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Introduction and motivation

Quantum state tomography (QST) aims to estimate the density matrix of a quantum state ρ ∈ CD×D from measurement data {Em, ym}M
m=1,

where D = 2N for an N -qubit system.

Key challenges:
- Exponential growth: the number of parameters scales as D2, with D = 2N .
- Physical constraints: ρ ∈ S = {X | X ⪰ 0, trace(X) = 1, X = XH}.
- Scalability: standard methods are computationally and memory-intensive, becoming

impractical for large systems.

Standard compressed sensing QST

- Rank minimization: minρ̂ ∥ρ̂∥∗ s.t. ∥y − M(ρ̂)∥2 ≤ ϵ, and ρ̂ ∈ S (CVX).

- Error minimization: minA
1
2∥y − M (ρ̂) ∥2

2 with ρ̂ = AAH, s.t. ∥A∥2
F ≤ 1 (LR).

Proposed solution: Block tensor train (TT) parametrization

Mathematical model

The density operator is parameterized as a Block TT contraction: ρTT = A •n AH.
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Key advantages:
- Physicality: Hermitian and PSD by construction.
- Memory-efficient: D2 → O(R2(log2 D + K)) parameters.
- Scalability: supports DMRG-style alternating optimization.
- Applicability: low-rank quantum states (e.g., pure, nearly pure, and

Hamiltonian ground states).

Optimization objective

We formulate an error minimization objective using the Block TT parametrization:
minA

1
2∥y − M (ρ̂TT) ∥2

2, with ρ̂TT = A •n AH, s.t. ∥A∥2
F ≤ 1,

where A is in Block TT format. The model parameters are optimized core-wise via
(projected) gradient descent [1].

Efficient computation

Expectation values ym = ⟨ρTT, Em⟩ of product-form
operators Em =

⊗N
j=1 σmj

, with σmj
∈ {I2, σx, σy, σz}

are computed via TN contractions.

- Complexity: O(D2) → O(R3(log2 D + K)).

It is important to note that this approach is efficient only
when the quantum states can be well approximated with
low TT-rank. The gradient of the objective (3), given by
∇f (A) = −2

∑M
m=1 (ym − ρ̂TT•̄Em) Em•̄A, can be com-

puted core-wise.

B. Algorithm

This section provides a simple gradient descent (GD) algo-
rithm for optimizing the objective (3). The key steps of the
algorithm are as follows. A TT-SVD operation PrTT (A) is
performed, which projects A to a left-orthogonalized Block-
TT format; see [17, Algorithm 1 and Algorithm 2] for more
information. As noted earlier, this process involves truncation
and orthonormalization. Truncation (or rounding) is required
because the TT-ranks of the gradient and the current iterate
get added following the GD step. Alternative approaches that
optimize over fixed-rank TT manifolds (see [25], [30]–[32])
could be more suitable; however, here we provide a simple
working algorithm. As A is left-orthogonal, the Frobenius
norm of A is equal to the norm of its last core, G(N). In the
projection step, we normalize G(N) to ensure that ∥A∥2F ≤ 1.
We noticed that adding a small momentum factor η in the
GD step improved the convergence. The pseudocode for the
proposed method is outlined in Algorithm 1.

Algorithm 1: Block-TT QST Algorithm.
Data: Gradient of objective ∇f (A), η, rTT.
Result: A, such that ρ̂TT = A •(N−1) AH.
Initialize Ai.
Ai = PrTT (Ai) . % Ai is left-orthogonal
Projection: Ai =

1
∥G(N)∥F

Ai. % ∥A∥2F ≤ 1

for i = 1 . . . do
Gradient Descent: Ai+1 = PrTT (Ai − η∇f (Ai)) .
Projection: Ai+1 = 1

∥G(N)∥F
Ai+1.

end

IV. EXPERIMENTS

Experiments are conducted on an HP EliteBook 845 G8
with an AMD Ryzen 7 PRO 5850U processor and 32GB
RAM. For tensor-train computations, the open-source Python
package Scikit-TT4 is used.
A. Evaluation Metrics

Two common metrics are used to assess performance: (1)
Fidelity, which quantifies the closeness between two density
matrices ρ1 and ρ2:

(
Tr

(√√
ρ1ρ2

√
ρ1

))2
and, (2) Trace

distance, which quantifies distinguishability: 1
2∥ρ1 − ρ2∥1.

