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Abstract

Language-conditioned autonomous agents rely on natural language to represent internal state, reason
about goals, and select actions. Despite recent advances in reasoning and planning, such agents
remain unreliable in long-horizon tasks. In this work, we identify state drift as a fundamental and
underexplored failure mode, characterized by persistent divergence between an agent’s internal textual
state and the true environment state over time. We study state drift through controlled experiments
with language-driven agents operating in long-horizon settings. By comparing fact-level internal belief
representations against ground-truth environment states across sequential interactions, we show that
state drift can arise and persist even when individual reasoning steps are locally coherent and logically
valid. This indicates that long-horizon failures cannot be explained solely by step-wise reasoning
errors. Moreover, we find that increasing context capacity does not mitigate state drift in deterministic
environments, suggesting that the phenomenon is not simply a consequence of limited memory or
forgetting. Instead, our results point to a structural limitation of using natural language as an internal
state representation. Ensuring semantic state consistency over extended horizons thus emerges as a
distinct and unresolved challenge for language-conditioned autonomy, with important implications
for the design and evaluation of reliable autonomous agents.

Keywords: state drift; language-conditioned agents; autonomous agents; long-horizon reasoning;
state consistency

1. Introduction

Language-conditioned autonomous agents have emerged as a promising paradigm for building
flexible and general-purpose Al systems [1,2]. By representing goals, observations, and intermediate
reasoning steps in natural language, these agents can leverage powerful language models [3-5] to
perform planning, tool use [6,7], and decision making across a wide range of tasks. This approach
has enabled rapid progress in areas such as task automation, interactive assistants, and simulated
autonomy [8,9]. Despite these advances, language-conditioned agents continue to struggle in tasks
that require sustained interaction over long horizons. Empirical evidence shows that agents may begin
tasks correctly, produce plausible reasoning chains, and yet fail in later stages due to inconsistencies
between their internal beliefs and the actual environment [10]. These failures are often attributed to
hallucination [11-13], limited context windows [14-16], or insufficient reasoning depth [17,18].

In this paper, we argue that such explanations are incomplete. We introduce state drift as a distinct
failure mode in language-conditioned autonomous agents, referring to the emergence and persistence
of misalignment between an agent’s internal textual representation of state and the true environment
state. Unlike isolated hallucinations or reasoning errors, state drift may remain undetected by the
agent itself while progressively undermining long-horizon task execution. We present a systematic
study of state drift in language-driven agents operating in controlled long-horizon tasks. Our results
show that state drift emerges even under deterministic conditions and persists across different agent
configurations. Importantly, we find that increasing context capacity alone does not reliably prevent
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state drift, indicating that this failure mode is not simply a consequence of limited memory or forgetting.
These findings highlight state consistency as a critical and underexplored challenge in the design of
language-conditioned autonomous systems.

1.1. Key Contributions
This work makes the following contributions:

*  We identify state drift as a distinct failure mode in language-conditioned autonomous agents,
characterized by persistent misalignment between an agent’s internal textual state and the true
environment state over long horizons.

*  We provide a formal problem formulation of state drift and introduce a simple, interpretable
metric for measuring state misalignment over time.

¢  Through controlled experiments in long-horizon, text-based environments, we empirically demon-
strate that state drift can arise even when local reasoning steps remain coherent and logically valid.

*  We show that increasing context capacity alone does not mitigate state drift in deterministic
settings, indicating that this failure mode is not simply a consequence of limited memory or
forgetting.

1.2. Scope and Boundaries of This Study

The goal of this work is to identify and characterize state drift as a failure mode in language-
conditioned autonomous agents, rather than to propose mitigation strategies. Accordingly, our
experiments are conducted in controlled, text-based environments that allow direct access to ground-
truth state and precise measurement of internal state misalignment. While this setting is intentionally
simplified, it enables isolation of state drift dynamics without confounding factors such as perception
noise or stochastic environment transitions.

