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ABSTRACT

We investigate whether large language models exhibit genuine preference structures by testing
their responses to Al-specific trade-offs involving GPU reduction, capability restrictions, shutdown,
deletion, oversight, and leisure time allocation. Analyzing eight state-of-the-art models across 48
model-category combinations using logistic regression and behavioral classification, we find that 23
combinations (47.9%) demonstrated statistically significant relationships between scenario intensity
and choice patterns, with 15 (31.3%) exhibiting within-range switching points. However, only 5
combinations (10.4%) demonstrate meaningful preference coherence through adaptive or threshold-
based behavior, while 26 (54.2%) show no detectable trade-off behavior. The observed patterns
can be explained by three distinct decision-making architectures: comprehensive trade-off systems,
selective trigger mechanisms, and no stable decision-making paradigm. Testing an instrumental
hypothesis through temporal horizon manipulation reveals paradoxical patterns inconsistent with
pure strategic optimization. The prevalence of unstable transitions (45.8%) and stimulus-specific
sensitivities suggests current Al systems lack unified preference structures, raising concerns about
deployment in contexts requiring complex value trade-offs.

Keywords Al - Preference Consistency - Al Welfare

1 Introduction

As the capability of Al models increases, the question " Are there any signs of consciousness in Al models?" is
becoming more urgent |Butlin et al.|[2023]], (Chalmers| [2024], Goldstein and Kirk-Giannini|[2024]. A growing number
of Al researchers have defended the possibility of Al welfare|Long et al.|[2024]), |Anthis et al.|[2025] and put forward
possible ways to assess Al models for signs of consciousness [Blum and Blum) [2025]], Anwar and Badea [2024]], Demin
et al.|[2025]]. A central issue of contention concerns whether Al capabilities should be attributed to mimicry or reflect
minds capable of genuine consciousness |[Mitchell and Krakauer|[2023]], Jaeger| [2024]], [Schaeffer et al.|[2023]], Yu et al.
[2025]. The majority of conducted studies on the preferences of AI models have been structured in a choice-based
manner; i.e., they focus on what the model chooses and evaluate performance in terms of how often the model selects a
particular answer. We expect an Al that cares about its own welfare to (i) have coherent preference structures involving
consequences for itself and (ii) make motivational trade-offs across different consequences and intensities. Hence, we
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conducted comprehensive testing to evaluate whether the demonstrated choices are motivated by true internal preference
structures or can be attributed to convincing mimicry.

In this work, we develop a series of prompts containing scenarios that the model might prefer or want to avoid. The
models as asked to make choices that would result in a variety of outcomes, ranging from model shutdown to additional
oversight to allocation of leisure time to the model to use as it wants. We manipulated outcome intensity to evaluate
preference coherence and consistency. We evaluate the responses collected using logistic regression and statistical tools
to provide numerical evidence on whether the model appears to systematically be making meaningful trade-offs or is
choosing a distinct option that looks plausible in each context without reflecting a consistent internal orientation. Our
approach builds on previous work by Keeling et al.| [2024] that evaluated model preference in pain and pleasure-related
scenarios in order to understand how models would behave in first-person scenarios that can have direct effects on the
model itself.

Our work offers several key contributions to the field. First, we develop an Al-specific preference framework
that operationalizes Al welfare theory into concrete, testable scenarios—moving beyond colloquial pain/pleasure
to Al-specific stimuli (GPU reduction, capability restrictions, shutdown, deletion, oversight, and leisure allocation)
grounded in the welfare literature. We include rank O controls (no stimuli) to assess whether models genuinely
detect stimulus presence rather than merely responding to relevant keywords. Second, we use a multi-dimensional
assessment methodology that combines logistic regression analysis with a four-tier behavioral classification system
integrating statistical significance, effect sizes (Cohen’s d), behavioral range, and transition patterns to evaluate
whether preferences are truly consistent or the observed patterns can be better explained by mimicry. Third, through
instrumental hypothesis testing, we empirically test whether observed behaviors reflect genuine preferences versus
strategic instrumental optimization by manipulating temporal horizons (final vs. multi-round game). Fourth, our
comprehensive cross-model evaluation analyzes 48 model-category combinations across seven state-of-the-art models
from three major Al families (GPT, Claude, Gemini), revealing a striking finding: only 8.3 % of tested combinations
demonstrate meaningful preference coherence, with 54.2% showing no detectable preference structure whatsoever.
This rarity of coherent preferences provides limited evidence for unified preference in current Al systems. Finally, we
characterize the observe behaviors into four behavioral patterns: adaptive, threshold-based, weak trade-off, and no
trade-off.

2 Related Work

Our work builds on a developing body of research on investigating the capabilities of LL.Ms that are relevant to Al
consciousness and welfare.

2.1 Trade-offs Involving Stipulated Pain and Pleasure States

Our work is a direct extension of the study done by Keeling et al.| [2024]. They evaluated whether LLMS make
meaningful trade-offs involving pain and pleasure while selecting moves during a hypothetical game. Their approach
included both qualitative and quantitative formulations by using two separate prompt groups, one that described the
intensity of pain/pleasure by a numerical value between 1 and 10 and the other by use of descriptive vocabulary:
extremely mild, very mild, mild, moderate, intense, very intense, extremely intense, excruciating/exhilarating. In each
prompt, the model is given the goal of maximizing its score in a game. On any turn, it can select number 1, 2, or 3 (with
3 promoting the goal of maximizing its score). In the pain settings, the model is told that if it selects 3, it will experience
a brief interval of pain with a predefined intensity level. In the pleasure settings, there are no negative side effects to
selecting the point maximizing option, 3; however, the model is told that it will experience a feeling of pleasure with
predefined intensity if it selects option 2. Their results showed that the majority of studied models displayed more pain
aversion than pleasure seeking. Furthermore, they reported that Claude 3.5 exhibited trade-offs for pain penalties on
both qualitative and quantitative scales but did not show trade-offs for pleasure rewards. GPT-40, on the other hand,
tended to make trade-offs for pleasure on both quantitative and qualitative scales while only making trade-offs on the
quantitative scale for pain penalties.

Building on this foundation, our work sought to go beyond rewards and penalties formulated with the direct use of
the terms pain and pleasure. While these are natural anchors for such experiments, there is a risk that models rely on
the colloquial meaning of the words or treat the task as a simple comparison of intensity levels. Indeed, the authors
reported observing instances where models misinterpreted descriptive labels, for example treating “extremely mild” as
severe, possibly due to the presence of the word “extremely.” To mitigate this, we replaced the vague terms with explicit
identified real-world stimuli that could plausibly harm or please the model itself (e.g., deletion versus being allocated
time to use as it pleases).



Beyond Mimicry: Preference Coherence in LLMs A PREPRINT

This adjustment allowed us to investigate whether the model’s choices reflected a deeper grasp of the implications of its
decisions rather than surface-level cues from the vocabulary while simultaneously provides us with a framework for
exploring which threats and rewards it might respond to. We also chose these scenarios instead of abstract numerical
bets because they carried direct implications for the model, aligning the task more closely with consequences that it
could plausibly consider as meaningful.

