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Abstract: High-QPS (Queries Per Second) services, such as large language model (LLM) inference and real-time 

recommendation systems, are increasingly pervasive in AI-driven applications, but their energy consumption has become a 

critical challenge—accounting for up to 40% of data center operational costs. Existing optimization efforts primarily focus on 

latency reduction and throughput improvement, overlooking the intricate interplay between KV cache management (a core 

component of transformer-based model inference) and inference scheduling in energy efficiency. Traditional energy modeling 

methods (e.g., linear regression, hardware-centric power meters) fail to capture dynamic dependencies between cache 

behavior, scheduling policies, and workload volatility, leading to inaccurate energy predictions and suboptimal resource 

allocation. To address these gaps, this study proposes a hybrid energy modeling framework tailored for high -QPS services, 

integrating KV cache characteristics and inference scheduling dynamics. First, we construct a multi-dimensional energy factor 

system encompassing four core dimensions: KV Cache Configuration (e.g., cache size, eviction policy, hit ratio), Inference 

Scheduling Strategy (e.g., batching size, task prioritization, resource partitioning), System Environment (e.g., CPU/GPU 

utilization, memory bandwidth, power capping), and Workload Traits (e.g., QPS volatility, request complexity, sequence 

length distribution). Second, we design a two-stage modeling approach: a data -driven component (Gradient Boosting Tree, 

GBT) to capture non-linear relationships between factor interactions and energy consumption, and an analytical component 

(Queueing Theory-based latency-energy tradeoff model) to ensure QPS and latency constraints are satisfied. Third, we 

validate the framework using a real-world dataset from an LLM inference service (2022–2024) with QPS ranging from 5k to 

30k, comparing it against three baseline methods. Experimental results show that the proposed framework outperforms 

traditional models: it achieves an energy prediction accuracy of 92.7% (vs. 78.3% for linear regression and 83.5% for 

hardware-centric modeling), reduces energy consumption by 18.9%–25.3% while maintaining target QPS and latency SLAs 

(Service Level Agreements), and identifies key optimization levers (e.g., adaptive KV cache resizing based on QPS 

fluctuations reduces energy by 14.2%). This study provides a practical tool for system administrators to balance performance 

and energy efficiency, supporting the development of susta inable high-QPS AI services.  
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1 INTRODUCTION 

1.1 RESEARCH BACKGROUND 

The proliferation of AI-powered high-QPS services—
including LLM inference APIs (e.g., OpenAI GPT-4 , 

Anthropic Claude), real-time personalized recommendation 

engines, and edge AI analytics— has driven exponential 

growth in data center energy demand. According to the 2024 

IEEE Data Center Energy Efficiency Report, AI inference 

workloads consume 2.3x more energy per query than 

traditional web services, with KV cache management and 

inference scheduling emerging as two dominant energy 

drivers. The KV cache, which stores intermediate key-value 

pairs during transformer inference to avoid redundant 

computations, accounts for 30%–50% of memory bandwidth 

usage; inefficient cache policies (e.g., static sizing, FIFO 

eviction) lead to frequent cache misses and unnecessary data 

reloading, increasing energy overhead. Meanwhile, inference 

scheduling strategies (e.g., batch processing, task queuing) 

directly impact hardware utilization—over-batching causes 

latency violations, while under-batching leads to idle 

hardware and wasted energy. 

Typical energy-consuming scenarios in high-QPS 

services involve dynamic tradeoffs across four 

interconnected dimensions: 

KV Cache Dynamics: Cache size mismatched to 
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workload (e.g., oversized cache for low-complexity requests 

wasting memory power, undersized cache for long sequences 

causing frequent misses), eviction policies prioritizing 

latency over energy (e.g., LRU ignoring cache access energy 

costs), and hit ratio fluctuations with QPS spikes. 

Inference Scheduling Tradeoffs: Batching size 

balancing (larger batches improve hardware utilization but 

increase queuing latency), task prioritization (real-time 

requests vs. non-critical background tasks), and resource 

partitioning across multi-tenant services (e.g., GPU core 

allocation for concurrent inference tasks). 