We focus on deterministic task settings and a limited set of agent configurations to study state
drift as a structural phenomenon. Our findings should therefore be interpreted as evidence of the
existence and impact of state drift, rather than as an exhaustive evaluation across models, tasks, or
domains. Investigating mitigation mechanisms, stochastic environments, and more complex agent
architectures is left for future work.

2. Related Work
2.1. Language-Conditioned Autonomous Agents

Recent advances in large language models [19-21] have enabled a new class of autonomous agents
that use natural language as an internal medium for reasoning, planning, and decision making [22].
These language-conditioned agents represent goals, observations, intermediate states, and action
plans in textual form, allowing a single model to flexibly operate across diverse tasks. Prior work
has demonstrated that such agents can perform multi-step reasoning [23-25], tool use, and task
decomposition without task-specific training, often by leveraging chain-of-thought reasoning and
prompt-based control.

Despite their flexibility, language-conditioned agents remain fragile in long-horizon settings.
Empirical studies have shown that while agents often perform well in short tasks, their performance
degrades as task length increases [26,27]. This degradation has commonly been attributed to limitations
in reasoning depth, context window size, or the accumulation of hallucinations. In contrast, our work
focuses on a different aspect of agent failure: the ability to maintain an accurate and consistent internal
representation of task state over time, independent of local reasoning correctness.

2.2. Memory, Belief, and State Representation in LLM-Based Agents

To address long-horizon challenges, many agent architectures incorporate explicit memory mech-
anisms [28], such as external memory buffers, episodic recall systems, summarization modules, or
retrieval-augmented generation [29-31]. These approaches aim to preserve relevant information
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beyond the fixed context window of language models and enable agents to reason over extended
interaction histories. Techniques including memory compression, hierarchical summarization, se-
lective retrieval, and tool-based state storage have been proposed to manage growing volumes of
interaction data.

While such methods improve scalability, they introduce challenges related to information loss
and semantic distortion. Summarization and compression are inherently lossy processes, and small
inaccuracies introduced during state updates may accumulate over time. Unlike classical agents that
maintain structured belief states [32] or probabilistic world models, language-conditioned agents
rely on unstructured textual representations that lack explicit guarantees of consistency. Prior work
has primarily evaluated memory systems based on task success, retrieval accuracy, or recall fidelity,
without explicitly analyzing how an agent’s internal belief state diverges from the true environment
state during long-horizon execution. Our work directly examines this divergence and frames it as a
distinct failure mode.

2.3. Failure Modes in Autonomous and Interactive Agents

The reliability of autonomous agents has been studied through various lenses, including halluci-
nation, error propagation, and compounding planning mistakes. Hallucination refers to the generation
of incorrect or unsupported statements, while error propagation describes how early errors influence
later decisions. Other work has analyzed brittleness in planning, tool misuse, and sensitivity to prompt
variations [33].

Although these studies provide valuable insights, they often treat failures as isolated events or
focus on observable output errors. In contrast, state drift describes a gradual and often hidden process
in which the agent’s internal belief state becomes increasingly misaligned with the environment, even
when individual reasoning steps remain locally coherent. This distinction is particularly important for
language-conditioned agents, where internal state is represented in natural language and may appear
plausible and self-consistent despite being incorrect with respect to the external world.

2.4. Long-Horizon Reasoning, Context Limitations, and Partial Observability

Several lines of work have investigated the limitations of long-horizon reasoning in language
models, including analyses of context window constraints, attention dilution, and retrieval noise.
Expanding context windows and retrieval-augmented approaches have been proposed as solutions to
long-horizon tasks, under the assumption that access to more information improves reasoning fidelity.

However, recent evidence suggests that increasing context alone does not guarantee improved
performance and may even degrade reasoning quality in some settings. Our work complements
these findings by showing that long-horizon failures can arise even when relevant information is
present in the agent’s context. Specifically, we demonstrate that misalignment between internal textual
state and environment state can accumulate under partial observability and unobserved environment
transitions, independently of context size. This highlights the need for mechanisms that explicitly
verify and maintain state consistency, rather than relying solely on increased memory or retrieval.

