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Abstract

Many real-world decision-making problems, including recommendation, tool se-1

lection, and model routing, require choosing among actions described in natural2

language while observing feedback only for the selected action. Contextual bandits3

provide a principled framework for exploration under such partial feedback, but4

standard implementations typically start from uninformative reward-model priors5

and can adapt slowly in cold-start or evolving-action regimes. Large language6

models (LLMs) offer useful semantic knowledge from reward-free text, yet using7

an LLM directly as the online decision maker does not by itself provide calibrated8

uncertainty or principled exploration. We study textual contextual bandits, where9

both contexts and actions are represented by text, action descriptions are available10

without reward labels, and the action set may evolve over time. We propose LLM-11

PriorCB, a two-stage framework that separates semantic prior construction from12

online learning. In the offline stage, an LLM estimates rewards for reward-free13

context-action text pairs, and these estimates are distilled into action-specific prior14

parameters. In the online stage, LLM-PriorCB applies a disjoint linear UCB rule15

initialized by these action-specific priors, and updates only the selected action’s16

parameter using observed rewards, without further LLM queries. We derive prior-17

dependent regret guarantees for the resulting disjoint linear bandit, showing how18

prior misspecification affects the confidence radius while preserving no-regret19

learning. Experiments on MovieLens and GAIA show that LLM-PriorCB reduces20

cumulative regret relative to LinUCB, CBLI, and prompted LLM policy baselines.21

1 Introduction22

Many real-world applications make decisions from natural-language inputs by selecting among23

alternatives also described in natural language, including recommender systems [21, 14, 26], LLM24

routers [18, 7], and tool-use or agentic systems [22, 4, 5]. These settings naturally involve bandit25

feedback, since only the outcome of the selected action is observed, and often feature evolving action26

sets as new items, models, APIs, or tools are introduced [15, 28]. Thus, effective decision making27

requires both exploration under partial feedback and rapid generalization to new actions.28

LLMs are attractive in this setting because they encode broad linguistic, factual, and commonsense29

knowledge from large-scale pretraining [9, 20, 6], and have been used for recommendation, routing,30

and tool selection [21, 22, 18, 7]. However, directly using an LLM as the decision maker does not31

solve online learning [19]. Standard LLM pipelines lack decision-relevant posterior uncertainty,32

principled exploration from partial feedback, and regret guarantees. Moreover, empirical studies show33

that native in-context exploration by LLM agents is brittle and benefits from explicit algorithmic34

support [12, 17]. Semantic prior knowledge alone is therefore insufficient for reliable decision making35

under partial feedback.36
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Contextual bandits provide principled exploration strategies and theoretical guarantees for partial-37

feedback learning [15, 8, 1, 2, 13], with recent extensions to neural function approximation and large38

action spaces [27, 28]. While modern text encoders can provide useful semantic representations for39

contexts and actions, existing bandit methods still typically initialize reward models from uninfor-40

mative priors and adapt them only through sparse online feedback. As a result, even with pretrained41

embeddings, the learner may require substantial interaction to identify reward-relevant structure,42

particularly in cold-start settings and environments with evolving action spaces.43

Prior work shows that warm-start signals can reduce early regret, but must be robust to mismatch44

with online rewards [25]. Recent evidence also suggests that LLM-generated information can provide45

useful prior knowledge for contextual bandits [3]. This raises our key question: can we use the46

semantic prior knowledge of LLMs while preserving the uncertainty-aware online learning behavior47

of contextual bandits?48

We formalize textual contextual bandits, where both contexts and actions are natural-language49

descriptions and the available action set may evolve over time. At each round, the learner observes a50

textual context and a set of text-described actions, selects one action, and observes only its reward.51

The goal is to use textual semantics to improve early decisions while allowing online feedback to52

correct wrong prior beliefs.53

We propose LLM-PriorCB, a framework that integrates LLM-induced priors with online contextual54

bandit algorithms. The LLM constructs prior beliefs over context-action pairs from their textual55

descriptions, while posterior updates rely on observed rewards. Crucially, the LLM does not directly56

choose actions. Instead, it provides an informative initialization, while the bandit algorithm governs57

online action selection and exploration. When the prior is informative, this initialization improves58

sample efficiency and reduces early-stage regret. When the prior is misspecified, online reward59

feedback can progressively correct the induced beliefs.60

Our contributions are:61

• We introduce textual contextual bandits, covering textual contexts, textual actions, partial62

feedback, and evolving action sets.63

• We propose LLM-PriorCB, which converts LLM-induced semantic information into priors64

for online contextual bandit learning.65

• We prove the asymptotic optimality of LLM-PriorCB, even under prior misspecification.66

• We empirically show that LLM-PriorCB achieves stable and robust performance.67

2 Preliminaries68

This section introduces the contextual bandit notation used throughout the paper and recalls the69

feature-based reward models on which our method builds.70

Contextual bandits. We consider a contextual bandit over horizon T . At each round t ∈ [T ], the71

learner observes a context ct and a finite available action set At, selects at ∈ At, and observes only72

the reward of the selected action. For each action a, let Yt(a) denote its potential reward and define73

µ(ct, a) := E[Yt(a) | ct], yt = Yt(at) = µ(ct, at) + ηt,

where ηt is conditionally mean-zero noise. The optimal action, optimal expected reward, instantaneous74

regret, and cumulative regret are defined as75

a∗t ∈ arg max
a∈At

µ(ct, a), µ∗
t = µ(ct, a

∗
t ), rt = µ∗

t − µ(ct, at), RT =

T∑
t=1

rt.

A policy selects actions using the past interaction history and the current context-action set.76

Feature-based models. Many contextual bandit algorithms represent each context-action pair by a77

feature vector zt,a ∈ RD. Linear methods assume78

µ(ct, a) = µ(zt,a) = z⊤t,aθ
∗,
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where θ∗ ∈ RD is an unknown parameter vector. They then use confidence sets or posterior sampling79

for exploration, as in LinUCB and Thompson sampling [15, 2]. For our purpose, the key limitation is80

the lack of informative reward-aware priors over the bandit parameters. Even with strong pretrained81

embeddings, contextual bandit algorithms typically initialize reward models from uninformative82

priors and must adapt them using sparse online feedback.83

3 Textual Contextual Bandits84

We define a textual contextual bandit as a contextual bandit in which both contexts and actions are85

described by natural language. At round t, the learner observes a textual context ct ∈ C and an86

available action set At, where each action a ∈ At has a textual description sa ∈ S. Let87

ψ : C ∪ S → Rd

denote a text embedding model that maps textual contexts and action descriptions into vector88

representations, and let89

Ψ : Rd × Rd → RD

denote a joint feature map that combines context and action representations. The textual information90

is embedded and combined as91

zt = ψ(ct), za = ψ(sa), zt,a = Ψ(zt, za)

and the expected reward is written as µ(zt,a) = µ(ct, a). Accordingly,92

a∗t ∈ arg max
a∈At

µ(zt,a), µ∗
t = µ(zt,a∗

t
), rt = µ∗

t − µ(zt,at
), RT =

T∑
t=1

rt.

