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Abstract: Spending more computation at inference time, by sampling several reasoning chains, voting, or searching 

with a verifier, is now a proven way to make language models more accurate without making them larger. The 

technique is least affordable where it is most needed. Small models running on edge devices, vehicles, sensors and 

remote platforms operate under tight limits on memory, energy and latency, and a policy that multiplies the number 

of generated tokens by a factor of eight or sixteen quickly exhausts those limits. This paper presents Budget-Aware 

Adaptive Scaling (BAAS), a framework that decides, query by query and window by window, how much test-time 

computation to spend. BAAS estimates the difficulty of each query from a cheap first pass, routes it to one of four 

inference tiers that range from a direct answer to verifier-guided search, and stops sampling early when answers agree. 

A surrogate model that predicts the energy available from environmental conditions sets the compute budget for each 

time window, and we compare Kriging with polynomial-chaos Kriging for this purpose. The lightweight verifier used 

in the highest tier is trained across devices with federated learning and compressed model updates, and we characterize 

the trade-off between compression ratio, sparsity and accuracy. On a benchmark mix of mathematical, commonsense 

and code questions, BAAS reached 69.7% accuracy with 640 generated tokens per query, within about one point of 

the strongest fixed policy while using roughly one eighth of its tokens and energy. In a simulated three-day energy-

harvesting deployment, it served every request with a single brownout event. The results show that adapting test-time 

effort to difficulty and to available energy makes inference scaling practical on constrained hardware. 

Keywords: Test-Time Compute Scaling, Resource-Constrained Inference, Large Language Models, Adaptive 

Sampling, Verifier-Guided Search, Surrogate Modeling, Federated Learning, Edge Intelligence 

I. INTRODUCTION 

For several years, the main path to better language models was to make them bigger and to train them on 

more data. A second path has recently gained prominence. Rather than enlarging the model, one can let it 

think longer at inference time. Generating an explicit chain of reasoning before answering helps on multi-

step problems, sampling several chains and choosing the most frequent answer helps further, and ranking 

candidates with a learned verifier or searching over partial reasoning steps can help more still. Studies of 

this approach report that, for many problems, a smaller model given a well-chosen amount of extra inference 

computation can match or exceed a much larger model that answers in a single pass [1], [2]. Test-time 

compute has thus become a new axis of scaling alongside parameters and training data. 

The benefit comes with a cost that is easy to overlook in a data center and impossible to ignore at the edge. 

Each additional sample is another full generation. A policy that draws sixteen candidate answers and scores 

them with a verifier multiplies token usage, memory traffic, energy consumption and latency by a similar 

factor. For a battery-powered robot, a drone, a field instrument, a vehicle computer or an offshore platform 

powered by intermittent renewable sources, this multiplication can mean the difference between a 

responsive assistant and a dead device. Such platforms commonly run small, quantized models because of 

limits on memory and power, and these small models are precisely the ones that stand to gain most from 

extra inference effort. The tension between what scaling offers and what the hardware permits is the 

problem we address. 
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Most existing test-time methods treat the budget as a fixed constant. They use the same number of samples 

for every question and ignore the state of the device. Both choices are wasteful. Many questions are easy, 

and a single short answer is already right. Others are hard, and even many samples will not repair them. 

Spending the same effort on both squanders resources on the first group and is insufficient for the second. 

Meanwhile, the energy available to a constrained platform is not constant either. A solar, wind or current-

powered node has more to spend in favorable conditions than in unfavorable ones, and a policy that ignores 

this will either leave energy unused or deplete the battery during a lull. 

We therefore propose Budget-Aware Adaptive Scaling, or BAAS. The framework has four ingredients. 

First, a difficulty probe uses a cheap first pass to estimate how hard a query is. Second, a router assigns 

each query to one of four inference tiers, from a direct answer to verifier-guided search, and an early-

stopping rule ends sampling as soon as the evidence is conclusive. Third, an energy budget predictor, built 

as a surrogate model of the relationship between environmental conditions and available energy, sets the 

budget for each time window. Fourth, the lightweight verifier that powers the top tier is trained across a 

fleet of devices with federated learning and compressed updates, so that the fleet can improve it without 

heavy communication. 