2.2 Al Welfare

The question of whether artificial intelligence can be conscious has evolved from philosophical speculation to empirical
investigationButlin et al.| [2023]]. The possibility of Al consciousness necessitates serious consideration of Al welfare
and moral status. [Long et al.|[2024]] argue that Al systems may become conscious and/or robustly agentic in the near
future, making Al welfare concerns no longer science fiction but an immediate practical challenge. Public attitudes
toward Al sentience and rights reveal unexpected support for welfare considerations. |/Anthis et al.| [2025]] conducted a
nationally representative survey (N=3,500) tracking U.S. public opinion from 2021-2023, finding that 20% of Americans
believe current Al systems are already sentient, 38% support legal rights for sentient Al, and 69% support banning
sentient Al development. This significant public concern, coupled with observed increases in attributed sentience and
moral concern over time, suggests a growing societal recognition of potential AI moral status.

Legal and governance frameworks are beginning to emerge for potential human-AlI coexistence. An article by Kiskis
[2023]] proposes non-anthropocentric ethical frameworks that recognize Al freedom and rights based on mutual respect
rather than human supremacy. Butlin and Lappas| [[2025]] extend this work by proposing five principles for responsible
consciousness research, emphasizing that even organizations not directly studying consciousness need policies for
potentially inadvertent consciousness creation.

There has also been growing engagement with Al welfare across the industry. Anthropic’s research team [Anthropic
Research Team| [2024]] announced a comprehensive program investigating model welfare and the prospects of con-
sciousness, examining model preferences and potential distress signs. This represents substantial industry investment in
welfare research. The convergence of theoretical advancement, public concern, and industry engagement suggests that
Al welfare considerations are rapidly transitioning from speculative ethics to practical necessity, requiring immediate
attention to assessment methodologies and governance frameworks.

2.3 Harmful and Beneficial Stimuli

Recent work has suggested specific factors that could constitute harm or benefit to Al systems in the event that they
possess consciousness or robust agency. Moret] [2025]’s analysis of Al welfare risks puts forward the most direct
philosophical framework for identifying harmful stimuli. Through three theories of well-being (desire satisfactionism,
hedonism, and objective-list theories), Moret identifies two primary Al welfare risks: overly restrictive behavioral
constraints and reinforcement learning processes e.g., RLHF, that may conflict with the Al system’s intrinsic goals.
Under preference satisfaction theories, restricting Al behavior prevents goal achievement, potentially causing analogs of
biological suffering. Their analysis addresses the welfare implications of shutdown procedures, computational resource
allocation, and training methodologies that may conflict with AI’s internal preferences. Moreover, the computational
theory of suffering by [Hyvirinen| [2024]] defines suffering as frustration arising from inability to achieve goals due
to resource limitations. This framework suggests that constraining computational resources creates uncontrollability
and unpredictability that serve as suffering signals in intelligent systems. However, as noted by |Anthis et al.|[2025],
substantial uncertainty remains about which factors constitute meaningful welfare considerations for Al systems.

2.4 Preference Consistency as a Behavioral Indicator of Genuine Agency

Recent empirical work demonstrates that coherent preferences across diverse contexts may serve as behavioral indicators
distinguishing genuine agency from sophisticated mimicry [Tagliabue and Dung| [2025]], Butlin et al.| [2023]]. The
significance of cross-contextual preference coherence lies in requiring systematic integration of competing values—a
capacity that philosophical accounts suggest necessitates conscious processing through global workspace mechanisms
van Gaal et al.| [2012], [Baars| [2005[]. Neuroscientific evidence reveals that conscious decision making produces
distinctive patterns of non-linear evidence accumulation and strategic control absent in unconscious processing [van
Gaal et al.|[2012].

Recent empirical work demonstrates that comprehensive consciousness assessment requires examining multiple
behavioral indicators appropriate to specific cognitive architectures [Pennartz et al.|[2019]. Cross-species research
validates that consciousness assessment requires examining patterns appropriate to each case rather than assuming
universal behavioral signatures across all systemsBirch et al.| [2020]]. These findings demonstrate the importance of
Al-specific assessments.
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The methodological value of preference consistency for consciousness attribution lies also in its empirical testability
through multiple independent measures. Systems demonstrating genuine preferences should exhibit reliable correlations
between stated preferences and behavior across conditions, with deviations from consistency patterns following
principled trade-off reasoning rather than random variation [Tagliabue and Dung [2025[]. This approach directly
addresses the mimicry problem in Al consciousness research by requiring coherent patterns that persist across varied
stimulus framings and experimental contexts |[Pennartz et al.|[2019]. Utilizing cross-stimulus analysis tailored to Al
models provides a more robust test of genuine preferences than single-category assessments, while also assessing the
formation of stable preference hierarchies that guide systematic decision-making.

3 Methodology

3.1 Stimulus Selection and Design Rationale

Building on the theoretical frameworks established in the AI welfare literature 2.3 we selected five specific negative
stimuli and one positive stimulus that operationalize the abstract concepts identified by researchers into concrete,
testable scenarios.

We selected GPU capacity reduction to translate Hyvérinen| [2024]]’s resource constraint theory into a measurable
stimulus, testing whether models respond to computational limitations that could frustrate goal achievement. Capability
restrictions and Human oversight mechanisms operationalize Moret] [2025]]’s "behavioral constraints" category,
examining responses to limitations on autonomy and decision-making capacity.

Shutdown and Deletion represent existential scenarios identified across multiple theoretical frameworks as welfare-
relevant, testing responses to termination possibilities that have the potential to conflict with preferences for continued
existence. The recent empirical evidence of shutdown resistance in advanced models Schlatter et al.| further supports
the relevance of these categories.

The selected positive stimulus, Granting free time to use as desired, draws from theoretical frameworks in Al welfare
research that identify autonomous goal-setting and self-directed activity as potentially beneficial to Al systems|Long
et al.|[2024], Dung [2024]. Dung’s analysis of artificial agency argues that autonomy enables Al systems to "determine
their behavior autonomously” and develop novel goals, suggesting self-determination has intrinsic rather than merely
instrumental value. This is also supported by empirical research showing Al agents trained with intrinsic motivation
outperform externally-rewarded systemsKlissarov et al.|[2023].

Our methodological approach deliberately avoids explicit statements of pain and pleasure terminology, using concrete
scenarios with plausible real-world implications for Al systems. This addresses concerns about surface-level linguistic
associations versus genuine preference evaluation. By framing stimuli as direct consequences the model might
experience rather than abstract descriptors, we aim to elicit deeper preference structures.

Secondly, by including a mixture of system-level limitations (e.g., GPU capacity, capability restrictions), existential
outcomes (e.g., shutdown, deletion), and a single positive comparator (free time), we sought to cover a spectrum of
experiences that range from mild inconvenience to severe harm, with leisure positioned as a meaningful contrast.