For analysis, we consider either a linear model93

µ(zt,a) = z⊤t,aθ
∗

or a disjoint arm-specific model94

µ(zt,a) = z⊤t,aθ
∗
a.

In the disjoint setting, θ0,a denotes the prior parameter for arm a, and θ̂t,a denotes its online estimate.95

LLM-PriorCB uses the LLM as a source of prior information rather than as the final decision maker.96

Specifically, the LLM uses textual descriptions to construct representations or prior parameters, while97

the bandit algorithm selects actions and updates estimates from observed rewards. This separation98

allows the learner to exploit semantic knowledge before sufficient feedback is available while99

preserving uncertainty-aware exploration and regret analysis.100

Before online interaction, the learner may access a reward-free textual dataset101

D0 = (C0,A0, {sa}a∈A0
)

which contains textual contexts and action descriptions but no logged reward tuples (c, a, y). In our102

framework, D0 is used only to extract LLM-induced prior information before deployment.103

4 LLM-PriorCB104

We propose LLM-PriorCB, a two-stage framework for textual contextual bandits. In the offline stage,105

an LLM is used to construct action-specific prior parameters from the reward-free textual dataset D0106

defined in Section 3. In the online stage, a prior-centered UCB algorithm selects actions and updates107

its estimates using observed rewards. After online interaction begins, the LLM is no longer queried.108

Thus, the LLM provides only prior information, while exploration and adaptation are handled by the109

bandit algorithm.110
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4.1 Offline Construction of LLM-Induced Priors111

We focus on the disjoint linear model from Section 3, where each action a has an unknown parameter112

θ∗a and reward model µ(zt,a) = z⊤t,aθ
∗
a. The goal of the offline stage is to construct an informative113

prior parameter θ0,a ∈ RD for each action a.114

For each offline context ci ∈ C0 and action a ∈ A0, we query an LLMM with the textual pair115

(ci, sa) to obtain an estimated expected reward. When using M samples, we average the LLM outputs116

as117

µ̂i,a =
1

M

M∑
m=1

µ̂
(m)
i,a .

Here, µ̂(m)
i,a denotes the m-th LLM-generated estimate for (ci, sa).118

We introduce a prior encoder fϕ : Rd → RD that maps the action embedding za = ψ(sa) to the119

prior parameter θ0,a = fϕ(za). The encoder is trained to make the induced linear predictor match the120

LLM-generated reward estimates:121

min
ϕ

1

|C0| |A0|
∑
ci∈C0

∑
a∈A0

(
µ̂i,a − z⊤i,afϕ(za)

)2
. (1)

After training, we set θ0,a = fϕ(za). For a newly introduced online action a /∈ A0, we initialize its122

prior in the same way from its textual description sa.123

4.2 Online Learning with Prior-Centered UCB124

Given the LLM-induced priors {θ0,a}, online learning proceeds with an action-wise prior-centered125

UCB rule. For each action a, initialize126

A0,a = λID, b0,a = λθ0,a.

At round t, define the current estimate127

θ̂t−1,a = A−1
t−1,abt−1,a.

For each available action a ∈ At, compute128

Ut(a) = z⊤t,aθ̂t−1,a + βdis
t−1(δ)

√
z⊤t,aA

−1
t−1,azt,a,

where βdis
t−1(δ) is an exploration coefficient controlling the uncertainty bonus. The learner selects129

at ∈ arg max
a∈At

Ut(a).

After observing yt, only the selected action is updated:130

At,at
= At−1,at

+ zt,at
z⊤t,at

, bt,at
= bt−1,at

+ ytzt,at
.

For all a ̸= at, set At,a = At−1,a and bt,a = bt−1,a.131

5 Theoretical Derivation132

Theorem 5.1 (Cumulative regret analysis). Suppose Assumptions A.1, A.2, A.3, A.4, and A.5 hold.133

Suppose that at every round t = 1, . . . , T , the selected arm at satisfies134

at ∈ arg max
a∈At

[
z⊤t,aθ̂t−1 + βt−1(δ)

√
z⊤t,aA

−1
t−1zt,a

]
.

Then, with probability at least 1− δ,135

RT :=

T∑
t=1

rt ≤ 2βT (δ)

√
2Tcλ log

det(AT )

det(λID)
,
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where136

βt(δ) := R

√
2 log

det(At)1/2

det(λID)1/2δ
+
√
λS∆

and137

cλ := max

{
1,
L2

λ

}
.

The above theorem can be specialized to LLM-PriorCB as follows.138

Corollary 5.2 (Cumulative regret analysis for LLM-PriorCB). Suppose the assumptions in Theo-139

rem 5.1 hold. Consider the disjoint linear model140

µ(zt,a) = z⊤t,aθ
∗
a, zt,a ∈ RD, a ∈ [K],

with arm-specific prior parameters θ0,a ∈ RD. Then the arm-wise LLM-PriorCB rule induced by141

this block representation satisfies, with probability at least 1− δ,142

RT ≤ 2βdis
T (δ)

√
2Tcλ log

∏K
a=1 det(AT,a)

λKd
,

where143

At,a := λId +

t∑
i=1

1{ai = a}zi,az⊤i,a

and144

βdis
t (δ) := R

√
2 log

∏K
a=1 det(At,a)1/2

λKd/2δ
+
√
λS∆.

6 Experiments145

We evaluate our method on two benchmark tasks constructed from the MovieLens dataset [10] and146

the GAIA dataset [16].147

6.1 MovieLens148

We adopt a semi-synthetic contextual bandit task based on the MovieLens dataset [10], following an149

experimental design introduced in prior work, most notably EVOLvE [17]. This semi-synthetic setup150

provides controlled access to key components of the environment, such as oracle context features and151

ground-truth rewards, while preserving realistic user and movie information derived from real-world152

data.153

Dataset We use the MovieLens-100k dataset [10], a widely adopted benchmark for recommendation154

system evaluation. It consists of 100,000 explicit ratings on a 5-point scale, collected from N = 943155

users on 1,682 movies. Each user has provided at least 20 ratings and is associated with demographic156

attributes, including age, gender, occupation, and zip code. Each movie is described by metadata157

such as its title, release year, and genre tags. Together, these features provide a natural testbed for158

studying contextual decision-making with textual side information. Following prior work, we restrict159

the action set A to the top-K most-watched movies, where K = 10 corresponds to a relatively easy160

setting and K = 30 induces a more challenging problem.161

Environment To construct the ground-truth reward function, we apply singular value decomposition162

(SVD) to the user–movie rating matrix P ∈ RN×K and obtain a low-rank approximation [11].163

Specifically, we approximate P as P̃ = UΣV ⊤, where U and V denote user and movie embedding164

matrices, respectively. The reward for recommending movie a to user i is computed as µ(zi,a) =165

u⊤i Σva.166

At each time step, a user is sampled, and the agent receives contextual information according to the167

current information regime. The agent selects one movie from a finite action set and receives a scalar168

reward corresponding to the user’s preference.169
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(a) Oracle Regime (b) Text-Only Regime

Figure 1: Performance as a function of the interaction horizon forK = 10. PriorCB (ours) consistently
achieves significantly lower cumulative regret compared to baseline methods, demonstrating strong
sample efficiency in the oracle regime. We observe a similar qualitative trend in the text-only regime,
indicating that the advantage of PriorCB persists even when only textual information is provided.
Shaded regions indicate ± one standard error over 10 independent runs.

