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Abstract

Video object detection has made significant progress in re-
cent years thanks to convolutional neural networks (CNNs)
and vision transformers (ViTs). Typically, CNNs excel at
capturing local features but struggle to model global rep-
resentations. Conversely, ViTs are adept at capturing long-
range global features but face challenges in representing local
feature details. Off-the-shelf video object detection methods
solely rely on CNNs or ViTs to conduct feature aggregation,
which hampers their capability to simultaneously leverage
global and local information, thereby resulting in limited de-
tection performance. In this paper, we propose a Transformer-
GraphFormer Blender Network (TGBFormer) for video ob-
ject detection, with three key technical improvements to fully
exploit the advantages of transformers and graph convo-
lutional networks while compensating for their limitations.
First, we develop a spatial-temporal transformer module to
aggregate global contextual information, constituting global
representations with long-range feature dependencies. Sec-
ond, we introduce a spatial-temporal GraphFormer module
that utilizes local spatial and temporal relationships to aggre-
gate features, generating new local representations that are
complementary to the transformer outputs. Third, we design
a global-local feature blender module to adaptively couple
transformer-based global representations and GraphFormer-
based local representations. Extensive experiments demon-
strate that our TGBFormer establishes new state-of-the-art
results on the ImageNet VID dataset. Particularly, our TG-
BFormer achieves 86.5% mAP while running at around 41.0
FPS on a single Tesla A100 GPU.

Introduction
Video object detection aims to predict the location boxes and
category labels for each object in videos. It plays an impor-
tant role in a broad range of applications, such as safe driving
(He et al. 2024; Chitta et al. 2023), security surveillance (Li
et al. 2019; Zhang et al. 2022) and activity understanding
(Liu, Wu, and Jia 2016; Liu et al. 2020). In the past decades,
image object detection has achieved immense progress and
delivered significant improvement in performance. Unfortu-
nately, these well-built image object detectors suffer from
remarkable performance drop when applied to video data,
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Figure 1: Pipeline comparison of different methods.

due to the appearance deterioration situations arising from
motion blur, partial occlusion and unusual poses.

Since videos come with extra temporal information com-
pared to static images, it is intuitive to make full use of the
temporal information to alleviate the appearance deteriora-
tion situations. Based on this intuition, some off-the-shelf
video object detection methods (Qianyu et al. 2023; Deng,
Chen, and Wu 2023; Wang et al. 2022; An et al. 2024),
whose pipeline is illustrated in Figure 1(a), put efforts into
leveraging the long-range temporal dependencies captured
by different types of vision transformers to aggregate fea-
tures from a global perspective. Typically, vision transform-
ers are adept at capturing long-range global information but
face challenges in representing short-range local informa-
tion (Peng et al. 2023; Chen et al. 2023; Yoo et al. 2023).
Thus, these transformer-based video object detection meth-
ods do not fully consider short-range temporal dependen-
cies and thus lack the local perception capability for objects,
which possibly leads to the false detection problem. Some
other existing video object detection methods (Qi et al.
2023a; He et al. 2022b; Jiang et al. 2019; Qi, Yan, and Wang
2024), whose pipeline is shown in Figure 1(b), devote to ex-
ploiting the short-range temporal dependencies provided by
different types of convolutional neural networks (CNNs) to
aggregate features from a local perspective. However, CNNs
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are observed to excel at modeling short-range local infor-
mation but struggle to capture long-range global informa-
tion (Chen et al. 2023; Yoo et al. 2023). Thus, these CNN-
based video object detection methods do not take long-range
temporal dependencies into consideration and thus lack the
global perception capability for objects, which may result in
the missed detection problem. In contrast, the human visual
system can simultaneously leverage long-range and short-
range temporal information to achieve more comprehensive
perception capability for objects. Such a fact motivates us to
combine the advantages of transformers and CNNs to im-
prove the video object detection task, which has not been
investigated in previous video object detection works.

