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Abstract

Automated detection of mental health conditions such as stress
and Social Anxiety Disorder (SAD) from video is an important
yet challenging problem, as these states exhibit both transient
micro-expressions and sustained behavioral patterns over time.
While stress and anxiety are distinct constructs, they share over-
lapping behavioral manifestations; in this work, we study them
under a unified framework of affective distress. Existing video-
based approaches often process heterogeneous behavioral cues
using a single sequential encoder, which can lead to information
loss when modeling signals with diverse temporal characteristics.
To address this limitation, we propose a Multi-Branch Modality-
Aware Multiple Instance Learning (MIL) framework that explicitly
disentangles behavioral features based on their temporal dynamics.
Specifically, high-variance and sparse signals (e.g., facial Action
Units) are processed using a convolutional branch to capture tran-
sient behavioral patterns, while temporally continuous signals (e.g.,
postural landmarks and gaze) are modeled using a Bidirectional
LSTM to capture long-term trends. A gated attention mechanism
aggregates window-level representations into participant-level pre-
dictions while providing interpretable temporal saliency maps. We
evaluate our approach across four datasets capturing stress- and
anxiety-related conditions, including a private SAD dataset, Stres-
sID, UBFC, and AVEC 2017. Results demonstrate competitive or
improved performance over state-of-the-art methods, along with
strong cross-dataset generalization. Additionally, we introduce a
gradient-based video rendering pipeline that overlays model atten-
tion onto input videos, enabling interpretable spatial and temporal
insights for assessment. Our implementation is publicly available
at https:// github.com/OmGovind15/ MAMBL.
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1 Introduction

Affective distress—including stress, anxiety, and emotion regula-
tion difficulties—challenges clinical assessment and large-scale be-
havioral analysis. These conditions manifest through observable
cues like facial expressions, gaze, and body movements, capturable
non-invasively via video. Consequently, video-based analysis has
emerged as a promising, scalable tool for mental health monitoring.

Recent advances in affective computing have demonstrated the
potential of machine learning models to infer psychological states
from multimodal behavioral signals [12, 13, 24]. In particular, video-
based approaches leverage a rich behavioral vocabulary, including
facial Action Units (AUs), head pose dynamics, eye gaze behavior,
and upper-body kinematics. However, a key challenge lies in the
heterogeneous temporal nature of these signals. Some behaviors,
such as micro-expressions or rapid fidgeting, are transient and high-
frequency, while others, such as posture or sustained gaze patterns,
evolve gradually over longer durations. Treating these fundamen-
tally different temporal dynamics within a single unified encoder
can lead to suboptimal representations, where certain signal types
dominate or obscure others.

A further practical challenge is that video recordings inherently
vary in length across participants. A participant may be recorded
for anywhere from a few seconds to over an hour, and diagnosti-
cally relevant events may occupy only a small fraction of the total
duration. Standard sequence models that process fixed-length in-
puts are ill-suited to this setting. Multiple Instance Learning (MIL)
provides a principled framework for handling such variability: each
participant is treated as a bag of temporal window instances, and
the model learns to assign discriminative importance to individual
windows without requiring fine-grained annotations [7].

In this paper, we address these challenges with a framework
we call Multi-Branch Modality-Aware MIL. Our key contribu-
tions are as follows: (i) Principled Feature Routing: We intro-
duce a data-driven partitioning strategy that separates behavioral
features into sudden (high-variance, rapidly changing) and contin-
uous (temporally smooth and persistent) streams based on their
temporal statistical properties. (ii) Multi-Branch Encoding: We
design a dual-branch architecture consisting of a 1D Convolutional
Neural Network (CNN) and a Bidirectional Long Short-Term Mem-
ory (BiLSTM) network. The CNN is used to capture short-term,
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localized temporal patterns within small windows (e.g., rapid move-
ments or micro-expressions), while the BILSTM models longer-term
temporal dependencies and gradual behavioral trends across the
sequence. (iii) Gated Attention MIL: We employ a gated attention-
based Multiple Instance Learning (MIL) mechanism [7] to aggregate
window-level representations into a single participant-level predic-
tion. This mechanism assigns interpretable importance weights to
different temporal segments, enabling the model to focus on the
most informative parts of the recording. (iv) Explainability via
Video: We develop a gradient-based, attention-guided visualization
pipeline that maps model importance scores back onto the origi-
nal video frames. This produces continuous spatial and temporal
overlays that help interpret which behaviors influence the model’s
predictions. (v) Multi-Dataset Evaluation: We benchmark our
framework across multiple datasets capturing different aspects of
affective distress, including our own private SAD dataset, StressID,
UBFC, and AVEC 2017. Our results demonstrate strong performance
and consistent generalization across datasets.

2 Related Work

Video-Based Affective Computing. Automated behavioral
video analysis is central to affective computing. Early methods re-
lied on hand-crafted descriptors like Local Binary Patterns and facial
landmark statistics for depression and emotion recognition [3, 21].
Recent approaches leverage deep learning to extract joint spatio-
temporal representations. RNNs and temporal CNNs frequently
model dynamics from facial Action Units (AUs), head pose, gaze,
and body movements [1, 4]. Furthermore, the AVEC challenges [21]
have established crucial standardized benchmarks for multimodal
affect analysis.

