SAIN: A Hierarchical Dynamics-Aware EEG-fNIRS Framework for
Continuous Affect Estimation

Feng-Qi Cui
Hefei University of Techno-
logy, & University of Scien-
ce and Technology of China
Hefei, China

Jinyang Huang®
Hefei University of Techno-
logy, & Hefei Joy Embo-
died Intelligence Techn-
ology Co., Ltd
Hefei, China

Yi Yang Dan Guo
Hefei University of Hefei University of
Technology Technology
Hefei, China Hefei, China
Fusang Zhang Jianwei Lu
Beihang University Shanghai University of Tra-

ditional Chinese Medicine
Shanghai, China

Beijing, China

Abstract

Continuous affect estimation from electroencephalography (EEG)
and functional near-infrared spectroscopy (fNIRS) aims to recover
time-varying Valence and Arousal from heterogeneous physiolog-
ical signals. Their differences in channel organisation, response
latency, temporal statistics, and noise characteristics make homo-
geneous fusion and single-timescale modelling insufficient. We pro-
pose the Structured Affective Interaction Network (SAIN), a hierarchi-
cal framework comprising Structured-Axial Physiological Encoder
(SAPE), Adaptive Cross-Modal Interaction (ACI), and Dual-Rate
Evolution (DRE). SAPE independently preserves modality-specific
channel relations while integrating time-indexed and trial-level
channel-feature context. ACI explicitly models feature-wise selec-
tion, modality discrepancy, and coordinated responses to produce
a fused physiological representation and a direct physiological esti-
mate. DRE then uses a training-derived Group Affective Trajectory
(GAT) as coarse temporal context and combines dimension-wise
adaptive gain, fast correction, and a retention-controlled slow re-
current state. Experiments demonstrate that SAIN outperforms
reproduced baselines and independently trained unimodal variants.
Modality controls support the complementary integration of EEG
and fNIRS, channel-masking analyses reveal spatially structured
physiological dependence, and temporal ablations establish the
distinct contributions of fast correction and slow recurrent accu-
mulation. These results jointly support the structured encoding,
adaptive interaction, and dual-rate evolution underlying SAIN.
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1 Introduction

Continuous affect estimation predicts time-varying trajectories of
Valence and Arousal rather than assigning a single emotion la-
bel to an entire recording. This formulation captures how affect
emerges, persists, and changes throughout a stimulus, making it
relevant to adaptive media [45], human-computer interaction [2],
affect-aware education, and physiological monitoring [21, 30, 31].
Compared with recording-level recognition [3-6, 36, 46—48], con-
tinuous estimation is more demanding because the model must
preserve meaningful local variations while suppressing physiologi-
cal noise and annotation fluctuations that may otherwise produce
unstable frame-wise predictions.
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Overall Framework of the Structured Affective Interaction Network
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Among physiological modalities, electroencephalography (EEG)
and functional near-infrared spectroscopy (fNIRS) provide comple-
mentary observations of affective dynamics. EEG records rapid elec-
trophysiological activity with high temporal resolution, whereas
fNIRS captures smoother and delayed haemodynamic responses
associated with neurovascular activity. Continuous regression from
their simultaneous measurements nevertheless remains challenging
because the two modalities differ substantially in channel organisa-
tion, response latency, temporal statistics, and artefact characteris-
tics [7, 24, 32, 41]. Their affective evidence may therefore become
informative at different temporal stages, such that direct frame-
level alignment or homogeneous feature processing can suppress
useful modality-specific information.