B. Results

An 8th-order tensor in Block-TT format A ∈ C2×2×···×K×2

is generated with K = 2 and rTT(A) = (1, 2, . . . , 2, 1), by
sampling entries of the core tensors from a normal distribution
(the Ginibre ensemble). The tensor is normalized and a 14th-
order tensor ρTT = A •(N−1) AH is computed. Random

4https://github.com/PGelss/scikit tt

Pauli measurements are performed with sampling ratio M/D2

varying from 0.05 to 0.4. Gaussian noise is added to the
measurements with SNR = 60dB. Algorithm 1 is compared
with state-of-the-art algorithms in the reconstruction of ρ̂TT,
including a convex optimization method (CVX) [5], [26],
maximum likelihood estimation (MLE) [33], and a low-rank
projected factor gradient method (LR) [13]. The LR algorithm
was initialized randomly. The median Fidelity and Trace
distance are shown across 20 trials in Fig. 5.
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Fig. 5: The proposed method outperforms MLE and has an overall
similar performance to LR. The CVX method performs best at
low sampling ratios (M/D2 < 0.3), but this approach solves the
original problem (2) and becomes very expensive as the problem
size increases.

Next, the number of qubits N is varied from 3 to 12.
Random Pauli measurements are performed, with the sampling
ratio M/D2 set to 0.05. Note that, as N increases, D increases
proportionally to 2N and M increases proportionally to D2

(i.e., 4N ). Fig. 6 shows the median time required to perform
M measurements, i.e., {ρTT•̄Em}Mm=1, across 10 trials. This
is the most computationally expensive step in evaluating the
cost function and its gradient. In the matrix case, performing
M measurement, i.e., {Tr (ρEm)}Mm=1, becomes exceedingly
expensive as N increases, while the proposed format allows
performing measurements for large-scale systems.
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Fig. 6: The time required to perform M measurements in the Block-
TT format scales close to linearly, whereas in a matrix format, it
scales exponentially.

V. CONCLUSION AND FUTURE WORK

A novel QST approach is introduced in which a density
matrix is parameterized by a Block-TT network. The proposed
method is both memory- and computationally efficient. Nu-
merical experiments show that the proposed approach yields

Figure 1: Measurement time for M observables scales
near-linearly in the Block TT format, but exponentially in the
matrix representation (M = 0.05D2, N = 3 to 12).

Results

It is important to note that this approach is efficient only
when the quantum states can be well approximated with
low TT-rank. The gradient of the objective (3), given by
∇f (A) = −2

∑M
m=1 (ym − ρ̂TT•̄Em) Em•̄A, can be com-

puted core-wise.

B. Algorithm

This section provides a simple gradient descent (GD) algo-
rithm for optimizing the objective (3). The key steps of the
algorithm are as follows. A TT-SVD operation PrTT (A) is
performed, which projects A to a left-orthogonalized Block-
TT format; see [17, Algorithm 1 and Algorithm 2] for more
information. As noted earlier, this process involves truncation
and orthonormalization. Truncation (or rounding) is required
because the TT-ranks of the gradient and the current iterate
get added following the GD step. Alternative approaches that
optimize over fixed-rank TT manifolds (see [25], [30]–[32])
could be more suitable; however, here we provide a simple
working algorithm. As A is left-orthogonal, the Frobenius
norm of A is equal to the norm of its last core, G(N). In the
projection step, we normalize G(N) to ensure that ∥A∥2F ≤ 1.
We noticed that adding a small momentum factor η in the
GD step improved the convergence. The pseudocode for the
proposed method is outlined in Algorithm 1.

