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Fig. 1. From a single failed video, TRACC tracks the usable motion prefix (green) up to the Point-of-No-Return (PoNR), then optimizes the intended task
outcome (red) without a successful task-motion demonstration.

Abstract— Learning humanoid skills from videos typically re-
quires a successful human demonstration, which often demands
custom data collection. Although failures have traditionally been
treated only as negative examples in robot learning, they can
still reveal a usable trajectory prefix before the task fails, as well
as the intended outcome. To leverage this information from a
failed-attempt video, we propose TRACC, a pipeline that imitates
the useful portion of the motion trajectory and then completes
the task based on the inferred task outcome. The usable motion
prefix serves as prior knowledge until the failure occurs, after
which the task-completion reward guides the policy to learn the
intended task goal without requiring a successful task trajectory.
We evaluate our method on six in-the-wild failed human tasks
from the Oops! dataset. Our experimental results demonstrate
the effectiveness of the proposed approach for learning from
failed attempts when no successful demonstration is available.
Thus, these findings establish failed human videos as a viable
source of supervision for humanoid skill learning.

I. INTRODUCTION

Traditionally, learning physics-based humanoid skills from

videos has focused on imitating demonstrated successful

actions [1], [3], [10], [11], [12]. The recovered motion from

these videos is therefore treated as a reference trajectory, and

the policy is trained to reproduce the motion for a successful
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TABLE I

COMPARISON OF DEMONSTRATION-BASED POLICY LEARNING METHODS.

Method Embodiment Demonstration Single

video

Use of failure

VideoMimic [1] Humanoid Target video Multi –

MeshMimic [2] Humanoid Target video ✓ –

HDMI [3] Humanoid Target video ✓ –

OKAMI [4] Humanoid Target video ✓ –

ORION [5] Arm Target video ✓ –

LUCID [6] Arm Video corpus Multi –

Donut as I Do [7] Arm Failed motion – Negative

RL-VLM-F [8] Arm Obs. pairs – Negative

Goals from failure [9] None Failed videos – Infer goal

TRACC (ours) Humanoid Failed video ✓ Prefix + goal

task completion. However, relying only on successful attempts

often requires custom data collection, which is a tedious and

expensive process.

On the other hand, failed attempts were mainly treated as

negative examples that the policy should learn to avoid [7], [8].

A failed attempt can still show a useful approach, preparation,

or early interaction before the task goes wrong. It can also

reveal what the person intended to achieve for the task

completion. Treating the whole video as an imitation target

also includes the failed ending, while treating the whole

video only as a negative example discards its useful prefix.

Therefore, rather than treating a failed attempt entirely as

either an imitation target or a negative example, we utilize

its usable trajectory as motion guidance and its intended goal
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Fig. 2. The overall architecture of the TRACC pipeline. Human motion is reconstructed from the failed video, retargeted to the humanoid, and aligned with
the simulated scene to train the prefix tracker. A VLM infers the intended goal, proposes task-reward candidates, and estimates a PoNR window. The tracker
is then fine-tuned to complete the intended task.

for task completion.

Using widely available failed attempts of human ac-

tions [13], we study whether a humanoid can learn a complete

task from this partial information when no successful task

motion is available. We propose TRACC, a pipeline that

Tracks and Complete the task by first imitating usable motion

prefix from unsuccessful demonstrations and then learning

to achieve the intended outcome. Specifically, we divide

a failed video into two forms of supervision: the usable

trajectory prefix provides reference motion for how the task

begins, while the inferred intent describes how the task should

end. The human motion is recovered from the video and

retargeted to a humanoid robot, and the intendedtask outcome

is inferred through a vision-language model (VLM), which

also proposes task-completion reward and estimates when

reference guidance should be released.

To determine how much of the failed demonstration should

be used as reference motion, we define the Point-of-No-

Return (PoNR) as the last point in the trajectory where the

demonstrated motion remains useful for completing the task,

before the observed failure begins. Tracking reward fades

as the policy approaches PoNR, then the task-completion

reward takes control to guide the policy toward the inferred

intended outcome (see Figure 1). Thus, the method utilizes

the usable portion of the failed attempt without imitating its

failed ending or requiring a successful completion trajectory.

To the best of our knowledge, TRACC is the first method to

learn whole-body humanoid skills from a single failed human

video, using the pre-failure motion as positive guidance and

an inferred outcome for completion.

