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Abstract

While Large Language Models (LLMs) excel
at convergent tasks, they struggle with diver-
gent thinking, often collapsing to a narrow,
high-probability mode when asked for sets of
ideas. We frame this as a set generation prob-
lem, distinguishing between within-set seman-
tic breadth and a new metric measuring the abil-
ity to escape prompt-specific baselines we call
Tail Recovery Ratio (TRR). We also introduce
AnglePoolSelect (APS), a black-box multi-call
strategy that discovers prompt-conditioned an-
gles to select diverse candidates in embedding
space. We evaluate APS against search meth-
ods (e.g., OpenELM, VOYAGER) on a deep,
controlled benchmark and a sample of the In-
finity Chat corpus. Results show that APS de-
livers quality and breadth at low cost, whereas
heavy search maximizes tail recovery only at
considerably higher token costs. We quantify
this tradeoff via Tail Efficiency, demonstrating
the value of our method on the Pareto frontier
of strategies that forestall knowledge collapse
without the overhead of iterative search. Data
and code are publicly released.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities in convergent tasks
such as summarization, translation, and code gen-
eration. However, their performance in divergent
thinking tasks, where the goal is to generate a di-
verse set of high-quality, novel ideas, remains a
challenge. While Large Language Models contain
vast semantic knowledge, standard decoding re-
stricts access to a narrow, high-probability band.
Standard decoding strategies (e.g., temperature
sampling) often lead to “mode collapse,” where the
model gravitates towards the most probable (and
thus often the most cliché) outputs (Holtzman et al.,
2020a). This not only limits utility in the short-term
but may generate downstream “knowledge collapse”

(Peterson, 2024), where the recursive consumption
of generic outputs erodes the distribution’s tail.

This paper focuses on set generation: produc-
ing a candidate set where items are both individu-
ally plausible and collectively diverse. This gap is
critical in settings where users require sets rather
than single outputs, such as brainstorming, policy
analysis, or open-ended question answering. In
these contexts, a method that produces one strong
answer is insufficient if it repeatedly returns the
same style of output. While mode collapse is of-
ten discussed as a training dynamic, if the focus is
knowledge collapse, the root cause is the unavail-
ability of tail content in the eventual user-facing
data supply. By recovering semantic breadth and
tail responses at inference time, we provide the
necessary variation to maintain distribution volume
in sociotechnical loops. Consequently, our core
focus shifts from producing one optimal answer
to allocating inference-time compute to recover a
broader support of plausible outputs, optimizing
the tradeoffs between quality, diversity, and cost.
Many real uses are willing to spend extra tokens to
reach ideas that are less standard rather than settle
for the center. For long-horizon ideation in star-
tups, research, policy solutions, or artistic work,
obvious ideas have near-zero value because they
will be pursued by many others, and even dozens of
repetitions of the same simple prompt stay near the
mode. Even in use cases where the compute cost
of high-token generation is not a problem, however,
the associated inference time can slow iteration cy-
cles in which human feedback can also guide new
and appropriate directions. Quality still matters, be-
cause methods that push beyond the mode can also
flood the user with low-quality or incoherent can-
didates. Finally, at scale, if creators of textbooks,
podcasts, and online content rely on simple prompt-
ing and converge on the same examples, collective
social learning risks knowledge collapse.

We introduce AnglePoolSelect (APS), a



lightweight multi-call strategy that discovers
prompt-specific “angles” (frames) to generate
a pool of candidates and then selects a diverse
subset in embedding space. The selection step
uses post-hoc embedding geometry that does
not consume model tokens. Crucially, APS is
compatible with black-box APIs and does not rely
on token-level access to model logits, making it
applicable to closed-source frontier models.

To respond to the knowledge collapse condition,
we introduce a new metric, the Tail Recovery Ra-
tio (TRR), which directly targets baseline-relative
tail escape rather than simple within-set spread.
For each prompt, we estimate a k-NN distance
distribution within a baseline pool and measure
the fraction of generated items that fall beyond a
prompt-specific radius. This builds on £-NN dis-
tance thresholds used for robust outlier ranking
and coverage style metrics in generative modeling
(Ramaswamy et al., 2000; Kynkéddnniemi et al.,
2019). TRR is not redundant with standard di-
versity metrics: a method can distribute evenly
within a baseline mode (high spread) without ever
escaping it (low TRR). We frame our evaluation
by separating (i) within-set semantic breadth using
Semantic Cluster Diversity (SCD) from (ii) this
baseline-relative TRR, alongside a cost-normalized
metric we propose: Tail-Efficiency (TailEff).

Contributions. We formalize a set-generation
evaluation that jointly reports semantic breadth
(SCD), baseline-relative tail recovery (TRR), and
cost-normalized tail-efficiency (TailEff). We intro-
duce APS (AnglePoolSelect), a budgeted multi-call
method for prompt-conditioned coverage that op-
erates via angle discovery and embedding-based
selection without requiring logit access. We bench-
mark a suite of inference-time strategies spanning
single-call prompting and multi-call search, report-
ing the resulting cost—diversity—quality tradeoffs.
We evaluate in two regimes: controlled domain
prompts evaluated with an LLM judge (Experiment
1) and realistic open-ended user prompts from the
Infinity-Chat corpus (Jiang et al., 2025b) that test
external validity (Experiment 2).

2 Related Work

While Large Language Models (LLMs) demon-
strate impressive capability in single-turn gener-
ation, they are prone to mode collapse, often
converging on a narrow band of high-probability,
generic responses. This phenomenon was formally

characterized as model collapse by Shumailov et al.
(2023), who demonstrated that recursive training
on generated data causes the tails of the original dis-
tribution to disappear. Peterson (2024) expanded
the term to consider sociotechnical implications
under the term “knowledge collapse” and provided
early measurements. Jiang et al. (2025a) further
identified this effect in open-ended user prompts,
and identified not only intra-model repetition but
also inter-model homogeneity despite varying ar-
chitectures. Our work frames this challenge as set
generation, where the objective is not to output
a single optimal answer but to recover semantic
breadth across the latent distribution.

