fer to robots (Nair et al. 2022; Bahl et al. 2023; Bahl,
Gupta, and Pathak 2022). Meanwhile, some human-video-
conditioned methods (Bharadhwaj et al. 2024; Jain et al.
2024; Xu et al. 2023b) have focused on aligning represen-
tations across human and robot videos, they are neither effi-
cient nor capable of generalization. In contrast, our approach
uses paired data and diffusion models to achieve strong gen-
eralization capabilities.

Diffusion Models for Video Generation. Current research
has achieved remarkable performance of video genera-
tion (Ho et al. 2022; Esser et al. 2023; Blattmann et al.
2023a; Wu et al. 2023; Khachatryan et al. 2023; Xing et al.
2024, 2023a, 2025, 2023b; Tu et al. 2024a,b,c). Moreover,
diffusion models for video stylization (Ye et al. 2025; Liu
et al. 2023) and human image animation (Hu 2024; Tu et al.
2024a) have also shown its promising potential for visual
and motion transfer. Moreover, diffusion model not only per-
forms impressively in generative domains but also shows
promising applications in visual understanding task. Some



notable approaches involve using diffusion models for ob-
ject detection (Chen et al. 2023; Zhang et al. 2025a), image
segmentation (Xu et al. 2023a), and visual representation
learning (Yu et al. 2024; Weng et al. 2024). Thus, we aim
to utilize the strong capabilities of diffusion model to learn
human-robot alignment and leverages the implicitly learned
robot-dynamics features to guide the final policy learning.

3 H&R Dataset

3.1 Coordinate Alignment for Teleoperation

Although teleoperation has become a mainstream method
for data collection, no one has yet attempted to use it for
collecting paired data of humans and robots. We aim to pro-
vide a feasible solution for this.

We identify two core issues. The first issue is that the co-
ordinate system of the robotic arm is not aligned with that
of the human hand, which results in a mismatch between the
movements of the human hand and the robotic arm in the
video. For example, the hand may move across the entire
screen, while the robotic arm only moves halfway. This vi-
sual difference could lead to difficulties in policy learning.
The second issue is the embodiment gap between the human
hand and the robotic gripper, which makes teleoperation un-
suitable for certain tasks, such as screwing.

To address the issue of coordinate system alignment, we
record corresponding three points in the real world of the
robotic arm and human hand. We leverage these points to
establish a shared coordinate system with consistent scale
for both the robotic arm and the human hand. This enables
the movement range of the robotic arm to match that of the
human hand, as illustrated in Figure 1. Details on how to es-
tablish a shared coordinate system can be found in the Sup-
plementary Materials.

However, the embodiment gap remains a challenging is-
sue for current teleoperation system, and we leave it as fu-
ture work. Therefore, at the data level, we focus on collect-
ing pick-and-place data with human and robotic arm align-
ment. In our experiments, we evaluate how well the model
generalizes after being trained on relatively simple data.

3.2 Statistics of H&R Dataset

Based on our teleoperation method, we propose our H&R
dataset, the first dataset featuring paired human and robot
videos. Human events vary from 4 types of basic tasks and 6
long-horizon tasks, as shown in Figure 2. The whole dataset
includes 2,600 episodes, and each episode contains frames
ranging from 300 to 600. To the best of our knowledge, the
H&R dataset is the first video dataset that ensures perfectly
aligned video between human and robot.

4 HUMAN2ROBOT

In this section, we describe the two-stage training process
of our HUMAN2ROBOT. First, we explore training a VPM
to generate robot videos based on human videos, implicitly
learning the corresponding robotic arm actions from human
movements. Next, we design an action decoder that aggre-
gates the predictive action representations within the VPM
and outputs the corresponding robot actions.
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Figure 2: Dataset Overview. (L) The ratio of four basic task
types and long tasks. (R) Platform environment and the ob-
ject instances used.

4.1 Stagel : Video Prediction Model (VPM)

We first explored the possibility of generating robot videos
from human videos. Inspired by (Hu 2024), our VPM
explores a Spatial UNet (S-UNet in short) and a Spatial-
Temporal UNet (ST-UNet in short), working collaboratively
to learn from humans. In particular, the S-UNet extracts fea-
tures from the robot arm, which is further fed into the ST-
UNet for temporal modeling. VPM also contains a behav-
ior extractors that estimate position and motion clues from
human videos. Figure 3 gives an overview of our pipeline.
Below, we introduce the architecture of VPM in detail.
Behavior Extractor. Recall that we aim to learn from hu-
man demonstrations, and thus it is important to extract mo-
tion and position information from human videos. This is
achieved by Behavior Extractor, which contains four con-
volution layers (4x kernels, with a stride of 2). Behavior
Extractor takes the human image o? (i € [0,7T7]) or the en-
tire video of human o}, as inputs depending on the training
stage, we will talk about it later in training section.

