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One architecture to rule them all...

BNNs, ENNs, LSTMs, VAEsS; GANs

Time Series
Forecasting



Transformers + Self-Attention
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What can we learn from linear regression?

Optimization: how to solve find global optima despite nonconvexity?

Generalization: does test loss decrease with more samples and GD steps?

This talk:
GD algorithm with linear global convergence (1000x speedup vs SGD)

polylog(T) regret bound for online stochastic regression



Linear Regression using Self-Attention
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Vanilla GD:

Initialize:
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Update:
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Population Loss as mean-field limit of Empirical Loss

Classical ERM/OLS setting:
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Population Loss as mean-field limit of Empirical Loss
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Population Loss as mean-field limit of Empirical Loss
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Idea: GD on Empirical Loss behaves like GD on Population Loss




Population Loss
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Observation: Looks like a “weighted” matrix factorization loss!
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Idea: add regularizer to make population loss strongly convex!

Low-rank Solutions of Linear Matrix Equations via Procrustes Flow [Tu et al '16]



Global minima of regularized loss
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Regularized loss is one-point strongly convex
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Preconditioned + Regularized GD:
Initialize:
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Does this actually work?

Spectral initialization: yes

Random initialization: no



B-Gradient of Regularized Loss

Population Gradient f
—— Approximation Error
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Empirical Gradient
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Concentration of Softmax mean
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Reparameterization to the rescue!

Fix v = (. Tet [A, B = ¢(d, B) = [,, O -y - ;'H}.

L[A, B) = Lid(A, B)) This changes the gradients!
Le[A, B) = Lig( A, B1) New gradients from Chain Rule
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Preconditioned + Regularized GD (Take Two):

Initialize:
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Therem
Run the algorithm for mosteps with v = K[| log ™ Hn). Fix any § & (0,1). 10
re 18 sufhiciently large and » s swlloently small, then wath probakality 1 — 4,
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This matches the excess risk of the OLS estimator!



Experiments



Loss Curves with Random Initialization

— Proposed Algornithm (Empirical Loss)
SGD (Empirical Loss)
Proposed Algonthm (Population Loss)
SGD (Population Loss)

— — Optimal Population Loss
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Loss Curves with Spectral Initialization

— Proposed Algornithm (Empirical Loss)
SGD (Empirical Loss)
Proposed Algonthm (Population Loss)
SGD (Population Loss)

— — Optimal Population Loss
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Iterations

n=>50) k=50, p=10,d =10, n = (LI, += 1.0




Loss Curves with Random Initialization

— Proposed Algornithm (Empirical Loss)
SGD (Empirical Loss)
Proposed Algonthm (Population Loss)
SGD (Population Loss)

— — Optimal Population Loss
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Loss Curves with Spectral Initialization

— Proposed Algornithm (Empirical Loss)
SGD (Empirical Loss)
Proposed Algonthm (Population Loss)
SGD (Population Loss)

— — Optimal Population Loss
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Online Learning



Online Stochastic Linear Regression
1. Learner recieves oo~ N5
2. Lesirner predhicls 3,

3. Learner pays cost ||iy — w|2, where 3y = M, + 2,

Follow-the-Leader/Online Least Squares achieves log(T) regret against M
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Therem

Fix wny &, & [0,1). et v = K| E|| 2! bog™ (T Run FTL with m = K log[T) steps
i ench round, where the Gulore [:l;l::lllliﬂ:lﬂillj g el Lo 4 = &7, 11T 18 sufliciendly
lrpe ancd n s sulliciently small, than wath probabality 1 — 4,

Regret (M) < log™ (T) log[T- /d,).

Intuition: pay 1/t cost in round t, sum harmonic series



Future Directions

Models

7N\

Algorithms <= Data



Models
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Data



Algorithms

Usual questions

Adaptive stepsize

Implicit Bias / Overparameterization

Replace FTL with OGD

Less memory, fast updates

Learning in nonstationary environments
Discounting, Changepoint detection

Adaptive regret

Bandits, RL/Control

What if the learner only sees loss?

What if learner’s actions affect future loss?
(nonlinear effects compound)

Speed up SGD

Classical SGD: O(n) to O(k)
Softmax SGD: O(n?) to O(kn)

Space-partitioning algorithms



Linear Regression Nonlinear Regression Online Control

(iid data) —) (dependent data) —] Kalman Filtering
(one layer) (many layers) Bandits
RL

Y
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