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Abstract

Video object detection is a fundamental yet challenging task
in computer vision. Recently, DETR-based methods have
gained prominence in this domain owing to their powerful
global modeling capabilities. However, these methods are
usually confronted with two key limitations: frame-agnostic
initialization of object queries and scale-agnostic attention
mechanisms, which hinder their capability to capture the ap-
pearance variations of dynamic objects and model tempo-
ral consistency across frames. To alleviate these limitations,
we propose a multiscale-aware transformer diffusion network
(MSTDiff), a novel framework designed for the video object
detection task, including two technical improvements over
existing methods. First, we design a diffusion-driven adap-
tive query module, which models the object query distribu-
tion through a diffusion process conditioned on input frames,
enabling an adaptive and content-aware initialization of ob-
ject queries. Second, we develop a multiscale-aware trans-
former encoder module, which combines multi-head convo-
lutional units with attention mechanisms to enhance multi-
scale feature representations while preserving global depen-
dence modeling. We conduct extensive experiments on the
public ImageNet VID dataset, and the results demonstrate
that our MSTDiff achieves 87.7% mAP with ResNet-101,
outperforming most previous state-of-the-art video object de-
tection methods.

Introduction
Video object detection, a pivotal task in computer vision,
aims to detect and locate objects in all frames of a given
video and has received extensive research in recent years.
It plays an important role in various applications, including
robot navigation (Xu et al. 2023), autonomous driving (Cao
et al. 2023), and human-computer interaction (Ni et al.
2023). Unlike static image object detection, video object de-
tection needs to leverage temporal consistency and contex-
tual information across frames to achieve accurate predic-
tions. The key reason is attributed to complex and unpre-
dictable appearance shifts caused by issues such as motion
blur, occlusion, deformation, and pose changes. To tackle
these issues, many methods attempt to exploit temporal in-
formation more effectively by aggregating features across
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Figure 1: Comparison between (a) previous DETR-based
video object detection methods and (b) the proposed MST-
Diff. (a) Previous methods generally rely on the frame-
agnostic initialization of object queries and scale-agnostic
attention mechanisms, leading to suboptimal performance.
(b) The proposed MSTDiff effectively alleviates the limita-
tions of (a) by using the designed diffusion-driven adaptive
query and multiscale-aware transformer encoder modules.

frames. For example, MEGA (Chen et al. 2020) enhances
video object detection by combining global and local tempo-
ral feature aggregation through a memory-enhanced frame-
work. MAMBA (Sun et al. 2021a) employs a multi-level
memory bank to aggregate temporal features across frames,
effectively enhancing appearance representations. Although
these methods improve detection performance, they typi-
cally rely on manually designed mechanisms for feature ag-
gregation, such as predefined keyframe selection strategies
and handcrafted memory update rules. These designs result
in complicated pipelines and limited flexibility.

In light of this, DETR-based video object detection meth-
ods offer a new paradigm by leveraging spatial-temporal
transformers with global attention and set-based predic-
tion, enabling end-to-end detection without manually de-
signed components and achieving impressive performance,
as shown in Figure 1(a). TransVOD (Zhou et al. 2023) is
one of the representative DETR-based video object methods,
and it utilizes a spatial-temporal transformer to fuse object
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queries across frames. PTSEFormer (Wang et al. 2022) de-
signs a progressive temporal-spatial enhanced transformer to
enhance spatial-temporal feature representations by aggre-
gating information from multiple frames. ClipVID (Deng,
Chen, and Wu 2023) adopts an identity-consistent trans-
former decoder to capture fine-grained temporal context and
generate more comprehensive object representations.

Although DETR-based video object detection methods
have achieved impressive performance on the benchmark
datasets, they generally suffer from two fundamental limi-
tations: 1) Frame-agnostic initialization of object queries.
Most DETR-based video object detection methods adopt the
randomly initialized learnable embeddings as initial object
queries, which are inherently agnostic to the visual content
of input frames, making them less effective in adapting to
the diverse visual characteristics of objects. Since object ap-
pearances in videos usually change drastically across frames
due to motion blur and object occlusion, the usage of frame-
agnostic initial object queries may lead to suboptimal object
association and inaccurate detection, especially in complex
and dynamic scenes. 2) Scale-agnostic attention mecha-
nisms in transformers. Most DETR-based video object de-
tection methods apply uniform attention mechanisms across
all feature scales without explicitly modeling scale varia-
tions, which limits their capability to accurately capture ob-
jects with varying sizes and dynamic motion patterns. Since
objects in videos frequently undergo significant scale varia-
tions due to object movements, the usage of scale-agnostic
attention mechanisms may struggle to maintain robust and
consistent performance under such conditions.

