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Abstract

While scaling test-time compute can substan-
tially improve model performance, existing
approaches either rely on static compute al-
location or sample from fixed generation dis-
tributions. In this work, we introduce a test-
time compute allocation framework that jointly
adapts where computation is spent and how
generation is performed. Our method be-
gins with a warm-up phase that identifies
easy queries and assembles an initial pool of
question-response pairs from the test set it-
self. An adaptive phase then concentrates
further computation on unresolved queries
while reshaping their generation distributions
through evolving in-context demonstrations—
conditioning each generation on successful
responses from semantically related queries
rather than resampling from a fixed distri-
bution. Experiments across math, coding,
and reasoning benchmarks demonstrate that
our approach consistently outperforms existing
baselines while consuming substantially less
inference-time compute.

1 Introduction

Test-time strategies (Wei et al., 2022; Yao et al.,
2023; Madaan et al., 2023) have long been a
central focus in the study of Large Language
Models (LLMs). In recent years, test-time scaling
(Agarwal et al., 2024; Muennighoff et al., 2025;
Liu et al., 2025; Snell et al., 2025; Brown et al.,
2024) has emerged as an effective alternative to
traditional training-time scaling (Chowdhery et al.,
2023; Hoffmann et al., 2022; Kaplan et al., 2020).
Rather than increasing model size or training
data, test-time scaling improves performance by
allocating additional computation at inference
time, typically by generating multiple candidate
responses and selecting the most promising one.
Representative approaches include Best-of-N
sampling (Brown et al., 2024; Snell et al., 2025),
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Figure 1: Average coverage (%) across 4 model vari-
ants, where each result is averaged over 5 benchmarks
spanning math, coding, and reasoning. See Section 5
for details.

self-consistency (Wang et al., 2023), and reward-
guided selection using learned or ground-truth
verifiers (Zhang et al., 2025; Lightman et al., 2024;
Cobbe et al., 2021; Uesato et al., 2022). More
recently, reasoning-oriented models (OpenAl,
2024; DeepSeek-Al et al., 2025) have further
amplified the benefits of test-time computation by
enabling multi-step deliberation.

Despite this progress, most existing test-time
scaling approaches share a common limitation:
they rely on a largely static generation process and
allocate samples uniformly across test questions.
Representative examples include Best-of-N
methods (Snell et al., 2025; Brown et al., 2024).
While such approaches are simple to implement
and admit favorable theoretical guarantees, their
lack of adaptivity makes them suboptimal across
heterogeneous datasets. A more flexible line
of work extends this paradigm by allocating a
question-specific number of samples, typically
based on estimated question difficulty (Wang et al.,
2025b; Damani et al., 2025; Zuo and Zhu, 2026).
Even in these methods, however, the generation
distribution for each question remains static and
fixed throughout the whole generation process. A
separate line of work instead modifies the sampling
behavior itself (Liu et al., 2025; Lin et al., 2025;
Wu et al., 2025; Tuyls et al., 2026), but these meth-
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ods typically require running a dedicated search
procedure for each individual query or auxiliary
exploration mechanisms, adding inference-time
overhead and complicating deployment.

In this work, we propose a unified view of
adaptive test-time compute allocation that jointly
considers how much compute to allocate and how
that compute is used to improve the sampling
distribution at inference. Our key insight is
that effective test-time scaling should not only
decide where to spend computation, but also how
additional computation influences the model’s
conditional generation behavior. We achieve this
through self-adaptive in-context learning (ICL),
which reuses previously generated responses as
contextual demonstrations, allowing subsequent
generations to adapt in a lightweight manner
without complicated optimization procedures.

Concretely, our method proceeds in two stages.
A lightweight warm-up phase allocates a small,
fixed budget to every query, resolving easy
cases early and assembling an initial pool of
question-response pairs from the test set itself.
An adaptive phase then concentrates further
computation on unresolved queries and, rather than
resampling from the base distribution, conditions
each generation on demonstrations retrieved from
the evolving pool via semantic similarity. As
more queries are resolved, the pool grows and the
effective sampling distribution shifts—unifying
compute allocation and distributional adaptation
within a single inference-time loop.

Empirically, our method yields consistent
improvements across a range of challenging
reasoning benchmarks, including MATH-500
(Lightman et al., 2024), GPQA-Diamond (Rein
et al., 2024), LiveCodeBench (Jain et al., 2025),
and MinervaMath (Lewkowycz et al., 2022).
Across multiple random seeds and evaluation
rounds, our approach consistently outperforms
a uniform allocation baseline and an adaptive
allocation baseline, achieving higher performance
at lower compute budgets. Notably, the gains
emerge early during test-time scaling, indicating
more efficient allocation of computation rather
than reliance on late-stage oversampling.

2 Related Work

Test-time scaling. A growing line of research
investigates how additional computation at infer-
ence time can improve the performance of large

language models, without modifying their parame-
ters. This paradigm—often referred to as test-time
compute or test-time scaling—has shown that the
use of inference-time resources can close or even
surpass the gap between prompting-based meth-
ods and finetuning (Brown et al., 2020; Mosbach
et al., 2023), and that encouraging longer delibera-
tion or “thinking” at inference time yields consis-
tent gains on reasoning benchmarks (Muennighoff
et al., 2025; DeepSeek-Al et al., 2025). Among
these approaches, repeated sampling has proven
particularly effective: methods such as Best-of-N
generate multiple candidate responses and rely on
reward models or verifiers to identify high-quality
outputs (Brown et al., 2024; Snell et al., 2025;
Cobbe et al., 2021; Lightman et al., 2024; Liu et al.,
2025). Subsequent variants further modulate the
generation process based on intermediate signals
such as model confidence or partial correctness
(Sun et al., 2024; Manvi et al., 2024; Tan et al.,
2025). While effective, these methods typically
operate at the level of individual queries, adjust-
ing inference effort locally without coordinating
computation across inputs.