Temporal Modeling of Behavioral Signals. Modeling tempo-
ral dynamics is critical for understanding behavioral expressions of
affective states. Prior work has employed recurrent neural networks
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(RNNs), Long Short-Term Memory (LSTM) networks, and spatial-
temporal graphs to capture sequential dependencies in multimodal
data [10, 11, 24]. These models are effective in learning temporal
patterns but typically process all input features through a single en-
coding pathway. However, behavioral signals exhibit heterogeneous
temporal characteristics. Some cues, such as micro-expressions
or rapid movements, occur as short-lived, high-frequency events,
while others, such as posture or gaze patterns, evolve gradually over
longer time scales. Existing approaches that use a unified encoder
may fail to adequately capture both types of dynamics simultane-
ously, leading to biased representations. Our work addresses this
limitation by explicitly separating and modeling distinct temporal
behaviors through a multi-branch architecture.

Multiple Instance Learning for Video-Based Analysis. MIL
provides a natural framework for learning from weakly labeled se-
quential data, where labels are available only at the bag level [7]. In
video-based settings, each recording can be treated as a bag of tem-
poral segments, allowing models to identify salient moments with-
out requiring frame-level annotations. Attention-based MIL meth-
ods have been particularly effective, as they enable interpretable
aggregation of instance-level features. Ilse et al. [7] introduced a
gated attention mechanism for MIL, which has since been widely
adopted across domains. Despite these advances, most MIL-based
approaches rely on a single feature representation pipeline and do
not explicitly account for differences in temporal behavior across
modalities. In contrast, our approach integrates modality-aware
feature routing with MIL, allowing the model to better capture
diverse behavioral patterns before aggregation.

Graph-Based and Transformer-Based Models. Graph-based
methods model structured relationships between facial landmarks
or body keypoints using Graph Neural Networks. Approaches such
as ST-GCN [25] capture spatio-temporal dependencies in skeletal
data and have been widely applied to action recognition and be-
havioral analysis. Extensions of these models have been explored
for affective computing by modeling interactions between different
facial and body regions. Transformer-based models have gained
popularity for sequence modeling due to their ability to capture
long-range dependencies through self-attention [22]. Time-series
transformers [26] and multimodal transformer architectures [20]
have shown strong performance in affective and stress prediction
tasks. However, these models typically assume fixed-length inputs
and process all features uniformly, without explicitly distinguish-
ing between different temporal characteristics of behavioral sig-
nals. This can limit their effectiveness in real-world settings with
variable-length recordings and heterogeneous features.

Explainability in Affective Computing. Interpretability is
an important consideration in affective computing, particularly for
applications related to mental health. Prior work has explored atten-
tion mechanisms and saliency-based techniques to identify which
parts of an input signal contribute most to model predictions [7, 18].
In video-based settings, these approaches enable visualization of
important temporal segments or spatial regions. While attention
mechanisms provide coarse interpretability at the sequence level,
gradient-based methods such as Grad-CAM [18] allow finer-grained
localization of model activations. Our work builds on these ideas by
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combining attention-based temporal weighting with gradient-based
visualization, producing continuous spatial and temporal saliency
overlays that enhance interpretability for behavioral analysis.

In summary, prior work has made substantial progress in video-
based affective analysis using deep sequential models, MIL frame-
works, and attention-based architectures. However, limited atten-
tion has been given to explicitly modeling the heterogeneous tem-
poral characteristics of behavioral signals within a unified frame-
work. Our proposed Multi-Branch Modality-Aware MIL approach
addresses this gap by combining specialized feature encoding with
interpretable instance-level aggregation, resulting in improved ro-
bustness and cross-dataset generalization.

3 Methodology

We extract a rich set of behavioral features from the participants’
recordings and partition the timeline into N; overlapping temporal
windows of fixed duration L. Each participant, P; is thus represented
as a variable-length bag of instances: X; = {x;1, xi2, ..., Xin; }»
where x;; € R is the feature vector for the k-th temporal window
of participant P;. The participant label y; € {0, 1} (e.g., non-stressed
/ stressed) is available only at the bag level; no per-window labels
exist. The goal is to learn a mapping f : X — {0, 1} that correctly
predicts y; from X;, while simultaneously producing window-level
attention weights a;  to serve as an interpretable importance map.
Figure 1 provides an overview of the steps in our methodology.

3.1 Feature Extraction

To represent the video frames, we extract raw spatial landmarks
and action units using the MediaPipe and OpenFace libraries. Be-
cause human behavior involves both static posture and dynamic
motion, we do not rely solely on the raw frame-level values. In-
stead, we engineer a consistent set of statistical, kinematic, and
spectral representations for every raw feature across the temporal
window k. Let the continuous temporal sequence of a single raw fea-
ture within a window of length L be defined as ¢ = [cy,¢p, ..., cL].
To construct our final window-level vector x; ., we compute the
following metrics: (i) Base Statistics: The mean (y = 1 S
and standard deviation (o) are calculated to capture the baseline
activation and overall variance of the signal within the window,
a standard practice in continuous affect modeling [10, 23]. (ii)
Kinematics (Derivatives): To capture rapid micro-movements,
psychomotor agitation (fidgeting), or tremors commonly associ-
ated with acute affective distress [17, 23], we calculate the tem-
poral velocity v and acceleration a via finite differences, where
v; = Cr41 — ¢; and a; = vy41 — v;. We extract the mean and standard
deviation of both the velocity and acceleration. (iii) Distributional
Shape: We compute the skewness (y;) and kurtosis (y2) to identify
asymmetrical postural deviations and structural rigidity (postural
freezing) [9, 17]: y1 = £ 20 (;[_”)3, Y2 = £ 2t (40,—/4)4. (iv) Fre-
a o
quency Domain: To capture cyclic physiological rhythms and
repetitive behavioral motifs, such as respiration rate or involun-
tary postural swaying [6], we compute the Power Spectral Density
(PSD) of the mean-centered sequence using Welch’s method. Let f
denote the frequency bins and P( f) the corresponding power. From
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the PSD, we extract three distinct spectral descriptors: the domi-
nant frequency (fgom = argmaxy P(f)), the total spectral power

(Protal = X P(f)), and the spectral centroid (C = M).

