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Background

The Language Model-as-a-Service (LMaaS) paradigm has been widely 
adopted to deliver diverse LLMs to users in everyday applications.
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Background

The widespread adoption of 
LLM-powered software has 
driven LMaaS platforms to 
process billions of queries daily.
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Effective management of LMaaS platforms is critical.



Motivation
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Example of LMaaS Management Platform

Effective management of LMaaS platforms is critical.

Goal of LMaaS Management
Q1: Scaling LLM instances:
• avoid resource under- or 

over-provisioning

Q2: Routing LLM requests:
• ensure load balance across 

LLM instances 

• Two-phase autoregressive LLM generation
• KV cache memory is the primary serving 

bottleneck; eviction increases latency



Challenges

LMaaS exhibits distinct characteristics that introduce new management challenges. 
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Real-world LLM Service Workload from Azure

High Service Workload Variability High Request Load Variance

Ø Substantial TPS fluctuations
Ø Unpredictable peak demands
Ø Long cold-start issues

Ø Prefill and decode stress different resources
Ø Request load varies by orders of magnitude
Ø Resource demand increases during generation

Traditional service management techniques are not suitable for LMaaS.



Opportunities

We propose hierarchical (global and local) prediction for proactive management.
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Service-level Workload Prediction
• forecast aggregate demand from historical TPS
• pre-scale resources for upcoming time windows

Request-level Load Prediction
• estimate load for individual LLM requests
• model resource trend of each LLM instance

(a) Proactive + Reactive Scaling Framework
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Methods

PreServe: a hierarchical prediction-based LMaaS management framework
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The overall framework of PreServe

Service-level Workload Prediction
• forecast aggregate demand from historical TPS
• pre-scale resources for upcoming time windows

Request-level Load Prediction
• estimate load for individual LLM requests
• model resource trend of each LLM instance
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Service-level Workload Prediction
• forecast aggregate demand from historical TPS
• pre-scale resources for upcoming time windows

Request-level Load Prediction
• estimate load for individual LLM requests
• model resource trend of each LLM instance
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An mLSTM model captures long-
term trends to predict aggregate 
TPS over 10-minute intervals.
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Service-level Workload Prediction
• forecast aggregate demand from historical TPS
• pre-scale resources for upcoming time windows

Request-level Load Prediction
• estimate load for individual LLM requests
• model resource trend of each LLM instance
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An mLSTM model captures long-
term trends to predict aggregate 
TPS over 10-minute intervals.

A lightweight model estimates 
the individual request load based 
on semantics in real time.

Challenges:
• Strict latency requirement
• Limited training data
• Long-tail response lengths

Solutions:
• Use DistilBERT
• Use PLM + prompt tuning
• Use bucket-wise augmentation
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Service-level Workload Prediction
• forecast aggregate demand from historical TPS
• pre-scale resources for upcoming time windows

Request-level Load Prediction
• estimate load for individual LLM requests
• model resource trend of each LLM instance
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An mLSTM model captures long-
term trends to predict aggregate 
TPS over 10-minute intervals.

A DistilBert model estimates 
the individual request load 
based on semantics in real time.

Construction of local load  
forecasts for each instance

Predict D → forecast future KV usage 
→ refine when actual length deviates
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The overall framework of PreServe

Proactive Instance Scaler
• combine both long- and short-

term resource demands
• estimates optimal instance 

count for auto-scaling

Load-aware Request Router
• consider both current and 

anticipated future loads 
• determine the optimal request 

using "what-if" analysis
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Improving resource utilization while ensure load-balancing

Short-term correction: 
• scale up when predicted 

overload appears

• "what-if" analysis: virtually place 
the request into each instance

• choose the instance with 
minimum predicted total load



Experiments

RQ1: Hierarchical Prediction Accuracy
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Settings
• Implementation: 3.5K lines of Python code 

with a non-intrusive paradigm
• Framework: vLLM
• Testbed: 96-core CPU 512 GiB RAM with eight 

NVIDIA A40 GPUs (40GB)

Achieves SOTA prediction accuracy in both levels

• Model: LLaMA-2-7B and 13B
• Workload:

• Azure LLM inference trace
• 44M requests from two production 

services, azure-code and azure-chat
• ShareGPT datasets

• 90,000+ real-world LLM conversations



Experiments
RQ2: Instance Scaling

Service-level Management Comparison:

• Reduces peak normalized latency by 
45.1% than Llumnix [OSDI’24].

• Cuts resource usage by 49.4% with 
minimal SLO violations

• (Llumnix: –48.3% but high violations)
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Instance-level Optimization Comparison:

• Uses only 4.35 GPUs on average while 
maintaining better performance than 
LoongServe with 6 GPUs.

• PreServe is orthogonal to these 
instance-level approaches.



Experiments

RQ3: Request Routing
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Reduces mean TTFT, P99 normalized latency, SLO violation rate by 47.4%, 41.3% and 66.58% compared to Llumnix [OSDI’24].

RQ4: Management Efficiency

Introduces only 45.5 ms overhead on average, 
just 0.23% of request e2e latency.



Conclusion
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Motivation Method Results

Contact: zhjiang@link.cuhk.edu.hk
Pre-print paper Artifact

PreServe: Intelligent Management for LMaaS Systems via Hierarchical Prediction

http://zhjiang@link.cuhk.edu.hk