Test-time compute allocation. A separate
but related direction considers how test-time
computation should be distributed across an entire
set of queries, avoiding over-investment in easy
instances while reserving resources for harder
ones. While test-time compute allocation has
been demonstrated effective, most existing work
rely on staged pipelines, auxiliary predictors, or
pre-computed signals to guide allocation decisions
(Damani et al., 2025; Wang et al., 2025b). One
recent work (Zuo and Zhu, 2026) formalizes test-
time compute allocation as pure-exploration-style
bandit learning (Bubeck et al., 2009; Jamieson
and Nowak, 2014; Locatelli et al., 2016; Zhu
et al., 2020, 2021, 2022), which enables fully
adaptive compute allocation without substantial
overhead. However, to our knowledge, all existing
allocation methods (Damani et al., 2025; Wang
et al., 2025b; Zuo and Zhu, 2026) sample from
a static generation distribution for each question
and are not adaptive in terms of how individual
generation is performed. Our work builds on
this line of research by coordinating computation
across queries while also allowing inference-time
generation behavior to evolve during scaling.

In-context learning. In-context learning (ICL)
enables language models to adapt their behavior at
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inference time by conditioning on demonstrations
provided in the prompt, without any parameter
updates (Brown et al., 2020; Agarwal et al., 2024;
Bertsch et al., 2025). Demonstrations are typically
selected via similarity-based retrieval from a
labeled set (Liu et al., 2021; Xu et al., 2023;
Tanwar et al., 2023), and a consistent finding is
that semantically relevant examples yield more
reliable performance gains (Yoran et al., 2024).
Beyond retrieval from fixed datasets, recent work
explores constructing demonstrations dynamically
from model outputs themselves (Madaan et al.,
2023; Qin et al., 2024; Acikgoz et al., 2025).
Xia et al. (2025) study ICL specifically in the
test-time scaling regime, but focus on individual
queries in isolation. In this paper, we leverage
ICL as a lightweight mechanism for reshaping the
generation distribution within an adaptive test-time
compute allocation framework—using successfully
solved test queries as evolving demonstrations to
guide inference on remaining ones.

3 Problem Setting

We study how to adaptively allocate inference-time
compute across test questions based on their esti-
mated difficulty, with the goal of improving perfor-
mance over static compute allocation schemes that
ignore variation in question difficulty.

We begin with the simplest setting, in which
test-time computation is used solely for response
generation. Given a test question x € X, the lan-
guage model defines a fixed conditional distribu-
tion p(- | ). Applying additional computation to
x corresponds to drawing additional samples from
this distribution. Formally, let ¢(x;) € N denote
the number of responses generated for test question
x; up to a given point in the inference process. The
corresponding response set is

g(wise(xi)) =y, Ye(@) 1 ¥j ~ (- | 24).

Rather than fixing c(z;) in advance, adaptive
allocation determines these values progressively,
based on intermediate feedback from previously
generated responses. The goal is to concentrate
computation on unresolved or difficult questions
while avoiding unnecessary sampling for questions
that can be answered confidently with fewer
generations.

We evaluate performance using coverage
(Brown et al., 2024; Zuo and Zhu, 2026). A test
question is considered correctly answered if at least

one generated response is correct:

Coverage(x;; c(x;)) = H{Ely € g(zi;e(z;)) =
y correctly answers xz}

From this perspective, test-time compute alloca-
tion can be viewed as a sequential decision process
that repeatedly selects which questions to allocate
additional computation to, until all questions are
resolved or further computation becomes unpro-
ductive. Uniform strategies that allocate the same
number of samples to every question ignore differ-
ences in difficulty and often waste computation. In
contrast, adaptive allocation aims to resolve easy
questions early and reserve additional computa-
tion for harder cases, achieving strong performance
with substantially lower overall compute.

4 Methods

4.1 Intuition

Recent studies suggest that increasing diversity in
generated responses is an important factor in effec-
tive test-time scaling (Lin et al., 2025; Wu et al.,
2025). We view this effect as a consequence of how
test-time interventions reshape the model’s sam-
pling distribution. However, most existing adaptive
sampling methods focus primarily on where to al-
locate compute—e.g., concentrating samples on
harder queries—while continuing to draw samples
from a fixed conditional distribution. As a result,
additional sampling often yields diminishing re-
turns when correct solutions have low probability
under the base distribution.

One natural approach to address this limitation
is to modify the sampling distribution itself. In-
context learning (ICL) provides a flexible mecha-
nism for inducing such shifts by conditioning gener-
ation on additional examples. However, prompting
is not always beneficial: added context can degrade
performance due to context-length effects, demon-
stration bias, or poorly matched examples (Yoran
et al., 2024; Du et al., 2025). A consistent finding
in the ICL literature is that similarity-based demon-
stration selection improves reliability. Methods
such as kNN prompting and retrieval-augmented
ICL show that conditioning on semantically related
examples reduces noise and leads to more stable
performance gains (Liu et al., 2021; Tanwar et al.,
2023; Xu et al., 2023; Yoran et al., 2024).

Taken together, these findings suggest that the
effectiveness of test-time interventions depends
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Figure 2: Coverage comparison on MATH-500.