To alleviate the aforementioned limitations, we propose
a multiscale-aware transformer diffusion network (MSTD-
iff) for video object detection, as illustrated in Figure 1(b).
Our MSTDiff is designed based on two main components:
the diffusion-driven adaptive query (DDAQ) module and
the multiscale-aware transformer encoder (MSTE) module.
Specifically, the DDAQ module generates object queries
through a learnable diffusion process conditioned on input
frames. By sampling around the ground-truth boxes and in-
jecting Gaussian noise into them, DDAQ produces diverse
object queries that are adaptive to context-awareness varia-
tions under the guidance of input frames. The MSTE mod-
ule combines attention mechanisms and multi-head convo-
lutional blocks with varying kernel sizes, giving each head a
distinct receptive field. This design enables the capture and
fusion of multi-scale features across frames, which is crucial
for detecting objects of varying sizes and rapid motion. We
integrate the carefully designed DDAQ and MSTE modules
into an end-to-end framework and evaluate it on the pub-
lic ImageNet VID dataset. Our MSTDiff achieves substan-
tial gains over prior methods, confirming its effectiveness in
video object detection. Particularly, our MSTDiff achieves
87.7% mAP with the ResNet-101 backbone. In summary,
the contributions of this work are presented as follows:
• We propose MSTDiff, a novel video object detection net-

work combining diffusion with transformer models, and
it achieves 87.7% mAP on the ImageNet VID dataset,
showing strong performance and surpassing most exist-
ing video object detection methods.

• We propose a diffusion-driven adaptive query module,
which leverages a denoising diffusion process to gener-
ate object queries, making them context-aware under the
guidance of input frames.

• We propose a multiscale-aware transformer encoder
module that seamlessly integrates multi-head convolu-
tional units with attention mechanisms, enabling effec-
tive multi-scale representations while preserving strong
global context modeling capability.

Related Work
Video Object Detection
Video object detection aims to address the appearance dete-
rioration issue in videos, such as motion blur and object oc-
clusion. To tackle this issue, many studies focus on improv-
ing the detection of the current frame by leveraging the tem-
poral information across frames. For example, SELSA (Wu
et al. 2019) provides a new perspective for video object de-
tection by performing cross-frame semantic aggregation on
high-level features and introducing attention mechanisms to
enhance feature fusion. PTSEFormer (Wang et al. 2022) pro-
poses a progressive strategy to enhance temporal and spa-
tial information by establishing attention between the target
frame and support frames and leveraging a spatial transfor-
mation perception module to transmit positional information
between regions. CETR (An et al. 2024) introduces a novel
framework that improves current frame detection by lever-
aging class-wise memory and classification-based sampling
to selectively utilize relevant contextual information across
frames, thereby enhancing robustness against motion blur
and occlusion. DGC-Net (Qi et al. 2025) adopts a dynamic
graph contrastive framework to model intra-class object re-
lationships across frames, where a graph structure is con-
structed to capture object interactions and propagate tempo-
ral context, facilitating more accurate object localization and
classification.

By contrast, our MSTDiff introduces a diffusion model to
reconstruct object queries from a new perspective and incor-
porates the scale information into the transformer encoder
to effectively model the spatial-temporal feature representa-
tions of objects.

Diffusion Models
Diffusion models (Sohl-Dickstein et al. 2015; Ho, Jain, and
Abbeel 2020) were proposed as a novel class of generative
models based on iterative denoising processes inspired by
nonequilibrium thermodynamics. Building on this theoret-
ical foundation, denoising diffusion models (Ho, Jain, and
Abbeel 2020; Song, Meng, and Ermon 2020) demonstrated
their strengths in the image generation domain, showing
impressive sample quality and flexible conditioning capa-
bilities. Following their success in image generation, dif-
fusion models have been extended to other domains, in-
cluding text generation (Lin et al. 2023b), video generation
(Blattmann et al. 2023; Ho et al. 2022), and medical im-
age analysis (Wu et al. 2024). Their ability to model com-
plex distributions and incorporate various forms of condi-
tioning makes them particularly suitable for structured pre-
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Figure 2: Overall framework of the proposed multiscale-aware transformer diffusion network (MSTDiff).

