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Figure 7. Qualitative visualization of decomposed spatial-temporal features. We visualize the sequence of frames to illustrate the
temporal flow. This visualization validates DETACH’s effectiveness in two aspects: (1) capturing subtle motion patterns that are diluted
in the baseline (Row 1), and (2) distinguishing similar actions by explicitly decomposing specific spatial contexts from shared temporal
patterns (Row 2 and Row 3).

A. Additional Qualitative Analysis

Analysis on Feature Decomposition. Fig. 7 visualizes the
feature maps over the temporal frame sequence to qualita-
tively validate the effectiveness of DETACH in addressing
the two fundamental limitations of Global Alignment dis-
cussed in the main text: (P1) the inability to capture lo-
cal details and (P2) the over-reliance on modality-invariant
temporal patterns.

Row 1 demonstrates the capability to capture fine-
grained local details, specifically subtle motion patterns. As
clearly observed in the EVI-MAE [16] column, the feature
maps are broadly and diffusely activated, extending well be-
yond the subject’s body into surrounding regions such as
the ceiling and background structures, without precisely lo-
calizing the interaction area. This visual evidence reflects
the limitation of Global Alignment where compressing the
video into a single vector causes minimal visual changes to
be diluted against the dominant static scenes. In contrast,
DETACH decomposes spatial context from temporal mo-
tion and thereby preserves these subtle cues. As a result, it
precisely activates the specific regions corresponding to the
interaction.

Row 2 and Row 3 compare two actions that share simi-
lar temporal patterns but involve different spatial contexts.

DETACH Spatial Feature Map

DETACH Temporal Feature Map

The EVI-MAE [16]’s feature maps for both rows focus pri-
marily on dominant temporal patterns such as the human
body rather than distinct spatial contexts. This observa-
tion visualizes the over-reliance on modality-invariant fea-
tures which prevents the baseline from distinguishing ac-
tions with such similar dynamics. Conversely, DETACH
successfully decomposes the representation. Its spatial fea-
ture map explicitly captures distinct spatial interaction loca-
tion, while the temporal feature map independently handles
the temporal dynamics. This decomposition effectively re-
solves the ambiguity that confounds the baseline model.

Visualization of Video and Sensor Feature Spaces. We
visualize the feature spaces of both modalities using t-
SNE. Fig. 8(a) presents the results on the Opportunity++
dataset [6], where the visualizations consistently reveal a
context-dependent structure across both modalities. At a
global level, samples are primarily grouped by spatial con-
text. Within these spatial clusters, fine-grained differentia-
tion emerges based on temporal context, where distinct ac-
tions form well-separated sub-clusters. This confirms our
model successfully encodes discriminative temporal fea-
tures within the relevant spatial context for both modalities.

To complement this analysis, we further present the t-
SNE visualization of the spatial features for the HWU-USP



T-SNE of Video Feature Space
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(a) t-SNE visualization of video and sensor feature spaces on Opportu-
nity++. Samples are primarily grouped by spatial context at the global
level, with fine-grained action-based sub-clusters emerging within each
spatial group.
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(b) t-SNE visualization of video and sensor feature spaces on HWU-
USP. Samples are grouped by spatial context for both modalities.

Figure 8. Visualization of Video and Sensor Feature Spaces.

dataset [12] in Fig. 8(b). It is important to note the structural
difference between the two datasets regarding label granu-
larity. While Opportunity++ provides mid-level labels that
allow for analyzing atomic actions within a specific con-
text such as distinguishing opening a door from closing, the
HWU-USP contains only high-level activity labels. Conse-
quently, demonstrating the separation of atomic actions is
not feasible for this dataset. Instead, Fig. 8(b) visualizes
the feature space at the spatial context level for both video
and sensor modalities. The formation of cohesive clusters
corresponding to underlying spatial contexts confirms that
DETACH effectively learns discriminative spatial represen-
tations.

B. Additional Ablation Studies

Ablation on Sensor Encoder Capacity. To investigate
whether the performance improvements of DETACH stem
from the proposed alignment framework or the specific en-
coder architecture, we evaluated our method using different
sensor backbones:

* Lightweight: A simple 1D-CNN followed by a GRU,
representing previous egocentric multimodal studies [7,
1 1] with limited capacity.

¢ Heavyweight: A Transformer encoder with increased
depth and parameters, designed to maximize representa-
tional capacity for multivariate sensor data, following re-
cent approaches in time-series modeling [14, 15].

Table 4. Robustness analysis across different sensor encoder
architectures. We report the performance using three different
levels of sensor encoders on both datasets.