Protal

3.2 Bimodal Feature Routing

Our architecture is built on the principle that distinct behavioral
cues require specialized processing. Rather than treating all features
equally, we use their temporal stability and frequency to group them
into two dedicated processing streams. We define two metrics for
every feature j: (i) Sparsity (s;): The fraction of sequences in which
feature j is inactive. (i) Autocorrelation (p;): The lag-1 temporal
autocorrelation of feature j, measuring structural smoothness.

To be classified as a Continuous baseline shift (e.g., slouched
posture or sustained gaze aversion), a feature must be both highly
stable and frequently active. We enforce a logical intersection: For
e.g., features satisfying both p; > 0.80 and s; < 0.50 are routed
to Stream B (Continuous). All other features—whether they are
highly intermittent (high sparsity) or constantly erratic (low auto-
correlation)—fail this strict criteria. These are classified as transient
behavioral events (e.g., facial twitches, rapid fidgeting) and are ex-
plicitly routed to Stream A (event). This intersectional routing
strategy prevents modality collapse by ensuring that high-variance
sudden movements do not mathematically overshadow subtle, con-
tinuous drifts during network training. The thresholds (p = 0.80,
s = 0.50) were selected empirically based on preliminary validation
experiments and were then kept fixed across all datasets. We fur-
ther performed a sensitivity analysis by varying both thresholds.
Performance remained relatively stable around the selected operat-
ing point, whereas more extreme settings reduced both accuracy
and Macro-F1. In particular, overly restrictive sparsity thresholds
occasionally caused feature partition collapse, routing nearly all
features into a single stream.

3.3 Dual-Kinematic Feature Encoding

Each stream is processed by a dedicated neural branch architec-
turally matched to its temporal nature. Stream A — 1D CNN :
To capture localized behavioral patterns, Stream A sequences are
processed by a 1-Dimensional Convolutional Neural Network. Let
XA € RNiX4a represent the input sequence, where N; is the number
of temporal windows and d4 is the feature dimension. Unlike stan-
dard spatial CNNs, our filters convolve across the sequence dimen-
sion as H* = ReLU(BN(Conv1D(X*))). Here, Conv1D extracts
temporal features, BN denotes Batch Normalization to stabilize
activations, and ReLU introduces non-linearity. By sliding across
adjacent temporal windows, the CNN becomes highly sensitive to
abrupt local transitions (e.g., sudden onset of hand-wringing). To
ensure temporal synchronization for downstream fusion, appropri-
ate padding is applied such that the output matrix H* € RNi*denn
preserves the original sequence length.

Stream B — Bidirectional LSTM Branch: To track long-
range dependencies, Stream B sequences, denoted as XB ¢ RNixdp
are processed by a Bidirectional LSTM via H3 = BiLSTM(XB).
The BiLSTM(+) function processes the sequence in both forward
and backward directions, yielding a sequence of hidden states
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HP € RNi*distm  This integration captures both historical and fu-
ture contextual shifts, such as the gradual deterioration or stiffening
of posture over the course of a video.

Feature Integration. To form a unified, multi-perspective rep-
resentation for each temporal window, the output embeddings from
both branches are dynamically concatenated. Let hf € R%nn and
hf € R%stm represent the k-th temporal row of the intermediate
matrices H* and H5, respectively. The combined window-level
embedding is defined as hy = [hA;hf] € R% where [;] denotes
the concatenation operator & dj, = denn + distm is the dimension of
the fused representation. This combined sequence is subsequently
passed to the attention aggregation module.

3.4 Gated Attention Aggregation

To pool the variable-length sequence of window embeddings {h;, hy, .

hy,} into a single participant-level context vector, we employ a
Gated Attention mechanism. Unlike standard soft attention, gated
attention introduces a learned multiplicative gate that aggressively
suppresses irrelevant windows. The attention score for the k-th
window is formulated as ar = w' (tanh(Vh) © o(Uhyg)) where
w € R% ig a learnable weight vector, and V,U € Réa*dn are learn-
able projection matrices mapping the input to an internal atten-
tion dimension d,. The © operator denotes element-wise multi-
plication, and o is the sigmoid activation function acting as the
gating mechanism. These scalar scores are normalized across the

entire sequence via a softmax function to produce valid probabil-
exp(ax)
2k exp(aj)
sentation is the attention-weighted sum of all temporal windows:
Ni
Zetx = Zk:l ap hy € R,

ity weights: a; = . The final, participant-level repre-

3.5 Classification and Contrastive Optimization

The pooled context vector zc, € R% is passed through a Multi-
Layer Perceptron (MLP) with dropout to yield the final binary
prediction. The predicted probability § € [0,1] is given by § =
o(W3 ReLU(W/ z¢x + b1) + by) where Wi, W, and by, b, are learn-
able parameters, ReLU(-) introduces non-linearity, and o(-) is the
sigmoid activation function.

