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Abstract

We study Contextual Multi-Armed Bandits (CMABs) for non-episodic decision-
making problems where the context includes both textual and numerical information
(e.g., recommendation systems, dynamic portfolio adjustments, offer selection; all fre-
quent problems in finance). While Large Language Models (LLMs) are increasingly
applied to these settings, utilizing LLMs for reasoning at every decision step is compu-
tationally expensive, and uncertainty estimates are difficult to obtain. To address this,
we introduce LLMP-UCB, a bandit algorithm that derives uncertainty estimates from
LLMs via repeated inference. However, our experiments demonstrate that lightweight
numerical bandits operating on text embeddings (dense or Matryoshka) match or exceed
the accuracy of LLM-based solutions at a fraction of their cost. We further show that
embedding dimensionality is a practical lever on the exploration-exploitation balance,
enabling cost—performance tradeoffs without prompt complexity. Finally, to guide prac-
titioners, we propose a geometric diagnostic based on the arms’ embeddings to decide
when to use LLM-driven reasoning versus a lightweight numerical bandit. Our results
provide a principled deployment framework for cost-effective, uncertainty-aware deci-
sion systems with broad applicability across Al use cases.

1 Introduction

Contextual Multi-Armed Bandits (CMABs) provide a framework for sequential decision-making
in which an agent selects actions based on observed context and receives stochastic rewards (Lat-
timore & Szepesvari, 2020; Sutton & Barto, 2018). Unlike full reinforcement learning, CMABs
do not require modeling state transitions, making them well-suited to problems where interactions
are independently sampled rather than temporally dependent. This simplicity has enabled broad
adoption across domains including recommendation systems (Li et al., 2010), clinical trials (Villar
et al., 2015), and hyperparameter tuning (Li et al., 2018; Jackson et al., 2025). However, standard
CMAB algorithms operate on numerical feature vectors and cannot directly incorporate natural lan-
guage. This limitation is significant for applications where textual information (such as product
descriptions, user reviews, or document content) is central to the decision problem.

Large Language Models (LLMs) have emerged as a promising solution for directly applying lan-
guage to decision-making problems without the numerical CMABs limitations (Monea et al., 2025).
A bandit algorithm can be obtained with an LLM-based setup by appending past rounds of interac-
tion — consisting of a context, action and reward tuple — to the language model’s prompt '. The

'We will henceforth use the term prompt to refer to any information that is used as an input to the decoder-based LLM, and
exclusively use the term context for the contextual variables in the bandit setting. This is to disambiguate from the common
use of the term context in the language modelling literature.
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number of rounds in the prompt is limited by the model’s inference capacity, a common feature of
state-of-the-art LLMs. In these LLM-based CMABs, exploration is induced by randomly dropping
out past rounds from the prompt and increasing the sampling temperature as demonstrated in recent
works by Monea et al. (2025) and Sun et al. (2025). Such methods require additional hyperpa-
rameter tuning and underutilize established CMAB literature (Srinivas et al., 2009; Lu et al., 2010;
Lattimore & Szepesvari, 2020; Sutton & Barto, 2018). Our work seeks to reconcile the differences
between recent LLM-based and well-established numerical approaches.

Crucially, using LLMs in problems where a CMAB solution is expected to perform well requires
reliable uncertainty estimates that LL.Ms are limited in providing (Hager et al., 2025; Hobelsberger
et al., 2025; Tomov et al., 2025; Ulmer et al., 2025). This contrasts with the large number of nu-
merical bandit algorithms that directly handle uncertainty like Gaussian Process Upper Confidence
Bound (GP-UCB) and Thompson Sampling (TS) (Lattimore & Szepesvdri, 2020). To address this,
we turn to the concepts behind LLM Processes (Requeima et al., 2024) where the model is queried
multiple times on the same target to obtain a distribution rather than a single point prediction.