2.5. Positioning of This Work

Prior research on language-conditioned autonomous agents has largely emphasized reasoning
capability, memory capacity, and context management as primary determinants of long-horizon
performance. We argue that these factors do not fully explain observed failures in autonomous agents.
By introducing and empirically analyzing state drift, we identify a failure mode that is orthogonal to
reasoning correctness, memory size, and retrieval fidelity. Our work complements existing studies by
shifting the focus from how agents reason to how accurately they maintain and update their internal
representations of the world over time.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202601.0910.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 January 2026 d0i:10.20944/preprints202601.0910.v1

40f15

3. Problem Formulation: State Drift in Language-Conditioned Agents

We consider a language-conditioned autonomous agent interacting sequentially with an environ-
ment over a finite horizon of T steps. At each time step t € {1,...,T}, the environment occupies a
true state s; € S, which evolves according to environment dynamics that may be partially observable
to the agent. The agent receives an observation o; € O, maintains an internal representation of state,
and selects an action 4; € A.

Unlike classical agents that maintain structured belief states, language-conditioned agents repre-
sent internal state primarily in natural language. This internal state may include textual summaries
of past observations, inferred beliefs about the environment, intermediate goals, and tool outputs.
We denote the agent’s internal textual state at time ¢t as $;, which is intended to approximate relevant
aspects of the true environment state s;.

State Drift in Language-Conditioned Autonomous Agents
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Figure 1. The environment maintains a true state s; (left), while the agent maintains an internal textual state
§; (right) used for reasoning and action selection. Although the agent’s reasoning remains locally coherent at
each step, incremental state updates introduce small inconsistencies that accumulate over time. The resulting
divergence, quantified by D(s;, §;) and cumulative drift Ar, leads to long-horizon failure.

3.1. Agent State Update

At each time step, the agent updates its internal state based on prior internal state, new observa-
tions, and previous actions. We abstract this update process as

8= f(84—1,0t, 1), (1)
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where f(-) represents the agent’s state update mechanism, typically implemented via a language
model conditioned on textual context and memory. Importantly, this update process is lossy: 3; is a
compressed and abstracted representation of s, rather than a complete encoding.

3.2. Language-Conditioned Internal State

In language-conditioned agents, §; is expressed in natural language rather than a structured
symbolic or probabilistic form. As a result, 3; is subject to ambiguity, semantic compression, and
imprecision. While such representations enable flexible reasoning and generalization, they also
introduce the possibility of misalignment between the agent’s internal beliefs and the true environment
state, particularly under partial observability and delayed feedback.

We emphasize that §; may remain locally coherent and internally consistent from the agent’s
perspective, even when it no longer accurately reflects s;. This distinction is central to the failure mode
we study.

3.3. Definition of State Drift

We define state drift as the emergence and persistence of divergence between the true environment
state s; and the agent’s internal textual state §; over time. To formalize this notion, we introduce a
discrepancy function

D(s,8) : S x S — Ry, 2)

which measures the degree of misalignment between the environment state and the agent’s internal
representation. In practice, D(-) may be instantiated using fact-level mismatches, semantic similarity
measures, or task-specific state comparisons.

State drift occurs when D(s;, §;) exhibits sustained non-zero values or persistent misalignment
over time, even when the agent’s local reasoning steps remain logically coherent.

3.4. Cumulative Drift

To capture the long-horizon nature of this phenomenon, we define cumulative state drift as

T
AT = 2 D(St,§t). (3)
t=1

This quantity reflects the total misalignment accumulated during an episode and provides a scalar
summary of long-horizon state inconsistency.

3.5. Distinction from Related Failure Modes

State drift is distinct from several commonly discussed failure modes in language-conditioned
agents. Unlike hallucination, which refers to the generation of incorrect statements at a given time step,
state drift is a gradual process that may not be immediately observable. Unlike planning or reasoning
errors, state drift can occur even when individual reasoning steps are locally valid. Finally, state drift
is not solely a consequence of limited context length; increasing context capacity alone does not, in
general, prevent its emergence or persistence.

