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Abstract

Tensor network structure search (TN-SS) aims to auto-
matically discover optimal network topologies and rank
configurations for efficient tensor decomposition in high-
dimensional data representation. Despite recent advances, ex-
isting TN-SS methods face significant limitations in com-
putational tractability, structure adaptivity, and optimiza-
tion robustness across diverse tensor characteristics. They
struggle with three key challenges: single-scale optimization
missing multi-scale structures, discrete search spaces hin-
dering smooth structure evolution, and separated structure-
parameter optimization causing computational inefficiency.
We propose RGTN (Renormalization Group guided Tensor
Network search), a physics-inspired framework transform-
ing TN-SS via multi-scale renormalization group flows. Un-
like fixed-scale discrete search methods, RGTN uses dy-
namic scale-transformation for continuous structure evolu-
tion across resolutions. Its core innovation includes learn-
able edge gates for optimization-stage topology modification
and intelligent proposals based on physical quantities like
node tension measuring local stress and edge information
flow quantifying connectivity importance. Starting from low-
complexity coarse scales and refining to finer ones, RGTN
finds compact structures while escaping local minima via
scale-induced perturbations. Extensive experiments on light
field data, high-order synthetic tensors, and video completion
tasks show RGTN achieves state-of-the-art compression ra-
tios and runs 4-600x faster than existing methods, validating
the effectiveness of our physics-inspired approach.

Code — https://github.com/Applied-Machine-Learning-
Lab/RGTN

Appendix — https://github.com/Applied-Machine-
Learning-Lab/RGTN/Appendix.pdf

Introduction

Tensor network structure search (TN-SS) has emerged as
a fundamental challenge in high-dimensional data repre-
sentation, seeking to automatically discover optimal net-
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work topologies and rank configurations for efficient ten-
sor decomposition (Li and Sun 2020). Despite recent ad-
vances, existing TN-SS methods face significant limitations
in effectively addressing three critical aspects: computa-
tional tractability (Wang et al. 2023a), structure adaptiv-
ity (Hashemizadeh et al. 2020), and optimization robustness
across diverse tensor characteristics (Iacovides et al. 2025).
While current approaches show promise in specific scenar-
ios, they struggle to comprehensively tackle these intercon-
nected challenges (Zheng et al. 2020).

In practical tensor decomposition scenarios, optimal net-
work structures naturally exhibit three fundamental prop-
erties deeply rooted in physics and information theory:
(1) Scale-Invariant Correlations: tensor networks possess
self-similar correlation structures across different length
scales, analogous to critical phenomena in statistical physics
where the renormalization group reveals how physical prop-
erties transform under scale changes (White 1992; Vidal
2007), (2) Hierarchical Entanglement: the optimal con-
nectivity pattern reflects hierarchical entanglement struc-
tures, with different scales capturing correlations at dif-
ferent ranges—from local quantum entanglement to global
classical correlations (Schollwéck 2011; Orus 2014), and
(3) Flow of Information: efficient tensor networks natu-
rally organize information flow from fine-grained local fea-
tures to coarse-grained global structures, following princi-
ples similar to real-space renormalization in condensed mat-
ter physics (Evenbly and Vidal 2011; Haegeman et al. 2013).
These observations from quantum many-body physics and
renormalization group theory highlight the critical need for
tensor network methods that can exploit multi-scale struc-
tures while maintaining efficiency (Chan et al. 2008).

Based on these observations, tensor network structure
search systems need to address three fundamental challenges
that require innovative solutions: First, single-scale opti-
mization inherently limits structure discovery. Current meth-
ods operate at a fixed resolution throughout optimization,
missing the rich multi-scale structures inherent in tensor data
and failing to leverage the computational advantages of hi-
erarchical decomposition (Li and Sun 2020; Hashemizadeh
et al. 2020; Li et al. 2023a). Second, discrete search spaces
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Figure 1: The RGTN framework transforms network topology through physics-inspired multi-scale operations instead of tradi-
tional sampling-evaluation methods. It processes tensors through three RG-based phases: coarse-graining (downsampling and
tension calculation), expansion (splitting high-tension nodes), and compression (merging low-flow edges), unifying structure
search and parameter optimization for efficient discovery of optimal tensor network structures.

