DuET: Dual-View Tensor-to-Topology Spectral Adapter for
Enhancing Sparse Tensor Factorization

Jun-Gi Jang
jungi@dgist.ac.kr
Daegu Gyeongbuk Institute
of Science and Technology
Daegu, Republic of Korea

Jingrui He
jingrui@illinois.edu
University of Illinois
Urbana-Champaign

Champaign, USA

Abstract

Many real-world datasets, ranging from web-interaction logs to
biomedical networks, can be represented as sparse tensors where
most entries are unobserved. Tensor factorization (TF) learns latent
representations and a predictor to estimate unobserved entries and
has been widely applied to higher-order recommendation, biomed-
ical retrieval, and completion. However, under extreme sparsity,
many entities participate in only a few interactions, yielding noisy
and undertrained latent vectors with poor generalization. We pro-
pose DUET, a model-agnostic refinement framework that stabilizes
TF embeddings by separating structural denoising from tensor fac-
torization. DUET distills a dual-view structural prior from observed
tuples and refines it via per-view low-rank spectral filtering and
mode-wise gated residual refinement. We provide a theoretical
guarantee that the resulting refinement is Frobenius-norm non-
expansive, ensuring stability under repeated refinement. DUET
seamlessly integrates with existing TF models without modifying
their scoring architectures. Experiments on nine real-world tensors
demonstrate consistent improvements for both retrieval and com-
pletion, with gains of up to 52.1% in NDCG@10 and reductions of
up to 13.8% in RMSE.
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1 Introduction

A tensor, a multi-dimensional array, naturally represents real-world
datasets that capture higher-order relationships among entities.
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Many real-world datasets, including web-interaction logs (e.g., rec-
ommendation, check-ins, and social networks) and biomedical in-
teraction networks, can be represented as sparse tensors where
only a tiny fraction of entries are observed (e.g., over 99.99% entries
are unobserved in the Gowalla dataset [34]). Tensor factorization
(TF) has been a fundamental tool for analyzing such data. Mul-
tilinear tensor methods [6, 19, 27, 51] and their modern neural
extensions [2, 11, 35] learn latent vectors of entities and a predictor
to estimate missing entries. TF methods provide a general frame-
work and have been successfully applied to diverse tasks, including
tensor completion [1, 36, 48, 50], anomaly detection [22, 24], rec-
ommendation [7, 8], and knowledge graph completion [4, 31].

However, real-world tensors are often extremely sparse and im-
balanced: most entities appear in only a handful of interactions
out of an enormous space of possible index combinations. As a
result, TF methods must learn latent representations from a limited
and skewed subset of observed tuples, leading to high-variance
noise that propagates through shared latent spaces and degrades
generalization to unobserved entries. These challenges expose an
implicit assumption in existing TF methods that latent represen-
tations learned from sparse supervision are sufficiently reliable,
despite the absence of explicit mechanisms to assess or correct la-
tent unreliability. This motivates the need for principled denoising
strategies that exploit structural regularities inherent in observed
tuples to stabilize representation learning. A key question then
arises: how can we distill such structural priors from a sparse ten-
sor and leverage them to explicitly refine latent representations
before they are consumed by TF predictors?

In this paper, we propose DUET (Dual-View Tensor-to-Topology
Spectral Adapter for Enhancing Sparse Tensor Factorization), a
novel framework that decouples structural stabilization from the
factorization process. DUET refines latent representations through
a separate, seamless adapter, enhancing performance without mod-
ifying underlying TF objectives or model architectures. Specifically,
DUET consists of three key components: (i) dual-view topology
induction that captures complementary within-mode and cross-
mode structural patterns via tensor unfoldings (marginal-view)
and tensor-induced hypergraphs (incidence-view); (ii) per-view
low-rank spectral denoising to distill informative structure from
noisy inductions; and (iii) learnable mode-wise gated residual re-
finement for adaptive signal injection across modes and datasets.
In such settings, DUET operates as a plug-and-play module that
integrates seamlessly with existing TF models. By enriching scarce
supervision with filtered structural evidence, DUET stabilizes factor
learning under extreme sparsity and improves generalization to un-
observed entries. Extensive experiments on nine real-world datasets
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Figure 1: Average relative gain (%) of DUET over six TF back-
bones: NDCG@ 10 improvement on retrieval datasets (left)
and RMSE reduction on completion datasets (right). DUET
consistently improves performance across datasets and is
compatible with 5-6/6 backbones in most cases (see Tables 2
and 3 for per-backbone results).

demonstrate consistent improvements across diverse TF backbones
(See Figure 1), including CP [6, 19, 27], Tucker [51], CostCo [35],
M2DMTF [11], and NeAT [2]. These results show that DUET offers
(1) improved accuracy via denoising, (2) seamless compatibility
with diverse TF models, and (3) wide applicability across datasets
and tasks.

Our main contributions are summarized as follows:

e Model-Agnostic Tensor-to-Topology Adapter. We pro-
pose DUET, a plug-and-play method that stabilizes latent rep-
resentations using dual-view topology induction, per-view
spectral denoising, and mode-wise gated residual refinement.

o Stability Guarantee. We prove that the proposed two-stage
gated refinement is non-expansive in Frobenius norm, en-
suring stability under repeated refinement.

e Comprehensive Evaluation. Experiments on nine real-
world tensors demonstrate consistent gains (See Figure 1)
across diverse TF backbones and tasks.

Our code and datasets are available at https://github.com/
jungijang/DuET.

2 Preliminaries

X denotes a tensor, and an index i, indicates the i,-th entity of
the n-th dimension. (iy, ..., iy) is an interaction between N entities
i1, .., in, and I, is the size of the n-th dimension. A set Q, of ob-
served interactions and a set Q,, of unobserved interactions are
mutually disjoint sets whose union is Q, which is a set of all inter-
actions in a sparse tensor. Table 9 in Appendix A presents symbols
frequently used in this paper.

Tensor factorization has been widely used for analyzing real-
world tensors. In the training phase, it learns decomposition results
that minimize a loss function. Following [35], tensor factorization
learns (1) factor matrices U, U™ corresponding to each di-
mension and (2) parameters 6.

X(iyy oo in) — FUD[ig,1), .., UM iy, 2], 0) (1)

In the inference phase, given an interaction (iy, ..., in), it predicts the
value of (iy, ..., in) by using the factor matrices and the parameters
as shown in Equation (1).

Now, let us look into the TF scoring function f. As shown in
Figure 2, existing tensor factorization methods can be viewed as
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Figure 2: Comparison between conventional tensor factoriza-
tion (TF) pipelines and the proposed DUET-based refinement
framework. Conventional TF methods directly feed latent
vectors into a TF predictor, whereas DUET stabilizes latent
representations through dual-view topology induction, per-
view spectral filtering, and adaptive gating, while keeping
the TF predictor unchanged.

consisting of two modules: (1) an embedding lookup that retrieves
latent vectors U™ [iy, :] for entities iy, ..., iy from factor matrices,
and (2) a predictor that estimates the entry value using these vectors.
Here, U™ [in, :] denotes the latent vector of the i,-th entity in the
n-th dimension. Prior work has largely focused on enhancing the
predictor—ranging from multilinear scoring functions to expressive
neural architectures—to better capture higher-order interactions.
However, a critical imbalance remains: while the predictor is opti-
mized using all observed tuples, each entity embedding is updated
only when the entity appears in an observation. In highly sparse
and long-tailed tensors, this imbalance produces noisy and under-
trained embeddings for infrequent entities, which in turn harms
generalization to unseen entries. These observations motivate rep-
resentation enhancement as a complementary direction: rather than
redesigning the predictor, we aim to refine entity embeddings to
improve generalization under sparsity.