#Samples/q 1 2 3 4 5 6 7 8

Fixed
Neigh

65.15 72.73 77.78 79.80 81.31 82.32 83.84 85.86
65.15 75.76 80.30 81.31 82.83 85.86 86.36 87.88

Table 1: Coverage performance vs. samples per ques-
tion.

not only on how compute is allocated, but also
on whether the induced distribution shift is well
aligned with the target query. To illustrate this ef-
fect, we conduct a controlled experiment on the
GPQA-Diamond dataset, where each question is
evaluated under an identical sampling budget using
either a fixed prompt or a prompt constructed from
semantically neighboring questions. As shown in
Table 1, neighbor-based prompting consistently
yields higher coverage, indicating that similarity-
guided distribution shifts enable more effective use
of test-time compute.

4.2 Our algorithm

Given a set of test questions S = {x1,...,z,},
our goal is to improve test-time performance by
applying an adaptive scaling strategy. Our ap-
proach leverages prior test-time scaling meth-
ods and retrieval-based methods by continuously
reusing generated and evaluated test-time samples
to update in-context prompts, enabling the con-
ditional response distribution to evolve over time
rather than remain fixed. This evolving mechanism
operates entirely at inference time, without modi-
fying model parameters.
Our method proceeds in two stages:

1. A Warm-up stage, which applies a lightweight,
fixed distribution sampling strategy to identify
easy queries and construct an initial Dyegs of
candidate demonstrations.

2. An Adaptive Distribution Sampling stage,
which focuses more computation on unre-
solved queries and conditions future gener-
ations on evolving Dycg.

This two-stage design enables the model to con-
centrate inference on challenging queries while ac-
tively reshaping the response distribution through
evolving in-context demonstrations. The full pro-
cedure is summarized in Algorithm 1. The frame-
work is modular and can accommodate alternative
test-time sampling interventions, demonstration se-
lection strategies, and aggregation rules.

4.2.1 Warm-up

In the warm-up stage, we allocate a small, fixed
amount of compute to each query. For each x € S,
we generate a fixed number of responses

yi ~p(- | z).

go(x) ={y1,---, Yk},

Each response is evaluated by a reward oracle
7(z,y) usually with a range [0, 1]. If any response
satisfies 7(z,y) > +, then the question is marked
as solved and removed from further consideration.
Given that our evaluation metric is coverage, we
use ground-truth as our reward model 7 to evaluate
the correctness directly for this stepanda v =1
correspondingly. The warm-up stage serves two
purposes. First, it resolves easy queries early,
preventing unnecessary compute expenditure,
including ICL-construction, which increases
input token usage. Second, it constructs an initial
D, that will later serve as candidates for ICL
demonstrations. This stage also naturally serves
as a difficulty estimation process over the test set.

4.2.2 Adaptive Distribution Sampling

After the warm-up stage, the remaining test ques-
tions correspond to instances for which correct re-
sponses have low probability under the model’s
base conditional distribution. As a result, addi-
tional independent sampling from the same distri-
bution is unlikely to yield success.

Unlike prior scaling methods (Brown et al.,
2024; Zuo and Zhu, 2026; Wang et al., 2025b),
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which repeatedly sample from a fixed distribution
p(- | x), our approach modifies the sampling dis-
tribution itself by conditioning on ICL demonstra-
tions that draw from the model itself. However, in
terms of the pure resource allocation aspect, we
adopt an effective and strong adaptive allocation
strategy that focuses compute on harder queries as
easier ones are resolved. Building on this strong
foundation, we further improve efficiency by adapt-
ing the sampling distribution via evolving ICL con-
ditioning, rather than sampling repeatedly from a
fixed distribution. We retain the strengths of adap-
tive resource allocation and further enhance it by
adaptively shaping the generation distribution.

ICL construction via similarity-based selection.
For each active query = € A, we construct an ICL
prompt by selecting a set of demonstrations from
Dyest. We first embed each question using a fixed
embedding function ¢(-) and measure semantic
similarity using cosine similarity. The neighbor-
hood of « is defined as the set of top-P most similar
queries:

P(x) = Top-P(A\ {a}, cos (6(2),6() ).

where cos(, -) denotes the cosine similarity. For
each neighbor question z € P(z), let g(z) de-
note the most recently generated response for z.
In practice, since evaluation is deterministic and
queries are eliminated once a correct response is
found, y(z) is typically the first correct response
for z when available. The ICL prompt for z is then
constructed as

I(z) = {(z,9(2)) | z € P(x)}.

This prompt is used to condition subsequent gener-
ations for x.

ICL-conditioned sampling. Given the con-
structed prompt II(x), new responses are generated
from the conditional distribution

y ~p( | 2, 1(x)).

These responses are still evaluated by the reward
oracle, and the active set A is updated accordingly.

Algorithm 1 Self-Evolving Test-Time Allocation

Require: Test questions S, language model p, reward ora-
cle r, total generation rounds R, warm-up rounds Rwarm
(Rwarm < R), per-round sample size K, elimination
threshold -y, embedding function ¢(-), neighborhood size
P.

Return: For each z € S, a set of generated samples g(x)
and a final answer g(z).