Existing studies have improved physiological affect modelling
through stronger EEG representations, haemodynamic feature learn-
ing, and multimodal fusion [8, 20, 23]. However, these advances
mainly strengthen individual components, while the joint mod-
elling of modality-specific channel structure, time-varying EEG-
NIRS interaction, and multi-timescale affective dynamics remains
insufficient for continuous regression. These challenges are closely
coupled. First, EEG electrodes and fNIRS channels follow differ-
ent sensing organisations. Flattening the channel dimension too
early discards intra-modal relational structure, whereas imposing a
shared topology ignores their distinct acquisition geometries and
measurement mechanisms. Second, the contributions of EEG and
fNIRS may agree during some periods and diverge during others be-
cause their reliability, response delay, and physiological sensitivity
vary over time. Static concatenation cannot explicitly distinguish
agreement from discrepancy, while a fixed modality weight assumes
temporally stationary reliability. Third, rapid electrophysiological
fluctuations, gradual haemodynamic responses, and persistent affec-
tive trends coexist within the same trial. A single temporal update
mechanism may either oversmooth transient variations or overre-
act to local noise, making it difficult to preserve short-term changes
while maintaining long-term continuity.

To address these challenges, we propose the Structured Affective
Interaction Network (SAIN), illustrated in Figure 1. SAIN organ-
ises continuous affect estimation into three hierarchical stages:
Structured-Axial Physiological Encoder (SAPE), Adaptive Cross-
Modal Interaction (ACI), and Dual-Rate Evolution (DRE). First,
SAPE learns modality-specific channel relations and multi-scale
temporal context to preserve the distinct structural and dynamic
characteristics of EEG and fNIRS, addressing information loss caused
by premature homogeneous processing. Second, ACI combines
adaptive feature selection with explicit modelling of cross-modal
discrepancy and coordination to construct complementary physio-
logical evidence, addressing the time-varying reliability and asyn-
chronous responses of the two modalities. Third, DRE integrates a
training-derived Group Affective Trajectory (GAT) with fast cor-
rection and slow recurrent accumulation to model transient and
persistent affective changes, addressing the conflict between local
sensitivity and long-term continuity.

Through this hierarchy, SAIN progressively transforms heteroge-
neous physiological measurements into modality-specific structural
representations, complementary multimodal evidence, and continu-
ous affective trajectories. Experiments show that SAIN outperforms
reproduced baselines and independently trained unimodal models.
Modality controls verify the complementarity of EEG and {NIRS,
temporal-path ablations demonstrate the distinct roles of fast cor-
rection and slow recurrent accumulation, and visual analyses reveal
structured channel dependence and sustained temporal improve-
ment. Our main contributions are summarised as follows:

e We propose SAIN, a hierarchical framework that unifies
Structured-Axial Physiological Encoding, Adaptive Cross-
Modal Interaction, and Dual-Rate Evolution for continuous
EEG-NIRS Valence-Arousal estimation.

e We develop SAPE and ACI to preserve modality-specific
structure and model adaptive cross-modal coordination, to-
gether with DRE to integrate group-level temporal context,
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Table 3: Controlled analysis of temporal evolution.

Configuration MAE Val.  Aro.
SAIN w/o fast pathway 0.1012 0.0882 0.1142
SAIN w/o slow pathway 0.1016  0.0885  0.1147
SAIN (full) 0.0998 0.0883 0.1113

fast correction, and slow recurrent accumulation for multi-
timescale affective evolution.

o Experiments show that SAIN outperforms reproduced base-
lines and independently trained unimodal models. Modality
controls, temporal ablations, and behavioural analyses fur-
ther support EEG-fNIRS complementarity, structured physi-
ological dependence, and the distinct contributions of fast
and slow temporal pathways.

2 Related Work
2.1 Physiological signal modelling

Dimensional affect models represent emotional states using contin-
uous Valence and Arousal, requiring the recovery of an evolving
trajectory rather than a single label for each recording [19, 35]. This
formulation places greater emphasis on temporal consistency, local
transitions, and response latency, because errors may arise not only
from incorrect affective magnitude but also from delayed or over-
smoothed predictions. EEG is widely used in affective computing
because of its high temporal resolution and sensitivity to rapid elec-
trophysiological changes. Compact convolutional networks extract
spatial-temporal features directly from multichannel inputs [20],
while graph-based architectures represent inter-electrode depen-
dencies through predefined or learnable topologies [14]. Emotion-
oriented models further combine spatial, spectral, and temporal
information to capture complementary views of neural activity
[49]. Recent foundation models extend this direction through con-
trastive, masked, and autoregressive pre-training over large EEG
corpora [17, 39, 42]. These approaches improve transferable rep-
resentations and reduce reliance on task-specific supervision, but
most are designed for unimodal classification or recording-level
prediction rather than multimodal continuous trajectories [13, 16].

