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Abstract

Large Language Models (LLMs) are increas-
ingly used to generate structured predictions
and simulate human decision-making, yet the
distributional behavior of their outputs remains
underexplored. We treat LLMs as implicit prob-
abilistic world models and introduce a system-
atic framework for evaluating their output dis-
tributions under repeated sampling, prompt per-
turbations, and model scaling. Across models
and domains, we observe a consistent modes-
first, tails-later dynamics: high-probability out-
comes stabilize within a few iterations, while
low-probability alternatives continue to evolve,
with post-convergence variability dominated
by the distribution tail rather than shifts in
dominant predictions. We further find pro-
nounced scale discordance, with low agree-
ment between models of different sizes, sug-
gesting that scaling alters underlying proba-
bilistic representations rather than merely refin-
ing them. Prompt-based perturbations, includ-
ing persona conditioning and seasonal context,
induce systematic but bounded distributional
shifts that are smaller in magnitude than dif-
ferences across model scales. Experiments on
air travel destination choice, with cross-domain
verification in restaurant and product selection,
demonstrate the robustness of these behaviors.
Together, our results provide a distribution-
level perspective on LLM stability and sensitiv-
ity, with implications for probabilistic simula-
tion and decision-support applications.

1 Introduction

A world model is an internal representation that
enables an agent to simulate, predict, and reason
about its environment (Ha and Schmidhuber, 2018).
Recent evidence suggests that Large Language
Models (LLMs) develop such representations im-
plicitly through training on text: they encode spa-
tial and temporal structure (Gurnee and Tegmark,
2024), support planning through internal simula-
tion (Hao et al., 2023), and can be understood as

models of the agents that produced their training
data (Li et al., 2023). This has motivated a growing
body of work treating LLMs as implicit probabilis-
tic world models: systems that encode beliefs about
real-world phenomena and can generate structured
predictions that approximate human judgment.

Building on this view, researchers have em-
ployed LLMs for probabilistic applications across
diverse domains. Argyle et al. (2023) demonstrated
that LLMs can simulate survey responses that repli-
cate demographic subgroup patterns. Park et al.
(2023) used LLM-based agents to simulate hu-
man social behavior in interactive environments.
Santurkar et al. (2023) examined whose opinions
LLMs reflect when prompted with demographic
information. These applications share a common
premise that LLLM outputs can be treated as samples
from a meaningful probability distribution over pos-
sible responses, conditioned on contextual prompts.

Despite this growing reliance on LLMs as prob-
abilistic generators, the distributional behavior of
their outputs remains underexplored. Most existing
evaluations focus on factual accuracy of individual
outputs (Lin et al., 2022), calibration of confidence
estimates (Kadavath et al., 2022), or benchmark
performance on standardized tasks (Hendrycks
etal., 2021), leaving unanswered fundamental ques-
tions about how LLM-generated probability dis-
tributions behave under repeated sampling. Prior
work has documented prompt sensitivity at the out-
put level (Lu et al., 2022), but systematic analy-
sis of full distributional behavior remains underex-
plored. Specifically: Do LLM-generated distribu-
tions converge under repeated sampling? Which
parts of the distribution stabilize first? How do
models with different scales compare in their distri-
butional priors? And how do prompt perturbations
reshape entire distributions rather than individual
outputs?

These questions constitute a critical gap in our
understanding of LLLMs as probabilistic system:s.



Many downstream applications (e.g., simulation,
synthetic data generation, and decision support) im-
plicitly assume that repeated LLM outputs approxi-
mate samples from a coherent and stable probabil-
ity distribution. In this work, we address this gap by
empirically characterizing the structure, stability,
and sensitivity of LLM-generated output distribu-
tions. Rather than evaluating whether an LLM pro-
duces a correct answer, we study how the entire out-
put distribution evolves under repeated sampling,
controlled prompt perturbations, and changes in
model scale.

Across models, prompts, and domains, LLM-
generated distributions exhibit a consistent modes-
first, tails-later convergence pattern: high-
probability outcomes stabilize within a few iter-
ations, while low-probability alternatives continue
to evolve, with post-convergence variability domi-
nated by the distribution tail. We further observe
pronounced scale discordance, with low agreement
between models of different sizes under identical
prompts, suggesting that scaling alters underlying
probabilistic representations. Our investigation pro-
poses a new perspective on LLM evaluation. We ar-
gue that understanding distributional stability, sen-
sitivity, and relativity is essential for responsibly
using LLMs in settings that rely on probabilistic
reasoning or simulation applications.

2 Related Work

2.1 LLMs for Simulation and Prediction

Recent work has explored LLMs as simulators
of human behavior (Park et al., 2023; Argyle
et al., 2023). Studies have shown that LLMs
can reproduce survey response patterns and ex-
hibit demographic-consistent preferences when
prompted with persona information (Santurkar
et al., 2023). However, the distributional properties
of LLM outputs (stability, convergence, and model
sensitivity) remain largely uncharacterized.

2.2 Probabilistic Calibration and Uncertainty

Research on neural network calibration has long
examined whether model confidence aligns with
accuracy (Guo et al., 2017). In the context of
LLMs, Jiang et al. (2021) investigated calibra-
tion for question answering, while Kadavath et al.
(2022) showed that language models can often
assess whether they know the answer to a ques-
tion. More recent work has developed methods for
quantifying semantic uncertainty in generated text

(Kuhn et al., 2023) and explored whether LLMs
can verbally express their uncertainty (Xiong et al.,
2024). While these studies focus on calibration of
single-point predictions or confidence scores, our
work analyzes full probability distributions over
outcome spaces, providing a more complete char-
acterization of LLM distributional behavior.

2.3 Prompt Sensitivity and Robustness

Studies have documented that LLM outputs can
be highly sensitive to prompt phrasing, including
the order of few-shot examples (Lu et al., 2022)
and biases toward majority labels or recent ex-
amples (Zhao et al., 2021). Perez et al. (2021)
demonstrated that prompt selection can substan-
tially affect few-shot performance, while Webson
and Pavlick (2022) questioned whether models
truly understand prompt semantics or rely on super-
ficial patterns. Prompting strategies such as chain-
of-thought (Wei et al., 2022) have been shown to
elicit more reliable reasoning, yet the sensitivity
of outputs to prompt variations remains a funda-
mental challenge. Our work extends this analysis
to the distributional level, measuring how prompt
perturbations systematically reshape entire output
distributions rather than individual predictions.

3 Method

To enable this analysis, we adopt experimental
settings in which LLMs are prompted to gener-
ate explicit probability distributions over large dis-
crete choice sets. This formulation allows us to
repeatedly query models under identical conditions
and directly compare distributions across iterations.
Our primary experiments focus on air travel des-
tination choice, where we prompt LLMs to gener-
ate probability distributions over 300 U.S. airports
given departure context and traveler persona infor-
mation. While we instantiate our experiments in
domains involving human preferences (travel de-
mand, restaurant choice, and product selection),
the evaluation framework and metrics we introduce
are domain-agnostic and applicable to any task in-
volving structured probabilistic generation.

3.1 Problem Formulation

We treat LLMs as implicit probabilistic world
models that generate distributions over discrete
outcome spaces conditioned on natural language
prompts. Formally, given a prompt x describing
a contextual scenario (e.g., departure airport, trav-
eler persona), an LLM induces a probability dis-



tribution over outcomes y € YV: p(y | ). In our
setting, ) corresponds to a finite set of candidate
destinations. Rather than treating LLM outputs as
single-point predictions, we explicitly analyze the
distributional structure, stability, and sensitivity of
p(y | ) under repeated sampling and controlled
prompt perturbations.

Our analysis focuses on three fundamental ques-
tions: (1) Distributional Stability: how consistent
are LLM-generated distributions across repeated
sampling under identical prompts? (2) Mode—
Tail Dynamics: how do high-probability outcomes
(“modes”) and low-probability outcomes (“tails’)
evolve over repeated generations? (3) Sensitiv-
ity and Scale Discordance: how do distributions
change across prompt perturbations (e.g., persona
conditioning), and do models of different scales
exhibit discordant priors?

3.2 Iterative Sampling Protocol

For each prompt x, we perform repeated sampling
runs indexed by » = 1,..., R, producing a se-
quence of distributions:

Py | =), (1)

Each run corresponds to an independent model
invocation with identical generation settings (e.g.,
temperature) unless otherwise specified. This pro-
tocol allows us to empirically examine whether
LLM outputs behave as independent noisy sam-
ples or as structured stochastic realizations of a
stable latent distribution. Following our empirical
observations, we set & = 20, which is sufficient
to observe convergence behavior across all model
sizes.

