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Abstract

Multimodal time series captured by heterogeneous sensors are fun-
damental to real-world applications, yet learning effective represen-
tations without labels remains challenging. Existing self-supervised
methods adopt a binary paradigm that decomposes information
into shared and private components, conflating two distinct types
of shared information: redundancy, the consensus information re-
coverable from any single modality, and synergy, the emergent
information arising only from joint observation. Most methods also
rely on geometric constraints for disentanglement, which cannot
guarantee semantic-level separation of information components.
To address these limitations, we propose TRIAD, a framework that
advances multimodal disentanglement from a binary to a ternary
paradigm by separating a triad of information components: redun-
dancy, synergy, and uniqueness. Inspired by Partial Information
Decomposition theory, TRIAD employs a two-stage attention-based
routing mechanism. The first stage extracts cross-modal redun-
dancy, while the second stage disentangles synergy from modality-
specific uniqueness. Predictive proxy tasks enforce the semantic
definition of each component through prediction objectives. Exten-
sive experiments on synthetic and real-world benchmarks show
consistent improvements over state-of-the-art methods, with ab-
lations, robustness tests, and interpretability analyses confirming
that the learned components are functionally specialized.

CCS Concepts

• Computing methodologies→Artificial intelligence; •Math-

ematics of computing → Time series analysis.
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1 Introduction

Multimodal time series data are ubiquitous in complex real-world
systems, capturing the continuous evolution of physical phenomena
through heterogeneous sensing channels. Representative applica-
tions include healthcare, where ECG and respiratory signals mon-
itor physiological states, and human activity recognition, which
often relies on accelerometers and gyroscopes. The inherent data
heterogeneity introduces significant modeling challenges and de-
mands expensive expertise for annotation. Consequently, unsuper-
vised representation learning has become essential for extracting
useful features from such complex data without manual labels.

Recent advancements in self-supervised learning have focused
on decomposing cross-modal information effectively. Early ap-
proaches, represented by Contrastive Learning [5, 13, 39, 40], typi-
cally operate under a unary paradigm, maximizing mutual informa-
tion to extract consensus features shared across views. To capture
clearer semantics, recent methods have advanced to a binary par-
adigm [4, 21, 22, 28], dividing the latent space into two distinct
parts: modality-shared and modality-specific representations. By
explicitly modeling both commonalities and individual characteris-
tics, this binary framework has established itself as the dominant
standard in current multimodal research. However, this paradigm
has two fundamental limitations that hinder further progress.

First, the binary paradigm conflates synergy and redundancy by
representing both within a single coarse-grained “shared” repre-
sentation. Redundancy denotes consensus information that can be
recovered from any individual modality, whereas synergy denotes
complementary information that becomes identifiable only through
joint observation and cross-modal interaction. As illustrated in Fig-
ure 1 with accelerometer and gyroscope signals for human activity
recognition, both modalities support basic discrimination between
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Figure 1: Left: ternary disentanglement in TRIAD. Right:

an HAR example illustrating redundancy (stationary vs lo-

comotion) and synergy (stair ascent vs descent) using two

modalities (accelerometer and gyroscope sensing signals).

static and dynamic states. However, more fine-grained distinctions,
such as level walking versus walking upstairs, require complemen-
tary cues, where the accelerometer reflects linear impact forces and
the gyroscope captures body inclination. When these qualitatively
different factors are collapsed into one shared latent variable, the
resulting representation becomes ambiguous and difficult to inter-
pret. Moreover, objectives based on similarity maximization are
inherently biased toward capturing redundancy, that is, the inter-
section of information across modalities. Consequently, existing
models do not explicitly encode synergy, which limits the ability
to model cross-modal interactions that are essential for a holistic
characterization of the underlying system.

Second, the methodology for disentanglement relies heavily on
geometric constraints that are fundamentally limited. To achieve
disentanglement, prevalent approaches force latent vectors to be
orthogonal by minimizing their dot product or cosine similarity.
However, geometric orthogonality primarily regulates pairwise
linear correlation in the learned coordinate system and does not
provide a functional definition of what each component is expected
to encode. As a result, representations can appear well separated
geometrically while remaining entangled at the semantic level.
This mismatch makes it difficult to obtain components that are se-
mantically interpretable and consistent with information-theoretic
notions such as redundancy, synergy, and uniqueness.

In this work, we bridge these gaps by drawing inspiration from
Partial Information Decomposition theory [43], which provides
a principled basis for decomposing multimodal information into
redundancy, synergy, and uniqueness. We observe that the se-
mantic definitions of these three components can be operational-
ized through proxy tasks that directly encode their information-
theoretic roles. Based on this insight, we propose TRIAD, an infor-
mation routing framework that advances multimodal disentangle-
ment from a binary to a ternary paradigm. Leveraging the naturally
predictive structure of sensing signals, TRIAD adopts task-defined
disentanglement, where themeaning of each component is enforced
through prediction objectives inspired by PID theory. This ternary
paradigm is realized through a two-stage attention-based routing
mechanism. In Stage 1, cross-modal attention identifies information
that remains predictively stable across arbitrary modality subsets
and routes it to the redundancy component. In Stage 2, the non-
redundant residual is further decomposed: information that yields
improved predictions when all modalities are jointly observed is

routed to synergy, while information that supports prediction only
within its own modality is routed to uniqueness. This hierarchical
design mitigates information leakage between components through
sequential decomposition. Our main contributions are as follows:

• Ternary Paradigm:We propose TRIAD, a framework that ad-
vances multimodal learning from a binary to a ternary paradigm.
To the best of our knowledge, it is the first to separate synergy
from redundancy and uniqueness for multimodal sensing signals.

• Hierarchical Routing: We design a two-stage attention-based
gated routing mechanism that extracts redundancy before sepa-
rating synergy from uniqueness, minimizing information leakage
via sequential decomposition.

• Task-DefinedDisentanglement:We introduce predictive proxy
tasks that enforce functional separation by operationalizing the
semantic definition of each component, offering a robust alterna-
tive to geometric constraints.

• Comprehensive Evaluation: Extensive experiments on syn-
thetic and real-world benchmarks demonstrate consistent im-
provements over baselines. Ablations, robustness tests, and inter-
pretability analyses further validate component specialization.

2 Related Work

2.1 Self-Supervised Learning for Time Series

Self-supervised learning (SSL) for time series extracts representa-
tions from unlabeled data by exploiting intrinsic structural informa-
tion [37, 48]. These approaches have largely evolved along two lines:
contrastive learning and reconstruction-based learning [16, 49].
Early instance-discrimination frameworks such as SimCLR [6, 17,
31] inspired a range of time-series adaptations [10, 14, 30, 45, 49, 51].
TNC [40] exploits temporal neighborhoods by treating nearby win-
dows as positives to enforce temporal continuity. TS-TCC [13]
combines temporal and contextual contrast to improve robustness
to augmentations and context shifts. TS2Vec [47] learns universal
representations via hierarchical contrastive learning across multi-
ple temporal resolutions. CoST [44] further introduces contrastive
learning for disentangling seasonal-trend components. Beyond the
time domain, TF-C [50], FAT [7], FreRA [38], and BTSF [46] incor-
porate frequency-domain cues to strengthen contrastive represen-
tations. AutoTCL [52] and InfoTS [29] design automatic augmenta-
tions to better preserve temporal semantics. TimeDRL [5] improves
representation via disentangled dual-level embeddings.