prevent smooth structure evolution. Genetic algorithms like
TNGA explore topology through discrete mutations (Li and
Sun 2020), greedy methods incrementally modify structures
through local decisions (Hashemizadeh et al. 2020), and lo-
cal search approaches like TNLS navigate neighborhoods
of current solutions (Li et al. 2023a), all suffering from the
combinatorial nature of the search space (Li et al. 2023a).
Third, separation of structure and parameter optimization
creates inefficiency. Program synthesis methods intelligently
generate candidate structures but still require expensive eval-
uation of each proposal (Zheng et al. 2020; Liao et al. 2019),
while regularization-based approaches achieve faster con-
vergence but remain constrained by predetermined topol-
ogy spaces (Zheng et al. 2024). These limitations manifest
critically in practice: Evolutionary methods require popula-
tion sizes growing exponentially with tensor order (Li and
Sun 2020), greedy algorithms make irrevocable local deci-
sions that lead to suboptimal structures (Hashemizadeh et al.
2020), local search methods frequently converge to poor
local minima (Li et al. 2022, 2023a), and even advanced
approaches using LLMs for algorithm discovery still oper-
ate within the sampling-evaluation paradigm (Zheng et al.
2020). This creates an urgent need for a fundamentally new
paradigm that can harness physics principles for efficient
structure discovery.

To address these challenges, we propose RGTN
(Renormalization Group guided Tensor Network search), a
physics-inspired framework that transforms tensor network
structure search through multi-scale renormalization group
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flows. Unlike existing methods limited to discrete structure
spaces, RGTN implements dynamic scale transformation
where networks evolve continuously across resolution levels
via learnable edge gates. This approach utilizes node tension
to measure local stress and edge information flow to quantify
connectivity importance. By optimizing from coarse to fine
scales, RGTN discovers compact structures while escaping
local minima through scale-induced perturbations.
Our main contributions are:

* Multi-scale framework: First tensor network approach
implementing true renormalization group flows with con-
tinuous edge gates and scale-dependent optimization,
enabling dynamic topology evolution beyond discrete
search limitations.

Physics-inspired strategies: Node tension and edge in-
formation flow guide intelligent structure modifications
through natural physical processes rather than combina-
torial enumeration.

Theoretical speedup: Rigorous analysis showing ex-
ponential acceleration from (exp(N?)) to O(logI -
log(1/€)) with stronger convergence guarantees and
high-probability escape from local minima.

Empirical validation: Experiments demonstrate RGTN
achieves up to 3x better compression and 4-600x faster
over existing methods.

Method

In this section, we present our RGTN approach for effi-
ciently searching tensor network structures. As shown in



Figure 1, we propose a radically different approach inspired
by the renormalization group (RG) theory (Shankar 1994;
Ueda 2024) from statistical physics.

Theoretical Foundation The renormalization group is a
mathematical apparatus that reveals how physical systems
behave across different length scales. In the context of ten-
sor networks, we interpret scale transformations as changes
in the network’s ability to capture correlations at different
ranges. Consider a tensor network M representing a ten-
sor X € RIixI2xxIN We define a renormalization group
flow on the space of tensor networks through a semi-group
of transformations { Rs }s>0:

Ms+65 = RéS[MSL (1)

where s represents the scale parameter. The RG transfor-
mation R consists of two complementary operations that
modify the network structure while preserving its represen-
tational capacity.

The expansion operation Rexpana increases the network’s
resolution by decomposing tensor cores:

Ruov
Rexpand Gy — Z Q,(f) ® g,l(f),

r=1

@

where a single core G, is split into two cores G,, and G,, con-
nected by a bond of dimension R,,,. This operation enables
the network to capture finer-grained correlations.

The compression operation Rcompress Teduces the net-
work’s complexity by merging adjacent cores:

Rcompress : (gu7 g’u) — guv = gu X eun gv> (3)

where X, denotes tensor contraction along the edge con-
necting v and v. This operation identifies and eliminates re-
dundant degrees of freedom.

Scale-Dependent Effective Action Following the RG
philosophy, we introduce a scale-dependent effective action
(loss function) that captures the relevant physics at each

scale:
+ ) Ak(s)Sk[M
k

where Sg,, represents data fidelity and Sy, are regularization
terms with scale-dependent coupling constants Ay(s). The
running of these coupling constants is determined by the RG
flow equations:

Ss [M] = Sdata [M (4)

dA’“ = Be({\}), (5)

where [, are the beta functlons encoding how different reg-
ularization strengths evolve across scales.