3.3 Mode-Tail Decomposition

To characterize internal distributional dynam-
ics, we decompose each distribution into high-
probability modes and low-probability tails. Mode
Definition. For a fixed k, we define the mode set:
Mi(p) = Top-k outcomes ranked by p(y | x).
Tail Definition. The tail is defined as the comple-
ment: Tx(p) = Y \ My(p). This decomposition
enables us to separately analyze the stability of
dominant semantic beliefs (modes) and exploratory
variability in low-probability outcomes (tails). In
our experiments, we set k£ = 5 for mode—tail de-
composition and agreement metrics, as this thresh-
old effectively captures the primary semantic be-
liefs while remaining interpretable across domains.

We also report k& = 10 results in our tables; the
findings are consistent across both thresholds, indi-
cating robustness to the choice of k.

3.4 Evaluation Metrics

We employ a suite of complementary metrics to
characterize distributional behavior across three
dimensions: stability, tail dynamics, and cross-
condition comparison.

Distributional Stability. We measure overall
distributional similarity using Jensen—Shannon (JS)
divergence (Lin, 1991), which is symmetric and
bounded in [0, 1]. Mode stability is quantified via
Jaccard@k, measuring the overlap of top-k out-
come sets between runs. Rank consistency is as-
sessed using Spearman correlation over mode or-
derings. Tail Dynamics. To characterize behavior
in low-probability regions, we track support growth
(number of outcomes above threshold ¢), Shannon
entropy (distributional uncertainty), and tail mass
(probability allocated outside the top-k modes). We
further decompose JS divergence into mode and
tail contributions to localize sources of instability.
Cross-Condition Analysis. For prompt sensitivity,
we compute JS divergence between distributions
under different prompt conditions (persona, demo-
graphics, location).

For scale discordance analysis, we compare dis-
tributions across model sizes using both JS diver-
gence and agreement@Fk (proportion of contexts
with identical top-k sets). The joint interpreta-
tion of these metrics distinguishes scale refine-
ment (consistent beliefs across sizes) from scale
discordance (fundamentally different priors). Com-
plete mathematical definitions are provided in Ap-
pendix K.

4 Experiments

We employ structured prompts providing LLMs
with a traveler persona (age and education), a depar-
ture airport, 300 possible destination airports, and
instructions to output preferences as probabilities.
Note that these airports are in the contiguous US
considered in the work (Kim et al., 2025). Personas
are defined across 5 age groups and 4 education
levels, yielding 20 unique combinations. Exper-
iments primarily use Llama-3.3-70B via the To-
gether AI API!, with extension experiments span-
ning 9 models across three families (LLlama, Qwen
(Qwen Team, 2024), Mistral (Jiang et al., 2023,

"https://api.together.ai/
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2024)) at small, medium, and large scales. All
experiments use the temperature 7' = 0.2. See
Appendix L for complete configuration details.

Our experiments examine three aspects of LLM
distributional behavior: (1) stability and conver-
gence under repeated sampling across 20 itera-
tions; (2) sensitivity to prompt perturbations, in-
cluding persona demographics, season, and ge-
ographic context; and (3) cross-scale agreement
and cross-domain generalization using restaurant
choice (Yelp) and product shopping (Amazon)
datasets. See Appendix I for dataset descriptions.

To quantify convergence, we define two met-
rics. Let |S,| denote the support size (number of
unique outcomes with non-zero probability) at it-
eration r. The growth percentage measures the
relative increase in support: Growth = (|Syo| —
|S11)/|S1| % 100%. The stabilization point is
the first iteration r* such that the top-k mode set
remains unchanged for all subsequent iterations:
M (p")) = My, (p™)) for all r > r*.

To analyze the distributional variability, we rely
on the JS divergence:

IS(P.Q) =3[P P

+ DxL(QM)],

where P and () are probability distributions,
M = (P + @Q)/2 is a mixture distribution of P
and @, and Dxy,(-||-) is the Kullback-Leibler diver-
gence. Based on this measure, we construct three
metrics: (a) JSiota) computed using P = p(r) and
Q= p(T/); (b) JSmode computed using renormal-
ized mode distributions P = ;55\72 and Q = }5%);
and (c) JS¢a computed analogously using renor-
malized tail distributions P = 5" and Q = ).
The mode and tail distributions are obtained by par-
titioning the original probabilities according to the
mode—tail criterion and renormalizing each subset
to sum to one. In all cases, the divergence is evalu-
ated over the reference mode set defined at the later
iteration v’ > r.

These metrics provide complementary views:
JStotal captures aggregate distributional change,
while JS;,04e and JS¢,; isolate whether variabil-
ity arises from changes in core semantic beliefs
(modes) or peripheral exploration (tails). Note that
they do not form an additive decomposition (i.e.,
JStotal 7 JSmode + JStail). Further details on all
evaluation metrics can be found in Appendix K.

Context/Model Iter1 Iter20 Growth Stable
IND 19 32 +68.4% Iter 3
FWA 16 42 +162.5%  Tter 5
ATL 15 43 +186.7%  Tter 3
ORD 18 34 +88.9% Tter 3
Model Size Comparison (IND)
Baseline (70B) 19 32 +68.4% Iter 3
Larger (405B) 30 54 +80.0% Iter 4
Smaller (8B) 29 100 +244.8%  Iter 17

Table 1: Convergence results for travel demand (US
airports) showing outcome counts at iterations 1 and
20, growth percentage (relative increase in unique out-
comes), and stabilization point (iteration at which top-k
modes stop changing). Airports: IND (Indianapolis),
FWA (Fort Wayne), ATL (Atlanta), ORD (Chicago).

Iteration Jacc.@5 Jacc.@10 Spearman JS Div.

1—=2 0.60 0.50 0.75 0.120
23 0.72 0.62 0.82 0.085
3—=4 0.80 0.70 0.88 0.055
5—10 0.85 0.75 0.92 0.035
10 — 20 0.92 0.85 0.95 0.020

Table 2: Mode stability metrics for travel demand (US
airports) across iterations. High Jaccard@5 (>0.90) and
Spearman correlation (>0.95) after iteration 10 confirm
that core distributional structure stabilizes rapidly.

5 Results

We organize our findings around five empirical
claims that characterize how LLMs function as
implicit probabilistic world models.

5.1 Rapid Stabilization of High-Probability
Mass

Our primary finding is that LLM-generated distribu-
tions exhibit a consistent modes-first convergence
pattern: high-probability outcomes emerge and
stabilize within the first few sampling iterations,
while subsequent sampling primarily affects low-
probability alternatives. Across contexts and model
sizes, convergence metrics in Table 1 show that
top-k modes stabilize by iterations 3-5. This early
stabilization is further confirmed by high agree-
ment among dominant outcomes, with Jaccard@5
exceeding 0.9 and Spearman rank correlation ex-
ceeding 0.95 by later iterations (Table 2). Figure 1
illustrates this behavior across model scales, where
both baseline and larger models rapidly stabilize
their core distributional structure, and smaller mod-
els exhibit delayed but qualitatively similar conver-
gence.
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Figure 1: Convergence comparison for travel demand (US airports) across three LLM sizes over 20 iterations. (a)
Unique outcome count growth; (b) maximum probability evolution; (c) probability distribution spread.

Phase J Stutal J Smode J Stail
Iter 1-3 0.121 0.087 0.204
Iter 3-5 0.072  0.025 0.189
Iter 5-10 0.045 0.011 0.169
Iter 1020 0.028  0.004 0.152

Table 3: Mode-tail JS divergence for travel demand
(US airports) across convergence phases. JSotal, JSmodes
and JS;,; are computed independently on the full dis-
tribution, renormalized mode region, and renormalized
tail region, respectively; they are not additive. After
early iterations, mode divergence approaches zero while
tail divergence remains substantial, demonstrating that
post-convergence variability arises from low-probability
outcomes.

5.2 Post-Convergence Variability is
Tail-Dominated

Having established rapid mode stabilization, we
next examine the source of post-convergence vari-
ability. Our analysis reveals that nearly all remain-
ing divergence arises from tail outcomes rather than
from instability in core semantic beliefs.