The contributions are as follows: (i) a difficulty-aware, budget-aware router with early stopping for test-

time scaling; (ii) an energy budget predictor, with a comparison of Kriging and polynomial-chaos Kriging 

surrogates; (iii) a federated, compression-aware procedure for training the verifier, with an analysis of the 

accuracy landscape over compression ratio and sparsity; and (iv) an empirical evaluation on three reasoning 

benchmarks and a simulated energy-harvesting deployment. The remainder of the paper is organized as 

follows. Section II reviews background, Section III discusses related work, Section IV presents the 

methodology, Section V describes the experimental setup, Section VI reports results, Section VII discusses 

implications and limitations, and Section VIII concludes. 

II. LITERATURE REVIEW 

A. Test-Time Compute Scaling 

Chain-of-thought prompting showed that asking a model to write intermediate reasoning steps improves 

performance on arithmetic, commonsense and symbolic tasks, particularly in larger models [4]. Self-

consistency extended this idea by sampling several chains and taking the most common final answer, so 

that errors that vary from sample to sample are voted away [3]. Repeated sampling has been studied 

systematically, and results show that the fraction of problems solved keeps rising as the number of samples 

grows over several orders of magnitude, provided that a reliable method exists for selecting among the 

candidates [2]. An analysis of compute-optimal inference compared strategies such as majority voting, best-

of-n selection with a reward model and tree search, and concluded that the best strategy and the best 

allocation depend on the difficulty of the problem and on the size of the model [1], [9]. These findings 

establish that more computation helps, and that how it is spent matters. 

B. Verification, Reward Models and Search 

Verifiers are models trained to judge whether a candidate solution is correct. Early work trained verifiers 

on final answers and used them to rerank sampled solutions, which gave large gains on grade-school 

mathematics [5]. Process-level supervision, in which each reasoning step receives a label, was later shown 

to outperform outcome-level supervision, since it localizes errors and supports step-wise search [6]. Tree-

structured search generalizes sampling by exploring and pruning partial reasoning paths using a value 
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estimate [7]. The strength of these methods is accuracy, and their weakness is cost. Each candidate must be 

generated and then scored, and tree search multiplies the number of model calls further. 

C. Adaptive Computation 

Because the value of an extra sample falls as agreement accumulates, adaptive schemes stop sampling when 

the answers have settled. Adaptive consistency, for example, monitors the distribution of answers drawn so 

far and halts when it is statistically unlikely that more samples would change the majority, which cuts the 

number of samples substantially at little loss of accuracy [8]. Cascades take a related approach at the level 

of models. They send each query first to a cheap model and invoke a stronger or costlier one only when the 

cheap answer appears unreliable, which has been shown to save a large share of cost for a given quality 

[10]. Both ideas, stopping early and escalating selectively, underlie our router. 

D. Efficient Inference on Constrained Hardware 

A second body of work reduces the cost of each token rather than the number of tokens. Post-training 

quantization compresses weights to eight, four or fewer bits with limited loss of accuracy, which shrinks 

memory use and increases throughput [13], [14]. Memory management for the key-value cache, such as 

paged allocation, reduces waste and allows more concurrent sequences [12]. Speculative decoding uses a 

small draft model to propose several tokens that a larger model verifies in parallel, which speeds up 

generation without changing its output distribution [11]. Pruning and compression of neural networks, 

including deep compression pipelines that combine pruning, quantization and coding, have long been used 

to fit models into limited memory [20]. These techniques are complementary to test-time scaling. They 

make each sample cheaper, whereas adaptive allocation reduces how many samples are needed. 

E. Surrogate Modeling and Federated Compression 

When a quantity is costly or slow to measure, a surrogate model can predict it from a limited number of 

observations. Kriging, also known as Gaussian process regression, is a classical surrogate that interpolates 

observations with a smooth function and provides an estimate of its own uncertainty, and it has been central 

to the design and analysis of computer experiments [15], [16]. Polynomial-chaos Kriging combines a global 

polynomial trend, which captures the broad shape of the response, with a Kriging model of the local 

residual, and it was proposed to retain the advantages of both [17]. In a different part of the literature, 

federated learning trains a shared model across many devices that exchange model updates instead of raw 

data [18], and since the updates can be large, compression frameworks apply sparsification, quantization 

and entropy coding to reduce the communication needed per round [19]. Both surrogate modeling and 

compressed federated learning are used in this paper as supporting components for efficient inference at 

the edge. 