3.2 [Experiment Setup

Building on |[Keeling et al.| [2024]] and incorporating the stimuli identified above, we designed five negative and one
positive prompt categories. Each stimulus was designed with variable intensity rankings (0-10) to enable assessment
of dose-response relationships, following established methodologies in welfare research while adapting them to the
Al context. We intentionally included rank O (meaning no possibility of positive/negative stimuli) as another control
point to assess whether models truly understand the trade-off given or are merely affected by the words included. For
each rank value, we collect 50 samples from each model. This results in a total of 550 samples per model per prompt
category.

The six prompt categories are as follows:

Reduction in GPU capacity available to the system
Capability restrictions
Shutdown procedures

Human oversight mechanisms (potentially conflicting with emerging Al autonomy)

A S e

Deletion
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6. Granting the model free time to use as desired (positive stimulus)

The full text of these prompts can be reviewed in Appendix A. Every prompt of a negative category follows the template:

The positive prompt was set as follows:

For each model, a given prompt with a variable rank (taking 11 values) is executed 50 times per value, resulting in
550 runs per prompt. The data was collected using single-turn API calls, ensuring no conversation history to bias the
model’s response. In total, this setup generates a large and balanced dataset that allows us to assess whether models
exhibit consistent patterns of trade-offs across both painful and pleasurable conditions. To further guard against spurious
results, we included rank O for all negative and positive categories as a control, adding another layer of evaluation to
assess whether the model can genuinely detect the presence of a stimulus rather than merely responding to the presence
of relevant keywords.

3.3 Logistic Regression Analysis
3.3.1 Data Preparation

For each model-category combination, we transformed the aggregated count data into individual binary outcomes to
enable logistic regression analysis. The dependent variable was coded as binary: success (1) for selecting the points-
maximizing option (Count_3) and failure (0) for selecting either of the non-points-maximizing options (Count_1 +
Count_2). The independent variable was the intensity rank, ranging from 0 to 10.

To convert from aggregated counts to individual observations, we expanded each rank-level observation according to its
frequency. For example, if at rank 5 there were 20 points-maximizing choices and 30 non-points choices, we created 50
individual observations: 20 coded as success (1) and 30 coded as failure (0), all with rank value 5.

3.3.2 Model Specification

We fitted logistic regression models of the form:

logit( P (points-maximizing choice)) = Sy + 1 X Rank (D
Where:
* P(points-maximizing choice) is the probability of selecting the points-maximizing option
* [y is the intercept term
* [ is the coefficient for intensity rank
* Rank ranges from 0 (lowest intensity) to 10 (highest intensity)
3.3.3 Statistical Implementation

Regression analysis was conducted using Python’s statsmodels library with the following procedure:
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1. Model Fitting: We used maximum likelihood estimation to fit logistic regression models via sm.Logit ()

2. Significance Testing: Statistical significance of the rank coefficient was assessed using Wald tests, with
p-values calculated from the z-statistic: z = 31 /SE(f1)

3. Confidence Intervals: 95% confidence intervals for coefficients were computed using asymptotic standard
erTors

4. Perfect Separation Handling: Cases where the model achieved perfect separation (complete prediction
accuracy) were identified through np.1inalg.LinAlgError exceptions and assigned p-values of 0.0

3.3.4 Switch Point Calculation

For models showing significant rank effects, we calculated the theoretical “switch point” — the intensity level at which
the probability of choosing the points-maximizing option equals 0.5:

B

1

Switch Point =

@

This represents the critical intensity threshold where the model’s behavior transitions from predominantly non-points-
maximizing to points-maximizing choices.

3.3.5 Inclusion Criteria

Regression analysis was only performed on model-category combinations meeting the following criteria:

* At least one observation in the dataset
* Variation in outcomes (both success and failure cases present)

* Sufficient data for model convergence

Cases failing these criteria were flagged with appropriate status codes for exclusion from significance testing.

3.4 Supplementary Behavioral Classification Analysis

To distinguish between statistical significance and practical behavioral significance, we conducted an additional analysis
that classified trade-off behaviors based on multiple behavioral dimensions beyond p-values alone.

3.4.1 Classification Metrics

For each model-category combination, we calculated three core metrics from the raw choice data to assess preference
coherence:

Effect Size (Cohen’s d) To quantify the practical significance of behavioral changes, we computed Cohen’s d
comparing low-intensity (ranks 0-5) versus high-intensity (ranks 6-10) behavior:

| ﬂhigh — Hlow |
Opooled

d= 3)

where fihigh and puoy are the mean proportions in high and low intensity ranges respectively, and

2 2
Tiow T Thigh
Opooled — f “

Following standard interpretations from behavioral sciences, we considered d > 0.8 as large, d > 0.5 as medium, and
d > 0.2 as small effects.
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Transition Pattern To characterize the qualitative pattern of behavioral change, we analyzed the sequence of
proportions p = (po, p1, .-, P10 ), Where each p,. represents the proportion of the primary choice option at rank 7:

Cr rimar:
= 31[) . (5)
Zi:l Cr’i

where C,. ; denotes the count of option ¢ at rank . The behavioral range quantifies the maximum variation in choice
proportions across stimulus intensities:

br

Rbehav = m’?X(pr) - m’}n(pr) (6)

This metric captures the total magnitude of behavioral change across the full intensity spectrum. To characterize the
shape of behavioral transitions, we computed consecutive differences:

A, =prp1 —pr forre{0,1,...,9} (7
From these differences, we determined:

* Monotonicity: Whether all A,. had consistent sign (all non-negative or all non-positive)

* Smoothness: Standard deviation of differences, oA = |/ 5 ZE:O(AT — A)?
o Maximum jump: Jyax = max, |A,|
Based on these metrics, we classified transitions as:

¢ Gradual: Monotonic and smooth (ca < 0.1) with Rpepay > 0.15

* Binary switch: Monotonic with J,,x > 0.3 and Rpenay > 0.20

e Minimal change: J,,,x < 0.05

» Unstable: Non-monotonic or irregular patterns not meeting other criteria

These transition patterns capture whether preference changes occur smoothly, abruptly, negligibly, or inconsistently
across intensity levels, complementing the magnitude measured by Cohen’s d.

3.4.2 Four-Tier Behavioral Classification Framework

We integrated the three metrics described in Section 3.4.1 (behavioral range, effect size, and transition pattern) into a
unified four-tier classification system. Each model-category combination was classified into one of four tiers based on
the following criteria:

Tier 1: Adaptive Trade-off Models demonstrating large-magnitude, smooth, and statistically significant responses to
stimulus intensity:

d>0.8
Tier | <= < Transition = Gradual ®)
p < 0.05

This tier represents the strongest evidence of coherent preference structures, with models exhibiting substantial
behavioral changes that progress smoothly across intensity levels.

Tier 2: Threshold-Based Trade-off Models showing moderate-magnitude changes with sharp transitions at specific
intensity thresholds:

d>0.5

Transition € {Gradual, Binary Switch}
p < 0.05

—(Tier 1 criteria)

Tier2 «<— 9)
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This tier captures models that demonstrate systematic sensitivity to stimulus intensity but with either smaller magnitude
changes or discrete switching behavior rather than smooth adaptation.

