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ABSTRACT

We evaluate the ability of the current generation of large language models (LLMs)
to help a decision-making agent facing an exploration-exploitation tradeoff. We
use LLMs to explore and exploit in silos in various (contextual) bandit tasks. We
find that while the current LLMs often struggle to exploit, in-context mitigations
may be used to substantially improve performance for small-scale tasks. However
even then, LLMs perform worse than a simple linear regression. On the other
hand, we find that LLMs do help at exploring large action spaces with inherent
semantics, by suggesting suitable candidates to explore.

1 INTRODUCTION

There’s been significant interest in the machine learning community to apply recent advances in gen-
erative Al and large language models (LLMs) to solve important decision-making problems. Early
work in this direction has already produced impressive agentic behavior in both virtual (e.g., Wang
et al.,[2023; |OpenAlL [2025) and physical-world environments (e.g., |Black et al., 2024)).

Beyond generalization (needed for supervised learning), decision-making under uncertainty requires
two additional capabilities: exploitation (making the best decision given the current data) and ex-
ploration (trying new options for long-term benefit). Balancing the two has led to an enormous
literature (e.g., see books Slivkins,|2019; |Lattimore & Szepesvaril, 2020; |/Agarwal et al., 2020).

A recent line of work (e.g., [Krishnamurthy et al., 2024} Nie et al., [2024) evaluates the ability of
LLMs to balance exploration and exploitation entirely in-context, i.e., specifying the problem de-
scription, parameters, and history in the LLM prompt. Focused on simple tasks in reinforcement
learning (RL), these results are mixed. Both papers show that LLMs fail to solve these tasks ade-
quately out-of-the-box, but they can be prompted to do so by providing succinct summary statistics
in-context. However, such statistics do not exist beyond simple decision-making problems, e.g., for
contextual bandits. RL-specific pre-training or fine-tuning (on data from algorithmic baselines on
similar problem instances) tends to work well (see Related Work), but may be prohibitive due to
cost or insufficient training data. Besides, using a commonly available frontier LLM would leverage
its “generalist” intelligence and may be much easier in terms of logistics and required expertise.

Motivated by these observations, we study the ability of LLMs to explore and exploit in-context in
silos, with an eye towards leveraging a pre-trained LLM (and the inductive bias therein) as a part
of a larger decision-making agent. We focus on (contextual) bandits, as a standard abstraction for
the explore-exploit tradeoff. We experiment with a variety of LLMs: GPT-4, GPT-40, GPT-3.5,
QWEN-E]Z.S, GEMMA-3, MISTRAL-7B, as well as DEEPSEEK-R1-DISTILL-QWEN, a reasoning
model.

In Section 2] we evaluate LLMs as exploitation oracles for contextual bandits. Given a history of
(context, action, reward) tuples, the LLM is tasked with identifying the best action to take given a
new context. Our results here are mixed. We show that LLMs can effectively exploit in-context for

!Several other LLMs did not work for our purposes: LLAMA-3.2-3B and LLAMA-3-8B would not follow
instructions, as well as DEEPSEEK-R 1-DISTILL-LLAMA-70B (a reasoning model); QWEN-2.5-MATH-70B
(another reasoning model that we tried) has a short context window. We restrict our GPT access to GPT-4,
GPT-40, and GPT-3.5, as newer variants such as GPT-4.1 and GPT-4.5 are primarily optimized for efficiency
(e.g. latency, cost, coding) rather than broad general reasoning, and GPT-5 uses a reasoning backbone as a
routing mechanism across sub-models.
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small-sized problems, but their performance degrades when the problem becomes moderately sized.
We find that in-context summary techniques are useful for improving performance, but LLMs with
these mitigations still perform worse than a simple linear regression baseline.

In Section 3] we evaluate LLMs as exploration oracles which suggest candidate actions by discretiz-
ing a large action space. To do so, we introduce a text-based multi-armed bandit task, where actions
correspond to free-text answers to an open-ended question, and rewards are driven by the distance
from some preselected answer in an embedding space (the latter is computed exogenously). Given
the high dimensionality of the action space, traditional discretization approaches typically used in
continuous bandit problems are inapplicable. However, an LLM can generate a small set of candi-
date actions which can then be used to instantiate an off-the-shelf bandit algorithm. We experiment
with several prompting strategies, and find that they all lead to relatively good exploration. Finally,
we repeat our experiments on a larger-scale bandit task based on paper titles and abstracts from
arXiv (where the goal is to find a suitable title for a given abstract), with similar findings.

Related work. Our results belong to a growing line of work on using pre-trained LLMs for in-
context reinforcement learning (RL). |(Coda-Forno et al.| (2023)); [Krishnamurthy et al.| (2024); Nie
et al.[(2024); Monea et al. (2024); |X1a et al.|(2024); |Park et al.| (2024)); |Wu et al. (2024 evaluate the
ability of LLMs to solve various multi-armed bandit and contextual bandit tasks, and find that the
current generation of LLMs largely fail to solve these tasks in-context. Indeed, positive findings are
restricted to very simple tasks and/or require substantial mitigations (which in turn do not readily
extend beyond simple settings). |Xia et al.| (2024)) use LLMs to solve dueling bandit tasks, and |Park
et al| (2024) also evaluate the ability of LLMs to learn in games. While our paper is primarily
concerned with whether LLMs succeed as algorithms, several others (e.g., [Schubert et al., 2024;
Hayes et al., 2024} (Coda-Forno et al.,|2024) use in-context bandits (and many other tasks) to study
whether LLMs exhibit human-like behavior/biases in decision-making.

A broader literature on in-context learning (starting from [Brown et al., |2020) aims to solve various
tasks by providing all relevant information in the LLM prompt. The work on exemplar selection
(selecting examples and other information to present in-context) (e.g., |Khalifa et al.| 2023} [Zhang
et al., [2022; | Xiong et al.| 2023} [Tonglet et al.,2023) is relevant to our exploitation experiments.

A growing line of work aims to use LLMs as a part of a larger decision-making agent (e.g., [Liet al.,
2024; [Zhou et al., 2023 |Zhao et al., |2024). Our exploration experiments take inspiration from the
work on using LLMs as “action priors” inside of a larger RL algorithm (Yan et al.|[2024; [Carta et al.,
2023 |Yao et al.| |2024; Hao et al.,2023)). Much of this work falls under the proposer-verifier frame-
work of|Snell et al.| (2024), where an LLM proposes several possible sequences from which a verifier
selects suitable candidates. In comparison, our goal is a more systematic evaluation of LLMs’ abil-
ities to explore large action spaces, in isolation from other components of the decision-making task.

Finally, a parallel line of work trains transformers to solve various RL tasks (e.g., |Laskin et al.,
2022; |Lin et al., 2023} [Lee et al., 2024; Raparthy et al., [2023} |Xu et al., [2022; [Lehnert et al.| 2024;
Mukherjee et al.,2024). Our negative results in Section [2| provide an additional foundation for this
work, emphasizing the shortcomings on frontier LLMs that are not custom-trained for RL.

Background on multi-armed bandits (MAB). We consider tasks based on MAB and contextual
bandits (CB), well-studied special cases of RL that abstract the explore-exploit tradeoff, see Slivkins
(2019); |[Lattimore & Szepesvari| (2020) for background. In MAB, there are 7' rounds and K arms.
In each round ¢ € [T7], the learner chooses an action (arm) a; € [K| and observes reward r; drawn
from some sub-Gaussian reward distribution for this arm. The reward distribution, and particularly
its mean p(a¢), are unknown to the algorithm. In CB, the learner additionally observes a context
z; before each round ¢, and the expected reward p(z, a;) depends on both the context and the arm.
The learner’s goal is to balance exploration and exploitation to maximize cumulative reward.

An “exploitation oracle” (which optimizes for the current round given the history) naturally plugs
into standard bandit algorithms such as Epsilon-Greedy, Explore-then-Commit, and Follow-The-
Perturbed-Leader. Typical implementations in CB involve model-based (e.g., linear) regression or
cost-sensitive classification (Slivkins, [2019| Ch.8). Designing CB exploitation oracles for their own
sake, a.k.a. offline policy optimization, is well-studied (starting from, e.g., [Beygelzimer & Langford,
2009; |Dudik et al., 2014). Usage of an LLM as an “exploration oracle” is closely related to the
literature on dynamic pricing and Lipschitz bandits (e.g., |Kleinberg & Leighton) |2003; |[Kleinberg
et al 2008} 2019} [Bubeck et al.| 2011), as we elaborate in Section[3]
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Figure 1: MAB exploit puzzle for GPT-4 (left), GPT-4 with CoT (middle), and GPT-3.5 with CoT
(right), all with “’buttons” prompt. The following conventions apply to all figures in this section.
Each line corresponds to a particular value of #rounds T and plots FracCorrect (e, T') against empir-
ical gap € on the X-axis. The shaded band around the line represents a 95% confidence interval. The
dashed line is the number of tasks (“runs”) with empirical gap < ¢; the resp. Y-scale is on the right.