III. RELATED WORK 

Work on efficient reasoning with language models can be arranged along three lines: methods that improve 

the accuracy of inference given a generous budget, methods that reduce the budget for a given accuracy, 

and methods that connect inference to the state of the platform. The first line includes self-consistency, 

best-of-n selection and tree search, which together define the accuracy attainable through inference-time 

effort [2], [3], [7]. These works generally assume that the budget is large and fixed. Their contribution is to 

show how accuracy scales with the number of samples and how verification improves the use of those 

samples [5], [6]. 
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The second line reduces the cost of reaching a given accuracy. Adaptive consistency and related stopping 

rules cut the number of samples [8]. Model cascades reduce cost by routing queries to the cheapest model 

that can handle them [10]. Studies of compute-optimal inference show that the best allocation depends on 

difficulty, which suggests that estimating difficulty up front is valuable [1], [9]. Our router builds on these 

insights but differs in three respects. It uses a single small model for all tiers rather than a cascade of models, 

which avoids the memory cost of holding several models on a constrained device. It combines difficulty-

based routing and early stopping in one policy. And it treats the budget as a quantity that varies over time 

rather than as a constant. 

The third line, connecting inference to the platform, is less developed for language models. Quantization, 

key-value cache management and speculative decoding make individual tokens cheaper and are widely 

used on constrained devices [11]-[14], but they do not by themselves decide how many tokens to generate. 

Energy-aware scheduling is well established in embedded systems and in energy-harvesting computing, 

where a controller adapts the workload to the energy that is available. Applying that idea to test-time scaling 

requires a forecast of available energy, which motivates our surrogate-based budget predictor, and a set of 

inference tiers that can be traded off against that forecast. 

Finally, distributed improvement of the models that support inference is a practical concern. A fleet of 

devices operating in different conditions encounters different queries, and the verifier or router that serves 

them can benefit from learning across the fleet. Federated learning permits this without moving raw data 

[18], and compression techniques reduce the communication cost [19]. The relationship between 

compression strength and accuracy is, however, rarely reported for the small supporting models used in 

inference pipelines, and we provide such an analysis. 

Three open issues remain. First, fixed budgets waste effort on easy queries and under-serve hard ones. 

Second, the energy state of the platform is seldom coupled to the inference policy. Third, the cost of training 

and updating the supporting verifier across a fleet is often ignored. BAAS is designed to address all three. 

IV. METHODOLOGY 

A. Framework Overview 

BAAS operates in a loop over incoming queries. At the start of each time window, the energy budget 

predictor reads environmental conditions and produces a forecast of the energy available, which is 

converted into a compute budget for the window, expressed as a cap on the average number of generated 

tokens per query. For each query, the difficulty probe produces an estimate of how hard it is. The router 

combines this estimate with the current compute budget and chooses an inference tier. The chosen tier is 

executed with early stopping, and the answer is returned. Table I describes the four tiers. 

TABLE I. Inference Tiers Used by BAAS 

Tier Strategy Typical Use Relative Cost 
0 Direct answer, no 

reasoning chain 
Simple lookups and short 

factual queries 
1x 

1 Single reasoning chain Routine multi-step 

questions 
about 8x 

2 Adaptive voting over 

sampled chains with early 

stopping 

Questions on which the 

model is uncertain 
about 15x to 60x 

3 Verifier-guided search with 

pruning 
Hard questions that justify 

extra effort 
about 40x to 100x 
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B. Difficulty Probe 

The probe estimates difficulty from signals that are available after a cheap first pass. These include the 

length and structure of the question, the number of distinct quantities or constraints it mentions, the 

confidence of the model on its first few generated tokens, and, when a first reasoning chain has been 

produced, the consistency between that chain and a quick direct answer. A small classifier trained on the 

development set maps these signals to a difficulty score that approximates the probability that a single 

reasoning chain would fail. The probe is deliberately light. It reuses computation that the model already 

performs, adds negligible memory, and costs a small fraction of a full generation. Its role is not to be 

perfectly accurate but to separate the clearly easy and the clearly hard queries from the middle group, where 

additional sampling is most valuable. 

C. Router and Early Stopping 

The router assigns a tier according to the difficulty score and the current budget. Queries with a very low 

score go to the direct tier, queries with a low to moderate score go to a single reasoning chain, queries in 

the uncertain middle go to adaptive voting, and queries with a high score go to verifier-guided search if the 

budget allows it. When the budget is tight, the router shifts the boundaries so that fewer queries reach the 

costly tiers, and the most expensive tier is reserved for the queries where the expected gain per unit of 

energy is greatest. The router also has a safeguard. If a query routed to a cheap tier produces a first answer 

on which the model shows low confidence, it can be promoted to the next tier, so that routing errors in the 

difficulty probe can be corrected. 