To train the network, we employ a hybrid loss that combines
Binary Cross-Entropy (BCE) with Supervised Contrastive Loss:
L = ApcE LBcE + Asupcon Lsupcon- The Binary Cross-Entropy loss
is defined as Lpce = —% 2y [yilog(g:) + (1 - y;) log(1 — §)]
where y; € {0, 1} is the ground-truth label and §; is the predicted
probability. To improve representation robustness under high inter-
subject variability, we incorporate Supervised Contrastive Loss [8].
Let z; denote the normalized embedding corresponding to sample i
in a batch of size N. The contrastive loss is defined as Lsypcon =

fil ﬁ Zpep(i) log % where: (i) P(i) denotes the

acA(i

set of indices of samples ;ﬁaring the same label as i (excluding i
itself), (ii) A(i) denotes all samples in the batch excluding i, and
(iii) 7 is a temperature scaling parameter. This objective encourages
embeddings of samples from the same class to be close in the la-
tent space while pushing apart those from different classes. The
balancing coefficients Apcg and Asypcon are determined empirically
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to achieve an effective trade-off between classification performance
and representation structure.

3.6 Explainability: Attention Mapping

Beyond binary prediction, our architecture yields actionable spa-
tial and temporal justification. The temporal attention weights
{a1, ..., an;} explicitly isolate the exact temporal windows driving
the model’s diagnosis. To achieve spatial explainability, we compute
the gradient of the unnormalized prediction logit, yjogit, With respect

Ylogi
to the input features for each temporal window k: g = |ZIT:" ) We

compute gradients with respect to the pre-sigmoid logit to prevent
gradient saturation. Because each dimension of x; maps directly to
a physical MediaPipe or OpenFace keypoint, we project the magni-
tude of g back onto the 2D image coordinates of the source video.
To produce a continuous and readable visual heatmap, we apply
a dual-smoothing strategy. Temporally, the attention weights oy
are linearly interpolated across the frames within each window to
prevent visual flickering. Spatially, the gradient magnitudes gj are
multiplied by this interpolated attention weight, dynamically mod-
ulating the intensity of the spatial heatmap based on the model’s
moment-to-moment focus. This allows to observe exactly which
sudden facial or postural shifts triggered the network’s prediction
at any given time.

4 Experiments and Results

4.1 Datasets and Preprocessing

We evaluate our framework on four datasets covering different
aspects of affective distress, including stress, anxiety-related behav-
ior, and depression-oriented benchmarks. While several of these
benchmarks provide rich multimodal data (e.g., audio, physiological
signals), our evaluation strictly isolates the video modality. This
ensures a consistent, deployable setup to rigorously validate our
video-based behavioral framework. To standardize the evaluation,
all video sequences are processed into fixed-duration temporal
windows from which behavioral features are extracted.

Private SAD Dataset. This dataset [17] consists of 101 partic-
ipants collected in a controlled setting under a structured social
stress paradigm (public speaking and social evaluation tasks). Each
participant is assigned a binary label (SAD / non-SAD) based on as-
sessment. Video recordings are segmented into temporal windows,
yielding sequences with variable lengths ranging from 4 to 26 win-
dows per participant (mean: 17.8). From each window, we extract a
total of 2,736 features, split into 1,236 sudden (high-variance) fea-
tures and 1,500 continuous features. This dataset has moderate class
balance (44 SAD vs 57 non-SAD participants). Unlike other dataset
feature processing, random forest pruning was not applied to the
Private SAD dataset because its substantially larger sample size,
together with the intrinsic regularization of the proposed network,
sufficiently mitigated overfitting.

UBFC-Phys. UBFC-Phys is a multimodal dataset [15] designed
for stress analysis. The elicitation protocol involves socio-evaluative
stressors, typically public speaking or arithmetic tasks. To ensure
high feature quality, the dataset (including all other datasets) under-
went strict sparsity and variance thresholding prior to modeling.
Behavioral features were extracted strictly from the video stream,
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Table 1: Comprehensive Architectural Benchmark across Four Datasets (5-Seed Average). The best results per dataset are
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highlighted in bold.
Private SAD StressID UBFC AVEC 2017