In this paper, we propose a Transformer-GraphFormer
Blender Network (TGBFormer) for video object detection,
whose pipeline is illustrated in Figure 1(c), including three
key technical improvements to sufficiently combine the ad-
vantages of transformers and graph convolutional networks
while compensating for their limitations. Although it is easy
to think of combining the transformer and GraphFormer
models, a simple ensemble of these two models is costly and
yields marginal performance improvements. To achieve an
effective and efficient combination of them, there are three
crucial problems that need to be addressed: i) how to cus-
tomize the transformer and GraphFormer to aggregate ben-
eficial information, constituting the global and local rep-
resentations of objects; ii) how to couple the transformer
global representations and GraphFormer local representa-
tions in a complementary and interactive paradigm, retain-
ing the global modeling capability of transformers and lo-
cal modeling capability of CNNs to the maximum extent;
iii) how to improve inference/running speed, striking a bal-
ance between detection accuracy and inference speed. To ad-
dress the first problem, we develop a spatial-temporal trans-
former module that exploits long-range spatial and temporal
dependencies to aggregate beneficial features, constituting
the global representations of objects. Moreover, we present
a spatial-temporal GraphFormer module that utilizes short-
range spatial and temporal relationships to aggregate useful
features, generating new local representations that are com-
plementary to the transformer outputs. To handle the second
problem, we design a global-local feature blender module
to adaptively couple the transformer global representations
and GraphFormer local representations, retaining the global
perception capability of transformers and local modeling ca-
pability of CNNs to the maximum extent. To solve the third
problem, contrary to the non-parallel frame-wise detection
fashion that is commonly used in previous video object de-
tection works, we adopt a parallel sequence-wise detection
fashion in view of the advantage of TGBFormer’s compre-
hensive (including both global and local) object perception
capability, which simultaneously detects objects on all input
frames and thus significantly improves inference speed.

The above customized components are closely integrated
into a uniform framework, allowing our TGBFormer to ef-
fectively combine the strengths of transformers and graph
convolutional networks to produce more comprehensive ap-
pearance representations, which facilitates improving video
object detection performance. To the best of our knowledge,

our TGBFormer is the first effort that exploits the comple-
mentarity of transformer global information and CNN local
information to tackle the video object detection task.

We summarize the key contributions as follows:

• We propose a novel Transformer-GraphFormer Blender
Network (TGBFormer) for video object detection, which
combines the merits of transformers and graph convolu-
tional networks while compensating for their limitations,
thereby establishing new state-of-the-art results on the
ImageNet VID dataset.

• We introduce two collaborative modules, termed spatial-
temporal transformer and GraphFormer modules, that
use global and local spatial-temporal dependencies to ag-
gregate features respectively, enabling our TGBFormer
to harness the capability of transformers to capture global
information while embracing the power of graph convo-
lutional networks to model local information.

• We design a global-local feature blender module to fuse
transformer-style global features and GraphFormer-style
local features in a complementary fashion, making our
TGBFormer preserve the global and local perception ca-
pabilities for objects to the maximum extent.

Related Work
Research on video object detection has proceeded along two
directions: CNN-based video object detection methods and
transformer-based video object detection methods.

CNN-based video object detection methods (Qi et al.
2023a; He et al. 2022b; Jiang et al. 2019; Qi, Yan, and Wang
2024) usually put efforts into leveraging the temporal depen-
dencies captured by different types of convolutional neural
networks (CNNs) or operations to aggregate beneficial fea-
tures. Typically, CNNs excel at capturing short-range infor-
mation but face challenges in modeling long-range informa-
tion (Chen et al. 2023; Peng et al. 2023; Yoo et al. 2023).
Thus, these CNN-based video object detection methods fail
to fully exploit long-range temporal dependencies, which
limits their global perception capability for objects.

Transformer-based video object detection methods
(Qianyu et al. 2023; Wang et al. 2022; Cui 2023; An et al.
2024) generally put efforts into leveraging the long-range
temporal dependencies captured by different types of vision
transformers to aggregate beneficial features. However,
transformers are observed to excel at modeling long-range
information but struggle to capture short-range information
(Peng et al. 2023; Chen et al. 2023; Yoo et al. 2023). Thus,
these transformer-based video object detection methods
do not fully exploit short-range temporal dependencies,
limiting their local perception capability for objects.

Different from these methods that solely rely on CNNs
or transformers to model temporal information, our TG-
BFormer customizes CNNs and transformers in a unified
video object detection framework, and combines the merits
of both CNNs and transformers to simultaneously explore
short-range and long-range temporal information.
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Figure 2: Framework of the proposed TGBFormer, which builds upon the DETR (Carion et al. 2020) model.