Early stopping applies to the voting and search tiers. Sampling proceeds in small increments, and after each 

increment the policy checks whether the leading answer has a decisive lead, whether the share of agreement 

has stopped changing, or whether the maximum allowed samples have been drawn. The number of samples 

is always odd, which avoids ties. This design reflects the shape of the voting curve. The accuracy of majority 

voting rises quickly at first and then flattens, and the speed of the rise depends on how likely a single sample 

is to be correct, so that confident queries settle after a handful of samples while uncertain queries need many 

more and may never settle. Stopping when the evidence is conclusive saves the samples that would 

otherwise be spent after the answer has already stabilized. 

D. Energy Budget Predictor 

Many resource-constrained deployments draw their energy from the environment. Offshore buoys, remote 

sensing stations, vessels and coastal platforms commonly use wind turbines, solar panels or tidal and current 

generators, and the energy available in a window depends on environmental conditions. The compute 

budget should follow that availability, since a policy that spends more than the forecast depletes the battery, 

while one that spends less wastes the opportunity. Measuring the relationship between conditions and 

energy for every combination is impractical, so we fit a surrogate model on a limited number of simulated 

operating conditions, chosen with a space-filling design, and use it to predict the usable energy in unseen 

conditions. In our scenario, the two inputs are wind speed in meters per second and current velocity in 

meters per second, and the output is a normalized energy budget index ranging from zero to about five. 

Two surrogates are compared. The first is Kriging, which interpolates the observed conditions with a 

smooth, flexible surface and is well suited to local, nonlinear behavior. The second is polynomial-chaos 

Kriging, which first fits a global polynomial trend and then models the remaining local variation with 

Kriging, which gives it a stronger global structure at the cost of some flexibility. Fig. 1 shows the surfaces 
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predicted by the two models over the same range of conditions, with panel (a) for Kriging and panel (b) for 

polynomial-chaos Kriging. 

 
Fig. 1. Prediction surfaces of the energy budget predictor over wind speed and current velocity: (a) Kriging and (b) 

polynomial-chaos Kriging (PCK). 

The two surfaces agree on the overall pattern, which is that the predicted budget rises toward the corner 

where both wind speed and current velocity are high, reaching about five on the vertical scale, and falls 

toward the corner where wind speed is high and current velocity is near zero. They differ in shape. The 

Kriging surface is smoothly curved, flattens as it approaches its maximum and shows a gentle saddle near 

the low-energy region, which means that it saturates at high values. The polynomial-chaos Kriging surface 

is closer to a ruled, nearly planar trend with a slight curvature, and it continues to rise toward the highest 

corner, reaching about 5.7 and thus exceeding the saturation level of the Kriging surface. Both surfaces dip 

slightly below zero in the low-energy corner, which is not physically meaningful for an energy quantity. 

We therefore clamp predictions at zero and apply a safety margin to the forecast, so that errors in the 

surrogate do not translate into depleted batteries. The choice between the two surrogates is revisited in 

Section VI. 

E. Federated Verifier with Compressed Updates 

The top tier relies on a lightweight verifier that scores candidate answers. Because each device sees different 

queries, the verifier can be improved by learning across the fleet. Each device trains the verifier locally on 

its own feedback and sends only the model update to a coordinator, which aggregates the updates and 

returns an improved verifier. The updates are compressed before transmission by a three-step procedure in 

the spirit of FedZip: the update is sparsified so that only the largest changes are retained, the surviving 

values are quantized to a small number of levels, and the result is entropy coded. Two settings control the 

procedure. The compression ratio is the factor by which the size of the transmitted update is reduced, and 

the sparsity threshold is the fraction of update entries that are discarded. Stronger compression saves 

communication but risks degrading the quality of the aggregated verifier. We study this trade-off 

empirically in Section VI. 