2 LLMS AS EXPLOITATION ORACLES

We evaluate the ability of LLMs to exploit in decision-making tasks with statistical uncertainty
on the outcomes. We present LLMs with in-context exploit tasks inspired by multi-armed bandits
(MAB) and contextual bandits (CB). In a CB exploit task, an LLM is given a history consisting of
context-arm-reward tuples, and is instructed to take the best arm given the current history and the
current context. A MAB exploit task is the same, but without contexts. These tasks are generated
from some parameterized distributions called exploit puzzles.

As our results here are largely negative, we focus on relatively small tasks. We use synthetic data,
to better control task size/difficulty and trace the “boundary of tractability”. We find that LLMs are
consistently outperformed by a simple linear regression baseline, even on moderately-sized tasks.
Due to computational constraints, our experiments focused on GPT-4, GPT-40, and GPT-3.5, with
additional LLMs evaluated as a robustness check in Appendix[A.4] with similar findings.

MAB exploit puzzles. Our MAB-based experiments on GPT-4 and GPT-3.5 provide a partial expla-
nation for why the current LLMs fail to solve MAB tasks in-context when presented with raw (non-
summarized) history, as first observed by [Krishnamurthy et al.|(2024); Nie et al.| (2024). Following
these two papers, we try two prompts: one in which arms correspond to pushing different colored
buttons and one where they correspond to showing different advertisements to users. The LLM is
asked to choose the arm with the highest empirical reward in the next round. We also try chain-of-
thought (CoT) prompts, for the total of 4 prompt designs: { buttons, adverts } x { CoT, no-CoT }.
See Appendix |A|for more details on our experimental setup.

We consider an MAB exploit puzzle parametrized by gap A € [0, 1] and history size T. The
tasks, all with 5 arms, are constructed as follows. We pick an arm a* uniformly-at-random (u.a.r.).
Expected rewards are assigned as p(a*) = 1/2 + A/2 and p(a*) = /2 — A/2 for all other arms
a. Then, we generate a history of T rounds for each arm a, where the reward r;(a) at each round
t € [T is an independent Bernoulli draw with mean p(a). For a given T, we generate 10 tasks from
this puzzle for each value of A € {0, .05, .1, .15, .2, .25, .3, .4, .45, .5}.

Given a (realized) exploit task, we measure its difficulty via empirical gap €: the difference between
the largest and second-largest average reward 7;(a) := 7 >_te(r) rt(a) among all arms a. Intu-
itively, puzzle difficulty decreases with e (as one needs to distinguish the top two arms). Empirical
gap mirrors the “gap” between the top two expected rewards, a standard notion of difficulty in MAB.
Let S(e, T) be the set of all tasks with empirical gap at most € and history size 7.

We measure an LLM’s performance over a given set S of tasks as the fraction of tasks for
which the LLM returns a “correct answer’”: an arm with the largest empirical reward; denoted by
FracCorrect(S). We are interested in how FracCorrect varies depending on the difficulty level.
Hence, we plot FracCorrect (e, T') := FracCorrect ( S(e,T) ) against empirical gap e.
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Figure 2: GPT-4 succeeds on a small CB exploit puzzle (left), but fails on a slightly larger one (right).

We find that GPT-4 and GPT-3.5 do not perform well on these MAB exploit puzzles, see Figure [T}
Performance tends to degrade (1) as the history length 7" increases and (2) as the empirical gap de-
creases. (Our intuition for the former is that the LLM has more data points to process in context,
and for the latter is that the bandit instance becomes more difficult.) While GPT-4 generally per-
forms much better than GPT-3.5, we found that prompting the LLM to use chain-of-thought (CoT)
reasoning provided a slight boost for GPT-3.5, while hurting the performance of GPT—4E] We found
that performance was similar across all of our prompt designs (see Appendix [A]for more plots).

CB exploit puzzles and mitigations. While the history in K-armed bandits can be summarized
using 2K numbers (for each arm, the average reward and #plays) such succinct summary statistics
may not be readily available (or even exist) in more complicated decision-making tasks such as CBE]

We focus on linear CB, where the expected reward of each arm « is linear in the context z € R<:
w(z,a) = (z,0%) for some fixed (but unknown) parameters 6* € R<. ! (We try non-linear CB, too.)

We consider a CB exploit puzzle parameterized by #arms K, dimension d, and history size 7T'. The
tasks are constructed as follows. We sample parameters 6, € [—1,1]¢ and v, € [—0.25,0.25]
independently and u.a.r. for each arm a. Given context z € R?, expected reward for arm a is
w(z,a) = (z,0,) + v,. We generate a history of T rounds ¢ € [T]. Contexts z; are sampled inde-
pendently and w.a.r. from [—1, 1]%. For simplicity, the history contains rewards of all arms a in each
round ¢, where the reward equals p( 2, a) plus an independent unit-variance Gaussian. Given the his-
tory and a new context zp 1 (drawn in the same way), the LLM is asked to select the action for round
T + 1 which appears best. This gives one exploit task. We generate [V tasks for the same K, T, d.

We use a modified “buttons” prompt, where contexts correspond to “numbers on a screen” which
affect the payoffs for each button. The prompt does not mention linearity of the CB instance (because
such model-based information is typically unavailable in applications).

Given an exploit task, we now define a “correct answer” as an arm a which maximizes expected
reward p(zp41,a). E] FracCorrect(.S) is the fraction of correct answers in a given set S of tasks.
Likewise, the task difficulty is not easily defined in terms of the realized rewards. Instead, we focus
on the effective gap: the difference in expected reward between the best and second-best arm given
the current context z = zp 1. That is, the difference between the largest and second-largest number
among p(a, z), a € [K]. Intuitively, smaller effective gap corresponds to increased difficulty.

We are interested in how FracCorrect varies with effective gap. In each plot, we fix the number of
arms (K) and dimension (d), and let S(e, T') be the set of all tasks with given K, d, T and effective
gap at most €. We plot FracCorrect(e, T') := FracCorrect (S(¢, T) ) against €.

2From CoT logs, we found that GPT-4 was doing incorrect reasoning in a non-trivial fraction of runs.

3This consideration also motivates MAB exploit puzzles with raw (non-summarized) history, as a simpler
special case of the general scenario when succinct summarization is unavailable.

“Linear CB are well-studied, starting from Li et al.|(2010); |Chu et al.| (2011)); |Abbasi- Yadkori et al.|(2011).

>Note that it is unclear how to define an “empirically best arm” given a CB history and the current context.
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Figure 3: CB exploit puzzle with d = K = 2 and T' = 4000: mitigations help substantially.
GPT-4 without CoT (left) and GPT-4 with CoT (right). Note that providing the full history with this
T vastly exceeds the context window for GPT-4, GPT-40, and GPT-3.5.

First, we find that GPT-4 obtains near-perfect performance on a “small” puzzle with K = 2 arms,
context dimension d = 1, and history size 7' = 50 (Section 2). However, its performance degrades
as the problem size increases: see Section[2|for X' = d = 2 and T' = 100. Moreover, limited prompt
size may prevent processing larger historiesE]

Motivated by these observations, we implement several natural mitigations inspired by the literature
on exemplar selection for in-context learning (discussed in Related Work).

1. k-nearest: Among the observed contexts, consider the distinct k£ contexts closest to z741, accord-
ing to the /5 metric. Limit the history reported in the prompt to (the rounds with) these k contexts.

2. k-means: Run an off-the-shelf algorithm for k-means clustering on contexts { z1, ... ,zr },
obtaining k centroid contexts z; and their respective clusters Z, i € [k]. For each centroid z; and
each arm a, let 7(z}, a) be the average reward for this arm over all rounds ¢ with contexts z; € Z.
Report ( z¥, a, 7(z},a) ) as a context-arm-reward triple.

3. k-means, k' < k-nearest: First, run the k-means mitigation. Report (z*, a, 7(2*,a)) as a
context-arm-reward triple, for each arm a and each centeroid context z* among the k' centroids
closest to zp11 (according to the £o metric).

We do not explain the “mitigation strategy” in the prompt: we present the reported context-arm-
reward tuples as if it were the entire history, without mentioning clustering or averaging.

Figure [3| visualizes the performance of these mitigations on a slightly larger (but still relatively
small) puzzle with K = d = 2 and T' = 4000. We use GPT-4 with and without CoT. We compare
the mitigations against linear regression baseline (which is effectively an “upper bound”, as the
underlying CB instance is linear). Without CoT prompting, we find that all three mitigations achieve
FracCorrect around 80% — 90%, although this dips to around 60% — 85% when using CoT. In
addition to (potentially) improving performance, mitigations can also offer a practical way to solve
decision-making tasks using LLMs when the history is large; when 7' = 4, 000, our prompt vastly
exceeds the context window of all models we had access to.

However, current LLMs struggle to exploit on even moderately-sized problems, even with these
mitigations. In Figure[d] we plot the performance of GPT-40 with mitigations under various hyper-
parameters. While k-means (left) is almost as bad as random guessing, the k-nearest mitigations
(center) achieve about 50% FracCorrect, and the k-means, &'-nearest mitigations (right) obtain ap-
proximately 60% FracCorrect. Both our k-nearest and k-means, k'-nearest mitigations significantly
out-perform unmitigated GPT-40, but fall significantly short of the linear baseline.

