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Toward Zero-Human-Intervention Autonomous
Robot Learning: A Continuous Result-Driven
Self-Reward and Correction Framework

Hong Su

Abstract—Autonomous robots operating in complex real-world
environments require the ability to continuously improve their
behavior without human-provided reward annotation or online
intervention. However, robot actions often produce delayed and
multi-factor consequences, making it difficult to correctly asso-
ciate later outcomes with earlier actions and to perform reliable
autonomous self-reward and self-correction. In this paper, we
propose a continuous result-driven self-reward and correction
framework for autonomous robots. The framework enables
robots to collect full-process behavioral, environmental, and
internal reasoning records, perform delayed outcome discovery
and temporal backtracking, generate unified internal-external
self-reward signals, and revise earlier reward judgments when
later evidence reveals them to be incomplete or incorrect. It
also supports self-intervention for improving causal verification
and policy reliability. Experimental results show that, compared
with conventional baselines, the proposed framework improves
delayed-outcome attribution accuracy from 15.93% to 38.36%,
increases safety score from 66.1 to 98.5, and reduces persistent
wrong reward rate of 48.77%.

Index Terms—Autonomous robots, Self-reward learning, De-
layed outcome attribution, Zero Human Intervention

I. INTRODUCTION

Autonomous robots are expected to operate for extended
periods in complex and evolving real-world environments,
where predefined rules and manually engineered feedback
are often insufficient to support sustained adaptation [1]. To
achieve long-term autonomy, a robot should not only execute
actions, but also continuously learn from the consequences of
its own behavior. In particular, it should be able to determine
whether previous actions should be strengthened, weakened,
or corrected according to the results they eventually produce,
without relying on human-provided reward annotation during
long-term operation.

However, fully autonomous self-improvement remains dif-
ficult in practice. A central challenge is that the result of a
robot action is often not immediately observable. In many
real environments, an action may produce its true consequence
only after several later transitions, and the final observed
outcome may depend on a combination of multiple earlier
actions, environmental conditions, and internal reasoning pro-
cesses. As a result, immediate reward assignment can be

H. Su is with the School of Computer Science, Chengdu University of
Information Technology, Chengdu, China.
E-mail: suguest@126.com.

misleading, since it may reinforce the most recent action rather
than the true historical cause. Another difficulty is that many
important aspects of autonomous behavior are not reflected
solely by external outcomes. A robot may appear to complete
a task successfully while its internal reasoning process is
unsafe, inefficient, or inconsistent with long-term objectives.
Conversely, useful internal reasoning, such as detecting hid-
den risk or discovering a corrective strategy, may contribute
significantly to later success even before a visible external
reward appears. These properties make conventional fixed and
externally oriented reward mechanisms insufficient for long-
horizon autonomous robot learning.

Meanwhile, existing robotic learning approaches still have
several limitations. Many reinforcement-learning-based meth-
ods assume that reward signals are either externally defined
or can be directly obtained from observable task outcomes
[2]. Such methods work well in controlled environments with
relatively clear feedback, but they are less suitable for open
settings in which consequences are delayed, partially observ-
able, and causally entangled. Similarly, although some works
incorporate self-reflection, planning, or LLM-based reasoning
into robotics, they often focus on task decomposition, action
generation, or execution guidance rather than on the broader
problem of how a robot should autonomously obtain, analyze,
and revise reward from its own long-term experience. As
a result, the problem of continuous self-reward and self-
correction without human intervention remains insufficiently
addressed.

To address this problem, this paper proposes a continu-
ous result-driven self-reward and correction framework for
autonomous robots, with the goal of enabling robots to
autonomously collect feedback from the environment and
from their own internal processes, without requiring human
involvement in reward annotation during operation. The main
idea is that an autonomous robot should continuously collect
full-process information generated during operation, including
environmental observations, executed actions, internal reason-
ing traces, program execution records, and related contextual
data, and then use these records to discover delayed outcomes,
analyze causal relations, generate self-reward, and revise past
judgments. Instead of defining reward only from final exter-
nal task results, the proposed framework combines external
reward and internal reward. External reward is derived from
observable consequences such as success, failure, safety, or
efficiency, whereas internal reward is derived from the robot’s
own cognitive activities, such as identifying risk, finding
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a valid solution, or maintaining consistency with expected
goals. Moreover, the framework does not treat reward as
permanently fixed once assigned. When later evidence shows
that an earlier reward judgment was incomplete or incorrect,
the robot can revise that judgment and reduce the influence
of previous mistakes. To further improve causal reliability, the
framework also supports self-intervention, allowing the robot
to perform additional reasoning or controlled probing actions
when passive observation is insufficient to confirm the true
cause of an observed result.

The proposed framework is motivated by a simple but
important view of autonomous intelligence: a robot should
not only act in the world, but also continuously observe the
long-term consequences of its own behavior, reason about
why those consequences occurred, and correct its previous
understanding when new evidence appears. Under this view,
autonomous learning is not a one-time mapping from action
to reward, but a continuous closed-loop process involving
behavior execution, full-process data collection, delayed-result
discovery, multi-factor attribution, internal-external reward
generation, reward revision, and policy correction. This design
moves autonomous robot learning beyond fixed immediate
reward assumptions and toward a more realistic form of self-
improvement in open environments.

The main contributions of this paper are summarized as
follows:

o We propose a continuous result-driven self-reward and
correction framework for autonomous robots, enabling
robots to autonomously obtain, analyze, and revise re-
ward from full-process experience without human reward
annotation during operation.

o We introduce a delayed outcome analysis mechanism
with temporal backtracking and multi-factor attribution,
allowing the robot to associate later results with the
historical actions, reasoning processes, and contextual
factors that actually produced them.

« We design an internal-external self-reward mechanism
and a revisable reward mechanism, enabling the robot
not only to learn from observable task outcomes, but also
to evaluate internal cognitive quality and correct earlier
reward judgments when later evidence becomes available.

The remainder of this paper is organized as follows. Section
II reviews related work. Section III presents the proposed con-
tinuous result-driven self-reward and correction framework.
Section IV reports the verification results. Section V concludes
the paper and discusses future directions.

II. RELATED WORK
A. Delayed Reward and Temporal Credit Assignment

A long-standing challenge in autonomous learning is tem-
poral credit assignment, i.e., determining which earlier actions
are responsible for a later outcome when rewards are delayed.
Conventional reinforcement learning methods often address
this problem through temporal-difference learning, eligibility
traces, or backward reward propagation mechanisms [3, 4].
Such methods have achieved strong performance in many
benchmark settings, but delayed and sparse reward scenarios

remain difficult, especially when the true consequence of an
action emerges only after many later transitions or depends on
multiple intervening factors [4, 5].

Recent studies have further emphasized that temporal credit
assignment remains a fundamental bottleneck in deep rein-
forcement learning [4, 5]. When the temporal gap between
action and consequence becomes large, learning can become
unstable, because recent but non-causal actions may be mis-
takenly reinforced while the truly responsible historical actions
are not sufficiently credited [4]. This challenge becomes even
more severe in robotic environments, where delayed conse-
quences may depend not only on physical execution but also
on environmental dynamics, internal decisions, and interacting
contextual factors. Therefore, although existing temporal credit
assignment methods provide important foundations, they are
not fully sufficient for autonomous robots that must reason
over long-horizon, partially observable, and causally entangled
outcomes.

In contrast to methods that mainly propagate externally
observed reward backward along trajectories, our work focuses
on a broader delayed-result setting for autonomous robots. The
proposed framework does not only consider temporal distance,
but also performs result-driven historical backtracking over
full-process traces, including actions, observations, internal
reasoning records, and execution context. This allows delayed
outcomes to be analyzed in a more causally structured way
rather than through reward propagation alone.

