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Important observations: LookAhead (LA) [1] enjoys better test performance than SGD

[1] Lookahead Optimizer: k steps forward, 1 step back, NeurIPS’19

ResNet 18 [1] LSTM [1]
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Important observations: LookAhead (LA) [1] enjoys better test performance than SGD

[1] Lookahead Optimizer: k steps forward, 1 step back, NeurIPS’19

ResNet 18 [1] LSTM [1]

Problems:

1. Why LA enjoys better test performance than SGD?

2. How to further improve LA?
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• optimal solution to empirical risk:

• approximate solution to empirical risk:

(1)

(2)
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• optimal solution to empirical risk:

• approximate solution to empirical risk:

(1)

(2)

• Excess risk error to measure test performance:

where is population risk.

test error best training error generalization error optimization error
(3)

excess risk error
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Excess risk error to measure test performance:

test error best training error generalization error optimization error

Theorem 1 (informal) Under proper assumptions, by setting conventional learning
rate , on convex problem we have

where kT is total training iteration number, n is training sample number.
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Since (1) optimum of is and (2) SGD = LA with

Lookahead enjoys smaller excess risk error (test error) than SGD
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Theorem 1 (informal) Under proper assumptions, by setting conventional learning
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Excess risk error to measure test performance:

test error best training error generalization error optimization error
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Theorem 2 (informal). strongly-convex problem with proper assumptions:

When problem is large-scale and iteration number T is not large,
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This also explains why Lookahead enjoys smaller excess risk error (test error) than SGD

Theorem 2 (informal). strongly-convex problem with proper assumptions:

When problem is large-scale and iteration number T is not large,
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Theorem 3 (informal). On nonconvex problem with PL condition

then we have
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By properly choosing ,

Lookahead can also enjoys smaller excess risk error (test error) than SGD
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Advantages:
• Local regularization improves loss convexity, e.g. ill-conditioned loss à well-conditioned one
• Local regularization helps avoid overfitting

Strategy: divide optimization into several stages and use lookahead to solve locally-regularized loss
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Theorem 4 (informal). Under proper assumptions, to obtain optimization error

The stochastic gradient complexity (stochastic gradient evaluation number, a.k.a. IFO) is
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Theorem 4 (informal). Under proper assumptions, to obtain optimization error

The stochastic gradient complexity (stochastic gradient evaluation number, a.k.a. IFO) is

By observing factors , and , SLRLA has smaller computational complexity than LA, meaning

SLRLA has smaller optimization error than LA under a given computational budget
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<latexit sha1_base64="UavU2jVWSa2aNCOsJCegOKk5oDw=">AAACEHicbVC7SgNBFJ2NrxhfUUubwSBahV0RtQzaWEYwD8iGMDu5SYbM7qwzd8W45BNs/BUbC0VsLe38GyePQhMPDBzOOZc79wSxFAZd99vJLCwuLa9kV3Nr6xubW/ntnapRieZQ4UoqXQ+YASkiqKBACfVYAwsDCbWgfznya3egjVDRDQ5iaIasG4mO4Ayt1Mof+gj3mKoYRSgexiIFrZUeUl/CLfUhNkKOkgW36I5B54k3JQUyRbmV//LbiichRMglM6bhuTE2U6ZRcAnDnJ8YiBnvsy40LI1YCKaZjg8a0gOrtGlHafsipGP190TKQmMGYWCTIcOemfVG4n9eI8HOeTMVUZwgRHyyqJNIioqO2qFtoYGjHFjCuBb2r5T3mGYcbYc5W4I3e/I8qR4XvdOid31SKF1M68iSPbJPjohHzkiJXJEyqRBOHskzeSVvzpPz4rw7H5NoxpnO7JI/cD5/ADvonfU=</latexit>

optimization error  ✏
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Theorem 4 (informal). Under proper assumptions, to obtain optimization error

the generalization error is

<latexit sha1_base64="UavU2jVWSa2aNCOsJCegOKk5oDw=">AAACEHicbVC7SgNBFJ2NrxhfUUubwSBahV0RtQzaWEYwD8iGMDu5SYbM7qwzd8W45BNs/BUbC0VsLe38GyePQhMPDBzOOZc79wSxFAZd99vJLCwuLa9kV3Nr6xubW/ntnapRieZQ4UoqXQ+YASkiqKBACfVYAwsDCbWgfznya3egjVDRDQ5iaIasG4mO4Ayt1Mof+gj3mKoYRSgexiIFrZUeUl/CLfUhNkKOkgW36I5B54k3JQUyRbmV//LbiichRMglM6bhuTE2U6ZRcAnDnJ8YiBnvsy40LI1YCKaZjg8a0gOrtGlHafsipGP190TKQmMGYWCTIcOemfVG4n9eI8HOeTMVUZwgRHyyqJNIioqO2qFtoYGjHFjCuBb2r5T3mGYcbYc5W4I3e/I8qR4XvdOid31SKF1M68iSPbJPjohHzkiJXJEyqRBOHskzeSVvzpPz4rw7H5NoxpnO7JI/cD5/ADvonfU=</latexit>

optimization error  ✏
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By comparison,

SLRLA has smaller generalization error than LA

Theorem 4 (informal). Under proper assumptions, to obtain optimization error

the generalization error is

<latexit sha1_base64="UavU2jVWSa2aNCOsJCegOKk5oDw=">AAACEHicbVC7SgNBFJ2NrxhfUUubwSBahV0RtQzaWEYwD8iGMDu5SYbM7qwzd8W45BNs/BUbC0VsLe38GyePQhMPDBzOOZc79wSxFAZd99vJLCwuLa9kV3Nr6xubW/ntnapRieZQ4UoqXQ+YASkiqKBACfVYAwsDCbWgfznya3egjVDRDQ5iaIasG4mO4Ayt1Mof+gj3mKoYRSgexiIFrZUeUl/CLfUhNkKOkgW36I5B54k3JQUyRbmV//LbiichRMglM6bhuTE2U6ZRcAnDnJ8YiBnvsy40LI1YCKaZjg8a0gOrtGlHafsipGP190TKQmMGYWCTIcOemfVG4n9eI8HOeTMVUZwgRHyyqJNIioqO2qFtoYGjHFjCuBb2r5T3mGYcbYc5W4I3e/I8qR4XvdOid31SKF1M68iSPbJPjohHzkiJXJEyqRBOHskzeSVvzpPz4rw7H5NoxpnO7JI/cD5/ADvonfU=</latexit>

optimization error  ✏
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SLRLA has better test performance than SGD and (stagewise) LA



Conclusion
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• Problems:

(1) Why Lookahead enjoys better test performance than SGD?

LookAhead enjoys smaller excess risk error than SGD

(2) How to further improve LookAhead?

we propose a stagewise locally-regularized Lookahead with provable performance



Thanks !
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