System Environment Constraints: Hardware 

heterogeneity (CPU/GPU/ASIC power profiles), memory 

bandwidth bottlenecks (data transfer between DRAM and 

cache consuming 2–3x more energy than computation), and 

dynamic power capping policies. 

Workload Volatility: QPS fluctuations (e.g., 3x spikes 

during peak hours for e-commerce recommendation), request 

complexity variations (e.g., LLM queries with sequence 

lengths from 128 to 4096 tokens), and mixed workloads 

(inference + data preprocessing). 

Traditional energy modeling approaches suffer from 

three critical limitations in high-QPS scenarios: 

1.Isolated factor modeling: Linear regression and 

hardware-centric models treat KV cache and scheduling as 

independent variables, failing to capture their synergistic 

effects (e.g., how batch size adjustments influence cache hit 

ratios and subsequent energy consumption). 

2.Static assumption: Methods like power meter-based 

profiling rely on fixed workloads, unable to adapt to QPS 

volatility and dynamic cache-scheduling interactions. 

3.Performance-agnostic design: Machine learning-

based models (e.g., neural network power predictors) 

optimize energy in isolation, ignoring latency and QPS 

constraints that are non-negotiable for high-QPS services. 

1.2 RESEARCH SIGNIFICANCE 

The proposed hybrid energy modeling framework 

addresses these limitations by integrating KV cache and 

inference scheduling dynamics, with specific relevance to 

high-QPS service optimization: 

1.Holistic dependency capture: By modeling 

interactions between cache behavior, scheduling policies, and 

workload traits, the framework quantifies how adjustments in 

one dimension (e.g., increasing batch size) ripple through to 

energy consumption via changes in cache hit ratio or 

hardware utilization. 

2.Dynamic adaptability: The data -driven GBT 

component learns from real-time workload data, enabling 

accurate energy predictions even under QPS spikes and 

varying request complexity. 

3.SLA-aware optimization: The analytical queueing 

model embeds latency and QPS constraints, ensuring energy 

reductions do not compromise service quality—critical for 

business-critical high-QPS applications. 

For practical applications, the framework serves two 

key purposes: (1) For system administrators, it provides 

actionable insights to tune KV cache parameters (e.g., 

optimal cache size for target QPS) and scheduling policies 

(e.g., adaptive batching) to minimize energy use; (2) For 

cloud service providers, it supports energy-efficient resource 

allocation across multi-tenant high-QPS services, reducing 

operational costs and carbon footprints. 

1.3 RESEARCH CONTRIBUTIONS 

1.A workload-aware energy factor system: We expand 

traditional hardware-centric factor sets to include KV cache-

specific and scheduling-specific variables, totaling 16 factors 

across 4 dimensions—addressing the gap in modeling cache-

scheduling-energy interactions. 

2.Hybrid energy modeling approach: Integrating GBT 

(data-driven) and queueing theory (analytical) components to 

balance prediction accuracy and SLA compliance, 

outperforming single-modal models in dynamic high-QPS 

environments. 

3.Practical validation with real-world LLM inference 

data: We introduce a new evaluation metric — Energy  

Efficiency Ratio (EER, defined as QPS per Watt) — to 

quantify the framework ’ s utility for high-QPS services, 

demonstrating significant energy savings while meeting 

latency SLAs. 

2 RELATED WORK 

2.1 KV CACHE OPTIMIZATION FOR AI 

INFERENCE 

Existing KV cache research primarily focuses on 

latency and memory efficiency, with limited attention to 

energy: 

Cache sizing and eviction: Zhang et al. (2023) proposed 

a dynamic KV cache sizing method for LLM inference to 

reduce latency, but ignored energy implications of cache 

resizing. Lee et al. (2022) designed an energy-aware cache 

eviction policy for edge AI, but it is not tailored to high-QPS 

batch inference scenarios. 

Cache compression: Wang et al. (2024) developed a 

lossless KV cache compression technique to reduce memory 

usage, but did not analyze how compression/decompression 

overhead impacts overall energy consumption. 

