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Abstract—Test-time scaling can improve large language model
reasoning by generating and combining multiple candidate
responses. In sampling-based methods, the inference budget
is often described by the number of generated candidates, V.
However, N tells us how many candidates are generated, not how
they are executed. The same candidate budget can be produced in
one batched generation call or split across several sequential calls
with smaller batch sizes. We first study the effect of increasing N
on reasoning accuracy using Phi-3-mini and Qwen2.5-1.5B on 500
GSMSK prompts. As expected, increasing N from 1 to 8 improves
accuracy by 8.4 percentage points for Phi-3-mini and 18.4 points
for Qwen2.5-1.5B. However, accuracy alone does not show the
systems cost of using a larger candidate budget. We therefore fix
N = 8 and compare four generation schedules: 1 x 8, 2 x4, 4 x 2,
and 8 x 1, where a x b denotes a generation calls with b candidates
per call. We measure latency, throughput, GPU-hours, and gross
GPU-device energy while keeping the total candidate count fixed.
On A100 GPUs, eight serial calls use 4.64-4.86x as much gross
GPU-device energy and have 5.77-6.12x the P95 latency of one
batched call with eight candidates. The same pattern appears
across three independently scheduled A100 nodes per model and
in short-output SciQ/V100 experiments. These results show that
candidate count alone is not enough to describe the systems
cost of multi-candidate test-time scaling. When candidates are
independent and memory allows it, fewer generation calls with
larger batch sizes are more efficient. Evaluations should therefore
report not only candidate count and accuracy, but also generation
schedule and GPU-level systems metrics.

Index Terms—large language models, test-time scaling, can-
didate generation, GPU inference, energy measurement, perfor-
mance, high-performance computing

I. INTRODUCTION

Test-time scaling improves large language model (LLM)
reasoning by allocating additional inference compute, often
through multiple sampled responses. Self-consistency, for
example, generates several reasoning paths and selects the most
frequent final answer [1]. In these methods, the inference budget
is often summarized by the candidate count, N. However, N
tells us how many candidates are generated, not how they are
executed. The same candidate budget can be generated in one
batched call or split across several sequential calls with smaller
batch sizes. Although these schedules use the same number
of candidates and the same aggregation rule, they require
different numbers of generation calls and use different batch
sizes. This can lead to large differences in latency, throughput,
GPU-hours, utilization, and energy. We study this execution

choice at V = 8 using 1 x 8, 2 x4, 4 x 2, and 8 x 1 schedules.
This issue is especially relevant in HPC settings, where LLM
inference may run as finite batch jobs rather than continuous
serving workloads. Candidate generation may also be divided
across calls for logging, deterministic seeding, control logic,
or intermediate analysis. Although serving research has shown
that batching and scheduling affect inference efficiency [26]—
[28], Table I shows that representative test-time-scaling studies
often report candidate budgets without reporting calls per query,
candidates per call, or measured energy. This makes systems
results harder to reproduce and compare. We address three
questions:

1) How do accuracy and systems cost change as batched N
increases from 1 to 8?

2) At fixed N = 8, how does generation schedule affect
latency, throughput, GPU-hours, utilization, and energy?

3) Do these effects remain across different GPU nodes and
in a short-output workload?

This paper makes three contributions:

« Execution schedule and reporting gap. We formalize
the candidate-generation schedule as S = (by,...,b¢)
and show that candidate count N alone does not fully
describe a multi-candidate inference workload. We also
show that calls per query and candidates per call are often
missing from representative test-time-scaling studies.

« Fixed-budget systems characterization. At fixed NV = 8§,
we measure the end-to-end effect of 1 x 8, 2 x 4, 4 x 2,
and 8 x 1 schedules on latency, throughput, GPU-hours,
utilization, and gross GPU-device energy. On A100 GPUs,
serial execution uses 4.64-4.86x as much energy as a
single eight-candidate batched call.