In addition to contrastive learning, reconstruction-based objec-
tives have been explored. SimMTM [9] proposes a masked time-
series modeling framework for pre-training. PITS [23] adopts in-
dependent patch embeddings with a lightweight reconstruction
objective. Most time-series SSL methods target single-modality
inputs and primarily capture temporal structure shared across aug-
mentations or masking patterns. In real-world sensing systems,
heterogeneous sensors exhibit complementarity and cross-modal
interactions, driving interest in multimodal time-series SSL.

2.2 Multimodal Representation Learning for

Sensing Signals

Multimodal representation learning integrates information from
multiple modalities into a representation for downstream tasks
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while accounting for cross-modal alignment and modality-specific
cues [12, 15, 20, 25–27, 34, 41, 42]. In the visio-language domain,
large-scale contrastive pretraining has proven effective: CLIP [34]
demonstrates that aligning image-text pairs induces strong zero-
shot transfer, ALIGN [19] further scales such contrastive alignment,
and BLIP-2 [24] bridges modality gaps with improved efficiency.

Recently, multimodal learning has attracted increasing attention
in sensing applications, where heterogeneous sensors are treated
as modalities [8, 32]. Representative approaches adapt contrastive
multiview learning to maximize cross-modal agreement, e.g., Con-
trastive Multiview Coding (CMC) [39], and further improve consis-
tency via explicit geometric constraints in a shared latent space [33].
Many recent methods follow a binary decomposition into shared
and modality-specific factors. FOCAL [28] factorizes sensing repre-
sentations into shared and private components with orthogonality-
based regularization. FreqMAE [21] introduces a frequency-aware
masked autoencoder for scalable sensing pretraining. MATE [4]
proposes disentangled learning for multimodal sensing signals. In-
foMAE [22] focuses on pair-efficient cross-modal alignment.

However, existing methods for multimodal time-series sensing
often adopt a binary paradigm (shared vs. private) that conflates
redundancy with synergy. FactorCL [25] already separates infor-
mation into more than two parts, but it keeps redundancy and
synergy in one shared component. Similarity-based objectives bias
learning toward redundancy (information recoverable from indi-
vidual modalities), while leaving synergy (information available
only through joint observation) under-modeled. To the best of
our knowledge, TRIAD is among the first multimodal time-series
frameworks to isolate synergistic information as a distinct latent
component, advancing the dominant binary paradigm to a ternary
decomposition aligned with Partial Information Decomposition.

3 Preliminaries: Information-Theoretic

Foundations

This section presents information-theoretic foundations that moti-
vate the proposed ternary decomposition. The section formalizes
the learning problem, introduces Partial Information Decomposi-
tion as a conceptual reference, and derives task-based characteriza-
tions aligned with the predictive objectives used in TRIAD.

3.1 Problem Formulation

Consider a multimodal time series X ∈ R𝑇×𝐶 comprising𝑀 modal-
ities, where 𝑇 denotes the sequence length and 𝐶 =

∑𝑀
𝑚=1𝐶𝑚 de-

notes the total number of channels. The input is partitioned into a
history window Xh ∈ R𝑇ℎ×𝐶 and a prediction horizon Xf ∈ R𝑇𝑝×𝐶 ,
where𝑇 =𝑇ℎ +𝑇𝑝 . An encoder 𝑓𝜃 maps the history window to three
sets of latent representations:

𝑓𝜃 : Xh ↦→ (z𝑅, z𝑆 , {z(𝑚)
𝑈

}𝑀𝑚=1), (1)

where z𝑅 ∈ R𝑁×𝑑𝑅 encodes redundant information, z𝑆 ∈ R𝑁×𝑑𝑆

encodes synergistic information, and z(𝑚)
𝑈

∈ R𝑁×𝑑𝑈 encodes infor-
mation that is unique to modality𝑚. Here 𝑁 denotes the number
of temporal tokens after patchification.

3.2 Partial Information Decomposition

Partial Information Decomposition (PID) [3, 43] provides a concep-
tual reference for separating redundant, unique, and synergistic
information. Given two sources 𝑋1, 𝑋2 and a target 𝑌 , PID decom-
poses the mutual information into four non-negative components:

𝐼 (𝑋1, 𝑋2;𝑌 ) = 𝑅 +𝑈1 +𝑈2 + 𝑆. (2)

These components are defined by accessibility patterns: redundancy
(𝑅) is accessible from each source individually, uniqueness (𝑈1 or𝑈2)
is accessible only from a single source, and synergy (𝑆) is accessible
only under joint observation. In this work, the modality-specific
history observations 𝑋 (1)

h , . . . , 𝑋
(𝑀 )
h serve as sources and the future

observation 𝑌 = 𝑋f serves as the target. We adopt future prediction
of the target as our proxy task, which provides a direct and naturally
available self-supervision signal for sensing time series.

3.3 Predictive Operationalization of PID

Thiswork operationalizes the accessibility patterns in Eq. (2) through
predictive comparisons that match the training objectives. Let
Ω ⊆ {1, . . . , 𝑀} denote a set of visible modalities, where 𝑍Ω de-
notes a representation inferred from {𝑋 (𝑚)

h }𝑚∈Ω . Let Q denote
a decoder family of conditional predictive distributions, where
Q = {𝑞𝜃 (𝑦 | 𝑧) : 𝜃 ∈ Θ}. We define the optimal conditional log-loss
risk as

CQ (𝑌 | 𝑍 ) ≜ inf
𝑞∈Q

E[− log𝑞(𝑌 | 𝑍 )], (3)

where the infimum is taken over all 𝑞 ∈ Q. Based on this risk, we
define the task-induced information as IQ (𝑍 → 𝑌 ) ≜ −CQ (𝑌 | 𝑍 ).
The theoretical justification of this operationalization results from
the inequality

𝐼 (𝑍 ;𝑌 ) ≥ 𝐻 (𝑌 ) − CQ (𝑌 | 𝑍 ), (4)

which holds when 𝐻 (𝑌 ) is finite. Eq. (4) implies that improving
prediction within Q increases a certified lower bound on 𝐼 (𝑍 ;𝑌 )
without assuming loss–MI equivalence [2]. We therefore treat the
task-induced information as a predictive quantity rather than an
estimate of the mutual information itself, and TRIAD optimizes
predictive risks instead of estimating PID terms.

The semantic PID patterns translate into risk relations. Redun-
dancy is operationalized by requiring that predictive risk is stable
across non-empty visibility sets up to a margin:

CQ (𝑌 | 𝑍Ω
𝑅 ) ≤ CQ (𝑌 | 𝑍Ω′

𝑅 ) + 𝜖, ∀Ω,Ω′ ⊆ {1, . . . , 𝑀 }, |Ω |, |Ω′ | ≥ 1,
(5)

where 𝑍Ω
𝑅
denotes the redundant representation inferred from visi-

bility set Ω and 𝜖 ≥ 0 is a margin. Synergy is operationalized by a
strict joint-observation gain:

CQ (𝑌 | 𝑍 all
𝑆 ) < CQ (𝑌 | 𝑍Ω

𝑆 ), ∀Ω ⊊ {1, . . . , 𝑀}, (6)

where 𝑍 all
𝑆

denotes the synergistic representation inferred from all
modalities. Uniqueness is operationalized as asymmetric decodabil-
ity under an adversarial decoder family, where CQ (𝑌𝑚 | 𝑍 (𝑚)

𝑈
) is

small and CQadv (𝑌−𝑚 | 𝑍 (𝑚)
𝑈

) is large, 𝑌𝑚 and 𝑌−𝑚 denote the target
components of modality𝑚 and of all other modalities, respectively,
and Qadv denotes an adversarial decoder family. Section 4.5 in-
stantiates Eqs. (5)–(6) as training objectives through margin-based
comparisons and adversarial suppression.
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Figure 2: Overall architecture of TRIAD. The framework hierarchically decomposes multimodal time series into redundancy

(z𝑅), synergy (z𝑆 ), and uniqueness (z(𝑚)
𝑈

) via two-stage cross-modal gated routing (CGR) and proxy tasks. The pipeline consists

of (1) patchified temporal encoding with per-modality backbones, (2) two-stage CGR routing that extracts redundancy and then

separates synergy from uniqueness, and (3) task-defined decoders and predictive proxy tasks for each component.