Algorithm 1: Block-TT QST Algorithm.
Data: Gradient of objective ∇f (A), η, rTT.
Result: A, such that ρ̂TT = A •(N−1) AH.
Initialize Ai.
Ai = PrTT (Ai) . % Ai is left-orthogonal
Projection: Ai =

1
∥G(N)∥F

Ai. % ∥A∥2F ≤ 1

for i = 1 . . . do
Gradient Descent: Ai+1 = PrTT (Ai − η∇f (Ai)) .
Projection: Ai+1 = 1

∥G(N)∥F
Ai+1.

end

IV. EXPERIMENTS

Experiments are conducted on an HP EliteBook 845 G8
with an AMD Ryzen 7 PRO 5850U processor and 32GB
RAM. For tensor-train computations, the open-source Python
package Scikit-TT4 is used.
A. Evaluation Metrics

Two common metrics are used to assess performance: (1)
Fidelity, which quantifies the closeness between two density
matrices ρ1 and ρ2:

(
Tr

(√√
ρ1ρ2

√
ρ1

))2
and, (2) Trace

distance, which quantifies distinguishability: 1
2∥ρ1 − ρ2∥1.

B. Results

An 8th-order tensor in Block-TT format A ∈ C2×2×···×K×2

is generated with K = 2 and rTT(A) = (1, 2, . . . , 2, 1), by
sampling entries of the core tensors from a normal distribution
(the Ginibre ensemble). The tensor is normalized and a 14th-
order tensor ρTT = A •(N−1) AH is computed. Random

4https://github.com/PGelss/scikit tt

Pauli measurements are performed with sampling ratio M/D2

varying from 0.05 to 0.4. Gaussian noise is added to the
measurements with SNR = 60dB. Algorithm 1 is compared
with state-of-the-art algorithms in the reconstruction of ρ̂TT,
including a convex optimization method (CVX) [5], [26],
maximum likelihood estimation (MLE) [33], and a low-rank
projected factor gradient method (LR) [13]. The LR algorithm
was initialized randomly. The median Fidelity and Trace
distance are shown across 20 trials in Fig. 5.
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Fig. 5: The proposed method outperforms MLE and has an overall
similar performance to LR. The CVX method performs best at
low sampling ratios (M/D2 < 0.3), but this approach solves the
original problem (2) and becomes very expensive as the problem
size increases.

Next, the number of qubits N is varied from 3 to 12.
Random Pauli measurements are performed, with the sampling
ratio M/D2 set to 0.05. Note that, as N increases, D increases
proportionally to 2N and M increases proportionally to D2

(i.e., 4N ). Fig. 6 shows the median time required to perform
M measurements, i.e., {ρTT•̄Em}Mm=1, across 10 trials. This
is the most computationally expensive step in evaluating the
cost function and its gradient. In the matrix case, performing
M measurement, i.e., {Tr (ρEm)}Mm=1, becomes exceedingly
expensive as N increases, while the proposed format allows
performing measurements for large-scale systems.
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Fig. 6: The time required to perform M measurements in the Block-
TT format scales close to linearly, whereas in a matrix format, it
scales exponentially.

V. CONCLUSION AND FUTURE WORK

A novel QST approach is introduced in which a density
matrix is parameterized by a Block-TT network. The proposed
method is both memory- and computationally efficient. Nu-
merical experiments show that the proposed approach yields

Figure 2: Our method achieves state-of-the-art accuracy in (7-qubit) mixed-state recovery
with significantly improved computational efficiency (MLE denotes Maximum Likelihood
Estimation; CVX and LR are noted above.).

Conclusion

- Novel QST method using Block TT parame-
terization of the density matrix.

- Memory- and computationally efficient.
- Accurate, physically valid results without ex-

tra constraints.
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