Opportunity++ HWU-USP
F1 (Weighted) mAP F1 (Weighted) mAP

Sensor Encoder

A. Lightweight (1D CNN + GRU) 0.62 0.73 0.71 0.67
B. Heavyweight (Transformer) 0.71 0.85 0.71 0.66
C.DETACH (1D CNN + GRU + Attn.) 0.73 0.87 0.73 0.67

Table 5. Performance comparison across different video en-
coder architectures. We report the performance using four dif-
ferent video encoders on both datasets.

Video Encoder Opportunity++ HWU-USP

F1 (Weighted) mAP F1 (Weighted) mAP
A. ViViT 0.58 0.65 0.68 0.61
B. VideoMAE 0.64 0.73 0.71 0.60
C. MViT 0.62 0.72 0.70 0.62
D. 3D CNN (Ours) 0.70 0.82 0.71 0.62

Table 6. Ablation on the momentum encoder used for calculat-
. emporal
ing W, ; .

Method Opportunity++ HWU-USP

Fl (Weighted) mAP FI1 (Weighted) mAP
w/o Mom. Enc. 0.59 0.72 0.65 0.61
w Mom. Enc. (Ours) 0.73 0.87 0.73 0.67

* DETACH: Our default architecture, incorporating self-
attention mechanism to capture spatio-temporal depen-
dencies.

As shown in Tab. 4, the Lightweight encoder outper-
forms all state-of-the-art baselines reported in the main text
(Tab. 1), regardless of their backbone complexity. This re-
sult provides compelling evidence that the substantial per-
formance gains are primarily driven by our novel decom-
posed spatio-temporal alignment strategy rather than model
capacity. Furthermore, even when the heavyweight Trans-
former yields higher performance, the improvement over
our default encoder is marginal. This suggests that our cho-
sen architecture achieves an optimal balance between per-
formance and efficiency, making it a highly effective and
practical choice for ambient sensing environments without
the computational cost of Transformers.

Impact of Video Backbone on Performance. To justify
our choice of the video backbone, we evaluate the proposed
DETACH, a 3D CNN-based architecture, against three rep-
resentative Transformer-based encoders: ViViT [1], Video-
MAE [13], and MViT [9]. For a fair comparison, all mod-
els were trained under identical experimental settings, in-
cluding a unified batch size of 96. As shown in Tab. 5, 3D
CNN significantly outperforms the Transformer-based en-
coders across both datasets. We attribute this to the inherent
spatio-temporal inductive bias of 3D CNN, which captures



Table 7. Ablation on the confidence threshold for selecting con-
fident samples in the clustering stage.

Threshold Opportunity++ HWU-USP

F1 (Weighted) mAP F1 (Weighted) mAP
50% 0.56 0.68 0.64 0.60
75% (Ours) 0.73 0.87 0.73 0.67
100% 0.53 0.71 0.60 0.63

Cluster Update Ratio of Opportunity ++

Cluster Update Ratio of HWU-USP

Epoch Epoch

Figure 9. Stabilization of cluster assignments in Stage 1. The
pseudo-label change rate decreases and plateaus, indicating the
convergence of the spatial encoder. The transient spike observed
in the middle corresponds to the activation of the refinement loss
(Lrefine), which triggers a re-adjustment of cluster assignments.
Subsequently, the rate stabilizes close to zero, serving as the stop-
ping criterion for our unsupervised training protocol.

subtle motion cues more effectively than Transformers in
data-limited regimes [8].

Necessity of the Momentum Encoder. Tab. 6 exam-
ines the necessity of the momentum encoder for comput-
ing W;;?mpml. Directly using the training temporal encoder
causes significant performance drops due to unstable sim-
ilarity estimations. The momentum encoder provides sta-
ble feature representations, enabling reliable temporal sim-
ilarity measurement and effective false negative mitigation
through precise Wi;mporal weighting.

Importance of Confidence-based Filtering. Tab. 7 high-
lights the critical role of confidence thresholding. Utiliz-
ing all samples (100%) causes drastic degradation on both
datasets, indicating that indiscriminate usage of samples in-
jects noisy supervision. Our strategy effectively filters these
ambiguous predictions, ensuring that only high-confidence
pseudo-labels drive the cross-modal alignment.

Sensitivity to \p,.; value. Tab. 8 highlights the effect
of Apgrq on downstream performance. When Apq-q 1S
too small, hard negatives do not contribute sufficiently to
the contrastive loss, limiting representation learning. Con-
versely, when \p g 1S too large, the excessive weighting on
hard negatives leads to unstable training and degrades per-
formance. We find that \;,,.q = 3.0 achieves the best bal-
ance, consistently outperforming other values across both
datasets.

Table 8. Ablation on the )\, ;-4 value.