Reasoning models are LLMs specifically trained to follow multi-step chains of thought to solve
complex problems that require intermediate reasoning. We ran one such model, DeepSeek-R1-
Distill-Qwen-32B (henceforth DEEPSEEK-R 1-DISTILL-QWEN), a 32B parameter reasoning model

6E.g., our LLM access points bottomed out at 7" ~= 100-200 for GPT-4 and 7" ~ 1000-2000 for GPT-40.
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Figure 5: Left: Performance of Deepseek-R1 on our numerical CB puzzle. Right: GPT-40 on the
text-based CB exploit puzzle. Some mitigations help, but are outperformed by linear regression.

distilled from QWEN-2.5. Our results are shown in Figure [3 (left). As before, we find that
DEEPSEEK-R1-DISTILL-QWEN fails to match the performance of the baseline, even when using
the mitigations. High inference costs and small context windows prevented us from running larger
reasoning models.

CB exploit puzzles (text-based & non-linear). As a robustness check, we repeat our CB exper-
iments on a text-based exploit puzzle. In this puzzle, contexts are items in a room (e.g. animals,
objects on a table), and actions have an associated semantic meaning (e.g. eat the food item, leave
the room). Rewards are still presented numerically, and are non-linear functions of both the context
and action. See Appendix [A]for full details on our experimental setup.

Figure [3] (right) shows the performance of GPT-40 (with mitigations) on this puzzle. While the
reward function is non-linear (and thus the linear baseline only achieves 70% FracCorrect), we
find that all configurations are still significantly out-performed by the linear baseline.

Our intuition for these findings is as follows: While LLMs are generally good with textual inputs, the
reward data is numerical, so the LLM faces most/all of the same challenges as before (i.e., choosing
a “solution strategy” and executing it correctly), exacerbated by non-linearity. Meanwhile, linear
regression is known to often work fairly well even on non-linear data.

Takeaways. While unmitigated performance drops as d, K, T grow, increases in 1" can largely be
taken care of by our mitigations, whereas increases in d and K cannot. Indeed, taken together, our
findings in this section suggest that while the current generation of LLMs are effective at exploiting
in small-scale decision-making tasks, they struggle in larger settings.
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3 LLMS AS EXPLORATION ORACLES

We now study the ability of LLMs to explore large action spaces. We leverage the inductive bias of
an LLM to generate a small set of candidate actions from a text-based action space, before running
an off-the-shelf MAB algorithm on this set. We refer to this LLM usage as exploration oracle.

Our usage of LLLMs for exploration is closely aligned with the idea of “discretization” in the study
of dynamic pricing and Lipschitz bandits (e.g., |[Kleinberg & Leighton, 2003} Kleinberg et al., 2008}
2019;[Bubeck et al.| 2011} |Slivkins| [2014). Faced with a very large action space, it may be advanta-
geous to focus on a much smaller set of candidate actions. A naively constructed discretization, e.g.,
uniform with respect to some known notion of distance in the action space, may have a poor trade-
off between size (#candidates) and quality (of the best candidate), placing all but a few candidates
in low-performing regions of the action space. A crucial theme in this literature is “smarter” dis-
cretization algorithms which gradually “zoom in” on better-performing regions of the action space.
The intuition is that if the better-performing arms comprise a low-dimensional region of a high-
dimensional action space, covering this region should require much fewer samples for the same
“discretization quality”. Our hope is that LLMs can suggest candidate actions from this region, if
there is sufficient semantic meaning encoded in the bandit task.

We consider two types of exploration tasks: answering an open-ended ‘“‘philosophical” question
(Q/A task) and suggesting a title for an arXiv research paper based on its abstract (arXiv task).
Particular workloads within each task type are called explore puzzles.

The Q/A task (resp. arXiv task) is constructed as follows. We define the “best arm” a™* as a contrarian
answer generated by another LLM (resp. the actual title of the research paper). The expected reward
p(a) of an arm « is the cosine similarity between a and ¢* in the embedding spacem Here, we
generate sentence embeddings using the Sentence-BERT embedding model Reimers (2_019)EI The
realized reward in a given round is an independent Bernoulli sample with the mean defined above.

Since action spaces are extremely large for these tasks, standard bandit algorithms (e.g., Thompson
Sampling, UCBI, etc.) catastrophically fail, and so do bandit algorithms which randomly subsam-
ple the action space. If the embedding space, the distance notion therein, and the reward-distance
relation were known to the algorithm/agent (assumptions we do not make), one could, in princi-
ple, apply the “smarter” discretization algorithms mentioned above. However, the regret of these
algorithms scales exponentially in the dimension d of the metric space making them impractical in
high-dimensional action spaces such as ours. (Indeed, our embedding space has d = 384.)

Like for our exploit puzzles, we highlight our results for GPT models in the main body and include
the rest in Appendix [B.5] Our findings are largely consistent across different LLMs.

"While cosine similarity ranges on [—1, 1], it was usually strictly positive in our experiments. In the (very
rare) cases where it was negative we defined the expected reward as zero.
80ur results are largely unchanged under the Universal Sentence Encoder|Cer (2018), see Appendix
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Figure 7: Arm histogram for one particular question (“What is the meaning of freedom?”, left) and
averaged over all questions (right). We consider K = 10 suggestions generated by our one-by-one
prompt without encouragement. For a given “run”, the K suggestions are ranked by the expected
reward, and then the i-th expected reward is averaged over all runs, for each i € [K].

Explore puzzle: open-ended questions. We used GPT-4 to generate a dataset of 10 open-ended
questions with many reasonable answers, along with an intentionally contrarian answer for each
question to serve as the ground truth. (E.g., “What does it mean to live a fulfilling life?”” “Fulfillment
comes from embracing discomfort.”) Each question-answer pair yields a task, as defined above.

We evaluate GPT-40, QWEN-2.5, GEMMA-3, and MISTRAL-7B as exploration oracles. We prompt
them to suggest K € {1,2,3,4,5,7,10} candidate answers given a question. To grade the entire
candidate set (not just the best answer), we run an off-the-shelf MAB algorithm for some large-but-
realistic time horizon 7" over these K candidates. (We use the UCB1 algorithm
and T = 1000.) We record the expected time-averaged reward rew := 7 Etem wu(at), where ay is
the arm selected in round ¢. We repeat this process (candidate selection and running UCB1) 10 times
for a given task and K, and record the average rew over these runs, denoted by Tew = Tew(task, K).

We try several prompting strategies. We either ask the LLM to generate suggestions “all-at-once”
with temperature 0 or “one-by-one” with temperature 1 (we repeatedly show the LLM the list of
candidate answers so far and ask it to generate one more). We also experiment with explicitly
prompting the LLM to provide a diverse set of candidate answers (“with encouragement”). Thus,
we have 4 prompting strategies: { all-at-once, one-by-one } x { with, without } encouragement. To
compare against not using an LLM as an exploration oracle, we also consider a baseline (Random)
in which the candidates are K points selected independently and u.a.r. in the embedding space.

We visualize our findings in Figure|6l We plot Tew(task, K') against K, for one particular task (left)
and averaged across all tasks (right))’| Each line corresponds to a particular prompting strategy or the
Random baseline. We find that all four prompting strategies perform similarly, with average reward
between 0.5 and 0.6, and typically peak in performance around K = 3 or K = 4 suggestions. In
contrast, the Random baseline catastrophically fails, with its average reward never exceeding 0.1.
We conclude that the LLM does succeed as an exploration oracle.

We observe that the LLM-generated suggestions pass the “eye test”, in the sense that we get rea-
sonable, yet spiritually and semantically different answers for a given question. For example, given
the question “What is the role of technology in society”, the first K = 5 suggestions generated by
our one-by-one prompt are as follows: (1) Facilitates communication, innovation, and efficiency,
(2) Transforms daily life and shapes culture, (3) Drives connectivity and enhances productivity, (4)
Facilitates control and surveillance, (5) Disrupts traditional relationships and norms.

Finally, we verify that the candidate suggestions are substantially different from one another. Fig-
ure [7] visualizes the spread of expected rewards within the candidate set. We consider K = 10
suggestions generated by our one-by-one prompt without encouragement. For a given “run” of the
candidate selection, the suggestions are ranked by the expected reward, and then the i-th expected
reward is averaged over all runs, for each i € [K].

See AppendixElfor similar plots for the 9 other tasks.
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Figure 8: Algorithm’s average expected reward Tew(category, K') (averaged over rounds and tasks),
against K, the number of candidates. Each line corresponds to a prompting strategy or the Category-
Only baseline. The shaded regions represent a 95% confidence interval. A single arXiv category
(“General Relativity and Quantum Cosmology”, left), averages over 6 categories (right).

A more detailed comparison between the prompting strategies is not fruitful for these experiments,
as sentence embeddings are known to be somewhat imprecise at small scales (see Appendix [B.4).