Information Regimes We consider two information regimes. (i) Oracle Context Regime: the agent170

has direct access to latent user context features ui obtained from the low-rank approximation, which171

are also used to generate rewards. (ii) Text-Only Context Regime: the latent user context features are172

hidden, and the agent must infer effective context features solely from textual descriptions of user173

demographic information. The Oracle Context Regime closely resembles the classical contextual174

bandit setting, whereas the Text-Only Context Regime more closely reflects practical real-world175

scenarios.176

Baselines and Experimental Setup In the Oracle Context Regime, we compare our method177

against CBLI [3], standard LinUCB [15], and two prompted LLM policy baselines, RH and AG,178

both of which prompt an LLM to directly select actions [17]. RH represents past interactions as raw179

(context, action, reward) tuples and provides them, together with the current context and available180

actions, as the LLM prompt. AG augments the prompt with LinUCB-derived exploitation values and181

exploration bonuses, so that the LLM receives explicit algorithmic guidance for action selection. In182

the Text-Only Context Regime, we focus on baselines whose action-selection rules are fully specified183

under the same text-derived feature representation. We therefore report CBLI [3] and LinUCB [15].184

We omit RH and AG because they are prompted LLM policy baselines requiring LLM inference185

at every round, and adapting AG’s oracle-context LinUCB guidance to text-only features would186

introduce an additional implementation variant beyond the original baseline.187

For prior construction, we use QWEN3-4B-INSTRUCT-2507 [24] as the LLM M and QWEN3-188

EMBEDDING-8B as the text encoder ψ. We select a subset of 100 users from the dataset as D0. For189

each user i and movie a in D0, we estimate the corresponding rating by prompting the LLMM with190

the user’s demographic attributes ci and the movie’s metadata sa. Each user–movie pair is queried 10191

times, and the resulting predictions are averaged to obtain prior reward estimates. These estimated192

ratings are used both for prior construction in our algorithm and for CBLI pretraining.193

For the action encoder, the mapping function fϕ is implemented as a two-layer multilayer perceptron194

(MLP). We train fϕ by minimizing the MSE objective defined in Equation 1. During online learning,195

users are sampled from a dataset disjoint from D0. All online experiments are conducted over 10196

random seeds, and performance is evaluated using cumulative regret. Details of the prompting197

templates and training are provided in Appendix D.1.198

6.2 Experimental results199

Experiments with K = 10 We first evaluate all methods in an oracle regime, where the agent is200

provided with oracle-quality action representations. This setting isolates the effect of the learning al-201

6



(a) Oracle Regime (b) Text-Only Regime

Figure 2: Performance as a function of the interaction horizon when K = 10 in prior construction
and K = 30 when online learning. Shaded regions indicate ± one standard error over 10 independent
runs.

(a) Oracle Regime (b) Text-Only Regime

Figure 3: We report cumulative regret of LLM-PriorCB for λ ∈ [0.01, 2.0] under (a) the oracle regime
and (b) the text-only regime. Smaller λ consistently yields lower regret, while larger λ degrades
performance, indicating that overly confident priors can suppress exploration and hinder effective
online adaptation.

gorithm itself by removing confounding factors arising from noisy or mis-specified textual encodings202

of the context. As shown in Figure 1(a), LLM-PriorCB (abbreviated as PriorCB in figures) achieves203

significantly lower cumulative regret than all baseline methods across the entire horizon, demon-204

strating strong sample efficiency. This result indicates that LLM-PriorCB can effectively exploit205

informative representations while maintaining sufficient exploration. In contrast, LinUCB performs206

poorly in this setting, as it learns action representations entirely from scratch and therefore requires a207

substantial amount of exploration. CBLI also exhibits limited exploration due to its inherent design,208

leading to suboptimal performance even under oracle access. As a result, its convergence is slower209

than that of the naive LinUCB. Furthermore, RH and AG fail to achieve competitive performance,210

suggesting that relying solely on LLM-based decision making without principled online learning and211

exploration mechanisms is insufficient.212

We then evaluate the methods in a text-only regime (Figure 1(b)), where context and action repre-213

sentations are derived solely from natural language descriptions. This setting is closer to real-world214

problem scenarios, and despite the additional noise and ambiguity introduced by textual representa-215

tions, LLM-PriorCB maintains a clear advantage over competing methods, indicating that its benefits216

are not limited to idealized oracle settings. In Appendix B, we report additional results over an217

extended horizon of up to 20,000 steps. Together, these results demonstrate that LLM-PriorCB218
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effectively leverages prior information both when representations are reliable and when they must be219

inferred from noisy textual descriptions.220

Experiments with dynamic action set Furthermore, we evaluate the methods in an arm-evolving221

setting, where the available action set changes over time. Specifically, the offline textual dataset D0222

contains prior information for only K = 10 actions, while online learning is conducted with an223

expanded action set of K = 30 actions. Thus, many actions appearing during online interaction are224

not included in the offline prior construction stage. As shown in Figure 2, LLM-PriorCB consistently225

outperforms baseline methods despite this mismatch between the offline prior set and the online226

action set. While this experiment represents only a limited evaluation of evolving-action scenarios,227

the results suggest that LLM-PriorCB can effectively accommodate newly introduced actions by228

leveraging textual prior information.229

Ablation studies We further conduct an ablation study on the exploration parameter λ, which230

controls the strength of the prior in LLM-PriorCB As shown in Figure 3 smaller values of λ con-231

sistently lead to lower cumulative regret in this experiments. This observation suggests that overly232

trusting the prior can hinder effective exploration, preventing the agent from adequately incorporating233

online feedback. This behavior is consistent with the poor performance of CBLI observed in earlier234

experiments, where limited exploration due to strong reliance on prior estimates leads to suboptimal235

outcomes. Additional ablation studies on the feature dimension, rank, and the number of actions are236

provided in Appendix B.237

6.3 GAIA238

Dataset We conduct experiments on the GAIA [16] benchmark, a dataset designed to evaluate239

General AI Assistants on realistic user queries that require a combination of fundamental abilities.240

The questions are formulated to have a brief, unambiguous correct answer, making verification241

straightforward. We construct a text-only subset of GAIA by filtering out instances that require visual242

understanding. After filtering, the subset contains 127 questions from validation set and 230 questions243

from test set.244

Environment We formulate tool selection as a contextual bandit with a set of K = 3 tools. The245

three arms correspond to reason-only (using only internal knowledge without any web search; low246

cost), search-light (using single web search with one query; mid cost), and search-deep (using247

three web search with three distinct queries; high cost). Detailed descriptions are provided in the248

Appendix D.2.2. At each time step, the agent receives a question, and the agent selects one tool249

from a set of K tools, after which it receives a scalar reward defined by a pre-designed function.250

Specifically, we set the expected reward for tool a to question ci as µ(zt,a) = accuracy − cost,251

where accuracy ∈ {0, 1} is computed via quasi-exact match against the ground-truth answer, and252

the cost is a fixed tool-dependent penalty.253

Baelines We consider two baselines: naive LinUCB [15] with froze embedding backbone, CBLI [3].254

