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Abstract

Higher-order brain connectivity (HOBC), which captures
interactions among three or more brain regions, provides
richer organizational information than traditional pairwise
functional connectivity (FC). Recent studies have begun
to infer latent HOBC from noninvasive imaging data, but
they mainly focus on static analyses, limiting their appli-
cability in dynamic prediction tasks. To address this gap,
we propose DCHO, a unified approach for modeling and
forecasting the temporal evolution of HOBC based on a
Decomposition–Composition framework, which is applica-
ble to both non-predictive tasks (state classification) and pre-
dictive tasks (brain dynamics forecasting). DCHO adopts
a decomposition–composition strategy that reformulates the
prediction task into two manageable subproblems: HOBC in-
ference and latent trajectory prediction. In the inference stage,
we propose a dual-view encoder to extract multiscale topo-
logical features and a latent combinatorial learner to capture
high-level HOBC information. In the forecasting stage, we
introduce a latent-space prediction loss to enhance the mod-
eling of temporal trajectories. Extensive experiments on mul-
tiple neuroimaging datasets demonstrate that DCHO achieves
superior performance in both non-predictive tasks (state clas-
sification) and predictive tasks (brain dynamics forecasting),
significantly outperforming existing methods.

1 Introduction
Functional connectivity (FC) (Yeo et al. 2011; Hutchison
et al. 2013), the most widely used framework, models pair-
wise statistical dependencies between brain regions based on
fMRI data. FC is limited to pairwise interactions and may
overlook higher-level coordination. Recent studies highlight
the importance of higher-order brain connectivity (HOBC)
that involves three or more regions, supported by evidence
across scales (Battiston et al. 2020; Battiston and Petri 2022;
Bianconi 2021; Jun et al. 2017; Steinmetz et al. 2021; Paulk
et al. 2022; Chelaru et al. 2021; Tadić, Chutani, and Gupte
2022). In human neuroimaging, direct observation of HOBC
remains challenging due to the limitations of noninvasive
techniques. A recent study (Santoro et al. 2024, 2023) was
the first to infer latent HOBC from fMRI signals and applied
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Figure 1: Motivation. (Left): Previous methods analyze
HOBC in static windows, overlooking their temporal evo-
lution and limiting predictive applications. (Right): DCHO
overcomes this limitation by forecasting the dynamic trajec-
tories of HOBC.

them to downstream tasks such as classification. However,
they focus on analyzing HOBC within static or predefined
temporal windows, without modeling their temporal evolu-
tion. This limits the potential of HOBC in predictive appli-
cations, such as forecasting brain dynamics. Addressing this
gap requires models that can anticipate the dynamic trajec-
tory of the HOBC over time.

Predicting the evolution of the HOBC in complex brain
systems is challenging. First, the combinatorial explosion in
the number of possible higher-order interactions poses a ma-
jor obstacle to direct modeling (Bassett and Sporns 2017;
Breakspear 2017; Roebroeck, Formisano, and Goebel 2011;
Herzog et al. 2022). The curse of dimensionality poses a
major challenge to inferring the HOBC. Second, brain dy-
namics are inherently nonlinear, nonstationary, and stochas-
tic, governed by latent neural processes that evolve across
multiple spatial and temporal scales. Capturing the temporal
evolution of HOBC thus requires not only modeling individ-
ual node trajectories, but also learning coordinated multi-
region dependencies that reflect complex integration, seg-
regation, and recurrent feedback mechanisms. These inter-
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actions are not additive but shaped by nonlinear dynami-
cal couplings that defy simple compositional rules (Millán
et al. 2025; Battiston et al. 2021; Zhang, Lucas, and Battis-
ton 2023; Alvarez-Rodriguez et al. 2021).

To address the above limitations, we propose DCHO, a
model designed to capture and predict the temporal evo-
lution of higher-order brain connectivity, while leveraging
its high-level representations to support both non-predictive
and predictive tasks. DCHO introduces an innovative de-
composition–composition framework that reformulates the
complex prediction task into two more tractable subtasks:
HOBC tensor inference and latent trajectory prediction. In
the inference stage, DCHO employs a dual-view encoder
to capture multi-scale topological features and incorporates
a latent composition learner to further encode higher-order
interaction patterns, effectively mitigating the curse of di-
mensionality and enhancing representational capacity. In the
forecasting stage, DCHO introduces a latent-space predic-
tion loss to model the dynamic evolution of HOBC in an
abstract information space. With the pre-trained encoder
and predictor, DCHO is broadly applicable to both non-
predictive tasks (e.g., state classification) and predictive
tasks (e.g., brain dynamics forecasting), and consistently
outperforms existing state-of-the-art methods across multi-
ple datasets (Figure 1). Our main contributions are summa-
rized as follows:

• Decomposition–Composition Framework: DCHO de-
composes prediction into HOBC inference and latent
forecasting, supported by theoretical analysis and en-
hanced by a latent-space prediction loss for abstract tra-
jectory modeling.