Enhanced Tensor Network Architecture

Standard tensor network architectures are rigid, with fixed
topologies that cannot adapt during optimization. This limi-
tation prevents the network from discovering more efficient
structures or adjusting its capacity based on the data com-
plexity. Additionally, existing methods for structure modifi-
cation require discrete decisions (add/remove edges, change
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ranks) that disrupt the optimization process and often lead
to instability. We need architectural components that en-
able continuous structure adaptation while maintaining sta-
ble gradient flow throughout the network.

Adaptive Diagonal Factors Inspired by the SVDinsTN’s
use of diagonal factors for structure discovery, we introduce
adaptive diagonal factors that serve as importance weights
for each tensor core. For a tensor core G, € Rt XX R XTi
we define diagonal adaptation matrices ng) € R for
each virtual bond:

Gr (6)

These diagonal factors play a crucial role in structure dis-
covery. When elements of DS) approach zero, the corre-
sponding bond dimensions become effectively reduced, au-

tomatically revealing a more compact structure.

=Grx1 DV x, DP ., DM,

Edge Gating Mechanism To enable dynamic topology
modification during optimization, we introduce learnable
edge gates. For each edge (u, v) in the tensor network graph
G = (V, E), we define a gating function:

Wuy € R, (N

where o is the sigmoid function. The gated tensor contrac-
tion becomes:

Guv = U<wuv);

(1 _guv) 'I7 (8)

where 7 represents an identity-like tensor maintaining di-
mensional consistency. This soft gating mechanism allows
gradual edge removal when g,, — 0.

Cuv = Guv * (gu Xmy mu g,u) +

Multi-Scale Loss Function For tensor completion, we
formulate a comprehensive loss function that incorporates
both data fidelity and structure-inducing regularization:

Liota = HPQ(X Pl +als Z lx D — xO)
Data Fidelity -
Temporal Consistency
) 2 IVuXle +7(s) Y- 1D
i,j ki
Spatial Smoothness Diagonal Sparsity
> H(guw)+ €(s)TNN(X) , (9
(u,v)EE -
? Low-rank Regularization
Edge Entropy
where H(g) = —glogg — (1 — g)log(1 — g) is the binary

entropy function encouraging decisive gating, and TNN(X')
is the tensor nuclear norm computed as:

N
TNN(X) = wi X I+ (10)

with X{;,) being mode-k unfolding and || - || nuclear norm.



Intelligent Structure Search via RG Flow

Random or exhaustive structure search strategies suffer from
poor scalability and often explore irrelevant regions of the
structure space. Without guidance from the current network
state, these methods waste computational resources on un-
promising structural modifications. Furthermore, the inter-
play between structure optimization and parameter opti-
mization is poorly understood in existing approaches, lead-
ing to suboptimal coordination between these two aspects.
We need an intelligent search strategy that leverages the cur-
rent network’s properties to guide exploration and properly
balances structural and parametric updates.

Smart Proposal Generation Rather than random struc-
tural modifications, we use the current network’s properties
to guide proposal generation. For the expansion phase, we
identify nodes with high “’tension” - a measure of how much
a node contributes to the reconstruction error:

aﬁdata
G,

Nodes with high tension are prioritized for splitting, as they
likely encode complex correlations that benefit from finer
representation.

For the compression phase, we identify edges with low
“information flow” - quantified by the gate values and the
mutual information between connected cores:

Iuv = Guv MI(guagv)a (12)

where MI denotes mutual information estimated through the
singular value spectrum of the contracted tensor.

T, =

- degree(v).
F

Y

Adaptive Optimization Strategy The optimization of
tensor cores and structural parameters proceeds through an
adaptive scheme that adjusts to the current scale and con-
vergence behavior. We employ a modified Adam optimizer
with scale-dependent learning rates:

nstruct(S) =To - (1 + 5/51)7

(13)

where cores are optimized more aggressively at fine scales

while structural parameters are refined more at coarse scales.
The complete algorithm proceeds at Appendix A.

ncores(s) =To - eXP(—3/30)7

Structure Discovery through Sparsity The interplay be-
tween diagonal factors and edge gates enables automatic
structure discovery. During optimization, the ¢; regular-
ization on diagonal factors and entropy regularization on
edge gates induce sparsity patterns that reveal the under-
lying structure. Specifically, when diagonal factor elements

D,(;) [4,4] < e, the corresponding bond dimension can be
reduced, and when edge gate g, < 6, the edge can be re-
moved from the topology.