The Proposed Method
TGBFormer Framework
Figure 2 illustrates the framework of our TGBFormer, which
mainly includes three elaborately-customized modules to
sufficiently exploit the merits of transformers and graph con-
volutional networks while compensating for their limita-
tions. Given an input video sequence, each video frame is
first processed by a shared backbone network (e.g., ResNet-
101) to generate the frame features, followed by a tokeniza-
tion operation to produce the token features. Then, these to-
ken features together with the corresponding positional fea-
tures (predicted by DETR (Carion et al. 2020)) are fed into
a spatial-temporal transformer module (STTM) to gener-
ate the global aggregated features. The carefully-customized
STTM utilizes the spatial and temporal transformers to ex-
plore long-range spatial-temporal dependencies and aggre-
gate beneficial features, enabling our TGBFormer to em-
brace the global perception capability for objects. Mean-
while, a spatial-temporal GraphFormer module (STGM) is
developed to explore short-range spatial-temporal depen-
dencies and aggregate useful features by using the spatial
and temporal dynamic graph convolutional networks, gen-
erating the local aggregated features that are complemen-
tary to the outputs of STTM and thus making our TGB-
Former have the local perception capability for objects. Af-
ter that, a global-local feature blender module is designed
to couple the global and local aggregated features in a com-
plementary and interactive fashion, outputting the blended
features. Finally, the blended features together with the ob-
ject queries (generated by DETR) are fed into a vanilla
transformer decoder and feed forward network (FFN) to
predict detection results. In view of the advantages of our
elaborately-customized modules, a parallel sequence-wise
detection fashion is adopted in the framework, allowing to
simultaneously detect objects on all input frames and thus
endowing our TGBFormer with real-time inference speed.

Spatial-Temporal Transformer Module
The illustration of the proposed STTM is presented in Fig-
ure 3. Given the frame feature fn ∈ Rc×h×w of the n-th
frame extracted by the backbone network, in which c, h and
w respectively denote the dimension, height and width of

the frame feature, we first tokenize it into non-overlapping
M (= h × w) token features with the dimension of D.
Then, the token features and the corresponding positional
features (generated by DETR (Carion et al. 2020)) of each
frame are added together and fed into a spatial multi-head
self-attention block to effectively explore long-range spa-
tial dependencies within a frame and perform intra-frame
feature aggregation from a global perspective. In particu-
lar, the calculation of the spatial multi-head self-attention
(SpatMHSA) can be formulated as:

SpatMHSA(zq, x) =

T∑
t=1

Wt

[ K∑
k=1

Otqk ·W
′

txk

]
, (1)

where q ∈ Ωq denotes the query element with the represen-
tation feature zq ∈ RD, and k ∈ Ωk indicates the key ele-
ment with the representation feature xk ∈ RD. Here, D de-
notes the feature dimension of zq and xk. Ωq and Ωk repre-
sent the set of query and key elements, respectively. The case
where Ωq = Ωk is usually referred to as self-attention; oth-
erwise, it is referred to as cross-attention. To disambiguate
different spatial positions, the features zq and xk are the
element-wise addition of the token and positional features in
the implementation of our SpatMHSA. T denotes the total
number of attention heads, and K represents the total num-
ber of key elements. Wt ∈ RD×Dv and W

′

t ∈ RDv×D de-
note the learnable projection weights, in which Dv = D/T .
The notation of · indicates the scalar multiplication opera-
tion. Otqk represents the self-attention weights of the k-th
sampling element in the t-th attention head. It is calculated
by the scaled dot product between zq and xk, and is normal-
ized over all key elements:

Otqk ∝ exp
(
zTq U

T
t Vtxk√
Dv

)
,

K∑
k=1

Otqk = 1, (2)

where ∝ indicates the proportionality operation, and (·)T is
the transpose operation. Ut ∈ RDv×D and Vt ∈ RDv×D are
the learnable projection weights. Next, the output features of
SpatMHSA are passed through an addition, normalization
and feed forward network to yield the intermediate features.

After that, the intermediate features of each frame are fed
into a temporal multi-head self-attention block, with the goal
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Figure 3: Illustration of the proposed STTM.

of effectively excavating long-range temporal dependencies
across frames and performing inter-frame feature aggrega-
tion from a global perspective. Particularly, the calculation
of the temporal multi-head self-attention (TempMHSA) can
be represented by:

TempMHSA(zq, {xn}Nn=1)

=

T∑
t=1

W t

[ N∑
n=1

K∑
k=1

Otnqk ·W
′

tx
n
k

]
,

(3)

where n indexes the input frame, andOtnqk denotes the self-
attention weights of the k-th sampling element in the t-th
attention head and the n-th frame. The mathematical calcu-
lation of Otnqk can be referred to as Equation (2), and it can
be correspondingly normalized by

∑N
n=1

∑K
k=1Otnqk = 1.

