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1. Additional Experiments

1.1. Video Selection Protocol

We generate three videos from the same initial frame and
prompt, and select the best of 3 generations based on opti-
cal flow variance and Pixel mean squared error (MSE). To
test robustness to video selection, we trained NIL on the
rejected videos (Vid. 1, 2). Table 1 shows only mild degra-
dation in the performance across all tasks, indicating NIL is
robust to imperfect generations.

Table 1. Robustness to Video Selection: We evaluate NIL on
learning from generated sub-optimal videos, which are rejected by
our video selection protocol.

NIL Vid. 1 Vid. 2
Pixel MSE 1148 131.3 167.3

Unitree H1  Flow Var. 0.37 0.35 0.55
Env. Reward 396.1 3925 388.7

Pixel MSE 49.9 85.6 96.1

Talos Flow Var. 0.06 0.15 0.20
Env. Reward 352.8 3484 3125

Pixel MSE 54.0 63.6 78.8

Unitree G1  Flow Var. 0.08 0.09 0.14
Env. Reward 3569 362.5 3584
Pixel MSE 283.1 3499 3949

Unitree A1  Flow Var. 1.07 1.69 1.90
Env. Reward 290.3 285.8 240.8

1.2. Open-Source Video Diffusion Models

We use Kling Al to generate reference videos in Section 4.4.
In order to evaluate the reliance of NIL on proprietary video
diffusion models, we train NIL using only videos generated
by two open-source video diffusion models: WAN [4] and
LTX [2].

Table 2 confirms that NIL is reproducible and performs
strongly without proprietary models.

Table 2. Open Source Models: We evaluate reliability of NIL
with open-source video diffusion models.

Environment Reward 1

Unitree Talos Unitree  Unitree
H1 Gl Al
NIL 396.1 352.8 356.9 290.3
NIL-WAN  392.1 382.0 381.9 268.5
NIL-LTX 373.7 393.6 394.3 286.8
Expert 400 400 400 300

1.3. Sensitivity to Camera

To evaluate NIL’s robustness to different camera settings,
we train NIL with following camera settings: static, 45° az-
imuth, and field-of-view (FoV) jitter (5%/15%, applied dur-
ing simulation rendering). We also test a multi-view setup
where rewards are averaged across two views (follow and
45° azimuth).

Table 3 shows NIL remains strong with different camera
settings and mild perturbations, and multi-view setup even
improves the performance of NIL on Unitree G1.

Table 3. Camera Sensitivity: We train NIL with different camera
settings to evaluate sensitivity to a specific camera setting.

Default Static  45° 5% 15% Multi
(Follow) FoV  FoV View
HI  396.1 : 393.7 3944 395.8 368.2 393.1
Gl 3569 :396.8 3948 360.1 3745 3974

1.4. Robustness to Frame Interpolation

For temporal alignment between simulation renderings
(100FPS) and generated videos (24FPS), we upsample gen-
erated videos 4x (Section 3.4). We evaluate NIL’s depen-
dence to frame interpolation and we test NIL without up-
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sampling, instead using raw generated videos by down-
sampling simulator renderings to 25FPS (taking 1 frame
per 4 steps). We also test NIL with upsampling generated
videos 2x and downsampling simulator renderings to SOFPS
(1 frame per 2 steps).

Table 4 shows that NIL’s performance is stable without up-
sampling generated videos.

Table 4. Robustness to Frame Interpolation: We evaluate NIL's
dependence to frame interpolation and train NIL with different in-

terpolation settings.

H1 Talos Gl Al
NIL 396.1 352.8 3569 290.3
Raw (24 FPS) 3925 349.2 382.1 296.0
Upsampled 2x 388.2 3529 369.3 291.5

2. Extended Tables

We report standard errors for Table 2 and Figure 6-d in this

section.

2.1. Continuous Control of Various Robots

Table 5. Mean and standard errors in continuous control tasks.

Environment Reward 1

Unitree Talos Unitree Unitree

H1 Gl Al

396.1 352.8 356.9 290.3

NIL

(ours) + + + +
4.1 40.2 40.9 6.5

393.5 231.1 393.4 286.9
AMP + + + +
8.0 434 17.6 9.7

347.8 204.4 353.1 260.8

GAIfO + + + 6.7
12.3 51.2 4.4 6.7

72.0 26.6 21.2 30.3
BCO + + + +
15.0 2.4 4.8 6.7
Expert 400 400 400 300

2.2. Loco-Manipulation

Table 6. Scores and standard errors in Loco-Manipulation tasks.

Sit Hang Balance
NIL 169.5+1.92 89.7£0.04 172.0+£1.79
RL 1703 £ 148 89.8 £0.02 168.3 £0.85
Maximum 200 100 200

3. Experimental Details

In all experiments, a penalty of —200 is imposed if the
agent falls before reaching maximum environment steps.
This early termination penalty ensures that agents are in-
centivized to maintain stable and natural motion.

3.1. Continuous Control of Various Robots

We use default termination conditions defined in LocoMu-
joco [1]. For each task, training is limited to 400 timesteps
(300 timesteps for Unitree Al). The maximum score in
each environment (Unitree H1, Talos, Unitree G1) is 400
(300 for Unitree A1). Therefore, we refer to this upper limit
as the expert score in Table 2.

