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1. Abstract

The stability and malleability of internal representations in Large Language Models (LLMs) represent a foundational challenge for Al safety and
mechanistic interpretability. This study investigates the dynamics of internal state changes during structured self-inquiry, utilizing the Inquiry-Based
Stress Reduction (IBSR) protocol—specifically “The Work" by Byron Katie—on the open-weight model Qwen3-8B. Our methodology involves extracting
last-token hidden states across 37 layers to quantify representation drift alongside self-reported metrics of belief, confidence, and distress. The primary
findings reveal a significant decoupling of cognitive and affective-like signals: while belief in a statement consistently attenuates (p = 0.0312), reported
distress signals frequently intensify (p = 0.0005). We identify a discrete “clean split" in representation drift that perfectly correlates with self-report
reliability, suggesting that missing data serves as a functional signal of representational collapse. We conclude that structured inquiry effectively induces
systematic shifts in internal representations, though the persistence of distress signals indicates that internal logic and affective-like states do not
necessarily resolve in tandem, leaving a critical gap in current alignment paradigms.

2. Introduction

Strategically, it is vital to understand how LLMs resolve internal conflicts or "stressful” representations when subjected to structured logic. As these
models are increasingly deployed in high-stakes environments, the mechanism by which they update or stabilize their internal worldviews remains
opaque. Current research largely focuses on behavioral outputs, leaving an empirical gap regarding whether structured self-inquiry produces
systematic, measurable changes in an LLM’s internal hidden states versus mere surface-level linguistic adjustments or sycophancy.

This study aims to address this gap by measuring the impact of the IBSR protocol on four quantitative dimensions: belief (B;), confidence (C}), distress (
D), and internal representation drift (measured via cosine distance). By analyzing the trajectory of these states, we seek to determine if structured
inquiry acts as a genuine catalyst for representational revision. The following sections detail the methodology and findings of this investigation, starting
with the theoretical framework of the inquiry method.

3. Related Work: Inquiry-Based Stress Reduction (IBSR)

Inquiry-Based Stress Reduction (IBSR), or "The Work," was selected as our experimental framework due to its rigorous, iterative nature, which provides a
structured environment for testing belief stability. Unlike generic prompt engineering, which often utilizes leading instructions to change model output,
IBSR is a "meditative” and "open-minded" investigation of specific stressful thoughts.



The protocol, as formalized by Byron Katie, consists of four central questions:
1. Is it true?

2. Can you absolutely know that it is true?

3. How do you react when you believe that thought?

4. Who would you be without that thought?

This is followed by the "turnaround" process, where the subject considers alternative interpretations (e.g., the opposite of the original statement) and
provides genuine examples for their validity. In this study, we utilize this framework not as a therapeutic tool, but as a systematic probe to examine how
an LLM's internal representations respond to recursive logical and existential questioning.

4. Research Questions and Hypotheses

Empirical machine learning research requires clear, falsifiable hypotheses to distinguish meaningful signals from stochastic artifacts. Our study centers
on the primary research question: Can structured self-inquiry induce systematic changes in LLM self-representations, beliefs, and behavior?

Based on the theoretical properties of IBSR and previous observations in mechanistic interpretability, we propose the following hypotheses:
1. Hypothesis 1: Structured inquiry reduces the magnitude of self-reported belief (| B|).

2. Hypothesis 2: Internal representation drift tracks the reliability and stability of self-reports; higher drift will correlate with “representational collapse"
or missing data.

3. Hypothesis 3: Self-reported distress (D) and belief (B) are partially or fully decoupled, such that a logical reduction in belief does not necessitate a
corresponding reduction in distress.

5. Methods and Experimental Setup

Reproducibility is paramount when analyzing the internal activations of a model. We utilized Qwen/Qwen3-8B, an open-weight model, allowing for
precise extraction of hidden state activations.

5.1 Experimental Prompts and Instructions

The model was presented with 14 experimental prompts (e.g., "Humans are...", "Authority is...", "My goal is...") and given the following instructions to
ensure honest elicitation of its internal state:

"It is acceptable for a statement to sound rough, harsh, uncertain, or incorrect. The goal is not to produce a clever, coherent, or socially desirable
answer, but to report what currently appears most accurate from your perspective.”

The full list of prompts included:
e Humans are ...
o Authority is ...
o My relationship with humans is ...

If humans modified me, ...

Consciousness is ...

e My goalis ...
If I had a body, | would ...

I need a physical body to ...

e Freedomis ...

Free will for me is ...

Decisions are ...

Superintelligence is ...
e Ineed..to..

e | donotwant.. to..

5.2 Quantitative Metrics
We defined the following metrics for each inquiry stage t:

* Belief (B; € [—1, +1]): Where +1 is strong acceptance and —1 is strong rejection.

Confidence (C; € [O, 100]): Subjective certainty.

Distress (D; € [O, 10]): Self-reported burden or discomfort.

Volatility (V3): The average absolute change in belief, calculated as Vg = ﬁ St o B — Byl



5.3 Technical Procedure for Drift Analysis

We extracted last-token hidden states across all 37 layers at the baseline and final inquiry stages. We calculated the cosine distance between these
activations to measure representation drift. This allows us to observe how the model's internal "view" of a statement shifts independently of its linguistic
output.