• Dual-view Encoder and Latent Combinatorial
Learner: We propose the dual-view encoder and the
latent learner to capture multiscale topologies and
high-level HOBC information.

• Effective Across Predictive and Non-predictive Appli-
cations: DCHO leverages pretrained encoder and predic-
tor for both non-predictive (state classification) and pre-
dictive tasks (brain dynamics forecasting), outperform-
ing state-of-the-art methods on multiple datasets.

2 Related Work
Higher-order Brain Connectivity: Although FC (Yeo et al.
2011; Hutchison et al. 2013) has been the standard for brain
network modeling, it fails to capture higher-order interac-
tions among multiple brain regions. HOBC describes com-
plex coordination among three or more regions and reveals
richer organizational patterns. However, due to the limita-
tions of non-invasive neuroimaging techniques, directly ob-
serving HOBC in humans remains challenging. Recent work
(Santoro et al. 2024, 2023) has attempted to infer HOBC
from fMRI and apply it to static classification tasks. How-
ever, the study overlooked its temporal dynamics, limiting
their use in predictive settings. To bridge this gap, we pro-
pose the DCHO, which models and forecasts the temporal
evolution of HOBC from neural signals, enabling both non-
predictive tasks (task state classification) and more demand-
ing predictive tasks (brain dynamics forecasting).

Brain Dynamics Forecasting: In recent years, various ar-
chitectures have been proposed for modeling neural dynam-
ics. RNN-based methods (LtrRNN (Pellegrino, Gajic, and
Chadwick 2023) and LSTM (Graves and Graves 2012)) are
effective in capturing short-term temporal dependencies but
are limited in expressing long-term dynamics. Transformer-
based models (NetFormer (Lu et al. 2025), STNDT (Le and
Shlizerman 2022) and Transformer (Vaswani et al. 2017))
leverage self-attention mechanisms to better model global
temporal dependencies, yet often overlook the underlying
brain connectivity structure. GNN-based methods (AMAG
(Li et al. 2023)) are naturally suited for encoding spatial
topological structures between brain regions and have been
applied to model static or pairwise functional connectiv-
ity, but typically neglect global topological information. In
contrast, the proposed DCHO framework integrates a dual-
graph encoder and a latent learner to capture high-level in-
formation representations of HOBC and explicitly models
the underlying dynamic evolution in the latent space, sub-
stantially enhancing modeling capacity and robustness in
long-term prediction.

3 Preliminaries
3.1 The Definition of Higher-order Brain

Connectivity
We first introduce the definition of HOBC (Santoro et al.
2024, 2023). Let xi ∈ RT = [x1i , x

2
i , . . . , x

T
i ] denotes the

original time series of region i. We first z-score each region’s
time series:

x̃i =
xi − µ[xi]

σ[xi]
, (1)

where µ[·] and σ[·] denote the time-averaged mean and stan-
dard deviation, respectively. For a (k+1)-node simplex, we
define the k-order z-scored co-fluctuation signal at time t as:

ξt0...k =

∏k
p=0 x̃

t
p − µ

[∏k
p=0 x̃p

]
σ
[∏k

p=0 x̃p

] . (2)

To distinguish concordant from discordant interactions
within a k-order product, we assign positive values to
fully concordant signs, whereas discordant combinations are
mapped to negative values. Namely,

sign
[
ξt0...k

]
:= (−1)sgn((k+1)−|∑k

0 sgn[x̃t
i]|), (3)

where sgn[·] is the signum function of a real number. The
final weighted co-fluctuation signal is defined as:

wt
0...k = sign

[
ξt0...k

]
·
∣∣ξt0...k∣∣ . (4)

If all k-order products are computed, this yields a total of(
N

k+1

)
distinct co-fluctuation time series for each order k,

where N denotes the number of brain regions.
At each time point t, we organize the resulting k-order

co-fluctuations into a weighted simplicial complex Kt. For
simplicity, in this work, we only consider co-fluctuations of
dimension up to k = 2, so that triangles represent the higher-
order connectivity in the weighted simplicial complex K. We
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Figure 2: Overview of DCHO (A) Decomposition–Composition Framework: DCHO framework decomposes prediction into
HOBC inference and latent trajectory prediction, using a latent-space prediction loss to model high-level temporal dynamics.
(B) Dual-view Encoder: DCHO applies two parallel GNN branches that extract local and global topological features. (C)
Higher-order Decoder: DCHO proposes a latent combinatorial learner to capture high-level HOBC information. (D) DCHO
leverages the pretrained encoder and predictor to support both non-predictive and predictive tasks.

represent the higher-order connectivity Kt as a third-order
tensor Ht ∈ RN×N×N , where each element htijk denotes
the weighted co-fluctuation signalwt

ijk among regions i, j, k
at time t.