This soft-to-hard thresholding strategy is implemented
through a temperature annealing scheme:

7(t) = 10 exp(—t/to),

where the soft gates g,, = o (wy,/7(t)) become increas-
ingly binary as training progresses.

(14)
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Multi-Scale Progressive Refinement

Direct optimization of large-scale tensor networks faces se-
vere challenges, including slow convergence, susceptibility
to local minima, and high computational cost. Starting from
random initialization often requires extensive iterations to
reach good solutions, and the optimization landscape be-
comes increasingly complex with network size. Addition-
ally, fine-scale details can obscure the global structure, mak-
ing it difficult to identify the optimal topology. We need a
multi-scale approach that can efficiently explore the solu-
tion space by solving progressively refined versions of the
problem. We begin at the coarsest scale, where the problem
has reduced dimensionality and computational cost:

Fs = Dg|F], where Dy is a downsampling operator.
(15)
As we flow towards finer scales, we use the coarse-scale

solution to initialize the fine-scale optimization:
MO =y, [MZ], where Us is an upsampling operator.
(16)

s—1 7 s
This progressive refinement strategy provides several ben-
efits: (1) faster convergence by providing good initializa-
tions, (2) avoiding local minima by exploring the solution
space hierarchically, and (3) computational efficiency by
solving smaller problems first.

Theoretical Analysis

This section provides theoretical analysis of the RGTN
framework, establishing convergence guarantees, analyzing
structure discovery properties, demonstrating computational
advantages, and connecting to statistical physics principles.
Due to space constraints, detailed theorems on computa-
tional complexity, loss landscape smoothing, probabilistic
escape from local minima, fixed points, criticality, and uni-
versality are in Appendix B.

Preliminaries and Assumptions

We begin by establishing the mathematical foundations and
assumptions underlying our analysis. Let M = (G, S) de-
note a tensor network with cores G = {Gy,...,Gy} and
structure S = (V, E,{R;;}), where V is the set of nodes,
E is the set of edges, and R;; are bond dimensions. The
parameter space is denoted as © = {fg, 05}, where dg rep-
resents tensor core parameters and 6g represents structural
parameters including diagonal factors and edge gates.

Assumption 1 (Lipschitz Continuity). The loss function
L(M) is L-Lipschitz continuous with respect to the network
parameters:

|IL(My) — L(M2)| < LMy — Ma||F, a7
where || - || denotes the Frobenius norm extended to tensor
networks.

Assumption 2 (Smoothness of Scale Transformations). The
scale transformation operators Dy (downsampling) and U
(upsampling) satisfy:

[Us 0 D[ X] = X|p < Col| X[,

where Cs = O(277) decreases with coarser scales.

(18)



Assumption 3 (Bounded Network Parameters). The net-
work parameters lie in a bounded domain: |G|l < Bg
Sor all cores and 0 < g;; < 1 for all edge gates.

Convergence Analysis

We first establish the convergence properties of the RGTN
algorithm. The analysis considers the alternating optimiza-
tion between tensor cores and structural parameters across
multiple scales.

Theorem 1 (Global Convergence of Multi-Scale Optimiza-
tion). Under Assumptions 1-3, the RGTN algorithm gener-
ates a sequence of networks { M }2 . that converges to a
critical point of the multi-scale objective function. Specif-
ically, for any ¢ > 0, there exists T(¢) such that for all
t > T(e):

IVEMD)[ < e.

Moreover; the convergence rate satisfies:
* S
2ALM©O) — L]+ L2 Y0, C2
T-1 :
t=0 Mt
(20)

where 1, are the learning rates and L* is the optimal loss
value.

19)

2
F <

min ||Vﬁ(./\/l(t))|\

te[T]

Proof. Detailed proof is provided in Appendix C.1. O

Structure Discovery and Sparsity Analysis

The automatic structure discovery in RGTN arises from the
sparsity-inducing properties of diagonal factors and edge
gates. We analyze how these mechanisms reveal the intrinsic
tensor network structure.

