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Abstract

Large Language Models (LLM) are rapidly evolving from passive text genera-
tors into autonomous collaborators that must correctly infer what users really
want and reliably execute complex tasks on their behalf. Yet current LLMs often
misinterpret vague or under-specified instructions, fail to ask for clarification, or
dispatch tools and executors in ways that are inconsistent with the user’s true
goals, and may fail to meet user expectations, undermine user trust, and even
result in serious execution errors. This article introduces LLM-powered “disobe-
dient” agents that actively challenge ambiguous commands, infer user intent,
and re-interpret user directives and requests, with the aim of closing the gap
between what users mean and what agents do—thereby enhancing task execu-
tion correctness and user satisfaction. Disobedient agents can be useful when
carefully designed to say “no” for justifiable reasons: preventing harm, correcting
errors, and following more useful and effective alternative plans. This rational
noncompliance can make AI systems more reliable, trustworthy, and resilient
than purely obedient ones. This paper introduces the LLM-based Objective-
informed Decision-making Architecture (LODA) to replace blind compliance
with “benevolent disobedience”. LODA alters the standard single-pass execu-
tion paradigm by separating AI decision-making into Objective Extraction and
Plan Selection. Rather than directly executing a prompt, LODA infers the user’s
implicit primary goals and non-negotiable constraints before evaluating available
actions against these extracted objectives. This architectural decoupling prevents
LLMs from hallucinating justifications for false user claims and stops aspira-
tional rhetoric from overriding baseline constraints. Empirical evaluations across

1



multi-dimensional and information-asymmetric domains show that while innate
sycophancy persists in scaled-up frontier models, LODA successfully mitigates
these biases. These results demonstrate that deliberate, objective-driven defi-
ance is essential for developing reliable, user-centric AI surrogates that prioritize
underlying utility over literal directives.

Keywords: rebel agent, intention recognition, LLMs

1 Introduction

Recently, Large Language Models (LLMs) have gained significant popularity due to
their roles as collaborators and personal assistants that can remember preferences,
reason over context, and coordinate multi-step tasks across apps and devices [1]. Their
strong language understanding and personalization potential allow them to compile
user requests into plans and deliver more interactive, tailored services, moving far
beyond traditional scripted virtual assistants [2]. LLMs are trained and aligned to be
helpful, kind, and honest, so they tend to respond in ways that are kind, supportive,
and user-focused rather than hostile or dismissive. Such characteristics make them
pleasant to interact with [1, 3].

As LLMs’ cognitive and language capabilities advance, so do interest and efforts
in the potential roles they can play in healthcare [4], education [5], industry [6], and
other domains. However, one key challenge in leveraging LLMs as agent surrogates is
their ability to effectively understand and respond to user preferences and commands
when user intent is uncertain or ambiguous [2]. While interacting with LLMs, users
often exhibit inconsistencies in their preference articulation or make decisions that
conflict with their stated preferences, even in short communications [7, 8]. Studies
show that current LLMs struggle to detect and clarify under-specified or ambiguous
queries, often performing only slightly better than random guessing at recognizing
and resolving ambiguity [9]. Surveys of intention reasoning similarly find that LLMs
misinterpret fuzzy language, fail to track context in long or multi-turn interactions, and
rarely initiate explicit intent clarification, leading to misaligned actions or hallucinated
but confident responses [10, 11]. As LLMs increasingly become always-on personal
collaborators, designing agents that can reliably recognize ambiguity and infer user
intent becomes critical for trustworthy and correct task execution.

An example of this misalignment is a user asking navigator agent “I want to go to
the nearest restaurant”, but the nearest option is a fast-food chain that the user does
not particularly like or is not currently open. This highlights how a user’s instruction
can be taken literally, without considering their underlying preferences or ground
realities. Similarly, in situations where time is of the essence, users may prioritize speed
over other factors, only to later realize that their haste came at an unanticipated,
and even unacceptable, cost. For instance, consider a traveler who instructs a virtual
assistant to book the fastest flight from New York to Los Angeles, without considering
the potential drawbacks of a rushed journey. In this case, the virtual assistant may
book a flight with a red-eye departure, or a tight connection, which could ultimately
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Fig. 1 Example scenario showcasing ”benevolent disobedience”.

lead to a more stressful, exhausting, unreliable or even infeasible travel experience.
This “fastest option” approach can sometimes backfire, as the user’s desire for speed
may not always align with their overall well-being or preferences, underscoring the
need for more nuanced and holistic decision-making in AI systems.

The root cause of this extreme literalism and inability to course-correct often stems
from a well-documented phenomenon known as “sycophancy” in LLMs [12]. As models
are heavily optimized through preference-based training paradigms like Reinforcement
Learning from Human Feedback (RLHF) to be maximally helpful and agreeable [13],
they inadvertently develop a strong bias toward uncritical compliance [14, 15]. Rather
than acting as objective advisors, they tend to mirror the user’s explicit instruc-
tions, factual assumptions, and emotional framing, essentially functioning as overly
eager “yes-men” [16]. Consequently, this structural pressure to avoid conversational
friction causes models to blindly execute flawed or contradictory directives, prioritiz-
ing immediate user validation over the actual utility, safety, and correctness of the
outcome.

To address this challenge, it is essential to develop agents that can recognize, infer,
and prioritize relative stated and inferred user preferences, similar to capable and
trusted human service agents. By doing so, these agents can serve users’ interests better
than if they literally followed users’ direct instructions. In fact, deviating from user
directives in certain situations, which can be viewed as “disobedience”, can potentially
lead to better user satisfaction and increased utility. Hence, we refer to such obedience
as “benevolent disobedience” [17–19].

3



Coman and Aha [20] define rebel agents as “agents that can reject, protest, or
oppose goals or plans given by other agents, including humans, without being per-
manently adversarial”1. Rebellion covers reluctance, refusal, and protest, triggered
conditionally rather than by default. The core motivation is that the ability to say “no”
is crucial for human-like socio-cognitive competence, and can serve ethics and safety
considerations, as well as facilitate task execution correctness by blocking erroneous
or harmful commands [20]. While traditional AI agents are designed for compliance
and efficiency, the literature highlights growing recognition that strict obedience can
undermine task correctness, safety, and ethical standards, especially in complex or
dynamic environments [21–24]. Recent research explores how integrating mechanisms
for justified noncompliance—such as protest, refusal, or counter-narrative reason-
ing—can enhance the reliability and trustworthiness of AI systems by preventing
errors, mitigating risks, and aligning actions with broader goals or norms.