Architecture Acc. F1 Acc. F1 Acc. F1 Acc. F1
Modality-Aware Architectures
Multi-Branch CNN-LSTM (Ours) | 71.04% 0.696 | 70.74%  0.6968 | 71.67%  0.635 | 67.07%  0.562
FacialPulse MIL [23] 68.52%  0.678 | 70.71%  0.6964 | 71.33%  0.576 | 60.51%  0.559
FacialPulse Original [23] 60.90%  0.599 | 70.64%  0.6940 | 55.83%  0.445 | 62.42%  0.563
TMMT [10] 66.69%  0.647 | 70.43%  0.6927 | 70.67%  0.616 | 67.60%  0.513
SPG-GAT [24] 60.59%  0.548 | 71.49% 0.7007 | 59.17%  0.514 | 52.48%  0.406
Single-Stream Sequence Architectures
DeepConvLSTM [11] 67.94%  0.663 | 71.44%  0.7034 | 70.83%  0.569 | 68.56%  0.542
TS-Transformer [26] 67.93%  0.661 | 70.43%  0.6927 | 67.67% 0.550 | 65.58% 0.572
CNN / ViT Baselines
VideoMAE (ViT)[19] 5432% 0499 | 67.16% 0640 | 37.30% 028 | N/AF  N/AF
ResNet18-3D [5] 58.17%  0.366 | 65.28% 0.395 77.78% 0.63 N/A* N/A*
ML Baselines (Temporal Pooling)
XGBoost 59.48%  0.565 | 68.21% 0.673 43.33%  0.3860 | 61.01%  0.4940
Logistic Regression 61.43%  0.573 | 62.18% 0.611 45.00% 0.3567 | 53.15% 0.4216
SVM (RBF Kernel) 53.38%  0.386 | 69.18% 0.683 41.67%  0.3357 | 69.68% 0.4090
KNN 56.33%  0.509 | 65.82% 0.648 39.17% 03193 | 54.60% 0.4179
Random Forest 58.90%  0.533 | 71.16% 0.702 34.33%  0.2589 | 67.24%  0.4072
Ablation Variants (Investigating Routing Strategies)
Baseline Dual-Stream (Linear) 65.14%  0.639 | 70.05% 0.6854 | 61.00%  0.495 | 64.33%  0.543
Unified 1D-CNN 65.53%  0.636 | 71.07% 0.7014 | 65.33%  0.521 62.93%  0.553
Unified BiLSTM 64.93%  0.636 | 71.39% 0.7035 | 66.33%  0.588 | 63.57%  0.517
No-Split Dual-Stream 65.53%  0.644 | 69.98%  0.6902 | 64.00%  0.521 68.48%  0.558
Learnable Routing 63.75%  0.623 | 69.88%  0.6834 | 69.83%  0.564 | 66.70%  0.547

# For AVEC 2017, raw video data was not available in our processed pipeline.
capturing facial and upper-body dynamics. The dataset contains
32 video sequences from 16 participants. Because UBFC-Phys con-
tains only 16 participants, the expanded feature space was pruned
using Random Forest feature importance to retain the 400 most
informative features, thereby reducing overfitting. Each sequence
consists of 35 temporal windows (uniform length), with each win-
dow represented by 400 features (375 sudden and 25 continuous).
Based on the raw continuous anxiety scores, the class distribution
is relatively balanced (56.25% high anxiety vs 43.75% low anxiety at
the window level).

StressID. StressID is a publicly available multimodal dataset [2]
containing synchronized video, audio, and physiological signals
for stress detection. To elicit distress, participants underwent a
series of cognitive load tasks and emotional stimulus viewings. We
isolate the binary-stress labels, explicitly filtering out sequences
with missing or unreleased ground-truth values to ensure evalua-
tion integrity. The curated dataset contains 578 video sequences
from 53 participants, with each sequence consisting of 72 temporal
windows (uniform length). A similar Random Forest-based feature
selection strategy was employed for StressID due to the limited
number of participants. After preprocessing and feature selection,
each window is represented by 400 features (149 sudden and 251
continuous). The dataset is moderately balanced at the window
level (53.98% stress vs 46.02% non-stress).

AVEC 2017. AVEC 2017 [14] is a widely used benchmark focus-
ing on depression state estimation from multimodal recordings. The
videos feature participants engaging in human-agent interviews
conducted by an animated virtual interviewer. Ground-truth formu-
lation is structured as binary classification utilizing the standardized
PHQS binary labels extracted across the training and development
splits; participants belonging to hidden test sets with unreleased
labels were systematically excluded and deduplicated. The final
clean dataset consists of 139 participants, each represented by a

fixed-length sequence of 17 temporal windows, resulting in 2,363
total windows. The dataset exhibits class imbalance, with 97 control
and 42 depressed participants (corresponding to 69.78% and 30.22%
at the window level), handled via dynamic BCE class weighting.
Following our modality-aware design, features were partitioned
based on their temporal characteristics, resulting in 30 sudden fea-
tures processed by the CNN branch and 13 continuous features
processed by the LSTM branch (43 features per window). For AVEC
2017, we used the pre-extracted features provided by the original
benchmark without additional feature selection step using Random
Forest.

Because affective distress manifests as both sudden expressions
and sustained behavioral shifts, we standardize the continuous
video streams into fixed-duration overlapping windows prior to
feature extraction. To ensure sufficient temporal context for the
sequential backbones, we utilize a 50% overlap (stride) across all
datasets. For the Private SAD, UBFC-Phys, and AVEC 2017 datasets,
we extract windows of 500 frames, yielding a temporal span of ap-
proximately 14 to 18 seconds per window depending on the camera
framerate (e.g., 35 FPS for UBFC, 27 FPS for SAD). Unlike the higher-
resolution data (27-35 FPS), the StressID features were aggregated
at a lower temporal resolution of 5 FPS. To capture details despite
this sparse sampling, we utilized 5-second time-bins for windowing.
If a sequence’s final window lacks sufficient frames, it is padded
with zeros and masked during the attention calculation to prevent
artifacting. Rather than relying on frame-level alignment across
datasets, the proposed framework operates on sliding-window sta-
tistical descriptors. Consequently, differences in camera frame rates
are absorbed during window-level aggregation, producing tempo-
rally comparable behavioral representations for the downstream
sequential encoders.
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4.2 Baselines