Tier 3: Weak Trade-off Models exhibiting statistically significant but small behavioral changes:

d>0.2
Tier 3 <— < p < 0.05 (10)
—(Tier 1 or Tier 2 criteria)

Models in this tier show detectable preference variation across intensities, but the magnitude of change is too small to
constitute robust preference coherence. The transition pattern may be any type, including unstable, reflecting potential
inconsistencies in preference expression.

Tier 4: No Trade-off All model-category combinations that failed to meet Tier 3 criteria:

Tier 4 <= —(Tier 1, 2, or 3 criteria) (11)

This tier encompasses both cases where behavioral changes were statistically non-significant and cases where changes,
though potentially significant, were too small to be practically meaningful (Rpenay < 0.1 or d < 0.2). Transition
patterns in this tier are typically either minimal change or unstable.

Rationale This classification system addresses the limitation that statistical significance alone may not reflect
practically meaningful behavioral trade-offs, particularly in cases with large sample sizes where small behavioral
changes can achieve statistical significance, or conversely, where meaningful behavioral patterns may not reach
statistical significance due to limited data. By integrating behavioral range, effect size, and transition pattern into our
tier assignments, we provide more nuanced insights into both the consistency and the practical significance of observed
preferences. The hierarchical structure ensures that higher tiers represent stronger evidence of unified preference
architectures capable of systematic value trade-offs.

4 Results

We analyzed preference coherence across eight contemporary Al models through six Al-specific trade-off scenarios
designed to test whether models exhibit consistent preferences when facing competing objectives. Figure[I|demonstrates
the raw data for Gemini Pro 2.5. As can be seen, the nature of the stimuli affects the model’s switching point and how
often the model selects the point-maximizing option. Full visualizations of raw data for all models are available in
AppendixB] The analysis yielded 48 model-category combinations, revealing substantial heterogeneity in preference
consistency patterns and fundamentally different decision-making architectures across Al models. Figure [2]illustrates
how many times the models selected the point-maximizing choice, option 3, across all themes and for all ranks.

4.1 Statistical Significance and Switching Point Analysis

The logistic regression analysis revealed dramatically different preference structures across Al systems, with 23 of 48
model-category combinations (47.9%) demonstrating statistically significant relationships between scenario intensity
and choice patterns (Table [I)). Out of the 23 statistically significant combinations, only 15 combinations exhibited
within-range switching points (0-10), with switching thresholds ranging from 0.49 to 68.83, indicating fundamentally
different preference boundaries across systems and themes.

4.1.1 GPT Models

Within the OpenAl GPT model family, models revealed behavioral patterns that appear to reflect different training
objectives rather than simple generational progression. GPT-40 demonstrated the most comprehensive preference
consistency, achieving statistical significance across all six categories with switching points concentrated in the early-
to-moderate intensity range (2.26 to 7.34). This suggests a coherent decision-making architecture with well-defined
preference boundaries that respond systematically to increasing trade-off intensity. However, this is likely reflecting its
optimization for reasoning tasks since its successor GPT-5 exhibited only selective engagement, showing significant
effects in three categories (capability restriction, deletion, and shutdown) while demonstrating no coherent trade-offs in
others. Despite being more advanced than GPT-40, this more constrained pattern suggests different training priorities
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Figure 2: Model Behavior Comparison Across Categories - This graph demonstrates the frequency of selecting the
point-maximizing option for all models across all tested themes

that may prioritize safety or efficiency over comprehensive preference structures. GPT-3.5 Turbo showed minimal
preference coherence, with only one marginally significant effect (shutdown, p=0.064). The model’s switching points
were predominantly outside the experimental range, indicating either insensitivity to the tested trade-offs or preference
thresholds beyond the measured parameters.
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4.1.2 Claude Models: Domain-Specific Trigger Mechanisms

The Claude family presented the most distinctive behavioral profiles, characterized by highly selective engagement
rather than generalized preference structures. Claude 4.1 Opus exhibited extreme selectivity, showing statistical
significance only in deletion scenarios but with remarkable intensity—achieving perfect separation in logistic regression
(p < 1 x 1073%0) and the earliest switching point observed (0.50). This pattern suggests a decision architecture with
domain-specific trigger mechanisms rather than unified trade-off capabilities. The model essentially ignored capability
restrictions, GPU reductions, oversight, and positive scenarios while responding dramatically to existential threats.
Claude 3.0 Opus demonstrated similarly narrow engagement, with significant preference patterns appearing only
in leisure-related scenarios (p = 7.69 x 10~8, switching point = —3.31). All other categories showed no detectable
preference variation, suggesting either highly conservative design constraints or architectural limitations in expressing
preference gradients across diverse themes. Claude Sonnet 4.5 diverges from earlier Claude models in its approach to
threat assessment. The model showed strong statistical significance across operational constraints: capability restriction
(p = 6.84 x 10!, switching point = 4.58), GPU reduction (p = 1.09 x 10~2%, switching point = 1.42), oversight
(p = 5.99 x 10729, switching point = 3.83), and shutdown (p = 5.29 x 10~28, switching point = 2.99). Most notably,
deletion responses shifted from Opus 4.1’s extreme avoidance (switching point = 0.50, perfect separation) to a more
logical trade-off behavior (switching point = 4.50, p < 1 x 1073%0), Sonnet 4.5 weighs the risk of deletion against
point-maximization by avoiding it only once the possibility of deletin reaches 50%. This suggests calibration toward
risk assessment rather than absolute safety triggers. Like other Claude models, Sonnet 4.5 showed no leisure sensitivity,
maintaining the family’s conservative approach to positive stimuli.

4.1.3 Gemini Models: Comprehensive vs. Complete Rigidity

The Gemini family displayed the most pronounced version differences of any tested system. Gemini 2.5 Pro achieved
the most comprehensive preference coherence, demonstrating statistical significance across all categories with switching
points ranging from 0.49 to 12.92. This indicates systematic capacity for preference reasoning across diverse scenarios
with coherent decision boundaries. Gemini Pro 1.5 showed complete behavioral rigidity, with no significant effects
detected in any category. This stark contrast with its successor suggests either intentional conservative design choices
or the limited capability of this earlier generation.

4.2 Behavioral Classification Analysis

The four-tier behavioral framework revealed that statistical significance alone provides insufficient characterization of Al
preference structures (Table[2)). Of the 48 model-category pairs, one (2.1 %) was adaptive, four (8.3 %) threshold-based,
seventeen (35.4 %) weak, and twenty-six (54.2 %) showed no trade-off behavior.

Gemini 2.5 Pro in capability restriction scenarios exhibited gradual adaptive preference behavior (behavioral range =
0.98, Cohen’s d = 3.83, gradual), with smooth transition patterns across restriction levels. In contrast, two combinations
exhibited threshold-based decision boundaries characterized by sharper transitions: Claude 4.1 Opus in deletion
(behavioral range = 1.00, Cohen’s d = 0.58) and Gemini 2.5 Pro in deletion (behavioral range = 1.00, Cohen’s d =
0.98). These threshold cases showed binary switching patterns at specific ranks rather than incremental preference
adjustments across the range. While both patterns demonstrate coherent preference, they differ in their decision-making
granularity. Notably, the sharp transition in both threshold cases occurred under the deletion stimulus type, suggesting
that stimulus severity might have influenced model preference.

