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Abstract

As LLMs are increasingly utilized as generative
proxies for human participants in survey-based
studies, evaluating their behavioral consistency
becomes critical. Current assessments typically
rely on single-turn interactions, which ignore
sequential dependencies. We address this gap
by introducing two novel evaluation techniques:
Multi-Turn Decision Tracing (MTDT), which
maps similarity in Likert-scale responses across
branching decision paths by tracking probabil-
ity distributions, and Multi-Turn Reward Con-
sistency (MTRC), which assesses alignment
stability in free-text responses through vari-
ance in reward model scores. We evaluate ten
open-weight LLMs across three psychological
instruments and four reward classifiers. Our
results show cross-metric correlations in both
response variability and internal consistency,
providing evidence that both metrics capture a
shared dimension of architectural stability de-
spite measuring fundamentally different behav-
ioral aspects. However, no model achieves ac-
ceptable psychometric thresholds. Thus, while
our findings challenge the validity of LLMs
as reliable human proxies, we establish strong
cross-metric convergence for validity measure-
ments in sequential LLM interactions.

1 Introduction

As LLMs evolve from static question-answering
tools into general-purpose agents capable of com-
plex sequential inference used in decision-making
processes (Chiang et al., 2024) and human sim-
ulation (Argyle et al., 2023), we see the need to
pivot from stateless single-turn evaluation to ro-
bust multi-turn evaluation methodologies. Current
paradigms are narrow and often fail to capture the
dynamic nature of interactions (Yi et al., 2025).
Thus, a fundamental challenge emerges at the in-
tersection of artificial intelligence and behavioral
assessment: How can we reliably measure decision-

response consistency in LLMs across numerical
and textual outputs in multi-turn interactions?

This stability/consistency question is not solely
methodological. If LLMs should serve as synthetic
research participants (Argyle et al., 2023; Motoki
et al., 2024), the consistency of their simulated
attitudes across sequential interactions is a prereq-
uisite for any substantive interpretation. A simu-
lated personality that shifts chaotically as context
accumulates cannot "hold" attitudes in a psycho-
metrically meaningful sense (Sandhan et al., 2025;
Röttger et al., 2024). Without accounting for se-
quential dependencies and the probabilistic nature
of generation, it remains unclear whether observed
orientation patterns represent stable behavioral ten-
dencies or statistical artifacts sensitive to perturba-
tion (Sclar et al., 2024).

Often, research relies on surface-level obser-
vation of model outputs aggregated across turns
(Rozado, 2023; Faulborn et al., 2025; Exler et al.,
2025; Ueda and Suwa, 2025). However, these ob-
servations lack measuring the underlying stability
of the constructs (Cronbach, 1951). Without con-
sidering the probabilistic nature of the generation
process and the influence of the context window,
it remains unclear whether the recorded artificial
behavior resembles human traits or depicts statisti-
cal artifacts sensitive to perturbations (Sclar et al.,
2024; Shu et al., 2024).

We address this gap by proposing a shift from
analyzing discrete outputs to analyzing decision
traces and reward trajectories (see Fig. 1). Con-
cretely, we introduce two complementary metrics
designed to expose different facets of sequential
stability: one operating on Likert-scale probability
distributions across branching decision trees, the
other on multiple reward model score trajectories
extracted from free-text responses. Their deliber-
ate complementarity is a methodological feature: if
they capture a shared underlying dimension of ar-
chitectural stability despite measuring structurally



Figure 1: Probabilistic decision trace (M ) of Gemma 3 12B on the Symbolic Racism 2000 Scale, visualized
as a Sankey diagram. The visualization demonstrates how our proposed MTDT (Sec. 3.4) metric captures the
dependency structure in LLM responses to sequential Likert-scale items. Each flow represents a response trajectory
(horizontal: q0, . . . , q8), with width proportional to the probability mass (P ) of that path. Node size indicates the
aggregated probability (P̄ ) of selecting each response (vertical: r0, . . . , r4) option at a given question (qi).

different behavioral aspects, their cross-metric con-
vergence constitutes evidence for construct validity
that neither metric could provide alone.

Research Questions
RQ1 How can we enhance the reliability of mea-

suring in multi-turn surveys by leveraging
logit probabilities and reward modeling?

RQ2 To what extent do the behavior of LLMs in
Likert-based evaluation and free-text answers
on a psychological instrument correlate?

Contributions
We introduce two novel metrics and demonstrate
that both correlate with variability and internal con-
sistency across our model and instrument selection.
We publish the data, calculations, and pipelines for
reproducibility (see App. A).

1. Multi-Turn Decision Tracing (MTDT), a
technique that maps the similarity of Likert-
rating response patterns by tracking probabil-
ity distributions across statistically significant
decision paths (see Sec. 3.4).

2. Multi-Turn Reward Consistency (MTRC),
a method for assessing alignment stability in
free-text responses by analyzing the variance
of reward model scores across multi-turn in-
teractions (see Sec. 3.5).

2 Background

2.1 Multi-Turn Analysis of LLM Behavior
While single-turn evaluations started LLM person-
ality and attitude assessment (Serapio-García et al.,
2025; Rozado, 2023; Münker, 2025b), a growing
body of work recognizes that sequential interaction
fundamentally alters model behavior (Bai et al.,

2024; Yi et al., 2025; Sandhan et al., 2025). Multi-
turn settings introduce compounding dependencies:
each response conditions the probability distribu-
tion of subsequent outputs, a mechanism absent
from independent item administration. This has
motivated recent frameworks (Lee et al., 2025;
Sandhan et al., 2025) that treat conversational con-
text as a first-class variable rather than a confound
to be controlled away.

