
Sponsored by

Tensor Completion in TT Format from Structured Fiber Samples
Shakir Showkat Sofi Lieven De Lathauwer

Overview: Tensor Completion

Goal: Recover a multi-way data tensor from partial observations.

Most existing methods focus on entrywise observations; here, we study fiber-structured sampling.

Entrywise random:
- Solved via (non)convex optimization.
- Probabilistic recovery conditions.
- Requires uniform sampling &

incoherence.

Learning from incomplete measurements

Direct measurements:
o Observe a subset of the data entries

directly Tijk .
o Example problems: Matrix/tensor

completion and Recommender
systems.
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Indirect measurements:
o Observe linear functions of the data

entries ym = ⟨Em, T ⟩, where Em is a
measurement operator.

o Example problems: Compressed
sensing and Quantum state
tomography.

Goal: Estimate T from a set of incomplete measurements.
� Occam’s Razor principle: Design a low-complexity model that explains the known
measurements.
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Fiber-structured:
- Solved via standard NLA (algebraic).
- Deterministic recovery conditions.
- Fast, but slightly less accurate in noisy

settings.

Tensor train (TT) decomposition

Factorizes a higher-order tensor T into third-order cores G(n):
T ≈ T̂ = G(1) • G(2) • · · · • G(N)

- Compression IN → O (2IR + (N − 2)IR2).

- Computable via SVD/QR when T is fully observed.

Example: TT decomposition for a fifth-order tensor:

Tensor Trains or Matrix Product States [1, 2]

TT decomposition: higher-order tensor T ∈ RI1×I2×···×IN as a sequential contraction of
third-order tensors G(n) ∈ RRn×In×Rn+1 :

T = G(1) • G(2) • · · · • G(N)

Total number of entries: IN ↔ number of variables: O (
2IR + (N − 2)IR2)

.

Curse broken and can be computed via QR/SVD.
Example: TT decomposition for a fifth-order tensor:
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Fiberwise observation in applications

1. Chemical kinetics (conc × temp × time): New conditions
need new experiments; time-mode fibers are cheaper to obatin.

2. Weather time series (lat × lon × time): Full data storage is
impractical; only a subset of locations observed.

Low-rank tensor completion approaches

1. min rTT(T̂ ) s.t. ∥W ∗ (T − T̂ )∥F ≤ δ (SVT, SiLRTC-TT).

2. min ∥W ∗(T −T̂ )∥F s.t. rTT(T̂ ) = (R0, .., RN) (LS, TT-WOPT).

Methodology
Algorithm: TT mode-N fibre-wise uses SSC in place of SVD.Algorithm : TT mode-N fiberwise [13]

Consider a tensor T ∈ RI1×I2×I3×I4×I5 observed fiberwise along mode-5.
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Subspace constraints (SSC)
Subspace constraints (SSC): rank-R case

X[1,...,n;n+1,...,N] = · · ·

Associated subspaces: S1 · · · SK

Uniqueness condition: dim(∩L
i Si) = R, L ≤ K .

Generically, satisfied if [12]:
o Observed submatrices should have at least R observed rows.
o Every row should appear in at least one of the submatrices.
o There should be some pairs of slices that have R overlapping rows.

� Use this approach to compute orthonormal bases for the matrix unfoldings and then
compute the cores of the TT decomposition [13].
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Uniqueness condition: If dim
(⋂L

l=1 Sl

)
= Rn, L ≤ K—which

holds generically [1]:
- Submatrices have ≥ Rn observed rows.
- Each row appears in at least one submatrix.
- Some slice pairs share Rn overlapping rows.

then,col
(
X[1,...,n ; n+1,...,N ]

)
=
⋂L

l=1 Sl.

Results: completion accuracy and timing

Problem size T ∈ R15×15×15×15×15
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Fig. 4: (left) Accuracy of our method is slightly lower than that of TT-WOPT, which is
expected due to its reliance on only standard NLA operations. (right) However, it provides
a significant computational speedup.

good but not optimal accuracy is achieved by our method. Notably, for the proposed
approach, accuracy consistently improves as the problem size increases. This behaviour
is expected because, for a fixed missing rate and TT rank, an increase in I results
in relatively more observed data being used to estimate the model parameters (TT
cores). Similar reasoning applies to the reference optimization methods; see [25, 53]
for more details. In Figure 5 (right), it is shown that the computation time for the
proposed method is the lowest, in line with expectations. Specifically, in the current
experimental settings, as I increases from 30 to 50, the time increases by a factor of 4.2
in our approach, while the time increases by factors of 15.8 and 47.8 for TT-WOPT
and SiLRTC-TT algorithms, respectively.

4.2 Real-life applications

4.2.1 Multidimensional harmonic retrieval

Harmonic retrieval is a classical problem in signal processing. The goal is to estimate
the parameters of a signal that is modelled as a sum of complex exponentials. MHR
is the natural multidimensional extension. An MHR data tensor sampled over the
(D + 1)th-order tensor grid can be modelled as:

xi1i2···idk =

R∑

r=1

sr(k)
D∏

d=1

ej(id−1)µ(d)
r + ni1i2···iDk, (9)

where j2 = −1 and sr(k) is the kth complex symbol carried by the rth multidimen-
sional harmonic. The noise ni1i2···iDk is modelled as zero-mean i.i.d additive Gaussian
noise.

A 5th-order data tensor X ∈ C10×10×10×10×25 is generated by a CPD model of rank
R = 4, using (9). The parameter D is set to 4, and binary phase shift keying sources
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Conclusion

- Algebraic completion in TT format from fiber-
structured samples.

- Fast, uses only standard NLA, guaranteed
under reasonable deterministic conditions.

- Accurate; enables efficient optimization ini-
tialization.
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