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STTP is a weight matrix W parameterization
based on SVD and Tensor Train decompositions:

1. Low-rank in an unconventional way;
2. Unique and non-redundant;
3. Embedded spectral properties.

→ network compression & training stability,
shown in image classification and GAN settings.

Recap and notation

Tensor Train (TT) decomposition is a represen-
tation of a tensor W ∈ Rn1×...×nD via D TT-cores
C(i) ∈ RRi−1×ni×Ri with TT-rank (R0, ..., RD):

Wi1,...,iD =

R0,..,RD∑
β0,...,βD=1

C(1)β0,i1,β1
· C(2)β1,i2,β2

··· C(D)
βD-1,iD,βD

Tensor diagram notation is a technique for vi-
sualizing products like the one above (for D = 5):
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Stiefel manifold contains orthonormal frames of
size d× r, denoted as d r in tensor diagrams:

St(d, r) ≡ {X ∈ Rd×r : X>X = Ir}

Compact SVD of a matrix W ∈ Rdout×din is W =
UΣV >, where U ∈ St(dout, r), V ∈ St(din, r), and
Σ is diagonal denoted as r r . The rank 1 ≤ r ≤
min(dout, din) defines the approximation precision.

Redundancy in question arises, e.g., in SVD with
Σ = Ir: UV > = (UP )(V P )> for any P ∈ St(r, r).
In this context we consider StU(d, r) ⊂ St(d, r).

Householder parameterization of Q ∈ St(d, r)
requires dr− r(r+ 1)/2 parameters hi,j organized
in a lower-triangular ma-
trix of size d× r. We intro-
duce parameterization of a
submanifold StU(d, r) with
zeros in blue areas, requir-
ing (d− r)r parameters.
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SVDP – a parameterization W = UΣV > with
Householder parameterization of U, V and r pa-
rameters for Σ. Constraining Σ leads to embedded
spectral properties (e.g., ‖Σ‖∞ → Lipschitz map).

When Σ is constrained to Ir, us-
ing StU on one of U, V removes pa-
rameterization redundancy, which
is further used to derive STTP.
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STTP promotes low-rank in U (similarly in V ) by
1. Factorizing dout =

∏
nout
i ;

2. Setting Ũ = reshape(U, [nout
1 , ..., nout

Dout
, r]);

3. Representing Ũ with TT-cores U (·);
4. Parameterizing U (·) as elements of StU (St for

those adjacent to Σ). Tensor diagram for W :
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Thus, STTP offsets sparsity into U, V , which per-
mits larger rank r than SVDP given the same bud-
get of parameters → more expressive CNN layers.

CNN compression with STTP

In each setting, all layers share the same rank
r. SNGAN generator (left) and Wide ResNet im-
age classifier (right) show higher performance with
STTP in a wide range of compression settings.
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GAN training stability

STTP prevents spectral col-
lapse (left) with fewer pa-
rameters and results in sam-
ples of a wide variety (right).

Spectral constraints are
made easy due to the ex-
posed Σ (image: all layers’
Σ w/o and with ‖Σ‖∞ = 1).

TLDR: stable training of low-rank
compressed neural networks with
application to GAN and beyond.
Updates and code release will be
announced on Twitter.
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