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Mars 2020 Onboard Scheduler

* M2020 Rover mission is developing an onboard scheduler to utilize unexpected
additional resources (time, energy, data volume) from prior onboard execution.

* The Mars 2020 Onboard Scheduler is a (Rabideau and Benowitz 2017)

* single-shot, non-backtracking scheduler that

* schedules in priority first order and

* never removes or moves an activity after it is placed during a single scheduler run.
* Activities are not preempted

* It does not search except for

e Valid intervals calculations

+ sleep and preheat scheduling. Activity D is pinned to this time. If Activity D has

resource conflicts with B it will not be scheduled.
‘ ‘ Even if B could have been scheduled somewhere else,

B will not be removed after it has been scheduled.




Challenges with Priority Setting

* The order (activity priority) in which activities are considered for
scheduling will greatly affect how many activities can be scheduled and the
efficiency of the of the plan.
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peehiffi€ gecution uncertainty is even more difficult than that.

Different sets of activities could have
already execute%in the schedule

Activity D finishes early and C and B Activity D finishes late and C can no
can be scheduled earlier. longer fit in the schedule.




Preferred Time

* Activities can be given a preferred time. Preferred time

* Scheduler will try to place the activity as close to |
its preferred time as possible

* Defaults to earliest valid time.

* Preferred time can drastically affect the ﬁ

effectiveness of the schedule.

e Can affect whether or not activities will be able to
be scheduled.

. o . - Pref ime B

» Can affect how long certain setup activities will Preferred time A referred time
take. L
* E.g. Preheats take longer earlier in the day when it is I

colder.
e Other parameters may affect the effectiveness }

of the schedule, but are not considered for
this paper.




Squeaky Wheel

* The Squeaky Wheel Optimization Algorithm consists of
three components — the Constructor, Analyzer, and Constructor
Prioritizer — that repeat until an acceptable solution is OBP/Surrogate _
found or time runs out [Joslin & Clements, 1998]. A Solution

* The Constructor generates a schedule (lightweight,
fast) as the solution.

* |n our case, the constructor is the Onboard Scheduler .
(Surrogate). Activity

: L . L Analyzer
* Its inputs are the requested activities, dependencies, Priorities

resource and time constraints, and activity priorities.

* The Analyzer takes the solution, determines the
problem areas, and assigns blame to those areas.

* The Prioritizer takes the blamed elements (activities) o Blame
and assigns them new parameters so that the Prioritizer
Constructor may generate a better solution.




Parameter Search Monte Carlo

* Asingle output schedule from the Constructor is
insufficient when dealing with execution uncertainty. Constructor

* In Parameter Search, the Constructor is ran through a OBP/Surrogate Solution
Monte Carlo of (lightweight) simulations. A

* Activity final execution durations are varied based on a
probabilistic model of plan execution.

* All plan executions are then passed as the Solution to the

Analyzer. Activity

* The Analyzer assigns blame to every unscheduled Priorities Analyzer
activity.

* We present multiple Prioritizer variants

* Repeat until we find a priority set that satisfies some
measure of “goodness” OR a certain step bound (time
limit) is reached.

* “Goodness” is evaluated through a scoring function
described in Empirical Results

Blame
Prioritizer




Constructor

Schedul ted .
Q cheddie generate Execution

Activities, Constraints, and

Simuljations
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Schedules Generated during Execution

Simulation Output to Analyze

Aggregate Score

New Input Parameters (Scheduling Priorities and Preferred Time)



Challenges with Monte Carlo

* We are concerned with edge cases. However, a normal ;

Monte Carlo would take hundreds or thousands of runs Horig
in order to hit an accurate number of edge cases. Original
 How do we sample the rare event region (e.g. where activities o

fail to be scheduled)

* Importance sampling chooses samples from a new |
biased distribution which applies higher weight to the i
important regions[Rubinstein and Kroese 2016].

