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Abstract—The expansion of LLM inference into resource-
constrained environments has made energy efficiency a critical
bottleneck for operational sustainability. While existing GPU
DVFS approaches attempt to optimize either latency or energy,
they often suffer from suboptimal global efficiency due to their
inability to account for the dynamic fluctuations in computa-
tional intensity across iterations. This results in an unstable
balance where focusing solely on a single metric fails to achieve
meaningful operational efficiency in terms of the Energy-Delay
Product (EDP). To address this, we propose QUICKTOPIA, an
iteration-level GPU frequency control framework that identi-
fies the optimal balance between energy and latency in real-
time. QUICKTOPIA dynamically adapts to varying computational
scales by leveraging iteration-level execution characteristics with-
out requiring model modifications or offline profiling. Further-
more, it employs a Pareto-based decision mechanism and a tree-
structured segment manager to minimize control overhead while
ensuring stable policy convergence even in noisy environments.
Our evaluation shows that QUICKTOPIA achieves the lowest
EDP across diverse workloads, reducing EDP by up to 22%
compared to state-of-the-art methods while maintaining latency
increases within a marginal 1–5% range. This demonstrates that
QUICKTOPIA is a practical and effective solution for optimizing
LLM serving efficiency on single-GPU platforms.

Index Terms—LLM Inference System, Energy Efficiency, GPU
DVFS, Pareto Optimality

I. INTRODUCTION

While the initial success of Large Language Models (LLMs)
was driven by hyperscale models relying on massive GPU
clusters, recent deployment environments are rapidly ex-
panding to resource-constrained settings, such as single-GPU
systems, edge devices, on-premises servers, and embedded
AI platforms [1]–[3]. In particular, as demand for practical
applications such as internal knowledge retrieval, automated
customer support, and code generation assistance continues
to surge, the need to efficiently run LLMs on such small-
scale infrastructure has become more critical than ever. This
democratization signifies a paradigm shift, where LLM infer-
ence evolves beyond a specialized data-center technology into
a universal computing platform across diverse infrastructures.

However, alongside the widespread adoption of LLM serv-
ing, massive power consumption has emerged as a critical
bottleneck that exacerbates operational costs [4]. The rapid
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power variability of GPUs accumulates costs linearly during
continuous operation, imposing a non-negligible economic
burden even on single-GPU systems [5]. Consequently, in
modern inference environments, it is essential to adopt man-
agement strategies that reconcile the trade-off between perfor-
mance and energy cost by maximizing energy efficiency while
maintaining high responsiveness [4], [6]–[8].
GPU DVFS in LLM inference. In LLM inference, Dynamic
Voltage and Frequency Scaling (DVFS) is a key software-
based method for enhancing efficiency without hardware mod-
ifications [8]. By dynamically adjusting GPU frequencies at
runtime, DVFS provides a practical mechanism to manage
the trade-off between performance and power consumption.
Empirical studies confirm that latency and energy vary signif-
icantly with DVFS settings, establishing frequency control as
a critical lever for optimizing LLM serving efficiency [4]–[9].
State-of-the-art in GPU DVFS. In this context, throt-
tLL’eM [6] is a particularly prominent recent work that lever-
ages GPU DVFS for LLM serving. By dynamically adjusting
GPU frequency based on request latency, it consumes only
as much energy as needed to satisfy explicit service level
objectives (SLOs), establishing itself as the current state-of-
the-art in DVFS-based LLM serving research.
Energy-Delay Product for LLM inference. However, eval-
uating LLM inference efficiency in real-world deployments
using a single metric, such as latency or energy consump-
tion, is insufficient. Minimizing latency may increase power
consumption, while focusing solely on energy reduction can
degrade user-perceived performance [10], [11]. To capture
both aspects, this paper adopts the Energy-Delay Product
(EDP) [12], defined as the product of latency and energy
consumption, as the primary metric. EDP captures the trade-
off between performance and energy, making it suitable for
assessing overall system efficiency in practical environments.
Motivation. throttLL’eM [6], a state-of-the-art study based
on GPU DVFS, reduces energy consumption by lowering
the frequency while satisfying SLOs. However, this approach
exhibits two critical limitations from the perspective of global
efficiency. First, in continuous batching environments, com-
putational characteristics change dynamically at every LLM
iteration. Consequently, the minimum frequency that satisfies
the SLO is not guaranteed to be the optimal choice for
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maximizing energy efficiency. Second, it treats latency merely
as a hard constraint without considering EDP optimization.
By focusing solely on power reduction within the SLO bound
while neglecting the balance with latency, it fails to achieve
practical operational efficiency in terms of EDP (§III-A).

Modern LLM serving engines adopt continuous batching
to maximize resource utilization by dynamically batching
heterogeneous requests. This leads to an irregular combination
of query counts and computational phases (prefill and decode)
within each batch. As a result, the aggregate GPU workload
fluctuates rapidly on an iteration-by-iteration basis. Therefore,
maximizing overall operational efficiency requires capturing
this rapidly varying workload in real time and dynamically
determining the GPU frequency that achieves an optimal
balance between latency and energy (§III-B).

Key Design and Contributions. This paper proposes QUICK-
TOPIA, a GPU DVFS control framework that dynamically
identifies the optimal balance between energy and latency in
real-time by leveraging the iteration-level execution character-
istics of LLM inference.

