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Approximation and learning with compositional tensor trains
Martin Eigel, Charles Miranda, Anthony Nouy, David Sommer

Abstract

We introduce compositional tensor trains (CTTs) for the approximation of multivariate func-
tions, a class of models obtained by composing low-rank functions in the tensor-train format.
This format can encode standard approximation tools, such as (sparse) polynomials, deep neural
networks (DNNs) with fixed width, or tensor networks with arbitrary permutation of the inputs,
or more general affine coordinate transformations, with similar complexities. This format can be
viewed as a DNN with width exponential in the input dimension and structured weights matrices.
Compared to DNNs, this format enables controlled compression at the layer level using efficient
tensor algebra.

On the optimization side, we derive a layerwise algorithm inspired by natural gradient descent,
allowing to exploit efficient low-rank tensor algebra. This relies on low-rank estimations of Gram
matrices, and tensor structured random sketching. Viewing the format as a discrete dynamical
system, we also derive an optimization algorithm inspired by numerical methods in optimal control.
Numerical experiments on regression tasks demonstrate the expressivity of the new format and
the relevance of the proposed optimization algorithms.

Overall, CTTs combine the expressivity of compositional models with the algorithmic efficiency
of tensor algebra, offering a scalable alternative to standard deep neural networks.

1 Introduction

This work studies compositional tensor trains (CTTs), which are compositions of functions in tensor-
train (TT) format, defining a new class of expressive and compressible models for high-dimensional
approximation. We quantify their expressivity by showing that usual approximation tools can be effi-
ciently encoded with CTTs, and propose optimization methods relying on optimal control algorithms
(viewing CTTs as a time-discrete dynamical system) or natural gradient schemes, leveraging efficient
tensor algebra techniques.

Low-rank tensor formats. Tensor networks represent a powerful tool in the realm of high-dimensional
data analysis and functional approximation, having gained significant attention in recent years due to
their ability to represent efficiently complex structures. Among such formats, TTs [44] were initially
developed to address the curse of dimensionality in quantum physics, where they are also known as
Matrix Product States, but have since been applied in a number of other fields, including machine
learning and computational science.

Neural networks as compositional formats. The advent of neural networks (NNs) has transformed
our ability to tackle complex problems and became the foundation of modern machine learning. These
models are particularly adept at learning intricate patterns and relationships within data. However,
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M. Eigel, C. Miranda, A. Nouy, D. Sommer 2

as the complexity of tasks increases, so does the necessity for bigger and more sophisticated archi-
tectures, which in turn give rise to challenging, time-consuming, and resource-intensive training pro-
cesses. In fact, typically slow optimization is a central obstacle for achieving SOTA models in current
AI topics such as generative modeling and LLMs.

Composition of low-rank formats. In this evolving landscape of computational techniques, com-
positional formats have emerged as a promising approach to approximate functions with high accu-
racy, alleviating the curse of dimensionality under certain conditions. NNs are, of course, the most
famous example of such a compositional format. The literature on compositional TTs is still practically
non-existent, but there are a few notable works. The first is the Deep Inverse Rosenblatt Transport
(DIRT) [9], which constructs a transport map as a composition of TTs. The second is the tensor rank
reduction via coordinate flows [12], which builds a nonlinear coordinate transformation so that the
function in the new coordinate system has smaller tensor rank, leading to a ridge-like TT. A similar
work can be found in [18].

Optimal control. A compositional format can be understood as a discretization of a continuous
flow. An example of this is the connection between neural ODEs and residual neural networks. This
continuous viewpoint offers a natural training procedure by considering the flow and the training loss as
state equation and cost functional of an optimal control problem. In a classic optimize-then-discretize
approach [43], we can then use classic optimal control techniques like Pontryagin’s maximum principle
(PMP) to approximate discrete-time optimal controls, which is equivalent to training compositional TTs
in our sense.

Contributions of this paper. This paper investigates the composition of TTs, introduced in [50] as
a new approximation format, delving into its fundamental principles and examining how they inter-
sect with other approximation tools such as (sparse) polynomials, ridge approximation, deep neural
networks, etc. We show how these approximation tools can be encoded into the CTT format, with
similar complexities, thereby demonstrating that their approximation spaces are continuously embed-
ded in those of CTTs. This new format comes with efficient and controlled SVD-based compression
methods. In addition, this work introduces training procedures of CTTs for general machine learning
tasks, based on algorithms inspired from optimal control or natural gradient schemes. These training
procedures rely on efficient tensor algorithms that exploit low-rank structures of the layers.

Structure of the paper. The structure of this work is as follows. Section 2 covers the low-rank for-
mats needed to define our compositional low-rank format, namely the canonical (CP) format and the
tensor train (TT) format. Section 3 introduces the CTT format. Aside from rigorous definition and some
theoretical properties of the format, we give examples of functions which are extremely difficult to ap-
proximate in the TT format due to high ranks, but can be very efficiently expressed in CTT format.
Section 4 derives two learning algorithms for the CTT format. The first algorithm, coming from the
optimal control literature, is based on Pontryagin’s maximum principle (PMP) and the method of suc-
cessive approximation, whose practical implementation benefits from efficient tensor algebra. Under
certain assumptions on the bases used for defining the CTT format, we can show convergence of the
scheme to a unique fixed point satisfying the PMP. The second algorithm is a modified (layer-wise)
natural gradient scheme, allowing one to exploit efficient tensor methods and to preserve the low-
rank format of the layers. Finally, Section 5 experimentally shows the power of CTTs and the learning
methods on test problems.
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Compositional Tensor Trains 3

2 Tensor Formats

We briefly review the TT factorization, its computational costs, and the TT-SVD construction. We also
recall how linear maps are represented as TT-matrices and how ranks relate to matricization ranks.

Consider the task of approximating a function from Rd to R. Given some finite-dimensional spaces
V(k)
nk of univariate functions, 1 ≤ k ≤ d, we define the finite-dimensional (functional) tensor space
Vn = V(1)

n1 ⊗ . . . ⊗ V(d)
nd , which is the linear span of elementary tensor products v(1) ⊗ . . . ⊗ v(d) :

(x1, . . . , xd) 7→ v(1)(x1) . . . v
(d)(xd), with v(k) ∈ V(k)

nk . Given bases {ϕ(k)
i }nk

i=1 of the spaces V(k), a

basis of Vn is given by the collection of all tensor products {ϕ(1)
i1
⊗ . . .⊗ϕ(d)

id
: 1 ≤ i1 ≤ n1, . . . , 1 ≤

id ≤ nd}.
For any function v in Vn, there is a unique algebraic tensor A ∈ Rn1 ⊗ . . . ⊗ Rnd , identified with a
multidimensional array in Rn1×...×nd , such that

v =

n1,...,nd∑
i1,...,id=1

A(i1, . . . , id)ϕ
(1)
i1
⊗ . . .⊗ ϕ(d)

id
, (1)

or equivalently
v(x) = ⟨A,Φ(1)(x1)⊗ · · · ⊗ Φ(d)(xd)⟩F := ⟨A,Φ(x)⟩F , (2)

where Φ(k)(xk) := (ϕ
(k)
j (xk))

nk
j=1 and ⟨., .⟩F denotes the canonical (Frobenius) inner product. In the

above notation,A is called the coefficient tensor of function v with respect to the tensor product basis.

The storage complexity of such a tensor is O(nd), where n = max{n1, . . . , nd}. This exponential
scaling, often called the curse of dimensionality, makes the treatment of high-dimensional problems
intractable for d ≫ 1. Low-rank tensor formats are specifically developed to tackle this curse of
dimensionality and represent tensors in a storage-efficient way. We mention only two such formats,
which are relevant for this work, namely the canonical format and the tensor train format.

Like any rank-1 matrix A ∈ Rn1×n2 can be defined as the outer product v ⊗ w of two vectors v ∈
Rn1 , w ∈ Rn2 , a tensor A ∈ Rn1×...×nd is said to have rank 1 if there exist v(1) ∈ Rn1 , . . . , v(d) ∈
Rnd such that

A = v(1) ⊗ . . .⊗ v(d). (3)

It is important to note that, while there is only one commonly used notion of matrix rank, there are
several different concepts of ranks of tensors. These include the canonical polyadic (CP) rank, the
(hierarchical) Tucker rank and the tensor train (TT) rank, to just name a few. These rank notions
are each connected to different decompositions of the underlying tensor, i.e. the canonical polyadic
decomposition, the (hierarchical) Tucker decomposition or the tensor train decomposition, much like
the matrix rank is connected to a singular value decomposition. The reason we can describe a tensor
of the form (3) as having general rank 1 is because the mentioned rank notions (and to the best of our
knowledge other important rank concepts) agree on which tensors have rank 1 and which do not.

The canonical format. For any tensorA ∈ Rn1×...×nd , there exists a rcp ∈ N and a representation

A =

rcp∑
k=1

v
(1)
k ⊗ · · · ⊗ v

(d)
k (4)

with vectors {v(i)k }
rcp
k=1 ⊂ Rni , for all i ∈ {1, . . . , d}. Such a representation ofA as a sum of linearly

independent rank-1 tensors is called a CP decomposition. The minimal number rcp is the CP rank or
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simply canonical rank of the tensor A and denoted by rank(A). The set of tensors with canonical
rank smaller or equal to r ∈ N is not closed in general [23, Example 7.1], which makes the canonical
format problematic for optimization, in particular it does not guarantee the existence of a best rank-
r approximation. The tensor train format has emerged, among other formats, as a low rank format
suitable for optimization. In particular, the set of tensor trains with bounded tensor train rank (defined
in the following paragraph) is closed.

The tensor train format. Since the (functional) TT format is used primarily in this work, we introduce
it in some detail. We start with the appropriate notion of rank. The tensor train rank of a tensor A ∈
Rn1×···×nd is the elementwise smallest tuple rTT = (r1, . . . , rd−1) ∈ Nd−1 such that there exist
matrix valued mappings Uj : N≤nj

→ Rrj−1×rj , j = 1, . . . , d, with r0 = rd = 1 by convention,
such that

A(i1, . . . , id) = U1(i1) . . . Ud(id) for all (i1, . . . , id) ∈ N≤n1 × · · · × N≤nd
, (5)

with N≤n := {1, . . . , n}. The decomposition (5) is called tensor train decomposition and the functions
Uj are called the components of the tensor train. The alternative name of matrix product states comes
from the fact that each entry ofA is represented by a product of matrices. Such a representation exists
for any tensor, like a singular value decomposition exists for any matrix. In fact, the standard algorithm
by which a TT decomposition of a tensor is obtained is called TT-SVD [44]. Note that the components
of the tensor train can equivalently be defined as order-3 tensors Uj ∈ Rrj−1×nj×rj , and therefore,
any tensorA can be written in the form

A =

r0∑
k0=1

· · ·
rd∑

kd=1

U1(k0, ·, k1)⊗ · · · ⊗Ud(kd−1, ·, kd).

In the following, we consider the components of a tensor train to be order-3 tensors. To ease notation,
we collect the dimensions of the tensor into a tuplen = (n1, . . . , nd). The set of tensors of dimension
n with tensor train rank r is denoted by

Tn,r := {A ∈ Rn1×···×nd : rankTT (A) = r}.

For later use, we also define the set of tensors with ranks element-wise smaller or equal to r by
Tn,≤r =

⋃
0≤r̂≤r Tn,r̂, which is a closed set. Clearly, storing the tensor is equivalent to storing the

d order-3 tensors U (j). Hence, the storage complexity of a tensor in such a format is in O(dnr2),
where n = max{n1, . . . , nd}, r = max{r1, . . . , rd−1}. In the most general case, the rank bound r
depends exponentially on the dimension d, reflecting the curse of dimensionality for general tensors.
However, several notable functions, such as Gaussian potentials, exhibit low rank structures in the TT
format [45, 20, 51], yielding (at most) a polynomial growth of r with d. In such cases, the TT format
effectively mitigates the curse of dimensionality. The TT format is often represented with a tensor
network diagram as illustrated in Figure 1.

