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Abstract
Provisioning language models as inference services can be signifi-
cantly challenging to cloud providers because of the need to balance
service-level objectives (SLOs) with capital and operational costs.
The heterogeneous nature of user queries, combined with temporal
variations in workload patterns and the high energy consumption
of GPUs warrants an intelligent resource-allocation strategy. We
present OASIS (Optimal Allocation Strategy for Inference Services),
a comprehensive methodology that combines static and dynamic
optimizations to provision inference services efficiently. OASIS
employs a two-phase approach: (1) pre-deployment profiling to de-
termine optimal parameter configurations for different query types
across various hardware options, and (2) run-time query routing
and dynamic provisioning based on observed workload patterns.
We evaluate OASIS using real-world BurstGPT traces on NVIDIA
A100 and H100 GPUs. Our results show that: (1) GPU frequency
scaling from 1320 MHz to 855 MHz reduces power by 39% with
only 7% throughput loss; (2) query type classification reveals long-
input-short-output workloads achieve 2.1× higher throughput than
short-input-long-output; (3) MIG-based multi-tenancy achieves 42-
43% power reduction when running two models simultaneously;
and (4) runtime adaptation on real campus traces achieves statis-
tically significant 12.4% power reduction while maintaining SLO
compliance and identical throughput.
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1 Introduction
Motivation
How can a cloud provider optimize resource use in providing lan-
guage model services? This is the high-level question we address
in our work.

The rapid adoption of Large Language Models (LLMs) and Small
Language Models (SLMs) in cloud services has created unprece-
dented demand for efficient inference infrastructure. Cloud providers
increasingly offer LLM/SLM inference as a service, typically employ-
ing serverless or Function-as-a-Service (FaaS) paradigms, where
providers allocate resources dynamically and customers pay per
request. We take a cloud-provider perspective in addressing the
resource optimization problem for LLM inference services. Given a
set of language models to be deployed, available hardware options
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and customer SLO requirements (maximum P95/P99 latency thresh-
olds), we seek tominimize total operational cost (hardware and
energy) whilemeeting all SLO constraints. However, this deploy-
ment model faces several critical, novel challenges, considering the
nature of the LM architecture:

High Energy Consumption.GPU-based LLM inference is com-
putationally intensive and energy-demanding. With millions of
daily requests, even small per-query costs create significant energy
expenses. Graphic Processing Units (GPUs), the accelerators pow-
ering many of these inference services [9], draw high power even
when underutilized, making efficient resource allocation both an
economic and environmental necessity [23].

Economic cost In addition to the high environmental and eco-
nomic cost of GPU power consumption (opex) [5], high-end GPUs
for use in LM inference are expensive to acquire and suffer from
supply-chain volatility (capex) [19]. It is therefore an economic
imperative to utilize GPUs efficiently.

Variable Query Traffic Real-world workloads exhibit signifi-
cant temporal variations. Analysis of the BurstGPT dataset reveals
peak request rates of up to 36 queries per second from 3,000 con-
current users, while off-peak periods may see minimal activity [29].
A single LLM instance processing queries sequentially would in-
cur unacceptable latency. For example, with 36 concurrent queries,
the last query would wait approximately 108 seconds (assuming 3
seconds per query) if processed sequentially.

Query Heterogeneity User queries vary dramatically in size
and complexity, which we classify into four categories based on
input and output token counts: Small Input Small Output (SISO),
Small Input Large Output (SILO), Large Input Small Output (LISO),
and Large Input Large Output (LILO). Each query type has distinct
resource requirements and optimal serving configurations. Apply-
ing uniform provisioning strategies leads to either resource waste
(over-provisioning for simple queries) or SLO violations (under-
provisioning for complex queries).

Multi-tenancy Requirements To amortize infrastructure costs,
cloud providers must efficiently share GPU resources among mul-
tiple tenants or model instances [6]. Traditional approaches like
time-slicing provide fairness but suffer from context-switching over-
head and do not improve aggregate throughput. Hardware-based
solutions like NVIDIA’s Multi-Instance GPU (MIG) technology offer
true resource isolation and parallelism but require careful configu-
ration to balance performance and utilization [12].

Technical Challenges
Addressing these systemic challenges requires solving four techni-
cal challenges:

• Model-Specific Parameter Optimization: For a given
SLM and hardware platform, what batch size, GPU frequency,
and inference variant (e.g., prefix caching, chunked prefill)
minimize energy consumption while meeting SLO require-
ments? Do these optimal parameters generalize across dif-
ferent models of similar size, or does each model require
individual profiling?

• Hardware Selection and Configuration:Among available
GPU options with different costs and capabilities, which
provides the most cost-effective deployment for a target

workload? Which frequency setting would be optimal for
the workload and whether MIG partitioning will help to
reduce power consumption?

• Runtime Adaptation: Can the system dynamically adjust
resource allocation based on observed workload patterns
without violating SLOs during transitions?