B. Intrinsic Motivation and Internal Reward

Another relevant line of research concerns intrinsic moti-
vation and internally generated reward. Intrinsic reward has
been widely studied as a mechanism for encouraging explo-
ration, curiosity, novelty seeking, uncertainty reduction, or
empowerment when external reward is sparse or incomplete
[6, 7]. These approaches enrich agent learning by providing
additional signals beyond explicit task feedback, and they
have played an important role in improving autonomy in
reinforcement learning [6, 7].

However, most intrinsic motivation methods are designed
primarily for exploration or representation learning. Their
internal reward is often based on novelty, prediction error,
information gain, or controllability, rather than on the semantic
quality of the agent’s own reasoning process [6, 7]. For au-
tonomous robots operating in long-horizon real environments,
useful internal signals may arise not only from curiosity or
novelty, but also from whether the robot’s internal thinking
detects hidden risk, discovers a corrective strategy, or remains
aligned with expected long-term goals. In such cases, internal
reward should reflect the quality and usefulness of internal
cognitive activities rather than only the statistical rarity of
observations.

Our work is related to intrinsic motivation in that it also
introduces internally generated learning signals, but differs
in both purpose and mechanism. Instead of rewarding explo-
ration alone, we define internal reward from the robot’s own
reasoning-related activities and their consistency with long-
term objectives. Moreover, internal reward in our framework
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is integrated with delayed external outcomes and revisable
judgment, enabling the robot to evaluate both what happened
in the environment and whether its internal cognitive process
contributed positively or negatively to that outcome.

C. Large Language Models for Robotics and Autonomous
Reasoning

Large language models have recently attracted significant
interest in robotics because of their capabilities in language un-
derstanding, task decomposition, semantic reasoning, and se-
quential decision support. Representative studies such as Say-
Can use language models together with grounded affordance
estimation to select feasible robot skills [8], while PaLM-
E extends embodied reasoning by integrating multimodal
robotic and perceptual inputs into a large language model
[9]. Other works such as Voyager demonstrate that LLM-
based agents can continuously explore, accumulate reusable
skills, and perform iterative self-improvement in open-ended
environments [10]. Recent surveys further show that language-
based reasoning and grounding are becoming increasingly
important for robot planning, communication, and embodied
intelligence [11, 12].

Despite these advances, most existing LLM-for-robotics
studies focus on task planning, action generation, language
grounding, or skill composition [8, 9, 10]. Although some of
them incorporate feedback and self-reflection, they usually do
not address the more specific problem studied in this paper:
how a robot should autonomously obtain, analyze, revise, and
reuse reward signals from its own long-term experience. In
particular, current LLM-based robotic frameworks typically
emphasize what action should be taken next, whereas our focus
is on how later outcomes should be traced back, interpreted,
rewarded, and corrected after actions have already been exe-
cuted.

Therefore, our work complements the existing LLM-for-
robotics literature from a different perspective. Rather than
using LLMs mainly as planners or policy generators, we use
them as reasoning components for delayed outcome backtrack-
ing, internal reward evaluation, and reward revision. This shifts
the role of LLMs from pure action guidance toward continuous
self-reward and self-correction, which is more directly aligned
with long-term autonomous robot learning.

D. Summary of Differences

In summary, existing studies on temporal credit assign-
ment address delayed reward propagation, intrinsic motivation
methods provide internally generated signals, and LL.M-based
robotic systems enhance planning and embodied reasoning
[4, 6, 8, 9, 10]. However, these lines of work do not directly
provide a unified framework in which an autonomous robot
continuously collects full-process traces, discovers delayed
outcomes, attributes them to historical actions and reasoning
processes, generates both internal and external reward, and
revises earlier reward judgments when later evidence becomes
available. The proposed framework is intended to fill this gap
by combining delayed-result analysis, internal-external self-
reward, and revisable correction into a continuous closed-loop
learning process for autonomous robots.

ITII. MODEL
A. Overview of the Proposed Model

To enable truly autonomous learning in open environments,
a robot should not rely only on manually designed rewards,
externally annotated feedback, or immediate observable out-
comes. Instead, it should be able to continuously collect the
consequences of its own behavior, analyze these consequences
over time, and use the resulting judgments to strengthen,
weaken, or even correct previous actions. Motivated by this re-
quirement, we propose a continuous result-driven self-reward
and correction model for autonomous robots.

The core idea of the proposed model is that robot learning
should be based on a full closed loop rather than a single-
step action—-reward response. After executing an action, the
robot does not simply wait for an externally provided reward.
Instead, it continuously records multi-source information gen-
erated before, during, and after its behavior, including environ-
mental observations, sensor readings, internal state changes,
program execution traces, action logs, and interaction records
with the large language model (LLM). These continuously
accumulated records provide the basis for identifying both
immediate and delayed consequences of previous actions.

A central challenge is that the effect of a robot action may
not appear immediately. Some actions may influence later
states only after a long delay, and some outcomes may be
jointly caused by multiple actions, internal decisions, and envi-
ronmental factors. Therefore, the proposed model introduces a
delayed-result analysis mechanism. When an important result,
abnormal event, or unexpected success is observed, the system
retrospectively analyzes historical records and uses LLM-
assisted temporal reasoning to infer which earlier actions,
contextual conditions, and internal decision processes may
have contributed to the current outcome. In this way, the model
is not limited to short-term feedback, but can assign credit or
blame across long temporal horizons.

In addition, the proposed model does not define reward only
from external task outcomes. Instead, it combines external
reward and internal reward. External reward is derived from
observable consequences in the environment, such as task
completion, safety, efficiency, or failure. Internal reward is de-
rived from the robot’s own reasoning and cognitive processes,
such as discovering a hidden risk, identifying an inconsistency,
finding a valid solution after extended reasoning, or determin-
ing that the actual result is close to the internally expected
target. This design allows the robot to evaluate not only “what
happened in the environment” but also “whether its internal
thinking helped or harmed the final objective.”

Another important feature of the model is that reward
judgment is not fixed once generated. In real environments, an
early evaluation may later prove to be incomplete or incorrect
because more evidence becomes available. To address this
issue, the proposed framework incorporates a revisable reward
mechanism, in which previously assigned rewards can be
re-evaluated and corrected when later observations provide
stronger evidence. Thus, the robot is able not only to rein-
force successful actions and suppress harmful ones, but also
to revise former mistaken judgments and gradually override
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the influence of earlier wrong conclusions. This property is
important for long-term autonomy, where initial interpretations
are often uncertain.

When retrospective reasoning alone is insufficient to de-
termine the true cause of a result, the model further allows
the robot to perform self-intervention. Such intervention may
occur at the cognitive level, through deeper reasoning over
historical traces, or at the behavioral level, through actively
executing probing actions to test whether a hypothesized factor
truly causes the observed outcome. This intervention-based
verification improves the reliability of action—result attribution,
especially in environments where multiple coupled factors
produce overlapping effects.

Overall, the proposed model forms a continuous au-
tonomous learning loop: action execution, full-process data
collection, delayed-result discovery, multi-factor attribution,
internal—external reward generation, reward revision, self-
intervention, and policy correction. Through this loop, the
robot can continuously learn from its own experience without
requiring human-provided reward labels. The model therefore
provides a foundation for autonomous robots to achieve long-
term self-improvement, self-correction, and adaptive behavior
evolution in complex real-world environments.

