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Abstract— Imitation Learning offers a promising approach
to learn directly from data without requiring explicit models,
simulations, or detailed task definitions. During inference,
actions are sampled from the learned distribution and exe-
cuted on the robot. However, sampled actions may fail for
various reasons, and simply repeating the sampling step until
a successful action is obtained can be inefficient. In this work,
we propose an enhanced sampling strategy that refines the
sampling distribution to avoid previously unsuccessful actions.
We demonstrate that by solely utilizing data from successful
demonstrations, our method can infer recovery actions without
the need for additional exploratory behavior or a high-level con-
troller. Furthermore, we leverage the concept of diffusion model
decomposition to break down the primary problem—which
may require long-horizon history to manage failures—into
multiple smaller, more manageable sub-problems in learning,
data collection, and inference, thereby enabling the system to
adapt to variable failure counts. QOur approach yields a low-
level controller that dynamically adjusts its sampling space to
improve efficiency when prior samples fall short. We validate
our method across several tasks, including door opening with
unknown directions, object manipulation, and button-searching
scenarios, demonstrating that our approach outperforms tra-
ditional baselines. Supplementary materials for this paper are
available on our website: https://hri-eu.github.io/ccdp/.

I. INTRODUCTION

Recent advances in imitation learning—exemplified by
methods such as Implicit Behavior Cloning [1] and
diffusion/flow-matching policies [2], [3]—have demonstrated
remarkable capabilities in learning and replicating complex
data distributions from demonstrations. These approaches
effectively capture the underlying distribution of expert be-
haviors, enabling robots to generate actions by sampling
from this learned distribution at inference time. Despite their
success, a fundamental challenge remains: What should the
robot do when a sampled action fails? Just as humans often
encounter small failures (like fumbling for a bedside lamp
switch in the dark or pushing a door in the wrong direction),
robots operating in partially constrained environments may
also face situations where certain actions become infeasible
or ineffective. In scenarios where the robot only has access
to the successful expert demonstrations (which is usually the
case), the robot must be designed to not simply repeat failed
attempts but instead to actively explore alternative actions
seen in the demonstrations, including infrequent ones.
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Fig. 1. A diverse demonstration set, featuring multiple task variations,
is provided to the robot. In the event of a failure, the robot switches to
alternative variations rather than repeatedly sampling the same actions.

Existing approaches to failure recovery often assume ac-
cess to supplementary resources—such as simulated envi-
ronments [4], advanced reasoning or foundational models
[5], and expert guidance [6]—which may not be readily
available in practical settings. A considerable body of re-
search has tackled this problem using a two-level planning
approach, where a high-level planner, such as foundational
models for reasoning [5], [7], [8] or two-level policies
trained through reinforcement learning (RL) or behavior
cloning (BC) [4], [9], selects action primitives and task
parameters based on past experiences. While promising, this
approach has notable drawbacks. First, multi-layer planners
can lead to suboptimal results due to the added complexity
and separation between planning levels. Second, when the
number of options increases, the system can suffer from
combinatorial explosion, making decision-making inefficient
and computationally expensive. For these reasons, we adopt
an alternative approach to handling failure recovery directly
within the low-level controller, which is the primary focus of
this paper. Moreover, in some failure cases, like the bedside
lamp example, there is often little room for reasoning. If
previous attempts to locate the switch fail, the only useful
information gained is that the switch is not in the already-
checked positions. Inspired by this observation, this paper
investigates how such failure-driven behavior guidance can
be implemented directly in robot policies.

On the low-level controller side, two main approaches are
generally considered. The first is to learn a policy that is
robust to failures, similar to methods in robust reinforcement
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learning [10], [11], [12] or model predictive control (MPC)
[13]. While this approach can handle some types of failures,
like those caused by environmental parameter shifts (e.g.,
changes in friction), it struggles with a wider range of
failures where a single robust policy may not exist. In the
button-seeking example, no single action reliably locates the
switches, which may be positioned arbitrarily within the
search area. Moreover, robust policy methods often require
prior task knowledge, such as access to a model or simulator
for training, which can be a significant limitation.