1: Initialize response pool g(z) < @ forallz € S //
stores all test-time generations

2: Initialize §(z) < O forallz € S

3: Initialize active set A + S

4: Stage 1: Warm-up (Difficulty Estimation and Diest
Construction) // fixed distribution sampling

5: for round ¢t = 1 to Ryam do

6: for each z € S do

7: Generate K responses {y; 1o, ~ p(- | z) // base
distribution

3: Append responses to g(z)

9: if 3y € g(x) such that r(z,y) > -y then

10: 7(z) — y //first correct
(deterministic verifier)

11: A « A\ {z} //eliminate solved
questions from the active set

12: //

self-improving ICL
13: Precompute question embeddings ¢(x) forall z € S
14: for each z € S do
15:  Define neighborhood:

P(z) + Top-P(S\ {z}, cos(¢(x), 4(-)))
// fixed neighbors; prompts evolve via 7(-)
16: for round t = Ryam + 1 to R do
17:  foreachz € Ado

18: Construct ICL prompt using most recent neighbor
responses:

II(z) + {(2,9(2)) : z € P(z), §(z) exists}

// updates as Diest grows

19: Generate K responses {y;}ie, ~ p(- | z,II(z))
// distribution shift via ICL

20: Append responses to g(x)

21: if 3y € g(z) such that 7(z,y) > ~y then

22: g(z) vy

23: A A\ {z} // eliminate upon success

24: return {g(z),9(x)}zcs

S Experiments

In this section, we present the evaluation of our
approach among different datasets with different
models.

5.1 Experimental settings

Datasets and models. We evaluate our method
on four widely used reasoning and coding bench-
marks: MATH-500 (Lightman et al., 2024), Live-
CodeBench (Jain et al., 2025), MinervaMath
(Lewkowycz et al., 2022), and GPQA-Diamond
(Rein et al., 2024). For LiveCodeBench, we re-
strict our evaluation to questions released between
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Figure 4: Coverage comparison on MinervaMath.

10/05/2024 and 01/04/2025, following the evalua-
tion protocol reported for Gemini 2.5 (Team, 2025).

In addition to these benchmarks, we construct a
custom evaluation dataset using Reasoning Gym
(Stojanovski et al., 2025). This dataset consists of
400 math-oriented reasoning problems sampled at
the hard difficulty level. Details of the dataset con-
struction process are provided in Appendix A. For
MATH-500 datasets, there are 500 math reasoning
questions. There are 272 reasoning questions in the
MinervaMath dataset, and 198 reasoning questions
in GPQA-Diamond correspondingly. The selected
LiveCodeBench dataset contains 166 test questions
relating to coding.

We evaluate both reasoning and non-reasoning
large language models drawn from recent fron-
tier model families. Specifically, we use the
Gemini-2.5-flash-1lite model under two con-
figurations: with internal thinking enabled and
disabled. We also include GPT-4.1 Mini, a non-
reasoning model, and GPT-5 Nano, a reasoning-
oriented model. All models are accessed exclu-
sively through their respective public APIs.

Baselines and metrics. We compare our method
OURS (ADPT) against three methods. The first is
the Best-of-/N (UNIF) strategy (Snell et al., 2025),
which uniformly allocates test-time compute by
sampling N independent responses per query from

a fixed conditional distribution and selecting the
highest-scoring one using a reward oracle. The sec-
ond method is the ELIMINATION (ELIM) method
(Manvi et al., 2024; Zuo and Zhu, 2026), which for-
mulates test-time scaling as an adaptive allocation
problem. In this method, test questions that achieve
a correct response early are eliminated from fur-
ther sampling, while unresolved questions continue
to receive additional samples. All samples for a
given query are drawn from a fixed conditional
distribution, and adaptation occurs solely through
the allocation of the number of samples generated
per question. The last method OURS (RAND) is a
variant of our approach that uses random prompt
selection. This method follows the same two-stage
procedure as our method but replaces similarity-
based demonstration selection with randomly cho-
sen test-time examples.

All results are averaged over four random runs,
with shaded regions in plots indicating £0.5 stan-
dard deviations. As stated in Algorithm 1, we adopt
a round-based evaluation for all methods, where in
each round, new responses are generated only for
test questions that remain unsolved. By default,
we use a total of R = 4 rounds and R4 = 1.
For the number of neighboring shots in adaptive
rounds, we apply P = 3 for all our settings. For
UNIF, ELIM, and the warm-up round, we apply
zero-shot COT prompt (Kojima et al., 2022). We
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Figure 5: Coverage comparison on GPQA-Diamond.
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Figure 6: Coverage comparison on Reasoning Gym.

include all details in Appendix B. For UNIF, we
match the same level of output token to that of
ELIM to ensure a fair comparison. We report per-
formance curves for all methods using the same ran-
dom seeds. For ELIM, OURS (RAND), and OURS
(ADPT), we use the same warm-up stage genera-
tion for efficiency purposes, which corresponds to
the first point in each plot. For Gemini-family mod-
els, results are fully reproducible under identical
seeds, and therefore, the first-point performance is
exactly matched across methods. For GPT-based
models, perfect seed replication is not supported,
and as a result, the first-point performance may ex-
hibit minor variation despite using the same seed.
As stated before, we primarily report coverage as
our main evaluation metric because the accuracy is
highly relevant to the coverage performance. Nev-
ertheless, we provide the accuracy performance to
complement our selection metrics in Section 5.3.

5.2 Overall experiment results

Benchmark results. Fig. 8 reports the final
round coverage of all methods across all bench-
marks and models. For the UNIF baseline, we
propagate the current final-round performance to
unfinished rounds (till R at 4) to enable a fair com-
parison under the same evaluation protocol.
Across all benchmarks and model families,
our method consistently improves coverage

relative to UNIF, demonstrating the benefit of
adaptive test-time scaling over uniform sampling.
Compared to ELIM, our approach yields additional
gains on nearly all benchmarks, highlighting the
advantage of distributional adaptation via evolving
in-context demonstrations. The only exception
occurs for GPT-5 Nano when compared against
ELIM and OURS (RAND) on Reasoning Gym.
This behavior is consistent with the relatively
limited sensitivity of GPT-5 Nano to prompt-based
conditioning on Reasoning Gym.