B. Full-Process Autonomous Data Collection

A fundamental prerequisite for autonomous self-reward
and self-correction is that the robot must be able to obtain
the consequences of its own behavior without relying on
external manual annotation. However, in real environments,
the consequence of an action is often not represented by a
single observation. Instead, it is distributed across percep-
tion, control, software execution, environmental change, and
internal reasoning processes. Therefore, the proposed model
adopts a full-process autonomous data collection mechanism
that continuously records multi-source information related to
the robot’s behavior and its potential consequences.

The first principle of this mechanism is comprehensiveness.
Rather than recording only final task outcomes or a small
number of sensor values, the robot collects data from mul-
tiple channels throughout operation. These channels include
external sensory observations, internal state variables, action
execution records, control signals, program traces, system logs,
LLM interaction records, LLM outputs, and other context
information that may later help explain why a result occurred.
This design is necessary because delayed results and hidden
causal relations often cannot be recovered from sparse records.
Only when the robot preserves sufficiently rich traces can it
later analyze whether an earlier action, an internal reasoning
error, a software execution condition, or an environmental
factor contributed to a later success or failure.

The second principle is continuity. Data collection should
not be limited to a single moment before or after an action.
Instead, the robot continuously records information across the
full temporal process, including pre-action context, action exe-
cution, intermediate transitions, and post-action consequences.
Such continuous recording is particularly important in au-
tonomous systems because some effects emerge gradually and

may become observable only after a sequence of subsequent
events. Without temporal continuity, the system may observe
a result but lose the evidence needed to relate that result to
earlier decisions. Thus, the proposed mechanism maintains
persistent traces over time so that later delayed-result analysis
can reconstruct the historical evolution of events.

The third principle is internal-external unification. Tra-
ditional robotic learning often focuses mainly on external
observations, such as task completion, collision, or sensor-
detected state changes. However, for the proposed model, the
robot must also evaluate the role of its own internal processes.
Therefore, the collected data include not only external observa-
tions but also internal thinking-related records. These internal
records may include prompts sent to the LLM, returned
reasoning outputs, intermediate self-checking messages, inter-
nally predicted targets, confidence estimates, and reasoning-
derived hypotheses. Such information is important because a
final outcome may depend not only on physical execution
but also on whether the robot’s internal reasoning correctly
interpreted the environment or generated an appropriate plan.

Formally, at time step #, the robot collects a unified record

D, = {0, 0", A, Cy, Ly, M, },

where O¢*" denotes external observations from sensors and
the environment, Oi"’ denotes internal observations and
reasoning-related states, A, denotes executed actions, C; de-
notes control and program execution context, L; denotes
system logs and trace information, and M; denotes memory
entries or historical summaries retained for later analysis. Over
time, these records form a trajectory

Dyt ={D1,Ds,...,Dr},

which serves as the evidence base for delayed-result discovery,
temporal backtracking, reward generation, and later correction.

To make the collected information usable for subsequent
reasoning, the model further organizes these records into
temporally indexed and semantically linked traces. In partic-
ular, action records are linked to nearby internal reasoning
states, environmental observations are aligned with execution
timestamps, and important events are marked for later retrieval.
This trace-oriented organization helps the system efficiently
identify candidate historical segments when a later outcome
must be explained. It also reduces the risk that important causal
evidence is lost in long autonomous runs.

Overall, the full-process autonomous data collection module
provides the informational foundation of the entire framework.
Without comprehensive, continuous, and internally enriched
records, the robot would be unable to discover delayed con-
sequences, attribute outcomes to earlier actions, or revise
previous judgments. By persistently collecting and organizing
full-process data, the proposed model enables later modules
to perform autonomous result analysis and self-reward assign-
ment in a principled manner.

C. Delayed Outcome Discovery and Temporal Backtracking

A key difficulty in autonomous self-reward learning is that
the consequence of a robot action is often delayed. Unlike sim-
plified settings in which each action is immediately followed
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by a clear reward signal, real-world robotic behavior may
produce effects only after many later transitions. Moreover, an
observed success or failure at the current moment may have
been caused not only by the most recent action, but also by
a sequence of earlier actions, internal decisions, and environ-
mental interactions. Therefore, the proposed model includes a
delayed outcome discovery and temporal backtracking module
to identify historical behaviors that may be responsible for
later results.

The first task of this module is to detect delayed out-
comes. Given the continuously collected trajectory data, the
system monitors the evolution of task states, environmental
changes, internal reasoning states, and system events. When
an important event is detected, such as a success, failure,
abnormal change, safety issue, or unexpected improvement,
the system does not directly assign its effect to the current
action only. Instead, it treats the observed event as a potential
delayed consequence and initiates a retrospective analysis over
a historical time range. This allows the robot to search for
actions and conditions that may have contributed to the current
result, even if they occurred much earlier.

To support this process, the model constructs a candidate
temporal window for backtracking. Suppose that an outcome
of interest is observed at time f. Rather than examining the
entire history without restriction, the system first extracts a
candidate window

Wl = {lek7DI*k+l7'-'9Dt}’

where k is determined according to the type of event, task dy-
namics, and the expected temporal latency of possible causes.
For rapidly responding events, k may be small; for slow or
accumulated effects, £ may be larger. This windowed design
improves computational efficiency and focuses the analysis on
the most relevant historical segment.

Within the candidate window, the system performs temporal
backtracking to infer possible action-result relations. The
proposed framework uses LLM-assisted reasoning to ana-
lyze temporally ordered records and identify plausible causal
chains. Specifically, the LLM is provided with structured
summaries of actions, state changes, internal reasoning traces,
and major events within the candidate window, and is asked to
infer which earlier behaviors or internal decisions may explain
the currently observed outcome. This process is not limited
to a single-step relation. Instead, it may produce a chain of
dependencies such as

(@r—ty St—k) = (Ar—t41, St—k+1) = -+ — Iy,

where r; denotes the delayed result observed at time ¢. In this
way, the model can assign credit or blame over long temporal
horizons rather than only to the most recent action.

An important advantage of temporal backtracking is that
it can incorporate both external and internal evidence. For
example, an unsafe result may not be caused solely by a
physical motion, but also by an earlier reasoning error, an
incorrect prediction, or a misleading intermediate conclusion
generated during planning. Similarly, an eventual success may
arise because the internal reasoning process discovered a
useful strategy long before the final visible result appeared.

By tracing both behavioral and cognitive history, the model
can identify richer and more realistic explanations of delayed
outcomes.

Because delayed outcome analysis is inherently uncertain,
the framework does not force a binary conclusion at the first
step. Instead, it generates a set of candidate historical causes
together with their explanatory strengths or confidence levels.
Let

7—11 = {(hl, Cl)’ (h2a 62)7 B (l’ln, Cn)}

denote the set of candidate causes for the observed outcome
at time ¢, where each h; is a historical action, state, reasoning
event, or composite segment, and ¢; is its associated confi-
dence. These candidates are then forwarded to the subsequent
attribution and reward modules for deeper evaluation. This
design is important because some delayed effects may involve
multiple interacting causes rather than a single dominant
factor.

Overall, the delayed outcome discovery and temporal back-
tracking module enables the robot to move beyond immediate
reward assumptions and to reason over historical trajectories
in a principled manner. It provides the bridge between current
observations and past behaviors, making it possible for the
system to autonomously discover long-range action—result de-
pendencies. This capability is essential for robots operating in
complex environments, where true consequences often emerge
gradually and where meaningful self-improvement depends on
correctly understanding the temporal origin of success and
failure.