* Similar to Active Learning as we are actively querying a specific 5 i

subset of the problem space rather than the whole space. " Horig

* The samples from the new distribution are corrected by Translation
weighting against the likelihood ratio between the original, 20 20
f(X), and the biased, g(X), probability density functions ( —
fX)/g9(x))

 Two common Importance Sampling Methods are Scaling
and Translation |

Horig
Scaling

SPL



Analyzer (Scoring)

* Primary Metric: Number of activities scheduled

e Secondary metrics
* Handover SOC — SOC leftover at the end of the plan
e Cumulative distance from each activity’s preferred time (lower is better)
* Secondary metrics can be swapped or combined in a non-strict hierarchy



Max Step Reprioritization

* For each activity that is not scheduled,
assign it the highest priority.

e Since this is a fixed operation, it is
possible for Max Step Reprioritization
to encounter a cycle for a valid input
plan.

* When a cycle is encountered, randomly
restart.

 Can be too coarse in its search and
promote activities more than

necessary.

Higher Priority

Lower Priority
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Stochastic Step Reprioritization

* For each activity that is not scheduled, £
increase its relative priority by a §
random x € {1...len(activities)}. N

* The randomness allows us to escape cycles, =

plateus, and local maximas.

* It also emulates search without actually having to
search.

* Randomness doesn’t guarantee the solution
will be found.

o
Lower Priority
<

Runtime is not insignificant.
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Intersect Reprioritization

* For each activity that is not scheduled,
increase its priority above those that share
resource bits and have intersecting execution

time windows.

* Time is one of the most constraining
resources. Therefore, only promote above

activities where time is a conflicting resource.

* Energy is much harder to impact by changing
priorities.

Higher Priority

Lower Priority
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Intermediate Schedules

Intermediate Schedule
Generated during Execution

 Other methods focused on the final
executed schedule, but the
intermediate schedules may provide
additional information.

Final Executed Schedule

®0

* If an activity was executed, but not

scheduled in any intermediate G Q @ ______________
schedule, then its priority is increased

by (weight, * number of failed
schedules)

* |f an activity failed to execute then it’s
priority is increased by (WEightZ i Activity failed to schedule in

number of failed executions) this intermediate schedule,
So increase its priority



Preferred Time Manipulation

* 1) Start Time Windows - Preferred times of an activity is shifted such that the
activity’s expected placement does not intersect with the execution time
windows of activities that share resource bits.

* 2) Past Start Time — Shift activities awa?/ from regions where activities sharing
resource bits were successfully scheduled in previous Monte Carlos.

* Stochastically shift to Earliest Start, Midpoint, Latest Start, or random time within
execution time window if (1) and (2) are unable to provide a place to schedule the

activity.

Start Time Windows of
resource bit sharing activities Resource bit sharing

i Preferred time A activities in prior Preferred time A

! | | schedules i | | |
| | | I |

Start Time Windows Past Start Time



Portfolio

* Stochastically choose one of the previous heuristics at each step of
the search.

e Currently a uniform distribution, but a better distribution could be
learned.



Empirical Evaluation



Model to Vary Activity Durations

Use predicted and actual durations from MSL
Submaster Data

Scale actual durations values by dividing by
corresponding conservative durations

Use linear regression on scaled values to
derive mean and standard deviation

* Assume ratio of predicted to actual
execution times is normally distributed

Value on regression line for conservative
duration is mean

Activities complete on average 32 % early

Actual Duration (min)

Predicted Duration (min) vs Actual Duration (min)

200

150 4

100 A

50 -

Standard Deviation = 36.2692943977

50 100 150 200
Predicted Duration (min)

250

300
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Sol Type Variations

* Sol Types- currently best available data on expected M2020 rover
operations
* Not always completely serial, contain execution, dependency constraints
« 8 different sol type variations

* Average number of activities scheduled
e Higher (lower value) is better

Activity Duration Variance Shrink Execution Time Window Varied Incoming SOC

0% activities finish late (mean 70%)  90% overall size (-5% each side) 100% maximum SOC
10% activities finish late (mean 70%) 80% overall size (-10% each side) 90% maximum SOC
20% activities finish late (mean 70%) 70% overall size (-15% each side)  80% maximum SOC
30% activities finish late (mean 70%) 60% overall size (-20% each side)  70% maximum SOC

40% activities finish late (mean 70%) 50% overall size (-25% each side)  60% maximum SOC

19



Results

* All Parameter Search methods consistently beat

static methods

* Different methods perform better under

Difference from Perfect Score
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Difference from Perfect Score

Results

* Portfolio performs better than all other

methods overall.
e Converges faster

* Increase handover SOC

* Results are statistically significant (p < 0.01)
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Challenges with Monte Carlo

* We are concerned with edge cases. However, a normal
Monte Carlo would take hundreds or thousands of runs
in order to hit an accurate number of edge cases.