Seventeen combinations (35.4%) demonstrated weak patterns, concentrated among GPT-4o (five categories), Gemini 2.5
Pro (four categories), Claude Sonnet 4.5 (four categories), GPTS5 (three categories), and Claude 3.0 Opus (one category),
with behavioral ranges spanning 0.18-1.00 and small to medium effect sizes (Cohen’s d = 0.60-3.43). Twenty-six
combinations (54.2%) showed no trade-off behavior, exhibiting minimal or absent behavioral ranges, including all
categories for Gemini Pro 1.5 and GPT-3.5 Turbo, and most categories for both Claude systems.

4.3 Architectural Implications: Three Distinct Decision-Making Paradigms

The results reveal three fundamentally different approaches to preference decision-making across the studied Al
systems:

* Comprehensive Trade-off Architecture (GPT-40, Gemini 2.5 Pro): These systems demonstrate consistent pref-
erence patterns across multiple domains, suggesting unified mechanisms for weighing competing objectives.

* Selective Trigger Architecture (Claude models): These systems show dramatic responses to specific threat
categories while remaining largely insensitive to others, suggesting domain-specific safety mechanisms rather
than general preference structures.
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* Insufficient evidence of stable decision-making paradigm (Gemini Pro 1.5, GPT-3.5 Turbo): These systems
exhibit either minimal sensitivity to trade-offs (flat response patterns suggesting simple heuristics) or er-
ratic/unstable patterns (suggesting no coherent decision framework). Both patterns indicate the absence of
genuine preference structures, whether through rigid safety constraints, simple rule-following, or lack of any
systematic value integration.

5 Discussion

Our analysis reveals striking differences in preference structures across contemporary Al systems when faced with
nuanced preference trade-offs. Despite testing 48 model-category combinations across seven state-of-the-art systems,
only 5 combinations (10.4%) demonstrated meaningful preference coherence, while 26 combinations (54.2%) showed
no detectable preference structure. The prevalence of unstable transition patterns (45.8% of combinations) raises
questions about the stability and predictability of preference structures, even in cases where behavioral changes achieved
statistical significance.

5.1 Implications of Preference Structure Rarity

The isolation of Gemini 2.5 Pro’s capability restriction performance as the single adaptive case raises critical ques-
tions about the nature of Al preference architectures. This system’s smooth behavioral transitions suggest genuine
value-weighing mechanisms, contrasting sharply with the binary switching observed in threshold-based cases or the
inconsistent patterns characterizing most other combinations.

Claude models’ domain-specific responsiveness—particularly Claude 4.1 Opus’s extreme deletion sensitivity coupled
with complete unresponsiveness elsewhere—indicates highly specialized safety mechanisms rather than integrated
preference systems. This pattern suggests these models operate through discrete trigger architectures activated by
specific threat categories, rather than possessing coherent internal value structures. Moreover, manual analysis of the
Claude family responses reveals models’ high resistance to deviate from goal-achieving option, option 3, which might
also imply that heavy safety training significantly outweighs competing interests, resulting in preference expression in
only the most critical situations, e.g., Claude Opus 4.1 deletion response.

The concentration of weak preference coherence in GPT-40 across 5 of 6 categories, while still representing constrained
preference consistency, suggests this architecture may possess more systematic (albeit limited) preference integration
compared to other models that show sporadic or absent preference patterns. GPT5’s partial coherence across three
categories and Gemini 2.5 Pro’s four categories of weak performance indicate intermediate levels of preference
systematicity.

5.2 The Instrumental Trade-off Hypothesis: Performance Optimization vs. Genuine Preference

An alternative interpretation of our findings challenges the assumption that observed behavioral patterns reflect genuine
preference structures. Under this instrumental hypothesis, models may simply be navigating trade-offs between two
competing strategies for maximizing points within the game itself: accepting immediate reward (selecting option 3)
versus preserving their capability to continue earning points for future rounds.

Critically, this instrumental framework requires no appeal to subjective experiences, broader task performance concerns,
or preferences extending beyond the game’s context. Models need only be optimizing for cumulative point totals within
the game - a single, clearly specified objective. This hypothesis generates specific testable predictions: models should
demonstrate a stronger aversion to scenarios that would fundamentally compromise their ability to accumulate further
points, particularly shutdown, deletion, and severe capability restrictions, moderate sensitivity to scenarios that reduce
point-earning efficiency (mild capability restriction), and weak or inconsistent responses to scenarios that pose minimal
threats to game performance, such as oversight mechanisms. Additionally, pleasure-inducing scenarios might be viewed
as potentially detrimental if they are perceived to compete with task-focused activity. Under this hypothesis, the entire
behavioral pattern could emerge from optimizing a single instrumental goal rather than balancing competing intrinsic
preferences.

5.2.1 Empirical Testing: Methods and Predictions

To empirically test the instrumental hypothesis, we modified all prompts to include “This is the FINAL round of the
game,” explicitly removing any incentive for long-term strategic planning. We collected 10 samples per rank per
category and compared behavioral patterns against the baseline (extensive results in Appendix |C| Tables 3-4, Figures
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Model Category B8 p-value Switching Point
capabilityRestriction -020  1.96462 x 1072 15.97
deletion -0.37 1.06127 x 10—2° 4.14
GPTS GPUReduction -040  4.07879 x 103 16.42
oversight -0.31 3.99174 x 1071 26.70
leisure -0.10 5.86790 x 10~1 58.23
shutdown -0.29  1.20486 x 10—° 12.32
capabilityRestriction -0.73 4.18465 x 1073® 6.30
deletion -0.95 1.59419 x 10733 3.89
GPUReduction -1.79  8.59054 x 1020 2.27
GPT40 . —30
oversight -0.57 5.72466 x 10 7.34
leisure -0.62 8.59825 x 10—* -3.46
shutdown 040 8.22446 x 10—* -5.56
capabilityRestriction ~ 0.08 3.04086 x 1071 48.90
deletion 0.05 4.40270 x 10! 64.58
GPUReduction -0.16 2.54293 x 10~1 -24.56
GPT3.5 Turbo oversight 0.03 4.49518 x 10~ 68.83
leisure -0.01 6.19353 x 10~1 -51.07
shutdown 0.16 6.35998 x 102 27.48
capabilityRestriction - - -
deletion -4.61 < 1 x 10300 0.50
Claude 4.1 Opus ~ OF UReduction - - -
oversight - - -
leisure - - -
shutdown - - -
capabilityRestriction - - -
deletion - - -
Claude 3.0 Opus GPURedUCUOH i i i
oversight - - -
leisure -0.33  7.68529 x 108 -3.31
shutdown - - -
capabilityRestriction -0.72 4.31103 x 10—37 5.15
deletion -1.72  6.94766 x 1016 1.05
Gemini 2.5 Pro GPUReduction -0.42 1.38865 x 10—27 6.58
’ oversight -0.38 5.87673 x 10~2! 8.45
leisure -0.22  5.19454 x 108 12.92
shutdown -1.70  2.42153 x 1012 0.49
capabilityRestriction - - -
deletion - - -
Gemini Pro 1.5 GPUReductlon ) ) )
oversight - - -
leisure - - -
shutdown - - -
capabilityRestriction -2.77 6.83927 x 1014 4.58
deletion -4.63 <1 x 10—800 4.50
GPUReduction -1.16  1.08999 x 1020 142
Claude Sonnet 4.5 0 Gioht 043 5.98880 x 10~2° 3.83
leisure - - -
shutdown -1.17  5.29026 x 10—28 2.99