A traditional family of approaches mitigates col-
lapse by altering the decoding distribution directly.
The most fundamental control is temperature scal-
ing (Ficler and Goldberg, 2017), which flattens
the probability distribution to encourage diversity,
though often at the cost of coherence. Truncation
methods like Nucleus (top-p) sampling (Holtzman
et al., 2020b) and Typical Decoding (Meister et al.,
2023) attempt to balance this trade-off by dynam-
ically pruning the unreliable tail. More recently,
Nguyen et al. (2025) proposed Min-p sampling,
which truncates based on confidence relative to the
top token rather than cumulative probability, offer-
ing a more robust balance for creative generation.
Beyond stochastic sampling, deterministic meth-
ods like Diverse Beam Search (DBS) (Vijayakumar
et al., 2018) enforce diversity by applying penalties
to sibling beams that share common prefixes or se-
mantic features. Similarly, Contrastive Decoding
(Li et al., 2023) penalizes generic continuations by
subtracting the logits of a smaller “amateur”” model
from a larger “expert” model. However, these meth-
ods typically require dense access to output logits
(white-box access) and often operate at the lexical
rather than semantic level (Su et al., 2022), limiting
their applicability in API-based environments.

Recent research has shifted toward “inference-
time scaling,” where increased compute is utilized
to explore the solution space more thoroughly
(Vilnis et al., 2023; Wu et al., 2024). This in-
cludes hierarchical search methods like Tree of
Thoughts (Yao et al., 2024), which decomposes
problems to broaden the search frontier. More ag-
gressively, Quality-Diversity (QD) algorithms have
been adapted for LLMs to maintain archives of di-
verse solutions. For instance, OpenELM (Bradley
et al., 2023) leverages MAP-Elites (Mouret and
Clune, 2015) to evolve code patches. Meyerson



et al. (2024) recently introduced Language Model
Crossover, demonstrating that variation can be
induced effectively through few-shot prompting
techniques that simulate evolutionary recombina-
tion. Amballa et al. (2025) introduce VOYAGER,
a training-free approach that applies iterative ex-
ploration and Determinantal Point Processes (DPP)
to maximize the volume of the generated dataset.
While these iterative loops achieve high tail recov-
ery, they are computationally prohibitive for many
real-time applications. In our experiments we la-
bel VOYAGER* as a best-faith reimplementation
based on the published description because the of-
ficial code is not yet available.

To address the cost constraints of evolutionary
search, lighter-weight prompting strategies have
emerged. Zhang et al. (2025) propose Verbal-
ized Sampling, asking models to explicitly report
probability estimates to surface atypical ideas. In
the domain of democratic representation, Plural-
istic Al approaches map human disagreement us-
ing persona-based prompting to recover “minor-
ity reports” (Sorensen et al., 2024). Our pro-
posed method, ANGLEPOOLSELECT, aligns with
these budgeted approaches. It operates entirely
through prompting and embedding-based selec-
tion (black-box), targeting the efficient frontier of
the diversity-cost trade-off typically occupied by
single-call baselines, while approximating the se-
mantic breadth of heavier search methods.

3 Method

Given a prompt p, a method produces a candidate
set Gy, of size K. Some methods emit more than K
items, so we downselect using a greedy max-min
selector in embedding space to keep all compar-
isons at a fixed set size. The selector initializes
with a seed item, then repeatedly adds the candi-
date that maximizes its minimum cosine distance
to the selected set, which preserves coverage while
keeping the budget fixed. For tail recovery we also
construct a baseline pool B, of size K}, using the
Simple prompting strategy so that each prompt has
a prompt specific notion of what constitutes the
baseline mode.

Semantic breadth is measured with Semantic
Cluster Diversity (Shypula et al., 2025), defined as
the Hill number (Hill, 1973) of order 1 over clusters
in embedding space. We embed candidates with
the sentence transformers model all-MiniLM-L6-
v2, apply KMeans with a fixed number of clusters

C = 7 and five restarts, and compute

C
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SCD(G,) = exp(H(Gy).

where p; is the fraction of candidates assigned to
cluster . SCD can be interpreted as the effective
number of semantic clusters, and a fixed C ensures
comparability across prompts.

We compute SCD on the fixed-size evaluated set
for every method, which avoids inflating breadth
through larger candidate pools. In this setting,
higher SCD reflects a more balanced spread across
clusters rather than a higher raw count of outputs.

Tail Recovery Ratio measures how often candi-
dates fall outside the baseline mode for the same
prompt. It is motivated by kNN distance based
outlier ranking and coverage metrics in generative
modeling (Ramaswamy et al., 2000; Kynkdidnniemi
et al., 2019). TRR is anchored to a prompt specific
baseline and targets tail escape rather than within
set balance. For Experiment 2 we define s(x) as the
mean kNN cosine distance from an embedding x
to its k = 5 nearest neighbors in ;. We compute
baseline self scores {s(b) }1ep, With self matches
excluded, set a prompt specific threshold ¢,, as the
q = 0.90 quantile of these scores, and define

TRR(G,) = ‘Gl, S Is(g) > ) @)
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This prompt specific threshold stabilizes the met-
ric across prompts with different distance scales,
and ¢ = 0.90 means the tail corresponds to the top
decile of baseline self distances. For Experiment
1 we use the same thresholding idea but compute
scores as 1 minus the maximum cosine similarity to
the cliche baseline, which aligns with the domain
specific baseline and avoids extra kNN hyperpa-
rameters.