Spatial UNet. The S-UNet, consisting of 4 upsampling
blocks and 4 downsampling blocks, extracts useful clues
from the robotic arm. In particular, each block, known as
the Spatial Layer (S-Layer in short), leverages self-attention
to learn features tailored for robot arms, as well as cross-
attention with pre-extracted CLIP embedding to incorporate
semantic clues. The weights of the S-UNet are initialized
from those of the Stable Diffusion (Rombach et al. 2022) to
ease the learning process. The features derived by S-UNet
provide a condition for predicting future frames.

While S-UNet introduces a similar number of parameters
as the denoising UNet, it only extracts features once dur-
ing the entire process, unlike diffusion-based video genera-
tion where each frame undergoes denoising multiple times.
Therefore, it does not significantly increase computational
overhead during inference.

Spatial-Temporal UNet. The ST-UNet aims to predict fu-
ture frames, requiring the model to learn temporal dynam-
ics. Thus, each block of the ST-UNet has a S-Layer which
is the same as the one in S-UNet, followed by an additional
Temporal Layer (T-Layer in short). More specifically, the
ST-UNet takes the features from the behavior extractors and
noise latent as inputs. In addition, each S-Layer in ST-UNet
also concatenates the features of the corresponding layer of
the S-UNet, exploring the robot arm as references for pre-
diction. The T-Layer focuses on temporal modeling so as to
produce high-fidelity future frames.

VAE Encoder and Decoder. HUMAN2ROBOT builds upon



Noise

: Stage1
L
I

\

S

Behavior
Extractor

VAE

Encoder

Spatial Layer

Spatial-Temporal UNet Temporal Layer

VAE
Decoder

4--1-]

__4444<_>*

Spatial UNet

Learnable token

Stage2

o

Video Former Noise \
‘ o —‘; —_ Diffusion Policy
§EHSEH
8w £® w l
i ]
xN
time
t=0

t=T
Action Decoder

Figure 3: Architecture overview of HUMAN2ROBOT. Our approach consists of two training stages. In the first stage, we train
a Video Prediction Model (VPM) to generate robotic arm videos conditioned on human videos. In the second stage, we freeze
the VPM and train an action decoder to predict robot actions based on the motion features generated by the VPM.

Stable Diffusion (Rombach et al. 2022), which consists of
an encoder and a decoder. The encoder turns images into
latent embeddings for fast denoising, and the decoder maps
the latents back to images. During training, both the encoder
and decoder are kept frozen.

Training strategy. To generate higher-quality videos, the
VPM training process consists of two stages. In the first
stage, we focus on image generation to acquire basic gen-
erative capabilities. Next, we train it to generate videos.

In the first stage, by taking the first frame of robot of,
the first frame of human o} and future frame of human
ol (i € [0,T)) as inputs to predict the future frame of robot
o;, where T refer to the maximum length of video gener-
ation. In this stage, we train the S-UNet, the Behavior Ex-
tractors, and the ST-UNet without the temporal layers. The
S-Layer in both the ST-UNet and S-UNet are instantiated us-
ing the powerful open-source Stable Diffusion model (SD)
(Rombach et al. 2022), while the Behavior Extractors are
initialized with Gaussian weights, except for the final pro-
jection layer, which utilizes zero initialized convolution. In
the second stage, we concentrate the training effort on the
temporal layer to generate video. In this stage, we take a
30-frame segment of human video oft. . and the first frame
of robot o as inputs to predict the future robot observation
op.p- The entire human video segment is first passed into
Behavior Extractor, which is subsequently added to noise
latent and fed to our ST-UNet. The weights of the VAE En-

11081

coder and Decoder, as well as the CLIP image encoder are
frozen all the time.
The optimization objectives for this stage are as follows:

(D

the parameters of the formula represent the latent state z;4
at time step ts, which is obtained from ST-UNet. The condi-
tioning variable c includes the first frame ofj of the robot
and a human video ol .. € denotes the added noise, and
€o(2ts, ¢, ts) represents the model’s predicted noise.