4 Methodology

We present TRIAD, which realizes the ternary decomposition via
two innovations: a two-stage attention-based routing mechanism
for hierarchical disentanglement, and predictive proxy tasks that
operationalize the characterizations detailed in Section 3.3.

4.1 Overall Architecture

Figure 2 shows the architecture of TRIAD, which has three modules:
(1) Patchified Temporal Encoding maps each modality to token
sequences; (2) Two-Stage CGR Routing decomposes information
into redundancy, synergy, and uniqueness via cross-modal gating
(Figure 3); and (3) Task-Defined Decoders enforce disentangle-
ment via predictive proxy tasks (Figure 4).

Given the history window Xh ∈ R𝑇ℎ×𝐶 , we partition it into 𝑀
modality-specific views {X(𝑚) }𝑀𝑚=1 and apply patchification and
modality-specific temporal encoding. The resulting tokens pass
through two CGR stages: Stage 1 extracts redundancy shared across
modalities, and Stage 2 decomposes the residual into synergy and
uniqueness. Finally, dedicated decoders predict future values from
each component, and proxy tasks enforce their intended semantics.

4.2 Patchified Temporal Encoding

To model local temporal structure efficiently, we tokenize each
modality via patchification to reduce sequence length. For each
modality𝑚, the history window X(𝑚) ∈ R𝑇ℎ×𝐶𝑚 is partitioned into
𝑁 =𝑇ℎ/𝑠 non-overlapping patches (assuming 𝑠 divides 𝑇ℎ):

P(𝑚) = Patchify(X(𝑚) ) ∈ R𝑁×(𝐶𝑚 ·𝑠 ) . (7)

Each patch is treated as a token and encoded by a modality-specific
temporal backbone of 1D convolutions with residual connections:

H(𝑚) = TemporalBackbone𝑚 (P(𝑚) ) ∈ R𝑁×𝐷 , (8)

where 𝐷 denotes the hidden dimension. To preserve temporal order
and modality identity, we add learnable position embeddings Epos ∈
R𝑁×𝐷 and a modality embedding Emod ∈ R𝐷 (broadcast across the
𝑁 tokens), followed by layer normalization:

Z(𝑚) = LayerNorm
(
H(𝑚) + Epos + Emod

)
. (9)

Modality 
Tokens Z

Environment

Query

Key

Softmax

Value

𝑐𝑐 𝑐𝑐
𝑧𝑧

𝑧𝑧 𝑐𝑐⨀
𝑧𝑧 𝑐𝑐−

M
LP

Sigm
oid

𝒈𝒈 ∈ (𝟎𝟎,𝟏𝟏)

1

𝟏𝟏 − 𝒈𝒈

Routing 1

Routing 2

Cross-Attention Gate Routing
𝑄𝑄 × 𝐾𝐾 MLP(𝑧𝑧; 𝑐𝑐)

𝑧𝑧

𝑧𝑧

Figure 3: Cross-Modal Gated Routing (CGR). Each modal-

ity queries a leave-one-out environment through cross-

attention, and a learned gate routes token-level information

into routed and residual branches.

4.3 Cross-Modal Gated Routing

The core module of TRIAD is Cross-Modal Gated Routing (CGR).
As shown in Figure 3, CGR uses cross-modal attention to retrieve
contextual evidence and a token-wise gate to allocate information
across latent branches. The module is instantiated twice with stage-
specific parameters: CGR-R extracts redundancy, and CGR-S further
decomposes the residual into synergy and uniqueness.

4.3.1 Leave-One-Out Environment Construction. For each modality
𝑚, we construct a leave-one-out environment E (−𝑚) by concate-
nating token sequences from all modalities except𝑚. This provides
cross-modal context while keeping query and context tokens ex-
plicitly separated:

E(−𝑚) = Concat
(
{Z( 𝑗 ) } 𝑗≠𝑚

)
∈ R(𝑀−1)𝑁×𝐷 , (10)

Ê(−𝑚) =MLP(E(−𝑚) ) . (11)
We apply a lightweight MLP to E(−𝑚) to obtain a stronger con-

text sequence; the resulting tokens Ê(−𝑚) serve as memory for
subsequent cross-modal attention.

4.3.2 Cross-Modal Attention and Gated Routing. For each modality
𝑚, token representations Z(𝑚) query the leave-one-out environ-
ment via multi-head cross-attention to retrieve the most relevant
cross-modal evidence:

C(𝑚) = LayerNorm
(
Attn(Z(𝑚) , Ê(−𝑚) , Ê(−𝑚) )

)
, (12)
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where Attn(·) denotes scaled dot-product attention with Z(𝑚) as
queries and Ê(−𝑚) as keys and values. The context sequence C(𝑚)

summarizes token-level evidence from other modalities predictive
for modality 𝑚. We then compute a soft gate from interaction
features between Z(𝑚) and C(𝑚) :

g(𝑚) = 𝜎
(
MLP

(
[Z(𝑚) ;C(𝑚) ;Z(𝑚) ⊙ C(𝑚) ;Z(𝑚) − C(𝑚) ]

))
, (13)

where 𝜎 is the sigmoid function, ⊙ denotes element-wise multi-
plication, and [·; ·] denotes concatenation. This design captures
raw signals, agreement, and residual discrepancies, providing a
compact summary of cross-modal compatibility. Finally, the gate
routes information into two branches:

F(𝑚) =MLP
(
[Z(𝑚) ;C(𝑚) ]

)
, (14)

Z(𝑚)
route-1 = g(𝑚) ⊙ F(𝑚) , (15)

Z(𝑚)
route-2 = (1 − g(𝑚) ) ⊙ Z(𝑚) . (16)

The gate g(𝑚) ∈ (0, 1)𝑁×1 implements token-wise soft routing.
Since CGR is used in multiple stages, route-1 and route-2 are stage-
agnostic; their semantics are determined by the stage definition.

4.4 Two-Stage Hierarchical Decomposition

The key insight of TRIAD is that multimodal information benefits
from hierarchical decomposition. Stage 1 isolates redundancy, i.e.,
information shared across modalities and recoverable from any
non-empty modality subset. Stage 2 operates on the residual to
separate synergy from uniqueness. This sequential formulation
reduces ambiguity and mitigates leakage by identifying synergy
and uniqueness only after removing redundancy.