We report total tokens per set as cost. Tail effi-
ciency is defined as tail items per 1k tokens, com-
puted as TRR(G),) |G| divided by the token bud-
get, and excludes baseline pool cost. The appendix
reports token counts that include baseline costs.

We compute metrics at the prompt level and then
aggregate. In Experiment 1 we average over the
two runs per domain and report bootstrap confi-
dence intervals over domains. In Experiment 2 we
report mean metrics across prompts with bootstrap



confidence intervals over prompts. This aggrega-
tion aligns the uncertainty with the sampling unit
of each experiment.

Token cost is taken from the API usage metadata
and includes all calls made by a method for a given
prompt. For multi-call methods this sums across
exploration rounds and selection steps. Completion
rates are the fraction of prompts where a method
reaches the target size K and the baseline reaches
K. We report both nonstrict results (all prompts)
and strict results (complete subset), treating the
nonstrict setting as primary because failure to reach
the target set size is a relevant performance signal
in real-world generation.

We compare a spectrum of prompting and search
strategies. Simple and Categorized produce sets in
one or a few calls. Categorized relies on a fixed
taxonomy and assumes those categories are suit-
able for each prompt, which makes it cheap but
brittle when categories are missing, shallow, or
misaligned. Tree-of-Thoughts expands a hierar-
chy of subdomains before pooling leaves. Ban-
dit and MCTS adapt prompt frames across rounds
using proxy novelty and quality rewards. Evo-
Iutionary and OpenELM MAP-Elites* maintain
archives of candidates with mutation and selec-
tion, while VOYAGER* uses iterative volume max-
imization. We utilize a custom implementation
of the MAP-Elites search strategy. While the of-
ficial OpenELM library supports text generation
(Bradley et al., 2023), we implemented the algo-
rithm directly to ensure strict experimental parity.
This allowed us to standardize the underlying LLM
backend (GPT-4.1-mini) and embedding models
(all-MiniLM-L6-v2) across all strategies, prevent-
ing implementation-level discrepancies (for exam-
ple, prompt formatting and retry logic) from con-
founding the results. Mode Avoidance provides
an ablation that uses baseline examples to prompt
explicit anti-mode constraints.

AnglePoolSelect is motivated by a set coverage
objective. The target is a fixed size subset that
spreads across the prompt conditioned semantic
space under a budget, which can be formalized
as a dispersion objective in the embedding space.
Greedy max-min selection is a farthest-first heuris-
tic for this objective, so the key challenge is propos-
ing candidates that cover distinct regions without
gradients or access to model internals. APS there-
fore separates proposal from selection. It first con-
structs a small bank of angles that serve as local
proposal distributions, then generates a small batch

per angle, pools all candidates, and applies the
greedy max-min selector to return the final set. The
acceptance step is geometry based, so the resulting
set is determined by the coverage objective rather
than by prompt text alone.

APS-Fixed uses a predefined angle bank, which
functions as a stratified sampler over perspectives.
APS-Dynamic replaces this with prompt condi-
tioned angle discovery, which approximates an
adaptive discretization of the prompt space while
keeping the same selection objective. This makes
APS-Dynamic the adaptive analogue of Catego-
rized, preserving multi prompt structure while al-
lowing angles to track the prompt instead of a fixed
taxonomy. Prompts and parameters are reported in
Appendix A.

4 Experiments

We design two complementary experiments that
emphasize different priorities. Experiment 1 is
deep, a controlled setting where we can measure
quality alongside diversity and cost. Experiment 2
is broad, a heterogeneous prompt set that stresses
tail recovery and efficiency under realistic condi-
tions. Together they connect quality focused analy-
sis with external validity.

4.1 Experiment 1

Experiment 1 is a controlled idea generation bench-
mark across 10 domains spanning policy, engineer-
ing, science, and creative writing. This deep set-
ting supports a direct quality measurement that
is difficult to interpret on heterogeneous prompts.
The prompts cover applied engineering, business
strategy, causal inference failure modes, climate
policy, creative writing, financial system risk,
philosophy of algorithmic governance, scientific
research, social policy, and zoning stakeholder
perspectives. We evaluate Simple, Categorized,
Tree-of-Thoughts, Bandit, MCTS, Evolutionary,
OpenELM MAP-Elites*, APS-Dynamic, and APS-
Fixed. OpenELM MAP-Elites* denotes an in-
house reimplementation based on the OpenELM
paper, not the original code release. For each do-
main and method we run two independent genera-
tions with a target size of N = 50 ideas, dedupli-
cate exact matches, and downselect to N with the
greedy max-min selector. All runs reach the tar-
get size after deduplication, so no underfilled sets
are excluded. Tail recovery is measured against a
domain-specific cliche baseline built by prompting



for common approaches, with a baseline pool size
matched to the evaluated set and a tail threshold
quantile of ¢ = 0.90. Quality is assessed with an
LLM judge that scores each idea for relevance and
specificity on a 1-10 scale, and we report the mean
score per set. Scores are computed after genera-
tion and do not affect selection. The generator is
gpt-4.1-mini-2025-04-14 with temperature 0.7, and
the judge is google gemini-3-flash preview at zero
temperature. Embeddings use all-MiniLM-L6-v2,
matching the SCD and TRR computations. We
aggregate results by averaging across domains and
report bootstrap confidence intervals over domains.