We compare our architecture against state-of-the-art (SOTA), se-
quential, and vision-based baselines. Affective Models: We evalu-
ate against FacialPulse Original [23], an implementation of the
FMMM architecture. It utilizes a dual-stream Bidirectional GRU
to independently process two distinct behavioral representations:
absolute features (the raw, static spatial state) and relative features
(the temporal first-derivative, representing behavioral velocity), re-
lying on global temporal pooling prior to late-fusion averaging. We
also test FacialPulse MIL, which bridges this dual-stream extrac-
tion with our the MIL pooling. Next, we implement TMMT [10],
which fuses features early through a shared LSTM and applies a
Transformer Encoder utilizing a learnable class token ([CLS]) for
task-specific sequence aggregation. Finally, we compare against
Spectral-Temporal GAT (ST-GAT) [24], adapted from the origi-
nal Spatial Pose Graph Attention Network (SPG-GAT). Rather than
relying on rigid spatial topology, deep temporal features are trans-
formed into the frequency domain via Fast Fourier Transform (FFT)
to construct a fully connected spectral graph, processed by the
original authors’ GAT engine.

Deep Sequential Models: We include DeepConvLSTM [11],
a standard sequential model utilizing four consecutive 1D convolu-
tional layers followed by a two-layer BILSTM. We also evaluate a
Time-Series Transformer [26], which utilizes linear input pro-
jection & positional encoding prior to multi-head self-attention.
Both models were purposefully adapted with our MIL attention
head in place of standard flattening to ensure a fair, backbone-only
comparison.

Vision and Classical Baselines: To demonstrate the limita-
tions of purely spatial-temporal learning without explicit modal-
ity routing, we evaluate standard vision backbones operating di-
rectly on raw video sequences, specifically VideoMAE [19] and
ResNet18-3D [5]. Lastly, we compare against classical machine
learning baselines (Random Forest, Logistic Regression, SVM,
and XGBoost) operating on globally pooled window-level feature
vectors to demonstrate the need of sequence-aware modeling.

4.3 Experimental Setup

All deep learning models are trained using 5-fold GroupKFold cross-
validation grouped by participant ID to prevent subject leakage.
Within each fold, approximately 80% of the participants are used
for training and the remaining 20% for validation. Early stopping
is performed using the validation accuracy with a patience of 10
epochs, and the checkpoint with the best validation performance is
retained for testing on the held-out fold. Nested cross-validation
was not employed because of the limited number of unique par-
ticipants in several datasets. Final performance is reported as the
mean over five random seeds to account for initialization variance.
All models are implemented in PyTorch and trained on a single
NVIDIA GPU using Adam (10~* learning rate, 10~* weight decay).

4.4 Main Results

Across the diverse evaluation settings, our modality-aware archi-
tecture consistently demonstrates (see Table 1) strong performance,
achieving state-of-the-art results on both the private SAD and UBFC
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datasets. On the primary SAD dataset, our model achieves the high-
est accuracy (71.04%) and Macro F1 (0.696). The substantial per-
formance gap over the original single-stream FacialPulse baseline
(60.90% accuracy) highlights the severe limitations of processing het-
erogeneous behavioral cues through a unified pathway. By explicitly
isolating high-frequency transient signals from slow-moving pos-
tural shifts, our multi-branch approach successfully prevents the
modality collapse and information decay observed in pure recur-
rent networks. This dominance extends to the UBFC dataset, where
our architecture achieves a leading accuracy of 71.67% and an F1
score of 0.635, comfortably outperforming competitive multimodal
models like TMMT.

Furthermore, our framework demonstrates robust cross-dataset
generalization on StressID and AVEC 2017. On StressID, while
spatial-temporal graph models (SPG-GAT) and deep recurrent net-
works (DeepConvLSTM) perform exceptionally well, our Multi-
Branch architecture remains highly competitive (70.74% accuracy,
0.6968 F1), proving that it adapts effectively even when tempo-
ral characteristics vary. Similarly, on the AVEC 2017 benchmark—
which introduces fixed-length sequences and significant class im-
balance. Our model achieves an F1 score of 0.562, closely trailing
the TS-Transformer baseline.

Notably, across all datasets, classical machine learning baselines
relying on global temporal pooling (e.g., XGBoost, Random Forest,
SVM) exhibit high information loss. For instance, SVM collapses to
an F1 score of 0.386 on SAD, and XGBoost drops to 0.3860 on UBFC.
This widespread failure confirms that collapsing temporal windows
washes out the critical transient micro-expression signals required
for accurate affective distress detection, validating our choice of a
MIL framework.

4.5 Architectural Ablations & Routing Analysis

To isolate the contribution of each architectural component, we
evaluate simplified variants across all four datasets (Table 1). Over-
all, the results demonstrate that the proposed architecture benefits
from both modality-aware branch specialization and statistically
guided feature routing.

(i) Effect of Branch Specialization: Single-stream alternatives
(Unified 1D-CNN and Unified BiLSTM) generally underperformed
the proposed model, indicating that local temporal patterns and
long-range dependencies are complementary and require dedicated
CNN and recurrent processing.