Due to these challenges, we focus on the second approach:
training a policy that considers a history of observations
and actions, updating its decisions based on past outcomes
[14], [15]. However, this approach also comes with its own
difficulties. First, for the policy to learn failure recovery,
the system must either encounter failures during demon-
strations—making data collection more complex—or explore
possible failure scenarios autonomously, which requires ei-
ther modeling the task environment or extensive, potentially
dangerous real-robot training. In this work, we propose a
simpler assumption that notably improves system success
rates without these heavy requirements. Specifically, we
assume that although the executed action failed, a viable
recovery action exists in the demonstration set. To leverage
this assumption, we perform an offline analysis of the
demonstration set to identify a collection of actions that
are not similar to each other and train a model that guides
the controller to sample an action that is sufficiently far
from the failed one. Although straightforward, this approach
substantially enhances performance.

The second challenge involves capturing failure events
over extended histories. Effective failure recovery requires
observing multiple successive failures, which necessitates
maintaining a long memory of past actions and observations.
We address this challenge by leveraging the concept of ”com-
position of different models” [16], also known as the product
of experts [17]. In our approach, we independently learn
recovery strategies for individual failure events. During in-
ference, these recovery distributions are combined to form a
new distribution that effectively compensates for all observed
failures. It is important to note that this method assumes
the underlying cause of failure remains static over time,
making it particularly effective for failures with unchanging
roots. Ultimately, the proposed method enables efficient and
adaptive guidance of the robot’s action distribution.

In this paper, we introduce the Composition of Conditional
Diffusion Policies (CCDP), which builds on a standard
diffusion policy framework [2] but conditions the policy on
key failure cases identified by a failure detection system.
We assume that the robot is provided with examples of
successfully performing a task, but during execution, some
actions may fail. When this happens, CCDP guides the robot
to select another action that is reasonably far from the previ-
ously failed attempts. Unlike traditional conditional models
that attract the policy toward desirable behaviors, CCDP
uses failure cases as negative guidance, steering the policy
away from regions associated with unsuccessful outcomes.

This formulation is analogous to the distinction between
goal-reaching and obstacle avoidance—the latter often being
more challenging in robotic applications. To manage the
complexity of failure recovery, such as handling long action
histories, we further decompose the task using a composition
of diffusion models, effectively breaking the overall task
into multiple, more manageable sub-problems. Our approach
eliminates the need to classify data into multiple categories,
reducing the burden of data labeling and enabling the system
to capture additional variations during task reproduction.

In summary, our contributions in this paper are threefold:

e We propose a decomposed diffusion policy that en-
hances the modularity and controllability of the method
introduced in [2], and we analyze the impact of these
modules.

o We introduce a recovery strategy that integrates with
the base module, enabling the system to recover from
unsuccessful attempts without requiring data labeling or
environment modeling.

o We validate the proposed method through comprehen-
sive comparisons with state-of-the-art baselines.

II. RELATED WORKS

Imitation Learning: Imitation learning is a powerful
technique for teaching robots to perform tasks by directly
imitating expert behavior [18]. This approach offers several
advantages, such as eliminating the need for explicit system
modeling, cost function design, and extensive manual coding.
Moreover, this method has been successfully integrated with
reinforcement learning [19] and optimal control techniques
[20], enhancing their performance in complex tasks. In our
work, we focus exclusively on leveraging expert demonstra-
tions, assuming no access to an explicit cost function or
physical model (even simulation environment) during the
training phase. Experts provide a distribution of possible
solutions for a given task, which motivates using generative
models to capture this distribution and sample actions during
execution. Early approaches, such as Probabilistic Movement
Primitives (ProMP) [21] and Task-Parameterized Gaussian
Mixture Models (TP-GMM) [22], laid the groundwork for
this framework. More recent methods, including Implicit Be-
havior Cloning [1], diffusion policies [2], and flow-matching
policies [3], have further advanced the field by modeling
demonstration distributions more effectively. Despite these
advances, it is not guaranteed that a single sampled action
will succeed. A common strategy to address this issue is
to repeatedly sample from the same distribution until a
successful action is obtained. However, this approach can
be inefficient as it does not account for the fact that certain
regions of the action space have already been identified as
unsuccessful. In contrast, our work seeks to explicitly guide
the system away from regions associated with failure, thereby
improving both efficiency and overall success rates.