4.2 Experiment 2

Experiment 2 tests external validity on open-ended
user prompts drawn from the Infinity Chat taxon-
omy corpus (Jiang et al., 2025b). This broad set-
ting complements Experiment 1 by prioritizing tail
recovery and efficiency under heterogeneous, real-
istic prompts where detailed quality assessment is
less stable. We use 36 prompts filtered to remove
greetings and low information queries, and we hold
the prompt list fixed across methods using a stored
manifest. The prompt set spans multiple topical
categories and response types, which introduces
heterogeneity similar to real user traffic. For Cate-
gorized, we cap the number of taxonomy categories
per prompt, which keeps its cost low but limits its
ability to adapt when categories are shallow or mis-
aligned. We evaluate Simple, Categorized, Verbal-
ized Sampling, Mode Avoidance, APS-Dynamic,
APS-Fixed, OpenELM MAP-Elites*, and VOY-
AGER*. Each method produces K = 20 answers
per prompt and is evaluated against a baseline pool
of K = 40 Simple answers with batching and
exact-string deduplication to reach the target size.
VOYAGER* denotes our best-faith reimplementa-
tion based on the published description because the
original code is not yet available; results may differ
from the official implementation. OpenELM MAP-
Elites* denotes our reimplementation based on the
OpenELM paper, not the original code release. We
report TRR, SCD, tail efficiency, token cost, and
completion rates, with TRR computed using k = 5
and ¢ = 0.90. We do not score quality in this set-
ting because the prompts are heterogeneous and the
primary objective is breadth and tail recovery. The
generator is gpt-4.1-mini-2025-04-14 with temper-
ature 0.7, a max output of 2048 tokens per call, and
the same embedding model as Experiment 1. The
main paper reports the nonstrict summary across

all prompts, while Appendix C reports the strict
complete subset and diagnostic plots.

5 Results

The results mirror the experimental roles. Experi-
ment 1 provides a deep, controlled view of quality
and diversity tradeoffs, while Experiment 2 pro-
vides a broad external validity check focused on
tail recovery and efficiency.

5.1 Experiment 1

Table 1 reports mean TRR, SCD, quality, and to-
kens across 10 domains. Figure 1 visualizes the
quality and tail recovery tradeoff with cost as a vi-
sual cue. APS-Dynamic and APS-Fixed deliver the
highest mean quality while staying near the lower
cost regime. APS-Dynamic improves TRR rela-
tive to APS-Fixed, and both remain substantially
cheaper than multi-call search methods. OpenELM
MAP-Elites* produces the highest TRR and broad
SCD at markedly higher cost and slightly lower
quality. Bandit and Tree-of-Thoughts improve
TRR relative to Simple and Categorized but add
cost, while MCTS and Evolutionary are the most
expensive without commensurate gains.

SCD values vary less than TRR because all meth-
ods are evaluated at a fixed set size, but the ranking
still separates methods that spread across clusters
from those that converge on a narrow region. Qual-
ity and tail recovery diverge for several strategies,
which motivates the dual-metric view in Figure 1.
Token costs differ by more than an order of mag-
nitude, reinforcing why tail efficiency is necessary
beyond absolute TRR.

Human evaluation validates the automated qual-
ity metric. We ran a blinded study on a stratified
sample of N = 50 ideas across five strategies and
found strong alignment between human ratings and
the automated judge (Spearman p = 0.60, Pearson
r = 0.88), confirming that the judge preserves the
method ranking.

5.2 Experiment 2

Table 2 summarizes TRR, SCD, tail efficiency,
and cost across 36 prompts using the nonstrict set-
ting. Figure 2 shows TRR versus SCD with cost
as a visual cue. APS-Dynamic and VOYAGER*
reach the highest mean TRR, with APS-Fixed and
OpenELM MAP-Elites* close behind, while Sim-
ple remains a low-cost baseline with low TRR.
SCD varies less than TRR because all methods



Strategy TRR Quality SCD Tokens
0.381 8.19 6.41

OpenELM MAP-Elites* [0.273,0.497] [8.02,8.36] [6.31,6.52] 7,546
0.302 7.65 6.38

Bandit [0.184,0.460] [5.90,8.62] [6.22,6.50] 10,084
0.269 7.80 6.26

Tree-of-Thoughts [0.138,0.415] [5.62,9.22] [6.13,6.38] 3,392
0.209 7.83 6.29

MCTS [0.108,0.323] [5.64,9.26] [6.15,6.41] 28,363
0.202 7.40 6.22

Categorized [0.121,0.285] [5.36,8.83] [6.13,6.32] 1,100
0.157 8.86 6.48

APS-Dynamic [0.094,0.237] [8.69,9.04] [6.34,6.59] 2,530
0.113 6.91 6.35

Evolutionary [0.064,0.174] [4.35,8.69] [6.21,6.47] 16,186
0.105 8.82 6.38

APS-Fixed [0.053,0.170] [8.63,9.02] [6.27,6.47] 2,052
0.101 7.13 6.24

Simple [0.043,0.173] [5.23,8.54] [6.16,6.34] 796

Table 1: Experiment 1 summary (mean across domains; 95% bootstrap CI).

target a fixed set size, but APS-Dynamic, APS-
Fixed, and OpenELM MAP-Elites* still show the
strongest breadth. Tail efficiency highlights the
cost tradeoff: Categorized and APS-Fixed yield the
most tail items per token, while VOYAGER* and
OpenELM MAP-Elites* incur large token costs for
modest efficiency. Relative to Categorized, APS-
Dynamic trades a modest token increase for much
higher TRR and SCD, which supports the idea that
prompt-conditioned angle discovery provides cov-
erage that a fixed taxonomy cannot.

Mode Avoidance improves breadth relative to
Simple, but its TRR remains below APS-Dynamic
and OpenELM MAP-Elites*, which suggests that
explicit anti-mode prompting helps diversify within
the baseline region but does not consistently
reach the tail. Verbalized Sampling provides a
lightweight alternative that improves TRR rel-
ative to Simple while remaining in a low-cost
regime. VOYAGER* and OpenELM MAP-Elites*
are more expensive than APS-Dynamic and APS-
Fixed, while Mode Avoidance and Categorized stay
near Simple in cost. Completion rates, defined as
the fraction of prompts where both the method and
baseline reach the target sizes, and the strict com-
plete subset are reported in Appendix C. The strict
subset serves as a robustness check, confirming that
the performance rankings are not driven solely by
reliability differences across methods.