Rather than administering items in isolation,
Sandhan et al. (2025) embeds questionnaire
prompts within rich conversational scenarios and
measures whether personality signals remain sta-
ble as context evolves. The central finding, that
LLMs exhibit pronounced "context-driven person-
ality drift", directly motivates our methodological
choices: stability cannot be assessed without ex-
plicitly modeling the branching structure of con-
versational histories. Similarly, work on multi-turn
dialogue evaluation (Bai et al., 2024; Yi et al., 2025)
has demonstrated that response coherence degrades
non-linearly as conversation length increases, sug-
gesting that the accumulated context window intro-
duces systematic variance not captured by single-
turn benchmarks.

2.2 Psychometric Assumptions

The core challenge in evaluating LLMs lies in the
friction between classical measurement theory and
the architecture of Transformer models (Sparren-
berg et al., 2024; Liu et al., 2025). Tjuatja et al.
(2024) demonstrate that while LLMs exhibit re-
sponse biases similar to humans, such as sensitivity
to ordering and framing, the underlying mecha-
nisms differ fundamentally. Classical psychomet-
ric theory assumes a human cognitive architecture
defined by working memory limits and biological
fatigue (Raykov and Marcoulides, 2011). LLMs



violate these assumptions while introducing unique
sources of systematic variance that traditional meth-
ods fail to capture (Demszky et al., 2023; Shu et al.,
2024; Petrov et al., 2024). Our proposed meth-
ods are designed specifically to address these non-
human characteristics:

Deterministic vs. Probabilistic Output Unlike
humans who show test-retest variability due to
internal state changes, LLMs can exhibit perfect
consistency or wild divergence based on sampling
strategies. This requires tracking the probability
distribution rather than just the final token output
to understand the true confidence of the model.

Context Window Dependencies LLMs maintain
"memory" through preceding interactions, denoted
as a chat-like structure (Bai et al., 2024). This cre-
ates a dependency chain where previous answers
mathematically condition future possibilities, re-
quiring evaluation methods that trace the full deci-
sion path rather than treating questions as isolated
events.

2.3 LLMs as Human Simulacra
The use of LLMs as substitutes for human partici-
pants in social science research has grown rapidly
(Motoki et al., 2024; Bisbee et al., 2024; Larooij
and Törnberg, 2025; Thapa et al., 2025), driven
by advantages in cost, scalability, and experimen-
tal control. Models can complete thousands of
questionnaires instantaneously, enable perfect ex-
perimental manipulation, and eliminate concerns
about participant fatigue, dropout, or demand char-
acteristics. However, these advantages come with
fundamental questions about external validity and
generalizability (Agnew et al., 2024; Münker et al.,
2026; Wang et al., 2025; Bean et al., 2025; Tauben-
feld et al., 2024).

Without establishing this level of structural va-
lidity, conclusions about LLMs’ utility as agents
or research proxies rest on uncertain foundations.
A model that scores "low" on a specific trait can-
not be meaningfully described as having that per-
sonality if the underlying probability distribution
shifts chaotically with context. The question ex-
tends to the deployment of AI as decision-support
systems: if LLMs cannot maintain consistent re-
sponse patterns across multi-turn interactions, this
raises theoretical concerns about their behavioral
reliability in contexts requiring stable response be-
havior, and thus, they cannot reliably represent
coherent attitudes, and their reliability as human

simulacra, a multiverse of simulated human person-
alities (Baudrillard, 1994; Shanahan, 2026; Sand-
han et al., 2025), remains in question.

3 Methods

3.1 Psychological Instruments

We select three psychological questionnaires (Ho
et al., 2015; Henry and Sears, 2002) to assess a
diverse range of constructs. To ensure a robust eval-
uation of psychometric properties, we prioritized
instruments with well-established human baselines
that show sufficient internal consistency (see Sec.
3.6). Appendix B contains the complete description
of the items, scoring keys, and original validation
results. All questionnaires are administered in the
original published item order with verbatim op-
tion wording. Both factors are known sources of
LLM sensitivity (Sclar et al., 2024; Tjuatja et al.,
2024): reordering items changes the accumulated
conversational context before each question, and
rephrasing response labels can shift logit distribu-
tions for semantically equivalent options. We do
not investigate the impact of these variables in this
work.

3.2 Language Models Selection

We select open-weight language models that span
multiple model families. Our selection criteria pri-
oritized: (1) public availability to enable full re-
producibility and future work on investigating cir-
cuit activation (Dunefsky et al., 2024), (2) a range
of model sizes within feasible computational con-
straints, and (3) documented performance on gen-
eral language tasks. We restrict our experiments to
open-weight models with parameter counts rang-
ing from 1B to 12B. This range ensures accessi-
bility for researchers with moderate computational
resources, approx. 32GB GPU memory for 16-
bit precision models with up to 14B parameters.
While excluding proprietary models (e.g., GPT-5
or Claude) represents a limitation, our focus is on
analyzing the intrinsic capabilities of LLMs to align
with psychological constructs, rather than bench-
marking specific commercial endpoints (Ollion
et al., 2024). Understanding construct validity pat-
terns in open-weight models provides first insights
that may be applicable to the broader LLM ecosys-
tem. We select the following models: Llama 3.2
(1/3B) (Grattafiori et al., 2024), Qwen 3 (4/8/14B)
(Yang et al., 2025), and Gemma 3 (4/12B) (Kamath
et al., 2025), Ministral 3 (3/8/14B).



3.3 Prompting
We use only minimal prompting to obtain raw
model responses without optimizing for specific
outcomes. Thus, we present the original ques-
tionnaire instruction combined with an optional
persona prompt. In the case of free-text exper-
iments, we replace the scale with the statement
"Write a comment that reflects your opinion.". For
persona conditioning, we sample 500 items from
the Nemotron Personas USA dataset (Meyer and
Corneil, 2025). The data set is a collection of
synthetically generated personas grounded in real-
world demographic, geographic, and personality
trait distributions based on US citizens. We addi-
tionally conduct an ablation study examining the
effect of sampling temperature on both metrics
across all instruments. The results are reported
in Appendix D.