Lo =B, cets(lle —€ozis, ¢, 19)]13),

4.2 Stage2 : Action Decoding.

After the first stage of training, our VPM model is able to
visually predict the corresponding robotic arm actions based
on human movements. However, fully denoising an entire
video is time-consuming, with most of the time spent on
reconstructing image-level details, which are unrelated to
manipulation. Increasingly, recent research (Hu et al. 2024;
Wen et al. 2024; Zhu et al. 2025) has shown that the features
of a generative model after a single denoising step already
contain sufficient motion features to guide the action head’s
planning. Inspired by these works, we treat the pretrained
VPM as a vision encoder to extract the predicted robotic arm
action information. This means adding intensity-invariant
noise (t = K) to the human video and using the first denoised
result as the feature. As shown in the Figure 5, we can see



that the one-step denoising already contains a lot of action
and position information.

Additionally, previous work (Weng et al. 2024; Xiang
et al. 2023) has emphasized that the upsampling layers of
diffusion models often contain more effective information.
Therefore, we use the outputs of the upsampling layers of
VPM as features; more precisely, we use those from the first
upsampling layer.

In summary, during this stage, we freeze the parameters

of the VPM and treat it as a visual encoder to train the sub-
sequent action decoder. We use the first upsampling layer
output Fypy, after the initial denoising step, as the action
prior features for the action decoder.
Action Decoder. Inspired by recent video conditioned
works (Hu et al. 2024; Luo and Lu 2025), our action de-
coder consists of two parts: the Video Former (Blattmann
et al. 2023b) and the Diffusion Policy (Chi et al. 2023).

The Video Former uses a learnable token () to aggregate
the video features Fypy into a feature Fygp € R™*L with a
fixed-length n and specified channel dimension L. Formally,
this branch can be expressed as follows:

Fyr = FEN(Temp-Attn(Spat-Attn(Q, Fypm))).  (2)

We incorporate the aggregated representation Fyp into the
diffusion transformer blocks through cross-attention layers.
The diffusion policy seeks to reconstruct the original actions

ao from the noisy actions aj, = \/B,a0 +1/1 — B¢, where

€ represents white noise, and /3, is the noisy coefficient at
step k. The optimization objectives for diffusion policy are
as follows:

La= ]Eak,,FVF,E,k(He - 6¢(ak7 Fyr, k)”%)

4.3 KNN + HUMAN2ROBOT.

To avoid the need to explicitly provide human demonstration
videos for seen task, we use a k-nearest neighbors (KNN)
approach to identify the most probable task for the current
scene. We retrieve the human demonstration video corre-
sponding to the closest matching features as the conditioning
input to guide the task execution. Specifically, we use DI-
NOV2 (Oquab et al. 2023) and CLIP (Radford et al. 2021) as
feature extractors to capture features from the first frame of
each robotic arm video in the training set. During prediction,
we select the n closest features based on the current envi-
ronment, and the episode with the most frequent and closest
match is chosen as the conditioning input, which is depicted
in the Inference section of Figure 3.

3

S Experiments
5.1 Experimental Setups

Task Definition. As mentioned in section 3.1, even with our
adjustments, current teleoperation systems still cannot col-
lect data for difficult tasks, such as screwing, when paired
human and robot arm videos are required. Therefore, we
mainly focus training and testing on pick-and-place tasks.
While individual tasks are relatively simple, we aim to
demonstrate the generalization ability of our model after
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training on such tasks. This goal aligns with the spirit of
learning from humans, that is, to learn from simple tasks
and then generalize to more complex or even new tasks.

In addition to testing on tasks from the training set,
we also test on many unseen tasks, including variations in
appearance, position, instance, background, task combina-
tions, and entirely new tasks. The task scenarios and their
corresponding descriptions are shown in the Figure 4.
Baselines. Since HUMAN2ROBOT is characterized by learn-
ing from humans and video generation pretraining, we com-
pare it with the following baselines:

Diffusion Policy (Chi et al. 2023): A action learning
policy using action diffusers with CLIP language con-
ditions. For simplicity, we refer to it as DP.

XSKkill (Xu et al. 2023b): A human-video-conditioned
policy through self-supervised learning.

Video Prediction Policy (Hu et al. 2024): A language-
conditioned policy that uses video prediction for pre-
training. For simplicity, we refer to it as VPP.

Action Decoder w. Human: Condition the action de-
coder of HUMAN2ROBOT on human videos instead of
the features extracted by VPM. The human videos are
processed by ResNet18 (He et al. 2016) and used as in-
put to action decoder.

HUMAN2ROBOT w/o. Pretrain: HUMAN2ROBOT
without the video generation pretraining in Section 4.1.