We evaluate recent approaches to incorporating language into decision making. We include datasets
of both numerical and textual features, compare LLM-based approaches to the numerical ones and
propose a new competitive method that enables uncertainty estimation for bandits using LLMs.
Our motivation is to combine the language understanding of LLMs with the uncertainty estimates
benefits of traditional bandit algorithms to ensure more reliable and flexible decision-making in chal-
lenging settings where more complex formalisms fail and both language and numerical information
are required for optimal performance.

To summarize, our contributions are:

* A comprehensive evaluation of LLM and non-LLM-based CMAB methods for decision-
making problems where the context information contains both textual and numerical features;

¢ Introducing LLM Process UCB bandits combining the benefits of uncertainty estimation used
by numerical bandits and the useful semantic priors of LLMs;

» Showing that numerical bandits maintain competitive performance when trained directly
on language embeddings;

» Empirically demonstrating that the dimensionality of the embeddings space directly affects
exploration and can be used to predict the performance gains resulting from using LLMs.

2 Preliminaries

In this section, we formally define the action space, different compositions of the context space and
different types of reward functions.

2.1 Contextual Multi-Armed Bandits

Context Space We combine numerical and textual information. At each round t 2 [T], the envi-
ronment presents a context Ct = [X¢; Z¢]q.n that is a stacking of a d-dimensional numerical context
vector X¢ 2 RY and the n-dimensional textual information z¢ (e.g., natural language description,
categorical features). Here, n can be arbitrarily large as it corresponds to the size of the vocabulary
in a natural language setting.

We may use the embedding function :Z ¥ R™ that maps textual information z¢ from the text
space Z to an m-dimensional vector representation where m is the embedding size. This would lead
to Ct = [X¢; Zt]d+m Where m << n.

Action Space We use discrete action space A with JAj = K arrps, Our objective is to learn a policy

: C ¥ A that maximizes the reward over T rounds Ry = I:1 ry. The reward is a mapping
R:C A ¥ R. Foreverypullt, ry = f(cy;a;) +  where ¢ issampled froma N (0; ?). We use
constant unless stated otherwise.
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2.2 Embeddings Models

Matryoshka Embeddings To use numerical bandits on traditionally language-based settings, we
use the embedding function :Z ¥ R™ to map textual information z; into a vector representation
of size m. Unlike standard dense embeddings, which require the entire vector to function correctly,
Matryoshka embeddings (Kusupati et al., 2024) are trained on a loss function with separate terms
for different sub-dimensions of the vector to increase the granularity of representation with the
number of dimensions. This allows us to use just the first K dimensions (where k m) to form
a smaller representation without losing the core semantic meaning. As K increases, the embedding
takes into account finer details of the data.

2.3 Types of Reward Functions

To perform informative evaluations, we implement a wide range of linear and non-linear reward
functions with varying dependencies on numerical and language context.

Linearity In the case of a linear reward function, the reward for a single pull t is the inner product
of the action-context vector [at; C¢] and the reward weights * dictating the value of each action
for a given context. A function T is non-linear if there exist X;y 2 R™ and 2 (0; 1) such that
f( x+(1 )y)& f(x)+(1 )F(y). Weoutline more complex functions in the Supplementary
material: piecewise linear in B.1, non-linear in B.2 and non-linear with more components in B.3.

LLM-as-a-Judge When using natural language, the reward is not a direct mapping of numerical
features X to a scalar r since language context Z is also relevant. For instance, when deciding which
product to purchase, consumers typically consider both numerical ratings and textual information
such as reviews. For problems where the context € contains both numerical features X and language
features z, we implement the reward function iy by prompting an LLM with the context ¢¢ and
action a¢ such that re = fyv(Ce;ar). The output can either be a direct scalar representing the
overall reward for the action in the given context, or a rubric where the LLM returns a vector
of scores pertaining to a predefined rubric e.g., relevance, correctness, creativity. Implementation
details in Supplementary Material B.4.

Feature Extraction Drawing from the established Natural Language Processing (NLP) literature,
we use feature extraction methods to derive structured scores, mirroring a rubric-based evaluation.
These scores are used to determine the reward without querying any LLMs. We include this type
of reward function for a more challenging setting that does not use an LLM’s semantic priors. We
provide a more detailed description and implementation in Supplementary Material B.5.