4 Method
4.1 Decomposition–Composition Framework
Let Xt−T,t = [Xt−T ; . . . ;Xt] ∈ RT×N be the orig-
inal fMRI signals and At−T,t = [At−T ; . . . ;At] ∈
RT×N×N be the corresponding functional connectivity ma-
trices. Our goal is to predict the future value of HOBC
Ĥt+1,t+T = [Ĥt+1; . . . ; Ĥt+T ] ∈ RT×N×N×N based on
At−T,t and Xt−T,t. In this study, we present a decomposi-
tion–composition framework that breaks the overall objec-
tive into two tractable subtasks: (1) higher-order brain con-
nectivity inference and (2) latent trajectory prediction. The
overview of DCHO is summarized in Figure 2 and Algo-
rithm 1. Algorithm 1 is provided in the Appendix.

The first subtask aims to infer a sequence of the HOBC
tensors Ĥt−T,t based on Xt−T,t and At−T,t. A dual-view
encoder first transforms these inputs into latent spatio-
temporal representations Zt−T,t by applying two parallel
GNN branches that extract local and global topological fea-
tures. These latent representations are then fed into a higher-
order decoder to infer the HOBC tensors. The decoder con-
sists of a latent combinatorial learner and a dual-stream

Transformer module, where the learner further encourages
the latent representation Zt−T,t to capture higher-order in-
teraction patterns. The loss of the first subtask is:

loss1 = ||Ĥt−T,t −Ht−T,t||2. (5)

The second subtask focuses on predicting future latent dy-
namics. We apply a LSTM-based predictor to model tempo-
ral dependencies in the latent space and predict future em-
beddings Ẑt+1,t+T from Zt−T,t. This latent trajectory pre-
diction forms the basis for estimating future HOBC tensors.
The loss of the second subtask is:

loss2 = ||Ẑt+1,t+T − Zt+1,t+T ||2. (6)

The training process is conducted in two stages: we first
train the higher-order inference subtask, and subsequently
freeze both the encoder and decoder to optimize the latent
trajectory prediction subtask. The advantages of the pro-
posed framework are theoretically justified and analyzed in
the following.

Theorem 1. Let fenc : RT×N×N → RT×N×F , fdyn :
RT×N×F → RT×N×F , and fdec : RT×N×F →
RT×N×N×N be measurable mappings that are Lipschitz
continuous, with Lipschitz constants Lenc, Ldyn, Ldec, re-
spectively. The prediction of a trained model is defined as:

Ĥt+1,t+T = fdec
(
fdyn

(
fenc(X

t−T,t,At−T,t, )
))
. (7)
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Metrics MAE

Dataset Emotion Gambling Language Motor Rest Lorenz HR

MLP 0.3660 ± 0.0005 0.3008 ± 0.0009 0.3311 ± 0.0008 0.2907 ± 0.0008 0.5875 ± 0.0003 0.1155 ± 0.0017 0.0833 ± 0.0028
Trans. 0.3618 ± 0.0020 0.2605 ± 0.0018 0.2532 ± 0.0010 0.2185 ± 0.0023 0.4959 ± 0.0019 0.1250 ± 0.0024 0.0559 ± 0.0019
LSTM 0.2887 ± 0.0004 0.2216 ± 0.0009 0.2352 ± 0.0005 0.1971 ± 0.0009 0.3865 ± 0.0002 0.2608 ± 0.0085 0.0416 ± 0.0009
DCHO 0.1744 ± 0.0004 0.0720 ± 0.0003 0.1156 ± 0.0005 0.0778 ± 0.0004 0.1704 ± 0.0004 0.0780 ± 0.0001 0.0249 ± 0.0001

Metrics RMSE

Dataset Emotion Gambling Language Motor Rest Lorenz HR

MLP 0.5911 ± 0.0022 0.4790 ± 0.0015 0.5402 ± 0.0014 0.4589 ± 0.0024 1.1158 ± 0.0067 0.2017 ± 0.0070 0.1772 ± 0.0055
Trans. 0.6033 ± 0.0062 0.4466 ± 0.0020 0.4117 ± 0.0008 0.3446 ± 0.0041 0.9793 ± 0.0030 0.1923 ± 0.0037 0.1083 ± 0.0070
LSTM 0.4709 ± 0.0008 0.3858 ± 0.0016 0.3874 ± 0.0010 0.3170 ± 0.0012 0.5240 ± 0.0030 0.3779 ± 0.0269 0.0904 ± 0.0031
DCHO 0.2672 ± 0.0011 0.1161 ± 0.0009 0.1852 ± 0.0009 0.1239 ± 0.0009 0.2738 ± 0.0042 0.1388 ± 0.0288 0.0412 ± 0.0186

Table 1: Prediction performance comparison (MAE and RMSE) of DCHO and baseline models on multiple datasets for HOBC
forecasting with a 10-step horizon.