The other symbols in Equation (3) have the same mean-
ings as those in Equation (1). Finally, the output features of
TempMHSA are sequentially fed into an addition and nor-
malization operation, followed by a feed forward network to
generate the global aggregated features.

Spatial-Temporal GraphFormer Module
The illustration of the proposed STGM is depicted in Fig-
ure 4. Specifically, we first tokenize the frame feature fn ∈
Rc×h×w of the n-th frame into non-overlapping M (=
h × w) token features with the dimension of D. Then, the
token features and the corresponding positional features of
each frame are added together and passed through a spa-
tial GraphFormer block to explore short-range spatial depen-
dencies within a frame and conduct intra-frame feature ag-
gregation from a local perspective. Specifically, the spatial
GraphFormer first constructs a fully-connected undirected
graph G(V ,E ,A), in which V , E and A ∈ RM×M respec-
tively indicate the node set, edge set and adjacency matrix.
In the construction of the graph, each input feature ri ∈ RD

(i.e., the addition of each token and positional features) is
assumed to be a graph node vi, and each edge eij is defined
as the pairwise relationship between the nodes vi and vj .
Particularly, the edge eij can be calculated as:

eij = Fmap

(
Π
[
Euc(ri, rj), Cos(ri, rj), Sec(ri, rj)

])
, (4)

where Fmap(·) denotes a mapping function consisting of
two fully-connected layers, and Π[·, ·, ·] represents the con-
catenation operation. Euc(·, ·) means the standardized Eu-
clidean distance, and Cos(·, ·) denotes the cosine similarity.

Sec(·, ·) represents the semantic similarity, and Sec(ri, rj)
can be calculated as rTi rj . Based on the well-built edge eij ,
the adjacency matrix A can be obtained through a softmax
function, in which Aij = exp(eij)/

∑M
j=1exp(eij).

Since the goal of our STGM is to perform feature aggre-
gation from the local perspective of graph convolutions, di-
rectly utilizing a fully-connected graph cannot well model
the local relationships between node features, in which case
conducting graph convolutions may result in the aggregation
of useless information (e.g., inter-class objects and back-
grounds) and introduce much additional computational cost.
To alleviate these problems, we present a graph pruning
mechanism, with the goal of sparsifying the topological
structure of the graph to attend the useful local relation-
ships between nodes by removing useless/weak connection
edges. Different from previous methods that employ a single
cut-off threshold in the normalized adjacency matrix to re-
move edges, which may result in indistinguishable feature
representations due to the elimination of matrix elements
below the threshold, our customized graph pruning mech-
anism proposes to leverage S real-value thresholds denoted
as Γ = [θ1, θ2, · · ·, θS ], in which θi < θj and θi, θj ∈ [0, 1]
for ∀i < j. In light of this, we construct an adjacency tensor
A ∈ RS×M×M that consists of a set of adjacency matrices
{As}Ss=1, where As ∈ RM×M . Particularly, we set A1 as
the identity matrix E, and for each s ⩾ 2, the mathematical
calculation of As can be defined as:

As
ij =

{
Aij if θs−1⩽ P ij< θs, i ̸= j

0 Otherwise
, (5)

where P ij is an element in the probability matrix P and
it can be calculated by P ij = λ · Aij/di, in which λ
(is set as 0.3) denotes a scalar weight and di = Dii =∑M

j=1(A + E)ij is an element in the diagonal matrix D.
Next, building on the success of (Yun et al. 2019), we softly
select two adjacency matrices Q1 and Q2 from the adja-
cency tensor A via two 1×1 convolutions with non-negative
weights derived from the softmax function:

Q1=ϕ1(A, softmax(Wϕ1
)),Q2=ϕ2(A, softmax(Wϕ2

)),(6)

where ϕ1(·, ·) and ϕ2(·, ·) denote two different 1× 1 convo-
lution layers. Wϕ1 ∈ R1×1×S and Wϕ2 ∈ R1×1×S denote
learnable parameters. Subsequently, the final pruned adja-
cency matrix Ā ∈ RM×M can be calculated as:

Ā = ψ(Q1Q2 +E), (7)

where ψ(·) denotes the graph Laplacian normalization oper-
ation, which can be represented by ψ(Y ) = D− 1

2Y D− 1
2 .