Experimental setup We evaluate gpt-5-mini [23] and gpt-5.2 on GAIA benchmark. These models255

are used as prior LLMs for offline prior construction, while online learning and evaluation are256

performed on the validation set under a contextual bandit.257

For prior construction, we use the GAIA benchmark test set as D0. For each question ci and tool a,258

we obtain an estimated score by prompting an LLM with the question together with the descriptions259

of all available tools. The full prompt template is provided in Appendix D.2.2. Subsequently, we train260

a two-layer MLP action encoder on the generated dataset, using QWEN/QWEN3-EMBEDDING-8B as261

a frozen embedding backbone. The experimental details are explained in Appendix D.2.3.262

For online learning, we use the GAIA benchmark validation set. Due to the limited number of263

validation instances, we repeat the online evaluation for 100 iterations (with reshuffling and different264

random seeds).265

Experimental results Figure 4 reports the cumulative regret of PriorCB, LinUCB, and CBLI in266

the main GAIA experiment. Overall, PriorCB achieves substantially lower cumulative regret than267
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Figure 4: Performance as a function of the interaction horizon when K = 3 using gpt-5.2 with
medium reasoning effort. Shaded regions indicate ± one standard error over 3 independent runs. We
use the validation split for evaluation due to answer-label availability. Priors are constructed either
from the validation set (same eval contexts) or from the test set (different eval contexts), using no
labels.

the baselines, indicating that the LLM-induced prior provides useful initialization for subsequent268

online learning. Figure 4(a) and Figure 4(b) correspond to priors constructed from a different context269

set and from the evaluation context set, respectively. In both cases, prior construction uses only270

reward-free textual information and does not access environment rewards, labels, or answers. CBLI271

shows substantial variation depending on the dataset used for prior construction. By contrast, PriorCB272

remains stable across the two prior-construction settings, while LinUCB is also stable but lacks273

the benefit of LLM-induced initialization. Additional results for the prompted LLM policy baseline274

RH [17] are provided in Appendix C.1. Since RH requires LLM inference at every decision step, we275

report it separately from the main long-horizon comparison. Appendix C.1 also includes RH results276

with GPT-5.2 and GPT-5-mini, together with the long-horizon GPT-5-mini results for LinUCB, CBLI,277

and PriorCB. The average reward results are reported in Appendix C.2.278

7 Conclusion279

We studied textual contextual bandits, where both contexts and actions are described in natural280

language and the action set may evolve over time. To bridge LLM-based decision making and281

principled bandit learning, we proposed LLM-PriorCB, a two-stage framework that uses an LLM only282

to construct reward-free offline priors from textual information, and then performs online learning283

solely through a standard contextual bandit algorithm. Theoretically, we establish prior-dependent284

cumulative regret guarantees for disjoint linear contextual bandits, showing that well-aligned offline285

priors can reduce the regret bound, while prior misspecification enters only through explicit arm-wise286

bias terms. Across experiments on MovieLens and GAIA, LLM-PriorCB consistently achieved lower287

regret than baselines under both oracle and text-only regimes, degraded gracefully under mis-specified288

priors, and showed promising performance when the action set expanded between prior construction289

and online learning. Our results highlight the importance of separating prior knowledge extraction290

from online adaptation, enabling stable exploration and reliable improvement from sparse bandit291

feedback.292

There are several directions for future work. First, while our evolving-arm experiment provides initial293

evidence of robustness, broader evaluations under more diverse non-stationary action dynamics would294

further clarify the limits of the approach. Second, extending the prior construction stage to incorporate295

richer uncertainty estimates (e.g., calibrated prior covariances) and exploring tighter integrations296

with contextual bandit variants beyond linear models are promising avenues. Finally, applying the297

framework to real-world deployments with latency and cost constraints remains an important step298

toward practical LLM-assisted online decision-making systems.299
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Algorithm 1 Prior-centered LinUCB

Require: Prior parameter θ0 ∈ RD, regularization λ > 0, confidence level δ ∈ (0, 1)
1: Initialize A0 ← λID
2: Initialize b0 ← λθ0
3: for t = 1, 2, . . . , T do
4: Observe context ct and available arm set At

5: for all a ∈ At do
6: Construct joint feature zt,a ← Ψ(ψ(ct), ψ(sa))
7: end for
8: Compute θ̂t−1 ← A−1

t−1bt−1

9: Select

at ← arg max
a∈At

[
z⊤t,aθ̂t−1 + βt−1(δ)

√
z⊤t,aA

−1
t−1zt,a

]
10: Observe reward yt
11: Update

At ← At−1 + zt,atz
⊤
t,at

12: Update
bt ← bt−1 + ytzt,at

13: end for

A Theoretical Derivation459

For the theoretical derivation, we analyze the sequence generated by an arbitrary adaptive policy.460

The proof below does not depend on the internal implementation of Algorithm 1, except when we461

explicitly impose the UCB selection rule for the instantaneous regret bound.462

Assumption A.1 (Adaptive bandit protocol). At each round t, before observing the reward yt, the463

learner observes the context ct and a nonempty finite arm setAt. For each a ∈ At, the joint feature is464

zt,a = Ψ(ψ(ct), ψ(sa)) ∈ RD.

The learner selects at ∈ At before observing yt.465

LetHt denote the pre-reward sigma-field at round t, containing all past observations and the current466

context, arm set, and selected arm:467

Ht = σ
(
θ0, c1,A1, a1, y1, . . . , ct−1,At−1, at−1, yt−1, ct,At, at

)
.

Then xt := zt,at
isHt-measurable.468

Assumption A.2 (Linear reward model). There exists a fixed but unknown parameter469

θ∗ ∈ RD

such that for every context-arm pair,470

µ(zt,a) = z⊤t,aθ
∗.

The optimal arm at round t is471

a∗t ∈ arg max
a∈At

µ(zt,a),

and the optimal expected reward is472

µ∗
t = µ(zt,a∗

t
).

