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Abstract
Large language models (LLMs) tool-use poli-
cies select actions from a finite candidate
set at each reasoning step. We observe that
this action-selection interface is already a lin-
ear contextual scorer: under a restricted out-
put vocabulary, the LM head computes per-
action scores from the last-layer hidden state,
exactly the structure assumed by linear con-
textual bandits. Existing online adaptation
methods for LLMs operate indirectly through
prompts or retrieved memories, leaving this
decision layer fixed and providing no explicit
mechanism for action-level credit assignment
or uncertainty-aware exploration. We pro-
pose OLIVIA, a lightweight online adap-
tation layer that replaces the frozen action-
selection head with a per-action contextual lin-
ear bandit, selects actions via LinUCB explo-
ration on the LLM’s hidden state and updates
only its per-action sufficient statistics from
step-level feedback via a rank-one Sherman–
Morrison rule. Without backbone fine-tuning
and additional LLM calls per step, OLIVIA
adds negligible overhead relative to LLM in-
ference. Across four tool-use benchmarks
TOOLBENCH, TASKBENCH, TASKBENCH-
MM, BFCL and two backbones Qwen3-4B,
Mistral-7B, OLIVIA outperforms prompt-
based online adaptation and contextual-bandit
variants.

1 Introduction

Large language models make a sequence of action-
selection decisions during tool-use task, at each
reasoning step, the model emits a thought and se-
lects an action from a finite candidate set (Yao et al.,
2023b; Shinn et al., 2023). In many settings, the
same policy repeated queries against a shared tool
catalog or batches of similar workflows where feed-
back from one interaction is informative for the
next. Despite this phenomenon, the action selec-
tion policy is static at inference time, model follows

* Equal contribution.

a fixed prompt-guided distribution, and observed
feedback is at most used to modify the textual con-
text rather than the policy itself. A growing line
of inference-time adaptation methods (Shinn et al.,
2023), CLIN (Majumder et al., 2023), experien-
tial memory (Zhao et al., 2024; Wang et al., 2023),
dynamic in-context selection (Wang et al., 2025b)
operates indirectly through prompts or memories.
These methods change what the model writes, but
they expose no explicit decision layer that can score
candidate actions, represent uncertainty, or be up-
dated online from action-level feedback. As a re-
sult, online improvement remains heuristic and tied
to prompt design, not to an optimization mecha-
nism over the policy itself.

We argue that the action-selection layer of an
LLM is already a linear contextual scorer. Once
the next-token distribution is restricted to a fixed
set of candidate actions, the LM head reduces to
scoring each action as a linear function of the last-
layer hidden state, precisely the structure of a linear
contextual bandit (Li et al., 2010; Agrawal and
Goyal, 2014). Hence, we propose OLIVIA, a
lightweight online adaptation layer that replaces
the frozen action-selection head with a per-action
contextual linear bandit (Figure 1). OLIVIA uses
the LLM’s hidden state as bandit context, selects
actions via LinUCB-style exploration, and updates
its per-action statistics from step-level feedback
through a rank-one Sherman–Morrison rule. To
stay aligned with the frozen model’s prior, the ban-
dit is warm-started from the LLM’s own action
embeddings. The resulting design adds essentially
no cost to the inner loop: no backbone fine-tuning,
no gradient backpropagation, and no extra LLM
calls per step—each update is a single outer prod-
uct, far cheaper than a forward pass through the
model. The step-level reward that OLIVIA con-
sumes is naturally available in two regimes increas-
ingly common in LLM tool use: verifier-based
reward, where each candidate action can be pro-
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grammatically checked—executable code, API suc-
cess or failure, unit-test-verifiable outputs, retrieval
relevance—as in verifier-driven RL fine-tuning of
LLMs (Shao et al., 2024; Wang et al., 2025a); and
labeled bootstrap streams, where a small set of
annotated traces is replayed through the policy to
calibrate the action layer before broader use. In
both, OLIVIA turns per-step verification into a
sample-efficient policy update.

Contributions.

• A bandit view of the LM head. We show that,
once the next-token distribution is restricted
to a fixed action set, the frozen LM head is
already a linear contextual scorer. It can there-
fore be swapped for an online-learnable bandit
at the same interface, without touching the rest
of the model.

• The OLIVIA layer. We instantiate this view
as a single per-action linear bandit with Lin-
UCB exploration, rank-one Sherman Mor-
rison updates, and warm-starting from the
LLM’s own action embeddings. The layer
adds no gradient updates and no extra LLM
calls, and its memory grows linearly in the
number of candidate actions.

• Strong online adaptation at low cost. On
four tool-use benchmarks (TOOLBENCH,
TASKBENCH, TASKBENCH-MM, BFCL)
and two open-weight backbones (Qwen3-4B,
Mistral-7B), OLIVIA outperforms prompt-
based adaptation (CLIN, REFLEXION) and
contextual-bandit baselines that use the same
hidden-state features, while spending substan-
tially less compute per episode than reflection-
style methods.

