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Figure 1. NIL Overview: First, from a single frame and a textual prompt, a pre-trained video diffusion model generates a reference video.
Reinforcement learning policies are then trained to imitate the generated video and control various robots without using any curated data.

Abstract

Acquiring physically plausible motor skills across diverse
and unconventional embodiments, including humanoids
and quadrupeds, is essential for advancing character simu-
lation and robotics. Traditional methods, such as reinforce-
ment learning (RL), require extensive reward function en-
gineering. Imitation learning (IL) offers an alternative but
relies heavily on curated 3D expert demonstrations, which
are scarce and difficult to obtain for non-human morpholo-
gies. Video diffusion models, on the other hand, are capable
of generating realistic-looking videos of various morpholo-
gies, from humans to ants. However, these videos are often
not physically plausible, which limits their direct use for
skill acquisition. We introduce “No-data Imitation Learn-
ing” (NIL): an imitation learning framework that replaces
curated expert demonstrations with videos generated by a
pretrained video diffusion model. Our key insight is that the

physics simulator enforces physical constraints, while the
video provides visual guidance. NIL learns 3D motor skills
in a physics simulator from 2D-generated videos, with gen-
eralization capability to unconventional forms. Specifically,
NIL computes a discriminator-free imitation reward that
combines (i) a video-embedding similarity between gen-
erated and simulated videos using a pretrained video vi-
sion transformer, and (ii) an image-based similarity term
derived from video segmentation masks. We evaluate NIL
on locomotion and whole-body control tasks across unique
body configurations. Our experiments show that in hu-
manoid locomotion, NIL matches the performance of state-
of-the-art IL baselines trained on motion-capture data; and
in whole-body manipulation, it exceeds the performance
of RL baselines without requiring any curated data. Our
project page, including videos and code, is available at
https://nil.is.tue.mpg.de.
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Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction
Learning motor skills for multiple and diverse agent mor-
phologies, including robots or animals, is essential to ad-
vance robotics and character simulation. However, enabling
physically plausible skill acquisition across such a range of
morphologies remains a longstanding challenge.
Reinforcement learning (RL) is the standard approach for
training skills in a physically plausible manner. RL trains
agents within a physical simulator so that the learned behav-
iors inherently respect physical laws, an important property
for both robotics and character simulation. However, RL
requires substantial manual effort to engineer reward func-
tions for each specific task-body pair, and poorly specified
rewards lead to unintended behavior [3]. Imitation learning
(IL) circumvents meticulous reward engineering by learn-
ing from expert demonstrations, but it relies on high-quality
3D data with accurate joint positions and velocities. Such
high-quality 3D data is difficult to obtain, particularly for
non-humanoid robots and animals, where motion-capture
data is scarce, expensive, or even impossible to collect.
This data-collection challenge motivates us to explore an al-
ternative to curated 3D demonstrations. Recent advances in
video diffusion models [12, 22, 49] offer a new path: gen-
erating reference visual demonstrations on demand. These
pretrained generative models are capable of generating vi-
sually plausible videos across a wide variety of tasks and
morphologies. Leveraging such models could eliminate the
need for curated 3D data. However, while the generated
videos are visually plausible, they are not always physically
plausible [30], limiting their direct use for skill acquisition.
Furthermore, learning 3D skills from 2D videos is challeng-
ing due to 3D ambiguity and the lack of precise action an-
notations.
To address these challenges, we introduce No-data Imita-
tion Learning (NIL): an imitation learning framework that
replaces curated demonstrations with videos generated by a
pretrained video diffusion model. NIL uses generated 2D
videos purely for visual guidance, relying on a physics sim-
ulator to enforce 3D physical constraints. By coupling these
components, NIL learns 3D motor skills by training a policy
in physical simulation to mimic a single reference 2D video
generated by a pretrained video diffusion model (Figure 1
provides an overview).
NIL treats generated videos as supervision by converting
them into a dense, discriminator-free reward that com-
bines (i) video-encoder similarity and (ii) segmentation-
mask similarity, while the simulator enforces physical plau-
sibility. Specifically, NIL employs video vision transform-
ers [4, 13] to compute a similarity reward between the gen-
erated reference video and a video rendered from the agent’s
physically simulated trajectory. Both videos are embedded
into the latent space of a video vision transformer, and the
similarity between their encoding becomes a reward sig-