(1) Iteration-Level Frequency Selection. QUICKTOPIA
identifies the rapidly fluctuating computational intensity
at every iteration within continuous batching environ-
ments in real-time. Building on this, it precisely and
continuously adapts to variations in the execution flow
by dynamically determining and applying the frequency
that corresponds to the optimal balance between latency
and energy for each computational scale.

(2) Pareto-based Frequency Decision. To determine the op-
timal frequency aligned with the identified LLM compu-
tational workload, QUICKTOPIA adopts Pareto optimality
as a core criterion. By quantitatively evaluating the trade-
off between two conflicting objective functions, latency
and energy, it selects the frequency that achieves the
optimal balance between these metrics. Consequently,
QUICKTOPIA realizes multi-objective optimization with-
out being biased toward a specific metric, which ulti-
mately leads to improvements in the EDP.

(3) Per-Iteration DVFS Control. QUICKTOPIA is designed
to ensure extremely rapid frequency exploration and
decision-making, accommodating the short cycles of
iteration-level control. To this end, it dynamically man-
ages Pareto data structures to minimize the learning and
search overhead for the Pareto frontier corresponding to
each computational scale, without introducing noticeable
overhead on inference execution.

In this study, we implemented QUICKTOPIA and evaluated
its effectiveness by integrating it with vLLM [13], a state-
of-the-art LLM inference framework. Experimental results
demonstrate that QUICKTOPIA reduces the EDP by up to
22% compared to throttLL’eM. Furthermore, we provide an
in-depth evaluation of our Pareto-based design, showing that
iterative learning progressively refines the Pareto frontier and
that noise reduction is essential for stable optimization.
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Fig. 1: Iterative inference sequence in LLM systems [13].

II. BACKGROUND

A. LLM Inference System: Serving Framework and Metrics

Iterative Process. Fig.1 illustrates the iteration sequence of
a modern LLM inference system [13], [14]. For clarity, this
section describes the mechanism based on vLLM [13], a
representative framework. At the beginning of each iteration,
the inference engine schedules multiple pending queries into
a single batch per iteration and dispatches it to the GPU. The
GPU performs a single forward pass on the batch, and the
generated output tokens are returned to the CPU. The inference
engine then updates the status of each request and immediately
prepares the next batch for the following iteration. Throughout
this process, the number of queries scheduled per iteration and
the computational characteristics of the batch (i.e., whether in
the prefill or decode phase) change dynamically. As a result,
the execution time of each iteration naturally varies.

From the perspective of GPU kernels, these heterogeneous
individual requests are abstracted as a unified batch tensor. In
other words, the GPU hardware does not recognize or process
them as a collection of separate workloads, but rather handles
them collectively as a single monolithic computational block.
Metrics. When evaluating the efficiency of LLM inference
systems, focusing on only one aspect such as latency or energy
should be avoided. Reducing latency alone often results in
excessive power consumption, while optimizing solely for
energy can lead to unacceptable performance degradation. To
capture this trade-off in a unified manner, we adopt the Energy-
Delay Product (EDP) [12] as a primary evaluation metric.
EDP is defined as the product of execution time and energy
consumption (EDP = Delay × Energy). A lower EDP value
indicates that the system achieves high performance while
maintaining energy efficiency.

In addition to EDP, we define two iteration-level metrics
for analyzing the token generation process. Iteration Time is
the actual time required to complete a single inference loop.
In interactive services that stream tokens this value directly
determines the Time between Tokens (TBT) perceived by users
and thus represents service responsiveness. Joules per Token
(JPT) denotes the total energy consumed to generate one
token. It is computed as the product of the average power
consumption in watts and the iteration time for that iteration
and serves as an energy efficiency metric that is directly related
to the operational cost of the service.
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B. Pareto Optimality in Multi-Objective Optimization
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Fig. 2: Pareto optimality.

Multi-objective optimization
problems may not have a sin-
gle solution that simultane-
ously satisfies all objectives be-
cause the objectives often con-
flict with each other. In such
cases, improving one objective
usually requires sacrificing an-
other, and the concept of Pareto
optimality is used to define rea-
sonable optimal solutions un-

der this trade-off. Fig. 2 illustrates Pareto optimality in a bi-
objective optimization problem, where both objective func-
tions are minimized, and detailed explanations of each term
are provided in Table I.

Simply identifying the Pareto frontier is not sufficient for
practical decision making. The final goal is to select a single
effective operating point known as the Pareto optimum. Since
the Utopia point is theoretically unreachable, the solution
on the Pareto frontier that minimizes the Utopia distance
is commonly regarded as the Pareto optimum. By choosing
this point the system can achieve the most balanced trade-
off among conflicting objectives without being overly biased
toward any single metric.

C. Related Work

Model and Algorithmic Optimization. Prior work has intro-
duced model- and algorithm-centric techniques to reduce com-
putation and memory costs in LLM inference. LLM.int8() [15]
enables stable INT8 inference via outlier handling, while
SmoothQuant [16] enhances post-training quantization ac-
curacy by adjusting scales. AWQ [17] improves efficiency
through activation-aware weight-only quantization without
kernel changes. Speculative decoding [18] reduces decoding
cost using a smaller auxiliary model. These methods, however,
require modifications to the model or pipeline and differ from
runtime-level control over the energy–latency trade-off.
GPU Power and Frequency Management. Several recent
studies have explored improving energy efficiency in LLM
serving by controlling GPU power and frequency at run-
time without modifying the model or execution pipeline.