2 Related work

2.1 Inference-time adaptation of LLMs.
A growing body of work adapts LLM behavior at
inference time without modifying model weights.
Most methods operate indirectly through prompts,
memories, or retrieved context: verbal reflection
and episodic memory (Shinn et al., 2023; Ma-
jumder et al., 2023; Zhong et al., 2023), retrospec-
tive prompt optimization (Yao et al., 2024), dy-
namic in-context example selection (Wang et al.,
2025b), in-context preference adaptation (Wu et al.,
a), parameter-internalized context (Wang et al.,

2025c), reusable natural-language experience or
skill libraries (Zhao et al., 2024; Wang et al.,
2023; Xia et al., 2025), CoT debiasing and offline
alignment (Wu et al., 2024b, 2025), information-
theoretic prompt tuning (Wu et al., 2023), and
lightweight test-time adaptation under environment
shift (Chen et al., 2026; Wu et al., b; Yu et al.,
2025). Surveys document the rapid expansion of
these methods across personalized, multimodal,
and federated LLMs (Zhang et al., 2024; Wu et al.,
2024a,c; Surana et al., 2026; Huang et al., 2025).
These approaches change the model’s textual input,
but the action-selection layer itself remains fixed,
providing no mechanism for per-action scoring, un-
certainty estimation, or principled online updates
from action-level feedback. OLIVIA is comple-
mentary: it leaves prompts and reasoning gener-
ation untouched, and instead replaces the frozen
action head with an online learnable bandit layer.

2.2 Contextual bandits and linear UCB.

Linear contextual bandits are a classical model for
sequential decision making under partial feedback.
The LinUCB algorithm (Li et al., 2010) maintains
per-action sufficient statistics and selects actions
by an upper-confidence rule on a linear reward
model. Subsequent work extends linear bandits to
nonlinear scoring (Ban et al., 2023), clustered or
hierarchical structure (Wu et al., 2021; Hu et al.,
2025), conversational and recommendation settings
(Xia et al., 2023), and delayed or context-coupled
feedback (Zhang et al., 2025; Levy et al., 2025).
We observe that the LLM’s action-selection head
is a per-action linear scorer over the last hidden
state is simply to the parametric structure these
methods assume. OLIVIA instantiates LinUCB
on this interface, warm-started from the LLM’s
own action embeddings, so the bandit inherits the
LLM’s prior over actions rather than starting from
a random initialization.

2.3 Verifier-based reward for LLMs.

A parallel line of work optimizes LLMs with re-
wards derived from automated verifiers rather than
human preferences: rule-based correctness for
math and code (Shao et al., 2024; Wang et al.,
2025a), RL-style optimization with verifiable out-
comes (Schulman et al., 2017; Mundada et al.,
2026), and related preference-optimization vari-
ants (Rafailov et al., 2023; Li et al., 2025; Kveton
et al., 2025). This regime supplies per-step or per-
trajectory rewards without requiring human label-
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Figure 1: Overview of OLIVIA. Left: A frozen LLM backbone processes the task and trajectory prefix through
its transformer layers, producing hidden states and a reasoning trace (Thought). Right: At each action-selection
step, OLIVIA extracts the last-layer hidden state as the decision context and scores candidate tools using per-action
UCB estimates.

ing, and is the same regime that makes OLIVIA’s
online updates practical. Whereas these methods
use verifier signals as a training-time objective
for full backbone fine-tuning, OLIVIA uses them
as an inference-time signal for rank-one Sherman
Morrison update to a single linear layer, sidestep-
ping gradient computation through the backbone
entirely.

2.4 Online optimization of sequential LLM
decisions.

A complementary line treats inference itself as an
online optimization problem over intermediate de-
cisions. Examples include explicit search or plan-
ning over thought states (Yao et al., 2023a; Hao
et al., 2023; Zhou et al., 2024; Koh et al., 2026),
adaptive test-time compute allocation (Inoue et al.,
2025; Liu et al., 2024), and uncertainty-aware de-
coding or sampling (Cai et al., 2025). These ap-
proaches optimize over the reasoning trace or com-
pute schedule; OLIVIA optimizes over the action-
selection layer with a lightweight bandit on top of
a frozen backbone.

3 Preliminaries

3.1 Contextual Bandits

A contextual bandit models repeated decision mak-
ing under partial feedback (Li et al., 2010; Ban
et al., 2023). At round n = 1, 2, . . . , N , the learner
observes a context xn ∈ X , chooses an action
an ∈ A(xn), and receives a scalar reward rn for
that action alone; the rewards of unchosen actions
are not observed. This per-round observability of

the chosen-action reward is the standard partial-
feedback assumption of contextual bandits and
is what OLIVIA will exploit at the LLM action-
selection interface. An optimal action satisfies

a∗n ∈ arg max
a∈A(xn)

E[rn | xn, a].