We evaluate TRACC on six failed-action videos from the

Oops! dataset [13]. The failed attempt videos are selected

under the assumptions that at least some useful human motion

prefix is available and that the intended final outcome is

feasible in the simulation environment. The experiments

show that our method successfully learns to track the initial

guidance motion and subsequently complete the task when

no successful task-completion trajectory is available.

The main contributions of this work are threefold:

1) We formulate a video-based humanoid learning problem

that learns a complete task from a failed human

demonstration by exploiting its usable motion prefix

and intended outcome, without requiring any successful

task trajectory.

2) We propose TRACC, which decomposes a failed demon-

stration into motion guidance and task intent, and

combines retargeted human motion with a task reward

to learn the intended task beyond the observed failure.

3) We introduce the Point-of-No-Return (PoNR) to identify

the latest viable part of the failed trajectory and

progressively transition the policy from motion tracking

to task-completion reward.

II. RELATED WORK

a) Video-Based Humanoid Learning: Physics-based

imitation learning methods learn to mimic reference human

motion [14] by tracking rewards and reference-state initializa-

tion [15], or learn motion style through an adversarial motion



prior [16], [17], [18]. Video-based methods first recover this

reference motion from a monocular video and then train the

policy to imitate the demonstrated task action [10], [19], [11].

Later works transferred the retargeted motion to humanoid

robots for learning from human video demonstrations [12], [1],

[20], [2]. These methods require a successful demonstration

of the task as a behavior worth reproducing. In this study,

we argue that failed demonstrations also provide enough

information to learn the intended task by utilizing only the

part of a motion that remains useful before the observed

failure.

b) Learning From Failed Demonstrations: Prior work

has used failed or imperfect demonstrations in several ways.

Failed examples can identify regions that a policy should

avoid [7], confidence scores can reduce the influence of poor

demonstrations [21], and rankings over suboptimal behavior

can support reward inference [22]. Failed videos have also

been used to infer goals for visual planning [9]. These

approaches use failure as negative example, ranking, or only

goal inference. However, learning a physics-based humanoid

policy from a single failed monocular human video has not

been explored. TRACC uses the pre-failure motion as positive

trajectory information and the inferred goal to complete the

task.

c) Language Models for Reward Generation: Language

models have demonstrated major success in translating task de-

scriptions into executable reward functions for reinforcement

learning [23], [24], [25], and related work extends reward

generation for sim-to-real transfer [26]. Video2Reward [27]

generates imitation rewards from videos that show target

behavior. Vision-language models have also been used directly

as reward models or preference providers [28], [8]. Building

on these advancements, we use a VLM to infer the intended

final outcome from the failed action and generate a task-

completion reward that guides the policy after the usable

motion ends.

III. TRACC: TRACK-AND-COMPLETE

The overall pipeline is illustrated in Figure 2. We treat a

failed-attempt video sequence as a partial demonstration rather

than a negative example. First, the human motion is recovered

and aligned with respect to the simulation environment, while

a VLM generates a reward function after inferring the intended

outcome of the task. Second, a tracking policy is trained to

imitate the motion up to the point where the failure begins

to appear. Finally, we further fine-tune the policy to first

follow the useful trajectory and then complete the intended

outcome. Hereafter, we refer to this combined tracking and

task-objective policy as a task-specific unified policy, where

a separate policy is trained for each task.

A. Problem Formulation

Given a failed attempt human video V = (I1, . . . , IT ), we

aim to learn a policy πθ that reproduces the useful trajectory

of the observed motion and completes the intended task. The

retargeted motion reference is defined as M̂ = (ŝ1, . . . , ŝT ),

Algorithm 1 TRACC : Track-and-Complete

Require: Failed-attempt video demonstration V

Ensure: Unified policy πθ , selected reward r∗task, and measured PoNR τ∗

Construct motion and task supervision

1: M̂← RECONSTRUCTRETARGETALIGN(V,E )
2: ({rk

task}
K
k=1,PoNRw)← INFERINTENTANDREWARDS(V )

Learn the reference prefix

3: θpre← TRAINTRACKER(M̂,uniform RSI)
4: θpre← FINETUNEFROMSTART(θpre, ŝ1)

Select a task reward

5: k∗← BESTBYSUCCESSRATE({rk
task}

K
k=1); θ ← θpre

Train one release-conditioned policy

6: while not converged do

7: for all parallel environments e do

8: Reset to ŝ1 and sample τe ∼U (PoNRw)
9: Roll out πθ with time-to-release in the observation

10: if t < τe then

11: Use task reward and weighted tracking reward

12: else

13: Mask the reference and use task reward only

14: end if

15: end for

16: Update θ with PPO using Eq. 3

17: end while

18: Measure the PoNR τ∗ from terminal success

19: return πθ ,r
k∗

task,τ
∗

TABLE II

POLICY OBSERVATION SPACE.