The inference error is defined as:

ϵinf =
∥∥fdec(fenc(Xt+1,t+T ,At+1,t+T )

)
−Ht+1,t+T

∥∥.
(8)

Let Zt−T,t = fenc(X
t−T,t,At−T,t). The latent prediction

error is defined as:

ϵdyn =
∥∥fdyn(Zt−T,t

)
− Zt+1,t+T

∥∥. (9)

Then the prediction error satisfies:∥∥Ĥt+1,t+T −Ht+1,t+T
∥∥ ≤ ϵinf + Ldec · ϵdyn. (10)

The proof of Theorem 1 is provided in the Appendix.

Remark 1. By decoupling the sources of error, each com-
ponent can be independently analyzed and optimized, mak-
ing the total prediction error more controllable and theo-
retically better bounded than in end-to-end models with en-
tangled errors. Benefiting from the dual-view encoder, la-
tent combinatorial learner, and latent-space prediction loss,
DCHO effectively reduces both the inference error ϵinf and
the latent dynamics error ϵdyn, enabling fine-grained model-
ing of the two subtasks. As shown in the Appendix, ablation
results further validate the effectiveness of the decomposi-
tion–composition framework.

4.2 The Dual-view Encoder
The dual-view encoder consists of two parallel GNN
branches—a local and a global topological extractor—that
process spatiotemporal inputs Xt−T,t and At−T,t into latent
representations Zt−T,t enriched with structural and tempo-
ral information. Details are as follows:

(i) The local topological extractor adaptively encodes
pairwise interactions using a GNN-based mechanism (Kipf
and Welling 2017; Xu et al. 2019). First, interaction scores
are computed between the central node and its neighbors,
and these scores are used to weight the neighbors’ embed-
dings from the previous layer. Mathematically, for the em-
bedding of the it node vti at the s-th layer: et,(s)i , the inter-
action scores between the it node and its neighbor jt are
derived from the adjacency matrix and the node features in

the temporal graph:

sc(s)(vti , v
t
j) = A(it, jt) cos

(
Wqe

t,(s)
i ,Wke

t,(s)
j

)
, (11)

where the cosine similarity: cos(·, ·) quantifies the similarity
between two vectors. Wq and Wk are transformation ma-
trices employed for similarity calculations. Then, the node
representation at the (s+ 1)-th layer is updated as follows:

e
t,(s+1)
i = e

t,(s)
i + σ

 ∑
vt
j∈Nvt

i

sc(s)(vti , v
t
j)Wve

t,(s)
j

 ,

(12)

where σ(·) is a non-linear activation function, Wv is a learn-
able matrix, and Nvt

i
denote as the neighbors of vti . After

S layers, the final node representation: eti = e
t,(S)
i is adap-

tively determined.
(ii) The global topological extractor is designed based

on spectral graph convolution, which serves as a comple-
mentary approach to uncover HOBC information hidden in
the spectral domain. Specifically, first, we introduce the nec-
essary mathematical definitions. The Chebyshev polynomi-
als are defined as T0(x) = 1, T1(x) = x, and Tm(x) =
2xTm−1(x) − Tm−2(x). The normalized graph Laplacian
L is defined as L = I − D̃− 1

2AD̃− 1
2 , where D is the de-

gree matrix and I is the identity matrix. Define the matrix
R(0) = X , which stacks the features of all nodes. Then,
based on the second-order Chebyshev graph convolution
(Defferrard, Bresson, and Vandergheynst 2016), the node
representation matrix R(s) at the s-th layer is calculated as:

R(s) =
2∑

m=0

Tm(L̃)R(s−1)W (s)
m (13)

where L̃ = 2L
λmax

− I , λmax denotes the maximum eigenvalue

of L, andW (s)
m ∈ Rd×d is a learnable weight matrix at the s-

th layer. By stacking S layers, we derive each representation
vector rti from R(S) ∈ RNT×d, capturing higher order non-
local information from a spectral perspective.
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Metrics MAE