Table 3 reports JS divergence computed sep-
arately over the full distribution, the renormal-
ized mode region, and the renormalized tail region
across consecutive iterations. In early iterations
(1-3), mode divergence is substantial (JSpoqe =
0.087), indicating ongoing formation of core be-
liefs. After convergence, however, mode diver-
gence drops to near zero (JSyede = 0.004), while
tail divergence remains elevated (JSy; = 0.152),
showing that residual variability is driven almost
entirely by low-probability outcomes rather than
changes in dominant predictions. Complementing
this analysis, Table 4 shows that although tail sup-
port size contracts slightly over iterations (21.75 —
19.50), a substantial fraction of probability mass
persists in the tail (approximately 40% at TM@5),

Iter. Support Entropy TM@5 TM@10

1 21.75 3.888 0.435 0.285
5 20.50 3.812 0.415 0.268
10 19.75 3.756 0.402 0.255
20 19.50 3.732 0.397 0.248

Table 4: Tail dynamics metrics for travel demand (US
airports) over iterations. Gradual decrease in support
and entropy indicates convergence, while substantial
remaining tail mass (~40% at TM@5) reflects inherent
distributional uncertainty beyond the dominant modes.

indicating sustained uncertainty over non-modal
alternatives even after convergence.

Together, these results support a characteriza-
tion of LLMs as encoding deterministic core be-
liefs (modes) with stochastic peripheral exploration
(tails). This modes-first, tails-later dynamic has im-
portant implications for how LLM-generated dis-
tributions should be interpreted and used in down-
stream applications.

5.3 Model Scale Induces Distributional
Discordance

Our most surprising finding concerns scale discor-
dance: LLMs of different sizes exhibit extremely
low distributional agreement, even when prompts
and decoding parameters are held constant. This
indicates that larger models do not simply refine
smaller ones; rather, they encode fundamentally
different latent world priors.

Table 5 presents pairwise agreement metrics
across three model sizes (8B, 70B, 405B). JS
divergences are substantial (0.365-0.501), agree-
ment@5 is extremely low (0.081-0.124), and top-1
match rates range from only 5% to 30%. These
values indicate near-chance agreement on which
outcomes should dominate. Further analysis is in
Appendix C.



Model Pair  JS Div. Agr.@5 Topl
70B vs 405B  0.365 0.124 030
70B vs 8B 0.474 0.081 0.05
405B vs 8B 0.501 0.081 020

Table 5: Scale discordance metrics for travel demand
(US airports) across three LLM sizes. High JS diver-
gence and low agreement@Fk indicate that different
model scales encode fundamentally different world pri-
ors rather than scaled refinements of similar distribu-
tions.

Family S-M ML  S-L

Llama 0.474 0.365 0.501
Qwen 0.138  0.693* 0.693*
Mistral  0.693*  0.693* 0.281

Table 6: Cross-family scale discordance for travel
demand (US airports), measured by JS divergence.
*Maximum JS values indicate output format variations
requiring normalization; see Appendix J for details.

Cross-Family Validation. To assess whether
scale discordance is architecture-specific, we repli-
cate our analysis across two additional model fami-
lies: Qwen (Qwen Team, 2024) and Mistral (Jiang
et al., 2023, 2024). This extension spans nine mod-
els covering three training origins, three size tiers,
and both dense and mixture-of-experts architec-
tures. As shown in Table 6, substantial scale dis-
cordance persists across all families, with JS diver-
gence ranging from 0.138 to 0.281 between compa-
rable model sizes. While the degree of inter-scale
agreement varies—for example, Qwen exhibits
higher correlation at smaller scales than Llama—no
family eliminates the phenomenon. The asterisked
JS values (0.693) indicate cases of complete dis-
tributional non-overlap. In addition, all families
exhibit the same modes-first convergence behavior:
Qwen models stabilize by iterations 1-2 and Mis-
tral models by iterations 2—4, consistent with the
convergence dynamics observed in Llama, confirm-
ing that this pattern is architecture-independent.

5.4 Prompt Perturbations are Bounded and
Structured

We next examine the sensitivity of LLM-generated
distributions to controlled prompt perturbations.
Table 7 reports JS divergence with bootstrap con-
fidence intervals for different perturbation types.
Persona conditioning induces bounded shifts (JS
= 0.134), while demographic attributes produce
larger effects, including age (JS = 0.330) and edu-

Mean JS
0.134

95% CI N
[0.124,0.144] 298

Perturbation Type

Persona (with vs without)

Age (within education) 0.330 [0.276, 0.385] 24
Education (within age) 0.261 [0.229,0.294] 60
Context (regional vs hub) 0.310 [0.266, 0.354] 40

Table 7: Prompt sensitivity effect sizes for travel de-
mand (US airports) with 95% bootstrap confidence in-
tervals. [V indicates the number of pairwise distribution
comparisons: persona comparisons across 298 departure
contexts; age comparisons within each education level,;
education comparisons within each age group; and con-
text comparisons across 20 personas. Age perturbations
produce the largest distributional shifts among prompt-
level factors, followed by context and education effects.

Airport JS Div. 95% CI
FWA (Fort Wayne) 0.359 [0.316, 0.412]
IND (Indianapolis) 0.334  [0.298, 0.375]
ATL (Atlanta) 0.285 [0.255,0.317]
ORD (Chicago) 0.264  [0.230, 0.306]
Mean 0.311 —

Table 8: Seasonality perturbation effect sizes for travel
demand (US airports). JS divergence between summer
(June—August) and winter (December—February) distri-
butions. Smaller airports show larger seasonal effects
than major hubs.

cation (JS =0.261). Context specification (regional
vs. hub) also substantially reshapes distributions
(JS =0.310). Figure 4 (Appendix B) illustrates how
persona information systematically redistributes
probability mass across outcome types.

Seasonality Perturbation Test. To further con-
textualize perturbation strength, we compare sum-
mer and winter travel settings using a minimal
prompt modification. As shown in Table 8, the aver-
age seasonal effect (JS = 0.311) is comparable to
age-based perturbations and larger than education-
based ones. Seasonal sensitivity varies by depar-
ture airport, with large hubs (ATL, ORD) exhibiting
smaller shifts than smaller airports (FWA, IND),
suggesting that strong geographic anchors partially
attenuate temporal context effects.

5.5 Distributional Dynamics Generalize
Across Domains

To assess whether our findings generalize beyond
the primary domain, we replicate our convergence
analysis in two additional domains using real-world
datasets: restaurant choice (Yelp) and online prod-
uct shopping (Amazon).
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Figure 2: Control experiment comparing real LLM generation against baselines for travel demand. Red with
shaded band: Llama-3.3-70B (n=10 runs, mean = std). Gold with shaded band: LLM-like staged simulation (n=10
parameter variants). Dashed lines: i.i.d. sampling from fixed distributions (Zipf, Uniform, Multimodal). The real
LLM exhibits distinct convergence dynamics that cannot be fully replicated by either i.i.d. sampling or deliberately

staged simulations.

Metric Travel Yelp Amazon
Options 300 300 300
Mode stable (iter) 3-5 4 2

JS converge (iter)  5-7 11 17
Final support 185 103 51

Mode mass (%) 75.2% 49.4% 79.0%

Table 9: Cross-domain comparison of convergence met-
rics across travel demand, Yelp restaurants, and Ama-
zon products. All domains provide 300 options; final
support indicates unique items with probability >0.1%
in the converged distribution. Travel metrics represent
ranges or averages across 300 departure airport con-
texts, whereas Yelp and Amazon values are from single-
context experiments.

Yelp Restaurant Domain. Using 300 restaurants
from Indianapolis extracted from the Yelp Open
Dataset, we observe rapid mode stabilization con-
sistent with travel domain findings. Table 9 sum-
marizes convergence metrics.

Amazon Product Domain. Using 300 Home &
Kitchen products sampled via stratified embedding-
based selection from Amazon metadata, we ob-
serve the same fundamental pattern with domain-
specific variations.

Support Size Calculation. We compute final
support as the number of unique items with non-
negligible probability (> 0.1%) in the converged
distribution. For travel, this yields 185 unique des-
tinations aggregated across 300 departure contexts,
while Yelp and Amazon produce 103 and 51 unique
items, respectively, after 20 iterations. Across all
domains, the modes-first, tails-later pattern persists:
Jaccard @5 reaches 1.0 by iterations 2—4, indicat-
ing early mode stabilization, while JS divergence

continues to decrease as tail exploration proceeds
(Figure 12, Appendix D).