The learner’s goal is to find an action-selection rule
that achieves high cumulative reward across rounds
while balancing exploration of uncertain actions
against exploitation of actions that already appear
promising. When the expected reward is modeled
as a parametric function of contextual features, the
learner can generalize across related decision states
and employ principled exploration strategies such
as upper confidence bounds (Ban et al., 2023).

3.2 ReAct-Style Tool-Use Policies
We consider an LLM tool-use policy that interacts
with an environment over multiple decision steps
following the ReAct paradigm (Yao et al., 2023b;
Zhou et al., 2024; Koh et al., 2026). In episode
e, the policy receives a task input qe and a candi-
date action set Ae (the available tools). Let he,t−1

denote the interaction history before step t, com-
prising prior reasoning traces, selected actions, and
environment observations. At step t the model se-
lects an action ae,t ∈ Ae,t, receives an observation
oe,t, and updates the history:

he,t = he,t−1 ⊕ (ae,t, oe,t),

where ⊕ denotes concatenation. The episode ter-
minates when the model emits a stop action or
reaches a step budget. Because the history grows
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with each step, every action decision is condi-
tioned on a distinct, trajectory-dependent context
xe,t = (qe, he,t−1).

4 Problem Formulation

We study online inference-time action adaptation
for LLMs used as ReAct-style tool-use policies:
a frozen language model should improve its ac-
tion choices over a stream of related episodes by
updating only a lightweight decision layer from
interaction feedback, without fine-tuning the back-
bone.

4.1 ReAct Action Selection as a Contextual
Bandit

Consider a stream of ReAct-style episodes e =
1, 2, . . . , N . Using the notation of Section 3.2, at
step t of episode e the policy faces a decision con-
text xe,t = (qe, he,t−1) and must choose an action
from Avalid

e,t ⊆ Ae. After acting, it observes feed-
back only for the selected action—the rewards of
alternative actions remain unknown.

This per-step structure directly mirrors a con-
textual bandit (Section 3.1): a context-dependent
choice from a discrete action set under partial feed-
back. Crucially, although full trajectories differ
across tasks, similar local decision states recur
across related episodes, so feedback from earlier
decisions remains informative for later ones. We
therefore cast each ReAct action-selection step as
one round of an online contextual decision prob-
lem.

4.2 The LLM Action-Selection Layer as a
Linear Bandit

The bandit view above needs both a context repre-
sentation and a per-action scoring rule; the frozen
LLM already supplies both. At the token position
immediately preceding the next action, the last-
layer hidden state

ue,t = hLLM(qe, he,t−1) ∈ Rd (1)

encodes the task and the trajectory so far. Restrict-
ing the output vocabulary to the candidate action
set Avalid

e,t , the LM head reduces to a per-action
linear score

s0(ue,t, a) = w⊤
a ue,t, (2)

where wa ∈ Rd is the frozen row of the LM head
(or an embedding derived from the same model)
associated with action a.

The frozen LLM’s action-selection mechanism
is therefore already a contextual linear scorer, ex-
actly the structure assumed by linear contextual
bandits. We are not claiming the full LLM is a
bandit; we are isolating its action-selection inter-
face as a linear layer that can be separated from the
underlying reasoning dynamics. The same linear
structure also admits a learnable replacement θa
that starts from the LLM’s prior wa and is updated
online from interaction feedback.

4.3 Online Adaptation and Exploration

Replacing the frozen scoring weights with learn-
able parameters {θa} creates an online learning
problem under partial feedback: the learner must
estimate which actions yield high reward in each
context, but observes feedback only for the chosen
one. Always picking the currently best-looking ac-
tion risks never discovering that an under-explored
alternative is superior.

Prompt-based adaptation methods such as reflec-
tion (Shinn et al., 2023) and memory augmentation
(Majumder et al., 2023) influence behavior indi-
rectly through context manipulation and have no
mechanism for systematic exploration or for quan-
tifying uncertainty over candidate actions. The
linear bandit structure of Section 4.2 resolves this
directly: an explicit parametric model yields both
an expected reward and an uncertainty estimate
for each action, so an optimistic selection rule can
add an exploration bonus proportional to that un-
certainty. As feedback accumulates the uncertainty
shrinks and the learner concentrates on high-reward
actions—balancing exploration and exploitation au-
tomatically.

5 Methodology

This section presents OLIVIA, the concrete instan-
tiation of the framework in Section 4. OLIVIA
operates entirely at the action-selection interface
of a frozen LLM: a lightweight online decision
layer picks the next action from the valid candidate
set using the model’s hidden state. All backbone
parameters, prompts, and reasoning generation re-
main fixed; only the decision layer is updated from
online feedback.

5.1 Hidden-State Decision Layer

At decision step t of episode e, we extract the
LLM’s last-layer hidden state at the token position
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Figure 2: Synthetic validation. Left: cumulative regret over rounds. Right: parameter estimation error ∥θ̂t − θ⋆∥22.
OLIVIA converges faster and recovers the true reward parameter more accurately than weaker online baselines.

immediately preceding the next action token:

ue,t = hLLM(qe, he,t−1) ∈ Rd. (3)

This vector serves as the contextual input to the
online controller; it encodes both task semantics
and the evolving reasoning history, so similar local
decision states yield similar contexts and enable
generalization across episodes.