Dataset Emotion Gambling Language Motor Rest Lorenz HR

MLP 0.7649 ± 0.0008 0.7554 ± 0.0024 0.7101 ± 0.0019 0.7469 ± 0.0024 0.7834 ± 0.0001 0.1381 ± 0.0025 0.4927 ± 0.0060
Trans. 0.2651 ± 0.0018 0.3176 ± 0.0022 0.2781 ± 0.0009 0.2525 ± 0.0016 0.8444 ± 0.0018 0.1017 ± 0.0021 0.6998 ± 0.0096
LSTM 0.2361 ± 0.0001 0.2831 ± 0.0002 0.2625 ± 0.0003 0.2347 ± 0.0003 0.9874 ± 0.0002 0.1033 ± 0.0008 0.3726 ± 0.0484
STNDT 0.6624 ± 0.0052 0.7134 ± 0.0038 0.7802 ± 0.0033 0.6964 ± 0.0023 0.7637 ± 0.0005 0.3146 ± 0.0105 0.2961 ± 0.0454
AMAG 0.2103 ± 0.0020 0.1973 ± 0.0019 0.3571 ± 0.0012 0.4734 ± 0.0015 0.5558 ± 0.0009 0.5547 ± 0.0107 0.1670 ± 0.0785
LtrRNN 0.6665 ± 0.0077 0.7559 ± 0.0026 0.8094 ± 0.0033 0.7811 ± 0.0036 0.7926 ± 0.0007 0.7222 ± 0.0068 0.8560 ± 0.0588
NetFormer 0.5873 ± 0.0026 0.6776 ± 0.0030 0.7121 ± 0.0034 0.6367 ± 0.0016 0.7014 ± 0.0004 0.2596 ± 0.0090 0.5355 ± 0.0860
DCHO 0.1582 ± 0.0011 0.0750 ± 0.0011 0.1382 ± 0.0006 0.0936 ± 0.0008 0.2515 ± 0.0007 0.0613 ± 0.0012 0.0545 ± 0.0008

Metrics RMSE

Dataset Emotion Gambling Language Motor Rest Lorenz HR

MLP 0.9500 ± 0.0011 0.9545 ± 0.0030 0.8928 ± 0.0029 0.9482 ± 0.0031 0.9851 ± 0.0007 0.2444 ± 0.0052 0.7160 ± 0.0156
Trans. 0.3377 ± 0.0021 0.4051 ± 0.0031 0.3561 ± 0.0015 0.3218 ± 0.0019 1.0676 ± 0.0023 0.1492 ± 0.0040 0.7762 ± 0.0220
LSTM 0.3161 ± 0.0002 0.3740 ± 0.0004 0.3494 ± 0.0005 0.3116 ± 0.0004 1.2426 ± 0.0006 0.1525 ± 0.0030 0.5054 ± 0.0600
STNDT 0.8332 ± 0.0057 0.8882 ± 0.0043 0.9672 ± 0.0036 0.8701 ± 0.0025 0.9653 ± 0.0007 0.5762 ± 0.0229 0.4945 ± 0.0665
AMAG 0.3035 ± 0.0025 0.2024 ± 0.0022 0.4140 ± 0.0015 0.5103 ± 0.0025 0.6104 ± 0.0012 0.8349 ± 0.0163 0.2438 ± 0.0873
LtrRNN 0.8405 ± 0.0099 0.9497 ± 0.0043 1.0004 ± 0.0042 0.9325 ± 0.0042 0.9966 ± 0.0011 1.0935 ± 0.0099 0.9721 ± 0.0901
NetFormer 0.7420 ± 0.0032 0.8548 ± 0.0037 0.9034 ± 0.0051 0.8169 ± 0.0018 0.8913 ± 0.0005 0.5857 ± 0.0095 0.7124 ± 0.1034
DCHO 0.2172 ± 0.0017 0.1064 ± 0.0026 0.1891 ± 0.0007 0.1316 ± 0.0012 0.3212 ± 0.0009 0.1254 ± 0.0010 0.0721 ± 0.0003

Table 2: Prediction performance comparison (MAE and RMSE) of DCHO and baseline models on multiple datasets for raw
fMRI signals forecasting with a 10-step horizon.

(iii) The above two extractors have captured the repre-
sentations of pairwise interactions and higher-order inter-
actions, respectively. We then employ an attention mecha-
nism to aggregate these temporal representations into a la-
tent representation Zt

i with advanced spatio-temporal fea-
tures. Specifically, first, we merge the two representations
from the last layer with the temporal embeddings TE(t),
and apply a MLP δ(·) to calculate the representation cti for
each node vti . Mathematically:

cti = δ([eti, r
t
i ] + TE(t)). (14)

We then refine the node representation through an
attention-based transformation that integrates contextual de-
pendencies at each timestamp. Mathematically:

ζti = ψ(cti + fatt(c
t
i)), (15)

Zt
i = ψ(ζti + fffn(ζ

t
i )). (16)

where fatt(·) denotes an attention refinement operator im-
plemented with multi-head self-attention, fffn(·) denotes a
feed-forward network, and ψ(·) denotes a Layer Normaliza-
tion operation.