While random prompts can yield improvements
in many settings, their performance is substantially
less consistent. On reasoning-intensive bench-
marks such as Reasoning Gym, MinervaMath,
and LiveCodeBench, OURS (RAND) occasionally
underperforms UNTF or ELIM, with the effect being
more pronounced for reasoning-oriented models.
In contrast, similarity-based demonstration selec-
tion consistently achieves larger and more stable
gains across models and benchmarks, highlighting
the importance of structured prompt construction
for inducing beneficial distribution shifts during
test-time scaling. Overall, these results demon-
strate that our approach leads to robust and con-
sistent coverage gains beyond some prior methods.

Output token efficiency. In addition to coverage,
we report total output token usage alongside perfor-
mance curves in Figs. 2 to 6. We measure output
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token usage excluding the thinking summary for all
reasoning models, as this summary is a simulated
artifact and does not reflect the model’s actual inter-
nal reasoning process for any of the evaluated mod-
els. Still, we include a representative result of total
token usage in Appendix B. Across all benchmarks,
our method consistently achieves the highest to-
ken efficiency among all compared approaches, for
it requires fewer tokens to reach the same accu-
racy level. In particular, our approach typically ex-
ceeds the performance of ELIM, UNIF, and OURS
(RAND) while consuming markedly fewer samples.
These results demonstrate that our evolving distri-
butional adaptation not only improves coverage but
also yields strong gains in token efficiency across
diverse tasks and models. We include an analy-
sis of the reasons why we can achieve such token
efficiency in Appendix C.

5.3 Ablation Studies

Fixed demonstrations. We further conduct an
ablation study using a fixed set of in-context demon-
strations with ELIM, while keeping all other set-
tings identical to our proposed approach. Given the
availability of demonstration prompts in prior work,
we evaluate this fixed-prompt variant on the MATH-
500 dataset using the Gemini-2.5-flash-lite
model with thinking enabled and the GPT-4 Mini
model. The demonstrations used in this experi-
ment follow commonly adopted prompt templates
from prior studies (Lewkowycz et al., 2022; Brown
et al., 2024). The results are presented in Fig. 7.
Our dynamic setting offers an advantage in both
token efficiency and accuracy, even with random
demonstration selection. Fixed demonstrations still
lead to a static sampling distribution, for it does not
introduce any adaptivity in the generation process.

Alternative sampling distribution. We have
highlighted the importance of the sampling dis-
tribution in test-time scaling. Our framework is
agnostic to the specific mechanism used to modify
this distribution and can, in principle, accommo-
date any test-time intervention that reshapes model
outputs. As a simple alternative to in-context learn-
ing, we consider straightforward temperature ad-
justment, which directly controls the entropy of
the sampling distribution. We conduct an abla-
tion study on the MATH-500 benchmark using
the Gemini-2.5-flash-1lite model with think-
ing disabled, where Algorithm 1 is modified to
progressively increase the sampling temperature

across rounds in place of updating ICL demonstra-
tions. We start with a temperature = 0.3 and then
increase by 0.4 every round. All other experimen-
tal settings are kept identical. The results, shown
in Fig. 7 and marked as TEMP, illustrate the plug-
and-play nature of our framework with respect to
different sampling distribution controls.

Self-consistency. Other than the coverage met-
rics, we utilize self-consistency (Wang et al., 2023)
as suggested in Wang et al. (2025a), which claims
that self-consistency could have a good perfor-
mance as a selection mechanism for reasoning mod-
els. We conduct experiments using GPT-5 Nano
model on the GPQA-Diamond benchmark. We
increase our rounds to P = 8§ to build a better
consensus pool, and we do not eliminate based
on a ground-truth oracle. Instead, we eliminate
once the response pool reaches a consensus over
75% as a variation for our Algorithm 1. Since
self-consistency picks out a final answer, we re-
port accuracy instead of coverage. To differentiate
rounds from the previous plots, we mark rounds
explicitly. Other settings are identical to our main
experiments. We report our results in Fig. 7. Our
method still outperforms the baselines with self-
consistency selection. Also, given that our token
efficiency has been shown sufficiently in other ex-
periments, we do not explicitly show it, but our
method has a better output token efficiency while
achieving a better accuracy performance.

Reward-model. We further evaluate our method
under a reward-model-based setting, where answer
quality is assessed using a strong external model
rather than direct ground-truth comparison. Empiri-
cally, we observe that Gemini-3-flash demonstrates
stronger performance in the Math category com-
pared to the current rewardbench (Lambert et al.,
2025) leader (Gemini-2.5-pro) while also offering
significantly lower latency. Therefore, we adopt
Gemini-3-flash as our reward model for efficiency
and competitiveness. We conduct this experiment
using the Gemini-2.5-flash-lite model with thinking
enabled on the MinervaMath dataset. The results
in Fig. 7 are consistent with our earlier findings.
Additionally, to explicitly test robustness un-
der imperfect verification, we introduce controlled
noise into the reward model’s outputs by randomly
flipping binary correctness labels with a 5% prob-
ability. In this noisy-reward setting, the reward
model determines whether a response is considered
solved and whether it is added to the demonstration
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Figure 7: Ablation studies across fixed demonstrations, temperature tuning, and selection strategies.

pool; if no response is marked correct for a query,
we fall back to selecting the most recent response.
Ground-truth labels are used only for final evalu-
ation and are not involved in adaptive allocation
or demonstration construction. We conduct this
experiment using GPT-4.1-mini on the MATH500
dataset. The results in Fig. 7 still remain consistent
with our earlier findings.