nal that encourages the agent to replicate the motion’s key
aspects. Such holistic video-level similarity is insufficient
on its own, as it lacks precise frame-wise spatial guidance.
As a fine-grained feedback, NIL also employs an image-
based similarity: it segments the agent’s body in both the
generated video and the rendered simulation trajectory, cre-
ates binary masks, and computes frame-aligned Intersection
over Union (IoU) as a complementary reward. The video-
encoding reward provides temporal and semantic guidance,
while the frame-wise mask reward provides spatial guid-
ance, together they yield a stable imitation signal without a
discriminator.

Overall, NIL combines pretrained video diffusion models,
video vision transformers, and imitation learning to learn
skills for diverse morphologies. By directly measuring sim-
ilarities between video encodings and segmentation masks,
NIL generates an effective reward signal that guides learn-
ing within a physics simulator, without relying on curated
3D motion-capture data. As our main technical contribu-
tion, we introduce the NIL framework, which comprises
two key components:

1. Synthetic Expert Data: NIL generates expert demon-
strations on-the-fly using video diffusion models, condi-
tioned on the agent’s initial state and a textual task de-
scription. This approach generalizes to any task-body
pair by removing any dependency on curated 3D demon-
strations.

2. Video- and Mask-based Reward Signal: NIL com-
bines video vision transformers and image segmentation
to create an informative reward signal from 2D videos
for imitation learning. This creates a stable and effective
learning signal for imitation learning.

We test our approach on locomotion and whole-body ma-
nipulation tasks involving diverse morphologies, includ-
ing two-legged and four-legged robots, for which obtain-
ing 3D high-quality data is difficult, and reward engineer-
ing is challenging. Our results show that NIL matches
the performance of imitation learning methods that require
curated 3D motion-capture data on locomotion, and out-
performs reinforcement-learning baselines on whole-body
control tasks, while requiring no curated data.

By leveraging the strengths of video diffusion models and
imitation learning, our approach addresses critical bottle-
necks in training agents for complex tasks, particularly
when high-quality data is scarce or unavailable. This work
opens new avenues for research at the intersection of gen-
erative modeling and reinforcement learning, with potential
applications in robotics and animation. Our code and mod-
els will be released for research purposes.

20824



2. Related Work
2.1. Imitation Learning
Imitation learning (IL) has long been an attractive paradigm
for training agents to mimic expert behavior. Early ap-
proaches like Behavioral Cloning [5] directly map observa-
tions to actions but are prone to compounding errors under
distributional shifts. Adversarial IL methods such as GAIL
[20], InfoGAIL [28], AIRL [18], VDB [32], and AMP [33]
address this by adversarially training a discriminator to tell
apart trajectories from the expert dataset and trajectories
generated by the current policy, and then using the dis-
criminator’s output as a learned reward signal, often with
additional regularization or motion priors. RILe [2] com-
bines inverse reinforcement learning with adversarial imita-
tion learning to improve performance in higher-dimensional
environments.
While adversarial approaches achieve strong performance,
the discriminator tends to overfit quickly, leading to insta-
bility during training [2]. In contrast, our work bypasses
the need for a discriminator by computing a dense reward
signal directly from video comparisons. This discriminator-
free objective sidesteps the adversarial training instabilities
often observed in adversarial IL methods.

2.2. Video Diffusion Models
If we had access to limitless, high-quality, 3D training data,
imitation learning would work well. Since capturing such
data is challenging, is it possible to generate it? Denoising
Diffusion Probabilistic Models (DDPMs) [21] enable high-
quality image synthesis, and video diffusion models [22]
extend these ideas to the temporal domain, generating co-
herent video sequences. Early text-to-video models such as
Make-A-Video [37] and Imagen [36] demonstrate that cas-
caded diffusion processes capture complex motion patterns
from large-scale datasets. Subsequent models like Stable
Video Diffusion [12] and I2VGen [49] improve video qual-
ity and conditional controllability, and works such as Dy-
namiCrafter [44] explore architectures tailored to dynamic
scene synthesis. More recent approaches such as Lumiere
[7], MagicVideo-V2 [42], and CogVideoX [46] further im-
prove global coherence, aesthetic quality, and video length.
Together with proprietary systems such as Kling and Pika,
these advances provide increasingly visually plausible ref-
erence videos.
Despite their impressive visual performance, these models
sometimes output 2D results that are visually convincing
but physically implausible [30], posing a challenge to using
them for imitation learning.

