
D2FANet: Enhancing Video Object Detection with Dual-Domain Feature
Aggregation Network

Supplementary Material

This supplementary material offers additional details that
support and extend the content presented in the main paper.
It is organized into the following sections:
• Section A provides more related works.
• Section B provides more network architecture details.
• Section C provides more ablation studies.
• Section D provides more visualization results.

A. More Related Works
Transformers [1, 4, 11, 12, 15, 16] have recently shown
strong ability to model long-range dependencies in both
spatial and temporal dimensions, which has driven sub-
stantial progress in computer vision tasks. Building on
this foundation, several transformer-based methods [6, 8, 9]
have been proposed for video object detection, each lever-
aging the transformer architecture to model spatiotemporal
dependencies. For instance, TransVOD [13] uses a trans-
former decoder to aggregate multi-frame features, allow-
ing object queries to attend to all frame features and cap-
ture temporal dynamics for consistent detection. PTSE-
Former [7] employs a progressive temporal-spatial trans-
former to aggregate features across multiple frames, where
object queries attend to all relevant frame features using
multi-head attention to capture both spatial and temporal
dependencies. FAIM [2] employs multi-head attention to
selectively aggregate instance mask features and classifica-
tion features across frames.

These methods generally exploit uniform attention or in-
discriminate feature aggregation operations to model spa-
tiotemporal information, but they may overlook the fact
that different regions contribute unevenly to video object
detection task. Recent works [3, 5] suggest that aggregat-
ing multiple tokens into a single representative token can
enhance cross-frame spatiotemporal feature aggregation in
transformer-based video models. However, such aggrega-
tion treats each token equally and ignores the inherent sig-
nificance difference of different tokens. Therefore, it faces
two main problems. First, information in salient regions
may be lost or mixed with irrelevant content. Second, in mi-
nor or background regions, many tokens are redundant for
simple semantics and incur excessive computational cost.
In contrast, our D2FANet introduces an importance-guided
mechanism that dynamically highlights the significance of
different regions to guide feature aggregation.

B. More Network Architecture Details
The schematic illustration of the vanilla spatiotemporal
transformer decoder is illustrated in Figure 1. It consists
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Figure 1. The schematic illustration of the vanilla spatiotemporal
transformer decoder.

of a multi-head self-attention (MHAttn) layer, a spatiotem-
poral deformable attention (STDAttn) layer, and a feed-
forward network (FFN). We build upon the overall decoder
framework of Deformable DETR [10], which integrates
multi-scale features with deformable attention and feed-
forward networks, but extend it from its original single-
frame formulation to a spatiotemporal transformer decoder
that performs attention across both spatial regions and tem-
poral neighbors for effective cross-frame feature aggrega-
tion. Let Z denote the collection of all object queries from
M frames. To enable interaction across different frames, the
decoder first applies a cross-frame multi-head self-attention
(MHAttn) operation to process vanilla object queries:

Z′ = MHAttn(Z), (1)

where Z′ ∈ RM×N×D represents the updated object
queries after self-attention, and M , N , and D denote the
number of frames, the number of object queries per frame,
and the feature dimension, respectively. This operation en-
ables information exchange across the temporal dimension,
allowing the object queries to model long-range inter-frame
dependencies and refine their representations by incorpo-
rating context from other frames. Next, the updated object
queries Z′ are fed into the spatiotemporal deformable at-
tention (STDAttn) layer together with the guided encoder
features F = {Xm}Mm=1 extracted from all frames. For
each object query, STDAttn sparsely samples informative
spatiotemporal locations across frames and aggregates the
corresponding features. In a simplified matrix form, this
operation can be expressed as:

Z′′ = STDAttn(Z′,F), (2)

where Z′′ ∈ RM×N×D represents the spatiotemporal ob-
ject queries for all frames. Each attention head selects only



Table 1. Effect of the FDFA module across different feature scales
on the ImageNet VID dataset.

Model Input Feature mAP (%)

(a) C3 (Shallow-level) 86.9
(b) C4 (Middle-level) 87.4
(c) C5 (Deep-level) 87.3
(d) C3+C4+C5 (Multi-Scale) 87.7

Table 2. Effect of each module in D2FANet on the EPIC-
KITCHENS dataset.

Method Baseline FDFA SDFA mAP (%)

A ✓ 37.4
B ✓ ✓ 42.9
C ✓ ✓ 43.4
D ✓ ✓ ✓ 44.5

a small set of dynamically sampled positions, enabling ef-
ficient aggregation of object-centric motion and appearance
cues while reducing computational cost. Finally, the spa-
tiotemporal object queries Z′′ are passed through a feed-
forward network (FFN) to produce the final spatiotemporal
object queries, which are then used in subsequent concate-
nation operations.

C. More Ablation Studies

Effect of FDFA with Different Scales. Table 1 summa-
rizes the effect of the frequency-domain feature aggregation
(FDFA) module with features from different scales, illus-
trating the impact of feature scales on accuracy.

Model (a) uses shallow-level features only, capturing
fine-grained structural cues such as edges and contours, and
it achieves 86.9% mAP.

Model (b) employs middle-level features only, which en-
code intermediate semantics, resulting in a slightly higher
mAP of 87.4%.

Model (c) utilizes deep-level features that provide high-
level contextual information, yielding 87.3% mAP.

Model (d) integrates multi-scale features, combining
complementary information across different scales, and it
achieves the best performance of 87.7% mAP. These re-
sults demonstrate that using multi-scale feature aggregation
significantly enhances the robustness and effectiveness of
FDFA by leveraging both low-level details and high-level
semantic cues.
Effect of Each Module in D2FANet on the EPIC-
KITCHENS. Table 2 summarizes the ablation results of
D2FANet on the EPIC-KITCHENS dataset, demonstrating
the effectiveness of each module.

Method A represents the baseline detector, Deformable
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Figure 2. Visualization of the detection results of the proposed
D2FANet on the EPIC-KITCHENS dataset across diverse kitchen
environments.

DETR with the ResNet-101 backbone, which achieves
37.4% mAP.

Method B incorporates the frequency-domain feature ag-
gregation (FDFA) module into method A, improving the ac-
curacy to 42.9% mAP by capturing complementary multi-
frequency features that enrich feature representations.

Method C integrates the spatiotemporal-domain feature
aggregation (SDFA) module into method A, yielding 43.4%
mAP by enhancing spatiotemporal dependency modeling
with importance-guided aggregation.

Method D combines both FDFA and SDFA modules on
top of method A, achieving the best accuracy of 44.5%
mAP, as the two modules work collaboratively to provide
more comprehensive and discriminative feature representa-
tions. The additional evaluations on the EPIC-KITCHENS
dataset demonstrate that our D2FANet also generalizes well
to complex video scenarios, delivering robust improve-
ments in object localization and category discrimination.

D. Visualizations on EPIC-KITCHENS
Figure 2 presents the visualized results of our D2FANet on
the EPIC-KITCHENS dataset [14] across diverse kitchen
environments. The results demonstrate the capability of our
D2FANet to accurately detect and localize a wide variety
of kitchen-related objects over time, with confidence scores
provided for each bounding box. Despite challenges such
as frequent hand-object interactions, partial occlusions, mo-
tion blur, and densely arranged objects with varying sizes
and orientations, D2FANet still achieves stable object local-
ization while maintaining high detection confidence. These
observations further highlight the robustness and general-
ization capability of D2FANet, which confirms its relia-
bility in handling complex and dynamic video scenarios,
showing its potential for consistent performance across dif-
ferent types of cluttered kitchen environments.
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