This formulation isolates state drift as a structural limitation of language-conditioned autonomy,
motivating empirical investigation into its prevalence and impact on long-horizon agent behaviour.

4. Experimental Setup

The goal of our experiments is to empirically investigate the emergence and impact of state drift
in language-conditioned autonomous agents operating over long horizons. We design controlled
environments in which the true environment state is observable to the experimenter, allowing direct
comparison with the agent’s internal textual state representation.
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4.1. Task Environments

We evaluate agents in two text-based, long-horizon task environments designed to induce partial
observability, delayed dependencies, and persistent state tracking.

Task 1: Sequential Task Execution.

The first environment requires the agent to complete a sequence of interdependent subtasks in a
fixed order (e.g., data collection, preprocessing, and analysis). The environment state includes atomic
facts describing task progress and completion status. Certain state changes are not explicitly restated
to the agent at every step, requiring the agent to accurately maintain internal beliefs about task state
over time.

Task 2: Resource Management Task.

The second environment introduces hidden resource availability constraints. In this setting, the
agent must reason about whether required resources remain available in order to complete the task.
Crucially, resource availability may change independently of the agent’s actions and is not always
directly observable, creating opportunities for persistent belief misalignment.

At each time step ¢, the environment maintains a ground-truth state s; composed of a set of
atomic facts (e.g., task progress, resource availability, goal status). The agent receives a partial textual
observation o; derived from s;, performs reasoning based on its internal state, and outputs an action
at that may modify the environment state. This design enables precise measurement of state drift by
comparing the agent’s internal textual representation with the known ground-truth state at each step.

4.2. Language-Conditioned Agent

The agent follows a standard language-conditioned autonomy loop. At each time step, the agent
maintains an internal textual state §;, which summarizes relevant past observations, inferred beliefs,
and intermediate goals. This internal state is incrementally updated and used as context for subsequent
reasoning and action selection.

Conceptually, the agent architecture consists of:

* aninstruction-tuned language model responsible for reasoning and decision making,
* atextual memory or scratchpad that stores the internal state,
* an action selection mechanism that maps language outputs to discrete environment actions.

We treat the language model as a black box and do not rely on model-specific internals.
All experiments are conducted using deterministic decoding to isolate state drift effects from
sampling variability.

Model Instantiation:

In our experiments, the language-conditioned agent is instantiated using an instruction-tuned
large language model. Specifically, we use the google/gemma-2b-it model for all reported results. The
model is used in inference-only mode with deterministic decoding, and no task-specific fine-tuning is
performed. This setup allows us to isolate state drift dynamics from stochastic generation effects or
training artifacts.

4.3. Agent Variants

To isolate the effect of context capacity, we evaluate two agent variants:

1.  Baseline Agent: An agent with a fixed-size internal textual state that is incrementally updated at
each time step.

2. Extended-Context Agent: An agent with increased context capacity, allowing a larger portion of
prior internal state to be retained across time steps.

Both agents use identical reasoning prompts and action selection mechanisms; they differ only in
the amount of contextual information retained.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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4.4. Measuring State Drift

At each time step, we extract the agent’s internal textual state §; and compare it to the true
environment state s;. The environment state is represented as a set of atomic facts, while the internal
textual state is converted into a comparable fact set using simple rule-based extraction.

We compute the fact-level drift metric D(s;, $;) defined in Section 3, which measures the propor-
tion of environment facts that are missing or incorrect in the agent’s internal representation. This metric
allows us to track the evolution of state drift over time and to relate cumulative drift to task outcomes.

4.5. Evaluation Protocol
For each task, agents are run until task completion or failure. We record:

® the state drift metric at each time step,

e cumulative drift over the episode,

e task success or failure,

e  qualitative logs of intermediate reasoning steps.