2.3. Video Encoders
To exploit generated 2D data as supervision, we require
video encoders that provide meaningful spatio-temporal

features bridging 2D observations and 3D behavioral un-
derstanding. Vision transformer architectures such as ViViT
[4] and TimeSFormer [8] effectively capture dynamic pat-
terns in video data. Masked autoencoding techniques [17]
and transformer architectures such as VidTr [50] and Dis-
tInit [19] further validate the potential of transformer-based
models for video understanding. Subsequent work, includ-
ing VideoMAE-v2 [41] and VideoMamba [27], advances
video representation learning via dual masking strategies
and efficient state-space models. More recently, video foun-
dation models such as InternVideo2 [43], VideoPrism [51],
and VideoLLaMA3 [47] scale video encoders and achieve
state-of-the-art performance on video understanding tasks.

These advances in video understanding provide robust rep-
resentations that are essential for comparing generated and
simulated behaviors in our framework.

2.4. Learning from Generated Data

There is a growing body of work that leverages generated
or weakly supervised data to reduce reliance on curated
expert demonstrations. Early explorations in one-shot im-
itation learning [16] and meta-imitation learning [26] show
that agents can learn effectively from sparse or unstructured
data. DexMV [34] and video-language planning methods
[14] incorporate video data directly into the policy or plan-
ner. Complementary efforts in imitation learning from hu-
man videos [45] and zero-shot robotic manipulation us-
ing pretrained image-editing diffusion models [11] further
highlight the potential of harnessing generated data. Meth-
ods such as MimicPlay [40] repurposes human video play
data and UniPi [15] uses a video generator as a planner.
More recent approaches such as Track2Act [10] use internet
videos to generate motion plans that are mapped to robot ac-
tions, while Gen2Act [9] combines generated human videos
with a small set of action-labeled robot trajectories to train
a policy. RoboDreamer [52] uses generated videos to train
compositional world models, and AVDC [25] combines a
text-to-video diffusion model with pretrained flow networks
to infer actions from videos. Dreamitate [29] fine-tunes a
video diffusion model for robotic control.

Despite this progress, most prior methods either rely on at
least some curated data for policy training, or treat gener-
ated videos as open-loop plans or world models rather than
integrating them as a dense imitation reward signal inside a
physics simulator. In contrast, NIL uses pretrained video
diffusion models purely as a source of visual reference-
demonstrations for discriminator-free imitation learning. To
the best of our knowledge, NIL is the first framework to
demonstrate that only generated videos are sufficient to
learn physically plausible whole-body locomotion and loco-
manipulation skills across diverse robot morphologies in
simulation.
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Figure 2. NIL: No-data Imitation Learning consists of two stages. Stage 1 (Video generation): Render the agent’s initial frame, remove
the background, and generate a reference video with a pretrained video diffusion model conditioned on the initial frame and a textual task
description. Stage 2 (Policy learning): Train a reinforcement learning agent in a physics simulator to imitate the generated video via a
reward comprising (1) video-encoder similarity, (2) segmentation-mask IoU, and (3) regularization for smooth behavior.

3. Method
3.1. Overview
No-data Imitation Learning (NIL) learns physically plausi-
ble 3D motor skills from 2D videos generated by a video
diffusion model. Given a skill si and an embodiment bj , the
goal is to learn a policy πsi,bj that enables a simulated agent
ebj to perform si. NIL comprises two stages (Fig. 2):
1. Video generation: A reference video Fsi,bj is generated

by a video diffusion model D, conditioned on the initial
2D simulation frame e0 and a textual prompt psi,bj .

2. Policy learning: A dense imitation reward compares
the generated video Fsi,bj with a rendered simulation
video Esi,bj and, together with smoothness regulariza-
tion, guides the optimization of πsi,bj .

