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ML-Based Interactive Applications Are Pervasive
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Serving Platforms Use Batching as a Knob

Existing systems view latency utility as binary: meeting SLOs or not

to maximize throughput and minimize SLO violations

Users

Request Queue Scheduler

Submit

Requests

Predictions

“Use batch size 4”
maximizes batch size 


while meeting latency SLOs

3



Batch Size Tuning
Presents harsh latency-throughput tradeoffs
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Batch Size Tuning

Median latency improvements (17–39%) 

cause up to 3.6× throughput reductions

Presents harsh latency-throughput tradeoffs
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Median latency improvements (17–39%) 
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• Threshold Tuning:

• Cheap and controls accuracy

• Adjusts immediately to bound accuracy loss

• Ramp Tuning:

• Expensive and bounds latency

• Adjusts periodically to optimize latency savings
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↓Better

Threshold tuning is quick and achieves near-
optimal latency savings
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Evaluation

• How does Apparate compare with vanilla model inference?


• Non-generative workloads


• Generative workloads


• How does Apparate compare with baselines


• How does Apparate perform under different SLOs?


• How dose Apparate perform under different latency/acc budget?


• What’s the runtime overhead?


• …
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Performance on CV workloads
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Evaluation
Performance on CV workloads

↑Better

Up to 94% lower median latency than 
vanilla, and is close to optimal
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Evaluation
Performance on NLP workloads

Distilbert BERT-base

GPT2-mediumBERT-large
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Distilbert BERT-base

GPT2-mediumBERT-large

Apparate lowers median latencies by 10-24%
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Performance on generative workloads
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Evaluation
Performance on generative workloads
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Apparate lowers median TPT by 22–37% 

compared with vanilla Llama models
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Two layer inference systems worsen 
the tail latency due to running two 

models
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70 

CV: VGG11, VGG13 NLP: Distilbert, BERT-base

Apparate delivers up to 66% lower median latencies compared to these baselines

By placing an early ramp, EE’s saving 
is higher than the saving from only 

running the small model
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Apparate
The First Runtime Management System for Early Exit Networks


• Injects EEs for user-provided models without requiring manual effort or expertise


• Repurposes EEs for rapid results with continuous feedback for online adaptation


• Reduces per-request latency while meeting accuracy and overhead constraint


ThroughputAccuracy Latency

Source code available at https://github.com/dywsjtu/apparate

21