Group Component Dim. After τ

Proprioception Root position, orientation, velocity 13 Observed

Joint position 29 Observed

Joint velocity 29 Observed

Previous action 29 Observed

Task state Task object, goal, and scene state dtask Observed

Reference Activity, phase, release time τ 3 Masked-out

Heading-relative root offset 3 Masked-out

Heading-relative hand and foot offsets 12 Masked-out

while the VLM produces an intended goal description, task-

reward candidates {rk
task}

K
k=1, and a PoNR window PoNRw =

[τmin,τmax]. At time t, the policy observes the humanoid

states, the task observations, and prefix reference trajectory,

and outputs normalized joint-position targets.

The unified policy is trained by uniformly sampling a

release time τ per episode from PoNRw and maximizing

θ ∗ = argmax
θ

Eτ∼U [τmin,τmax],πθ

[

H−1

∑
t=0

γ trt(τ)

]

, (1)

where θ denotes the trainable policy parameters, θ ∗ their

optimized values, and πθ the resulting policy. Also, H is the

episode horizon, γ ∈ [0,1) is the discount factor, and rt(τ) is

the reward at time t under release time τ .

B. Motion Reconstruction

We process the failed-attempt video in three steps. We first

utilize GVHMR [19] to recover a world-grounded 3D human

trajectory from the monocular video. Afterwards, we retarget

the reconstructed body motion to the 29-DoF Unitree G1

while preserving its root motion and whole-body configuration

within the humanoid embodiment. The retargeted motion

is then aligned with respect to the simulated task scene.

Furthermore, we estimate the task-object trajectory from the
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Fig. 3. Task success vs. release time τ plots for each task. The shaded area denotes the VLM-proposed release window PoNRw, and the dashed line marks
the measured PoNR τ∗.

video and use the corresponding scene geometry to place

the humanoid reference consistently with the object. The

resultant scene-aligned reference motion M̂ is finally used by

the tracking stage.

C. Prefix Reference Tracking

From the provided video V , we only utilize the usable

prefix of M̂ as a positive imitation target. Where, the usable

reference cutoff is determined by the VLM estimated PoNRw.

Following the motion-tracking objective of DeepMimic [15],

we define the tracking reward as a weighted sum of pose (q),

joint-velocity (q̇), end-effector (ee), and root (root) tracking

terms:

rtrack(st , ŝt) =
1

∑m∈M wm
∑

m∈M

wm exp(−kmem), (2)

with M = {q, q̇,ee, root}, where st and ŝt are the current

humanoid states and reference states, em is the corresponding

mean-squared tracking error, and wm and km control the

contribution and sensitivity of each term.

We first train the tracking policy with reference-state

initialization (RSI), sampling the humanoid reset state uni-

formly along the reference motion trajectory. RSI exposes

the policy directly to every phase of the motion instead of

requiring an untrained controller to reach later reference states

through a long rollout, a strategy established for physics-based

motion tracking [15]. However, RSI alone can hide errors

that accumulate when the motion is executed from the initial

state. As our final goal is to learn a task-conditioned policy

that must reliably track the usable trajectory from the initial

state and then continue to complete the intended task after the

usable trajectory ends, we further fine-tune the same tracker

with resets restricted to the initial reference frame. This reset

condition forces the policy to reach later prefix states through

its own dynamics and matches the initial-state distribution

used during the unified policy training.

D. Intent Inference and Reward Generation

Building on prior work that shows language models

can translate semantic task descriptions into executable

reinforcement-learning rewards [23], [24], [25], the VLM

is prompted with the frame samples from the V to infer the

intended outcome, generate K = 3 reward candidates for task-

completion, and provide PoNRw. Since the visual observation

can work as the guidance, hence, we purposely request an

interval (i.e. PoNRw) rather than a single PoNR timestamp

to preciesely predict when the demonstrated behavior begins

to deteriorate.