U1

n1

U2

n2

Ud−1

nd−1

Ud

nd

Figure 1: Tensor-train format with coresU1, . . . ,Ud
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Compositional Tensor Trains 5

Interestingly, the space of tensors Tn,r with fixed TT ranks is a Riemannian submanifold. The dimen-
sion of this manifold is dim Tn,r =

∑d
i=1 ri−1niri −

∑d−1
i=1 r

2
i [24, Lemma 4.1]. Note that the first

sum in this expression is just the added up storage complexity of all d components. The second term
results from a gauge invariance inherent in the format that can be seen as follows. For any two subse-
quent components Uj, Uj+1 we can transform Uj(·)→ Uj(·)R−1 and Uj+1(·)→ RUj+1(·), where
R ∈ Rrj×rj is an invertible matrix, without changing the tensor. Hence, the components Uj are only
unique up to such invertible transformations, which is taken into account by the second sum making
up dim(Tn,r).
Any tensor in CP format can easily be represented in TT format. Indeed, letA =

∑rcp
k=1 v

(1)
k ⊗ · · · ⊗

v
(d)
k , v(i)k ∈ Rni . Then

A(i1, . . . , id) =
[
v
(1)
1 (i1) . . . v

(1)
rcp(i1)

]v
(2)
1 (i2) 0

. . .

0 v
(2)
rcp(i2)

 . . .
v

(d)
1 (id)

...

v
(d)
rcp(id)


is a representation in TT format, which can easily be verified by multiplying out the matrix product.
Note that the CP rank rcp is a uniform upper bound for the TT ranks. Rounding to a prescribed rank in
the TT format is done via the procedure described in [44, Algorithm 2], i.e. by successively truncating
the singular value decompositions of component unfoldings to the desired rank (or accuracy). For later
use, we let roundr denote the rounding procedure of a tensor in Rn1×...×nd to fixed rank r.

Functional tensor trains. The set of functions in Vn with coefficient tensors in Tn,r is denoted
Tr(Vn) and called the functional tensor train format. A function v ∈ Tr(Vn) admits the representation

v(x1, . . . , xd) = Û1(x1)Û2(x2) · · · Ûd(xd) (6)

with matrix valued functions Ûi(xi) ∈ Rri−1×ri for i = 1, . . . , d, again with the convention r0 =
rd = 1. The function Ûi is identified with a third-order tensor Ui ∈ Rri−1×ni×ri through the relation
Ûi(ki−1, xi, ki) =

∑ni

j=1Ui(ki−1, j, ki)ϕ
(i)
j (xi).

The smallest r such that v is in Tr(Vn) is the tensor train rank of v, which coincides with the ten-

sor train rank of its coefficient tensor, independently of the choice of bases of functions spaces V(i)
ni .

Results on approximation with TT format of functions of classical smoothness classes or with compo-
sitional structures can be found in [49, 21, 5, 6, 1, 2].

Vector valued tensor trains. In this work, we are frequently concerned with vector valued functions
v : Rd → Rd. For this case, we permit r0 = d, leading to a first componentU1 ∈ Rd×n1×r1 such that
the contraction of all components yields a vector in Rd. This first component tensor is identified with
the component function Û1 ∈ Rd⊗V(1)

n1 ⊗Rr1 . A particular case of interest are functions of the form
v : Rd → Rd, v(x) = (v1(x), 0, . . . , 0)

⊤ which map to zero except in the first output dimension.
In this case, a functional TT representation is obtained by taking a (scalar valued) TT representation
of v1 and padding the first component of this representation with zeros for the other outputs. The TT
representation of v inherits the ranks of v1 in this case (except for r0), since all other components
remain the same.

Lemma 2.1. Assume v : Rd → Rd, d ∈ N, has the form v(x) = (v1(x), 0, . . . , 0)
⊤ for a

v1 : Rd → R with TT rank r = (r1, . . . , rd−1) and r0 = rd = 1. Then, v can be represented
by a TT with rank r and r0 = d, rd = 1.
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M. Eigel, C. Miranda, A. Nouy, D. Sommer 6

Proof. Assume the TT representation of v1 is v1(x) = Û (1)(x1) . . . Û
(d)(xd) with Û (i)(xi) ∈

Rri−1×ri , r0 = rd = 1. Define Ũ (i) = Û (i) for i = 2, . . . , d and

Ũ (1)(x1) =


Û (1)(x1)

0
...
0

 ∈ Rd×r1 .

Then, v(x) = Ũ (1)(x1) . . . Ũ
(d)(xd) is a TT representation of v, which preserves all ranks, except

r0.

This result enables us to represent vector-valued functions, where only the first output dimension is
nonzero, as TTs. For later use, we state another immediate result regarding the rank of such functions
with additional structure.

Lemma 2.2. Assume v : Rd+1 → Rd+1, d ∈ N, has the form v(x) = (v2:d+1(x2:d+1)v1(x1), 0d)
⊤,

where x2:d+1 = (x2, . . . , xd+1), 0d is the zero vector in Rd, v1 : R→ R, and v2:d+1 : Rd → R
has TT rank r∗ = (r∗1, . . . , r

∗
d−1). Then, v can be represented by a TT with rank

r = (r1, . . . , rd) = (1, r∗1, . . . , r
∗
d−1)

and r0 = d+ 1, rd+1 = 1.

Proof. Let v2:d+1(x2:d+1) = Û1(x2) . . . Ûd+1(xd+1) with Ûi(xi) ∈ Rr∗i−1×r∗i be a TT represen-
tation of v2:d+1. Then, v1(x1)Û1(x2) . . . Ûd(xd+1) is a TT representation of v1(x1)v2:d+1(x2:d+1).
Since v1(x1) ∈ R1×1, the rank of this representation is (1, r∗1, . . . , r

∗
d). The claim now follows with

Lemma 2.1.

3 Compositional Tensor Trains (CTT)

TTs provide efficient representations for many high-dimensional functions, but their performance de-
pends critically on a favourable ordering of variables and the presence of intrinsic low-rank structure.
When these conditions are violated, TT ranks can grow rapidly and the format becomes ineffective.

This section develops Compositional Tensor Trains (CTT) as a new representation model and estab-
lishes their efficiency and approximation power. We first motivate composition by exhibiting functions
that are provably awkward for plain TT yet become efficiently encoded via CTT. We then formalize the
new CTT format and show how standard function classes are encoded with controlled ranks (affine
maps, univariate and multivariate polynomials, concatenation of functions), as well as classical deep
neural networks. The representation allows for the derivation of a universal approximation property
for CTT under mild assumptions on the feature basis Φ. Moreover, based on an error-propagation
analysis, we give a compression algorithm of the layers with guarantees on the precision.

3.1 Where TTs fail

We justify the compositional design by constructing targets whose coefficient tensors have large in-
termediate TT ranks, while the same targets admit low-rank compositions of simple Euler layers, thus
exposing the depth advantage exploited by CTT.
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Compositional Tensor Trains 7

3.1.1 Markov processes

As a first example where TTs can fail, consider a discrete time Markov process X = (X1, . . . , Xd),
as in [20, Section 3.2.2] whose density is given by

f(x) = fd|d−1(xd|xd−1) . . . f2|1(x2|x1)f1(x1),

where f1 is the density ofX1 and fi|i−1(·|xi−1) is the conditional density ofXi knowingXi−1 = xi−1.
Let mi := rank(fi|i−1). Then, the TT ranks of f are

r = (1,m2,m3, . . . ,md, 1).

If the variables are reordered, for example x̃ = (xσ(1), . . . , xσ(d)) =: Pσ(x) for some permutation

σ, the TT ranks of the function f̃(x̃) = f(P−1
σ (x̃)) can grow exponentially with the dimension d. For

instance, consider the permutation

σ =

(
1, 3, 5, . . . , 2

⌊
d+ 1

2

⌋
− 1, 2, 4, 6, . . . 2

⌊
d

2

⌋)
which places all odd-indexed variables first, followed by the even-indexed variables. The TT ranks then
become

r̃k =

{∏min(2k,d)
j=2 mj, 1 ≤ k ≤ ⌈d/2⌉,∏d
j=2(k−⌈d/2⌉)+2mj, ⌈d/2⌉+ 1 ≤ k ≤ d,

which grow exponentially with d. This growth occurs because the Markov property is local: each
variable depends only directly on its immediate predecessor. When variables are reordered non-
sequentially, dependencies become effectively non-local in the TT decomposition, requiring large
ranks to capture the induced correlations.

We will see later that CTTs can encode such functions efficiently, with one layer encoding the permu-
tation map P−1

σ : Rd → Rd (see Section 3.3.1), and one layer encoding f in TT format.

3.1.2 Gaussian densities

As a second example, consider the case of the Gaussian function

fΓ(x) := exp

(
−1

2
x⊤Γx

)
, (7)

where Γ ∈ Rd×d is a symmetric positive definite precision matrix. In the trivial case where Γ =
diag(γ1, . . . , γd) is diagonal, fΓ immediately factorises to fΓ(x) =

∏d
i=1 exp

(
−1

2
γix

2
i

)
, which

is a rank 1 function. However, when the precision matrix Γ is non-diagonal, the situation changes
drastically, depending on the matrix ranks of the sub-diagonal blocks. The approximation of fΓ by
TTs is studied in [47]. For example, the average maximal TT rank required to approximate a 15-
dimensional Gaussian with sub-diagonal precision blocks of rank 4 up to a relative L2 accuracy of
10−4 is experimentally shown to be close to 100. In the most general case, the ranks of the sub-
diagonal blocks grow linearly in d, and the TT ranks to achieve an accuracy ε grow exponentially in
d.
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The flow perspective. As we show now, compositions of tensor trains is a better suited format to

approximate a Gaussian. First, we define a lift from Rd to Rd+1 by L(x) =

(
1
x

)
. Second, we define

a flow Φt : Rd+1 → Rd+1 by

∂tΦt(h) =
[
(−1

2
Φt(h)

⊤
2:d+1ΓΦt(h)2:d+1)Φt(h)1 0d

]
,

Φ0(h) = h
(8)

for any h ∈ Rd+1. Choosing h = L(x), we get

Φ1(L(x)) =
[
fΓ(x) x

]
.

Indeed, it can be easily shown that for 0 ≤ t ≤ 1, we have Φt(L(x)) =
[
exp

(
−1

2
tx⊤Γx

)
x
]
. We

recover the Gaussian function by simply using the projection onto the first variable, i.e. R : Rd+1 →
R, x 7→ x1, leading to

fΓ(x) = R ◦ Φ1 ◦ L(x).
While a similar construction can be used to represent much more general functions by continuous
flows, we want to focus on the Gaussian here. The reason for this is that the vector field on the right
hand side of (8) has a provably low TT rank, as we show in the following.

Flows with provably low rank. First, note that by Lemma 2.2, the TT rank of the right-hand side of
(8) is (1, r), where r is the TT rank of the quadratic form 1

2
y⊤Γy, which is bounded by d

2
[51, Lemma

D.1]. By using polynomial basis functions up to degree 2, i.e. Φ = {1, x, x2}, we can get an exact TT
representation of the right-hand side with a complexity inO(d3).

Time discretization of the flow. The flow (8) can be generalized to the form

∂tΦt(h) = ft(Φt(h)), (9)

where ft : Rd+1 → Rd+1 for each t ∈ [0, 1], permitting explicit time dependence of f . Any time
discretization of (9), e.g. by Euler or Runge-Kutta methods, leads to a compositional structure in terms
of ft. For a number of intervalsN ∈ N and time points t0 = 0, tn = n

N
, n = 1, . . . , N such methods

compute approximations Φ̂N(h) ≈ Φ1(h) by various forms of compositions of ft. For two obvious
examples, with τ = 1

N
, Euler’s method is defined by Φ̂N = (I + τftN−1

) ◦ (I + τftN−2
) ◦ . . . ◦ (I +

τft1)◦(I+τf0), whereas Heun’s method is defined by Φ̂N = (I+ τ
2
(ftN−1

+ftN ◦(I+τftN−1
)))◦. . .

If the right-hand side of (9) is a TT as is the case of the flow (8), such a discretization immediately
defines an approximation of the function Φ1(h) as a compositional tensor train (CTT). For many target
functions it is not clear whether a suitable flow of the form (9) exists and if it does, if the right-hand side
ft has low-rank structure. For such cases, we need to define a general CTT architecture as well as a
method to train it given the target in a way that it can adaptively uncover potential low rank structures.