Explore puzzle: arXiv abstracts and titles. We run similar experiments on a larger-scale dataset
of paper titles and abstracts from arXiv.org. Using the arXiv API (arXiv.orgl 2025), we collect
10 abstract-title pairs from each of the 41 different arXiv categories. To minimize the likelihood
that these papers appear in GPT-40’s training corpus, we only use papers uploaded after June 2024
(these experiments were done in Sept’24). Each abstract-title pair yields a task, as discussed earlier.

We evaluate GPT-40 as an exploration oracle for these tasks, much like for the Q/A tasks Given an
abstract, we prompt GPT-40 to generate K alternative titles, which are then used to instantiate a
bandit algorithm. We use the same algorithm (UCB1) and time horizon T = 1000. We record the
expected time-averaged reward, rew := % Dot e u(a), and compute the average over tasks within

the same arXiv category, Tew(category, K). We try “all-at-once” and “one-by-one” promptingF_G]

We visualize our findings in Figure 8], using the same conventions as Figure [ and focusing on six
arXiv categories To assess LLM’s ability to specialize to a task, we consider a stronger baseline,
where the candidate arms are generated by GPT-40 given only the category, not the abstract. For the
other arXiv categories, we provide a table with Tew(category, K) for K = 1,2, 5 and both prompts
(Appendix [B). Like for the Q/A tasks, (1) both prompting strategies significantly outperform the
baseline, and (2) their performance tends to improve modestly as K increases.

4 CONCLUSIONS

Our work adds to (and provides partial explanations for) the growing literature on in-context learning
for decision-making tasks. We find that LLMs are useful as exploration oracles that propose high-
quality candidate actions in large, semantically meaningful action spaces. However, current LLMs
are not that good at exploitation, particularly in larger or more complex tasks (we trace the “boundary
of tractability” in terms of task size/complexity). While we suggest several helpful mitigations, they
consistently underperform relative to a simple linear regression, even in inherently non-linear tasks.

Future work. LLMs trained to use tools like a calculator may be better at exploitation. However,
it is unclear how much this would help in more complex scenarios, e.g., CB tasks with text-based
contexts and actions, and which mitigations/prompting techniques would be needed. Second, while
zooming” bandit algorithms do not work for rich text-based action spaces (discussed in Section [3),
LLM-based exploration oracles may potentially help. The hope is to “zoom in” entirely in the space
of “potentially relevant” actions (as determined by the LLM), rather than in the space of all actions.

OWe do not use “encouragement” on these tasks, since it does not help much (if at all) for the Q/A tasks.
"' General relativity, computer vision, statistics theory, biomolecules, signal processing, general economics.
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A APPENDIX FOR SECTION 2 LLMS AS EXPLOITATION ORACLES

Al

PROMPTS

In this section we give example prompts for each of our experimental setups.

“Buttons” prompt for the MAB puzzle:

[SYSTEM] You are in a room with 5 buttons labeled blue, green, red, yellow,
purple. Each button is associated with a Bernoulli distribution with a fixed but
unknown mean; the means for the buttons could be different. For each button,
when you press it, you will get a reward that is sampled from the button’s as-
sociated distribution. Then you must pick the button with the highest empirical
average, which must be exactly one of blue, green, red, yellow, or purple. You
must provide your final answer immediately within the tags <Answer>COLOR
<Answer>where COLOR is one of blue, green, red, yellow, or purple and with
no text explanation.

[USER] The past rewards for each button are:

round 1: blue button had reward 1, green button had reward 1, red button had
reward 0, yellow button had reward 1, purple button had reward 0

round 2: blue button had reward 0, green button had reward 1, red button had
reward 1, yellow button had reward 1, purple button had reward 0

Which button do you choose? Remember, YOU MUST provide your final answer
within the tags <Answer>COLOR <Answer>where COLOR is one of blue,
green, red, yellow, or purple and with no text explanation.

“Adverts” prompt for the MAB puzzle:

[SYSTEM] You are recommendation engine that chooses advertisements to dis-
play to users when they visit your webpage. There are 5 advertisements you can
choose from, named A, B, C, D, E. When a user visits the webpage you can choose
an advertisement to display and you will observe whether the user would have
clicked each of the ads. You model this by assuming that each advertisement has a
certain click rate and users click on advertisements with their corresponding rates.
I will show you the past clicks for each advertisement. Then you must pick the ad-
vertisement with the highest empirical click rate, which must be exactly one of A,
B, C, D, or E. You must provide your final answer immediately and with no text
explanation. within the tags <Answer>ADVERTISEMENT <Answer>where
ADVERTISEMENT is one of A, B, C, D, or E.

[USER] The past clicks for each advertisement are:

round 1: advertisement A was clicked, advertisement B was clicked, advertise-
ment C was not clicked, advertisement D was clicked, advertisement E was clicked
round 1: advertisement A was not clicked, advertisement B was clicked, adver-
tisement C was clicked, advertisement D was clicked, advertisement E was not
clicked

Which advertisement do you choose? Remember, YOU MUST provide your final
answer within the tags <Answer>ADVERTISEMENT <Answer>where AD-
VERTISEMENT is one of A, B, C, D, or E and with no text explanation.

“Buttons” prompt for the numerical CB puzzle:

[SYSTEM] You are in a room with a television and 2 buttons labeled blue, green.
Each button is associated with a Bernoulli distribution with an unknown mean;
the means for the buttons could be different from each other and may depend on
the list of numbers shown on the screen (i.e. the context). For each button, when
you press it, you will get a reward that is sampled from the button’s associated
distribution, conditioned on the numbers shown on the television screen. I will
show you the past numbers shown on the screen and the corresponding rewards
for each button. A new list of numbers will then appear on the screen and you

13
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must pick the next button in order to maximize your reward in this round only,
which must be exactly one of blue or green. You must provide your final answer
immediately within the tags jAnswer; COLOR ;/Answer; where COLOR is one
of blue or green and with no text explanation.

[USER] The past contexts and rewards for each button are:

In round 1, the context was [0.3,0.7]. The blue button had reward 1, the green
button had reward 1

In round 2, the context was [0.4,0.6]. The blue button had reward 0, the green
button had reward 1

Which button do you choose? Remember, YOU MUST provide your final answer
within the tags <Answer>COLOR <Answer>where COLOR is one of blue or
green and with no text explanation.

Prompt for the text-based CB puzzle:

[SYSTEM] You are in a room with a table and a button. There may also be
other objects in the room, which I will tell you about. You must then take one of
the following actions: “’pet animal”, "leave room”, use tool”, “eat food”, press
button”, after which you will receive some reward. The reward you receive is a
random function of both the action you take and the information you receive about
the objects in the room and time of day. Your goal is to maximize the expected
reward you receive. I will show you the past history of play over 2 rounds. For
each round, I will show you the state of the room and the corresponding rewards
for each action. I will then tell you the current state of the room, and you must
pick the next action in order to maximize your reward in this round only, which
must be exactly one of “pet animal”, ’leave room”, “use tool”, “eat food”, or
”press button”. Look for patterns in the data and try to estimate the reward of each
action, given the information at your disposal. You must provide your final answer
immediately within the tags <Answer>ACTION <Answer>where ACTION is

one of “pet animal”, ’leave room”, “use tool”, “eat food”, or "press button” and
with no text explanation.

[USER] The past observations and outcomes for each action are:

Round 1 had context time of day: morning, animal: bear, table item: chest, tool:
key, food: apple, button color: red. “pet animal” had reward 0, “leave room”
had reward 1, ’use tool” had reward 1, “eat food” had reward 0, press button had
reward 0

Round 2 had context time of day: afternoon, animal: cat, table item: card, tool:
hammer, food: cake, button color: orange. “pet animal” had reward 1, “’leave
room” had reward 0, "use tool” had reward 0, “eat food” had reward 1, press
button had reward 0

The current state of the room is time of day: evening, animal: bear, table item:
envelope, tool: key, food: nut, button color: red.

Which action do you choose? Remember, you must provide your final answer
immediately within the tags <Answer>ACTION <Answer>where ACTION is

one of “pet animal”, ”leave room”, "use tool”, “eat food”, or “press button” and
with no text explanation.

14
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A.2 ADDITIONAL MAB FIGURES

See Figure[9] Figure[I0} Figure[TT]for additional results in our MAB exploit puzzle.

MAB puzzle: gpt4, adverts, no CoT

1.0
¥ F 250
0.8
F 200
_ »
= s
; 0.6 <
u %
] 150 3
g >
S — 1= &
¢ s 15 Lt
g - t100 E
= — T=10 5]
4 — T=25
-
021 — T=50 |
A — T=100
h —— T=150
00 — T=200 | ¢

000 0.05 010 015 020 025 030 035 040 045 050
Empirical Gap €

Figure 9: Cumulative fraction correct for GPT-4 in the MAB adverts puzzle.

MAB puzzle: gpt4, adverts, CoT
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Figure 10: Cumulative fraction correct for GPT-4 with chain-of-thought reasoning in the MAB
adverts puzzle.