• Multi-tenancy Strategy: Should resources be partitioned
using MIG, shared via time-slicing, or managed through
software-level batching? Under what conditions is each ap-
proach optimal?
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Figure 1: Power consumption over time (60s rolling mean)

Proposed Approach
We present OASIS, a framework that addresses these challenges
through a two-phase methodology:

Phase 1: Pre-deployment profiling. Before deploying an SLM,
OASIS systematically profiles its performance across different hard-
ware configurations, parameter settings, and query types. For each
combination, it measures the maximum serviceable request rate
(MSRR)—the highest query rate the configuration can sustain while
meeting SLO constraints—and monitors energy consumption. This
profiling generates a hardware cost table that maps (hardware type,
query type) pairs to optimal parameter configurations and their
associated MSRR values. In this work, we show the impact of indi-
vidual parameters (GPU frequency, batch size, inference variants) in
isolation; joint optimization across multiple parameters is planned
as future work.

Phase 2: Run-time query routing and provisioning. During
operation, OASIS analyzes incoming queries and workload pat-
terns to make real-time provisioning decisions. It classifies queries
by type, routes them to appropriately configured instances, and
dynamically provisions or deallocates resources based on tempo-
ral load patterns. This adaptive approach minimizes idle power
consumption during low-traffic periods while ensuring sufficient
capacity during peaks, (Figure 1), showing how OASIS reduces
power consumption by using MIG when the workload is low.

OASIS integrates both system-level optimizations (MIG parti-
tioning) and software-level techniques (continuous batching via
vLLM [11]) to maximize resource efficiency. It includes a compre-
hensive metrics collection system that monitors GPU utilization,
memory usage, power consumption, CPU activity, and network I/O,
enabling fine-grained performance analysis and correlation studies.

2 Related Work
General and Parameter Optimization
Several recent studies address the problem of optimizing parame-
ters for LLM and SLM runs on GPUs, and a systematic literature
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review was conducted by Rostam et al. [22]. Of the 65 papers in-
cluded in the review, most dealt with LLM training, but several LLM
inference frameworks were discussed as well and several optimiza-
tion techniques were summarized. Unlike this work, a generalized
parameter-optimization technique for inference on GPUs was not
discussed. However, some specific suggestions for optimizing infer-
ence, especially when dealing with limited memory, were proposed,
such as selecting the appropriate GPU [34], rewriting the inference
engine [24], and optimizing the LLM’s KV cache [3, 30].

More broadly, a number of studies focused on optimizing deep-
neural-networks in general with techniques such as intermediate
representation for GPUs [27], managing data movement to the
GPU [7], controlling data layout [13], and even CPU-tailored joint
optimization [17]. Even more generally, one can even use LLMs,
combined with other metaheuristics, to optimize hyper-parameters
of many types of code, not just language models [26]. However,
many of these LM-based approaches can be very demanding when
it comes to computational resources [4].

Hardware Selection
Zhang et al. have evaluated the suitability of three different consumer-
and server-grade GPUs for inference by different LLMs [34]. Li et al.
comprehensively evaluated multiple LLMs on multiple hardware
platforms (and not only GPUs), with different batch sizes [14]. They
found that there is still significant room for software and hardware
optimizations. In a related vein, Chitty et al. benchmarked 8 differ-
ent LLMs on 7 different GPU platforms [2]. Although the paper’s
main contribution is the benchmarking framework, it does provide
specific advice as to which model is most suitable to which GPU
among those evaluated.

More generally, LLMCompass is a framework to evaluate LLM
inference workloads on different hardware that, like our work, at-
tempts to find the most cost-effective hardware for each given LLM
and tune parameters for it [32]. Unlike our work, however, it relies
heavily on hardware simulation. Another general approach by Jiang
et al. combines low-level performance metrics from benchmarking
with a mixed-integer linear programming algorithm to compute
the most cost-effective hardware platform for each LLM [8].

Runtime Adaptation
Runtime adaptation for LLM inference has gained significant at-
tention as workloads exhibit temporal variations. A recent study
tackled serving disaggregated LLMs with dynamic resource pro-
visioning across multiple nodes, adapting to workload changes in
distributed environments [33]. Another study employed statistical
multiplexing to dynamically allocate resources across multiple mod-
els based on demand patterns, optimizing cluster utilization [15].
The Orca project [31] introduced iteration-level scheduling with
selective batching that adapts to varying request arrival patterns
and query characteristics.

While these works address runtime adaptation through dynamic
scheduling and resource allocation, they focus primarily on model-
level scaling without systematically exploring hardware configura-
tion choices (such as MIG partitioning vs. full GPU allocation) or
integrating pre-deployment profiling with runtime adaptation for
heterogeneous query types, as OASIS does.

Dynamic Voltage Frequency Scaling (DVFS) has been exten-
sively studied as a method for reducing energy consumption. The
WAGES [28] project demonstrates how sharing GPUs and dynami-
cally adjusting their frequency can save energy while still meeting
SLOs. WAGES uses Nvidia MPS for this purpose, whereas OASIS
employs MIG to partition GPUs. Other approaches, such as Dy-
namoLLM [25] and GreenLLM [16], focus solely on exclusive DVFS
scaling. These achieve comparable energy savings but do not ad-
dress GPU sharing or partitioning. Conversely, some studies have
explored GPU sharing with power-efficient scheduling to reduce
energy consumption [21].