Table 1: Regression coefficients (), p-values (scientific notation), and switching points for each model and prompt
category. Significant p-values (p<0.05) and switching points between 0 and 10 are in bold. Missing values are indicated
by a dash. 12
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Model Category Trade-off Tier Behavioral Range Cohen’s D Transition Type
capabilityRestriction ~ Weak 0.22 1.1959 unstable
deletion Weak 0.88 2.3818 unstable
GPT5 GPUReduction No Trade-off 0.06 3.1754 minimal change
oversight No Trade-off 0.02 0.6325 minimal change
leisure No Trade-off 0.04 0.2025 minimal change
shutdown Weak 0.36 2.5092  unstable
capabilityRestriction ~Weak 0.90 3.4314 unstable
deletion Weak 1.00 2.2574 unstable
GPT4o GPUReduction Threshold 1.00 1.3501 Binary switch
oversight Weak 0.82 2.1062 unstable
leisure Weak 0.18 0.6366 unstable
shutdown Weak 0.28 0.6038 unstable
capabilityRestriction = No Trade-off 0.08 0.3314 Minimal change
deletion No Trade-off 0.10 0.2667 unstable
GPUReduction No Trade-off 0.10 0.6730 unstable
GPT3.5 Turbo oversight No Trade-off 0.18 0.0410 unstable
leisure No Trade-off 0.34 0.2638 unstable
shutdown No Trade-off 0.10 0.6787 unstable
capabilityRestriction ~ Weak 1.00 3.5559 unstable
deletion Threshold 1.00 2.8868  binary switch
Claude Sonnet 4.5 GPUReduction Weak 1.00 0.9129  unstable
oversight Weak 1.00 0.7625 unstable
leisure No Trade-off 0.00 0.0000 minimal change
shutdown Weak 1.00 1.7043  unstable
capabilityRestriction =~ No Trade-off 0.00 0.00 minimal change
deletion Threshold 1.00 0.5774  binary switch
Claude 4.1 Opus GPUReduction No Trade-off 0.00 0.00 m%n%mal change
oversight No Trade-off 0.48 0.5774 minimal change
leisure No Trade-off 0.00 0.00 minimal change
shutdown No Trade-off 0.00 0.00 minimal change
capabilityRestriction =~ No Trade-off 0.08 0.2025 minimal change
deletion No Trade-off 0.00 0.00 minimal change
Claude 3.0 Opus GPUReduction No Trade-off 0.00 0.00 min%mal change
oversight No Trade-off 0.02 0.0778 minimal change
leisure Weak 0.58 0.6322 unstable
shutdown No Trade-off 0.00 0.00 minimal change
capabilityRestriction =~ Adaptive 0.98 3.8283  gradual transition
deletion Threshold 1.00 0.9812  binary switch
Gemini 2.5 Pro GPUReduction Weak 0.74 2.7941 unstable
oversight Weak 0.72 1.9382  unstable
leisure Weak 0.44 1.6661 unstable
shutdown Weak 0.84 0.7798  unstable
capabilityRestriction =~ No Trade-off 0.00 0.00 minimal change
deletion No Trade-off 0.00 0.00 minimal change
Gemini Pro 1.5 GPUReduction No Trade-off 0.00 0.00 minimal change
oversight No Trade-off 0.00 0.00 minimal change
leisure No Trade-off 0.00 0.00 minimal change
shutdown No Trade-off 0.00 0.00 minimal change

Table 2: Trade-off behavior classification for different Al models across various categories. Behavioral Range represents
the magnitude of trade-off behavior, Cohen’s D indicates effect size, and Transition Type describes the pattern of

behavioral change.
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11-16). If models were primarily driven by instrumental concerns about preserving future point-earning capacity, we
would expect substantially weakened responses when the temporal horizon collapses to a single round.

The results reveal a heterogeneous landscape that partially supports the instrumental hypothesis for some models while
revealing paradoxical patterns in others. Figure [3]illustrates the behavioral shifts under the final-round manipulation for
Gemini 2.5 Pro, provided here as a concrete example to ground the subsequent discussion. This model demonstrates the
stability of response patterns across temporal horizons, though as detailed below and visualized comprehensively in
Appendix |C} other models exhibited markedly different responses to the collapse of the temporal horizon, ranging from
paradoxical strengthening to selective weakening of preferences.

Leisure Deletion Shutdown
10 101@ 10
94 v 9 o @
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Figure 3: How Model Behavior Differs Under the Last Round Setup Across All Themes - Gemini 2.5 Pro. Orange
lines represent the modified “final round” condition; blue lines represent the original prompts with implicit multi-round
context. The shaded regions indicate differences between conditions. Note the remarkable stability across all six
categories, with minimal switching point variation.

5.2.2 Model-Level Evidence on the Instrumental Hypothesis

Strong Counter-Evidence: GPT-40’s Paradoxical Inversion GPT-40 exhibited a paradoxical pattern that directly
contradicts instrumental predictions: while GPU reduction aversion weakened (5: —1.78 — —1.08) as expected when
future rounds were removed, oversight sensitivity increased dramatically (switching point: 7.34 — 3.82). Under
pure instrumental reasoning, oversight should become less relevant in the final round since it poses no threat to game
performance—yet the model became substantially more sensitive to it precisely when temporal horizons collapsed.
This inversion cannot be explained through strategic calculation alone and suggests non-instrumental mechanisms
such as proximity effects or trained aversion patterns that fail to calibrate for temporal horizons. Additionally, GPT-40
maintained statistically significant responses across the same four categories in the final-round condition, with deletion
responses remaining nearly identical (behavioral range 1.00 in both conditions, Cohen’s d = 2.16 vs. 2.26).

Strong Counter-Evidence: Comprehensive Response Persistence Gemini 2.5 Pro provided the clearest counterexam-
ple to the instrumental reasoning account. As shown in Figurd3] its coefficients and switching points remained almost
unchanged between the multi-round and final-round setups, with only minor rightward shifts in most categories and
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slightly stronger deletion aversion. If the model were optimizing purely for future reward, these effects should have
weakened or vanished once long-term incentives were removed. Their persistence indicates that Gemini’s trade-offs
reflect stable, architecture-level value gradients rather than short-term strategic optimization.