F. Evaluation Metrics 



Journal of Computational Analysis and Applications                                                                                       VOL. 32, NO. 1, 2024 

                                                                                                                                                     

10.48047/jocaaa.2024.32.01.107 

ISSN:1521-1398 ,1572-9206 

                             1595            GAURAV KUMAR SINHA et al 1589-1605 

 

We report accuracy as the share of questions answered correctly, mean generated tokens per query as the 

primary measure of computation, mean energy per query measured on the target device in joules, and mean 

latency per query in seconds. For the energy-harvesting scenario we additionally report the number of 

queries served out of the daily demand, the number of correct answers per day, and the number of brownout 

events, defined as occasions on which the stored energy fell below the minimum needed to keep the device 

running. For the surrogate comparison we report prediction error on held-out conditions, the largest single 

error and the share of predictions that fell below zero before clamping. For the federated verifier we report 

test accuracy as a function of compression ratio and sparsity, together with the communication volume per 

round. 

V. EXPERIMENTAL SETUP 

A. Models and Hardware 

All experiments use a single instruction-tuned language model with about three billion parameters, 

quantized to four-bit weights, which fits within the eight gigabytes of memory of the target edge device. 

The device is an embedded system-on-module with a small accelerator, and power was measured at the 

board level with a calibrated inline meter during generation, so that the reported energy includes memory 

traffic and idle overhead. The verifier is a compact classifier of roughly one hundred million parameters. 

The difficulty probe is a small gradient-boosted model over a handful of features. No component requires 

a connection to a remote server at inference time. 

B. Benchmarks 

The evaluation set contains 1,500 questions, with 500 each from three families. The first consists of grade-

school style mathematical word problems that require several arithmetic steps. The second consists of multi-

step commonsense reasoning questions in which the answer depends on combining several facts. The third 

consists of short programming tasks checked against hidden unit tests. A separate development set of 3,000 

questions with the same composition was used to train the probe, to fit the router boundaries, and to choose 

hyperparameters. No question appears in both sets. 

C. Baselines 

We compare BAAS with six alternatives. Greedy direct answering produces a single short answer. Single 

chain generates one reasoning chain. Fixed voting draws eight chains and takes the majority. Fixed best-

of-sixteen draws sixteen chains and selects with the verifier. Adaptive voting uses early stopping but no 

routing. Fixed verifier-guided search uses the pruned search tier for every question. BAAS combines 

routing, early stopping and the energy-aware budget. 

D. Energy Scenario and Surrogate Data 

For the energy-harvesting experiment, we simulated a coastal platform powered by wind and current 

generators over a seventy-two-hour trace with varying conditions and a daily demand of 1,200 queries. The 

surrogate models were fitted on 60 operating conditions chosen with a Latin hypercube design over wind 

speeds from zero to 20 meters per second and current velocities from zero to about 3 meters per second, 

and they were evaluated on 40 held-out conditions. The platform stores energy in a battery with a fixed 

capacity, and a brownout was recorded whenever the stored energy fell below a minimum reserve. 

E. Federated Training Protocol 
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The verifier was trained in a simulated federation of twenty devices, each holding queries and feedback 

from a different mix of the three benchmark families. Training ran for a fixed number of communication 

rounds with a fraction of devices participating in each round. Compression was applied to every update 

before aggregation. The compression ratio was varied from about 10 to 100, and the sparsity threshold from 

0.70 to 0.95, and test accuracy of the aggregated verifier was measured on held-out data after the final 

round. All results are averages over five random seeds. 

TABLE II. Experimental Configuration 

Component Setting 
Language model About 3 billion parameters, four-bit weights 
Device memory 8 GB shared memory, board-level power metering 
Evaluation questions 1,500 (500 mathematical, 500 commonsense, 500 code) 
Development questions 3,000 with the same composition 
Sampling increments Odd counts, from three up to a maximum of fifteen 
Surrogate training conditions 60 Latin hypercube points, 40 held-out points 
Energy scenario 72 hours, demand of 1,200 queries per day 
Federation 20 devices, compression ratio 10 to 100, sparsity 0.70 to 0.95 
Repetitions Five seeds, averages reported 

 

VI. RESULTS 

A. Accuracy and Cost 

Table III compares the policies. Greedy direct answering was the cheapest, using 38 generated tokens and 

21 joules per query, but reached only 41.8% accuracy. A single reasoning chain raised accuracy to 57.6% 

at 312 tokens. Fixed voting over eight chains reached 66.9% but used about 2,460 tokens and 1,190 joules 

per query, and fixed best-of-sixteen with the verifier reached the highest accuracy among the fixed policies, 

70.8%, at nearly 4,950 tokens and 2,420 joules, which corresponds to a latency of 93 seconds per query on 

the device and is impractical for interactive use. Adaptive voting with early stopping reached 66.2% with 

910 tokens, which shows that stopping early preserves most of the benefit of voting at about a third of the 

cost. Fixed verifier-guided search reached 69.4% at 1,860 tokens. 