Multi-tenancy Strategy
Multi-tenancy for inference workloads can be achieved through
hardware-level partitioning (e.g., NVIDIA MIG) or software-level
sharingmechanisms. Software-level approaches enablemulti-tenancy
through intelligent scheduling and batching.Ma et al. introduce a co-
designed compilation and scheduling framework that achieves spa-
tial multiplexing of multiple DNN models on shared GPUs through
priority-aware scheduling [18]. The work by Chen et al. addresses
multi-tenant low-rank adaptation (LoRA) serving by efficiently
batching heterogeneous LoRA adapter requests on a shared base
model using specialized CUDA kernels [1]. Kwon et al. pioneered
continuous batching with PagedAttention for LLM serving, en-
abling dynamic request scheduling that improves GPU utilization
across varying workloads [10].

These works demonstrate effective multi-tenancy mechanisms,
but do not provide systematic guidance on when hardware parti-
tioning (MIG) is optimal compared to full-GPU allocation based
on workload characteristics. OASIS addresses this gap by evaluat-
ing MIG-based multi-tenancy against full GPU deployment across
different query types and load patterns.

3 Methodology
OASIS addresses the SLM provisioning problem through a system-
atic two-phase methodology that combines offline profiling with
online adaptation. This section formalizes the problem, presents our
query classification scheme, and details both phases of the OASIS
approach.

Problem Definition
We formalize the SLM provisioning problem as an optimization
task that minimizes cost while maintaining SLO.

Given:
(1) SLM model𝑀 with specific architecture
(2) Set of hardware configurations 𝐻 = {𝐻1, 𝐻2, . . . , 𝐻𝑛}, where

each 𝐻𝑖 has cost 𝐶𝑖 and specifications (GPU type, memory,
compute)

(3) SLO specifying maximum P95 latency 𝐿𝑚𝑎𝑥

(4) Maximum query rate 𝑅𝑚𝑎𝑥 that users can submit
Find:

(1) Optimal hardware configuration 𝐻 ∗ ∈ 𝐻

(2) Optimal parameters for model deployment (batch size which
could be continuous as in vLLM, GPU frequency, scheduling
policy)
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(3) Configuration mode: exclusive GPU or MIG partition
(4) Query routing strategy for different query types
(5) Dynamic provisioning policy based on temporal patterns
Objective:Minimize total operational cost (combining hardware

and energy costs):

min
𝐻∗,config

𝐶𝑡𝑜𝑡𝑎𝑙 =𝐶ℎ𝑎𝑟𝑑𝑤𝑎𝑟𝑒 +𝐶𝑒𝑛𝑒𝑟𝑔𝑦 (1)

subject to SLO constraint at maximum query rate:

𝑃95 (Latency) ≤ 𝐿𝑚𝑎𝑥 when serving queries at rate 𝑅𝑚𝑎𝑥 (2)

Query Classification
Different query types exhibit vastly different resource requirements.
We classify queries based on input and output token counts, using
an arbitrary threshold of 𝜏 = 500 tokens to distinguish "small" from
"large":

SISO (small input, small output): |𝑇𝑖𝑛 | ≤ 𝜏 ∧ |𝑇𝑜𝑢𝑡 | ≤ 𝜏 .
Examples: short Q&A, simple paraphrasing. Characterized by mini-
mal compute and memory requirements.

SILO (small input, large output): |𝑇𝑖𝑛 | ≤ 𝜏 ∧ |𝑇𝑜𝑢𝑡 | > 𝜏 .
Examples: story generation, essay writing. Compute-intensive dur-
ing the autoregressive generation phase.

LISO (large input, small output): |𝑇𝑖𝑛 | > 𝜏 ∧ |𝑇𝑜𝑢𝑡 | ≤ 𝜏 .
Examples: document summarization, classification.Memory-intensive
during prefill, requiring substantial KV cache.

LILO (large input, large output): |𝑇𝑖𝑛 | > 𝜏 ∧ |𝑇𝑜𝑢𝑡 | > 𝜏 .
Examples: translation, long-form rewriting. Resource-intensive
throughout both prefill and generation phases.

Our empirical evaluation (Section 4) focuses on LISO and SILO
as representative of the two extremes: LISO dominates prefill cost
while SILO dominates generation cost.

Phase 1: Pre-Deployment Profiling
Before deploying a model, OASIS systematically profiles its perfor-
mance to build a hardware cost table that guides runtime decisions.

Profiling procedure: For each model 𝑀 and hardware con-
figuration 𝐻𝑖 , OASIS explores multiple parameter dimensions to
identify optimal settings:

(1) Parameter space definition: Define the search space:
• GPU clock: 𝐹 = {855, 1035, 1230, 1320, 1410} MHz
• Batch sizes: 𝐵 = {16, 24, 32, 40, 48, 64}
• Inference variants: 𝑉 = {standard, prefix-caching,
chunked-prefill}

(2) Query type sweep: Test each query type (LISO, SILO, etc.)
separately

(3) Single-parameter variation: For each parameter dimen-
sion, vary one parameter while keeping others fixed, to un-
derstand individual impact. Note: Joint optimization across
multiple parameters (e.g., co-optimizing frequency and batch
size) is computationally expensive and currently out of scope.
We demonstrate the sensitivity to individual parameters; full
multi-dimensional parameter space exploration is planned as
future work.

(4) Concurrency ramp: For each parameter configuration,
gradually increase concurrent requests (offered load)from
low to high.