3 Related Work

In this section we provide an overview of related work in the space of bandits and LLMs for sequen-
tial decision making. A more extended version can be found in Appendix A.

Prompt-based Learning LL.Ms have been shown to increase performance when prompted with
examples of successful input-output pairs, a phenomenon commonly referred to as in-context learn-
ing (Brown et al., 2020); in this work we refer to it as in-prompt learning to avoid confounding
terminology with preceding contextual bandits literature. Agarwal et al. (2024) demonstrated that
performance scales with the number of examples in the prompt, which is limited by the prompt’s
maximum length and is sensitive to its ordering (Lu et al., 2022) and formatting (Ahmed et al.,
2025; Sgouritsa et al., 2024). Wenliang et al. (2025) further show that intuitive few-shot prompting
is suboptimal and that understanding prompting strategies remains an open area of scientific inquiry.

Genewein et al. (2025) also confirm that using non-intuitive, real-valued vectors outside the token
alphabet increases effectiveness and point to limitations that can only be overcome by further train-
ing. Similarly, Mukherjee et al. (2025) and Kirsch et al. (2024) have shown that causal transformers
can be meta-trained to act as in-context learners, which is beyond the scope of this work.

LLM-based Stochastic Processes Recent work expands the use of in-context learning and prompt
engineering to approximate text-conditioned stochastic processes. Requeima et al. (2024) demon-
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Figure 1: A taxonomy of the bandit architectures used in this work. a) and c) illustrate the case
where we perform reward function regression for each arm. Alternatively, in b) the LLM makes the
decision itself without modeling the expected reward of each arm.

strate that with carefully formatted prompts, LLMs can be used to obtain reliable point predictions
and uncertainty estimates. The Context is Key benchmark by Williams et al. (2025) provides compre-
hensive comparisons demonstrating that conditioning on language and past observations improves
prediction accuracy under rare events without additional covariates.

Combining Bandits and LLMs The “hybrid” approach by Baheri & Alm (2023) uses the LLM
layers closer to the nal output to encode language in a numerical vector to be used in traditional
CMAB methods. Although promising, their method's evaluation is limited to a synthetic dataset
and relies on having access to the LLM weights. Chen et al. (2025)'s method relies more heavily on
LLM queries as warm-starting guidance, then gradually anneals to standard bandit algorithms.

Monea et al. (2025) study the ability of LLMs to operate as contextual bandits by implementing
several algorithms and prompt composition strategies to balance exploration tradeoffs. They achieve
competitive results on more realistic classi cation problems in nancial and clinical domains. Song
et al. (2025a) also study a “hybrid approach” where the CMAB selects the actions that trigger the
LLM generation on which the reward is determined.

Sun et al. (2025) use the LLM as a reward predictor within classical bandit frameworks. Their LLM-
augmented Thompson sampling (TS-LLM) and Regression-Oracle (RO-LLM) algorithms leverage
LLM's “in-context” or “in-prompt” learning capabilities to predict the reward for each arm. This ap-
proach is most similar to our work and demonstrates particular effectiveness in challenging scenarios
where arms lack semantic meaning.

LLM Routing A growing literature routes or selects among models to control inference cost, dis-
patching easier queries to cheaper models. Fernandez et al. (2025) frame the joint choice of model
size and reasoning budget as an optimization over estimates of query dif culty and model-budget
abilities. This work shares our motivation of spending LLM capacity only where it helps, but the
role of the bandit differs: instead of allocating generation effort across LLMs, we explore CMABs
on text embeddings as a substitute for LLM reasoning.

4 Problem Statement

We set out to examine CMABSs involving textual, numerical, or combined contexts. We illustrate the
variable role of LLMs within the decision pipeline in Figure 1. We focus on two core questions:

Q1 When considering contextual bandit problems where the context contains both numerical and
language information, when are LLM-based bandits better than traditional contextual bandits?