D. Multi-Factor Result Attribution

After delayed outcomes and candidate historical causes have
been identified, the robot must further determine how the
observed result should be attributed. This step is necessary
because real-world outcomes are rarely produced by a single
isolated action. Instead, they often emerge from the com-
bined influence of multiple actions, environmental conditions,
internal reasoning processes, software execution states, and
temporal interactions among these factors. Therefore, the pro-
posed model includes a multi-factor result attribution module
to analyze how different factors jointly contribute to a later
success, failure, or abnormal event.

The first challenge of attribution is that the relation between
behavior and result is typically many-to-many. On the one
hand, a single action may generate multiple consequences,
including both beneficial and harmful ones. For example, a
fast motion may improve task efficiency while simultaneously
increasing safety risk. On the other hand, a single observed
result may be jointly caused by multiple earlier factors. A
navigation failure, for instance, may arise from an inaccurate
sensor reading, an incorrect reasoning conclusion, a poor
action choice, and a delayed environmental change. Thus, the
attribution problem cannot be simplified into a one-action—
one-result mapping. Instead, the system must evaluate coupled
dependencies among multiple candidate factors.
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To formalize this process, suppose an important result r,
is observed at time ¢, and the delayed backtracking module
produces a candidate set

H, ={h1, ha, ..., "},

where each h; may denote an action, an internal reasoning
event, a contextual state, a software execution condition, or a
short temporal segment. The attribution module estimates the
contribution of each candidate factor, or of combinations of
factors, to the observed result. This can be represented as

ry H,f(hl?h23--'7h}’l)9

where f(-) is not assumed to be a simple linear mapping, but
a structured attribution function that considers temporal order,
interaction, and contextual dependence.

To support meaningful attribution, the proposed model

organizes candidate factors into several categories:

« Action factors, including executed robot motions, control
commands, and strategy choices;

« Environmental factors, including external state changes,
disturbances, and sensed scene conditions;

« Internal reasoning factors, including LLM outputs, in-
termediate plans, inferred hypotheses, and self-evaluation
results;

« Execution factors, including software states, program
traces, controller status, and logging events;

« Temporal interaction factors, including accumulated
effects, ordering relations, and dependencies across mul-
tiple time steps.

By jointly analyzing these categories, the system can avoid
attributing outcomes only to immediately visible actions while
ignoring hidden upstream causes.

Because different candidate factors may overlap in effect,

the module assigns not only contribution scores but also
attribution confidence. Let

A; = {(hi, @i, ci)}i

where a; denotes the estimated contribution strength of factor
h; to result r;, and ¢; denotes the confidence of this attribution.
A high @; with high ¢; indicates that the factor is likely to
be an important cause, whereas a low-confidence attribution
suggests that the relation remains uncertain and may require
later verification. This uncertainty-aware design is important
because delayed and multi-factor effects are often only par-
tially observable.

In addition to individual attribution, the model also consid-
ers composite attribution. That is, some results may not be
explained by any single factor alone, but only by the joint
effect of several factors. For example, a system error may
occur only when a specific action is executed under a particular
environmental condition after an earlier reasoning mistake.
To capture such cases, the attribution module can generate
compound candidates such as

(hi, hj),

and estimate whether these combinations better explain the
observed result than isolated factors. This makes the attribu-
tion process more suitable for complex robotic environments,

(hi, hj, hy),

where causal relations are often intertwined rather than inde-
pendent.

The output of the attribution module is not yet the final
reward itself. Instead, it provides a structured explanation of
which historical factors are likely to deserve reinforcement,
suppression, correction, or further verification. These attri-
bution results are then used by the reward generation and
intervention modules. Factors with strong positive attribution
may later receive reinforcing reward, factors with negative
attribution may receive penalty or suppression, and factors
with high uncertainty may trigger deeper reasoning or active
intervention.

Overall, the multi-factor result attribution module trans-
forms delayed historical evidence into structured causal re-
sponsibility estimates. It enables the robot to move beyond
simplistic immediate-feedback learning and to reason about
how multiple behavioral, environmental, and internal factors
jointly shape later outcomes. This capability is essential for
autonomous self-improvement, because correct reward assign-
ment depends not only on observing that a result occurred,
but also on understanding why it occurred and which earlier
factors truly deserve credit or blame.

E. Internal-External Self-Reward Generation

After delayed outcomes have been discovered and their
possible causes have been attributed, the robot must convert
these analyses into learning signals that can guide future
behavior. In conventional reinforcement learning, such signals
are usually defined as externally given rewards associated with
task success or failure. However, for a truly autonomous robot
operating without human intervention, relying only on explicit
external feedback is insufficient. Many important behaviors do
not produce immediate observable rewards, and some valuable
internal cognitive processes may contribute significantly to
eventual success even before any external result becomes
visible. Therefore, the proposed model introduces an internal—
external self-reward generation mechanism that jointly eval-
uates environmental outcomes and internal thinking-related
processes.

The first component is external reward, which is derived
from observable consequences in the environment. These
consequences may include task completion, task failure, safety
preservation, collision occurrence, efficiency improvement,
resource consumption, or other measurable changes in the
physical world. Let R¢*" denote the external reward associated
with the result observed at time ¢. Its value may be positive
when the outcome supports the robot’s objective, negative
when the outcome harms the objective, and near zero when
the observed consequence is weak or neutral. Unlike manually
assigned reward labels, however, Rf” is inferred by the robot
itself from the collected trajectory data and the attributed
relation between historical factors and current outcomes.

The second component is internal reward, which is one
of the main characteristics of the proposed framework. In-
ternal reward is generated from the robot’s own cognitive
and reasoning processes rather than only from directly visible
environmental changes. This is important because autonomous
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behavior often depends on whether internal thinking helped
the robot move toward its objective, avoided hidden danger,
identified an inconsistency, or discovered a useful solution. Let
RI™ denote the internal reward at time ¢. It may be assigned
based on several types of internal evidence.

First, internal reasoning may be evaluated according to
whether the resulting state is close to the robot’s internally
expected target. For example, if safety is treated as an ex-
pected objective during autonomous driving, then reaching
the destination without collision or dangerous events indicates
that the internal planning and monitoring process remained
aligned with the expected goal. Second, internal reasoning
may receive positive reward when it discovers an effective
solution to a difficult or previously unresolved problem. If
the robot spends a long time searching for an explanation,
plan, or corrective strategy and eventually finds a valid one,
the successful reasoning activity itself should be rewarded.
Third, internal reasoning may also receive reward when it
detects hidden risks, inconsistencies, or errors before they fully
manifest as external failures. Similarly, misleading or incorrect
reasoning that later contributes to undesirable outcomes should
receive negative internal reward. Thus, internal reward reflects
whether the robot’s own thinking process improved or harmed
future decision quality.

Based on these two components, the overall self-reward is
defined as a fusion of external and internal rewards:

R, = Ry + BRY,

where @ and S are nonnegative weighting coefficients that
control the relative importance of environmental outcomes
and internal cognitive contributions. This formulation allows
the robot to adapt reward generation to different tasks. In
tasks dominated by physical execution, @ may be larger. In
tasks requiring heavy reasoning, diagnosis, or long-horizon
planning, 8 may also play a major role. More generally,
the fusion mechanism ensures that the robot does not learn
solely from visible success or failure, but also from whether
its internal reasoning process was useful, safe, and goal-
consistent.