During tracking and unified policy training, we sample

release times τ uniformly from PoNRw. This sampled τ

acts as the boundary where the tracking reward should be

faded out to learn the task completion instead of tracking the

failure motion. After training, we evaluate the same policy

at several fixed release times over the full video timeframe

and define the measured PoNR τ∗ as the latest tested time

that produces the best terminal success rate. Thus, the VLM-

proposed PoNRw serves as a visual training prior, whereas

the final τ∗ is measured from the trained policy’s success

curve and reported in Sec. IV.

E. Unified Policy Training

The unified policy is initialized with the prefix tracker

policy and further fine-tuned to perform a full reference

tracking and task-completion from the initial reset state. Each

VLM reward proposal rk
task is trained with same iteration

budget, and best overall success reward proposal is selected



TABLE III

SELECTED TASK REWARDS FOR UNIFIED POLICY TRAINING.

Task Selected reward terms and weights

Kick target Pad approach (0.10); latched strike (0.30); × after the strike: two-foot contact (0.22), pelvis height (0.18), and stability and uprightness (0.15); not fallen (0.05).

Football Foot–ball approach (0.12); ball contact (0.30); ball speed toward the goal (0.22); ball–goal distance (0.18); uprightness (0.14); not fallen (0.04); hovering

without contact penalty (−0.10).

Backflip Landing-region approach (0.08); left and right foot contact with load (0.15 each); landing pelvis height (0.18); low linear (0.18) and angular (0.12) velocity;

uprightness (0.09); latched inversion bonus (0.05).

Box jump Feet near the box top (0.15); loaded top contact (0.30); standing height (0.25); pelvis over the box (0.10); controlled standing (0.10); uprightness (0.05); settling

(0.05); non-top (−0.55) and invalid-contact (−0.10) penalties; reward set to 1 on success.

Handstand Hand-patch approach (0.12); left and right palm contact (0.15 each); bilateral palm contact (0.08); × after bilateral contact: inversion progress (0.18) and feet

above the pelvis (0.22); pelvis height (0.18); settling (0.07).

Log walk Progress toward the far end of the log (0.45); foot contact on the log top (0.30); pelvis height above the log (0.15); uprightness (0.10); hovering without contact

penalty (−0.20).

TABLE IV

TASK SUCCESS CRITERIA.

Task Success criterion

Kick target Foot strikes the target at ≥ 2.0 m/s, upright ≥ 0.80, settled, held 2.0 s.

Football Ball enters the goal region, upright ≥ 0.80, settled, held 2.0 s.

Backflip Root becomes fully inverted, then both feet in the landing region and in

contact, upright ≥ 0.80, settled, held 2.0 s.

Box jump Both feet on the box top, upright ≥ 0.80, settled, held 2.0 s.

Handstand Both hands in the support region and in contact, feet at least 0.40 m

above the pelvis, held 0.5 s.

Log walk Net displacement along the log ≥ 1.0 m without falling.

for further unified policy training. Table III summarizes the

selected task reward for each task.

To achieve unified tracking and task-completion objective

training, we propose a combined reward function, where the

task reward remains active throughout the episode, while

the tracking reward guides the reference tracking and fades

before the sampled release time τ:

rt(τ) = rtask(st)+λtrack(τ)rtrack(st , ŝt), (3)

where λtrack is set to 0.5 at the beginning of each episode,

and decreases linearly to zero over the final 10% before τ ,

and remains zero thereafter.

To facilitate this transition from tracking to task-completion

learning, we provide release time τ as an observation to the

policy. Therefore, the policy can anticipate when reference

guidance will disappear instead of reacting to an unexpected

observation shift. At and after τ , the entire reference trajectory

block is masked to zero, and the policy is required to

complete the task from robot states and task observations

alone. Algorithm 1 summarizes the whole TRACC pipeline.