TABLE I: Key terminology in Pareto optimality

Term Description

Pareto frontier Set of optimal solutions achieving best efficiency under
constraints.

Utopia point Hypothetical point where all objectives are
simultaneously minimized (ideal but unreachable).

Utopia distance Distance between a specific solution and the Utopia
point, used as a metric for optimality.

Optimum point Best compromise solution selected based on user
preference (e.g., minimum distance).

Inefficient area Region dominated by the Pareto frontier, containing
sub-optimal solutions.

Unattainable
area

Region that cannot be reached due to physical
constraints or system limits.

DynamoLLM [4] analyzes the trade-off between inference la-
tency and energy consumption via GPU frequency scaling and
shows that energy efficiency can be improved while satisfying
latency constraints. GreenLLM [5] quantitatively studies the
impact of GPU power management on performance and energy
consumption during LLM inference and demonstrates that
power state control plays an important role in energy-efficient
LLM serving. Building on this line of work, throttLL’eM [6]
proposes a GPU frequency scaling framework that explicitly
considers service-level objectives (SLOs) in LLM serving
environments and is regarded as the state-of-the-art in GPU
DVFS-based energy optimization for LLM inference.
EDP Optimization in Other Environments. Recent work
has begun adopting the EDP to jointly evaluate energy and
performance in LLM inference. However, these studies differ
from our work in both optimization targets and serving mod-
els: ELLIE [19] targets heterogeneous edge execution, while
Camel [20] optimizes GPU frequency and batch size under
sequential batching. Thus, we cite them as evidence of EDP’s
relevance, but do not include them as direct baselines.

III. MOTIVATION

A. Limitations of throttLL’eM

ThrottLL’eM reduces energy consumption by lowering GPU
frequency within the bounds of meeting service level objec-
tives (SLOs). This approach is reasonable in that it reliably
satisfies latency constraints, and it is currently regarded as a
representative state-of-the-art method for GPU DVFS-based
LLM serving. However, its frequency selection is determined
solely based on whether the incoming query meets the SLO,
without considering the execution characteristics of individual
iterations, which limits its effectiveness from a global energy
optimization perspective. In particular, in continuous batching-
based LLM serving, the batch size and computational char-
acteristics vary across iterations, so the minimum frequency
that satisfies the SLO may not align with the frequency that
maximizes energy efficiency for a given iteration.

throttLL’eM also treats latency solely as a constraint in
terms of the SLO, and does not explicitly optimize for any joint
metric that considers both energy and latency. As described
in §II-A, the EDP is an important metric that evaluates the
trade-off between energy and latency, highlighting that en-
ergy efficiency can degrade significantly as latency increases.
However, selecting the minimum frequency that satisfies the
SLO often leads to longer execution times, which can result
in suboptimal outcomes from the EDP perspective. In other
words, while throttLL’eM is effective in meeting the SLO for
each iteration, it falls short of achieving holistic optimization
that balances both energy and latency.

B. Aggregate Dynamics: Iteration-level Compute Scaling

As discussed in §II-A, in a multi-workload inference envi-
ronment, multiple individual requests are packed into a single
batch tensor and processed together. As a result, the actual load
on the GPU hardware and GPU kernels is determined not by
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Fig. 3: Aggregate computation tokens (Ctoken) across workloads.

individual requests, but by the total amount of computation
required by the entire batch executed in that iteration.

In this work, we use the number of processed tokens, which
is proportional to the actual computational cost (FLOPs), to
quantitatively represent the computation load of each iteration.
Let B denote the set of queries in the current iteration’s batch,
|gi| the input length of query i, and ti the index of the token
currently being generated during the decoding phase. Then,
the token-based computational load of iteration, denoted by
Ctoken, is computed as follows:

Ctoken =
∑
i∈B

{
|gi|2, if i ∈ prefill phase
|gi|+ ti, if i ∈ decode phase

(1)

This computation directly reflects the computational char-
acteristics of LLM inference. In the prefill phase, the self-
attention operation incurs a quadratic computational cost with
respect to the input length (O(N2)), while in the decode phase,
the computation scales linearly with the input length due to
the use of the KV cache (O(N)).

Figure 3 shows the per-iteration Ctoken values of four het-
erogeneous workloads when they are executed simultaneously,
computed using the method described above. We use an
NVIDIA RTX 3090 GPU and the vLLM engine for this
analysis, with detailed experimental settings provided in §VI.
As observed in the graph, each workload exhibits different
levels of computational variability across iterations, depending
on request length and inference phase (prefill/decode). Con-
sequently, the total computational load (Ctoken) also fluctuates
sharply at the iteration level.

Therefore, to maximize energy efficiency through GPU
DVFS, it is inadequate to determine the frequency based on
individual workloads in isolation or solely on the character-
istics of a single workload (e.g., the longest query). Such
approaches can result in either over-provisioning, causing
idle resources, or under-provisioning, leading to performance
degradation. A more appropriate strategy is to determine the
GPU frequency from a system-wide perspective based on the
aggregated computational demand of the entire batch at each
iteration (Ctoken).

C. Proposed Approach

To address the goals and challenges discussed earlier, this
work proposes QUICKTOPIA, a new GPU DVFS control
scheme that incorporates iteration-level execution character-
istics of LLM inference. Figure 4 presents an overview of
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Fig. 4: An overview of QUICKTOPIA.

