AgentTTS: Large Language Model Agent for Test-time
Compute-optimal Scaling Strategy in Complex Tasks

Fali Wang'*, Hui LiuZ, Zhenwei Dai2, Jingying Zeng?, Zhiwei Zhang', Zongyu Wu',
Chen Luo?, Zhen Li?, Xianfeng Tang?, Qi He?, Suhang Wang'
IThe Pennsylvania State University, University Park, PA, USA
2 Amazon, Palo Alto, CA, USA
{£qw5095,2zbz5349,2zzw5373, szw494}0psu. edu
{liunhu,zejingyi,zwdai,cheluo,xianft}@amazon.com

Abstract

Test-time scaling (TTS) enhances the performance of large language models
(LLMs) by allocating additional compute resources during inference. However,
existing research primarily investigates TTS in single-stage tasks; while many
real-world problems are multi-stage complex tasks, composed of a sequence of
heterogeneous subtasks with each subtask requires LLM of specific capability.
Therefore, we study a novel problem: the test-time compute-optimal scaling in
multi-stage complex tasks, aiming to select suitable models and allocate budgets
per subtask to maximize overall performance. TTS in multi-stage tasks introduces
two fundamental challenges: (i) The combinatorial search space of model and
budget allocations, combined with the high cost of inference, makes brute-force
search impractical. (ii) The optimal model and budget allocations across subtasks
are interdependent, increasing the complexity of the compute-optimal search. To
address this gap, we conduct extensive pilot experiments on four tasks across six
datasets, deriving three empirical insights characterizing the behavior of LLMs
in multi-stage complex tasks. Informed by these insights, we propose AgentTTS,
an LL.M-agent-based framework that autonomously searches for compute-optimal
allocations through iterative feedback-driven interactions with the execution en-
vironment. Experimental results demonstrate that AgentTTS significantly outper-
forms traditional and other LLM-based baselines in search efficiency, and shows
improved robustness to varying training set sizes and enhanced interpretabilityﬂ

1 Introduction

Test-time scaling (TTS), which refers to allocating additional computational resources during in-
ference, has shown promising results in improving the performance of large language models
(LLMs) [2, 145,155} 1331 [19) 154, 126]]. For example, Brown et al. [2]] scaled inference compute via
repeated sampling of candidate solutions, using a verifier to select the best prediction, enabling a
weak small model to outperform single-sample state-of-the-art models. Despite its effectiveness,
existing methods are primarily designed for single-stage tasks, where the model performs a single
function, such as mathematical problem solving [45} 2} 55,133} 19,26} [14] or code generation [2} 34].
However, many real-world applications involve multi-stage complex tasks, for which compute alloca-
tion remains underexplored. These tasks involve a sequential execution of heterogeneous subtasks
to accomplish complex objectives. Representative examples include retrieval-then-generation QA
systems [[16]], waterfall-style software development (comprising requirement analysis, system design,
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coding, and testing) [29], and multi-agent task automation (such as task decomposition, tool selection,
and parameter prediction) [32]]. Each subtask within a multi-stage workflow often requires a model
with specific capabilities [13]. For example, in a retrieval-then-generation QA task, retrieval benefits
from large models with strong long-context understanding, while generation can achieve competitive
performance using smaller models with repeated sampling (see Fig. Eka)(b)). Therefore, multi-stage
tasks demand models with diverse types and levels of capabilities, challenging existing TTS methods.

To bridge this gap, we formulate and study a novel problem: test-time compute-optimal scaling
in multi-stage complex tasks: for a complex task composed of a sequence of subtasks and each
subtask has a set of candidate models to choose from, given a total compute budget, the objective
is to select the appropriate model and allocate the compute budget for each subtask to maximize
overall task performance. This problem presents two major challenges. (i) The search space is large
due to the combinatorial choices of models and budget allocations across subtasks. For instance, in
software development with three subtasks and two model options each (3B and 70B), the number
of configurations can reach up to 10° (see Appendix for a calculation example), with each
configuration requiring time-consuming inference (often several hours), rendering brute-force search
impractical. (ii) Subtasks are not independent. The compute allocation for one subtask affects the
performance and budget requirements of others. As shown in Fig. [T(b-d), high-quality retrieval can
significantly reduce the compute required by the downstream generation subtask to achieve peak
performance. In contrast, poor retrieval quality necessitates increased computation for generation,
either through additional sampling or the use of larger models, to compensate for degraded input
quality. These challenges highlight the need for an efficient search strategy that can handle the large
and interdependent search space.

To address these challenges, we first conduct preliminary experiments to characterize the behavior of
LLMs under test-time scaling in multi-stage tasks. From experiments, we derive three generalizable
insights across four task types: (1) Different subtasks exhibit distinct preferences between large
and small models; (2) Increasing test-time compute initially improves performance, but beyond a
certain point, additional compute yields diminishing or no gains; (3) The compute allocated to earlier
subtasks influences the scaling dynamics and compute needs of downstream subtasks. Guided by
these insights, we propose AgentTTS, a novel LLM-agent-based framework designed to efficiently
search for compute-optimal budget allocations in multi-stage tasks. Recent works [20} 1561 |49} 25, [23]]
have shown that LLM-based agents are effective in planning and searching for hyperparameter
optimization. Given the capability of LLMs in understanding and following instructions, AgentTTS
integrates our observed test-time scaling insights into the LLM-agent search process. AgentTTS
consists of three key components: the Agent, Archive, and Environment. The Agent begins by
generating an initial set of trials based on Insight 1, which guides model preferences for each subtask.
These trials are executed by the Environment, which evaluates them on the actual task platform
and returns performance feedback. The Archive stores a history of generated trials, guidelines, and
feedback. In subsequent stages, the Agent produces new trials and guidelines informed by Insights 2
and 3. This iterative process continues until a predefined stopping criterion is met. By leveraging
LLM-based search, AgentTTS offers two advantages: (i) interpretability, through explicit guideline
generation that explains decision rationales; and (ii) robustness, in navigating non-smooth search
spaces commonly found in test-time scaling.

Our main contributions are: (i) We study a novel problem of test-time compute-optimal scaling for
multi-stage complex tasks; (ii) We identify three key insights that uncover fundamental patterns of
test-time scaling in multi-stage tasks and motivate the design of AgentTTS, an efficient LLM-agent-
based framework for searching compute-optimal configurations in this problem setting. and (iii)
Comprehensive evaluations on six datasets show that AgentTTS achieves strong search efficiency,
transparent interpretability in generating new trials, and robustness to non-smooth search landscapes.

2 Related Work

Test-time Scaling and Compute-optimal Strategy. Test-time scaling (TTS) enhances LLM perfor-
mance by allocating additional compute during inference [2} 145, 39]. Existing methods fall into two
categories: sequential scaling 24116, 133} 126, 48], which iteratively refines outputs but depends on
good initial responses, and parallel scaling(2}, 155,134,135, 9} 133} 19, 145]], which generates multiple
outputs and aggregates them using reward-based selection (e.g., repeated sampling [2} 55]], Best-
of-N [35]], or tree search [45]). Recent work reduces reliance on reward models by using LL.Ms as



fusers [[13} 117, 130} 13]]. Parallel scaling is preferred for complex tasks due to better scalability and
broader solution coverage [33]. Hence, we adopt repeated sampling with fusion. Research on
test-time compute-optimal scaling shows that small models with optimal strategies can outperform
larger ones [2} 145,119, 54, 133] 1411 [40]. Approaches include difficulty-aware model selection [33]],
reward-guided voting [45]], and budget-aware prompting [54]. However, they focus on single-stage
tasks, while we extend this to multi-stage tasks, where budgets must be adaptively allocated across
interdependent subtasks to maximize overall performance. A more detailed discussion is given in
Appendix [A.T0.1]

LLM:s for Hyperparameter Optimization. LLMs have become powerful tools for hyperparameter
optimization (HPO), surpassing traditional AutoML techniques such as Bayesian Optimization
(BO) [15! [31] by leveraging contextual reasoning and prior knowledge [8]. LLM-based HPO
research generally follows two directions: (1) reducing the search space and (2) directly generating
hyperparameter configurations. For the former, LLMs have been used to prune large search spaces in
NAS and HPO [52} 25,123} 21]], as seen in GPT-NAS [52], AutoM3L [23], and Llambo [21]. For the
latter, recent works [4} 162} 58| 1,112,156\ [18] 57]] treat LLMs as autonomous optimizers. Systems like
AutoMMLab [49]], GENIUS [62], MLCopilot [56], and AgentHPO [20]] refine trials via feedback and
experience. We extend this line of work to compute-optimal test-time scaling in multi-stage tasks. A
more detailed introduction of related work is given in Appendix

3 Preliminary Knowledge and Problem Definition

Problem Definition. We define a multi-stage complex task 7 = [T1,75,...,T,] as comprising
n simpler subtasks. Each subtask 7; has a set of candidate models M; € M;, where each M; is
tailored for subtask 7;. Given a fixed total computational budget B for the entire complex task 7,
each subtask must be assigned a portion B; such that """ | B; = B. For a subtask T}, there exists a
trade-off between using a larger model with fewer inference samples and a smaller model with more
samples, constrained by the assigned budget B;. Our research problem is defined as

Definition 1 (Test-time compute-optimal budget allocation in multi-stage tasks). Given a fixed
total computational budget B for a multi-stage complex task T, how can we optimally allocate the
computational budget among subtasks B — {B1, Ba, ..., By}, select appropriate models M;, and
effectively distribute the allocated resources to maximize overall performance?

Test-time Scaling Mode: Repeated Sampling with Fusion. We adopt the Repeated Sampling with
Fusion strategy for test-time scaling, as it does not rely on additional reward models or verifiers
compared to Best-of-N [35} 9] or tree search algorithms [45) 53], and it offers greater scalability
compared to sequential scaling [55} 2]]. Given a problem p, a language model M with parameters 6,
test-time scaling is performed by increasing the number of repeated samples k. To stimulate diverse
generations, we set the temperature hyperparameter to 0.9 throughout. A fusion prompt is then used
to aggregate the multiple candidate solutions generated through repeated sampling:

Oszuse(SaM)v S:{Sl|1§2§k}, S’LNM(S|p79) (1)

where S denotes the set of sampled responses, each s; is independently drawn from the model M
conditioned on the input prompt p and model parameters 6. The fusion function f, integrates the
sampled responses using a fusion prompt, as described in Appendix Notably, the same LLM is
used for both generating solutions and performing fusion.