Lemma 1 (Diagonal Factor Sparsity Pattern). For
the regularized objective with diagonal factor penalty
Yok ||D§f) 1, the optimal diagonal entries satisfy the
soft-thresholding property:

Dy [j )" = sign(z) max(|z;| —7/L;.0), @D

where z; is the unregularized optimal value and L is the
Lipschitz constant for the j-th diagonal entry.

Proof. Detailed proof is provided in Appendix C.2. O

Theorem 2 (Structure Recovery Guarantee). Let X* be
a tensor with true tensor network representation having
ranks (R}, ..., RY,). Suppose the observed tensor is F =
Pao(X* + N), where N is noise with |N||r < o. Then
with regularization parameter v = ©(o+/log(mN)/|)]),
the RGTN algorithm recovers ranks (Ry, ..., Ry,) satisfy-
ing:

P (miax |R; — R}| < AR) >1—exp(—c|Q]), (22)

where AR O(0/0min), Omin IS the minimum non-zero
singular value of the true tensor network, and ¢ > 0 is a

universal constant.

Proof. Detailed proof is provided in Appendix C.3.
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Summary of Theoretical Advantages

Our theoretical analysis establishes key advantages of
RGTN over existing tensor network structure search meth-
ods. The convergence guarantee in Theorem 1 provides pre-
dictable performance with explicit rates, enabling practition-
ers to determine computational budgets. The structure recov-
ery guarantee in Theorem 2 ensures automatic discovery of
true tensor network rank under mild conditions, eliminat-
ing manual hyperparameter tuning. The complexity analy-
sis in Theorem 3 (Appendix B) demonstrates exponential
speedup over sampling-based methods, reducing search cost
from Q(exp(N?)) to O(Slog(1/e)) where S = O(logI).
This improvement makes large-scale applications feasible.
Theorem 4 (Appendix B) shows the multi-scale approach
escapes local minima with high probability, addressing a
key challenge in non-convex optimization. The connection
to renormalization group theory provides insights into tensor
network behavior. The universality property in Theorems 5
and 6 (Appendix B) explains robust performance across dif-
ferent initializations and instances.

Experiments

In this section, we present comprehensive experiments to
validate the effectiveness of our RGTN approach. Our ex-
periments demonstrate that RGTN achieves superior per-
formance in tensor network structure search while requir-
ing significantly less computational time compared to exist-
ing methods. Due to space constraints, detailed experimental
setup and baseline descriptions are provided in Appendix D,
with additional experimental settings in Appendix E.

Structure Revealing Capability

Table 1 shows RGTN’s performance on structure discov-
ery across 100 independent trials with ground truth struc-
tures. The high success rates (95-100%) demonstrate that
the renormalization group mechanism, when combined with
physics-inspired structure proposals, reliably reveals true
tensor network structures. The slight variations in success
rates correlate with the complexity of the network topology,
with simpler structures achieving 100% success rate. It is
worth noting that in the test on fifth-order tensors, we con-
sider various topologies, including ring and star configura-
tions with different connectivity patterns. Despite the struc-
tural complexity, RGTN can accurately identify the correct
topology and rank configuration for each case. This supports
our analysis in Lemma 1 about the sparsity-inducing proper-
ties of diagonal factors and confirms that RGTN can effec-
tively discover the underlying tensor network structure.

Light Field Data Results

Based on the comprehensive experimental results in Table 2,
RGTN demonstrates exceptional performance in both com-
pression efficiency and computational speed across all light
field datasets, establishing a new benchmark.

