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Real-world optimization is parametric
parameter
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optimal solution
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z⋆(x)
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minimize f(z, x)
subject to z 2 ⌦(x)
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convex problem in z
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…but classical worst-case 

convergence bounds can 


be very loose!

gradient stepprojection

example: projected gradient descent
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zk+1(x) = ⇧⌦(x) (z
k � ✓krf(zk(x), x)| {z })

first-order methods

are popular…

<latexit sha1_base64="sbPWBDNbhNXQ7g2fhlPfkpsM9qc="></latexit>

zk+1(x) = T (zk(x), x)
fixed-point iterations



Building probabilistic guarantees for classical optimizers

step 2 
compute the 

empirical risk
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assume access to a 

dataset of parameters 
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{xi}Ni=1

step 3 
bound the risk
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solutionsparameters
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zk(xi)

step 1
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for each problem
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tolerancealgorithm steps

any metric 
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e(x) = 1(ℓk(x) > ϵ)

e.g., the fixed-point residual
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ℓk(x) = ∥zk(x)− zk−1(x)∥2

can we exploit the 

parametric structure to 

get tighter guarantees?



Tight guarantees for image deblurring

our probabilistic bounds 

are much tighter than 


classical worst-case guarantees!
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minimize (1/2)kAz � xk22 + �kzk1
subject to 0  z  1
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The learning to optimize paradigm
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loss

learning to optimize
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parameter
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<latexit sha1_base64="q4RidoqvkogkYoAGcK/q8ElKAPQ=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKRI9BL4KXBMwDkiXMTnqTMbOzy8ysEEK+wIsHRbz6Sd78GyfJHjSxoKGo6qa7K0gE18Z1v53c2vrG5lZ+u7Czu7d/UDw8auo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDvzW0+oNI/lgxkn6Ed0IHnIGTVWqt/3iiW37M5BVomXkRJkqPWKX91+zNIIpWGCat3x3MT4E6oMZwKnhW6qMaFsRAfYsVTSCLU/mR86JWdW6ZMwVrakIXP198SERlqPo8B2RtQM9bI3E//zOqkJr/0Jl0lqULLFojAVxMRk9jXpc4XMiLEllClubyVsSBVlxmZTsCF4yy+vkuZF2auUK/XLUvUmiyMPJ3AK5+DBFVThDmrQAAYIz/AKb86j8+K8Ox+L1pyTzRzDHzifP6WXjNo=</latexit>

K

learned optimizers have seen 

lots of empirical success… 

…however, they lack 

guarantees on unseen data



Optimizing PAC-Bayes guarantees for learned optimizers
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learning task
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min
Θ

E
θ∼Θ

E
x∼X

eθ(x)

distribution of algorithm weights

(e.g., step sizes, warm starts)

data-driven bound
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regularizerempirical risk

2. observe data
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{xi}Ni=1

3. learn the posterior
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Θ : θ ∼ Θ

1. pick a prior
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Θ0 before observing data 

4. bound the performance
McAllester 1999 Maurer 2004
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P

(
E

θ∼Θ
E

x∼X
eθ(x) ≤ t̂N

)
≥ 1− δ

minimize the 

data-driven 

bound itself!
Dziugaite et al. 2017
Majumdar et al. 2021



Learned ISTA results for sparse coding

learned optimizers provably 

perform well in just 10 steps 9

ground truth 

sparse signal

noisy 

measurement

our bounds are close to 

empirical performance 
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z?
signal reconstruction
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minimize (1/2)kAz � xk22 + �kzk1

Learned ISTA
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ISTA (iterative shrinkage thresholding algorithm)
<latexit sha1_base64="Z/QqswdXg+DlxFotvUtkHhpZNhw="></latexit>

zj+1 = soft threshold λ
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L
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