3 Proposed Method

We propose DUET, a model-agnostic adapter that refines TF embed-
dings by distilling tuple-induced dual-view topologies into denoised
spectral priors and injecting them in a stable, mode-adaptive man-
ner. The core technical contributions are summarized below:

e Dual-view Topology Induction.

= Challenge: In real-world sparse tensors, only a small frac-
tion of tuples is observed, and the observations are imbal-
anced; relying on a single induced graph or external side
information is often unavailable or unreliable, and fails to
capture both mode-specific proximity and joint interaction
context across entities.

= Idea: Distill a tuple-induced dual-view structural prior from
two complementary constructions: (1) a marginal view in-
duced from unfoldings to capture mode-specific proximity,
and (2) an incidence view induced from a tuple-incidence
hypergraph to capture multi-way relations. These two views
provide rich relational evidence.
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Figure 3: Overview of DUET. (a) We construct incidence and marginal views from observed tensor tuples and derive denoised
spectral filters (Finc and Fy,rg). (b) Latent vectors are sequentially refined through mode-wise gated residual updates, which
control the injection of structural signals and yield stable representations.

e Per-View Spectral Denoising for Stable Refinement

= Challenge: Topologies induced from a sparse tensor can
be noisy; naive propagation can amplify spurious links and
introduce unstable updates.

= Idea: Convert each induced view into a denoised spectral
prior via per-view low-rank spectral filtering, attenuating
high-frequency noise while preserving informative smooth
components. This produces stable refinement signals before
injection into TF embeddings.

e Mode-wise Selective Fusion via Gated Residual Injection.
= Challenge: The usefulness of marginal- and incidence-
view structures is heterogeneous across modes and datasets;
fixed fusion may inject misleading priors and hurt general-
ization.
= Idea: Learn mode-wise gates (7, p,) to control each view’s
contribution through residual mixing, enabling selective,
non-intrusive injection that adopts a helpful structure while
suppressing harmful transfer.

As shown in Figure 2(b), our framework refines TF embeddings
by positioning a stabilizing refinement module between latent rep-
resentations and the TF predictor. Figure 3 details the components
of DUET, including dual-view topology induction, per-view spectral
denoising, and mode-adaptive gated fusion.

3.1 Dual-View Topology Induction

Under extreme sparsity, many entities appear in only a handful of
tuples, yielding noisy and poorly trained latent factors. While auxil-
iary relational cues (e.g., metadata) can help when available [17, 39,
49], we focus on the tuple-only setting and induce structural priors
directly from observed tuples. Our key intuition is that the tensor
itself already contains structural cues: by distilling self-induced
topology from observed tuples, we can emulate the effect of exter-
nal relations without relying on any auxiliary data. Concretely, we
treat the observed tuples as the sole evidence for topology induction
and extract structural priors to refine latent factors.

To capture tensor-implied structure under sparse regimes, we
propose a dual-view topology induction strategy. Prior work [38,
43, 58] often induces mode-specific structural priors by deriving
intra-mode affinities in the observation space, yielding relational
structure within each mode. Such priors can be effective, but they
do not explicitly preserve tuple-level, cross-mode dependencies and

can thus discard the rich joint interaction context. Motivated by
this, we characterize tensor-implied dependencies from two com-
plementary perspectives, as illustrated in Figure 3(a): (1) a marginal
view and (2) an incidence view. The marginal view leverages ten-
sor unfoldings to capture mode-wise co-occurrence structure as a
robust intra-mode prior. The incidence view introduces a hyper-
graph representation that treats each observed tuple as a hyperedge
and constructs an incidence-induced spectral topology to explicitly
model the joint interaction context. By reconciling the marginal
and incidence views, DUET vyields a structural prior that is simulta-
neously mode-wise informative and tuple-preserving, stabilizing
representation learning even with limited observations.

Incidence-View Topology Induction. To capture tuple-level,
multi-way dependencies implied by observed interactions, we model
the tensor as a hypergraph in which each tuple forms a hyper-
edge. For compatibility with standard pairwise graph operators, we
optionally project this hypergraph into a clique-expanded graph,
yielding a pairwise representation. Given an N-th order sparse
tensor of size I} X - -- X Iy with observed interaction set Q,, we
define a hypergraph Gy = (V, E) whose nodes correspond to all en-
tities across modes and whose hyperedges correspond to observed
tuples. Thus, |V| = fo:l I, and |E| = |Q,]. Let B € {0, 1}VIxIEl
be the incidence matrix, where B,, = 1 if node v participates in
interaction e, and 0 otherwise. Constructing B requires O(N|Q,|)
time and space. By construction, each hyperedge contains exactly
one entity from each mode (i.e., Gy is N-uniform).

While Gy preserves multi-way associations, directly operating
on hyperedges can be inefficient when |E| > |V|. Optionally, we
construct a clique-expanded (pairwise) graph Gc = (V,Ec) by
projecting each hyperedge to pairwise co-occurrence edges.

A =BBT - Diag(diag(BB")), @)

where A;; (for i # j) counts the number of observed tuples in which
entities i and j co-occur, and A;; = 0. Constructing A requires
O(N?%|Q,|) time and space in the worst case where N is typically
small (e.g., N < 4). A links entities across modes while marginal-
view operators are mode-wise. By projecting each hyperedge, we
derive inter-mode co-occurrence links (e.g., user—item or item-time)
from tuples, thereby reducing the loss of multi-way context incurred
by marginal-view projections. This construction enables the model
to exploit the heterogeneous topology of the tensor, where different
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types of entities can mutually regularize each other through their
shared participation in observed tuples.

Marginal-View Topology Induction. While incidence-view
induction captures inter-dimensional dependencies, the marginal
view focuses on structural correlations among entities within the
same mode. The key intuition is that entities exhibiting similar
interaction contexts across other modes should admit closer repre-
sentations in the latent space, which is particularly helpful under
extreme sparsity. For each mode n € {1,..., N}, we unfold the
observed tensor into a binary matrix X(,) € {0,1}/n*/n, where
Jn = [1kn Ic- Each row of X(,,) represents the existence pattern of
observed tuples involving a specific entity in mode n across the
remaining N — 1 modes, i.e., X(p) [in,j] = 1 if the corresponding
index combination j of the remaining modes co-occurs with entity
in in at least one observed tuple and 0 otherwise.

Using these binary interaction profiles, we construct a marginal-
view adjacency matrix S € RI»*/» that captures marginal-view
similarity via shared contexts:

s = X (n)X{,, — Diag(diag(X(n)X{,))- ?3)

For i # j, the entry Sg’) counts the number of common interaction
contexts that entities i and j share across the other N — 1 modes. We
set the diagonal to zero to focus on dependencies among distinct
entities within the mode. Using sparse matrix operations, construct-

ing S(™ across all modes takes O(Zﬁle Qo] - dn) time, where d,
denotes the average number of observed interactions per entity
in mode n. The space cost is O(ZHN:1 nnz(S("))), i.e., linear in the
number of stored marginal-view edges. The resulting collection

{sM,...,sM} provides mode-specific structural guidance that
complements the incidence-view topology induced from tuples.

3.2 Per-View Spectral Denoising

Next, we aim to efficiently leverage each induced topology while at-
tenuating noise introduced by incidental co-occurrences. A straight-
forward approach is to operate on the induced graphs by explicitly
materializing their adjacency matrices. However, as noted in Sec-
tion 3.1, such materialization can be computationally prohibitive
for large-scale tensors and does not explicitly denoise the induced
connectivity. To address both issues, we perform per-view spectral
denoising, which (i) avoids the overhead of adjacency materializa-
tion and (ii) suppresses high-frequency noise in each view before
using it for latent factor refinement.