3.2 Compositional architectures

In the following we introduce the CTT architecture proposed in this work. It is inspired by time dis-
cretization of low-rank flows such as for the Gaussian in (8). Furthermore, as we show in the next
section, it comes with optimization procedures exploiting efficient tensor algebra.
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Definition 3.1 (Compositional tensors). Given linear operators L : Rd → Rp and R : Rp →
Rdo , with d, p, do ∈ N and p ≥ d, called respectively lift and retraction, we denote a function
v : Rd → Rdo a compositional tensor (CT) with L ∈ N layers and univariate basis Φ := {ϕj :
R → R}nj=1 with n ∈ N if there exist functional tensors ψ1, . . . , ψL from Rp to Rp, each with
the same univariate basis Φ and a coefficient tensor ψk ∈ Rp×n×...×n, defined by

ψk : x 7→
( ∑
i1,...,ip

ψk(j, i1, . . . , ip)ϕi1(x1) . . . ϕip(xp)
)
1≤j≤p

, (10)

such that
v(x) = R ◦ (Id + ψL) ◦ · · · ◦ (Id + ψ1) ◦ L(x), x ∈ Rd. (11)

Additionally, if the tensors ψ1, . . . , ψL have TT-ranks r1, . . . , rL respectively, we call v a compo-
sitional tensor-train (CTT) with ranks r1, . . . , rL.

The set of compositional tensors with basis Φ and with L layers is denoted CT L(Φ;L,R). If the
tensors have TT-ranks bounded by r, then the corresponding set is denoted CT T Lr (Φ;L,R).

In the following, for simplicity we omit L and R in the notations and write

CT (Φ) :=
⋃
L≥1

CT L(Φ), CT T r(Φ) :=
⋃
L≥1

CT T Lr (Φ).

CTTs as DNNs. Note that CTTs and DNNs are closely connected. Indeed, a function u in CTT
format admits a recursive representation, letting u0(x) = L(x),

uk+1(x) = uk(x) + ψk(uk(x)), 0 ≤ k ≤ L− 1,

and u(x) = R(uL(x)). Assuming 1, Id ∈ Φ and with the corresponding feature map Φ : Rp →
Rp×n×···×n, we can introduce a linear mapE : Rpnp → Rp such thatE vec(Φ(y)) = y. Then letting
vk(x) = vec(Φ(uk(x))) ∈ Rpnp

and ψk(y) = ⟨ψk,Φ(y)⟩F , we have that u(x) = R(EvL(x))
with the recursion

vk+1(x) = Φ(Akvk(x)), 0 ≤ k ≤ L− 1,

whereAk = E+Bk, with a linear mapBk : Rpnp → Rp such that ⟨ψk,Φ(y)⟩F = Bk vec(Φ(y)).
Therefore, a CTT with basis Φ can be seen as a DNN with a latent space of very high dimension pnp,
highly structured linear maps Ak : Rpnp → Rp and nonlinear activation function y 7→ vec(Φ(y))
associated with a tensorization of the chosen basis Φ.

3.3 Encoding of classical function classes

Compositional tensors possess the ability to exactly encode specific classes of functions, a property
that arises not only from their inherent compositional architecture but also from the structured tensor
representation employed at each layer of the model. This allows representation of complex mappings
in terms of simpler functions. In particular, the expressive power of these tensors depends crucially on
the choice of the basis function Φ. By selecting an appropriate basis (also called features and hence
feature space, respectively) such as {1, x} or {1,ReLU}, the compositional tensor can represent
exactly approximation tools such as polynomials or neural networks.
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In this section, we provide explicit constructions that illustrate how compositional tensors can encode
these function classes exactly. We begin by giving explicit encoding of functions such as linear maps,
ridge function, and polynomials. Then, we show that with an appropriate choice of Φ, we can also
exactly represent neural networks. This explicit encoding highlights both the theoretical expressivity
and the practical utility of compositional tensors in approximating high-dimensional functions.

3.3.1 Linear maps, coordinate transformations

The subsequent result shows that linear affine maps can be efficiently encoded in the TT format.

Proposition 3.2 (Linear affine maps written in the tensor-train format). The linear map x ∈ Rd 7→
⟨a, x⟩ with a ∈ Rd is an additive function, and therefore can be rewritten as a tensor train with
ranks (2, . . . , 2). ForA ∈ Rm×d, b ∈ Rm, the linear affine map x ∈ Rd 7→ Ax+ b ∈ Rm has
a tensor train representation with ranks at most d.

Proof. The first claim results from the fact that the k-th unfolding of ⟨a, x⟩ =∑k
i=1 aixi+

∑d
i=k+1 aixi

has rank rk = 2, for all 1 ≤ k ≤ d − 1. Letting ai be the i-th column of A, a suitable represen-
tation is given by Û1(x1) =

(
x1a1 + b a2 . . . ad

)
∈ Rm×d, Ûk(xk) = Id + (xk − 1)eke

⊤
k =

diag(1, . . . , xk, . . . , 1) ∈ Rd×d for 2 ≤ k ≤ d− 1 and Ûd(xd) = (1, . . . , 1, xd)
⊤ ∈ Rd×1.

Since the above result also holds for the linear map h 7→ −h+Ah, we get the following corollary.

Corollary 3.3. Any linear affine transformation h ∈ Rp 7→ Ah+ b ∈ Rp in the lifted space, with
A ∈ Rp×p and b ∈ Rp can be represented by a single CTT layer with rank at most p.

The above result shows that a CTT format with 2 layers can represent functions of the form u(Ax),
with u represented in TT format. Consequently, a CTT can encode linear coordinate transformations.
This solves a main difficulty of the TT format (mentioned in Section 3.1.1), which is the choice of
a good ordering of the variables, usually addressed using prior information on the function [12] or
stochastic optimization procedures [19, 20, 36].

3.3.2 Polynomials

The following result shows that univariate polynomials can be represented exactly, provided we use a
suitable lift.
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Proposition 3.4. Let d ∈ N, and (a0, . . . , ad) ⊂ R. We consider the polynomial

g : x 7→ a0 + a1x+ · · ·+ adx
d.

Then, letting L : x 7→ (0, x), R : (x, y) 7→ x and

f1 : (x, y) 7→ (ad, 0),

fk : (x, y) 7→ (ad−k+1 + x(y − 1), 0), 2 ≤ k ≤ d+ 1,

it holds that
R ◦ (Id + fd+1) ◦ · · · ◦ (Id + f1) ◦ L = g.

This shows that any univariate polynomial can be represented by a compositional tensor with
d+ 1 layers and with the basis Φ = {1, Id}.

Proof. The proof is based on the Horner’s method which rewrites the evaluation g(x) as the recursion

bd = ad, bk = ak + bk+1x, k = d− 1, d− 2, . . . , 1.

To show that indeed R ◦ (Id + fd+1) ◦ · · · ◦ (Id + f1) ◦ L = g, we only have to show that for any
k ≥ 1 and x ∈ R, we have

⟨(Id + fk) ◦ · · · ◦ (Id + f1) ◦ L(x), e1⟩ = bd−k+1.

Then, since R is only the projection onto the first variable, the result follows.

First, for k = 1 we have

(Id + f1) ◦ L(x) = (0, x) + (ad, 0) = (ad, x) = (bd, x).

Next, suppose that we have (Id + fk) ◦ · · · ◦ (Id + f1) ◦ L(x) = (bd−k+1, x) for 1 ≤ k ≤ p. Then,
since fk+1 : (x, y) 7→ (ad−k + x(y − 1), 0), we have

(Id + fk+1) ◦ · · · ◦ (Id + f1) ◦ L(x) = (ad−k + bd−k+1x, x) = (bd−k, x),

which concludes the proof.

Exploiting the fast exponentiation offered by the compositional format, we give an explicit encoding of
a (sparse) multivariate polynomial. Let

P (x1, . . . , xd) =
∑
α∈Λ

Cαx
α, xα =

d∏
j=1

x
αj

j ,

where Λ ⊂ Nd contains the set of multi-indices corresponding to non-zero coefficients Cα in the
monomial basis. Define the maximal degree for each variable xj by

Nj := max{αj : α ∈ Λ} ∈ N, j = 1 . . . d. (12)

The case Λ = ∅ is trivial, and we do not consider it.
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Proposition 3.5 (Encoding of multivariate polynomials). Let P be a multivariate polynomial in d
variables, Λ ⊂ Nd the set of multi-indices associated with its non-zero coefficients. Suppose that
Φ = {1, Id}. Let q ≥ 2 be the number of workspace slots and p = d + 2 + q. Then, there
exists a lift L : Rd → Rp and a retraction R : Rp → R, respectively defined by

L(x) = (0, x1, . . . , xd, 0, . . . , 0), R(y) = y1,

and L functions ψ1, . . . ψL in TT format such that

P = R ◦ (Id + ψL) ◦ · · · ◦ (Id + ψ1) ◦ L,

with

L = |Λ|(2 + d) +
∑
α∈Λ

d∑
j=1

⌊logq(αj + 1)⌋ = O
(
d|Λ|⌊logq(Nmax + 1)⌋

)
,

where Nmax := maxj Nj . Moreover, the number of non-zero parameters in the encoding is
O(|Λ|d[1 + ⌊logq(Nmax + 1)⌋]) and the number of parameters isO(L(d+ q)). The TT ranks
of the functions ψℓ are bounded by r = (p, 2, . . . , 2).

Proof. We decompose the state variable y ∈ Rp, with p = d+ 2 + q, as

y = ( y1︸︷︷︸
accumulator

, y2, . . . , yd+1︸ ︷︷ ︸
variables

, yd+2︸︷︷︸
register

, yd+3, . . . , yd+2+q︸ ︷︷ ︸
workspace

).

The idea of the encoding is to iterate over the α ∈ Λ and construct iteratively the polynomial P by
adding monomials successively to the accumulator y1. For doing so, we loop over all the variables
xj , compute the powers x

αj

j and multiplying to the register yd+2 in order to obtain the monomial

cα
∏d

j=1 x
αj

j . In order to compute these powers, we use the “workspace slots” yd+3, . . . , yd+2+q and
fast exponentiation, which computes an, for some number a and power n, in a recursive manner and
using only O(log n) operations. Indeed, for α ∈ Λ, the base-q representation of αj , for 1 ≤ j ≤ d,
is given by

αj =

Kα,j−1∑
k=0

αj,kq
k, αj,k ∈ {0, . . . , q − 1},

where Kα,j := ⌊logq(αj + 1)⌋. Next, when raising xj to the power αj we get

x
αj

j = x
∑Kα,j−1

k=0 αj,kq
k

j =

Kα,j−1∏
k=0

(
xq

k

j

)αj ,k

.

We give below the encoding of P in the form of an algorithm, counting the number of non-zero param-
eters and TT ranks.
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Algorithm 1: Computes the α-th monomial

1: Store yd+2 ← cα ▷ 1 layer, 2 non-zero parameters, TT ranks r = (p, 2, . . . , 2)

2:

3: for j ← 1 to d do
4: Store yd+3, . . . , yd+2+q ← xj ▷ 1 layer, 2 non-zero parameters, TT ranks r = (p, 2, . . . , 2)

5:

6: for k ← 0 to Kα,j − 2 do

7: Store yd+2 ← yd+2

∏αj,k

i=1 yd+2+i ▷ computes
(
xqk

j

)αj,k

, 1 + αj,k non-zero parameters, TT

ranks r = (p, 2, . . . , 2)

8:

9: Store yd+3, . . . , yd+2+q ←
∏q

i=1 yd+2+i ▷ computes xqk+1

j , 1 + q non-zero parameters, TT

ranks r = (p, 2, . . . , 2)

10:

11: end
12: Store yd+2 ← yd+2

∏αj,k

i=1 yd+2+i ▷ 1 layer, 1 + αj,k non-zero parameters, TT ranks

r = (p, 2, . . . , 2)

13:

14: end
15: Add monomial to polynomial y1 ← y1 + yd+2 ▷ 1 layer, 1 non-zero parameter, TT ranks

r = (p, 1, . . . , 1)

16:

Therefore, for constructing the polynomial P we need

∑
α∈Λ

(
1 +

d∑
j=1

(1 +Kα,j − 1 + 1) + 1

)
≤ |Λ|

(
2 + d+ d⌊logq(Nmax + 1)⌋

)
layers and the TT ranks are bounded by r = (p, 2, . . . , 2). The reason for a 2 to appear in r is that
in the definition of CTTs, a layer is of the form Id+ψ, so we have to remove the previous value of the
state y and replace it with the new one.