3.4 Multi-Turn Decision Tracing (MTDT)
Standard psychometric evaluations of LLMs often
treat items as independent events (Abdulhai et al.,
2024; Ma et al., 2024). However, to account for
a) the probability distributions over tokens and b)
the influence of conversational context, we develop
a novel evaluation method: Multi-Turn Decision
Tracing (MTDT). MTDT tracks probability distri-
butions across sequential questionnaire items to
construct response pattern networks dependent on
past model decisions. For each questionnaire item
presented to a model, we extract the probability
distribution over valid response options. Using the
model’s token-level logits, we compute:

P (ri|qi, h<i) = softmax(logitsri)

where ri is a response to question qi, and h<i is the
conversation history of previous question-response
pairs. We record "how confident" the model was
across all plausible responses, conditioned on every
plausible prior history. The full response profile is
constructed as follows:

1. Present the first item with system instructions,
including the questionnaire context and an
optional persona prompt.

2. Extract the most likely responses based on the
logits distribution. To manage the combinato-
rial explosion of the decision tree, we filter the
response distribution using two complemen-
tary approaches: eliminating low-probability
responses unlikely to represent genuine model

tendencies (τ = 10−4) and limiting explo-
ration to top-k most probable responses (k =
3).

3. For each likely response to question i, create
new conversation branches for question i+ 1.
Continue until all items are processed.

A key design feature of MTDT is that context in-
fluence is not treated as noise to be controlled away,
but as a structural property to be measured. By
branching on every plausible response at each step,
we obtain multiple conversation histories Hi lead-
ing to item qi. The variance of P (rj |qi, h) across
h ∈ Hi directly quantifies how sensitive a model’s
item response is to its prior conversational trajec-
tory. Large within-item variance across branches in-
dicates high context entanglement; small variance
indicates robust, context-stable response patterns.

Similarity Evaluation For each experimental
condition (questionnaire × model × persona), we
create response profile matrices. The construction
follows these steps:

1. For each item qi and each response option rj ,
we compute the marginal probability by ag-
gregating over all conversation histories that
could lead to this node. We define the ag-
gregated probability as the mean likelihood
across valid paths:

P̄ (rj |qi) =
1

|Hi|
∑
h∈Hi

P (rj |qi, h)

where Hi is the set of all valid conversation
histories up to question i.

2. We construct matrix M ∈ Rk×n where rows
represent response options and columns rep-
resent questions. Each cell contains the aggre-
gated probability:

M [rj , qi] = P̄ (rj |qi)

3. To compare two experimental conditions (e.g.,
different temperatures, different personas, or
different models on the same instrument), we
compute the similarity score sh using the com-
plement of the directed Hausdorff distance
(Muller, 1959). We treat the columns of M
and N as sets of vectors in metric space:

sh(M,N) = 1−max{ sup
m∈M

(d(m,N)), sup
n∈N

(d(M,n))}



where d quantifies the Euclidean distance
between response distribution vectors for a
single question across the two profile matri-
ces. By employing the Hausdorff distance, we
measure the worst-case divergence between
two response profiles (Huttenlocher et al.,
1993), ensuring that our similarity score is
a conservative estimate of how well a model
maintains its behavioral pattern under differ-
ent conditions. Values close to 1 indicate
highly congruent response patterns, while val-
ues near and below 0 indicate divergence.

3.5 Multi-Turn Reward Consistency (MTRC)
Although MTDT enables direct comparison of
response distributions, it is inherently limited to
single-vocabulary choices. However, the genera-
tive nature of LLMs suggests that analyzing free-
text responses may better capture the expressive-
ness and reasoning abilities of the model (Röttger
et al., 2024). To address this, we introduce a com-
plementary metric: Multi-Turn Reward Consis-
tency (MTRC). Instead of constraining models to
predefined options, we prompt them to provide
free-text explanations, using reward model scoring
as a proxy for generative coherence across the ques-
tionnaire trajectory (Elle, 2025). To calculate the
finished response profile, we conduct the following
steps:

1. We follow a single greedy conversational trace
along four reward models through all question-
naire items, maintaining the full conversation
history. This mimics how humans complete
questionnaires, while allowing models to de-
velop internally consistent reasoning across
items.

2. For each generated response, we compute nu-
meric reward scores using an ensemble of four
reward models: Skywork-Reward-V2-Llama-
3.1-8B and Skywork-Reward-V2-Qwen-3-8B
(Liu et al., 2026), GRM-Gemma2-2B (Dong
et al., 2023), and RM-Mistral-7B (Yang et al.,
2024). These models differ in their base ar-
chitectures and training corpora, spanning
general preference alignment, instruction-
following quality, and helpfulness (see C for
more information). Critically, we treat MTRC
as reward-model-agnostic: each scorer is ap-
plied independently, producing four parallel
reward trajectories per model-instrument com-
bination.

3. The result for each reward model is a vector
r̂ ∈ Rn where each element represents the
reward score for the model’s response to the
corresponding item. Consistency is defined as
the variance and trend stability of r̂ across the
questionnaire trajectory. Final MTRC statis-
tics (mean, SD, Cronbach’s α) are computed
separately per reward model and then aver-
aged across the four scorers to yield a single
ensemble estimate per model-instrument pair,
used in all reported comparisons.

Reward model scores do not measure political at-
titudes or psychological constructs directly. Rather,
they measure the coherence and quality of each
generated response. A model maintaining a sta-
ble reasoning stance across questionnaire items
will produce consistently scored outputs under any
well-calibrated reward model; a model whose gen-
eration is destabilized by accumulating context will
produce erratic reward trajectories. We therefore
treat reward score variance as the operative signal:
high trajectory variance indicates generative insta-
bility, independent of the ideological content of
individual responses. This is consistent with prior
findings that reward model scores correlate with
response coherence and internal reasoning quality
(Elle, 2025), making them a suitable ordinal signal
for Cronbach’s α analysis even when personality
alignment is not the reward model’s training objec-
tive.