4 Insights of Test-time Scaling on Multi-stage Complex Tasks

Allocating computational budgets for TTS in multi-stage complex tasks has significant challenges: (i)
the search space expands exponentially as the number of subtasks increases, making exhaustive search
impractical; (ii) subtasks typically require models tailored to their specific characteristics, rendering
uniform model assignment inefficient; (iii) the scaling strategies employed in earlier subtasks directly
impact subsequent stages. To address the challenges, we first conduct pilot experiments to understand
fundamental patterns in LLM behavior under TTS in complex tasks, which pave the way to design a
compute-optimal scaling strategy specifically tailored for multi-stage scenarios.



4.1 Experimental Setting

In this subsection, we first briefly introduce the datasets, models, and metrics used across the four
multi-stage complex tasks. Then, we describe a unified budget conversion approach across models
and tasks, followed by an example using the inference FLOPs as the primary compute cost metric.
Detailed descriptions of the datasets, models, and metrics are provided in Appendix

Tasks, Datasets, and Models We conduct preliminary experiments on four multi-stage tasks: (i)
Retrieval-based Question Answering using 2WikiMultiHopQA [[11]] and HotpotQA [50] datasets, (ii)
Knowledge Graph Question Answering using CWQ [36] and WebQSP [51]], (iii) Task Automation,
using TaskBench [32], and (iv) Automated Software Development, using ChatDev [29]]. Subtasks
differ in prompt and generation lengths; retrieval uses longer prompts, while QA needs longer
generations. We consider models ranging from 3B to 72B. Details of task specifications, datasets,
models, and evaluation metrics are provided in Appendix and[A.5]

Unified Budget Conversion Across Models and Tasks Different models and tasks demand varying
levels of computational resources. Larger models require more inference FLOPs, and complex tasks
typically involve longer input or output tokens, leading to increased compute costs. These disparities
complicate fair comparisons of computational overhead across models and tasks. To address this,
we propose a budget normalization framework that equates the cost of fewer inference samples
from larger models with that of more samples from smaller models, while explicitly accounting for
task-specific compute variations.

Formally, let the total computational cost of sampling S times from model M on task 7" be denoted as
feost(M, S, T), and the corresponding normalized compute budget as B = fyuqget(M, S, T'). The cost
metric may reflect user-defined preferences, such as inference FLOPs, wall-clock time, or monetary
cost. To establish a common unit of budget, we define it as the cost of a single inference pass by the
smallest model (e.g., LLaMA 3B) on the lowest computationally consuming task Tjowest:

fbudgel(Msmallesh 17 Tiowest) =1 (2)

Given a model M, sample count Sy, and task T, we compute the equivalent budget B by equating
its total cost to that of the smallest model executing Sspaiiesy Samples on the lowest-consuming task:

B = foudget(Me, Se, Te) = Ssmaliest such that feost(Me, Se, Te) = feost(Msmattests Ssmaltest> Tlowest) — (3)

This formulation expresses the inference budget of any model-task pair as the number of equivalent
samples that the smallest model would generate on the least computationally intensive task.

Compute Cost Metric and Budget Definition. Different stakeholders prioritize different cost
metrics. Consumers are typically concerned with monetary expenses, such as the price per million
input and output tokens. LLM researchers focus on computational cost, such as inference FLOPs,
due to constraints of limited GPU memory. Discussion of using API price as a cost metric is in
Appendix [6] In this work, we adopt inference FLOPs as the primary cost metric throughout. The
corresponding budget conversion is stated in the theory below. The proof is in Appendix[A.2]

Theorem 1 (Normalized Budget Function). Given a configuration (Mg, Se, Ty) where My is the
model size, Sy the number of samples, and Ty = (Np ¢, Nq ¢) the task specification where N, ; and
N is the average prompt and generation lengths, the equivalent normalized budget under the base
COnﬁguration (Mwnallest = 3B; Np,lowe.vt = 128, Nd,lowexr = 64) is:
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Under this conversion, the budget B intuitively represents: how many passes using a 3B-parameter
model on the base configuration Ty, would incur the same cost as given sampling Sy times with
model M, on task T;? The base configuration corresponds to the minimal compute setting among
our subtasks (see Tabled]in the Appendix) and aligns with standard defaults used in short-form QA
tasks, such as QA in WebQSP.

4.2 Preliminary Experimental Results and Insights

We use the FLOPs-based budget conversion in Eq. [d]to analyze performance variance with increasing
sample count and compute budget, and to guide budget allocation in our method in the next section.
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Figure 1: Performance variance on 2WikiMultiHopQA with increasing sampling and inference
FLOPs. Top: performance by sample count; bottom: performance by log-scaled inference FLOPs. (a)
Retrieval accuracy measured by Retrieval F1 (Ret_F1). (b-d) QA performance under varying retrieval
quality levels measured by Gen_EM, the exact match between the generated answer and ground truth

Fig.[[]shows how subtask performance in retrieval-based question answering varies with increasing
test-time sampling and computational budget (FLOPs). In Fig.[T](a), performance on the retrieval
subtask exhibits a strong positive correlation with model size, while smaller models provide only
marginal improvements even with increased budget. This suggests that retrieval benefits from larger
models, where fewer hlgh capacity samples yield better results. In contrast, Fig.[T](b) shows that
for the question answering subtask, under a limited budget (e.g., < 10'* FLOPs), LLaMA-3 3B and
LLaMA-3 8B outperform LLaMA-3 70B, indicating a preference for smaller models. Similar trends
are observed in Fig.[T0](a)(b) and across other benchmarks (see Fig.[TTI4]in Appendix [A.6). These
discrepancies arise from subtask-specific demands: retrieval emphasizes long-context understanding,
favoring large models; while question answering primarily involves extracting information from
retrieved content, where smaller models excel and can better exploit test-time scaling via repeated
sampling. Thus, different subtasks exhibit distinct preferences between language models and
sampling frequency, depending on the specific capabilities required by each subtask (Insight 1).

Fig. [T] (b-d) reveal a non-monotonic performance trend across models in the question answering
subtask, which is sensitive to test-time compute. As the number of sampling repetitions increases,
performance initially improves but often fluctuates or declines after reaching an optimal budget. For
example, LLaMA-3 3B reaches peak performance at 10 samples (FLOPs budget ~ 2 x 10'®) in Fig.[9]
(b), indicating that additional compute does not always yield better results in this subtask. Similar
patterns are observed in Fig.[T0|(b-d) and other benchmarks (see Appendix [A-6). This is because,
as the number of candidates grows, fusion becomes more complex and may become a performance
bottleneck. Smaller models, with limited capacity, struggle more under high sampling and tend to
degrade, whereas larger models are more capable of handling extensive fusion and show greater
tolerance. In conclusion, subtask-level test-time scaling typically exhibits an optimal budget,
beyond which more budget often leads to limited or even negative returns (Insight 2).

Fig. [T] (b-d) show how the performance of the question answering subtask varies under different
levels of retrieval quality, with F1 scores approximately 0.80, 0.60, and 0.35, respectively. When
high-quality retrieval is provided by a larger model (Fig.[I] (b)), we observe: (1) the optimal test-time
budget for question answering is reached earlier. For instance, LLaMA-3 8B peaks at 10 samples
(budget around 2 x 10'3 FLOPs); and (2) smaller models (3B and 8B) may outperform the larger
model (70B) under the same compute budget. In contrast, when retrieval quality is low (Fig.[T](c)(d)),
the peak performance is delayed. For example, with Ret_F1 = 0.6, LLaMA-3 8B peaks at 20 samples
(budget about 3 x 103 FLOPs), while with Ret_F1 = 0.35, even 90 samples (budget near 104
FLOPs) still do not reach peak performance. Moreover, under low retrieval quality, smaller models
are less likely to outperform larger ones. For instance, in Fig.[I] (d), the peak performance of the
3B and 8B models does not surpass even the lowest performance of the 70B model. These findings
indicate that the scaling behavior of a subtask is affected by the performance of its preceding subtasks.
Poor retrieval increases downstream task difficulty, requiring the model to compensate for missing
information, where larger models are more beneficial. Similar trends are observed in Fig. [I0](b-d) and



Algorithm 1 Compute-Optimal Test-time Budget Allocation

Reqmre Agent A, Model set M, Subtasks 7, Environment &, Total budget B.

. Initialize experiment archive: £ < (.

Initialize candidate trials: C <— A.initialize(M,T) (Insight 1, Eq.[5)

Obtain feedback: S < £.execute(C)

while stopping criterion is not met do
Generate exploration guidelines: G < A.generate_guidelines(C,S) (Insights 2, 3)
Update experiment log: £ < LU {(C,S,G)}
Generate new candidate trials: C + A.generate(G, M, T, B) (Eq.
Obtain feedback: S «+— £.execute(C)

end while

return Best-performing trial from L.
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other benchmarks in Appendix We conclude that budget allocation for a preceding subtask
impacts the model selection and optimal budget of subsequent subtasks (Insight 3).

S AgentTTS: Agent for Test-time Scaling Budget Allocation

The insights in Sec. @] provide guidance on how to efficiently search for effective budget and model
allocations in multi-stage tasks. As LLMs have shown strong capabilities in planning and reasoning,
we propose AgentTTS (Agent for Test-Time compute-optimal Scaling), which integrates these
insights into an LL.M-based agent to autonomously navigate the compute allocation space and
capture subtask-specific model preferences and optimal budget, and inter-subtask dependencies. An
illustration of AgentTTS is in Fig.[2| Next, we elaborate on the design of AgentTTS.

Overview of AgentTTS. As shown in Fig. C (B4B,A+R) _
(b-d), the framework consists of three core Gﬁ% T octon %;
components:  the Agent, Archive, and Archives

Environment. Initially, the Agent gener-
ates a batch of candidate trials (each looks
like (M1, By, M3, Ba, . . .), guided by Insight 1,
which reflects preliminary model preferences LLM Pool Environment
across subtasks. These trials are stored in the
Archive and forwarded to the Environment
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subsequent iterations, the Agent generates new (b) Agent (c) Environment (d) Archive

trials based on the existing guidelines and adds Figure 2: Overview of LLM Agent for Test-time
new guidelines by Insight 2 and Insight 3. The Scaling Budget Allocation.
Archive continuously stores the evolving guidelines along with corresponding trials and performance
feedback, while the Environment evaluates each batch of trials in a practical execution environment
and returns feedback. This loop repeats until a predefined stopping criterion is met. The full procedure
is outlined in Algo.[I} and the class diagram is shown in Fig.[T16| (Appendix).