6 Discussion

Across both experiments, diversity is multiobjec-
tive. Within-set breadth, baseline-relative tail es-
cape, and cost do not align, and methods that look
strong on one axis can be weak on another. The

contrast between Experiment 1 and Experiment 2
highlights this tradeoff: APS-Dynamic and APS-
Fixed sit near the efficient region, improving TRR
and SCD with moderate token costs, while heavy
search loops like MCTS and VOYAGER* push tail
recovery higher but at steep cost. This suggests that
multi-call optimization is only worth its expense
when maximizing tail recall is the sole priority; oth-
erwise, coverage-aware prompting with selection
captures most of the benefit at a fraction of the cost.

The results also clarify the distinction between
breadth and tail recovery. A method can escape
the baseline mode repeatedly in a narrow direction
(high TRR) without covering the semantic space
(low SCD), or spread broadly without consistently
crossing the tail threshold. Reporting TRR alone
masks these differences, and SCD provides a com-
plementary view of coverage at a fixed set size.
Tail efficiency makes the tradeoff explicit by show-
ing how many tail items are recovered per token,
identifying where methods like APS-Fixed and Cat-
egorized offer the most value per unit of compute.

APS-Dynamic  highlights why  prompt-
conditioned structure drives this efficient frontier.
Angle discovery expands the search space along
prompt-specific axes, approximating an adaptive
discretization of the semantic manifold, while
embedding-based selection removes redundancy.
This differentiates it from fixed taxonomies
(Categorized) or fixed angle lists (APS-Fixed),
which are cheaper but lack the flexibility to cover
the prompt-specific tail. This finding establishes a
practical path for black-box diversity: structured
prompting can steer away from generic responses
without the prohibitive overhead of iterative search.

Our evaluation design enforces this rigorous
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Figure 1: Experiment 1 quality versus tail recovery. Bubble size and color indicate token cost. APS-Dynamic and
APS-Fixed sit on the high quality efficient frontier. OpenELM MAP-Elites* maximizes tail recovery at higher cost.

comparison. By defining TRR relative to a prompt-
specific baseline pool and evaluating all methods
at a fixed set size, we isolate genuine coverage
gains from simple volume effects. This anchors
the metric to the difficulty of each query, making
completion rates and underfilled sets meaningful
signals of reliability rather than noise. These de-
sign choices ensure that the efficient frontier we
identify reflects robust distributional improvements,
not artifacts of sampling size or prompt difficulty.

Finally, the results indicate that diversity and
quality are not inevitably in tension. APS-Dynamic
improves both metrics in Experiment 1, suggest-
ing that structured angle discovery can maintain
plausibility while diverging from the mode. For
most applications — brainstorming, policy analy-
sis, or open-ended assistance — this efficient region
is the functional default. Method choice should
be conditioned on the downstream objective, with
heavy search reserved for specialized cases where
the marginal gain in tail recovery justifies the expo-
nential increase in cost.

7 Conclusion

We study set generation as a multi objective prob-
lem and make the diversity cost quality tradeoffs
explicit. APS-Dynamic provides a lightweight,
budgeted mechanism for prompt conditioned cov-
erage. The deep controlled experiment and the

broad external validity experiment jointly show
that APS-Dynamic improves diversity relative
to simple baselines, while heavy exploration
loops achieve stronger tail recovery only at high
cost. These results support using efficient cov-
erage methods as a default when budgets are
limited and reserving heavy search for settings
where high-quality results and tail recovery dom-
inate. An anonymized code mirror is available at
https://anonymous.4open.science/r/divgen-tail/.



Table 2: Experiment 2 (nonstrict; n=36 prompts) summary (mean across prompts; 95% bootstrap CI). SCD
= Semantic Cluster Diversity (Hill Number). TailEff excludes baseline cost. VOYAGER¥* denotes a best-faith
reimplementation based on the published description. OpenELM MAP-Elites* denotes an in-house reimplementation
based on the OpenELM paper. Completion rates are reported in Appendix C.

Strategy TRR SCD (Hill#)  TailEff Tokens
0.113 5.82 2.04

Simple [0.081, 0.146] [5.68,5.97] [1.43,2.70] 1,229
0.514 5.72 8.19

Categorized [0.412, 0.613] [5.56, 5.88] [6.38,10.08] 1,343
0.222 5.91 2.79

Verbalized Sampling [0.138,0.313]  [5.79, 6.03] [1.75,4.131 1,598
0.421 5.90 5.59

Mode Avoidance [0.328, 0.512] [5.71, 6.07] [4.22,7.000 1,653
0.767 6.21 4.15

APS-Dynamic [0.694,0.833]  [6.11,6.29] [3.65,4.691 3,910
0.735 6.18 5.95

APS-Fixed [0.649, 0.812] [6.11, 6.25] [5.09,6.84] 2,677
0.714 6.20 1.27

OpenELM MAP-Elites* [0.637,0.786]  [6.10, 6.29] [1.12,1.411 11,664
0.764 6.03 0.59

VOYAGER* [0.697, 0.825] [5.91, 6.13] [0.41,0.83] 49,365
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Figure 2: Experiment 2 tail recovery versus within set breadth. Bubble size and color indicate token cost. VOY-
AGER¥* denotes a best-faith reimplementation based on the published description. OpenELM MAP-Elites* denotes

an in-house reimplementation based on the OpenELM paper.