IV. EXPERIMENTS

A. Experimental Setup

a) Tasks and simulation: Following the assumptions

described in Sec. I, we select six failed human videos from

the Oops! dataset [13], including box jumping, log walking,

target kicking, kicking a football into a goal, backflip, and

handstand. Combinely, these six tasks cover impulsive whole-

body motion, sustained narrow-support control, and object

contact. All experiments use a 29-DoF Unitree G1 humanoid

Fig. 4. Failed human demonstrations (top) and corresponding policy rollouts
(bottom) for log walking, target kicking, and football kicking, ordered from
top to bottom. Frames progress from left to right. Best visualized in zoomed
view.

in Isaac Gym [29]. The policy outputs normalized joint-

position targets at 30 Hz, and training uses 4,096 parallel

environments. We use GPT-5 (gpt-5) as the VLM in all

experiments [30]. To avoid evaluation bias, we define task

success criteria manually instead of relying on the VLM-

generated success criteria (see Table IV).

b) Policy and optimization: Our policy architecture

follows the tokenized Transformer design used for physical

human-scene interaction in TokenHSI [31]. Separate MLP

encoders map proprioception, task, and reference motion



Fig. 5. Failed human demonstrations (top) and corresponding policy rollouts (bottom) for backflip (left) and handstand (right). Frames progress from left
to right. Best visualized in zoomed view.

TABLE V

COMPARISON RESULTS FOR UNIFIED POLICY VS. TASK-REWARD-ONLY POLICY.

Policy
Kick target Football Backflip Box jump Handstand Log walk

Survival
(%)

Success
(%)

Survival
(%)

Success
(%)

Survival
(%)

Success
(%)

Survival
(%)

Success
(%)

Survival
(%)

Success
(%)

Survival
(%)

Success
(%)

Task reward only 100.0 0.0 100.0 0.0 100.0 0.0 94.6 0.0 100.0 0.0 100.0 0.0

Unified policy (ours) 100.0 99.3 100.0 100.0 99.7 41.7 98.6 75.8 100.0 56.3 100.0 100.0
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Fig. 6. Normalized joint jerk around reference release on log walking.

states to 64-dimensional tokens. A four-layer, two-head

Transformer encoder with a 512-dimensional feed-forward

layer processes the three tokens, followed by a [1024,512]
action head.

We optimize all policies with PPO [32], using a 32-step

rollout horizon, discount γ = 0.99, GAE parameter 0.95,

clipping ratio 0.2, and learning rate 2×10−5. Each update

uses 6-epochs and 8-minibatches. The prefix tracker is trained

for 1,500 additional iterations and fine-tuned for 800 iterations

from the initial reference frame. Each valid task reward

candidate receives the same 300-iteration training budget,

and the candidate with the highest terminal success is further

fine-tuned for 1,500 iterations to train a unified policy.

Table II summarizes the policy observation. The task block

contains the object, goal, and scene quantities required by

each task, so its dimension dtask varies across tasks. The

18-dimensional reference block is masked-out to zero at τ .

B. Evaluation Results

Figures 4 and 5 show representative policy rollouts.

These figures illustrates that the usable prefix supplies task

specific preparation, while the unified policy replaces the

failed continuation with motion directed toward the intended

outcome. Fig. 3 evaluates the corresponding per-task policies

over fixed release times. The VLM-proposed PoNR window

is the visual training prior introduced in Sec. III, whereas

the measured PoNR τ∗ is obtained from the trained policy’s

curve. Since the release time τ is provided to the policy as an

observation, task-success outside the sampled window PoNRw

shows the temporal generalization of the policy rather than

dependence on one hand-selected release time.

a) Kick target: The recovered motion provide the

intial step-in, support-leg alignment, and leg swing, whereas

the reaching the target, balancing on the support leg, and

recovering from the kick are learned from the task reward.

PoNR curve shows that the success remains high beyond the

PoNRw, indicating that the policy learned to recover from

failling-states. It fail to recover once the reference extends into

the purely unusable trajectory motion, placing the measured

PoNR τ∗ after the visual window but before the trajectory

becomes harmful.

b) Football: The early non-monotonic region indicates

sensitivity to the state at which guidance is removed. Once

the reference reaches a useful approach and leg-swing state,

it successfully performs the task. Furthermore, Table V

demonstrates that the unified policy outperforms the task-

reward-only policy in terms of success rate, showing the

importance of the motion prefix for task completion.