3.2. Stage 1: Video Generation
The video generation module uses a frozen, pretrained
video diffusion model, D, to generate a 2D video of
the agent performing the skill si. The inputs are (i)
the initial frame e0 of embodiment bj rendered from the
physical simulation at a fixed starting position and (ii)
a textual prompt (psi,bj ) describing the task psi,bj =
“The bj agent is si, camera follows the agent.” We use a
fixed camera setup; the camera follows the agent in both
the generated video and the renderings from the physical
simulation. D outputs a color video

D
(
psi,bj , e0

)
= Fsi,bj ∈ Rn×H×W×3 (1)

Fsi,bj = {f (si,bj)
0 , f

(si,bj)
1 , . . . , f

(si,bj)
n−1 } , (2)

where n is the number of frames, and H ×W is the spatial
resolution.

3.3. Stage 2: Learning the Task-Achieving Policy
Video Similarity Pipeline: The video-similarity metric
computes a reward signal by comparing the generated
video Fsi,bj with the rendered simulation video Esi,bj =

{e(si,bj)0 , e
(si,bj)
1 , . . . , e

(si,bj)
n−1 }, where n is the length of the

rendered agent video. The objective is to extract meaning-
ful learning signals from the 2D-generated video to guide
the acquisition of 3D motor skills. The reward is computed
in three steps: (a) segmentation and masking; (b) video en-
coding; and (c) similarity computation.

3.3.1. Segmentation and Masking
We segment the agent in both Fsi,bj and Esi,bj . For
Fsi,bj , Segment Anything Model 2 (SAM) [35] yields
masks MF = {MF

0 , . . . ,MF
n−1}, prompted with initial

frame mask which is provided by the simulator; for Esi,bj ,
the simulator provides masks as ME = {ME

0 , . . . ,ME
n−1}.

Masked frames are denoted as f
M,(si,bj)
t , eM,(si,bj)

t . The
segmented videos are thus represented as FM

si,bj
and EM

si,bj
.

3.3.2. Video Encoding
To capture spatiotemporal dynamics for both the generated
and rendered videos, we employ a pretrained video encoder
T . For each time step t, we construct nT -frame clips from
masked videos as:

C
(si,bj)
t = {fM,(si,bj)

t−nT+1 , . . . , f
M,(si,bj)
t } (3)

20826



where nT is the number of frames that the video encoder
expects. We left-pad the videos with initial frames when
t < nT to ensure |Ct| = nT . Each clip is passed through T
to obtain the embedding

z
F,(si,bj)
t = T

(
C

(si,bj)
t

)
. (4)

An analogous procedure yields z
E,(si,bj)
t for EM

si,bj
. Em-

beddings are derived from the last hidden states of the
video-encoder, yielding a compact motion representation.

3.3.3. Reward Function
At each frame t, we combine a video-embedding similar-
ity, a mask-based image similarity, and regularization as the
reward.
a) Video Similarity: The video similarity at time step t is
defined as the cosine similarity between the corresponding
embeddings of the generated and rendered videos:

Sv,t =
z
F,(si,bj)
t · zE,(si,bj)

t

||zF,(si,bj)
t || · ||zE,(si,bj)

t ||
. (5)

The cosine similarity ranges between -1 and 1, with higher
values indicating greater similarity between the encodings.
b) Image-Based Similarity: We compute the Intersection
over Union (IoU) between the binary masks MF

t ,ME
t ∈

{0, 1}H×W of the generated and rendered videos as:

SM,t =

∑
k,l M

F
t (k, l) ·ME

t (k, l)∑
k,l M

F
t (k, l) +ME

t (k, l)−MF
t (k, l) ·ME

t (k, l)
(6)

The IoU score ranges between 0 and 1, with higher values
indicating greater similarity between the masks.
c) Regularization: To ensure smooth behavior, we intro-
duce an aggregated regularization term, Pt ≤ 0:

Pt = PJ,t + PA,t + PV,t + PF,t + PS,t,

where PJ,t penalizes joint torques, PA,t penalizes action
deltas, PV,t penalizes angular velocities, PF,t penalizes foot
slip and PS,t penalizes torso tilt. These regularization com-
ponents are standard in robotic control frameworks and en-
sure that the policy adheres to physical constraints.
d) Combined Reward: The overall reward at each time
step t is computed as a weighted sum of the video similarity,
the image-based similarity, and the aggregated penalty:

Rt = ζ Sv,t + β SM,t + ηPt,

where ζ, β, and η are scalar weights that balance the con-
tributions of each term. This composite reward effectively
aligns the rendered simulation with the generated video
while promoting smooth behavior.