In contrast, {NIRS measures cortical haemodynamic activity
through changes in oxygenated and deoxygenated haemoglobin.
Owing to neurovascular coupling, NIRS responses are generally
smoother and more delayed than EEG, and are affected by differ-
ent physiological artefacts and noise sources. Existing methods
therefore focus on haemoglobin dynamics, cross-channel connec-
tivity, and robust temporal encoding [7, 32, 41]. The slower haemo-
dynamic response can provide a more stable description of sus-
tained affective states, whereas EEG is more sensitive to rapid local
changes. Simultaneous measurement studies show that the two
modalities are correlated but neither equivalent nor strictly syn-
chronous [34, 37]. Their relationship is therefore better understood
as complementary observations of related physiological processes
rather than two interchangeable views of the same signal. A con-
tinuous EEG-fNIRS model should consequently preserve their indi-
vidual channel structures and temporal behaviour before learning
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shared or complementary relations in a higher-level representation
space.

2.2 Multimodal physiological interaction

Multimodal physiological signals can be combined at the input, rep-
resentation, or decision level. Input-level fusion enables early inter-
action but is sensitive to differences in sampling rate, feature scale,
channel topology, and temporal alignment. Decision-level fusion
reduces the need for low-level alignment, but limits the exchange
of information before prediction. Representation-level fusion pro-
vides a more flexible compromise by preserving modality-specific
encoders while allowing higher-level physiological relations to be
learned [11]. Hybrid EEG-{NIRS studies have demonstrated the
complementarity of electrophysiological and haemodynamic re-
sponses through feature-level and decision-level fusion [9, 18];
however, response latency, modality-specific noise, normalisation,
and fusion-stage selection remain persistent challenges [1].

Recent methods increasingly move beyond direct concatenation
[12, 15, 27-29]. ASAC-Net learns alignment and complementary
fusion between EEG and fNIRS [8], while cross-signal generation
and general physiological alignment methods seek shared struc-
tures without assuming identical responses [24, 43]. In broader
multimodal learning, directional attention and shared-specific de-
composition have been used to distinguish common evidence from
modality-dependent information [22, 38, 44]. These strategies im-
prove cross-modal interaction, but most of them focus primarily on
alignment or representation fusion. They do not explicitly account
for the possibility that EEG and fNIRS may agree during some peri-
ods, diverge during others, and contribute differently across latent
dimensions.

Evaluation studies further show that apparent multimodal gains
depend on temporal alignment, retained windows, missing modal-
ities, and comparison protocols [25, 26]. Fusion quality therefore
depends not only on the interaction operator itself, but also on
whether structural and temporal heterogeneity is preserved before
interaction. For continuous affect estimation, this issue is partic-
ularly important because rapid electrophysiological fluctuations,
delayed haemodynamic responses, and persistent affective trends
coexist within the same sequence. Existing approaches rarely coor-
dinate modality-specific channel structure, time-varying agreement
and discrepancy, and transient versus persistent affective evolution
within a unified framework. SAIN addresses this gap through the
unified hierarchy of SAPE, ACI, and DRE.

3 Method

SAIN comprises three modules for continuous EEG-fNIRS affect
estimation: Structured-Axial Physiological Encoder (SAPE), Adap-
tive Cross-Modal Interaction (ACI), and Dual-Rate Evolution (DRE).
SAPE preserves modality-specific channel organisation and dy-
namics, ACI constructs complementary physiological evidence by
modelling agreement and discrepancy, and DRE coordinates tran-
sient fluctuations with persistent affective trends.

3.1 Structured-Axial Physiological Encoder

The Structured-Axial Physiological Encoder (SAPE) processes EEG
and {NIRS through structurally identical but parameter-independent
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Figure 2: Behavioural and structural analysis. (a) Difficult-trial performance, (b) channel masking, and (c) category-level VA

trajectories.

branches. Each branch first models latent relations among modality-
specific channels and then captures complementary temporal and
channel-feature contexts. The resulting representations are adap-
tively integrated and further processed by multi-scale dilated tem-
poral blocks, preserving the structural and dynamic characteristics
of each modality before cross-modal interaction.