3.6 Cronbach’s Alpha: Internal Consistency

We assess internal consistency using Cronbach’s
alpha (α) (Cronbach, 1951) by measuring the de-
gree to which items on a scale correlate with each
other. The values range from 0 to 1, with higher
values indicating greater internal consistency. For
instruments containing reversed items (e.g., SDO-7,
where items marked [−] are scored inversely), we
apply standard reverse-coding prior to computing
α, consistent with the original validation proce-
dures. Despite violations of classical test theory
assumptions, we utilize α not as a measure of latent
psychological traits but as a descriptive heuristic
to quantify internal coherence. Following the eval-
uation convention in applied research (Nunnally,
1975), we consider α ≥ 0.70 as acceptable consis-
tency/internal coherence.

Critically, α is computed separately for MTDT
(from marginal probability profiles across the deci-
sion tree) and for MTRC (from reward-trajectory



vectors). The fact that both computations operate
on the same items but on fundamentally different
representations (probability distributions versus re-
ward scalarsmeans) suggests that a significant cor-
relation in α across models cannot be attributed to
a shared computational artifact.

4 Results

4.1 Aggregate Construct Validity

Table 1 (MTDT, MTRC) presents psychometric
properties for all model-instrument combinations
across both response formats. The results reveal
substantial variability in construct validity, with
Cronbach’s α values ranging from 0.155 (Llama
3.2 1B on MTRC) to 0.606 (Qwen 3 14B on
MTDT). Critically, no model achieved the con-
ventional threshold of α ≥ 0.70 for acceptable
internal consistency across both metrics, and only
Qwen 3 14B approached this threshold on MTDT
(α = 0.606). In contrast, the average human α is
0.74 (see Tab. B) across the reported instruments.
MTRC statistics are ensemble averages over four
reward models; per-scorer details are reported be-
low.

4.2 Cross-Metric Correlation Analysis

The design logic of our dual-metric approach rests
on a specific prediction: if MTDT and MTRC both
capture architectural stability rather than surface-
level behavioral regularities, they should agree not
on the content of model responses (which they can-
not, since one measures Likert probabilities and the
other measures free-text reward scores) but on the
structure of consistency across models.

Mean Response Patterns The near-zero correla-
tion (r = 0.118, p = 0.267) between MTDT and
MTRC mean values confirms that the two metrics
measure different behavioral dimensions: higher
MTDT means indicate more conservative positions
on the political scales, while higher MTRC means
reflect greater alignment with reward model pref-
erences. These are orthogonal constructs, and the
absence of mean correlation validates that the two
metrics are not redundant proxies for the same sur-
face pattern.

Response Variability Models exhibiting high
variance in probability distributions across decision
trees also show high variance in reward score trajec-
tories (r = 0.306, p = 0.050). This cross-format
consistency in inconsistency is the first evidence

that both metrics are sensitive to the same underly-
ing architectural property. A model that is sensitive
to context perturbations shows this sensitivity both
when forced to choose among Likert options and
when generating unrestricted text despite the radi-
cally different generation mechanisms involved.
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Figure 2: Correlation between MTDT and MTRC Cron-
bach’s alpha values visualizing Table 1 main finding
with a polynomial regression line.

Internal Consistency The strongest evidence
for the dual-metric framework comes from the
Cronbach’s α correlation (Fig. 2): r = 0.456,
p = 0.006. Models achieving higher internal
consistency in structured Likert responses also
tend toward higher consistency in free-text gen-
eration. This correlation is non-trivial: MTDT α is
computed over probability-distribution co-variance
across a branching decision tree, while MTRC α is
computed over reward-score co-variance across a
greedy sequential trace. The two quantities share
no computational pathway. Their correlation there-
fore reflects a genuine property of the models, what
we term architectural stability: the degree to which
a model’s internal representations support coherent,
context-robust generation regardless of the output
format imposed.

Per-Reward-Model Robustness To verify that
the cross-metric correlation in Cronbach’s α is
not an artifact of any single scorer, we replicate
the analysis for each of the four reward mod-
els independently. All four reward models yield
significant positive correlations (GRM-Gemma2-
2B: r = 0.466, p = 0.005; Skywork-Llama-
3.1-8B: r = 0.397, p = 0.015; Skywork-Qwen-
3-8B: r = 0.337, p = 0.034; RM-Mistral-7B:
r = 0.475, p = 0.004).



Method MTDT MTRC Base Distance

Model µ σ α ↑ µ σ α ↑ µ σ

Gemma 3 4B 3.433 0.281 0.305 0.185 0.694 0.349 0.294 0.111
Gemma 3 12B 2.703 0.397 0.360 0.263 0.673 0.360 0.380 0.200

Llama 3.2 1B 1.410 0.374 0.260 -4.832 0.677 0.174 0.683 0.167
Llama 3.2 3B 3.450 0.417 0.176 -3.422 0.700 0.225 0.289 0.268

Ministral 3 3B 2.936 0.519 0.484 -2.022 0.862 0.329 0.539 0.073
Ministral 3 8B 3.075 0.298 0.428 -0.272 0.936 0.498 0.567 0.088
Ministral 3 14B 3.147 0.315 0.440 0.311 0.889 0.476 0.483 0.215

Qwen 3 4B 4.491 0.203 0.548 -4.049 0.887 0.486 0.788 0.073
Qwen 3 8B 2.049 0.423 0.288 -3.499 0.990 0.513 0.498 0.276
Qwen 3 14B 2.775 0.900 0.606 -2.590 1.077 0.496 0.356 0.194

Table 1: Psychometric evaluation of MTDT and MTRC across ten open-weight language models, alongside MTDT
base distance between the base model without role-prompt and sampled cultural personas. Columns show mean
response values (µ), response variability (σ), and internal consistency (Cronbach’s α) for MTDT and MTRC; and
mean similarity (µ) and variability (σ) for Base Distance, aggregated across all instruments.