Superior Compression Performance: RGTN achieves
state-of-the-art compression across all datasets and error
bounds. At the strictest RE bound of 0.01, RGTN delivers
compression ratios of 22.3% (Bunny) and 29.9% (Knights),
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Table 1: Performance of RGTN on TN structure revealing under 100 independent tests.
Bunny Knights
RE: 0.01 RE: 0.05 RE: 0.1 RE: 0.01 RE: 0.05 RE: 0.1
Method | —GR~fjme [ CR  Time | CR Time|| VeM%d R Time | CR Time| CR Time
TRALS 612% 1341 | 17.6% 0.476 | 5.38% 0.119 | TRALS 742% 1042 | 27.2% 3.877| 9.08% 0.427
FCTNALS | 64.7% 13.21 | 21.1% 0.469 | 3.99% 0.042||FCTNALS | 73.9% 12.23 | 21.2% 0.625| 3.88% 0.014
TNGreedy | 26.4% 10.89 | 6.39% 1.031 | 2.37% 0.359| TNGreedy | 31.8% 12.66 | 7.63% 1.353| 3.53% 0.486
TNGA 282% 1004 | 5.06% 182.1 | 2.27% 12.65 | TNGA 39.1% 904.5 | 4.96% 142.0| 2.47% 12.37
TNLS 245% 1388 | 4.31% 64.38 | 2.18% 24.29 || TNLS 275% 1273 | 4.78% 74.75| 2.13% 5.373
TNALE 26.5% 143.1 | 4.57% 18.54 | 2.28% 3.094 || TNALE 27.8% 264.1 | 4.48% 25.30| 2.12% 3.352
SVDinsTN | 22.6% 0.752 | 6.85% 0.029* | 2.69% 0.005| SVDinsTN| 31.7% 1.563 | 5.70% 0.105| 2.73% 0.019
RGTN 22.3%* 0.180* |4.14%* 0.193 [0.91%* 0.212 || RGTN 29.9%* 0.178*|4.06%* 0.201|1.71%* 0.209

Table 2: Comparison of CR (%) and run time (x1000s) of different methods on Bunny and Knights light field data. The result
for RGTN is selected based on the specified RE bounds. Bold numbers denote the best performance, underlined numbers
represent the second-best results, and * indicates statistical significance at a p < 0.05 level using a paired t-test.

6th-order 8th-order
Method CR Time CR Time
TRALS 1.35% 0.006 0.064% 0.034
FCTNALS 2.13% 0.002 - -
TNGreedy 0.88% 0.167 0.016% 2.625
TNGA 0.94% 3.825 0.024% 51.40
TNLS 1.11% 0.673 0.038% 59.83
TNALE 1.65% 0.201 0.047% 19.96
SVDinsTN 1.13% 0.002 0.016% 0.017
RGTN 0.76% 0.006 0.009% 0.123

Table 3: Comparison of the CR ({) and run time (x 1000s, |
of different methods when reaching the RE bound of 0.01.
The result is the average value of 5 independent experiments
and " indicates “out of memory”.

outperforming SVDinsTN by 1.3% and 6.2%, respectively.
The advantage amplifies at higher error tolerances for RE
bound 0.1, RGTN achieves remarkable compression ra-
tios of 0.91% (Bunny) and 1.71% (Knights), surpassing
SVDinsTN by factors of 2.96x and 1.60x respectively. This
demonstrates RGTN’s ability to identify efficient structures.
Exceptional Computational Efficiency: RGTN completes
compression tasks in under 210 seconds for RE bound
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0.01, while traditional methods like TNGA and TNLS re-
quire over 900,000 seconds, representing speedup factors
exceeding 4,500 . Notably, our RGTN implementation uses
Python, whereas SVDinsTN utilizes MATLAB with GPU
acceleration, which may provide SVDinsTN computational
advantages. Despite this potential implementation disadvan-
tage, RGTN maintains highly competitive runtimes (180s vs
752s for Bunny, 178s vs 1563s for Knights at RE 0.01) while
consistently delivering superior compression ratios.

The combination of best-in-class compression and sub-
second runtimes validates our renormalization group-
inspired approach. RGTN’s 2-3x better compression at
higher error bounds establishes it as a powerful solution for
applications requiring both effectiveness and efficiency.

Scalability to High-Order Tensors

Table 3 shows RGTN achieves the best compression ra-
tios across all tensor orders while maintaining competi-
tive runtime. For 6th-order tensors, RGTN achieves 0.76%
CR, outperforming TNGreedy (0.88%) and SVDinsTN
(1.13%). For 8th-order tensors, RGTN achieves 0.009%
CR-significantly better than SVDinsTN and TNGreedy
(both at 0.016%). While SVDinsTN is fastest, RGTN main-
tains practical efficiency with 6s (6th-order) and 123s (8th-
order). Several methods encounter memory constraints for



MPSNR (1)

Method | News Salesman Silent
FBCP 28.234  29.077 30.126
TMac 27.882 28.469 30.599
TMacTT 28.714  29.534  30.647
TRLRF 28.857 28.288 31.081
™ 30.027 30.621 31.731
TNLS 29.761 30.685 28.830
SVDinsTN 31.643 31.684 32.706
RGTN (Ours) | 32.040 31.900 30.620
Time (seconds, |)
Method | News Salesman Silent
FBCP 17204 17832 14539
TMac 340.46 353.63 316.21
TMacTT 53597 656.45 1305.6
TRLRF 978.12 689.35 453.24
™ 1426.3 1148.7 1232.0
TNLS 37675 76053 98502
SVDinsTN 93242 769.54 532.31
RGTN (Ours) | 135.95 144.00 142.80

Table 4: Comparison of MPSNR and run time of different
TC methods on color videos.

