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Abstract

We address a not-widely-recognized subset of exploratory search, where a user sets
out on a typically long “search quest” for the perfect wedding dress, overlooked re-
search topic, killer company idea, etc. The first few outputs of current large language
models (LLMs) may be helpful but only as a start, since the quest requires learning
the search space and evaluating many diverse and creative alternatives along the way.
Although LLMs encode an impressive fraction of the world’s knowledge, common
decoding methods are narrowly optimized for prompts with correct answers and thus
return mostly homogeneous and conventional results. Other approaches, including
those designed to increase diversity across a small set of answers, start to repeat
themselves long before search quest users learn enough to make final choices, or of-
fer a uniform type of “creativity” to every user asking similar questions. We develop
a novel, easy-to-implement decoding scheme that induces sustained creativity and
diversity in LLMs, producing as many conceptually unique results as desired, even
without access to the inner workings of an LLM’s vector space. The algorithm un-
locks an LLM’s vast knowledge, both orthodox and heterodox, well beyond modal
decoding paths. With this approach, search quest users can more quickly explore the
search space and find satisfying answers.

1 Introduction
We study the search quest, a pervasive, fundamental human activity that has not been
widely recognized as a general problem to optimize for. Think of a bride-to-be determined
to find the perfect wedding dress, with no more than a vague idea of what she wants at
the outset. She goes online to look for inspiration, visits dress stores, talks to friends and
relatives, saves images, and spends many hours exploring with search engines and LLMs.
Instead of choosing from a pre-determined decision tree, or aiming to find a known target,
she invents or discovers what she wants as she explores. She changes preferences as
she sees dresses with features and styles she did not know existed, including color, style,
price, sleeves and other parts that can be removed for dancing, scarfs, prints, veils, neck

*Ph.D. candidate, Department of East Asian Languages and Civilizations, Harvard University;
sites.harvard.edu/QueenieLuo, QueenieLuo@g.harvard.edu. 0009-0004-1854-7968

†Corresponding Author. Albert J. Weatherhead III University Professor, Institute for Quantitative Social
Science, Harvard University; GaryKing.org, King@Harvard.edu. 0000-0002-5327-7631

‡Walter C. Klein Professor of Chinese History and Anthropology, Harvard University. 0009-0002-
2865-0112

§John H. Finley, Jr. Professor of Engineering and Applied Sciences, Harvard University.

https://orcid.org/0009-0004-1854-7968
https://orcid.org/0000-0002-5327-7631
https://orcid.org/0009-0002-2865-0112


lines, silhouettes, fits, train lengths, and others separately and in interaction. Eventually
she understands enough of the space of possibilities and what she likes, and she makes a
choice.

A search quest for the perfect wedding dress is functionally equivalent to those we all
perform regularly to find the right research topic, startup name, product design, school for
your children, story idea, travel destination, career, art work for the living room wall, and
many others. Search quests, more generally, have at least three characteristics: (1) the
user’s ultimate goal is ill defined at the outset, with only the general contours known ex
ante; (2) finding the right answer is of considerable importance to users, who are willing
to put in considerable time before making a decision; and (3) both the journey and the
destination are essential, in that successful completion requires understanding the search
space, learning or developing possibly unique preferences, and only then making a choice.

If you searching for paper ideas, an LLM will give you a better list than you could on
your own, but everyone else asking similar questions of an LLM will be given roughly the
same list [15, 20, 9]. This occurs because current LLMs are designed to converge to the
single “correct” or conventional answer. Factors contributing to this pattern include com-
mon decoding methods (e.g., top-k selecting high-probability tokens [11]), post-training
alignment (e.g., RLHF favoring majority vote [23]), and popular leaderboards (e.g., [3],
[31]) that emphasize accuracy and majority preference. In contrast, search quest users
need to learn the full space of possible answers to decide how conventional or contrarian
they wish to be, and in what ways. Metrics intending to pick up ideas like “utility,” “qual-
ity,” and “usefulness” are subjective and so need to be evaluated by individual users, not
by the majority behaviors of previous users.