An important property of the proposed reward mechanism is
that reward assignment is not restricted to the current time step
only. Because many results are delayed, the reward observed at
time ¢ may need to be redistributed to earlier actions, internal
decisions, or reasoning events that contributed to the current
outcome. Suppose the attribution module identifies a set of
historical factors

Ar = {(hi, @i, ci) iy,

where h; denotes a candidate historical factor, «; its contri-
bution strength, and c; the confidence of attribution. Then the
reward associated with r, can be retrospectively assigned to
these factors, for example through

R(hl | rl) = g(Rl"ahCi)’

where g(-) denotes a redistribution rule that allocates stronger
reward or penalty to factors with larger contribution and higher
confidence. In this way, the robot can strengthen useful earlier

actions, suppress harmful earlier decisions, and learn across
long temporal horizons.

The reward generated by this module is therefore not
merely a scalar evaluation of what happened at the current
moment. Instead, it is a structured learning signal grounded
in both external reality and internal cognition, and capable of
being propagated backward over historical trajectories. This
design is especially important for autonomous robots because
meaningful learning often depends on hidden cognitive quality,
delayed consequences, and partial observability rather than on
immediate surface-level outcomes alone.

Overall, the internal-external self-reward generation module
converts attributed results into autonomous learning signals
that are both richer and more realistic than conventional
externally defined rewards. By jointly considering environ-
mental consequences and internal reasoning activities, the
proposed model enables the robot to evaluate not only whether
an outcome was good or bad, but also whether its own
thinking process contributed positively or negatively to that
outcome. This provides a more principled basis for long-term
autonomous adaptation, self-improvement, and self-correction.

F. Revisable Learned Reward Mechanism

Although the internal-external self-reward generation mod-
ule provides autonomous learning signals, the reward assigned
at one moment should not be regarded as permanently correct.
In real environments, early judgments are often made under
incomplete information. A behavior that initially appears ben-
eficial may later be found to have caused a hidden problem,
while an action that seems harmful in the short term may
eventually support a better long-term result. Therefore, the pro-
posed model introduces a revisable learned reward mechanism,
which allows reward judgments to be continuously updated,
corrected, and improved as more evidence becomes available.

The central idea of this mechanism is that reward itself
should be treated as a learnable and correctable object rather
than a fixed label. Traditional reward design often assumes
that once a reward is observed or assigned, it can be directly
used to update policy parameters. However, for long-horizon
autonomous robots, this assumption is too rigid. When delayed
effects, hidden causal chains, and multi-factor interactions are
present, an early reward judgment may later prove incom-
plete, biased, or wrong. Thus, the proposed framework stores
historical reward assignments together with their supporting
evidence, so that these judgments can be revisited during later
analysis.

To formalize this idea, let

RO

denote the initial reward assigned to a historical factor or
action at time ¢, and let

5 (m)
Rt
denote its revised estimate after incorporating later evidence

up to revision step m. Rather than assuming

RM = RO,
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the framework allows

Iét(mn) _ ¢(Iél(m)7Et(m+l)),

where E,(mH) denotes newly collected evidence relevant to the
original judgment, and ¢(-) denotes a revision function that
updates the previous reward estimate. In this way, reward is
continuously refined as the robot observes more outcomes, per-
forms more analyses, and acquires stronger causal evidence.

To support efficient revision, the model maintains for each
important historical judgment a reward memory item contain-
ing at least the following elements:

« the historical factor or action segment being evaluated;

« the originally assigned reward value;

« the evidence and attribution basis used for the assignment;

« the confidence level of that judgment;

« later evidence that supports, weakens, or overturns the
previous conclusion.

This design allows the system not only to remember what
reward was previously assigned, but also to remember why
that judgment was made. As a result, later correction is based
on traceable reasoning rather than arbitrary replacement.

In addition to explicit revision, the framework introduces a
learned reward evaluation component. This component can be
implemented as a neural model or another trainable evaluator
that takes as input historical trajectories, attribution summaries,
internal reasoning traces, and later observed consequences, and
outputs an updated reward estimate. Formally, for a historical
factor h,, the learned reward estimator can be expressed as

R(he) = ¢(Dirr, Avts Zee)

where D;.7 denotes the collected trajectory, A, denotes
attribution information related to h,, and Z,.;r denotes later
reasoning and verification records. The role of this learned
evaluator is not to replace explicit analysis, but to help
generalize reward revision patterns from previous experience.
If the system repeatedly observes that certain early reward
judgments are often corrected under similar later evidence,
the learned evaluator can gradually improve future reward
estimation.

An important property of the revisable reward mechanism
is its ability to override the influence of former incorrect
judgments. Suppose an earlier action was mistakenly rewarded
because its harmful delayed effects had not yet appeared. Once
later evidence reveals that this action actually contributed to
failure or danger, the system should not continue reinforcing
it simply because it received a past positive label. Instead, the
revised reward mechanism reduces or reverses the effect of the
earlier incorrect reward and replaces it with a better-informed
estimate. This process is similar to human self-correction,
where a person may later realize that a former conclusion was
wrong and repeatedly reinforce the corrected understanding
until the earlier mistaken belief loses influence.

To reflect this idea in learning, the policy update should
depend not only on the initial reward but also on the revised

reward history. For a historical factor #;, its effective learning
signal may be defined as

M
Rteff — Z me‘[(m)’
m=0

where w,, denotes the weight assigned to the m-th reward
estimate, typically giving greater weight to later and more
reliable revisions. Through this design, the robot can gradually
suppress the impact of outdated judgments and emphasize
better-supported ones.

Overall, the revisable learned reward mechanism enables
the robot to treat reward as an evolving assessment rather
than a one-time label. This is essential for real autonomous
systems, because meaningful self-improvement requires not
only learning from past feedback, but also correcting past
feedback when it is later shown to be incomplete or wrong. By
combining traceable reward memory, evidence-based revision,
and learned reward evaluation, the proposed model supports
a more flexible and reliable form of long-term autonomous
learning.

G. Self-Intervention for Causal Verification

Although delayed backtracking and multi-factor attribution
can identify plausible causes of an observed result, retrospec-
tive analysis alone is not always sufficient to establish reliable
causal responsibility. In complex environments, multiple fac-
tors may co-occur, some important variables may be partially
unobserved, and several candidate explanations may remain
consistent with the available historical records. As a result,
the robot may still be uncertain whether a hypothesized factor
truly caused the observed outcome or merely correlated with
it. To address this limitation, the proposed model introduces a
self-intervention mechanism that allows the robot to actively
verify candidate causal relations through additional reasoning
and behavior.

The basic idea is that when passive observation is insuffi-
cient, the robot should not stop at uncertain attribution. Instead,
it should generate and execute interventions designed to test
whether a candidate factor is genuinely responsible for a result.
Such intervention can occur at two levels: cognitive inter-
vention and behavioral intervention. Cognitive intervention
performs deeper internal analysis over the available traces,
while behavioral intervention modifies the external process by
executing probing actions or changing relevant conditions. To-
gether, these two forms of intervention improve the reliability
of causal verification and reduce the risk of learning from
spurious correlations.

The first form is cognitive intervention. In this case, the
robot does not immediately act in the environment, but instead
performs deeper analysis on the historical data and current
hypotheses. For example, it may re-examine the temporal order
of events, compare similar historical episodes, test alternative
explanations through internal simulation, or ask the LLM to
reason under counterfactual assumptions such as whether the
same result would likely have occurred if a particular earlier
action had not been taken. Let

Q =1{q1.92, ... qm}
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denote a set of candidate explanatory questions generated for
an uncertain result at time ¢. The cognitive intervention process
then evaluates these questions over the stored trajectory and
reasoning records to refine the confidence of candidate causes.
This mechanism is useful when direct physical intervention is
expensive, unsafe, or temporarily impossible.