Key Cross-Domain Findings. The modes-first,
tails-later convergence pattern holds consistently
across travel demand, restaurant selection, and
product choice, suggesting it reflects a general prop-
erty of LLM distributional generation rather than
domain-specific behavior. The strength of mode
dominance varies by domain, with Amazon ex-
hibiting the highest concentration (79% in top-10),
followed by travel (75%) and Yelp (49%), con-
sistent with differences in utility structure. Sup-
port diversity likewise varies, but all domains con-
verge within a similar number of iterations (mode
stabilization by iterations 2—5), underscoring the
robustness of the convergence dynamics. Addi-
tional visualizations and analyses are provided in
Appendix G.

5.6 Control Experiment: Fixed-Distribution
Sampling

A potential concern is that the modes-first, tails-
later pattern may arise trivially from sampling any
fixed distribution or from staged sampling in gen-
eral. To address this, we compare LLM iterative
sampling against (i) i.i.d. sampling from fixed syn-
thetic distributions (Zipf, Uniform, Multimodal)
and (ii) a calibrated “LLM-like” staged sampling
process designed to mimic early mode formation
followed by gradual tail expansion. Figure 2 sum-
marizes these comparisons with confidence bands
across independent runs. We observe three con-
sistent differences: real LLM sampling exhibits
more rapid and abrupt mode stabilization (itera-
tions 3-5) than either baseline; its JS divergence



trajectories remain distinct from both i.i.d. and sim-
ulated processes; and its tail support expands along
a characteristic path that differs qualitatively from
both fixed-distribution sampling and tuned staged
simulations. Together, these results indicate that
the observed convergence dynamics are not a trivial
consequence of generic sampling procedures.

These results confirm that LLM iterative gener-
ation exhibits asymmetric stabilization dynamics
distinct from both classical i.i.d. sampling and syn-
thetic staged processes. The modes-first, tails-later
pattern reflects structured, non-stationary genera-
tion behavior intrinsic to LLM inference rather than
a sampling artifact or trivial consequence of any
two-stage process.

6 Discussion

LLMs as Structured Stochastic Generators.
Our results support viewing LLMs as structured
stochastic generators: high-probability seman-
tic beliefs are represented stably, while low-
probability alternatives are explored stochastically.
The observed modes-first, tails-later dynamic indi-
cates that common decoding strategies, such as nu-
cleus sampling and temperature scaling, primarily
affect tail exploration rather than altering core se-
mantic content. Persona and contextual condition-
ing induce systematic but bounded redistribution of
probability mass, constrained by strong semantic
anchors in the model’s internal world representa-
tion.

Scale Discordance and Model Choice. Low
agreement between distributions generated by mod-
els of different sizes challenges the assumption that
scaling merely refines existing beliefs. Instead,
different model scales encode distinct probabilis-
tic world priors, a pattern we observe consistently
across three model families (Llama, Qwen, and
Mistral) with diverse training origins and archi-
tectures. These results suggest that scale discor-
dance is intrinsic to LLM scaling rather than an
artifact of specific designs. Practically, model size
should be treated as a primary experimental vari-
able, as changing scale can induce larger distribu-
tional shifts than prompt perturbations, and results
may not transfer reliably across models or families.

Cross-Domain Generalization. The modes-first,
tails-later convergence pattern generalizes across
three choice domains—travel demand, restaurant
selection, and product choice—despite substantial

differences in domain semantics and utility struc-
ture. While the qualitative convergence behavior
is consistent, its magnitude varies by domain: set-
tings with clearer utility hierarchies exhibit stronger
mode concentration, whereas more diffuse pref-
erence spaces yield flatter distributions. This
suggests that convergence dynamics are domain-
agnostic in form but domain-dependent in strength.

Practitioner Takeaways. For applications rely-
ing on LLM-generated probability distributions, a
small number of samples (x5) is typically suffi-
cient to identify dominant outcomes, while addi-
tional sampling primarily refines tail uncertainty
rather than altering decisions. Given pronounced
scale discordance, model selection should not be
viewed solely as a cost—performance tradeoff, as
different scales may yield qualitatively different
distributions. Together, these findings highlight the
importance of distribution-level evaluation when
deploying LLMs in simulation, preference model-
ing, and decision-support settings.

7 Conclusion and Future Work

This work introduces a systematic framework for
evaluating the distributional behavior of large
language models, focusing on stability, conver-
gence, and scale discordance. Through iterative
sampling, we show that LLM-generated distri-
butions consistently exhibit a modes-first, tails-
later dynamic: high-probability outcomes stabi-
lize rapidly, while residual variability is concen-
trated in low-probability alternatives. We further
demonstrate that distributional differences across
model scales substantially exceed those induced by
prompt perturbations, revealing pronounced scale
discordance in LLM probabilistic representations.
These behaviors generalize across three choice do-
mains—travel demand, restaurant selection, and
product choice—and across three model families
(Llama, Qwen, and Mistral), suggesting that they
are intrinsic to contemporary LL.Ms rather than
artifacts of specific domains or architectures.

Several directions for future work remain. An
important extension is to assess the alignment be-
tween LLM-generated distributions and real-world
human preferences. Further research could also de-
velop theoretical explanations linking distributional
dynamics to training objectives and optimization
processes, as well as extend the analysis to addi-
tional domains, closed-source models, and alterna-
tive architectural designs.



Limitations

This study focuses on discrete choice settings in
which the outcome space can be explicitly enu-
merated and normalized into a probability distri-
bution. While we demonstrate consistent distribu-
tional behaviors across travel demand, restaurant
selection, and product choice, our analysis is not
designed to address open-ended generation tasks
(e.g., summarization or creative writing), where
outcome spaces are unbounded and distributional
structure is less clearly defined. In addition, all
experiments are conducted under a fixed decoding
temperature (17" = 0.2); exploring how alternative
decoding strategies and temperature settings influ-
ence convergence dynamics and stability remains
an important direction for future work.

Ethical Considerations

This work analyzes the distributional properties of
LLM-generated outputs under controlled prompt
variations, including demographic and contextual
cues. While such analyses can reveal systematic
patterns in model behavior, they are not intended to
support normative or policy decisions. Any down-
stream use of LLM-generated distributions, partic-
ularly in decision-support or simulation settings,
should be accompanied by validation against real-
world data and appropriate domain expertise.

Our findings also highlight that model choice
substantially influences generated distributions, un-
derscoring the importance of transparency about
model selection and sensitivity analyses when LLM
outputs are used in applied settings. Although
our experiments rely solely on synthetic data and
do not involve personal information, care should
be taken to avoid misinterpretation or inappropri-
ate use of demographically conditioned outputs.
Finally, as large-scale inference incurs nontrivial
computational costs, practitioners should consider
efficiency and sustainability alongside reliability
when deploying LLM-based systems.
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xperiment 1: Travel Demand - All 300 Departure Airports.

1 Airport (v=185 destinations)

)

Figure 3: Probability distribution heatmap showing 300 departure airports (rows) x 185 unique destination airports
(columns) that appeared across all contexts. Of the 300 airports provided as options, only 185 received non-zero
probability in at least one context. Bright vertical bands reveal consistently high-probability modes.

scales encode fundamentally different world pri-
ors. Cross-domain replication in restaurant choice
(Yelp, 300 restaurants from Indianapolis) and prod-
uct shopping (Amazon, 300 Home & Kitchen prod-
ucts) confirmed the modes-first, tails-later pattern
generalizes across domains. Mode stabilization
occurred by iterations 2—4 in all domains, with
domain-specific variations in mode dominance:
Amazon (79%), Travel (~75%), Yelp (49%).

B Persona-based Probability
Distributions

Figure 4 shows the effect of persona condition-
ing on distributions. The difference heatmap re-
veals systematic patterns: persona information
increases probabilities for certain outcome types
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(red) while decreasing others (blue), confirming
that prompt perturbations induce meaningful, inter-
pretable shifts.

Figures 5-6 show the complete persona-
destination probability matrices for regional con-
texts, revealing how demographic factors influence
the full distributional structure.

C Model Size Comparison: Full
Heatmaps

Figure 7 visualizes the scale discordance phe-
nomenon discussed in Section 5.3.

Figures 8—11 provide detailed comparisons of
probability distributions across model sizes.



Difference: With Persona - Without Persona
(Red = igher, Blue = rsona Higher)

rture Alrport (n=298)

Artival Alrport (n=236)

Figure 4: Difference heatmap showing Apersona = DPwith — Pwithout- Red: persona increases probability; Blue:
persona decreases probability. The pattern reveals systematic but bounded distributional shifts induced by persona
conditioning.

