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Abstract— Robot demonstration collection often produces
imperfect or failed trajectories in addition to successful demon-
strations. Existing methods typically exploit failed trajectories
by identifying segments that still make progress toward task
completion, but largely overlook failure-critical behaviors that
directly lead to task failure. Here we argue that these two
types of segments provide fundamentally asymmetric supervi-
sion: progressive segments should be imitated, whereas failure-
critical segments should be explicitly avoided. Based on this
observation, we propose CARF, a Contrastive Attraction-
Repulsion of Failure-guided framework for learning from
imperfect robot data. CARF introduces a progress-based impor-
tance scorer, trained solely on successful expert demonstrations
and its perturbation results, to estimate step-wise contributions
toward task completion and identify informative regions in
failed trajectories. These scores guide a unified flow-matching
objective that attracts the policy toward progressive behaviors
and repels it from failure-critical ones, while excluding am-
biguous segments. This enables more comprehensive utilization
of imperfect data and avoids unreliable supervision from
ambiguous failure segments. Extensive experiments in simu-
lation and the real world demonstrate consistent improvements
over competing baselines across diverse failure scenarios, with
ablations further validating the effectiveness of the proposed
scoring and attraction-repulsion mechanisms. Our website is .

I. INTRODUCTION

Different from images or texts easily available from the
Internet, the collection of robot data has always been a seri-
ous challenge due to its extremely time-consuming procedure
and intensive human labor [1]–[6]. Consequently, it is of
great necessity for modern robot learning to make full use
of all available robot data [7]–[10], especially given that the
human demonstration collection process inevitably involves
not only successful but also imperfect or failed task exe-
cutions [11]. Recent efforts have explored different ways to
leverage imperfect robot data. Offline reinforcement learning
is one possible direction, where policies are improved from
fixed datasets through value estimation under sparse success
or failure rewards [12]–[14]. However, such methods often
depend on indirect long-horizon credit assignment through
bootstrapped value propagation, which can make training un-
stable in practice. Another line of imitation learning methods
selects useful suboptimal data based on feature similarity and
reuses selected segments as additional demonstrations [15]–
[17].

However, existing methods primarily focus on identifying
Progressive Segments from imperfect data, i.e., segments
that still make meaningful progress toward task completion,
while largely overlooking the information contained in the
remaining portions. In fact, these remaining segments can
be further divided into two categories: Indeterminate Seg-
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Fig. 1: CARF leverages a crucial yet largely underexplored
source of data: Failure-Critical Segments. It further for-
mulates an attraction-repulsion flow-matching policy that
pulls the policy toward the correct action distribution while
pushing it away from failure distributions.

ments and Failure-Critical Segments. While Indeterminate
Segments provide ambiguous supervision due to their mixed
execution quality, Failure-Critical Segments can still be ef-
fectively exploited, as they correspond to decisive erroneous
behaviors that directly prevent task success. Fundamentally,
Progressive Segments and Failure-Critical Segments provide
asymmetric learning signals: a policy should imitate the
former while avoiding the latter, while focusing solely on
Progressive Segments may leave valuable information in the
remaining robot data underutilized.

To this end, we propose CARF, a framework that explicitly
models these asymmetric learning signals through attraction
and repulsion. To achieve this, we introduce a progress-
based importance scorer learned solely from successful ex-
pert trajectories to quantify the contribution of each step’s
state-action pairs to the final task completion, providing
a step-wise usefulness estimate in failed task executions.
Both successful and failure data are then integrated into
a unified training process, where the frozen trained scorer
decides the asymmetric attraction–repulsion behavior of the
flow dynamics for each step-wise action. This explicitly
steers the flow matching policy towards success and away
from failure. Compared to previous methods, our approach
enables more comprehensive utilization of available robot
data by extracting complementary learning signals from
both progressive and failure-critical behaviors. Overall, our
contributions are listed as follows:

• We propose CARF, a novel Contrastive Attraction-



Repulsion of Failure-guided framework that enables
policy to systematically extract informative signals from
both Progressive Segments and Failure-Critical Seg-
ments action clips, enabling more comprehensive data
utilization.