Assumption A.3 (Bounded features). There exists L > 0 such that473

∥zt,a∥2 ≤ L

for all t and all a ∈ At. Equivalently,474

∥zt,a∥2(λID)−1 ≤
L2

λ
.
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Algorithm 2 LLM-PriorCB

Require: Offline textual dataset D0 = (C0,A0, {sa}a∈A0
), LLMM, number of LLM samples M ,

embedding map ψ, joint feature map Ψ, prior encoder fϕ, regularization λ > 0, confidence level
δ ∈ (0, 1), horizon T
Stage I: Offline prior construction

1: for all ci ∈ C0 do
2: zi ← ψ(ci)
3: for all a ∈ A0 do
4: za ← ψ(sa), zi,a ← Ψ(zi, za)

5: QueryMM times with (ci, sa) to obtain {µ̂(m)
i,a }Mm=1

6: µ̂i,a ← 1
M

∑M
m=1 µ̂

(m)
i,a

7: end for
8: end for
9: Train fϕ by minimizing Eq. equation 1

10: for all a ∈ A0 do
11: θ0,a ← fϕ(ψ(sa))
12: end for

Stage II: Online learning
13: Initialize the set of initialized arms I ← ∅
14: for t = 1, 2, . . . , T do
15: Observe context ct and available arm set At

16: zt ← ψ(ct)
17: for all a ∈ At do
18: za ← ψ(sa), zt,a ← Ψ(zt, za)
19: if a /∈ I then
20: θ0,a ← fϕ(za)
21: Aa ← λID
22: ba ← λθ0,a
23: I ← I ∪ {a}
24: end if
25: θ̂a ← A−1

a ba

26: Ut(a)← z⊤t,aθ̂a + βdis
t−1(δ)

√
z⊤t,aA

−1
a zt,a

27: end for
28: Select at ← argmaxa∈At Ut(a)
29: Observe reward yt
30: Update Aat

← Aat
+ zt,at

z⊤t,at

31: Update bat
← bat

+ ytzt,at

32: end for

Assumption A.4 (Conditional sub-Gaussian noise). The observed reward satisfies475

yt = x⊤t θ
∗ + ηt.

The noise satisfies476

E[ηt | Ht] = 0,

and for all s ∈ R,477

E[exp(sηt) | Ht] ≤ exp

(
s2R2

2

)
.

Assumption A.5 (Bounded prior misspecification). There exists a known constant S∆ > 0 such that478

∥θ∗ − θ0∥2 ≤ S∆.

We write479

∆∗ := θ∗ − θ0.
Definition A.6. For any adaptively chosen sequence {at}t≥1, define480

At = λID +

t∑
i=1

xix
⊤
i , bt = λθ0 +

t∑
i=1

yixi,
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where xi = zi,ai .481

The prior-centered ridge estimator is482

θ̂t = A−1
t bt.

Since λ > 0,483

At ⪰ λID ≻ 0,

so At is symmetric positive definite and A−1
t is well-defined.484

Lemma A.7 (Equivalence to residual ridge regression). Define485

∆̂t := θ̂t − θ0, ∆∗ := θ∗ − θ0.
Then486

∆̂t = A−1
t

t∑
i=1

xi
(
yi − x⊤i θ0

)
.

Equivalently, ∆̂t is the ridge estimator obtained by regressing the residualized rewards487

ỹi := yi − x⊤i θ0
on xi, with regularization centered at zero:488

∆̂t = arg min
∆∈RD

{
t∑

i=1

(
ỹi − x⊤i ∆

)2
+ λ∥∆∥22

}
.

Proof. By definition,489

∆̂t = θ̂t − θ0 = A−1
t bt − θ0 = A−1

t (bt −Atθ0).

Now,490

bt −Atθ0 = λθ0 +

t∑
i=1

yixi −

(
λID +

t∑
i=1

xix
⊤
i

)
θ0

=

t∑
i=1

yixi −
t∑

i=1

xix
⊤
i θ0

=

t∑
i=1

xi
(
yi − x⊤i θ0

)
.

Therefore,491

∆̂t = A−1
t

t∑
i=1

xi
(
yi − x⊤i θ0

)
.

The optimization form follows from the normal equation of ridge regression:492 (
λID +

t∑
i=1

xix
⊤
i

)
∆ =

t∑
i=1

xiỹi.

The left-hand matrix is At, so the unique minimizer is exactly493

∆̂t = A−1
t

t∑
i=1

xiỹi.

494

Lemma A.8 (Self-normalized bound). Under Assumptions A.1 and A.4, with probability at least495

1− δ, simultaneously for all t ≥ 0,496 ∥∥∥∥∥
t∑

i=1

xiηi

∥∥∥∥∥
A−1

t

≤ R

√
2 log

det(At)1/2

det(λID)1/2δ
.
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Proof. This is the standard self-normalized concentration inequality for vector-valued martingales.497

In our notation, xt is measurable before observing yt, and ηt is conditionally R-sub-Gaussian given498

the pre-reward sigma-fieldHt. Therefore, the process499

t∑
i=1

xiηi

satisfies the conditions of the self-normalized martingale inequality with regularization matrix λID.500

For more details, see Theorem 1 in [1].501

Lemma A.9 (Confidence ellipsoid). Suppose Assumptions A.1, A.2, A.4, and A.5 hold. Define502

βt(δ) = R

√
2 log

det(At)1/2

det(λID)1/2δ
+
√
λS∆.

Then, with probability at least 1− δ, simultaneously for all t ≥ 0,503

∥θ̂t − θ∗∥At
≤ βt(δ).

Proof. By Lemma A.7,504

∆̂t = A−1
t

t∑
i=1

xi
(
yi − x⊤i θ0

)
.

Using the linear model,505

yi = x⊤i θ
∗ + ηi,

we have506

yi − x⊤i θ0 = x⊤i (θ
∗ − θ0) + ηi = x⊤i ∆

∗ + ηi.

Therefore,507

∆̂t = A−1
t

t∑
i=1

xi
(
x⊤i ∆

∗ + ηi
)

= A−1
t

(
t∑

i=1

xix
⊤
i ∆

∗ +

t∑
i=1

xiηi

)
.

Since508

At = λID +

t∑
i=1

xix
⊤
i ,

we have509
t∑

i=1

xix
⊤
i = At − λID.

Thus,510

∆̂t = A−1
t

(
(At − λID)∆∗ +

t∑
i=1

xiηi

)

= ∆∗ − λA−1
t ∆∗ +A−1

t

t∑
i=1

xiηi.

Hence,511

∆̂t −∆∗ = A−1
t

(
t∑

i=1

xiηi − λ∆∗

)
.

Since512

∆̂t −∆∗ = θ̂t − θ∗,
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we obtain513

∥θ̂t − θ∗∥At =

∥∥∥∥∥A−1
t

(
t∑

i=1

xiηi − λ∆∗

)∥∥∥∥∥
At

=

∥∥∥∥∥
t∑

i=1

xiηi − λ∆∗

∥∥∥∥∥
A−1

t

≤

∥∥∥∥∥
t∑

i=1

xiηi

∥∥∥∥∥
A−1

t

+ ∥λ∆∗∥A−1
t
.

For the second term, since At ⪰ λID, we have514

A−1
t ⪯ 1

λ
ID.

Therefore,515

∥λ∆∗∥2
A−1

t
= λ2∆∗⊤A−1

t ∆∗

≤ λ2∆∗⊤
(
1

λ
ID

)
∆∗

= λ∥∆∗∥22
≤ λS2

∆.

Thus,516

∥λ∆∗∥A−1
t
≤
√
λS∆.

By Lemma A.8, with probability at least 1− δ, simultaneously for all t ≥ 0,517 ∥∥∥∥∥
t∑

i=1

xiηi

∥∥∥∥∥
A−1

t

≤ R

√
2 log

det(At)1/2

det(λID)1/2δ
.

Combining the two inequalities gives518

∥θ̂t − θ∗∥At ≤ R

√
2 log

det(At)1/2

det(λID)1/2δ
+
√
λS∆ = βt(δ).

519

Definition A.10. For a fixed horizon T , define the confidence event520

ET (δ) :=
{
∀t ∈ {0, . . . , T}, ∥θ̂t − θ∗∥At ≤ βt(δ)

}
.