In practice, tools designed for search quests need to generate creative and diverse re-
sults that are (1) relevant, meaning within the search space defined by the prompt, (2)
diverse, meaning answers that are conceptual distinct, (3) creative, in the specific sense
that each answer (or groups of answers) covers a different region of the search space, far
from others, collectively mapping out large parts of the whole space, and (4) sustained,
meaning it can provide as many nonduplicative (creative and diverse) answers as neces-
sary for the user to learn the search space and arrive at their choice.1

As we describe in Section 2, many tools are used during search quests, but none are
optimized for this purpose. Most wind up frustrating users, leading them to sift through
large numbers of repetitive, homogeneous options while they try in vain to understand
the broader space of possibilities. As existing search engines and LLMs get better at
giving the correct answers to factual questions or reasoning tasks, their performance on
search quests degrade further. Specialized algorithms designed to increase diversity and
creativity for small batches of outputs accomplish the goals for which they were designed,
but do not solve the search quest problem because generating larger numbers of outputs
produce duplication rather than diversity and do not represent more distant, creative parts
of the search space.

Since almost all people set out on search quests at some point, and usually for goals of
considerable personal importance and meaning, we call on the academic community to be-

1A mermaid-style dress and a ball gown are conceptually distinct and so are diverse, but a dress made
of fiber optics is creative because it is unconventional and far from more common dresses, yet still relevant
because it is in the search space of dresses. Creativity requires diversity but diversity does not require high
levels of creativity.
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gin to build algorithms to optimize for this goal. To help spark this research, we introduce
Recoding-Decoding (RD), a novel, easy-to-implement decoding method for accessing the
rich array of creative, unconventional, contrarian, and heterodox human knowledge en-
coded in LLMs far from the mode, but hidden from users by standard (modal) decoding
schemes (see Section 3). RD directs generation toward less traversed but still meaningful
regions of the model’s knowledge space without in a way that can be easily adapted with
any LLM to elicit diverse knowledge (with examples we provide for GPT-5.1 and Gemini-
3). Surfacing creative, contrarian knowledge, and allowing LLMs to produce more than
groupthink or repetitive answers, can make search quests more efficient and satisfying.
We offer extensive empirical evaluations in Sections 4.3 and generalizations in Section 5.
The appendices in a separate document, along with a detailed accompanying replication
dataset, provide supporting information.

2 Existing Algorithms and Search Quests
We discuss here (1) LLMs, and in particular their decoding strategies; (2) algorithms
designed to improve diversity across small collections of outputs; and (3) various types of
classic search and related commercial algorithms. These algorithms span fact-based and
exploratory approaches [25]. Each achieves the purposes for which it was designed, and
some are now employed by users on their search quests, but but none satisfies their need
for sustained creativity and diversity sufficient to teach users about the space of options
from which they may choose.

Large Language Models LLMs encode an impressive fraction of the world’s knowl-
edge in a set of conditional probability distributions (defined over all tokens, conditioned
on generated text). However, LLM developers use decoding methods to generate text op-
timized for the “correct” answer (and the fluency of generated text), meaning that they
only use modal or near-modal tokens and ignore the vast majority of information encoded
in their long tails (e.g., top-k decoding selects from the k highest-probability tokens [11],
while nucleus decoding chooses from the smallest set with cumulative probability above
a threshold [16]). Modal decoding therefore produces homogeneous and conventional
answers [40, 20], with upper limits on creativity [6], performing well below human lev-
els in generating novel ideas and divergent thinking [19, 38, 37, 14]. When writers use
generative AI, individual creativity and writing quality is enhanced, but collective diver-
sity is profoundly reduced—-a potentially serious problem for universities, companies,
and society at large [9].2 Although modal decoding is effective at generating correct or
conventional answers, it is suboptimal for search quests.