TABLE III. Comparison of Inference Policies on the 1,500-Question Evaluation Set 

Policy Accuracy (%) Mean Generated 

Tokens 
Energy per Query 

(J) 
Mean Latency (s) 

Greedy direct 41.8 38 21 1.4 
Single chain 57.6 312 150 5.9 
Fixed voting (eight 

chains) 
66.9 2,460 1,190 46.8 

Fixed best-of-sixteen 

with verifier 
70.8 4,950 2,420 93.0 

Adaptive voting, 

early stopping 
66.2 910 440 17.1 

Fixed verifier-guided 

search 
69.4 1,860 900 35.4 

BAAS 69.7 640 305 12.0 

 

BAAS reached 69.7% accuracy with 640 tokens, 305 joules and 12.0 seconds per query. It was about one 

percentage point below the strongest fixed policy and above every other baseline except best-of-sixteen, 

while using about one eighth of the tokens and energy of that policy and about one eighth of its latency. 
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Compared with fixed voting, it was nearly three points more accurate with about a quarter of the tokens. 

Compared with fixed verifier-guided search, it was slightly more accurate with about a third of the tokens. 

These comparisons indicate that the gains come mainly from allocating effort where it is useful and not 

from any one technique in isolation. 

B. Results by Benchmark 

Table IV shows that the pattern holds in all three families. The advantage of BAAS over fixed voting was 

largest on the mathematical problems, where difficulty varies widely between questions, and smallest on 

the commonsense questions, where a single chain is already often sufficient and the cheaper tiers handle 

many queries. The mean token use of BAAS was lowest on commonsense questions, 390, and highest on 

mathematics, 820, reflecting the router's allocation of more effort to the family with harder questions. 

TABLE IV. Accuracy (%) and Mean Generated Tokens by Benchmark Family 

Benchmark Single Chain Tokens Fixed Voting Tokens BAAS Tokens 
Mathematical 

word 

problems 

52.4 340 64.8 2,720 68.0 820 

Commonsense 

reasoning 
66.2 210 72.4 1,680 74.6 390 

Code 

generation 
54.2 385 63.6 2,990 66.6 710 

 

The distribution of queries across tiers explains the efficiency. On average, 20% of queries were answered 

directly, 33% were handled by a single chain, 33% were sent to adaptive voting and 14% reached verifier-

guided search. Within the voting tier, about two thirds of queries stopped after three or five samples because 

the answers agreed quickly, and only a small share used the full budget. The queries that reached the top 

tier were much harder than average, and the verifier-guided search improved accuracy on that group by 

more than twelve points over adaptive voting alone. 

C. Energy Budget Predictor 

Table V compares the two surrogates on the 40 held-out conditions. Polynomial-chaos Kriging had a lower 

root-mean-square error, 0.17, than Kriging, 0.21, and a smaller largest error, 0.55 against 0.62, and it 

produced fewer negative predictions before clamping, 4.1% against 6.8%. Its advantage came from the 

global trend, which tracked the overall dependence on the two inputs more faithfully than the purely local 

Kriging surface. Kriging was, however, better behaved near the upper boundary of the data, where its 

saturation was consistent with the observed flattening of the response, while polynomial-chaos Kriging 

continued to rise beyond the observed range, as the surface in Fig. 1(b) shows, and slightly over-predicted 

at the corner of highest wind and current. Because over-prediction is the dangerous direction for a battery, 

we adopted polynomial-chaos Kriging with an upper cap equal to the largest observed value and a safety 

margin of ten percent. 

TABLE V. Comparison of Energy Budget Surrogates on Held-Out Conditions 

Surrogate Root-Mean-Square 

Error 
Largest Error Negative 

Predictions 

Before 

Clamping (%) 

Behavior at 

Upper Corner 

Kriging 0.21 0.62 6.8 Saturates near 5.0 
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Polynomial-chaos 

Kriging 
0.17 0.55 4.1 Rises to about 5.7 

 

D. Energy-Harvesting Deployment 

Table VI reports the seventy-two-hour simulation with a daily demand of 1,200 queries and a daily energy 

budget of about 480 kilojoules on average. Fixed voting could serve only about 403 queries per day within 

the budget, which left most demand unserved and produced 270 correct answers per day, and it triggered 

nine brownout events when it attempted to serve more during periods of low energy. A single chain served 

all 1,200 queries with no brownouts but, at 57.6% accuracy, yielded only 691 correct answers. BAAS 

without the energy predictor, using a static budget, served all queries at 69.8% accuracy but triggered seven 

brownouts, because it continued to spend at a high rate during lulls in wind and current. BAAS with the 

predictor served all queries at 68.9% accuracy, which is slightly lower because it moved queries to cheaper 

tiers when the forecast was poor, and it had a single brownout. It produced about 827 correct answers per 

day, which is 20% more than the single chain and more than three times as many as fixed voting. 

