When Transformers Meet Mamba: A Hybrid Transformer-Mamba Network
for Video Object Detection

Supplementary Material

This supplementary material offers additional technical
details, experimental settings, ablation studies and visual-
ization detection results that could not be included in the
main manuscript due to space limitations. The structure of
this supplementary material is outlined as follows. First, we
present more details of the Mamba entangled transformer
decoder in Section A. Then, we provide more experimental
settings in Section B. Next, we carry out more ablation stud-
ies in Section C. Finally, we present qualitative visualization
results on the EPIC-KITCHENS-55 dataset in Section D.

A. More Details of Mamba Entangled Trans-
former Decoder

Figure A illustrates the diagram of the proposed Mamba
entangled transformer (MaET) decoder. It is composed of
four types of layers, formed by adding a multi-scale adap-
tive deformable attention layer and a cascaded bidirectional
Mamba layer to the components of the standard transformer
decoder. Specifically, the object queries are first processed
by a multi-head self-attention layer to enable communi-
cation and interaction among themselves, allowing each
object query to gather contextual information from other
counterparts. Subsequently, the outputs of the multi-head
self-attention layer, together with the spatial-temporal en-
coder features produced by TCBM, are fed into a multi-
scale adaptive deformable attention layer to enhance object
queries by gathering contextual information from encoder
features. The formulation of the multi-scale adaptive de-
formable attention (MADALttn) can be defined as follows:
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where ¢ represents the query element, and z, € R” denotes
the query feature with the dimension of D. p, € [0, 1]? de-
notes the normalized coordinates of the reference point for
the query element g, in which (0,0) and (1,1) indicate the
top-left and the bottom-right corners of frame images, re-
spectively. 2! denotes the [-th scale feature map. h, [ and k
index the attention head, feature scale and sampling point,
respectively. Opqr € [0, 1] represents the attention weight
of the k-th sampling point in the [-th scale and the h-th at-
tention head, and it is normalized by Zlel Zi{;l Ohigr =
1. W}, € RP*Dv and W,/ e RP+*D denote the learnable
projection weights, in which D,, = D/H. 1;(p,) re-scales
the normalized coordinates p, to the input feature map of
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Figure A. Diagram of the proposed Mamba entangled transformer
decoder. It is formed by adding a multi-scale adaptive deformable
attention layer and a cascaded bidirectional Mamba layer to the
components of the standard transformer decoder.

the [-th scale. App;q, indicates the sampling offset of the
k-th sampling point in the [-th scale and the h-th attention
head. Since v;(py) + Aphigr is fractional, we employ the
bilinear interpolation [2] to compute (), (Pq) + Aphigr)-
H and L respectively denote the total number of attention
heads and feature scales. K| is the total number of sam-
pling points for the query element ¢, and its calculation can
refer to Equation (2) in the main manuscript.

After that, a cascaded bidirectional Mamba layer is uti-
lized to further refine the representations of object queries
by integrating informative long-range contexts in both for-
ward and backward directions. Specifically, the input fea-
tures are first passed through a layer normalization (LN), af-
ter which they are split into two information flows. The first
flow is processed by a linear projection (Linear) and a 1D
convolution (Convld), followed by a temporal-prioritized
forward state space model (TF-SSM) to capture forward
long-range temporal dependencies. The second flow under-
goes a linear projection and an activation function. Then,
these two flows are combined through the Hadamard prod-
uct to generate the forward feature representation Fiyq:

Fig = TE-SSM(Convld(Linear(LN(Qp4)))), (2)

Frog = Fpg ® U(Linear(LN(QDA))), 3)

where Qp 4 represents the output of MADALttn, ® is the
Hadamard product, and o (-) is the activation function. Sub-
sequently, we cascade the identical sequence of operations:



Table A. Analysis of the hyperparameters Kmin and Kmax. * means
the results obtained by Swin-B. Best results are marked in bold.

Table B. Analysis of the number of object queries for each frame
on the ImageNet VID dataset.

K ImageNet VID EPIC-KITCHENS-55 # Queries ‘ mAP (%) Time (ms) ‘ mAP* (%) Time* (ms)
- mAP (%)  mAP" (%) | mAP(%)  mAP" (%) 40 84.2 18.6 88.7 36.7
Koin = 1 87.0 91.4 4435 50.3 50 86.7 19.7 91.1 37.9
Kpin =2 87.9 92.1 45.1 50.8 60 87.9 20.6 92.1 39.0
Knin =3 87.5 91.6 44.8 50.4 70 87.8 21.6 91.9 39.8
X ImageNet VID EPIC-KITCHENS-55 80 874 225 914 40.9
ma mAP (%) mAP" (%) | mAP(%) mAP (%)
g‘“*“ i; g;'g g;; ::'I gg'g Conv5 block to 2. The input frames are resized to hold a
Koo —9 877 018 449 50.6 shorter size of 600 pixels for fair comparisons, following