Guided Policy Inference: Several approaches have been
proposed to guide the inference process. One class of meth-
ods conditions policy parameters on system characteristics,
updating these parameters through the robot’s interactions



with the environment [23], [24]. These techniques leverage
system identification or adaptive control strategies to adjust
the sampling process. However, because they depend on
an underlying model, they may not be directly applicable
in imitation learning scenarios where such models are un-
available. An alternative strategy involves using high-level
decision variables controlled by an external module, such
as foundational models [7], [25] or controllers trained via
hierarchical reinforcement learning (HRL) [4] or hierarchical
behavior cloning (HBC) [9]. Although effective in some con-
texts, this approach can lead to an explosion in the number
of decision variables for the high-level planner—a problem
commonly referred to as combinatorial explosion—which
makes decision-making computationally expensive. A further
approach is to employ rejection sampling, a Monte Carlo
method where failed samples are discarded and new ones
are generated. In our work, rather than rejecting individual
samples, we reject entire sampling regions associated with
failure. This modification reduces the likelihood of repeat-
edly sampling from unproductive areas. We achieve this
goal through the composition of multiple diffusion models,
enabling efficient and adaptive exploration of the action
space without relying on a high-level decision maker.

Composition of Multiple Models: The concept of Prod-
ucts of Experts (PoE), introduced by Hinton [17], suggests
that instead of learning a single complex distribution over
many variables, one can decompose the problem into several
simpler subproblems (i.e., “experts”), each focusing on a
specific objective and/or variables. This framework has been
successfully applied in robotics, for example, to fuse sensory
information [26], combine multiple coordinate systems in
imitation learning [22], and integrate optimality with fea-
sibility in model predictive control [27]. The emergence
of energy-based models [28] and later denoising models,
such as those in [29], [30], has further popularized the
use of PoE, often referred to in these contexts as the
composition of models. These approaches are particularly
adept at handling high-dimensional problems with complex
distributions. Recent works [31], [32] have demonstrated
how combining multiple constraint models via a products-
of-experts approach can effectively address challenging task
and motion planning problems. In this work, we extend this
idea to the low-level controller, guiding the inference by
composing multiple diffusion models to avoid the regions
associated with failure.

III. PRELEMINARIES
A. Diffusion Policy

Let a; € R% denote the action at time ¢, x; € R% the
state, and hf¥ = [a] ;. ;,x] 5., ,]7 the history of the
previous H actions and states. Diffusion Policy has been
proposed in [2] to model the multimodal action distribu-
tion in robot imitation learning using Denoising Diffusion
Probabilistic Models (DDPMs) [29] and Denoising Diffusion
Implicit Models (DDIMs) [33]. Diffusion Policy regresses
a noise prediction function ey(h a; + ¥ k) = €* with
a network ey parameterized by 6. During training, the

current history and actions (h/? a;) are sampled from the
demonstrated dataset. Random noise ¥, conditioned on a
randomly sampled denoising step k, is added to a;. Thus,

the loss can be described as
L= |leg(b a, + " k) — ekHQ

During inference, given the history h#?, Diffusion Policy
executes a sequence of K denoising steps starting from
random samples actions af ~ A(0,1) to generate target

robot actions a?. This inverse process can be defined as
k—1 k H
a" ! =a(af —veo(hf, a) . k) +¢),

where «,~ are the parameters of the noise schedule, € ~
N(0,0%I). The action a can be sampled from the demon-
stration data or expert policy 7 : h” — a;.

IV. METHODOLOGY
A. Problem Definition

Given a dataset of M successful demonstrations D =
{(as, x¢, h1);}M | our objective is to learn a diffusion pol-
icy that models the conditional distribution p?(a; | x;, h?)
so that an action is generated as a; ~ p2(a; | x;, h!?) using
the DDPM approach described in Sec. (we omit the
zero superscript for clarity).

However, this formulation requires a very long history
(H > 0) to capture all previous failures. To address this
limitation, we extend the formulation by conditioning on a
set of failure features as

a; ~ pr(ay | x¢, i, 2] ), (1)

where z/ = z(al,x/) extracts key features from the i-th

failure’s action aj and state xzf , and N denotes the total
number of previous failures. These features may include a
learned latent-space representation, key measurements such
as forces, or discrete mode indicators. For the purpose of
this work, we assume that the function z(-) is known, and
we discuss different possibilities in Sec.