Q2 When building natural language-guided contextual bandits, are LLM-Process based modeling
approaches better than in-context reinforcement learning using LLMs?
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In Figure 1, it should be noted that approach b) has been abundantly explored in the literature (Monea
etal.,, 2025; Song et al., 2025a; Baheri & Alm, 2023), whereas a simpler version of ¢) is used by Sun
et al. (2025) where the LLM is used to provide a single reward estimate rather than a distribution.
We can relate the research questions to the different setups in Figure 1.

Q1 can be thought of as: What is better, approach a) or one of b) or ¢) from Figure 1? Q2 can be
thought of as: Which one is better, approach b) or c) from Figure 1?

Numerical CMABs Corresponds to a in Figure 1. LinUCB maintains a linear model for each arm,
updating parameters with observed context and reward. Thompson Sampling maintains a proba-
bilistic model for each arm, sampling model parameters from their posterior distribution. Contex-
tual Gaussian Process (CGP-UCB) uses a Gaussian Process (GP) to model the reward as a function
of both context and action. It selects arms using a UCB criterion based on the GP's predicted mean
and standard deviation. For the GP we use a Radial Basis Function (RBF) kernel.

LLM Bandits Corresponds to b in Figure 1, uses the action, context, reward history to return the
next action. Directly prompts the LLM to do in-context reinforcement learning (ICRL).

LLM Process Corresponds to ¢, makes the mean and standard deviation prediction conditioned on
language and numerical context for every action. For each arm a 2 A, we query the LLM q times
with a xed prompt. The q responses are used to estimate mgamd standard deviation,"of

the reward for each arm. The next arm selection is based on the score function Sa}="",

with the hyperparametef. Both epistemic and sampling variance are included in . We induce
randomness by using a softmax temperature of 0:6 for the LLM. To the best of our knowledge, this
work is the rst one to combine the LLM Process and contextual bandits. We outline our method
in Algorithm 1. LLM Process Joint is a “joint' variant of our method, distinct in the computation

of line 5 in Algorithm 1, which is done by asking for the values of all the arms in the same prompt.
This is done the same number of times as the LLM Process does for each individual arm. Both with
the LLM Process and the LLM Process Joint, the g identical queries are done in parallel through
vLLM's optimized inference (Kwon et al., 2023).

Algorithm 1 LLM Process Bandit (LLMP-UCB)
1: Inputs: Total steps T; Environment E; Action set A

2: c;_ E:reset() Initialize environment context
3 H

4: fort=1to T do

5 foreacharma 2 A do LLM Process evaluation
6 Ra ;

7 fori=1toqdo

8 N LLM(c 1 ;a;temp=0:6) Sample predicted reward
9 Ra R a[f* g

10 end for

11 s mean(R a)

12 "o std(R a) Includes epistemic and sampling variance
13: S@ " at+ " a Compute score function
14: end for

15 a argmax g S(a) Select arm with highest score
16 G;ri;done E:step(a t) E returns reward r and the next context ¢
17 B:update(e1 ;at;rt;ct) Update bandit knowledge
18 H HI[f(r t;Regret;a;ci1 )9
19 if done then
20 G;_ E:reset() Reset if episode done
21: end if
22: end for

23: Output: History H

Note that the optimal reward ris only available in the case of a synthetic dataset and is only used
to track absolute regret and not used by the bandit.

2 was not tuned in this work. We only used the default =1
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5 Experimental Setup

Synthetic Dataset We test all the bandit architectures on a synthetically generated movie recom-
mendation dataset. Dataset generation details can be found in Supplementary Materials D. We
implement this in OpenAl's Gym environment format (Brockman et al., 2016). We test the bandits
on a wide range of reward functions: a linear reward function that is a simple lookup table of the pre-
ferred movies (fnum_lin), number-theoretic piecewise linear constraints nonlinl (B.1), polynomial
cubic or quadratic dependencies fnum_nonlin (B.2) to highly non-linear transcendental functions
containing sinusoids and exponentials nonlin2 (B.3), alongside semantic objectives derived through
feature extraction fextract (B.5) or direct LLM-as-a-judge fLLM (B.4).