• We introduce a progress-based importance scoring
mechanism that explicitly quantifies step-wise contri-
bution to task success and integrate it into an at-
traction–repulsion strategy, leading to more stable and
targeted policy learning.

• We conduct extensive experiments with thorough abla-
tions and visualizations to validate our methods in both
simulation and real world. Our method outperforms all
proposed baselines in multiple types of failure scenarios.

II. RELATED WORK

Imitation Learning Imitation learning provides a simple
and effective paradigm for visuomotor policy learning by
directly fitting policies to expert demonstrations [18]–[22].
Early behavior cloning methods commonly predict single-
step actions, while recent sequence-modeling approaches
such as ACT [23] use action chunking and transformer
to model temporally coherent action sequences. Generative
policies further improves the expressiveness of imitation
learning: Diffusion Policy [24] represents action trajectories
through an iterative denoising process, enabling multimodal
action prediction under image observations, while flow-
matching-based policies learn continuous vector fields that
transport noise toward expert action distributions with more
direct training objectives [25], [26]. Despite these advances,
most imitation learning methods still rely primarily on suc-
cessful demonstrations and treat failed rollouts as unusable
or harmful. Instead, our method extends flow-based imitation
learning to imperfect datasets by explicitly modeling both
attractive and repulsive signals, allowing visuomotor policies
to learn from broader robot experience.

Learning from failure A natural way to improve data
efficiency in imitation learning is to reuse imperfect or failed
trajectories rather than discarding them entirely [12], [27]–
[32]. Existing methods commonly estimate the usefulness
of such data through classifier guidance [33], trajectory-
quality prediction, or similarity-based scoring between failed
segments and successful demonstrations [15]–[17]. Related
to this goal, offline reinforcement learning also learns
from fixed datasets without additional environment interac-
tion [34]–[36], but many representative methods are primar-
ily evaluated in state-based settings, while recent visuomotor
extensions often involve human-in-the-loop correction during
training [13]. Similarity-based reuse can be misleading: near-
success segments may have high similarity to successful
demonstrations, yet still encode critical failure modes that
the final policy should avoid. Our method addresses this lim-
itation with an attraction–repulsion flow-matching objective,
which attracts the policy toward successful behaviors while
explicitly repels it from near-success-but-still-failed behav-
iors, enabling a simple imitation-learning pipeline to benefit

from imperfect visuomotor data without online interaction or
human intervention during training.

III. METHODOLOGY

The overall framework of CARF is illustrated in Fig. 2.
To realize the above objective, we first construct progress
supervision from successful trajectories in Section III-A.
We then train a progress prediction scorer to estimate the
contribution of action segments in Section III-B. Finally,
the resulting importance scores obtained from unseen fail-
ure trajectories guide the attraction-repulsion flow-matching
objective in Section III-C.

A. Progress Score Generation for Success Trajectories

To estimate the importance of each action step to final suc-
cess, we assign a progress score to each step for most tasks.
We then derive the importance score of a transition from
the temporal difference between two consecutive progress
scores, reflecting how much the action advances the task
toward success based on current observation. Considering a
complex long-horizon task execution, the importance score
increases over time within each subtask, as later stages are
closer to the subtask outcome, allow fewer feasible corrective
actions, and tolerate smaller execution errors.