« Robustness and practical guidance. We evaluate ad-
ditional A100 nodes, two models, and a short-output
SciQ/V100 case study. The results support a practical
guideline: when candidates are independent and memory
allows it, fewer generation calls with larger batch sizes are
more efficient. We also provide minimum reporting rec-
ommendations for multi-candidate inference experiments.

These results show that the system cost of test-time scaling
depends not only on how many candidates are generated, but
also on how those candidates are grouped into generation calls.



II. BACKGROUND AND RELATED WORK
A. Test-Time Scaling

Test-time scaling improves LLM outputs by using additional
compute during inference. Some methods spend this compute
on extending or refining a reasoning trajectory, while others
generate and combine multiple candidate responses. Prior
work shows that additional test-time compute can improve
reasoning and can sometimes help smaller models approach
the performance of larger ones under similar inference budgets
[2]-[4]. However, the benefit depends on factors such as prompt
difficulty, reasoning strategy, stopping, and aggregation [5]. Our
work focuses on another factor: how a multi-candidate inference
budget is executed on the underlying hardware.

B. Multi-Candidate Sampling

Self-consistency samples multiple reasoning paths and selects
the most frequent answer [1], while best-of-N selects a
candidate using a verifier, reward model, or confidence measure
[6]. Prior studies examine larger or adaptive sampling budgets,
stopping rules, and different selection methods [7]-[14]. These
works mainly study how many candidates to generate or how to
select among them. In contrast, we keep the candidate budget
fixed and study how executing the same candidates across
different numbers of generation calls and batch sizes affects
systems cost.

C. Inference Scheduling and Energy

LLM inference efficiency depends on batching, scheduling,
memory management, and resource allocation [16]. ORCA,
vLLM, and Sarathi-Serve improve utilization and throughput
through different batching and scheduling strategies [26]-[28].
Other work studies heterogeneous scheduling and KV-cache
constraints [18], [19]. Energy consumption also depends on
model size, hardware, batch size, sequence length, parallelism,
and utilization [21]-[25]. Recent work has also compared the
performance and energy efficiency of LLM inference across
different Al accelerators and batch sizes [17]. These studies
show that execution choices can strongly affect inference cost.
Our work connects these systems factors to multi-candidate
test-time scaling by measuring how generation-call structure
affects latency, GPU-hours, utilization, and gross GPU-device
energy at fixed N.

D. Reporting Practices in Prior Work

Table I audits representative foundational, adaptive-budget,
and repeated-sampling studies. We record a field as reported
only when the corresponding execution detail is stated explicitly
in the paper or its supplementary material. “NR” denotes not
reported. The audit is intended to characterize reporting prac-
tices in representative work rather than provide an exhaustive
systematic review. Representative studies commonly report
candidate budgets but do not fully specify generation-call
structure or measured energy cost.

This work reports N, calls per query, candidates per call,
inference hardware, and gross GPU-device energy.

TABLE I
REPORTING PRACTICES IN REPRESENTATIVE MULTI-CANDIDATE AND
TEST-TIME-SCALING STUDIES. HW REFERS TO CANDIDATE-GENERATION
HARDWARE; “NR” MEANS NOT REPORTED.

Calls/ Cand./

Study N query call HW Energy
Self-Consistency [1] Yes NR NR NR NR
Adaptive-Consistency [7] Yes NR NR NR NR
Universal Self-Consistency [8] Yes NR NR NR NR
Large Language Monkeys [38] Yes NR NR Yes NR
Scaling Test-Time Compute [2] Yes NR NR Yes NR
Difficulty-Adaptive SC [10] Yes NR NR NR NR
This work Yes Yes Yes Yes Yes

III. METHODS
A. Candidate-Generation Strategies

Our goal is to separate how many candidates are generated
from how those candidates are executed. Let NV be the total
number of candidates generated for a prompt. We represent
the generation schedule as