Language Classi cation Dataset We use intent classi cation datasets where the bandit has to learn
to classify incoming data points from past observations, receiving only a binary reward signal
based on the prediction's accuracy. Banking77 (Casanueva et al., 2020) is a customer-complaint
intent classi cation dataset used in commercial banking, with 77 different intent labels. The TREC
dataset (Voorhees, 2000) comes in two variants, Coarse and Fine, and was originally designed to
benchmark information retrieval from a large corpus. TREC Coarse (Li & Roth, 2002) has 6 high-
level labels (e.g., “human”, “location”), whereas TREC Fine (Hovy et al., 2001) re nes these into 50
ner-grained labels (e.g., “human-being” or “group” under “human”, and “city” or “country” under
“location”). For these classi cation datasets, the action space consists of the labels, and the context
is each customer complaint in the case of Banking77, or the query to be answered in the case of
TREC. We list the embedding models used in Supplementary Material E.

Baselines In addition to the algorithms in section 4, we implement the Regression Oracle (Foster
et al., 2018) where we take the best results from the hyperparameter sweep ranges recommended
by Sun et al. (2025). We include the LLM Thompson Sampling Bandit by Sun et al. (2025) as

it corresponds to a single-query instance of the LLM Process Bandit (Algorithm 1). We test the
synthetic dataset in an RL-Gym environment and the language-only classi cation datasets on top of
the LLM Bandit baselines implemented by Monea et al. (2025), using the same initial prompt and
task description as their implementation for a fair evaluation. Zero-Shot corresponds to the control
of asking the LLM to choose an arm without any past rounds in the prompt and Random is uniformly
sampling an arm with replacement every round. We validate our numerical bandit implementations
in Supplementary Materials C. We use Llama3.1 (Gratta ori et al., 2024) and Qwen2.5 (Qwen et al.,
2025) as our LLMs in line with Monea et al. (2025).

Our method We test the two variants of our proposed method, LLMP Bandit and LLMP-Joint
Bandit, as detailed in Algorithm 1 and in Section 4.

6 Results
This section contains the result of our evaluation and the performance of our proposed method.

6.1 Synthetic Dataset

Table 1 shows the cumulative regret and standard deviation across the synthetic benchmarks, demon-
strating that our proposed LLMP-Joint and LLMP-Bandit architectures achieve state-of-the-art
performance in semantically rich and complex non-linear environments. Speci cally, LLMP-Joint
achieves the best mean regret on the language-dependent tasks, achieving the lowest regret on fex-
tract (2:6 0:6) and fLLM (35:6 6:9), suggesting that joint estimation of arm values effectively
captures the nuance of language-based rewards where independent priors fail. In contrast, for the
strictly linear numerical setting (fnum_lin), the traditional LinUCB algorithm outperforms LLM-
based approaches (36:6 9:4), indicating that expensive semantic reasoning is redundant for linear
numerical reward landscapes. However, as the numerical relationships become highly non-linear
(nonlin1, nonlin2), the calibrated uncertainty of our LLMP variants outperforms both the standard
LLM-Bandit and CGP-UCB by linking semantic understanding and numerical optimization.

Figure 2 shows the temporal evolution of cumulative regret, revealing distinct learning dynamics. In
the fextract reward function with the extracted features, LLMP-Joint demonstrates superior sample
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Table 1: Cumulative regret and standard deviation across 5 seeds with different reward functions.

Algorithm fextract fLLM fnum_lin fnum_nonlin nonlinl nonlin2
CGP-UCB 8:2 22 65:60 8:04 199:80 25:1 4449 456 3150 28:2 235:3 27:0
LinuCB 10:2 19 43:2 7:3 36.6 9.4 351:9 455 181:6 26:3 23.0 7.2
LLM-Bandit 11:5 1.0 36:0 6:9 190:0 16:3 302.7 42.0 346:6 28:7 43:7 10:6
LLMP-Bandit 17:2 2:9 40:00 7:1 542 114 378:6 36:9 150.0 22.4 232 9.6
Random 27:6 3.7 130:4 8:0 256:2 25:2 568:2 48:2 297:2 26:0 297:5 27:8
Thompson 1419 2:4 54:6 7:8 54:0 12:4 317:1 431 152.8 19.3 72:9 147
ZeroShot 12:7 0:9 180:6 4:0 220:0 145 885:2 30:5 265:2 14:8 258:6 16:6
LLMP-Joint 2.6 0.6 35.6 6.9 65:7 14:1 374:2 438 150.0 23.2 103:7 20:6

