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∀i, Θi ∼ 𝒟; ∀(i, t), xi,t ∼ FΘi
[ℋi,t] .

Individual sequence 
dynamics ( ) drawn 

from common domain.
Θi

State variable  depends on:xi,t ∈ ℝC

1. Past event history: 
ℋi,t := {xi,s ∣ s < t}

2. Distribution  dynamic unique 
to each sequence.

FΘi
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Reality: Each sequence's dynamics may be highly distinct (e.g., sick vs healthy)
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-dimensional 

representation each 
sequence

C := ΣV* = [ci]N
i=1 ∈ ℝr×N
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Parametric form of  and FΘi
fΘi

𝔼[xi,t |ℋi,t] = fi(ℋi,t) = ϕ(Θiξi,t)

ξi,t = vec(1,{xi,t−s}d
s=1) ∈ ℝCd+1 (Past d events)

 monotone link functionϕ

• e.g.,  for symbolic sequences,  count processσ( ⋅ ) exp( ⋅ )
Loosest choice to maintain problem convexity
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 monotone VI formulation⟹



Monotone VI

A monotone vector field on  with modulus of convexity  is a vector field 
 such that





 compact, convex set (e.g. nuclear ball)


Tuple : Monotone Variational Inequality Problem


 is a weak solution to 

ℝm β
G : ℝm → ℝm

⟨G(x) − G(x′￼), x − x′￼⟩ ≥ β∥x − x′￼∥ ∀ x, x′￼ ∈ 𝒳

𝒳 ⊆ ℝm

(G, 𝒳)

∀x ∈ 𝒳, ⟨G(x), x − x*⟩ ≥ 0 ⟹ x* (G, 𝒳)
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Solve  
via first order methods

(Ψ, {∥ ⋅ ∥* ≤ λ})
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Synthetic Sequences
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Parameter recovery for univariate time series from  classes


Left: Reconstruction error and rank across nuclear constraint 


Center: Singular values of true and recovered parameter matrices


Right: First two principal components of the best recovery, with original class labels

k = 3

λ



Symbolic Sequences
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Autoregressive language modeling 
of paragraphs ( ) from


A. Alice's Adventures in Wonderland 
( )


B. Through the Looking Glass 
( ) 


C. ML abstracts from ArXiv 
( )


Two distinct clusters. Paragraph 
embeddings of fictional works not 
clearly separable ( , )

≈ 500 chars

n = 228

n = 316

n = 600

d = 75 r = 3



Real Time Series
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Low rank representation (projected into 2D) for UCR time series data with 


Plane: Sensor readings from different aircraft | TwoLeadECG: Electrocardiograms

d = 20
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