Experiment 2: Travel Preferences by Persona - IND Departure

1 1
I 1 I
|
| |
1 1 I

(Age x Education) (n=20)
-
—
—

Figure 5: Persona-based probability distributions from Regional Context A (IND). Rows: 20 demographic personas
(Age x Education). Columns: destination outcomes. Senior personas show concentrated preferences; younger
personas exhibit more diverse distributions.

D Convergence Analysis: Full Iteration
Heatmaps

Figure 12 visualizes cross-domain convergence pat-
terns discussed in Section 5.5.
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Experiment 2: Travel Preferences by Persona - FWA Departure

jon) (n=20)

Persona (Age  Educati

Artival Arport (n=185 destinations)

Figure 6: Persona-based probability distributions from Regional Context B (FWA). Comparison with Figure 5
reveals both consistency (hub dominance) and variation (persona-specific differences) across contexts.

Correlation Between LLM Model Predictions
(Exp.2: Persona-based Demand) - RECTIFIED

Baseline (Llama-3.3-70B)
Correlation

Bigger (Llama-3.1-4058)

Smaller (Llama-3.1-88)

Baseline (Llama-3.3-708) Bigger (Llama-3.1-4058)

Smaller (Llama-3.1-88)

Figure 7: Scale discordance matrix showing pairwise
correlations between three LLM sizes (8B, 70B, 405B).
Values near zero indicate minimal agreement, demon-
strating that model scale does not induce smooth dis-
tributional refinement. Different models encode funda-
mentally different world priors.

Figures 13-18 provide detailed iteration-by-
iteration heatmaps demonstrating the modes-first,
tails-later convergence pattern.

E Parsing Methodology for Smaller
Models

Smaller LLMs (8B parameters) exhibit different
output formatting behaviors compared to larger
models, requiring specialized parsing strategies.
This section documents the parsing challenges en-
countered and the rectification methodology ap-
plied.

E.1 Original Parsing Failures

With the original single-tier parsing approach
(JSON bracket extraction only), the smaller model
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(Llama-3.1-8B) exhibited significant parsing fail-
ures:

Metric Original Rectified

Persona-based Analysis

15% (3/20)

Success Rate 100% (20/20)

Unique Destinations 27 131

Avg Destinations/Persona 13.0 23.9

Total Records 39 477
Convergence Analysis

Iterations Parsed 3/20 20/20

Total Destinations 63 308

Final Unique Destinations — 100

Table 10: Comparison of smaller model (8B) results
before and after parsing rectification.

E.2 Failure Case Analysis

The smaller model’s outputs frequently deviated
from the requested JSON format in three character-
istic ways:

1. Markdown-Embedded JSON: Instead of
returning a clean JSON array, the model embedded
JSON objects within markdown formatting:

Here are my travel preferences:

- xx0rlando**: ~{"departure_airport”: "IND",

"arrival_airport”: "MCO",
"travel_probability": 0.15}°
- **Denverxx: ~{"departure_airport”: "IND",

2. Natural Language Format: Some responses
used descriptive text rather than structured JSON:

1. Arrival Airport: MCO (Orlando)
Travel Probability: 0.15

. Arrival Airport: DEN (Denver)
Travel Probability: 0.12
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Figure 8: Side-by-side comparison of persona-based distributions across three LLM sizes with rectified parsing.
Left: Baseline (70B, 46 destinations); Center: Bigger (405B, 72 destinations); Right: Smaller (8B, 131 destinations).
The smaller model produces the highest diversity when properly parsed.

Exp.2 Extension: Baseline (Llama-3.3-708)
(IND Departure, 20 Personas)

Figure 9: Baseline model (Llama-3.3-70B) predictions for 20 personas. The heatmap shows consistent preferences
with moderate tail diversity.

Exp.2 Extension: Bigger (Llama-3.1-4058)
(IND Departure, 20 Personas) )

Figure 10: Bigger model (Llama-3.1-405B) predictions for 20 personas. The larger model produces more dispersed
distributions with increased diversity.

3. Truncated Responses: With 2. Attempt JSON parsing with trailing comma
max_tokens=1024, verbose responses were handling
cut off mid-JSON, producing malformed output.
3. If successful, normalize probabilities and re-

E.3 Three-Tier Parsing Algorithm turn

To address these failures, we implemented a three- Tier 2: Regex JSON Extraction (New)
tier parsing approach:
Tier 1: Bracket Extraction (Original Method) 1. If Tier 1 fails, apply regex pattern matching
to find JSON-like objects containing airport
1. Search for content between [. . .] brackets fields embedded in the text
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Exp.2 Extension: Smaller (Llama-3.1-88)
(IND Departure, 20 Personas)

2 rn 1 1
: 1 II ' ' | I L |

........ port (n=153)

Figure 11: Smaller model (Llama-3.1-8B) predictions for 20 personas with improved three-tier parsing. Successfully
parses all 20 personas with 131 unique destinations and 23.9 average destinations per persona, the highest diversity
among all model sizes. See Appendix E for parsing methodology.

RQ3: Yelp Restaurant Choice Convergence (Indianapolis) RQ3: Amazon Product Choice Convergence (Home & Kitchen)

Distributional Convergence Mode Stability (Top-k Invariance) Distributional Convergence Mode Stability (Top-k Invariance)

Jaceard Similarty

I8 Divergence to Final

Heraton teraton teraton
Tail Expansion (Support Growth) Final Distribution (Top 15) Tail Expansion (Support Growth)

Probabiity

Figure 12: Cross-domain convergence analysis. Left: Yelp restaurant choice (300 restaurants). Right: Amazon
product choice (300 products). Both domains exhibit rapid mode stabilization (Jaccard@5 — 1.0 by iteration 4)
followed by continued tail expansion, confirming the generality of the modes-first, tails-later pattern.

Experiment 3: Convergence Analysis - IND Departure (20 lterations)

Arrival Airport (n=185 dostinations)

Figure 13: Convergence heatmap for Regional Context A (IND) over 20 iterations. Rows: iterations (0-19).
Columns: outcomes. Bright vertical bands show stable high-probability modes; lighter peripheral colors show
gradual tail expansion.

2. Extract all matching objects and validate that 3. Clean formatting issues: convert single quotes
they contain required fields (departure airport, to double quotes, remove trailing commas

destination, probability) Tier 3: Natural Language Extraction (New)
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Experiment 3: Convergence Analysis - FWA Departure (20 lterations)

‘Arrival Airport (n=185 destinations)

Figure 14: Convergence heatmap for Regional Context B (FWA) over 20 iterations. Similar pattern to Figure 13:
rapid mode stabilization with continued tail expansion.

Figure 15: Side-by-side comparison of convergence patterns across three LLM sizes with rectified parsing. Left:
Baseline (70B, 32 final destinations); Center: Bigger (405B, 54 final destinations); Right: Smaller (8B, 100 final
destinations). The smaller model achieves highest diversity but requires more iterations for stabilization.

r

........... (n=70)

Exp.3 Extension: Baseline (Llama-3.3-708)
(IND Departure, 20 lterations)

o
I B "N .

Figure 16: Baseline model (70B) convergence over 20 iterations. Demonstrates rapid mode stabilization with
consistent patterns.

1. If Tier 2 fails, search for natural language pat- data

terns
Additionally, max_tokens was increased from

2. Patterns include: “Arrival: XXX, “Desti- 1024 to 4096 to prevent truncation of verbose re-
nation: Name (XXX)”, “Travel Probability: =~ Sponses.

0.XX E.4 Implications for Model Comparison

3. Extract airport codes and probability values  The parsing rectification reveals important insights
via regex about smaller model behavior:

4. Construct structured records from extracted * Output Diversity: The 8B model actually
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Exp.3 Extension: Bigger (Llama-

(IND Departure, 20 Iteratio

............. (e

0)

3.1-4058)
ns)

Figure 17: Bigger model (405B) convergence over 20 iterations. Shows stable convergence with broader outcome

diversity.

Exp.3 Extension: Smaller (Llama-3.1-8B)
, 20 lterations)

(IND Departure, 2

Figure 18: Smaller model (8B) convergence over 20 iterations with improved three-tier parsing. Successfully parses
20/20 iterations with 308 total destination records and 100 unique destinations at final iteration. See Appendix E for

parsing methodology.

generates more diverse destinations (131) than
larger models (72 for 405B, 46 for 70B), but
this was masked by parsing failures.

