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What is iterative dynamic programming (IDP)?
A type of dynamic programming to solve the optimal control problem by:

@ Breaking the control u(t) into k stages.
@ Guess several profiles for the stagewise constant controls u.

@ Use the guessed controls uk to calculate a guessed continuous state
profiles X(t), S(t), etc.

@ Starting at the final time and working backward, find out which of the
guessed controls was the best and remember it for the next iteration.

Animation 1: Basic IDP algorithm
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CVP vs. IDP

CVP seems to be more popular than IDP. Why?

@ Fast! At least 4x faster than IDP, often 20x faster.

@ Easy (Matlab optimization toolbox, etc).

@ Gradient method: fast in general, very fast near the solution.
@ IDP sometimes has noisy controls.

What's good about IDP though?

@ Stochastic method: if sufficient samples are taken, likely to find global
optimum.

@ No sensitivity derivatives needed.

@ Obtains an approximate solution very quickly.

@ Very simple algorithm (although maybe not after I'm done with it).
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IDP often leads to noisy controls:

@ Animation 3: Basic IDP with 50 stages
@ Try a first-order control filter after every iteration.
@ Animation 4: First-order control filter
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First-order control filter can over-filter.
How about filtering more where ® is hurt less?

1: if no test controls improve ¢ then

2:  for each test control do

3 if test control leads to a smoother control profile then
4 Ys = exp [%}— (0,1)

5: end if

6: end for

7. Choose the test control with the largest 7

8: end if

@ Temperature cools with control region size and number of iterations.
@ Animation 5: Simulated annealing filter
@ Less likely to find local minima for this problem.
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Simulated Annealing Filter
Damping

Pivot Point Test Controls
Linear Controls

Smoothing IDP

Control Damping

How about punishing control activity directly?
0 P =0—-0,
&, = discrete second derivative of controls.
Animation 6: Damping
Changes the problem!
Was often harmful to solution if large enough to filter well.

Good in small doses in combination with other methods.
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Pivot Point Test Controls

Regular test controls work backwards one stage at a time.

Why not change two stage controls at a time?
@ Animation 7: Pivot points (show every test control)
@ Animation 8: Pivot points (show every stage)
@ Very fast convergence (to local minima).
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Big Problem with Smoothing

All the smoothing techniques caused local minima to be found.

Solve using two-step process:
@ Solve most of the way using basic IDP.
@ Solve some more with smoothed IDP.
The two-step results?
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Smoothing IDP

Why not try a stagewise linear discretization of controls?
@ Animation 9: Continuous linear controls (show every stage)
@ Useful; seems to obtain equivalent ® but smoother.
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Conclusions

Conclusions

@ Several smoothing methods were developed for IDP which greatly
increase convergence speed. If used with the two-step procedure, you
get the best of both worlds:

o Resistance to local minima.
e Fast convergence near the solution.
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