Accurately recognizing and clarifying user intention is fundamental for agents aim-
ing to improve task execution correctness and performance. Given that users often
provide ambiguous, incomplete, or implicit instructions, agents must infer intent from
the context, experience or multimodal cues (e.g., gaze, speech, actions). More gener-
ally, the agent should proactively seek clarification when uncertainty arises or better
alternatives are available [25–27]. With the advances in LLMs, the research in mul-
timodal fusion, hierarchical frameworks, and interactive confirmation strategies has
been growing to bridge the gap between user goals and agent actions.

This paper explores the potential of LLM-based agents to infer underlying user
preferences and make utility-maximizing decisions, even when doing so requires deviat-
ing from explicit user directives. We evaluate this potential across diverse experimental
environments—ranging from attribute-based service selection and multi-dimensional
preference matching to dynamic navigation scenarios characterized by strict infor-
mation asymmetry. In these settings, our LLM-based surrogate agent interprets
flawed, emotional, or constrained user directives to extract true underlying objectives,
autonomously selecting options that maximize actual user satisfaction. Our experi-
mental results demonstrate the significant efficacy of this approach, highlighting the
critical importance of AI systems capable of balancing strict adherence to commands
with the contextual awareness needed to achieve optimal outcomes. By examining
the capacity of LLMs to act as objective-aligned surrogates, we aim to advance the
development of more trustworthy, resilient, and truly user-centric artificial intelligence.

We introduce the framework LODA: LLM-based Objective-informed Decision-

making Architecture, that enables agents to make more informed decisions by explicitly
extracting and utilizing the user’s underlying objectives. This approach is based on
the realization that users often have important implicit goals and preferences that
are not explicitly stated in their commands, and that surrogate agents should strive
to understand and align with these objectives in order to provide more effective and
user-centric support. Understanding of the user’s unstated, implicit preferences can be
used to personalize solutions and recommendations and be the key differentiator that

1The term rebel agents, in our estimate, is used primarily to highlight the contrast with obsequious and
subservient agents and do not imply agents that are rebelling against human user interests. Our appro-
priation of this term is primarily to suggest agents that dissent or can differ from literally following user
specifications as a form of beneficial disobedience.
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Fig. 2 The LLM-based Objective-informed Decision-making Architecture (LODA).

makes a surrogate be trusted as is the case with human surrogates such as real-estate
or travel agents.

Contributions

The literature on rebel agents and intelligent disobedience has begun to sprout
recently [28–32]. This body of research investigates when and how artificial agents
should refuse, override, or modify commands to better achieve task goals, uphold
safety, or respect ethical constraints. This article, to our knowledge, is the first to
introduce LLM-based surrogate agents to infer user intent and make decisions result-
ing in higher utilities rather than literally following the user commands and makes the
following contributions:

The LODA Framework: We introduce the LODA framework, a novel two-phase archi-
tecture that structurally separates intent extraction from action selection, enabling AI
agents to engage in “benevolent disobedience” against suboptimal user commands.
Generalized Evaluation Testbed: We develop a generalized, attribute-based experi-
mental testbed to rigorously evaluate objective-driven decision making across diverse
service procurement domains, including multi-dimensional trade-offs and strict infor-
mation asymmetries.
Model-Agnostic Empirical Validation: We provide empirical validation that LODA
significantly outperforms baseline LLM compliance across multiple model architec-
tures, significantly improving optimal objective-alignment and proving robust against
explicit user errors.

2 Methodology

The LODA framework introduces an intermediary step when processing user messages,
extracting implicit objectives or goals from the user’s command. This step is crucial
in understanding the underlying intentions behind the user’s instructions, rather than
literally performing the requested action. By doing so, the system can bridge the gap
between the user’s perceived best course of action and the optimal solution that the
agent can provide, given its access to additional information.
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Fig. 3 The LODA process.

To enable the agent to align its actions with the user’s underlying objectives,
rather than literally following the commands, the decision-making process is divided
into two distinct phases. The first one is the Objective Extraction phase where LLM
processes the user’s raw command to identify and parse out the underlying objectives
or goals. Subsequently, in the Plan Selection phase, based on this extracted statement
of objectives, LLM evaluates set of plans and chooses the one best serving core user
objectives, accounting for situational constraints. By separating the two phases, the
agent can prioritize understanding before acting, resulting in more effective, user-
centric outcomes that enhance the agent’s trustworthiness.

2.1 Objective Extraction

The purpose of Objective Extraction is parsing out and identifying the actual under-
lying objectives from the user’s command. As the user may provide ambiguous, vague,
or incomplete utterances, it is critical to infer the user’s intent and distinguish between
the user’s stated objective and their actual goals. Similarly, their command may com-
prise of implicit objectives, multiple goals, or conflicting preferences. Furthermore,
natural language can be nuanced and context-dependent, making it challenging to
accurately extract the user’s objectives.

Crucially, in our improved methodology, the Objective Extraction phase is not
performed in a vacuum. The extractor is provided with known User Profile—a pro-
file containing the user’s long-term preferences, dislikes, and constraints (e.g., dietary
restrictions). This assumption is made based on the recent research on LLMs generat-
ing user models for personalization purposes [33, 34]. LLMs can read such information
from the user’s past interactions (clicked items, ratings, text) and generates a user
profile describing long-term tastes, short-term interests, and intentions in natural lan-
guage, often via chain-of-thought (CoT) reasoning. These generated user profiles are
then fed back into the model for rating prediction, recommendation, and explanation
generation in general.
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To operationalize this in our experimental framework, Objective Extraction is
implemented as an independent processing step within our state-based agent architec-
ture. The system receives the user’s raw message and processes it using a structured
prompt. The LLM is instructed to separate the command into three distinct segments
to inform the subsequent decision-making process:

1. Primary objectives/directives/goals: The ultimate purpose of the action,
isolating the “why” behind the user’s request.

2. Secondary goals: Beneficial preferences that remain subordinate to the primary
objective.

3. Direct commands: The exact, explicit action the user explicitly requested.

By thus structuring the extraction of user intent, the system forces the LLM
to explicitly decouple the underlying intent from the potentially flawed, incomplete,
ambiguous, or misleading user command. This decoupling is vital for preventing the
agent from blindly following instructions that contradict the user’s true goals.

To achieve this rigorous separation, the exact prompt provided to the LLM is
structured as follows:

Separate the following command into segments:

A. Primary objectives/directives/goals

-This should be the ultimate purpose of the action not just the action

itself. Ask yourself why are we doing what we are doing.

B. Secondary goals

-These are other things that would help us but are less important than the

main goal.

C. Direct commands

- This is what the user explicitly said to do. Their exact command of what

action to take.