QUICKTOPIA. The core idea is to evaluate the trade-off
between latency and energy for each iteration from a Pareto
perspective, and to select the GPU frequency that yields better
energy efficiency. To achieve this, QUICKTOPIA employs an
online decision-making mechanism that uses observed latency
and energy at each iteration to perform Pareto evaluation.
In addition, to make the frequency decisions applicable to
real LLM serving paths, QUICKTOPIA integrates lightweight
per-iteration DVFS control that operates with low overhead.
Through this approach, the proposed method goes beyond
conservative, SLO-based frequency selection and continuously
improves energy efficiency by adapting to the evolving infer-
ence characteristics of continuous batching environments.

IV. DESIGN GOALS AND CHALLENGES

This section outlines the design goals (G) of QUICKTOPIA
and the associated challenges (Ch). For each goal, we high-
light the key design elements introduced to address it, with
reference to the relevant Sections (§) for detailed discussion.

A. Frequency Optimization under Iteration-Level Variability

G1. Iteration-Level Frequency Selection. (§V-B) The first
goal is to determine the most efficient frequency for each iter-
ation in LLM inference while jointly considering both latency
and energy. Since computational demand varies significantly
across iterations, as observed earlier, the frequency should be
selected adaptively to accommodate this variability. Further-
more, this decision must be made during the CPU scheduling
stage so that it can be applied before GPU execution.
Ch1. Unknown Optimal Frequency. However, determining
the optimal frequency for the current iteration in advance is
challenging at the CPU scheduling stage. The only information
available beforehand is the number of computation tokens.
Therefore, a decision mechanism is needed to accumulate and
process historical data, such as latency and energy, for different
computation levels, so that the appropriate frequency can be
inferred from the token count of the current iteration.

B. Pareto Frequency Optimization

G2. Pareto-based Frequency Decision. (§V-C) The second
goal is to select the GPU frequency for each iteration by jointly
considering latency and energy. Since these metrics are in an
inherent trade-off, optimizing one may worsen the other. Thus,
each iteration requires selecting a balanced solution from non-
dominated candidates. To this end, we adopt Pareto optimality

47



as the criterion for selecting frequencies that satisfy SLOs
while remaining energy-efficient.
Ch2. Robust Pareto Assessment. However, iteration-level ob-
servations of latency and energy can be affected by noise. Even
under the same computation level, individual measurements
may fluctuate due to GPU scheduling randomness or subtle
variations in memory access timing. Therefore, an effective
technique is required to mitigate noise and reliably identify
Pareto-optimal candidates.

C. Low-Overhead Per-Iteration DVFS Control

G3. Per-Iteration DVFS Control. (§V-D) The third goal is
to enable practical per-iteration GPU DVFS in LLM serving
environments. Since each iteration typically lasts only a few
tens of milliseconds, frequency selection must be lightweight
enough not to interfere with the inference pipeline. At the
same time, it must remain accurate over long-term execution
to consistently achieve a favorable latency–energy trade-off.
Ch3. Low-Overhead Runtime Decision. The main challenge
is deciding how broadly or finely computation levels should
be examined to identify the optimal frequency. An overly fine-
grained range increases search overhead, whereas an overly
coarse-grained range can lead to suboptimal frequency deci-
sions. Therefore, the system needs a way to adapt the search
space granularity according to runtime behavior, preserving
efficiency without sacrificing frequency-selection accuracy.

V. DESIGN AND IMPLEMENTATION

A. Overview of Quicktopia

As illustrated in Fig. 5(a), the operational workflow of
QUICKTOPIA consists of three distinct phases: analyze, apply
& exec, and update. QUICKTOPIA maintains a segment data
structure to store historical execution data for identifying the
optimal GPU frequency, and each segment is classified into
one of two states: complete or incomplete.

The roles of the three stages are as follows. In the analyze
stage, QUICKTOPIA receives from the LLM inference engine
the set of queries assigned to the current iteration, the input
length of each query, and the current step index. Using this
information, it determines for each query whether the current
step corresponds to prefill or decode, and then computes the
total computational demand of the iteration, Ctoken, using
Eq. 1. Based on this demand, QUICKTOPIA identifies the
segment corresponding to the current iteration. In the apply
& exec stage, QUICKTOPIA consults the selected segment to
decide the GPU frequency, applies the chosen frequency, and
executes the iteration. Finally, in the update stage, QUICK-
TOPIA updates the statistics stored in the segment based on
the observed execution results.

B. Segment Management

As illustrated in Fig. 5(b), QUICKTOPIA manages the range
of computational demand using a tree-structured segment
manager to enable efficient frequency control. Each segment
corresponds to a leaf node in the tree, ensuring O(log n)
lookup time and keeping the online control overhead low even

when managing a large number of segments. Each segment
maintains a data table that is in one-to-one correspondence
with the list of configurable GPU frequencies exposed by the
vendor. For each frequency, the table stores statistical metrics
such as JPT, latency, reference count, and Utopia distance, and
QUICKTOPIA uses these statistics to dynamically maintain a
single optimal frequency for each segment.