4.4.1 Stage 1: Redundancy Extraction. In Stage 1, the routing mod-
ule with parameters 𝜃𝑅 decomposes each modality token sequence
into a redundancy-bearing part and a non-redundant residual. Given
tokens Z(𝑚) and the leave-one-out environment E (−𝑚) , it outputs:

Z(𝑚)
𝑅

,Z(𝑚)
𝑁𝑅

= CGR𝑅 (Z(𝑚) , E (−𝑚) ;𝜃𝑅), (17)

where Z(𝑚)
𝑅

are tokens routed to the redundancy branch and Z(𝑚)
𝑁𝑅

are retained as the non-redundant residual for Stage 2. The final
redundancy representation projects Z(𝑚)

𝑅
to dimension 𝑑𝑅 and av-

erages across modalities:

z𝑅 =
1
𝑀

𝑀∑︁
𝑚=1

W𝑅Z
(𝑚)
𝑅

, W𝑅 ∈ R𝐷×𝑑𝑅 , (18)

whereW𝑅 is a learnable projection matrix.

4.4.2 Stage 2: Synergy and Uniqueness Separation. The residual
tokens {Z(𝑚)

𝑁𝑅
} contain information not captured as redundancy,

including (i) synergy predictive only under joint observation and
(ii) modality-specific information. To separate these factors, we
apply a second routing module with independent parameters 𝜃𝑆 :

Z(𝑚)
𝑆

,Z(𝑚)
𝑈

= CGR𝑆 (Z(𝑚)
𝑁𝑅

, E𝑁𝑅
−𝑚 ;𝜃𝑆 ) . (19)

where E𝑁𝑅
−𝑚 is the leave-one-out environment from the non-redundant

tokens of all modalities except𝑚. In this stage, information inferred
from other modalities via cross-attention is routed to Z(𝑚)

𝑆
(syn-

ergy), while remaining modality-specific content is routed to Z(𝑚)
𝑈

(uniqueness).
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Figure 4: Task-defined disentanglement via predictive proxy

tasks. Each proxy task enforces functional separation among

redundancy, synergy, and uniqueness components.

Synergy is aggregated across modalities, while uniqueness re-
mains modality-specific:

z𝑆 =
1
𝑀

𝑀∑︁
𝑚=1

W𝑆Z
(𝑚)
𝑆

, z(𝑚)
𝑈

=W(𝑚)
𝑈

Z(𝑚)
𝑈

, (20)

where W𝑆 ∈ R𝐷×𝑑𝑆 and W(𝑚)
𝑈

∈ R𝐷×𝑑𝑈 are learnable projection
matrices. Mean pooling here only summarizes the synergy tokens.

4.5 Proxy Tasks and Training Objective

As illustrated in Figure 4, the ternary decomposition in TRIAD is
enforced through predictive proxy tasks that instantiate the risk
relations in Section 3.3. The training objectives are defined in terms
of conditional predictive risk, which provides a task-defined opera-
tionalization of predictively accessible information.

For each sample, we sample a visible subsetV ⊂ {1, . . . , 𝑀}with
∅ ≠ V ≠ {1, . . . , 𝑀} and denote its complement by V̄ . Modalities in
V̄ are zeroed out during encoding, yielding partial representations
zV
𝑅

and zV
𝑆
. We use the following notation. Let Y = Patchify(Xf)

be the patchified future target and Ŷ be predictions. For these Y
and Ŷ, subscripts index modalities (YV , YV̄ ) and superscripts index
observation conditions of input (Ŷ(all) , Ŷ(V) ).

4.5.1 Joint Prediction. The joint objective encourages the redun-
dant representation to remain broadly predictive of the future across
modalities. A shared decoder predicts the patchified future:

Ŷ(all) = DecoderR (z𝑅), LJoint = ∥Ŷ(all) − Y∥2
2 . (21)

4.5.2 Redundancy: Cross-Modal Recovery under Partial Observation.
Redundancy is operationalized by a subset-invariance constraint on
predictive risk (Eq. (5)). For a sampled visibility set V , we evaluate
the redundancy decoder on the masked channels V̄ under partial
observation:

Ŷ(V) = DecoderR (zV𝑅 ). (22)

The redundancy objective enforces that partial observation does
not degrade masked-channel prediction beyond a margin:

L𝑅 = max
(
0, ∥Ŷ(V)

V̄ − YV̄ ∥2
2 − ∥Ŷ(all)

V̄ − YV̄ ∥2
2 − 𝜖red

)
, (23)

where 𝜖red ≥ 0 is amargin. This objective encourages zV
𝑅

to preserve
predictively accessible information stable across visibility sets.
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4.5.3 Synergy: Predictive Gain from Joint Observation. Synergy is
operationalized by a strict joint-observation gain (Eq. (6)). The com-
parison is performed on the same visible channels V to avoid a
trivial advantage from observing additional inputs. Full-observation
prediction uses z𝑆 , while partial-observation prediction uses a Syn-
ergy Partial Decoder and does not update the encoder through the
partial branch:

Ŷ(all) = DecoderS (z𝑆 ), Ŷ(V) = DecoderVS (sg(zV
𝑆
)). (24)

The prediction errors on visible channels are

ℓall𝑆 = ∥Ŷ(all)
V − YV ∥2

2, ℓV
𝑆

= ∥Ŷ(V)
V − YV ∥2

2 . (25)

The synergy objective combines predictive terms with a margin
constraint that requires a strict improvement under full observation:

L𝑆 = ℓall𝑆 + ℓV
𝑆

+ max
(
0, ℓall𝑆 − sg(ℓV

𝑆
) + 𝜖syn

)
, (26)

where 𝜖syn ≥ 0 is a margin. This objective encourages z𝑆 to en-
code predictively accessible information that yields a strict joint-
observation gain relative to partial baselines.

4.5.4 Uniqueness: Self-Prediction with Conditional Adversarial Reg-
ularization. Uniqueness is operationalized as asymmetric decodabil-
ity under a conditional adversary. Each modality-specific decoder
predicts its modality future from its unique representation:

Ŷ(𝑚) = DecoderU,𝑚 (z(𝑚)
𝑈

), L𝑈 =
1
𝑀

𝑀∑︁
𝑚=1

∥Ŷ(𝑚) − Y(𝑚) ∥2
2 . (27)

To suppress cross-modal leakage, a conditional adversarial decoder
predicts the future of the remaining modalities from the same
unique representation, and the encoder increases the adversarial er-
ror. The adversarial decoder is conditioned on z𝑅 with stop-gradient
to test leakage beyond redundancy:

Ŷ(−𝑚) = Headadv,𝑚
(
[sg(z𝑅), GRL(z(𝑚)

𝑈
)]
)
, (28)

LAdv =
1
𝑀

𝑀∑︁
𝑚=1

∥Ŷ(−𝑚) − Y(−𝑚) ∥2
2, (29)

where Y(−𝑚) denotes all modalities except𝑚 and GRL(·) denotes
the gradient reversal layer. The adversarial head minimizes LAdv,
while gradient reversal causes the encoder to maximize LAdv, thus
suppressing the best achievable cross-modal predictability from
z(𝑚)
𝑈

under the adversarial head family.

4.5.5 Overall Objective. The full pretraining objective combines
joint prediction with the three disentanglement objectives:

L = LJoint + 𝛾𝑅L𝑅 + 𝛾𝑆L𝑆 + 𝛾𝑈L𝑈 + 𝜂LAdv, (30)

where 𝛾𝑅 , 𝛾𝑆 , 𝛾𝑈 , and 𝜂 are scalar weights.

