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ABSTRACT
Large Language Models (LLMs) have shown strong performance in
generative tasks, yet challenges remain in their evaluation, align-
ment with human preferences, and improvement of reasoning under
limited feedback and computational budgets. Addressing these chal-
lenges requires learning frameworks that operate under uncertainty
and resource constraints, making online learning a natural founda-
tion. However, many generative AI problems do not map directly to
existing online learning formulations. My research bridges this gap
by grounding generative AI problems in principled online learning
frameworks while developing new theoretical insights. In recent
work, we proposed a cost-aware Track-and-Stop–type algorithm for
dueling bandits to identify the best model with minimum evaluation
cost. Building on this, we study two further directions: (i) allocating
a fixed training budget to fine-tune the optimal model from a set
of candidates, which maps naturally to decreasing bandits with
pseudo-regret minimization; and (ii) improving LLM reasoning by
formulating hybrid test-time scaling as a Markov Decision Process,
enabling principled allocation of inference-time computation.
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1 INTRODUCTION
Large language models (LLMs) have shown strong empirical perfor-
mance across a wide range of generative tasks. As these models are
increasingly deployed in practice, a natural question arises: given
several available models, which one should be used for a particular
task? In many settings, practitioners have access to a finite set of
candidate models that differ in architecture, training data, and scale,
yet lack a reliable way to determine which model will perform best
from a human perspective. In practice, this decision is typically
made through static evaluation on benchmarks or held-out datasets.
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Such evaluations rely on automated metrics and fixed test sets,
which are increasingly affected by data contamination and leakage
[11], particularly for large models trained on web-scale corpora
[3, 5]. Moreover, benchmark scores often fail to capture aspects of
model quality that matter to human users in open-ended generative
tasks, such as usefulness, coherence, or reasoning quality [8]. As a
result, benchmark-based rankings can be unreliable indicators of
which model is actually preferred by humans.

This mismatch between automated metrics and human judg-
ments motivates alternative evaluation paradigms. In open-ended
generative tasks, it is often difficult to define calibrated scalar per-
formance measures, whereas humans are far more reliable at ex-
pressing relative preferences between model outputs. Preference-
based evaluation has therefore emerged as an alternative, where
models are compared using human or human-aligned judgments
rather than absolute scores [2, 12]. While this approach better re-
flects human preferences, it introduces new challenges. Collecting
preference feedback is costly, and the cost of querying different
models can vary substantially. Consequently, evaluation is often
constrained by a limited budget, raising the question of how model
comparisons should be allocated to identify the best model effi-
ciently. This setting is inherently sequential, since feedback from
earlier comparisons can guide which comparisons are most infor-
mative later on.

Identifying a suitable model, however, does not fully resolve
the problem. In many applications, the selected model must be
adapted to the target task through fine-tuning. Fine-tuning typically
improves performance gradually as more compute is spent, and the
final performance depends on how the available training budget
is allocated. Importantly, the model that performs best before fine-
tuning need not be the one that performs best after fine-tuning.
When the training budget is limited, one must therefore decide
both which model to fine-tune and how to allocate resources over
time, without knowing in advance which choice will yield the best
final performance. Existing approaches address this challenge using
heuristic strategies, such as committing the entire budget to a single
model chosen based on pre-training or evaluation performance, or
applying early stopping rules [1]. These approaches do not address
the more fundamental question of how close one can get, under a
limited budget, to the performance that would be achieved if the
optimal candidate were fine-tuned using the full budget.

A related issue arises at inference time, particularly when improv-
ing the reasoning capabilities of models. Recent work shows that
allocating additional computation during inference—either through
sequential test-time scaling [9], where reasoning is extended over
multiple steps, or through parallel test-time scaling [10], where
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multiple reasoning paths are executed independently—can substan-
tially improve reasoning performance. These approaches represent
complementary ways of spending inference-time compute, but
both incur non-trivial computational cost. In practice, inference-
time budgets are often fixed, and existing methods rely on fixed or
heuristic rules for deciding how much computation to use, without
adapting to task difficulty or available resources.

In this work, we study these questions by treating model evalua-
tion, adaptation, and inference-time reasoning as sequential deci-
sion problems under explicit budget constraints. Rather than rely-
ing on static benchmarks or fixed heuristics, we adopt an online
learning perspective that enables decisions to be made adaptively
based on observed feedback. We begin by studying how to identify
the best model from a finite set using preference-based feedback
under a limited evaluation budget. We then consider how to allo-
cate a fixed training budget across candidate models to approach
the performance of the best model that would be obtained under
full fine-tuning. Finally, we study how inference-time computation
can be allocated across sequential and parallel test-time scaling to
improve reasoning performance under cost constraints. Together,
these settings provide a unified view of how limited resources can
be used effectively when interacting with large language models.