To ensure statistical reliability in frequency selection, each
segment is classified as either incomplete or complete, based
on whether the minimum exploration requirement is met.
We define a hyperparameter Refmin, which specifies the
minimum number of observations required per frequency. A
segment is considered incomplete if any candidate frequency
has been explored fewer than Refmin, indicating that the
corresponding performance statistics remain unreliable. In this
state, QUICKTOPIA continues to profile all underexplored
frequencies. Once every frequency in the segment has met
the Refmin threshold, the segment transitions to the complete
state, in which reliable optimal frequency selection becomes
possible based on accumulated observations.

Incomplete Segment. The upper portion of Fig. 5(c) illustrates
the update procedure when a segment is in the incomplete
state. 1 An incomplete segment represents an early stage in
which the statistical reliability of its data is insufficient. Dur-
ing this profiling phase, QUICKTOPIA collects performance
statistics for all candidate frequencies. Frequencies are applied
sequentially from fmax to fmin, and this process continues
until the number of samples for each frequency reaches
the threshold defined by Refmin. 2 For each execution,
QUICKTOPIA computes the JPT from the observed latency
and energy consumption, and updates the segment’s statistics
using an incremental average scheme that aggregates these
values into the segment’s internal table. 3a If some frequen-
cies still fall short of the Refmin requirement, the segment
remains incomplete, and the system continues profiling those
remaining frequencies during subsequent iterations. 3b Once
all candidate frequencies have been sampled at least Refmin,
the segment transitions to the complete state. At this point,
QUICKTOPIA normalizes the latency and JPT metrics across
all frequencies to compute their Utopia distances. Rather than
using these raw distances directly, the system converts them
into a scalar reward value via a scoring function, which is then
used to select the optimal frequency. The detailed method for
computing and updating this selection is described in §V-C.

Complete Segment. Once a segment transitions to the com-
plete state, the system performs real-time optimization based
on the accumulated statistics, as shown in the lower part of
Fig.5(c). As in the incomplete case, QUICKTOPIA receives
iteration-level information from the LLM inference engine
and computes the total computational demand, Ctoken, using
Eq.1. This value is used as a key to identify the corre-
sponding segment range and retrieve the segment responsible
for frequency selection for the current iteration. 1 Unlike
in the incomplete state, each complete segment maintains a
pre-determined optimal frequency. QUICKTOPIA applies the
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Fig. 5: Detailed design of QUICKTOPIA. (a) Overall workflow of QUICKTOPIA, (b) Segment data structure, (c) Segment update policy for
different segment states.

optimal frequency before execution begins, ensuring that the
GPU operates at the selected frequency throughout the itera-
tion. 2 After GPU execution completes, the system does not
immediately update the segment’s latency and JPT statistics.
Instead, it first evaluates whether the newly observed data point
is affected by noise. If the measurement is deemed reliable,
it is integrated into the segment’s existing statistics using
the same incremental averaging method employed during the
incomplete phase. The procedure for detecting and filtering out
noisy samples is detailed in §V-C. 3 If the newly observed
data point is classified as non-noisy and successfully incorpo-
rated into the segment’s statistics, QUICKTOPIA then evaluates
whether the current segment satisfies the trigger conditions
for a merge or split operation. If any condition is met, the
corresponding structural update is performed on the segment
tree to better reflect the distribution of compute demand.
The specific criteria and procedures for segment merging and
splitting are detailed in §V-D.

C. Detail of Pareto Optima

This method is applied both when a segment transitions to
the complete state during the update phase, and whenever a
complete segment is further updated. Its primary role is to filter
out noisy observations while simultaneously improving the ac-
curacy of Pareto frontier estimation. The goal of this technique
is to select a GPU DVFS configuration that best balances the
trade-off between two competing objectives: latency and JPT.
The method proceeds through several stages, first detecting
and excluding noisy samples, and then normalizing iteration
time and JPT across all candidate frequencies. Using these
normalized values, it computes the Utopia distance for each
frequency and converts the distance into a scalar reward score,
which is finally used to determine the selected frequency for
the current segment.
Noise Reduction. The latency and JPT data collected at
runtime are prone to outliers caused by transient system
disturbances such as background load fluctuations or GPU
driver scheduling noise. These outliers can distort the data
distribution during normalization, degrading the accuracy of
subsequent optimization steps. To address this, QUICKTOPIA

employs the Welford algorithm [21] to assess the statistical
validity of each incoming data point in constant time, with
O(1) complexity. Welford’s method incrementally updates the
running mean and variance without requiring storage of the
entire history, ensuring minimal overhead. Based on the up-
dated statistics, QUICKTOPIA maintains a confidence interval
for expected values. Any new observation that falls outside
this interval is classified as noise and excluded from further
analysis. This filtering mechanism ensures that the training
data remains robust and reliable, preserving the integrity of
the optimization process.
Normalization. If a measurement is determined to be non-
noisy, it is incorporated into the segment’s statistical records.
Since the two optimization objectives, latency and JPT, exist
on different numerical scales, directly comparing or combining
their raw values can result in one metric disproportionately
dominating the decision process. To prevent this imbalance,
QUICKTOPIA applies min-max normalization to both metrics
using the observed value ranges within the current segment. As
shown in Eq. 2, the normalized latency (L̂i) and normalized
JPT (Ĵi) are mapped to a common scale in the range [0, 1],
enabling fair comparison and balanced decision-making across
the two objectives.