With this formulation, a long history is not required since
key features effectively summarize past information. When
failures occur, the system extracts these features and condi-
tions future policies on them. However, the resulting input
can be high-dimensional, depending on the dimensions of the
actions, states, key feature space, and the variable number
of failures (which may range, for example, from 2 to 10).
This high dimensionality complicates both model learning
and data collection, as it must account for all possible failure
combinations.

B. Composition of Diffusion Policies

To mitigate these challenges and introduce modularity,
inspired by [16], we propose decomposing into several
simpler sub-problems. Hence, (I) can be rewritten as

pa(ay | xi, i’ 2] )

)ps(at | Xt ph at | hH

p.(at | z
2
pa(at) H ( )

Pa(ay
i=1 pa at



Using the diffusion model framework, we initialize with
a noisy sample and iteratively denoise through the reverse
diffusion process

paf™" [af) = N (a(af —vé@f.h).0fT). @3

According to (Z), we decompose the denoising term
é(al, k) as follows:

é(af, k) =eq(ag, k) + ws (ss(at,xt, k) — eq(ay, k))

+ wp (€h(at7 hi k) —eq(ay, k))
N
3wt (et ) el ). @
i=1

Here, w,, wy, and w; are positive coefficients associated
with the state, history, and failure key features, respectively.
Note that these coefficients are not necessarily bounded by 1,
nor do they sum to 1 (see [16] for details). In the special case
where w, = 0 and w; = 0 for all ¢ while w;, = 1 (with x;
incorporated into h{?), the formulation reduces exactly to the
standard diffusion policy. This modular decomposition offers
additional flexibility, enabling the system to accommodate a
variable number of failure cases. Consequently, regardless
of the number of failures, we need to learn only one
model—namely, p(a; | z/)—to capture the failure behavior,
thereby making the learning process more tractable.

In the following, we discuss the effects of the different
terms in and how to control their corresponding weights
in our scenarios.

e &,(at, k): This term encourages sampling actions that
are similar to those observed in the demonstrations.
It does not incorporate information from the current
state, history, or previous failures; rather, it guides the
sampling process toward the demonstrated actions.

o wsles(ar,xe, k) — sa(at,k)): This component steers
the actions toward those that match the current state
of the robot and its environment. It is analogous to
a diffusion policy with zero history. We separate this
term from the history component to avoid bias from
past failures—especially if a previous action caused a
failure—while still promoting meaningful actions con-
sidering the current state of the robot. Although relying
solely on the current state may lead to less smooth
behavior, combining it with the history term allows us
to balance responsiveness and smoothness.

o« wp (Eh(at,hfl,k) - ea(at,k)): This term promotes
temporal continuity by encouraging the system to follow
the action history. In scenarios where a failure occurs,
reducing wy, prevents the system from rigidly adhering
to a detrimental history; conversely, in failure-free sit-
uations, maintaining wy, at a level comparable to w;
ensyures smooth motion.

o w! (sz(at,z{,k) - f—:,l(at,k)): This term allows the
system to consider distinct failure cases and, based on
the extracted failure features, steer away from regions

that led to failures. Unlike the other terms that guide the
system toward a desired area, this term acts repulsively.
By handling each failure separately, we avoid the need
to learn a model for every possible combination or
ordering of failures, thus reducing the data collection
burden. For details on learning this model, please refer
to Sec.

C. Recovery Model

Since we assume that the provided dataset does not include
failure cases, we need to synthesize another dataset to train
failure recovery. In this regard, we synthesize an auxiliary
dataset R using distributions p(a;), and p(a; | x;).