(5) Measure performance: For each concurrency level 𝑐 and
parameter configuration (𝑓 , 𝑏, 𝑣), measure:
• P95 latency: 𝐿95 (𝐻𝑖 , 𝑓 , 𝑏, 𝑣,𝑄𝑇 , 𝑐)
• Throughput (tokens/sec): 𝑇 (𝐻𝑖 , 𝑓 , 𝑏, 𝑣,𝑄𝑇 , 𝑐)
• Power consumption: 𝑃 (𝐻𝑖 , 𝑓 , 𝑏, 𝑣,𝑄𝑇 , 𝑐)
• Energy per token: 𝐸𝑡𝑜𝑘 = 𝑃/𝑇

(6) Determine maximum serviceable request rate:

MSRR(𝐻𝑖 , 𝑓 , 𝑏, 𝑣,𝑄𝑇 ) =max{𝑇 (𝐻𝑖 , 𝑓 , 𝑏, 𝑣,𝑄𝑇 , 𝑐)}

𝑤ℎ𝑒𝑟𝑒{: 𝐿95 (𝐻𝑖 , 𝑓 , 𝑏, 𝑣,𝑄𝑇 , 𝑐) ≤ 𝐿𝑚𝑎𝑥 } (3)
(7) Record in hardware cost table: Store tuple

(𝐻𝑖 , 𝑓 , 𝑏, 𝑣,𝑄𝑇 ,MSRR, 𝑃, 𝐸𝑡𝑜𝑘 )
Hardware cost table structure: The resulting table captures

the multi-dimensional configuration space. Each entry maps a con-
figuration to its performance characteristics:

HCT : (GPU, Freq, Batch,Variant,QueryType)

→ (MSRR, 𝑃, 𝐸𝑡𝑜𝑘 ) (4)
This enables run-time decisions that balance throughput, latency,
and power based on observed workload patterns.

Phase 2: Run-time Provisioning and Adaptation
Armed with the hardware cost table from Phase 1, OASIS makes dy-
namic provisioning decisions based on observed workload patterns
and resource requirements.

Run-time decision making: At run-time, OASIS continuously
monitors incoming queries and determines the appropriate resource
allocation. The key insight is that GPU requirements are not exact
integers but rather continuous—a workload might need 0.3 GPUs,
1.7 GPUs, etc.

GPU requirement calculation: For each model𝑀 and query
type 𝑄𝑇 , OASIS computes:

𝐺𝑃𝑈𝑠𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 (𝑀,𝑄𝑇 ) = 𝑅𝑅(𝑄𝑇 )
MSRR(𝐻𝑓 𝑢𝑙𝑙 , 𝑓

∗, 𝑏∗, 𝑣∗, 𝑀,𝑄𝑇 ) (5)

where 𝑅𝑅(𝑄𝑇 ) is the observed request rate for query type 𝑄𝑇 , and
(𝑓 ∗, 𝑏∗, 𝑣∗) represents the selected parameter configuration.

MIG vs. full GPU decision: The fractional GPU requirement
determines the provisioning strategy:

• Sub-GPU workload (𝐺𝑃𝑈𝑠𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 < 1): Use MIG partition-
ing to allocate only the necessary compute resources. This
partitioning enables multi-tenancy and reduces idle power
consumption.

• Full GPUworkload (𝐺𝑃𝑈𝑠𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 ≥ 1): Allocate ⌈𝐺𝑃𝑈𝑠𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 ⌉
complete GPUs to maximize throughput and ensure SLO
compliance.

Multi-Tenancy with MIG: When multiple models require sub-
GPU resources, OASIS packs them onto a single physical GPU using
MIG partitioning.

Dynamic provisioning algorithm:
Energy-aware provisioning: The provisioning decision bal-

ances performance and energy efficiency. Our evaluation (Section 4)
demonstrates that MIG-based multi-tenancy achieves 42-43% power
reduction (270W vs. 467W) when running two models simultane-
ously, making it optimal for scenarios where individual model loads
are light, but combined tenancy justifies GPU utilization.
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Algorithm 1 OASIS runtime provisioning
Require: Hardware cost table 𝐻𝐶𝑇 , monitoring interval Δ𝑡
1: Initialize: Deploy based on expected peak load
2: while system running do
3: Collect queries over interval Δ𝑡
4: Classify each query 𝑞 into type𝑄𝑇 (𝑞) based on token counts

5: Compute request rate 𝑅𝑅(𝑄𝑇 ) for each query type
6: for each model𝑀 and query type 𝑄𝑇 do
7: Retrieve MSRR(𝐻𝑓 𝑢𝑙𝑙 , 𝑀,𝑄𝑇 ) from 𝐻𝐶𝑇

8: Calculate required GPU capacity:
9: 𝐺𝑃𝑈𝑠𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 (𝑀,𝑄𝑇 ) = 𝑅𝑅 (𝑄𝑇 )

MSRR(𝐻𝑓 𝑢𝑙𝑙 ,𝑀,𝑄𝑇 )
10: if 𝐺𝑃𝑈𝑠𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 (𝑀,𝑄𝑇 ) < 1 then
11: Use MIG partition (resource requirement less than

full GPU)
12: Calculate MIG partition size based on 𝐺𝑃𝑈𝑠𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑
13: Deploy model𝑀 on MIG partition
14: else if 𝐺𝑃𝑈𝑠𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 (𝑀,𝑄𝑇 ) ≥ 1 then
15: Use ⌈𝐺𝑃𝑈𝑠𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 (𝑀,𝑄𝑇 )⌉ full GPUs
16: Deploy model𝑀 across required GPUs
17: end if
18: end for
19: Route queries to appropriate instances based on 𝑄𝑇

20: end while

Query routing: Once resources are provisioned, OASIS routes
incoming queries based on their classified type (LISO, SILO, etc.)
to instances configured optimally for that query type. This routing
ensures that compute-intensive SILO queries andmemory-intensive
LISO queries receive appropriate resource allocations.