Empowered by Eqs. (5)-(7), we can obtain the pruned graph.
Based on the pruned graph, we extend the native graph

convolutional network (Kipf and Welling 2017) from the
static setting to the dynamic setting, and customize a dy-
namic graph convolution block with residual connections
to effectively aggregate beneficial information from local
neighbors. Particularly, the customized dynamic graph con-
volution block (DGCB) can be defined as:

DGCB(H) = DGCL2(DGCL1(H)) + ρ ·H, (8)
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Figure 4: Illustration of the proposed STGM.

where H ∈ RD×M is the node feature matrix of the pruned
graph. DGCL1(·) and DGCL2(·) denote two sequential dy-
namic graph convolution layers, which improve the native
graph convolution calculation in (Kipf and Welling 2017).
In detail, different from the graph convolution in (Kipf and
Welling 2017) that uses a fixed adjacency matrix for all lay-
ers, our customized dynamic graph convolution re-calculates
the adjacency matrices according to the newly learned node
feature matrices at each layer, which facilitates capturing the
dynamic graph structures during the graph convolution pro-
cess and thus improves the effectiveness of the graph convo-
lution. ρ denotes the residual constant, which is empirically
set as 0.5. As illustrated in Figure 4, the outputs of the spatial
GraphFormer are denoted as intermediate features.

After that, the intermediate features of each frame are
passed through a temporal GraphFormer block to excavate
short-range temporal dependencies across frames and per-
form inter-frame feature aggregation from a local perspec-
tive, generating the local aggregated features that are com-
plementary to the outputs of STTM. The spatial Graph-
Former and temporal GraphFormer share the same work-
flow, but their difference lies in the input features. Specif-
ically, in the spatial GraphFormer, the input features are the
element-wise addition of the token and positional features
within a frame. In the temporal GraphFormer, the input fea-
tures are the multi-frame intermediate features output by the
spatial GraphFormer.

Global-Local Feature Blender Module

Given the fact that there exist indeterminate knowledge dis-
crepancies between transformer global features and Graph-
Former local features, simply assembling (e.g., concatenat-
ing or adding) these features is ineffective for significant per-
formance improvement. To this end, we customize a global-
local feature blender module, with the blender weights
dynamically balanced depending on the input transformer
global features and GraphFormer local features. Compared
to the simple ensemble of global and local features, our
elaborately-customized global-local feature blender module
tends to be more flexible and effective. In particular, the cal-
culation of the global-local feature blender module can be

formulated by:

B = αGF ⊗G+αLF ⊗L, (9)

where B ∈ RD×NM stands for the blended feature matrix of
N frames. G ∈ RD×NM and L ∈ RD×NM respectively rep-
resent the global aggregated feature matrix output by STTM
and the local aggregated feature matrix output by STGM.
The notation of ⊗ denotes the element-wise multiplication
operator. αGF ∈ RD×NM and αLF ∈ RD×NM represent
the blender weights, which can be formulated by:

αGF ,αLF = softmax(WαΠ
[
G,L

]
), (10)

where Wα ∈ R2D×2D denotes the trainable parameters of
one linear projection layer. Π[·, ·] is the concatenation op-
eration between features. With the help of the elaborately-
customized global-local feature blender module, our TGB-
Former is capable of boosting the collaborative representa-
tions from transformer and GraphFormer to facilitate video
object detection.

Experiments
Dataset and Metric
For fair and convincing comparisons, we conduct experi-
ments on the ImageNet VID dataset (Russakovsky et al.
2015). It spans 30 object classes, and contains 3,862 training
and 555 validation videos. Following the same protocols in
previous video object detection works (An et al. 2024; Qi,
Yan, and Wang 2024; Cui 2023; He et al. 2022b), we evalu-
ate our method on the validation set and adopt the mean av-
erage precision (mAP) at an Intersection-over-Union (IoU)
threshold of 0.5 as the evaluation metric.