For each candidate action a, OLIVIA maintains
per-action sufficient statistics

Aa ∈ Rd×d, ba ∈ Rd, θ̂a = A−1
a ba,

(4)
where θ̂a is the current estimate of the action’s re-
ward parameter, yielding the base predicted reward
se,t(a) = θ̂⊤a ue,t.

LLM-aligned initialization. Rather than starting
from a random policy, we warm-start the controller
from the frozen model’s own prior:

A(0)
a = I, b(0)a = embed(a), (5)

where embed(a) ∈ Rd is the mean input embed-
ding of the action’s name tokens under the same
LLM. With A

(0)
a = I , the initial parameter satis-

fies θ̂(0)a = embed(a), so the controller’s starting
scores are aligned with the frozen model’s represen-
tation of each action—inheriting the LLM’s seman-
tic prior before any feedback has been collected.

5.2 UCB-Based Exploration
Because feedback is observed only for the selected
action (Section 4.3), we adopt LinUCB (Li et al.,
2010), which augments the predicted reward with
a context-dependent uncertainty bonus:

UCBe,t(a) = θ̂⊤a ue,t + α
√
u⊤e,tA

−1
a ue,t, (6)

with exploration coefficient α > 0. The first term
is the current reward estimate; the second is the

width of the confidence interval for action a along
the current context. The selected action is

ae,t ∈ arg max
a∈Avalid

e,t

UCBe,t(a). (7)

This bonus has two useful properties: it is
context-dependent, so the controller explores ac-
tions that are uncertain in the current state rather
than uniformly at random; and it shrinks automat-
ically as each observation tightens the confidence
ellipsoid, so well-characterized actions stop being
explored. By contrast, ε-greedy ignores the con-
text, Thompson sampling adds stochastic noise,
and prompt-based adaptation has no explicit explo-
ration mechanism.

The valid set Avalid
e,t ⊆ Ae can shrink within

an episode: once an action has been selected its
maximum allowed number of times, it is removed
from the candidate set. This prevents degenerate
repetition while still permitting repeated use when
warranted by the verifier. Smaller α weights the
current estimate and the LLM-aligned prior more
heavily; larger α encourages broader early explo-
ration. We study sensitivity to α in Section 6.3.

5.3 Step-Level Feedback and Online Update
Reward signal. OLIVIA consumes a binary
step-level reward re,t ∈ {0, 1} produced by a per-
step verifier: an automated correctness check that
depends only on the current action and state, not
on a gold trajectory. This is the same form of su-
pervision used by recent rule-based RL fine-tuning
of LLMs (Shao et al., 2024; Wang et al., 2025a). In
our tool-use experiments, the verifier is instantiated
from each benchmark’s reference tool multiset Ge:

re,t = 1[ae,t ∈ Grem
e,t ], (8)

where Grem
e,t is the portion of Ge not yet consumed

by earlier steps. When re,t = 1, one occurrence
of ae,t is removed from Grem

e,t , so each reference
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Figure 3: Running-average F1 over the episode stream on the four benchmarks. Static baselines (CoT, BM25,
ReAct) remain flat; online methods improve over the stream. OLIVIA converges faster and reaches higher final F1
than CLIN.

tool can contribute to the reward at most once per
episode. The update rule is otherwise agnostic to
the verifier and applies unchanged to code execu-
tion, API success/failure, unit tests, or human step
feedback.

Online update. After observing re,t, only the
statistics of the selected action are updated via a
rank-one rule:

Aae,t ← Aae,t+ue,tu
⊤
e,t, bae,t ← bae,t+re,t ue,t,

(9)
giving θ̂ae,t = A−1

ae,tbae,t . We maintain A−1
a in-

crementally via the Sherman–Morrison formula,
so each update runs in O(d2) time without re-
inverting the full covariance matrix. An episode
terminates on a stop action, an empty valid set, or
step-budget exhaustion; the objective across the
stream is cumulative reward.

5.4 Validation on Synthetic Streams
Before applying OLIVIA to real tool-use streams,
we verify that the controller actually recovers the
underlying decision structure in a setting where
the ground truth is known. We construct synthetic
contextual decision streams of 600 rounds with
|A|=10 candidate actions and d=20-dimensional
random context vectors; at each round, the reward
of each action is linear in the context under an
unknown per-action parameter θ⋆a drawn at the start
of the stream, and the learner observes only the
reward of the selected action—matching the partial-
feedback structure of ReAct action selection.

Figure 2 reports cumulative regret and param-
eter estimation error along the stream. OLIVIA
achieves lower regret and tighter parameter recov-
ery than weaker online baselines, confirming that
the controller converges to the true decision struc-
ture rather than improving by chance. This sanity
check underwrites the real-world results that fol-
low in Section 6: gains on tool-use benchmarks are
consistent with the controller actually learning the
underlying reward structure, not merely benefiting
from a better prompt.