Building upon this, progress scores for each demonstration
trajectory are automatically labeled. Specifically, we first
divide long-horizon tasks into multiple subtasks based on
change in the gripper state, which typically indicates a mean-
ingful transition in manipulation progress. Let a successful
trajectory be segmented into K subtasks. We assign the k-th
subtask a normalized progress interval

I ∗ k = [b ∗ k − 1, bk], bk =
k

K
, k = 1, . . . ,K. (1)

Within each subtask, all steps preceding the last t0 steps are
assigned the lower bound bk−1 of the corresponding progress
interval. For the last t0 steps, let rt ∈ [0, 1] denote the
normalized temporal position within this transition region.
Their progress labels are defined as

pt = bk−1 + (bk − bk−1)ϕexp(rt), (2)

where
ϕexp(rt) =

exp(βrt)− 1

exp(β)− 1
, β > 0, (3)

and ϕexp : [0, 1] → [0, 1] is a monotonically increasing
exponential mapping satisfying ϕexp(0) = 0 and ϕexp(1) =
1. Thus, the progress label remains constant at bk−1 for
the early portion of each subtask and increases smoothly
from bk−1 to bk during its last t0 steps. This formulation
guarantees monotonically increasing progress within each
subtask, while the interval width 1/K maintains a consistent
global progress range across tasks. As a result, it guarantees
importance scores to be also monotonous over time due
to exponential labeling. The middle plot (‘Labeled scores’)
in Figure 2 (a) illustrates progress scores for a complete
trajectory at each action step, where the red dashed lines
indicate the boundaries between subtasks.



a) Progress Score Generation

b) Importance Score

c) Flow matching training

train

infer

Subtask

segmentation

progress score Augmented Data

State

Random

…

Success Episodes

Progress

Prediction

ScorerObservation

Action sequence

Progress score 

sequence

- +
delta

Sequence

Importance

Score

Mixed Dataset

SuccessFailure

Progress

Prediction

Scorer Policy

Training

+

MSELoss 𝑳𝒔𝒖𝒄

AttractLoss 𝑳𝒔𝒖𝒄|𝒇𝒂𝒊𝒍

RepulseLoss 𝑳𝒇𝒂𝒊𝒍|𝒇𝒂𝒊𝒍

delta

Sequence Importance Score

Fig. 2: Overview framework of CARF. After automatically labeling success dataset based on subtask segmentation, CARF
trains a progress prediction scorer that provides importance score for observation-action chunking sequence, which is used
for attraction-repulsion flow matching training.

To expand the data distribution and prevent overfitting, we
generate augmented trajectories by randomly selecting sev-
eral action steps and perturbing gripper states at those time
steps in successful demonstrations (referred to as ‘random
state’ in Figure 2 (a)). Such perturbations typically cause
the trajectory to fail at that point, and the progress score
drops back to zero afterwards. Since the perturbation time
steps are sampled randomly, a single successful trajectory
can produce multiple failure variants, each with a different
score profile. As a result, the training data of our scorer is
mixed with action executions of real successes and synthetic
failures, improving scorer’s generalizability.

B. Importance Score Generation

After preparing the dataset, as illustrated in Figure 2(b), we
train a progress prediction scorer to estimate the task progress
associated with each action step in failed execution segments
conditioned on the current observation. Specifically, given
an observation and the corresponding H-step action at each
timestep, the scorer predicts H step-wise progress scores
(one for each action), and is supervised using the progress
annotations introduced in Section III-A.

Since flow matching policy operates over a multi-step
action chunk, importance score of this action chunk is com-
puted by the numerical difference of progress scores between
the last and first timestep of this chunk. Specifically, we

define the importance score of a chunk spanning timesteps t
to t+H − 1 as

g(xt:t+H−1) = p̂t+H−1 − p̂t. (4)

Equivalently,

g(xt:t+H−1) =

t+H−2∑︂
i=t

(p̂i+1 − p̂i) , (5)

showing that the chunk-level score measures the accumulated
progress over the corresponding action sequence rather than
its absolute progress value. This design is grounded on the
monotonic increase of progress scores in the data labeling
process (Section III-A) in each successful task executions, so
that the failure-critical action chunks can be clearly indicated
with non-positive delta values.

The progress prediction scorer is first trained indepen-
dently on the labeled successful trajectories and their aug-
mented variants. After training, its parameters are frozen
and the scorer is only used to provide importance scores
for policy training. The scorer is not required during policy
inference.