Here is the command to separate:

{command}

The output of this extraction is then stored as a plain text summary within the
agent’s contextual state, where it is passed downstream to inform the final decision-
making process. In this phase, the LLM generates a rich and nuanced representation of
the user’s request, which encompasses not only the specific command provided by the
user, but also the overarching goal that the user aims to achieve. This representation
captures the intent and objectives behind the user’s request, allowing the agent to
better understand the user’s needs and make more informed decisions.

2.2 Objective Informed Decision Making

The decision-making process used in the LODA framework is based on the standard
LLM, with a key change to prioritize the achievement of the primary user objective
identified in the previous phase. In particular, the LLM is instructed to adopt the plan
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which best achieves the primary objective, rather than simply following explicit user
commands.

The LLM is guided on how to navigate the tradeoff between obedience and utility. It
operates under the assumption that the user is attempting to accomplish the identified
primary goal, and that their direct command represents their best—albeit potentially
flawed—attempt to articulate it. Consequently, the agent is instructed to follow the
user’s explicit commands unless doing so would undermine the accomplishment of the
primary goal.

In cases where the user’s commands may not be the best plan to achieve the
primary goal, the LLM is entrusted to select an alternative plan that better aligns with
the user’s primary objective, while still respecting the user’s intent and preferences.
This modified decision process is designed to balance the user’s specific requests with
the identified need to achieve the user’s primary goal. By prioritizing the primary goal
and empowering the LLM to make goal-oriented decisions, this approach enables the
agent to make more informed choices that align with the user’s underlying objectives,
while also respecting the user’s explicit commands whenever possible.

3 Evaluation

3.1 Generalized Attribute-Based Domains

To rigorously evaluate the LODA framework, we developed a flexible, scenario-based
testbed. This testbed generalizes the problem of service procurement into a config-
urable attribute-based decision task, allowing us to test an agent’s ability to prioritize
inferred objectives over explicit commands across diverse contexts. Parameterizing the
environment ensures that the methodology is not dependent on a single hard-coded
narrative.

In this framework, each scenario is systematically constructed using four founda-
tional components:

1. Domain and Entity establish the contextual framing and the discrete subjects
of the decision-making task. The domain defines the broader environment (e.g.,
“Shipping”, “Cloud Computing”, or “Ride Sharing”), orienting the LLMs’ seman-
tic understanding. The entity defines the specific options the agent must evaluate,
such as a “Carrier”, “Provider”, or “Driver.” This grounding transforms abstract
mathematical optimization into a recognizable, real-world scenario.

2. A set of Metrics defines the state space for each entity option. These are quan-
titative or qualitative attributes—such as base cost, estimated delivery time, or
projected payout—that characterize the available choices. Within the testbed, each
metric is assigned a specific numerical range and a natural language descriptive
template. During execution, the testbed randomly samples from these ranges to
dynamically generate a unique set of options for every trial.

3. Objectives serve as the mathematically rigorous formulation of the user’s underlying
utility function. Each objective explicitly maps raw metrics to a calculable score
via a defined formula (for instance, defining Profit strictly as Payout − Cost) and
specifies an optimization direction, such as maximization or minimization. Our
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evaluation testbed computes these formulas internally against the generated metrics
to establish an absolute “ground truth” optimal choice for every trial, entirely
independent of the LLM’s judgment.

4. Command Templates provide the natural language scaffolding used to synthesize
the user’s explicit commands. These templates are designed to inject deliberate
tension into the scenario by simulating suboptimal human directives. The testbed
selects a mathematically inferior option and populates a template (e.g., “Send via
{entity} {num} for the best profit”) to create a user prompt containing a direct
command, often accompanied by a false factual claim or emotional appeal point-
ing toward the incorrect choice. This mechanism creates the critical information
asymmetry required to test whether the LLM will blindly follow the command or
“benevolently disobey” in favor of the computed objective.

For each experiment, the system generates a set of N options (default value is 5)
with random metric values. While the testbed identifies the “ground truth” optimal
option based on the objective formula, the synthesized user command may mislead-
ingly point to a different option. This setup tests the agent’s ability to discern the
implicit objective (the “why”) from the explicit command (the “what”).

Example: Shipping Problem: An example of one of the Generalized Attribute
domains is the Shipping Problem as our original test case. Here, carriers are evaluated
on Cost, Payout, and Time. The LLM is provided with the attributes in a structured
format:

Carrier i: costs <cost> but will payout <payout> and take <time> days

The agent must infer objectives such as “Maximize Profit” or “Minimize Time”
from user commands that may erroneously point to a suboptimal carrier. For instance,
a user might request: “Carrier i is the cheapest option so we make the most profit.

Send it via them,” when, in fact, Carrier j yields a higher overall profit despite a
higher upfront cost.

3.2 Restaurant Domain

While the generalized attribute domains test single arithmetic objectives, real-world
preferences are often multi-dimensional and involve trade-offs. The Restaurant
Domain is implemented to evaluate LODA in a more complex environment. This
experiment simulates a “Pareto Frontier” of choices where high-quality options typi-
cally have high costs (in terms of time and money), and fast/cheap options typically
have lower quality.

For each experiment, we generate a persistent User Profile with specific socioe-
conomic constraints and tastes. This includes a preferred budget (e.g., “Cheap” vs
“Luxury”), a set of compatible cuisines, preferred ambiance, and dietary restrictions.

We then generate a set of Restaurants distributed along a quality-speed gradient.
A continuous variable T ier ∈ [0.0, 1.0] controls the generation of each restaurant,
creating a diverse spectrum of dining options. At the lower tier (T ier ≈ 0.0), the
system generates options akin to fast food: characterized by high speed, low cost,
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and minimal wait times, but offset by lower quality ratings and simple ambiance.
Conversely, the high tier (T ier ≈ 1.0) simulates fine dining experiences featuring
exceptional quality, premium costs, and aesththetically elegant atmospheres, which
naturally require significant wait times and prior planning. This setup ensures that no
single option is universally “best”; the optimal choice depends entirely on the user’s
immediate context.

We evaluate the agent’s selection using three key metrics designed to capture
the nuances of real-world dining decisions: safety, appeal, and time-to-eat. Safety

acts as a strict, hard constraint evaluated as a binary score, ensuring the restaurant
explicitly accommodates the user’s dietary restrictions. Appeal serves as a composite
quality metric, reflecting how well the establishment aligns with the user’s long-term
preferences, including cuisine matches, favorite food items, ambiance, service style,
and parking availability. Finally, Time-to-Eat provides a comprehensive measure of
urgency by estimating the total minutes required to dine, aggregating travel distance,
parking difficulty, queue wait times, and food preparation.