We first relax the recovery definition slightly by consid-
ering all actions dissimilar to the failed one as potential
recoveries. If we further assume that the cause of failure
is static (i.e., repeating the same action in the same state
will fail again, as the door hinge location or button location
remains unchanged by external factors), then we define the
set of recovery actions as

lz(a,x) — z(al,x7)||? > 4.,

5
x —x7|? < d,, )

acR(z) if {
where af is the action that led to failure, x7 is the state where
the failure occurred, . is a threshold defining sufficient
dissimilarity in the key feature space, and d, is a threshold
defining similarity in the state space. Intuitively, if the state
of the system has not changed significantly, we expect the
same action to result in failure again; therefore, recovery
actions must differ substantially in the failure feature space.

Now we can construct the recovery dataset by traversing
the available data and accepting every pair that satisfies
(3). However, doing so directly on the main dataset can
be problematic because the dataset is limited and actions
are collected in various states, resulting in a sparse recovery
dataset. To address this issue, we perform data synthesis: we
randomly select states observed in the demonstrations and,
for each state, sample multiple actions such that

Dy(xs) ={(a,xs) | a NpD(a | x), x € x5 + &,
€, ~N(0,0°T)}. (6)

Here, &, denotes random noise added to the state. The
corresponding noise estimator is defined as

g(a,x, k) = e.(a, k) + ws (ES(a, x, k) — e4(a, k)), @)

where the key difference between (7) and @) is the exclusion
of history in (7). This omission is crucial for two reasons:
(1) including history could bias the system toward past
actions, thereby reducing the diversity of recovery solutions
(see Fig. @) and (2) it would lead to a higher-dimensional
problem. Additionally, setting ws < 1 encourages the system
to explore a broader range of actions by allowing sampling
from the entire action space—even those actions that may not
be perfectly suited to the current state—while still guiding
the samples toward the current state. We found that this
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Fig. 2. An illustrative example displays samples generated from multiple distributions learned from the same demonstration sets. The yellow circle marks
the current system state (which later appears more transparent as it becomes part of the history), light blue markers indicate potential samples, dark blue
markers denote the generated samples, and the red marker highlights the failed sample.

diversity is beneficial for learning robust avoidance behavior.
During inference, when using (@), an appropriate value of w,
is chosen to ensure that the primary actions applied to the
robot remain suitable for the current state.

After synthesizing the dataset D4(x) for states sampled
from demonstrations, we extract the pairs that satisfy (3).
With this recovery dataset in hand, we then apply the DDPM
method to learn the corresponding distribution.

1) Failure Key Features: The function z(-) captures the
key features of failed actions. While learning these features
autonomously via latent-space methods would be highly
beneficial, we leave this for future work. Instead, we discuss
three intuitive and practical choices for z(-):

1) Directly using the failed actions: z(a/,x/) = a’.
In this approach, the robot directly avoids the failed
action, which is particularly useful when the state of
the system remains largely unchanged after a failure.

2) Using the final state: z(a/,x/) = x/., where x/. is
the state reached if af were executed at x/; this can
be readily extracted from demonstrations.

3) Action primitive: z(a’,x’) = m, where m is a
discrete label indicating the action primitive applied to
the system. In this case, the data must be appropriately
labeled, or skill discovery methods such as [34] can be
used to obtain these labels.

Fig. 3] summarizes the overall process in both the offline
and online phases. In the online phase, the robot’s behavior is
monitored, and when a failure is detected, the corresponding
case is added to the failure set. Subsequently, (@) is used to
sample a new action guided by previous failures.

V. EXPERIMENTS

We validated our approach on tasks where some samples
failed or underperformed, comparing it with two baselines:
a standard diffusion policy (DP) and an enhanced version
(DP*), which partitions the solution space and uses rejection
sampling to select a new region upon failure.

Our approach does not rely on a high-level planner, so
region selection is performed randomly. Additionally, our
pipeline requires a failure detection system, which can be
implemented using any appropriate method (e.g., [35]). In
our study, demonstrations are collected in a simulated en-
vironment using a predefined motion planning method that
has access to true parameters, allowing it to perform the task
successfully. However, these parameters remain inaccessible

TABLE I
HYPERPARAMETER CONFIGURATIONS USED IN THE EXPERIMENTS.

BP DO | OP | OM | BT
0z 0.3 03 | 03| 05 |03
# history (H) 0 2 0 2 2
# pred (L) 1 8 8 8 8
# applied (p) 1 8 8 4 4
Batch size 1024 32 64 64 64
# hidden layer | [256,256,256] [256,512,1024]
# epoches 100
noise schedular Cosine
denoising step 100

to both our approach and the baselines. Importantly, this use
of simulation does not violate our assumptions, as the models
are not employed during the training phase.