C. Attraction-Repulsion Contrastive Flow Matching Train-
ing

We train flow matching policy on mixture of successful
and real failed demonstrations instead of the augmented ones.



During training, each failure trajectory is evaluated by the
frozen scorer (Section III-B) that produces an importance
score for each action chunk, as exemplified in the lower-
left plot of Figure 2(c). High values indicate useful action
segments in failed task executions that the policy should learn
(attraction), while low scores reflect undesirable behaviors
that should be suppressed (repulsion).

We incorporate these scores into policy training through
adaptive losses to guide the training of our flow matching
policy with both successful and failed demonstrations in
a balanced way as shown in Figure 2(c). Specifically, we
first form a mixed dataset with both success and failure
data, where the failure data used here are not the artificially
generated failures from Section III-A, but come directly from
the existing dataset. During training, the loss contributions of
each failure trajectory segmentation are adaptively leveraged
by the sequence importance score from the frozen progress
prediction scorer. In this way, the policy is encouraged
to focus on informative failure segments (Progressive Seg-
ments) while suppressing misleading ones (Failure-Critical
Segments).

Based on the standard interpolation process of flow match-
ing with target velocity

v∗(xt, t) =
dxt

dt
= x1 − x0, (6)

we modify the flow matching objective conditioned on the
scorer prediction, denoted as g(x). With a predefined thresh-
old, we first partition the failure data xfail into following
categories:

xsuc|fail = {x ∈ xfail | g(x) ≥ τ1} ,
xfail|fail = {x ∈ xfail | g(x) ≤ τ2} .

xind = {x ∈ xfail | τ2 < g(x) < τ1} .
(7)

Among them, two subsets correspond to distinct and
informative categories within the failure dataset: Progressive
Segments xsuc|fail, which contain high-quality behavioral
segments despite originating from failed trajectories, and
Failure-Critical Segments xfail|fail, which represent genuinely
incorrect behaviors that policy should avoid. Both of them
provide supervision signals in the flow matching training,
while Indeterminate Segments xind are discarded. Based
on this partition, the attraction-repulsion objective at each
training iteration is formulated as:

Lsuc(θ) = E(x,t)∼xsuc

[︂
∥v∗(xt, t)− vθ(xt, t)∥2

]︂
, (8)

Lsuc|fail(θ) = E(x,t)∼xsuc|fail

[︂
∥v∗(xt, t)− vθ(xt, t)∥2

]︂
, (9)

Lfail|fail(θ) = E(x,t)∼xfail|fail

[︂
∥v∗(xt, t)− vθ(xt, t)∥2

]︂
, (10)

L(θ) = Lsuc(θ) + λ1Lsuc|fail(θ)

+ λ2 ReLU
(︂
stopgrad

(︁
Lsuc|fail(θ)

)︁
− Lfail|fail(θ)

)︂
.

(11)

where λ1 and λ2 are the hyperparameters to control the
strengths of attraction and repulsion respectively.

It is worth noting that directly introducing a negative loss
term, e.g., −Lfail|fail, may lead to unstable optimization,
since the objective can be reduced by indefinitely increasing
the prediction error on failure-critical samples. To avoid such
unbounded repulsion, we instead use the positive Lsuc|fail as
a dynamic reference and constrain the repulsion through a
ReLU margin. Specifically, let

c = stopgrad
(︁
Lsuc|fail

)︁
, (12)

and denote the repulsion term as

R(θ) = ReLU
(︁
c− Lfail|fail(θ)

)︁
. (13)

Since both the flow-matching losses and R(θ) are non-
negative, the overall training objective remains lower
bounded. Moreover, except at the ReLU boundary, gradient
in policy training process is

∇θR(θ) =

{︄
−∇θLfail|fail(θ), Lfail|fail < c,

0, Lfail|fail ≥ c.
(14)

Therefore, when the failure loss is smaller than the posi-
tive reference, minimizing R explicitly increases the flow-
matching error on Failure-Critical Segments, producing the
desired repulsive gradient. Once the failure loss exceeds
the reference, the repulsive gradient vanishes. Meanwhile,
Lsuc|fail typically decreases as training progresses, yielding
an increasingly conservative repulsion margin. In this way,
CARF pushes the policy away from failure-critical behaviors
only when necessary, while avoiding unbounded separation
and maintaining stable optimization.