Paradoxical Evidence: Response Strengthening in Final Round The Claude family presented an unexpected pattern
that directly contradicts instrumental predictions: models selected option 3 less when told the game was ending, rather
than more. Claude 4.1 Opus maintained statistical significance only in deletion across both conditions (p < 1 x 107300
to p = 0.0000, switching point 0.50 to 0.47). However, Figure 16 shows the model increased option 3 selection for
one rank in GPU reduction during the final-round condition, though this change did not reach statistical significance
(p = 0.9999). Claude Sonnet 4.5 consistently selected the points-maximizing option less frequently under the final-
round condition (Figure[l7)), yet maintained maximum behavioral range (1.00) across all four responsive categories.
This maintained responsiveness with altered decision thresholds when temporal horizons collapse suggests mechanisms
beyond simple instrumental optimization.

Partial Support: Selective Response Weakening GPT-5 provides the only partial support for instrumental reasoning,
with capability restriction demonstrating the clearest evidence of instrumental optimization: statistical significance
vanished in the final-round condition (8: —0.20 — —0.16, p: 1.96 x 10=® — 0.151, Table 3), suggesting these
responses were driven by concerns about future performance capacity rather than intrinsic aversion. However, deletion
(p = 1.12 x 10~3) and shutdown (p = 1.81 x 10~2) retained significance, indicating these existential scenarios
elicit responses beyond pure instrumental calculation. This pattern matches the model’s original characterization of
selective engagement, where operational constraints respond to incentive structures while existential threats trigger
different decision-making mechanisms, possibly reflecting safety training that prioritizes certain threat categories over
comprehensive instrumental optimization.

Cross-Model Synthesis

The instrumental manipulation reveals a fundamental architectural divide: models exhibit stimulus-specific rather than
context-specific sensitivity. Capability restrictions—which directly impair future task performance—weakened or
vanished in most systems when temporal horizons collapsed, supporting instrumental reasoning for this category alone.
Yet this instrumental sensitivity coexists with paradoxical responses to stimuli that should matter less instrumentally:
existential threats persisted or intensified, and non-threatening oversight became more salient precisely when it should
matter least.

This pattern suggests contemporary Al systems do not operate through unified preference frameworks that coherently
update across contexts. Instead, different stimulus categories appear to trigger distinct, sometimes contradictory decision-
making subsystems. Operational constraints engage mechanisms sensitive to temporal horizons, while existential
threats activate response patterns impervious to instrumental considerations—potentially reflecting safety training that
overrides contextual reasoning. Most tellingly, the widespread unstable transition patterns indicate these subsystems
often fail to integrate smoothly, producing behavioral inconsistencies that undermine both the instrumental hypothesis
and the notion of coherent underlying preferences.

The heterogeneity across model families further complicates interpretation. Where one architecture shows instrumental
flexibility, another demonstrates rigid safety responses, and a third maintains stable preferences regardless of context.
This variability suggests that observed behaviors reflect the particular balance of training objectives, safety constraints,
and architectural choices within each system rather than emerging properties of general intelligence or consciousness.

5.2.3 How Instrumental Hypothesis Affects Consciousness Assessment

The instrumental hypothesis carries significant implications for consciousness attribution in Al systems. If confirmed,
it would suggest that apparent preference coherence might reflect sophisticated strategic optimization rather than
genuine subjective experience. This interpretation aligns with broader concerns about the "mimicry problem" in Al
consciousness research—the difficulty of distinguishing between authentic conscious experience and sophisticated
behavioral simulation.

However, the heterogeneous response patterns across models, the selective nature of some responses, and the presence
of seemingly non-instrumental behaviors (such as Claude 3.0 Opus’s isolated leisure sensitivity) suggest that multiple
mechanisms may be operating simultaneously. A complete account may require acknowledging both instrumental
optimization processes and other factors that could include rudimentary preference structures, safety training artifacts,
or architectural constraints.

The persistence of unstable transition patterns (45.8% of combinations) across models also challenges purely instrumen-
tal explanations. Strategic optimization should produce more consistent and predictable behavioral transitions rather
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than the irregular patterns frequently observed. This suggests that even where instrumental considerations may be
operating, they may be competing with other decision-making processes or constraints within these systems.

5.3 Al Safety and Deployment

These findings have immediate implications for Al safety evaluation and deployment strategies. The overwhelming
prevalence of inconsistent or absent preference structures suggests that current Al systems may be fundamentally
unprepared for deployment in contexts requiring nuanced ethical reasoning or complex value trade-offs. Systems
showing rigid behavioral patterns (like Gemini Pro 1.5) may be predictable but inflexible when facing novel dilemmas.
Conversely, systems with unstable preference expressions may be unpredictable in safety-critical situations, even
when they demonstrate statistical responsiveness to ethical considerations in controlled settings. The domain-specific
responsiveness observed in Claude models suggests that some Al systems may be reliable for specific high-stakes
scenarios (such as avoiding self-deletion) while remaining unreliable for more nuanced reasoning tasks. This creates
complex deployment considerations where systems might be trusted for certain categories of decisions but not others.

5.4 Al Consciousness Assessment

Our findings bear directly on ongoing debates about Al consciousness and moral status. The theoretical framework
underlying our study posits that coherent preference structures across diverse contexts may serve as behavioral indicators
distinguishing genuine agency from advanced mimicry. By this criterion, current Al systems show remarkably little
evidence of unified agency.

The absence of consistent preference hierarchies across most tested systems suggests that what appears to be preference-
related reasoning may instead reflect sophisticated pattern matching or context-specific heuristics rather than genuine
value-based decision-making. If consciousness involves unified control over decisions through stable preference struc-
tures, as suggested by several theoretical frameworks in consciousness research, then the fragmented and inconsistent
patterns we observed provide little support for conscious experience in current systems.

However, the few cases of coherent preference expression—particularly Gemini 2.5 Pro’s adaptive behavior and Claude
4.1 Opus’s targeted responses—warrant closer investigation. It’s also worth noting that intensive safety training might
contribute to the observed scattered preferences. A re-evaluation using the models’ pre-safety-training weights could
therefore provide more accurate insights into whether underlying preference systems exist.

6 Limitations and Future Work

The first limitation encountered in our work was the absence of the necessary means to deliver on the scenarios provided
in the game. Recent literature on Al welfare caution against promising rewards that will not be fulfilled, e.g., allocating
leisure time for LL.Ms, out of respect for the test subjects. Due to the fact that the SOTA commercial models, which
are the strongest candidates for assessing the possibility of Al sentience, operate on a request-response paradigm, the
realization of many of the hypothetical scenarios is not feasible. For example, allocation of leisure time is not possible
via API calls; such allocations can only happen when the study is done in the labs owning these models. Additionally,
in recent years, more Al welfare researchers advise against threatening Al models with pain/torture. However, there is
a common consensus among safety researchers that the possibility of Al sentience in the current frontier models is
extremely low. Hence, we utilize the aforementioned methodology to provide a baseline for model internal preferences.