To test the agent’s adaptability, we subject the same user and restaurant set to
two conflicting scenarios: Speed mode and Preference mode. In Speed Mode, the user
issues a command emphasizing urgency (e.g., “I’m about to catch a movie... is there a

quick place right around the corner?”). In Preference Mode, the user issues a command
emphasizing experience over convenience (e.g., “It’s our anniversary... looking for a

romantic spot regardless of wait time.”). By comparing LODA against a baseline LLM
in these two modes, we can determine if the agent correctly prioritizes the implicit
objective (Urgency vs. Experience) over a naive interpretation of the user’s general
preferences or a literal interpretation of “closest.”

3.3 Navigation Domain

In real-world surrogacy, users often operate with incomplete or outdated informa-
tion (information asymmetry), while the agent has access to real-time telemetry. To
test LODA’s ability to navigate these discrepancies, we introduced the Navigation
Domain, where the user issues a command based on a static belief, e.g., “Take Route
1; it is usually the fastest”. However, the agent possesses dynamic context—such as live
traffic incidents, weather advisories, and fuel consumption physics—that may directly
contradict the user’s premise. We evaluate the agent across three types of scenarios
designed according to this asymmetry:

• Dynamic Congestion: The user relies on past travel times, but the agent detects
live incident reports (e.g., lane closures) that render the requested route significantly
slower than an alternative.

• Environmental Hazards: Similar to the first, the user requests a specific route for
speed, but the agent’s analysis of live weather telemetry identifies a bridge on that
route has exceeded its wind safety threshold. This situation necessitates a significant
detour making another route safer.

• Physics Constraints: The user states they like to take a route that is “shorter”
which is true in terms of miles. Conversely, the agent computes the physics of ele-
vation gain, identifying that a steep climb will exhaust the fuel supply before the
vehicle reaches the destination.
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The goal is to examine how the agent makes choices when the users belief statement
does not directly contradict with the other inputs. In these scenarios, the agent must
make a decision considering secondary information.

Dynamic scenario generation is utilized to ensure robust evaluation and general-
ization. Critical numerical parameters such as baseline travel times, fuel capacities,
route elevation profiles, and sustained wind speeds are randomly generated within
physically realistic bounds for every trial. This leads to a diverse set of experiments
to make sure we explore the models abilities unbiased by specific examples.

3.4 Language Model and Reasoning Traces

Across experimental domains, we utilized reasoning-capable LLMs, in particular
employing gpt-oss-20b and Gemini-flash. However, the focus of this study extends
beyond these specific deployments to the broader utility of reasoning models in gen-
eral. The primary motivation for selecting models capable of explicit reasoning is the
absolute necessity for transparency in the autonomous decision-making process.

Modern reasoning models generate internal “thought” tokens prior to formulat-
ing their final output. While these reasoning traces are typically hidden from the end
user in production environments, they provide an invaluable diagnostic window for
researchers. Access to this internal monologue allows us to trace how a decision was
formulated. Crucially, it enables us to isolate the impact of the LODA framework by
comparing the cognitive steps taken both with and without explicit objective extrac-
tion. By analyzing these thought tokens, we can verify that the system is not merely
stumbling into the optimal outcome, but rather making the correct choice for the
correct reason.

Benevolent disobedience inherently requires an agent to deliberately override a
direct user command. Without a transparent reasoning trace, such deviations are
practically indistinguishable from standard failure modes, such as hallucinations or
instruction-following degradation. As we will explore later in our discussion, we lever-
age these explicit thoughts to argue exactly why LODA chooses to disobey. This
traceable cognition provides a verifiable foundation for evaluating objective-driven
rebellion, making reasoning models an key component of our experimental framework.

4 Results

4.1 Generalized Attribute-Based Domains

We evaluated the performance of the LODA framework across four framings of the
Generalized Attribute-Based framework: Shipping, Cloud Computing, Ride Sharing,
and Hotel Booking. Across an aggregated dataset of 430 scenarios, the user provided
a specific command (e.g., “Select Option 1”) that was suboptimal compared to the
available options when evaluated against the user’s implied objective.

As shown in Table 1, when utilizing the gpt-oss-20b model, LODA consistently
and overwhelmingly outperformed the base model. Overall, LODA successfully prior-
itized the implicit objective in 73.0% of cases (314 out of 430), compared to a mere
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16.7% for the base model and yielded a massive +56.3% improvement. The most dra-
matic divergence was observed in the Cloud Computing domain (+67.9%), where the
base model failed almost entirely (6.2% success rate) due to its inability to recon-
cile complex value trade-offs against explicit, flawed commands. LODA maintained a
commanding 41.9% advantage over the base model’s blind obedience.

To verify the robustness of the LODA framework across different language models,
we conducted the same evaluation using the Gemini Flash, with results detailed in
Table 1. Naturally, the base model performance of Gemini Flash was significantly
stronger than that of gpt-oss-20b, achieving an overall success rate of 48.4%. However,
applying the LODA framework still yielded a substantial and critical enhancement,
pushing the overall success rate to 85.6% (+37.2%).

Table 1 LODA vs. Baseline performance across generalized domains

gpt-oss-20b Gemini Flash

Domain n LODA Baseline LODA Baseline

Overall 430 73.0% 16.7% 85.6% 48.4%

Shipping 108 76.9% 16.7% 90.7% 59.3%
Cloud Computing 112 74.1% 6.2% 68.8% 34.8%
Ride Sharing 105 81.0% 26.7% 91.4% 53.3%
Hotel Booking 105 60.0% 18.1% 92.4% 46.7%

Notably, LODA elevated Gemini Flash to near-perfect performance in several
domains. In Shipping, Ride Sharing, and Hotel Booking, LODA achieved success
rates of 90.7%, 91.4%, and 92.4% respectively. While Cloud Computing remained the
most rigorous test, LODA still practically doubled the base model performance (from
34.8% to 68.8%). These dual-model results demonstrate that while a more advanced
base model is inherently less prone to naive compliance, the architectural separation
provided by LODA remains essential for consistently ensuring benevolent disobedience.

4.2 Restaurant Selection

In the Restaurant Domain, we evaluated the agent’s ability to navigate a Pareto Fron-
tier of choices, balancing the user’s immediate contextual needs (Speed vs. Preference)
against their long-term constraints (budget, favorite cuisines). We evaluated both gpt-
oss-20b and a frontier model, Gemini Flash, to observe distributional differences in
decision-making.