8th-order tensors, whereas RGTN handles these cases suc-
cessfully. Traditional methods like TNGA and TNLS require
51,000-60,000s for 8th-order tensors—over 400x slower than
RGTN-while achieving inferior compression. The widening
performance gap with increasing tensor order validates our
theoretical framework. RGTN’s 1.8x better compression on
8th-order tensors, while avoiding memory issues, demon-
strates that the renormalization group approach effectively
manages exponentially large search spaces.

Video Completion Results

Table 4 presents results on real-world video completion
tasks. RGTN achieves the highest MPSNR values on News
(32.040 dB) and Salesman (31.900 dB) videos, outper-
forming the second-best method, SVDinsTN, by 0.397 dB
and 0.216 dB, respectively. On Silent video, RGTN main-
tains competitive performance (30.620 dB). Remarkably,
RGTN accomplishes this superior reconstruction quality
while being dramatically faster, completing tasks in approxi-
mately 140 seconds compared to SVDinsTN’s 532-932 sec-
onds, representing 3.7-6.9x speedup. This significant run-
time advantage over SVDinsTN on video data stems from
RGTN’s hierarchical processing strategy. While SVDin-
STN must search through numerous possible tensor net-
work structures for the high-dimensional video tensors (with
spatial, temporal, and color dimensions), RGTN’s renor-
malization group approach efficiently navigates this search
space by operating at multiple scales. The coarse-to-fine
refinement naturally captures video’s inherent multi-scale
structure—from frame-level temporal patterns to pixel-level
spatial details—without exhaustively evaluating all possi-
ble decompositions. Additionally, RGTN achieves orders-
of-magnitude speedup over traditional methods: 8-12x faster
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than FBCP/TW (1,200-1,800 seconds) and 277-690x faster
than TNLS (37,675-98,502 seconds). This exceptional effi-
ciency, combined with state-of-the-art reconstruction qual-
ity, validates that our unified structure-parameter optimiza-
tion effectively exploits the hierarchical nature of video data
through the renormalization group framework.

Related Works

Tensor network structure search (TN-SS) addresses the
critical limitation of predetermined topologies in tensor
networks by automatically discovering optimal configura-
tions (Ghadiri et al. 2023; Sedighin, Cichocki, and Phan
2021; Nie, Wang, and Tian 2021). Traditional TN-SS meth-
ods—including greedy construction (Hashemizadeh et al.
2020), genetic algorithms (Li and Sun 2020), and lo-
cal search (Li et al. 2023a) which follows a costly two-
stage sampling-evaluation paradigm where each candi-
date requires full tensor optimization. The recent SVDin-
STN (Zheng et al. 2024) achieves 100-1000x speedup by
reformulating TN-SS as unified optimization with sparsity-
inducing regularization on diagonal factors between cores.
However, it remains susceptible to local minima due to
single-scale optimization. Due to space constraints, addi-
tional related work on tensor networks and renormalization
group applications is provided in the Appendix F.

Conclusion and Discussion

In this paper, we introduced RGTN, a physics-inspired
framework that transforms tensor network structure search
through multi-scale renormalization group flows. Unlike ex-
isting methods constrained by discrete search spaces, RGTN
implements continuous topology evolution via learnable
edge gates and systematic coarse-graining operations. Our
theoretical analysis establishes exponential computational
speedup with stronger convergence guarantees, while the
multi-scale framework escapes local minima through scale-
induced perturbations. Experiments across structure discov-
ery, light field compression, high-order tensor decomposi-
tion, and video completion demonstrate RGTN’s superior
performance. By unifying structure search and parameter
optimization through physics-inspired metrics of node ten-
sion and edge information flow, RGTN eliminates computa-
tional overhead while providing principled structure modifi-
cations beyond heuristic search strategies.
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