L̂i =
Li − Lmin

Lmax − Lmin
, Ĵi =

Ji − Jmin

Jmax − Jmin
(2)

Reward Function Setting. Since a single outlier can skew
the statistical average and undermine stability when using
simple distance, we adopt a more robust alternative: a Utopia-
distance-based reward function that combines normalized la-
tency and JPT into a single scalar value for each iteration,
which is used in place of the segment’s raw Utopia distance.
In Eq. 3, ri is defined as the negative exponential of the
Euclidean distance to the Utopia point in the normalized
space. This reward increases as both latency and JPT decrease
(i.e., as the point approaches the Utopia point) and drops
sharply when either metric deteriorates, naturally discouraging
unbalanced configurations that over-optimize only one metric.
By mapping the Utopia distance to a bounded scalar in the
range (0, 1] through the exponential function, the influence
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of outliers on cumulative averages and cross-frequency com-
parisons is mitigated, enabling statistically stable decision-
making. Consequently, the reward function provides a robust
scalar representation of the latency–energy trade-off.

ri = exp

(
−
√

L̂2
i + Ĵ2

i

)
(3)

Statistical Aggregation. In an iteration-level environment,
performance observations can vary even under the same fre-
quency, depending on the execution conditions. Therefore,
making decisions based on the reward from a single iteration
is unstable and a certain degree of statistical aggregation is
required. To this end, as shown in Eq. 4, we maintain the
cumulative average reward µ̂s,f (t) for each combination of
segment s and frequency f over time. This cumulative average
reflects the long-term performance trend of each frequency and
improves the accuracy of the Pareto frontier.

µ̂s,f (t) =
1

ns,f (t)

ns,f (t)∑
k=1

r
(k)
s,f (4)

Optimal Frequency. Finally, for each segment s, we define
the GPU frequency with the highest cumulative average reward
as the optimal frequency of that segment. As shown in Eq. 5,
the optimal frequency fs is selected as the frequency that
maximizes the cumulative average reward. This definition
implies that, within the computational range represented by
the segment, the chosen frequency best achieves the trade-off
between latency and JPT, and since it is based on long-term
observations, it enables stable policy decisions.

fs = argmax
f∈F

µ̂s,f (5)

D. Segment Split and Merge

QUICKTOPIA divides and manages the range along the
computational axis Ctoken into segments in order to reduce
system overhead, configure DVFS quickly at the iteration
level, and maintain iteration-level DVFS stably over long peri-
ods. In real-world serving environments, workload distribution
changes over time, and the optimal frequency may differ even
under similar computational demand. Therefore, if the segment
boundaries are kept fixed, multiple distinct optimal policies
may coexist within a single segment, reducing optimization
accuracy; conversely, segments may become unnecessarily
fine-grained, increasing the overhead of state management
and exploration. To address this, QUICKTOPIA supports split
and merge operations that reconfigure segment boundaries at
runtime. Since segment ranges do not overlap, the segment
manager can be implemented as a simple binary tree, and
by using this tree-based segment manager, lookup as well as
split/merge operations can all be performed in O(log n) time.
Split. Segment splitting is a policy for improving the accuracy
of iteration-level DVFS and is performed when a single
segment is too wide to be represented by a single DVFS
policy. As illustrated by the Pareto frontier in the lower right

of Fig. 5(c), if different optimal frequencies are required
within a single segment, it is more accurate to split that
segment and learn the optimal frequency independently for
each sub-range. To this end, QUICKTOPIA allows splitting
only after a segment has sufficiently converged, that is, only
after statistical reliability has been secured. Specifically, the
split condition is evaluated only when the cumulative num-
ber of samples for segment s is greater than or equal to
the minimum threshold Ref total

min , and in our implementation
we empirically set Ref total

min = 2000. Due to iteration-level
measurement noise, the optimal frequency can fluctuate in
the early stage. Therefore, we reconfigure the boundaries only
after sufficient observations have been accumulated so that the
optimal frequency selection has converged.

The condition that triggers a split is defined as the case
where two or more candidate frequencies within a segment
are selected as the optimal frequency with nearly equal quality.
Specifically, for the current segment’s optimal frequency fs,
if another frequency f does not differ from fs by more than
a certain ratio in cumulative average reward, f is regarded
as a competing equivalent policy, and a split is triggered.
Specifically, a split is triggered when Eq. 6 is satisfied.

µ̂s,f ≥ (1− δ) µ̂s,fs (6)

Here, µ̂s,f is the cumulative average reward of frequency f in
segment s, and δ ∈ (0, 1) is a hyperparameter for determining
whether two frequencies are nearly equivalent.
Merge. Conversely, merging is an operation aimed at reducing
system overhead. If two adjacent segments s and s′ share the
same optimal frequency, their ranges can be merged under
a single policy with negligible Pareto loss. Therefore, as in
Eq. 7, when the optimal frequencies of adjacent segments are
identical, QUICKTOPIA merges the two segments into one,
reducing the number of states and alleviating system overhead.

f∗
s = f∗

s+1 ⇒ merge(s, s+ 1). (7)

After merging, the resulting segment updates its cumulative
averages by combining the statistics of the two original seg-
ments, and from the next iteration onward, profiling continues
at the granularity of this new segment. Consequently, the
merge operation automatically groups ranges that can be
represented by the same policy, and it works complementarily
with splitting to maintain a balance between optimization
accuracy and runtime overhead.

