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Motivation

• Scope: all optimization problems with composite objective functions

• Problem with line-search FISTA [1]: Lipschitz constant estimate can
only increase while the algorithm is running

• FISTA converges slowly when

– L0, the initial Lipschitz constant estimate exceeds the actual value
– the local curvature of the smooth part of the objective is large near the

starting point but decreases around the optimum

• We formulate a FISTA-like method with fully adaptive line-search

Idea
• Nesterov’s FGM [2] is derived using the estimate sequence framework

• Augmented estimate sequence [3]

– can construct z-FISTA, equivalent to FISTA
– endows z-FISTA with full adaptive line-search
– generalizes to strong convexity [3]

Results

Robust line-search FISTA

Algorithm 1 A robust FISTA-like algorithm
1: z0 = x0, T0 = 0
2: for k = 0,...,K-1 do
3: L̂ := γdLk

4: loop
5: t̂ := 1+

p
1+4L̂Tk

2L̂
. Step size validation

6: T̂ := Tk+ t̂
7: ŷ := 1

T̂
(Tkxk+ t̂zk)

8: x̂ := pL̂(ŷ)
9: if f (x̂)≤UL̂,ŷ(x̂) then stop search

10: else L̂ := γuL̂
11: end loop
12: zk+1 = zk+ t̂L̂(x̂− ŷ) . State update
13: Lk+1 := L̂, xk+1 := x̂, Tk+1 := T̂
14: end for

Type Symbol Domain Description z-FISTA

Input x0 Rn initial estimate of x∗ same
Input L0 (0,∞) initial estimate of L f same
Input γu (1,∞) increase rate of L̂ same
Input γd (0,1) decrease rate of L̂ none
Internal L̂ (0,∞) estimate of L f same
Internal x̂ Q estimate of xk+1 same
Internal ŷ Rn estimate of yk+1 yk+1
Internal t̂ (0,∞) weight of zk+1 tk+1 / Lk+1

Internal T̂ (0,∞) estimate of Tk+1 Tk+1 / Lk+1

Output xK Q final estimate of x∗ same

Convergence analysis
• Provable convergence rate is automatically updated as the algorithm is

running

F(xk)−F∗ ≤ 1
2Tk

‖x0−x∗‖2
2, ∀k ≥ 1 (1)

• Worst case rate is same as FISTA

F(xk)−F∗ ≤ 2γuL f

(k+1)2‖x0−x∗‖2
2, ∀k ≥ 1 (2)

• The rate Tk is better than the corresponding value t2
k / Lk in FISTA

Complexity analysis

Iteration complexity FISTA Nesterov’s AMGS Our method
(oracle function calls) f 5 f proxτΨ f 5 f proxτΨ f 5 f proxτΨ

Step size validation 2 1 1 0 2 1 2 1 1
Backtrack 1 0 1 0 2 1 2 1 1

State update 0 0 0 0 0 1 0 0 0

Iteration without backtrack 2 1 1 0 2 2 2 1 1

Numerical analysis
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Conclusions
• Backtracks rarely occur

• Cheaper iterations than Nesterov’s AMGS [4]

• Faster than both FISTA and Nesterov’s AMGS

• Extents to strongly convex case
– particular case of the Accelerate Composite Gradient Method [3]
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