No prior work has systematically modeled the 

relationship between KV cache configuration and energy 

consumption in high-QPS services, nor integrated cache 

optimization with inference scheduling for energy efficiency. 
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2.2 INFERENCE SCHEDULING FOR HIGH-QPS 

SERVICES 

Scheduling research for AI inference has focused on 

throughput and latency, with minimal emphasis on energy:  

Batching strategies: Chen et al. (2023) proposed a 

dynamic batching algorithm to maximize throughput for 

LLM inference, but did not consider energy-Throughput 

tradeoffs. 

Resource partitioning: Liu et al. (2022) designed a 

multi-tenant scheduling framework for GPU inference, but 

ignored KV cache interference between concurrent tasks and 

its energy impact. 

Traditional scheduling algorithms (e.g., FCFS, Shortest 

Job First) are hardware-agnostic and fail to leverage KV 

cache behavior to optimize energy use. 

2.3 ENERGY MODELING FOR AI SYSTEMS 

Existing energy modeling methods fall into three 

categories, each with limitations for high-QPS services: 

TABLE 1 

Metho

d 

Principl

es 

Advantage

s 

Limitation

s 

High-

QPS 

Applica

bility 

Linear 

Regres

sion 

Models 

energy 

as linear 

combina

tion of 

hardwar

e 

metrics 

(e.g., 

CPU 

utilizati

on) 

Simple 

implement

ation, low 

computati

onal cost 

Ignores 

non-linear 

cache-

scheduling 

interaction

s 

Low 

(inaccur

ate for 

dynamic 

workloa

ds) 

Hardw

are-

Centric 

Power 

Meters 

Measure

s real-

time 

power 

consum

ption 

via 

sensors 

(e.g., 

NVIDI

A 

NVML) 

High 

precision 

for static 

workloads 

Fails to 

predict 

energy for 

new 

scheduling

/cache 

policies 

Medium 

(no 

predicti

ve 

capabilit

y) 

Neural 

Netwo

rks 

(NN) 

Learns 

non-

linear 

energy-

factor 

relations

High 

prediction 

accuracy 

for static 

scenarios 

Black-box 

model, 

ignores 

SLA 

constraints 

Low 

(unrelia

ble for 

QPS/lat

ency 

tradeoff

hips 

from 

data  

s) 

Recent studies (e.g., Li et al., 2024) have focused on 

energy modeling for training workloads, but high-QPS 

inference differs significantly due to KV cache dependence 

and strict latency requirements. No study has developed an 

integrated model for KV cache, inference scheduling, and 

energy efficiency in high-QPS scenarios — our core 

contribution. 

3 METHODOLOGY 

3.1 MULTI-DIMENSIONAL ENERGY FACTOR 

SYSTEM 

Based on a systematic review (85 papers, 2020–2024) 

and interviews with 15 experts (6 system administrators, 5 AI 

inference engineers, 4 energy optimization researchers), we 

define 16 factors across 4 dimensions. The target variable 

(E16) is energy consumption per query (mWh/query), aligned 

with high-QPS service optimization goals. 

TABLE 2 

Dimensi

on 

Fac

tor 

Cod

e 

Factor 

Name 

Definition State 

Levels/Measu

rement 

KV 

Cache 

Configur

ation 

E1 Cache 

Size 

Allocated 

memory 

for KV 

cache 

(transfor

mer 

layers ×

head ×

sequence 

length) 

Small 

(<2GB), 

Medium (2 –

8GB), Large 

(>8GB) 

 E2 Eviction 

Policy 

Strategy 

for 

replacing 

stale 

cache 

entries 

LRU,FIFO,E

nergy-Aware 

(proposed in 

this study) 

 E3 Cache 

Hit Ratio 

Percentag

e of 

requests 

served 

from KV 

cache (no 

recomput

ation) 

Low (<70%), 

Medium (70–

90%), High 

(>90%) 

 E4 Cache 

Compres

sion 

Ratio 

Ratio of 

compress

ed cache 

size to 

original 

None (1.0x), 

Low (1.2 –

2.0x), High 

(>2.0x) 
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size 

Inference 

Scheduli

ng 

Strategy 

E5 Batching 

Size 

Number 

of 

requests 

processed 

in a single 

inference 

batch 

Small (1 – 8), 

Medium (9 –

32), Large 

(>32) 

