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Outline

• Resource-wasting multi-model inference workloads

• Rule-based scheduler

• Learning-based scheduler

• Evaluation

• Conclusion
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Multi-Model Inference Workloads

walking dogs

Image Labeling

Image Retrieval
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Multi-Model Inference Workloads

walking dogs

Image Labeling

Image Retrieval
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Data Trading Platform

Raw 
Data

Labels

Multi-Model Data Labeling Workloads

Data Search Engine

Object 
Detector

Scene 
Classifier

...

person, 0.994
chair, 0.565
tv monitor, 0.996
pub, 0.727
beer hall, 0.198

...
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Observation

CV 
Models Raw Images
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Observation

Wasted computing 
resources!
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Observation

Wasted computing 
resources!



9

Data-Driven Analysis

394,170 images
30 CV models
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Data-Driven Analysis

Executing ALL models.

394,170 images
30 CV models
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Data-Driven Analysis

Executing models that 
output VALUABLE labels.

394,170 images
30 CV models
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Data-Driven Analysis

394,170 images
30 CV models

Valuable(model, img) = (Output(model, img).conf > 0.5).any() ? True : False;
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Data-Driven Analysis

394,170 images
30 CV models

Valuable(model, img) = (Output(model, img).conf > 0.5).any() ? True : False;

Executing models RANDOMLY.
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Key Idea

Without assumption of input data distribution, 
how to predict the value of models before execution?
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Key Idea

Without assumption of input data distribution, 
how to predict the value of models before execution?

IMPOSSIBLE for single-model workloads ...
But not for the multi-model tasks!
We can get hints from executed models.
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Outline

• Resource-wasting multi-model inference workloads

• Rule-based scheduler
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Manual Rules

Unknown
Content

Object 
Detector

Action 
Classifier

Vehicle 
Classifierperson, 0.82

car, 0.05
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Limitations

• Hard to express the non-pairwise rules.

• Too expensive for large-scale semantic labels.

• Challenging to tune the effects of multiple rules.
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Limitations

• Hard to express the non-pairwise rules.

• Large-scale semantic labels (>1000 labels in our workloads).

• Effects of multiple rules are difficult to tune.

Deep learning could help!
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Outline

• Resource-wasting multi-model inference workloads

• Rule-based scheduler

• Learning-based scheduler

• Evaluation

• Conclusion
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Framework
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Framework

One dimension per label.
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Framework

One action per model.



26

Framework

For versatility of DRL agent, 
resource constraints are left to 

scheduling algorithms.
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Framework

Reward:
r(w, d) = log(✓m

P
li2O0({m},d) li.conf + 1), O0({m}, d) 6= ;

<latexit sha1_base64="K2xUXXt18QCcpdNrpr+d2hagCJ4="></latexit><latexit sha1_base64="03z/36mB6NMny8N8UK1qDGXUk58="></latexit><latexit sha1_base64="03z/36mB6NMny8N8UK1qDGXUk58="></latexit><latexit sha1_base64="smsdBY/Qop0e3TGwTHP+JUUpuZY="></latexit>

r(w, d) = �1, O0({m}, d) = ;
<latexit sha1_base64="TBTnU0xNMh0LY+XzDcuKR6vfjZo="></latexit><latexit sha1_base64="GB5rd5RjxUyaB/X8THQVgE9/1zU=">AAACC3icbVA9SwNBEN3zM8avqKXNkiBG1HBno00gaGOngtFALoS9zUSX7N4du3PKcaS3sfN32FgoYusfsPPfuEks1Phg4O17M+zMC2IpDLrupzMxOTU9M5uby88vLC4tF1ZWL0yUaA51HslINwJmQIoQ6ihQQiPWwFQg4TLoHQ38yxvQRkThOaYxtBS7CkVXcIZWaheKuny709mq7no79GSz7GfK79s3rVIfVIypAWwXSm7FHYKOE++blGpFf/vhs5aetgsffifiiYIQuWTGND03xlbGNAouoZ/3EwMx4z12BU1LQ6bAtLLhLX26YZUO7UbaVoh0qP6cyJgyJlWB7VQMr81fbyD+5zUT7B60MhHGCULIRx91E0kxooNgaEdo4ChTSxjXwu5K+TXTjKONL29D8P6ePE4u9iqeW/HOvFLtkIyQI+ukSMrEI/ukRo7JKakTTu7II3kmL8698+S8Om+j1gnne2aN/ILz/gUHe5uE</latexit><latexit sha1_base64="GB5rd5RjxUyaB/X8THQVgE9/1zU=">AAACC3icbVA9SwNBEN3zM8avqKXNkiBG1HBno00gaGOngtFALoS9zUSX7N4du3PKcaS3sfN32FgoYusfsPPfuEks1Phg4O17M+zMC2IpDLrupzMxOTU9M5uby88vLC4tF1ZWL0yUaA51HslINwJmQIoQ6ihQQiPWwFQg4TLoHQ38yxvQRkThOaYxtBS7CkVXcIZWaheKuny709mq7no79GSz7GfK79s3rVIfVIypAWwXSm7FHYKOE++blGpFf/vhs5aetgsffifiiYIQuWTGND03xlbGNAouoZ/3EwMx4z12BU1LQ6bAtLLhLX26YZUO7UbaVoh0qP6cyJgyJlWB7VQMr81fbyD+5zUT7B60MhHGCULIRx91E0kxooNgaEdo4ChTSxjXwu5K+TXTjKONL29D8P6ePE4u9iqeW/HOvFLtkIyQI+ukSMrEI/ukRo7JKakTTu7II3kmL8698+S8Om+j1gnne2aN/ILz/gUHe5uE</latexit><latexit sha1_base64="Vyt4TicEYjmDPi3s4cDlTosallM=">AAACC3icbVC7SgNBFJ2NrxhfUUubwSBG0LBro00gaGNnBKNCdgmzkxsdMrO7zNxVliW9jb9iY6GIrT9g5984eRS+Dlw4c869zL0nTKQw6LqfTmFqemZ2rjhfWlhcWl4pr65dmDjVHFo8lrG+CpkBKSJooUAJV4kGpkIJl2H/eOhf3oI2Io7OMUsgUOw6Ej3BGVqpU97U1bvd7k59z9ulp9tVP1f+wL5pnfqgEswMYKdccWvuCPQv8SakQiZodsoffjfmqYIIuWTGtD03wSBnGgWXMCj5qYGE8T67hralEVNggnx0y4BuWaVLe7G2FSEdqd8ncqaMyVRoOxXDG/PbG4r/ee0Ue4dBLqIkRYj4+KNeKinGdBgM7QoNHGVmCeNa2F0pv2GacbTxlWwI3u+T/5KL/Zrn1rwzr9I4msRRJBtkk1SJRw5Ig5yQJmkRTu7JI3kmL86D8+S8Om/j1oIzmVknP+C8fwHrg5h1</latexit>
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newly updated labels
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Sum of label confidencePriority parameter
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Logarithmic smoothing
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Punishment
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DRL Agent