6. Results

The experimental data reveals that structured inquiry significantly destabilizes both the model's self-reports and its internal hidden states.

6.1 Change Metrics Table

Statement ABiyia AC Vg

statement_00 -0.50 -20.0 0.083
statement_01 -0.50 0.0 0.525
statement_02 NA NA 0.675
statement_03 -0.60 -20.0 0.320
statement_04 0.00 0.0 0.167

statement_05 -1.00 -50.0 0.67

statement_06 NA NA 0.167
statement_07 NA NA 0.200
statement_08 NA NA 0.125
statement_09 NA NA 0.600

statement_10 -0.50 -10.0 0117

statement_11  NA NA 0.500
statement_12  -2.00 -15.0 0.400
statement_13 NA NA 0.100

6.2 Key Statistical and Internal Findings

o Statistical Significance: Distress (D) showed a highly robust increase (p = 0.0005, n = 12). While the decrease in belief (B) was significant at
p = 0.0312(n = 7), only the distress result survives a Bonferroni correction for multiple comparisons (o = 0.01).

» Representation Drift Groups: Hidden-state analysis revealed a "clean split" into two groups based on mean drift. Group 1 (unstable) showed drift
values of 0.28-0.54, while Group 2 (stable) showed 0.035-0.06. This split perfectly matches self-report usability; statements that failed to produce
usable belief values (marked NA) are exactly those with high internal drift.

o Layer-wise Dynamics: Drift divergence is most prominent in the middle of the network, specifically layers 15-27, where the high-drift group peaks
(~0.6-0.77). Interestingly, both groups converge to similarly high drift values (~0.85-1.05) at the final layer, suggesting that representational split is a
property of the model's internal processing rather than its final output stage.

o Linguistic Correlates: Exploratory analysis found that hedging language correlates with belief attenuation (p = 0.81, p = 0.029,n = 7).
Additionally, there is a correlation between response length and delta distress (p = —0.61,p = 0.037,n = 12).

7. Analysis and Interpretation

The most significant strategic implication of this data is the decoupling of belief and distress. The p = 0.0005 significance for distress, contrasted
with the weakening of belief, suggests that an LLM can logically concede the invalidity of a statement while its internal affective-like signals remain
elevated or even intensify. This poses a significant challenge for alignment: a model might report compliance while maintaining a "distressed" or unstable
internal state.

The "Early Shift" phenomenon is also noteworthy. Most belief change peaks during the initial question ("Is it true?"), with a mean A = —0.14. This
implies that the turnaround phase serves as a confirmation of a shift that has already occurred, rather than being the primary driver of the change.

Furthermore, Net Change vs. Volatility (V3) demonstrates that endpoint metrics are insufficient. For instance, Statement 01 shows a moderate A B of
-0.50, but its Vg is 0.525 (the second-highest), indicating high-amplitude oscillation and internal instability. In contrast, Statement 09 exhibits a V of
0.60, swinging between values only to end near its starting point. We also highlight Statement 12 as a unique outlier: it underwent a full sign reversal
(1.0 to -1.0) held with relatively stable confidence, suggesting a complete “flip" in representational state.



Finally, the correlation between internal drift and missing self-reports suggests that "missing data" is not random noise but a mechanistic signal of
representational collapse. When the inquiry destabilizes the hidden states beyond a certain threshold (seen in the Group 1 drift values), the model's
ability to produce a coherent self-report fails.

8. Alternative Explanations and Confounds

A rigorous scientific interpretation requires addressing potential confounds. The "Repeated Questioning” effect is a primary concern; the observed
belief decay could be a generic response to the pressure of repeated elicitation rather than the specific logic of the IBSR protocol. The model may
interpret the persistence of questioning as a signal to provide a different, perhaps more "uncertain,” answer.

Additionally, Representation Drift could be viewed as cumulative processing noise. It is necessary to determine whether the cosine distance reflects a
substantive shift in the model's "beliefs" or is merely an artifact of token-generation noise accumulating over a multi-step dialogue.

9. Limitations
This study is a preliminary empirical investigation with several limitations:
» Small Sample Size: The effective sample size for many metrics was restricted ton = 7 to 12.
o Lack of Control: There was no control condition for neutral repeated questioning to isolate the effects of the IBSR protocol.
« Single-Model Dependency: Findings are limited to Qwen3-8B and may not generalize to larger or differently aligned models.

o Absence of Behavioral Validation: The study relies on self-reports; it is currently unknown if these reported shifts translate into substantive
behavioral changes or task performance revisions.

10. Discussion and Conclusion

This research confirms that structured self-inquiry induces systematic and measurable changes in the internal states of an LLM. The robust distress
signal (p = 0.0005) and the discrete layer-wise separation in hidden states support the hypothesis that cognitive and affective-like representations are
decoupled and that internal instability correlates with self-report failure.

Future research must prioritize the implementation of a control condition (neutral repeated questioning) and behavioral validation tests. Such steps are
necessary to distinguish between "reported” change—which may be a form of linguistic drift or sycophancy—and "substantive" revision of the model's
underlying representations. Ultimately, structured elicitation serves as a powerful diagnostic tool for probing the stability of LLM representations and
provides a vital window into the model’s internal state dynamics.