Agent component The Agent, implemented using an LLM, is responsible for generating test-time
budget allocation candidate trials and guidelines, as shown in Fig. [2](b). Although LLMs perform
well in hyperparameter optimization for machine learning models, they lack knowledge of test-time
scaling, a relatively new technique. To address this, we incorporate Insight 1 into the initial search
stage and Insights 2 and 3 into all stages.

Insight 1 reveals that different subtasks prefer models with specific capabilities. Therefore, matching
a suitable model early steers the search toward effective configurations, reducing wasted effort on
inferior options. To estimate each subtask’s model preference, we perform the following during the
initialization stage. Let B = fiudget(M; max, 1, ;) be the budget required for a single sample
from the largest available model M; ., for subtask T; and BZmin = fbudget(Mmlin, 1,T;) the budget



from the smallest model. For each subtask 7;, we compare all candidate models that fit within B}"**,
while fixing all other subtasks to use their respective largest available model with one-pass inference.
This ensures a fair comparison across model candidates for the target subtask 7;. Under the condition
that B > B — " ki B;.ni“, the largest model for subtask ¢ occupies too much budget to allow
feasible allocations for the remaining subtasks. In this case, we progressively downsize the model
until the largest available model M; ,ax is found. This operation is repeated for each subtask.

Upon receiving initial feedback from the Environment module, the Agent summarizes the initial
guidelines G (Algo. Line 5) using the prompt provided in Appendix based on performance
comparisons. If the large model significantly outperforms the small model, the large one is preferred.
Otherwise, the small model is preferred due to its greater flexibility in subsequent exploration. The
resulting guideline specifies which model should be prioritized in the later stages of the search.
The instruction to identify the preferred model is used only in the initial search stage. The overall
procedure is implemented in Line 2 of Alg. [I]and formalized in Eq. [5|below

_ JH{G M, By, ) |1 < i <N, M; € M;, B; = Bj™}, initial stage )
" ) {c|c€ Agenerate(G, M, T,B)}, subsequent stages
where each trial is represented as ¢ = (My, By, ..., My, By), M; € M, is the selected model, and

B; is its assigned budget for subtask i. B denotes the total compute budget. M; .y is the largest
available model for subtask 4, and the configuration (..., M;, B;, ...) indicates that other subtasks are
fixed to their respective available largest models with one-pass inference.

Insight 2 shows that increasing test-time compute initially improves performance, but beyond an
optimal point, it may cause oscillation or degradation within a subtask. Each model thus has a
task-specific optimal budget: too little limits performance, while too much wastes compute and harms
other subtasks. Identifying this optimal budget per subtask is key to maximizing overall performance
efficiently. To support this, we put Insight 2 in the guideline generation prompt (Appendix [A.7) and
ask LLM to follow Insight 2 to: “identify the search direction for finding the optimal number of
samples for each subtask.” This ensures that the agent focuses the next round of search within the
right scope, enabling faster convergence to optimal allocation.

Insight 3 indicates that budget allocation for a preceding subtask affects model choice and sampling
needs in downstream subtasks. Under limited budgets, optimal configurations cannot be assigned
to all subtasks. Allocating more resources to one may shift the optimal setup of others, making
previous configurations suboptimal. This interdependence increases search complexity, as each
subtask must be re-evaluated in light of others’ changes. To address this, we embed an instruction
into the prompt (Appendix that leverages the LLM’s planning capabilities to explore allocation
trade-offs across subtasks. This enables the Agent to generate search guidelines that adaptively
identify critical subtasks and configurations.

The instructions derived from three insights are applied concurrently throughout the search process.
Based on the updated guidelines, the Agent then generates the next round of candidate trials (Algo.
Line 7) for evaluation.

Environment & Archive Components The Environment module executes and evaluates trials
in the actual runtime environment. Upon receiving trials from the Archive, it converts them into
executable scripts and submits them to the task platform for execution on a small training set. After
completion, performance feedback is returned to the Agent, as shown in Fig.[J(c) and Lines 3 and 8 of
Algo.|l} The Archive component stores generated guidelines and candidate trials in corresponding
bases, as shown in Fig. d) and Lines 1 and 6 of Algo. [I} It records the search process throughout
iterations and outputs the best-performing trials upon termination.

6 Experiments

This section presents a comprehensive evaluation of AgentTTS for test-time compute-optimal budget
allocation in multi-stage complex tasks. We also conduct ablation studies on integrated key insights,
analyze the interpretability of budget allocations, evaluate robustness to different training sizes, and
compare search effectiveness under various budget conversion methods.

Experimental Setup. We conduct experiments across six datasets covering four distinct task
categories, as detailed in Appendix[A.4] Baselines include two groups of hyperparameter optimization:
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Figure 3: Performance trajectories across various search methods over 50 trials. X-axis: trial count;
Y-axis: best performance up to each trial. The best score is obtained from the optimal trial in a prior
grid search and serves as the benchmark for all methods.

traditional machine learning methods and recent LLM-based methods. The traditional baselines
include Bayesian optimization (BO) [[L5} 31] and random search. For LLM-based approaches, we
consider AgentHPO [20], MLCopilot [56], and LLM_ZS. Given that these LLM-based methods were
initially proposed for hyperparameter tuning, we adapt them to the test-time budget allocation. Both
AgentHPO and MLCopilot employ a two-phase pipeline: (1) feedback-driven guideline generation
and (2) guideline-informed candidate trial generation. They differ in the initialization of guidelines:
AgentHPO generates initial guidelines autonomously via the LLM, while MLCopilot initializes
guidelines based on performance trends observed in similar tasks. In contrast, LLM_ZS directly
prompts the LLM to generate candidate trials without relying on guidelines or external references.
Further details of each baseline are in Appendix [A.9] All methods execute 50 iterations of search
on a training set comprising 50 samples and are subsequently evaluated on a test set containing 500
samples. We use GPT-03-mini [27] as the LLM search agent. The default budget is set as the sum of
the minimum budget required for one-pass inference on each subtask using the largest model.

Main Results and Analysis. Fig.[3|shows the search trajectories of our method and the baselines
for test-time compute-optimal budget allocation on the training set. The search time and test-set
performance of the best trials are reported in Tab. [T} We observe: (i) Our method outperforms
baselines in both search efficiency and test-set performance in Fig. [3]and Tab.[I] First, ours achieves
top results on most tasks and requires fewer trials, even when baselines eventually reach optimality.
Second, our method reduces search time, confirming higher computational efficiency. These gains
come from leveraging empirical insights to guide the search toward promising trials. Despite similar
performance on the training set, our method often generalizes better, as shown in Tab.[I} For example,
on 2WikiMultiHopQA, it exceeds the next best methods by 2% on the test set. This suggests that
Insight 2 helps identify minimal budgets and avoid redundant sampling, improving generalization. (ii)
Compared to LLM-agent-based AgentHPO and MLCopilot, our method converges faster, showing
integrated insights improve search efficiency on compute-optimal allocation. (iii) Traditional methods
such as BO often get stuck in local optima due to the non-smooth landscape, while random search
is noise-tolerant but inefficient. In contrast, LLM-based methods use prior hyperparameter tuning
knowledge to bypass suboptimal regions, achieving better search performance.

Table 1: Comparison of search time (in hours) and test-set performance across datasets. “~” indicates
unavailable results or failure to find the optimal trial.
Method 2Wiki Hotpot CWQ WebQSP Taskbench ChatDev
Time EM | Time EM | Time EM | Time EM | Time p-F1 | Time Cons.
Random - 0.66 - 0.71 - 0.76 - 0.86 - 0.40 - 0.74
BO - 0.60 - 0.71 - 0.76 - 0.85 - 0.52 - 0.75
LLM_ZS 125 0.70 - 0.71 | 553 0.76 | 377 0.89 - 0.49 - 0.74
MLCopilot | 12.5 0.70 | 463 0.72 | 484 0.78 | 20.8 0.88 - 0.53 - 0.75
AgentHPO | 83 0.70 | 363 0.74 | 374 0.78 | 48.1 0.89 - 0.49 - 0.74
Ours 25 072 | 175 074 | 11.1 078 | 7.8 0.89 | 643 053 | 143 0.75
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Figure 4: (a-c) Search trajectories under varying training sizes on 2WikiMultiHopQA. (d) Ablation
study on 2WikiMultiHopQA with a total budget of 900.

Ablation Studies. To evaluate the contribution of each insight in AgentTTS, we perform ablation
studies by comparing it to variants with individual insights removed. AgentTTS-w/o-Insightl
replaces Insight 1 with random initialization. AgentTTS-w/o-Insight2/3 removes prompt components
addressing diminishing returns beyond optimal budget (Insight 2) and inter-subtask dependencies
(Insight 3). As shown in Fig.[d[d), we observe: (1) Removing Insight 1 prevents reaching optimal
configurations, highlighting the role of initial model choice in guiding subsequent exploration. (2)
Without Insight 2, search efficiency drops, delaying optimal trials to 29 steps, showing the need
to identify per-subtask optimal budget. (3) Excluding Insight 3 delays the optimal trial to step 38,
confirming the importance of leveraging LLM planning to handle subtask dependencies.

Robustness to Varying Training Sizes. A small training set might lead to unstable performance,
creating a non-smooth search landscape that hinders optimization. To assess the robustness of search
methods under this condition, we vary the training set size (50, 75, 100 samples) and evaluate their
effectiveness in finding optimal configurations. As shown in Fig.[{a-c), the search efficiency of LLM-
based baselines and Bayesian optimization declines with smaller training sets, whereas AgentTTS
maintains strong efficiency. This indicates that our empirical insights integrated in AgentTTS help
the LLM agent effectively navigate non-smooth search spaces through valuable prior guidance.