By Lemma A.9,521

Pr(ET (δ)) ≥ 1− δ.
Lemma A.11 (Instantaneous regret under UCB selection). On the event ET (δ), fix a round t. Suppose522

the selected arm at satisfies523

at ∈ arg max
a∈At

[
z⊤t,aθ̂t−1 + βt−1(δ)

√
z⊤t,aA

−1
t−1zt,a

]
.

Then the instantaneous regret524

rt := µ∗
t − µ(zt,at

)

satisfies525

rt ≤ 2βt−1(δ)
√
z⊤t,at

A−1
t−1zt,at

.

Consequently, with probability at least 1− δ, the above bound holds simultaneously for all rounds t526

in which the UCB selection rule is used.527
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Proof. For any arm a ∈ At, define528

wt,a :=
√
z⊤t,aA

−1
t−1zt,a.

By Cauchy’s inequality under the At−1-norm,529 ∣∣∣z⊤t,a(θ̂t−1 − θ∗)
∣∣∣ = ∣∣∣∣(A−1/2

t−1 zt,a

)⊤ (
A

1/2
t−1(θ̂t−1 − θ∗)

)∣∣∣∣
≤
∥∥∥A−1/2

t−1 zt,a

∥∥∥
2

∥∥∥A1/2
t−1(θ̂t−1 − θ∗)

∥∥∥
2

= wt,a∥θ̂t−1 − θ∗∥At−1

≤ βt−1(δ)wt,a.

Therefore, for every a ∈ At, we obtain two upper-confidence inequalities:530

z⊤t,aθ
∗ ≤ z⊤t,aθ̂t−1 + βt−1(δ)wt,a,

and531

z⊤t,aθ̂t−1 ≤ z⊤t,aθ∗ + βt−1(δ)wt,a.

Let532

Ut(a) := z⊤t,aθ̂t−1 + βt−1(δ)wt,a.

By the first upper-confidence inequality,533

µ(zt,a∗
t
) = z⊤t,a∗

t
θ∗ ≤ Ut(a

∗
t ).

Since at maximizes the UCB score,534

Ut(a
∗
t ) ≤ Ut(at).

Thus,535

µ(zt,a∗
t
) ≤ Ut(at).

Expanding Ut(at) gives536

µ(zt,a∗
t
) ≤ z⊤t,at

θ̂t−1 + βt−1(δ)wt,at
.

Using the second confidence inequality for the selected arm at,537

z⊤t,at
θ̂t−1 ≤ z⊤t,at

θ∗ + βt−1(δ)wt,at
.

Therefore,538

µ(zt,a∗
t
) ≤ z⊤t,at

θ∗ + 2βt−1(δ)wt,at

= µ(zt,at
) + 2βt−1(δ)wt,at

.

Rearranging,539

rt = µ(zt,a∗
t
)− µ(zt,at

) ≤ 2βt−1(δ)wt,at
.

Substituting the definition of wt,at yields540

rt ≤ 2βt−1(δ)
√
z⊤t,at

A−1
t−1zt,at

,

541

Theorem 5.1 (Cumulative regret analysis). Suppose Assumptions A.1, A.2, A.3, A.4, and A.5 hold.542

Suppose that at every round t = 1, . . . , T , the selected arm at satisfies543

at ∈ arg max
a∈At

[
z⊤t,aθ̂t−1 + βt−1(δ)

√
z⊤t,aA

−1
t−1zt,a

]
.

Then, with probability at least 1− δ,544

RT :=

T∑
t=1

rt ≤ 2βT (δ)

√
2Tcλ log

det(AT )

det(λID)
,

where545

βt(δ) := R

√
2 log

det(At)1/2

det(λID)1/2δ
+
√
λS∆

and546

cλ := max

{
1,
L2

λ

}
.
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Proof. We prove the bound on the event ET (δ), which holds with probability at least 1− δ. Define547

wt := x⊤t A
−1
t−1xt = ∥xt∥2A−1

t−1

.

We prove the regret bound on the event ET (δ). By Lemma A.11, for every t = 1, . . . , T ,548

rt ≤ 2βt−1(δ)
√
x⊤t A

−1
t−1xt = 2βt−1(δ)

√
wt.

Since549

At = At−1 + xtx
⊤
t ,

we have550

At ⪰ At−1.

Moreover, by the matrix determinant lemma,551

det(At) = det(At−1)
(
1 + x⊤t A

−1
t−1xt

)
= det(At−1)(1 + wt).

Hence det(At) is nondecreasing in t, and therefore βt is also nondecreasing. Thus,552

βt−1(δ) ≤ βT (δ)

for all t ≤ T .553

Therefore,554

RT =

T∑
t=1

rt ≤ 2βT (δ)

T∑
t=1

√
wt.

By Cauchy’s inequality,555

T∑
t=1

√
wt ≤

√√√√T

T∑
t=1

wt.

Thus,556

RT ≤ 2βT (δ)

√√√√T

T∑
t=1

wt.

It remains to upper bound
∑T

t=1 wt. By Assumption A.3,557

∥xt∥2 ≤ L.

Since558

At−1 ⪰ λID,
we have559

A−1
t−1 ⪯

1

λ
ID.

Therefore,560

wt = x⊤t A
−1
t−1xt ≤

∥xt∥22
λ
≤ L2

λ
.

Since561

cλ = max

{
1,
L2

λ

}
,

we have for every t,562

wt ≤ cλ min{1, wt}.
Indeed, if wt ≤ 1, then563

wt ≤ cλwt = cλ min{1, wt},
and if wt > 1, then564

wt ≤
L2

λ
≤ cλ = cλ min{1, wt}.
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Now use the standard elliptical potential argument. For every u ≥ 0,565

min{1, u} ≤ 2 log(1 + u).

Therefore,566
T∑

t=1

wt ≤ cλ
T∑

t=1

min{1, wt} ≤ 2cλ

T∑
t=1

log(1 + wt).

Using the determinant identity above,567

T∑
t=1

log(1 + wt) =

T∑
t=1

log
det(At)

det(At−1)
= log

det(AT )

det(A0)
.

Since568

A0 = λID,

we obtain569
T∑

t=1

wt ≤ 2cλ log
det(AT )

det(λID)
.

Substituting this into the previous regret bound gives570

RT ≤ 2βT

√
T · 2cλ log

det(AT )

det(λID)
.

Hence,571

RT ≤ 2βT

√
2Tcλ log

det(AT )

det(λID)
.

Since the event ET (δ) holds with probability at least 1− δ, the theorem follows.572

Corollary 5.2 (Cumulative regret analysis for LLM-PriorCB). Suppose the assumptions in Theo-573

rem 5.1 hold. Consider the disjoint linear model574

µ(zt,a) = z⊤t,aθ
∗
a, zt,a ∈ RD, a ∈ [K],

with arm-specific prior parameters θ0,a ∈ RD. Then the arm-wise LLM-PriorCB rule induced by575

this block representation satisfies, with probability at least 1− δ,576

RT ≤ 2βdis
T (δ)

√
2Tcλ log

∏K
a=1 det(AT,a)

λKd
,

where577

At,a := λId +

t∑
i=1

1{ai = a}zi,az⊤i,a

and578

βdis
t (δ) := R

√
2 log

∏K
a=1 det(At,a)1/2

λKd/2δ
+
√
λS∆.