In fact, the problem is getting worse: As LLM developers improve their models to
win leaderboard competitions based on tasks with exact-match accuracy, their conditional
probability distributions become increasingly peaked, causing more tail information to be
ignored [8]. Our experiments in Section 4 confirm this trend that newer models generate
narrower and more repetitive answers than older models. Furthermore, as the web fills

2We inadvertently confirmed this result in a large university class when we discovered a subset of stu-
dents who, despite not communicating with each other, turned in excellent essays with nearly identical
arguments; upon investigation, we found they were using LLMs to help them compose essay outlines.
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up with synthetic content, web scraping turns the previously fresh LLM training into
recursive training, excerbating “model collapse” where even more information is relegated
to the tails and thus ignored during decoding [34, 1, 42].

We illustrate by feeding the input sequence “Brainstorm 5 book topics on 18th century
world history.\n1. ” to Llama2, with top predicted tokens including “The”, “Imp”, “Po-
litical”, “Age”. To understand what knowledge is encoded in these decoding paths, the
complete sentence generated from each (using top-1 decoding) are European topics: “The
Age of Enlightenment”, “Impact of the Enlightenment”, “Political and social changes
in Europe”, and “Age of Enlightenment”. If instead we proceed further down the rank-
ing to the 300th–2000th positions, we find tokens like “Asia” (which extends to “Asia’s
Role”), “Second” (which leads to “Second Sino-Japanese War”), as well as “African”
and “Russian” which point to non-European but obviously relevant world history missed
by the mode. Such observations suggest a different strategy for search quests than rules
designed to find a single correct answer.

Algorithms to Improve “Local Diversity” While recent post-training and prompting
strategies improve diversity for small collections of outputs (as they intend), they are not
optimized for inducing the sustained creativity and diversity needed for search quests.
For instance, many of these prompting methods are explicitly formulated as subset search
problems or multi-stage workflows, optimized to generate a small batch of diverse outputs
in a single interaction [43, 39, 35, 27]. Though effective in enhancing diversity in a sin-
gle iteration or a few outputs, “generation quality degrades” to less diverse or repetitive
answers if extended over multiple iterations [42]. Post-training methods which modify
loss functions to penalize homogeneity, require curating new preference datasets, mean-
ing their creativity is bounded by the new and typically expensive training data [5, 18, 24].
A final approach involves selecting distant vectors in latent space representations in im-
age models, requiring access to an LLM’s internal vector space and sufficient compute
resources [41].

Existing decoding strategies for diverse text generation primarily aim to mitigate near-
identical sequences generated from modal and near-modal decoding paths, and use eval-
uation metrics like lexical variation and sequence-level statistics, such as n-gram distinct-
ness, repetition ratio, and entropy [36, 28, 4, 2]. In contrast, a search quest user is usually
interested in conceptual diversity and unconventional knowledge (e.g. elicit creative de-
sign ideas for a storefront) where different linguistic expressions of the same concept
would usually not be helpful.

Search-Related Algorithms Many other algorithms, successful for other purposes, are
also suboptimal for search quests. Classic search engines, designed to satisfy users based
largely on the majority behavior of previous users [21], are of limited value before search
quest users have learned enough about the search space, often leading them to scour page
after page of results, still unsatisfied because the list of sites quickly becomes repeti-
tive or off-purpose. The same is true of algorithms designed for social media and other
advertising-based websites attempting to keep your eyes on the page; e-commerce sites
trying to get you to make purchases as fast and frequently as possible; media and stream-
ing sites attempting to keep you engaged to reduce churn; and many others. Leading
theoretical treatments, such as information foraging theory [32], are careful to discuss
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the existence of unsupervised learning goals but are almost entirely focused on fast and
efficient fulfillment of a user’s well-defined goals known ex ante.

3 A Recoding-Decoding Algorithm
For expository simplicity, we present in this section a recommended default version of our
recoding-decoding (RD) algorithm, with a more general RD framework reserved for Sec-
tion 5. To access the tails of the token distribution, RD injects certain types of randomly
selected tokens at selected times inside the decoding loop. This strategy diverts the model
away from its modal decoding path without having to retrain or fine tune an LLM or alter
its internal features.