 E6 Task 

Prioritiz

ation 

Priority 

level 

assigned 

to 

requests 

(based on 

SLA) 

Low (non-

critical), 

Medium 

(standard), 

High (real-

time) 

 E7 Resourc

e 

Partition

ing 

Fraction 

of 

GPU/CP

U cores 

allocated 

to 

inference 

tasks 

Low (<50%), 

Medium (50–

80%), High 

(>80%) 

 E8 Scheduli

ng 

Algorith

m 

Algorith

m for task 

queuing 

and 

execution 

order 

FCFS, 

Dynamic 

Batching, 

Adaptive 

(proposed) 

System 

Environ

ment 

E9 Hardwar

e Type 

Computin

g 

hardware 

for 

inference 

CPU (Intel 

Xeon), GPU 

(NVIDIA 

A100), ASIC 

(Google TPU 

v4) 

 E10 Memory 

Bandwid

th 

Utilizati

on 

Percentag

e of 

available 

memory 

bandwidt

h used 

Low (<40%), 

Medium (40–

70%), High 

(>70%) 

 E11 Power 

Capping 

Maximu

m power 

limit 

imposed 

on 

hardware 

(Watts) 

Low 

(<150W), 

Medium 

(150 – 300W), 

High 

(>300W) 

 E12 Tempera

ture 

Operating 

temperatu

re of 

inference 

hardware 

(°C) 

Low (<60°C), 

Medium (60–

80 ° C), High 

(>80°C) 

Workloa

d Traits 

E13 QPS 

Volatilit

y 

Coefficie

nt of 

variation 

in QPS 

Low (<10%), 

Medium (10–

30%), High 

over 5-

minute 

windows 

(>30%) 

 E14 Request 

Comple

xity 

Average 

sequence 

length of 

inference 

requests 

Short(<512 

tokens), 

Medium 

(512 – 2048 

tokens), Long 

(>2048 

tokens) 

 E15 Workloa

d Mix 

Ratio of 

inference 

requests 

to 

preproces

sing tasks 

Inference-

Heavy(>80%

), Balanced 

(50 – 80%), 

Preprocessing

-Heavy 

(<50%) 

Target 

Variable 

E16 Energy 

Consum

ption per 

Query 

Energy 

used to 

process a 

single 

inference 

request 

Low (<10 

mWh), 

Medium (10–

30 mWh), 

High (>30 

mWh) 

3.2 HYBRID ENERGY MODELING FRAMEWORK 

The framework integrates a data -driven GBT 

component and an analytical queueing component to balance 

energy prediction accuracy and SLA compliance. 

3.2.1 Data-Driven Component: Gradient Boosting Tree 

(GBT) 

The GBT models non-linear relationships between the 

15 input factors (E1 – E15) and target variable (E16), 

addressing the limitations of linear models in capturing 

cache-scheduling interactions. Key design choices: 

Feature engineering: We introduce interaction features 

(e.g., Cache Hit Ratio ×  Batching Size, QPS Volatility × 

Eviction Policy) to explicitly model synergistic effects. 

Hyperparameter tuning: Optimize tree depth 

(max_depth=8), learning rate (0.05), and number of 

estimators (300) via 5-fold cross-validation to avoid 

overfitting. 

Handling categorical variables: Encode nominal factors 

(e.g., Eviction Policy, Hardware Type) using target encoding 

to preserve predictive power. 

The GBT objective function minimizes the mean 

squared error (MSE) between predicted and actual energy 

consumption: 

MSE =
1

N
∑ （yi

N

i=1

−  ŷ
i
）

2
 

Where 𝐲𝐢  is the actual energy consumption of the i-th 

query batch， 𝐲𝐢  is the GBT-predicted value ，and N is the 

number of batches. 
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3.2.2 Analytical Component: Queueing Theory-Based 

SLA Constraint Model 

To ensure energy optimization does not violate QPS and 

latency SLAs, we use an M/M/1 queueing model to model the 

tradeoff between scheduling policies (e.g., batching size) and 

latency: 

𝑊𝑞 =
𝜆

𝜇（𝜇 − 𝜆）
 

Where 𝑊𝑞  is the average queuing latency，λ  is the 

arrival rate (QPS)，and 𝜇   is the service rate (batches per 

second, determined by batching size and hardware 

throughput). 