2 CURRENT RESEARCH
In our recent work [6], we study the problem of identifying the
best model from a finite set under preference-based feedback and
heterogeneous evaluation costs. This problem is motivated by large
language model (LLM) evaluation settings, where automated met-
rics are often unreliable and querying different models can incur
substantially different computational or monetary costs. We for-
malize it as a cost-aware dueling bandit with a fixed-confidence
objective, where the learner observes noisy pairwise preferences
between model outputs and must identify the Condorcet winner
while minimizing the total comparison cost.

Our first contribution is an information-theoretic lower bound
on the expected cost incurred by any 𝛿-probably correct algorithm
in this setting. Exploiting the structure induced by the Condorcet
assumption, we show that this lower bound admits a closed-form
characterization, in contrast to prior cost-aware bandit results that
rely on implicit or numerically computed optimization problems.
This characterization provides insight into how optimal sampling
strategies should trade off statistical difficulty and evaluation cost
across different model comparisons.

Building on this insight, we propose a cost-aware Track-and-Stop
style algorithm that adaptively allocates comparisons to match the
optimal cost proportions. A key technical challenge arises because
the optimal allocation need not be unique, complicating direct
extensions of classical tracking-based methods. We address this by
designing a sampling rule that tracks a set of optimal allocations
and a generalized likelihood ratio–based stopping rule tailored
to best-arm identification under dueling feedback. We prove that
the proposed algorithm is 𝛿-probably correct and asymptotically
achieves the lower bound on cost as 𝛿 → 0.

Finally, we validate our approach on both synthetic instances and
real-world LLM evaluation datasets derived from head-to-head com-
parisons [4]. Across all settings, our method consistently reduces

evaluation cost relative to cost-unaware and heuristic baselines,
demonstrating the practical relevance of cost-aware preference-
based model selection. This work provides a principled foundation
for resource-efficient evaluation under preference feedback and
serves as a starting point for studying adaptation and inference-
time decision-making under explicit budget constraints.

3 ONGOING AND FUTURE DIRECTIONS
Building on our cost-aware preference-based evaluation results,
we study two budgeted sequential decision problems: (i) allocating
training actions and cheap inference samples to minimize pseudo-
regret, and (ii) test-time scaling framed as an MDP for adaptive
allocation of inference compute across reasoning steps under cost
constraints.

3.1 Budgeted model adaptation with cheap
inference feedback

In the first setting, we consider a finite set of 𝐾 candidate mod-
els whose performance evolves through costly fine-tuning actions,
where the best model after fine-tuning is not known a priori. At any
intermediate training level, the learner may collect comparatively
cheap inference-time samples to refine performance estimates be-
fore committing further training resources. The learner must there-
fore make sequential decisions that involve selecting a model and
choosing between advancing training or gathering additional infer-
ence feedback. We formulate this interaction as an online learning
problem with heterogeneous action costs and study policies that
exploit cheap inference samples to reduce uncertainty and improve
decisions. Preliminary analysis suggests that strategically allocating
inference samples at intermediate training levels can significantly
reduce pseudo-regret, even when no further training is performed.

3.2 Cost-aware test-time scaling via an MDP
formulation

In the second setting, we study how inference-time computation
should be allocated to improve model reasoning under a fixed bud-
get. Prior work shows that increasing test-time compute can im-
prove performance through sequential test-time scaling, which ex-
tends a single reasoning trace over multiple steps [9], and parallel
test-time scaling, which executes multiple independent reasoning
traces and aggregates their outputs [10]. Sequential scaling can
exhibit diminishing returns and even performance degradation be-
yond a certain thinking budget due to error accumulation [7], while
parallel scaling incurs higher computational cost and does not allow
information sharing across traces.

Motivated by these complementary limitations, we study a hy-
brid test-time scaling strategy that adaptively combines sequential
and parallel computation. We model the inference process as a
Markov Decision Process (MDP), where each intermediate reason-
ing trace corresponds to a state, and actions correspond to either ex-
tending the current trace or branching into multiple parallel traces
with different costs. This formulation enables adaptive allocation
of inference-time compute based on the evolving reasoning trajec-
tory and remaining budget, while capturing the trade-off between
exploration via parallel branching and refinement via sequential
extension.
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