S=(by,...,bc),

ZbC:N,

c=1

where C' is the number of generation calls and b, is the number
of candidates generated in call c. Figure 1 shows the workflow
for N = 8. We compare 1x 8, 2x4, 4x2, and 8 x 1 schedules.
In an a x b schedule, a is the number of generation calls and
b is the number of candidates generated in each call. The calls
are executed sequentially on the same allocated GPU, while
candidates within each call are generated together as a batch.
The four schedules therefore correspond to S = (8), (4,4),
(2,2,2,2),and (1,1,1,1,1,1,1, 1). All schedules use the same
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Fig. 1. Generation schedules for a fixed candidate budget of N = 8. All
schedules use the same prompt, generate eight candidates, and apply the same
plurality vote. They differ in the number of sequential generation calls and
candidates generated per call. Repeated LLM blocks represent successive calls
on the same GPU.

prompts, decoding settings, answer extraction, and voting
procedure. Candidate responses are sampled independently
across schedules in the systems experiments. We also study how
accuracy changes as the candidate budget increases. For each



prompt, we generate eight candidates and compute accuracy
for N € {1,2,3,4,8} using the first N candidates. This gives
paired comparisons across candidate counts. These candidates
are used only for the accuracy analysis. Systems measurements
are collected separately by running each schedule on the GPU.

B. Token Accounting

We track logical token volume to check that differences
between schedules are not caused by large differences in
generated response length. Let P, be the prompt length for
query q. Since each candidate is generated from the same
prompt, the candidate-associated logical input volume is

Tlogical(q) _ NPq

input

For fixed N = 8, this is 8F; for every schedule. Let L, ;
be the generated length of candidate j in call c. The logical
number of generated tokens is

C b

Tped@,8) =YY Loy

c=1 j=1
In the fixed-N experiments, the candidate count is identical
across schedules and the logical generated-token volume
remains closely matched. This lets us compare the systems
cost of different generation schedules while keeping the overall
candidate budget fixed.

C. Answer Extraction and Voting

After generation, all candidates use the same answer-
extraction and plurality-voting procedure. Candidates with
the same extracted answer form a group, and the largest
group determines the final prediction. We do not use a
verifier, reward model, or token-level score. For GSM8K, we
extract the numeric final answer by checking the requested
final-answer delimiter, boxed expressions, explicit answer
statements, trailing numeric expressions, and the last non-
empty line. Numeric answers are then normalized to a common
form. For SciQ, we extract one of the answer choices A-D
case-insensitively. Extraction failures remain possible voting
outcomes and are counted as incorrect if selected. If multiple
answers receive the same number of votes, we select the
answer that appears first among the generated candidates. In
the accuracy analysis, this rule can make N = 2 identical to
N =1 when the first two candidates disagree. We therefore
also evaluate N = 3 and report a sensitivity analysis using
uniform random tie-breaking.

D. Measurement Boundary and Energy

Each measured query begins with GPU synchronization and
an initial NVML cumulative-energy reading. The measured
interval includes prompt processing, prefill, decoding, all
generation calls, answer extraction, and plurality voting. After
the final vote, we synchronize the GPU again and record
the final cumulative-energy value. Model loading, warm-up,
reporting-time token counting, and final grading are excluded.
Gross GPU-device energy is computed as

Egross = ENVML,end — ENVML,start -

Idle energy is not subtracted. The reported values therefore
represent gross GPU-device energy over the full measured
query interval, not isolated dynamic computation energy or
whole-node energy. Average GPU power is computed as gross
energy divided by query latency. A schedule can therefore have
lower average power but still consume more total energy if it
keeps the GPU active for longer.

1V. EXPERIMENTAL DESIGN AND MEASUREMENT
A. Study Overview

We organize the evaluation around three goals. First, we
measure how accuracy changes as the candidate budget
increases. Second, we measure how systems cost changes
with candidate count and with generation schedule. Third,
we check whether the main scheduling effect remains across
different GPU nodes and on a short-output workload. Table II
summarizes the five experiments used for these goals. For

TABLE I
SUMMARY OF THE EXPERIMENTAL STUDIES.