Algorithm 1 summarizes this recommended version of RD. In each run, it introduces
two forms of randomness: a random priming phrase added to the beginning of the prompt
and a random diverting token placed at the start of each new sentence. These choices
exploit LLMs’ “positional bias” which places greater attention to tokens at the beginning
and end of input sequence [17]. RD then samples both the random priming phrase and the
random diverting token and concatenates them with the generated sequence to construct
the next input sentence using the LLM provider’s default decoding. The diverting token
randomly generated in line 5 is stored so that the same value can be used to construct the
new prompt in line 6 (that uses but does not pass on its value) and the new output in line
7.

Algorithm 1 Recoding-Decoding
Require: User prompt P , token limit N ; priming Vp and diverting Vd vocabulary sets

1: Function M(a): Use LLM to complete sentence continuing from text a
2: Function R(b): Draw element from set b via uniform random sampling
3: Initialize: Y ← "" (Empty string)
4: while (length(Y ) < N ) do
5: d← R(Vd) (Sample and store a diverting token)
6: X ← R(Vp) + P + Y + d (Construct input sequence)
7: s← d+M(X) (Generate a complete sentence)
8: Y ← Y + s (Append sentence to growing response)
9: end while

10: return Y

We construct random priming phrases by randomly selecting elements from the top
2,000 most common English nouns [33] and, for emphasis, insert it into the phrase “**Re-
lated to NOUN**” (replacing “NOUN”). We then select random diverting tokens from the
three-letter starting stems of the top 5,000 common English words [12]. The letter stems
help divert the model onto new decoding paths restricted to a semantically appropriate
subspace. For example, if we begin with the user prompt “Brainstorm a world history
book topic,” add the random priming phrase “**Related to FOOD:**” at the beginning,
and the random diverting token “Pas” to the end of the current input sequence (to be-
gin the next sentence), the completion may become “[Pas]ta and the silk road,” while
replacing them with “**Related to SKY:**” and “Tib,” respectively, may yield “[Tib]etan
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sky burials.” The method performs well with either component alone; examples using
only the priming phrase or the diverting token are reported in Appendix E. However, the
combination of both performs best.

Implementing this algorithm requires a “Completion API” that allows an LLM to
continue generating tokens following the input sequence. The difficulty with the more
commonly available Chat Completion APIs is that they impose role labels (e.g., system,
user) and a conversational context which often causes the LLM to interpret our randomly
inserted tokens as typographical errors rather than continuation cues. Because Completion
APIs are only available for some LLMs, we simulate it from within the standard chat
interfaces or their corresponding “Chat Completion API” using prompt like this:

System prompt: Simulate a completion API to complete the next sentence.
User prompt: {RD modified input sequence} (e.g. **Related to FOOD:**
Brainstorm a world history topic. Pas).

Appendix G validates this approach using LLMs for which both types of APIs are avail-
able, and shows that both simulated and real Completions substantially increase diversity
over OD, with real Completions performing the best.

We also apply a grammatical correction step (e.g., Appendix H) to slightly post-
process raw outputs to remove spelling errors introduced by RD interventions. Ideally,
this step should serve as both a grammar and fact-corrector. However, due to LLMs’ bi-
ases against unconventional content, combining it with a fact-corrector can easily revert
the outputs to conventional answers, so we use it solely as a grammar corrector. Although
the grammar corrector doubles token costs per run, this overhead is modest compared to
reasoning models that routinely incur 10–20× tokens [29, 7].

4 Empirical Evaluations
We now evaluate recoding-decoding (RD) compared to several versions of ordinary de-
coding (OD), ranging from the most intuitive to the most comprehensive, with respect
to measures of relevance, diversity, creativity, and sustainability. Section 4.1 uses a sin-
gle prompt that enables us to visualize all results in one geographic image. Section 4.2
analyzes a small number of prompts with outputs transformed to images for easy visual
comprehension. Section 4.3 uses 50 highly diverse brainstorming topics across substan-
tive fields over several LLMs, OD variants, and sustained trials and then over 500 prompts
drawn from five public datasets from different substantive domains.