3.1.1 Learnable channel-token relations. For modality m € {E, N},
each channel is projected into a latent token and augmented with
a learnable channel-position representation. Pairwise similarities
between the position embeddings form a data-driven relational ma-
trix, enabling information exchange among channel tokens without
imposing a predefined topology. Depthwise temporal convolution
is subsequently applied within each token, and attentive, mean, and
max pooling are used to summarise the relational features. This
process is expressed as

HS = Rin(Xi)- 1

The resulting representation retains channel identity while cap-
turing latent intra-modal dependencies. Relational propagation
exchanges information across channel tokens, whereas attentive,
average, and maximum pooling respectively emphasise salient, dis-
tributed, and high-response patterns. Their combination therefore
preserves structured channel information while producing a com-
pact modality representation.

3.1.2  Dual-axis context modelling. Channel relations alone are
insufficient to capture both time-indexed dependencies and trial-
level global context. The temporal axis therefore processes the
flattened channel-feature representation at each time step, while
the channel-feature axis resamples each trial to a fixed length and
treats each channel-feature pair as a token. The two complementary
contexts are formulated as

H), = Ar(Xm), @)
h$F = Acy (Xom). (3)

The trial-level summary is then broadcast along the temporal
dimension and combined with the temporal-axis representation
through a projection layer,

HA = P, (HL +1 hﬁFT) . @)

A bounded gate adaptively controls the contribution of the axial
context,

H, = HC + 1, tanh(Wm [HS; H;‘,]) OHA. )

Here, 17, constrains the strength of contextual injection. Because
the gate is jointly conditioned on the relational and axial represen-
tations, trial-level context refines local channel relations only when
supported by the current modality state. Multi-scale gated dilated
temporal blocks subsequently enlarge the temporal receptive field
without premature cross-modal mixing, producing HE and HY . This
processing order preserves modality-specific dynamics before EEG
and fNIRS enter the cross-modal interaction stage.

3.2 Adaptive Cross-Modal Interaction

The Adaptive Cross-Modal Interaction (ACI) module models both
complementary and divergent information between the modality-
specific representations. It first computes their discrepancy as

D; =HE —HN. (6)

A feature-wise gate then estimates the relative contribution of
EEG and fNIRS at each time step and latent dimension,

M, = o(Fy[HE: HY;D.]). )
HY =M; o HE + (1 -M,;) o HY. (8)

The adaptively fused state is further refined through a residual
interaction that combines the current fusion result, the cross-modal
discrepancy, and the element-wise coordinated response,

H =H! + F,[HI;D;Hf 0 HY]. 9)
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Figure 3: Temporal analysis. (a) Representative predictions and (b) phase-wise MAE with paired improvement.

These components respectively represent adaptive modality se-
lection, cross-modal divergence, and coordinated physiological evi-
dence. The feature-wise gate allows modality contributions to vary
across time and latent dimensions, while the residual interaction
preserves explicit information about agreement and discrepancy. A
two-layer bidirectional GRU subsequently contextualises the up-
dated sequence and produces the fused physiological representation
h’;hys. A shared readout head maps this representation to the direct
physiological estimate,

P € R,

(10)

3.3 Dual-Rate Evolution

The direct physiological estimate reflects the current multimodal
evidence, but local perturbations may introduce unstable fluctua-
tions. The Dual-Rate Evolution (DRE) module therefore constructs
structured temporal evidence and refines the affective trajectory
through complementary fast and slow pathways.