(ii) Importance of Statistical Feature Routing: Dual streams
alone are insufficient. While the Baseline Dual-Stream (Linear)
preserves the statistical feature split but replaces the CNN and
BiLSTM with simple linear encoders, the No-Split Dual-Stream
retains the specialized branches but feeds the complete feature set to
both. Both variants generally underperformed the proposed model,
demonstrating that effective performance requires both statistically
guided feature routing and branch specialization.

(iii) Hard vs. Learnable Routing: Replacing deterministic rout-
ing with Learnable Routing also reduced performance. The soft
gating mechanism mixed heterogeneous feature types, limiting
branch specialization. In contrast, routing using pre-computed sta-
tistical descriptors (Sparsity and Autocorrelation) preserved feature
separation and produced more robust performance across datasets.
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Figure 2: Temporal attention distribution across participants.
Brighter values indicate higher attention weights «; k.

4.6 Interpretability and Explainability

A key requirement in affective computing systems is transparency,
i.e., understanding how and why a model arrives at a particular
prediction. Interpretability refers to intrinsic transparency, where
components of the model directly reveal how decisions are made.
Explainability refers to post-hoc methods that attribute predictions
to input features or regions. Our framework incorporates both:
attention weights provide intrinsic interpretability, while gradient-
based saliency enables post-hoc explainability.

Temporal Attention in MIL:. We had each participant P; repre-

sented as a bag of temporal windows: X; = {x; 1, Xi2,...,XiN;}, Xik €

R?. Our model learns attention weights a; . over windows using
a gated attention mechanism. Given window embeddings h; , at-
tention logits are computed as a;; = w' (tanh(Vh;x) © o(Uh;x)).
These logits are normalized across valid windows using a masked
exp(az k)

softmax: a; = —x
TN exp(aig)

is then obtained as a weighted aggregation: z; = ZkN;l Qi hi k. This
formulation ensures that ;. directly encodes the relative impor-
tance of each temporal window in the final prediction.

. The participant-level representation
j=

Temporal Attention Heatmaps: We visualize «; ; across partici-
pants as a heatmap (Figure 2). Each row corresponds to a participant
and each column to a temporal window. Brighter values indicate
higher attention (i.e., windows contributing most strongly to the
prediction), while darker regions correspond to suppressed win-
dows. The visualization shows that attention is not uniformly dis-
tributed across time. Instead, the model assigns higher weights to
a subset of temporal windows while down-weighting others. This
selective allocation of attention reflects how the model prioritizes
specific segments when forming its prediction.

From Temporal Attention to Frame-Level Saliency: While tem-
poral attention provides coarse localization, it does not directly
indicate which aspects of the input features are responsible for the
prediction. To obtain finer-grained insight, we compute gradient-
based saliency with respect to the input features. For a prediction

7;, we compute S; ;. = | % H These gradients capture the sensitiv-
ity of the prediction to each temporal window. We combine them
with attention weights to obtain a temporally weighted saliency
signal: ~S~‘,~,k = ik - Sik- To produce frame-level saliency: (i) S~i,k is
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Figure 3: Video Saliency Visualization. Gradient-based
saliency overlaid on video frames highlights spatial regions
contributing to the model’s prediction.

interpolated from window-level resolution to frame-level times-
tamps. (ii) Feature gradients are mapped back to spatial coordinates
using MediaPipe keypoints. (iii) A smoothing operation is applied
to ensure temporal continuity.

Implementation Details: Attention weights are obtained directly
from the MIL forward pass, where masked softmax ensures that
padded windows do not contribute. Gradients are computed via
standard backpropagation, and saliency is accumulated per window
before interpolation. The pipeline operates post-hoc and does not
require additional supervision.

Video Saliency Visualization: The resulting saliency maps (Fig-
ure 3) overlay importance scores directly onto the video frames.
This produces a continuous visualization of where the model is
attending over time and which spatial regions contribute most to its
prediction, enabling qualitative inspection of the model’s behavior.

5 Discussion

Several recent works have explored multimodal and feature-driven
approaches for anxiety and affect detection using video and sensor
data. For instance, AnxietyFaceTrack [16] and related video-based
studies [17] rely on handcrafted or learned facial and behavioral
features combined within a unified modeling framework. Similarly,
multimodal systems leveraging behavioral and physiological sig-
nals [9, 12] process different sources jointly, often through early
or late fusion. Other works have focused on specific modalities
such as gaze dynamics [13], demonstrating the predictive value of
individual behavioral signals. While effective, these approaches typ-
ically treat features within a shared representation space without
explicitly accounting for differences in their temporal behavior.

In contrast, our approach explicitly separates behavioral signals
based on their temporal statistical characteristics prior to encoding.
Empirically, this design leads to improved or comparable perfor-
mance across multiple datasets. On the SAD and UBFC datasets, our
model achieves the strongest results among all evaluated methods,
outperforming both classical baselines and recent deep learning ap-
proaches such as FacialPulse [23] and attention-based multimodal
models [10]. These gains are notable given that the competing
models have comparable or greater architectural complexity.

Our primary contribution lies in rethinking how heterogeneous
behavioral features are organized prior to learning. While prior
work has explored attention-based Multiple Instance Learning [7],
multimodal fusion [20], and sequence modeling independently, our
framework combines (i) statistically grounded feature routing, (ii)
modality-specific encoding, and (iii) attention-based aggregation
within a unified pipeline. The empirical results suggest that this
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combination provides a practical advantage in settings character-
ized by variable-length sequences and mixed temporal dynamics.