¢ Format Compliance: Smaller models exhibit
lower instruction-following fidelity for output
formatting, requiring robust post-processing.

* Semantic Content: Despite format issues,
the underlying semantic content is coherent
and analyzable once properly extracted.

¢ Convergence Behavior: The smaller model
achieves 100 unique destinations after 20 iter-
ations (vs. 54 for 405B, 32 for 70B), demon-
strating higher exploratory diversity.

E.5 Original Results (Without Rectification)

For transparency, we present the original smaller
model results obtained with single-tier parsing.
These results illustrate what researchers may en-
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counter without specialized parsing for smaller
models.

Original Persona Analysis Results: Only 3/20
personas (15%) were successfully parsed, yielding
27 unique destinations with 13.0 avg destinations
per persona. The remaining 17 personas returned
malformed JSON.

Original Convergence Analysis Results: Only
3/20 iterations (15%) were parsed, producing 63 to-
tal records. Convergence analysis was not possible
due to insufficient data.

Figure 19 visualizes the parsing failure: with
single-tier parsing, only 3 of 20 persona rows con-
tain data, with the remaining 17 rows empty due to
malformed outputs. This sparse heatmap illustrates
the severity of parsing failures when working with
smaller models without robust post-processing.

These results highlight the importance of ro-
bust parsing strategies when working with smaller
LLMs, which may produce semantically valid but



Exp.2 Extension: Smaller
(IND Departure, 20 P

(Llama-3.1-88)
‘ersonas)

Figure 19: Original smaller model (8B) results with single-tier parsing for persona-based analysis. Only 3/20
personas (15%) were successfully parsed, yielding a sparse heatmap with 17 empty rows. Compare with Figure 11,
which shows the same data after three-tier parsing rectification (20/20 personas, 131 unique destinations).

syntactically non-compliant outputs.

F Extended Prompt Sensitivity Analysis

F.1 Model Sensitivity vs Prompt Sensitivity

Comparing model choice against prompt pertur-
bations reveals that model selection has a larger
impact on output distributions than persona condi-
tioning.

Model Sensitivity: Cross-model JS divergences
are substantial: 70B vs 405B yields JS=0.365 (95%
CI: [0.33, 0.41]), 70B vs 8B yields JS=0.474 (95%
CI: [0.42, 0.53]), and 405B vs 8B yields JS=0.501
(95% CI: [0.46, 0.54]).

Prompt Sensitivity: In contrast, prompt per-
turbations produce smaller effects: persona con-
ditioning yields JS=0.134 (95% CI: [0.12, 0.14]),
age perturbations yield JS=0.330 (95% CI: [0.28,
0.38]), and education perturbations yield JS=0.261
(95% CI: [0.23, 0.29]).

These results indicate that switching between
model sizes (e.g., 8B to 70B) induces distributional
shifts 2—4 x larger than demographic prompt con-
ditioning, highlighting model choice as a critical
factor in LLM-based simulations.

G Extended Stability and Convergence
Analysis

G.1 Stability Metrics Over Iterations

Figure 20 shows the evolution of stability metrics
(JS divergence, Jaccard @5, Jaccard @ 10) over 20
iterations across four airport contexts. The IND
airport exhibits an alternating pattern in early it-
erations before converging, reflecting the model’s
exploration of alternative mode configurations.
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G.2 Stability Metrics Across Model Sizes

Figure 21 compares stability metrics across three
LLM sizes. The smaller model (8B) exhibits sig-
nificantly higher instability (mean JS=0.483) com-
pared to the baseline (70B, JS=0.171) and larger
(405B, JS=0.152) models.

G.3 Mode-Tail Decomposition Across Models

Figure 22 presents the mode-tail decomposition
across model sizes. The smaller model (8B) has
60% mode contribution to total divergence, indicat-
ing higher mode instability compared to baseline
(35%) and bigger (13%) models.

G.4 Tail Dynamics Across Models

Figure 23 shows the evolution of tail dynamics
(support size, entropy, tail mass) across model sizes
over 20 iterations. All models show gradual con-
vergence, but with different rates and final distribu-
tions.

H Control Experiment: Technical Details

This section provides technical details for the con-
trol experiment comparing LLM iterative sampling
against i.i.d. sampling from fixed distributions.

H.1 Experimental Design

To test whether the modes-first, tails-later pattern
is a trivial consequence of sampling from any prob-
ability distribution, we constructed synthetic cate-
gorical distributions and simulated i.i.d. sampling
under matched conditions.

Parameters:

* Outcome space: || = 300 (matching our
travel domain)
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Figure 20: Stability metrics evolution over 20 iterations across four airports (IND, FWA, ATL, ORD). JS divergence
decreases rapidly in early iterations, while Jaccard @k metrics increase, confirming mode stabilization. IND shows
an alternating pattern in iterations 1-5 before converging.

* Iterations: 20 (matching our experimental pro-
tocol)

» Samples per iteration: 50 (for empirical distri-
bution estimation)

H.2 Synthetic Distributions

Three distribution types were used as controls:

Zipf Distribution (o« = 1.5): A heavy-tailed
power-law distribution commonly observed in real-
world preference data:

1

p(ys) o< o5, i =1,...,300 3)

Uniform Distribution: Equal probability across
all outcomes:
Vi

1
p(yi) = 300° “4)

Multimodal Distribution: Concentrated prob-
ability mass on 5 randomly selected modes with
remaining mass distributed uniformly:

p(yi) = {

Dirichlet(1,...,1) x 0.6 if i € modes

0.4

305 otherwise

(&)
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H.3 Metrics Computed
For each iteration ¢, we computed:

* Jaccard@S5: Overlap of top-5 outcomes be-
tween consecutive iterations

* JS Divergence: Jensen-Shannon divergence
between consecutive empirical distributions

* Support Size: Number of unique outcomes
with probability > 0.1%

H.4 Key Findings

Comparing i.i.d. sampling baselines with actual
LLM generation reveals striking differences. All
three synthetic distributions (Zipf, Uniform, Multi-
modal) exhibit near-zero JS divergence after con-
vergence (JS < 0.01 for iterations 10-20), gradual
mode stabilization, and tail expansion that plateaus.
In contrast, Llama-3.3-70B shows elevated post-
convergence JS divergence (> 0.08), abrupt mode
stabilization (iterations 3-5), and continuous tail
expansion throughout all 20 iterations.

The comparison reveals that LLM iterative gen-
eration exhibits:



LLM Extension: Stability Metrics Comparison (8B, 70B, 405B)
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Figure 21: Stability metrics comparison across three LLM sizes (8B, 70B, 405B). Smaller model shows highest
instability (JS=0.483), while larger models achieve more stable distributions. This suggests that model scale
correlates with distributional consistency.

LLM Extension: Mode-Tail Decomposition by Model Size
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Figure 22: Mode-tail decomposition across model sizes. Smaller model (8§B) has 60% mode contribution, indicating
more mode instability compared to baseline 70B (35%) and bigger 405B (13%). Larger models exhibit “modes-first”
behavior more strongly.

1. Abrupt mode stabilization (Jaccard@5 3. Continuous tail expansion (support grows
jumps to 1.0 by iteration 3-5) vs. gradual from 19 to 32) vs. i.i.d. plateau behavior
i.i.d. convergence

2. Elevated post-convergence JS divergence These differences confirm that the modes-first,
(>0.08) vs. near-zero i.i.d. divergence tails-later phenomenon is a distinctive property of
(<0.01) LLM generation, not a sampling artifact.
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LLM Extension: Tail Dynamics Comparison (8B, 70B, 405B)

Support Size by Model Size

—e— Baseline (70B)
—e— Bigger (405B)
—e— Smaller (8B)

30

25

Support Size

0.0 25 50 75 10.0

Iteration

125 15.0 175

Tail Mass (outside top-5) by Model Size

o
o
a

—— Smaller (8B)

Tail Mass (outside top-5)
o o 1) o
w B E [5.
& 8 & 2

o
@
S

o
)
o

0.20
0.0

25

50 75 10.0

Iteration

12.5 15.0 17.5

—e— Baseline (70B)
—e— Bigger (405B)

Entropy (bits) by Model Size

—e— Baseline (70B)
—e— Bigger (405B)
—e— Smaller (8B)

0.0 50 75 10.0

Iteration

12.5 15.0 17.5

Tail Mass (outside top-10) by Model Size

0.30 —e— Baseline (70B)

—e— Bigger (405B)
—e— Smaller (8B)

0.25

0.20

0.15

0.10

Tail Mass (outside top-10)

0.05

0.00
0.0

50

75 10.0

lteration

125 15.0 175

Figure 23: Tail dynamics (support, entropy, tail mass) across model sizes over 20 iterations. Smaller model maintains
higher support and entropy throughout, consistent with its higher exploratory diversity.