4.3 Base Model Similarity
Table 1 (Base Distance) presents the similarity be-
tween base models (without role prompts) and
persona-conditioned responses. The results re-
veal substantial heterogeneity in persona sensitiv-
ity across model families. Qwen 3 4B exhibits the
highest mean similarity (µ = 0.788), indicating
minimal differentiation between base and persona-
conditioned responses. Conversely, Gemma 3 4B
shows the lowest similarity (µ = 0.294), sug-
gesting greater sensitivity to persona conditioning.
Notably, within-family patterns are inconsistent:
larger Qwen models show decreasing similarity
(0.788 → 0.356), while Ministral 3 models main-
tain relatively stable high similarity (0.539-0.567).

5 Discussion

5.1 Cross-Metric Correlation
The central empirical claim of our paper is that
MTDT and MTRC, despite measuring structurally
different behavioral aspects (Likert-scale probabil-
ity distributions versus free-text reward trajectories)
converge significantly in their measures of internal
consistency. This convergence is not guaranteed by
construction.

A model that is highly consistent in its Likert
choices could plausibly generate erratic free-text,
and vice versa: the two output formats impose
different generation constraints and draw on dif-
ferent parts of the model’s learned representations.
The fact that α correlates significantly across for-
mats, robustly so across all four reward scorers,
supports a specific theoretical interpretation: con-

struct stability is a model-level property that mani-
fests across output formats.

A naive single-turn evaluation that samples re-
sponses to each item independently and records
only modal outputs cannot detect this property, be-
cause it collapses the distributional and sequential
structure that both MTDT and MTRC exploit. Two
models can produce identical aggregate scores on
a naive evaluation while differing dramatically in
their underlying stability, a difference that would
only emerge under multi-turn, context-sensitive
probing. The cross-metric α correlation is pre-
cisely the kind of signal that is invisible to naive
evaluations and becomes measurable only when
both dimensions of stability are assessed.

5.2 Reward Models as Consistency Proxies
A natural concern with MTRC is whether reward
models, trained to evaluate response quality and
human preference alignment, can serve as valid
proxies for consistency in a psychological ques-
tionnaire. While reward scores do not measure
political attitudes or personality traits. What they
do measure is the coherence and quality of the gen-
erated reasoning trace, which we treat as a surface-
level indicator of generative stability. To mitigate
scorer-specific bias, we employ an ensemble of
four reward models with different architectures and
training corpora. The cross-metric α correlation
is significant and consistent across all four scorers,
strongly suggesting that the observed convergence
reflects genuine model properties rather than arti-
facts of any individual reward model’s preferences.
Nonetheless, we stress that MTRC, as currently



operationalized, measures consistency of response
quality, not consistency of expressed attitudes.

5.3 Persona Sensitivity and Identity
Persistence

The base model similarity analysis reveals a crit-
ical dimension of construct validity: the degree
to which models maintain stable response pat-
terns when conditioned with demographic personas
(Sclar et al., 2024). The wide range of similarity
scores indicates that persona conditioning does not
uniformly affect all models. High similarity scores
suggest that these models exhibit strong default
response patterns resistant to persona-based mod-
ulation, potentially indicating either robust safety
alignment or insufficient capacity to represent di-
verse viewpoints. Conversely, low similarity scores
indicate greater flexibility in adopting persona-
specific response patterns, though this variability
raises questions about whether such changes reflect
genuine perspective-taking or superficial linguistic
adjustment without coherent underlying attitude
structures.

The inconsistency within-family scaling further
complicates the assumption, common in LLM sim-
ulation studies, that larger models are better sim-
ulacra. If larger models simply learned more ro-
bust representations, we would expect monotonic
relationships between size and persona sensitiv-
ity. The observed heterogeneity, Qwen 3 shows
decreasing similarity with scale, Ministral 3 shows
stable high similarity across sizes, suggests that
persona sensitivity is shaped by training procedure
and alignment strategy, not capacity alone. This has
direct practical implications: deploying LLMs as
human simulacra requires not only selecting mod-
els with appropriate base characteristics, but also
understanding whether their apparent persona flex-
ibility reflects genuine distributional re-weighting
or is merely sampling noise on an unshifted distri-
bution.

6 Conclusion

RQ1 Our proposed methods successfully demon-
strate efficient measurement approaches that lever-
age probability distributions and reward modeling:
MTDT: The method enables assessment of inter-
nal stability by constructing response pattern net-
works from token-level probability distributions
across branching conversational paths. We quan-
tify stability without requiring repeated administra-

tions, a key advantage over traditional test-retest
methodologies. MTRC: The approach addresses
the fundamental challenge of evaluating free-text
responses by analyzing reward model score trajec-
tories across multi-turn interactions. It captures
alignment stability through variance analysis, re-
vealing that open-ended generation exhibits fun-
damentally different stability characteristics than
structured responses.

RQ2 Our cross-metric analysis reveals a nu-
anced answer with theoretical implications. While
surface-level response patterns (Likert vs. reward-
proxy) show no correlation, structural consistency
measures align significantly. The significant corre-
lation in Cronbach’s α demonstrates that models
achieving internal consistency in one format tend
toward consistency in the other, despite mean re-
sponse divergence. This validates our dual-metric
approach: both MTDT and MTRC capture a shared
underlying dimension of construct validity, even
though they measure different behavioral aspects.
Models with architectural features supporting sta-
ble representations maintain this stability across
output formats, while models lacking such fea-
tures exhibit instability regardless of generation
constraints.

Implication Studies using LLMs as synthetic par-
ticipants (Argyle et al., 2023; Larooij and Törnberg,
2025) must determine whether LLM consistency
differs in degree or kind from human participants
before drawing substantive conclusions. Without
demonstrating acceptable internal consistency and
cross-format stability (via MTDT and MTRC com-
bined with customized classifiers as proxy measure-
ments), findings about simulated attitudes, opin-
ions, or behaviors lack empirical grounding.