HUMAN2ROBOT w. KNN: HUMAN2ROBOT with our
KNN method proposed in Section 4.3, which enables to
perform tasks without explicit demonstrations.

HUMAN2ROBOT Training Details. As mentioned in Sec-
tion 4, we used a two-stage training method. In the first
stage, we trained a video prediction model, focusing on gen-
erating robotic arm videos based on human videos. During
this stage, we pre-trained on 2,600 task videos, including
some long tasks, such as picking up two blocks. Training
for the first stage took 3 days using 4 NVIDIA A100 GPUs.
In the second stage, we trained HUMAN2ROBOT on sim-
ple tasks, as the seen tasks shown in the Figure 4. This took
about 6 hours using 8§ NVIDIA A100 GPUs. However, for
the writing task mentioned in Section 5.4, we train HU-
MAN2ROBOT solely on play data of writing for about 6
hours using 8 NVIDIA A100 GPUs. It is worth noting that
the play data of writing here consists of random movements,
without actually writing any characters.

5.2 Main results

Quantitative Results. The comparison on the basic tasks
are show in Table 1. However, the DP baseline appears
to converge primarily on push and pull tasks and per-
forms poorly on the other tasks. Although XSkill condi-
tions on human videos, it merely treats them as task la-
bels. As a result, it can complete seen tasks but does
not fully exploit the information in the human videos,
leading to unstable performance and success rates that
are 30-50% lower than HUMAN2ROBOT. VPP also em-
ploys video-generation pretraining and attains success rates
close to those of HUMAN2ROBOT. Nevertheless, because
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| Push & Pull  Pick & Place Rotation ~ Average Generalization ‘ XSkill VPP H2R(ours)

DP (Chi et al. 2023) 50 20 15 28

XSkill (Xu et al. 2023b) 70 40 50 53 Appearance 0 80 100
VPP (Hu et al. 2024) 95 70 75 80 Position 20 50 80
Action Decoder w. H. 50 10 10 23 Instance 0 0 70

ction Decoaer w. uman

HUMAN2ROBOT w/o Pretrain 20 10 0 10 gackgf’oulttd 8 8 23
HUMAN2ROBOT w. KNN 90 75 80 82 ombtnation

HUMAN2ROBOT (ours) 100 90 95 95 Brand-New 0 0 70

Table 1: Left: multi-task success rates on basic tasks. Right: generalization success rates. 20 trails for each task.

VPP is language-conditioned—whereas HUMAN2ROBOT
is video-conditioned, providing richer, fine-grained mo-
tion cues—HUMAN2ROBOT still leads by 10-20 percent-
age points in success rate. Overall, our proposed HU-
MAN2ROBOT achieves the highest success rate across all
tasks, highlighting the benefits of conditioning on human
videos coupled with video-generation pretraining.

KNN Results. As shown in Table 1, HUMAN2ROBOT
with KNN outperforms all other baselines across all tasks,
demonstrating that even without direct demonstrations, HU-
MAN2ROBOT can still achieve strong performance. How-
ever, compared to HUMAN2ROBOT, the KNN method
shows a 10-20% decrease in success rate, which we consider
to be within an acceptable range. Overall, these competitive
results demonstrate that HUMAN2ROBOT is both efficient
and accurate on seen tasks.

Visualizations of Predictive Representations. Since we
repurpose the video prediction model as a visual encoder
and extract predictive representations with a single forward
pass, we examine the quality of these representations. In Fig-
ure 5, we visualize the ground-truth future alongside 1-step
predictions and 30-step denoised outputs. The visualizations
show that a 1-step denoised result already contains suffi-
cient motion information for downstream tasks, validating
the soundness of our approach. In addition, the 30-step (fully
denoised) result is very close to the GT Robot video, demon-
strating the effective design of our VPM.
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5.3 Ablation Study

Effectiveness of VPM. Since our H&R dataset con-
tains paired videos of humans and robotic arms, it
naturally includes paired human observations and the
corresponding robot actions. Therefore, we design
Action Decoder w. Human to predict robot actions di-
rectly from human videos. Specifically, we use the human
video ol - as a conditioning input to the action decoder to
predict the corresponding robotic actions ag.7.