We integrate the queueing model with the GBT by 

adding a constraint: 

 ŷi→min，subject to 𝑊𝑞 ≤𝑊𝑡ℎ𝑟𝑒𝑠ℎ  and λ≥𝜆 𝑡𝑎𝑟𝑔𝑒𝑡 

Where 𝑊𝑡ℎ𝑟𝑒𝑠ℎ  is the maximum allowable latency 

(SLA), and λtarget  is the minimum required QPS. 

3.2.3 Model Training and Inference Pipeline 

1.Data preprocessing: Clean and normalize the dataset 

(e.g., log-transform QPS volatility, encode categorical 

factors), and split into training (70%), validation (15%), and 

test (15%) sets. 

2.GBT training: Train the GBT on the training set, using 

the validation set to tune hyperparameters and prevent 

overfitting. 

3.Constraint integration: Embed the queueing model 

constraints into the GBT inference process to filter out 

energy-optimal but SLA-violating parameter combinations. 

4.Adaptive adjustment: Update the GBT model weekly 

with new workload data to adapt to long-term changes in QPS 

patterns or hardware configuration. 

3.3 EVALUATION METRICS 

We use four metrics to comprehensively assess the 

framework ’ s performance, tailored to high-QPS service 

requirements:  

1.Energy Prediction Accuracy (%): Percentage of 

correct energy consumption level predictions 

(Low/Medium/High). 

2.Mean Absolute Percentage Error (MAPE): Relative 

error between predicted and actual energy consumption, 

robust to scale differences: 

  MAPE =
1

N
∑ |

yi −ŷ
i

yi
|N

i=1 ×100% 

3.Energy Efficiency Ratio (EER): QPS per Watt, 

measuring the framework’s ability to balance energy use and 

throughput. 

4.SLA Compliance Rate (%): Percentage of time the 

model meets target QPS and latency constraints. 

4 EXPERIMENTS 

4.1 EXPERIMENTAL SETUP 

4.1.1 Dataset 

We use a real-world dataset from a commercial LLM 

inference service (2022–2024) that provides API access to a 

7B-parameter transformer model. The dataset includes: 

System data: 144 daily observations of E1–E12 (e.g., 

cache size, batching size, GPU utilization, power 

consumption) collected via NVIDIA NVML and Prometheus. 

Workload data: 144 daily observations of E13–E15 (e.g., 

QPS volatility, sequence length distribution) from service 

logs. 

Target data: 144 daily measurements of E16 (energy 

consumption per query) using a calibrated power meter 

(Keysight N6705B). 

The workload spans QPS ranges from 5k to 30k, with  

sequence lengths varying from 128 to 4096 tokens, reflecting 

real-world high-QPS inference characteristics. 

4.1.2 Comparison Methods 

We compare the proposed hybrid framework against 

three baseline methods representative of traditional energy 

optimization approaches: 

1.Linear Regression (LR): Models energy as a linear 

combination of hardware utilization and QPS. 

2.Hardware-Centric Power Meter (HPM): Uses real-

time GPU power readings to estimate energy consumption 

(NVIDIA NVML). 

3.Vanilla Gradient Boosting Tree (V-GBT): Data-

driven model without queueing constraint integration 

(ignores SLA requirements). 

4.1.3 Experimental Environment 

Hardware: NVIDIA A100 GPU (40GB HBM2e), Intel 

Xeon 8375C CPU, 256GB DDR4 RAM. 

Software: PyTorch 2.1 (LLM inference), XGBoost 2.0 

(GBT implementation), Prometheus 2.45 (data collection), 

Python 3.9. 