Study Workload Design

Accuracy scaling GSMSK, 500 prompts One eight-candidate
pool; evaluate
N € {1,2,3,4,8}

using prefixes

Batched N € {1,2,4, 8}
and serial N = 8

Fixed N = 8: 1x8, 2x4,
4x2,8x1

Repeat 1 X 8 and 8 X 1
on two additional A100
nodes

Complete fixed-N = 8
sweep on V100 GPUs

Batched scaling GSMSK, 100 x 3

Schedule sweep GSMSK, 100 x 3

Cross-node check GSMSK, 100 x 3

Short-output validation SciQ, 500 x 3

the accuracy study, each model generates eight candidates for
500 GSMS8K prompts. Accuracy for smaller values of NV is
computed using the first /V candidates from the same set. This
gives paired prompt-level comparisons across candidate budgets.
These generations are used only for accuracy analysis; their
latency and energy are not assigned to individual values of V.
The GSMB8K systems experiments use the same 100 prompts
over three repetitions. The batched-scaling study measures
how systems cost changes as N increases. The main schedule
sweep instead fixes N = 8 and changes only the number of
generation calls and candidates per call. All four schedules are
executed within the same A100 job. Two repetitions use the
order 1 X8, 2x4, 4x 2, 8x 1, while one uses the reverse order
to reduce possible order and thermal effects. To test run-to-run
stability, we repeat the 1 x 8 and 8 x 1 endpoints on two
additional A100 nodes per model. Together with the primary
job, this gives three independently scheduled A100 jobs per
model. Finally, we repeat the full fixed-N = 8 schedule sweep
on 500 SciQ prompts over three repetitions using V100 GPUs.
SciQ produces much shorter responses than GSMS8K, so we
use it as a separate short-output validation. It is not intended
as a complete study of how output length affects scheduling
cost.



B. Prompts, Seeds, and Warm-Up

The GSMBSK test split is shuffled with seed 42. The first
100 prompts are used for the systems experiments and are
also part of the 500-prompt accuracy study. Prompt order
is fixed across schedules, repetitions, jobs, and nodes. We
use deterministic method-specific seeds so that each run is
reproducible while schedules sample candidates independently.
Two warm-up generations are performed after model loading
and are excluded from measurement.

C. Models, Workloads, and Hardware

We evaluate Phi-3-mini-4k-instruct [34] and Qwen2.5-1.5B-
Instruct [35] on GSM8K [36] and SciQ [37]. Sampling is
enabled with temperature 1.0 and top-p 0.95. The batched-

TABLE III
GSMS8K BATCHED-SCALING CONFIGURATIONS.

Configuration Phi-3 Qwen
GPU V100 32GB A100 80GB
Power limit 250 W 500 W
Driver / CUDA 580.159.04 / 12.1 580.159.04 / 12.1
PyTorch / Transformers 24.1/457.6 24.1/457.6
Prompts x repetitions 100 x 3 100 x 3
Maximum new tokens 512 512

scaling experiment runs Phi-3 on a V100 and Qwen on an
A100, we interpret each model-GPU pair separately rather than
compare their absolute systems values. The primary schedule
and cross-node experiments run both models on A100-SXM4
80 GB GPUs with a 500 W power limit and a fixed 1275 MHz
graphics clock. The SciQ experiments use V100 PCle 32 GB
GPUs with a 250 W power limit and a fixed 1230 MHz graphics
clock. Each job reserves one GPU exclusively.

D. Output-Length Validation

GSMSK uses a maximum output length of 512 tokens. In
the 500-prompt accuracy sets, 2.0% of Phi-3 candidates and
5.25% of Qwen candidates reach this limit, with mean response
lengths of 251 and 270 tokens, respectively. SciQ uses a 64-
token limit. No Qwen candidates and 1.93% of Phi-3 candidates
reach the limit, with mean response lengths of 1.71 and 3.46
tokens, respectively. These values confirm that SciQ provides
a much shorter-output workload than GSMS8K.