The second form is behavioral intervention. When internal
analysis remains insufficient, the robot may actively execute
actions intended to perturb the process and observe whether
the suspected result changes accordingly. Suppose that a
candidate factor A; is believed to contribute to result 7;. The
robot can perform an intervention

do(hi = ili)7

where 711- denotes a modified value, alternative action, or con-
trolled removal of the original factor. The robot then observes
the subsequent outcome under this modified condition. If the
result changes in a manner consistent with the causal hypoth-
esis, the confidence in that hypothesis increases; otherwise,
the attribution may be weakened or rejected. In practice, such
interventions may include repeating a task with one factor
changed, delaying an action, replacing a reasoning-derived
plan, disabling a suspected software module, or deliberately
probing a specific environmental variable.

To make intervention safe and purposeful, the proposed
model does not intervene arbitrarily. Instead, interventions are
generated only when the expected benefit of causal clarifica-
tion is sufficiently high and when safety constraints allow the
probing process. Formally, for a candidate intervention u, the
system evaluates an intervention utility

J() = 1G(u) - € (u) — 435 (u),

where G (1) denotes the expected gain in causal certainty, C (i)
denotes execution cost, and S(u#) denotes safety risk. Only
interventions with sufficiently favorable utility are selected.
This design is important because autonomous robots should
not compromise task success or safety merely to collect
explanatory evidence.

The output of intervention is not only a revised binary
judgment of whether a hypothesis is true or false. Instead, the
system uses intervention results to update attribution strengths,
confidence values, and related reward judgments. Suppose the
attribution module has produced

Ar = {(hi, @i, e},

After intervention, the confidence of a candidate factor may
be revised as

c; =n(ci,vi),

where v; denotes the verification evidence obtained through
cognitive or behavioral intervention, and 7(-) is a confidence
update function. Factors whose causal role is confirmed may
receive stronger subsequent reward or penalty assignment,
while factors whose influence is not supported may be down-
graded or removed from consideration. Thus, intervention
directly improves later learning quality.

An important advantage of self-intervention is that it trans-
forms the robot from a passive observer into an active causal

learner. Instead of merely waiting for naturally occurring evi-
dence, the robot can deliberately create informative situations
that help distinguish true causes from coincidental associa-
tions. This is especially valuable in multi-factor environments,
where purely observational learning may repeatedly misat-
tribute results due to overlapping effects, hidden dependencies,
or sparse feedback.

Overall, the self-intervention module provides an essential
verification capability for autonomous self-reward learning.
It complements retrospective analysis by enabling the robot
to actively test uncertain hypotheses through deeper rea-
soning and controlled behavioral probing. By incorporating
intervention-based causal verification, the proposed model
improves the reliability of action—result attribution and estab-
lishes a more solid foundation for reward correction, policy
update, and long-term autonomous self-improvement.

H. Continuous Re-Analysis and Self-Correction Loop

In long-term autonomous operation, not all meaningful
consequences can be identified at the moment they first occur.
Some results emerge only after extended interaction, some
earlier judgments remain uncertain for a long time, and some
initially accepted explanations may later be contradicted by
new evidence. Therefore, autonomous learning should not treat
analysis as a one-time process performed only when an event
is first detected. Instead, the robot should continuously revisit
previously observed behaviors, previously assigned rewards,
and previously accepted explanations. To achieve this, the
proposed model incorporates a continuous re-analysis and self-
correction loop that persistently re-examines historical records
and updates past judgments when better evidence becomes
available.

The first function of this loop is persistent background
analysis. While the robot continues executing tasks, the system
monitors incoming data streams and compares newly observed
events with previously stored historical traces, unresolved
attribution hypotheses, and prior reward assignments. When
new evidence is related to an earlier action or earlier judgment,
the system reopens the corresponding historical segment for
further examination. This means that learning is not limited to
the moment of immediate feedback; rather, historical experi-
ence remains analytically active and may be reinterpreted later.
Such a mechanism is particularly important in environments
where delayed outcomes are common, because the significance
of an earlier behavior may become visible only after many
subsequent steps.

Let

M = {ml,mg,..

Lomg}

denote the set of stored memory items, where each item may
correspond to an important action segment, an attributed cause,
a reward judgment, or an unresolved causal hypothesis. At a
later time ¢, newly collected evidence E; is matched against
these memory items. If a relevant relation is detected, the
system performs a re-analysis update

m;< = P(mk,Ez’),
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where p(-) denotes a revision operator that updates the stored
item using the new evidence. In this way, prior judgments
remain revisable throughout the robot’s continued operation.

The second function of the loop is self-correction of past de-
cisions. This self-correction may occur at several levels. First,
the robot may correct past action evaluations, for example by
deciding that a previously rewarded action should actually be
penalized once its delayed harmful effects become known.
Second, the robot may correct past reasoning conclusions,
such as recognizing that an earlier LLM-generated explanation
was incomplete or wrong. Third, the robot may correct its
attribution structure, for example by shifting credit or blame
from one candidate factor to another when later evidence
provides clearer causal distinction. Thus, self-correction is not
limited to a scalar reward update; it includes correction of the
broader explanatory structure that supports later learning.

To support this process, the framework distinguishes be-
tween provisional and stabilized judgments. A provisional
judgment is one that has been assigned under limited evidence
and remains open to later revision. A stabilized judgment is
one whose supporting evidence has become sufficiently strong
and consistent over time. This distinction is useful because
not all decisions need to be treated equally. Some early
conclusions may be used temporarily for behavior guidance
while still remaining revisable, whereas others may gradually
become reliable enough to serve as stronger learning anchors.
Formally, for a historical judgment z;, its stability may be
represented by a score

S; € [0, 1],

where larger values indicate stronger evidential support and
lower expected revision probability. The re-analysis loop up-
dates both the content of the judgment and its stability as more
evidence accumulates.

Another important role of continuous re-analysis is to detect
missed or hidden consequences. A result that appeared irrele-
vant at one time may later reveal itself to be important when
viewed together with subsequent events. Similarly, a weak
anomaly that was initially ignored may later be recognized
as an early sign of a more serious issue. By continuously
revisiting prior traces, the robot can uncover consequences that
were not sufficiently visible during the initial analysis stage.
This capability is essential because autonomous systems in
open environments often operate under partial observability,
and meaningful interpretation may require integrating evidence
across distant times.

The self-correction loop also supports gradual suppression
of outdated knowledge. If a previously accepted explanation
is repeatedly contradicted by later evidence, its influence on
subsequent learning should diminish. Conversely, if a re-
vised explanation is repeatedly supported, its influence should
strengthen. This can be expressed through an evolving belief
weight

W§z+1) (1) e§t+1)) ’

= X(wl s
where wl@ denotes the current weight of a stored judgment or

explanation, and eEHl) denotes new supporting or contradict-
ing evidence. Through this process, the robot gradually shifts

its learning basis away from outdated conclusions and toward
better-supported ones.

Overall, the continuous re-analysis and self-correction loop
ensures that autonomous learning remains dynamic rather than
static. It allows the robot to treat experience as an evolving
source of knowledge whose meaning may improve over time.
By persistently revisiting old actions, old rewards, and old
explanations in light of new evidence, the proposed model
enables deeper long-term adaptation and reduces the risk of
locking future behavior onto early but mistaken judgments.
This loop is therefore a central mechanism for robust self-
improvement in complex real-world environments.

1. Policy and Behavior Update

After reward generation, reward revision, causal verifica-
tion, and continuous re-analysis, the robot must ultimately
transform the accumulated knowledge into behavioral change.
Without this final step, the previous modules would only pro-
vide retrospective explanation rather than actual autonomous
improvement. Therefore, the proposed framework includes a
policy and behavior update module that uses the corrected
reward signals and validated attribution results to strengthen
beneficial behaviors, suppress harmful ones, and adapt future
decision-making.