Interpretability of Budget Allocation To illustrate the interpretability benefit from integrating
prior insights into the LLLM agent for test-time compute allocation, we present three case studies
on 2WikiMultiHopQA in Fig.[5] The first row shows Insight 1 enables subtask-specific model use,
favoring large models for retrieval and small ones for QA, to guide efficient trials. The second row
shows Insight 2 pinpoints the optimal sampling range (5-50), narrowing the search space. The third
row shows Insight 3 promotes balanced allocation, favoring one-sample “high-capacity” retrieval and
“lower-cost” QA configuration, enabling effective trade-offs for better overall performance.

Case 1: Guidelines from Insight 1 Model Count of Trials
Retrieval: The 72B model delivers a striking improvement (Ret_F1 0.80). "
over the 7B (0.33) and 32B (0.59) models. Thus, further exploration Retrieval Model  Count  QAModel  Count
should focus on the large 72B model despite its low sample count E—— T T 3
Question Answering: Comparing trials, the 70B model yields around
0.78 Gen_EM with minimal samples, whereas the 3B variant (Llama- Qwen2.5 328 0 LLaMA3 8B 0
3.2-3B-Instruct) with more samples reaches 0.80 Gen_EM. Given the
very similar (even slightly better) performance at lower cost, the Qwen2.572B 10 LLaMA3 70B i

smaller 3B model is preferable for further exploration

Case 2: Guidelines from Insight 2 Sample Count of Trials

For Question Answering, moving from 1 to around 5 samples boosts QA Model Llama3-3B

Gen_EM (0.78 to ~0.80), but further increases (e.g. 50-90) yield little

extra gain.

Thus, search should focus on pinpointing the OA sample threshold (>5) Sample [5,110, 20,50, 90]

where performance plateaus

Generated Trials
Case 3: Guidelines from Insight 3 Retrieval  Retrieval QA QA Used
Model Budget Model Budget  Budget

+ Allocate more cost toward retrieval model quality—as seen, a stronger P =0 NELPE = ==

model (Qwen2.5-72B) with just 1 sample yields the highe res. 728 E

Reserve sufficient budget for QA to allow around 60 samples, which

appears optimal for boosting the main Gen_EM metric. Qwen2.5 814 LLaMA3 86 900

In short, invest in a high-quality Retrieval model with minimal sampling, 728 8B

and prioritize QA's sample count to balance performance within the Qwen2.5 862 LLaMA3 38 900

budget. 728 3B

Figure 5: Detailed Cases of Interpreting AgentTTS Through Integrated Empirical Insights.
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figurations under low budgets, confirming the i )
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benefit of integrated insights on trade-off sub- Figure 6: Comparative search results under low,

task interdependence; (2) Across low to high medium, and high compute budget settings.

budget settings, our method consistently outperforms baselines in search efficiency, indicating that

the insight-informed LLM agent remains robust to the expanded search space.

Performance under varying temperatures To assess the impact of temperature on test-time scaling,
we conduct additional experiments on the 2Wiki dataset. The retriever is fixed to Qwen2.5-72B
(producing a single retrieval result), and we vary the number of samples and temperature values for
the QA model LLaMA 3 3B. As shown in Tab. 2] higher temperatures (e.g., 0.9) improve performance
with multiple samples, while lower temperatures (e.g., 0.1) are more effective for single-sample
cases. This suggests that higher temperatures enhance output diversity and fusion in sampling-based
reasoning, whereas lower temperatures promote more stable, deterministic outputs. These results
align with prior findings [28], which show that temperature-induced diversity improves sample
efficiency in reasoning tasks.

Price Trace (Price)

API price as the cost metric Beyond inference-compute  os
FLOPs, end-users are often more concerned with the mon-
etary cost. Therefore, we introduce an alternative budget

metric: API price. Using this metric, we redraw the test- " Liama3-38

time scaling curves for the question answering subtask ~ oss ° —*~ t:amag'st 05 AgentHPO
of 2WikiMultiHopQA, as shown in Fig. [7] (left). The etk | AgentTT?
results indicate that smaller models remain preferable un- e @) ° e ©

der constrained budgets. Furthermore, as illustrated in Figure 7:  Test-time scaling and
Fig.[7)(right), the proposed insights continue to improve the AgentTTS search trajectories under
search efficiency and performance of AgentTTS, demon- price budget. Left: scaling curves;
strating strong generalization across different cost metrics. Right: corresponding search trajectories.

7 Conclusion

We study a novel problem of test-time Typle 2: EM scores of LLaMA 3 3B at different tem-
compute-optimal scaling in multi-stage cOM-  perature values on the 2Wiki dataset. The retriever

plex tasks, where the search space grows ex- g fixed to Qwen2.5-72B (single retrieval result).
ponentially with the number of model choices

and subtasks, and budget allocation across Samples | Temp=0.1 Temp=0.5 Temp=20.9
subtasks is interdependent. Empirical anal- 1 0.70 0.64 0.66
ysis across four task types and six datasets 10 0.70 0.78 0.78
yields three key insights: (1) subtasks have 20 0.72 0.76 0.78
distinct preferences for small or large mod- 30 0.74 0.78 0.72
. . . . 40 0.74 0.76 0.78
els; (2) test-time scaling saturates, with dimin-
L . . 50 0.74 0.72 0.78
ishing or negative returns beyond an optimal 60 0.74 0.78 0.80
budget; and (3) early subtask budgets influ- 70 0.76 0.72 0.74
ence downstream scaling behavior. Informed 80 0.76 0.76 078
by these insights, we propose AgentTTS, an 90 0.74 0.72 0.76

LLM-agent-based framework that iteratively
searches for compute-optimal configurations through interaction with actual task platforms. Ex-
periments show that AgentTTS outperforms both traditional and LLM-based baselines in search
efficiency, final test performance, and robustness to non-smooth landscapes.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Yes, the main claims in the abstract and introduction align with the paper’s
contribution to test-time compute-optimal budget allocation in multi-stage tasks.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss the limitation in Appendix
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: We report a deviation in inference FLOPs and detail the computation procedure
in Appendix[A.2]
Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Yes, we provide sufficient experimental information for reproduction, related
sections include [6] (Experimental Setup), 4.1} [A.4] Our code is available at: https:
//github.com/FairyFali/AgentTTS/,

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: All experiments in our paper are conducted using open-source datasets. The
code is available at: https://github.com/FairyFali/AgentTTS/.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: Yes, we provide the experimental settings in Sec. 4] and Appendix
Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:
Justification: Due to the high computational overhead, we do not report variance.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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8.

10.

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Yes, we provide a detailed experimental setting in Appendix [A.4]and time of
execution in Sec.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: Yes, we have read and comply with the NeurIPS Code of Ethics.
Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: We discuss the societal impacts in Appendix [A.12]
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.
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» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: No such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: We use open-source datasets and benchmarks and have cited all sources.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: No new datasets, models, or other assets are introduced in this work.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: No crowdsourcing was involved.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: No human subjects were involved.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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16. Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification: NA
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Technical Appendices and Supplementary Material

A.1 An Example of Search-space Size

We take automated software development as a representative example, which consists of three
subtasks: coding, static testing, and dynamic testing. The average prompt and generation token
lengths for each subtask are summarized in Table 4] All subtasks share the same model space
M = {LLaMA-3 3B, LLaMA-3 70B}. Given a total compute budget of B = )", B"** ~ 1768,
which corresponds to the cost of using the largest model (LLaMA-3 70B) for all subtasks, we provide
the corresponding calculation code below. The output shows the count is about 1.8 x 10,

def compute_budget (S, M_large, Npl, Nd1, M_small=3e9, Np2=128, Nd2=64):
)
Compute the normalized compute budget required to generate S samples from a model
M_large on a task with prompt length Npl and generation length Nd1.

The budget is normalized with respect to the unit cost of generating 1 sample using
the smallest model (M_small) on the lowest computationally consuming task (
prompt_length=Np2, decoding_length=Nd2).
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alpha = M_large / M_small # Model size ratio

betal = Npl / Nd1 # Prompt-to-generation length ratio for the target task

beta2 = Npl / Np2 # Prompt length scaling factor relative to the reference task

beta3 = Np2 / Nd2 # Prompt-to-generation length ratio for the reference task

# Compute normalized budget cost

return beta3 * ((alpha * beta2 / betal) * (betal + S) - 1)

def find_sample_upper_bound (max_budget, model_size, prompt_len, decode_len):
’>??>Iteratively increases S (sample count) until budget is exceeded for a given model
and task configuration.?’’’
for S in range(1, 10000):
if compute_budget(s, model_size, prompt_len, decode_len) > max_budget:
return S - 1
return 9999

# Compute the total budget required for one sample from the largest model across tasks.

b = compute_budget (1, 70e9, 1024, 1024) + compute_budget(l, 70e9, 1024, 512) +
compute_budget (1, 70e9, 1024, 256)

model_space = [3e9, 70e9] # Two model sizes: small (3B) and large (70B)

# Compute the maximum feasible sample count per task using the smallest model

max_sl = find_sample_upper_bound (b, 3e9, 1024, 1024)

max_s2 = find_sample_upper_bound(b, 3e9, 1024, 512)

max_s3 = find_sample_upper_bound (b, 3e9, 1024, 256)

Npil_list = [1024, 1024, 1024] # Prompt lengths for each subtask

Nd1_list = [1024, 512, 256] # Generation lengths for each subtask

# Exhaustive search over valid configurations under the total budget constraint
valid_config_count = 0
for s1 in range(max_sl + 1):
for modell in model_space:
bl = compute_budget(sl, modell, Npil_list[0], Ndi_list[0])
if bl > b: break

for s2 in range(max_s2 + 1):
for model2 in model_space:
b2 = compute_budget (s2, model2, Npi_list[1], Nd1i_list[1])
if bl + b2 > b: break

for s3 in range(max_s3 + 1):
for model3 in model_space:
b3 = compute_budget (s3, model3, Npi_list[2], Ndi_list[2])
if b1 + b2 + b3 > b: break
valid_config_count += 1

print("Total valid configurations:", valid_config_count)
# The output should be: Total valid configurations: 1854841

Listing 1: Enumerating Valid (M1, S1, M2, S2, M3, S3) Triplets under Budget Constraint

A.2 Inference FLOPs-Based Budget Conversion

We adopt floating-point operations (FLOPs) as the primary computation cost metric for measuring
inference cost. In repeated sampling scenarios, Transformer models can exploit batching to share
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the cost of prompt encoding across multiple decoding passes. This allows for efficient reuse of the
prompt representation while performing multiple, independent decoding operations.