a layer normalization, a linear projection and a 1D convo-
lution, followed by a temporal-prioritized backward SSM
(TB-SSM) to capture backward long-range temporal de-
pendencies in a reverse spatial order. The intuition behind
TF-SSM and TB-SSM is that temporal continuity is more
critical than spatial aggregation, and the bidirectional scan
can capture richer temporal cues. Finally, the output Qs 4
of the cascaded bidirectional Mamba is sent into a feed-
forward network to yield spatial-temporal decoder features.

Since the two core components of the proposed MaET
encoder, namely multi-scale adaptive deformable attention
and cascaded bidirectional Mamba, share similar technical
details with those described in Sections 3.2 and 3.3 in the
main manuscript, we omit some redundant detailed descrip-
tions in the main manuscript for the sake of brevity and to
avoid unnecessary repetition.

B. More Experimental Settings

Datasets. Since the testing set of the ImageNet VID dataset
[15] is not publicly available, we evaluate the performance
of our TMambaDet on its validation set, following the
widely adopted practice in existing video object detection
methods [4, 8, 9, 16, 18-20]. We also adopt the EPIC-
KITCHENS-55 dataset [3] as an additional benchmark for
generalization evaluation. It consists of 55 hours of videos,
documenting all daily activities of 32 participants in differ-
ent kitchen scenarios. The EPIC-KITCHENS-55 training
data for the object detection task contains 272 videos span-
ning 290 annotated object classes. Since the bounding box
annotations for the EPIC-KITCHENS-55 testing set are not
publicly available, we divide 272 training videos into 217
training and 55 validation videos, and conduct performance
evaluation on the newly divided validation videos.

Implementation Details. We implement our TMambaDet
on top of Deformable DETR [21], using ResNet-101 [10]
and Swin transformer [11] as the backbones, which are ini-
tialized with pre-trained weights from the ImageNet dataset
[5]. As a common protocol in [6, 7, 14, 17], we enlarge the
feature resolution by adjusting the total stride of the Conv5
block in ResNet-101 from 32 to 16, and keep the receptive
field size by setting the dilation of 3x3 convolutions in the

existing video object detection methods [1, 7, 12, 13, 20].

C. More Ablation Studies

In this section, we use ResNet-101 to conduct ablation stud-
ies on the ImageNet VID dataset, unless otherwise stated.
Analysis of the Hyperparameters K., and K. We
carry out extensive ablation studies to analyze the influence
of the hyperparameters Ky, and Ky, as illustrated in Ta-
ble A. For K, the best performance is achieved when the
value of K, is set to 2, yielding 87.9% mAP and 92.1%
mAP on the ImageNet VID dataset with ResNet-101 and
Swin-B, respectively. However, increasing or decreasing
K beyond this value slightly decreases performance. For
Kiax, the best performance is achieved when the value of
Kiax s set to 8, yielding 45.1% mAP and 50.8% mAP
on the EPIC-KITCHENS-55 dataset with ResNet-101 and
Swin-B, respectively. However, both smaller and larger val-
ues of K.x lead to minor performance drops.

Analysis of the Number of Object Queries. We carry out
ablation experiments to comprehensively analyze and inves-
tigate the influence of the number of object queries for each
frame on detection accuracy and runtime. As illustrated in
Table B, we vary the number of object queries from 40 to
80, and the results indicate that the mAP improves consis-
tently when the number of object queries increases and it
tends to be optimal when using 60 object queries. However,
when further enlarging the number of object queries from
60 to 80, the mAP is decreased by 0.5% (from 87.9% to
87.4%) and 0.7% (from 92.1% to 91.4%) with ResNet-101
and Swin-B, respectively. The reason is that excessive ob-
ject queries possibly introduce redundant or low-confidence
predictions, increasing the risk of false positives and dupli-
cate detections, thus adversely affecting the final accuracy.

D. More Visualization Results

We visualize several detection results of our TMambaDet
on the EPIC-KITCHENS-55 dataset in Figure B, where
each detected object is marked with a colored bounding
box and annotated with its class label and confidence score.
From the results, we can observe that our TMambaDet is
able to achieve reliable detection in more complex video
scenarios, exhibiting accurate localization results and cor-
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Figure B. Visualization detection results produced by our TMambaDet on the EPIC-KITCHENS-55 dataset.

rect classification results, which is consistent with the visu-
alization results presented in the main manuscript, indicat-
ing the effectiveness and generalization of our TMambaDet.
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