The expert data used to train upper baselines is comprised
of motion capture trajectories from the benchmark of the
tasks we use: LocoMujoco [1]. The motion capture data
available in this benchmark is re-targetted to specific robot
embodiments, considering their unique body parameters.

3.2. Loco-Manipulation

We use default termination conditions defined in Hu-
manoidBench [3]. For each task, training is limited to 200
timesteps. For Sit and Balance tasks, the maximum reward
is 200. For the Highbar task, the maximum reward is 100.
The Highbar task in our work expects agent to hang from
the bar and stay still, which is different from Humanoid-
Bench [3], where the agent is expected to move its feet
above the bar and stand upside down in that pose. For Fig-
ure 6-d, we normalize scores by maximum scores.

4. Regularization Rewards

In addition to the imitation rewards, we incorporate regular-
ization terms to ensure that the learned behavior is smooth
and physically plausible. These regularization rewards pe-
nalize excessive or unrealistic control commands and de-
viations from desired configurations. In the following, we
describe each component in detail.

4.1. Continuous Control of Various Robots
4.1.1. Angular Velocity Penalty (Lateral)

To discourage excessive lateral angular motion, we penalize
the squared angular velocities about the x- and y-axes. Let
w, and w, denote the x and y components of the body’s
angular velocity. The penalty is computed as:

rung = ~0.05(w? + w2). (1)

This term limits undesired rotations that can lead to unsta-
ble behavior. For the quadruped (Unitree Al), we instead
penalize deviations from a flat base orientation using the
squared roll (¢) and pitch () angles:

Fang = —2.5(¢2 + 92). )



4.1.2. Joint Torques Penalty

To discourage aggressive actuation, the penalty for joint
torques is defined as the negative L2 norm of the joint
torques:

rie=—1.0x107°) 77, 3)
J
where 7; represents the torque applied at joint j.
4.1.3. Joint Acceleration Penalty

To promote smooth control, we penalize high joint accel-
erations. Let guc,; denote the acceleration of joint 7. The
corresponding penalty is:

Tja = —2.5 X 10_7 qucc,i' (4)

4.1.4. Action Rate Penalty

Large changes between consecutive actions are discouraged
by penalizing the squared difference between the current
action a; and the previous action a;_1:

T = —0.01 |laz — az_1]|3. (5)

4.1.5. Angular Velocity Z Penalty

We also regulate the rotation around the z-axis by compar-
ing the measured angular velocity w, with a desired com-
mand (set to 0.0). With a standard deviation ¢ = 0.5, the
penalty is given by:

(0.07w2)2>. ©)

Tangz = exp(— o2

This term rewards the agent for maintaining a near-zero an-
gular velocity about the z-axis.

4.1.6. Joint Deviation Penalty (Hip, Ankle and Torso)

To keep the joints close to a nominal configuration, we pe-
nalize deviations from default angles. For the hip joints the
penalty is:

Thip_dev = —0.2 E |@pos,j — Qaefault,j| » @)
J €hip joints

for the torso joint:
Ttorsodev = —0.1 |qPOS - Qdefaull| . ®)

and for the ankle joints we penalize violations of the me-
chanical joint limits:

Z [ Gmin,j — Qj]+ + [ — Qmax,j}+7 )

jE€ankles

Tankle = —

where [-]7 = max(-, 0) and [¢min,j, Gmax,;] 1S the admissi-
ble range for each ankle joint.
The total joint deviation penalty is:

Tjoint.dev = Thip_dev T T'torso_dev 1~ Tankle- (10)

4.1.7. Total Regularization Penalty

The overall regularization penalty applied at each time step
is the sum of all individual penalties:

P = Tang_xy + e + Tja ~+ Tar + Tang_z 1 Tjoint.dev (11)

This aggregated term is incorporated into the overall reward
function to promote smooth, efficient, and physically real-
istic motion.

4.2. Loco-Manipulation
For the loco-manipulation tasks (Sit, Balance, and Hang),
we use the following terms defined in HumanoidBench [3]:

* Typright: Rewards the upright posture.

* ryad: Rewards maintaining the head height above a
threshold.

* Trefor: Penalizes control effort (denoted as e in [3]).

* ryin: Rewards stationarity.

* Tposwre: Rewards proper neck posture.

Using these primitives, we define the regularization P; for
each task as follows for NIL.

4.2.1. Sit

The Sit task regularization prioritizes energy efficiency and
upright posture:

Psit = Teffort + 0.1 - (Tupright : rposlure) +0.1 g (12)

4.2.2. Balance

The Balance task regularization encourages the agent to
spend minimal control effort and stay upright:

Poalance = Tstand + Tupright + Teffort- (13)

4.2.3. Hang (Highbar)

The original HumanoidBench high-bar task reward encour-
ages inverted postures. We replace it with a regularization
function that rewards upright torso orientation and penalizes
excessive actuator effort:

Phang = Tupright 1 Teffort- (14)
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