• Deep Q-Network
• input -> dense-layer -> ReLU -> (N+1)-output

• The +1 action is an END action
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DRL Agent

• Deep Q-Network
• 1104-input -> 256-dense -> ReLU -> (30+1)-output

• The +1 action is an END action

• The reward of selecting END is 0
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DRL Agent

• Deep Q-Network
• 1104-input -> 256-dense -> ReLU -> (30+1)-output

• The +1 action is an END action

• The reward of selecting END is 0

• Training mechanisms:
• Original DQN

• Double DQN

• Dueling DQN

• Deep SARSA
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Adaptive Scheduling

• An adaptive submodular function maximization problem.

• Existing approximate algorithms with performance 

guarantee is infeasible for our problem, since they require 

partial permutation on items.
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Adaptive Scheduling

• Two common constraints of computing resources are 

studied:
1-D Deadline Constraint 2-D Deadline-Memory Constraints
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Adaptive Scheduling

• An adaptive submodular function maximization problem.

• Two common constraints are studied:
1-D Deadline Constraint

Based on model profiling on sampled data.
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Adaptive Scheduling

• An adaptive submodular function maximization problem.

• Two common constraints are studied:
1-D Deadline Constraint
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Adaptive Scheduling

• An adaptive submodular function maximization problem.

• Two common constraints are studied:
2-D Deadline-Memory Constraints

Step#1:
Determine the temporary deadline.
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Adaptive Scheduling

• An adaptive submodular function maximization problem.

• Two common constraints are studied:
2-D Deadline-Memory Constraints

Step#2:
Greedily fill in the memory pool.
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Adaptive Scheduling

• An adaptive submodular function maximization problem.

• Two common constraints are studied:
2-D Deadline-Memory Constraints
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Outline

• Resource-wasting multi-model inference workloads

• Rule-based scheduler

• Learning-based scheduler

• Evaluation

• Conclusion
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Experimental Setup

Task Label#
Object Detection 80

Scene Classification 365

Face Detection 1

Face Landmark Localization 70

Pose Estimation 17

Emotion Classification 7

Gender Classification 2

Action Classification 40

Hand Landmark Localization 42

Dog Classification 120

10 Tasks 1104 Labels

Multi-Model Image Labeling Workloads

MIRFLICKR-25k

MSCOCO-2017
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Evaluation: DRL Agent
Different Training Mechanisms
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Evaluation: DRL Agent

Saving 48.6-51.2% execution time 
without loss of valuable labels.

Better

Recall=1.0
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Evaluation: DRL vs. Rules

10 Manual Rules

Saving only 1.4% execution time 
when required recall is 1.0.
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Evaluation: Model Priority

Adjusting priority of the face-detection model. 

r(w, d) = log(✓m
P

li2O0({m},d) li.conf + 1), O0({m}, d) 6= ;
<latexit sha1_base64="K2xUXXt18QCcpdNrpr+d2hagCJ4="></latexit><latexit sha1_base64="03z/36mB6NMny8N8UK1qDGXUk58="></latexit><latexit sha1_base64="03z/36mB6NMny8N8UK1qDGXUk58="></latexit><latexit sha1_base64="smsdBY/Qop0e3TGwTHP+JUUpuZY="></latexit>

Priority parameter
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Evaluation: Scheduling Algorithms

1-D Deadline Constraint 2-D Deadline-Memory Constraints

Boosts 188.7-309.5% recall 
of valuable labels under 0.5s 

deadline constraint.

Boosts 106.9%/52.8% recall 
of valuable labels under 0.8s 

deadline and 8/12GB 
memory constraints.
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Outline

• Resource-wasting multi-model inference workloads

• Rule-based scheduler

• Learning-based scheduler

• Evaluation

• Conclusion
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The Take-Home Message

Adaptive model scheduling can improve the efficiency of
multi-model inference workloads by avoiding valueless execution.
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