ef ciency, with its regret curve attening signi cantly earlier than other baselines. We therefore posit
that modeling the joint distribution of arm values is critical for capturing correlated semantic fea-
tures. Conversely, the strictly linear fnum_lin setting exposes the drawback of this approach: here,
the specialized LinUCB algorithm converges fastest, whereas LLM-based methods incur higher re-
gret by attempting to nd complex patterns in a simple linear surface. However, the plots also high-
light the sensitivity of numerical methods in complex settings as LinUCB fails to learn in non-linear
environments like nonlinl (exhibiting linear regret growth) while our LLM-based agents maintain
sub-linear trajectories where traditional linear assumptions break down. In all cases, one of the two
variants we propose, LLMP-Bandit or LLMP-Joint, matches or surpasses the traditional LLM
Bandits where the LLM chooses the arm directly instead of only being used for value estimation.

Figure 2: Full experimental results of the different algorithms and reward functions

6.2 Language Classi cation Datasets

Figure 3 and Figure 4 show a clear tradeoff between the complexity of the action space and the per-
formance of our proposed methods. LLMP-Joint performs poorly on Banking77, which contains

77 classes with high semantic similarity (e.g., distinguishing between declined_card_payment and
declined_cash_withdrawal), dropping well below the accuracy of the LLMP-Bandit and stan-

dard LLM-Bandit. Jointly evaluating a large number of subtly different options does not make the
best use of the limited prompt length. However, on TREC Coarse (containing only 6 distinct cat-
egories), LLMP-Joint performs competitively. This indicates that the joint method is effective for
small action spaces but underperforms when the arms in the prompt are semantically similar.

In Figure 3 and 4, the horizontal dashed lines show that standard numerical bandits operating on
static Dense or Matryoshka embeddings often match or outperform the complex online LLM agents
in tasks where the arms are semantically similar. Additionally, the step time plots (bottom rows)
reveal that LLMP-Joint is the most computationally expensive approach. Due to having to generate
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Figure 3: Llama3.1-8B Results for all the methods with the numerical baselines as horizontal lines.

Figure 4: Qwen2.5-7B Results for all the methods with the numerical baselines as horizontal lines.

a score for every arm at every step, LLMP-Joint incurs a much higher inference cost, making it
less suitable for high-dimensional problems like Banking77 despite its theoretical advantages with
smaller action spaces.

7 Discussion

In this section, we interpret the results to explicitly answer the research questions posed in section 4.

Q1 on comparing LLM-based and traditional bandits: Our results indicate that the superiority of
LLM-based approaches is more closely tied to the complexity of reward functions rather than the
mere presence of natural language in the context. In environments with complex, non-linear nu-
merical reward functions like nonlin2 and nonlinl, LLM-based bandit architectures perform best
alongside at least one of the numerical CMABSs. In any setting where the reward function is deter-
mined either directly from language by an LLM like fLLM or by language feature extraction like
fextract, LLM Process bandits outperform the rest. However, for standard classi cation tasks like
Banking77, we nd that traditional numerical bandits are surprisingly effective.

Q2 on LLM Processes: We observe that explicitly modeling reward distributions (LLMP) generally
outperforms direct in-context learning by providing a principled mechanism for uncertainty. How-
ever, while the LLMP-Joint variant excels in low-dimensional action spaces by capturing relative
values, it degrades in high-dimensional settings like Banking77 due to context window constraints
and semantic similarity of the arms. While process-based uncertainty is effective, independent esti-
mation or ef cient numerical methods are preferable for high-dimensional action spaces.