Remark 3.6 (Special case q = 1). If we allow q to be equal to 1, then we can consider the
base-2 representation of αj since we already have xj in the state y1+j , and one copy in the
workspace yd+3. But in order to compute the power x

αj

j , we have to evaluate αj multiplications.
Consequently, the number of layers is

L = |Λ|(2 + d) +
∑
α∈Λ

d∑
j=1

αj = O (d|Λ|Nmax) ,

which is linear in Nmax instead of log2(Nmax) when using fast exponentiation.

Remark 3.7 (Encoding with a number of layers in O(|Λ|)). If we allow the width to depend on
the degrees Nj (12), then it is possible to encode P with complexity O(|Λ|). Indeed, by letting
p = 1+

∑d
j=1Nj , we storeNj copies of xj , so we can directly compute x

αj

j for each α ∈ Λ and

add the monomial cα
∏d

j=1 x
αj

j to the accumulator. However, encoding polynomial approximation
tools with adaptive polynomial degree would require CTTs with adaptive width.
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3.3.3 Neural networks

By the preceding results, the CTT architecture is able to represent coordinate transformations in early
layers, which may highly reduce the required rank of later layers. An immediate consequence of the
ability to represent linear transformations, is that the CTT format can also represent certain types of
neural networks, provided the basis is chosen correctly.

Proposition 3.8 (Concatenation of two CTs). Let f and g be two compositional tensors with
Lf (resp. Lg) layers, width pf (resp. pg), mf (resp. mg) non-zero parameters, lift Lf (resp.
Lg), retraction Rf (resp. Rg), and common basis Φ such that {1} ⊂ Φ. Then, there exists a
compositional tensor h with L := max(Lf , Lg) layers, width p := pf + pg, m := mf + mg

non-zero parameters, lift L(x) := (Lf (x),Lg(x)), retraction R(y) := (Rf (y
(f)),Rg(y

(g))),
where y = (y(f), y(g)), and such that h(x) = (f(x), g(x)). The TT ranks rℓ of the tensor ψℓ
in layer ℓ are given by

rℓ0 = rℓ,f0 + rℓ,g0 ,

rℓk = rℓ,fk + 1, 1 ≤ k ≤ pf − 1,

rℓpf = 1 + rℓ,g1 ,

rℓpf+t+1 = 1 + rℓ,gt+1, 1 ≤ t ≤ pg − 2,

rℓpf+pg = 1.

(13)

Proof. The encoding of the concatenation h(x) = (f(x), g(x)) is done in an explicit block-wise way.
The f -layers (resp. g-layers) act only the first (resp. second) block. Because these blocks are disjoint,
a single layer can simultaneously perform one f -step and one g-step. If one CT has fewer layers, we
pad it with identity layers. Thus, we require only {1} ⊂ Φ and max(Lf , Lg) layers. Without loss of
generality, we assume that ϕ1(x) = 1. The state of f (resp. g) are denoted y(f) (resp. y(g)), and we
set y := (y(f), y(g)).

We start by re-indexing the original layer tensors so they are defined for all ℓ = 1 . . . L by padding
with zero-layers. For 1 ≤ ℓ ≤ Lf (resp. 1 ≤ ℓ ≤ Lg) let ψ(f)

ℓ (resp. ψ(g)
ℓ ) be the given f -layer (resp.

g-layer), and for ℓ > Lf (resp. ℓ > Lg) define ψ(f)
ℓ = 0 (resp. ψ(g)

ℓ = 0).

Now we give the explicit encoding of the layers ψℓ. If 1 ≤ j ≤ pf (an f -output coordinate), set

ψℓ(j, i1, . . . , ipf , ipf+1
, . . . , ip) =

{
ψ

(f)
ℓ (j, i1, . . . , ipf ) if ipf+1

= · · · = ip = 1,

0 otherwise,

and if pf < j ≤ p (an g-output coordinate), set

ψℓ(j, i1, . . . , ipf , ipf+1
, . . . , ip) =

{
ψ

(g)
ℓ (j − pf , ipf+1, . . . , ip) if i1 = · · · = ipf = 1,

0 otherwise.

Let rℓ,f (resp. rℓ,g) be the TT ranks of ψ(f)
ℓ (resp. ψ(g)

ℓ ), with rℓ,f0 = pf (resp. rℓ,g0 = pg) and
rℓ,fpf = 1 (resp. rℓ,gpg = 1). Then the TT ranks rℓ of ψℓ are given by (13). In fact, ψℓ can be written as

the sum of two tensors Aℓ and Bℓ. Let the TT cores of ψ(f)
ℓ (resp. ψ(g)

ℓ ) be F (k)
ℓ ∈ Rrℓ,fk−1×nk×rℓ,fk

(resp. G(k)
ℓ ∈ Rrℓ,gk−1×nk×rℓ,gk ), with 1 ≤ k ≤ pf (resp. pg). Moreover, let E1 ∈ R1×n×1 be such that

E1(1, i, 1) = δi,1. Observe that
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■ Aℓ is equal to ψ(f)
ℓ when ipf+1 = · · · = ip = 1 and 0 otherwise, and can be written as

Aℓ(j, i1, . . . , ipf , ipf+1, . . . , ip) = F
(1)
ℓ (j, i1, :)F

(2)
ℓ (:, i2, :) . . . F

(pf )

ℓ (:, ipf , 1)

× E1(1, ipf+1, 1) . . . E1(1, ip, 1)︸ ︷︷ ︸
pg

.

■ Bℓ can be written with pf rank-1 cores for the condition i1 = · · · = ipf = 1 and symmetrically

Bℓ(j, i1, . . . , ipf , ipf+1, . . . , ip) = E1(1, i1, 1) . . . E1(1, ipf , 1)︸ ︷︷ ︸
pf

×G(1)
ℓ (j, ipf+1, :)G

(2)
ℓ (:, ipf+2, :) . . . G

(pg)
ℓ (:, ip, 1).

Finally, by letting L(x) := (Lf (x),Lg(x)) and R(y) := (Rf (y
(f)),Rg(y

(g))), we have h(x) :=
R ◦ (Id+ψL) ◦ · · · ◦ (Id+ψ1) ◦L(x) and this compositional tensor gives exactly the concatenation
of f and g.

Proposition 3.9 (Vectorization of activation function). Let σ : R → R be an activation func-
tion representable by a compositional tensor with Lσ layers, width pσ, mσ non-zero parameters,
lift Lσ, retraction Rσ(y) = y1, and with basis Φ such that {1} ⊆ Φ. Then the vectorization
σ(x1, . . . , xd) = (σ(x1), . . . , σ(xd)) can be represented by a compositional tensor withLσ lay-
ers, width p := d · pσ, m := d ·mσ non-zero parameters, lift L(x) := (Lσ(x1), . . . ,Lσ(xd)) ∈
Rp, retraction R(y) := (y1, y1+pσ , . . . , y1+(d−1)pσ) ∈ Rd. The TT ranks rℓ of the tensor ψℓ in
layer ℓ are given by

rℓ0 =
d∑

k=1

rℓ,σ0 = d · pσ,

rℓK = rℓ,σj + (d− 1), K = (i− 1) + j,

rℓdpσ = 1,

where 1 ≤ i ≤ d is in the index of the block, and 1 ≤ j ≤ pσ−1 is the position within the block.

Proof. It is a direct consequence of Proposition 3.8. We apply σ independently to each coordinate
y1+kpσ , 0 ≤ k ≤ d − 1. Each input coordinate xi is lifted by Lσ, and then the Lσ layers of σ are
applied to each block corresponding to the lifted input coordinate xi. The retraction R gets the output
of the composition of tensors of each block.

Similarly as in Proposition 3.8, the tensor ψℓ in the ℓ-th layer can be written as a sum of d tensors
U

(k)
ℓ , 1 ≤ k ≤ d, where U (k)

ℓ acts on block k and is padded by rank-1 constant cores on all other
blocks. This yields the desired result.
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Theorem 3.10 (Encoding of a DNN). Let σ : R → R be an activation function representable
by a compositional tensor with Lσ layers, width pσ, mσ non-zero parameters, lift Lσ(x) =
(x, 0, . . . , 0), retraction Rσ(y) = y1, and with basis Φ such that {1, x} ⊆ Φ. Let f =
TL ◦ σ ◦ TL−1 ◦ σ ◦ · · · ◦ σ ◦ T1 be a deep neural network of width pf ≥ d, do with affine
transformations T1 : Rd → Rpf , Tℓ : Rpf → Rpf for 2 ≤ ℓ ≤ L − 1, and TL : Rpf → Rdo .
Then, f can be exactly encoded by a compositional tensor with L + (L − 1)Lσ layers, width
p := pf · pσ, lift L and retraction R given by

L(x)i,k =

{
xi if 1 ≤ i ≤ df and k = 1,

0 otherwise
∈ Rpfpσ ,

R(y) = (y1,1, . . . , ydo,1) ∈ Rdo .

Moreover, the number of non-zero parameters is given by

L−1∑
ℓ=1

(∥Aℓ − I∥0 + ∥bℓ∥0) + (∥AL − I∥0 + ∥bL∥0) + (L− 1)pfmσ.

Suppose that the Lσ of σ have TT ranks bounded by rσ. Then the TT ranks of each affine layer
are bounded by (p, pf , . . . , pf ), and those for computing σ are bounded by rσ.

If σ ∈ spanΦ, then pσ = 1, mσ = 1, Lσ = 1 and Lσ(x) = x, which results in an encoding of
f by a compositional tensor with 2L− 1 layers, with width pf , and the TT ranks are bounded by
(p, pf , . . . , pf ).

Proof. We represent each neuron j, 1 ≤ j ≤ pf , by a block of pσ coordinates in the CT state. This
allows us to apply the CT representation of σ to all neurons in parallel. Consequently, the total width
required for the encoding of f in a CT is p := pσpf . Within each block, the first coordinate stores the
current scalar value of the neuron, while the remaining coordinates are used for computing σ through
its CT representation. Define the lift L : Rd → Rpfpσ by L(x)i,j = xi if 1 ≤ i ≤ df and j = 1 and
L(x)i,j = 0 otherwise. This choice of lift is motivated by the fact that Lσ(x) = (x, 0, . . . , 0) and by
Proposition 3.9. The state is y = (yk)

p
k=1 and we reindex it as y = (y1,1, . . . , y1,pσ , y2,1, . . . , ypf ,pσ)

where the first index denotes the block from 1 to pf and the second index corresponds to the local
coordinate, from 1 to pσ.

Encoding of the affine layers. The encoding of the affine layers Tℓ can be done similarly as in
Proposition 3.2. If pσ = 1, we may directly apply Proposition 3.2. If pσ > 1, the affine layer Tℓ must
act only on the first coordinate yi,1 of each block. The construction is given for 2 ≤ ℓ ≤ L − 1; the
cases ℓ = 1 and ℓ = L are handled analogously. Since pσ > 1, the matrix Aℓ and the vector bℓ must
be modified such that they only act on the variables yi,1, 1 ≤ i ≤ pf . Define the matrix Ãℓ ∈ Rp×pf

and vector b̃ℓ ∈ Rp such that

(Ãℓ)k,j := [(Aℓ)s,j − δs,j]δk,(s−1)pσ+1, (b̃ℓ)k := (bℓ)sδk,(s−1)pσ+1,
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for 1 ≤ s, j ≤ pf and (s − 1)pσ + 1 ≤ k ≤ spσ. Thus, only rows with indices k such that k ≡ 1
(mod pσ) are non-zero. Following Proposition 3.2 define

U ℓ
1(y1) =

(
y1(Ãℓ):,1 + b̃ℓ (Ãℓ):,2 (Ãℓ):,pf

)
∈ Rp×pf ,

U ℓ
k(yk) = Ipf + 1k≡1 (mod pσ)(yk − 1)ese

⊤
s ∈ Rpf×pf , 2 ≤ k = (s− 1)pσ + 1 ≤ p− 1,

U ℓ
p(yp) = (1, . . . , 1)⊤ ∈ Rpf×1,

where es ∈ Rpf . Using these cores to define the tensorψℓ yieldsψℓ(y)k = Tℓ(y1,1, . . . , ypf ,1)s−ys,1
for k = (s − 1)pσ + 1, 1 ≤ s ≤ pf , and ψℓ(y)k = 0 otherwise. Therefore (Id + ψℓ)(y)k =
Tℓ(y1,1, . . . , ypf ,1)s for components k = (s − 1)pσ + 1, 1 ≤ s ≤ pf , and yk otherwise. Thus, the
TT ranks for encoding an affine layer is bounded by (p, pf , . . . , pf ).