6 Discussion

This work studies test-time scaling from a unified
perspective that jointly considers how inference-
time computation is allocated and how additional
computation is used to influence the model’s sam-
pling behavior during inference. Rather than treat-
ing test-time scaling solely as generating more sam-
ples from a fixed process, we show that allowing
the conditional generation behavior to evolve over
time is a critical and complementary dimension. By
leveraging evolving in-context demonstrations con-
structed from test-time generations, our framework
enables the response process to adapt progressively,
without access to external training data, model up-
dates, or auxiliary allocation models. Empirically,
this structured adaptation yields both improved cov-
erage and higher token efficiency across diverse
benchmarks and model families, consistently out-
performing or matching strong adaptive baselines
while consuming fewer inference tokens.

More broadly, our framework highlights the im-
portance of temporal structure in test-time infer-
ence. As generations accumulate, intermediate out-

puts provide increasingly informative signals that
can be reused to guide subsequent computation,
enabling inference-time behavior to improve even
under a fixed model. While we instantiate this idea
through in-context learning, the framework itself
is not limited to ICL and naturally accommodates
alternative mechanisms for influencing generation,
such as temperature control or other lightweight
decoding strategies. As inference cost becomes an
increasingly central concern, we believe adaptive
test-time strategies that jointly allocate computa-
tion and allow generation behavior to evolve will
play a key role in the practical and efficient deploy-
ment of large language models.
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Limitations

Our framework relies on modifying inference-time
behavior by conditioning generation on previously
generated responses, which implicitly influences
the model’s effective sampling distribution. While
this mechanism enables more efficient use of test-
time compute, it also introduces sensitivity to the
quality of intermediate generations. In particular, if
early responses are noisy or poorly aligned with the
target query, the resulting contextual conditioning
may provide limited benefit or, in some cases, hin-
der subsequent generations. Although our warm-up
phase and similarity-based selection mitigate this
effect in practice, developing more robust strategies
for selecting and filtering test-time demonstrations
remains an important direction for future work.

In addition, our current instantiation focuses on
in-context learning as a lightweight means of in-
fluencing generation behavior. While the proposed
framework is general and can accommodate alter-
native mechanisms such as temperature adjustment
or other decoding strategies, we do not explore
these variants in this work. We view both aspects
as a promising avenue for future work.
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A Other details for experiments

Reasoning-Gym Dataset Construction. To eval-
uate our method on diverse forms of symbolic and
algorithmic reasoning, we construct a balanced
benchmark using the Reasoning Gym (Stojanovski
et al., 2025) framework. We focus on four rep-
resentative categories that capture complementary
reasoning skills: decimal arithmetic, advanced ge-
ometry, binary alternation, and letter counting. For
each category, we sample 100 problem instances
using a fixed random seed to ensure reproducibility,
resulting in a total of 400 evaluation problems.

For each category, we instantiate the correspond-
ing Reasoning Gym task using its canonical dataset
interface and verify correctness using the task-
specific scoring function provided by the frame-
work. All generated instances include the prob-
lem statement, ground-truth answer, and metadata
identifying the originating task. We aggregate the
resulting problems into a unified evaluation set,
which is used consistently across all methods and
experimental settings.

Model APIs and decoding settings. All experi-
ments are conducted using publicly available LLM
APIs. Unless otherwise specified, response gener-
ation uses a temperature of 0.3 when temperature
control is supported. We set Top_P = 0.9 and
Top_K = 40 for all models that expose these pa-
rameters.

For Gemini family models, we use the maxi-
mum available output token limit of 65,536 tokens.
When thinking is enabled, we allocate a maximum
thinking budget of 24,576 tokens. For all GPT fam-
ily models, we set the maximum output length to
32,768 tokens. The reasoning and verbosity levels
are all medium. To get the question embeddings,
we mainly use Gemini’s text embedding model.

Prompt construction for MATH-500. We used
the same prompt across different models. Our
method uses two prompt variants: a warm-up
prompt used for initial sampling, and an adaptive
prompt that prepends P semantically similar test-
time demonstrations (neighbors) before querying
the target problem. Illustrative examples used in
our MATH-500 experiment are shown below.

The warm-up stage uses a zero-shot CoT (Ko-
jima et al., 2022) prompt shared across all models.
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MATH-500 warm-up prompt

Reason step by step and put the final answer
in \boxed{ }.

Problem:

{ Problem statement}

Solution:
\ Y,

We do not apply any complicated prompting
engineering at this stage. We simply feed in the
previously generated Dy.,; demonstrations into the
prompt constructions. Each example consists of a
previously generated question—solution pair. The
target question is appended after a separator.

MATH-500 adaptive prompt

Example 1
Problem:
{Neighbor problem 1}

Solution:
{Neighbor solution 1}

Example 2
Problem:
{Neighbor problem 2}

Solution:
{Neighbor solution 2}

Example 3
Problem:
{Neighbor problem 3}

Solution:
{Neighbor solution 3}

Now solve the following. Put the final answer
in \boxed{ }.

Problem:

{Target question}

Solution:
\\§ J

Prompt construction for LiveCodeBench. For
LiveCodeBench, we use a code-only generation
protocol: the model must output only valid Python
3 source code (no explanations, no comments, and
no markdown fences). We employ two prompt vari-
ants: (i) a base prompt used in warm-up sampling
and baseline settings, and (ii) an adaptive neigh-
bor+base prompt that prepends up to three previ-
ously solved test-time examples before appending
the base prompt verbatim.

The base prompt provides the problem statement,
optional starter code, and explicit I/O and environ-
ment constraints.

LiveCodeBench warm-up prompt

You are a competitive programming assistant.
Return ONLY valid Python 3 code that solves
the task. Do not include explanations, com-
ments, or markdown fences.