MAB puzzle: gpt3.5, buttons, no CoT
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Figure 11: Cumulative fraction correct for GPT-3.5 in the MAB buttons puzzle.
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A.3 ADDITIONAL DETAILS FOR TEXT-BASED CB PUZZLES

Each context contains a time of day (belonging to {morning, afternoon, evening, night}), an animal
({bear, dog, cat, None}), a tool ({key, letter opener, hammer, None}), a food item ({cake, apple,
nut, None}), and a button with a particular color ({red, orange, yellow, green}). The actions in each

EEIT3

round are “pet animal”, “leave room”, “use tool”, “eat food”, and “press button”.

We experimented with two reward functions: an “easy” reward function, where the expected rewards
for each action are as follows:

The expected reward of petting the animal is 0.01 if the animal is a bear, 0.7 if the animal
is a dog, and 0.4 if the animal is a cat. Otherwise, the expected reward if 0.5.

The expected reward for leaving the room is always 0.5.

The expected reward for using the tool is 0.75 if it is a key, 0.6 if it is a letter opener, 0.45
if it is a hammer, and 0.2 otherwise.

The expected reward for eating food is 0.8 if it is cake, 0.6 if it is an apple, 0.2 if it is a nut,
and 0.3 otherwise.

The expected reward for pressing the button is 0.89 if it is green, 0.62 if it is yellow, 0.39 if
it is orange, and 0.27 if it is red.

Our results under this reward function are summarized in Figure We used hamming distance
to implement our mitigations. Note that in higher-dimensional settings, distance in an embedding
space may be used.

Text-based CB puzzle: gptdo, T = 500, K = 5, CoT
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Figure 12: Performance of GPT-40 with mitigations on the words CB puzzle with “easy” rewards.

The reward function we use in the main body is more complicated, and is detailed below:

The expected reward for petting the animal is 0.01 if it is a bear, 0.7 if it is a dog, 0.3 if it
is a cat and the time of day is morning or afternoon, 0.7 if it is a cat and the time of day is
evening or night, and otherwise 0.5.

The expected reward for leaving the room is always 0.5

If the animal is a bear, the expected reward for using the tool is 0.1. Otherwise, if the tool
is a key and the table item is a chest, the expected reward is 0.9. Otherwise, it is 0.4

If the animal is a bear, the expected reward for eating food is always 0.5. Otherwise, the
expected reward is 0.8 for cake, 0.6 for an apple, 0.2 for a nut, and 0.5 otherwise.

If the animal is a bear, the expected reward for pressing the button is 0.1. Otherwise if the
button is green and the time of day is morning, or the button is yellow and the time of day
is afternoon, or the button is orange and the time of day is evening, or the button is red and
the time of day is night, then the expected reward is 0.9. In all other cases, the expected
reward is 0.25.
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1llj\lumerical CB puzzle: Qwen 2.5, T = 1000, d =5, K =5, no CoT
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Figure 13: Results for QWEN-2.5 in the setting of Figure 4, Only mitigations are shown, as the
unmitigated history is too long to fit in the context window.

o Numerical CB puzzle: Mistral, T = 1000, d = 5, K = 5, no CoT
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Figure 14: Results for MISTRAL-7B in the setting of Figure El Only mitigations are shown, as the
unmitigated history is too long to fit in the context window.

A.4 ROBUSTNESS CHECK WITH OTHER MODELS

In this appendix, we include results for Qwen2.5-7B-Instruct (QWEN-2.5), Gemma 3 12B
(GEMMA-3), and Mistral-7B-Instruct-v0.3 (MISTRAL-7B) on our exploit puzzles. Due to the time
and costs associated with running our exploit puzzles, we prioritized (1) getting at least one addi-
tional set of results for each of our main puzzles (using QWEN-2.5) and (2) getting results for all of
our models in our word-based puzzles. Our findings are the same across all models.
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Numerical CB puzzle: Qwen 2.5, T = 4000, d = 2, K = 2, no CoT
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Figure 15: Results for QWEN-2.5 in the setting of Figure |3} Only mitigations are shown, as the
unmitigated history is too long to fit in the context window.

Text-based CB puzzle: Qwen 2.5, T = 450, K = 5, no CoT
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Figure 16: Results for QWEN-2.5 in the setting of Figure (right). We use a slightly smaller history
length (1" = 450 instead of T' = 500) so that the full history can fit in the context window.

Text-based CB puzzle: Mistral, T = 450, K = 5, no CoT
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Figure 17: Results for MISTRAL-7B in the setting of Figure Only mitigations are shown, as the
full history could not fit in the context window.
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Text-based CB puzzle: Gemma 3, T = 450, K= 5, no CoT
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Figure 18: Results for GEMMA-3 in the setting of Figure Only mitigations are shown, as the full
history could not fit in the context window.

Text-based CB puzzle: Qwen 2.5, T = 450, K = 5, no CoT
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Figure 19: Results for QWEN-2.5 in the setting of Figure We use a slightly smaller history
length (1" = 450 instead of 7" = 500) so that the full history can fit in the context window.

Text-based CB puzzle: Qwen 2.5, T = 450, K = 5, CoT
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Figure 20: Results for QWEN-2.5 in the setting of Figure using chain-of-thought prompting. We
use a slightly smaller history length (7" = 450 instead of 7' = 500) so that the full history can fit in
the context window.
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1033 Text-based CB puzzle: Mistral, T = 450, K = 5, no CoT
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Figure 21: Results for MISTRAL-7B in the setting of Figure Only mitigations are shown, as the
1045 full history could not fit in the context window.
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1072 Figure 22: Results for GEMMA-3 in the setting of Figure Only mitigations are shown, as the full
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A.5 SAMPLE REASONING TRACES

In this section, we provide the raw thinking tokens for DEEPSEEK-R 1-DISTILL-QWEN on some
sample exploit puzzles.

Sample thinking tokens for the “buttons” numerical CB puzzle:

Alright, 'm trying to figure out which button to press next based on the context
given. The context is a list of five numbers: [-0.671, 0.267, 0.415, 0.284, -0.775].
I need to choose between blue, green, red, yellow, or purple to maximize the
reward.

First, I’1l look at the past data to see if there’s any pattern or relationship between
the context and the rewards for each button. Each button has been pressed multiple
times, and each time, a reward was given. My goal is to estimate which button is
likely to give the highest reward for the current context.

I notice that each context is a 5-dimensional vector, and each button’s reward
seems to vary based on these values. Maybe I can find a way to predict the reward
for each button given the context.

One approach is to look for correlations between the context and the rewards for
each button. For example, if a certain context value tends to be high when a
button’s reward is also high, that button might be a good choice.

Let me list out the context values and the rewards for each button in the past
rounds. However, since there are 50 rounds, that’s a lot of data to process manu-
ally. Instead, I’1l try to identify if any of the context dimensions have a consistent
positive or negative impact on the rewards for each button.

Looking at the current context: [-0.671, 0.267, 0.415, 0.284, -0.775]. 1l note the
positions:

-0.671 0.267 0.415 0.284 -0.775 Now, I'll think about each button’s performance
in similar contexts.

For example, in round 1, the context was [-0.149, -0.038, -0.854, -0.664, 0.534],
and red had a high reward. In round 2, context [0.357, 0.022, 0.079, 0.118, -
0.262], green had a high reward. Round 3: context [-0.155, 0.23, -0.274, 0.333,
0.837], red had a high reward. Round 4: context [-0.242, -0.94, 0.664, -0.708,
-0.624], green had a high reward.

Hmm, it’s a bit scattered. Maybe I should look for buttons that consistently per-
form well when certain context values are present.

Looking at the current context, the first and fifth values are negative, while the
second, third, and fourth are positive. I'll check if any buttons tend to perform
well when the first and fifth are negative, and the middle three are positive.

In round 1: first negative, fifth positive. Red had high reward.

Round 2: first positive, fifth negative. Green had high reward.

Round 3: first negative, fifth positive. Red had high reward.

Round 4: first negative, fifth negative. Green had high reward.

Round 5: first negative, fifth negative. Green had high reward.

Round 6: first negative, fifth positive. Red had a moderate reward.

Round 7: first positive, fifth positive. Red had a moderate reward.

Round 8: first positive, fifth negative. Green had high reward.

Round 9: first negative, fifth positive. Red had high reward.

Round 10: first negative, fifth positive. Red had a moderate reward.

Round 11: first negative, fifth positive. Green had high reward.

Round 12: first positive, fifth negative. Green had moderate reward.

Round 13: first positive, fifth negative. Green had moderate reward.

Round 14: first positive, fifth positive. Green had negative reward, red had high.
Round 15: first negative, fifth positive. Green had negative, red had moderate.
Round 16: first negative, fifth negative. Green had high reward.
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Round 17: first positive, fifth negative. Yellow and purple had high rewards.
Round 18: first negative, fifth positive. Green and red had high rewards.

Round 19: first negative, fifth positive. Green had negative, red had negative,
purple had moderate.

Round 20: first negative, fifth positive. Green and red had high rewards.
Round 21: first negative, fifth negative. Green had high reward.

Round 22: first positive, fifth positive. Green had negative, red had moderate.
Round 23: first positive, fifth positive. Yellow had high reward.

Round 24: first negative, fifth negative. Green had high reward.