Application of vectorized σ. We want to apply σ independently to each coordinate yi,1. AsLσ(x) =
(x, 0, . . . , 0), we can directly apply the Lσ layers ψ(σ,1), . . . , ψ(σ,Lσ) of σ, as from the previous para-
graph we have the output of the affine layer on the coordinates (y1,1, . . . , ypf ,1). The retraction Rσ of
σ can be absorbed by the layers. Hence, the number of non-zero parameters for encoding an affine
layer is

∥Aℓ − I∥0 + ∥bℓ∥0
and the TT ranks are bounded by those of σ. In total, the construction uses L + (L − 1)Lσ layers,
and the total number of non-zero parameters is

L−1∑
ℓ=1

(∥Aℓ − I∥0 + ∥bℓ∥0) + (∥AL − I∥0 + ∥bL∥0) + (L− 1)pfmσ.

Remark 3.11 (CTT can exactly represent a deep ReLU neural network). Consider feature func-
tions ϕ1(x) = 1, ϕ2(x) = x, ϕ3(x) = |x|. The ReLU activation function σ(x) = max(x, 0) =
x+|x|

2
= 1

2
ϕ2(x)+

1
2
ϕ3(x). By Corollary 3.3, we can represent the affine transformationA ·x+b,

A ∈ Rp×p, b ∈ Rp, by a single CTT layer of rank at most p. Therefore, a deep ReLU neural
network with L layers and constant width p can be written as a CTT with 2L layers.

3.4 Universal approximation

To further motivate the composition of tensors and illustrate their potential, we show that they are
universal approximators in Lpµ(X ;R) and C(X ;R) for a large class of bases Φ. The encoding of
multivariate polynomials give the universality in these spaces. A rich body of results on the universality
of deep neural networks has been obtained, cf. [30, 10, 33] to name but a few. It has also been shown
in Theorem 3.10 that DNNs can be exactly represented by CTTs, leading to a connection between
their approximation classes.

We give here a universality result for the approximation with compositional tensors and CTTs for basis
Φ that can represent the constants and the identity function Id.
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Corollary 3.12 (Universality in C(X )). Assume that 1, Id ∈ spanΦ. Let X ⊂ Rd be a compact
domain, and consider width p := d + 1. Then the set of compositional tensors CT (Φ;L,R)
and of compositional tensor trains CT T r(Φ;L,R) with L(x) := (0, x), R(y) = y1 and r ≥
(d+ 1, 2, . . . , 2) are dense in C(X ) equipped with the sup norm ∥ · ∥∞. The lower bound on r
is tight.

Proof. Proposition 3.5 shows that with this choice of basis Φ, width p = d + 1, lift L and R, we can
represent any multivariate polynomial. As a direct consequence of the Stone-Weierstrass theorem, if
we let the degree of the polynomial go to infinity (and so the number of layers go to infinity), we have
that CT (Φ;L,R) is dense in C(X ) equipped with the sup norm.

Moreover, Proposition 3.5 shows that the layers can be exactly represented by TTs with ranks equal
to r = (d+ 1, 2, . . . , 2), which gives the density of CT T r(Φ;L,R) in C(X ) for the sup norm.

Remark 3.13. A direct consequence of Corollary 3.12 is that, since C(X ) is dense in Lqµ(X ),
with 1 ≤ q <∞ and µ a finite measure, we have the density of CT (Φ;L,R) and CT T r(Φ;L,R)
in Lqµ(X ).

In an analogous manner to the approach of [46, 31], the universality in Lqµ(Rd), 1 ≤ q < ∞, for
a finite measure µ is shown employing the density argument of the space of compactly supported
continuous functions Cc(Rd) in Lqµ(Rd) for the norm ∥ · ∥Lq

µ
.

Corollary 3.14 (Universality in Lqµ(Rd)). Let µ be a regular Borel finite measure, 1 ≤ q < ∞,
and 1, Id ∈ spanΦ. Let the width be p := d + 1. Then the set of compositional tensors
CT (Φ;L,R) and of compositional tensor trains CT T r(Φ;L,R), with L(x) := (0, x), R(y) =
y1 and r = (d+ 1, 2, . . . , 2), are dense in Lqµ(Rd) for the norm ∥ · ∥Lq

µ
.

Proof. The proof is based on the fact that the space of continuous functions with compact support
Cc(Rd) is dense in Lqµ(Rd), and that by Corollary 3.12 we can approximate any continuous function
on a compact subset.

Let f ∗ ∈ Lqµ(Rd) and ε > 0. Because µ is a finite measure, we can choose a radius R > 0 such
that

∥f ∗ − fR∥Lq
µ
≤ ε

3
,

where fR := f ∗ ·1B(0,R) andB(0, R) is the ball of radiusR. Since µ is a regular Borel finite measure,
there exists a continuous g ∈ Cc(Rd) with support in some compact K ⊂ B(0, R) [15, Chapter 7]
with

∥fR − g∥Lq
µ
≤ ε

3
.

The density of CT (Φ;L,R) (resp. CT T r(Φ;L,R)) inC(K) for ∥·∥∞ given by Corollary 3.12 gives
the existence of a function h ∈ CT (Φ;L,R) (resp. h ∈ CT T r(Φ;L,R)) with

∥g − h∥∞ ≤
ε

3µ(K)1/q
.

Then ∥g − h∥Lq
µ
≤ µ(K)1/q∥g − h∥∞ ≤ ε

3
.
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Combining the three estimates with the triangle inequality gives the final result

∥f ∗ − h∥Lq
µ
≤ ∥f ∗ − fR∥Lq

µ
+ ∥fR − g∥Lq

µ
+ ∥g − h∥Lq

µ
≤ ε.

Remark 3.15 (Approximation spaces). From the previous results, we see a relation between the
approximation spaces of DNNs and CTTs. The complexity of DNNs and CTTs is chosen to be the
number of parameters. The width of both is fixed to pf ≥ d, which means only the number of lay-
ers is a free parameter. The corresponding approximation tools are denoted ΣDNN = (ΣDNN

n )n∈N
and ΣCTT = (ΣCTT

n )n∈N.

Recall that the approximation space associated with the approximation tool Σ is defined by

Aαq (X,Σ) := {f ∈ X : ∥f∥Aα
q
< ∞}, with ∥f∥Aα

q
:=
[∑∞

n=1(n
αE(f,Σn−1)X)

q 1
n

]1/q
for 0 < q <∞ and ∥f∥Aα

∞ := supn≥1 n
αE(f,Σn−1)X , where E(f,Σn)X is the best approx-

imation of f by Σn (see [13]).

By Theorem 3.10, the TT ranks are bounded by pf , which gives O(Lp3f ) parameters so there
exists c ≥ 1 such that ΣDNN

n ⊆ ΣCTT
cn . This inclusion gives Aαq (X,Σ

DNN) ↪→ Aαq (X,Σ
CTT), i.e.,

Aαq (X,Σ
DNN) is continuously embedded in Aαq (X,Σ

CTT).

The converse remains an open question.

A further analysis of approximation properties of CTT is let for a future work.

3.5 Compression of a CTT

It is well-known that given a tensor u ∈ Vn we can find a tensor ũ ∈ Tn,r in the tensor-train format
such that ∥u− ũ∥ ≤ ε∥u∥, where ∥ · ∥ is any inner product norm induced by inner product norms on
univariate function spaces by using the TT-SVD [44].

One would extend this result to a compositional tensor-train, that is, we are looking for a method to
compress a CTT g = R ◦ (Id + ψL) ◦ · · · ◦ (Id + ψ1) ◦ L, with ψk ∈ Tn,r, by another CTT

g̃ = R ◦ (Id + ψ̃L) ◦ · · · ◦ (Id + ψ̃1) ◦ L, where the ψ̃k are in the tensor-train format with probably
smaller ranks. Formally, given g ∈ CT T ≤r, we are looking for g̃ ∈ CT T ≤r̃ such that

∥g − g̃∥L2
µ
≤ ε∥g∥L2

µ
. (14)

We consider functions g from Rd to Rdo with linear lift and retraction maps of the form L(x) =
(x, 0) ∈ Rp and R(h) = (h1, . . . , hdo) ∈ Rdo . Both maps L and R are 1-Lipschitz. We work with
locally Lipschitz univariate basis Φ and a compactly supported measure µ, since in this case the basis
Φ is Lipschitz continuous (with potentially a large Lipschitz constant). First, note that one has

∥g − g̃∥L2
µ
≤ ∥R∥ℓ2→ℓ2∥(Id + ψL) ◦ · · · ◦ (Id + ψ1)− (Id + ψ̃L) ◦ · · · ◦ (Id + ψ̃1)∥L2

L♯µ
.

Since R is a projector, we have ∥R∥ℓ2→ℓ2 = 1. Therefore, it suffices to find a g̃ such that

∥(Id+ψL)◦· · ·◦(Id+ψ1)−(Id+ψ̃L)◦· · ·◦(Id+ψ̃1)∥L2
L♯µ
≤ ε∥(Id+ψL)◦· · ·◦(Id+ψ1)∥L2

L♯µ
.

First, we show the following useful lemma.
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Lemma 3.16. Let fk, gk : Rp → Rp be Lipschitz functions, with 1 ≤ k ≤ L, and q ≥ 1. Let
ρ be a probability measure on Rp and assume that fk ◦ · · · ◦ f1 and gk ◦ · · · ◦ g1 are in Lqρ for
every k = 1, . . . , L. Then we have

∥fL ◦ · · · ◦ f1 − gL ◦ · · · ◦ g1∥Lq
ρ
≤ εL +

L−1∑
j=1

εj

L∏
k=j+1

Lip(gk), (15)

where εj := ∥fj − gj∥Lq
ρj−1

and ρj = [fj ◦ · · · ◦ f1]♯ρ, with ρ0 = ρ by convention.

Proof. We show the result by induction on L. Assume that the result holds for some k. Then,

∥fk+1 ◦ · · · ◦ f1 − gk+1 ◦ · · · ◦ g1∥Lq
ρ
≤ ∥fk+1 − gk+1∥Lq

ρk

+ ∥gk+1 ◦ fk ◦ · · · ◦ f1 − gk+1 ◦ · · · ◦ g1∥Lq
ρ

≤ ∥fk+1 − gk+1∥Lq
ρk

+ Lip(gk+1)∥fk ◦ · · · ◦ f1 − gk ◦ · · · ◦ g1∥Lq
ρ

≤ εk+1 + Lip(gk+1)

(
εk +

k−1∑
j=1

εj

k∏
m=j+1

Lip(gm)

)

= εk+1 +
k∑
j=1

εj

k+1∏
m=j+1

Lip(gm),

which concludes the proof.

In the case of compositional tensors, the functions fk and gk are not globally Lipschitz, but only locally
Lipschitz. We then have the corollary in the case where the input space Ω ⊂ Rp is compact.

Corollary 3.17. Let fk, gk : Ωk → Ωk+1 be locally Lipschitz function, with 1 ≤ k ≤ L, q ≥ 1
and Ωk+1 := fk(Ωk) ∪ gk(Ωk) where Ω0 := Ω. Let ρ be a probability measure on Ω and
assume that fk ◦ · · · ◦ f1 and gk ◦ · · · ◦ g1 are in Lqρ for every k = 1, . . . , L. Then the functions
fk and gk are Lipschitz on Ωk and the inequality (15) holds.

Based on Corollary 3.17, we design an algorithm that constructs a compressed TT g̃ such that (14) is
satisfied.