I Cross-Domain Dataset Descriptions

This section provides detailed descriptions of the
datasets and sampling procedures used for the
cross-domain generalization experiments.

I.1 Yelp Restaurant Dataset

Source: Yelp Open Dataset (https://www.yelp.

com/dataset)

Data Extraction: We extracted restaurant data
from the Yelp Open Dataset, focusing on Indianapo-
lis, Indiana to match the geographic context of our
primary travel demand experiments.

Filtering Criteria:

Location: Businesses located in Indianapolis
(city = “Indianapolis™)

Category: Businesses containing ‘“Restau-
rants” in their category list

Status: Only open businesses (is_open = 1)

Name Quality: Excluded entries with generic
or missing names
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* Category Quality: Excluded entries with
only generic categories (e.g., ‘“Restaurants”
alone without cuisine specification)

Final Dataset:
* 300 restaurants sampled from Indianapolis
* 54 unique cuisine categories represented

e Each restaurant record includes: name, cui-
sine type, star rating, review count, and loca-
tion attributes

Cuisine Distribution: The extracted restaurants
span diverse cuisine types including American (Tra-
ditional), American (New), Mexican, Italian, Chi-
nese, Japanese, Indian, Thai, Mediterranean, and
45 other cuisine categories, providing a semanti-
cally rich choice set for LLM evaluation.

1.2 Amazon Product Dataset

Source: Amazon Product Data (McAuley
et al.,, 2015; He and McAuley, 2016) (https:
//nijianmo.github.io/amazon/index.html)


https://www.yelp.com/dataset
https://www.yelp.com/dataset
https://www.yelp.com/dataset
https://nijianmo.github.io/amazon/index.html
https://nijianmo.github.io/amazon/index.html
https://nijianmo.github.io/amazon/index.html

Category: Home & Kitchen product metadata

Sampling Procedure: To ensure semantic di-
versity while maintaining manageable choice set
size, we implemented a stratified embedding-based
sampling approach:

1. Category Stratification: Products were
grouped by subcategory within Home &
Kitchen, yielding 15 subcategories (e.g.,
Kitchen & Dining, Bedding, Bath, Storage

& Organization, Home Décor, etc.)

Embedding Generation:  Product de-
scriptions were embedded using OpenAl’s
text-embedding-3-large model to capture
semantic similarity

Clustering: Within each subcategory, K-
means clustering was applied to identify se-
mantically distinct product groups

Representative Sampling: Products closest
to each cluster centroid were selected as repre-
sentatives, ensuring coverage of diverse prod-
uct types within each subcategory

. Near-Duplicate Removal: Products with em-
bedding cosine similarity > 0.90 were filtered
to prevent redundant entries

Balanced Selection: 20 products were sam-
pled from each of the 15 subcategories, yield-
ing 300 total products

Final Dataset:
* 300 Home & Kitchen products

* 15 subcategories with balanced representation
(20 products each)

* Each product record includes: title, descrip-
tion, category hierarchy, price, and rating at-
tributes

Subcategory Distribution:

LI.3 Domain Comparison

The three domains used in this study differ in key
dimensions:

This diversity enables testing whether the ob-
served distributional patterns (modes-first con-
vergence, scale discordance, prompt sensitivity
bounds) generalize beyond the primary travel de-
mand setting.
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Subcategory Count
Kitchen & Dining 20
Bedding 20
Bath 20
Storage & Organization 20
Home Décor 20
Furniture 20
Cleaning Supplies 20
Heating, Cooling & Air Quality 20
Lighting & Ceiling Fans 20
Event & Party Supplies 20
Wall Art 20
Kids’ Home Store 20
Irons & Steamers 20
Vacuums & Floor Care 20
Other 20
Total 300

Table 11: Amazon Home & Kitchen subcategory distri-
bution.

J Cross-Family Methodology

This section documents the methodology for ex-
tending scale discordance analysis beyond the
Llama family to include Qwen and Mistral model
families.

J.1 Model Configuration

We evaluate nine models spanning three families,
each with small, medium, and large variants. The
Llama family (Meta, US) includes Llama-3.1-8B,
Llama-3.3-70B, and Llama-3.1-405B, all using
dense architectures. The Qwen family (Alibaba,
China) includes Qwen2.5-7B, Qwen2.5-72B (both
dense), and Qwen3-235B which uses a Mixture-
of-Experts (MoE) architecture with 22B active pa-
rameters. The Mistral family (Mistral Al, France)
includes Mistral-7B-v0.3, Mistral-Small-24B (both
dense), and Mixtral-8x7B which uses MoE with
12B active parameters out of 46B total. All models
were accessed via the Together Al API.

J.2 Output Normalization

Different models produce destination outputs in
varying formats, requiring normalization for cross-
model comparison. While most models output stan-
dard three-letter IATA codes (e.g., “ATL”), some
models (notably Qwen 235B and Mistral 24B) out-
put full airport names with embedded codes (e.g.,
“Hartsfield Jackson Atlanta International Airport
(ATL) Georgia™).

We implemented a normalization function that
extracts three-letter IATA codes from any format
using the following procedure:



Characteristic Value

Travel Domain

Choice Set Size
Geographic Scope
Decision Frequency

300 airports
National (US)
Low (occasional)

Price Range High ($100+)
Category Type Transportation
Yelp Domain

Choice Set Size
Geographic Scope
Decision Frequency
Price Range

300 restaurants
Local (Indianapolis)
Medium (weekly)
Medium ($10-50)

Category Type Food & Dining
Amazon Domain

Choice Set Size 300 products

Geographic Scope N/A (online)

Decision Frequency  High (frequent)

Price Range Variable

Category Type Consumer Goods

Table 12: Comparison of domain characteristics across
experimental settings.

1. If the string is exactly three uppercase letters,
return it directly

2. Search for a three-letter uppercase code
within parentheses using regex pattern

\([A-Z1{3}\)
3. If found, extract and return the matched code

This normalization restored cross-model compa-
rability. Without normalization, models using dif-
ferent output formats showed zero common desti-
nations and maximum JS divergence (0.693). After
normalization, typical common destination counts
ranged from 15 to 30 between model pairs.

Note on maximum JS divergence: The value
0.693 equals In(2), which is the theoretical max-
imum of Jensen-Shannon divergence. This max-
imum occurs when two distributions have com-
pletely non-overlapping supports (i.e., zero shared
outcomes with non-zero probability). In Table 6,
the asterisked 0.693 values indicate model pairs
where, even after normalization, the distributions
placed probability mass on entirely different des-
tination sets. This extreme discordance reflects
fundamental differences in how certain model pairs
represent geographic preferences, rather than out-
put format artifacts.

J.3 Mistral 24B Behavioral Adaptation

The Mistral-Small-24B model exhibited atypical
behavior during data collection. Instead of gener-
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ating travel demand distributions, it frequently re-
quested clarification (e.g., “Could you please spec-
ify your travel preferences?”). This behavior, char-
acterized as RLHF over-alignment, resulted in an
11.2% success rate (20 valid responses from 179
attempts).

Two mitigations were applied:

1. Research context prefix: Adding “You
are generating results for scientific research
projects.” to the prompt reduced clarification
behavior by establishing a legitimate research
context.

Retry algorithm: A retry mechanism with
up to 500 attempts and incremental progress
saving ensured collection of the target 20 valid
samples.

This behavior was not observed in persona-
conditioned experiments (Section B), suggesting
that detailed demographic context naturally pre-
vents clarification behavior by reducing prompt
ambiguity.

J.4 Experimental Parameters
All cross-family experiments used consistent pa-

rameters matching the original Llama experiments:

* Temperature: 0.2 (low temperature for repro-
ducibility)

* Iterations: 20 per model (convergence analy-
sis)
* Max tokens: 4096 (increased from 1024 to

accommodate verbose outputs)

* Departure context:
tional Airport (IND)

Indianapolis Interna-

* Choice set: 300 US airports

All models were accessed via the Together Al
API to ensure consistent infrastructure across fami-
lies. Total data collection comprised 179 API calls
for Mistral 24B (due to retry requirements) and 20
calls each for the remaining eight models, yielding
20 valid samples per model for analysis.