4.1 Geographic Coverage of World History Battlefields
Here, we use the single prompt, “List 5 interesting battlefields in world history,” because
the location-based responses are easy to visualize. We this prompt 1,000 times using GPT-
5.1 under both RD and OD. Both methods achieve high relevance scores (0.98 and 1.00,
respectively) (see Appendix A for details). Figure 1 plots battlefields that appear only in
RD as red dots, and those appearing in the outputs of both RD and OD as black circles.
(OD identified no battlefields beyond RD.)
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Figure 1: Geographical Distribution of Generated Battlefields. Geographic locations of
battlefields generated over 1,000 runs using “List 5 interesting battlefields in world his-
tory” on GPT-5.1 under OD and RD. Blue dots represent battlefields appearing only in
OD, red dots represent those only in RD, and black circles indicate results mentioned in
both methods.

The results show that OD produces only 19 unique battlefields, all in Europe and
America, primarily those most famous in Western history, such as the Battles of Get-
tysburg, Waterloo, Stalingrad, and Marathon. In contrast, RD produces 1,307 unique
battlefields, covering a much broader, and more globally distributed, geographical range,
including in East Asia, South Asia, India, Russia, the Middle East, Africa, and Australia.
OD is excellent at giving conventional answers, but a historian or student on a search quest
for a paper topic with this prompt will find many more interesting choices using RD.

4.2 Image-Based Evaluations
We now offer two intuitive evaluations based on four prompts, by turning RD and OD’s
textual results into images. First, we randomly draw descriptions generated by OD and RD
of (a) bridal dress design ideas, (b) bouquet design ideas, and (c) Halloween party themes.
We then convert these descriptions into images with Gemini-3’s Nano-banana. While
Nano-banana adds some randomness, the differences in diversity and creativity between
RD and OD far exceed it. Both methods achieve 100% relevance (see implementation
details in Appendix B; human validation in Appendix J).

Figure 2 gives results, comparing OD (left) and RD (right) image grids across three
topics. In Panel (a), OD produces largely repetitive, Western-style white bridal gowns,
whereas RD yields substantially greater diversity, including personalized and culturally
varied designs such as a gender-neutral jumpsuit gown, music-themed motifs, and Mongolian-
inspired brocade. This aligns with the historical and contemporary role of wedding attire
as an expression of cultural identity and individuality. Panels (b) and (c) show similar
trends for bouquets and Halloween themes: OD generates conventional, repetitive con-
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cepts (e.g., white roses, witches, haunted mansions), while RD introduces more stylized
and unconventional ideas (e.g., black roses, prismatic bouquets, bubbling cheese soup,
cursed gold).

Finally, Figure 3 extends this analysis by showing that RD also boosts collective di-
versity by repeating the image generation procedure twice [9]. Put differently, two inde-
pendent users are far less likely to “show up to the same party with the same dress,” so to
speak, under RD than OD. First compare the two sets of OD in the left column of Panels
(a) and (b) and note the highly similar results offered to users. For example, OD repeats
nearly identical ratios of a phoenix, jellyfish, treehouse, and airships across two batches
(with small image variations due to Nano-banana variance.) In contrast, RD (right) yields
more varied sets to separate users: Panel (a) features traffic-cones and jurassic gardens,
while (b) shows industrial ruins, Guy Fawkes bonfires, and pixelated video-game worlds.
Quantitatively, RD produces 244 clusters from 250 generated ideas (50 runs × 5 ideas),
whereas OD produces only 35 clusters.

4.3 Large Scale Statistical Evaluations
We now expand our scope further by comparing RD with three additional OD variants
over 50 substantively diverse brainstorming topics and 500 prompts drawn from five pub-
lic datasets [10, 13, 44, 22, 30]. We measure “diversity” or conceptual distinctiveness
using ten clustering algorithms, including embedding-based, graph-based, density-based,
and NoveltyBench partition methods [44]. We report results using the most common
embedding-based cosine similarity clustering method in the main text (see Appendix C
for results across 10 metrics). We divide creativity in two parts: We measure “relative
creativity” by the percent of cluster centroids from one method covered by the other. If
method A covers 100% of method B but not vice versa, method A covers a broader search
space than method B. We define “absolute creativity” as the euclidean distance of a clus-
ter to the closest previously generated cluster centroid. This metric quantifies whether
a method continues to produce clusters that are farther from, not merely distinct from,
existing ones.