4.3 Higher-order Decoder
The higher-order decoder infers a sequence of HOBC ten-
sors Ĥt−T,t from the latent representation Ẑt−T,t, and is
mainly composed of a latent combinatorial learner and a
dual-stream transformer module. The details are presented
below:

(i) The latent combinatorial learner: For each region
embedding Zt−T,t

i , Zt−T,t
j , Zt−T,t

k ∈ RT×F from Zt−T,t,
we apply three linear projections:

hi =WiZ
t−T,t
i , hj =WjZ

t−T,t
j , hk =WkZ

t−T,t
k ,

(17)

where Wi,Wj ,Wk ∈ RF×F are learnable linear projec-
tions. These are concatenated and projected to obtain unified
triplet tokens:

ot−T,t
ijk = Linear ([hi, hj , hk]) ∈ RT,3×F . (18)

All M triplet-level representations ot−T,t
ijk ∈ RT×3F are

stacked to form the unified tensor ot−T,t
M ∈ RT×M×3F ,

where M =
(
N
3

)
= N(N−1)(N−2)

6 denotes the total num-
ber of triplets. This tensor is then passed through a lin-
ear layer to obtain the final combinatorial representation
õt−T,t
M ∈ RT,M,F .

(ii) Spatial and Temporal stream: We add the positional
encoding PosEnc(M) for each time step t, and the temporal
encoding TimeEnc(T ) for each triplet (i, j, k):

õs = Transformers

(
õt−T,t
M + PosEnc(M)

)
, (19)

õt = Transformert

(
õt−T,t
M + TimeEnc(T )

)
. (20)

The spatial and temporal streams are then concatenated
and passed through an output layer to obtain the final infer-
ence.

Ĥt−T,t = MLP ([õs, õt]) ∈ RT×N×N×N . (21)

This dual-stream architecture jointly captures higher-
order spatial topologies and their dynamic evolution.

4.4 LSTM-based predictor
We employ a multi-layer LSTM network to model the tem-
poral evolution of latent representations. Given the latent
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states Zt−T,t from the encoder, the predictor forecasts fu-
ture trajectories as:

Ẑt+1,t+T = LayerNorm(Linear(LSTM(Zt−T,t))). (22)

This architecture captures long-range dependencies in
HOBC dynamics, providing informative latent features for
future HOBC prediction.

5 Results
5.1 Dataset and Preprocessing
To evaluate the performance of our proposed method, we
conducted experiments on both synthetic data and real-
world fMRI datasets. The synthetic data were generated
from two nonlinear dynamical systems: the Lorenz system
(Wang et al. 2020) and the Hindmarsh–Rose (HR) neu-
ronal model (Hindmarsh and Rose 1984). In both cases,
we simulated networks consisting of 20 coupled nodes. For
real-world evaluation, we utilized the Human Connectome
Project (HCP) dataset (Van Essen et al. 2012), which in-
cludes both resting-state and task-based fMRI recordings.
Specifically, we employed seven task-based datasets: Emo-
tion, Gambling, Language, Motor, Relational, Social, and
Working Memory (WM) and a resting-state dataset (Rest).
All HCP data had been preprocessed using the standard min-
imal preprocessing pipeline. We parcellated the cortex into
17 regions based on the Yeo 17-network atlas. It is important
to note that the dimensionality of the higher-order brain con-
nectivity tensor Ht ∈ RN×N×N increases cubically with
the number of brain regions N, indicating that the HOBC
derived from the Yeo-17 parcellation is already highly com-
plex and high-dimensional. For each subject and session, we
extracted the average BOLD signal within each region and
applied temporal standardization (z-scoring) independently
for each region. In terms of data segmentation, all time se-
ries were divided into fixed-length temporal segments using
a sliding window, with the window length set equal to the
prediction length and a stride of 2. Subjects were split into
two groups, with 70% used for training and 30% for testing.
See Appendix for further details.

5.2 Evaluation of Higher-Order Brain
Connectivity Tensor Prediction

By predicting HOBC, DCHO encourages its latent repre-
sentations to capture higher-order connectivity information.
This facilitates both non-predictive and predictive down-
stream tasks. Before exploring these applications, we first
evaluate DCHO’s performance in predicting HOBC.