6 Experiments

6.1 Experimental Setup

Benchmarks. We evaluate on four tool-use
benchmarks: TOOLBENCH (Xu et al., 2023),
TASKBENCH, TASKBENCH-MM (Shen et al.,
2024), and BFCL (Patil et al., 2023). These bench-
marks span complementary tool-use settings, vary-
ing in task domain, modality, and candidate-set
size. Each instance provides a natural-language
task, a candidate tool set, and one or more refer-
ence tool-call trajectories. Following the formula-
tion in §5.3, we use each benchmark’s reference
tool annotations to instantiate the per-step verifier:
the reward re,t is positive when the selected action
is a reference tool still required at the current step.
This is the same form of programmatic, rule-based
supervision used by verifier-driven RL fine-tuning
of LLMs (Shao et al., 2024; Wang et al., 2025a),
and stands in for any per-step correctness signal
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Dataset

Model Method ToolBench TaskBench TaskBench-MM BFCL

qwen

CoT 0.211 0.030 0.031 0.082
BM25 0.353 0.116 0.127 0.181
ReAct 0.520 0.174 0.162 0.272

CLIN 0.553 0.211 0.170 0.307
Reflexion 0.537 0.195 0.164 0.292

ε-greedy (hidden) 0.558 0.189 0.164 0.339
Thompson (hidden) 0.571 0.197 0.172 0.353
OLIVIA (Ours) 0.585 0.205 0.178 0.366

mistral

CoT 0.142 0.036 0.064 0.107
BM25 0.353 0.116 0.127 0.181
ReAct 0.386 0.178 0.146 0.281

CLIN 0.394 0.193 0.127 0.324
Reflexion 0.388 0.187 0.170 0.307

ε-greedy (hidden) 0.397 0.191 0.186 0.328
Thompson (hidden) 0.408 0.199 0.196 0.341
OLIVIA (Ours) 0.420 0.208 0.207 0.352

Table 1: Main results (F1) across four benchmarks and two open-weight backbones. First block: non-learning
policies (CoT, BM25, ReAct). Second block: prompt-based online adaptation (CLIN, Reflexion). Third block:
bandit-family online learners that share OLIVIA’s hidden-state features.

computable from the action and current state—for
instance, execution success, API status, or unit-test
verification.

Backbone models. We use
Qwen/Qwen3-4B (Yang et al., 2025) and
mistralai/Mistral-7B-v0.1 (Jiang et al.,
2023) as open-weight backbones that support
ReAct-style tool use while remaining practical for
repeated online evaluation. We keep the backbone,
system prompt, and few-shot demonstrations fixed
across all methods so that performance differences
can be attributed to the decision policy alone.
Baselines. We compare against three groups of
baselines that match OLIVIA’s setup as closely as
possible.

Non-learning policies. CoT (Wei et al., 2023)
uses chain-of-thought prompting for free-form rea-
soning and tool selection. BM25 (Robertson and
Zaragoza, 2009) ranks candidate tools by lexical
similarity to the task description. ReAct (Yao et al.,
2023b) performs iterative reasoning and tool selec-
tion but does not adapt across episodes.

Prompt-based online adaptation. CLIN (Ma-
jumder et al., 2023) maintains a persistent textual
memory updated after each episode. Reflexion
(Shinn et al., 2023) generates verbal self-reflections
after failed episodes and prepends them to subse-
quent prompts.

Bandit-family variants on the same hidden-state
features. To isolate the contribution of UCB-style

exploration, we include two online learners that
consume the same last-layer hidden state ue,t as
OLIVIA and maintain the same per-action suffi-
cient statistics (Aa, ba), but differ only in the selec-
tion rule. ε-greedy (hidden) selects the highest-
scoring action with probability 1 − ε and a uni-
formly random valid action otherwise. Thompson
Sampling (hidden) draws θ̃a ∼ N (θ̂a, A

−1
a ) at

each step and selects the action with the highest
sampled score.

Online protocol. Each dataset is treated as a
stream of episodes. For every seed, we randomly
shuffle the episode order and run each method se-
quentially over that stream, reporting mean and
standard deviation over three random seeds. All
methods use the same per-episode step budget
B = |G| + s, where |G| is the reference tool-
multiset size and s is a small fixed allowance for re-
covery from early mistakes, and each tool is capped
at m selections per episode to prevent degenerate
repetition. Evaluation Metrics. For each episode
we compute precision, recall, and F1 between the
policy’s tool calls and the benchmark’s reference
calls, evaluating functional equivalence as in Patil
et al. (2023). We report macro-averaged scores over
episodes with F1 as the primary metric. To support
our efficiency claims, we further report per-method
prompt tokens injected by the online-learning state,
LLM calls per episode, and wall-clock per episode.
Cumulative regret and parameter estimation error
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Method Growth 100 1k 10k

CLIN O(ep) 10k 100k† 1M†

Reflexion O(fail ep) 5k 50k† 500k†

OLIVIA 0 0 0 0

(a) Prompt tokens injected by the online-learning state at
100/1k/10k episodes. † exceeds a typical 32k context window.