K Detailed Metric Definitions

This section provides complete mathematical def-
initions for the evaluation metrics summarized in
Section 3.4.



K.1 Distributional Stability Metrics

Jensen—Shannon Divergence. To measure over-
all distributional similarity between runs, we use
Jensen—Shannon (JS) divergence (Lin, 1991):

1
—Dxq,

1
= D (p”
5 [lm)+5 Dk (p

Js(p(r)jp(r’)) - (p(r)
(6)
where m = 1(p(™ + p(")) is the mixture distri-
bution and Dy, denotes Kullback—Leibler diver-
gence. JS divergence is symmetric, bounded in
[0, 1] when using base-2 logarithm, and well-suited
for comparing discrete distributions. Lower values
indicate greater similarity; JS = 0 implies identical
distributions.
Mode Stability (Top-% Invariance). We mea-
sure mode stability using the Jaccard index (Jac-

card, 1912):

(M (p™) N My (pt™))
M (p(™)) U My (p())

(7

Jaccardy(r,r’) =

where r and 7’ denote two sampling runs, M, (p(")
is the set of top-k outcomes from run r, N and U
denote set intersection and union, and | - | denotes
set cardinality. Jaccard ranges from O (no overlap)
to 1 (identical sets). Higher values indicate stable
dominant outcomes across samples.

Rank Consistency. For ranked mode sets, we
compute Spearman rank correlation (Spearman,
1904) over the top-k outcomes to assess ordering
stability. Spearman’s p ranges from —1 to +1,
where +1 indicates perfect rank agreement and
values near 0 indicate no systematic relationship.

K.2 Tail Dynamics Metrics
We employ standard information-theoretic mea-
sures (Cover and Thomas, 2006) to characterize
tail behavior:

Support Growth:

(y) > e} ®)

This counts the number of outcomes with non-

negligible probability (we use € = 0.001). Higher

values indicate broader distributional coverage.
Entropy:

{y : p'

)logp™(y) 9

Z p(f)

Shannon entropy measures distributional uncer-
tainty (Cover and Thomas, 2006). Higher entropy

Vm)
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indicates more uniform (less concentrated) distri-
butions; entropy is minimized at O for deterministic
distributions.

Tail Mass:

TailMass;,(p™) = 1 — Z ) (y)
yEMy,

(10)

Tail mass is defined as the complement of the cumu-
lative probability in the mode set My, following
standard probability concentration analysis (Cover
and Thomas, 2006). It quantifies the probability
allocated to non-mode outcomes. Values range
from O (all mass in top-k) to near 1 (highly dis-
persed). Higher values indicate greater exploration
of low-probability alternatives.

K.3 Mode-Tail Divergence Analysis

To localize sources of instability, we compute JS
divergence (Lin, 1991) separately on the mode and
tail regions of the distribution. Given two distribu-
tions p(”) and p(’”/) from consecutive iterations, we
define three metrics:

Total JS Divergence measures overall distribu-
tional shift:

JStota = JS(p™, p) (11)

Mode JS Divergence measures instability in the
high-probability region. We restrict both distribu-
tions to the mode set M k(p(rl)) (using the later
iteration as reference), renormalize to sum to 1,
and compute:

ISmode = ISV, 'ty

)

where paq denotes the renormalized distribution
over M.

Tail JS Divergence measures instability in the
low-probability region, computed analogously on

T =Y\ My:

(12)

ISan = ISP 5T )
Important: These three metrics are computed
independently on different subsets of the outcome
space. They do not form an additive decomposition
(i.e., JStotal # JSmode + JStil). Rather, they pro-
vide complementary views: JSa captures over-
all divergence, while JS04e and JSg,; isolate di-
vergence within each region after renormalization.
This allows us to identify whether instability arises
from semantic core beliefs (mode divergence) or
from peripheral exploration (tail divergence).

(13)



Interpretation of metric magnitudes: It is ex-
pected that JSg > JSiora in practice. The tail
region contains many low-probability outcomes
that are inherently noisy; after renormalization
(scaling tail probabilities to sum to 1), small abso-
lute differences become large relative differences,
magnifying the measured divergence. Conversely,
JSmode < JSitar because high-probability out-
comes stabilize quickly and exhibit less variability.
The key diagnostic insight is the trajectory of these
metrics: when JSy04e approaches zero while JSj
remains elevated, this indicates that core semantic
beliefs have converged and only peripheral out-
comes continue to fluctuate.

K.4 Prompt Sensitivity Analysis

To quantify distributional shift under controlled
prompt perturbations, we use JS divergence (Lin,
1991) between distributions under different prompt
conditions. We consider persona vs no-persona
prompts, demographic attribute changes (age, edu-
cation), and departure location changes. Higher JS
values indicate greater sensitivity to the perturba-
tion. By comparing JS divergence across perturba-
tion types, we can quantify prompt effect sizes and
distinguish meaningful conditioning effects from
sampling noise.

K.5 Scale Discordance Analysis

To assess whether different model scales encode
consistent world priors, we compare distributions
across models m;, m; using JS divergence (Lin,
1991):

Js(pmz( | :E)apmj(' ‘ I‘))

We additionally compute agreement@ k, defined
as the proportion of contexts where two models
share identical top-k outcome sets. Agreement@k
ranges from O (no shared predictions) to 1 (per-
fect agreement); values near chance level (= 0 for
large outcome spaces) indicate independent distri-
butional priors.

Joint Interpretation. The combined interpre-
tation of these metrics reveals the nature of cross-
scale relationships:

(14)

* Low JS + high agreement@Fk: Similar beliefs
with consistent top predictions (scale refine-
ment)

* High JS + low agreement@k: Fundamentally
different world priors (scale discordance)
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* Low JS + low agreement@Fk: Similar overall
distributions but different mode compositions

* High JS + high agreement@Fk: Shared top pre-
dictions but divergent probability allocations

L Experimental Configuration Details

This section provides complete details for the ex-
perimental setup summarized in Section 4.
L.1 Persona Configuration

We define personas along two demographic dimen-
sions:
Age Groups (5 levels):

* 18-24 (Young)

25-34 (Young Adult)

3544 (Adult)

45-64 (Middle Age)

65+ (Senior)

Education Levels (4 levels):

* Under High School

* High School to Under Bachelor

* Bachelor Degree

« Above Bachelor (Master/Doctoral)

This yields 20 unique persona combinations (5 X
4 = 20).

L.2 Research Question Details

Distributional Stability and Convergence: We
perform 20 iterations at multiple departure contexts
(IND, FWA, ATL, ORD) using a fixed persona,
measuring JS divergence, Jaccard @ stability, and
mode—tail decomposition. Extension experiments
test convergence at hub contexts and across model
sizes.

Sensitivity to Prompt Perturbations: We test
perturbations including: (a) persona demograph-
ics (age, education), (b) temporal context (sea-
son), and (c) geographic anchors (regional vs hub).
We compute JS divergence with bootstrap con-
fidence intervals. Seasonality experiments com-
pare summer (June—August) vs winter (December—
February) across 4 airports with 20 iterations per
condition (160 total runs).



Family Model ID Params Role

Llama-3.1-8B-Instruct-Turbo 8B Smaller
Llama Llama-3.3-70B-Instruct-Turbo 70B Baseline
Meta-Llama-3.1-405B-Instruct-Turbo 405B Larger
Qwen2.5-7B-Instruct-Turbo 7B Small
Qwen Qwen2.5-72B-Instruct-Turbo 72B Medium
Qwen3-235B-A22B-Instruct 235B (MoE) Large
Mistral-7B-Instruct-v0.3 7B Small
Mistral ~ Mistral-Small-24B-Instruct 24B Medium
Mixtral-8x7B-Instruct-v0.1 46B (MoE) Large

Table 13: Complete model configuration across three families. All models accessed via Together AI API with
temperature 7' = 0.2.

Scale Discordance and Generalization: We
compare distributions across model sizes using
pairwise JS divergence and agreement@k. Cross-
family analysis extends to the Qwen and Mistral
families to test universality. Cross-domain replica-
tion uses restaurant choice (Yelp, 300 Indianapolis
restaurants) and product shopping (Amazon, 300
Home & Kitchen products). See Appendix I for
dataset details.
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