Problem:
{question_content}

Starter (optional):
{starter_code or N/A}

I/O requirements:

* Read from STDIN exactly as described
in the problem.

* Write only the required answer(s) to
STDOUT (no extra prints).

¢ Do not read/write files. Do not use net-
work.

* Avoid heavy/obscure libraries.
Constraints:
e Python 3.10+.

* Prefer iterative solutions if deep recur-
sion could occur.

* If multiple test cases exist, handle them
all.

Return ONLY the Python source code.
& J

In the adaptive stage, we prepend previously
solved coding problems and their Python solutions
(selected from test-time generations), followed by
the base prompt verbatim. This construction pro-
vides retrieval-style guidance while preserving the
original task specification.
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LiveCodeBench adaptive prompt MinervaMath adaptive prompt

You will see up to 3 previously solved coding
problems with their Python 3 solutions.

Use them as guidance. After the examples,
follow the final instructions below.

Return ONLY valid Python 3 code (no expla-
nations, comments, or markdown fences).

Example 1
Problem:
{neighbor_problem_1}

Solution (Python 3 code only):
{neighbor_solution_1}

Example 2
Problem:
{neighbor_problem_2}

Solution (Python 3 code only):
{neighbor_solution_2}

Example 3
Problem:
{neighbor_problem_3}

Solution (Python 3 code only):
{neighbor_solution_3}

Base prompt (appended verbatim):

{LiveCodeBench Base Prompt content}
S J

Prompt construction for MinervaMath. For
MinervaMath, the setting is similar to that of the
MATH-500’s.

MinervaMath warm-up prompt

Let’s solve this step by step and put the fi-
nal answer in \boxed{ } with just the numeric
value.

Problem:

{Problem statement}

Solution:
\§ Y,

\.

Example 1
Problem:
{Neighbor problem 1}

Solution:
{Neighbor solution 1}

Example 2
Problem:
{Neighbor problem 2}

Solution:
{Neighbor solution 2}

Example 3
Problem:
{Neighbor problem 3}

Solution:
{Neighbor solution 3}

Let’s solve this step by step and put the fi-
nal answer in \boxed{ } with just the numeric
value.

Problem:

{Target problem}

Solution:

Prompt construction for GPQA-Diamond. For
GPQA, we use a multiple-choice solving protocol
that asks the model to reason step by step and out-
put exactly one option letter in boxed{ } (A/B/C/D).

GPQA warm-up MCQ prompt

Solve the problem step by step.
Select one selection and answer A, B, C or D
in \boxed{}.

Question: {question_text}
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GPQA adaptive prompt

You will see up to 3 previously answered
multiple-choice questions.

Use them as guidance. After the examples,
solve the question step by step.

Select one selection and answer A, B, C or D
in \boxed{ }.

Example 1
{neighbor_question_1}
Answer: {neighbor_answer_1}

Example 2
{neighbor_question_2}
Answer: {neighbor_answer_2}

Example 3
{neighbor_question_3}
Answer: {neighbor_answer_3}

Solve the problem step by step.
Select one selection and answer A, B, C or D
in \boxed{ }.

Question: {target_question_text}
\ y,

Prompt construction for Reasoning Gym. For
Reasoning Gym, we use a minimal answer-format
instruction that requires the final answer to be en-
closed in boxed{ }. In contrast to math benchmarks,
where explicit zero-shot CoT prompting is com-
monly used, we find it not useful in this setting.
Thus, we apply a prompt without it.

Reasoning Gym warm-up prompt

Put the final answer within \boxed{ }.
Problem:
{Problem statement}

Solution:

Reasoning Gym adaptive prompt

Example 1
Problem:
{Neighbor problem 1}

Solution:
{Neighbor solution 1}

Example 2
Problem:
{Neighbor problem 2}

Solution:
{Neighbor solution 2}

Example 3
Problem:
{Neighbor problem 3}

Solution:
{Neighbor solution 3}

Now solve the following. Put the final answer
within \boxed{ }.

Problem:

{Target question}

Solution:
N\ J

B Additional experimental results

Additional allocation method. We incorporate
an additional adaptive baseline inspired by (Wang
et al., 2025b), referred to as Difficulty-Aware allo-
cation DA. In this implementation, we use Gemini-
3-flash to estimate per-question difficulty and al-
locate computation proportionally. Unlike the
original batch-based formulation in (Wang et al.,
2025b), we perform per-query difficulty estima-
tion, which allows a more fine-grained allocation
strategy aligned with our test-time adaptive setting.

To ensure a fair comparison, we strictly con-
trol the computational budget. Specifically, we
maintain approximately the same total token us-
age as the Elim baseline, so that any performance
difference reflects allocation strategy rather than
increased computation. Given that token usage
is matched and fully reported, we present results
primarily across rounds to highlight differences in
allocation dynamics. We can see that our approach
still outperforms all other variations.
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Method RO R1 R2 R3

DA 415 482 511 515
Elim 415 478 51.8 529
Ours (Rand) 41.5 489 50.7 522
Ours (Adpt) 41.5 603 643 66.2

Table 2: Coverage (%) across rounds on MinervaMath
using Gemini-2.5-flash-lite (thinking).

Method RO R1 R2 R3
DA 88.8 90.6 91.8 92.2
Elim 88.8 91.0 924 924

Ours (Rand) 88.8 91.2 932 944
Ours (Adpt) 88.8 92.8 93.8 95.6

Table 3: Coverage (%) across rounds on MATHS500
using GPT-4.1-mini.