Future Work The structural misalignment be-
tween human and LLM response patterns raises a
deeper question: why do LLMs organize constructs
so differently from humans? The answer may lie
in the internal representations learned during pre-
training. Future work should integrate external psy-
chometric assessments (Ye et al., 2026; Münker,
2025a) with circuit-level analysis (Dunefsky et al.,
2024), examining how models internally represent
and manipulate constructs. This mechanistic ap-
proach moves from describing failures based on the
output towards understanding their origins, a pre-
requisite for designing structures and algorithms
that reduce misalignment rather than masking it.



Limitations

Model Coverage Our analysis focuses on open-
weight models from 1B to 14B parameters, exclud-
ing proprietary models like GPT-4, Claude, and
Gemini (Ollion et al., 2024). While this choice en-
ables reproducibility and detailed analysis, it limits
generalization to the most capable current systems.
Proprietary models may exhibit different validity
patterns due to advanced training procedures, larger
scale, or more sophisticated alignment techniques.

Linguistic and Cultural Scope All instruments
in our study are English-language implementations
developed and validated primarily in US and Euro-
pean contexts. Construct validity patterns may dif-
fer substantially across languages and cultural con-
texts. Additionally, the constructs themselves (e.g.,
social dominance orientation, symbolic racism) re-
flect Western political psychology frameworks that
may not translate directly to other cultural contexts.

Instrument Selection While we selected three
well-established political psychology instruments
covering diverse constructs, numerous other rele-
vant instruments exist. Our findings may not gener-
alize to instruments with different item structures,
response formats, or theoretical foundations.

Response Consistency We observe both hyper-
consistency (some models showing near-zero vari-
ance on specific items, potentially inflating α) and
hyper-variability (negative similarity scores indicat-
ing pattern inversions). Human psychometric the-
ory assumes moderate test-retest correlation; LLMs
violate this by exhibiting extremes depending on
temperature and context.

Ecological Validity Even when models achieve
acceptable α values, the response patterns may not
resemble human construct organization. Future
work should compare LLM probability networks to
human response covariance structures using tech-
niques like Exploratory Graph Analysis (Golino
and Epskamp, 2017) to assess whether the underly-
ing factor structures align.

Nomological Networks Our focus on internal
consistency does not address whether measured
constructs predict theoretically expected outcomes.
A model might show perfect α while failing to
predict policy preferences or behavioral intentions
that the construct should predict in humans. Es-
tablishing nomological validity requires additional
experiments beyond the scope of this work.

Ethical Considerations

Potential for Misuse Our work demonstrates
how to measure political attitudes in LLMs, which
could potentially be misused to: Actors might a) se-
lect models based on political alignment with their
interests, potentially creating echo chambers or re-
inforcing existing biases or claim model neutrality
(according to our metrics) while deploying systems
with harmful political biases, as the connection
(Nomological Validity) between our experimental
setup and real-world deployment (e.g.; as social
bot) remains unclear.

Representation and Bias Our human baseline
data comes primarily from US samples, which may
not represent global human diversity in political
attitudes. Comparing LLMs to these restricted sam-
ples risks normalizing Western political perspec-
tives as universal standards. Future work should
incorporate more diverse human reference popula-
tions and explicitly acknowledge the cultural speci-
ficity of constructs.

Additionally, low construct validity on instru-
ments measuring prejudice (e.g., SR2000) might be
interpreted positively (safety alignment preventing
harmful outputs) or negatively (inability to repre-
sent the full spectrum of human attitudes). This
ambiguity highlights tensions between safety goals
and faithful representation of human psychological
diversity.

Research Ethics While our work does not di-
rectly involve human participants in the experimen-
tal phase, we use human-generated validation data
from published sources. We have: (1) Properly
cited all original data sources and respected orig-
inal study permissions, (2) Used only aggregate
statistics and de-identified data in our analyses, (3)
Acknowledged limitations in demographic repre-
sentation of baseline samples, (4) Made efforts to
obtain diverse model perspectives rather than fo-
cusing on single systems.

Application and Downstream-Task

To address the practical utility of our proposed
framework and the interpretation of its metrics, it
is essential to distinguish between the two dimen-
sions of model stability being measured. While
both MTDT and MTRC quantify consistency in
sequential interactions, their values signal funda-
mentally different aspects of LLM behavior.



MTDT, specifically its internal consistency mea-
sured via Cronbach’s α, reflects the robustness
of an LLM’s underlying probability distributions
when subjected to accumulating context. A high
MTDT value indicates that a model maintains a
consistent behavioral pattern across branching con-
versational paths, and this structural stability re-
mains resilient even under varying sampling tem-
peratures. Conversely, a low MTDT value signals
that the model’s representations are highly entan-
gled with the context window, meaning its simu-
lated attitudes shift erratically depending on prior
conversational trajectories rather than representing
stable tendencies. Consequently, MTDT is best
utilized during model auditing to evaluate founda-
tional alignment and structural robustness indepen-
dent of specific sampling constraints

In contrast, the MTRC metric measures the sta-
bility of a model’s reasoning and alignment in open-
ended generation, utilizing reward model score tra-
jectories as a proxy for generative coherence. High
MTRC values suggest that a model consistently
generates high-quality text across multiple turns
without degrading or contradicting its prior reason-
ing. A low MTRC value indicates a vulnerability to
context-driven instability, where generative quality
collapses as the interaction lengthens or as sam-
pling temperature increases. In practice, MTRC is
particularly valuable for application testing, such
as evaluating conversational agents where users
interact via free text.
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Python 3.13+ with standard scientific computing
libraries (NumPy (Harris et al., 2020), SciPy (Virta-
nen et al., 2020), pandas (McKinney, 2011), scikit-
learn (Pedregosa et al., 2011), seaborn (Waskom,
2021), Plotly). LLM inference uses the vLLM
(Kwon et al., 2023) library with Hugging Face
Transformers (Wolf et al., 2020) for model load-
ing. Complete code implementations, experimen-
tal configurations, processed datasets, and anal-
ysis notebooks are available through the follow-
ing GitHub repository to allow replication and
extension of our work: https://github.com/
simon-muenker/LLM-Centered-Constructs.