Implementation Details
Network Architecture: We choose DETR (Carion et al.
2020) as the baseline detection network, and utilize ResNet-
101 (He et al. 2016) as the backbone network for fair com-
parisons. Following the common implementation protocols
in (Jiang et al. 2020; Deng et al. 2020; Cui et al. 2021; Zhu
et al. 2017; Bertasius, Torresani, and Shi 2018), we adjust
the total stride of the last stage (i.e., Conv5) in ResNet-101
from 32 to 16. Besides, we adopt Swin transformer (Liu
et al. 2021) as the backbone network for better performance.
TGBFormer: We employ a sinusoidal positional encoding
as in DETR (Carion et al. 2020) to yield positional features.
The number of object queries per frame is set as 80 when uti-
lizing the ResNet-101 backbone and 64 when using the Swin
transformer backbone. The number of attention heads in the
spatial and temporal transformer is set as 6 and the number
of dynamic graph convolution layers in the spatial and tem-
poral GraphFormer is set as 2. The real-value thresholds in
our graph pruning mechanism are set as Γ = [0.1, 0.3, 1].
The residual constant in Equation (8) is set as 0.5.
Training and Testing Details: Following the common prac-
tice in previous video object detection methods (An et al.
2024; Qi et al. 2023b; Wu et al. 2019), we utilize both Im-
ageNet DET and ImageNet VID datasets to train our TGB-
Former, and resize each input frame to a shorter dimension
of 600 pixels for fair comparisons. We train our TGBFormer
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Method Pub. & Year Backbone Base Detector mAP (%) Runtime (ms)

OGEM (Deng et al. 2019) ICCV-2019 ResNet-101 R-FCN 79.3 112.0
TCENet (He et al. 2022b) AAAI-2020 ResNet-101 R-FCN 80.3 125.0
MEGA (Chen et al. 2020) CVPR-2020 ResNet-101 Faster R-CNN 82.9 114.5
HVRNet (Han et al. 2020b) ECCV-2020 ResNet-101 Faster R-CNN 83.2 –
DSFNet (Lin et al. 2020) ACM MM-2020 ResNet-101 Faster R-CNN 84.1 384.5
EBFA (Han et al. 2020a) ACM MM-2020 ResNet-101 Faster R-CNN 84.8 –
MINet (Deng et al. 2021) TIP-2021 ResNet-101 Faster R-CNN 80.2 133.0
TransVOD (He et al. 2021) ACM MM-2021 ResNet-101 Deformable DETR 81.9 >341.1
MAMBA (Sun et al. 2021) AAAI-2021 ResNet-101 Faster R-CNN 84.6 110.3
CSMN (Han et al. 2021) IJCV-2021 ResNet-101 Faster R-CNN 85.2 909.1
EOVOD (Sun et al. 2022) ECCV-2022 ResNet-101 Faster R-CNN 79.8 49.0
QueryProp (He et al. 2022a) AAAI-2022 ResNet-101 Sparse R-CNN 82.3 37.3
TSFA (He et al. 2022b) PR-2022 ResNet-101 Faster R-CNN 82.5 125.0
MSTF (Xu et al. 2022) TCSVT-2022 ResNet-101 Faster R-CNN 83.3 105.7
CFANet (Han et al. 2022) TCSVT-2022 ResNet-101 Faster R-CNN 85.0 884.2
GMLCN (Han and Yin 2023) TMM-2023 ResNet-101 Faster R-CNN 78.6 39.6
TransVOD++ (Qianyu et al. 2023) TPAMI-2023 ResNet-101 Deformable DETR 82.0 –
ClipVID (Deng, Chen, and Wu 2023) ICCV-2023 ResNet-101 DETR 84.7 25.5
DGRNet (Qi et al. 2023a) TIP-2023 ResNet-101 Faster R-CNN 85.0 91.7
CETR (An et al. 2024) AAAI-2024 ResNet-101 DAB-DETR 79.6 42.9
CDANet (Qi, Yan, and Wang 2024) TMM-2024 ResNet-101 Faster R-CNN 85.4 80.6
TGBFormer (ours) – ResNet-101 DETR 86.5 24.3
TransVOD Lite (Qianyu et al. 2023) TPAMI-2023 Swin-B Deformable DETR 90.1 67.1
TGBFormer (ours) – Swin-B DETR 90.3 49.7

Table 1: Performance comparison with some state-of-the-art video object detection methods on the ImageNet VID dataset. ‘–’
denotes the corresponding results are not publicly available. The best results are highlighted in the bold font.

on 4 Nvidia Tesla A100 GPUs by using the AdamW opti-
mizer. The whole training procedure lasts for 150K itera-
tions, with a learning rate of 10−4 for the first 110K itera-
tions and 10−5 for the last 40K iterations. Besides, we also
employ the same data augmentation as the work of (Chen
et al. 2020) to make the training procedure more effective. At
the testing phase, TGBFormer takes consecutive N (which
is set as 25 by default) frames as inputs and outputs the de-
tection results of all input frames at one stroke.