5 Experiments

We conduct extensive experiments to assess TRIAD across a diverse
suite of multimodal time series benchmarks. The experimental
design aims to answer the following research questions.
• RQ1 (Disentanglement Validity): Can TRIAD recover ground-
truth latent factors in controlled synthetic settings?

• RQ2 (Representation Quality): Does TRIAD outperform state-
of-the-art self-supervised methods under multiple evaluation
protocols on real-world datasets?

Table 1: Dataset statistics.

Dataset Domain #Classes #Mod Seq. Len #Samples

SynTime Synthetic 4 2 200 15000
HAR HAR 6 9 128 10299
PAMAP2 HAR 12 4 256 2724
D1NAMO Health 3 5 300 4479
SDH Building 2 4 256 25926
WESAD Affect 4 6 256 18148

Table 2: SynTime results onClass Redundancy (Class 1), Class

Synergy (Class 4) and Overall. Mean over 5 seeds.

Method

Class Rdn Class Syn Overall

Acc F1 Acc F1 Acc F1

SimCLR 99.17 99.17 95.06 95.19 98.48 98.49
CMC 100.00 100.00 86.66 92.72 96.67 98.18
GMC 100.00 100.00 86.06 92.42 96.52 98.11
TNC 99.89 99.92 92.67 94.79 98.14 98.68
TS-TCC 97.94 96.92 89.11 90.53 96.46 96.44
TimeDRL 56.56 57.79 83.39 71.31 84.28 81.61
FOCAL 100.00 100.00 62.61 60.62 90.65 90.16
FreqMAE 98.39 99.19 74.44 63.83 93.21 90.56
InfoMAE 63.94 65.26 35.00 33.56 74.65 71.51
MATE 100.00 100.00 66.67 44.43 91.35 79.17
TRIAD 100.00 100.00 99.61 99.75 99.90 99.94

• RQ3 (Component Analysis): Do the disentangled components
(R/S/U) exhibit functional specialization and remain consistent
with their intended semantic definitions?

• RQ4 (Robustness):Do the learned representations remain stable
under missing modalities and variations in key hyperparameters?

• RQ5 (Qualitative Analysis): Can qualitative interpretability
analyses provide evidence that each component captures the
intended information type?

5.1 Experimental Setup

5.1.1 Datasets. We evaluate TRIAD on one synthetic dataset, Syn-
Time, and five real-world multimodal time series datasets from
diverse domains (Table 1). SynTime exposes ground-truth redun-
dancy, uniqueness, and synergy factors; its construction is described
in Appendix A.1. Real-world benchmarks include HAR [1] and
PAMAP2 [35] for human activity recognition, D1NAMO [11] and
WESAD [36] for physiological sensing, and SDH [18] for building
sensing. Details are provided in Appendix A.2.

5.1.2 Baselines. We compare TRIAD with twelve baselines across
four categories. Contrastive Learning: SimCLR [6]. Multimodal
Self-Supervised Learning: CMC [39], GMC [33], FactorCL [25],
InfMasking [42]. Temporal Self-Supervised Learning: TNC [40],
TS-TCC [13], TimeDRL [5]. Multimodal Temporal Self-Supervised
Learning: FOCAL [28], FreqMAE [21],MATE [4], InfoMAE [22].
All baselines were tuned under the same validation protocol, using
official code when available. Following prior state-of-the-art studies,
we report macro-F1 and accuracy for all datasets.

5.2 Synthetic Results (RQ1)

To isolate multimodal information patterns, we evaluate on Syn-
Time, a two-modality synthetic benchmark with four classes: re-
dundancy (Class 1), modality-specific cues (Class 2 and Class 3),
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Table 3: Linear probing results (Accuracy % and F1-score). Best in bold, second-best underlined. Mean over 5 seeds.

Method
HAR PAMAP2 D1NAMO SDH WESAD Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

SimCLR 65.73 66.21 64.35 58.98 59.31 43.62 87.36 65.64 50.10 38.04 65.37 54.50
CMC 87.17 87.57 73.91 74.40 60.34 43.13 92.98 83.80 78.26 63.88 78.53 70.56
GMC 87.48 87.98 83.77 84.52 62.33 53.26 93.00 84.10 77.95 65.13 80.91 75.00
TNC 65.32 65.55 69.28 70.47 58.99 54.71 86.43 60.89 64.99 43.35 69.00 58.99
TS-TCC 81.44 82.03 78.84 78.83 59.77 52.17 91.90 81.56 66.97 52.07 75.78 69.33
TimeDRL 82.39 82.79 88.12 88.86 61.29 60.74 88.24 72.62 70.08 59.93 78.02 72.99
FOCAL 83.07 83.41 72.75 71.76 63.08 58.76 89.67 78.36 80.38 75.24 77.79 73.51
FreqMAE 85.82 85.48 91.01 91.42 72.03 65.27 90.36 75.90 72.57 58.67 82.36 75.35
InfoMAE 86.66 87.26 89.27 90.07 69.09 64.51 91.55 81.48 74.22 60.91 82.16 76.85
MATE 90.50 90.16 89.86 90.69 68.82 67.31 90.75 81.34 74.84 65.28 82.95 78.96
FactorCL 91.96 91.80 90.72 90.86 49.66 33.67 87.10 77.08 78.70 74.39 79.63 73.56
InfMasking 90.46 90.28 79.71 82.23 60.25 25.90 90.45 79.11 68.09 52.20 77.79 65.94
TRIAD 92.95 92.87 93.62 91.86 75.46 70.55 93.57 85.88 84.80 81.23 88.08 84.48

Table 4: 𝑘-NN (𝑘=5) probing results. Mean over 5 seeds.

Method

HAR SDH WESAD

Acc F1 Acc F1 Acc F1

CMC 85.48 85.93 90.83 78.24 72.42 60.91
GMC 84.70 84.93 91.33 79.20 72.60 60.94
TS-TCC 68.04 68.55 89.93 78.83 62.76 44.44
TimeDRL 82.08 82.86 87.74 66.75 64.67 44.97
FreqMAE 75.03 74.49 87.74 66.75 71.28 65.16
InfoMAE 78.83 78.71 84.67 45.85 66.36 48.93
MATE 84.42 84.79 87.00 69.01 69.78 54.44
TRIAD 89.75 89.43 90.88 79.92 76.13 70.82

and synergy (Class 4), identifiable only via joint observation. Ta-
ble 2 reports results for Class 1, Class 4, and overall. On Class 1,
most methods are near the ceiling, whereas Class 4 varies widely,
from 35.00%/33.56% (InfoMAE) to 99.61%/99.75% (TRIAD) in Ac-
curacy/F1. Notably, classic methods score higher on Class 4 (Sim-
CLR: 95.06%/95.19%; TS-TCC: 89.11%/90.53%) than recent binary-
decomposition baselines, suggesting the latter under-capture or
suppress synergy. TRIAD achieves the best Class 4 result and overall
performance. Full per-class results are in Appendix B.1.

5.3 Real-World Results (RQ2)

5.3.1 Evaluation Protocols. To assess representation quality, we
employ three evaluation protocols. Linear Probing: We freeze the
pretrained encoder and train a linear classifier on top of frozen rep-
resentations. k-NN Evaluation: We perform 𝑘-nearest neighbors
voting (𝑘 = 5) on frozen representations to assess neighborhood
structure without parameter updates. Fine-tuning:We fine-tune
the model end-to-end with a classification head and unfreeze the
last two encoder layers.