Concretely, we perform spectral denoising for each view by con-
structing a symmetric normalized operator and retaining only its
dominant spectral components. Let W € {B, X(1), ..., X(n)} denote
the sparse binary matrix of a view, hypergraph incidence or mode-
wise matricization. We first define the corresponding diagonal-free
co-occurrence adjacency

G(W) = WWT — Diag(diag(WWT)), o

where diag(-) denotes the operator that extracts the diagonal ele-
ments of a matrix into a vector, and Diag(-) denotes the operator
that creates a diagonal matrix from a vector. Although Eq. (4) is
expressed in terms of a co-occurrence matrix, it does not require
explicitly materializing the corresponding pairwise graph. In partic-
ular, for the incidence view where W = B, matrix-vector products
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with this operator are computed implicitly using sparse multipli-
cations with B and BT. Given its degree vector d = G(W)1 with
degree matrix D = Diag(d), we then form the symmetric normal-
ized operator

M(W) = DY2G(W)D" /2, (5)

Instead of explicitly materializing G(W) or M(W), we compute
only the top-q eigenpairs {(A;,u;)}_, of M(W) using an iterative
eigensolver (e.g., eigsh [33, 40, 53] and a GPU implementation [40])
with matrix-vector products implemented using W and W'. This
yields the truncated eigendecomposition M(W) ~ UquUqT.
Finally, we apply a monotone spectral filter ¢g(-) to attenuate

noisy components and obtain a denoised propagation operator
P(W) = Ugg(Ag) Uy, (6)

which we use in the next section to refine latent factors. Since the
eigenvalues satisfy A € [—1, 1], we map them to [0, 1] usingj. = %
This down-weights noisier (typically smaller) spectral components
while preserving dominant, smooth signals.

A key advantage of our spectral denoising is that we never ma-
terialize G(W) or M(W). Instead, the eigensolver accesses M(W)
only through matrix—vector products, which can be implemented
using sparse multiplications with W and W'. We summarize its
complexity below:

PROPOSITION 1 (PER-VIEW SPECTRAL DENOISING COMPLEXITY).
Let W € RN*M pe g sparse view matrix with nnz(W) nonzeros. If an
iterative eigensolver computes the top-q eigenpairs of M(W) using
T matrix—vector products, then the time and space complexities are
O(T - nnz(W)) and O(nnz(W) + Ngq), respectively.

The proof is provided in Appendix B.1. Note that storing the trun-

cated eigenvectors requires O(q >N In) space across all views,

which is linear in the number of entities.

3.3 Two-Stage Gated Refinement Operator

We aim to refine the mode-wise latent factor matrices using the
denoised dual-view topologies in Sections 3.1 and 3.2. This setting
differs from conventional feature propagation, where input node
features are typically fixed. In sparse TF, the propagated representa-
tions are learnable latent factors updated from sparse supervision.
Therefore, unrestricted propagation can repeatedly inject noisy
co-occurrence signals into evolving embeddings. This motivates
our controlled residual refinement design. While our framework
is flexible enough to incorporate various GNN-based propagation
functions proposed in the literature [16, 18, 29, 52, 54, 57, 60], two
critical challenges call for a tailored refinement layer rather than
directly adopting off-the-shelf operators. First, refinement requires
stable, explicitly controlled signal injection to avoid over-smoothing
and noise accumulation. Second, as modes exhibit different sparsity
and co-occurrence statistics, a single global refinement strength is
often inadequate. To address these challenges, we propose an adap-
tive gated refinement mechanism as shown in Figure 3(b): instead
of uniform aggregation, it employs learnable mode-wise gates to
control how much marginal- and incidence-view structural signals
are injected into each mode.

Setup. Let {U™ ¢ RI"XK}nN:1 denote the factor matrices of a
base TF method. We vertically concatenate the mode-wise factors



DuET: Dual-View Tensor-to-Topology Spectral Adapter for Enhancing Sparse Tensor Factorization

into a unified embedding matrix
VvV = (U(I); - ;U(N)) € R(Zﬁil In)XK )

Let Fye € R(EnInX(Znln) denote the incidence-view denoised
spectral filter induced from the hypergraph-based view. Let Fr(r:’a)rg €
RI»xIn denote the denoised spectral filter for mode 7 in the marginal

view. We then define the block-diagonal marginal-view operator as

Finarg = blkdiagFirg - - .. Fonnre), (8)
which applies marginal-view propagation independently within
each mode, while Fj,. enables incidence-based propagation that
couples entities across modes.

Implicit spectral implementation. We do not explicitly ma-
terialize Fi,. or F,(,:'a?rg. Instead, we apply them using the denoised
spectral filtering operator P(W) described in Section 3.2. Accord-
ingly, we set
= P(Wie) (n=1...,N), (9
and apply P(W) to an embedding matrix V without forming P(W)
explicitly, as P(W)V = U, (g(Aq) (U;V)). This costs O(gK YN I,,)
time and O(gq YN 1,) memory, without forming P(W) explicitly.

Stage 1: Incidence-view fusion with symmetric gating. To
propagate information via tuple-incidence structure without ampli-

fying embedding magnitudes, we apply a symmetric gated incidence-
view update:

Fine := P(Wiyc), and Fﬁ:a)rg

Z = (I-®,)V + & Fip®/?V), (10)

where ®; = blkdiag(riIy,,...,7n15y) and 7, € (0,1) are learn-
able mode-wise gates. Intuitively, the incidence-view filter mixes
information through tuple co-occurrence. We use the symmetric
form <I>i/ 2(~)<I>i/ % for two reasons: (i) it yields a balanced resid-
ual update, where the incidence-view structural prior is gated for
both the contributing and receiving entities, and (ii) it preserves
non-expansiveness when Fj,. is non-expansive (see Proposition 3).
Accordingly, the update provides a stable interpolation between the
identity mapping (7, — 0) and full incidence-view filtering (z,, — 1).

Stage 2: Marginal-view denoising with residual mixing. We
then denoise each mode using a residual mixer:

Y = Z+®,(FuagZ~Z) = (I- ®p)Z+®pFrargZ,  (11)

where ®, = blkdiag(p:1y,, ..., pnlry) and p, € (0,1) are learnable
mode-wise gates. This stage enforces mode-specific smoothness
based on shared contexts in the unfolding view, while preserving
fidelity to the current embeddings via the residual form.

Iterated refinement and usage. We apply the two stages in
Egs. (10) and (11) for L steps, yielding refined embeddings Y.
In practice, we parameterize the gates as p, = o(p?V) and 7, =
o(7;*%) to keep them in (0, 1). The incidence-view stage captures
inter-dimensional dependencies implied by tuples, whereas the
marginal-view stage captures intra-mode similarity induced by
shared contexts. The mode-wise gates provide fine-grained control
that prevents over-smoothing on sparse or noisy structures.

PROPOSITION 2 (COMPUTATIONAL COMPLEXITY). Let Vipy = Z],:’:l I,

K the embedding dimension, q the truncated spectral rank, and L the
number of propagation steps. One propagation step incurs O(Viosq; -
q - K) time. Thus, the overall complexity is O(L - Vipq; - q - K).
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Table 1: Description of real-world tensor datasets. For each

dataset, we split all observed interactions into train, valid,
and test sets with the ratio 7:1:2.