However, in our experiments, this approach produced
highly jittery executions, and the model was insensitive to
grasping motions in the human videos, frequently failing to
complete grasps. As a result, the average success rate was
only 23%. We attribute this to the complexity of human mo-
tions: without any prior for learning the correspondence, it
is difficult to infer the correct mapping from human videos.
By contrast, HUMAN2ROBOT leverages video generation to
learn the action correspondence, providing the downstream
action decoder with a more reliable motion prior.
Effectiveness of Video Pretraining. We designed HU-
MAN2ROBOT w/o. Pretraining to assess the contribution
of video-generation pretraining. In this variant, we initial-
ize the VPM with the initial parameters described in Sec-
tion 4.1, freeze the VPM, and train only the downstream
action decoder. As shown in the table, this approach is al-
most incapable of completing tasks: it achieves 20% suc-
cess on the simplest push-and-pull tasks and only 10% on
pick-and-place.

We attribute this poor performance to Stable Diffusion
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initialization fails to extract task-relevant features and, in ef-
fect, injects additional noise into the observations—thereby
degrading the policy. By contrast, the pretrained HU-
MAN2ROBOT delivers strong performance, demonstrating
the effectiveness of video pretraining.

5.4 Generalization

To evaluate generalization ability, we test not only ba-
sic generalization types—position, appearance, instance,
and background—but also stronger changes: combined and
brand-new tasks. As shown in Table 1, compared with the
baselines, HUMAN2ROBOT not only achieves substantially
higher metrics on position and appearance, but also main-
tains solid performance in the other four settings where
XSkill and VPP fail. We attribute this generalization to two
factors: (1) unlike the self-training approach of XSkill, our
method leverages paired human—robot data from H&R, en-
abling direct learning of the correspondence between human
hands and robot arms; and (2) unlike VPP, our policy is
human-video-conditioned rather than language-conditioned,
so human videos supply richer, fine-grained motion cues, al-
lowing strong generalization even when training on simple
tasks and environments.

Appearance Generalization. We tested the generalization
ability on objects with different colors, materials, and tex-
tures. HUMAN2ROBOT and VPP maintained their core ca-
pabilities without being affected, achieving success rates of
100% and 80%, respectively. However, XSkill could barely
complete the tasks, showing limited generalization.
Position Generalization. Due to small variations in object
placement within the dataset, all three models exhibit some
degree of positional generalization. However, when the posi-
tional shift is large, XSkill achieves only a 20% success rate,
VPP reaches only 50%, whereas HUMAN2ROBOT succeeds
on 80% of the tested positions.

Instance Generalization. We tested the generalization abil-
ity on different instances. During training, all the models
only encountered data for picking up blocks and pens. We
tested whether the models could generalize to picking up
objects such as ping pong balls and bananas. Due to the
different shapes of the instances, their placement positions
also varied slightly, adding complexity to the task. HU-
MAN2ROBOT still achieved a 70% success rate on this task,
while the other baselines were unable to complete it.
Background Generalization. We also added many irrele-
vant objects and introduced unseen backgrounds to test the
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generalization ability. We found that both baselines were
unable to make correct predictions under these conditions,
while HUMAN2ROBOT was still able to predict correctly,
achieving a success rate of 80%.

Task Combination. We believe that a model with strong
generalization ability should not only be able to complete
tasks it has seen before, but also be capable of handling un-
seen tasks. At the beginning, we think such a model should
have the ability to learn from each short task and then be able
to complete long tasks composed of these short tasks. The
challenge in this task lies in the fact that tasks from the pre-
vious stage may affect the execution of the subsequent stage.
For example, we designed a task that involves pulling the
plate and placing the cube onto it. Since the plate is moved,
the placement position of the block changes, introducing sig-
nificant difficulty. Therefore, only HUMAN2ROBOT, which
has access to the corresponding human video, is capable of
completing these tasks.

Brand-New Task. Teaching a robot to write is a challeng-
ing problem for current learning-based approaches. The core
issue lies in the vast number of characters, with writing
each character being a brand-new task. We cannot teach the
model to write each character individually, so it must pos-
sess strong generalization capabilities. To demonstrate the
performance of HUMAN2ROBOT in writing, we created a
special dataset where each trajectory involves random move-
ments on a desktop without writing any specific characters.
We used this data to train the models to learn the correspon-
dence between human and robots, and then during infer-
ence, we instructed the models to write brand-new charac-
ters, such as "H” or "R.” Experimental results show that only
HUMAN2ROBOT can learn the correspondence from mean-
ingless data and complete the task of writing character.

6 Conclusion

In this paper, we use VR teleoperation systems to collect per-
fectly paired human-robot data, and create the H&R dataset.
We then present HUMAN2ROBOT, which leverages a video
prediction model (VPM) for human-robot alignment, and
the robot-dynamics features captured turn out to be effec-
tive in guiding action decoding. Our evaluations demonstrate
that HUMAN2ROBOT excels in seen tasks and unseen tasks.
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