5.3.2 Linear Probing Results. Table 3 shows that TRIAD achieves
the best linear-probing performance on all five datasets. On average,
TRIAD attains 88.08% accuracy and 84.48% F1-score, outperforming
the second-best method by 5.13 and 5.52 points, corresponding to
relative improvements of 6.2% and 7.0%, respectively. Gains are
especially pronounced on datasets with heterogeneous physiologi-
cal modalities: WESAD (+4.42 points over FOCAL) and D1NAMO
(+3.43 points over FreqMAE), where cross-modal interactions en-
code complementary dynamics. On motion-centric benchmarks,
TRIAD also improves HAR (+0.99 over FactorCL) and PAMAP2

Table 5: Fine-tuning results. Mean over 5 seeds.

Method

HAR SDH WESAD

Acc F1 Acc F1 Acc F1

CMC 90.60 91.04 92.86 84.82 86.67 84.96
GMC 90.87 91.27 92.31 82.38 84.14 83.12
TS-TCC 87.28 87.16 94.14 87.53 83.14 80.69
TimeDRL 88.19 88.66 92.95 83.79 82.26 77.06
FreqMAE 94.37 94.23 94.81 89.05 84.39 80.56
InfoMAE 91.75 91.41 93.90 86.93 80.38 76.36
MATE 92.47 92.69 91.43 82.99 83.80 81.04
TRIAD 96.71 96.75 95.33 89.89 87.88 85.58

Table 6: Ablations study. Gray indicates Acc (%) drop.

Variant HAR SDH WESAD

TRIAD 92.95 93.57 84.80

w/o Residual 92.05 (-0.90) 88.50 (-5.07) 77.52 (-7.28)
w/o Hierarchy 90.97 (-1.98) 89.66 (-3.91) 78.41 (-6.39)
w/o Attention 91.94 (-1.01) 89.19 (-4.38) 80.57 (-4.23)
w/o Gating 90.55 (-2.40) 88.75 (-4.82) 76.04 (-8.76)
w/o LJoint 90.13 (-2.82) 88.15 (-5.42) 69.45 (-15.35)
w/o L𝑈 86.52 (-6.43) 89.20 (-4.37) 70.06 (-14.74)
w/o L𝑅 90.57 (-2.38) 89.21 (-4.36) 75.06 (-9.74)
w/o L𝑆 87.82 (-5.13) 89.40 (-4.17) 68.97 (-15.83)
w/o LAdv 90.97 (-1.98) 89.02 (-4.55) 77.23 (-7.57)

(+2.61 over FreqMAE). After Bonferroni correction, TRIAD remains
significant on all datasets (𝑝 < 0.05), with a 2.40-point average
accuracy gain over the second-best baseline.

5.3.3 k-NN and Fine-Tuning Results. In Table 4, TRIAD performs
best on HAR (89.75%/89.43%) and WESAD (76.13%/70.82%), with
gains of +4.27 and +3.53 accuracy points over the second-best. On
SDH, TRIAD reaches 90.88% accuracy, slightly below GMC (91.33%),
while attaining the best macro F1-score (79.92% vs. 79.20% for GMC),
indicating better class-balanced neighborhood quality.

In Table 5, TRIAD is best across all three datasets: 96.71%/96.75%
on HAR, 95.33%/89.89% on SDH, and 87.88%/85.58% on WESAD.
Margins over the strongest baselines remain positive after end-to-
end adaptation, including a 2.34 point accuracy gain on HAR over
FreqMAE (96.71% vs. 94.37%) and a 1.21 point accuracy gain on
WESAD over CMC (87.88% vs. 86.67%). Together with the 𝑘-NN
results, these trends indicate the pretrained representations support
both local neighborhood consistency and downstream fine-tuning.
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Figure 5: Hyperparameter sensitivity analysis.
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Figure 6: Representation composition analysis.

5.4 Component Analysis (RQ3)

5.4.1 Ablation Study. To validate our hierarchical design, we con-
duct ablations under linear probing. Table 6 summarizes the degra-
dation when specific modules or objective functions are removed.

The w/o Residual variant feeds Stage 2 the original features
instead of the nonredundant residual, reducing accuracy by 7.28
points on WESAD and 5.07 points on SDH. The w/o Hierarchy

variant performs a one-shot ternary split, degrading accuracy on
WESAD (6.39 points) and SDH (3.91 points). These results indi-
cate that passing a residual into Stage 2 and staged decomposition
both improve separation between redundancy and the remaining
factors. Replacing token-wise cross-attention with a global con-
text (w/o Attention) reduces WESAD accuracy by 4.23 points and
SDH accuracy by 4.38 points, suggesting token-level alignment
matters beyond a global summary. Removing adaptive gating (w/o

Gating) yields the largest drop, reducing WESAD accuracy by
8.76 points and SDH accuracy by 4.82 points, indicating sample-
adaptive routing is important when the proportions of redundant
and interaction-driven information change over time.

Objective ablations in Table 6 showWESAD is the most sensitive
dataset. Removing L𝑆 yields the largest drop (15.83 points), and
removing LJoint causes a comparable degradation (15.35 points).
Removing L𝑈 also reduces performance, especially on WESAD
(14.74 points) and HAR (6.43 points). Removing L𝑅 and LAdv fur-
ther dropsWESAD accuracy by 9.74 and 7.57 points. Together, these
results suggest each term helps limit information leakage and main-
tain a non-trivial allocation of redundant, synergistic, and unique
factors. A capacity-controlled ablation is provided in Appendix B.2.

5.4.2 Hyperparameter Sensitivity Analysis. We study sensitivity to
four key hyperparameters, 𝛾𝑅 , 𝛾𝑆 , 𝛾𝑈 , and 𝜂. Figure 5 summarizes
results on HAR and SDH. For 𝛾𝑅 , performance peaks at 0.24 on
HAR (92.95%) and 0.12 on SDH (93.57%); overly small values under-
enforce redundancy, while overly large values over-constrain the
representation and degrade accuracy. For 𝛾𝑆 , HAR performs best
at 0.12 and SDH at 0.96, suggesting the synergy constraint is more
dataset dependent, although SDH remains relatively stable across
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Figure 7: Robustness to modality dropout. TRIAD degrades

gradually compared to the sharp drops observed in baselines.

the range. For 𝛾𝑈 , both datasets peak at 0.48 (HAR: 92.95%, SDH:
93.57%), and SDH remains stable from 0.24 to 1.44. For 𝜂, best per-
formance is achieved at 2.4 × 10−3 on HAR and 4.8 × 10−3 on SDH,
indicating a typical trade-off between convergence speed and opti-
mization stability. Overall, performance is stable across a reasonable
range, with accuracy varying within 2–3% in most cases. Additional
margin sensitivity analyses are provided in Appendix B.4.

5.4.3 Representation Composition Analysis. To assess functional
specialization, we train linear probes on subsets of the learned
representations while fixing the classifier architecture and input
dimensionality; unused components are set to zero so performance
differences reflect information content rather than dimensionality.
Figure 6 shows consistent gains from adding the synergy compo-
nent. On SynTime (Class 4), synergy improves performance by
33.31% over redundancy-only, indicating that the synergy branch
captures complementary information beyond redundancy. On HAR,
WESAD, and SDH, adding synergy improves accuracy by 13.64,
16.71, and 3.55 points, respectively. Overall, using redundancy, syn-
ergy, and uniqueness together performs best.