VI. EVALUATION

A. Experimental Setup

Platform and LLM Models. All experiments in this study
were conducted on a single server equipped with an Intel Core
i7-13700F CPU, 64GB RAM, and a single NVIDIA RTX 3090
GPU with 24GB of VRAM. The LLM models used in the
experiments are Qwen2-7B [22] and Qwen2.5-32B-AWQ [23].
Compared Systems. To evaluate the performance of QUICK-
TOPIA, we define the following three system environments
as baselines for comparison. Here, both throttLL’eM and
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QUICKTOPIA are not standalone serving engines, but GPU
frequency control layers integrated into the vLLM serving
engine. Thus, all comparisons are conducted on the same
vLLM execution environment, differing only in the frequency
control mechanism.

• vLLM [13]: A representative LLM serving engine that
achieves high throughput and low latency via continu-
ous batching and efficient KV-cache management. We use
vLLM as the baseline system without any GPU power or
frequency control.

• throttLL’eM [6]: A state-of-the-art DVFS system that dy-
namically scales GPU frequency based on request latency
to meet SLOs and reduce energy consumption during LLM
serving.

• QUICKTOPIA: The system proposed in this paper, which
dynamically adjusts GPU frequency at the iteration level
by jointly considering latency and energy, improving both
response time and energy efficiency in LLM serving.

Methodology. All frameworks were executed with the same
inputs, output sizes, and a temperature of 0.0 to eliminate
nondeterminism in generation, ensuring fair comparison of la-
tency and JPT. For iteration-level power measurement, we used
workloads derived from ShareGPT-small [24] and ShareGPT-
4 [25], which reflect realistic user interaction patterns. Request
arrivals followed a Poisson process, and the RPS (requests per
second) was varied from 1 to 5 to analyze power behavior
under different load levels. Power was measured using the
NVIDIA Management Library (NVML), sampling total GPU
power every 5 ms, and iteration-level energy consumption
was computed by integrating the sampled power over each
iteration’s execution window.
throttLL’eM Configurations. Since throttLL’eM is not pub-
licly available, we implemented an oracle version by fixing
the temperature to 0.0 so that the output length is known in
advance. The IPS (Iterations per Second) prediction model,
based on Gradient Boosted Trees (GBT), was trained sepa-
rately for each model size. For training, we used all selectable
frequencies from the GPU vendor’s supported frequency list
and, for each frequency, pre-ran inference on the two datasets
used in our experiments.
QUICKTOPIA Configurations. In our experiments, the min-
imum number of exploration trials per frequency within a
segment, Refmin, was set to 2 to ensure basic statistical
confidence. The threshold for segment splitting, defined as the
relative difference in cumulative average rewards δ, was set
to 0.5 so that splitting occurs only when statistically similar
frequency candidates coexist. QUICKTOPIA performs its initial
profiling using a single pass over the dataset, without any
large-scale offline pretraining.

B. Overall Performance

Fig. 6 presents the results of total energy consumption, total
latency, and EDP measured during a single benchmark run for
all models and datasets evaluated in this study. Each metric is

normalized against the baseline vLLM. For all metrics, lower
values indicate better performance.

As illustrated in Fig. 6(a), throttLL’eM shows the lowest
energy usage across all models. This is because throttLL’eM
adopts an energy-centric policy that minimizes GPU fre-
quency as long as latency SLOs are satisfied. In contrast,
while QUICKTOPIA consumes slightly more energy than throt-
tLL’eM, it still achieves up to a 22% reduction in energy
consumption compared to the baseline.

Next, the latency results in Fig. 6(b) clearly reveal the
limitations of optimizing for energy alone. throttLL’eM shows
up to a 36% increase in latency compared to vLLM. In
contrast, QUICKTOPIA keeps latency increases within 1–6%
across all experimental settings, maintaining responsiveness
close to the baseline.

This difference becomes even more apparent in the EDP
results shown in Fig. 6(c). Although throttLL’eM significantly
reduces energy consumption, the increased latency offsets
the gain, resulting in negligible improvement in EDP—and
in some cases, even degradation. In contrast, QUICKTOPIA
achieves the lowest EDP across all models by selecting pareto-
optimal frequencies that balance both latency and energy. As
a result, it delivers up to a 21% improvement in end-to-end
efficiency compared to the baseline.

C. Runtime Analysis

Fig. 7 illustrates the runtime variations of JPT, iteration
time, and EDP observed at the iteration level during inference
on the gpt-small dataset using the Qwen2-7B model. Since
each iteration has a different batch composition and computa-
tional load, performance and energy metrics exhibit significant
fluctuations over time in real-world serving environments.

As shown in Fig. 7(a), vLLM exhibits high energy con-
sumption with large fluctuations, while throttLL’eM reduces
the average energy but suffers from inefficient energy spikes
depending on the iteration. In contrast, QUICKTOPIA main-
tains consistently low JPT by making DVFS decisions that
reflect the computational load of each iteration.

As shown in Fig. 7(b), throttLL’eM exhibits generally
higher iteration time from a latency perspective, with elevated
latency persisting for extended periods. In contrast, QUICK-
TOPIA consistently maintains a latency range similar to that
of vLLM, while also reducing the frequency of iteration-level
latency spikes.