E. Statistical Analysis

Systems results are reported as mean+SD across three
repetitions. P95 latency is computed within each repetition
and then summarized across repetitions. Accuracy confidence
intervals use 10,000 prompt-level bootstrap resamples, with
paired resampling when comparing candidate budgets. For the
fixed-N schedule study, ratios compare 8 x 1 with 1 x 8. Con-
fidence intervals use a hierarchical paired bootstrap: repetitions
are resampled first, followed by prompts within each selected
repetition, while preserving the pairing between schedules.
P95 latency is recomputed for each bootstrap sample. These
confidence intervals describe variability within the primary

jobs. The two additional A100 jobs are analyzed separately,
and cross-node results are reported as the observed range across
the three jobs.

V. RESULTS
A. Accuracy Gains from Increasing N

Figure 2 shows how GSMS8K accuracy changes as the
candidate budget increases. As expected, generating more
candidates improves accuracy. Phi-3 increases from 81.4%
at N =1 to 89.8% at N = 8, a gain of 8.4 pp with a 95%
paired bootstrap interval of [5.8,11.2] pp. Qwen increases from
51.4% to 69.8%, a gain of 18.4pp ([14.8,22.0] pp).

The identical accuracy at N =1 and N = 2 comes from the
tie-breaking rule. When the first two candidates disagree, each
receives one vote and the first candidate is selected. Accuracy
begins to increase at N = 3, when a majority can form.

=0= Phi-3-mini (+8.4 pp at N=8)
={1= Qwen2.5-1.5B (+18.4 pp at N=8)
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Fig. 2. GSMS8K accuracy as the candidate budget increases. Error bars show
95% bootstrap intervals over 500 prompts.

Table IV checks whether tie handling or answer extraction
explains the observed gains. Random tie-breaking changes
expected accuracy by at most 1.4 pp, while conditioning on
successful extraction also produces only small changes. We
therefore use the original plurality-voting result as the main
accuracy measure.

TABLE IV
TIE AND EXTRACTION DIAGNOSTICS. “RANDOM” USES UNIFORM RANDOM
SELECTION AMONG TIED GROUPS. “COND.” CONDITIONS ON A
SUCCESSFULLY EXTRACTED SELECTED ANSWER.

Model N Tie (%) Primary Random Cond.
2 250 81.4 819  82.1
Phi-3 4 70 86.8 87.3 86.8
8 3.4 89.8 90.1 89.8
2 63.0 51.4 505 521
Qwen 4 314 61.2 613 618
8 182 69.8 712 70.5




B. Systems Cost of Increasing Batched N

We next measure what happens to systems cost as the batched
candidate budget increases from N =1 to N = 8. Phi-3 and
Qwen use different GPUs in this experiment, so their absolute
values are not compared directly.

Table V highlights the main energy result. For both models,
energy per query increases as more candidates are generated,
while energy per generated token decreases. For Phi-3, energy
increases from 631 to 1286 J/query, while energy per token
decreases from 2.634 to 0.655]J. For Qwen, the corresponding
values change from 596 to 975J/query and from 2.222 to
0.459 J/token.

TABLE V
ENERGY COST AS THE BATCHED CANDIDATE BUDGET INCREASES. VALUES
ARE MEANZSD ACROSS THREE REPETITIONS. PHI-3 USES A V100 AND
QWEN USES AN A100, SO ABSOLUTE VALUES ARE NOT COMPARED ACROSS

MODELS.
N Phi-3/V100 Qwen/A100
J/query J/token J/query J/token
1 631+19 2.634 £ 0.005 596 £+ 13 2.222 + 0.025
2 795+ 15 1.607 & 0.005 670 £ 19 1.265 £ 0.013
4 974 £ 36 1.004 £+ 0.025 802 £ 6 0.758 £ 0.007
8 1286 £ 49 0.655 £ 0.019 975 £ 20 0.459 £ 0.011

Larger batches also increase token throughput, but total
query latency still rises. From N =1 to /N = 8, mean latency
increases from 5.06 to 8.91 s for Phi-3 and from 5.26 to 7.64 s
for Qwen. Measured GPU-hours per 1,000 queries also increase
from 1.41 to 2.47 and from 1.46 to 2.12, respectively. Thus,
batching improves per-token efficiency, but generating more
candidates still increases the total cost of a query.