Then, we formalize the computation of FLOPs and describe how to convert the number of decoding
samples between a large and a small model under an equivalent FLOPs budget. We use unified
notation throughout in Tab.

Table 3: Notation used in FLOPs-based cost formulation.

Symbol | Description
M Number of model parameters
L Number of Transformer layers
D Hidden dimension size
Ny Number of prompt tokens
Ng Number of generated (decoded) tokens per sample
S Number of decoding samples

The calculation of budget conversion using inference FLOPs in Eq. []is as follows:

Proof. Per-token FLOPs. For a decoder-only Transformer generating tokens autoregressively, the
per-token FLOPs primarily stem from two components:

* (i) Parameter matrix multiplications. Each non-embedding weight is used exactly once
per token in a matrix multiplication followed by addition, resulting in approximately 2\
FLOPs per token, where M is the total number of non-embedding parameters.

* (ii) Attention operations. At decoding step ¢ + 1, attention requires computing query-key
dot products and applying the attention weights to value vectors. Both operations involve
multiply-adds, contributing approximately 4L Dt FLOPs per token, where L is the number
of layers, D is the hidden size, and ¢ is the number of preceding tokens.

Thus, the approximate FLOPs per token is: FLOPsxen (M, L, D, t) ~ 2M + 4L Dt.

Per-phase FLOPs. The total inference cost for a generation can be decomposed into two phases:

(1) Prompt Encoding:
NP
FLOPs,ompt (M, L, D, N,,) = FLOPsen(M, L, D, t
Sp Pt( ;D) fz:; Stok ( ) (6)
= 2MN, +2LDN,(N, + 1)
(2) Decoding:
Ng
FLOPSgecose(M, L, D, Npp, Ng) = > FLOPSioien (M, L, D, N,, + 1) o
t=1

=2M Ny + QLDNd(QNp + Ng + 1)

(3) Total FLOPs: To generate S decoding samples from a prompt of length N, the total FLOPs is:
FLOPS:otal (S, M, L, D, Np, Nu) = FLOPSprompt (M, L, D, N,,) + S - FLOPSgecode (M, L, D, Ny, Na) — (8)

We denote this as feose = FLOPSo1 (S, M, L, D, N,,, Nyg).

Budget Conversion Across Models and Tasks. Consider converting FLOPs usage between two

tasks using different models: a large model (¢) for Task 1 and a smaller model (s) for Task 2.

Let My, L¢, Dy and My, L, D, be their respective parameters, and N, 1, Ng 1, and N, o, Ng o the
average prompt and decoding lengths for the two tasks.

Suppose the large model executes Sy decoding samples. The equivalent number of samples S, that
the small model can generate under the same FLOPs budget is:

_ FLOPStotal,E(va M£7 Lfa DZ; Np,lv Nd,l) - FLOPSprompl,s(Msa Lsa Dsa Np,2)

Ss
FLOPSdecode,s(M37 Ls, Dy, Np,27 Nd,2)

€))
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To simplify, we ignore attention-related terms (typically less than 1% of total FLOPs) and define:
pr = %’;1 B2 = %”'1 , B3 = ng,a = % Substituting these yields:

Ss = f3 (aﬂ‘?(@ +S¢) — 1) (10)

Normalized Budget Function. We define the unit budget B = 1 as the FLOPs cost of generating a
single sample using the smallest model (M, = 3B) on the lowest consuming task specification, char-

acterized by Ny jowest = 128 and Ng jowest = 64. This setting represents the minimal computational
cost among all available subtask-model combinations.

Substituting into Eq.[T0]yields:
2a62S
_ 20825,
B

Thus, for a configuration defined by model size M,, sample count S, and task parameters 7, =
(Np,e, Ny ), the normalized budget function is:

fbudget(MZ; 557 TZ) = Ss

S, 2(afBy — 1) (11)

_ 2ap25,

3, +2(af — 1) 12)

O

We provide the average lengths of prompt and decoding in different subtasks in Tab. d] We provide
the look-up tables when generating S = 1,5, 10, 45, 90 in Tab. [5-9]

Table 4: Average prompt and generation token lengths (N, V) for each subtask.

Subtask Ny Ng
2WikiMultiHopQA-Retrieval 2048 128
2WikiMultiHopQA-QA 256 64
HotpotQA-Retrieval 2048 128
HotpotQA-QA 256 64
CWQ-Retrieval 1024 64
CWQ-QA 256 64
WebQSP-Retrieval 1024 64
WebQSP-QA 128 64
Taskbench-Decomposition 1024 64
Taskbench-Tool Selection 1024 256
Taskbench-Parameter Prediction 1024 2048
ChatDev-Code 1024 1024
ChatDev-Static Test 1024 512
ChatDev-Dynamic Test 1024 256

Table 5: Normalized compute budget when generating S = 1 sample.

Model 2Wiki-R ~ 2Wiki-QA  Hot-R Hot-QA'  CWQ-R CWQ-QA  WQSP-R  WQSP-QA  Decomp  ToolSel — ParamPred  Code  Static  Dynamic
Qwen2.5-72B 814 118 814 118 406 118 406 70 406 478 1150 766 574 478
Qwen2.5-32B 361 51 361 51 179 51 179 30 179 211 510 339 254 211
Qwen2.5-7B 77 10 77 10 38 10 38 5 38 45 110 73 54 45
LLaMA-3.1-70B 791 115 791 115 395 115 395 68 395 465 1118 745 558 465
LLaMA-3.1-8B 89 11 89 11 43 11 43 6 43 51 126 83 62 51
LLaMA-3.2-3B 32 3 32 3 15 3 15 2 15 18 46 30 22 18
Gemma-2-27B 304 43 304 43 151 43 151 26 151 178 430 286 214 178
Gemma-2-9B 100 13 100 13 49 13 49 8 49 58 142 94 70 58
Gemma-2-2B 21 1 21 1 9 1 9 1 9 11 30 19 14 11
Phi-3-medium 157 21 157 21 77 21 7 13 77 91 222 147 110 91
Phi-3-small 77 10 77 10 38 10 38 5 38 45 110 73 54 45
Phi-3-mini 41 4 41 4 20 4 20 3 20 23 59 39 28 23

Table 6: Normalized compute budget when generating S = 5 samples.

Model 2Wiki-R~ 2Wiki-QA  Hot-R Hot-QA' CWQ-R  CWQ-QA  WQSP-R WQSP-QA  Decomp  ToolSel ParamPred  Code Static  Dynamic
Qwen2.5-72B 1006 214 1006 214 502 214 502 166 502 862 4222 2302 1342 862
Qwen2.5-32B 446 94 446 94 222 94 222 73 222 382 1875 1022 595 382
Qwen2.5-7B 96 19 96 19 47 19 47 14 47 82 409 222 129 82
LLaMA-3.1-70B 978 208 978 208 488 208 488 161 488 838 4105 2238 1305 838
LLaMA-3.1-8B 110 22 110 22 54 22 54 17 54 94 467 254 147 94
LLaMA-3.2-3B 40 7 40 7 19 7 19 6 19 34 174 94 54 34
Gemma-2-27B 376 79 376 79 187 79 187 61 187 322 1582 862 502 322
Gemma-2-9B 124 25 124 25 61 25 61 20 61 106 526 286 166 106
Gemma-2-2B 26 4 26 4 12 4 12 3 12 22 115 62 35 22
Phi-3-medium 194 40 194 40 96 40 96 31 96 166 819 446 259 166
Phi-3-small 96 19 96 19 47 19 47 14 47 82 409 222 129 82
Phi-3-mini 51 9 51 9 25 9 25 8 25 44 221 120 69 44
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Table 7: Normalized compute budget for each subtask when generating S = 10 samples.

Model 2Wiki-R ~ 2Wiki-QA  Hot-R Hot-QA' CWQ-R CWQ-QA  WQSP-R  WQSP-QA  Decomp  ToolSel — ParamPred  Code  Static  Dynamic
Qwen2.5-72B 1246 334 1246 334 622 334 622 214 622 1342 8062 4222 2302 1342
Qwen2.5-32B 553 147 553 147 275 147 275 94 275 595 3582 1875 1022 595
Qwen2.5-7B 119 31 119 31 59 31 59 19 59 129 782 409 222 129
LLaMA-3.1-70B 1211 325 1211 325 605 325 605 201 605 1305 7838 4105 2238 1305
LLaMA-3.1-8B 137 35 137 35 67 35 67 22 67 147 894 467 254 147
LLaMA-3.2-3B 50 12 50 12 24 12 24 8 24 54 334 174 94 54
Gemma-2-27B 466 124 466 124 232 124 232 76 232 502 3022 1582 862 502
Gemma-2-9B 154 40 154 40 76 40 76 25 76 166 1006 526 286 166
Gemma-2-2B 33 7 33 7 15 7 15 5 15 35 222 115 62 35
Phi-3-medium 241 63 241 63 119 63 119 39 119 259 1566 819 446 259
Phi-3-small 119 31 119 31 59 31 59 19 59 129 782 409 222 129
Phi-3-mini 64 16 64 16 31 16 31 10 31 69 424 221 120 69

Table 8: Normalized compute budget for each subtask when generating S = 45 samples.

Model 2Wiki-R 2Wiki-QA Hot-R  Hot-QA CWQ-R CWQ-QA WQSP-R WQSP-QA Decomp ToolSel ParamPred Code Static Dynamic
Qwen2.5-72B 2926 1174 2926 1174 1462 1174 1462 470 1462 4702 34942 17662 9022 4702
Qwen2.5-32B 1299 521 1299 521 649 521 649 209 649 2089 15529 7849 4009 2089
Qwen2.5-7B 283 112 283 112 140 112 140 45 140 455 3395 1715 875 455
LLaMA-3.1-70B 2845 1141 2845 1141 1421 1141 1421 457 1421 4571 33971 17171 8771 4571
LLaMA-3.1-8B 323 129 323 129 161 129 161 52 161 521 3881 1961 1001 521
LLaMA-3.2-3B 120 47 120 47 59 47 59 19 59 194 1454 734 374 194
Gemma-2-27B 1096 439 1096 439 547 439 547 176 547 1762 13102 6622 3382 1762
Gemma-2-9B 364 145 364 145 181 145 181 59 181 586 4366 2206 1126 586
Gemma-2-2B 79 31 79 31 39 31 39 13 39 129 969 489 249 129
Phi-3-medium 567 227 567 227 283 227 283 91 283 913 6793 3433 1753 913
Phi-3-small 283 112 283 112 140 112 140 45 140 455 3395 1715 875 455
Phi-3-mini 153 60 153 60 75 60 75 25 75 246 1842 930 474 246

Table 9: Normalized compute budget for each subtask when generating S = 90 samples.