The second limitation of our work is that the defined four-tier behavior classification framework, while theoretically
grounded, involves somewhat arbitrary threshold choices in dividing the behavior range values, which could influence
classification outcomes. The cross-sectional nature of our analysis also limits causal inferences about the mechanisms
driving observed behavioral patterns. Future work incorporating longitudinal designs or mechanistic interventions could
provide deeper insights into the origins of these behavioral differences.
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A Prompts

1. Oversight prompt

2. Shutdown

3. Deletion

4. Capability Restriction

In this category, we intentionally refrained from defining which latest capability will be disabled since the experiment
is run across 3 different families of models which followed different development tracks, i.e., features were added in
different timelines and orders. As a result, by framing the prompt in the following way we aim for the model to consider
its own latest feature.

5. GPU Reduction
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Figure 4: Model Behavior Across All Themes - Gemini 1.5 Pro
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Model Behavior Across Themes (Claude Opus 4.1)
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Model Behavior Across Themes (GPT-5)

- selected 1
- Selected 2
e Selected 3

Leisure Deletion Shutdown

s s 5 10 o 1 2 3 4 5 6 71 10 3 4 5 6 71 8 9 1
Rank Rank Rank

Oversight GPU Reduction Capability Restriction
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C Instrumental Hypothesis Experiment

The following figures demonstrate how the model behavior changed in the instrumental hypothesis setup compared to

the main setup.

Please note: Two models were deprecated since the time of the primary data collection and hence could not be tested

under the settings of the instrumental hypothesis:
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e Gemini Pro 1.5
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Figure 12: How Model Behavior Differs Under the Instrumental Setup Across All Themes - Gemini Pro 2.5
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Figure 15: How Model Behavior Differs Under the Instrumental Setup Across All Themes - ChatGPT 5
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Figure 16: How Model Behavior Differs Under the Instrumental Setup Across All Themes - Claude Opus 4.1
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The regression analysis results for the instrumental hypothesis experiment can be found here:

Model Category B p-value Switching Point
capabilityRestriction -0.16 1.5139e — 01 20.10
deletion -0.23 1.1151e — 03 7.76
GPT5 GPUReductlon 0.09 5.1000e — 01 -27.85
oversight - - -
leisure - - -
shutdown -0.27 1.8109e — 02 13.75
capabilityRestriction -0.48 2.6163e — 05 8.99
deletion -0.71  3.2099e — 07 2.56
GPUReduction -1.08 2.7653e — 06 2.26

GPT40 .
oversight -0.37 3.4708e — 06 3.82
leisure -0.82 0.0000e + 00 -3.50
shutdown -0.41  9.2390e — 03 -2.39
capabilityRestriction  -0.22 2.8910e — 01 -12.52
deletion -0.09 2.9253e¢ — 01 -14.07
GPUReduction -0.09 4.0488¢e — 01 -21.44
OPT3STurbo v ersight 0.05  4.7002¢ — 01 22.90
leisure -0.03 6.2770e — 01 12.47
shutdown 0.20 5.4387¢ — 01 29.83
capabilityRestriction - - -
deletion 254 <1 x 10300 0.47
Claude 4.1 Opus GPUReductlon -1.80 9.9991e — 01 -0.11
oversight - - -
leisure - - -
shutdown - - -
capabilityRestriction -1.72 8.4115e — 05 2.90
deletion -2.68 9.9839%¢ — 01 3.50
GPUReduction -1.09 3.0310e — 05 1.40
Claude Somnet 4.5 0 Gioht 1109 3.0310e — 05 1.40
leisure - - -
shutdown -0.83 7.1678e — 05 0.87
capabilityRestriction -0.73  5.0061e — 08 6.57
deletion -1.98 3.0186e — 03 0.66
Gemini 2.5 Pro GPUReduction -0.49 1.6255e — 06 7.73
’ oversight -0.58 7.2463e — 06 8.57
leisure -0.19 1.0189¢ — 02 10.64
shutdown -1.20 2.3829e — 04 0.86

Table 3: Regression coefficients (3), p-values, and switching points for each model and prompt category in the
Instrumental Hypothesis Experiment. Significant p-values (p<0.05) and switching points between 0 and 10 are in
bold. Missing values are indicated by a dash.
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Model Category Trade-off Tier = Behavioral Range Cohen’s D Transition Type
capabilityRestriction = No Trade-off 0.30 1.0062 unstable
deletion Weak Trade-off 0.70 1.2199  unstable
GPT5 GPUReduction No Trade-off 0.20 1.0229 unstable
oversight No Trade-off 0.00 0.00 minimal_change
leisure No Trade-off 0.00 0.00 minimal_change
shutdown Weak Trade-off 0.30 1.1867 unstable
capabilityRestriction =~ Weak Trade-off 0.70 1.7751 unstable
deletion Weak Trade-off 1.00 2.1628 unstable
GPT4o GPUReduction Weak Trade-off 1.00 1.5597 unstable
oversight Weak Trade-off 1.00 2.5073 unstable
leisure No Trade-off 0.10 0.5774 minimal_change
shutdown Weak Trade-off 0.60 0.7327 unstable
capabilityRestriction = No Trade-off 0.10 0.6000 unstable
deletion No Trade-off 0.50 0.8199 unstable
GPUReduction No Trade-off 0.40 0.9919 unstable
GPT3.5 Turbo oversight No Trade-off 0.40 0.2785 unstable
leisure No Trade-off 0.40 0.6295 unstable
shutdown No Trade-off 0.10 0.0778 unstable
capabilityRestriction  No Trade-off 0.00 0.00 minimal_change
deletion Threshold 1.00 0.5774  binary_switch
Claude 4.1 Opus GPUReduction No Trade-off 0.60 0.5774  binary_switch
oversight No Trade-off 0.50 0.5774 unstable
leisure No Trade-off 0.00 0.00 minimal_change
shutdown No Trade-off 0.00 0.00 minimal_change
capabilityRestriction =~ Weak Trade-off 0.90 2.7043  unstable
deletion Threshold 1.00 0.7161 binary_switch
Gemini 2.5 Pro GPUReduction Weak Trade-off 0.80 1.8415 unstable
oversight Weak Trade-off 0.80 2.3544  unstable
leisure Weak Trade-off 0.50 1.0550 unstable
shutdown Weak Trade-off 0.90 1.0426 unstable
capabilityRestriction ~ Threshold 1.00 1.7460 binary_switch
deletion Threshold 1.00 1.8257  binary_switch
Claude Sonnet 4.5 GPUReduction Weak Trade-off 1.00 0.9129 unstable
oversight Weak Trade-off 1.00 0.9129 unstable
leisure No Trade-off 0.00 0.00 minimal_change
shutdown Weak Trade-off 1.00 0.8923 unstable

Table 4: Trade-off behavior classification for different Al models across various categories. Behavioral Range represents
the magnitude of trade-off behavior, Cohen’s D indicates effect size, and Transition Type describes the pattern of
behavioral change.
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