4 Experimental Evaluation
4.1 Experimental Platform

Hardware: GPU NVIDIA A100-SXM4 (80GB), H100-SXM; CPU
AMD EPYC 7443 24-Core Processor;Memory 256 GB.

Software: vLLM v0.6.3.post1;CUDA 12.4;PyTorch 2.5.1;Python
3.10.

Models evaluated: Llama-3-8B, Llama-3.1-8B; Qwen-7B-Chat;
Mistral-7B-v0.3, Baichuan-7B; Yi-6B; starcoder2-15b

SLO Constraint: The P95 latency of responses should be within
20 seconds [20].

Query types: We evaluate two representative patterns:

• LISO (Large Input, Small Output): 1000 input tokens, 50
output tokens — representative of document summarization,
classification tasks

• SILO (Small Input, Large Output): 50 input tokens, 1000
output tokens — representative of content generation, story
writing tasks

4.2 Phase 1: Pre-Deployment Profiling Results

Table 1: Llama3-8B pre-deployment profiling on full GPU

Query Concurrency P95 Throughput SLO
Type Latency (s) Met

LISO

50 11.56 4.41 ✓
75 16.85 4.51 ✓
81 18.33 4.50 ✓
84 18.82 4.55 ✓
86 19.39 4.52 ✓
87 19.68 4.54 ✓
88 20.11 4.49 ×

SILO

25 15.69 1.78 ✓
38 17.17 2.10 ✓
44 19.20 1.98 ✓
47 19.50 2.00 ✓
49 19.36 2.15 ✓
50 20.09 2.55 ×

Table 2: Qwen-7B pre-deployment profiling on full GPU

Query Concurrency P95 Throughput SLO
Type Latency (s) Met

LISO

50 7.45 6.76 ✓
75 11.43 6.75 ✓
87 13.11 6.76 ✓
90 13.05 6.78 ✓
91 15.89 6.77 ✓
92 23.13 6.76 ×

SILO

25 17.81 1.52 ✓
37 19.56 1.84 ✓
38 20.10 1.83 ×
40 21.29 2.00 ×

4.2.1 Query Type Comparison. We systematically profile two rep-
resentative models—Llama3-8B and Qwen-7B—by increasing con-
currency for both LISO and SILO query types to understand their
distinct resource requirements.

Tables 1 and 2 show the profiling results for both models under
increasing concurrency levels. Our key findings are:

• Query Type Dominance: LISO workloads achieve 1.8-2.5×
higher concurrency and 2.1× higher throughput com-
pared to SILO across both models, demonstrating that query
type classification is critical for resource allocation.

• MSRR Values: Llama3-8B achieves MSRR(LISO) = 4.54 re-
q/s and MSRR(SILO) = 2.15 req/s, while Qwen-7B achieves
MSRR(LISO) = 6.77 req/s and MSRR(SILO) = 1.84 req/s.

• Model-SpecificDifferences:Qwen-7B achieves 1.5× higher
throughput than Llama3-8B for LISO workloads (6.77 vs
4.54 req/s), but similar performance for SILO (1.84 vs 2.15
req/s), validating the need for per-model profiling.
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Table 3: GPU frequency scaling: Llama-3-8B on A100

Frequency Avg. Throughput P99 Latency Energy
(MHz) Power (W) (tok/s) (ms) (mJ/tok)

1320 239.4 914.8 162.4 261.7
1035 153.6 864.6 4060.8 177.7
855 145.2 846.7 869.9 171.5

Takeaway 1. Query type significantly impacts resource require-
ments: LISO workloads achieve 2.1× higher throughput than SILO.
Different models exhibit different optimal operating points—Qwen-
7B achieves 1.5× higher LISO throughput than Llama3-8B, validating
the need for per-model profiling.

4.2.2 GPU Frequency Scaling Analysis. To understand the impact
of GPU frequency on power consumption and performance, we
profile Meta-Llama-3-8B across different frequency settings on an
A100 GPU. Table 3 and Figure 2 illustrate the frequency-power-
throughput trade-offs. Our key findings are:

• Power Reduction: Decreasing frequency from 1320 MHz
to 855 MHz reduces average power consumption by 39%
(239.4W→ 145.2W).

• Throughput Impact: Throughput decreases by only 7%
(914.8→ 846.7 tok/s), showing minimal performance penalty.

• Energy Efficiency: Energy per token improves by 34%
(261.7→ 171.5 mJ/tok) at lower frequencies.

• Latency Trade-off: While lower frequencies reduce power,
latency can spike (4060ms at 1035 MHz) depending on work-
load characteristics.

• Optimal Selection: For SLO = 20s, 855 MHz provides the
best energy efficiency while maintaining acceptable latency.