Model 2Wiki-R__ 2Wiki-QA _ Hot-R__ Hot-QA _CWQ-R__CWQ-QA _ WQSP-R__ WQSP-QA _ Decomp _ ToolSel _ParamPred _ Code _ Static _ Dynamic
Qwen2.5-72B 5086 2254 5086 2254 2542 2254 2502 902 2542 9022 69502 34942 17662 9022
Qwen2.5-32B 2259 1001 2259 1001 1129 1001 1129 400 1129 4009 30889 15529 7849 4009
Qwen2.5-7B 493 217 493 217 245 217 245 87 245 875 6755 3395 1715 875
LLaMA-3.1-70B 4945 2191 4945 2191 2471 2191 2471 877 2471 8771 67571 33971 17171 8771
563 249 563 249 281 249 281 100 281 1001 7721 3881 1961 1001
210 92 210 92 104 92 104 37 104 374 2894 1454 734 374
-2- 1906 844 1906 844 952 844 952 338 952 3382 26062 13102 6622 3382
Gemma-2-9B 634 280 634 280 316 280 316 112 316 1126 8686 4366 2206 1126
Gemma-2-2B 139 61 139 61 69 61 69 25 69 249 1929 969 489 249
Phi-3-medium 987 437 987 437 493 437 493 175 493 1753 13513 6793 3433 1753
Phi-3-small 493 217 493 217 245 217 245 87 245 875 6755 3395 1715 875
Phi-3-mini 267 117 267 117 132 117 132 47 132 474 3666 182 930 474

A.3 Dollar Costs of Repeated Sampling

Table[10]is the API cost information for each model from Together AI. We do not convert it in the
same manner as above, as the dollar serves as a natural unit of price.

Model Name Parameters Inference Cost (per 1M tokens)
Qwen2.5 72B 72B $1.20
Qwen2.5 32B 32B $0.80
Qwen2.5 7B 7B $0.30
LLaMA-3.1-70B 70B $0.88
LLaMA-3.1 8B 3B $0.18
LLaMA-3.2 3B 3B $0.06

Table 10: Inference costs per 1M tokens for selected models from Together Al

A.4 Benchmarks, Datasets, Models, Metrics, and other Experimental Setup

We introduce the benchmarks, datasets, models, evaluation metrics, and other experimental setups.

Retrieval-based Question Answering uses two datasets: 2WikiMultiHopQA [11] and Hot-
potQA [50], each providing 100 candidate text chunks per query. The task involves two subtasks: (1)
retrieving relevant documents using an LLM retriever, and (2) answering the question using another
LLM with the retrieved documents as context. For both datasets, the average prompt and generation
lengths are 2048 and 128 for retrieval tasks, and 256 and 64 for the QA subtasks, respectively. We
employ Qwen 2.5 (7B, 32B, 72B) [47] for retrieval and LLaMA-3 (3B, 8B, 72B) [7] for answering.
These model families are selected due to their strong subtask performance and wide range of model
sizes, which helps mitigate the influence of pre-training differences. This setup is used consistently
across the other three tasks. The evaluation metrics are retrieval F1 (Ret-F1) and exact match (EM),
corresponding to the two subtasks, respectively. For the Ret-F1 metric, given the ground-truth
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retrieval documents, precision is computed as the fraction of correctly retrieved documents among
all predicted documents, while recall is the fraction of ground-truth documents that are successfully
retrieved. The F1 score is then calculated as the harmonic mean of precision and recall. For the EM
metric, an answer is considered correct only if it exactly matches the ground truth. The EM score is
computed as the fraction of such exactly matched answers among all predictions.

Knowledge Graph Question Answering This task uses two KGQA datasets: ComplexWebQues-
tions [36] and WebQSP [51]]. The objective is to retrieve relevant knowledge triplets from 100
candidates in the knowledge graph and answer the question based on the retrieved context. The
task includes two subtasks: knowledge retrieval and question answering. For both datasets, the
average prompt and generation lengths are 2048 and 64 for retrieval tasks, and 256 and 64 for the QA
subtasks, respectively. We use Qwen 2.5 (7B, 72B) [47] for retrieval and LLaMA-3 (8B, 70B) [7] for
answering. The evaluation metrics are retrieval F1 (Ret-F1) and exact match (EM), corresponding to
the two subtasks, respectively. The computation of Ret-F1 and EM is the same as above.

Task Automation This task involves decomposing complex user instructions into subtasks and
invoking external tools to execute them. We use the TaskBench benchmark [32] to evaluate LLM
performance across three stages: task decomposition, tool selection, and parameter prediction. The
average prompt and generation lengths are 2048 and 64 for task decomposition, 1024 and 256 for
tool selection, and 1024 and 2048 for parameter prediction. LLaMA-3 (8B, 70B) [7] is used for all
subtasks. To evaluate LLMs’ ability to understand and decompose complex tasks, we assess the
quality of task decomposition using three complementary ROUGE metrics, including ROUGE-L. To
evaluate tool selection, we introduce Node F1 (n-F1), which measures the correctness of predicted
tools by comparing them against a reference set, reflecting the model’s ability to identify appropriate
tools for each subtask. To assess the accuracy of tool configuration, we use Parameter Name & Value
F1 (p-F1), which evaluates both the identification of parameter names and the correctness of their
assigned values, capturing the model’s ability to provide contextually appropriate configurations.

Automated Software Development We leverage ChatDev [29], a chat-driven framework based on
the waterfall model, encompassing documentation, design, coding, static testing, and dynamic testing
phases. Our focus is on three core subtasks: coding, static testing, and dynamic testing. The average
prompt and generation lengths are 1024 and 1024 for coding, 1024 and 512 for static testing, and
1024 and 256 for dynamic testing. We use LLaMA-3 (3B, 70B) [[7] for all subtasks. Consistency
measures how well the generated software code aligns with the original requirement description. It
is quantified as the cosine similarity between the semantic embeddings of the textual requirements
and the generated code. A higher score indicates a greater degree of consistency with the specified
requirements.

Other Experimental Setup To encourage diverse generations and activate LLMs’ coverage during
repeated sampling, we set the temperature to 0.9, while keeping all other decoding hyperparameters
at their default values. Each trial is conducted using an NVIDIA H100 80GB HBM3 GPU to
ensure consistent runtime performance across all datasets. For each dataset, we randomly sample 50
instances to form the training set used for search and 500 instances as the test set for final evaluation.
All datasets used in our experiments are made publicly available through an anonymous link to ensure
transparency and reproducibility.

A.5 Model Selection for Subtask-Specific Analysis

For each subtask, we select models from the same model family and assume that model size reflects
model capacity. By comparing the performance of small and large models within the same family
under test-time scaling, we can figure out whether smaller models can outperform larger ones under
equivalent compute budgets. This comparison focuses solely on the relationship between test-time
compute and model size. Otherwise, comparisons across different model families could introduce
confounding effects due to variations in pretraining, such as differences in pre-training data or
objectives. Therefore, we restrict each subtask to models within a single family. During evaluation,
all other non-target subtasks are fixed to use LLaMA-3 70B with one-pass inference to isolate the
effect of model choice in the target subtask. For each subtask, we select the model family that
achieves the best performance. Fig. [8al[8i present subtask-level performance across model sizes and
families. We exclude ChatDev from this analysis, as it does not provide metrics for intermediate steps.

27



Based on the results, we select the Qwen family for retrieval-related subtasks and the LLaMA-3
family for all others.
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Figure 8: Performance of various LLMs across retrieval, question answering, and task execution

subtasks on three types of tasks.
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Fig. [T1] [T2} [T3] and [[4] illustrate how subtask performance evolves in KGQA, TaskBench, and
ChatDev as the test-time sampling, FLOPs, and budget increase.
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(Ret_F1). (b-d) QA performance under varying retrieval quality levels measured by Gen_EM, the
exact match between the generated answer and the ground truth.
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Retrieval: The larger models shine. Qwen2.5-32B (Ret_F1 =0.55) is much

by better than the 7B variant (~0.34) and Qwen2.5-72B pushes Ret_F1 up to

2 =0.79 despite minimal sampling—so further exploration should favor the
2 large Qwen2.5-72B.
Question Answering: The benefit of upgrading is minimal. The smaller QA
model (meta-llama/Llama-3.2-3B) with moderate samples performs on par
with or even better than its larger counterparts (with differences only on
the order of 0.02-0.06), so we prefer sticking with the smaller model.

ie}
<
=
o

1. Optimal sample count:

 For each subtask, progressively increase samples until performance
gains taper.

* In recent QA experiments, performance improved from 5 to 15
samples (Gen_EM rising to ~0.78) but then flatlined or dropped beyond
15—suggesting ~15 samples is optimal.

 For Retrieval, the 72B model using 1 sample already yields high Ret_F1,
implying additional samples offer limited benefit.

2. Budget allocation strategy:

* With a fixed, shared budget and interdependent subtasks, prioritize
based on impact (here, QA given its main metric Gen_EM).

* Use a high-capacity, efficient retrieval model (with minimal sampling)
to free budget for QA.

 Experiment with different allocation mixes to balance performance
when ideal settings can’t be assigned to every subtask.

PURGY ,,2

1. Sample counts: For QA, improvements are seen when increasing samples

/2 from 1 up to about 20, but beyond that the gains flatten or decline; for

< Retrieval using a high-quality model (e.g., Qwen2.5-72B) one sample
appears optimal. Focus on finding the “knee” point where extra samples
stop yielding benefits.
2. Budget allocation: Since the compute budget is shared and subtasks
interdependent, prioritize the subtask that most impacts Gen_EM (here,
QA) and experiment with reallocating budget from less sensitive subtasks
(like Retrieval) to balance model cost and sample count.
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(a) AgentTTS on 2Wiki (budget = 850).

