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Abstract

Large Language Model (LLM) inference has become a dominant consumer of en- ergy in
modern Al data centers, often accounting for over 90% of total operational power [1].Recent
architectural shifts toward prefill/decode disaggregation have improved perfor- mance but
created complex energy optimization challenges. This paper introduces Green- Scheduler, a
novel two-tier framework designed to jointly optimize GPU placement and Dynamic Voltage
and Frequency Scaling (DVFS) in disaggregated environments. Tier 1 performs coarse-grained
(minute-scale) phase-aware provisioning using predictive work- load modeling, while Tier 2
executes fine-grained (millisecond-scale) frequency control. For the compute-bound prefill
stage, GreenScheduler employs Model Predictive Control (MPC) to manage queue dynamics;
for the memory-bound decode stage, it utilizes a lightweight slack-aware adaptation
mechanism. Evaluations using production Azure traces

[2]on an H100 cluster demonstrate that GreenScheduler achieves significant energy reduc-
tion in both decode and prefill pools compared to performance-optimized baselines like
DistServe [3], while strictly maintaining Time to First Token (TTFT) and Time Per Output
Token (TPOT) Service-Level Objectives (SLOs).

1 Introduction
The rapid proliferation of Large Language Models (LLMs) has led to their integration into a
vast array of user-facing services, from interactive chatbots to coding assistants[4, 5] [6]. This
massive deployment scale brings forth a critical challenge: the immense energy footprint of
LLM inference. Industry reports and academic benchmarks such as TokenPowerBench [1] in-
dicate that inference now accounts for more than 90% of the energy consumed throughout the
LLM lifecycle[1, 7, 8]. As global query volumes grow into the billions per day, the electric-
ity demand of these services is becoming a significant concern for data center operators and
environmental sustainability.

To meet the stringent Service-Level Objectives (SLOs) required for high-quality user ex-
perience, serving systems have evolved. Traditional colocated serving, where prefill and de-
code operations share the same GPU, suffers from severe phase interference. This has led
to the adoption of disaggregated serving architectures[9-13], as pioneered by systems like
DistServe [3] and Splitwise [14]. By splitting the prefill (prompt processing) and decode
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(token generation) phases into separate GPU pools, these systems can optimize resource allo-
cation and parallelism for each phase independently, significantly improving throughput and
latency[15, 16] [3],[17]. However, current disaggregated systems are primarily optimized for
performance, leaving substantial energy-saving opportunities on the table. While Dy- namic
Voltage and Frequency Scaling (DVFS)[18-20] has been explored for non-disaggregated
environments—such as in GreenLLM [21] and throttLL'eM [22]—its application to disag-
gregated clusters is non-trivial. The decoupling of phases introduces asymmetric dynamics:
the prefill phase is compute-bound and highly sensitive to frequency, whereas the decode
phase is memory-bandwidth-bound, providing a larger ”slack” for energy recovery through
frequency reduction [14]. This paper presents GreenScheduler, the first hierarchical control
framework that addresses this gap. By coordinating global provisioning (Tier 1) with per-
iteration frequency adjustments (Tier 2),GreenScheduler maximizes energy efficiency without
compromising SLOs. We demonstrate that stage-specific control—specifically MPC for pre-
fill and slack-based scaling for decode—is essential for navigating the complex trade-offs of
modern LLM serving.

1 Background and Motivation

The execution of an LLM request follows an autoregressive pattern comprising two distinct
stages: prefill and decode [6]. During the prefill stage, the system processes the entire in- put
prompt to generate the Key-Value (KV) cache. This stage involves large-scale matrix- matrix
multiplications, making it compute-bound. As illustrated in Figure 1, its performance
(measured by Time to First Token, TTFT) scales significantly with the GPU’s SM frequency.
In contrast, the decode stage generates tokens one by one, rendering the process memory-
bandwidth-bound [14, 23].Figurel further demonstrates that for decode, the SM frequency
can often be reduced with minimal impact on the Time Per Output Token (TPOT), as the GPU
core remains idle while waiting for memory transfers, creating a ’slack’ for potential energy
savings.

Existing disaggregated systems like DistServe [3] and Splitwise [14] leverage this sepa-
ration to avoid head-of-line blocking and interference. However, as noted in recent studies
[1],[21], without active power management, these systems operate GPUs at peak frequencies
even during periods of low load or memory-bound bottlenecks, leading to excessive energy
waste. The motivation for GreenScheduler is to reclaim this wasted energy by aligning GPU
power states with the specific computational requirements of each phase.