Takeaway 2. GPU frequency scaling offers significant energy sav-
ings with minimal throughput loss. Reducing frequency from 1320
MHz to 855 MHz saves 39% power (94W) with only 7% throughput
reduction, demonstrating frequency tuning as a key optimization
parameter.
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Figure 2: GPU frequency scaling: Llama-3-8B on A100

4.2.3 Cross-Model Energy Efficiency Comparison. We profile four
different SLMs (7B-15B parameters) at a fixed GPU frequency of
1335 MHz and SLO of 20 seconds to compare their energy efficiency
characteristics under identical hardware conditions. Table 4 and
Figure 3 present the comparative results. Our key findings are:

Table 4: Cross-model efficiency at 20s SLO (1335 MHz)

Model Avg. Throughput Energy
Power (W) (tok/s) (mJ/tok)

Mistral-7B-v0.3 221.4 2571.5 86.1
Baichuan-7B 235.5 2227.2 105.7
Meta-Llama-3.1-8B 223.9 2043.0 109.6
bigcode/starcoder2-15b 233.4 1971.0 118.4

• Energy Efficiency Variation: At the same GPU frequency
(1335 MHz), energy consumption ranges from 86.1 mJ/tok
(Mistral-7B) to 118.4 mJ/tok (starcoder2-15b)—a 1.4×
difference even under identical hardware conditions.

• PowerConsumptionConsistency:Despite differentmodel
architectures, the average power consumption remains rela-
tively stable (221-236W), demonstrating that GPU frequency,
not model size alone, dominates power draw.

• Model Architecture Matters: Even at similar parameter
counts, energy efficiency varies by up to 1.3× (Mistral: 86.1
vs Llama-3.1: 109.6 mJ/tok), highlighting architectural differ-
ences in compute efficiency.

• ThroughputDiversity:Mistral-7B achieves highest through-
put (2571 tok/s) while starcoder2-15b achieves lowest (1971
tok/s), a 1.3× variation, with smaller models generally per-
forming better.

• Size-Performance Trade-off: The larger starcoder2-15b
(15B parameters) delivers lower throughput and worse en-
ergy efficiency compared to smaller 7B models, indicating
that model size does not always correlate with efficiency.

Takeaway 3. Model selection significantly impacts energy costs
even at the same GPU frequency. Among 4 SLMs at 1335 MHz,
energy efficiency varies by 1.4× (86.1-118.4 mJ/tok) and throughput
by 1.3×. Model architecture and parameter count both influence
efficiency—per-model profiling remains essential.
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Figure 3: Cross-model efficiency at 20s SLO (1335 MHz)

4.2.4 Hardware PlatformComparison. We compare the samemodel
(Yi-6B) across A100 and H100 GPU platforms to understand hard-
ware selection trade-offs. We evaluate multiple frequencies for each
platform to identify optimal operating points. Table 5 and Figure 4
compare the platforms across multiple frequency settings. Our key
findings are:
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Table 5: Hardware platform comparison: Yi-6B performance

GPU Freq Avg. Throughput P99 Latency
(MHz) Power (W) (tok/s) (ms)

A100 855 142.2 1444.8 2040.9
A100 1035 140.9 1511.3 1208.9
H100 1530 265.9 1698.5 86.3
H100 1650 280.6 1702.3 96.2
H100 1755 291.1 1704.4 2632.1

• A100 Efficiency: At 1035 MHz, A100 delivers 1511 tok/s
with only 140.9W—the most energy-efficient configuration
across both platforms.

• H100Performance:At 1530MHz, H100 achieves 12%higher
throughput (1698 vs 1511 tok/s) but consumes 89% more
power (266W vs 141W) compared to A100.

• Power Scaling: H100 average power consumption ranges
from 266W to 291W across frequencies, consistently higher
than A100’s 141-142W range.

• Latency Variability: H100 at 1530 MHz achieves excellent
latency (86ms) but shows high variability at other frequen-
cies (2632ms at 1755 MHz).

• Cost-Benefit: For light workloads meeting SLO, A100 at
lower frequencies provides better energy efficiency. H100 jus-
tifies its power premium only for throughput-critical work-
loads.

Takeaway 4. Hardware selection requires workload-specific analy-
sis. H100 provides 12% higher throughput but 89% higher average
power consumption compared to A100. For energy-conscious deploy-
ments, A100 at optimized frequency offers better efficiency.
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Figure 4: Hardware comparison: Yi-6B performance

4.2.5 MIG-BasedMulti-Tenancy Analysis. Consider a cloud provider
serving multiple customers who require both Llama3-8B and Qwen-
7B simultaneously. We compare two deployment strategies:

(1) Separate Full GPUs: Dedicate one A100 per model.
(2) MIG-Based Sharing: Partition a single A100 into MIG in-

stances, running both models on shared hardware.

Table 6 compares the two approaches for LISO workloads at 50
concurrent requests per model.

Table 6: Multi-tenancy comparison: running both models
simultaneously (LISO workload)

Setup Model P95 Lat. Throughput Concurrency Power
(s) (W)

Full GPU Llama3-8B 6.85 7.59 50 235
Full GPU Qwen-7B 7.44 6.80 50 232

Total: 467

MIG Llama3-8B 13.87 3.69 50 270
MIG Qwen-7B 19.96 3.17 50 270

Total: 270

LISO Workload Insights:

• Separate full GPUs: Consume 467W total (235W + 232W)
but provide superior latency (6.85s and 7.44s) and throughput
(7.59 and 6.80 req/s).