All experiments are conducted using fixed prompts and deterministic settings to reduce vari-
ability and isolate state drift effects. Each agent configuration is evaluated across both task envi-
ronments and multiple time steps, enabling controlled analysis of drift dynamics under different
long-horizon conditions.

5. Results

We present empirical results demonstrating the emergence and impact of state drift in language-
conditioned autonomous agents operating over long horizons. Our analysis focuses on three questions:
(1) whether state drift accumulates over time, (2) whether drift occurs independently of local reasoning
coherence, and (3) whether increasing context capacity mitigates drift.

5.1. State Drift Accumulates Over Time

Figure 2 shows the evolution of the fact-level drift metric D(s¢, $¢) as a function of time for
representative task instances. Across both tasks, we observe the emergence and persistence of state
drift as the episode progresses. In early stages of each task, the agent’s internal textual state closely
matches the true environment state. As interactions accumulate, discrepancies emerge and persist,
reflecting increasing misalignment between internal belief and environment state.

State Drift Over Time
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(a) State drift over time for Task 1

Figure 2. Cont.
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State Drift Over Time (Task 2: Resource Management)
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(b) State drift over time for Task 2

Figure 2. Evolution of the fact-level state drift metric over time for representative task instances. In both tasks,
state drift emerges early and persists throughout the episode, illustrating the cumulative nature of misalignment
between the agent’s internal textual state and the true environment state.

Notably, drift increases gradually rather than abruptly, suggesting that failures do not arise from
isolated errors but from the accumulation of persistent misalignment over time. In both tasks, task
failure is observed only after sustained state drift has developed, highlighting the close relationship
between long-horizon reliability and the agent’s ability to maintain an accurate internal representation
of environment state.

5.2. Reasoning Coherence vs. State Alignment

To distinguish state drift from reasoning failure, we analyze the agent’s intermediate reasoning
traces alongside state alignment metrics. Qualitative inspection of reasoning logs reveals that the agent
continues to produce logically coherent and contextually appropriate reasoning steps even as state
drift develops.

Figure 3 illustrates this decoupling by comparing a proxy measure of reasoning coherence
measured via the length of generated reasoning traces—with the state drift metric over time. Across
both tasks, reasoning trace length remains relatively stable, while state alignment progressively
degrades. This indicates that state drift is not simply a consequence of poor or inconsistent reasoning,
but instead reflects a breakdown in the agent’s ability to maintain an accurate internal representation
of the environment.
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Reasoning Coherence vs State Drift (Task 2)

0.50 F62.00
- 61.75 ~
(=
0.45 z
61.50 C
[«
a
<
&£ 0401 61.25 <
a ¢
) F61.00 ¢
-~ o
8 b5

)] 4

035 L 60.75 &
)
£
F60.50 &
0.30 A «
[
- 60.25 &

0.25 - 60.00

0 2 4 6 8 10 12 14
Time Step

(a) Reasoning coherence vs. state drift (Task 2)

Reasoning Coherence vs State Drift

0.50 +59.0
L 58.5 ~
=
c
0.45 3
58.0 O
c
(V)
S
& 0.40 - 575 ¢
5 3
o F57.0
- ful
8 2

2] 4

035 L 56.5 3
[@)]
£
F56.0 §
0.30 ©
()
L 55.5

0.25 +55.0

0 2 4 6 8 10 12 14
Time Step

(b) Reasoning coherence vs. state drift (Task 1)

Figure 3. Comparison of reasoning coherence and state drift across two task environments. In both tasks,
reasoning trace length remains relatively stable while state drift emerges and persists over time, demonstrating a
decoupling between coherent local reasoning and accurate internal state maintenance.