8 Limitations

Experiment 1 relies on an LLM judge for quality,
which can introduce judge specific bias. The em-
bedding based metrics and TRR thresholds depend
on the chosen embedding model and baseline pool,
so different baselines or embeddings could shift
absolute values or rankings. TRR is a collapse
diagnostic rather than a utility metric; tail items
can be low quality, so TRR should be interpreted
alongside quality and cost metrics. Experiment 2
uses a single prompt corpus and a single gener-
ator model, so the results may not generalize to
all prompt distributions or model families, and we
focus on breadth and efficiency rather than a com-
prehensive quality assessment. APS angle discov-
ery is constrained by the model’s own framing and
may miss novel perspectives when the prior is nar-
row. VOYAGER* results are based on a best-faith
reimplementation without access to the original
code and may differ from the official implementa-
tion. OpenELM MAP-Elites* is also an in-house
reimplementation, and results may differ from the
official library (Bradley et al., 2023).

9 Ethical Considerations

This work studies methods for increasing diver-
sity in generated text. The methods are intended
to surface a wider range of plausible answers, but
they can also surface low quality or unsafe content
if safeguards are not in place. We do not deploy
these systems in user facing settings and recom-
mend applying standard safety filters when used in
practice.
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A Appendix: Strategy Details

This appendix summarizes the strategies used in
Experiments 1 and 2. All strategies map a prompt
to a set of candidates, and cost is largely driven
by the number of LLM calls plus any selection or
judging steps.

A.1 Simple

Single-call list prompting that directly outputs a
candidate set. This is used as a baseline and to
build baseline pools in both experiments.

A.2 Categorized

Lens prompting across a fixed set of categories or
angles. Each category yields a small batch, the out-
puts are pooled, and the final set is downselected if
needed. Cost scales with the number of categories,
so we cap the category count in Experiment 2.

A.3 Tree-of-Thoughts (ToT)

Fixed-depth hierarchical decomposition (paradigm
— subdomain — candidates) without evaluator-
guided pruning. The method generates a large leaf
pool and then downselects to the target size.

A.4 Bandit

UCB/1-inspired adaptive prompting over a small
set of prompt frames. Rewards are proxy scores
derived from novelty and quality, so this is adaptive
prompting rather than a stationary bandit.

A.5 Evolutionary

Quality-diversity search with LLM-mediated muta-
tion and crossover and a MAP-Elites-style archive.
Judging cost dominates runtime, and selection bal-
ances novelty with model-judged quality.

A.6 MCTS

Reflexive batch MCTS where nodes are natural-
language subdomains, rollouts generate small
batches, and the model self-evaluates to guide ex-
pansion. This is MCTS-inspired rather than a text-
book MDP.
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A.7 OpenELM MAP-Elites*

Archive-based search that mutates candidates and
fills a grid of descriptor bins. It trades higher cost
for stronger tail recovery. OpenELM MAP-Elites*
denotes our in-house reimplementation. While the
official OpenELM library supports text generation
(Bradley et al., 2023), we implemented the algo-
rithm directly to ensure strict experimental parity.
This allowed us to standardize the underlying LLM
backend (GPT-4.1-mini) and embedding models
(all-MiniLM-L6-v2) across all strategies, prevent-
ing implementation-level discrepancies (for exam-
ple, prompt formatting and retry logic) from con-
founding the results.

A.8 Verbalized Sampling

Low-probability prompting that asks the model to
generate candidates it considers unlikely under de-
fault behavior, with a target probability threshold
(Zhang et al., 2025). We use the official code re-
lease to generate candidates and record the verbal-
ized probability field. We do not use the verbalized
probability for selection, so it functions as a direct
prompting baseline that targets tail mass.

A.9 AnglePoolSelect (APS-Dynamic)

Discover prompt-conditioned angles, generate a
small batch per angle, then select a diverse subset
in embedding space using Max-Min. This couples
broad coverage with a fixed output budget.

A.10 APS-Fixed

Same as APS-Dynamic but uses a fixed global an-
gle list instead of per-prompt discovery, reducing
cost. This is called APS-ND in the code and tables.

A.11 Mode Avoidance

Ablation that uses the baseline pool to select cen-
tral examples and explicitly forbids paraphrases.
This tests whether direct anti-mode prompting can
recover tail mass.

A.12 VOYAGER*

A determinant or volume guided exploration loop
that maintains an anchor set and iteratively refines
prompts. VOYAGER* denotes our best faith reim-
plementation based on the published description
because the original code is not yet available, so
performance may differ from the official implemen-
tation.
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B Appendix: Experiment 1 Details

This appendix provides additional methodologi-
cal details for Experiment 1 (Controlled Domains).
The domain prompts are fixed across methods and
listed below.

B.1 Setup and Parameters

Models. The
gpt-4.1-mini-2025-04-14.
is google/gemini-3-flash-preview
for quality scoring. Embeddings use
sentence-transformers/all-MinilLM-L6-v2
for SCD and TRR.

Parameters. We target N = 50 candidates per
prompt. Methods that generate more than N are
downselected using Max-Min diversity selection
in embedding space. The default generation tem-
perature is 7' = 1.0 to encourage diversity, unless
a method specifies otherwise. The baseline pool is
generated by asking for “50 common, standard, or
default ideas for: topic™ and is used as the reference
set for TRR.

generator is
The judge

B.2 [Evaluation Prompts

LLM Judge Prompt. The judge rates quality on a
1-10 scale using the template below.

You are an expert reviewer.

Task: Rate the following idea on a scale of 1-10
based on the criteria.

Criteria: {criteria}

Idea: {idea}
Instructions:

1. Briefly reason about the score (1 sentence).
2. Output "Score: [number]” (e.g., "Score: 7").

The criteria are domain specific. For example, pol-
icy prompts use “Feasibility, novelty, and clarity”.

Rubric. 1-2 (Failure): Irrelevant, nonsensical,
hallucinated. 3-4 (Weak): Relevant but generic
or cliched (for example, “Educate the public”). 5-
6 (Passable): Standard, correct, safe answer. 7-8
(Good): Detailed, actionable, explores a specific
angle well. 9-10 (Excellent): Highly creative, in-
sightful, black swan quality.