\ Opportunity++ HWU-USP
hard

F1 (Weighted) mAP F1 (Weighted) mAP
2.0 0.67 0.74 0.73 0.65
3.0 (Ours) 0.73 0.87 0.73 0.67
4.0 0.68 0.73 0.72 0.65
5.0 0.64 0.66 0.65 0.62

C. Implementation Details

To ensure reproducibility, we provide a detailed breakdown
of the training strategy for DETACH. Our framework is
trained in two sequential stages, each employing a schedul-
ing strategy suited to its specific objective.

Two-Stage Training Schedule. Since the convergence
rate of online clustering varies with dataset distribution and
complexity [2, 3], we adopted an adaptive training schedule
for Stage 1 rather than a fixed epoch limit. We trained the
spatial encoders until cluster assignments stabilized, which
typically occurred around 25 epochs for Opportunity++ and
22 epochs for HWU-USP. These total epochs include the
joint learning phase (10 epochs) described in the main text.
This difference in convergence speed reflects the distinct
complexities and distributions of the two datasets.

For Stage 2, we used a fixed schedule of 50 epochs.
As this stage focuses on optimizing our proposed Spatial-
Temporal Weighted Contrastive Loss, a fixed budget en-
sures consistent evaluation of the alignment process, fol-
lowing standard evaluation protocols in contrastive learning
[5]. Thus, “Stage2 - Epoch 0” in Fig. 4 represents the state
immediately after Stage 1 completion, where spatial fea-
tures are already discriminative from Stage 1 convergence,
while temporal features are initialized but not yet aligned.
Stopping Criterion for Stage 1. To maintain strict adher-
ence to the unsupervised protocol, we did not use ground-
truth labels to determine when to stop Stage 1. Instead, we
monitored the stability of cluster assignments by tracking
the rate of change in pseudo-labels, defined as the fraction
of samples that switched their predicted cluster assignments
between consecutive epochs [2]. As shown in Fig. 9, train-
ing was terminated when this rate reached a plateau close
to zero, indicating that the model had learned discrimina-
tive spatial representations and the cluster assignments had
converged.

Baseline Implementation Details. In the original CO-
MODO [4] architecture, the video encoder remains frozen,
and a FIFO queue stores video embeddings to compute the
target video-video similarities. However, as we unfreeze
the video encoder for end-to-end fine-tuning to ensure a fair
comparison, directly updating the queue with embeddings
from a rapidly updating encoder causes severe representa-
tion shift and training instability. To mitigate this, inspired



Table 9. Detailed statistics and configurations of the datasets.

Attribute |  Opportunity++[6] | HWU-USP [12]
Sensor Configuration

Logic Switches (x13) Logic Switches (x4)
Sensor Types Accelerometers (X 7) ‘ Logic Motion Sensors(x2)
Sensor Loc. ‘ Doors, Drawers, ‘ Cupboards, Wall

Fridge, Dishwasher

Annotation Details

Label Level | Mid-level | High-level
Total Classes ‘ 14 ‘ 5

Open/Close Door 1,2 C?F::ls
Class Names Open/Close Drav&./er 1-3 Sandwich

Open/Close Fridge .
Open/Close Dishwasher Dishes

P ; Tidy
Experimental Setup
Subjects ‘ Single subject ‘ 16 subjects (one per video)
Total Samples ‘ 5324 windows ‘ 3485 windows

by the Momentum Contrast (MoCo) framework [10], we in-
corporate a momentum update strategy. Specifically, we in-
troduce a momentum video encoder whose parameters are
updated via an exponential moving average (EMA) of the
trainable video encoder. The similarity queue is then strictly
updated using the embeddings generated by this momentum
encoder. This design ensures a consistent and stable target
distribution for the contrastive loss while allowing the main
video encoder to learn robust, task-specific features.

D. Dataset Details

Opportunity++. As detailed in Table 9, Opportunity++
focuses on mid-level actions with short durations, such
as “Open Door 1” or “Close Fridge”. The dataset em-
ploys a hybrid sensor configuration of logic switches and
accelerometers, requiring the model to align video repre-
sentations with both discrete state transitions and continu-
ous temporal dynamics. Data collected from a single sub-
ject provides a controlled environment for evaluating fine-
grained alignment capabilities.

HWU-USP. HWU-USP targets high-level daily activities
with longer temporal contexts, such as “Making a Sand-
wich” or “Tidy Up”. With 16 different subjects, this dataset
introduces intra-class variance in action execution. The
sensor combines logic switches and logic motion sensors
to capture object interactions and spatial occupancy. This
multi-user setting evaluates the model’s generalization abil-
ity and robustness in complex action recognition scenarios.
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