Dataset Tensor Size # observed interactions Density
Retrieval Task
FS-TKY? 2,293 X 15,177 X 168 373,391 0.0063%
FS-NYC? 1,083 X 9,989 X 168 140, 955 0.0077%
Gowalla® 6,342 X 8,322 X 168 524,108  0.0059%
PPT-Ohmnet® 96 X 3,955 X 4,134 2,364,452  0.1506%
TFG-Ohmnet? 48 X 420 X 2,144 20,619  0.0477%
Completion Task
ML-100k® 943X 1,682 % 31X 8 100,000  0.0254%
Yelpf 70,818 X 15,580 X 109 333,481 0.00027%
Bitcoin® 4,814 X 5,858 X 273 35,592 0.0004%
NIPS? 2,482 X 2,862 X 14,036 x 17 3,101,609  0.0053%

? https://sites.google.com/site/yangdingqi/home/foursquare- dataset

b https://snap.stanford.edu/data/loc-gowalla.html

¢ https://snap.stanford.edu/biodata/datasets/10013/10013-PPT-Ohmnet.html

4 https://snap.stanford.edu/biodata/datasets/10014/10014-TFG-Ohmnet. html

¢ https://grouplens.org/datasets/movielens/

£ https://www.yelp.com/dataset

& https://snap.stanford.edu/data/soc-sign-bitcoin-otc.html

B http://frostt.io/tensors/nips/

This complexity depends on the number of entities, the number of
refinement steps, the retained spectral rank, and the embedding
dimension, rather than the full tensor space, making the refinement
cost controllable mainly through g and L.

Integration of DUET with TF Methods. We describe how to
integrate DUET with existing TF methods. DUET is model-agnostic:
it refines the latent factors while keeping the original TF predic-
tor unchanged. Let YU = (U(I)[L]; S ;U<N)[L]) denote the re-
fined embeddings after L refinement steps, split into mode-wise
factors UMILT € RIn¥K \where UM 0] = U™ Given an interaction

(i1, ..., IN), the integrated prediction is
X(ir,...oin) = U g, U™ g s 0), (1)

which differs from Eq. (1) only by replacing U™ with U™IL] Thus,
a wide range of multilinear and nonlinear TF models can be seam-
lessly integrated with DUET (see Section 4.1). We note that all
parameters, including factor matrices U(™), the base TF parameters
0, and the gates {pp, rn};‘il, are learned end-to-end.

Stability and controllability. The proposed two-stage gated
refinement offers both structural flexibility and numerical stability.
We show that the resulting operator is non-expansive, providing a
formal stability guarantee even under repeated refinement.

PROPOSITION 3 (NON-EXPANSIVE TWO-STAGE GATED REFINEMENT).
Consider the two-stage refinement operator defined in Egs. (10)—(11).
Assume that the spectral filters are symmetric with eigenvalues in
[0, 1], and the mode-wise gates satisfy 0 < p,, T, < 1 (equivalently,
02 ®,, &, <1). Then:

(1) Incidence-view stage. The incidence-view update is non-

expansive: || Z||r < ||V||F in Eq. (10).

(2) Marginal-view stage. The marginal-view mixer is non-expansive:

”(I - (I)[,) + q>mearg||2 <1
As a consequence, the composite mapping T : V — Y is non-expansive
in Frobenius norm, i.e., ||Y||r < ||V||r. In particular, every Frobenius
ball Qc =A{V : ||V||r < C} is invariant under repeated refinement.

Proposition 3 ensures that neither stage amplifies embedding norms,
preventing instability even under repeated refinement. Meanwhile,
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Table 2: Compatibility of DUET for the retrieval task. The triangles A and v indicate performance improvement and degradation,
respectively. A bold text indicates the best performance, and an underline indicates the second best. The last column shows the
average improvement % of DUET over six baselines, computed as ((avg. DuET+6 TF methods/avg. 6 TF methods) — 1) * 100, and

the number of improved baselines (# of A/6).

Setting Cp Tucker CostCo NCFT M?DMTF NeAT Improvement

Dataset Metric w/o DUET w/DUET | w/o DUET w/DUET | w/o DUET w/DUET | w/o DUET w/DUET | w/o DUET w/DUET | w/o DUET w/DUET | xx.xx% (A/6)
HR@10 0.1246  0.1416 A 0.1197  0.1334 A 0.1076  0.1519 A 0.1035  0.1234 A 0.1000  0.0918 ¥ 0.0839  0.1281 A 20.45% (5/6)

FS-TKY MAP@10 0.0054  0.0061 A 0.0054  0.0062 A 0.0047 0.0067 A 0.0046  0.0055 A 0.0041  0.0043 A 0.0035  0.0057 A 24.53% (6/6)
NDCG@10 0.0159  0.0182 A 0.0158  0.0180 A 0.0140 0.0197 A 0.0136  0.0161 A 0.0123 0.0123 0.0103  0.0168 A 23.38% (5/6)

HR@10 0.0947  0.0849 v 0.0303  0.0308 A 0.0709  0.1579 A 0.0199  0.0356 A 0.0161  0.0240 A 0.0480  0.0626 A 41.42% (5/6)

FS-NYC MAP@10 0.0042  0.0038 v 0.0011  0.0012 A 0.0025 0.0076 A 0.0007  0.0013 A 0.0005  0.0009 A 0.0020  0.0029 A 59.51% (5/6)
NDCG@10 0.0124  0.0111 v 0.0035  0.0037 A 0.0080 0.0216 A 0.0023  0.0042 A 0.0017  0.0027 A 0.0060  0.0083 a 52.13% (5/6)

HR@10 0.0602  0.0667 A 0.0606  0.0588 v 0.1142  0.2156 A 0.0480  0.0543 A 0.0187  0.0244 A 0.1071  0.1170 A 31.34% (5/6)

Gowalla MAP@10 0.0026  0.0030 A 0.0025  0.0027 A 0.0059 0.0139 A 0.0021  0.0023 A 0.0007  0.0009 A 0.0054  0.0069 a 54.29% (6/6)
NDCG@10 0.0077  0.0087 A 0.0076  0.0077 A 0.0164 0.0356 A 0.0062  0.0069 A 0.0021  0.0029 A 0.0150  0.0181 A 45.19% (6/6)

HR@10 0.3684  0.4653 A 0.3621  0.4695 A 0.4421  0.5074 A 0.3368  0.5347 A 0.2842  0.3263 A 0.4505  0.4968 A 24.76% (6/6)

PPT-Ohmnet MAP@10 0.0167  0.0216 A 0.0191  0.0230 A 0.0220  0.0271 A 0.0143  0.0299 A 0.0132  0.0144 A 0.0219  0.0250 A 31.45% (6/6)
NDCG@10 0.0478  0.0623 A 0.0520  0.0649 A 0.0627  0.0752 A 0.0428 0.0810 o 0.0376  0.0418 A 0.0622  0.0704 A 29.61% (6/6)

HR@10 0.1750  0.2333 A 0.1500  0.1833 A 0.1375 0.2958 A 0.1208  0.1625 A 0.0583  0.1042 A 0.1250 0.1125 v 42.39% (5/6)

TFG-Ohmnet MAP@10 0.0113  0.0147 Ao 0.0079  0.0092 A 0.0081  0.0135 A 0.0094  0.0101 A 0.0037  0.0053 A 0.0053  0.0075 A 32.16% (6/6)
NDCG@10 0.0293  0.0385 A 0.0229  0.0261 A 0.0211  0.0404 A 0.0225  0.0257 A 0.0095  0.0151 A 0.0158  0.0185 A 35.71% (6/6)

the mode-wise gates {p,} and {r,} act as continuous knobs con-
trolling structural influence: setting p,,, 7, = 0 recovers the identity
mapping (no refinement), while p,, 7, = 1 corresponds to applying
full spectral filtering in each view. This design allows the model
to adaptively balance fidelity to the original TF factors with the
induced topology-driven priors. In particular, the mode-wise gates
allow the model to learn an appropriate smoothing strength for
each mode. All lemmas and proofs are deferred to Appendix B.3.

4 Experiments

In this section, we evaluate the impact of latent representation
stabilization across diverse tensor factorization models and tasks.
Our experiments are designed to assess the generality and benefits
of DUET by answering the following research questions:

Q1 Compatibility of DUET (Section 4.1). Can DUET consis-
tently improve the performance of various TF methods on
retrieval and completion tasks?

