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Problem setup
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State-of-the-art techniques

DL Inference
» On-device inference [lborra et al., 2016]
> Utilize only local DL model to infer the incoming data
» DNN partitioning: [Tang et al., 2017]

» Partition the whole DL model into two partitions subject to
their capacities

» Inference-load balancing: [Wang et al., 2018], [Fresa et al.,
2023]

» Offload a part of data to the remote server subject to resource
availability
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Hierarchical Inference
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Confidence
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Thresholding confidence
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For a task n with confidence Z, and threshold 6 € [0, 1] the offload
decision is given by,
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Thresholding policies

In = ]l{Z,,<9}

Fixed threshold policy
A stochastic threshold policy with a fixed threshold

Random threshold policy
A policy where the threshold is a random variable with distribution
¢ at any time t

Piecewise random threshold policy
A stochastic threshold policy where the threshold 6 is independent
for each task n and is identically distributed for all times
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System with offload queuel®
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» Total arrivals A¢, total offloads O;, max service tasks C;

» Misclassification error ¢, Total errors:

E2 ) o,

nEAt

» Queue evolution: Q; = max{Q:;_1 — C; + O, 0}
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Objective

Minimize the limiting-average errors in the system by ensuring
queue stability
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Unknown
» Confidence distribution is unknown

» Confidence-to-mismatch relationship is unknown

Control parameter

» Offloading thresholds for every incoming task
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Online learning

Partial feedback
> &, for local accepted tasks are unknown

Delayed feedback

» &, for tasks in queue revealed after some delay
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Blackbox Online learning with delayed feedback
(BOLD)-Hedge-Q policy
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Limiting bounds

Regret analysis
The regret of Black-box Online learning under Delayed Feedback
(BOLD)-Hedge-Q policy is given by

RH = 0 ()\m <<AV + 1) |ogyz,|> ’ T§>

Total errors

Let Ey € Z denote the limiting error observed when used the
optimal threshold 8y € Z. The limiting error under BOLD Hedge-Q
is upper-bounded as

_ _ B
lim EEH < (Ep+ = | A1
Tinoo T < 0+ V>
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Simulation results
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ImageNet: Average queue length and mismatch errors of BOLD Hedge-Q for varying
arrival rate A with ¢ = 0.4 and n = 0.1. Dashed lines represent Full-offload; solid red
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Conclusion

v

v

Utilized Hierarchical Inference framework for better accuracy
Edge device framework included an offload queue

Modeled into a constrained-optimization problem of
minimizing total mismatch errors subject to queue stability

Noticed partial and delayed feedback problems
Proposed BOLD-Hedge-Q policy to achieve our objective

Derived robust performance bounds for any arrival and service
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