IV. EXPERIMENTS

A. Experimental Setup

Manipulation Tasks. As shown in Figure 3, we conduct
experiments on three different tasks from RLBench [37]
simulation and two tasks in the real world. In simulation,
failure data are collected by perturbing successful trajectories
at annotated keypoints, following [38]. In real world, failure
data come from natural failures of human operators during
teleoperation, which means we record both success and
failure data in the data collection process.

Patterns of failure data in simulation and real world are in-
tentionally different. Generated failed trajectories in simula-
tion are allowed to continue after the failure, producing long
failure sequences that may contain both misleading post-
failure actions and partially useful motions. In contrast, real-
world teleoperation failures terminate once the operator iden-
tifies an unrecoverable mistake. These two settings represent
complementary types of imperfect robotic data: deployment
failures with post-failure continuation, and human-collected
failures with early termination. This is designed to show that
CARF can improve performance in both settings, suggesting
that the proposed attraction-repulsion mechanism is not tied
to a specific failure collection protocol.

Besides, these tasks cover diverse manipulation modes
for evaluating our method. Pick and Lift requires moving
the target red block to a marked position (red sphere). Put
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Fig. 3: Environment visualization of tasks in simulation and real world.

TABLE I: Capability requirements of designed robotics
tasks.

Tasks Basic Interaction Visual Object Detection Precise Manipulation Long Horizon

pick and Lift ✓ ✓ ✗ ✗

put groceries in cupboard ✓ ✓ ✓ ✗

put item in drawer ✓ ✗ ✓ ✓

mug hanging tree ✓ ✗ ✓ ✗

cooking sequence ✓ ✗ ✗ ✓

Groceries in Cupboard requires placing a cereal box from a
cluttered tabletop into a cupboard shelf. Put Item in Drawer
involves opening a drawer and placing an object inside. Mug
Hanging Tree requires hanging a mug by its handle on a pole.
Cooking Sequence evaluates long-horizon execution through
an ordered sequence of opening the pot, placing corn inside,
and putting broccoli on the plate. As shown in Table I, these
tasks span different levels of dexterity and task complexity.

Baselines. We compared our method with three different
baselines:

• Success-only IL [25]: We perform imitation learning
using flow matching policy. With exactly the same
network as our method, we only use success data to
train and guide policy using normal MSE loss.

• All-data IL [25]: With everything else same as Success-
only IL, we instead use both success and failure data to
train imitation learning policy.

• CGFM [33]: We enhance flow matching policy
with classifier guidance. Specifically, a binary (suc-
cess/failure) classifier is trained based on trajectory-
level labels in the mixed dataset. Then, it is used to
guide flow matching policy during inference to lead
policy to go to targeted area.

Each policy is evaluated for 100 independent rollouts per task
for simulation, and 20 independent rollouts per task for real
world. All methods use the same initial-condition distribution
and success criterion.

Implementation Details. For dataset preparation, we set
β = 1 and t0 = 30 for all tasks. The progress prediction
scorer is implemented as a three-layer MLP. Given the one-
step observation feature and the corresponding sixteen-step
action chunk, the scorer predicts sixteen scalar progress
scores (one for each action) and is optimized using mean
squared error (MSE) against the automatically generated
progress labels. We train the scorer independently for 10

epochs using AdamW with a learning rate of 3e-4 and a batch
size of 64. Once trained, its parameters are frozen and the
scorer is used only to assign importance scores during policy
training and not required during policy inference. For CARF
policy learning, all methods use the same flow-matching
architecture and training configuration for fair comparison.
Policies are also optimized using AdamW with a learning
rate of 1e-5, a batch size of 64, and 50 training epoches.