C. Effect of Generation Schedule at Fixed N = 8

The previous experiment changes the candidate count. We
now keep the candidate budget fixed at eight and change only
how those candidates are grouped into generation calls. Mean
logical generated-token volume varies by only 0.8% across
Phi-3 schedules and 1.0% across Qwen schedules.

Table VI shows a clear trend. Splitting the same eight
candidates across more calls increases both energy and P95
latency for both models. The intermediate schedules follow
the same pattern, showing that the effect is gradual rather than
appearing only at the fully serial endpoint.

TABLE VI
FIXED-N = 8 SCHEDULE SWEEP. VALUES ARE NORMALIZED TO THE 1 X 8
SCHEDULE. LOWER VALUES ARE BETTER.

Relative energy Relative P95 latency

Schedule Phi-3 Qwen Phi-3 Qwen
1x38 1.00 1.00 1.00 1.00
2 x4 1.63 1.66 1.81 1.97
4x2 2.71 286 321 3.57
8x1 464 486 577 6.12

At the fully serial endpoint, eight single-candidate calls use
4.64x as much gross GPU-device energy as one eight-candidate

call for Phi-3 (95% CIL: [4.48,4.79]) and 4.86x as much for
Qwen ([4.71,5.02]). P95 latency reaches 5.77x ([5.38,5.99])
and 6.12x ([5.70, 6.75]), while throughput falls to 16.7% and
17.9% of the batched baseline.

The practical cost is also visible in GPU time. For 1,000
queries, measured GPU time increases from 2.09 to 12.49
GPU-hours for Phi-3 and from 2.13 to 11.76 GPU-hours for
Qwen. Lower average power does not remove this penalty.
For example, Phi-3 mean power decreases from 177.8 W to
139.8 W, but mean latency increases by 5.97 %, so total energy
still increases.

These results give a simple practical guideline for the settings
studied here: when candidates are independent and memory
allows it, fewer generation calls with larger batch sizes are
more efficient.

D. Cross-Node Robustness

We repeat the 1 x 8 and 8 x 1 endpoints in three independently
scheduled A100 jobs per model. Table VII shows that the main
effect remains stable across these jobs.

TABLE VII
OBSERVED 8 X 1/1 X 8 RATIO RANGES ACROSS THREE INDEPENDENT
A100 JOBS PER MODEL.

Metric Phi-3 Qwen

Gross J/query | 443-4.64 4.85-4.88
Mean latency | 5.85-5.97  5.50-5.53
P95 latency | 5.53-5.77  6.06-6.12

Throughput retained 1 16.7-17.1% 17.9-18.0%

The observed ranges are narrow compared with the size of
the scheduling effect. Serial throughput remains about 17-18%
of batched throughput in every job. The similar results across
the three A100 jobs show that the scheduling effect is consistent
across the tested nodes. However, we do not assume that the
exact ratios will remain the same on other GPU architectures,
clusters, or software environments.

E. Length-Stratified GSMS8K Analysis

We next check whether the scheduling effect appears only for
prompts that produce long responses. The 100 GSM8K systems
prompts are divided into four groups using mean candidate
length from the separate accuracy generation.

For Phi-3, Figure 3 shows energy ratios between 4.40 and
4.77 and latency ratios between 5.45 and 6.16. The ratios are
not monotonic with response length.

Qwen shows the same general behavior. Figure 4 shows
energy ratios between 4.51 and 5.09 and latency ratios between
5.15 and 5.88.

The scheduling penalty therefore appears across all four
response-length groups rather than only for the longest outputs.
This analysis is descriptive because each group contains only
25 prompts and the serial and batched schedules independently
sample their candidates.
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Fig. 3. Phi-3 serial-to-batched energy and latency ratios across GSM8K
response-length groups. Each group contains 25 prompts.