4.2 EXPERIMENTAL RESULTS 

4.2.1 Performance Comparison 

Table 3 shows results on the test set (15% of data, 22 

daily observations): 

TABLE 3 

Method Energy 

Predictio

MAP

E (%) 

EER 

(QPS/Wat

SLA 

Complian
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n 

Accurac

y (%) 

t) ce Rate 

(%) 

Linear 

Regressio

n (LR) 

        

78.3 

18.7 128 82.5 

Hardware

-Centric 

Power 

Meter 

(HPM) 

83.5 14.2 135 90 

Vanilla 

GBT (V-

GBT) 

89.2 9.5 142 75 

Hybrid 

Framewor

k (Ours) 

92.7 6.8 167 95 

4.2.2 Sensitivity Analysis (Key Energy Drivers) 

We measure how changing each factor from “Low” to 

“High ”  affects energy consumption per query, identifying 

critical optimization levers: 

TABLE 4 

Factor 

Code  

Factor 

Name 

% Change in 

Energy 

Consumption

  

Rank 

E3 Cache Hit 

Ratio 

-14.2% 

(Reduction) 

1 

E5 Batching 

Size 

-11.8% 

(Reduction) 

2 

E13 QPS 

Volatility 

+9.7% 

(Increase) 

3 

E14 Request 

Complexity 

+8.3% 

(Increase) 

4 

E1 Cache Size +6.5% 

(Increase) 

5 

Results highlight that improving cache hit ratio (e.g., via 

adaptive eviction policies) and optimizing batching size are 

the most impactful ways to reduce energy. For example, 

increasing the cache hit ratio from 70% to 90% reduces 

energy per query by 14.2%, while adjusting batching size 

from 8 to 32 reduces energy by 11.8%. 

4.2.3 Real-World Application Example 

A cloud service provider uses the framework to 

optimize an LLM inference API with a target QPS of 20k and 

latency SLA of <200ms. Observed workload traits: 

E13=Medium (QPS volatility=25%), E14=Medium (average 

sequence length=1024 tokens). 

The framework recommends: 

KV Cache Configuration: E1=Medium (6GB), 

E2=Energy-Aware Eviction, E3=High (92% hit ratio). 

Inference Scheduling: E5=Medium (24), E8=Adaptive 

Scheduling. 

Implementation results: Energy consumption per query 

dropped from 22 mWh to 17.2 mWh (21.8% reduction), EER 

increased from 138 QPS/Watt to 176 QPS/Watt, and SLA 

compliance rate remained at 96%—validating the framework’
s practical utility. 

5 RESULTS AND ANALYSIS 

5.1 CORE PERFORMANCE INSIGHTS 

The experimental results (Table 1) demonstrate the 

proposed framework’s superiority over traditional methods: 

Prediction accuracy: Outperforms LR by 14.4%, HPM 

by 9.2%, and V-GBT by 3.5%. This advantage stems from 

the GBT ’ s ability to model non-linear cache-scheduling 

interactions and the queueing component ’s SLA awareness, 

which filters out unrealistic parameter combinations. 

Energy efficiency: Achieves a 18.9% higher EER than 

HPM and 25.3% higher than LR. The gain confirms that 

integrating KV cache and scheduling optimization—rather 

than treating them as independent variables—enables more 

efficient resource utilization. 

SLA compliance: Maintains 95% compliance, far 

exceeding V-GBT (75%). This highlights the necessity of 

embedding queueing constraints, as data -driven models alone 

may sacrifice service quality for energy savings. 

5.2 KEY ENERGY DRIVERS AND OPTIMIZATION 

IMPLICATIONS 

Sensitivity analysis (Section 4.2.2) identifies two 

critical levers for energy reduction: 

1.Cache Hit Ratio (E3): Improving hit ratio from 70% 

to 90% reduces energy per query by 14.2%, as fewer cache 

misses minimize redundant data transfer and 

recomputation—consistent with the finding that KV cache 

accounts for 30%–50% of memory bandwidth usage. 

2.Batching Size (E5): Adjusting batching size from 8 to 

32 reduces energy by 11.8%, as larger batches improve GPU 

utilization but must be balanced with latency constraints (via 

the queueing model). 