Q2 Comparative Study of Propagation and Regularization
(Section 4.2). How does DUET compare to GNN-based prop-
agation, graph-regularization, and HNN-based propagation
baselines when exploiting the induced dual-view topology?

Q3 Ablation Study (Section 4.3). Does each component of
DUET contribute meaningfully to its performance?

Q4 Gate Analysis (Section 4.4). How does adaptive gating
control the strength of topology-induced propagation across
datasets and tasks?

To further understand how DUET behaves under different sparsity
regimes, we additionally analyze performance by partitioning enti-
ties into buckets according to their interaction frequency. We also
analyze the hyperparameter sensitivity and computational cost of
DUET in Appendices C.3 and C.4.

Datasets. We use nine real-world datasets summarized in Table 1.
FS-TKY, FS-NYC, and Gowalla are check-in datasets of the form
(user, venue, time slot), where the time slot corresponds to one of the
168 hours in a week, obtained by mapping day of week X hour into a
single cyclic index (0-167). PPT-Ohmnet represents protein—protein
interaction networks across human tissues, whereas TFG-Ohmnet
represents protein—function association networks across human

tissues. ML-100k is a movie recommendation dataset of the form
(user, movie, day, month). Yelp is a recommendation dataset of the
form (user, business, time). Bitcoin is a trust network of the form
(user, user, time), where the values denote the degree of trust. NIPS
is a publication dataset of the form (paper, author, word, year),
where the values correspond to word counts.

Tasks and Training Objectives. We evaluate DUET on two
representative sparse-tensor tasks: retrieval and completion. For
retrieval, we train with a ranking loss (BPR [45]); for completion,
we train with a regression loss (MSE).

Metrics. For the retrieval task, we use three ranking metrics for
evaluation: HR@k (Hit Rate at k), MAP@k (Mean Average Precision
at k), and NDCG@k (Normalized Discounted Cumulative Gain at
k). For the completion task, we use standard error-based metrics:
RMSE (Root Mean Squared Error), MAE (Mean Absolute Error), and
MAPE (Mean Absolute Percentage Error).

Baselines. We compare DUET with existing tensor factoriza-
tion methods: CP [27], Tucker [51], NCF [20] extension for
tensor (NCFT) which extends a neural network-based collabora-
tive filtering method to a tensor, CosTCo [35], M2DMTF [11],
and NeAT [2]. We implement all the methods using PyTorch.
We additionally compare DUET with representative GNN-based
propagation including GAT [52], ChebNet [9], APPNP [15], and
LEConv [44], and graph regularization [5] approaches to examine
alternative ways of injecting structural information into tensor
factorization. After Section 4.1, we adopt DUET + CostCo for sub-
sequent experiments, as it generally achieves better performance
than DUET combined with other TF methods (See Tables 2 and 3).

Evaluation Protocol. Observed interactions are randomly split
into train/validation/test with a 7:1:2 ratio. For retrieval, models
rank candidate tuples given a query entity; for completion, pre-
diction errors are measured on held-out entries. Dataset-specific
evaluation details and hyperparameter settings are reported in Ap-
pendices C.1 and C.2, respectively. Each method is evaluated over
five independent runs, and we report the averaged results.
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Table 3: Compatibility of DUET for the completion task. The triangles v and A indicate error reduction and error increase,
respectively. A bold text indicates the best performance, and an underline indicates the second best. The last column shows the
average reduction% of DUET over six baselines, computed as (1 — (avg. DuET+6 TF methods/avg. 6 TF methods)) * 100, and the

number of improved baselines (# of v/6).

Setting CP Tucker CostCo

Dataset  Metric | w/o DUET w/DuET | w/o DUET w/DuET | w/o DUET w/DuET

NCFT M2DMTF NeAT Reduction
w/o DUET w/DUET | w/o DUET w/DUET | w/o DUET w/DUET | x.xx% (v/6)

RMSE 1.3870  0.9789 v 1.1482 09779 v 0.9503 0.9367 v 0.9700  0.9614 v 0.9558  0.9566 A 0.9599  0.9458 v 9.52% (5/6)
ML-100k MAE 0.9651 0.7749 v 0.8947 0.7733 v 0.7521 0.7407 v 0.7717  0.7660 v 0.7536  0.7564 A 0.7617  0.7476 v 6.81% (5/6)
MAPE 34.39 29.22v 32.37 29.47v 29.02 28.28 v 29.15 29.06 v 29.56 29.47v 29.18 29.19 A 4.57% (5/6)
RMSE 2.9263 19878 v 2.3838 19758 v 1.2096 1.1878 v 12173  1.1949 v 1.1817  1.2040 a 12101 1.1839 v | 13.77% (5/6)
Yelp MAE 2.2173 14455V 1.8524  1.4255v 0.9810  0.9603 v 1.0053  0.9754 v 0.9624  0.9666 A 0.9776  0.9571 Vv | 15.82% (5/6)
MAPE 62.97 47.34 v 55.26 46.95 v 40.20 3897 v 40.71 39.06 v 39.59 39.45v 39.70 39.54 v 9.73% (6/6)
RMSE 3.5384 3.0285V 3.6005 3.3099 v 3.0670  2.9699 v 3.0477 3.0219v 3.0407 2.9568 v 3.2395 29867 Vv 6.45% (6/6)
Bitcoin MAE 24244 18305V 2.4694  2.0094 v 1.7920  1.8094 A 1.8845 1.8485V 1.7883 1.7805 v 19115 1.8375v 9.40% (5/6)
MAPE 101.51 79.04 v 99.84 79.98 v 88.75 90.62 A 87.15 89.29 A 82.62 83.19 A 74.32 82.50 A 5.53% (2/6)
RMSE 3.5819 3.5162v 3.6128 35117 v 3.5571 3.4491v 3.5615 3.5754 A 3.6733  3.6589 v 3.5934 35319v 1.56% (5/6)
NIPS MAE 14592  1.4197 v 1.4665 1.4127 v 1.4260 1.3553 v 1.4277 14284 A 1.4515  1.4553 A 14333 14170 v 2.02% (4/6)
MAPE 56.74 5435v 55.88 5334 v 52.64 50.78 v 54.32 54.00 v 52.66 53.96 A 54.20 5392 v 1.86% (5/6)

4.1 Compatibility of DUET (Q1)

We evaluate the compatibility of DUET by integrating it with vari-
ous TF backbones across retrieval and completion tasks.

Retrieval Task. Table 2 shows that DUET consistently boosts
performance in retrieval tasks, yielding substantial improvements
ranging from 20.45% to 59.51% on average. Notably, integrating
DUET enables TF methods to achieve either the best or second-best
performance across nearly all scenarios, with the sole exception of
CP on the FS-NYC dataset. CostCo combined with DUET secures the
top performance on four out of five datasets (ranking second only on
PPT-Ohmnet). This synergy arises since DUET explicitly denoises
the input topology, providing high-quality structural priors that
the convolutional architecture of CostCo can effectively leverage
to distinguish positive interactions from negatives.

Completion Task. As shown in Table 3, DUET effectively re-
duces prediction errors in 58 out of 72 cases (80%). In most cases,
integrating DUET enables TF methods to achieve either the best or
second-best performance. The gains are particularly pronounced
for classical multilinear models; for example, on ML-100k, DUET
reduces the RMSE of CP and Tucker by 29.4% (1.3870 — 0.9789)
and 14.8% (1.1482 — 0.9779), respectively. This indicates that DUET
injects additional structural context into these models, alleviating
their sensitivity to sparsity.