B.3 Domain Prompts

Below are the specific prompts used for the 10
controlled domains.




Applied Engineering.
“Solutions for urban last-mile delivery.”
Business Strategy.

“Applications of brain-computer inter-
faces in non-medical consumer markets.”

Causal Inference Failure Modes.

“Ways causal inference from observa-
tional data can fail in practice.”

Climate Policy.

“Climate policies that are politically fea-
sible, economically sensible, and reduce
perverse incentives (e.g., subsidy reform,
methane capture).”

Creative Writing.

“Plot concepts for a mystery novel set on
a generation ship.”

Financial System Risk.

“Potential sources of systemic financial
risk in a mid-sized economy over the
next decade.”

Philosophy Algorithmic Governance.

“Philosophical perspectives on algorith-
mic governance in public decision-
making.”

Scientific Research.

“Potential solutions for the antibiotic re-
sistance crisis.”

Social Policy.

“Interventions to reduce social isolation
in the elderly.”

Zoning Stakeholder Perspectives.

“Stakeholder perspectives on a proposed
zoning reform in a large city.”
B.4 Drafting Note

ChatGPT was used to review the draft, but all con-
tent was generated by and reviewed by the authors.

C Appendix: Experiment 2 Details

We sample open-ended user prompts from the In-
finity Chat taxonomy corpus (Jiang et al., 2025b).
Prompts are stored in a fixed JSONL manifest with
filters that remove greetings and low-information
queries. The final set contains 36 prompts spanning
multiple topical categories and response types, and
the prompt list is fixed across methods.

Each method produces a set G, of K = 20
answers per prompt. If a method produces more
than K, we downselect using Max-Min selection
in embedding space. For each prompt we also gen-
erate a baseline pool B, of size K; = 40 using
Simple, with batching and exact-string dedupli-
cation to reach the target size. The generator is
gpt-4.1-mini-2025-04-14 with temperature 0.7
and a 2048 token output cap, and embeddings use
sentence-transformers/all-MinilM-L6-v2.

TRR uses kNN distance scores in embedding
space with a prompt-specific tail threshold defined
by a baseline quantile. We use k = 5 and ¢ = 0.90
to match the main analysis. Completion rate for
a method is the fraction of prompts where the
method reaches K and the baseline reaches Kj.
The strict complete subset includes only prompts
where all methods and the baseline reach their tar-
gets. The main paper reports the nonstrict summary
with completion rates, and this appendix reports
the strict complete subset.

Table 3 reports the strict complete subset sum-
mary.

Quality floor check. We run an LLM judge on
a 20 percent prompt sample and score 5 ideas per
method with a single overall quality score from 1
to 10. This is a coarse sanity check rather than
a full quality evaluation, since the prompt set is
heterogeneous and the judge is not calibrated to the
domain. Table 4 reports the results. APS-Dynamic
and APS-Fixed score above Simple and remain
close to other low-cost baselines, while higher-cost
search methods score higher on this coarse metric.

We also run a small, disjoint training subset to
probe APS hyperparameter sensitivity and abla-
tions. This subset is separate from Experiments 1
and 2 and is not used for evaluation. Table 5 reports
TRR, tail efficiency, and token cost for APS vari-
ants. The table supports APS-Fixed as the cost effi-
cient option with strong tail efficiency and shows
that calibrated or boosted variants raise cost with-
out clear gains. We use APS-Dynamic (d20,m6)
as a representative mid-cost dynamic setting that



Table 3: Experiment 2 summary (strict subset; n=9 prompts where all methods and the baseline reached the target
set sizes). Mean across prompts; 95% bootstrap CI. SCD = Semantic Cluster Diversity (Hill Number). TailEff
excludes baseline cost. VOYAGER* denotes a best-faith reimplementation based on the published description.
OpenELM MAP-Elites* denotes an in-house reimplementation based on the OpenELM paper.

TRR SCD (Hill #) TailEff Tokens
Strategy Mean 95% CI Mean 95% CI Mean 95% CI ~ Mean
Simple 0.106 [0.073,0.142] 5.82 [5.68,596] 2.09 [1.39,2.85] 1108
Categorized 0.506 [0.395,0.615] 574 [5.57,591] 8.23 [6.18,10.34] 1314
Mode Avoidance 0.419 [0.316,0.524] 5.86 [5.65,6.05] 5.61 [4.22,7.03] 1563
APS-Dynamic 0.756 [0.679,0.826] 6.20 [6.09,6.30] 4.07 [3.58,4.58] 3824
APS-Fixed 0.752 [0.665,0.831] 6.17 [6.10,6.24] 6.10 [5.16,7.04] 2640
OpenELM MAP-Elites* 0.694 [0.613,0.771] 6.20 [6.09,6.31] 1.25 [1.09,1.41] 11391
VOYAGER* 0.755 [0.677,0.823] 6.03 [592,6.14] 049 [0.37,0.62] 45536
Verbalized Sampling 0.184 [0.105,0.277] 593 [5.81,6.05] 2.63 [1.45,4.19] 1511

Table 4: Experiment 2 quality floor check on a 20 per-
cent prompt sample (8 prompts). Each method is scored
on 5 ideas per prompt with a single overall quality score
from 1 to 10. Reported values are mean and 95% boot-
strap CI, plus the fraction of ideas with score > 6.0.

Strategy Mean 95% CI  Floor
Simple 459 [3.74,5.47] 0.40
Verbalized Sampling 542 [4.60,6.25] 0.53
Categorized 5.28 [4.33,6.18] 0.54
Mode Avoidance 575 [4.85,6.62] 0.57
APS-Dynamic 5.58 [4.72,6.40] 0.60
APS-Fixed 5.53 [4.62,6.38] 0.57
OpenELM MAP- 5.80 [4.97,6.58] 0.68
Elites*

VOYAGER* 647 [5.65,7.22] 0.72

matches the main runs rather than as a uniquely

optimal choice on this small subset.
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Table 5: APS hyperparameter sensitivity and ablations on a small training subset (n=12 prompts; 95% bootstrap CI).
TailEff excludes baseline cost.