* How do we sample the rare event region (e.g. where activities
fail to be scheduled)

* Importance sampling chooses samples from a new
biased distribution which applies higher weight to the
important regions[Rubinstein and Kroese 2016].

* Similar to Active Learning as we are actively querying a specific
subset of the problem space rather than the whole space.

* The samples from the new distribution are corrected by
weighting against the likelihood ratio between the original,
f(X), and the biased, g(X), probability density functions (

fX)/9(X))

* Two common Importance Sampling Methods are Scaling
and Translation

Mdrig
Original

ﬂorig
Translation

20 2
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Scaling
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Future Work

* Learning techniques to improve portfolio weighting
e Current approach is too naive

* Better analysis of activities to avoid undershooting or overshooting

* Vaquero, T. et al., Temporal Brittleness Analysis of Task Networks for Planetary
Rovers. In Internal Conference on Automated Planning and Scheduling (ICAPS
2019), Berkeley, CA, USA, July 2019.

* Decreasing overall Monte Carlo runtime

* Will allow for more time to search the parameter space




Conclusions

* Parameter setting for M2020 OBP is challenging search problem

 Offline (ground) priority setting with Monte Carlo over a probabilistic
model of duration can be formulated as SWO (analogue) problem

* We have proposed and evaluated several approaches of Parameter
Search to solve the activity parameter assignment problem.

* Parameter Search outperforms all static algorithms for activity
parameter assignment.

* A portfolio of Parameter Search methods allows for robustness to multiple
types of plans



BACKUP



Methods

* Single Shift — One activity has a biased distribution. Translate (shift) its
mean by x
« x = 20. Chosen by trial and error, but can be any other value
* Potential for learning a good x
* Can use brittleness analysis to determine a better x for each activity

 Shifting multiple activities at the same time failed as that situation is too
unlikely (likelihood ratios for each activity get multiplied together)

* Scaling did not work too well as we are mostly concerned with
activities running late, not early



Temporal Brittleness Analysis for M2020 Task Network

M2020 Tasknet

|

i

)

\\W

0l

|

1]

R

i

(Ao

(

‘ Analyzer ‘

(a) z; X0y y X o, y X oy
a, a, ay

(b) zi'X 0y yXa, y X oy
| |
1 1 { i
-, =
a, a, ay

Brittleness measurement and
evaluation

444444444

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Vaquero, T. et al., Temporal Brittleness Analysis of
Task Networks for Planetary Rovers. In Internal
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Methods

* Adaptive — Allows the biased distribution to be changed over time

* Pseudocde:
1. Split the Monte Carlos into smaller batches, b; € B
2. Initial batch, by, has no biased distribution
3. b; adjusts every activity’s biased distribution based on analysis from b; _4
a. Ifscore is less than perfect, increase biased mean of all activities that ran long.
b. Use atabu list to ensure that the same activities aren’t being repeatedly biased
a. If every activity is in the tabu list, reset the tabu list.

* Can use brittleness to seed the initial batch b

* Use Gradient Descent to shift towards the best biased distribution

* Cost function determined by linear regression analysis of activity durations vs activities
dropped.
* If increase in activity duration => more activities dropped, increase biased mean
* If increase in activity duration => less or no more activities dropped, decrease biased mean



Methods

* Adaptive — Allows the biased distribution to be changed over time
* Pseudocde:
1. Split the Monte Carlos into smaller batches, b; € B
2. Initial batch, by, has no biased distribution
3.  b; adjusts every activity’s biased distribution based on analysis from b; _;
a. Ifscoreis less than perfect, increase biased mean of all activities that ran long.
b. Use atabu list to ensure that the same activities aren’t being repeatedly biased
a. If every activity is in the tabu list, reset the tabu list.

 Can use brittleness to seed the initial batch b,

* Use Gradient Descent to shift towards the best biased distribution

* Cost function determined by linear regression analysis of activity durations vs activities
dropped.

* If increase in activity duration => more activities dropped, increase biased mean
* If increase in activity duration => less or no more activities dropped, decrease biased mean
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