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Spectral-bias in MLPs slows convergence in Neural Value approximation and causes instability in off-policy RL

A Motivating Example Scaling up to Deepmind Control Suite

Spectral-bias in Value estimation
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FFN leads to faster convergence than SAC and improves stability thereby
retaining substantial performance on some tasks despite removing target-
network
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We learn the value function using a MLP with Fitted-Q-iteration (FQI)

FQI MLP@400 epochs Sup MLP@400 epochs Sup 12-layer MLP@400 Sup MLP@Z2k epochs .
epochs 0 20 ' '

~ e njen S /\ ~ i s ~ Ao FFN kernel Spectrum NTK cross-section — MLp

. ) _ — FFN _ - __ FFN

£, £, £ \:J £° u m i FFN kernel spectrum has larger eigenvalues on the high-frequency | / . N (e 20} gl A
d 5 " harmonics, thus improving convergence rate of the network 0 02 o4 06 08 T RSO MR M)
01 41 ) 2 Frames le6 ' | | Frames | | ]-e6
00 02 é)i:te [O,Orl()) 08 1.0 00 02 é)i:te [(),0{16) 08 1.0 00 02 géte [0,0'16) 08 1.0 00 02 é)izte [0,0116) 08 1.0 FFN |mpr0VeS Compute efﬁC'ency and matCheS MLP,S performance Wlth

Analyzing off-policy stability via NTK

only a fraction of compute
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MLPs have spectral-bias towards low-frequency function which slows
down value function convergence !!
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Neural Tangent Kernel (NTK) comparison
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LFF layer helps MLPs evade the spectral-bias

The improved learning stability allows us to remove the target network on

FFN can be extended to image domains in form of Fourier CNN (F-CNN)
a number of domains while retaining substantial performance.