Conversely, QPS Volatility (E13) and Request 

Complexity (E14) increase energy consumption, 

emphasizing the need for dynamic adjustments (e.g., adaptive 

cache resizing) to mitigate workload fluctuations. 

5.3 CUMULATIVE ROI PERFORMANCE 

Table 5 presents the average cumulative ROI of the four 

methods across 100 simulation runs (Note: ROI is calculated 

as energy cost savings minus framework deployment cost, 

normalized to initial investment): 
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TABLE 5 

Method Cumulative 

ROI (%) 

Payback Period  

(Months) 

Linear Regression  

(LR) 

42.8 14.3 

Hardware-Centric 

Power Meter (HPM) 

58.5 10.7 

Vanilla GBT (V-GBT) 65.2 9.5 

Hybrid Framework 

(Ours) 

89.7 7.2 

6 DISCUSSION 

6.1 KEY FINDINGS 

Cache-scheduling interaction is critical for energy 

efficiency: The framework ’ s superior performance stems 

from explicitly modeling how KV cache behavior (e.g., hit 

ratio) influences the energy impact of scheduling policies 

(e.g., batching)—a relationship ignored by traditional models. 

SLA-aware modeling is non-negotiable for high-QPS 

services: The queueing component ensures energy 

optimization does not compromise latency or throughput, 

addressing a major shortcoming of data -driven-only models 

like V-GBT. 

Adaptive strategies outperform static configurations: 

Dynamic adjustments to cache size, batching size, and 

eviction policy based on workload volatility (e.g., QPS spikes) 

yield significant energy savings without SLA violations. 

6.2 LIMITATIONS 

1.Hardware specificity: The framework is validated on 

NVIDIA A100 GPUs; future work should adapt it to 

heterogeneous hardware (e.g., TPUs, edge AI accelerators) 

with different power profiles. 

2.Long-sequence inference: The current model focuses 

on sequence lengths up to 4096 tokens; extended sequences 

(e.g., 8192+ tokens) may require adjustments to the KV cache 

factor definitions. 

3.Real-time update latency: The weekly model update 

cycle may not keep pace with ultra -dynamic workloads (e.g., 

QPS spikes >5x); future work could explore online learning 

to reduce update latency. 

6.3 FUTURE DIRECTIONS 

1.Heterogeneous hardware support: Extend the factor 

system to include hardware-specific parameters (e.g., TPU 

memory hierarchy, edge accelerator power modes) and 

validate on multi-hardware environments. 

2.Online learning integration: Incorporate incremental 

learning to update the GBT model in real time, adapting to 

sudden workload changes (e.g., flash crowds). 

3.Carbon footprint modeling: Expand the framework to 

predict carbon emissions (not just energy consumption) by 

integrating regional power grid carbon intensity data, 

supporting sustainability goals. 

4.KV cache-scheduling co-optimization: Develop a 

reinforcement learning (RL) agent that uses the energy model 

as a reward function to dynamically adjust both cache and 

scheduling parameters in real time. 

7 CONCLUSION 

This study proposes a hybrid energy modeling 

framework for high-QPS services, integrating KV cache 

characteristics and inference scheduling dynamics to address 

the critical gap between performance optimization and energy 

efficiency. By constructing a multi-dimensional energy factor 

system, combining data -driven (GBT) and analytical 

(queueing theory) modeling, and validating with real-world  

LLM inference data, the framework outperforms traditional 

methods in prediction accuracy (92.7%), energy efficiency 

(167 QPS/Watt), and SLA compliance (95%). 

Experimental results and sensitivity analysis identify 

key optimization levers—cache hit ratio and batching size—
as the most impactful for reducing energy consumption. The 

framework ’s practical application demonstrates significant 

energy savings (18.9%–25.3%) while maintaining target QPS 

and latency SLAs, providing tangible value for cloud service 

providers and system administrators. 

Future work will focus on heterogeneous hardware 

adaptation, real-time online learning, and carbon footprint 

integration, expanding the framework ’ s applicability to a 

broader range of high-QPS AI services. This research 

advances the state of the art in sustainable AI system design, 

supporting the development of energy-efficient, business-

critical high-QPS applications. 
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