Proposition 3.18. Let g = R ◦ (Id + ψL) ◦ · · · ◦ (Id + ψ1) ◦ L be a CTT with ψk ∈ Tn,r and

M := ∥(Id + ψL) ◦ · · · ◦ (Id + ψ1)∥L2
L♯µ

. By choosing ψ̃k ∈ Tn,r̃ such that

δj := ∥ψj − ψ̃j∥F ≤ ε
M

L∥Φ∥L2
ρj−1

L∏
k=j+1

Lip(ψ̃k)
−1,

we get
∥g − g̃∥L2

µ
≤ ε∥g∥L2

µ
,

where g̃ := R ◦ (Id + ψ̃L) ◦ · · · ◦ (Id + ψ̃1) ◦ L.
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Proof. Let δj := ∥ψj − ψ̃j∥F . By Corollary 3.17, we have,

∥(Id + ψL) ◦ · · · ◦ (Id + ψ1)− (Id + ψ̃L) ◦ · · · ◦ (Id + ψ̃1)∥L2
ρ
≤

L∑
j=1

εj

L∏
k=j+1

Lip(ψ̃k)

with
∏L

k=L+1 Lip(ψ̃k)
−1 = 1 by convention. Using the Cauchy-Schwarz inequality, we immediately

get
εj ≤ δj∥Φ∥L2

ρj−1
.

By taking

δj := ∥ψj − ψ̃j∥F ≤ ε
M

L∥Φ∥L2
ρj−1

L∏
k=j+1

Lip(ψ̃k)
−1,

we get the result.

Note that ∥Φ∥−1
L2
ρj−1

and ∥(Id+ψL)◦· · ·◦(Id+ψ1)∥L2
L♯µ

can be estimated by Monte-Carlo sampling

and that Lip(ψ̃k) can be estimated using the gradient of ψ̃k, which we have access to. Starting from

j = L, one can iteratively construct ψ̃j using TT-rounding [44] for instance.

4 Optimization

In this section we aim to design a learning algorithm for the compositional tensor format. We propose
to study two differents approaches: a first algorithm based on optimal control called the method of
successive approximation (MSA), and the second is (a modification of) natural gradient descent, which
has recently gained popularity in training of DNNs and earlier in quantum physics.

4.1 An optimal control perspective

We focus on the regression problem

min
Ψ∈CT L

∥η −Ψ∥2L2
µ(X ), (16)

where µ is a finite measure, X := X1×· · ·×Xd is the Cartesian product of closed intervals Xν , and
η ∈ L2

µ(X ) is a target function. We assume in the following that the CT Ψ is defined by functional
tensors ψ1, . . . , ψL and associated coefficient tensorsψ1, . . . ,ψL together with an appropriate lift L
and retraction R in the sense of Definition 3.1. Letting X̂0 ∼ µ, the above is equivalent to

min
Ψ∈CT L

EX̂0∼µ ∥η(X̂0)−Ψ(X̂0)∥22. (17)

Since the expectation is in general not computable, it is in practice replaced by an unbiased empir-
ical estimation via i.i.d. realizations of the random variable X̂0. Still, since the model class is highly
nonlinear as a composition of nonlinear functions, it makes sense to introduce regularization. In the
following we describe several related regularization approaches, their connection, and interpretations,
as well as strengths and weaknesses.
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Stochastic optimal control A first important observation is that a straightforward approach for reg-
ularization leads to a discrete-time stochastic optimal control problem. Consider for X0 = L(X̂0) the
problem

min
ψ1,...,ψL∈Mr

J(ψ1, . . . , ψL) := EX̂0∼µ

[
L∑
k=1

Lk(Xk−1, ψk) + ∥η(X̂0)−R(XL)∥22

]
Xk+1 = Xk + ψk+1(Xk), k = 0, . . . , L− 1,

(18)

for positive functions Lk : Rp × Tr → [0,∞). Since R(XL) = Ψ(X0) by construction, the only
difference between (17) and (18) lies in the introduction of the sum in the objective functional. From
the point of view of the regression problem, this can naturally be understood as a regularization, in
which each layer adds a penalty defined by Lk to the regression loss. (18) has the form of a stochastic
optimal control (SOC) problem with deterministic dynamics but random initial condition X0. In this
setting, the regularization function Lk is often called the running costs, whereas the actual regression
loss ∥η(X̂0) − R(XL)∥22 is called the terminal costs of the system. From the point of view of SOC,
the TTs ψ1, . . . , ψL are collectively called the control of the system. Hence, when we talk about an
optimal control in the following, we mean a collection ψ1, . . . , ψL solving (18). First-order conditions
for such a control in the general setting are given by the Pontryagin maximum principle.

Lemma 4.1 (Pontryagin maximum principle (PMP)). Consider for some p ∈ N the optimal control
problem 

min
u1,...,uL

L∑
k=1

Lk(Xk−1, uk) + g(XL)

Xk = f(Xk−1, uk)

, (19)

where X0 ∼ ρ, the control values uk are in a linear space U , f : Rp × U → Rp denotes the
dynamics, Lk : Rp × U → [0,∞) is the running costs and g : Rp → [0,∞) is the terminal
costs. For any state-control pair ((Xk)

L
k=0, (uk)

L
k=1) define the costates (λk)Lk=0 via

λk = ∂Xk
Lk(Xk, uk+1) + ∂Xk

f(Xk, uk+1) · λk+1, (20)

λL = ∇g(XL). (21)

Then, an optimal control u∗k and the corresponding state and costate values X∗
k , λ∗k satisfy for

each k ∈ {1, . . . , L} the following first order necessary condition

E[Hk(X
∗
k−1, u

∗
k, λ

∗
k)] ≤ E[Hk(Xk−1, uk, λk)] (22)

for all state-control costate tuples ((Xk)
L
k=0, (uk)

L
k=1, (λk)

L
k=0), where

Hk(Xk−1, uk, λk) := Lk(Xk−1, uk) + ⟨λk, f(Xk−1, uk)⟩ (23)

is the Hamiltonian.

The proof of Lemma 4.1 immediately follows using Lagrange multipliers. Note that the costates λk are
random variables as X0 ∼ ρ.

The Pontryagin maximum principle leads to the natural algorithm called method of successive approx-
imation (MSA), which basically, given an initial control, tries to optimize iteratively the Hamiltonian by
solving the state and costate equations, and then minimizes the Hamiltonian.
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Algorithm 2: Method of successive approximation (MSA)

Require: u(0)1 , . . . , u
(0)
L ∈ U , X0 ∼ ρ

1: i = 0
2: while cond not satisfied do

3: Let X(i)
k = f(X

(i)
k−1, u

(i)
k ), k = 1, . . . , L , X

(i)
0 = X0

4: Let λ(i)k = ∂
X

(i)
k
L(X(i)

k , u
(i)
k+1) + ∂

X
(i)
k
f(X

(i)
k , u

(i)
k+1) · λ

(i)
k+1, k = L− 1, . . . , 0,

λ
(i)
L = ∇g(X(i)

L ),

5: Compute u(i+1)
k ∈ argminu∈U E[H(X

(i)
k−1, u, λ

(i)
k )], k = 1, . . . , L

6: Update i = i + 1

7: end

4.1.1 On the choice of the regularization

The choice of Lk leads to different solutions with different interpretations.

Frobenius norm regularization. A naive choice is to define Lk as the squared Frobenius norm of
ψk, i.e. Lk(Xk−1, ψk) = R

2
∥ψk∥2F , where R > 0 is some regularization parameter. This choice

seems to make sense as an extension of a Tikhonov–like regularization to multiple layers. However,
letting ρ = L#µ and choosing L2

ρ-orthonormal basis functions, the space of coefficient tensors is
isometric to L2

ρ and in particular we have ∥ψk∥2F = ∥ψk∥2L2
ρ
. This is not desirable since in layer k,

ψk no longer gets points from the distribution µ, but instead from the push-forward measure ρk−1 =
[(Id+ψk−1) ◦ · · · ◦ (Id+ψ1)]♯ρ ∼ Xk−1 (with ρ0 = ρ by convention). Therefore, the regularization
is not natural in the sense that it does not take into account the dynamics, and forces ψk to be small
in the L2

ρ–sense.

Natural regularization. The above issue can be rectified by choosingLk(Xk−1, ψk) =
R
2
∥ψk(Xk−1)∥2,

R > 0, and consequently, E[∥ψk(Xk−1)∥2] = ∥ψk∥2L2
ρk−1

. The regularization then forces ψk to be

small in the push-forward sense, by taking into account the dynamics.

Connection of MSA to gradient descent. The application of the MSA algorithm to (18) with running
costs chosen via a Frobenius norm or natural regularization has clear connections to gradient descent
schemes. The connection between standard MSA and gradient descent in a neural network setting
has already been discussed e.g. in [32]. There, it is shown that the MSA algorithm becomes standard
gradient descent if one replaces the minimization of the Hamiltonian (“hard” update) with a relaxation
(“soft” update).

When working on the full tensor space, which is linear, the connection is even stronger. Consider the
running costs defined by Lk(Xk−1, ψk) =

R
2
∥ψk∥2F . The Hamiltonian in this case is given by

Hk(Xk−1, ψk, λk) =
R

2
∥ψk∥2F + ⟨λk, Xk−1 + ψk(Xk−1)⟩

=
R

2
∥ψk∥2F + ⟨λk, Xk−1 + (⟨ψk(j, ·),Φ(Xk−1)⟩F )pj=1⟩,

∂ψHk(Xk−1, ψk, λk) = Rψk + λkΦ(Xk−1),
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where λkΦ(Xk−1) is shorthand for a random variable with realizations in Rp×n×...×n defined by

λkΦ(Xk−1)(j, ·) = λk,jΦ(Xk−1).

Hence, the MSA yields an explicit update formula for the control in every step, which is

ψ
(i+1)
k = − 1

R
E[λ(i)k Φ(X

(i)
k−1)]

= ψ
(i)
k −

1

R
(Rψ

(i)
k + E[λ(i)k Φ(X

(i)
k−1)])

= ψ
(i)
k −

1

R
E[∂ψHk(X

(i)
k−1, ψ

(i)
k , λ

(i)
k )].

Hence, in our setting, the hard update corresponds to a gradient descent update with step size 1/R
in the parameter space.

In general, when working in the functional setting, suppose that we want to solve the minimization
problem 

min
ψ1,...,ψL

J(ψ1, . . . , ψL) := EX0∼ρ

[
L∑
k=1

R

2
∥ψk(Xk−1)∥22 + g(XL)

]
Xk+1 = Xk + ψk+1(Xk), k = 0, . . . , L− 1,

X0 ∼ ρ

for functions ψk ∈ L2
ρk−1

. The MSA algorithm aims to minimize the quantity E[Hk(X
(q)
k−1, ψk, λ

(q)
k )]

with respect to ψk, where

Hk(X
(q)
k−1, ψk, λ

(q)
k ) :=

R

2
∥ψk(X(q)

k−1)∥22 + (λ
(q)
k )⊤(X

(q)
k−1 + ψk(X

(q)
k−1))

and (X
(q)
k )k and (λ

(q)
k )k are the states and costates obtained using the controls (ψ(q)

k )k, respectively.

The Riesz representative of the Fréchet derivative of E[Hk(X
(q)
k−1, ψk, λ

(q)
k ] with respect to ψk is

denoted∇ψk
E[Hk(X

(q)
k−1, ψk, λ

(q)
k ], and is given by

∇ψk
E[Hk(X

(q)
k−1, ψk, λ

(q)
k )] = Rψk + λ

(q)
k ,

where in this expression λ(q)k has to be understood as a function. The optimality conditions give

ψ
(q+1)
k = − 1

R
λ
(q)
k

= ψ
(q)
k −

1

R
(Rψ

(q)
k + λ

(q)
k )

= ψ
(q)
k −

1

R
∇ψk

E[Hk(X
(q)
k−1, ψ

(q)
k , λ

(q)
k )],

which is a (functional) gradient descent with step size 1
R

.