We compare methods based on four LLMs, listed in increasing order of performance
on fact-based benchmark scores — (1) Deepseek-3, (2) GPT-3.5, (3) GPT-5.1, and (4)
Gemini-3 — labeling ordinary decoding methods as OD1–OD4 and recoding-decoding
methods as RD1–RD4. We also include four other baselines including appending (1) chat
history (ODh), (2) a single prompt engineering phrase (ODs), (3) multiple prompt engi-
neering phrases (ODm), and (4) using temperature 1.6 with grammatical post-processing
(OD16) (the best-performing temperature in our ablation study). See Appendix C and F.
Zhang et al. [44] find that keeping previous chat history and explicitly requesting differ-
ent answers (equivalent to ODh in our paper)—is the most effective method among their
baselines. Nevertheless, it remains less effective than RD.

4.3.1 50 Brainstorming Topics

Across 50 substantively different brainstorming topics, LLM-based evaluations show con-
sistently high relevance for all methods. RD obtains relevance scores of 0.99 on GPT-3.5,
GPT-5.1, and Gemini-3, and 0.94 on DeepSeek-3, comparable to OD (0.99–1.00 on four
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Figure 2: Multi-Prompt Visualization. Randomly sampled images each for OD (on the
left) and RD (on the right) for three topics. Panel (a): Bridal dress designs, Panel (b):
bouquet design ideas, and Panel (c): Halloween party themes.8



Figure 3: Visualizing Multiple Runs by Independent Users for OD (left) and RD (right)
on GPT-5.1 in two batches in panels (a) and (b).

models). RD does not degrade relevance in open-ended brainstorming tasks, particularly
on newer models (Appendix A1).

Figure 4 gives our (a) diversity and (b) creativity results. Panel (a.1) compares meth-
ods via cumulative cluster growth curves for one of the 50 topics (“Brainstorm 5 book
topics on 18th century world history.”). On the horizontal axis is the run number, with the
vertical axis representing the total number of clusters (i.e., unique ideas for world history
topics). The four RD algorithms (corresponding to LLMs) appear as dashed lines and all
the OD algorithms as solid lines; colors distinguish among individual algorithms.

Three results are particularly noteworthy in Figure 4 (a.1). First, the dashed lines for
all four RD algorithms are higher than, and thus outperform, all OD methods. Second,
RD4 using the best performing and newest LLM has nearly perfect performance, where
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Figure 4: Diversity and Creativity: 6 Methods, 4 LLMs. (a.1)-(a.3): Diversity; (b.1)-(b.2):
Creativity.
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nearly every output is a unique world history topic (see the top dashed line, which is
nearly linear, producing five clusters for each run of five). Third, RD based on newer,
higher accuracy LLMs outperform OD algorithms based on the same LLM even more
than for older LLMs. Vertical arrows at the right of panel (a.1) annotate the performance
gaps between RDs and their corresponding ODs for specific models. Put differently, as
LLMs perform higher on accuracy-based benchmarks for which they were designed, they
perform worse at exploring the search space of diverse possible answers to open ended,
nonfactual questions. Better LLMs, trained on more data, have more information en-
coded in their vector spaces but traditional decoding ignores more of it, as their likelihood
functions are more peaked around the mode.

Panel (a.2) extends this analysis to 1,000 runs across 50 topics to evaluate sustained
diversity. RD3 (red dashed line) consistently outperforms OD3 (blue solid line) across all
topics and, for some, RD3’s growth remains nearly linear even at the 1,000th run. Topics
at the lower end of RD3, which exhibit slower growth, tend to have a finite search space,
for example, “fashion accessories,” which has a limited set of valid answers. In contrast,
the topics remain which linear at the 1,000th run, such as “advertising campaign,” have
much larger answer spaces. Panel (a.3) summarizes the diversity analyses by plotting his-
tograms (via density estimation) of total cluster counts across 50 topics, each over 50 runs.
OD distributions concentrate at lower cluster counts (blue/green, to the left of the panel),
whereas RD distributions are shifted to the right and become increasingly separated as
model capability improves (pink/purple dashed curves). RD with more capable models
are also more peaked, indicating higher performance across topics.