Experimental Setup: Since HOBC prediction is a
novel task, no existing methods have been specifically de-
signed for this challenge. We therefore compare DCHO
with commonly used baselines, including MLP (Rosenblatt
1958), LSTM (Graves and Graves 2012), and Transformer
(Vaswani et al. 2017), to provide a meaningful reference.
Detailed descriptions of these methods are provided in the
Appendix. We evaluate model performance using two com-
mon metrics (MAE and RMSE) across ten datasets (Emo-
tion, Gambling, Language, Motor, Relational, Social, WM,
Rest, Lorenz, HR).
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Figure 3: (a–b) Multi-step HOBC prediction of DCHO and
LSTM, and (c–d) multi-step raw fMRI prediction of DCHO
and AMAG on the Emotion dataset. (Metrics: MAE (left)
and RMSE (right), Prediction lengths: 10 to 50 steps)

Performance Analysis: We systematically evaluate the
model’s performance from both short-term and long-term
prediction perspectives. For short-term prediction, we con-
duct comparative experiments on ten datasets, with the base-
line results summarized in Table 1 and Appendix. The re-
sults show that DCHO consistently outperforms other base-
line models in both MAE and RMSE, demonstrating supe-
rior modeling capability. For long-term prediction, as shown
in Figure 3 a–b, DCHO consistently maintains leading per-
formance as the prediction horizon extends from 10 to 50
steps, demonstrating strong robustness. We attribute this to
two key factors: (1) In the HOBC inference stage, DCHO
leverages the dual-view encoder and the latent composi-
tion learner to effectively encode the latent information of
HOBC; (2) In the latent trajectory prediction stage, DCHO
introduces a latent-space prediction loss to model the dy-
namic evolution of HOBC in an abstract information space.

5.3 Non-predictive Downstream Task
Building upon its capacity to predict HOBC, DCHO learns
rich information representations of HOBC. We used these
higher-order representations to perform state classification
across the seven HCP task datasets.

Experimental Setup: To validate the effectiveness of the
representations extracted by the dual-view encoder, we com-
pare them with three representative baselines: raw fMRI sig-
nals, FC, and HOBC. For each type of feature, we train the
lightweight MLP classifiers separately, and evaluate perfor-
mance using five standard metrics: Accuracy, Precision, Re-
call, F1 Score, and AUROC across seven datasets (Emotion,
Gambling, Language, Motor, Relational, Social, WM).

Performance Analysis: As shown in Figure 4, our
method achieves the best performance across all evaluation
metrics on seven downstream tasks. In terms of average per-
formance across all datasets, the representations extracted
by DCHO outperform baseline methods, improving accu-
racy, precision, recall, F1 score, and AUROC by 6.24%,
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Figure 4: Task-state classification performance across raw
fMRI, FC, HOBC, and DCHO representations. DCHO con-
sistently outperforms the baselines across seven cognitive
tasks and five evaluation metrics, as illustrated in (a–g), with
averaged results in (h).

6.40%, 5.58%, 6.00%, and 6.77%, respectively. These re-
sults demonstrate the effectiveness of our learned represen-
tations.

5.4 Predictive Downstream Task
Compared to the study (Santoro et al. 2024, 2023) that focus
primarily on analyzing HOBC within static or predefined
temporal windows, DCHO captures the underlying dynamic
evolution of HOBC, enabling more sophisticated predictive
tasks.

Benchmark Methods and Evaluation Metrics: To eval-
uate the effectiveness of the pretrained dual-graph encoder
and predictor, we compare DCHO against several state-
of-the-art methods, including RNN-based models (LtrRNN
(Pellegrino, Gajic, and Chadwick 2023), LSTM (Graves
and Graves 2012)), Transformer-based models (Transformer
(Vaswani et al. 2017), STNDT (Le and Shlizerman 2022)
and NetFormer (Lu et al. 2025)), GNN-based models
(AMAG (Li et al. 2023)), and a standard MLP (Rosen-
blatt 1958) baseline. Detailed descriptions of these methods
are provided in Appendix. We evaluate model performance
using two common metrics (MAE and RMSE) across ten
datasets (Emotion, Gambling, Language, Motor, Relational,
Social, WM, Rest, Lorenz, HR).

Performance Analysis: We systematically evaluate the
model’s performance in raw fMRI signal prediction from
both short-term and long-term prediction perspectives. For
short-term prediction (with a forecast horizon of 10 steps),

we conduct comparative experiments on ten datasets, with
baseline results summarized in Table 2 and Appendix. The
results demonstrate that DCHO consistently outperforms ex-
isting models in terms of MAE and RMSE, showcasing its
strong modeling capability. In the long-term prediction task,
as the prediction horizon extends from 10 to 50 steps, DCHO
maintains its leading performance, exhibiting notable ro-
bustness (Figure 3 c-d). We attribute this advantage to two
key factors: (1) Compared to baseline methods, the dual-
graph encoder in DCHO effectively captures the latent in-
formation of HOBC, which inherently reflects nonlinear in-
teractions across brain regions and enhances the modeling
of brain dynamics; (2) In the latent space, the predictor cap-
tures the underlying evolutionary mechanisms of HOBC, en-
abling the modeling of deeper and more complex dynamic
patterns, which facilitates more accurate long-range fore-
casting.