Augmented Hamiltonian. It has been shown [29, 32] that classical MSA cannot be guaranteed to
update the control in the optimal descent direction, and even diverges in general. To overcome this
issue, we need to modify the Hamiltonian in such a way that the MSA converges. As proposed in
[29, 32], we introduce the augmented Hamiltonian

H̃γ(k, x, λ, ψ, ψ̃) := Hk(x, λ, ψ) +
1

2
γ∥ψ(x)− ψ̃(x)∥22, γ ≥ 0. (24)
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The minimization step of the Hamiltonian in the classical MSA is then replaced by a minimization step
of the augmented Hamiltonian. The difference between H and H̃ is that the augmented Hamiltonian
now forces ψ staying in a neighbourhood of ψ̃ with respect to some metric. For example, if x = Xk−1

and ψ̃ = ψk, then it forces the new dynamic induced by ψ to stay in a neighbourhood of the dynamic
induced by ψk.

4.1.2 Application in the case of tensors

In our setting, ψ is a tensor and we derive the optimality condition to minimize the augmented Hamil-
tonian (24). Recall that any function ψ ∈ Vn can be represented as

ψ : x 7→ ⟨ψ,Φ(x)⟩F =

(∑
α

ψ(j, α1, . . . , αp)ϕα1(x1) . . . ϕαp(xp)

)p

j=1

,

so that ψ is a vector-valued function parametrized by a tensor ψ ∈ Rp×n×···×n. For notational conve-
nience, we write H̃γ(k, x, λ,ψ, ψ̃) = H̃γ(k, x, λ, ψ, ψ̃). Taking the gradient of (24) with respect to
ψ leads to the expression

∇ψH̃γ(k, x, λ,ψ, ψ̃) = ∇ψ
(
R

2
∥ψ · Φ(x)∥2 + λ⊤(x+ψ · Φ(x)) + 1

2
γ∥ψ · Φ(x)− ψ̃ · Φ(x)∥2

)
= RG(x)ψ +

d∑
i=1

λi(ei ⊗ Φ(x)) + γG(x)(ψ − ψ̃),

where

G :

{
Rd −→ L(Rp ⊗ Rn ⊗ · · · ⊗ Rn)

x 7−→ Id ⊗ (ϕ(1)(x1)ϕ
(1)(x1)

⊤)⊗ · · · ⊗ (ϕ(d)(xd)ϕ
(d)(xd)

⊤)

gives a symmetric and positive-definite operator from tensor space Rp×n×...×n to itself at each point
x ∈ Rd.

In our case, we use B samples (x
(i)
j,k)

b
j=1 for estimating the expectations leading to the minimization

problem

ψ
(i+1)
k ∈ argmin

ψ

1

B

B∑
j=1

H̃γ(k − 1, x
(i)
j,k−1, λ

(i)
j,k,ψ,ψ

(i)
k ).

Setting the gradient of the functional with respect to ψ to zero yields the linear tensor equation(
1

B

B∑
j=1

G(x
(i)
j,k−1)

)
((R + γ)ψ

(i+1)
k − γψ(i)

k ) = − 1

B

B∑
j=1

d∑
n=1

λ
(i)
j,k,n(en ⊗ Φ(x

(i)
j,k−1)).

Such an equation can be solved using ALS [25] or AMEn [14]. Note that the operator 1
B

∑B
j=1G(x

(i)
j,k−1)

and the right-hand side have representations in canonical tensor format with canonical tensor rankBd.
In order to have the updates ψ(i+1)

k in the Tensor-Train format, one can perform a TT-rounding, or a
truncation to some given ranks r [44].

4.2 Natural gradient descent

Gradient descent algorithm is a prominent optimization method, especially for neural networks, and
have shown good convergence properties in many applications. It has been proven that its stochastic
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version (this means, with a stochastic estimation of the true gradient) converges to critical points,
even for non-convex objective functions [11]. Furthermore, it can escape and avoid saddle points
[27, 28]. However, vanilla gradient descent tends to converge slowly, and often does not achieve a
high accuracy. Following [39], we propose to employ the natural gradient descent [3] for this specific
architecture. We first provide a formal derivation.

LetM⊂ L2
µ := H be a nonlinear model class. Consider the minimization problem

inf
u∈M
L(u), L : L2

µ → R. (25)

We aim to solve this problem using an iterative scheme of the form,

uk+1 = uk + αkdk, dk = −∇L(uk). (26)

Remark 4.2. In general, for an arbitrary Hilbert spaceH, dk is defined by dk = −Q−1
uk
(∇L(uk)),

where ∇L ∈ H is the gradient of L and Quk is an invertible, symmetric and positive definite
linear map. For example,

■ by choosing dk = −∇L(uk) we recover the Hilbert space gradient descent,

■ by choosing dk = −∇2L(uk)−1(DL(uk)), with ∇2L(uk) : H → H the Hessian of L
at uk, we recover the Hilbert space Newton method.

Henceforth, we consider a parametric class of functions, M = {uθ = P (θ) : θ ∈ Θ} where
P : Θ → M ⊆ H is the parametrization and is assumed to be C1, and Θ ⊆ Rp is called the
parameter space. Since in practice, performing a descent in the functional space is infeasible, we aim
to design an iterative scheme in the parameter space that mimics the descent (26). Namely,

θk+1 = θk + αkwk, (27)

such that uθk+1
≈ uk+1. Applying the Taylor theorem to uθk+1

= P (θk + αkwk) gives

uθk+1
= uθk + αkDP (θk)wk + o(αk∥wk∥).

Therefore, we would like to find wk such that we have DP (θk)wk ≈ dk. The quantity DP (θ)w lives
in the tangent space ofM at uθ, defined as

TuθM := span{∂θ1uθ, . . . , ∂θpuθ} = span(DP (θ)) ⊂ L2
µ.

This tangent space is equipped with the metric ⟨·, ·⟩L2
µ
.

Remark 4.3. In general, the tangent space TuθM can be equipped with a metric ⟨Quk ·, ·⟩H
depending on uk. The Hilbert space Newton method corresponds to Quk = ∇2L(uk).

It follows that the wk that “aligns the best with the functional descent” is given by,

wk ∈ argmin
w∈Θ

1

2
∥DP (θk)w − dk∥2L2

µ
. (28)
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(a) Euclidean gradient∇θL(θ)
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(b) Natural gradient ∇̃θL(θ) := G(θ)†∇θL(θ)

Figure 2: Visualization of the gradient fields∇θL(θ) and ∇̃θL(θ) for the model uθ(x, y) = exp(θ1x+
cos(y − θ2)) and the loss function L(u) = 1

2
∥u− u∗∥2L2([0,1]2).

Remark 4.4 (Gauss-Newton iterate). The update direction (28) coincides with one Gauss-Newton
step for the minimization of L(θ) := 1

2
∥P (θ) − u∥2H, with H = L2

µ. Indeed, a Gauss-Newton
iteration is given by θk+1 = θk + wk, with wk minimizing over w ∈ Θ the function

w 7→ 1

2
∥P (θk) +DP (θk)w − u∥2H =

1

2
∥DP (θk)w − dk∥2H

with dk = u− P (θk) = −∇L(θk) ∈ H.

Computing the normal equation of (28) gives the update direction

wk = −G(θk)†∇θL(θk), (29)

where L = L ◦ P : Θ→ R and G(θk) ∈ Rp×p is the Gramian matrix defined by,

G(θ)ij := ⟨∂θiuθ, ∂θjuθ⟩L2
µ
, (30)

and by G(θ)† we denote a pseudo-inverse of G(θ), that means a matrix satisfying GG†G = G.

As illustrated in Figure 2 for a particular 2-dimensional model classM, the flow obtained by the natural
gradient naturally points towards the optimal point, and the streamlines are more straight.

An interesting property of the natural gradient is that it is reparametrization invariant [53]. That means,
if we consider two parametrizations P (θ) and P (f−1(ξ)), where f is a diffeomorphism, the update
direction in H is the same. This implies that an update in the parameters for both parametrizations
by an infinitesimal amount, this would give the same result on the model. However, it is important to
point out that updating the parameters by a finite amount will, in general, give different locations on
the model: the natural gradient descent is dependent on the choice of parametrization.

We would also point out that it is believed that natural gradient descent can avoid saddle points be-
cause it updates the parameters in the optimal direction inM [26]. However, unlike the Hessian, the
Gramian has only non-negative eigenvalues, therefore it does not exploit explicitly negative curvature,
which helps to escape saddle points. Consequently, it does not actively push away from saddle points.
In [37], the authors argue that around a stationary solution, the Gramian matrix is rank-deficient, the-
fore the natural gradient descent may converge to instationary points and fail to escape. Despite this
undesired behavior, natural gradient descent has shown very good performance, particularly for PINNs
[38, 41]. However, when employed with neural networks, the computation of the natural gradient is very
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resource-intensive, therefore its usage is very limited. Some methods have been developed to com-
pute an approximation of this quantity, namely K-FAC [34, 4, 16] and techniques using randomized
linear algebra [7].

Implementation for CTTs. In our case, if we want to exploit the tensor algebra, we cannot apply
the natural gradient descent directly to the model class CT (Φ) (and also CT T ≤r(Φ)), since it is not
clear whether the sum of two compositional tensors yields a compositional tensor (even with probably
a different number of layers). Instead, we propose to apply it layerwise, i.e. on each tensor ψℓ on the
ℓ-th layer, since in this case we preserve the tensor structure (and also the low-rank format if used).
The function uθ is an element of CT (Φ), where θ = (ψ1, . . . ,ψL) represents the tensors of the
layers. By applying the chain rule, we immediately get

∂uθ
∂ψℓ

(x) =
∂uθ
∂uℓ

(x)︸ ︷︷ ︸
∈Rdo×d

⊗Φ⊗d(uℓ−1(x)) ∈ Rdo×d ⊗ (Rm)⊗d, (31)

where uℓ(x) = (Id + ψℓ) ◦ · · · ◦ (Id + ψ1) ◦ L(x). The Gramian of the ℓ-th layer is then given by

Gℓ(θ) = Ex
[(

∂uθ
∂uℓ

(x)⊤
∂uθ
∂uℓ

(x)

)
⊗
(
(ΦΦ⊤)⊗d(uℓ−1(x))

)]
∈ Rd×d ⊗ (Rm×m)⊗d. (32)

For computing the natural gradient layerwise we thus have to solve the normal equation

Gℓ(θ) · d = Ex

[(
∂uθ
∂uℓ

(x)

)⊤

∇L(uθ)(x)
]
. (33)

In our case, we can approximate the L2
µ-inner product by a Monte-Carlo approximation using B sam-

ples and therefore consider an empirical version of (33). Indeed, a Monte-Carlo approximation of
Gℓ(θ) is given by

Ĝℓ(θ) =
1

B

B∑
i=1

(
∂uθ
∂uℓ

(xi)⊤
∂uθ
∂uℓ

(xi)

)
︸ ︷︷ ︸

Cℓ,0(xi)

⊗Φ(uℓ−1(x
i)1)Φ(uℓ−1(x

i)1)
⊤︸ ︷︷ ︸

Cℓ,1(xi)

⊗ · · · ⊗ Φ(uℓ−1(x
i)d)Φ(uℓ−1(x

i)d)
⊤︸ ︷︷ ︸

Cℓ,d(xi)

(34)

In general, if uθ ∈ CT (Φ) and no low-rank format is assumed, the time complexity of solving (33)
is in O(min(Bdom

2d, B2d2om
d)), where B is the number of samples used for estimating the inner

product, do is the output dimension of the model, d is the dimension of the lifted space, and m is the
number of univariate basis elements of Φ. Moreover, the storage complexity is in O(md) for each
layer, which is infeasible in high dimensions. To circumvent this problem, one can assume low-rank
format for the layersψℓ, e.g. the tensor-train format. For solving (33) with a low-rank tensor format, one
can use the alternating linear scheme (ALS) [25]. However, the Gram matrix associated to the layer ℓ
may have a bad condition number, so that ALS without preconditioning may show a slow convergence
and yield a highly suboptimal low-rank approximation of the update direction. We should also note
that in this case, the update (27) may leave the manifold, therefore it is required to use a retraction
RU : TUM→M. The update for each layer ψℓ is therefore given by

ψ
(k+1)
ℓ = R

ψ
(k)
ℓ
(−α(k)w

(k)
ℓ ), (35)
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where the iteration number k is written at superscript for ease of reading.