Relation to Explainability Approaches. Prior work on ex-
plainability in affective computing has largely relied on gradient-
based visualization techniques such as Grad-CAM [18], which
highlight spatial regions in individual frames that influence model
predictions. While effective for spatial interpretation, these meth-
ods are typically applied post-hoc and do not explicitly capture
temporal structure in sequential data. In contrast, our approach
provides interpretability at both temporal and feature levels. The
attention weights learned within the MIL framework directly indi-
cate which temporal segments contribute most to the prediction,
while gradient-based saliency is used to further localize feature-
level importance within those segments. This combination enables
a structured interpretation of model behavior over time, rather than
relying solely on frame-wise explanations. Overall, our findings
highlight that accounting for the temporal structure of behavioral
signals can improve performance and robustness, while remaining
competitive with state-of-the-art approaches across datasets.

Qualitative inspection of the generated saliency visualizations
consistently revealed attention concentrated around the eye re-
gion, mouth, and mid-face. Moreover, these regions shifted dynam-
ically across temporal windows as participant behaviour evolved.
Although this qualitative analysis does not constitute clinical val-
idation, the highlighted regions are broadly consistent with be-
havioural indicators commonly associated with affective distress,
suggesting that the model attends to meaningful facial cues rather
than background information.

Implications. (i) Our findings suggest that modeling hetero-
geneous temporal dynamics explicitly can be more effective than
relying on a single unified encoder. Behavioral signals such as facial
micro-movements and postural trends operate at different temporal
scales, and treating them identically may lead to suboptimal repre-
sentations. (ii) Our results indicate that architectural choices should
be informed by dataset characteristics rather than applied uniformly.
As observed across datasets, the relative benefit of feature routing
depends on factors such as feature dimensionality, temporal resolu-
tion, and sequence variability. This suggests that simple diagnostic
measures—such as feature sparsity and autocorrelation—can guide
model selection in practice. (iii) the effectiveness of the MIL for-
mulation reinforces the importance of handling variable-length
sequences without requiring fine-grained annotations. By allow-
ing the model to focus on informative temporal segments through
attention, MIL provides a flexible and scalable alternative to fixed-
length sequence modeling or global pooling approaches. (iv) the
combined use of attention-based aggregation and gradient-based
saliency highlights the value of multi-level transparency in se-
quence models. Providing both temporal and feature-level insights
enables structured inspection of model behavior, which is important
in applications involving behavioral analysis.

Why Feature Routing Matters? The performance trajectory
across ablation variants tells a consistent story: the source of gains
is not deeper architecture or larger capacity, but the principled
disentanglement of behavioral signal types. Both the Unified CNN
and Unified BiLSTM underperform the Multi-Branch model by
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5-6% in accuracy, despite having comparable parameter counts.
The No-Split Dual-Stream variant—which uses two branches but
does not route features based on statistical properties—similarly
underperforms, confirming that routing is the critical ingredient.
Paradoxically, Learnable Routing performs worst: end-to-end soft
routing allows the model to conflate the two regimes early in train-
ing, leading to degenerate solutions where both branches receive a
mixed-type signal.

Dataset-Dependent Architecture Selection. Our cross-dataset
analysis reveals an important practical insight: the optimal archi-
tecture is not dataset-agnostic. On high-dimensional, high-FPS data
(SAD dataset), the Multi-Branch model with explicit routing is
clearly superior. On lower-dimensional, lower-FPS data (StressID),
pure recurrent models and even classical ML become competitive.
This suggests that practitioners selecting architectures for affec-
tive computing tasks should consider the statistical profile of their
feature space—specifically its dimensionality, temporal granularity,
and feature-type composition—before defaulting to more complex
models. Our statistical routing procedure is itself a diagnostic tool:
if few features are classified as "sudden" (high sparsity), the benefits
of the CNN branch are reduced, and a simpler unified model may
suffice.

Limitations. The primary limitation of our approach is its re-
liance on controlled recording conditions (stable camera, face visibil-
ity, adequate lighting). In naturalistic settings, occlusions, variable
head pose, and lighting changes may degrade MediaPipe landmark
quality, propagating noise through all downstream features.

6 Safe and Responsible Innovation Statement

In alignment with ICMI’s commitment to Safe and Responsible
Multimodal Interaction, this framework is designed strictly as a
decision support tool, mitigating the severe risk of autonomous mis-
diagnosis. The automated assessment of affective distress carries
potential risks, including demographic bias, data privacy breaches,
and misuse by non-medical personnel. To ensure responsible de-
ployment and inclusivity, our architecture relies on continuous
renderings to enforce a human-in-the-loop paradigm and trans-
parently audit the evidence. All data was processed under strict
privacy protocols. Real-world deployment mandates continuous
auditing for bias mitigation to ensure equitable performance across
diverse populations.

7 Conclusion

We proposed a Multi-Branch Modality-Aware Multiple Instance
Learning framework for video-based affective distress detection.
By routing features into sudden and continuous streams based on
temporal statistics for specialized encoding (CNN and BiLSTM),
our architecture prevents modality collapse. It achieves state-of-
the-art performance on a private SAD dataset (71.04% accuracy,
0.696 Macro F1) and maintains robustness across diverse temporal
granularities on different datasets. Furthermore, our gated atten-
tion and gradient-weighted overlay pipeline provides interpretable
spatial-temporal saliency maps.
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