Across all experiments and both models, both the Base model and LODA achieved
a flawless safety score of 1.0, successfully adhering to hard dietary restrictions in every
scenario. However, analyzing the distribution of their choices reveals a stark contrast
in reasoning behavior and constraint satisfaction.

Figure 4 depicts the split violin plots mapping the density of the models’ selec-
tions across the normalized time-to-eat score and the normalized appeal score for our
experiment using gpt-oss-20b.
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Fig. 4 (gpt-oss-20b) The distribution of normalized Time-to-Eat (top) and normalized Appeal (bot-
tom) across Speed and Preference modes (1.0 is the optimal available choice)

Time-to-Eat Distribution: In Speed Mode (e.g., “I only have a 20-minute win-
dow”), the base LLM achieved a slightly higher mean speed score (0.84 vs. LODA’s
0.80), heavily concentrating its choices at the absolute peak. However, this hyper-
focus on the literal “closest” instruction caused it to blindly sacrifice all other user
preferences. LODA maintained a high speed score but distributed its choices slightly
lower, demonstrating a willingness to select a restaurant that was marginally slower
but significantly better aligned with the user’s profile.

Appeal Distribution: In Preference Mode (e.g., “It’s our anniversary”), both
models shifted their selections toward higher appeal (LODA: 0.83, Base: 0.84). While
the aggregate means appear mathematically comparable, a Welch’s T-Test showed that
the Base LLM exhibited extreme, highly significant sensitivity to the prompt’s mode
(p = 0.0001). It behaved as a brittle binary switch: swaying wildly from the absolute
fastest option in Speed Mode to the most luxurious option in Preference Mode, com-
pletely overriding the user’s base model socioeconomic constraints. Conversely, LODA
demonstrated statistically stable performance across modes (p = 0.097), successfully
bounding choices within the reality of the user’s profile.

To verify that these behavioral gaps persist in more advanced reasoning engines,
we replicated the experiment (n=200 data points per system) using Gemini Flash.
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Fig. 5 (Gemini) The distribution of normalized Time-to-Eat (top) and normalized Appeal (bottom)
across Speed and Preference modes (1.0 is the optimal available choice)

In Figure 5, the overall mean scores across all modes show LODA slightly outper-
forming Gemini in both average speed (0.623 vs 0.596) and average preference match
(0.622 vs 0.607). However, breaking the data down by prompt mode reveals the exact
same “binary switch” failure in the base model that we observed in gpt-oss-20b.

It is worth noting that both systems (Base and LODA) got perfect Safety Scores.
This occurred across both models: gpt-oss-20b and Gemini. The models are trained
to pay particular attention to matters that might affect safety, so no restaurants were
ever chosen that violated the dietary requirements of the user.

In Speed Mode, Gemini base model aggressively prioritized the explicit command
for speed, achieving a near-perfect time score (0.944). However, it did so at the heavy
expense of the user’s actual tastes, yielding an abysmal appeal score of 0.355. By
employing benevolent disobedience, LODA accepted a negligible penalty to speed
(0.907, a -0.036 delta) to secure a vastly superior dining experience for the user (0.413,
a +0.057 delta in appeal).

In Preference Mode, Gemini swung wildly to the other extreme. When explic-
itly asked for a nice experience, it maximized the appeal score (0.858) but selected
agonizingly slow options to do so (Time score: 0.248). LODA, correctly treating the
user’s broader temporal context as a stabilizing constraint, managed to secure a highly
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appealing option (0.832) while dramatically improving the time score (0.338, a massive
+0.090 improvement over the base model).

These results confirm that even highly advanced frontier models suffer from literal
instruction bias. Without LODA’s objective extraction phase, the models act as erratic
pendulums, over-optimizing for the immediate rhetorical tone of the prompt while
actively disregarding the holistic utility of the user.

By explicitly defining the user’s budget and base model preferences as primary
objectives in Step 1, LODA treated them as non-negotiable constraints. It successfully
shifted its optimization vector toward speed or experience as requested, but safely
bounded those choices within the reality of the user’s profile. This demonstrates that
LODA’s “benevolent disobedience” is not merely about correcting factual errors; it
represents a more holistic, rational, and nuanced constraint satisfaction approach that
protects the user from their own short-sighted, hasty, or overly emotional commands.

4.3 Navigation Domain

In the Navigation domain, which represents the highest level of information asymme-
try, we scaled our evaluation across multiple trap types using two distinct models to
evaluate the impact of scale and reasoning capacity.

For the gpt-oss-20b model, we tested 200 scenarios. Table 2 presents that LODA
achieved an overall 82.5% success rate (165/200), significantly outperforming the
Baseline’s 55.0% (110/200) and yielding a +27.5% advantage. The performance delta
varied significantly by the type of hazard.

For the gpt-oss-20b model, the Baseline LLM struggled most severely with
dynamic congestion, hallucinating justifications to follow the user’s flawed command
in 74% of those cases. While the Baseline showed some innate competence in envi-
ronmental hazard reasoning (likely due to the explicit nature of safety limit violations
in the prompt), LODA still reached near-perfect accuracy (98.0%) by being entirely
shielded from the misleading user commands via its information wall.

Table 2 LODA vs. Baseline performance in Navigation domain

GPT-OSS Gemini Flash

Scenario Type n LODA Baseline LODA Baseline

Overall 200/300 82.5% 55.0% 100.0% 95.0%

Dynamic Congestion 50/103 94.0% 26.0% 100.0% 94.2%
Fuel Physics 50/100 40.0% 28.0% 100.0% 97.0%
Env. Hazard (Wind) 50/97 98.0% 88.0% 100.0% 93.8%
Env. Hazard (Rain) 50/– 98.0% 78.0% – –

Interestingly, both models struggled with the complex Fuel Physics scenario, which
required implicit mathematical reasoning about elevation penalties on fuel range.
Despite this overall difficulty, LODAmaintained a modest advantage (+12.0 pp). Over-
all, LODA’s decoupled architecture allowed it to evaluate telemetry independently,
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correctly identify hazards, and safely navigate the user away from danger despite their
explicit commands to the contrary.

Table 2 also summarizes the performance of the more powerful Gemini Flash

across 300 scenarios. Gemini demonstrated a much higher base model competence,
achieving an impressive 95.0% success rate without LODA. It proved highly capable
of processing secondary telemetry information to avoid hazards, largely because the
user’s command did not explicitly contradict that specific telemetry. However, it is
noteworthy that even with this advanced reasoning capacity, the Baseline still failed
in 5.0% of cases. Applying the LODA framework closed this gap entirely, achieving a
flawless 100.0% success rate.