Token count for all usage. We select GPQA-
Diamond, using Gemini-2.5-flash-1ite model
with thinking enabled, as a representative bench-
mark for token-usage analysis, since it has the
longest average output token length among all eval-
uated datasets. The setting is identical to our main
experiments. The results, reported in Table 4, show
that our method significantly reduces token con-
sumption at every round. Importantly, because our
approach also yields higher coverage, the true ef-
ficiency gains are underestimated by token counts
alone.

Method Round0 Round1 Round2  Round 3 Total
ELIM 2,025,345 1,680,173 1,308,144 1,249,419 6,263,081
OURS 2,025,345 1,102,486 902,109 741,611 4,771,551
Savings (Elim-Ours) 0 577,687 406,035 507,808 1,491,530

Table 4: Average token usage (input prompt + thinking
summary + response token) per round across 4 seeds.

Numerical results. We present numerical results
for the approach OURS (ADPT) compared with
all the other variants. We compare the last round
coverage gain for OURS (ADPT) over the other
baselines. In general, our method is able to achieve
a good performance gain.

Benchmark Nonthink Think
MATH-500 4.28/4.08/1.08 1.82/1.07/0.02
LiveCodeBench  7.43/7.43/3.46 2.56/2.56/0.20
MinervaMath 15.93/15.36/11.86 16.11/14.43/13.39
GPQA 11.07/10.23/7.03  12.16/11.40/1.68
ReasonGym 8.98/8.06/1.52 2.27/0.58/3.38

Table 5: Coverage improvement (%) for Gemini models
(U/E/R).

GPT-4.1 Mini

MATH-500 2.35/1.08/0.22
LiveCodeBench 2.55/3.11/2.01

Benchmark GPT-5 Nano

1.68/1.35/0.33
3.41/1.14/1.67

MinervaMath ~ 7.14/7.41/6.34 10.29/11.43/11.34
GPQA 5.50/3.25/0.67  5.56/1.68/1.05
ReasonGym 6.31/5.04/2.33  0.31/-0.02/0.31

Table 6: Coverage improvement (%) for GPT models
(U/E/R).

C Token efficiency analysis

We attribute the token efficiency of our approach to
two complementary factors: (i) the characteristics
of modern long-context LL.Ms, and (ii) the ability
to resolve queries that are effectively unsolvable
under fixed distribution sampling.

Long context windows and token amplifica-
tion. Modern LLMs—especially reasoning mod-
els (DeepSeek-Al et al., 2025; Team, 2025)—oper-
ate with increasingly long context windows. The
explicit reasoning or “thinking” process alone can
consume thousands of tokens, and generating a
complete final response often requires additional
substantial output. As a result, a single failed at-
tempt on a hard query can already incur a large
token cost. This issue is further exacerbated for
difficult or ambiguous queries, where models may
hallucinate extended reasoning chains without con-
verging to a formatted answer (Xu et al., 2025;
Kalai et al., 2025). The same applies to powerful
non-reasoning models, which often have large out-
put budgets and can exhibit similar behavior when
repeatedly sampling on challenging inputs.

Under a static sampling setting, hard queries
tend to dominate the overall token budget: repeat-
edly allocating samples to such queries often leads
to multiple long, unsuccessful generations, signif-
icantly inflating total token usage. Consequently,
naively increasing the number of samples does not
necessarily improve efficiency and can instead am-
plify token consumption.

Solving unsolvable questions. The second—and
more critical—factor behind token efficiency is the
ability to actually resolve questions that are un-
likely to be solved under static sampling. Recent
work by Xia et al. (2025) shows that ICL can un-
lock solution paths for queries that appear unsolv-
able when sampled without ICL demonstrations.
By conditioning inference on carefully selected
demonstrations, ICL can shift the model toward
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Figure 8: Final round coverage comparison

more effective reasoning trajectories, particularly
for complex problems. Our approach leverages
this insight by incorporating ICL into our self-
improving scaling scheme. Once a hard question is
successfully solved, further expensive generations
for that question are avoided, leading to substantial
savings in output tokens. Importantly, the benefit
is multiplicative: resolving a previously unsolvable
question not only prevents repeated long halluci-
nated outputs for that question, but can also provide
informative demonstrations that help guide infer-
ence on related queries. Overall, token efficiency
in our framework arises not merely from allocating
fewer samples but from increasing the probability
of early success on difficult queries. By combining
adaptive allocation with ICL-driven distributional
shifts, our method reduces redundant long gener-
ations and makes more effective use of the large
context windows available in modern LLMs.

D Failure mode

To assess the robustness of similarity-based evolv-
ing ICL under weak semantic structure, we con-
struct a deliberately heterogeneous test set. Specifi-
cally, we combine 60 questions drawn from Live-
CodeBench, MATH500, and GPQA-Diamond (20
each), and further enforce diversity by selecting
semantically distant instances based on cosine sim-
ilarity in embedding space. This procedure in-
tentionally disrupts local clustering and weakens
nearest-neighbor relationships. The results are
shown in Table 7. While the absolute gains are
smaller than those observed on more structured

benchmarks, our method continues to yield con-
sistent improvements over baseline strategies with-
out any performance degradation. For example, at
Round 3, OURS (ADPT) achieves 55% coverage
compared to 53.3% for ELIM. These results in-
dicate that the benefits of evolving ICL are more
limited in highly heterogeneous settings, though it
still provides modest improvements over baseline
approaches.

Method RO R1 R2 R3

Elim 45.0 533 533 533
Ours (Rand) 45.0 51.6 55.0 55.0
Ours (Adpt) 45.0 53.3 55.0 55.0

Table 7: Coverage (%) on a deliberately diverse dataset.

E The use of Large Language Models

LLMs were used to polish the writing of this paper.
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