The first role of this module is action strengthening and
weakening. For historical factors or actions that are repeatedly
associated with positive long-term outcomes, the robot should
increase their likelihood of being selected in similar future
contexts. Conversely, for behaviors that are linked to unsafe,
inefficient, or failed outcomes, the robot should reduce their
future influence. Unlike conventional immediate-feedback up-
dates, however, the present framework relies on corrected
and possibly revised reward signals. This means that policy
adjustment is based not only on what appeared beneficial at
one moment, but on what remained beneficial after delayed
analysis, attribution, and self-correction. As a result, the robot
learns from more reliable experience rather than from raw
short-term impressions alone.

Let h; denote a historical action-related factor at time #, and
let Rff 7 denote its effective revised learning signal. Then,
in abstract form, the policy update seeks to increase the
preference for factors with larger positive Rff ! and decrease
the preference for factors with negative Rff Ioa mg(a | s)
denotes the robot policy parameterized by 6, the update may
be conceptually expressed as

0 — 0+yVoU(0; RV,

where 7 is the learning rate and U/ (-) is a policy optimization
objective driven by the effective revised reward. The exact
form of U is left open, since the proposed framework is
intended to be compatible with different underlying learning
backbones rather than restricted to a single training algorithm.

The second role of the module is correction-oriented be-
havior adaptation. This is another important difference from
standard reinforcement learning. If later evidence shows that
a previously preferred action was actually based on mistaken
attribution or incomplete reward evaluation, the system should
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not merely stop reinforcing it; it should explicitly adapt away
from it. Similarly, if a previously suppressed behavior is
later found to have contributed positively under long-horizon
analysis, the system should recover or strengthen that behavior
again. Thus, policy adaptation under the proposed model is in-
herently bidirectional: it supports both reinforcement of correct
historical conclusions and correction of previously mistaken
behavioral tendencies. This property is particularly important
for autonomous robots in nonstationary environments, where
earlier assumptions may lose validity over time.

In addition to parameter-level policy adjustment, the frame-
work also supports behavior-level adaptation. That is, the robot
may modify not only the probability of selecting low-level
actions, but also higher-level behavioral structures such as
planning preferences, safety thresholds, diagnostic routines,
exploration strategies, or intervention policies. For example,
if internal reasoning repeatedly reveals that certain classes
of plans tend to create delayed safety risks, the robot may
adapt by increasing caution in those contexts. If repeated
intervention confirms that some type of self-check is valuable
before action execution, the robot may incorporate that self-
check into future behavior more systematically. Therefore, the
update process applies not only to primitive actions but also to
broader decision procedures that shape long-term autonomy.

To express this more generally, let

B ={b1,bs,...,bm}

denote the set of updateable behavior components, which
may include low-level actions, reasoning patterns, planning
routines, safety constraints, and intervention strategies. The
system updates these components according to their effective
learning signals:

b; «T(b;, Rl-eff,fi),

where Rff /" is the revised effective reward associated with
component b;, and &; denotes contextual information or con-
straints relevant to updating that component. This generalized
formulation reflects the fact that autonomous improvement
in robots often requires coordinated adaptation across both
physical behavior and internal decision mechanisms.

Another important aspect of this module is stability control.
Because the proposed framework allows reward revision and
repeated self-correction, the update mechanism should avoid
overreacting to a single uncertain revision. Instead, behavioral
changes should reflect both reward magnitude and evidential
reliability. Hence, updates may be weighted by confidence,
stability, or revision consistency, so that strongly supported
conclusions exert greater policy influence than provisional or
weakly supported ones. This reduces the risk of oscillatory
learning caused by premature or uncertain corrections.

Overall, the policy and behavior update module closes the
learning loop of the proposed framework. It converts au-
tonomous data collection, delayed analysis, attribution, reward
generation, reward revision, and intervention-based verifica-
tion into concrete future behavioral improvement. Through
this module, the robot can progressively strengthen benefi-
cial actions, suppress harmful ones, correct earlier mistaken

tendencies, and refine both its external behavior and internal
decision procedures. As a result, the entire framework supports
long-term autonomous adaptation in a way that is more ro-
bust, self-corrective, and causally informed than conventional
immediate-reward learning.

IV. VERIFICATION
A. Experimental Setup

To verify the effectiveness of the proposed framework,
we design three experiments corresponding to its three core
capabilities: delayed outcome handling, internal reward ef-
fectiveness, and revisable reward correction. All experiments
are conducted in a simulated autonomous robot environment,
where the robot continuously interacts with the environment,
observes delayed consequences, and updates its behavior with-
out human-provided reward labels during execution.

The environment is designed to exhibit three common
properties of real autonomous systems. First, some action
consequences are delayed and only become visible after
several later transitions. Second, some task outcomes depend
not only on external execution but also on internal reasoning
quality. Third, some early reward judgments are made under
incomplete evidence and may need later correction. During
operation, the robot records external observations, executed
actions, reasoning-related states, and trace information, form-
ing the full-process trajectory used for delayed-result analysis,
self-reward generation, and reward revision.

We compare the proposed framework with the following
baselines:

« Immediate External Reward (IER): reward is assigned
only according to immediately observable external out-
comes.

« Delayed External Reward (DER): reward is assigned
after delayed observation, but without internal reward or
reward revision.

« Fixed Internal-External Reward (FIER): both external
and internal reward are considered, but once assigned,
reward is never revised.

o Proposed Method: the full framework with delayed
outcome backtracking, internal-external self-reward gen-
eration, and revisable reward correction.

For delayed-outcome handling and revisable reward correc-
tion, the proposed method is instantiated with LLM-assisted
reasoning. In the delayed-outcome experiment, the LLM re-
ceives a structured historical trajectory window and predicts
the most likely historical action responsible for the delayed
failure. In the revisable-reward experiment, the LLM receives
the initial reward judgment together with later evidence and
decides whether the stored reward sign should be retained
or revised. For internal reward verification, the comparison
focuses on the behavioral effect of introducing internal reward
into the learning process.

We use attribution accuracy and wrong attribution rate
for delayed-outcome verification; success rate, safety score,
and average total reward for internal-reward verification; and
reward correction accuracy, persistent wrong reward rate, and
final policy quality for revisable-reward verification.
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TABLE I
RESULTS OF DELAYED OUTCOME VERIFICATION UNDER LLM-ASSISTED
BACKTRACKING

Method Attribution Accuracy (%)  Wrong Attribution Rate (%)
TIER 0.0 100.0
DER 15.9 84.1
Proposed Method 38.4 61.6

B. Verification of Delayed Outcome Handling

This experiment tests whether the proposed framework can
correctly associate a delayed outcome with the historical action
that actually caused it. The simulator constructs delayed-
result episodes in which some risky actions do not produce
immediate failure but instead trigger latent effects that only
become observable several steps later. For each delayed event,
the simulator records the true responsible historical action,
enabling direct quantitative evaluation.

In the current LLM-instantiated setting, the experiment
is conducted over 120 episodes and produces 477 delayed-
result events, averaging about 3.98 delayed events per episode.
IER attributes the outcome only to the most recent action,
DER attributes the outcome within a short delayed window,
and the proposed method performs LLM-assisted temporal
backtracking over stored full-process traces.