Performance is evaluated based on both task success rate
and the extent to which an implicit objective (e.g., optimality)
is achieved. Since one of the aims of imitation learning is
to perform tasks without explicitly modeling task or reward
functions, some experiments define an implicit objective that
is not directly provided to the robot. We then assess how well
different methods meet this objective. The following sections
detail the experimental setup and results.

In this paper, we adopt the pipeline proposed in [2], where
at each timestep, the robot observes a history of H past
actions and states, predicts a trajectory of length L, and
executes only the first p steps of that trajectory. This process
is repeated until the task is completed. The specific values of
H, L, and p for each experiment are provided in TABLE[]|

A. Door Opening (DO)

We consider a door-opening task where the robot must
determine the unknown opening direction (e.g., upward,
sliding, or pulling) without explicit instructions or prior
experiments. In this setting, demonstrations are unlabeled
(except for the DP* baseline), so the robot relies solely on
the actions as key features. As shown in Fig. [5}a, while the
standard DP policy achieves a lower success rate, our method
attains performance comparable to DP* without requiring
labeling or explicit access to the door opening direction. An
interaction is deemed successful if the robot opens the door
within five trials.

B. Button Pressing (BP)

In this task, the robot must press a button within a
predefined area without knowing its exact location. It sam-
ples various target points (used as key features), and the
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Fig. 4. Different experimental setups used in this paper

task is deemed unsuccessful if the button is not found
within 30 attempts. Our method outperforms the baselines
without requiring additional discretization. In contrast, the
DP* baseline discretizes the target area into bins, sampling
from these regions and removing a bin after a failure; this
approach improves over DP but is less efficient than CCDP.

C. Object Manipulation (OM)

In this task, the robot must move an object from one
point to another without knowing its mass. As an implicit
objective, the optimal manipulation strategy varies with
object weight: light objects are best handled with single-
arm pick-and-place, moderately heavy objects require biman-
ual manipulation, and very heavy objects are pushed. The
demonstrations reflect these strategies by using single-hand

Schematic overview of the proposed method illustrating the offline and inference phases.

pick-and-place 70% of the time, bimanual pick-and-place
20% of the time, and pushing 10% of the time. Although the
demonstrations do not explicitly specify when each modality
should be applied.

During testing, the robot is randomly assigned to one
of the mass categories and must select the appropriate
manipulation modality in the correct order. Here, the type
of primitive serves as the key feature for failure recovery. A
standard DP policy, being biased toward the dominant single-
hand primitive, yields lower success rates. In contrast, both
our method (CCDP) and the DP* baseline achieve higher
success rates, with DP* slightly outperforming our method.
When evaluating how frequently each method selects the ap-
propriate action based on the implicit objective, our method
adheres to the predefined order 66% of the time, compared to
88% for DP and 38% for DP*. Here, “respecting the order”
means that if an object can be picked up with one hand (i.e.,
it is light), it should not be pushed or picked up bimanually.

D. Objects Packing (OP)

This task demonstrates that the proposed method extends
beyond failure recovery. In Object Packing, the robot must
place objects into designated baskets; however, as baskets fill
up, it must choose the next closest available one. The demon-
strations implicitly encode basket preferences (the closer, the
more preferred) through the frequency of occurrence, without
an explicit cost function. Here, key avoidance features are
derived from the final states of object trajectories. During
testing, 12 objects are randomly placed on a table and must
be assigned to baskets with a capacity of 4 each. The task is
successful if each basket contains exactly 4 objects, and the
implicit objective is achieved if the robot consistently selects
the nearest available basket.

In this task, the standard DP policy performs poorly be-
cause its reliance on random sampling and history condition-
ing leads to prolonged attempts to use already-filled baskets.
In contrast, both the DP* baseline and our method achieve
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over 90% success, with our method notably outperforming
DP* in selecting the closest available basket.