c) Backflip: The backflip task exposes a limitation of

the selected reward rather than the success measure. Inversion

contributes only 0.05 to the reward (Table III), whereas the

success criterion requires a full inversion before landing

(Table IV). When released early, the policy jumps backward

and lands without performing a full backflip, achieving high

survival but low task success. The PoNR curve reflects this



behavior, as the success rate increases once the reference

motion provides the inverted state. After this point, the policy

only needs to land and settle instead of learning the full

backflip.

d) Box jump: The policy rollout frames for box jump

task is shown in Fig. 1. The approach and crouched loading

motion prepare the humanoid for takeoff. The PoNR curve

explains the behavior of intermediate releases, which expose

a useful state from which the policy completes the jump and

landing, while later releases sharply reduce success as the

reference enters the failed continuation.

e) Handstand: The handstand task clearly separates

visual failure from dynamic usefulness. The VLM places

the release window near the early appearance of failure,

approximately 2.5–2.8 s, whereas the greatest task success

occurs near 6.7 s. This phenomenon arises because the later

reference motion already produces an inverted hand-supported

state, leaving the policy only to stabilize the pose for the

remaining hold duration.

f) Log walk: Instead of simple walking action, we

uplifted the task difficulty to learn to maintain balance on the

narrow support. In this log walk task, the prefix trajectory

provides the approach and initial balance-oriented steps, and

the task completion reward requires to maintain balance and

walk for ≥ 1.0 m to achieve success.

Overall, the VLM-proposed window can only be treated

as a training prior rather than the final PoNR τ∗. The useful

boundary depends on both the task and the trained policy

and is therefore determined from the release-time curve.

C. Ablation Studies

Existing video-to-humanoid methods require a target

demonstration, while prior learning from failure methods use

different inputs or learning objectives (see Table I). Therefore,

no prior method directly matches our single failed video

setting. We evaluate the two main design choices of our

method through ablation studies.

a) Prefix guidance vs. task reward only: We perform

an ablation to evaluate the effectiveness of prefix guidance.

We compare our unified policy training with task-reward-

only policies by removing the prefix trajectory guidance and

training only with the selected task rewards (see Table V). The

reward-only policies remain stable and achieve high survival

success, but fail to satisfy the terminal success criteria for all

six tasks. In contrast, the unified policies produce non-zero

success on every task, showing that the prefix provides task-

specific approach and interaction states that are difficult to

discover from the task reward alone.

b) Unified policy vs. policy chaining: This ablation

evaluates why TRACC uses one policy before and after

τ . The natural alternative to our approach is a two-policy

chaining mechanism [33], [34], where a prefix policy tracks

the reference until τ and a separate completion policy trained

with the task reward. We use log walking as a test scenario

for this ablation because the narrow-support locomotion

makes a control discontinuity immediately visible. We align

rollouts at τ∗ and measure the normalized joint jerk over the

complete episode. As shown in Fig. 6, the two-policy chain

rises from around 0.17 before release to 0.90 at the switch,

whereas the unified policy changes from 0.30 to 0.42. The

unified policy therefore has 2.1× lower jerk at release τ . The

result specifically shows that retaining the same controller

avoids the sharp discontinuity caused by switching between

independently trained policies.

V. DISCUSSION AND FUTURE WORK

Our results show that a failed video can provide useful

supervision when its motion prefix and intended outcome

are used in tandem. The release-time curves further show

that visual failure does not always coincide with the point

at which the recovered motion becomes dynamically harm-

ful, supporting policy-conditioned evaluation of the PoNR.

These findings make learning from failed demonstrations a

promising direction, but the current approach is limited to one

humanoid embodiment and non-dexterious humanoid-object

interaction tasks.

Future work will extend motion reconstruction and retarget-

ing to dexterous hand motion, enabling robotic manipulation

tasks that require precise hand-object interaction. We also

plan to move beyond a single humanoid and study failed

demonstrations in multi-humanoid collaborative tasks.

VI. CONCLUSION

We present TRACC, a framework that learns humanoid

skills from a single failed human video without requiring

a successful task motion demonstration. By treating the

recovered prefix as partial supervision, inferring the intended

outcome, and training one release time conditioned policy,

TRACC retains useful preparation while replacing the failed

continuation with task completion-related behavior. The ex-

periments demonstrate the importance of prefix guidance, and

show that a unified policy reduces the release discontinuity

introduced by policy chaining. The results show that failed

human videos can provide useful information for humanoid

skill learning and establish a new setting for future research

in learning from unsuccessful demonstrations.
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