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Supplementary Figures
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Supplementary Figure 1: The performance of DeepCubeA using a depth-2 breadth-first search.
While a depth-2 breadth first search uses more information than a depth-1 breadth-first search,
the plots show that the performance of a depth-2 breadth-first search is the same as DeepCubeA.
However, it is considerably more expensive computationally. The dashed lines represent the true

average cost-to-go.
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Supplementary Figure 2: The performance of imitating the optimal cost-to-go function. Attempting
to imitate the optimal value function leads to, at best, similar performance to DeepCubeA. The

dashed lines represent the true average cost-to-go.
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Supplementary Figure 3: The deep neural network architecture used by DeepCubeA. The cube
state is entered in the input layer (ip) and activities are propagated forward through a series of fully
connected layers (fc) to produce the cost-to-go estimate at the output layer.
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Supplementary Figure 4: Effects of BWAS hyperparameters on Rubik’s Cube solving performance.

Solve the Rubik's Cube Using Deep Learning

Use the mouse to turn the cube.

Turn the faces with the U/D/L/R/B/F keys. Hold shift to turn faces couter-clockwise.
Press scramble to randomly scramble the cube. Press solve to solve the cube using deep learning!

Supplementary  Figure 5:
(http://deepcube.igb.uci.edu/).
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Supplementary Figure 6: The performance of DeepCubeA vs pattern databases (PDBs) when solv-
ing the 35-puzzle with BWAS. N = 10,000 and A = 0.0, 0.3, 0.6. Each dot represents the result
on a single state. DeepCubeA is almost always faster than PDBs and always produces shorter
solutions. The large shapes represent the average of the respective run. The results show that Deep-
CubeA, on average, always produces shorter solutions and, on average, is faster than PDBs for two

of the three assignments of .
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Supplementary Figure 7: The performance of DeepCubeA vs pattern databases (PDBs) when solv-
ing the 48-puzzle with BWAS. N = 10, 000 and A is either 0.0, 0.2, or 0.4. Each dot represents the
result on a single state. DeepCubeA is generally faster than PDBs and generally produces shorter

solutions than PDBs.
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