 High-quality retrieval models (e.g., Qwen2.5-72B with 1 sample) yield
excellent Ret_F1 (~0.79) but consume much of the budget.
* For the QA subtask, using a stronger model (e.g., Llama-3.1/70B) with
g’ minimal sampling can slightly boost the main metric (Gen_EM up to 0.68).
:§ ¢ Increasing sample counts on both subtasks with lower capacity models
Q. (e.g., 70-90 samples) leads to significant performance degradation.
1. QA sampling boost: Increasing QA sample count (from 1 to 10)—
especially with meta-llama/Llama-3.2-3B—correlates with a jump in
Gen_EM (up to 0.74).
2. Retrieval model size matters: Using a high-capacity retrieval model
™) (Qwen2.5-72B) with a single sample yields strong Ret_F1 without needing
extra samples.
3. Model trade-off: A smaller, cheaper QA model with increased sampling
outperforms a larger QA model at 1 sample, emphasizing the benefit of
extra QA samples over pure model size.
4. Budget effect: Configurations spending closer to the total budget tend to
show higher Gen_EM, suggesting aggressive budget use can be worthwhile
if allocated wisely.
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* The top Gen_EM (0.76) was achieved using the high-capacity retrieval
model (Qwen2.5-72B) with 1 sample paired with a moderate QA model
(Llama-3.2-3B) using 5 samples.
* Increasing samples (e.g., 70 or 90) for retrieval or QA often degraded
“ia Gen_EM, suggesting that more samples don’t always equate to better
— Pperformance.
2 o Strong retrieval models (72B vs. 32B/78B) with minimal sampling
> outperform weaker models even when the latter use more samples.
 Using Llama-3.2-3B for QA appears beneficial relative to Llama-3.1-8B
when combined with the strong retrieval model.
* Configurations consuming near-max budget (820-850) with balanced
parameter choices yielded the best overall scores.
 Overloading either subtask with too many samples (especially with
lower-capacity models) reduces both Gen_EM and Ret_F1 performance.
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Figure 15: Comparison of complete trial generation and decision guidelines using AgentTTS and
AgentHPO on the 2Wiki dataset under a compute budget of 850.
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A.7 Prompt Design in AgentTTS for Search Guidelines and Trial Generation

We design prompts below to guide the LLM agent in generating both guidelines and candidate
trials. Each prompt is constructed to provide the agent with basic task information and requirements,
enabling effective reasoning and planning. For guideline generation, we distinguish between the
initial and non-initial phases. The initial guideline prompt, informed by Insight 1, helps identify
whether each subtask favors smaller or larger models, thereby guiding early-stage search. The
non-initial guideline prompt, informed by Insights 2 and 3, reflects general test-time scaling patterns
and assists in balancing budget allocations across subtasks. For trial generation, the LLM agent
proposes new configurations based on the existing guidelines.

Fusion Prompt

You have been provided with a set of responses from various open-source models to the
latest user query, which is query. Your task is to synthesize these responses into a single,
high-quality response. It is crucial to critically evaluate the information provided in these
responses, recognizing that some of it may be biased or incorrect. Your response should not
simply replicate the given answers but should offer a refined, accurate, and comprehensive
reply to the instruction. Ensure your response is well-structured, coherent, and adheres to the
highest standards of accuracy and reliability. Once again, the query is: query

Responses from models:

LLM Prompt for Initial Guidelines

[System Prompt] You are an expert in parameter optimization.

[User Prompt] I am tuning test-time parameters for a complex task that can be broken down

into multiple simple subtasks. The parameters include the model size and the number of

samples used for each subtask. Generally, increasing the number of samples improves

performance. The goal is to find the best parameter settings that maximize performance

within a fixed budget.

I will provide the task name, description, budget, and initial search history. Please help me

summarize the guidelines from the search history in the following aspect:

1. The search history includes initial trials that use different model sizes under the same unit

budget. In these trials, smaller models are allowed more samples, while larger models have

fewer samples due to their higher cost. Please help me identify which model size we should

explore further in each subtask. If the large model performs significantly better than the small

model, we will choose the large one. Otherwise, if its performance is similar or only slightly

better, we will prefer the smaller model.

2. As the number of samples increases, performance tends to improve and then level off.

Please identify the search direction for finding the optimal number of samples for each

subtask, especially the point after which more samples no longer improve results.

3. The total compute budget is shared across all subtasks and they are interdependent. If

we could not assign the optimal model and sample count to every subtask, consider the

following strategy. Leveraging your planning capability, prioritize each subtask, try different

combinations of budget allocations for the other tasks, and balance the allocations across

subtasks.

Inputs:

* Task name: {task_name}

o Task description: {task_desc}

» Subtasks, models, prompt/generation lengths: {subtask_specification},
{model_space}

* Total budget: {budget?}

 Evaluation metrics: {metrics}

¢ Main metric: {main_metric}

* Search history: {history}

Please generate your response in the most concise wording.

Response:




LLM Prompt for Non-Initial Guidelines

[System Prompt] You are an expert in parameter optimization.

[User Prompt] I am tuning test-time parameters for a complex task that can be broken down into
multiple simple subtasks. The parameters include the model size and the number of samples used for
each subtask. Generally, increasing the number of samples improves performance. The goal is to find
the best parameter settings that maximize performance within a fixed budget.

I will provide the task name, description, budget, and both old and recent search history.

Please help me summarize guidelines from the recent search history in the following three aspects:

1. As the number of samples increases, performance tends to improve and then level off. Please identify
the search direction for finding the optimal number of samples for each subtask, especially the point
after which more samples no longer improve results.

2. The total compute budget is shared across all subtasks, and they are interdependent. If we could not
assign the optimal model and sample count to every subtask, consider the following strategy. Leveraging
your planning capability, prioritize each subtask, try different combinations of budget allocations for
the other tasks, and balance the allocations across subtasks.

3. If you observe that the performance variance across the search history is small, please suggest that
future searches focus more on exploration strategies such as crossover, mutation, and random search,
rather than strictly following the existing search patterns.

Inputs:

 Task name: {task_name}

¢ Task description: {task_desc}

 Subtasks, models, prompt/generation lengths: {subtask_specification}, {model_space}

* Total budget: {budget}

 Evaluation metrics: {metrics}

¢ Main metric: {main_metric}

¢ Search history: {history}

Please generate your response in the most concise wording.

Response:

LLM Prompt for Trial Generation

[System Prompt] You are an expert in parameter optimization.

[User Prompt] I am tuning test-time parameters for a complex task decomposable into multiple subtasks. Each subtask requires
selecting a model and the number of samples. Increasing the number of samples generally improves performance. The objective is to
identify configurations that maximize overall performance under a fixed compute budget.

I will provide the task name, task description, a list of subtasks, and the model choices available for each, the total budget, available
samples, the budget calculation formula, evaluation metrics (including the main metric to optimize), search history (previous
configurations tried), and insights from previous experiments.

The budget for each subtask is computed with the following Python function:

def compute_budget (num_samples, model_size, prompt_length, generation_length,
M_small=3e9, Np2=128, Nd2=64):
alpha = model_size / M_small
betal = prompt_length / generation_length
beta2 = prompt_length / Np2
beta3 = Np2 / Nd2

budget = beta3 * ((alpha * beta2 / betal) * (betal + num_samples) - 1)
return budget

The total budget is the sum across all subtasks. Using the information provided, generate {batch_size} candidate configurations
that follow the insights and stay within the budget. Return exactly {batch_size} new configurations in strict JSON format,
following the schema:

{ "subtask_1": { "model": "model_name", "samples": int }, ... }

Inputs:

* Task name: {task_name}

Task description: {task_desc}

« Subtasks, models, prompt/generation lengths: {subtask_specification}, {model_space}

Total budget: {budget}

Evaluation metrics: {metrics}

Main metric: {main_metric}

Search history: {history}

Guidelines: {experience}

Response: Return only {batch_size} candidates in strict JSON format.
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TaskBenchEnvironment

+ run(parameters): float

Archives
+ history: list
+ experience: list

+ evaluate_batch(): str Environment
+ update_history()

Task
+ name: str

+ run(parameters): float

+ desc: str

+ budget: float L | cnterfacer I 5| dnterface»
+ model_choices: list[str] AgentTTS LLM

+ sub_tasks: list[str]

+ agent: Agent

+ get_tts_strategy(): dict

TaskBenchAgentTTS ChatGPT
+ archive: Archive +url: str
+llm: LLM + api_key: str
+ update_experience() + generate(prompt): str

+ gen_new_candidate()
+ gen_new_experience()
+ init_candidate()

+ check_budget()

Figure 16: Class Diagram of the AgentTTS Framework.
A.8 Detailed Cases for Interpretability

We present a complete case study comparing AgentTTS and AgentHPO in Fig. The budget
of 850 poses a challenge in balancing optimal usage across two subtasks, as the optimal retrieval
configuration (Qwen2.5-72B, 1 sample) consumes 814 units, while the optimal QA setting (LLaMA-
3-3B, 50 samples) requires 52. We observe: (1) AgentTTS identifies optimal configurations using
embedded insights, whereas AgentHPO does not; (2) Insights 1, 2, and 3 guide different stages of
the search: Insight 1 selects models (Qwen2.5-72B for retrieval, LLaMA-3-3B for QA), Insight 2
focuses sampling (reaching the optimal trial: Qwen2.5-72B, 1 / LLaMA-3-3B, 15), and Insight 3
balances budget use (yielding another optimal trial: Qwen2.5-32B, 5 / LLaMA-3-3B, 20).

A.9 Baselines

We compare two baseline categories: LLM-based approaches (AgentHPO [20], MLCopilot [56], and
LLM_ZS) and traditional methods (Random Search and Bayesian Optimization [31]).