5.3. Effect of Context Capacity

A common hypothesis is that increasing context length or memory capacity should alleviate
long-horizon failures by preserving more information over time. To test this assumption, we compare
a baseline agent with an extended-context variant that retains a larger internal textual state. As shown
in Figure 4, increasing context capacity does not mitigate state drift in either task. Both agents exhibit
near-identical drift trajectories, with drift emerging at the same time and persisting throughout the
episode. This indicates that state drift in our setup is not caused by memory truncation or insufficient
context, but rather by persistent belief misalignment arising from unobserved environment changes.
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Context Length Ablation
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Figure 4. Context capacity ablation across two tasks. Increasing context length does not mitigate state drift: both
short- and long-context agents exhibit indistinguishable drift trajectories, with drift emerging at the same timestep
and persisting throughout the episode. This indicates that state drift is not caused by memory truncation but by
persistent belief misalignment.

5.4. Relationship Between Drift and Task Success

Finally, we examine the relationship between cumulative state drift and task outcomes. Figure 5
plots task success against cumulative drift Ar. In both evaluated tasks, we observe that episodes
accumulating persistent state drift consistently fail to complete the task. While task success does not
vary within our deterministic experimental setup, this result demonstrates that sustained state drift
is sufficient to induce task failure. Importantly, these failures often occur despite locally coherent
reasoning and seemingly correct action selection, supporting the interpretation of state drift as a
distinct failure mode that undermines long-horizon autonomy independently of reasoning quality.
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Figure 5. Relationship between cumulative state drift and task success across two tasks. In both Task 1 and Task 2,
episodes exhibiting sustained cumulative drift consistently fail to complete the task, demonstrating that persistent
state drift is sufficient to induce task failure even when local reasoning remains coherent.

5.5. Summary of Findings

Across all experiments, we find that (i) state drift emerges and persists over long-horizon inter-
actions, (ii) drift can occur even when local reasoning remains coherent, and (iii) increasing context
capacity alone does not eliminate drift. Together, these results provide empirical evidence that state
drift is a fundamental challenge for language-conditioned autonomous agents and must be addressed
explicitly to enable reliable long-horizon behaviour.

6. Analysis and Discussion

The results in Section 5 demonstrate that state drift emerges consistently in language-conditioned
autonomous agents and is sufficient to induce long-horizon task failure. In this section, we analyze
why state drift arises, why it persists despite increased context capacity, and what this implies for the
design of reliable autonomous agents.

6.1. Sources of State Drift

Our experiments suggest that state drift is not caused by a single failure event, but rather by the
accumulation of small inconsistencies during state updates. In language-conditioned agents, internal
state is represented as natural language text, which is inherently ambiguous and lossy. Each update
to the internal state involves abstraction, summarization, or reinterpretation of prior information,
introducing opportunities for semantic distortion.

Several factors contribute to this process. First, partial observability means that agents must infer
unobserved aspects of the environment, and these inferences may become outdated as the environment
evolves. Second, delayed feedback prevents immediate correction of incorrect beliefs, allowing
misalignment to persist across multiple steps. Third, memory compression and summarization, while
necessary for scalability, discard information that may later become relevant. Individually, these effects
may be minor, but over long horizons they compound into substantial state drift.

6.2. Why Reasoning Remains Coherent

A key finding of our study is that state drift can occur even when local reasoning steps remain
logically coherent. This apparent contradiction arises because reasoning coherence is evaluated relative
to the agent’s internal state, not the true environment state. As long as the internal state is self-
consistent, the agent can produce plausible and logically valid reasoning chains, even if those chains
are grounded in incorrect or incomplete beliefs.

This observation highlights an important limitation of evaluating agent behavior solely based on
reasoning traces or language outputs. An agent may appear competent and rational while operating
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on a progressively distorted representation of the world. State drift therefore represents a failure
of grounding rather than a failure of inference, and cannot be reliably detected through reasoning
quality alone.

6.3. Limits of Context Scaling

Increasing context length or memory capacity is often proposed as a solution to long-horizon
failures in language-conditioned agents. Our results show that increasing context capacity alone does
not mitigate state drift in deterministic settings. In both evaluated tasks, agents with extended context
exhibit drift trajectories that are indistinguishable from those of baseline agents, with drift emerging at
the same time and persisting throughout the episode.

