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il UDAVA approach
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il UDAVA approach

@ Time series data is divided into
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used to learn a set of clusters.
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il UDAVA approach
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il Deployment
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il Deployment

1 {"param": {"modeluid": "618b9b95-7805"7},
2 "scalar": {
3 "headers": ["date","SpindleTorque"],
4 "data": [
5 ["2017-08-23 17:57:00", 101.2],
Split into Compute Assign feature ° L*2017-08-23 17:57:057, 1@1.3],
subsgquencesteatureSectorsH ve%torsto 7 L"2e17-08-23 17:57:10", 101.2],
clusters 8 ["2017-08-23 17:57:15", 101.3],
\ 9 ["2017-08-23 17:57:20", 101.4],
{ \ 10 ["2017-08-23 17:57:25", 101.5], 1 } }
JSON Response Listing 1: Example JSON request to UDAVA APIL.
JSON Request
> ifeetell FlID :I\\/n;r?:lllglr?ames .
- Variable names 1 {"param": {"modeluid": "618b9b95-7805"7},
- Time series data - Cluster labels and "scalar":
deviation metric 2 scalar™: {
3 "headers": ["date","cluster","metric"],
4 "data": [
_ 5 ["2017-08-23 17:57:05", @, 16.77],
Client 6 ["2017-08-23 17:57:20", 1, 38.741, 1 } }

Listing 2: Example JSON response from UDAVA APIL.



sl Outline

Background
Approach
Deployment
Evaluation

Future work

11



st Evaluation

Can UDAVA discover process behavior patterns?
Can we use UDAVA to detect shifts/drifts in production cycles?

How can UDAVA be deployed, tested and maintained
in industrial production environments?

Use cases:

— Aerospace domain

— Automotive domain
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sl  Evaluation: Aerospace use case
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sl Evaluation: Aerospace use case
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°
wall Evaluation: Deployment

* DVC (Data Version Control) for data/model versioning and
tracking/cachinginput and output of pipeline stages

* Improving greenness of pipelines
* Reducing pipeline debt
* Federatedlearning for data security

* Continuallearning and domain adaption



wall Evaluation: Deployment
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3 OP390_NC_SP_Torque UDAVA_Metric OP390_NC_SP_Torque UDAVA_Metric 8.4195
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sl Future work

* Al-driven control of manufacturing processes
* Multi-sensor data synchronization

* User involvementin ML-infused systems
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miill  Future work: Multi-sensor data synchronization
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miill  Future work: User involvement

Rotating Grinding Wheel | Rotating Grinding Wheel + Coolant Roughing Roughing Spark Out  « Dressing Operation | Finishing

Finishing Spark Out

2,200,000 2.400.000 2,600,000 2.800.000 3,000,000 3,200,000 3,400,000 3,600,000 3.800.000 4,000,000

4,400,000

3,400,000 3,600,000 4,000,000 4,200,000 4,300,000

2400000 2.600.000 2,800,000 3,000,000

4,600,000

4 666 000

4,800,00C

4,800,000

21



miill  Future work: User involvement
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