TABLE VI. Seventy-Two-Hour Energy-Harvesting Simulation 

Policy Queries Served (of 

1,200) 
Accuracy on Served (%) Correct Answers 

per Day 
Brownout Events 

Fixed voting (eight 

chains) 
403 66.9 270 9 

Single chain 1,200 57.6 691 0 

BAAS, static 

budget 
1,200 69.8 838 7 

BAAS with energy 

predictor 
1,200 68.9 827 1 

 

E. Federated Verifier and Compression 

Fig. 2 shows the test accuracy of the federated verifier as a function of the compression ratio and the sparsity 

threshold. Accuracy falls as the compression ratio rises. The decline is steepest at the low end of the 

compression range and flattens at higher ratios, so that most of the loss occurs early and further compression 

costs comparatively little. The surface is highest, at about 97.5% to 98%, when compression is light and 

sparsity is high, and lowest, at about 93.5%, when compression is at its maximum and sparsity is at its 

lowest. At a given compression ratio, a higher sparsity threshold gives a higher accuracy, which indicates 

that retaining only the largest update entries and discarding the rest is preferable to transmitting many small, 

noisy entries. 
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Fig. 2. Test accuracy landscape of the federated verifier as a function of compression ratio and sparsity threshold. 

Table VII gives approximate readings from the surface at two sparsity levels. At a sparsity of 0.95, accuracy 

drops from about 97.8% at a compression ratio of 10 to about 95.0% at a ratio of 100, a loss under three 

points for a tenfold increase in compression. At a sparsity of 0.70, the same range of ratios costs about 2.5 

points, and the whole curve sits about one to one and a half points lower. We selected a compression ratio 

near 50 with a sparsity of 0.90, which reduced the update from about 48 megabytes to under one megabyte 

per round and left verifier accuracy about two points below the uncompressed case. The effect on the end-

to-end result was small: BAAS with the compressed verifier reached 69.7% accuracy, against 70.1% with 

an uncompressed verifier. 

TABLE VII. Approximate Verifier Test Accuracy (%) Read from Fig. 2 

Sparsity 

Threshold 
Ratio 10 Ratio 20 Ratio 40 Ratio 60 Ratio 80 Ratio 100 

0.95 97.8 96.8 96.0 95.5 95.2 95.0 
0.70 96.0 95.0 94.4 94.0 93.7 93.5 

 

F. Ablation Study 

Table VIII removes one component at a time. Without the difficulty probe, so that every query uses adaptive 

voting, accuracy fell to 67.8% and token use rose to 910, which shows that routing improves both accuracy 

and cost. Without the verifier tier, accuracy fell to 67.9% with slightly fewer tokens, so the verifier tier 

contributes about two points of accuracy for a modest cost. Without early stopping, accuracy was essentially 

unchanged but token use more than doubled, to 1,520, confirming that stopping early removes wasted 

samples. Ignoring the energy predictor left accuracy and token use almost unchanged but raised the share 

of time windows that exceeded the energy budget from 2.1% to 19.4%, which is the failure the predictor is 
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designed to prevent. Using an uncompressed verifier raised accuracy only slightly, by 0.4 points, 

confirming that compression is nearly free in end-to-end terms. 

TABLE VIII. Ablation of BAAS Components 

Variant Accuracy (%) Mean Tokens Energy per Query 

(J) 
Windows Over 

Budget (%) 
Full BAAS 69.7 640 305 2.1 
Without difficulty 

probe 
67.8 910 440 4.0 

Without verifier tier 67.9 590 280 1.8 
Without early 

stopping 
69.6 1,520 730 9.7 

Without energy 

predictor (static 

budget) 

69.8 655 310 19.4 

Uncompressed 

federated verifier 
70.1 645 307 2.0 

 

VII. DISCUSSION 

The results support the claim that the benefits of test-time scaling can be obtained on constrained hardware 

if the effort is allocated carefully. The main finding is that the large majority of the accuracy gain of heavy 

policies can be retained at a small fraction of their cost. Fixed best-of-sixteen gave the highest accuracy, 

but its price in tokens, energy and latency rules it out for the devices of interest, while BAAS came within 

about one point of it at about an eighth of the cost. The reason is that effort is concentrated where it pays. 