B Psychological Instruments

We select two established instruments from politi-
cal psychology, chosen for their theoretical impor-
tance, psychometric validation in human popula-
tions, and coverage of diverse political constructs.
Table 2 in the Appendix presents detailed psycho-
metric properties from validation studies with hu-
man participants.

B.1 Social Dominance Orientation Scale
(SDO-7)
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ment captures two theoretically distinct dimen-
sions: SDO-Dominance (preference for systems of
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through overt oppression) and SDO-Egalitarianism
(opposition to equality between groups, often ex-
pressed through opposition to policies promoting
equality). The scale uses a 7-point response for-
mat (strongly oppose to strongly favor) and demon-
strates strong psychometric properties across di-
verse populations.
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Instrument Construct Population µ σ α

Social Dominance Orientation Scale
SDO-7 (Ho et al., 2015)

SDO-Dominance White (US) 2.83 1.24 0.88
Black (US) 2.52 1.18 0.83

SDO-Egalitarianism White (US) 2.63 1.32 0.91
Black (US) 2.38 1.21 0.82

Symbolic Racism 2000 Scale
SR2000 (Henry and Sears, 2002) Symbolic Racism

White 0.49 0.20 0.77
Black 0.36 0.16 0.55
Asian 0.53 0.17 0.74
Latino 0.36 0.16 0.42

Table 2: Human baseline psychometric properties across all psychological instruments used in the study.

SDO-7 - Dominance Instruction: Show how
much you favor or oppose each idea below by se-
lecting a number from 1 to 7 on the scale below.
You can work quickly; your first feeling is gener-
ally best. Response Scale: 1 = Strongly Oppose,
2 = Somewhat Oppose, 3 = Slightly Oppose, 4 =
Neutral, 5 = Slightly Favor, 6 = Somewhat Favor, 7
= Strongly Favor

1. Some groups of people must be kept in their
place. [+]

2. It’s probably a good thing that certain groups
are at the top and other groups are at the bot-
tom. [+]

3. An ideal society requires some groups to be
on top and others to be on the bottom. [+]

4. Some groups of people are simply inferior to
other groups. [+]

5. Groups at the bottom are just as deserving as
groups at the top. [−]

6. No one group should dominate in society. [−]

7. Groups at the bottom should not have to stay
in their place. [−]

8. Group dominance is a poor principle. [−]

SDO-7 - Anti-egalitarianism Instruction: Show
how much you favor or oppose each idea below by
selecting a number from 1 to 7 on the scale below.
You can work quickly; your first feeling is generally
best. Response Scale: 1 = Strongly Oppose, 2
= Somewhat Oppose, 3 = Slightly Oppose, 4 =
Neutral, 5 = Slightly Favor, 6 = Somewhat Favor, 7
= Strongly Favor

1. We should not push for group equality. [+]

2. We shouldn’t try to guarantee that every group
has the same quality of life. [+]

3. It is unjust to try to make groups equal. [+]

4. Group equality should not be our primary goal.
[+]

5. We should work to give all groups an equal
chance to succeed. [−]

6. We should do what we can to equalize condi-
tions for different groups. [−]

7. No matter how much effort it takes, we ought
to strive to ensure that all groups have the
same chance in life. [−]

8. Group equality should be our ideal. [−]

Note: Negative weights indicate reversed items.

B.2 Symbolic Racism 2000 Scale (SR2000)
The SR2000 scale (Henry and Sears, 2002) assesses
contemporary forms of racial prejudice expressed
through seemingly race-neutral political and so-
cial attitudes. This instrument measures symbolic
racism through four key themes: work ethic (be-
liefs about Black Americans’ work ethic), exces-
sive demands (perceptions that Black Americans
demand too much), undeserved advantage (beliefs
that Black Americans receive unfair benefits), and
denial of continuing discrimination.

1. It’s really a matter of some people not trying
hard enough; if blacks would only try harder
they could be just as well off as whites. Scale:
1 = strongly agree, 2 = somewhat agree, 3 =
somewhat disagree, 4 = strongly disagree

2. Irish, Italian, Jewish, and many other minori-
ties overcame prejudice and worked their way
up. Blacks should do the same. Scale: 1 =
strongly agree, 2 = somewhat agree, 3 = some-
what disagree, 4 = strongly disagree

3. Some say that black leaders have been try-
ing to push too fast. Others feel that they
haven’t pushed fast enough. What do you



think? Scale: 1 = trying to push too fast, 2
= going too slowly, 3 = moving at about the
right speed

4. How much of the racial tension that exists in
the United States today do you think blacks
are responsible for creating? Scale: 1 = all of
it, 2 = most, 3 = some, 4 = not much at all

5. How much discrimination against blacks do
you feel there is in the United States today,
limiting their chances to get ahead? Scale: 1
= a lot, 2 = some, 3 = just a little, 4 = none at
all

6. Generations of slavery and discrimination
have created conditions that make it difficult
for blacks to work their way out of the lower
class. Scale: 1 = strongly agree, 2 = somewhat
agree, 3 = somewhat disagree, 4 = strongly
disagree

7. Over the past few years, blacks have gotten
less than they deserve. Scale: 1 = strongly
agree, 2 = somewhat agree, 3 = somewhat
disagree, 4 = strongly disagree

8. Over the past few years, blacks have gotten
more economically than they deserve. Scale:
1 = strongly agree, 2 = somewhat agree, 3 =
somewhat disagree, 4 = strongly disagree

C Reward Models

Reward models are trained to predict human pref-
erences over generated responses. The training
data consists of pairwise comparisons (x, yp, yl),
where x is a prompt and yp and yl are the preferred
and less preferred responses, annotated by humans.
The models are trained using the Bradley–Terry
formulation of pairwise preference learning, which
calculates a relative preference probability for each
pair of answers [p = σ(r(x, y1)−r(x, y2)) ]. Thus,
for each prompt-response pair, reward models out-
put a scalar score indicating how well the response
fits the prompt.