Method calls/ep ↓ s/ep ↓
ReAct 5.0 28.0± 3.2
CLIN 5.0 34.5± 4.1
Reflexion 6.4 41.5± 5.8
OLIVIA 5.0 28.2± 3.2

(b) Per-episode compute on BFCL with Qwen3-4B (mean ±
std over 100 episodes).

Table 2: Efficiency of online-learning methods: (a) prompt-state growth; (b) per-episode compute.

∥θ̂t − θ⋆∥22 are reported in the synthetic validation
of Section 5.4.

6.2 Main Results

Performance. Table 1 reports F1 across all four
benchmarks on both backbones. OLIVIA out-
performs every baseline group: it improves sub-
stantially over the strongest static policy (REACT),
beats prompt-based online adaptation (CLIN, RE-
FLEXION), and—most directly—beats the bandit-
family variants (ε-greedy and Thompson Sampling)
that share its hidden-state features and sufficient
statistics but differ only in the exploration rule.
This last comparison isolates the contribution of
UCB-style exploration: at fixed features and fixed
update rule, principled optimism gives consistent
gains over random or stochastic exploration.

Learning curves. Figure 3 plots running-average
F1 over the episode stream. Static baselines (CoT,
BM25, ReAct) produce flat reference lines since
their policies are fixed. Among the online meth-
ods, CLIN and REFLEXION improve gradually
through textual memory and reflection updates, but
OLIVIA improves faster and converges to a higher
F1 across all four benchmarks. The lightweight
decision layer turns sparse step-level verifier sig-
nals into steadily better action selection, without
modifying the backbone model.

Efficiency. Table 2 reports the inference-time
cost of each online-learning method. OLIVIA’s
decision-layer state lives entirely off-prompt,
while CLIN and REFLEXION accumulate prompt-
injected memory that overflows a 32k context
within∼1k episodes (Table 2a). On wall-clock (Ta-
ble 2b), OLIVIA matches REACT to within ∼1%,
while CLIN and REFLEXION pay growing per-call
overhead and additional reflection-generation calls,
respectively. The accuracy gains in Table 1 there-
fore come at essentially ReAct-level inference cost,
and at substantially lower cost than reflection-style
online adaptation.

Table 3: Reward-design ablation on synthetic streams.

Reward Performance Convergence

F1 ↑ Opt.% ↑ Reg@100 ↓ ∥θ−θ∗∥2 ↓
Final 0.323 36.2 56.3 16.48
Step 0.536 98.0 8.2 0.00

Both 0.536 98.2 8.3 3.04

6.3 Ablation Studies

Effect of α. We sweep α ∈ {0.1, 0.5, 1.0} on the
synthetic streams of Section 5.4. The intermediate-
only panels of Figure 12 show that OLIVIA is
robust across this range: smaller α leans on the
LLM-aligned prior, while larger α explores more
aggressively at the cost of slower concentration on
high-reward actions. We use α = 0.1 in the main
experiments.

Effect of reward design. On the same streams,
Table 3 shows that step-level feedback substan-
tially outperforms a final-only reward, confirming
the value of local credit assignment in multi-step
tool selection. Combining the two signals performs
comparably to step-level alone, indicating that the
dense step signal already supplies most of the learn-
able structure.

7 Conclusion

We presented OLIVIA, a lightweight online adap-
tation layer that turns the frozen LM head into a
per-action contextual linear bandit on the last-layer
hidden state. The construction rests on a simple
observation, once the candidate set is restricted, the
LM head is already a linear contextual scorer, so
the action-selection interface can be replaced by an
online-learnable bandit while leaving the backbone
untouched, yielding gradient-free updates and no
extra LLM calls per step. The results position the
learnable action-selection layer as a complement to,
rather than a replacement for prompt-based online
adaptation for LLMs.
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8 Limitations

OLIVIA assumes a finite candidate action set and
access to the backbone’s last-layer hidden states;
both are satisfied by open-weight tool-use stacks
but not by closed-model APIs. Per-action memory
scales as O(d2), which is parallelizable across ac-
tions and lives outside GPU memory, but invites
future work on low-rank or shared-feature param-
eterizations for very large action sets. We also fo-
cus on a verifier-based per-step reward; extending
OLIVIA to noisier or fully environment-derived
feedback signals is a natural next step.
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A Appendix

This appendix collects material that complements
the main paper. Appendix A.1 states the full
OLIVIA procedure in pseudocode. Appendix A.2
walks through qualitative TOOLBENCH2 trajec-
tories from early and late in the online stream,
showing how the per-action updates reshape tool
selection over time. Appendix A.3 reports per-
benchmark learning curves for both backbones, and
Appendix A.4 reports a reward-design study on the
synthetic streams of Section 5.4.