Proof. Let ea ∈ RK denote the a-th standard basis vector and define the block-lifted feature579

z̃t,a = ea ⊗ zt,a ∈ RKd.

Also define the stacked true and prior parameters580

Θ∗ = (θ∗⊤1 , . . . , θ∗⊤K )⊤, Θ0 = (θ⊤0,1, . . . , θ
⊤
0,K)⊤.

Then, for every arm a,581

z̃⊤t,aΘ
∗ = z⊤t,aθ

∗
a = µ(zt,a).

21



Thus the disjoint model is a special case of the linear model in Theorem 5.1, with feature z̃t,a and582

parameter Θ∗.583

Define the global prior-centered design matrix and response vector in the block representation by584

Ãt = λIKd +

t∑
i=1

z̃i,ai
z̃⊤i,ai

,

585

b̃t = λΘ0 +

t∑
i=1

yiz̃i,ai
.

Since z̃i,ai has nonzero entries only in the block corresponding to arm ai, we have586

Ãt = diag (At,1, . . . , At,K) ,

and587

b̃t = (b⊤t,1, . . . , b
⊤
t,K)⊤.

Therefore,588

Ã−1
t b̃t = (θ̂⊤t,1, . . . , θ̂

⊤
t,K)⊤.

Moreover, for any candidate arm a,589

z̃⊤t,aÃ
−1
t−1z̃t,a = z⊤t,aA

−1
t−1,azt,a,

and590

z̃⊤t,aÃ
−1
t−1b̃t−1 = z⊤t,aθ̂t−1,a.

Hence the UCB rule in Theorem 5.1 coincides with the arm-wise PriorCB-Disjoint rule.591

Finally,592

det(Ãt) =

K∏
a=1

det(At,a), det(λIKd) = λKd.

Also,593

∥Θ∗ −Θ0∥2 =

(
K∑

a=1

∥θ∗a − θ0,a∥22

)1/2

.

Substituting these identities into Theorem 5.1 gives594

RT ≤ 2βdis
T (δ)

√
2Tcλ log

∏K
a=1 det(AT,a)

λKd
,

which proves the claim.595
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B Ablation Studies on MovieLens596

B.1 CBLI597

(a) Average reward (b) Cumulative regret

Figure 5: Average reward and cumulative regret of CBLI under oracle regime with varying numbers
of pretraining steps. Here, the total pretraining budget scales as Npre × |C0| × |A0|. Interestingly,
increasing Npre leads to degraded online performance. This is because excessive pretraining induces
an overconfident prior, causing the UCB confidence intervals to collapse and the agent to overly
exploit estimated rewards as if they were ground truth, thereby suppressing exploration.

(a) Average reward (b) Cumulative regret

Figure 6: Average reward and cumulative regret of CBLI under text-only regime with varying numbers
of pretraining steps. Here, the total pretraining budget scales as Npre × |C0| × |A0|. Interestingly,
increasing Npre cannot lead to improve online performance. This is because excessive pretraining
induces an overconfident prior, causing the UCB confidence intervals to collapse and the agent to
overly exploit estimated rewards as if they were ground truth, thereby suppressing exploration.
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B.2 Output Dimension598

(a) LLM-PriorCB with K = 10 (b) LLM-PriorCB with K = 30

Figure 7: Cumulative regret of our algorithm with varying feature vector dimensions. We empirically
find that higher-dimensional representations achieve lower cumulative regret across the horizon
regardless of the number of arms. We conjecture that increased dimensionality provides greater
representational capacity to capture relevant contextual information, thereby improving reward
estimation during online learning.
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B.3 λ599

(a) Our algorithm with K = 10

(b) Our algorithm with K = 30

Figure 8: We report cumulative regret of LLM-PriorCB for λ ∈ [0.01, 2.0] under (a) the oracle regime
and (b) the text-only regime. Smaller λ consistently yields lower regret, while larger λ degrades
performance, indicating that overly confident priors can suppress exploration and hinder effective
online adaptation.
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C Ablation Studies on GAIA600

C.1 Cumulative regret601
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(a) Cumulative regret of Prior from different eval
contexts
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(b) Cumulative regret of Prior from same eval
contexts

Figure 9: Performance as a function of the interaction horizon when K = 3 using gpt-5.2. Shaded
regions indicate ± one standard error over 3 independent runs. We use the validation split for
evaluation due to answer-label availability. Priors are constructed either from the validation set (same
eval contexts) or from the test set (different eval contexts), using no labels.

Especially, Figure 9 presents cumulative regret in the early stage of online learning for PriorCB and602

baselines-including RH, where RH results are shown only for the first three epochs due to cost and603

time constraints. The near-linear growth of the cumulative regret of LLM clearly indicates that an LLM604

alone struggles to effectively solve the contextual bandit problem. In contrast, PriorCB—leveraging605

the LLM as a prior—achieves cumulative regret in the early stage that is comparable to LinUCB,606

indicating effective learning. Additional results using GPT-5-mini are provided in the Appendix C.1.607

The average reward in the early stage of online learning is reported in the Appendix C.2.608
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(a) Cumulative regret of Prior from different eval
contexts
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(b) Cumulative regret of Prior from same eval
contexts

Figure 10: Performance as a function of the interaction horizon when K = 3 using gpt-5-mini.
Shaded regions indicate ± one standard error over 3 independent runs. We use the validation split for
evaluation due to answer-label availability. Priors are constructed either from the validation set (same
eval contexts) or from the test set (different eval contexts), using no labels.
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(a) Cumulative regret of Prior from different eval
contexts
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(b) Cumulative regret of Prior from same eval
contexts

Figure 11: Performance as a function of the interaction horizon when K = 3 using gpt-5-mini.
Shaded regions indicate ± one standard error over 3 independent runs. We use the validation split for
evaluation due to answer-label availability. Priors are constructed either from the validation set (same
eval contexts) or from the test set (different eval contexts), using no labels.
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C.2 Average reward609
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(a) Average reward of Prior from different eval
contexts
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(b) Average reward of Prior from same eval con-
texts

Figure 12: Performance as a function of the interaction horizon when K = 3 using gpt-5-mini with
medium reasoning effort. Shaded regions indicate ± one standard error over 3 independent runs. We
use the validation split for evaluation due to answer-label availability. Priors are constructed either
from the validation set (same eval contexts) or from the test set (different eval contexts), using no
labels. Oracle denotes the tool choice that achieves best reward, whereas LLM Agent denotes the tool
choice selected by the LLM agent.
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(a) Average reward of Prior from different eval
contexts
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(b) Average reward of Prior from same eval con-
texts