2 System Design

GreenScheduler employs a hierarchical, two-tier control architecture to bridge the gap between
long-term resource planning and short-term workload fluctuations. As depicted in the archi-
tectural diagram in Figure 2, this design ensures that the system is neither over-provisioned
(wasting energy) nor under-provisioned (violating SLOs). Tier 1 handles global, coarse-grained
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Figure 1: Comparison of Prefill (Compute-Bound) and Decode (Memory-Bound) Phase Char-
acteristics. Prefill prioritizes TTFT, while Decode focuses on stable TPOT.

provisioning at a minute-scale, while Tier 2 executes fine-grained, iteration-level DVFS control
at a millisecond-scale to adapt to immediate phase dynamics.

Tier 1: Phase-Aware Provisioning

Operating on a timescale of 5 to 15 minutes, Tier 1 is responsible for determining the optimal
partitioning of the GPU cluster into prefill and decode pools. It uses a predictive model to
forecast incoming request rates and prompt/output length distributions [22]. Based on these
forecasts, Tier 1 solves a global optimization problem to select the number of GPUs per pool
and a baseline reference frequency. This reference frequency serves as a conservative “’safe”
clock speed that guarantees SLO satisfaction under average predicted load, providing a stable
foundation for Tier 2's faster adjustments.

Tier 2: Fine-Grained Phase-Specific Control

Tier 2 operates at the granularity of individual inference batches (10-50 ms). Due to the asym-
metric nature of the phases, GreenScheduler implements two distinct control laws:

« Prefill MPC: Since the prefill phase is highly sensitive to frequency, Tier 2 uses Model
Predictive Control (MPC)[24] to adjust the SM clock. The MPC solver considers cur-
rent queue lengths and arrival rates to find the minimum frequency that prevents queue
accumulation and TTFT violations over a receding horizon [22].

» Decode Slack Adaptation: For the decode stage, GreenScheduler employs a simpler
feedback controller. It monitors the” slack”—the difference between the observed TPOT

3806



Alashheb&other 39 s>anll dlo vl o glall dlowo

Tier 1: Global Provisioning
Global Provisioning (Minute-Scale)

Phase-Aware Placement
Baseline Frequency Setting
Predictive Modeling

v

Tier 2: Fine-Grained Control
(Millisecond-Scale)
Iteration-Level DVFS
|

\ 4 4
Prefill MPC Decode Slack
Model Predictive Adaptation
Control Feedback Control
(for prefill GPUs) (for decode GPUs)

Figure 2: GreenScheduler Hierarchical Two-Tier Architecture. Tier 1 handles global place- ment at
minute-scale; Tier 2 performs iteration-level DVFS control at millisecond-scale.
and the SLO target. If the slack is high, the controller reduces frequency to save energy,
scaling back up only as the slack approaches zero.

3 Modeling and Control Formulation

The efficacy of GreenScheduler's control loops depends on accurate power and latency models.
We model GPU power consumption as a function of SM frequency (f), batch size (B), and
phase-specific metrics. For the prefill stage, which is compute-intensive, the power consump-
tion follows a non-linear relationship with frequency [1]:

Porefill = o 'f3 + 8- (B Lseqg) +y

where Lseq is the sequence length. In the decode stage, power is more strongly influenced
by the memory access energy for the KV cache [1]:

Pdecode = 6 ‘f+ € KVsize +

The control objective for Tier 2 is to minimize the total energy[25] subject to the constraint
that latency satisfies SLOs. By leveraging the lower sensitivity of TPOT to frequency [14],
GreenScheduler identifies the optimal operating point where energy savings are maximized
with minimal delay impact.

4 Implementation Overview

GreenScheduler is implemented as an extension to the vLLLM serving framework [6], leverag-
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ing its efficient Paged Attention mechanism for memory management. The system consists
of three main components: (1) a Workload Predictor; (2) a Tier 1 Optimizer that performs
pool sizing; and (3) a User-space DVFS Daemon that interfaces with the NVIDIA
Management Li- brary (NVML) to set SM frequencies. The monitoring agent collects per-
iteration metrics with high granularity to ensure rapid response to load spikes. The MPC solver
for Tier 2 is optimized to ensure it is completed within the strict overhead budget required for
high-throughput service.

