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Summary

» Goal: Train unrolled neural networks to solve empirical risk minimization (ERM) tasks.
= Advantage: Faster convergence.
» Challenge: An ERM task 1s determined by a dataset that needs to be fed to the neural

network as an input.

» Our Solution: We let each layer interact with randomly drawn mini-batches from the

downstream dataset.
> Keatures: We impose descent constraints on the loss across the unrolled layers:

— To achieve out-of-distribution (OOD) robustness.
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Training with Descent Constraints

» We also enforce descent constraints across the unrolled layers such that the network

mimics a stochastic descent algorithm,

O = argmin E [f((l)(i);(ﬂ); B)]
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S.t. E[ |Vwrf (W5 B))|| = (1 =€) ||Vwf (Wi Bl_1)||] <0, VI.

> To solve this constrained learning problem we construct the Lagrangian function as

L£(0,2) = E[};(q’(@;@); B) ] Z/lz [ |Vf (Wi B))|| - (1-¢) ||Vf (Wi—1; By H]

> We then execute a primal-dual algorlthm to find the saddle point:

0=0-nVeL(®1), A=|1+mViL©1)].

Convergence (informal)

Assume that the loss function f(W) 1s M-Lipschitz. Then, it holds that
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where (N, 0) is the sample complexity term.

OOD Generalization (informal)

Training on a task distribution Dy~ and evaluating on D/ yields
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where d(-, -) 1s a distance metric between the two distributions.

Numerical Results

» Task: A network of n = 100 agents trains the softmax layer of an 1image classifier.
» Convergence and ablation of constraints:

= Imposing descent constraints preserves monotone improvement across the layers.

100
—— SURF
109 80 —— standard unrolling
— X
5 (L? 60
n 1071 =
40
S 0
<
—— SURF 20
107> —— standard unrolling .
0 2 4 6 8 10 0 2 4 §) 8
layer / layer /

> Role of constraint parameter €: All values yield the same last-layer performance.

= Small values — trivial constraints — no monotone 80 o001
— =),
progress (cf. wider convergence regions). — £=001
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= Increasing € — progressively faster convergence.
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= Large values — harder-to-satisty constraints (more
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violations).

Stochastic Unrolling

» An ERM task 1s to find a neural network parameterization W that minimizes a loss f,

W? = argmin f((I)(Z);W); D).
W

task

» Consider a family of tasks for which we train an unrolled network as a learned optimizer:

O . = argmin E,., [f((l)(@; 0); D) ] .
®
» Unrolling aims to learn the parameters in a conventional iterative rule @; (e.g. GD):

W, =®;(W_,D;8;), Vi

= Challenge: Datasets are too huge to be fed to conventional neural networks.

» Our solution 1s to feed each layer an independent mini-batch drawn 1.1.d. from the dataset,
W, =®;(W;_1,B;;6;), Vi

» Stochastic Unrolling vs Meta-learning:
= Meta-learning — W, that solves any task directly with little to no adaptation.

= Unrolling — optimizer @ — a parameterization W, for each downstream task.

Stochastic Unrolled Federated Learning (SURF)

» Consider a federated setting, where n agents collaborate to train a neural network w:
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Vi e V, (Consensus Constraints)

]EN
= W; 1s the parameters learned by agent i and we seek consensus among the agents.

» The decentralized gradient descent (DGD) generates a sequence of iterates of the form:
Wl(l) . Z CL’ijo(l — 1) —IBVf,‘(Wi(l — 1))» Yi.
JEN;U{i}
= A linear aggregation of direct neighbors followed by a local gradient update.

» DGD iteration 1s unfolded into a graph filter (GF) and a local tully-connected network,

wiy = [Hi(W)| —o (Ml [ Wit lbig| + dz)-

» The GF aggregates information from up to K-hop neighbors: H(W,_) = Z,If:() hi S"W_1.
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» OOD generalization under asynchronous communications.
— At each layer, n,y, random agents do not update or send their gradients.

= This induces distribution shifts at the input of each layer.

= The constrained model generalizes better under this distribution shift.
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