3.3.1 Structured temporal evidence. The Group Affective Trajec-
tory (GAT) describes the population-level affective state together
with its dynamics, uncertainty, and effective support. It is repre-
sented as
gu,t = {gv,ts gv,ta gu,ts Zv,ta Cv,t} . (11)
Here, g,; denotes the group-level Valence-Arousal state, g,
and g, describe its first- and second-order temporal variation,
and X, and ¢, represent uncertainty and effective support. State
filtering and backward smoothing are applied to preserve trajectory
continuity. The deviation of the direct physiological estimate from
the corresponding group state is defined as

h
=yi = gor. (12)

DRE jointly encodes the fused physiological representation, the
direct estimate and its local variation, the group trajectory state,
and the normalised trial phase ¢;,

h . ph . ..
e, =H, (hI; ys, d;, yf ys, 8o,t> 8o,t> Bou,t> Zv,tx Co,ts ¢t) . (13)

The resulting evidence vector combines current multimodal
physiology, short-term variation in the direct estimate, deviation
from the group trajectory, trajectory dynamics, uncertainty, and

d;

trial phase. Two temporal evidence blocks capture local patterns,
after which a bidirectional GRU aggregates contextual information
for fast-slow evolution.

3.3.2  Adaptive fast-slow update. DRE first predicts a dimension-
wise adaptive gain,
a; = ay O exp(ry tanh Hy(e;)), (14)

which allows Valence and Arousal to evolve at different scales. The

fast pathway then generates an instantaneous correction,
f; = By tanh Hy (e;). (15)

In parallel, the slow pathway recursively updates its internal
state using an adaptive retention rate,

Pt = Pmin T (pmax - pmin)U(Hp(et)) s (16)
u; = psu;—q + (1 - p;) tanh Hy(e;), (17)
s; = Bsu,. (18)

A larger p; preserves more of the accumulated state, whereas a
smaller value allows the slow pathway to incorporate more current
evidence. The retention mechanism therefore adapts the effective
temporal memory instead of imposing a fixed smoothing horizon.
The final dynamic estimate is computed as

phys

d
ysf} = 8ot + x50t © (YS,U,, - gv,t) + fs,v,t + Ss,o,t- (19)

The group trajectory supplies coarse temporal context, while
the adaptive deviation term preserves trial-specific physiological
evidence. The fast pathway responds to local changes, and the
slow pathway accumulates persistent evidence over time. Their
combination enables DRE to retain short-term sensitivity without
sacrificing long-term continuity.

4 Experiments

4.1 Experimental Setup

The physiological backbone is pre-trained on public EEG and simul-
taneous EEG-fNIRS datasets [10, 33] and subsequently fine-tuned
for continuous affect estimation. The training partition is used for
model optimisation, GAT construction, and all training-derived tem-
poral statistics, while the validation partition is used for checkpoint
selection and limited hyperparameter tuning. Valence and Arousal
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labels are normalised to [0, 1], and performance is evaluated us-
ing mean absolute error (MAE). All baselines are retrained on the
same downstream split following the architectures, objectives, and
optimisation settings of their public implementations. In Table 1,
Context-Augmented denotes each pipeline using its correspond-
ing training-derived temporal information, whereas Context-Free
denotes the physiological pipeline without such information.

4.2 Performance Analysis

Table 1 compares SAIN with the reproduced baselines. Incorporat-
ing training-derived temporal context consistently improves aggre-
gate performance across the evaluated pipelines, demonstrating
that physiological representations and temporal regularity provide
complementary information for continuous affect estimation. Un-
der the Context-Augmented setting, SAIN achieves the strongest
overall and Arousal performance, while several baselines remain
competitive on Valence. This pattern indicates that the two affective
dimensions benefit differently from physiological representation
learning and temporal refinement.

Table 2 examines the contribution of each physiological modality.
The EEG-only and fNIRS-only models achieve comparable overall
performance but exhibit complementary dimension-wise behaviour.
EEG performs better on Arousal, whereas fNIRS is slightly stronger
on Valence. Combining the two modalities improves both dimen-
sions, showing that ACI integrates complementary electrophysio-
logical and haemodynamic evidence rather than relying on a single
dominant modality.