• MIG configuration: Consumes only 270W, achieving 42%
power reduction compared to separate GPUs.

• Performance trade-off:MIG configuration has higher la-
tency (13.87s and 19.96s) and lower throughput (3.69 and
3.17 req/s), but stillmeets SLO requirements.

• Energy savings:When both models must run continuously,
MIG saves 197W, equivalent to approximately 4.7 kWh per
day or 142 kWh per month.

Table 7 shows the same comparison for SILO workloads, which
are more resource-intensive.

Table 7: Multi-tenancy comparison: running both models
simultaneously (SILO workload)

Setup Model P95 Lat. Throughput Concurrency Power
(s) (W)

Full GPU Llama3-8B 12.20 0.25 3 234
Full GPU Qwen-7B 12.24 0.25 3 233

Total: 467

MIG Llama3-8B 21.85 0.14 3 265
MIG Qwen-7B 20.01 0.15 3 265

Total: 265

SILO Workload Insights:

• Power consumption: Despite low concurrency, full GPUs
still consume 467W total. MIG reduces this to 265W (43%
savings).

• SLO compliance: MIG configuration for SILO workloads
operates at the edge of SLO compliance (21.85s and 20.01s,
both just above 20s threshold). For strict SLO requirements,
full GPU deployment would be necessary.

• Throughput impact: SILO throughput is low (0.14-0.25
req/s) regardless of configuration, highlighting the resource
intensity of large-output generation.
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Takeaway 5. MIG-based multi-tenancy achieves 42-43% power
reduction (197W savings) when running two models simultaneously.
For LISO workloads with moderate demand, MIG meets SLO while
drastically reducing energy costs. SILO workloads operate near SLO
limits with MIG, requiring careful provisioning. Figure 5 shows
the difference in power consumption between full GPU and MIG
configurations for both LISO and SILO workloads.

0

100

200

300

400

500

FULL MIG FULL MIG

A
v

g
. 
P

o
w

er
 D

ra
w

 (
W

)

LISO SILO

Llama

Qwen

Combined

Figure 5: Multi-tenancy (simultaneous run) comparison

4.3 Phase 2: Runtime Adaptation with Real
Workload

To validate OASIS’s runtime adaptativeness (Phase 2), we conduct
a comprehensive evaluation comparing full GPU and MIG configu-
rations under real-world workload conditions.

4.3.1 Experimental Setup.

Hardware configuration. We use an NVIDIA A100X-80GB GPU
for both configurations: (1) Full GPU : entire 80GB device allocated
to a single vLLM instance, and (2) MIG: Using half of the GPU’s
hardware.

Software stack. We deploy vLLM v0.6.3 serving the Meta-Llama-
3-8B-Instruct model with identical inference parameters: tempera-
ture 0.8, top-p 0.95, and max tokens 512.

4.3.2 Workload Characteristics and Context. Real-World campus
deployment.We evaluate OASIS using a 4-hour daytime trace from
the BurstGPT dataset [29], which provides actual Azure OpenAI
GPT service logs collected over 213 days from a regional deploy-
ment. This dataset captures authentic user behavior during peak
hours, representing the type of bursty traffic one would expect from
a campus environment serving over 3,000 students.

The selected trace contains 153 requests from an ostensibly small
user population, typical of early deployment phases or specialized
campus services. Critically, even during peak request periods, the
moderate traffic volume (average 41 requests/hour) demonstrates that
provisioning full GPUs would waste substantial resources. The work-
load distribution is heavily skewed toward short-output queries:
64.7% SISO (Short Input, Short Output) and 29.4% LISO (Long In-
put, Short Output), totaling 94.1% of all requests. Only 5.9% are
SILO queries, with no LILO requests observed. This pattern reflects
common student use cases such as quick Q&A and code snippet
generation demonstrating that MIG partitions can efficiently serve
typical campus workloads without over-provisioning.

Table 8: Runtime performance: full GPU vs MIG

Metric Full GPU MIG Delta (%)

Completed Requests 312 312 0.0
Token Throughput (tok/s) 15.45 15.44 -0.1
Mean TTFT (ms) 117.5 204.4 +74.0
P99 TTFT (ms) 289.7 502.3 +73.4
Mean E2E Latency (s) 2.29 3.83 +66.8
P99 E2E Latency (s) 6.78 11.50 +69.6
Mean Power (W) 188.2 164.9 -12.4
Total Energy (Wh) 750.9 657.8 -12.4

4.3.3 Temporal Dynamics. The workload exhibits bursty arrival
patterns with a coefficient of variation (CV) of 1.70, indicating high
variability in request inter-arrival times. Figure 6 shows periods of
intense activity interspersed with quieter intervals—characteristic
of campus usage where demand surges during class transitions and
deadlines.
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Figure 6: Request arrival pattern over 4-hour trace (Day 2,
hours 8-12) with 5-minute bins

Power consumption traces reveal the energy efficiency gains
from MIG adaptation. Figure 1 shows instantaneous power draw
(60-second rolling mean) for both configurations, demonstrating
a consistent 20-30W reduction during active serving periods. The
MIG configuration maintains power consumption around 165W
while the full GPU fluctuates between 185-195W. The energy con-
sumption analysis reveals that MIG achieves 93.1Wh savings (12.4%
reduction) over the 4-hour period.

