Investigating MDP Optimization

Approaches

to the De Novo DNA Fragment Assembly Problem

DNA Fragment Assembly Problem

Need to sequence DNA for biological research, but can only read fragments

True DNA sequence (unknown):

TTACICGTIGC

Data: Unordered set of fragments (reads) from the true sequence

F, = TACCG

NP-Hard!

F, = CGTGC

Goal: find the correct permutation of reads...

[F3, Fy, Fy, F7 |

... which can then give the solution sequence when aligned
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Prior RL work!1ll2l models problem
as optimization on episodic MDP

Data: n error-free reads with the same orientation
*State space: permutations of up to n reads

*Action space: any read not in current state
 Deterministic transitions: state is a list of actions taken

*Rewards: overlap (given by PM) between the action taken
and the previous action —i.e. the two most recent reads
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PM(F, Fy) + 1.1

Terminal states: permutations of length n
3,4, 1, 2]

Proposed Improvements

Shortcoming: Learning Algorithm

Only e-greedy Q-learning has been tested:
* Struggles to propagate values in large state space
* Unnecessary exploitation in optimization setting

improvement: Real-Time Dynamic Programming!®

Heuristic search: maintains upper bounds of state values
Select actions greedily

After each episode, backup values in reverse

with Bellman operator

PM (Fs, Fy) + 0.1
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Shortcoming: MDP is a tree

Wasted time in re-learning values of suffixes
Improvement: Represent states with tuple of

(set of previous actions, latest action)
ex. [3,4,1,2]= ({1, 3,4}, 2)
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Simulation Experiments

Experiments run on simulated microgenomes for 500,000 episodes
Algorithms: €-greedy Q-learning vs. Real-Time Dynamic Programming (RTDP)
* Uniformed RTDP (degenerate heuristic) vs. Informed RTDP

State representations: list vs. tuple; ex. 3,4, 1, 2]) vs. ({1, 3,4},2)

Preliminary Results

RTDP performs suspiciously well
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