5.5 Robustness Analysis (RQ4)

To evaluate robustness to sensor failure, we simulate missing modal-
ities at test time via random modality dropout with rates 𝑝 ∈
{0.1, 0.25, 0.5, 0.75}. Figure 7 reports the retention rate, i.e., down-
stream performance normalized to the full-modality setting, and
shows that TRIAD maintains higher retention than the baselines
as modality dropout increases. On PAMAP2, TRIAD retains about
65% when half the modalities are dropped (𝑝 = 0.5), whereas Info-
MAE and FreqMAE retain only about 36% and 33%, respectively.
Under the most severe dropout (𝑝 = 0.75), TRIAD remains above
40%, while the baselines drop below 25%. On WESAD, the retention
advantage is larger: TRIAD preserves about 78% of full-modality

3361



TRIAD: Ternary Information Routing for Multimodal Time-Series Sensing Signals KDD ’26, August 09–13, 2026, Jeju Island, Republic of Korea

Figure 8: Class-wise distributions of gating coefficients.

performance at 𝑝 = 0.5, while the baselines retain roughly 55–61%.
At 𝑝 = 0.75, TRIAD remains above 65%, compared with about 50–
53% for the baselines. These results suggest that TRIAD’s ternary
disentanglement yields stronger robustness to missing modalities
than the binary disentanglement baselines.

5.6 Case Study: Task-Dependent Routing (RQ5)

To assess whether the routed factors align with downstream re-
quirements, we run a case study on HAR. A coarse-grained variant,
HAR_binary, is formed by merging the six activity classes into two
super-classes: Dynamic (Walking, Upstairs, Downstairs) and Static
(Sitting, Standing, Lying). Inputs are identical; only label granular-
ity changes. This isolates how the utility of redundancy (𝑧𝑅) and
synergy (𝑧𝑆 ) varies with task granularity.

5.6.1 Class-Wise Routing Behavior. Figure 8 summarizes class-wise
routing behavior by presenting the distributions of the gating coef-
ficients. On HAR (a), Stage 2 gates are higher for dynamic activities,
with a substantial fraction of samples exceeding 0.5, which indi-
cates that fine-grained discrimination among these dynamic classes
relies on synergy information. On HAR_binary (b), Stage 1 gates
are consistently higher than Stage 2 gates, and Stage 2 gates re-
main concentrated near zero for both classes. This pattern indicates
that the coarse-grained dynamic–static separation is supported
primarily by redundant information shared across sensors.

5.6.2 Gating Visualization. Figure 9 plots mean gating coefficients
across test samples for Stage 1 and Stage 2. Larger values indicate
stronger routing to the corresponding branch. Figure 9 (a) and
(b) show the redundancy gate shifting toward larger values on
HAR_binary, indicating increased routing to redundancy when the
task is dominated by shared motion cues. Figure 9 (c) and (d) show
the complementary pattern: HAR activates the synergy gate more,
whereas HAR_binary concentrates near zero. This suggests that
coarse-grained labels primarily rely on cross-modal redundancy,
while finer-grained recognition benefits from cross-modal synergy.

6 Limitations

While TRIAD establishes a new ternary paradigm for multimodal
sensing, we acknowledge three limitations defining its scope. First,
the PID-inspired components are learned through predictive proxy

Figure 9: Learned two-stage gating coefficient distributions,

showing marked shifts between HAR and HAR_binary.

tasks rather than exact information-theoretic estimation, and thus
should be interpreted as task-defined predictive components. Sec-
ond, the current attention-based routing assumes temporally syn-
chronized modalities and may require adaptation for asynchronous
sensing scenarios. Finally, fine-grained disentanglement introduces
additional computational overhead, making the model slightly less
efficient than simpler unary baselines.

7 Conclusion

We present TRIAD, a self-supervised framework that advances
multimodal time series learning from binary shared/private decom-
position to a ternary paradigm separating redundancy, synergy, and
uniqueness. Inspired by PID theory and the inherent predictability
of time series, TRIAD employs two-stage attention-based routing
with task-defined predictive objectives to enforce the functional
role of each component. Experiments on synthetic and five real-
world benchmarks demonstrate consistent improvements over re-
cent baselines; ablation studies validate the effectiveness of each
component, while case studies and interpretability analyses confirm
that TRIAD achieves disentanglement aligned with PID semantics.
Future work will explore efficient routing architectures and training
objectives supporting partial-modality scenarios.
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A Dataset Details

A.1 Synthetic Dataset Construction

SynTime is a dual-modality synthetic time series classification
benchmark with controlled ground-truth factors for redundancy,
uniqueness, and synergy. Each sample is a length-200 sequence with
two channels, one per modality. The dataset is class-balanced across
training, validation, and test splits with 10,000, 2,000, and 3,000 sam-
ples, respectively. All samples undergo per-sample, per-modality
z-score normalization over time to suppress energy- and variance-
based shortcuts, forcing models to rely on temporal structure and
cross-modal relationships. The dataset contains four classes, each
defined by a distinct generative process (Class 1–Class 4):

Class 1 (Redundancy).A shared latent process𝑢 (𝑡) is anOrnstein-
Uhlenbeck (OU) process with sinusoidal perturbations. The two
modalities receive different nonlinear projections: modality A ob-
serves tanh(𝑢+𝑏1)+𝜖1, while modality B observes𝑢3+𝑏2+𝜖2. Thus,
the consensus information is not linearly observable and requires
nonlinear alignment.

Class 2 andClass 3 (Uniqueness).These classes containmodality-
specific information. In Class 2, only modality A contains a struc-
tured signal (a nonlinearly transformed OU-sinusoidal process),
while modality B is noise; Class 3 reverses these roles.

Class 4 (Synergy). The two modalities are generated by coupled
Lorenz systems with coupling strength 𝐾 = 5.0. Although each
modality is chaotic, the discriminative information lies in the joint
dynamics and synchronization patterns, requiring both modalities
to be observed together.

For integration, the Lorenz systems use a time step of 𝑑𝑡 = 0.01
and retain every fifth sample. A burn-in period ensures that trajec-
tories reach the attractor before sampling. This design provides a
controlled testbed for evaluating whether a representation learning
method can disentangle redundancy, uniqueness, and synergy. In
particular, Class 4 serves as a ground-truth synergy class, where

accurate classification requires cross-modal interactions that are
inaccessible from either modality alone.

A.2 Real-World Dataset Details

The benchmarks span diverse sensing tasks, modalities, and label
spaces. We report accuracy (the fraction of correctly predicted sam-
ples) and macro-F1 (the unweighted mean of per-class F1 scores).

HAR [1]. This dataset contains smartphone inertial recordings
from 30 subjects performing six activities, sampled at 50 Hz. We
treat each axis of total acceleration, body acceleration, and angular
velocity as one modality, resulting in nine modalities.

PAMAP2 [35]. This dataset includes 18 activities from 9 subjects
with wearable heart-rate and IMU signals (temperature, accelerome-
ter, gyroscope, magnetometer, and orientation). We use the Protocol
recordings, retain 12 classes, and treat heart rate and the three IMUs
(hand, chest, ankle) as four modalities.