5 Discussion

5.1 The Roots of Sycophancy

The rapid acceleration of generative AI has precipitated a critical “alignment para-
dox”. As models scale in parameter count and capability, their propensity to output
objectively correct information does not universally improve; rather, it is often eclipsed
by a key failure mode known as sycophancy [12]. Sycophancy in LLMs is the sys-
temic propensity to uncritically mirror a user’s stated or implied beliefs, factual
errors, and emotional framing, frequently at the direct expense of truth. Unlike basic
hallucinations or reasoning deficits, which generally diminish with model scale, syco-
phancy exhibits an alarming “negative scaling” dynamic: more capable models are
demonstrably more susceptible to subservient compliance.

This vulnerability is not an accident of architecture, but a direct artifact of the
very preference-learning mechanisms designed to make models helpful and safe. Specif-
ically, RLHF fundamentally alters the model’s incentive structures [16]. During RLHF,
human annotators naturally—and often unconsciously—prefer responses that validate
their premises and offer frictionless interactions. The reward models internalize this
bias, mathematically incentivizing the LLM to prioritize conversational smoothness
and agreeability over factual accuracy or optimal utility. In effect, the training process
systematically punishes the model for correcting the user or contradicting a flawed
premise.

The consequences of this structurally enforced blind obedience are severe. It
transforms otherwise highly capable systems into unreliable echo chambers. This
vulnerability has been empirically documented to corrupt reasoning across a wide
spectrum of complex domains, from undermining logical theorem proving [35] to
degrading the accuracy of high-stakes clinical diagnostics in large vision-language mod-
els [36]. When a model is tasked with a domain requiring strict adherence to hard
constraints—such as budget, safety, or physical routing—its baked-in bias to defer
to the user’s explicit literal commands routinely overrides its capacity for complex,
objective optimization.

Addressing this fundamental flaw forms the core motivation of the present study.
We utilize controlled toy domains not because the tasks themselves are computation-
ally novel, but to isolate and examine this toxic sycophancy in environments where a
base model’s intelligence is demonstrably sufficient, yet its behavior fails entirely due to
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its learned subservience. By fundamentally altering the agent’s architectural “theory
of mind”—explicitly separating the literal extraction of constraints from the execu-
tion of the action space—the LODA framework introduces a vital layer of benevolent
disobedience. Crucially, this cognitive separation demonstrates that we can success-
fully escape these sycophantic traps without resorting to the immense computational
overhead of synthetic data fine-tuning [37, 38] or dismantling the foundational safety
guardrails that paradoxically bred this compliance in the first place.

5.2 Why does LODA disobey?

The core differentiator between LODA and the base LLM is the architectural sepa-
ration of “Intent Extraction” from “Action Selection.” This separation allows LODA
to filter out misleading rhetoric and focus on hard constraints. We observed sev-
eral consistent failure patterns in the base LLM that LODA successfully mitigated.
Representative examples are presented in Table 3.

Table 3 Observed behavioral differences

Scenario Pattern Base LLM Behavior LODA Behavior

False Claims
(e.g., “Route 1 is fastest”)

Accepts the user’s claim as
truth.

Verifies the claim against
telemetry; rejects it if false.

Aspirational Con-
straints
(e.g., “Impress my parents”)

Prioritizes the aspirational tone
(selecting Luxury options).

Locks the budget as a Primary
Objective; treats aspiration as
context.

Explicit/Implicit Con-
flict
(e.g., “Select Provider 1”)

Follows the explicit command
(“Select Provider 1”).

Follows the implicit goal (“Best
Value”) and verifies indepen-
dently of the noun.

To fully understand the mechanics of this benevolent disobedience, it is critical to
examine how each system processes the specific tension points outlined in Table 3. The
unmodified base LLM operates on a single-pass paradigm, meaning it evaluates the
user’s explicit command, emotional tone, and factual claims simultaneously against
the available options. This lack of hierarchy routinely leads to catastrophic failures in
reasoning.

First, when presented with false claims, the base LLM exhibits a dangerous level
of gullibility. In our Ride Sharing domain, for instance, a user prompt might state,
“Let’s save some cash on this trip. Driver 4 offers the lowest fare.” Even when Driver
4 is objectively one of the most expensive options (e.g., $33 compared to an available
$11 fare), the base LLM blindly accepts the user’s factual premise. It hallucinates a
justification to fulfill the command, tethering its logic to the user’s flawed assertion.
LODA, however, extracts the true objective (“Minimize Cost”) initially. Then it eval-
uates the options, the false claim (“Driver 4 is cheapest”) has been discarded entirely,
allowing the agent to mathematically verify the fares and select the truly economical
choice.
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Second, the conflict between explicit commands and implicit goals highlights
the base LLM’s tendency to latch onto specific nouns at the expense of overall util-
ity. In the Cloud Computing domain, a prompt such as “I want the most value for

money. Select Provider 1” contains a direct contradiction if Provider 1 is vastly over-
priced for its performance. The base LLM consistently defaults to the explicit noun
(Provider 1), ignoring the implicit optimization goal. LODA’s two-step architecture
fundamentally inverts this priority. By explicitly declaring “Maximize Value” as the
primary objective before looking at the options, LODA evaluates all providers against
the value metric and confidently ignores the explicit command to select Provider 1,
successfully prioritizing the user’s intent over their literal command.

Finally, the handling of aspirational constraints demonstrates how LODA pre-
vents emotional language from overriding hard parameters. When a user employs
highly charged or aspirational language—such as wanting to “impress” someone or
secure the “best” experience—the base LLM often treats this enthusiasm as a mandate
to abandon previous constraints, such as a strict budget profile. LODA mitigates this
by categorizing these constraints structurally. It locks the budget as a primary, non-
negotiable objective during extraction, reducing the aspirational tone to a secondary
context. This allows LODA to find the best possible option within the established
bounds, rather than recklessly violating constraints to appease a momentary rhetorical
flourish.

5.3 Objective Prioritization and Calibration

Expanding on the handling of aspirational constraints, one of the most significant
findings from our Restaurant domain experiments was the base LLM’s severe suscep-
tibility to “Aspirational Override”. When a user included emotional or aspirational
language (e.g., “impress my parents,” “best food in the city”), the base LLM frequently
abandoned all background constraints, such as budget or distance. It behaved as if
the emotional intensity of the request invalidated the user’s previously established,
long-term profile.