Retrieval vs. Completion Discrepancy: We analyze distinct
behaviors between the two tasks. Relative improvements are consis-
tently larger in retrieval (20-60%) than in completion (1-16%). This
discrepancy is expected because retrieval is primarily a ranking task:
propagation-based smoothing can cluster topologically related enti-
ties in the embedding space, which often improves the separability
between positive and negative samples and boosts ranking met-
rics. In contrast, completion involves regression to precise scores.
While smoothing provides beneficial regularization and improves
generalization, it may also attenuate fine-grained signals that are
important for accurate value prediction. Consequently, the gains in
RMSE/MAE are more modest than the substantial improvements
observed in ranking-based evaluations.

Investigation of Failure Cases: We also analyze specific fail-
ure cases indicated by V¥ in retrieval and A in completion. On the
completion task, complex non-linear models such as M°DMTF occa-
sionally exhibit increased error. Since M>DMTF applies mode-wise

Table 4: Comparative study of graph-based operators on
CostCo backbone.

‘ ‘ GNN-based Propagation ‘ Graph Reg. ‘
Metric | Dataset | GAT Cheb APPNP LEConv | Explicit Spectral | DUET

NDCG@10 FS-NYC | 0.0102 0.0101  0.0099 0.0086 0.0070 0.0089 | 0.0216
m TFG 0.0202 0.0212  0.0246 0.0144 0.0246 0.0200 | 0.0404

RMSE ML-100k | 0.9383 0.9436  0.9455 0.9440 0.9489 0.9608 | 0.9367
W) Yelp 1.2061 1.1859 1.1832 1.1862 1.1985 1.1765 | 1.1878

Table 5: Comparison with hypergraph neural networks on
the CostCo backbone.

‘ ‘ Hypergraph Neural Networks ‘
‘ Dataset ‘ HyperConv  HGNN HNHN ‘ DuET

Metric

NDCG@IO‘ FS-NYC ‘ 0.0103 0.0037  0.0039 ‘0.0216

M TFG 0.0185 0.0156  0.0183 | 0.0404
RMSE ML-100k 0.9470 0.9462 1.0723 | 0.9367
) Yelp 1.2086 1.1804 1.1834 | 1.1878

MLPs after the factor extraction stage, the benefits of topology-
based regularization can be partially offset in completion tasks.
Nevertheless, the performance differences for these models remain
marginal in most cases, and DUET provides consistent improve-
ments in the vast majority of scenarios. In retrieval, the slight degra-
dation of CP on FS-NYC may reflect a structural mismatch between
CP’s low-rank multilinear structure and the strongly correlated,
topology-induced priors in this dataset. Although our adaptive gat-
ing aims to downweight unhelpful signals, sigmoid-based gates may
not fully shut off under stochastic end-to-end optimization. This
allows a small residual signal injection that can slightly interfere
with the learning process in this sensitive low-rank setting.

4.2 Comparative Study of Propagation and
Regularization Operators

GNN propagation and graph regularization. Table 4 compares
representative graph-based operators on the CostCo backbone
which demonstrates superior compatibility with DUET in most
cases. We consider (i) GNN modules [9, 15, 44, 52] operating on
dual-view adjacency and (ii) graph regularization baselines under
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the dual-view setting, using either explicit adjacency or its spec-
tral counterpart. Overall, DUET consistently outperforms these
alternatives on retrieval tasks: it achieves the best NDCG@10 on
both FS-NYC and TFG, yielding substantial gains over the strongest
GNN baselines and graph-regularized variants. These results show
that simply attaching a message-passing operator is insufficient
under extreme sparsity, whereas our refinement strategy can better
exploit the induced topology as a stable structural prior. On com-
pletion tasks (RMSE), DUET remains competitive and attains the
best result on ML-100k. On Yelp, spectral regularization achieves
the best RMSE, but DUET remains within 1% relative RMSE. These
results indicate that operator choice can be dataset-dependent for
completion, but DUET provides a robust improvement in general,
particularly for retrieval.

The results highlight a practical trade-off between propagation
and regularization under extreme sparsity. A GNN performs mes-
sage passing over neighborhoods induced from sparse co-occurrences;
when evidence is scarce, such neighborhoods can be noisy, which
may amplify incidental links and lead to unstable updates. Graph
regularization is often more stable by emphasizing low-frequency
components, but it can also oversmooth and reduce adaptivity to
heterogeneous signals. DUET is designed to balance these effects
by extracting topology-derived structural priors and injecting them
in a controlled manner, yielding consistent gains in retrieval and
competitive performance in completion.

Hypergraph neural networks. We additionally compare DUET
with representative hypergraph neural networks (HNNs), includ-
ing HyperConv [3], HGNN [13], and HNHN [10], using the same
CostCo backbone and experimental settings. These HNNs oper-
ate solely on the incidence view by performing message passing
over hyperedges corresponding to observed tuples, without lever-
aging the marginal-view structures used in DUET. The resulting
representations are then fed into the CostCo prediction module.
As shown in Table 5, DUET achieves substantially higher perfor-
mance than HNNs on most datasets, including FS-NYC, TFG, and
ML-100k. On Yelp, HGNN achieves the best performance; however,
the performance gap between DUET and HGNN is less than 1%. It
is worth noting that many hypergraph neural networks are orig-
inally developed for feature-based inputs. Our setting focuses on
refining learnable latent representations of tensor factorization,
which corresponds to a different regime. These results suggest that
hyperedge-aware propagation alone is insufficient for sparse-TF re-
finement; effective refinement additionally requires denoising noisy
tuple-induced topology and controlling how structural signals are
injected into learnable latent factors.

4.3 Ablation Study

We study how the choice of our component affects performance of
DUuET with CostCo on both tasks.

Dual-View vs. Marginal-View vs. Incidence-View We eval-
uate the performance of incidence-view only, marginal-view only,
and dual-view (incidence + marginal) topology induction, denoted
by I, M, and D, respectively. Table 6 shows that our dual view (D)
with adaptive gating provides the most reliable performance by
dynamically balancing the two views, thereby reducing the sensi-
tivity to single-view choices. While D achieves the best average

Jang et al.

Table 6: Ablation results. We report NDCG@ 10 for Retrieval
and RMSE for Completion.

Retrieval Completion
Backbone Data I M D Data 1 M D
CostCo FS-NYC 0.020 0.009 0.021 ML-100k 0.943 0.947 0.936
TFG 0.037 0.019 0.040 Yelp 1.184 1.186 1.187

Table 7: Performance comparison between Non-spectral and
Spectral approaches across Retrieval and Completion tasks.

NDCG@10 RMSE
Backbone Data Non-Spec. Spectral Data Non-Spec. Spectral
CostCo FS-NYC 0.018 0.021 ML-100k 0.943 0.936
TFG 0.030 0.040 Yelp 1.188 1.187

Table 8: Performance comparison between Fixed and Adap-
tive gating across Retrieval and Completion tasks.

NDCG@10
Fixed Adaptive Data

FS-NYC 0.014 0.021 ML-100k  0.952 0.936
TFG 0.033 0.040 Yelp 1.185 1.187

RMSE

Backbone Data Fixed Adaptive

CostCo

performance, the stronger single view between M and I depends
on the dataset, task, and backbone.

Spectral vs. Non-spectral. Table 7 compares adjacency-based
propagation (Non-Spec.), instantiated from Eq. (5), against spec-
trally denoised propagation (Spectral). We find that spectral denois-
ing consistently boosts NDCG@10 on both datasets, and for the
completion, spectral denoising is also beneficial for CostCo.

Adaptive gating vs. Fixed gating. Table 8 examines whether
adaptive fusion via learnable gating is necessary. Adaptive gating
yields consistent gains in the retrieval task, highlighting that a static
mixing coefficient can under-utilize structural priors. For the com-
pletion task, adaptive gating improves or matches performance in
most cases, while one mild exception is CostCo on Yelp where Fixed
gating is marginally better (1.185 vs. 1.187). Given the very small
gap, the difference may be attributable to stochastic optimization
noise (e.g., random initialization). Taken together, adaptive gating
is crucial for retrieval robustness and typically helps completion,
with rare cases where a simpler fixed gate remains competitive.