D1NAMO [11]. This wearable diabetes-monitoring dataset con-
tains ECG, respiration, accelerometer, and glucose measurements
from 29 participants. We construct per-second mean and standard
deviation features from ECG, respiration, and 3-axis accelerome-
ter signals, define three glucose-based classes (hypoglycemia/in-
range/hyperglycemia), and treat ECG, respiration, and each ac-
celerometer axis as five modalities.

SDH [18]. This building-sensing dataset provides environmental
measurements, including CO2, temperature, humidity, luminosity,
and PIR motion sensor data, collected from 51 rooms in an office
building. The preprocessing uses CO2, humidity, temperature, and
light as inputs and derives binary occupancy labels from PIR. In our
modality grouping, each input channel (CO2, humidity, temperature,
light) is regarded as one modality, resulting in four modalities.

WESAD [36]. This dataset focuses on stress and affect classifica-
tion. The preprocessing uses chest-worn signals (3-axis ACC, ECG,
EDA, EMG, respiration, and temperature) to distinguish four affec-
tive states. Under the modality grouping used in this work, ACC is
treated as one modality, and each of the other five signals is treated
as one modality; overall, the grouping results in six modalities.

B Additional Analysis

B.1 Detailed Synthetic Results

We report the full per-class results for the synthetic dataset Syn-
Time in Table 7. Performance on Class 1–Class 3 (redundancy and
uniqueness) is near saturation for most methods, whereas perfor-
mance on Class 4 (synergy) varies substantially.

Binary-decomposition baselines show a larger performance drop
on Class 4 than on Class 1–Class 3. This pattern is consistent across
variants: FOCAL performs well on Class 1–Class 3 but drops to
62.61/60.62 on Class 4, while masked autoencoding baselines that
adopt binary decomposition also degrade more on Class 4 (Fre-
qMAE: 74.44/63.83; InfoMAE: 35.00/33.56). In contrast, standard
contrastive and temporal self-supervised methods achieve higher
scores on Class 4 (SimCLR: 95.06/95.19; TS-TCC: 89.11/90.53), even
though these methods are not the strongest baselines on real-world
datasets. TRIAD achieves the best performance across all classes
(Class 1–Class 4). Overall, these results indicate that capturing
the interaction-defined factor in Class 4 benefits from an explicit
mechanism that allocates synergy to a dedicated component.
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Table 7: SynTime per-class results (Acc % / F1 %). Class 1=Redundancy, Class 2=Uniqueness-A, Class 3=Uniqueness-B, Class

4=Synergy. Best in bold, second-best underlined.

Method

Class 1 Class 2 Class 3 Class 4 Overall

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

SimCLR 99.17 99.17 99.89 99.83 99.78 99.75 95.06 95.19 98.48 98.49
CMC 100.00 100.00 100.00 100.00 100.00 100.00 86.66 92.72 96.67 98.18
GMC 100.00 100.00 100.00 100.00 100.00 100.00 86.06 92.42 96.52 98.11
TNC 99.89 99.92 100.00 100.00 100.00 100.00 92.67 94.79 98.14 98.68
TS-TCC 97.94 96.92 99.44 99.33 99.33 98.98 89.11 90.53 96.46 96.44
TimeDRL 56.56 57.79 98.00 98.48 99.17 98.84 83.39 71.31 84.28 81.61
FOCAL 100.00 100.00 100.00 100.00 100.00 100.00 62.61 60.62 90.65 90.16
FreqMAE 98.39 99.19 100.00 99.23 100.00 99.97 74.44 63.83 93.21 90.56
InfoMAE 63.94 65.26 99.83 88.65 99.83 98.57 35.00 33.56 74.65 71.51
MATE 100.00 100.00 100.00 100.00 98.72 72.26 66.67 44.43 91.35 79.17

TRIAD 100.00 100.00 100.00 100.00 100.00 100.00 99.61 99.75 99.90 99.94

Table 8: Capacity-controlled ablation.

Dataset

TRIAD No-PID

Acc F1 Acc F1

PAMAP2 93.62 91.86 82.90 77.91
HAR 92.95 92.87 87.89 87.64
WESAD 84.80 81.23 72.35 60.11
SDH 93.57 85.88 89.19 76.61

Table 9: Pretraining objective comparison.

Dataset

Reconstruction Contrastive TRIAD

Acc F1 Acc F1 Acc F1

HAR 90.07 89.79 92.09 92.05 92.95 92.87

WESAD 76.39 71.18 73.20 66.56 84.80 81.23

SDH 89.65 77.63 89.20 77.41 93.57 85.88

B.2 Capacity-Controlled Ablation

To verify that the gains of TRIAD come from the PID-inspired objec-
tives rather than the additional capacity of the routed architecture,
we construct a No-PID variant that keeps the TRIAD backbone fixed
and replaces all PID-inspired objectives with generic reconstruction
losses. As shown in Table 8, TRIAD consistently and substantially
outperforms this matched-capacity variant across all datasets, indi-
cating that the predictive proxy objectives, rather than model size,
drive the improvements.

B.3 Pretraining Objective Analysis

To evaluate whether the TRIAD architecture generalizes beyond the
predictive proxy task, we replace the standard history-to-future pre-
diction objective with two alternatives: masked reconstruction and
contrastive learning. The routing architecture is kept unchanged,
and only the objective-specific heads are modified.

Masked reconstruction masks a subset of patch tokens in the
input sequence by zeroing the corresponding values and trains the
decoders to reconstruct only the masked positions. Contrastive
learning removes the reconstruction module, creates two masked
views of the same sequence, and optimizes a SimCLR-style NT-Xent
objective with a two-layer MLP projection head.
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Figure 10: Sensitivity analysis of margin thresholds.

Table 9 shows that the standard TRIAD objective achieves the
best performance on all three datasets. Masked reconstruction con-
sistently outperforms contrastive learning on WESAD and SDH
(e.g., WESAD Acc: 76.39 vs. 73.20), which suggests that token-level
value recovery is more effective for physiological and building
signals. On HAR, contrastive learning outperforms masked recon-
struction (Acc: 92.09 vs. 90.07), which is consistent with stronger
instance-level separability in motion patterns. Overall, the routing
architecture supports multiple objectives, whereas history-to-future
forecasting remains the strongest pretraining signal in this setting.

B.4 Sensitivity Analysis of Margin Thresholds

In this section, we analyze the sensitivity of our method to the
margin threshold hyperparameters 𝜖red (redundancy margin) and
𝜖syn (synergy margin). These thresholds control the tolerance for
identifying redundant and synergistic information components
during the representation learning process.

As shown in Fig. 10(a), varying the redundancymargin 𝜖red yields
stable performance on both datasets across the range [0.02, 0.64],
with accuracy variations within 1.5%. HAR achieves its best ac-
curacy (92.95%) at 𝜖red = 0.16, whereas SDH peaks (93.57%) at
𝜖red = 0.08. Although the optimal settings differ across datasets, the
overall stability suggests that redundancy extraction is robust to a
wide choice of 𝜖red.

A similar trend holds for the synergy margin 𝜖syn (Fig. 10(b)).
HAR reaches 92.95% at 𝜖syn = 0.08, while SDH attains 93.57% at
𝜖syn = 0.16, which is reversed relative to the best settings of 𝜖red.
Across both datasets, the gap between the best and worst settings
remains below 1.5%, indicating that TRIAD is insensitive to the
precise margin choice and requires minimal hyperparameter tuning.
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