3.4. Policy Learning
NIL learns a policy, πsi,bj , by maximizing the expected
discounted return under the imitation reward. In contrast
to state-of-the-art imitation learning approaches combin-
ing discriminators with reinforcement learning, we directly
maximize the imitation reward using entropy-regularized
reinforcement learning. This change eliminates the need for
adversarial training and simplifies the learning process.
At each time step t, the agent receives an observation ot ∈
O, which comprises joint positions and velocities, and se-
lects an action at ∈ A (i.e., the torques to be applied to the
joints) according to the policy πsi,bj (at|ot). The environ-
ment then provides an imitation reward, defined as:

Rt = ζ Sv,t + β SM,t + ηPt,

where Sv,t is the video similarity, SM,t is the image-based
similarity, Pt is the aggregated penalty (see Sec. 3.3.3), and
ζ, β, and η are scalar weights. The overall objective is to
maximize the expected cumulative discounted reward:

J(πsi,bj ) = Eπsi,bj

[ ∞∑
t=0

γtRt

]
,

where γ ∈ [0, 1) is representing the discount factor.
In the entropy-regularized reinforcement learning, the pol-
icy is optimized by maximizing a soft value function that
includes an entropy term to encourage exploration:

max
π

E(o,a)∼π

[ ∞∑
t=0

γt
(
Rt + αH

(
π(·|ot)

))]
,

where H
(
π(·|ot)

)
denotes the entropy of the policy at state

ot, and α is a temperature parameter controlling the trade-
off between reward maximization and exploration.
NIL effectively leverages the dense imitation reward sig-
nal, derived from the similarity metric, and reproduces ex-
pert motion patterns in the reference generated video Fsi,bj .
We employ BRO [31] in our experiments, but our entropy-
regularized RL formulation remains generic.
Temporal Alignment: The videos rendered by the physical
simulation are 100Hz, which are higher than the generated
videos, which are typically between 24-30Hz. Therefore,
we upsample generated videos 4x using RIFE [23] then use
them for imitation learning.

3.5. NIL
NIL provides a discriminator-free route to 3D skill acqui-
sition from generated 2D videos by pairing a perceptual
video-encoder similarity with a frame-wise mask IoU in-
side a physics simulator. The video generator supplies vi-
sual guidance; the simulator enforces physical plausibility;
and the dense reward guides the learning. The result is a
single recipe that applies across diverse and unconventional
morphologies without curated 3D demonstrations.
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(a) All components

(b) Without regularization (c) Without IoU (d) Without video similarity

(e) Only regularization (f) Only IoU (g) Only video similarity

Figure 3. Reward Components: Ablation of the reward function. (a) All components: All components are employed, and agent learns
to walk well. (b) Without regularization: The resulting motion is jittery. (c) Without IoU: The learned behavior is distorted slightly.
(d) Without video similarity: The walking is slower, and jittery. (e) Only regularization: Agent fails to walk straight, and employs
suboptimal large leg movements. (f) Only IoU: Agent fails to walk forward continuously. (g) Only video similarity: Agent walks in a
jittery way, and stops midway while walking.

4. Experiments
In this section, we evaluate the performance of No-data Im-
itation Learning (NIL) for 3D motor skill acquisition using
generated 2D videos.
Experimental Settings: We use a fixed video encoder
(TimeSformer [8] pretrained on Kinetics-400 [24]), a fixed
clip length (nT = 8) and input resolution for T (224x224),
a 100Hz control frequency, and identical observation/action
spaces across methods. We use fixed ζ, β, η = 1 for all em-
bodiments. We run each configuration with multiple seeds
and report the mean. Higher environment reward indicates
faster, more stable locomotion (details in the Supplemen-
tary Materials).
Baselines: Since NIL is the only method that relies solely
on generated data (without any curated or collected data of
the same embodiment), we compare NIL against both up-
per and lower baselines. For locomotion experiments, we
use imitation learning methods as baselines, and all base-
lines are trained using motion-capture data from [1] that is
adapted to the simulation domain, with perfect joint cor-
respondence. As upper baselines, we employ AMP [33],
GAIfO [39], and as lower baselines, we consider Behav-
ioral Cloning from Observations (BCO [38]). For loco-
manipulation, since we do not have motion-capture data to
imitate, we use reinforcement learning as the upper base-
line and employ an off-policy RL method, BRO [31], as the
baseline. We provide details regarding metrics in the Sup-
plementary Materials.
We perform three ablation studies to analyze NIL:
• Reward Component Ablation: We analyze the impact

of individual reward components on the performance.
• Diffusion Model Comparison: We compare several pre-

trained video diffusion models to determine which one
provides the most effective reference demonstrations for
imitation learning.