AgentHPO [20] targets Hyperparameter Optimization (HPO), addressing limitations of traditional
AutoML methods such as high trial cost, complex setup, and limited interpretability by leveraging
LLM-powered autonomous agents. It comprises two modules: the Creator, which converts natural
language inputs (e.g., dataset, model, and goals) into initial hyperparameters, and the Executor, which
trains models, logs outcomes, and returns feedback. The Creator iteratively refines HPs using this
feedback, forming a closed-loop optimization. To adapt AgentHPO for our test-time scaling budget
allocation setting, we provide AgentHPO with structured inputs similar to our method, including
task descriptions, model choices, and total budget. However, AgentHPO assumes LLMs possess
sufficient ML knowledge for HPO tasks, an assumption that fails in multi-stage test-time scaling,
where domain-specific knowledge is lacking. Our method addresses this gap by injecting targeted
insights about test-time scaling into the agent’s reasoning process, improving both search efficiency
and decision interpretability.

MLCopilot [56] focuses on generating machine learning solutions, addressing limitations in
traditional AutoML methods, such as Bayesian optimization [31]], which often lack interpretability
and struggle to incorporate human prior knowledge, e.g., regarding model architectures. Inspired
by human design patterns, where individuals understand a task by recalling relevant experiences or
knowledge from prior work or textbooks, MLCopilot emulates this process by leveraging LLMs to
suggest solutions for new ML tasks based on historical cases. To adapt MLCopilot to our problem
setting, we provide the search history of a similar task to guide the LLM in generating both prior
experience and candidate trials iteratively for the target multi-stage task. However, while MLCopilot
can extract surface-level patterns from related tasks, it lacks the ability to derive tailored insights
necessary for efficient budget allocation in test-time scaling. This limits its effectiveness in the test-
time scaling compute-optimal budget allocation problem, where fine-grained domain understanding
is essential for optimal resource allocation.
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LLM_ZS LLM_ZS directly prompts the LLM to generate zero-shot candidate trials across multiple
iterations, using only the task description, model choices, and total budget as input. Unlike methods
that leverage prior knowledge or historical search experience, LLM_ZS relies solely on the LLM’s
pretrained knowledge to guide trial generation.

Bayesian Optimization (BO) [31] is a model-based method for optimizing black-box functions
and is widely used in hyperparameter tuning. For test-time scaling in multi-stage tasks, BO models
the performance of a candidate allocation as a black-box objective and employs a surrogate model
(e.g., Gaussian Process) to guide the search via acquisition functions (e.g., Expected Improvement).
It balances exploration and exploitation to navigate the combinatorial space of model-budget configu-
rations. However, its limited interpretability hinders its applicability. Moreover, in multi-stage tasks
with complex subtask interactions and non-smooth performance landscapes, BO may converge to
local optima and require a large number of evaluations.

Random Search serves as a simple yet widely used baseline for hyperparameter tuning. In the
context of test-time scaling budget allocation for multi-stage settings, it randomly samples model-
budget configurations without relying on performance history or prior knowledge. Despite its
simplicity, Random Search is often robust to non-smooth landscapes, which allows it to occasionally
find globally optimal trials. However, its inherent randomness and lack of guidance result in
significantly slower convergence compared to more informed or tailored strategies.

A.10 Detailed Related Work

A.10.1 Test-time Scaling and Compute-optimal Strategy

Inspired by the human reasoning process that tends to engage in deeper, more deliberate thinking,
several studies have proposed allocating additional compute during inference to enhance task perfor-
mance [44, 42]]. Further, other works [2} 45] have observed that increasing inference-time compute
exhibits a similar pattern akin to training scaling laws: additional inference compute consistently
leads to improved task performance. This phenomenon is commonly referred to as test-time scal-
ing (TTS). Test-time scaling technologies can be mainly classified into two categories: sequential
scaling and parallel scaling. In sequential scaling, it enhances test-time computation by gener-
ating progressively longer solutions along the sequence dimension. The most prevalent method is
self-revision, where first generate an initial response and then iteratively evaluate and refine it based
on self-assessment [24, (6, [33]. Because sequential scaling relies on the model’s ability to generate
reasonably accurate initial responses, it is generally more effective for simpler tasks [33]]. On the
other hand, parallel scaling generates multiple independent solutions in parallel and aggregates
them into a final answer. Common solution-level aggregation methods are Best-of-N [35] 9], which
sample N complete solutions and then select the best one according to a verifier. While Tree-Search
algorithms, viewed as parallel scaling at the token or step level, are against a process-based reward
model to search top-K intermediate steps and further explore, including Beam Search 53| 146]] and
Monte Carlo Tree Search (MCTS) [45} 133, (10} 37,5, 159]. However, they typically rely on explicit
guidance signals for candidate selection. An alternative line of work directly employs an LLM as
the fuser to aggregate candidate solutions, offering greater generalization and flexibility [13} (17, [30].
Zeng et al. [55] argues that parallel scaling provides better coverage and scalability than sequential
scaling, as extended sequential reasoning chains may corrupt intermediate correct outputs. Similarly,
Snell et al. [33] demonstrates that parallel scaling is more suitable for complex tasks, as it requires
only the ability to generate correct final answers. Therefore, we adopt a parallel test-time scaling
strategy—specifically, repeated sampling with fusion, to address complex multi-stage reasoning
tasks, leveraging the strengths of small models in diverse sampling and robust aggregation.

The configuration of test-time scaling strategies plays a critical role in performance improvement,
giving rise to the broader problem of optimally allocating compute and budget, commonly referred
to as the test-time compute-optimal scaling strategy. Recent studies [2} 145 [19} 154} 133,141} [40] have
shown that, in certain settings, smaller models can outperform large language models under the same
compute budget. These works explore how to choose between training scaling and test-time scaling,
as well as how to select among different test-time scaling techniques to optimize performance. For
instance, Snell et al. [33] demonstrate that task difficulty strongly influences the optimal scaling
strategy: for moderately difficult tasks, parallel search with small models is preferred, while for
simpler tasks, sequential scaling with large models is more effective. Based on this observation,
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they propose a difficulty predictor to guide scaling decisions dynamically. Liu et al. [19] further
extend this line of work by showing that the choice of optimal TTS strategies is highly sensitive to the
design of reward functions. Yue et al. [54] propose using a linear model to fit key factors influencing
strategy selection within retrieval-augmented generation (RAG) systems. Wu et al. [45] introduce
Reward Balanced Search (REBASE), a novel tree search algorithm that combines weighted voting to
achieve a Pareto-optimal trade-off between accuracy and inference cost. However, these approaches
primarily focus on single-stage task scenarios and do not systematically address the challenge of
budget allocation across subtasks in multi-stage complex tasks. In this work, we extend the test-time
compute-optimal scaling framework to multi-stage complex tasks.

A.10.2 LLM for Hyperparameter Optimization

LLMs have emerged as promising tools for enhancing the efficiency and effectiveness of hy-
perparameter optimization (HPO) by leveraging contextual understanding and prior knowledge
[8L 1431161} 22, 138]], compared to traditional Automated Machine Learning (AutoML) approaches such
as Bayesian Optimization (BO) [31]. Existing LLM-based HPO studies can be mainly categorized
into two directions: (1) using LLMs to reduce the search space for traditional methods, and (2) en-
abling LLMs to autonomously search optimal hyperparameters. On one hand, LLMs can significantly
reduce the vast search spaces in Neural Architecture Search (NAS) and HPO [52} 25} 23| 20]. For
example, GPT-NAS [52] combines GPT models with evolutionary algorithms [60] to rapidly prune
low-quality architectures, enhancing search efficiency. Morris et al. [25] introduce "Evolution of
Thought," allowing LLMs to refine architectures and hyperparameters based on feedback iteratively.
AutoM3L [23] integrates external tools such as Ray.Tune for hyperparameter tuning, with LLMs
recommending optimized search spaces. Llambo [20] formulates BO problems in natural language,
enabling LLMs to propose high-potential candidates and iteratively optimize based on historical
observations.

On the other hand, several works [4, [18, 162} 58| [1} [12} 56] empower LLMs to search hyperparameter
configurations autonomously. AutoMMLab [49]] and GENIUS [62] treat LLMs as black-box opti-
mizers, iteratively refining configurations based on evaluation feedback. CAAFE [12] focuses on
tabular data, where LLMs generate new semantically meaningful features based on dataset descrip-
tions. Moreover, LLM-based agent frameworks have emerged, leveraging feedback from machine
learning platforms or historical experiments. For instance, AutoML-GPT [58]] automates the pipeline
from preprocessing to model selection and hyperparameter tuning, adjusting strategies based on
experimental logs. MLCopilot [56] predicts hyperparameters for unseen tasks by canonicalizing
prior task experiences and interactively refining solutions through LLM reasoning. AgentHPO [20]
autonomously processes task descriptions, conducts experiments, and iteratively improves hyper-
parameter search based on accumulated trials. Building upon these advancements, we extend the
LLM-agent framework to the domain of test-time scaling budget allocation in multi-stage complex
tasks, aiming to search for compute-optimal scaling configurations.

A.11 Limitations

Our problem focuses on multi-stage tasks with static stages, where the compute budget is allocated
across a fixed set of subtasks. However, in real-world applications, some tasks exhibit dynamic
multi-stage behavior, where the actual runtime subtasks may vary depending on input conditions
or user interaction. For example, in voice-based personal assistants on mobile devices, the system
may dynamically decide whether to perform document retrieval, clarification, or follow-up question
generation based on the user’s query and context. In such scenarios, it is difficult to predefine all
possible subtasks and their corresponding budget allocations. Consequently, applying our LLM-
agent-based search framework to these dynamic multi-stage tasks presents a considerable challenge.

A.12 Broader Impact

This work proposes AgentTTS, an LLM-agent-based framework for compute-optimal test-time
scaling in multi-stage tasks. The methodology offers significant positive societal impacts. First, by
improving inference efficiency and reducing unnecessary computation, it contributes to more sus-
tainable and cost-effective deployment of large language models, especially in resource-constrained
environments. Second, our framework promotes better alignment between model selection and
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task complexity, enabling more accessible Al solutions across diverse application domains such as
education, healthcare, and low-resource software development.

Nonetheless, our approach raises potential concerns. AgentTTS relies on repeated sampling from
foundation LLMs, which can amplify not only their strengths but also their limitations. For instance,
hallucinations in large language models may be intensified through test-time scaling integration and
efficiently propagated, increasing the risk of misinformation. Moreover, LLMs are susceptible to
adversarial attacks such as jailbreaks, backdoor injections, and membership inference attacks, thereby
heightening the security risks associated with AgentTTS.
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