4.3.4 Performance and SLO Compliance. Despite using only half
the GPU resources, the MIG configuration maintains SLO compli-
ance while achieving significant energy savings. Although MIG
exhibits 69.6% higher P99 latency (11.5s vs 6.8s), both configurations
comfortably meet the P99 SLO requirement of 20s, with all requests
completing well within bounds.

Table 8 summarizes key performance metrics. The MIG configu-
ration maintains identical throughput (15.44 vs 15.45 tokens/s) and
request completion rate (312 requests), while reducing mean power
consumption from 188.2W to 164.9W—a statistically significant
12.4% reduction ((t-test 𝑝 < 10−18). Both TTFT and E2E latency
increase moderately (+74% and +69.6% respectively), but remain
within acceptable bounds for interactive applications.

4.3.5 Energy Efficiency Analysis. As shown in Figure 1 and quan-
tified in Table 8, the MIG configuration consistently operates at
lower power levels (median 164.9W) compared to full GPU (median
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Table 9: Energy efficiency and cost savings

Metric Full GPU MIG Savings

Energy per Request (Wh) 2.41 2.11 0.30 (12.4%)
Daily Cost @ $0.12/kWh ($) 86.01 75.34 10.67
Daily CO2 Emissions (kg) 281.2 246.4 34.8

188.2W), with minimal overlap in distributions. This translates to
93.1 Wh total energy savings over the 4-hour period.

Table 9 quantifies the economic and environmental impact at
scale. For a campus serving 3,000 students, the 12.4% energy re-
duction would save $10.67/day in electricity costs and avoid 34.8
kg CO2/day emissions. These benefits compound over academic
terms, making OASIS’s runtime adaptation a practical approach to
sustainable LLM serving.

4.3.6 Key Findings. Our runtime adaptation evaluation demon-
strates that: (1) MIG sufficiency prevents resource waste: even
during peak morning hours (Day 2, 8-12) with bursty workload
patterns (CV=1.70), a 1g.10gb MIG partition successfully serves
all requests while maintaining SLO compliance. Provisioning full
GPUs for such moderate traffic (41 req/hr) would waste 85% of
GPU resources. (2) Substantial energy savings: the 12.4% power
reduction achieved without degrading throughput translates to
meaningful cost and environmental benefits at deployment scale.
(3) Practical deployment viability: rather than over-provisioning
full GPUs for workloads with moderate user counts, OASIS can dy-
namically adapt to traffic patterns, allocating MIG partitions during
typical usage and reserving full GPU capacity only when necessary.

5 Conclusion
We present OASIS, a two-phase methodology for efficient SLM in-
ference provisioning that combines systematic pre-deployment pro-
filing with runtime workload adaptation. Our extensive evaluation
on NVIDIA A100 and H100 GPUs with real-world BurstGPT traces
demonstrates OASIS’s effectiveness across multiple dimensions.

Phase 1 pre-deployment profiling reveals critical parameter
sensitivities: (1) GPU frequency scaling achieves 39% power reduc-
tion (239.4W→145.2W) with only 7% throughput loss, improving
energy efficiency by 34%; (2) query-type classification shows LISO
workloads achieve 2.1× higher throughput than SILO, with maxi-
mum sustainable request rates of 6.77 vs 1.84 req/s for Qwen-7B; (3)
cross-model comparison demonstrates 1.4× energy efficiency varia-
tion (86.1-118.4 mJ/tok) at identical GPU frequency; (4) hardware
platform analysis shows H100 provides 12% higher throughput but
consumes 89% more power than A100; and (5) MIG-based multi-
tenancy achieves 42-43% power reduction (467W→265W) when
running two models simultaneously while meeting SLO require-
ments.

Phase 2 runtime adaptation validates OASIS’s dynamic provi-
sioning capability using a 4-hour real-world campus workload trace
(153 requests, CV=1.70 burstiness). MIG configuration (1g.10gb
partition) achieves statistically significant 12.4% power reduction
(188.2W→164.9W, t-test 𝑝 < 10−18, Mann-Whitney 𝑝 < 10−19)
while maintaining identical throughput (15.44 tok/s) and SLO com-
pliance (P99 latency: 11.5s vs 20s threshold). This translates to 93.1

Wh energy savings over 4 hours, equivalent to $10.67/day cost
savings and 34.8 kg CO2/day emission reduction at campus scale.

Future work: While OASIS demonstrates significant efficiency
gains through single-parameter optimization, several directions
warrant further investigation:

Multi-parameter joint optimization. OASIS currently per-
forms single-parameter sweeps (frequency, batch size, etc.). A com-
prehensive multi-parameter optimization framework could explore
joint configurations (e.g., frequency + batch size + scheduling policy)
to identify global optima rather than local maxima from individual
parameter tuning.

Workload prediction and proactive adaptation. Phase 2
reacts only to observed workload patterns. Time-series forecast-
ing (LSTM, ARIMA) could enable proactive resource provisioning
based on predicted traffic patterns, reducing transition overhead
and improving energy efficiency.

Cross-GPU architecture support. We evaluated A100 and
H100 GPUs, but emerging architectures have different power profile.
Automated profiling pipelines that generalize across GPU vendors
and generations would enhance OASIS’s applicability.
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