• Improving Diffusion Models: We assess how incremen-
tal advancements in video diffusion models affect the
quality of the learned behaviors.

Then, we evaluate the performance of NIL in challenging
robotic control tasks:

• Locomotion across various embodiments: Learning
to walk with four different robot embodiments, each of
which has different unique configurations and challenges.

• Whole-body loco-manipulation: Learning to sit, hang
on a highbar, balance on a board purely from generated
videos.

We present additional studies on the video selection proto-
col, open-source video diffusion models, sensitivity to the
camera, and robustness to frame interpolation in the Sup-
plementary Material.

4.1. Reward Components

To understand the contribution of each reward term, we
train NIL on a walking task using the Unitree H1 humanoid
robot. We evaluate performance using the environment re-
ward, namely, the speed and stability of the learned policy.

Table 1 presents quantitative results, and Fig. 3 shows qual-
itative demonstrations. First, we analyze how the lack of
individual components affects NIL. Overall, regularization
helps NIL to smooth the learned motions, while both image-
based and video-based similarity scores help the agent to
understand the essentials of walking.

Second, we evaluate whether isolated components of the re-
ward function enable imitating motions in generated refer-
ence videos. With only video similarity, NIL achieves a
reasonable performance, albeit failing to generate visually
plausible motions. In contrast, using only regularization or
IoU rewards results in poor-performing policies.
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Table 1. Reward Ablation: We analyze effects of each reward
function component on the performance of NIL.

Env. Reward ↑
NIL

(all components) 396.1

without regularization 382.4
without IoU score 381.4

without video similarity 387.3
only regularization 363.6

only IoU Score 328.4
only video similarity 369.6

Expert 400

4.2. Diffusion Models for Imitation Learning

We evaluate the impact of different video diffusion mod-
els and systematically compare various diffusion models for
their usability on imitation learning. We consider five open-
and closed-source video diffusion models: Kling AI, Pika,
Runway Gen-3, OpenAI Sora, and Stable Video Diffusion
(SVD) [12]. For each model, we generate reference videos
for the Unitree H1 walking task.

Quantitatively (see Fig. 4), Kling, despite exhibiting inter-
mittent instabilities, yields the most visually plausible out-
puts and the highest NIL performance. Interestingly, even
though Pika has shown limitations in physical plausibility
[6], it still leads to high imitation scores. We hypothesize
that the visual plausibility of the reference video is the most
crucial property for NIL, as NIL is designed to refine phys-
ically implausible motions within the simulator.

We further analyze the correlation between the visual plau-
sibility and the performance by comparing generated videos
with a video of the simulated motion-capture-data trajec-
tory. We measure the plausibility of the generated video
as its perceptual similarity to the reference motion-capture
video, which is only used for comparisons, and calculate
the LPIPS score [48] between these two videos. As Fig.
4 shows, there is a positive correlation between the visual
plausibility of generated videos and NIL’s performance.

Figure 4. Visual Plausibility: We evaluate the correlation be-
tween the visual plausibility and the performance of NIL.

4.3. Improvements in Video Diffusion Models
To examine the sensitivity of NIL to advancements in video
diffusion models, we compare two versions of Kling: v1.0
and v1.6. Both versions are used to generate reference
videos for the Unitree H1 walking task. While the quan-
titative metrics are similar for both versions, qualitative re-
sults (see Fig. 5) reveal that the newer Kling v1.6 produces
significantly more natural gaits. In contrast, the reference
video from Kling v1.0 leads to an unbalanced gait with
asymmetric leg movements.

(a) NIL trained on Kling v1.6

(b) NIL trained on Kling v1.0

Figure 5. Different versions of video diffusion models: (a) NIL
learns to walk using the newest Kling version for reference video
generation; (b) Reference video generated by the older version of
Kling results in walking with an unbalanced gait.