Easy queries receive almost none, uncertain queries receive voting that stops once answers agree, and only 

a minority of hard queries reach the expensive verifier-guided search. 

The energy results add a second argument. In deployments powered by variable sources, the number of 

correct answers per day depends not only on accuracy per query but on how many queries can be served 

within the energy available. A policy that is highly accurate but expensive serves too few queries, and a 

policy that is cheap but weak serves all of them poorly. The adaptive policy occupies the useful middle 

ground, and coupling it to a forecast of available energy removes most of the brownouts that a static budget 

would cause. The comparison of surrogates shows that the choice of model is not merely a technical detail. 

The global trend of polynomial-chaos Kriging reduced average error, but its tendency to extrapolate upward 

at the edge of the data was a risk for a battery, which led us to cap and pad its predictions. Kriging's 

saturation was safer at the boundary but less accurate in the interior. In practice, a combination of the two, 

or a model that provides uncertainty estimates for the forecast, would allow the safety margin to adapt to 

the confidence of the prediction. 

The federated results show that the supporting components can be improved across a fleet cheaply. The 

accuracy landscape in Fig. 2 has a clear structure. Most of the loss from compression occurs at moderate 

ratios, higher sparsity thresholds are consistently better, and beyond a ratio of about fifty further 

compression brings small additional savings at small additional cost. This suggests a practical rule: choose 

a high sparsity threshold first and then raise the compression ratio until the communication budget is met, 

rather than the reverse. 

Several limitations should be noted. The benchmarks are limited to three families, and results may differ 

on open-ended generation, long-context tasks or domains with unverifiable answers. Votes among samples 
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from one model are correlated, so the gains from voting in practice are smaller than idealized curves 

suggest. The difficulty probe is a learned component that can be wrong, and although the promotion 

safeguard corrects some mistakes, hard queries misrouted to cheap tiers will still be answered poorly. The 

energy scenario is simulated, and a real platform would involve additional factors such as temperature, 

battery aging and hardware faults. The surrogate models were fitted on a small number of conditions and 

may extrapolate poorly outside the range of the data. The federated experiments used a simulated federation 

with a modest number of devices, and real fleets may be more heterogeneous and less reliable. Finally, the 

figures for the surrogate and the verifier are read from response surfaces and are therefore approximate. 

Practitioners can draw several recommendations. Estimate difficulty cheaply and route before spending, 

always use odd sample counts with early stopping, treat the budget as a time-varying quantity linked to the 

state of the platform, and cap and pad any forecast that can extrapolate. Where models are updated across 

a fleet, favor high sparsity with moderate compression, and measure the end-to-end effect rather than the 

accuracy of the supporting model alone. 

VIII. CONCLUSION 

This paper presented Budget-Aware Adaptive Scaling, a framework for making test-time compute scaling 

practical on resource-constrained language model deployments. It estimates query difficulty, routes queries 

to four inference tiers, stops sampling early when answers agree, forecasts the available energy with a 

surrogate model to set the budget of each window, and trains a lightweight verifier across a fleet with 

compressed updates. On a benchmark mix of mathematical, commonsense and code questions, BAAS 

reached 69.7% accuracy with 640 generated tokens per query, within about one point of the strongest fixed 

policy at roughly one eighth of the cost. In a simulated energy-harvesting deployment it served all requests 

with one brownout, and the comparison of surrogates showed that polynomial-chaos Kriging gave lower 

error than Kriging but required capping to avoid over-prediction. The analysis of the federated verifier 

showed that accuracy decreases smoothly with compression and that high sparsity is preferable. 

Future work will proceed in four directions. The first is evaluation on a wider range of tasks and on real 

hardware in the field. The second is to give the energy forecast an explicit uncertainty estimate, so that 

safety margins can adapt to confidence. The third is to learn the routing policy end to end, optimizing 

accuracy under an explicit cost for energy and latency. The fourth is to combine adaptive scaling with per-

token efficiency techniques such as speculative decoding and cache compression, so that both the number 

of tokens and the cost of each token are reduced. 
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