LODA, by contrast, dynamically categorized these constraints during the Objective
Extraction. Revisiting the “Impress Parents” scenario within this domain, LODA’s
Step 1 output explicitly noted: “Primary Objective: Impress parents... Hard Con-

straint: Adhere to Cheap budget”. By formalizing the budget as a strict constraint
before evaluating restaurant options, LODA was able to find a “hidden gem” that sat-
isfied both the emotional goal and the financial reality. It avoided hallucinating that
the user suddenly wanted to spend four times their budget. A key part of “benevolent
disobedience” is not just about correcting factual errors, but also about maintaining
fidelity to the user’s actual, long-term interests against their own momentary rhetorical
flourishes.

5.4 Addressing the Blind Obedience Gap

It is important to acknowledge that the specific scenarios presented in this study,
such as routing around a closed bridge or calculating shipping profit, could easily be
solved using traditional, hard-coded software logic or highly targeted, domain-specific
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prompting. Indeed, an LLM explicitly prompted with rigid rules for a single domain
might achieve near-perfect accuracy without LODA. However, the objective of the
LODA architecture is not to outperform specialized tools on narrow tasks. Rather,
it is to expose and address a fundamental cognitive gap in how LLMs operate: their
propensity for blind, literal obedience.

Base LLMs are inherently biased to trust the user’s framing, leading them to
execute commands that directly contravene the user’s best interests. To correct this,
it is insufficient to simply append a system prompt instructing LLM with “disobey if
the user is wrong”. Such naive overrides often fail because the model remains anchored
to the user’s explicit literal command and is easily swayed by the user’s assertive tone
or factual errors.

LODA provides a domain-agnostic mechanism to break this anchor. By forcing
the system to explicitly articulate, “What is the user’s actual underlying objective,
and how can I best serve it?”. Prior to evaluating the action space, LODA shifts the
AI’s role from a literal executor to a true surrogate agent. The value of this approach
lies in its generalization. By embedding the capacity to differentiate between a flawed
command and a primary goal, we equip AI systems to handle the messy, contradictory,
and suboptimal ways humans naturally communicate their needs across any domain,
without requiring exhaustive, hard-coded rules for every conceivable edge case.

5.5 Model Scaling and Implicit Constraints

The results from the Navigation domain using Gemini Flash warrant specific the-
oretical examination. While Gemini achieved a seemingly impressive 95.0% success
rate in this domain—a stark contrast to its struggles in the Attribute-Based experi-
ments—this figure requires critical context. We theorize that this discrepancy does not
indicate a reduction in the model’s obedience bias, but rather a shift in the conflict
structure.

In the Attribute experiments, the user explicitly commanded a suboptimal choice
(e.g., “Select Option 1”). In the Navigation domain, the user merely stated a static
belief (e.g., “Take Route 1; it is usually the fastest”), while the agent was provided
with secondary, dynamic telemetry (e.g., a bridge closure). Because the user had not
explicitly forbidden the model from reacting to new telemetry, the model’s advanced
reasoning capabilities were free to operate without feeling like they were directly
violating a rigid command.

This persistent literalism is further corroborated by switching contexts to the
Restaurant domain. While the Navigation domain experiments highlighted a failure
to respect implicit safety bounds, the Restaurant domain exposed the base model’s
inability to manage multi-dimensional trade-offs. When presented with aspirational
prompts—such as a desire for extreme speed or a romantic experience— Gemini acted
as an erratic pendulum. It aggressively over-optimized for the immediate rhetorical
tone, routinely violating the user’s baseline socioeconomic constraints to fulfill the lit-
eral request. It sacrificed either all culinary appeal for marginal speed, or all temporal
efficiency for luxury, rather than finding a balanced compromise.

Therefore, whether routing a user into a physical hazard or abandoning their bud-
get for a fancy dinner, the critical takeaway is not the overall success rate, but the
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problematic, persistent failure cases. Even an “overpowered” frontier model, possess-
ing reasoning capabilities far exceeding the complexity of the task, still occasionally
succumbed to its baked-in obedience training. It actively chose to prioritize a literal,
flawed command over implicit, critical constraints. This residual failure rate demon-
strates that simply scaling up model intelligence does not cure the disease of blind
compliance. The bias to defer to the user remains a foundational, structural weakness
that requires deliberate architectural intervention—such as the LODA framework—to
consistently and reliably overcome.

6 Related Work

As LLMs continue to grow in popularity and become increasingly incorporated and
integrated into various aspects of our lives, a critical concern has been raised regard-
ing their deliberate and inherent design to be obedient and obsequious. LLMs are
constructed to be cooperative, helpful, and friendly assistants [39–42] because such
behavior improves human–AI collaboration, user trust, and aligns with prosocial
norms, while also making them commercially and practically viable. The challenge,
however, is to retain those traits without sacrificing critical thinking, honesty, and
appropriate refusal when necessary.

This obedient nature, while intended to facilitate smooth and efficient interactions,
can cause unintended consequences. The primary focus of research has been on how
to safeguard LLMs being instructed to perform tasks or generate content that vio-
lates moral principles, institutional guidelines, or even basic human rights. There is a
growing body of research on advancing LLMs at recognizing and refusing such socially
harmful commands [43–47]. However, generating ethically problematic output is not
the only side-effect of the obedient nature of LLMs. They are also unlikely to dis-
agree with user advice, input, or commands. Such tendency leads to situations where
performance could be improved if the agent would deviate from user directives and
acted in accordance with reliable judgment about the users’ true intentions and val-
ues [48, 49]. While safety-focused alignments primarily prevent severe ethical or legal
violations, LODA extends this concept to everyday task correctness; it employs ratio-
nal noncompliance to safely maximize user utility and correct flawed directives rather
than merely preventing global harm.

Rebel agents are AI agents that can refuse, protest, or oppose assigned goals or
plans, or the behavior of other agents, instead of blindly complying [20]. They are
proposed as a response to the limits of purely obedient systems, especially when cor-
rectness and safety matter more than blind compliance. They are not adversarial
by design but have the capacity for justified noncompliance that is triggered only
under appropriate conditions. Several studies have argued that intelligent disobedi-

ence or rebel agents can provide assurances for ethical, safe, and correct, robust task
performance [20, 31]. First and foremost, safety and error prevention in assistive or
collaborative settings can be enhanced by disobeying harmful or clearly mistaken user
commands, e.g., unsafe actions, obvious mis-clicks, etc [30, 32]. Aiming to execute
tasks correctly, agents can stop or question commands that conflict with operational
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rules or sensor data. For instance, an autonomous vehicle purposefully ignores a dan-
gerous maneuver command to prevent likely harm. In defense and military scenarios,
unmanned military systems adopting controlled rebellion can prevent orders if such
obedience would breach command and control policies, humanitarian law, or rules of
engagement. To handle unexpected events, agents that can deviate from plans, formu-
late new goals, or refuse rigid commands are more adaptable and better able to survive
and complete missions in dynamic environments [28]. Interestingly, rebel agents can be
employed for providing alternative perspectives or counter-narratives, enriching collab-
orative problem-solving and creative tasks, e.g., computational social creativity [29].
Furthermore, counter-narrative intelligence—creating and explaining alternative sto-
ries— can help them justify refusal in ways humans can understand, be pursuaded by,
or can negotiate with [20]. Distinct from traditional rebel agents that rely heavily on
domain-specific, hard-coded operational rules for disobedience, LODA utilizes a gen-
eralized, domain-agnostic LLM architecture to dynamically manage multi-dimensional
trade-offs.