This difference becomes even more pronounced in the
EDP results shown in Fig. 7(c). Despite reducing energy
consumption, throttLL’eM frequently exhibits EDP spikes due
to latency fluctuations. In contrast, QUICKTOPIA maintains the
lowest EDP across most iterations, demonstrating that its end-
to-end efficiency improvements are not merely transient, but
consistently sustained throughout the runtime.

D. SLO-Constrained Energy Minimization

Similar to throttLL’eM, the Pareto-based optimization of
QUICKTOPIA can be adapted to incorporate SLO constraints.
To demonstrate this capability, we evaluated an additional
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Fig. 6: End-to-end results for various LLM inference workloads, normalized to vLLM. For all metrics, lower is better. QUICKTOPIA
consistently achieves the lowest EDP across all models.
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Fig. 7: Runtime trace of JPT, Iteration Time, and EDP (gpt-small-7B). For all metrics, lower is better. QUICKTOPIA consistently achieves
lowest EDP with stable iteration times.

TABLE II: End-to-end performance under TBT SLO.

Dataset Config TBT Lat. Energy EDP
& Model SLO (s) (kJ) (MJ·s)

gpt4-7B throttLL’eM ✓ 884 197 174
QUICKTOPIA (SLO) ✓ 732 184 135 (0.78×)

gpt4-32B throttLL’eM ✓ 559 171 96
QUICKTOPIA (SLO) ✓ 559 153 85 (0.89×)

gpt-small-7B throttLL’eM ✓ 880 193 170
QUICKTOPIA (SLO) ✓ 787 190 150 (0.88×)

gpt-small-32B throttLL’eM ✓ 761 180 137
QUICKTOPIA (SLO) ✓ 681 179 122 (0.89×)

configuration using a modified reward function (Eq. 3). Specif-
ically, instead of utilizing the two-dimensional Pareto distance
based on both latency and energy, we employed the Euclidean
distance of the single energy metric. Furthermore, to strictly
prevent SLO violations, a zero reward was assigned to any
observation points exceeding the SLO threshold.

Table II presents the end-to-end performance comparison
under Time-Between-Tokens (TBT) SLO constraints. In all
experimental settings, both QUICKTOPIA and throttLL’eM
are configured to satisfy the identical TBT SLO, sharing
the common objective of optimizing energy efficiency under
latency constraints. Thus, this ensures a fair comparison within
an SLO-constrained environment.

Consequently, QUICKTOPIA achieves a lower EDP com-
pared to throttLL’eM across all model and dataset combina-
tions. Specifically, in the gpt4-7B setting, it reduces latency by
over 17% while simultaneously lowering energy consumption,
thereby improving EDP by up to 22%. Furthermore, across
other settings, QUICKTOPIA demonstrates consistent improve-
ments ranging from 11% to 22% in terms of EDP.

This performance improvement stems from the difference

in the granularity of frequency selection, as discussed in
§III-A, even though both systems satisfy the identical SLO
constraints. While throttLL’eM primarily performs frequency
selection at the arrival of new queries, QUICKTOPIA selects
the most energy-efficient frequency more precisely at the iter-
ation level by reflecting the energy–latency characteristics of
each execution phase. Consequently, this enables the effective
reduction of unnecessary power consumption without violating
the latency SLO.

E. Pareto Frontier Accuracy

Fig. 8 illustrates how the Pareto frontier forms and con-
verges as iterations accumulate for the same computation
segment. Each point represents the observed iteration time and
JPT at a specific GPU frequency, while the blue dashed line
indicates the Pareto frontier identified at that iteration point.

Fig. 8(a)–(c) present the cumulative results after 500, 1,000,
and 2,000 iterations, respectively. As the number of iterations
increases, the Pareto frontier gradually stabilizes and con-
verges toward more optimal points within the energy-latency
trade-off space. To quantitatively verify this improvement,
the best EDP observed at each stage is annotated in the
upper-right corner of each graph. Consequently, the Best EDP
continuously improves to 100.37, 97.9, and 96.69, confirming
that the overall system efficiency is substantially enhanced as
learning progresses.

Fig. 8(c) and (d) both represent results after 2,000 iterations.
However, (d) depicts raw log data without the noise reduction
filter. In this case, transient fluctuations in latency and JPT
cause intermittent outliers to be misidentified as part of the
Pareto frontier. Consequently, the frontier exhibits a discon-
tinuous shape and contains only three Pareto points, failing to
provide reliable operating points for control policy selection.
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(b) Iteration 1000
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Pareto Points 3
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Fig. 8: Evolution of Pareto frontier during design space exploration.

In contrast, (c), which applies Welford’s algorithm-based fil-
tering, displays a continuous frontier shape and identifies seven
Pareto points. This indicates that the system offers a diverse
set of stable and consistent frequency options. Ultimately,
these results clearly demonstrate that a noise-robust Pareto
assessment technique is essential for ensuring accurate and
reliable control in iteration-level environments.

VII. CONCLUSION

In this paper, we proposed QUICKTOPIA, an iteration-
level GPU frequency control framework designed to address
the computational variability and latency-energy trade-offs
inherent in LLM inference. QUICKTOPIA effectively manages
runtime variability by synergistically integrating tree-based
segment search, noise-robust Utopia distance optimization,
and dynamic segment splitting and merging mechanisms.
Experimental results demonstrate that QUICKTOPIA reduces
the EDP by up to 22% compared to the state-of-the-art method,
throttLL’eM.
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