This experiment underscores that even with small improve-
ments in video diffusion models, the performance of NIL
gets better. Therefore, better video diffusion models would
enable NIL to learn more challenging tasks without using
any collected/curated data.

4.4. Continuous Control of Various Robots
We test NIL on locomotion tasks across multiple robotic
embodiments: three humanoid platforms (Unitree H1, Ta-
los, and Unitree G1) and a quadruped (Unitree A1). For
each robot, NIL is trained using a single reference video
generated by Kling AI (Pika for Unitree A1), and we com-
pare its performance against upper baselines (AMP, GAIfO)
as well as a lower baseline (BCO), all of which are trained
with 25 motion-capture trajectories from LocoMujoco [1].
Table 2 presents quantitative results. For the Unitree H1 and
Unitree A1, NIL matches the performance of AMP, and it
also produces a more natural and balanced walking gait. In
contrast, for Unitree G1, even though NIL obtains competi-
tive scores, AMP generates visually more natural and stable
locomotion. With the Talos platform, both NIL and AMP
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Figure 6. Whole-body Manipulation: NIL learns to (a) sit, (b) hang on a high-bar and (c) balance on a board from a single generated
reference video. NIL matches the performance of RL in terms of normalized environment rewards (d).

Table 2. Robotic Control: We evaluate NIL on challenging
robotic locomotion tasks across multiple robots.

Environment Reward ↑
Unitree

H1 Talos
Unitree

G1
Unitree

A1
NIL

(ours) 396.1 352.8 356.9 290.3

AMP 393.5 231.1 393.4 286.9
GAIfO 347.8 204.4 353.1 260.8
BCO 72.0 26.6 21.2 30.3

Expert 400 400 400 300

face significant challenges due to the robot’s complex mor-
phology; however, NIL performs better and learns to move
forward, albeit with less natural motion than desired.

4.5. Loco-Manipulation
Finally, we test NIL on whole-body manipulation tasks: sit-
ting on a chair, hanging on a high-bar, and balancing on a
board with the Unitree H1 robot. We compare its perfor-
mance to the upper reinforcement learning baseline. The
RL policy is trained using the reward function for these
tasks defined in Supplementary Materials using BRO [31].
As shown in Fig. 6, NIL matches the performance of the RL
baseline, learning from a single generated video. Both NIL
and the RL baseline achieve 100% success rate; therefore
we report the normalized environment reward in Fig. 6.

4.6. Summary of Experiments
Overall, our experimental results show that NIL, by lever-
aging generated data and a discriminator-free imitation re-
ward, effectively learns task-achieving policies across di-
verse robotic platforms. The ablation studies underscore the
importance of the reward components, while the diffusion

model comparison highlights that visually plausible gener-
ation, even if not physically perfect, is important for effec-
tive imitation. We also present that improvements in video
diffusion models enable better performance of NIL. These
findings demonstrate the potential of NIL as a promising al-
ternative to conventional, data-intensive imitation learning
approaches. Future improvements in the video diffusion
model could enable NIL to achieve more complex tasks,
with different embodiments.

5. Discussion and Future Directions
We introduce NIL as a first step towards eliminating the
dependency on curated expert data in imitation learn-
ing. By leveraging video diffusion models to generate ex-
pert demonstrations on-demand, NIL not only reduces the
dependency on platform-specific data collection but also
achieves competitive performance across diverse robotic
platforms. One of the key insights from our study is that the
performance of NIL is closely tied to the quality of the gen-
erated videos. As improvements in video diffusion models
continue to emerge, NIL naturally benefits from these ad-
vancements, leading to more realistic behaviors.
Looking forward, several directions can further enhance the
capabilities of NIL. First, integrating NIL as a pretraining
step offers an exciting opportunity; the policies learned in
a data-free manner can be fine-tuned using a small amount
of curated data to boost performance, especially for com-
plex morphologies where current methods face challenges.
Also, extending NIL to more challenging tasks such as ob-
ject interaction is an exciting direction.
In summary, NIL’s performance is expected to improve with
the rapid advancements in video diffusion and world mod-
els. We believe this work lays the foundation for future re-
search at the intersection of generative modeling and imita-
tion learning, providing a new approach to robot learning.
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