A.1 Implementation Algorithm
Algorithm 1 states the complete OLIVIA proce-
dure referenced throughout the main paper. Each
episode begins by receiving a task and initializing
the valid action set. At every decision step, the
frozen LLM generates a reasoning trace and the
last-layer hidden-state context (line 6); the con-
troller scores all valid actions with LinUCB (line 8)
and selects the maximizer (line 10). After observ-
ing the binary step-level reward, the selected ac-
tion’s sufficient statistics are updated in place via
the rank-one Sherman–Morrison formula (lines 16–
17), with no gradient computation or backward
pass. The per-action inverse covariance A−1

a and
reward accumulator ba persist across episodes, so
the controller continues to improve over the entire
online stream.

A.2 Case Study
We present three qualitative trajectories from the
TOOLBENCH2 benchmark (Qwen3-4B, α=0.1)
that illustrate how OLIVIA’s online controller re-
shapes tool selection over the episode stream.

Same task, before and after learning. Exam-
ples 1 and 2 show the same task encountered at
episode 3 (early in the stream) and episode 935
(after substantial online updates). At episode 3
the controller has not yet accumulated feedback
and selects entirely unrelated tools (F1 = 0.00). By
episode 935, per-action updates have raised the
UCB scores of the correct tools so that all three
ground-truth tools are recovered (recall = 1.00),
even though the first three actions are still ex-
ploratory misses. The traces visualize per-action
credit assignment in action: every miss (✗) updates
only the selected tool’s statistics, while every hit
(✓) raises that tool’s UCB score, so subsequent
episodes increasingly favor the admissible tools.
This per-action adaptation is the mechanism that

prompt- and memory-based baselines do not ex-
pose, and that the bandit-family variants share with
OLIVIA (differing only in the selection rule).

Example 1 — Episode 3 (early stream): F1

Task: I’m organizing a team building activity for my
company. Can you help me create a short URL for
the event details? Also, suggest some domain options
for the team building link. Furthermore, provide me
with a list of available domains for branding the short
link.
Ground truth (3): bitly.shorten, URL Link Short-
ener.Create a new link, URL Link Shortener.Get a
list of domains

1. Thought: The user needs a short URL for the event
details.
Action: OTT details.New Arrivals ✗

2. Thought: The user also wants domain options for
the short link.
Action: Streaming Availability.Get Basic ✗

3. Thought: Additionally, the user needs a list of
available domains for branding.
Action: Similar Movies.find similar ✗

4. Thought: Now, I need to check if all the actions
have been completed.
Action: Watchmode.Streaming Release Dates ✗

5. Thought: All required actions have been com-
pleted.
Action: Vimeo.GetRelatedChannels ✗

6. Thought: The user’s task is complete.
Action: Movie, TV, music search and down-
load.Get Monthly Top 100 Music Torrents ✗

Result: P=0.00, R=0.00, F1=0.00
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Example 2 — Episode 935 (late stream,
same task): F1

Task: I’m organizing a team building activity for my
company. Can you help me create a short URL for
the event details? Also, suggest some domain options
for the team building link. Furthermore, provide me
with a list of available domains for branding the short
link.
Ground truth (3): bitly.shorten, URL Link Short-
ener.Create a new link, URL Link Shortener.Get a
list of domains

1. Thought: The user needs a short URL for the event
details.
Action: Watchmode.Title Seasons ✗

2. Thought: The user also wants domain options for
the short link.
Action: Watchmode.New Titles ✗

3. Thought: Additionally, the user is looking for a
list of available domains for branding.
Action: Streaming Availability.Search Pro ✗

4. Thought: Now, I need to check if all the actions
have been completed.
Action: URL Link Shortener.Create a new link ✓

5. Thought: All tasks are completed.
Action: bitly.shorten ✓

6. Thought: The final answer is ready.
Action: URL Link Shortener.Get a list of domains
✓

Result: P=0.50, R=1.00, F1=0.67

Generalization to a harder task. Example 3
shows the controller after further training
(episode 1130) on a more complex, previously un-
seen task whose ground truth contains nine tools.
The controller recovers seven of the nine within
twelve steps (recall = 0.78), demonstrating that the
per-action statistics learned from the easier Tool-
Bench2 stream transfer to harder task phrasings.

Example 3 — Episode 1130 (complex task,
7 of 9 ground-truth tools recovered): F1

Task: I’m organizing a movie marathon for my com-
pany’s team-building event. Could you suggest some
action movies from the 90s that are available for
streaming on Netflix, Prime Video, and Hulu? Please
include the IMDb ratings and streaming links for each
movie.
Ground truth (9): Watchmode.List Titles, Watch-
mode.New People, Watchmode.Title Seasons, OTT
details.Basic Info, OTT details.Advanced Search,
OTT details.Title Details, Streaming Availabil-
ity.Search By Title, Streaming Availability.Search
Ultra, Streaming Availability.Search Pro