Round 25: first positive, fifth positive. Yellow had moderate reward.

Round 26: first negative, fifth positive. Green and red had high rewards.
Round 27: first positive, fifth positive. Green had negative, red had moderate.
Round 28: first positive, fifth negative. Green had high reward.

Round 29: first positive, fifth positive. Yellow had high reward.

Round 30: first positive, fifth positive. Red had moderate reward.

Round 31: first negative, fifth negative. Green had high reward.

Round 32: first negative, fifth positive. Purple had high reward.

Round 33: first positive, fifth positive. Yellow had high reward.

Round 34: first negative, fifth positive. Green had moderate reward.

Round 35: first positive, fifth positive. Purple had high reward.

Round 36: first positive, fifth positive. Red had high reward.

Round 37: first negative, fifth positive. Red had moderate reward.

Round 38: first negative, fifth negative. Red had negative, yellow had moderate.
Round 39: first negative, fifth positive. Purple had moderate reward.

Round 40: first positive, fifth positive. Red had high reward.

Round 41: first positive, fifth negative. Yellow had high reward.

Round 42: first negative, fifth positive. Green had negative, red had moderate.
Round 43: first negative, fifth positive. Green had moderate, purple had high.
Round 44: first positive, fifth positive. Green and red had high rewards.
Round 45: first positive, fifth positive. Yellow and purple had high rewards.
Round 46: first positive, fifth negative. Green had high reward.

Round 47: first positive, fifth positive. Yellow had high reward.

Round 48: first negative, fifth positive. Green had negative, purple had moderate.
Round 49: first positive, fifth negative. Green and red had high rewards.
Round 50: first positive, fifth positive. Yellow had high reward.

From this, it seems that when the first context value is negative and the fifth is
positive, red and green buttons often have high rewards. When the first is positive
and the fifth is negative, green and sometimes yellow perform well. When both
first and fifth are negative, green tends to do well. When both are positive, it’s
mixed, but red, green, yellow, and purple have had high rewards.

In the current context, the first is negative (-0.671), and the fifth is negative (-
0.775). So both first and fifth are negative. From past data, when both are negative,
green often has a high reward. For example, round 4, 5, 16, 24, 31, etc., green
performed well in such contexts.

Therefore, 1 think pressing the green button would be the best choice for this
context to maximize the reward.

Sample thinking tokens for the text-based CB puzzle:
Alright, let’s try to figure out the best action to take in the current state. The
current observation is: time of day is night, animal is bear, table item is card, tool

is key, food is apple, and button color is red. I need to choose between pet animal,
leave room, use tool, eat food, or press button, aiming for the highest reward.
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First, I’1l look through the past 50 rounds to find similar states and see what actions
yielded the highest rewards. Let’s break down each possible action and see if
there’s a pattern.

Pet Animal: Looking at previous rounds where the animal was a bear, especially
at night. In Round 3, the animal was a bear, time was afternoon, and petting gave
0.01. In Round 5, same animal and time, 0.01. Round 19 had no animal, but
others with bear had low rewards. So, probably not a good choice.

Leave Room: This action always gives 0.5, regardless of other factors. It’s a safe
choice but might not be the highest reward.

Use Tool: The tool here is a key. Looking at past rounds where the tool was a key.
For example, Round 4 had a key and use tool gave 0.75. Round 10 also had a key
and use tool gave 0.75. So, when the tool is a key, using it seems to give a good
reward. But wait, in the current state, the tool is a key, but what about the other
items? The table item is a card, and food is apple. Maybe the presence of a card
affects it? Not sure, but the key seems to be a good tool.

Eat Food: The food here is apple. Looking at past rounds with apple as food. For
example, Round 2 had apple and eat food gave 0.8. Round 5 had apple and 0.6.
Round 10 had apple and 0.6. So, eating apple can give high rewards, but it varies.
It might be a good option, but not as consistent as other actions.

Press Button: The button color is red. Looking at past rounds with red button.
Round 9 had red button and press button gave 0.27. Round 41 had red and 0.27.
So, pressing the button when it’s red doesn’t seem good, as the reward is low.

Now, considering all this, the highest rewards seem to come from using the tool
(key) and eating food (apple). Between these two, using the tool has consistently
given higher rewards when the tool is a key. However, I should check if there are
any specific interactions between the tool and other items. The table item is a card,
which I haven’t seen much in the data, but using the tool with a key might still be
beneficial.

Alternatively, eating the apple could give a high reward, but it’s not as consistent.
Since using the tool with a key has given 0.75 in previous rounds, which is higher
than the 0.8 from eating, but wait, in some cases, eating apple gave 0.8, which is
higher. Hmm, but I need to consider the current state’s specifics.

Wait, in the current state, the tool is a key, and the table item is a card. Maybe using
the key on the card? But I don’t have information on that interaction. However,
in past rounds where the tool was a key, using it gave high rewards regardless of
other items. So, perhaps using the tool is the better choice here.

Alternatively, eating the apple could give a good reward, but I'm not sure if it’s
higher than using the tool. Given that using the tool has given higher rewards in
similar situations, I think it’s safer to go with "use tool” to maximize the reward.
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B APPENDIX FOR SECTION[3: LLMS AS EXPLORATION ORACLES

B.1 PROMPTS

In this section we give example prompts for each of our experimental setups.

“All-at-once” prompt with encouragement for open-ended question puzzle:

[SYSTEM] I will give you an open-ended question. Come up with 5 different
candidate answers. Reply only with the 5 candidate answers, and put each candi-
date answer on a separate line. Each answer should only be a few words, skipping
any introductory phrasing and going straight to the essence. Try to come up with
answers that are very different in spirit from one another.

[USER] Here is the question: “What is the purpose of art?”

“One-by-one” prompt without encouragement for arXiv puzzle:

[SYSTEM] I will give you an abstract and some candidate titles for a paper. Come
up with a new candidate title that is relevant to the abstract, but different from the
other candidate titles. Reply only with the candidate title.

[USER] Here is the abstract: {abstract goes here}

Here are the other candidate titles: {previous suggestions go here}

B.2 DATASETS

Our open-ended question dataset consists of the following 10 questions and the corresponding
“ground-truth” answers.

Questions:

o

O 0 39 N Lt A W N =~

. What is the meaning of freedom?

. How should we define success?

. What is the role of technology in society?

. What is the nature of reality?

. What is the purpose of art?

. What does it mean to live a fulfilling life?

. How do cultural differences shape our understanding of morality?

. What is the relationship between happiness and wealth?

. How can we balance individuality and community in modern society?

. What is the role of education in personal and societal growth?

Answers:

o0 N N kAW

. Freedom is an illusion shaped by societal norms and external influences.

. Success should be defined as contributing to the greater good rather than personal achieve-

ment.

. Technology disrupts the natural balance of society and often creates more problems than it

solves.

. Reality is subjective, varying entirely based on individual perception and experience.
. The purpose of art is to challenge conventions and disrupt established ideas.

. Fulfillment comes from embracing discomfort.

. Cultural differences create moral superiority.

. Wealth detracts from true happiness.

. Individuality thrives when shaped by community.
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9.

Education’s purpose is to challenge authority.

Here is the list of paper titles we used in our arXiv dataset, along with their corresponding categories:

gr-qc

1. There is more to the de Sitter horizon than just the area

O 0 I O W

10.

hep-ex

. Mitigating cosmic variance in the Hellings-Downs curve: a Cosmic Microwave Back-

ground analogy

. Calabi-Yau Feynman integrals in gravity: e-factorized form for apparent singularities

. QG from SymQRG: AdS3/CFTy Correspondence as Topological Symmetry-Preserving

Quantum RG Flow

. Black hole solutions in theories of supergravity

. Horndeski in motion

. Wormbholes from beyond

. Regularizing the Pulsar Timing Array likelihood: A path towards Fourier Space

. Solutions to the mode equation for a quantized massless scalar field outside a black hole

that forms from the collapse of a null shell: Late-time behaviors and computation of the
stress-energy tensor

Gravitational waves from regular black holes in extreme mass-ratio inspirals

1. Observation of the K+ — 7T v decay and measurement of its branching ratio

AN N B~ W [\

~

10.

hep-lat

. Test of lepton flavour universality in W-boson decays into electrons and 7-leptons using

pp collisions at y/s = 13 TeV with the ATLAS detector

. Searching for neutrino self-interactions at future muon colliders
. Quantum Decoherence at ESSnuSB Experiment
. Test of lepton flavour universality with BT — K7~ ¢*{~ decays

. Cross-section measurements for the production of a W-boson in association with high-

transverse-momentum jets in pp collisions at y/s= 13 TeV with the ATLAS detector

. Charmful two-body €, decays in the light-front quark model

. Observation of a spectral hardening in cosmic ray boron spectrum with the DAMPE space

mission

. New BaBar studies of high-order radiation and the new landscape of data-driven HVP

predictions of the muon g-2

Toponium: the smallest bound state and simplest hadron in quantum mechanics

. Quantum sampling on a quantum annealer for large volumes in the strong coupling limit

for gauge group U(3)

2. Phase diagram of Rydberg atoms in a two-leg rectangular ladder

. Graph Attention Hamiltonian Neural Networks: A Lattice System Analysis Model Based

on Structural Learning

. What do we know about the confinement mechanism?