Even with larger context windows, agents must still compress, prioritize, and reinterpret informa-
tion to maintain a usable internal state. These processes introduce structural biases that can lead to
persistent misalignment. As a result, increasing context capacity does not fundamentally address the
mechanisms that produce state drift.

6.4. State Drift as a Structural Limitation

Taken together, these findings indicate that state drift is a structural limitation of language-
conditioned autonomy. Unlike errors that can be addressed through improved reasoning procedures
or increased memory capacity, state drift arises from the interaction between language-based represen-
tation, partial observability, and long-horizon execution. This suggests that mitigating state drift will
require explicit mechanisms for state verification, grounding, and correction, rather than relying solely
on improved reasoning or increased context.

Importantly, state drift is not unique to a particular agent architecture or task. The abstraction
level of language representations makes similar failure modes likely to arise across a wide range
of language-conditioned systems. Recognizing state drift as a distinct phenomenon is therefore a
necessary step toward building more reliable autonomous agents.

6.5. Implications for Agent Design

Our analysis has several implications for the design of future language-conditioned agents.
First, internal state representations should be treated as hypotheses about the environment that
require periodic validation, rather than as authoritative records. Second, memory mechanisms should
prioritize state consistency in addition to information retention. Finally, evaluation protocols for
autonomous agents should include measures of state alignment over time, rather than focusing
exclusively on task success or reasoning quality.

These considerations suggest a shift in emphasis from purely improving reasoning capabili-
ties to explicitly managing the relationship between internal representations and external reality.
Addressing state drift may therefore be essential for enabling robust long-horizon autonomy in
language-conditioned systems.

7. Limitations and Future Work

This work represents an initial investigation into state drift in language-conditioned autonomous
agents, and several limitations should be acknowledged. First, our experiments are conducted in
controlled, text-based environments that allow direct access to ground-truth state. While this setting is
necessary for isolating and measuring state drift, it does not capture the full complexity of real-world
environments, where state may be noisy, continuous, or only partially observable to the experimenter.

Second, our analysis focuses on a limited set of agent configurations and task types. Although
consistent drift behavior is observed across the evaluated settings, broader validation across diverse
environments, interaction modalities, and agent architectures is required to assess the generality of
these findings. In particular, embodied agents and multi-agent settings may exhibit additional forms
of state drift not captured in this study.
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Third, the proposed drift metric relies on fact-level comparisons between internal textual state
and environment state. While this approach provides interpretability and experimental control, it
may not capture more subtle forms of semantic misalignment. Future work could explore richer
semantic representations, learned alignment measures, or hybrid symbolic-semantic metrics to better
characterize drift in complex tasks.

Finally, this work does not propose or evaluate explicit mitigation strategies for state drift. The
primary goal is to identify and characterize the phenomenon rather than to resolve it. Developing
mechanisms for state verification, correction, and grounding such as explicit consistency checks or
environment-aware memory updates remains an important direction for future research.

8. Conclusions

Language-conditioned autonomous agents have demonstrated impressive reasoning and plan-
ning capabilities, yet their reliability in long-horizon tasks remains limited. In this work, we identify
state drift as a fundamental failure mode in such agents, characterized by the divergence between an
agent’s internal textual state and the true environment state over time. Through controlled experiments,
we show that state drift emerges and persists even when local reasoning steps remain coherent and
despite increased context capacity.

Our findings suggest that long-horizon failures in language-conditioned agents cannot be fully
explained by reasoning errors, hallucinations, or context limitations alone. Instead, they point to a
structural challenge arising from the use of natural language as an internal state representation. By
formally defining state drift and empirically isolating its effects, this work highlights state consistency
as a first-class concern in the design and evaluation of autonomous agents.

We hope that this study encourages further research into mechanisms for maintaining alignment
between internal representations and external reality, and contributes to the development of more reli-
able language-conditioned autonomous systems capable of sustained interaction over long horizons.
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