Table 3 further isolates the contributions of the two DRE path-
ways. Removing either pathway degrades overall performance,
confirming that fast correction and slow recurrent accumulation
capture distinct temporal properties. The larger decline after re-
moving the slow pathway highlights the importance of persistent
evidence, whereas the fast pathway provides additional sensitiv-
ity to local variations. This contribution is particularly relevant to
Arousal, which exhibits stronger temporal variation than Valence.
Together, these results show that SAIN improves continuous affect
estimation through complementary multimodal interaction and
multi-timescale temporal evolution.

4.3 Behavioural and Temporal Analysis

Figure 2(a) stratifies validation trials according to the trial-level er-
ror of the base model. SAIN reduces error in both difficult intervals,
with a larger improvement on the hardest trials. Both DRE path-
ways contribute positively, indicating that fast correction and slow
recurrent accumulation remain effective when rapid local variation
coexists with sustained deviation from the group trajectory. The
stronger improvement under these conditions supports the role of
DRE in adapting population-level temporal context to trial-specific
physiological dynamics rather than applying a uniform temporal
correction.

Figure 2(b) examines sensor dependence through counterfac-
tual channel masking. The spatially non-uniform error changes
for both EEG and fNIRS indicate that SAPE retains informative
channel relations instead of reducing each modality to an unstruc-
tured global representation. EEG sensitivity is concentrated around
left fronto-central, central, and centro-parietal channels, including

Feng-Qi Cui et al.

FC3, C5, and CP5, broadly agreeing with affective EEG findings
across frontal, central, and parietal regions [49]. NIRS sensitivity
forms clusters across prefrontal and temporal regions, consistent
with distributed haemodynamic involvement reported in previous
studies [7, 32, 41]. Masking top-ranked channels causes greater
degradation than masking low-ranked or randomly selected chan-
nels, supporting the effectiveness of SAPE in preserving structured
modality-specific evidence. Joint masking produces the largest er-
ror increase, further indicating that ACI relies on complementary
information from both modalities rather than substituting one phys-
iological stream for the other.

Figure 2(c) projects category-level internal states into the Valence-
Arousal space using a linear probe fitted on the training partition.
SAIN produces trajectories that more closely follow the target geom-
etry for Neutral, Happy, and Relax, with clearer category-specific
directions than the base representations. This improved organisa-
tion is consistent with ACI combining adaptive modality selection,
cross-modal discrepancy, and coordinated responses into a more
affectively discriminative fused representation. Fear and Sad re-
main less separable, reflecting the greater overlap and temporal
variability of negative affective states.

Figure 3(a) presents representative Valence and Arousal trajecto-
ries. SAIN follows rises, falls, and plateaus more closely than the
base model, particularly around transition intervals and sustained
deviations. The recovery of sharper local changes is consistent with
the instantaneous fast pathway, while the improved tracking of pro-
longed rises and plateaus reflects the accumulated state of the slow
pathway. Their combination allows DRE to recover trial-specific
variation without sacrificing temporal continuity.

Figure 3(b) compares phase-wise performance after sequences
of different lengths are mapped to a normalised trial phase. SAIN
maintains lower average error across most phases, showing that
the benefit of DRE extends throughout the trajectory rather than
being confined to isolated transitions. The relatively stable improve-
ments in the middle and later phases support progressive evidence
accumulation in the slow recurrent state, whereas the gains around
changing regions are consistent with the local responsiveness of the
fast pathway. These phase-dependent behaviours agree with the
intended separation between transient correction and persistent
affective evolution.

5 Conclusion

We proposed SAIN, a hierarchical framework comprising SAPE,
ACI, and DRE for continuous EEG-NIRS affect estimation. SAPE
preserves modality-specific physiological structure, ACI integrates
complementary electrophysiological and haemodynamic evidence,
and DRE coordinates fast local correction with slow recurrent accu-
mulation around GAT. SAIN outperforms reproduced baselines and
unimodal controls, while visual analyses reveal stronger gains on
difficult trials, structured channel dependence, improved affective
geometry, and sustained temporal improvement. These findings sup-
port the unified modelling of physiological structure, cross-modal
interaction, and multi-timescale dynamics for continuous affect
estimation. Future work will explore subject-aware cross-modal
alignment and adaptive temporal modelling to better accommodate
individual variability and modality-specific response delays.
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