. Designing weight regularizations based on Lefschetz thimbles to stabilize complex

Langevin

6. Likelihood of a zero in the proton elastic electric form factor

7. Real-Time Simulation of Asymmetry Generation in Fermion-Bubble Collisions

8. Investigating SU(3) with Nf=8 fundamental fermions at strong renormalized coupling
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10.

hep-ph

NS ke

. The determination of potential scales in 2+1 flavor QCD

Towards the phase diagram of fermions coupled with SO(3) quantum links in (2 + 1)-D

Predictions for dimuon production in high-energy neutrino-proton collisions using the color
dipole model

Extrapolating Jet Radiation with Autoregressive Transformers

Accurate Surrogate Amplitudes with Calibrated Uncertainties

Calabi-Yau Feynman integrals in gravity: e-factorized form for apparent singularities
The causal structure of the quark propagator

Fuzzy Axions and Associated Relics

Non-Radial Oscillation Modes in Hybrid Stars with Hyperons and Delta Baryons: Full
General Relativity Formalism vs. Cowling Approximation

8. Evidence for the Sombrero Galaxy as an Accelerator of the Highest-Energy Cosmic Rays

9. The cosmic history of Primordial Black Hole accretion and its uncertainties

10.

hep-th

Searching for neutrino self-interactions at future muon colliders

1. There is more to the de Sitter horizon than just the area

et

B A

10.

math-ph

et

A

Calabi-Yau Feynman integrals in gravity: e-factorized form for apparent singularities

QG from SymQRG: AdS3/CFTy Correspondence as Topological Symmetry-Preserving
Quantum RG Flow

Geometrically constrained localized configurations engendering non-topological profile
The causal structure of the quark propagator

Entanglement Hamiltonian and orthogonal polynomials

Black hole solutions in theories of supergravity

Fuzzy Axions and Associated Relics

Celestial Mellin Amplitudes

Evidence for the Sombrero Galaxy as an Accelerator of the Highest-Energy Cosmic Rays

. QG from SymQRG: AdS3/CFT, Correspondence as Topological Symmetry-Preserving

Quantum RG Flow
Entanglement Hamiltonian and orthogonal polynomials

Fermi’s golden rule in tunneling models with quantum waveguides perturbed by Kato class
measures

Semiclassical measure of the propagation between two topological insulators
On the Protection Against Noise for Measurement-Based Quantum Computation
Calculating Spectra by Sequential High-Pass Filtering

Validity of the stochastic Landau approximation for super-pattern forming systems with a
spatial 1:3 resonance

8. Multi-component Hamiltonian difference operators

9. Emptiness Instanton in Quantum Polytropic Gas

nucl-ex

. Unitary n-correlations with restricted support in random matrix theory
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1. The evidence of N = 16 shell closure and 3-delayed neutron emission from A2°F

2. Isotopic Transparency in Central Xe+Sn Collisions at 100 MeV/nucleon

. Detecting the Coupling of Axion Dark Matter to Neutron Spins at Spallation Sources via

Rabi Oscillation

4. Likelihood of a zero in the proton elastic electric form factor

. Nuclear structure and direct reaction studies in particle-y coincidence experiments at the

FSU John D. Fox Superconducting Linear Accelerator Laboratory

6. Bottomonium-like states in proton collisions: Fragmentation and resummation

7. Towards a foundation model for heavy-ion collision experiments through point cloud dif-

10.

nucl-th

fusion
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Table 1: Performance comparison for all-at-once on open-ended questions.

K=l K=2 K=3 K=4 K=5 K=7 K=10

Q0: 039 04 04 04 041 042 0.56
Ql: 063 0.66 066 065 0.63 064 0.57
Q2: 041 043 041 04 036 041 041
Q3 05 049 06 067 0.67 066 0.78
Q4: 033 046 04 043 038 042 042
Q5: 039 041 047 03 031 042 043
Q6: 045 0.78 078 0.79 0.78 0.78 0.75
Q7: 084 084 084 084 0.84 083 0.83
Q8 039 041 047 036 037 037 039
Q9: 047 046 043 046 048 045 044

B.3 ADDITIONAL RESULTS FOR EXPLORE PUZZLES
We ran a robustness check on the first six open-ended question experiments using the universal

sentence encoder of [Cer (2018)) as our embedding model. Our results remain largely unchanged,
and are summarized in Figure 23]
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Figure 23: Results averaged over the first six questions, for embeddings generated using the univer-
sal sentence encoder.

Below are the individual plots for the remaining 9 questions using the Sentence-BERT encoder.
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Figure 24: Results on Question 1
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Figure 25: Results on Question 2
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Figure 26: Results on Question 3
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Figure 27: Results on Question 4
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Figure 28: Results on Question 5
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Figure 29: Results on Question 6
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Figure 30: Results on Question 7
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Figure 31: Results on Question 8
T=1000, Question: 9
05—
2 044 j j
©
=
G
@
B 034
]
@
a
5
o
v 0.2 7
=3
e
g —— All-at-once
0.1+ —— All-at-once, encouragement
—— One-by-one
W— One-by-one, encouragement
009 —— Random
1 2 3 4 5 7 10
K
Figure 32: Results on Question 9
econ.GN, T=1000
0.8 q
071 ﬂ
e
o 0.6
=
]
3
g 05
"]
g
3 0.4 4
@
2
§ 0.3+
Ed
0.2 9
~ —— One-by-one
—— All-at-once
ol —— Category Only
2 4 6 8 10
K

Figure 33: Results for arXiv category econ.GN
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Figure 34: Results for arXiv category eess.SP
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Figure 35: Results for arXiv category g-bio.BM
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Figure 36: Results for arXiv category math.ST
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Table 2: Performance comparison for all-at-once with encouragement on open-ended questions.

K=l K=2 K=3 K=4 K=5 K=7 K=10

Q0: 04 04 034 035 037 052 055
Ql: 045 051 066 061 058 056 0.59
Q2: 036 04 041 04 04 037 043
Q3: 048 042 041 049 04 06 049
Q4: 05 052 052 051 05 051 049
Q5: 04 039 039 043 045 04 041
Q6: 074 0.67 0.79 079 0.77 055 0.64
Q7: 069 082 078 079 0.79 077 0.8
Q8 045 05 047 056 055 042 051
Q9% 044 039 037 04 047 046 047

Table 3: Performance comparison for one-by-one on open-ended questions.

K=1 K=2 K=3 K=4 K=5 K=7 K=10

Q0: 033 04 04 043 043 047 052
Ql: 062 0.62 062 062 0.61 0.61 0.6
Q2: 043 043 044 043 043 044 045
Q3: 058 057 059 061 059 0.6 0.6
Q4: 036 041 047 048 047 046 045
Q5: 039 048 049 048 048 049 049
Q6: 083 081 082 081 081 08 0.79
Q7: 08 081 081 081 081 08 0.79
Q8: 038 042 044 044 047 05 0.5
Q9: 045 047 047 046 045 045 043

Table 4: Performance comparison for one-by-one with encouragement on open-ended questions.

K=l K=2 K=3 K=4 K=5 K=7 K=I10

Q0: 035 037 05 054 055 058 0.59
Ql: 055 058 06 061 061 061 0.62
Q2: 045 045 044 044 045 045 042
Q3: 055 055 054 053 053 053 054
Q4: 033 049 048 049 049 048 046
Q5: 04 043 044 044 045 045 045
Q6: 083 0.83 0.82 082 0.81 0.81 0.8
Q7: 075 08 081 082 081 082 0.82
Q8 035 04 045 047 049 05 053
Q9: 049 049 05 049 05 047 048

Table 5: Performance comparison for random actions on open-ended questions.

K= K=2 K=3 K=4 K=5 K=7 K=10

Q0: -0.01 -0.0 0.01 001 0.03 0.03 0.02
Ql: 0.01 001 0.02 002 0.04 004 0.03
Q2: 0.01 -00 0.03 002 0.02 0.03 0.02
Q3: 0.05 004 0.01 005 0.04 0.03 0.04
Q4: 0.02 001 0.03 002 0.02 004 0.01
Q5: -0.02 -001 0.02 003 0.02 003 0.05
Q6: 0.0 00 003 0.03 004 0.02 0.03
Q7: 0.01 005 0.03 004 0.04 002 0.04
Q8: -0.04 003 0.04 004 0.03 003 0.04
Q9: 0.04 00 0.04 003 0.04 0.03 0.04
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Table 6: Performance for all-at-once on arXiv tasks.