Qwen2.5-1.5B GSM8K

=0O= Energy ratio = Latency ratio

()}
1

=0

D‘~~_ =

€)]
1

Serial / batched ratio
S

3 4
2
]. 1 1 1 T
Q1 Q2 Q3 Q4
(176 tok) (233 tok) (281 tok) (370 tok)

Generated-token quartile (mean tok/sample)

Fig. 4. Qwen serial-to-batched energy and latency ratios across GSM8K
response-length groups. Each group contains 25 prompts.

FE. Short-Output Validation on SciQ

GSMBSK still contains reasoning-style outputs even in its
shortest group. We therefore repeat the complete fixed-N = 8
schedule sweep on SciQQ, where mean responses contain only
a few generated tokens.

Table VIII shows the relative systems cost. The same trend
appears for both models: energy and latency increase as the
candidate budget is divided across more calls, while throughput
decreases. From 1 x 8 to 8 x 1, gross energy increases by
2.57x for Phi-3 and 3.34x for Qwen. Mean latency increases
by 2.88x and 4.42x, while throughput falls to 36% and 23%
of the batched baseline. Because SciQ uses V100 GPUs while
the primary GSMS8K study uses A100 GPUs, we do not claim

that the difference in ratio size is caused only by output length.

The supported conclusion is narrower: the fixed-N scheduling
effect appears in both the longer-output GSM8K/A100 setting

TABLE VIII
SCIQ FIXED-NN = 8 SCHEDULE SWEEP ON V100 GPUS. VALUES ARE
NORMALIZED TO 1 X 8 WITHIN EACH MODEL.

Model Schedule Rel. energy Rel. latency Rel. throughput
1x8 1.00 1.00 1.00
. 2x4 1.29 1.37 0.74
Phi-3 4x2 175 1.97 0.51
8x1 2.57 2.88 0.36
1x8 1.00 1.00 1.00
Qwen 2x4 1.38 1.59 0.63
4x2 2.04 2.59 0.39
8x1 3.34 4.42 0.23

and the short-output SciQ/V100 setting.

VI. DISCUSSION

Our results show that candidate count alone does not fully
describe the systems cost of multi-candidate inference. For the
same N = 8 budget, changing how candidates are grouped
into generation calls produces large differences in latency,
throughput, GPU-hours, and gross GPU-device energy. Across
both models, dividing the candidate budget across more calls
consistently increases systems cost. The same pattern remains
across independently scheduled A100 jobs and also appears in
the short-output SciQ/V100 setting. These results have a direct
practical implication: when candidates are independent and
memory allows it, fewer generation calls with larger batches are
more efficient. This does not mean that 1 x [V is always optimal.
Memory limits, request dependencies, continuous batching, and
serving constraints may require a different schedule.

The effect can become substantial at scale. Under the
configurations studied here, applying the measured per-query
difference to one million queries would add approximately
1.37MWh of gross GPU-device energy and 10,401 measured
GPU-hours for Phi-3 when moving from 1 x 8 to 8 x 1.
For Qwen, the corresponding differences are approximately
1.00MWh and 9,631 GPU-hours. These values are linear
illustrations of the measured configurations, not projections to
other deployments.

Multi-candidate evaluations should therefore report not only
N, but also the number of generation calls, candidates per call,
batching mode, latency, throughput, GPU-hours, and the energy-
measurement boundary. Two experiments with the same model,
dataset, decoding settings, and candidate count can otherwise
have substantially different systems costs simply because their
candidate-generation schedules differ. Reporting these details
makes systems results easier to reproduce and compare.

A. Why Generation Schedule Changes Systems Cost

Keeping N fixed keeps the candidate budget unchanged,
but it does not keep the execution pattern unchanged. In a
larger batch, several candidates can make progress within the
same generation call. When the same candidates are split
across smaller calls, less work is exposed to the GPU at the
same time, and the query must pass through more generation



TABLE IX
PRACTICAL GUIDANCE FOR SELECTING A CANDIDATE-GENERATION
SCHEDULE.