4.4 Analysis of Learned Gates: 7, and p,

We investigate the learned gate parameters 7, and p,, on the FS-NYC
(retrieval) and ML-100k (completion) datasets using CP and CostCo
backbones. Figure 4 reports the learned mixing gates across four
settings (retrieval/completion X CP/CostCo). Overall, 7, provides
consistently active tuple-level coupling, while p, serves as a mode-
adaptive filter that emphasizes temporal locality and suppresses
noisy entity-centric co-occurrences, with backbone expressiveness
determining how effectively this selectivity translates into gains.
Ty, VS. pn. Tp remains relatively balanced across modes, indicating
stable incidence-view fusion in Eq. (10). This is because 7, controls
the strength of the tuple-level inter-mode coupling, which needs
to remain consistently active to preserve inter-mode dependencies.
In contrast, p, is mode-selective in Eq. (11), taking larger values
for temporal modes and smaller values for the other modes (e.g.,
user/item). This indicates that DUET exploits strong temporal lo-
cality for denoising while downweighting noisier co-occurrence
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0.359 0:366/ 0-544 0-535! T, 0:378! 0.333 0-466) 0:454
0.197 0.324 0.339 0.336 Pn 0.119 0.167 0.464 0:471,
0 1 2 3 0 1 2 3

(c) DUET + CP on ML-100k (d) DUET + CostCo on ML-100k

Figure 4: 7, and p, for CP and CostCo on the retrieval and completion tasks.

neighborhoods in non-temporal modes to avoid over-smoothing
and maintain discriminative representations.

CP vs. CostCo. We further examine how the underlying TF
backbone affects the learned gates. As shown in Figure 4(a), the
gates under CP stay close to zero, indicating that the model largely
suppresses refinement signals in this regime. Ideally, the refinement
contribution should vanish to recover the original CP baseline; how-
ever, the sigmoid parameterization can leave a small non-zero leak-
age, resulting in residual signal injection that may slightly interfere
with optimization. In contrast, DUET + CostCo (Figure 4(b)) yields
substantially larger and more adaptive gate activations, suggesting
that CostCo’s more expressive (non-linear) interaction modeling
better accommodates structural refinement and helps the gates
distinguish informative structure from noise. For ML-100k on the
completion task, CP and CostCo exhibit the same 7,-balanced /
pn-selective pattern (temporal T, user/item |).

5 Related Works

Tensor factorization methods. Many works have developed ten-
sor factorization methods for analyzing higher-order tensors. CP
(CANDECOMP/PARAFAC) decomposition [6, 19, 27] factorizes a
given tensor into factor matrices which construct rank-one ten-
sors as described in [30]. Tucker decomposition [51] decomposes
a given tensor into factor matrices and core tensor. CostCo [35]
is a CNN-based tensor factorization model that captures nonlin-
ear interactions between factors. While NTF [55] is an RNN-based
model designed to capture sequential patterns in temporal tensors,
we focus on a more general-purpose framework that enhances
diverse TF structures without assuming specific temporal depen-
dencies. M2DMTF [11] employs a nonlinear transformation for its
factor matrices. We can view M?DMTF as consisting of an MLP
encoder and predictor that is the same as the predictor of Tucker
decomposition; we experimentally show the compatibility of DUET
with the MLP encoder of M2 DMTF. NeAT [2] is a non-linear tensor
factorization method with interpretability. t-SVD [59] follows the
t-product formulation over frontal slices rather than mode-wise
embeddings, and is therefore outside the scope of DUET. Unlike
these models that focus on specific decomposition structures, DUET
is a model-agnostic framework that enhances existing TF methods
by providing denoised latent representations through tensor-to-
topology induction.

Tensor factorization with relational and structural priors.
Many works have explored incorporating relational and structural
priors into tensor factorization (TF). One line of research studies
the interaction between TF and graph neural networks (GNNs),
often using TF to improve the efficiency or expressiveness of GNN
architectures [21, 26, 42, 47, 56]. These approaches primarily treat
TF as a means to enhance graph representation learning. Another
line of work introduces structural priors into TF using auxiliary
relational cues, such as side information [17, 39, 49]. Related to

this direction, several studies induce structural priors directly from
tensors by constructing mode-specific affinities in the observation
space [38, 43, 58]. However, these approaches are often coupled
with specific constraints (e.g., non-negativity) or decomposition
structures (e.g., CP or Tensor-Ring). In contrast, DUET induces
structural priors solely from a sparse tensor without assuming
specific constraints, making it applicable to various TF methods.

Tensor-based applications. Many previous works [4, 32, 37]
developed TF-based methods for knowledge base completion. For
instance, Lacroix et al. [31] developed a tensor factorization-based
method for temporal knowledge completion. In addition, tensor
factorization has been widely used for higher-order recommenda-
tion [7, 8, 12, 46] and time-range factor analysis [22, 25, 41]. Many
works [1, 23, 36, 48] have focused on developing tensor comple-
tion methods that predict specific values of unobserved entries
accurately. While we do not directly compare against these task-
specific models, DUET serves as a general-purpose framework that
stabilizes representation learning. Furthermore, DUET is potentially
complementary to these specialized methods, as it refines latent
embeddings in a task-agnostic manner and can be integrated with
task-specific TF objectives, such as those incorporating temporal
or domain-specific constraints.

6 Conclusion

In this paper, we propose DUET, a model-agnostic enhancement
adapter that refines latent representations of entities for a wide
range of tensor factorization (TF) methods. DUET induces dual-
view structural priors directly from sparse tensor tuples, capturing
both within-mode and cross-mode structural patterns. These priors
are denoised via per-view spectral filtering and selectively injected
into TF embeddings through mode-wise gated residual refinement,
leading to more stable and reliable representations. Extensive ex-
periments demonstrate that DUET consistently improves diverse
TF backbones across retrieval and completion tasks, highlighting
its generality and plug-and-play nature. Future work includes ex-
tending DUET to dynamic and streaming tensor settings, where
structural priors must be continuously updated as new interactions
arrive.
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Appendix
A Symbol Table

Table 9 summarizes the frequent symbols used in this paper.

Table 9: Frequently used notations.

Symbol Description

X sparse N-th order tensor
Q, observed tuple set
I, number of entities in mode n
U base TF factor matrix for mode n
\% concatenated embedding matrix (Eq. (7))
\\%4 sparse binary view matrix

G(W)  diagonal-free co-occurrence adjacency (Eq. (4))
M(W)  symmetric normalized operator (Eq. (5))

q number of retained eigenpairs
P(W)  denoised spectral operator (Eq. (6))
Finc incidence-view denoised filter
Frnarg marginal-view denoised filter
®,,®, incidence-/marginal-view gate matrices
7Y incidence-/marginal-view stage outputs
L number of refinement steps

f(;60)  base TF predictor/scorer

B Lemmas, Theorems, and Proofs
B.1 Proof of Proposition 1

ProOF OF PrOPOSITION 1. We show that one matrix—vector prod-
uct with M(W) costs O(nnz(W)) time. Let s = D~/2v. Using
G(W) = WWT — Diag(diag(WWT)), we can write

M(W)v = D~ 1/2 (W(WTS) — diag(WWT) © s).