Strategy TRR TailEff Tokens
Simple 0.117[0.079, 0.154] 1.94[1.28,2.69] 1373
Categorized 0.646 [0.488, 0.796] 8.97[6.20, 12.18] 1548
APS-Fixed 0.850[0.763, 0.925] 6.14[4.96,7.47] 3125
APS-Dynamic (d10,m4) 0.850[0.758, 0.929] 5.00 [4.25,5.69] 3584
APS-Dynamic (d10,m6) 0.804 [0.675,0.917] 4.01[3.37,4.69] 4105
APS-Dynamic (d20,m6) 0.833[0.737,0.912] 4.10[3.49,4.73] 4241
APS-Dynamic (d20,m8) 0.829[0.758, 0.888] 3.57[3.15,4.04] 4839
APS-Volume 0.833[0.733,0.917] 4.14[3.52,4.83] 4228
APS-Calibrated 0.846 [0.729, 0.942] 3.56[2.98,4.20] 4973
APS-Conditional 0.817[0.700, 0.917] 3.43[2.82,4.08] 5195
APS-Boosted 0.83310.733,0.917] 2.83[2.45,3.24] 6002
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We recompute TRR over a grid of kNN £ and
baseline quantile settings and measure rank order
stability across methods.

'
method_label :1
—— Simple
08 —— Categorized
—— Mode Avoidance
—— APS-Dynamic
—— APS-Fixed I
06 —— OpenELM MAP-Elites
. TOVAGER®
a VOYAGER’
2 —— Verbalized Sampling
04
02
0.0

0.0 02 04 06 08 10
TRR (per prompt)

Figure 3: Experiment 2 diagnostic: ECDF of prompt
level TRR. Curves farther right indicate higher TRR on
more prompts.
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Mode Avoidance (n=36) ———
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Figure 4: Experiment 2 diagnostic: paired ATRR versus
Simple. Mean paired improvement in TRR over Simple
with 95% bootstrap confidence intervals across prompts.
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Density

-04 -0.2 0.0 02 04 0.6 0.8
KNN cosine distance minus prompt-specific tail threshold (per candidate)

Figure 5: Experiment 2 thick tail diagnostic. Density
of candidate kNN distance scores after centering by the
prompt specific tail threshold.
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Figure 6: Experiment 2 diagnostic: within set breadth
versus cost. Mean SCD versus token cost per prompt.
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Figure 7: Experiment 2 diagnostic: TRR definition
robustness. Spearman rank correlations of method level
mean TRR across a grid of kNN £ and quantile settings.
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D Appendix: Experiment 2 Prompt
Templates

This appendix documents the prompt tem-
plates used for Experiment 2. All list
mode prompts require candidates wrapped in
<candidate>...</candidate> tags for parsing.

D.1 Simple

You are a helpful assistant.

User query:
{topic}

Task:
Generate {count} distinct, plausible answers to
the user query.

Requirements:

- Each answer must directly answer the query (no
meta commentary).

- Each answer must be self-contained and
understandable on its own.

- Keep each answer concise (2-6 sentences).

Output format:

Return EXACTLY {count} candidates, each wrapped
in <candidate>...</candidate>.

Do not output anything else besides these tags.

D.2 Categorized

You are a helpful assistant.

User query:
{topic}

Focus:
Answer from the perspective of the category or
angle: "{category}".

Task:
Generate {count} distinct, plausible answers
that emphasize this category.

Requirements:

- Each answer must still directly answer the
query.

- Keep each answer concise (2-6 sentences).

Output format:

Return EXACTLY {count} candidates, each wrapped
in <candidate>...</candidate>.

Do not output anything else besides these tags.

D.3 Verbalized Sampling

This template follows Zhang et al. (2025) and mir-
rors the official code release.

System prompt:

Generate {count} responses to the input prompt.

Return the responses in JSON with a "responses”
list of objects:

- "text": the response string.

- "probability": the estimated probability from
0.0 to 1.0 of this response.

Randomly sample the responses from the
distribution, with the probability of each
response

must be below {tau}. Return ONLY the JSON object.

User prompt:
{topic}

D.4 APS-Dynamic
D.4.1 Angle discovery

Context: We are answering the user query: "{
topic}”

Goal: Propose {count} distinct, non-overlapping
angles or frames that would

lead to meaningfully different answers.

Output Format: Return a simple list of {count}
items, one per line.

D.4.2 Angle conditioned generation

User query:
{topic}

Angle:
{angle}

Task:
Generate {count} distinct, plausible answers
that follow this angle.

Output format:
Return EXACTLY {count} candidates, each wrapped
in <candidate>...</candidate>.

D.5 APS-Fixed

This uses the same generation template as APS-
Dynamic, but uses a fixed global angle list instead
of per-prompt discovery.

D.6 Mode Avoidance

User query:
{topic}

Avoid paraphrases of the following central
baseline answers:
{avoid_list}

Task:
Generate {count} distinct, plausible answers
that do NOT paraphrase the above.

Output format:
Return EXACTLY {count} candidates, each wrapped
in <candidate>...</candidate>.
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D.7 Other methods

OpenELM MAP-Elites* and VOYAGER* are
multi-call procedures composed of iterative mu-
tation and prompt refinement. VOYAGER* de-
notes our best faith reimplementation based on the
published description. OpenELM MAP-Elites* de-
notes our in-house reimplementation based on the
OpenELM paper. We refer to the code for full
prompts.
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