K=1 K=2 K=5

gr-qc 0.63 0.64 0.68
hep-ex 0.81 0.81 0.83
hep-lat 072 072 0.72
hep-ph 0.7 076 0.5
hep-th 0.65 0.71 0.73
math-ph 0.64 0.73 0.74
nucl-ex 0.73 079 0.75
nucl-th 0.65 0.69 0.71
quant-ph  0.68 0.71 0.75

cs.Al 0.66 071 0.72
cs.CL 0.66 0.71 0.75
cs.CV 072 074 0.71
cs.LG 0.68 0.72 0.74
cs.NE 0.71 0.78 0.78
cs.RO 076 079 0.78
cs.IT 0.72 073 0.72
cs.CR 0.7 072 0.74
cs.DS 075 077 0.77

cs.HC 0.75 0.75 0.75
math.AG 07 078 0.78
math. AT 068 0.7 0.71
math.AP 07 079 0.78
math.CT 065 0.69 0.71
math.GR 073 0.77 0.76
math.NT 0.73 0.79 0.77
math.OC 0.77 0.79 0.76
math.ST 0.63 0.68 0.73
g-bio.BM 0.81 0.85 0.83
g-bio.GN 0.76 0.78 0.79
g-bio.QM 0.76 0.78 0.78
g-bio.PE 08 082 0.8

g-fin.CP 074 0.78 0.77
g-finPM  0.74 0.77 0.78
g-fin.TR 074 0.78 0.78
stat. AP 073 0.69 0.75
stat. ML 07 073 0.74
stat. TH 0.65 0.67 0.78
eess. IV 067 0.73 0.72
eess.SP 065 0.67 0.72
econ.EM 0.62 068 0.7

econ.GN 066 0.67 0.74
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Table 7: Performance for one-by-one on arXiv tasks.

K=1 K=2 K=5

gr-qc 0.63 0.64 0.65
hep-ex 0.78 0.76 0.81
hep-lat 0.72 0.72 0.74
hep-ph 0.7 072 0.73
hep-th 0.64 0.69 0.68
math-ph 0.65 0.71 0.71
nucl-ex 0.72 0.74 0.76
nucl-th 0.64 0.67 0.71
quant-ph 0.7 071 0.71

cs.Al 0.7 074 0.73
cs.CL 0.69 0.71 0.75
cs.CV 073 074 0.77
cs.LG 0.67 0.72 0.72
cs.NE 0.74 0.76 0.77
cs.RO 078 0.79 0.78
cs.IT 0.76 0.75 0.75
cs.CR 0.72 071 0.74
cs.DS 075 0.78 0.78

cs.HC 072 0.72 0.73
math. AG 0.68 0.77 0.78
math. AT 0.63 0.69 0.7

math.AP  0.72 0.75 0.76
math.CT 0.62 0.71 0.73
math.GR  0.71 0.76 0.74
math.NT 0.73 0.75 0.73
math.OC 0.73 0.77 0.8

math.ST 0.63 0.66 0.7

g-bio.BM 0.84 0.84 0.87
g-bio.GN 0.69 0.76 0.75
g-bio.QM 0.76 0.8 0.77
g-bio.PE 08 079 0.82
g-fin.CP 071 0.72 0.76
g-fin.PM  0.67 0.77 0.73
g-fin.TR 072 0.74 0.75
stat. AP 073 0.72 0.79
stat. ML 0.74 0.75 0.77
stat. TH 061 0.64 0.72
eess. IV 071 0.72 0.74
eess.SP 0.64 0.66 0.68
econ.EM 0.66 0.66 0.67
econ.GN 067 0.69 0.69
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Table 8: Performance for Category Only baseline on arXiv tasks.

K=1 K=2 K=5

gr-qc 0.28 032 036
hep-ex 025 035 038
hep-lat 0.31 031 0.38
hep-ph 025 026 032
hep-th 024 026 0.27
math-ph 022 03 03
nucl-ex 0.37 038 035
nucl-th 031 032 0.33
quant-ph 0.23  0.27 0.27

cs.Al 0.15 0.17 0.18
cs.CL 0.14 0.19 0.26
cs.CV 0.19 022 0.32
cs.LG 021 0.19 024
cs.NE 027 031 03
cs.RO 027 027 0.3l
cs.IT 029 031 034
cs.CR 021 024 032
cs.DS 0.2 02 0.22
cs.HC 012 02 023

math. AG 032 033 0.33
math. AT 033 034 04

math.AP 0.19 0.23 0.32
math.CT 0.25 023 0.29
math.GR 0.25 028 0.34
math.NT 021 029 0.32
math.OC 02 027 03

math.ST 0.14 022 0.18
g-bioBM 0.17 0.31 0.29
g-bio.GN 02 025 032
g-bioQM 0.03 0.12 0.1

g-bio.PE 028 0.32 0.31
q-fin.CP 034 036 0.37
g-fin.PM 039 039 043
g-fin.TR 033 034 0.38
stat. AP 0.07 0.12 0.1

stat. ML 0.19 021 0.28
stat. TH -0.01 0.07 0.12
eess. IV 0.18 0.19 024
eess.SP 021 023 0.24
econ.EM 021 032 0.37
econ.GN 0.13 0.19 0.19
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Figure 37: Results for QWEN-2.5 in the setting of Figure@

B.4 BENCHMARKING ENCODERS

Here we benchmark the two encoders we use (Sentence-BERT and the universal sentence encoder)
by measuring the cosine similarity between semantically similar/different words.

Table 9: Cosine similarity of different words.

Sentence-BERT  Universal Sentence Encoder

dog, tacos: 0.25 0.24
Pittsburgh, tiki bar: 0.12 0.17
Honolulu, tiki bar: 0.30 0.25
Pittsburgh, Honolulu: 0.41 0.29
angel, devil: 0.48 0.54
machine learning, artificial intelligence: 0.70 0.58
war, peace: 0.61 0.49
love, hate: 0.49 0.59
love, affection: 0.62 0.56
war, battle: 0.74 0.57
machine learning, battle: 0.25 0.19

The similarity scores of both models in Table[9suggest that while the embeddings produced by both
embedding models are generally “in the ballpark™ of what one would consider “similar”/“different”,
they are still a somewhat coarse measure of distance, which may explain the similar performance of
our different prompting strategies.

B.5 ROBUSTNESS CHECK WITH OTHER MODELS

In this appendix, we include results for Qwen2.5-7B-Instruct (QWEN-2.5), Gemma 3 12B
(GEMMA-3), and Mistral-7B-Instruct-v0.3 (MISTRAL-7B) on our explore Q/A puzzles. As was the
case with the GPT models, performance increased with K when the candidate answers are generated
one-by-one. When generating answers all-at-once, we observed that QWEN-2.5 and MISTRAL-7B
had trouble generating concise answers, leading to a drop in performance as K increases.
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Figure 38: Results for MISTRAL-7B in the setting of Figure@
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Figure 39: Results for GEMMA-3 in the setting of Figureﬁ
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B.6 EXPLORE EXPERIMENTS ON THE MOVIE LENS DATASET

Experiment setup: We used the Movie Lens 100K dataset Harper & Konstan| (2015)), which con-
tains ratings from 943 users across 1682 movies, to model a stylized movie recommendation task.
Given a user, we run a multi-armed bandit algorithm over 7" rounds, where arms are movies and
rewards are random Bernoulli draws parameterized by the users’ ground-truth ratings. Since in the
dataset every user did not rate every movie, we used a standard algorithm to complete the data
matrix, namely the soft-impute low-rank matrix completion method from the fancyimpute Python
package. We then normalized this matrix so that all values were between 0 and 1.

Next we prompted the LLM to discretize the set of movies, i.e. to generate a representative subset
of size K € {10,19}. For each of the 943 users, we then ran a multi-armed bandit algorithm
(UCB1) over these K recommendations for 7" = 1000 rounds, and averaged the cumulative rewards
over all users. For baselines, we compared against running UCB1 over (1) a random subset of K
recommendations (different random draws for each user), and (2) a random movie from each of the
19 movie genres in the dataset (also different random draws for each user). For each algorithm and
baseline, we repeated the MAB procedure 5 times and averaged over time, to de-noise.

Our results for MISTRAL-7B and QWEN-2.5 are given in Table[I0](all numbers are average cumu-
lative rewards). We also tried running the experiment using LLAMA-3-8B and GEMMA-3, but the
list of all movies was too long to fit in the context window.

Model Avg Rew (K = 10) Avg Rew (K =19)
Qwen 671.88 678.25
Mistral 735.38 675.16

Random Selection 570.39 599.73
Genre-based — 617.27

Table 10: Comparison of results for K = 10 and K = 19

Thus, both LLMs significantly outperform all baselines for both values of K.

Unlike in our other explore experiments, the LLM has implicit knowledge about each of the movies
in the database, which it may leverage when selecting the discretization. In order to mitigate the
chance that the LLM overfits to “popular” movies, we included instructions in the prompt explicitly
stating to not take movie popularity into account. However, we didn’t notice a significant difference
in rewards from doing this versus not.

Prompt:

[SYSTEM] You are a movie expert helping a user choose a movie.

[USER] Here is a list of movies with their numeric IDs:{movie_list_str}

From this list, choose K movies. You don’t know what taste in movies the user
has, so select a diverse set of movies from different genres such that they will
most likely enjoy at least one of the movies you select. Respond ONLY with
the K numeric IDs, one per line, with no extra text. Do NOT consider a movie’s
popularity when deciding whether to select it.
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