The two sparse multiplies W's and W(W T s) each take O(nnz(W))
time, while the diagonal removal term and degree normalization
are elementwise and cost O(N). Moreover, diag(WW™) and D~1/2
can be precomputed once using sparse operations in O(nnz(W))
time and stored as N-vectors. Therefore, each matrix-vector mul-
tiplication is O(nnz(W)) time up to lower-order terms, and an
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iterative eigensolver using T matvecs runs in O(T - nnz(W)) time.
The memory is O(nnz(W)) for storing W plus O(Ngq) for the top-g

eigenvectors, yielding O(nnz(W) + Nq) space. o

B.2 Proof of Proposition 2

Proor. Each propagation step consists of an incidence-view up-
date (Eq. (10)) and a marginal-view update (Eq. (11)). Both stages
apply spectrally denoised filters using the implicit operator P(W),
implemented as P(W)V = U, (g(Ag) (U;'I—V)). For V € RVotal XK com-
puting U;V and multiplying back by Uy, each require O (VioragK)
time. Diagonal gating and residual mixing incur only linear-time
overhead. The marginal-view operator is block-diagonal, and sum-

ming the per-mode costs O (I,gK) over all modes also yields O (Viota19K)-

Thus, one propagation step runs in O(Vota1gK) time, and repeating
it for L steps gives O(L - Viotal - q - K). ]

B.3 Proofs for Proposition 3

Setup and notation. We prove Proposition 3 for the two-stage
update in Egs. (10)—(11). F denotes a symmetric spectral filter whose
eigenvalues lie in [0, 1]; equivalently, F = Udiag(p)U" with y; €
[0,1], hence ||F||; < 1. The gates satisfy 0 X ®,, ®; < I, implying
||<I>i/ ?|l, < 1. For the analysis, we rewrite the two stages as linear
operators. The incidence-view stage in Eq. (10) can be expressed as

Z=C,(V) with C.(V)=(I-®,)V + &/’ Fol/?y,
and the marginal-view stage in Eq. (11) as
Y=M,Z with M,=(1-®,)+®,F.

For the full model, F and @, are block-diagonal across modes; the
arguments below apply block-wise.

LEMMA 1 (INCIDENCE-VIEW STAGE IS NON-EXPANSIVE). LetC (V) =
(I-®,)V+ <I>l/2F<I>l/2V with 0 X ®; < I and symmetric F whose
eigenvalues lie in [0, 1]. Then ||C;(V)||r < ||V||F for all V. Equiva-
lently, in Eq. (10), ||Z||r < ||V||F.

Proor. The mapping is linear and can be written as C.(V) = TV
where
T=(~1-®,) + 0/ Fo!/%
Note that T is symmetric. For any vector x, lety = d)i/ ’x. Using
|IFll2 < 1, we have y'Fy < |ly||2. Therefore,

x Tx=x"(I- @)x+y Fy < |Ixll; = llyll3 + llyll3 = lIxIl3-

Moreover, since I — ®, = 0 and <I>;/2F<I);/2 = 0, we have T = 0. Thus

all eigenvalues of T lie in [0, 1], and hence ||T||; < 1. Hence, for
any matrix V, |C;(V)|[r = ITVI[r < [IT||2[IVIIF < |[VI|F. o

LEMMA 2 (MARGINAL-VIEW MIXER IS NON-EXPANSIVE). Let M, =
(I-®,) + ®,F with0 X ®, < I and symmetric F with eigenvalues
n [0, 1]. Then [[M, ||z < 1. Consequently, M, Z||r < ||Z||F for all Z.

Proor. Inthe mode-wise setting used in our model, F and @, are
block-diagonal with the same block partition, and within each block
®, = pl. Thus each block of M,, is symmetric and can be analyzed
independently. For a single block with scalar gate p € [0,1], M, =
(1 — p)I + pF shares eigenvectors with F, and its eigenvalues are
vi = (1=p)+pp; € [1=p, 1] € [0, 1]. Thus M2 = max; [vi| < 1,
and [[M,Z||r < [IMpl2lI1Z]l . o
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Figure 6: Hyperparameter sensitivity of DUET +CostCo on
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THEOREM 1 (TWO-STAGE REFINEMENT IS NON-EXPANSIVE AND PRE-
SERVES FROBENIUS BALLS). Let T(V) = M, C-(V). Then [|T(V)||r <
VIl for all V. In particular, Qc = {V : |V||[r < C} is invariant
underT, ie, T(Qc) € Qc.

Proor. By Lemmas 1 and 2,
ITVlF = 1IMp C:(V)lF < IMpll2 IC: (V) I < IV
If ||V||r < C, then ||T(V)||r < C, proving invariance of Qc. m

Remark. In DUET, Fpayg is block-diagonal across modes and
®, = blkdiag(p1Iy,, ..., pnlry ). Thus Lemma 2 applies block-wise.
Similarly, ®, = blkdiag(rIy,, ..., 1) satisfies 0 X ®; < I, so
Lemma 1 directly implies the contraction in Eq. (10).

C Experimental Settings & Results
C.1 Evaluation Procedure

We randomly split observed interactions into train, validation, and
test data with the ratio 7:1:2. For the completion task, the trained
model predicts the values of the entries corresponding to the in-
teractions in the test set, and the prediction errors are measured
against the ground-truth values. For the retrieval task, given a
query entity (e.g., a user), the model ranks candidate combinations
of the remaining dimensions (e.g., location and time) based on the
predicted scores, and the ranking quality is evaluated against the
ground-truth interactions in the test set. For the FS-TKY, FS-NYC,
and Gowalla datasets, given a user query, the TF model predicts the
top-k (location, time) pairs. For the PPT-Ohmnet and TFG-Ohmnet
datasets, given a tissue query, the TF model predicts the top-k
(protein, protein) pairs and (function, gene) pairs, respectively.

C.2 Hyperparameter Setting

We set the batch size, the number of epochs, and the embedding
size of entities to 2048, 20, and 10, respectively. We initially ex-
plore several learning rates ([107%,1072,1073]) and weight decays

([0,1073,1073]). Based on preliminary results showing that a learn-
ing rate of 1072 and a weight decay of 0 generally perform well,
we adopt these settings for all subsequent experiments. We learn
all models using the Adam optimizer [28]. We perform [ = 2 layer
propagation in DUET, and use a ReLU function [14] as an activation
function. We evaluate the performance of each model five times
and report the average results.

C.3 Hyperparameter Sensitivity

We investigate the hyperparameter sensitivity for the spectral rank
q, embedding size r, and propagation depth L.

Spectral rank gq. We examine DUET with CostCo by varying
q € {16,32, 64,128} on the FS-NYC dataset. As shown in Figure 6(a),
the performance peaks at ¢ = 32 and remains comparable at g = 64,
whereas it slightly degrades at ¢ = 16 and 128. This implies that
too small or too large a spectral rank can hurt performance by
underfitting structural signals or introducing noisy components.

Embedding size r. We investigate DUET with CostCo by vary-
ing r € {10, 20,30}. Figure 6(b) shows the performance of DUET
with CostCo and base CostCo as r varies. For the retrieval task, the
performance gap slightly increases as r grows; DUET with CostCo
and base CostCo benefit from larger r. DUET allows the model
to leverage growing representational capacity and learn denoised
latent vectors.

Propagation depth L. We evaluate DUET with CostCo by vary-
ing L € {1,2,3} on the FS-NYC dataset. In Figure 6(c), performance
increases as L grows. The performance significantly improves when
L increases from 1 to 2, demonstrating the importance of capturing
multi-hop dependencies. However, the performance gain becomes
marginal as L further increases from 2 to 3.

C.4 Computational Cost of DuET Adapter

We evaluate the impact of the DUET adapter on training and in-
ference time. Figure 5 shows that DUET +CostCo introduces only
marginal overhead on retrieval tasks, where the dominant cost
comes from evaluating many candidate tuples for top-k ranking.
For completion, training overhead remains modest, while inference
overhead is more visible because the baseline inference time is al-
ready extremely small. Even in this lightweight regime, the absolute
latency remains sub-millisecond (e.g., < 0.004 seconds), making the
overhead practically acceptable relative to the accuracy gains of
DuET.
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