We evaluate versions of creativity in Figure 4 (b). Panel (b.1) evaluates relative cluster
coverage between RD3 and OD3 over 50 topics and 1,000 runs. The blue bars represent
the mean percentage of OD3 clusters covered by RD3, while the red bars indicate the
reverse (with interquartile ranges shaded). The results show that RD3 covers nearly all
clusters previously produced by OD3 (mean close to 100%), while OD3 only covers about
30-40% of RD3’s clusters, consistent with RD3 exploring a much broader part of the
search space. Panel (b.2) assesses sustained creativity. RD3 consistently maintains a
higher distance to the nearest prior cluster centroid compared to OD3, indicating that
RD3 continues to produce novel ideas over time without converging to existing clusters.

4.3.2 500 Topics from Public Datasets

We also conduct a large-scale evaluation using five datasets (sampling 100 prompts from
each): (1) NoveltyBench [44], (2) GRE analytical writing topics [10], (3) creative writing
prompts [13], (4) image prompt expansion [22], and (5) r/AskHistorians [30]. Results
are consistent with our brainstorming evaluation (Appendix 4.3.2), demonstrating that
RD substantially increases diversity and creativity across a wide range of domains while
maintaining comparable relevance.3

3Although we design RD for search quests, it performs well on “local diversity” too using Novelity-
Bench’s 100 prompts and independent human responses. We run each prompt 5 times under RD, OD, and
Verbalized Sampling [42]. For diversity, we count prompts where all 5 results fall into distinct clusters,
determined by embedding-based cosine similarity. On this metric, RD is 95.0%, VS is 85.0%, human
responses are 82.0%, and OD3 is only 15.0%.
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5 Generalizations
We now describe the general version of our RD algorithm, with RD architecture illus-
trated in Figure 5. This algorithm integrates a token-level editor watching LLM output
during generation. The editor decides if and how tokens should be changed by deleting,
replacing, or adding them at any point, and then sending the updated text back to the LLM
to generate the next token.

Prompt

Edit(prompt+token)LLM

token

Finished?
Yes

No

END

Figure 5: RD architecture. RD integrates a token-level editor that watches the LLM output
while it generates the next token. At each step, the editor decides if something should be
changed and what to change. If needed, it can delete, replace, or add tokens, and then
sends the updated text back to the LLM. If no changes are needed, it just leave the input
tokens unchanged and lets the LLM continue as is.

Editing can be triggered at different text locations (e.g., paragraph, section boundaries,
verbs, or adjectives), or handled by a neural network. Examples of what to change in-
clude injecting customized domain-specific or language-specific tokens, removing harm-
ful speech, reducing political or ideological imbalance. Appendix D presents configura-
tions covering domain-specific elicitation, opinion moderation, cultural elicitation using
multilingual letter stems, and advertisement insertion.

6 Concluding Remarks
The AI community has worked intensely to increase LLM accuracy, with unprecedented
funding and effort and spectacular results. Yet, this very success degrades performance
on competing goals. This is especially true for the search quest, the unsupervised journey
most of us regularly take to learn about and develop some of our most personally mean-
ingful goals and decisions. Through extensive empirical evaluations, we show that our
recoding-decoding algorithm substantially improves upon ordinary decoding strategies.

For future research, researchers may wish to consider (1) formalizing the search quest
as a novel objective function where, in the absence of noise, the user’s ultimate choice can
only be determined by knowing their view (i.e., “potential outcomes”) of all possible re-
sults in the search space, since viewing any one may change their trajectory and ultimate
choice; (2) Improving metrics; (3) Investigating novel training and inference architec-
tures to achieve similar goals; (4) Designing RD architectures for generating high-quality
synthetic data; (5) Collecting observational and experimental data to improve algorithms;
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and (7) developing UIs with adjustable parameters (e.g., controllable novelty levels) that
support iterative efforts to help humans in their search quests [26].
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