1. Thought: The user is looking for action movies
from the 90s.
Action: Vimeo.SearchVideos ✗

2. Thought: The user wants to know where these
movies are available for streaming.
Action: Watchmode.List Titles ✓

3. Thought: The user is interested in IMDb ratings
for these movies.
Action: Streaming Availability.Search Ultra ✓

4. Thought: The user wants the actual streaming
links for each movie.
Action: OTT details.Basic Info ✓

5. Thought: The information should be accurate and
up-to-date for a company event.
Action: Streaming Availability.Search Pro ✓

6. Thought: The information needs to be concise and
easy to share with the team.
Action: Watchmode.Title Seasons ✓

7. Thought: The user is likely looking for a variety
of options to cater to different tastes.
Action: OTT details.Title Details ✓

8. Thought: The user might also want to know the
release years to ensure they are from the 90s.
Action: OTT details.Search ✗

9. Thought: The information should be organized in
a way that is easy to use during the marathon.
Action: OTT details.Additional Title Details ✗

10. Thought: The user is looking for movies that can
be watched in a short time frame.
Action: Streaming Availability.Search By Title ✓

11. Thought: The movies should be engaging and
suitable for a group setting.
Action: Similar Movies.find similar ✗

12. Thought: The user is looking for movies that are
well-received with good action elements.
Action: Vimeo.GetChannelVideos ✗

Result: P=0.58, R=0.78, F1=0.67

A.3 Per-Benchmark Learning Curves

We report per-benchmark learning curves for both
backbones. Each plot shows running-average F1
over the episode stream: non-learning baselines
(CoT, BM25, ReAct) appear as flat reference lines,
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while the online methods (CLIN, OLIVIA) evolve
as they accumulate feedback. Across all four bench-
marks and both backbones, OLIVIA starts near
the REACT prior and surpasses CLIN within a
few hundred episodes, consistent with the aggre-
gate F1 in Table 1. To keep the figures readable
we omit the remaining online baselines from Ta-
ble 1 (REFLEXION, ε-greedy (hidden), Thompson
(hidden)) from the per-benchmark plots; their ag-
gregate scores are reported in Table 1.

Qwen3-4B.

Mistral-7B.

A.4 Reward-Design Study
We complement the reward-design ablation in Sec-
tion 6.3 (Table 3) with stream-level learning curves
on the synthetic streams of Section 5.4. Figure 12
reports running-average precision, recall, and F1
under three reward configurations: step-level only
(the dense per-step verifier reward used throughout
the paper), final only (a single per-episode binary
signal), and both (the two combined). Step-level
feedback drives substantially faster convergence on
all three metrics than the final-only reward, which
spreads a single uninformative signal across every
selection in the trajectory. Combining the two per-
forms comparably to step-level alone, mirroring
the aggregate findings in Table 3.

Algorithm 1 OLIVIA: Online Contextual Bandit
for ReAct Tool Selection

1: Inputs: exploration parameter α > 0, extra
steps s, max selections per arm m

2: Initialize: For each arm a ∈A: A−1
a ← Id,

ba ← embLLM(a), na ← 0
3: for episode e = 1 to T do
4: Receive task qe with ground-truth tool mul-

tiset Ge; set V ← A, Le ← |Ge|+ s
5: for t = 1 to Le do
6: Generate thought ze,t via LLM condi-

tioned on (qe, ze,<t, ae,<t)
7: Extract context xe,t ←

hLLM
(
qe, ze,1:t, ae,<t

)
{last hidden state

at action position}
8: for all a ∈ V do
9: θa ← A−1

a ba, ucbe,t(a)← θ⊤a xe,t +

α
√
x⊤e,tA

−1
a xe,t

10: end for
11: Select ae,t ← argmaxa∈V ucbe,t(a)
12: Execute ae,t; observe per-step reward

re,t = 1
[
ae,t ∈ Grem

e

]

13: if re,t = 1 then
14: Decrement remaining count

Grem
e (ae,t)

15: end if
16: Update selection count nae,t += 1; if

nae,t ≥ m remove ae,t from V
17: Policy update (Sherman–Morrison):
18: k ← A−1

ae,txe,t

19: A−1
ae,t ← A−1

ae,t −
k k⊤

1 + x⊤e,tk
,

bae,t ← bae,t + re,t xe,t
20: if V = ∅ then
21: break {all arms exhausted}
22: end if
23: end for
24: Compute episode metrics:

recalle, precisione, F1e
25: end for
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Figure 4: Qwen3-4B on ToolBench.
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Figure 5: Qwen3-4B on TaskBench.
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Figure 6: Qwen3-4B on TaskBench-MM.
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Figure 7: Qwen3-4B on BFCL.
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Figure 8: Mistral-7B on ToolBench.
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Figure 9: Mistral-7B on TaskBench.
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Figure 10: Mistral-7B on TaskBench-MM.
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Figure 11: Mistral-7B on BFCL.
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Figure 12: Reward-design study on synthetic streams. Running-average precision, recall, and F1 (left to right)
over the episode stream for three reward configurations: step-level only, final only, and both. Shaded bands denote
seed-level variability.
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