Situation Suggested approach

All candidates fit in memory Use one generation call with batch
size N

Use the largest feasible batch and the
fewest calls

Sequential calls may be required

Memory limits batch size

Candidates depend on previous out-
puts

Continuous-serving environment
Additional latency or resource limits

Coordinate with the serving scheduler
Choose a feasible schedule; among
feasible options, prefer fewer calls

calls before completion. Several factors can contribute to the
additional cost. More calls can add per-call framework and
synchronization overhead and can repeat work associated with
processing the prompt and starting generation. Smaller calls
can also provide less parallel work to the GPU. Together,
these effects can increase execution time even though the
total number of requested candidates remains the same. The
energy results also show why average power alone is not
enough to judge efficiency. A smaller or more serial workload
may draw less power at a given moment, but it can keep the
GPU active for much longer. In our Phi-3/A100 measurements,
mean power decreases from 177.8 W for 1 x 8 to 139.8 W
for 8 x 1, while mean latency increases by 5.97x. The longer
execution time outweighs the lower average power, leading to
substantially higher total energy. These measurements capture
the combined end-to-end effect of the generation schedule.
They do not isolate how much of the difference comes from
repeated prompt processing, call overhead, synchronization,
GPU utilization, or other low-level effects. Separating these
mechanisms would require more detailed profiling and is an
important direction for future work.

B. Practical Schedule Selection

Our results suggest that candidate generation can be treated
as a scheduling problem rather than specified only by the
candidate count N. For independent candidates, the main
execution choice is how many candidates to place in each
generation call. A simple heuristic is to use the largest feasible
batch size. Let by,ax be the largest number of candidates that
fits the available GPU memory and other system constraints.

We select
N
c= 3]

where b is the maximum number of candidates per call and
C is the number of generation calls. If N is not divisible by
b, the final call contains the remaining candidates. This policy
minimizes the number of calls while keeping the candidate
budget fixed. For example, if all eight candidates fit in memory,
our results favor 1 x 8. If only four candidates fit at once, 2 x 4
is preferred over schedules with more, smaller calls. The same
rule naturally extends to larger candidate budgets.

b = min(N, byax),

This heuristic is a starting point rather than a universal
optimizer. The best schedule may change with model size,
sequence length, available memory, concurrent traffic, and the
inference engine. A more general scheduler could predict the
energy, latency, and memory cost of candidate schedules and
select the lowest-cost configuration that satisfies the system
constraints.

VII. LIMITATIONS AND FUTURE WORK

Our experiments cover two models, two GPU architectures,
and batch-scheduled Hugging Face generation. The measured
ratios should therefore not be assumed to hold unchanged for
larger models, other GPU generations, continuous batching
systems, or multi-GPU inference. The fixed-N schedules use
independently sampled candidates. Although their candidate
counts are identical and their logical generated-token volumes
are closely matched, we do not isolate the contribution of
individual mechanisms such as repeated call overhead, prompt
processing, synchronization, or batching effects. The results
should therefore be interpreted as the end-to-end cost of each
generation schedule. Energy measurements represent gross
GPU-device energy over the measured query interval. They do
not include whole-node energy and do not subtract idle GPU
power. Future work can extend the study to larger models,
continuous batching, quantization, speculative decoding, and
multi-GPU execution.

VIII. CONCLUSION

Candidate count N tells us how many responses are
generated, but not how they are executed. Our experiments
show that this execution choice can substantially change the
systems cost of multi-candidate inference. At fixed N = 8§,
splitting candidates across more generation calls consistently
increases latency, GPU-hours, and gross GPU-device energy
while reducing throughput. On A100 GPUs, 8 x 1 uses 4.64 x
as much gross GPU-device energy as 1 x 8 for Phi-3 and
4.86x as much for Qwen. The same scheduling pattern remains
across independent A100 jobs and also appears in the short-
output SciQ/V100 setting. For independent candidates, our
results support a practical rule: when memory allows it, use
fewer generation calls with larger batch sizes. Multi-candidate
evaluations should report generation schedule and systems
metrics alongside candidate count so that their cost can be
reproduced and compared.
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