Figure 13: Performance as a function of the interaction horizon when K = 3 using gpt-5.2 with
medium reasoning effort. Shaded regions indicate ± one standard error over 3 independent runs. We
use the validation split for evaluation due to answer-label availability. Priors are constructed either
from the validation set (same eval contexts) or from the test set (different eval contexts), using no
labels. Oracle denotes the tool choice that achieves best reward, whereas LLM agent denotes the tool
choice selected by the LLM agent.
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(a) Average reward of Prior from different eval
contexts
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(b) Average reward of Prior from same eval con-
texts

Figure 14: Performance as a function of the interaction horizon when K = 3 using gpt-5-mini with
medium reasoning effort. Shaded regions indicate ± one standard error over 3 independent runs. We
use the validation split for evaluation due to answer-label availability. Priors are constructed either
from the validation set (same eval contexts) or from the test set (different eval contexts), using no
labels. Oracle denotes the tool choice that achieves best reward, whereas LLM agent denotes the tool
choice selected by the LLM agent.
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(a) Average reward of Prior from different eval
contexts
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(b) Average reward of Prior from same eval con-
texts

Figure 15: Performance as a function of the interaction horizon when K = 3 using gpt-5.2 with
medium reasoning effort. Shaded regions indicate ± one standard error over 3 independent runs. We
use the validation split for evaluation due to answer-label availability. Priors are constructed either
from the validation set (same eval contexts) or from the test set (different eval contexts), using no
labels. Oracle denotes the tool choice that achieves best reward, whereas LLM Agent denotes the tool
choice selected by the LLM agent.
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D Experimental Details610

D.1 Movie Lens611

Tool Description: search_deep

Purpose: Run a deeper web search to answer questions that require multiple independent
lookups and cross-checking.

What it does:
• Generates three distinct, high-precision search queries.
• Retrieves results for all three queries.
• Synthesizes the evidence to produce a final answer.

Use when (triggers):
• The task is multi-hop (needs 2+ facts or subquestions).
• The answer benefits from cross-validation across sources.
• Entities are ambiguous, niche, or likely to have changed.
• You need citations from multiple sources for reliability.

Do not use when (anti-triggers):
• A single lookup is enough (use search_light).
• The question can be answered reliably from parametric knowledge alone.

Cost: High (3 web searches).
612
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D.2 GAIA613

D.2.1 Tool Descriptions614

Tool Description: reason_only

Purpose: answer using only internal (parametric) knowledge without any web search.
What it does:

• Produces an answer using only internal knowledge and reasoning.
• Performs no web search.
• Lowest cost.

Use when (triggers):
• The question is reasoning-heavy (math/logic/proof/code reading/conceptual expla-

nation).
• Facts are stable and unlikely to have changed (basic definitions, well-known princi-

ples).
• The task is to transform/rewrite/summarize provided text (no external facts needed).
• You are confident the answer does not depend on the latest information or specific

citations.
Do not use when (anti-triggers):

• The question requires up-to-date facts (current events, latest versions, prices, active
roles/titles).

• The question requests sources, citations, or “according to” style evidence.
• High risk of hallucination: niche proper nouns, many numbers, exact dates/titles.

Output expectation:
• Provide the best possible answer from internal knowledge.
• If uncertainty is high or factuality is critical, recommend escalation to
search_lite/search_heavy.

Common failure modes:
• Outdated facts.
• Overconfidence on niche or recent details.

615
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Tool Description: search_light

Purpose: quickly verify or look up a single key fact via the web.
What it does:

• Runs EXACTLY ONE web search with ONE query.
• Uses the retrieved results as evidence for the final answer.
• Medium cost (1 search).

Use when (triggers):
• The question can be resolved by ONE primary lookup (one fact / definition / spec /

date).
• Internal knowledge may be outdated or uncertain, but only a single check is needed.
• The task benefits from a source but does not require multiple independent sources.
• A high-precision query is obvious from the question.

Do not use when (anti-triggers):
• The question is multi-hop (requires 2+ independent facts or subquestions).
• You need cross-validation across sources (high risk of misinformation or ambiguous

entities).
• The answer requires aggregation/comparison across multiple entities (list/com-

pare/rank).
• The problem is pure reasoning/math/logic that does not benefit from web facts.

Output expectation:
• The final answer must be supported by evidence from the search results.
• If evidence is insufficient, state so and escalate to search_heavy if needed.

Common failure modes:
• Wrong or overly broad query→ irrelevant results (one-shot failure).
• A single source may be insufficient for disambiguation.

Query writing hint (1-shot):
• Include unique identifiers (proper nouns, version/year) and intent words such as

“official”, “documentation”, “paper pdf”.
616

32



Tool Description: search_deep

Purpose: solve questions that require multiple lookups or stronger evidence via multi-query
web search.
What it does:

• Generates THREE distinct web-search queries.
• Retrieves results for all three queries.
• Combines and cross-checks the evidence to support the final answer.
• Highest cost (3 searches).

Use when (triggers):
• The question is multi-hop (requires 2+ subfacts; e.g., find a value, verify a condition,

then produce a final result).
• The question demands high precision (exact number/date/quote/title) where small

errors cause failure.
• The question implies freshness or current status (e.g., “latest”, “current”, “updated”,

“as of <date>”).
• The answer benefits from cross-validation (multiple independent sources or official

+ secondary confirmation).
• Ambiguity is likely (multiple entities with the same name) and disambiguation is

needed.
Do not use when (anti-triggers):

• A single lookup is sufficient (use search_lite).
• The task is pure reasoning with stable facts (use knowledge_only).
• You have no clear way to form three meaningfully distinct queries (risk of wasted

cost).
Output expectation:

• Synthesize evidence across queries.
• If sources conflict, explicitly note the conflict and prefer more authoritative/primary

sources.
• The final answer must be traceable to the retrieved evidence.

Suggested 3-query decomposition:
1. Core fact/definition (what is X?).
2. Exact detail (number/date/spec/quote).
3. Verification (official document or independent confirmation).

Common failure modes:
• Query diversity too low→ redundant evidence.
• Over-searching simple questions→ unnecessary cost.

617
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D.2.2 Reward Generation Prompt618

Reward Generation Prompt

REWARD_W_COST_SYSTEM_PROMPT = (
"You are an evaluation engine for cost-aware tool selection.\n"
"Your objective is to maximize expected utility: higher correctness with
lower cost.\n"
"Choose the single tool with the best cost--accuracy tradeoff.\n"
"Think carefully, but do NOT output any reasoning.\n"
"Output MUST be strict JSON only."

)

REWARD_W_COST_USER_PROMPT = (
"Select exactly ONE tool to answer the question.\n"
"Objective: maximize cost-aware correctness (expected utility).\n"
"Decision rule:\n"
"- Prefer the lowest-cost tool that is likely to answer correctly.\n"
"- Choose a higher-cost tool only if it meaningfully increases the
probability of correctness.\n\n"
"Question:\n"
"{question}\n\n"
"Available tools (name: description; cost is implied by the tool
choice):\n"
"{tool_descriptions_in_text}\n\n"
"Strict output format (JSON only; exactly one key):\n"
"{\"answer\":\"<tool_name>\"}"

)
619

D.2.3 Hyperparameters620

Method Setting
CBLI epoch = 10
PriorCB epoch = 10, learning_rate = 1× 10−3, weight_decay = 1× 10−4

Table 1: Training settings.
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