Table I reports the overall results. The proposed method
achieves an attribution accuracy of 38.36%, clearly outper-
forming DER (15.93%) and IER (0.00%). Its wrong attribution
rate is correspondingly reduced to 61.64%, compared with
84.07% for DER and 100.00% for IER. These results show
that immediate reward assignment is fundamentally unsuitable
for delayed-outcome settings, while simple delayed assign-
ment without structured backtracking remains limited.

Figure 1 shows the attribution-accuracy curve. The proposed
method maintains a clear advantage over both baselines across
evaluation checkpoints, indicating that explicit trajectory-
based backtracking remains useful even when attribution is
delegated to an LLM instead of a hand-crafted scoring rule.
A closer inspection by delay length further shows that DER
performs slightly better only for very short delays, whereas
the proposed method becomes superior for delays 3-8, where
true delayed causal reasoning is required.

Delayed Outcome Verification: Attribution Accuracy
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Fig. 1. Attribution accuracy in delayed outcome verification.

Revisable Reward Verification: Reward Correction Accuracy
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Fig. 2. Reward correction accuracy in revisable reward verification.
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Fig. 3. Safety score in internal reward verification.

C. Verification of Internal Reward Effectiveness

The second experiment examines whether internal reward
provides useful learning signals beyond external outcomes
alone. The task is designed to be partially observable and risk-
sensitive: a robot may complete the task quickly while still
relying on unsafe or poor-quality internal decisions, whereas
internal reasoning may identify hidden risk or better strategies
before external consequences fully appear.

Three methods are compared: DER, FIER, and the proposed
method without reward revision. The evaluation uses success
rate, safety score, and average total reward. As shown in
Table II, DER achieves the highest success rate at 100.0%,
but its safety score is only 66.1, and its average total reward
is 24.5. Once internal reward is introduced, both FIER and
the proposed method become much safer and obtain higher
overall reward quality. FIER reaches a safety score of 96.5 and
an average total reward of 33.2, while the proposed method
without revision further improves these values to 98.5 and
36.2, respectively.

These results indicate that external-only reward tends to
encourage aggressive task completion while ignoring hidden
safety costs. This explains why DER obtains perfect task
completion but much poorer safety-related performance. By
contrast, internal reward makes the learning signal more sen-
sitive to reasoning quality and hidden risk. The gain in safety
score from 66.1 for DER to 96.5 for FIER and 98.5 for the
proposed method confirms that internal reward helps the robot
value beneficial cognitive activities such as early risk detection



JOURNAL OF I4TEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015

Internal Reward Verification: Average Total Reward
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Fig. 4. Average total reward in internal reward verification.

TABLE I
RESULTS OF INTERNAL REWARD VERIFICATION

Method Success Rate (%)  Avg. Reward  Safety Score
DER 100.0 24.5 66.1
FIER 93.3 332 96.5
Proposed w/o Rev. 83.3 36.2 98.5

and goal-consistent planning.

Figure 3 and Figure 4 further illustrate the effect of internal
reward. The safety-score curve shows a large and stable ad-
vantage for methods with internal reward, and the total-reward
curve shows that the proposed method achieves the highest
overall behavior quality despite a lower pure completion rate
than DER. This means that success rate alone is insufficient for
evaluating long-horizon autonomous learning in risk-sensitive
settings.

D. Verification of Revisable Reward Mechanism

The third experiment evaluates whether the proposed revis-
able reward mechanism can correct earlier reward judgments
when later evidence reveals that the original evaluation was
incomplete or wrong. The environment intentionally includes
misleading short-term outcomes: some actions appear benefi-
cial initially but later cause hidden failure, while others appear
unfavorable at first but later prove beneficial.

In the current LLM-instantiated setting, FIER keeps the ini-
tial reward sign fixed, whereas the proposed method provides
the LLM with the initial reward judgment and later evidence
and asks it to determine whether the reward sign should be
revised. Table III reports the results. The proposed method
achieves 100.0% reward correction accuracy, compared with
51.23% for FIER. At the same time, its persistent wrong
reward rate is reduced from 48.77% to 0.0%, and final policy
quality improves from 24.43 to 27.69.

These results show that fixed reward is strongly affected
by early misjudgment. Because FIER never revises its initial
reward assignment, nearly half of its stored reward judgments
remain inconsistent with the true long-term direction. In con-
trast, the proposed framework uses later evidence to update
earlier reward judgments through LLM-assisted revision, fully
eliminating persistent wrong reward in the current controlled
setting. Although the increase in final policy quality is smaller

TABLE III
RESULTS OF REVISABLE REWARD VERIFICATION UNDER LLM-ASSISTED
REWARD REVISION

Method Corr. Acc. (%) Wrong Rate (%)  Policy Quality
FIER 51.2 48.8 244
Proposed 100.0 0.0 27.7

in magnitude than the correction-related gains, it still demon-
strates that reward revision yields a measurable behavioral
benefit rather than only a bookkeeping improvement.

Figure 2 shows the reward-correction-accuracy curve. The
gap between FIER and the proposed method remains large
throughout the evaluation, showing that once delayed evidence
is available, revisable reward can reliably overwrite misleading
early judgments and align learning with long-term task value.

E. Discussion

The three experiments jointly support the main design
objectives of the proposed framework. First, delayed-outcome
handling shows that autonomous robots should not rely only
on immediate reward assignment: the proposed method im-
proves attribution accuracy from 15.93% for DER and 0.00%
for IER to 38.36%. Second, internal reward shows that ex-
ternally observable outcomes alone are insufficient: compared
with DER, the proposed method improves safety score from
66.1 to 98.5 and average total reward from 24.5 to 36.2. Third,
revisable reward shows that reward should not be treated as
a fixed one-time label: compared with FIER, the proposed
method improves reward correction accuracy from 51.23% to
100.0% and reduces persistent wrong reward rate from 48.77%
to 0.0%.

Taken together, these results indicate that autonomous robot
learning benefits from treating reward generation as a con-
tinuous process rather than a static event. The proposed
framework continuously collects evidence, analyzes delayed
consequences, incorporates internal cognitive quality, and re-
vises earlier judgments when needed. This makes the learn-
ing process more consistent with open environments, where
causality is often delayed, partially observable, and subject to
reinterpretation.

The current verification still has limitations. All experiments
are conducted in simulation, which cannot fully represent
real robotic deployment. The quality of LLM-instantiated
reasoning also depends on prompt design and the effective
historical context window, as reflected by the degradation of
delayed-outcome attribution when the causal distance becomes
too large. Moreover, the internal reward design remains partly
task-dependent, and revisable reward introduces additional
computational overhead because it requires storing historical
traces and repeatedly re-analyzing earlier judgments. Future
work should therefore examine more efficient implementations
and more realistic physical-robot evaluations.

V. CONCLUSION

This paper presented a continuous result-driven self-reward
and correction framework for autonomous robots operating
without human-provided reward annotation during long-term
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execution. The framework enables a robot to collect full-
process experience, discover delayed outcomes, trace them
back to historical actions and reasoning processes, gener-
ate internal-external self-reward, and revise earlier reward
judgments when later evidence becomes available. In this
way, autonomous learning is treated as a continuous closed-
loop process rather than as a fixed immediate action—reward
mapping.

The verification results showed that the proposed framework
improves delayed-outcome attribution, strengthens safety-
aware learning through internal reward, and effectively cor-
rects misleading early reward judgments through revisable
reward correction. These findings suggest that continuous self-
reward and self-correction provide a promising direction for
long-horizon autonomous robot learning in complex environ-
ments.

Future work will extend the framework to more realistic
physical robotic systems, more open-ended environments, and
more efficient large-model-assisted reasoning under longer
historical contexts.
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