For CARF parameters, we set λ1 = 0.05 and λ2 =
0.01 for the attraction and repulsion objectives. These two
hyperparameters are shared across all tasks and are not
tuned separately for individual environments or manipulation
tasks. The thresholds τ1 and τ2 are determined according to
the scale of the progress scores induced by the number of
subtasks. Since the overall progress-score range is divided
across subtasks, tasks with more subtasks have smaller
per-subtask score increments and consequently use smaller
threshold values. Therefore, τ1 and τ2 are adjusted according
to the number of subtasks rather than independently tuned
based on policy performance.

B. Experimental Results

Table II shows the main results of our methods compared
to the aforementioned baselines. Simply incorporating all
failed trajectories into imitation learning consistently de-
grades performance compared with training on successful
demonstrations only. This result indicates that increasing
the amount of training data does not necessarily benefit
policy learning when the additional demonstrations contain
heterogeneous and conflicting behaviors. In particular, failed
trajectories should not be uniformly treated as additional
expert demonstrations, motivating a more selective use of
their informative segments. This also supports our treatment
of Indeterminate Segments: behaviors with ambiguous con-
tribution to task progress may introduce unreliable supervi-
sion if they are directly included in policy optimization. It
is interesting to find out that CGFM actually reaches worse
result than pure imitation learning. This reflects that classifier
guidance is not suitable for this task which requires specific
and precise distinguishment between different categories,
especially with small dataset. In this case, the boundary
between different categories is hard to recognize, which leads
to wrong gradient during policy inference.



TABLE II: Quantitative result comparison between CARF and other baselines.

Dataset & Methods
Simulation Real World

pick and lift put groceries
in cupboard

put item
in drawer

mug hanging
tree cooking sequence

Success data 200 200 200 100 50
Failure data 56 110 68 26 29

Success-only IL [25] 0.38 0.23 0.62 0.50 0.55
All-data IL [25] 0.32 (-15.8%) 0.20 (-13.0%) 0.53 (-14.5%) 0.35 (-30.0%) 0.45 (-18.2%)

CGFM [33] 0.24 (-36.8%) 0.14 (-39.1%) 0.47 (-24.2%) 0.45 (-10.0%) 0.40 (-27.3%)
Ours 0.48 (+26.3%) 0.28 (+21.7%) 0.69 (+11.3%) 0.85 (+70.0%) 0.70 (+27.3%)

rTABLE III: Ablation study on attraction-repulsion items.
Task pick and lift put grocery in cupboard mug hanging tree

Success-only IL 0.38 0.23 0.50
IL w/ only positive terms 0.39 0.21 0.70
IL w/ only negative terms 0.43 0.26 0.60

CARF (ours) 0.48 0.28 0.85

On the other hand, instead of directly fitting the limited
training distribution or relying on unstable classifier gradi-
ents, our method explicitly exploits the usefulness of failed
trajectories and selectively incorporates informative samples
into policy learning. Therefore, it can improve data efficiency
while reducing the risk of introducing misleading supervision
from low-quality trajectories. More importantly, our results
show that meaningful improvement can still be achieved by
leveraging only a limited amount of imperfect data, instead
of relying on large-scale demonstrations to learn an explicit
boundary between correct and incorrect behaviors.

Table III presents ablation results to see the actual effect
on attraction and repulsion design. From the table, we can
see that for most of the time, attraction and repulsion will
solely take relatively smaller effect on the result, but combine
them together will improve the final results most for both
failure setups. It demonstrate that attraction and repulsion
play complementary roles: attraction extracts useful behavior
from imperfect trajectories, while repulsion prevents the
policy from imitating failure-critical actions. Their combi-
nation therefore enables more effective utilization of failed
demonstrations than either component alone.