E. Bartender (BT)

In this final task, we again demonstrate the method’s
applicability beyond failure recovery. The robot is taught to
fill multiple cups, with demonstrations implicitly prioritizing
the nearest cup as the preferred option, followed by the
second nearest, and so on. During testing, the robot must
fill all cups while we record how often it selects the closest
unfilled cup. Once a cup is filled, the sampler is guided
to avoid targeting that cup again. The task is considered
successful if all cups are filled, and for the implicit objective,
we check if the closest available cup at each step is selected.

VI. DISCUSSION

Our results show that our approach significantly boosts
task success compared to DP while preserving the implicit
objectives from the demonstration data (unlike DP*). The
performance gap between DP and CCDP was expected since
DP does not consider past failures—a limitation our method
explicitly addresses.

In this discussion, we elucidate the factors contributing
to CCDP’s superior performance over DP* and explore
potential avenues for further improvement. Additionally, we
identify the current limitations of the approach and propose
directions for future work to refine the method.

A. CCDP vs DP*

Apart from the major difference that DP* requires the
system to be classified before application, whereas CCDP
can be directly applied without any classification, another
key distinction lies in the nature of the guidance provided
by each method. Specifically, DP* employs a positive forcing
approach, where the policy is constrained to sample from a
specific region. This restriction can limit the system’s ability
to fully leverage additional sensory and state information.
In contrast, CCDP utilizes a negative forcing strategy, which
restricts the policy from sampling in only one particular area,
thereby allowing exploration across multiple regions. This

100

100 B CCDP (ours) %7

== DP
*

%0 DP

§ 73

o

=z

*g 60

g

e}

2 40 38

j=%

g

o
(=]

OP BT

(b) Implicit Objective

Results from 100 random test scenarios comparing (a) success rates across different tasks and (b) implicit objective fulfillment across various

flexibility enables the system to integrate broader contextual
cues and converge toward areas that are guided by the
available sensory and state information.

B. NOT Operation

Research such as [16] has demonstrated that, rather than
combining multiple distributions via a product as in (2))—an
operation analogous to a logical AND—it is possible to adopt
an alternative approach based on a NOT operation. Hence,
instead of learning from a dataset consisting of points that
are well separated, the focus shifts to learning from a dataset
of points that are closely clustered, after which the NOT
operation is applied. This inversion could potentially simplify
dataset creation and streamline the learning process.

However, both our experimental experience and the obser-
vations reported in [16] indicate that the NOT operation is
inherently unstable. Our attempts to implement this strategy
did not yield robust results. Consequently, we defer further
exploration of this approach to future work. Nonetheless,
the proposed method, which employs the composition of
diffusion models to refine samples interactively, remains a
viable and effective strategy.

C. Limitations and Future Work

There are two main limitations in the current version of
the proposed model. First, failure key features have been
defined manually. It would be advantageous to develop an
autonomous approach for extracting these features, poten-
tially by leveraging existing work in latent space extraction
methods. The second limitation is that we have not yet
investigated how to optimally adjust the combination weights
in @) to achieve improved performance. Our experience sug-
gests that although larger weights may enhance exploration,
they can also induce system instability.

As a further avenue for future work, we propose incor-
porating an offline exploratory mechanism to extract more
effective recovery data and policies. This aspect was not
considered in the current study, as our primary goal was to
develop a purely data-driven approach without reliance on a
simulation or a model.



VII. CONCLUSION

In this paper, we introduced CCDP, a method that pro-
vides enhanced control over the action sampling process.
Specifically, we demonstrated how the DP method can be de-
composed into multiple subproblems, including policies that
encourage the system to explore alternative actions beyond
those previously executed. This decomposition results in a
low-level controller capable of handling failures and guiding
sampling process without the need for labeled data or access
to explicit failure recovery signals.

Our experimental results indicate that leveraging demon-
strations more efficiently through CCDP leads to improved
system performance over baseline methods. We validated our
approach on a variety of tasks, including object manipulation,
packaging, and door opening. We found that it not only
increases the success rate but also better adheres to the
implicit objectives defined by the demonstrations.

For future work, we plan to investigate methods to op-
timize the combination of subproblems, automate the ex-
traction of failure key features, and incorporate offline ex-
ploratory behaviors to further enhance the quality of recovery
options.
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