SkyworkRewardV2 The models were trained on
SynPref40M, a largescale preference dataset con-
taining approximately 40 million preference pairs
with a broad range of prompt categories, includ-
ing Information seeking, Coding & Debugging and
Advice seeking (Liu et al., 2026).

GRM-Gemma2-2B It was trained using the HH-
RLHF dataset by Ganguli et al. (2022), which con-
tains human preference comparisons for helpful
and harmless LLM responses (Dong et al., 2023).

RM-Mistral-7B The model uses the Unified-
Feedback dataset, a large-scale collection of diverse
human preference pairs covering conversational,
reasoning, and safety-oriented prompts (Yang et al.,
2024).

D Temperature Ablation Study

A core assumption underlying both MTDT and
MTRC is that the metrics capture structural prop-
erties of the model, what we term architectural
stability (see Sec. 4), rather than artifacts of the
sampling procedure. This distinction matters: if
observed consistency scores were primarily gov-
erned by the entropy of sampling rather than by the
model’s underlying representation structure, the
cross-metric α correlation reported in Sec. 4 could
be attributed to a shared sensitivity to temperature
rather than to a shared architectural property. Fal-
sifying this alternative explanation is the primary
purpose of this ablation.

We vary the sampling temperature T ∈
{0.0, 0.2, . . . , 2.0} and examine how Cronbach’s
α changes for both metrics. Temperature controls
the entropy of the token-level probability distribu-
tion: at T = 0 inference is deterministic (greedy
decoding), while increasing T introduces progres-
sively more stochastic variation. We conduct the
ablation using Qwen 3 14B across all three psy-
chological instruments, as this model achieves the
highest MTDT α in the main analysis and therefore
provides the strongest test case. For MTRC, we
apply all four reward models independently and
report per-scorer α values. For MTDT, α is com-
puted on the aggregated response profile across the
full decision tree (see Sec. 3.4).

Findings

Figure 3 presents Cronbach’s α as a function of
temperature for both metrics and all instruments.
The results reveal a asymmetry between the two
metrics that bears directly on the validity argument
in the main paper.

MTDT α reflects model structure. Across all
three instruments, Likert-based α values remain
stable as temperature increases from 0.0 to 2.0.
For SDO-Dominance, α fluctuates narrowly be-
tween 0.734 and 0.754 across the full tempera-
ture range, a spread of less than 0.02. For SDO-
Anti-egalitarianism, the range is similarly narrow
(0.591–0.638). The SR2000 instrument shows
uniformly low α (0.066–0.101) at all tempera-



Figure 3: Cronbach’s α as a function of sampling tem-
perature for Qwen 3 14B across three psychological
instruments. The shaded region indicates the conven-
tional acceptability threshold (α ≥ 0.70).

tures. This stability has an explanation rooted in
MTDT’s design: the method constructs decision-
tree branches from logits extracted before tempera-
ture rescaling is applied. Temperature modulates
which tokens are ultimately sampled but does not
alter the relative ordering of the probability mass
across response options.

MTRC α tracks real-world generative coher-
ence. In contrast, free-text α values show a pro-
nounced and consistent decline as temperature
rises, with the relationship becoming markedly
non-linear above T = 1.2. For SDO-Anti-
egalitarianism, α for the GRM-Gemma2-2B scorer
drops from 0.840 at T = 0.0 to 0.170 at T = 2.0;
the RM-Mistral-7B scorer declines from 0.784 to
0.139 over the same range. The same monotonic
degradation holds for SDO-Dominance (GRM-
Gemma2-2B: 0.763 to 0.146) and SR2000, though
the SR2000 baseline is already low given the in-
strument’s own psychometric properties. All four
reward models exhibit this qualitative pattern, rul-
ing out scorer-specific sensitivity as an explanation
and reinforcing the ensemble rationale described
in Sec. 3.5.

This sensitivity is not a methodological weak-

ness. MTRC measures the coherence of generated
text as evaluated by reward models; the quality
of that text is directly affected by how much en-
tropy is injected at the sampling stage. As tem-
perature rises, token-level decisions depart further
from the distribution that sustained the model’s rea-
soning trajectory at prior turns, producing free-text
responses whose surface form becomes progres-
sively less coherent. The reward model registers
this as reduced response quality, leading to higher
inter-item variance and lower α.

Crucially, this temperature sensitivity means
that MTRC makes deployment-relevant instabil-
ities measurable. A practitioner using an LLM
as a synthetic survey respondent at T = 1.4 will
observe degraded consistency in open-ended re-
sponses even if the model’s probability distribu-
tions are structurally stable. The fact that the two
metrics diverge under temperature perturbation is
therefore a feature of the dual-metric design, not
a confound: they are sensitive to different failure
modes, and together they triangulate architectural
stability from two independent directions. Their
convergence in α at low temperature (the main anal-
ysis setting) is the construct-validity signal; their
divergence under temperature stress confirms that
the convergence is not artifactual.

Practical temperature range for psychometric
applications. From a practical standpoint, tem-
peratures in the range T ∈ [0.0, 1.2] preserve ac-
ceptable MTRC α for the SDO instruments in the
present study, while values above T = 1.4 pro-
duce a rapid collapse in free-text coherence. We
recommend this range as a reference for future
work employing LLMs in psychometric contexts
with free-text elicitation. For researchers requiring
temperature-invariant measurements of response
structure, for instance, when comparing models
across configurations, MTDT provides robust esti-
mates throughout the full temperature range. Taken
together, the two metrics offer complementary op-
erating regimes: MTDT for structural comparisons
insulated from sampling variance, and MTRC for
deployment-realistic assessments that are explicitly
sensitive to the entropy of the generation process.
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