5 Evaluation Methodology

We evaluate GreenScheduler using a trace-driven simulation [26] approach, which allows
for repeatable and extensive testing across various workload intensities. The simulator is cali-
brated using hardware profiling data from an NVIDIA H100 node[27]. We replay production-
grade request traces to measure the system'performance under realistic conditions. Following
the evaluation workflow illustrated in Figure 3, we assessed the system’s performance using
production traces. Experimental results show that GreenScheduler achieves marked energy re-
ductions while maintaining high SLO attainment rates. The specific energy savings achieved
across different GPU pools are summarized in Table 1, which highlights the performance of
GreenScheduler against both performance-optimized and SLO-aware baselines. We evaluate
GreenScheduler using a trace-driven simulation approach, which allows for repeatable and ex-
tensive testing across various workload intensities. The simulator is calibrated using hardware
profiling data from an NVIDIA H100 node. We replay production-grade request traces to mea-
sure the system’s performance under realistic conditions.

Workloads and Datasets

« Traces: We use the Azure LLM Inference Trace (2024) [2], containing millions of
requests with diverse prompt/output distributions collected from Azure services.

« Datasets: Request content is sampled from datasets like ShareGPT to ensure realistic
tokenization and context.

« Models: Primary evaluation is conducted using large-scale transformer models in high-
precision formats.

Baselines

1. DistServe (Performance-Optimized): A disaggregated system running at maximum
SM frequency to prioritize throughput [23] .

2. GreenLLM-style (SLO-Aware): A baseline implementing pool-level static frequency
scaling based on target SLOs but lacking iteration-level control [28]

3. throttLL’eM (Predictive Throttling): A baseline using query-level load prediction to ad-
just frequencies in a non-disaggregated setup [29].
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Figure 3: Evaluation Workflow. Production traces and hardware models drive the simulation
engine to generate energy and SLO compliance metrics.

6 Evaluation Results

Experimental results show that GreenScheduler achieves marked energy reductions while main-
taining high SLO attainment rates. ”’The specific energy savings achieved across different GPU
pools are summarized in Table 1, which highlights the performance of GreenScheduler against
both performance-optimized and SLO-aware baselines”. Compared to DistServe, which rep-
resents the state-of-the-art for performance-oriented disaggregation, GreenScheduler reduces
total GPU energy consumption considerably under medium load while maintaining high SLO
attainment.

Table 1: Comparative Energy Reduction of GreenScheduler across Prefill and Decode Pools vs
Baseline Systems

‘ Metric ‘ Prefill Pool ‘ Decode Pool | Total Energy Reduction ‘
‘ Energy Savings vs. DistServe ‘ 39.1% ‘ 48.2% ‘ 45.2% ‘
\ Energy Savings vs. GreenLLM \ 18.4% \ 27.5% \ 23.6% \

The results indicate that the largest savings occur in the decode pool. This confirms our
hypothesis that the memory-bound nature of token generation allows for aggressive frequency
scaling. In the prefill pool, the savings are achieved primarily through Tier 2 MPC which
captures periods of low queue occupancy. Under heavy load conditions, the reduction is slightly
lower as the system must ramp up frequencies to meet TTFT SLOs. However, under light load,

the reduction is even more pronounced as Tier 2 can maintain GPUs at near-idle frequencies
for extended periods.

7 Related Work

LLM Serving Disaggregation: Recent systems have shifted toward disaggregation to eliminate
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prefill-decode interference. DistServe [23] focuses on goodput optimization, while Splitwise
[30] explores heterogeneous hardware for prompt and token phases. Sarathi-Serve [31] in-
troduces chunked prefills to smooth out load. GreenScheduler builds on these architectural
foundations but adds the critical dimension of active power management. Energy-Efficient
Inference: Research into power-aware serving is rapidly expanding. GreenLLM [28] and throt-
tLL’eM [29] demonstrate the benefits of SLO-aware frequency scaling. However, these systems
typically target colocated serving. GreenScheduler is among the first to propose coordinated
hierarchical control tailored for disaggregated architectures, where stage-specific bottlenecks
(compute vs. memory) can be exploited more effectively.

8 Conclusion and Limitations

GreenScheduler demonstrates that energy efficiency in LLM serving is not only a matter of
hardware choice but of coordinated, multi-tier software control. By exploiting the distinct com-
putational characteristics of prefill and decode phases through disaggregation and hierarchical
DVFS, we can recover significant GPU energy while maintaining strict quality of service. Our
findings suggest that future Al serving infrastructures should integrate power-aware scheduling
as a first-class citizen alongside latency and throughput optimization.

Limitations and Future Work

Despite its success, GreenScheduler has certain limitations:

1. currently assumes homogeneous GPU clusters, whereas heterogeneous environments
would require per-device calibration.

2. the DVFS transition latency of current hardware limits the granularity of control for very
short decode steps.

3. performance is sensitive to prediction accuracy. Future work will explore self-calibrating
models for heterogeneous clusters and the use of sub-millisecond power management
features in next-generation GPU architectures.
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