5.5 Ablation Study
We conduct an ablation study to evaluate the contributions
of the proposed framework and its key components, with
evaluations performed on both the task-based (Emotion) and
resting-state datasets from HCP dataset. Specifically, we in-
troduce the following model variants: DCHO.a: An end-to-
end baseline that directly predicts the future HOBC tensor
Ĥt,t+T from Xt−T,t and At−T,t, without explicit structural
decomposition. DCHO.b: A variant that removes the local
topological extractor from the dual-view encoder. DCHO.c:
A variant that removes the global topological extractor from
the dual-view encoder. DCHO.d: A variant that excludes the
latent composition learner. DCHO.e: A variant that replaces
the latent-space prediction loss with the original HOBC pre-
diction loss. As shown in the Appendix, experimental results
indicate that DCHO consistently outperforms all ablated
variants, highlighting the effectiveness of the decomposi-
tion–composition framework, the dual-view encoder, and
the latent composition learner in modeling HOBC dynam-
ics.

6 Conclusion
In this study, we propose DCHO, a novel framework for
modeling and forecasting the temporal dynamics of higher-
order brain connectivity (HOBC). By decomposing the com-
plex prediction task into two manageable subtasks: HOBC
tensor inference and latent trajectory prediction, DCHO ef-
fectively addresses the challenges of combinatorial explo-
sion and high-dimensional modeling inherent to HOBC. The
framework designs a dual-view encoder and a latent com-
binatorial learner to capture multiscale topological informa-
tion and higher-order interaction patterns. Furthermore, it in-
troduces a latent-space prediction loss to enable abstract and
robust modeling of HOBC’s temporal evolution. Extensive
experiments on multiple datasets demonstrate that DCHO
significantly outperforms existing state-of-the-art methods
in both predictive tasks and non-predictive tasks, highlight-
ing its strong performance and potential for neurocognitive
modeling in real-world applications. Limitations and future
work are provided in the Appendix.
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V.; Moreno, Y.; et al. 2021. The physics of higher-order
interactions in complex systems. Nature Physics, 17(10):
1093–1098.
Battiston, F.; Cencetti, G.; Iacopini, I.; Latora, V.; Lucas, M.;
Patania, A.; Young, J.-G.; and Petri, G. 2020. Networks be-
yond pairwise interactions: Structure and dynamics. Physics
Reports, 874: 1–92.
Battiston, F.; and Petri, G. 2022. Higher-order systems.
Springer.
Bianconi, G. 2021. Higher-Order Networks. An Introduction
to Simplicial Complexes. Cambridge University Press.
Breakspear, M. 2017. Dynamic models of large-scale brain
activity. Nature neuroscience, 20(3): 340–352.
Chelaru, M. I.; Eagleman, S.; Andrei, A. R.; Milton, R.;
Kharas, N.; and Dragoi, V. 2021. High-order interactions
explain the collective behavior of cortical populations in ex-
ecutive but not sensory areas. Neuron, 109(24): 3954–3961.
Defferrard, M.; Bresson, X.; and Vandergheynst, P. 2016.
Convolutional neural networks on graphs with fast localized
spectral filtering. In NeurIPS, 29.
Graves, A.; and Graves, A. 2012. Long short-term mem-
ory. Supervised sequence labelling with recurrent neural
networks, 37–45.
Herzog, R.; Rosas, F. E.; Whelan, R.; Fittipaldi, S.;
Santamaria-Garcia, H.; Cruzat, J.; Birba, A.; Moguilner, S.;
Tagliazucchi, E.; Prado, P.; and Ibanez, A. 2022. Genuine
high-order interactions in brain networks and neurodegener-
ation. Neurobiology of Disease, 175: 105918.
Hindmarsh, J. L.; and Rose, R. 1984. A model of neuronal
bursting using three coupled first order differential equa-
tions. Proceedings of the Royal society of London. Series
B. Biological sciences, 221(1222): 87–102.

Hutchison, R. M.; Womelsdorf, T.; Allen, E. A.; Bandettini,
P. A.; Calhoun, V. D.; Corbetta, M.; Della Penna, S.; Duyn,
J. H.; Glover, G. H.; Gonzalez-Castillo, J.; et al. 2013. Dy-
namic functional connectivity: promise, issues, and interpre-
tations. Neuroimage, 80: 360–378.
Jun, J. J.; Steinmetz, N. A.; Siegle, J. H.; Denman, D. J.;
Bauza, M.; Barbarits, B.; Lee, A. K.; Anastassiou, C. A.;
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