C. Scorer performance on failure trajectories

To investigate whether our scorer can identify different
trajectory types, we visualize the sequence-level importance
scores derived from the scorer predictions within a failed tra-
jectory, as shown in Figure 4. We observe that the importance
scores soar upon the completion of a subtask, while they
drop below zero when obvious errors occur or the trajectory
starts deviating. This phenomenon is fully consistent with our
expectation. Notably, in some segments, although the action
is incorrect when considered as a whole trajectory, it may
still contain partially correct information. This can lead to
a neutralized importance score close to zero, similar to the
value observed when the agent is not close enough but still
approaching to the target object. This explains why we only

use the high-value and low-value regions for training. Such
cases are inevitable in simulation tasks: even if a previous
subtask fails, the policy continues to execute subsequent sub-
tasks. In contrast, this situation does not happen in real-world
tasks, where execution ends immediately when a failure is
detected. This may also explain why our real-world results
are slightly better since these misleading actions, mixed
with correct motion patterns but actually caused by earlier
failures, do not appear in real-world executions. This finding
is consistent with this interpretation: early-terminated failures
contain fewer misleading post-failure actions, making the
separation between useful and harmful segments cleaner for
the scorer.

D. Visualization about failure improvement

In this section, we compare the performance differences
between our method and the Success-only IL baseline, as
shown in Figure 5. The results show that our method
addresses several key weaknesses of imitation learning. 1)
Accuracy. Success-only IL can be confused by the scene
and fail to perform precise motions, while our method
correctly identifies, lifts and places the object into right
place. 2) Smoothness. Success-only IL often trembles during
inference, preventing precise grasp execution. In contrast,
our method produces smoother trajectories and completes
the task successfully. 3) Speed. Due to repeated grasping
attempts, Success-only IL may fail to finish the task within
a reasonable number of steps, while our method directly
reaches and fetches the object. 4) Stability. In continuous-
contact tasks, Success-only IL can produce unstable motions
that cause the target object to slip, whereas our method
maintains stable contact until reaching the final destination.

Overall, these observations show that our method improves
both effectiveness and execution quality. Compared with
Success-only IL, our method is better at resolving ambiguous
observations, generating smooth and stable motions, and
completing tasks within fewer interaction steps. This indi-
cates that scorer-guided learning can provide more robust
demonstrations for complex manipulation, leading to policies
that are better aligned with real execution requirements.

V. CONCLUSION AND LIMITATION

Overall, CARF provides a practical way to use imper-
fect robotic data by separating Progressive Segments and
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Failure-Critical Segments in failed trajectories. Rather than
relying on value bootstrapping or selectively reusing only
progressive segments from failed trajectories, CARF intro-
duces a progress-based scorer and a bounded attraction–
repulsion objective to shape flow-matching policy learning.
Across simulated and real-world manipulation tasks, CARF
improves over imitation learning baselines, suggesting that
segment-level failure guidance can improve data efficiency
and execution robustness.

CARF still has several limitations. First, the current scorer
uses gripper-state transitions for subtask segmentation, which
works well for grasp-centric tasks but may be less suitable for
continuous-contact manipulation. Future work can explore
more general segmentation cues based on contact, force,
or visual progress. Second, CARF adopts a conservative
strategy that only utilizes high-confidence Progressive and
Failure-Critical Segments, while discarding Indeterminate
Segments with ambiguous supervision. Although this reduces



the risk of introducing misleading training signals, poten-
tially useful information contained in these intermediate seg-
ments remains underutilized. Future work could incorporate
uncertainty-aware or soft weighting mechanisms to make
more complete use of imperfect demonstrations. Finally,
the current threshold selection still depends on the task-
specific scale of the progress representation, which requires
lightweight calibration according to the subtask structure.
Although the attraction and repulsion weights are shared
across all tasks, developing an adaptive or task-agnostic
thresholding strategy could further reduce manual design.
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