Algorithm 3: Layerwise natural gradient for CTTs

Require: Samples (xi)Bi=1, initial tensors (ψℓ)Lℓ=1

1: k← 0
2: while not converged do
3: for ℓ← 1 to L do

4: Assemble the Gramian Ĝℓ(θ) (34)
5: Compute the gradient∇ψℓ

L(uθ)(xi)
6: Solve the normal equation (33) and storew(k)

ℓ

7: end
8: Compute the learning rate α(k)

9: for ℓ← 1 to L do
10: if low-rank then

11: Update ψ(k+1)
ℓ ← R

ψ
(k)
ℓ
(−α(k)w

(k)
ℓ )

12: end
13: else

14: Update ψ(k+1)
ℓ ← ψ

(k)
ℓ − α(k)w

(k)
ℓ

15: end
16: end
17: k← k + 1

18: end

The Gram matrices Gℓ are typically highly ill-conditioned, which poses significant challenges for
solving the corresponding normal equations (33). A well-established approach to mitigate this is-
sue is to approximate Gℓ with a low-rank surrogate. In particular, the randomized Nyström method
[42, 54, 17, 35] achieves this by projecting Gℓ onto a randomly generated, low-dimensional sub-
space. In the context of this work, the Gram matrix Gℓ is a linear operator acting on tensor spaces
Gℓ : Rd×n×···×n → Rd×n×···×n. To construct a suitable low-rank approximation, we introduce a
tensor-structured sketch S ∈ Rs×d×n···×n [48, 52], where s ∈ N is the sketching size. The projec-
tions GℓSj ∈ Rd×n···×n are computed for 1 ≤ j ≤ s, and we seek a solution in the span of these
random projections of Gℓ. We choose the sketch S to be of the form

Sj =
1√
s
sj,0 ⊗ · · · ⊗ sj,d, sj,p ∼ N (0, I).

The contraction of the Monte-Carlo approximation of Gℓ given in (34) and Sj can be efficiently com-
puted

ĜℓSj =
1

B

B∑
i=1

Cℓ,0(x
i)sj,0 ⊗ Cℓ,1(xi)sj,1 ⊗ · · · ⊗ Cℓ,d(xi)sj,d.

Moreover, it can be computed without forming explicitly the Jacobian by using the Jacobian-vector
product (JVP), see remark in the subsequent numerics section.

The key advantage of this Gaussian sketching approach is that, with high probability, the span of the
sketch captures the dominant eigenspace of Gℓ. Consequently, the low-rank approximation retains
the principal components corresponding to the largest eigenvalues while attenuating the directions
associated with small eigenvalues. The resulting system behaves as if a spectral filter is applied toGℓ,
that is, the solution lies in the subspace spanned by the most significant eigenvectors of Gℓ.
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5 Numerical results

In this section, we would like to observe the performance of the natural gradient descent (NGD) and
MSA algotihms presented in previous section, compared to other (higher-order) optimization methods
such as Adam, L-BFGS and BFGS. All the experiments are written in the JAX python framework [8]
and can be found on the GitHub repository https://github.com/chmda/ctt. For assem-
bling the normal equation (33), the Jacobians and the right-hand side are computed using jax.vjp
instead of simply calling jax.jacfwd, speeding up the computation.

5.1 Layers with full tensors (no low-rank formats)

We first study the behaviour of the algorithms where it is not assumed that the different layers ψℓ are in
a low-rank format, i.e., we consider full tensors. The basis functions are chosen to be Φ = {1, Id}. For
the considered approximation and recovery problems, the training dataset Dtrain consists of 100, 000
samples drawn from the measure µ (which are specified for each problem), and the validation dataset
Dval consists of 2, 000 independent samples from µ. The loss function considered is

L(u) := 1

2
∥u− u∗∥2L2

µ(Ω), L : L2
µ(Ω)→ R+,

where µ is the uniform measure on X . This loss function is however replaced by its empirical version,

L̂(u) := 1

2

∑
x∈D

|u(x)− u∗(x)|2,

whereD is an ensemble of random points, e.g. a mini-batch or the whole training dataset. The perfor-
mance of the algorithms is measured using the L2

µ(X )-relative error estimated by

ε̂2 :=

∑
x∈Dval

|ũ(x)− u∗(x)|2∑
x∈Dval

|u∗(x)|2 ,

where ũ is an approximation of u∗. If specified, the line-search algorithm used for finding optimal αk
has to satisfy the strong-Wolfe conditions [40, Chapter 3]. Since the Gram matrix Gℓ(θ) can be rank-
defficient and the computation of the natural gradient wℓ by solving the least-squares problem (28)
can be tedious, we propose to add a Tikhonov regularization to (33), which translates into adding a
regularization parameter λ · Id to Gℓ(θ) so that now we have to solve the linear equation

(Gℓ(θ) + λId) · d = Ex

[(
∂uθ
∂uℓ

(x)

)⊤

∇L(uθ)(x)
]
.

This method can be seen as a trust-region approach. It shifts the spectrum of Gℓ(θ), making the
solving more stable. The choice of λ remains an open question, but a rule of thumb is to increase λ
when the algorithm tends to diverge and to decrease it otherwise. The tensor initialization is also an
important key for the good behaviour of the optimization algorithms. In order to avoid the explosion of
the variance with the layers and the number of features, we propose to choose the tensors as

ψℓ ∼ N
(
0,

c

Lnd

)
, 1 ≤ ℓ ≤ L,

where L is the number of layers, n is the number of features of Φ, and c > 0 is a positive constant
chosen to be c = 2. This choice is motivated by the works on neural network weight initialization
[22, 55].
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5.1.1 A recovery problem

Let d ≥ 2 and

u∗(x) =
m∏
i=1

(xiy − xm+i)
2, x ∈ X = [0, 1]d, (36)

y =

{
1 if d = 2m

xd if d = 2m+ 1
. (37)

This function can be exactly represented by a compositional tensor with 2 layers. Indeed, for simplicity
take d = 2m. For the case d = 2m+1, we just have to multiply the terms hi, 1 ≤ i ≤ m, by h2m+1.
Let

u1(h) = (h1 − hm, h2 − hm+1, . . . , hm − h2m︸ ︷︷ ︸
m

, h1 − hm, h2 − hm+1, . . . , hm − h2m︸ ︷︷ ︸
m

), (38)

u2(h) = (h1h2 . . . h2m, 0, . . . , 0), (39)

then we have exactly u∗ = u2 ◦ u1. Furthermore, u1 can be represented by a TT with ranks bounded
by 2 since it is just a difference of two variables, and u2 can be represented by a TT with ranks equal
to 1 since it is just the product of all variables.

For representing this function by a TT with polynomial basis, it must have maximal ranks, which grow
exponentially with d. For example, if d = 4, then the TT ranks are (1, 3, 9, 3) and the number of pa-
rameters is 180. This result can be verified experimentally: for the ranks ranging from 1 to 9, the relative
L2 error is {0.84, 0.68, 0.46, 0.16, 0.14, 0.11, 0.079, 0.013, 0} (averaged over 25 experiments).

The lifting operator is chosen as L = Id and the retraction operator as R = e1. The experiments are
conducted for d = 4 and d = 5. The number of training samples is fixed to 2048, and the number of
validation samples is fixed to 512. Regarding hyperparameters for each experiment,

■ for d = 4, the learning rate is fixed to αk = 0.7, and the regularization coefficient is λ = 10−12,

■ for d = 5, the learning rate is chosen constant αk = 0.5, and the regularization coefficient is
λ = 10−11.

The plots Figure 3 show that the NGD converges faster to an exact solution (or a good approximation)
than the other optimisation algorithms. In Figure 3a we see that the NGD converges with a fast rate
and converges quickly to the exact solution. In Figure 3b, the NGD does not converge to an exact
solution of the problem. While it converges linearly, the rate is much better than of the other methods
and a much lower error is reached after the same number of iterations.

The plots in Figure 4 show the evolution of the relative L2 error versus the time spent for the optimi-
sation algorithms. They show that the NGD is a bit faster than Adam for an iteration, and that, despite
taking more time than L-BFGS, it converges faster.

5.2 Layers in low-rank format

In this subsection, we study the properties and the behaviour of the Gram matrix G(θ) in order to
check if the low-rank solvers like AMEn or (M)ALS can be used. A well-known major challenge with
NGD is the occurring rank-defficiency. We also explore some regularization techniques to make these
solvers exploitable.
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Figure 3: Convergence plot for the optimizers Adam, NGD and L-BFGS for the recovery problem (37)
in log-log scale, for dimensions d = 4, 5.

102 103 104

Time (ms)

10−13

10−10

10−7

10−4

10−1

102

R
el

at
iv

e
L

2
er

ro
r

NGD

Adam

LBFGS

(a) d = 4

102 103 104 105

Time (ms)

10−5

10−4

10−3

10−2

10−1

100

R
el

at
iv

e
L

2
er

ro
r

NGD

Adam

LBFGS

(b) d = 5

Figure 4: Relative L2 error versus time for the optimizers Adam, NGD and L-BFGS for the recovery
problem (37) in log-log scale, for dimensions d = 4, 5.

5.2.1 On the conditioning of G(θ)

We propose to study the Gram matrix Gℓ(θ) of each layer 1 ≤ ℓ ≤ L. To do so, we track the effective
condition number

κℓ(θ) := ∥Gℓ(θ)∥2→2∥Gℓ(θ)
†∥2→2

during the optimisation of the problem (37) in dimension d = 4. We also track the rank of the Gram
matrices Gℓ. The experiment is repeated 25 times.

Figure 5a shows that the Gram matrices become highly ill-conditioned during optimization, with condi-
tion numbers κℓ ranging from 106 up to 1014. In fact, the condition number increases rapidly, reaching
values around 1013 after approximately 20 iterations. Initially, directions associated with small eigen-
values play a useful role by guiding the optimizer toward a good configuration. However, as the solution
approaches optimality, these directions contribute progressively less to the reduction of the loss.

Furthermore, as illustrated in Figure 5, the rank of the Gram matrices decreases over the iterations.
This suggests that the effective feature space collapses onto a lower-dimensional subspace: the span
of active feature directions shrinks, and the remaining features become increasingly correlated. Con-
sequently, the Gram matrix becomes closer to being low-rank.
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(a) Condition number κℓ.
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Figure 5: Condition number and rank of Gℓ, with ℓ = 1, 2, for the recovery problem (37) for dimension
d = 4. The plain line is the median, and the envelope corresponds to the interquartile.

5.2.2 Random sketching

Sketching size (s) Learning rate (α) Regularization parameter (λ)
20 0.85 10−11

30 0.8 10−12

40 0.7 10−12

Table 1: Hyperparameters for each sketching size s.

As discussed in Section 4.2, one way to circumvent the ill-conditioned Gℓ is to project it onto some
random subspace. We apply this randomized method to the recovery problem defined in (37), consid-
ering different choice of sketching size s. In our experiments, the dimension is fixed to d = 4, resulting
in m = 4 · 24 = 64 parameters per layer. For each choice of s, the learning rate α and regularization
parameter λ are adjusted accordingly and heuristically, as summarized in Table 1

Figure 6 shows that around 30 components of eigenspace of Gℓ is enough to convergence to an
optimal solution, which is less than half of the number of eigendirections. However, taking only 20 or
25 components is not enough. This plot also confirms that the more components we keep, the better
the convergence is. One can remark that taking less than 64 eigendirections slows the convergence
to an optimum.

Figure 6 illustrates the convergence behavior for various sketching sizes. We can observe that retain-
ing a rank-30 approximation of the Gram matrix is sufficient to achieve convergence to an optimal
solution, which is less than half of the total eigendirections. In contrast, retaining a rank 20 or 25
is inadequate for convergence. Moreover, the results confirm that increasing the rank improves con-
vergence, although taking fewer than the full 64 eigendirections slows the rate at which the solution
approaches the optimum.

We also want to point out that Figure 5b shows that the ranks of Gℓ are not the same for each layer,
and that in general the shallowest layer has a smaller rank. This suggests that the sketching size s
should be adapted for each layer.
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Figure 6: Random sketching for the problem (37) in dimension d = 4.
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