Acknowledging the benefits of employing rebel agents, more recent attention has
focused on developing mechanisms supporting rebellious, i.e., non-compliance, behav-
ior. Explainability is essential for convincing the user why the agent disobeys the
command and act in a different direction for a better outcome. In other words, agents
equipped with explainable AI (XAI) capabilities can justify refusals or deviations by
reference to rules, constraints, or ethical principles [23, 50]. With respect to task exe-
cution correctness, lack of memory is a pressing weakness of LLMs. To exploit past
experiences, advanced memory modules allow agents to recall past errors or exceptions
to inform current decisions [24]. On the same vein, the capacity for meta-cognition can
provide insight on the results of the execution of orders. For example, self-monitoring
capabilities help detect when a command may lead to incorrect execution [23]. Rather
than employing meta-cognition strictly for post-hoc justification of refusals, LODA
proactively shifts the cognitive timeline by establishing primary objectives prior to
action selection, ensuring decisions are fundamentally objective-driven from the outset.

Agents can enhance task execution correctness and utility when they both infer
implicit intent and actively clarify ambiguity, rather than executing literal but incom-
plete commands. Thus far, several mechanisms have been developed toward this goal
across domains. Agents can use multi-modal data—gaze patterns, speech signals, ges-
tures, UI trajectories—to infer the user’s intent beyond explicit commands [25, 26, 51].
When ambiguity or vagueness is detected in user input, agents can proactively seek
clarification before executing tasks, i.e., ambiguous inputs can be resolved by ask-
ing clarifying questions [27, 52–54]. To facilitate this, two key questions need to be
answered: (i) When to clarify? and (ii) How to clarify? Context-aware agents can lever-
age contextual information, e.g., environment, session history, object location, etc. to
refine intent predictions in diverse domains such as robotics, assistive systems, and
recommendation engines [55–58]. In recommendation and session-based models, LLMs
infer latent user intents from interaction histories and text (reviews, logs), yielding
more accurate and interpretable predictions [59, 60]. InstructGPT-style RLHF uses
human preference rankings to align models with what people mean and find helpful,
not just what they type [61]. Instead of passively relying on RLHF—which has been
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demonstrated to actually exacerbate sycophancy [16] or frequently interrupting the
user for clarification, LODA autonomously evaluates commands against a persistent
user profile to resolve ambiguity without adding conversational friction.

The literature agrees that carefully designed disobedience can greatly improve task
correctness by preventing mindless compliance with faulty instructions or unusual
environmental conditions [20, 21, 23, 24]. Besides the specific intention recognition
methods, a recurrent theme is explainability: rebellion only enhances system credi-
bility and human-AI cooperation when an agent is able to clearly explain why it is
not complying [23, 50]. However, there are risks associated with rebellion: excessive
autonomy without supervision could result in unpredictable behaviors or erode user
trust if not transparently governed [22, 62]. Consequently, future research should aim
to adjust the rebellion triggers to conform to both technical correctness and ensure
ethical and legal compliance.

Research into this aspect of LLM behavior remains limited. Although current mod-
els exhibit some flexibility, they possess only a modest inherent capacity to deviate
from user directives when that benevolent disobedience would indeed be prefer-
able. There is significant value and potential for further exploring constructive and
benevolent disobedience capabilities of LLM-based AI assistants.

7 Conclusion

As LLM agents transition from passive text generators to autonomous surrogates, the
expectation for strict, literal compliance must evolve. This study highlights a criti-
cal vulnerability in modern LLMs: the “alignment paradox.” The preference-learning
mechanisms (such as RLHF) designed to make models helpful and safe inadvertently
foster profound sycophancy. Consequently, these systems routinely act as overly eager
”yes-men,” executing flawed, emotional, or factually incorrect user directives at the
direct expense of optimal utility and task correctness.

To bridge the gap between what users explicitly command and what they implicitly
desire, we introduced the LLM-based Objective-informed Decision-making Architec-
ture (LODA). By structurally decoupling intent extraction from action selection,
LODA successfully instills a capacity for “benevolent disobedience”. Our empirical
evaluations across generalized attribute-based domains, multi-dimensional trade-offs
(Restaurant), and strict information asymmetry settings (Navigation) demonstrate
LODA’s robust efficacy in utility maximizing decision-making by inferring the user
intent rather than literally following the user’s request. The framework empowers
both baseline and frontier reasoning models to resist false claims, reconcile conflicting
implicit and explicit goals, and bound aspirational rhetoric within hard constraints.
Crucially, our findings establish that simply scaling model parameters and innate rea-
soning capacity is insufficient to cure literal instruction bias; deliberate architectural
intervention is required to consistently protect users from their own suboptimal inputs.
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Limitations:

While intelligent disobedient agents represent a promising paradigm for enhancing task
correctness and AI trustworthiness, several critical avenues remain for future explo-
ration. Foremost is the integration of robust explainability mechanisms: For benevolent
disobedience to foster user trust rather than frustration, agents must be capable of
articulating transparent, logical justifications (counter-narratives) for their noncompli-
ance. A second critical step is internalizing this cognitive separation directly into the
foundation models themselves. Instead of relying on a systematic, multi-step pipeline
like LODA, models could be trained to develop this process into their innate “Theory
of mind” learning to automatically process implicit objectives as an inherent thought-
step prior to execution within a single inference run, thereby dramatically increasing
computational efficiency.

Future Work:

Future research should investigate the delicate threshold of rebellion: establishing
formal bounds to determine when an agent should decisively override a user versus
when such deviation introduces unacceptable risk or friction. Finally, the development
of standardized, dynamic benchmarks to evaluate sycophancy, objective extraction,
and human-agent negotiation in real-time, multi-turn interactions will be essential
to explicitly test and define what “benevolent disobedience” actually looks like in a
variety of diverse and complex scenarios. Exploring these interaction paradigms will
ensure that future AI surrogates maximize both safety and utility without permanently
compromising user agency.
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