State-of-the-Art Comparison
We compare our TGBFormer with several existing video ob-
ject detection methods, and summarize the results in Ta-
ble 1. As illustrated in Table 1, we group the competing
methods into two categories by their backbones. Since most
video object detection methods are built on the backbone
of the ResNet family, we first compare our TGBFormer
with the other methods under the ResNet-101 backbone
for fair comparisons. With the ResNet-101 backbone, our
TGBFormer achieves 86.5% mAP at the runtime of 24.3
ms, 1.1% absolute mAP improvement and more than 3.3×
faster over the leading method CDANet (Qi, Yan, and Wang
2024). This is because CDANet neglects the long-range
temporal dependencies and employs a non-parallel frame-
wise detection fashion, which yields incomprehensive fea-
ture aggregation and slows down the running speed. Com-
pared with QueryProp (He et al. 2022a), GMLCN (Han
and Yin 2023) and ClipVID (Deng, Chen, and Wu 2023),
which are specifically optimized for efficient inference in
real-world scenarios, our TGBFormer leads in both accu-
racy and runtime. This demonstrates that our TGBFormer is

more friendly for real-world scenarios. The accuracy of our
TGBFormer derives from customizing transformers and dy-
namic graph convolutional networks to perform more com-
prehensive feature aggregation, which considers both long-
range and short-range spatial-temporal information and thus
makes detection more robust to the issues like blur or oc-
clusion in videos. The efficiency of our TGBFormer comes
from the parallel sequence-wise detection manner, which si-
multaneously detects objects on all input frames.

Since our method is backbone agnostic, we also report the
results of our method using a more advanced backbone Swin
transformer Base (Swin-B), in which case our TGBFormer
obtains 90.3% mAP at runtime of 49.7 ms, which has a 0.2%
mAP improvement and more than 1.3× faster over the com-
peting method TransVOD Lite (Qianyu et al. 2023).

Ablation Study
Effectiveness of each component in TGBFormer: To vali-
date the effectiveness of each component in our TGBFormer,
we conduct experiments to study how they contribute to the
final accuracy, and the results are presented in Table 2.

Method (a) denotes the baseline detector DETR (Carion
et al. 2020) using the ResNet-101 backbone, and it achieves
77.6% overall mAP.

Method (b) integrates the spatial-temporal transformer
module into (a), which brings a clear overall mAP improve-
ment (from 77.6% to 83.3%).

Method (c) incorporates a lite-version (i.e., without utiliz-
ing the graph pruning mechanism) of the spatial-temporal
GraphFormer module into (a), which improves the over-
all mAP from 77.6% to 82.5%. The reason is that the
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Method (a) (b) (c) (d) (e) (f)

Transformer ✓ ✓ ✓
GraphFormer w/o GP ✓ ✓ ✓ ✓
Global-Local Blender ✓
Graph Pruning (GP) ✓ ✓ ✓

mAP (%) (overall) 77.6 83.3 82.5 83.1 85.4 86.5↑11.4

mAP (%) (slow) 85.5 88.1 87.0 87.9 90.7 91.8↑7.7
mAP (%) (medium) 75.6 81.7 80.6 81.2 84.4 85.6↑13.2

mAP (%) (fast) 56.7 66.9 65.4 66.5 70.6 71.9↑19.1

Table 2: Ablation studies on each component. ‘w/o’ is the
abbreviation for ‘without’. ‘slow/medium/fast’ represents
the objects with ‘slow/medium/fast’ motions. The best re-
sults are boldfaced.

elaborately-customized spatial-temporal GraphFormer mod-
ule can effectively aggregate short-range spatial and tempo-
ral information to facilitate video object detection and thus
improve detection accuracy.

Method (d) adds the graph pruning mechanism into (c)
to attend the useful local relationships between nodes by
removing useless/weak connection edges. It leads to an in-
crease of 0.6% overall mAP against (c), indicating that the
graph pruning mechanism is effective in our TGBFormer.

Method (e) adds the spatial-temporal transformer module
into (d), and employs a vanilla concatenation operation to
integrate the transformer global features and GraphFormer
local features. It achieves 85.4% overall mAP, outperform-
ing (d) by 2.3% overall mAP, which further demonstrates the
effectiveness of the spatial-temporal transformer module.

Method (f) is the proposed TGBFormer, which introduces
the global-local feature blender module into (e) to adaptively
couple the transformer global features and GraphFormer lo-
cal features. It achieves 86.5% overall mAP, with a 1.1%
improvement over (e), which validates the effectiveness of
the global-local feature blender module. Moreover, our TG-
BFormer significantly outperforms (b)-(e), indicating that all
proposed components contribute to better accuracy.
Analysis on the Number of Dynamic Graph Convolution
Layers in STGM: In the customized STGM, we leverage
two successive dynamic graph convolution layers to imple-
ment the spatial and temporal GraphFormer, as shown in
Figure 4 and Equation (8). To comprehensively analyze the
influence of the number of dynamic graph convolution lay-
ers on detection accuracy, we conduct some ablation stud-
ies in Table 3. As shown in Table 3, the mAP improves
consistently when the number of dynamic graph convolu-
tion layers LDGC increases, and it tends to be optimal when
the value of LDGC is up to 2. However, when further en-
larging LDGC from 2 to 4, the mAP is decreased by 0.9%
(from 86.5% mAP to 85.6% mAP). This is because deep-
layer graph topological structures possibly bring several am-
biguous or even mistaken connection edges, in which case
conducting dynamic graph convolutions would result in the
aggregation of inter-class feature information or background
information and thus inevitably decrease accuracy.
Influence of the Number of Inference Frames in TGB-

#LDGC 0 1 2⋇ 3 4

mAP (%) 83.5 85.8 86.5 86.1 85.6

Table 3: Analysis on the number of dynamic graph convolu-
tion layers in STGM. The default parameter setting is repre-
sented by the symbol of ⋇. The best result is boldfaced.

#N 1 10 15 20 25⋇ 30

mAP (%) 79.5 83.2 84.8 85.9 86.5 86.3
Runtime (ms) 50.9 40.5 33.6 27.9 24.3 21.7

Table 4: Influence of the number of inference frames. ⋇ de-
notes the default setting. The best results are boldfaced.

Former: At the inference/testing stage, we input consecu-
tive N inference frames into TGBFormer to simultaneously
predict the detection results of N inference frames, and thus
the number of inference frames N is an important param-
eter that affects the accuracy and runtime of TGBFormer.
Table 4 illustrates the influence of the parameter N . The
results demonstrate that enlarging the value of N leads to
both accuracy improvements and runtime decreases, and the
best accuracy is achieved when N is set as 25. Interest-
ingly, we find that the accuracy slightly decreases when in-
creasing the number of inference frames from 25 to 30, but
the runtime is further improved thanks to the elaborately-
customized sequence-wise detection paradigm. The reason
is that feeding more inference frames into TGBFormer may
hamper the learning of GraphFormer and prevent it from ex-
ploiting useful local information from long-range temporal
contexts. To strike the trade-off between accuracy and run-
time, we select 25 as the default value of N .

Conclusion
In this paper, we propose a novel Transformer-GraphFormer
Blender Network (TGBFormer) for video object detection,
which provides a new perspective on feature aggregation by
combining the advantages of transformers and graph convo-
lutional networks. Our TGBFormer includes three key tech-
nical improvements against existing video object detection
methods. First, we customize a spatial-temporal transformer
module to aggregate global contextual information by utiliz-
ing the long-range feature dependencies, which contributes
to constituting the global representations of objects. Second,
we design a spatial-temporal GraphFormer module to per-
form feature aggregation from the perspective of graph con-
volutions, which facilitates generating new local representa-
tions of objects that are complementary to the transformer
outputs. Third, we develop a global-local feature blender
module to adaptively couple transformer-style global fea-
tures and GraphFormer-style local features, which is bene-
ficial to generate comprehensive feature representations. We
conduct extensive experiments on the public ImageNet VID
dataset, and the results show that our TGBFormer sets new
state-of-the-art performance.
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