diction tasks. Recently, diffusion-based methods have also
been extensively explored in the field of image object de-
tection. For instance, DiffusionDet (Chen et al. 2023) for-
mulates object detection as a denoising process from ran-
dom boxes to object boxes, enabling the dynamic number
of boxes and iterative refinement. Motivated by the effec-
tiveness of diffusion-based detection in static images, our
MSTDiff generates object queries through a learnable dif-
fusion process conditioned on the input frames, enabling an
adaptive and content-aware initialization of object queries.

Methodology
Preliminaries: Diffusion Models
Diffusion models (Sohl-Dickstein et al. 2015; Ho, Jain, and
Abbeel 2020) formulate generative modeling as a latent vari-
able process, consisting of a forward noising procedure and
a learnable reverse denoising trajectory to reconstruct the
data distribution. Formally, given a data sample y0 ∼ q(y0),
the forward diffusion process progressively adds Gaussian
noise at each time step t ∈ {1, 2, · · · , T} according to a
predefined variance schedule βt. This process is defined as:

q(yt | yt−1) := N (yt |
√
1− βtyt−1, βtI). (1)

To obtain yt directly from y0, one can sample a Gaussian
noise ϵ ∼ N (0, I) and compute:

yt =
√
ᾱt y0 +

√
1− ᾱt ϵ, (2)

where ᾱt =
∏t

k=1(1 − βk). During training, a neural net-
work ϵθ(yt, t) is trained to predict the added Gaussian noise
ϵ given the noisy input yt and the timestep t, typically using
the following simplified objective:

Lsimple = Ey0,ϵ,t

[
∥ϵ− ϵθ(yt, t)∥2

]
. (3)

At the inference stage, the diffusion models start from pure
Gaussian noise yT ∼ N (0, I), and iteratively apply the
learnable reverse process pθ(yt−1 | yt) to generate a clean
sample y0.

Framework Overview: MSTDiff
The overall framework of the proposed multiscale-aware
transformer diffusion network (MSTDiff) is shown in Fig-
ure 2, which takes multiple frames as inputs and outputs
the prediction results for each corresponding frame. Specif-
ically, each frame in the video sequence is independently
passed through a shared backbone to extract the frame fea-
tures fm ∈ RC×H×W , where m denotes the frame index,
with C, H , and W representing the number of dimensions,
height, and width, respectively. These frame features serve
as the foundation for subsequent spatio-temporal modeling.
Building on these features, our MSTDiff introduces two core
modules. The first one is a diffusion-driven adaptive query
module, which models the object query distribution through
a diffusion process conditioned on input frames, generat-
ing diffusion object queries. The second one is a multiscale-
aware transformer encoder module, which integrates multi-
head convolutional operations and attention mechanisms to
capture multi-scale features while preserving global depen-
dency modeling, outputting scale encoder features. After
that, the diffusion object queries and scale encoder features
are fed into a spatial-temporal transformer decoder module
to conduct query-feature interaction. Finally, a shared feed-
forward network is employed as the detection head to pro-
duce the final prediction results.

Diffusion-Driven Adaptive Query Module
Building upon the advances in diffusion-based object de-
tection (Chen et al. 2023; Zhang et al. 2025; Roh and
Chung 2023), we introduce the diffusion-driven adaptive
query (DDAQ) module, with the goal of using frame fea-
tures to adaptively generate object queries through the dif-
fusion process. Specifically, we initialize the data samples
of m-th frame with a set of noisy boxes yT = Q0

m. These
noise boxes are sampled from a standard Gaussian distribu-
tion N (0, I) and serve as the starting point of the reverse
diffusion process. To obtain initial object queries that reflect
the semantic content of each frame, the noisy boxes Q0

m
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Figure 3: The schematic of the proposed diffusion optimizer
block (DOB).

are used to extract localized features from the frame fea-
tures fm. The resulting initial object queries z0m for the m-th
frame are computed using a region-level feature extractor:

z0m = AvgPool
(

RoIAlign(Q0
m, fm)

)
, (4)

where z0m ∈ RN×D, N is the number of initial object
queries, and D is the feature dimension. RoIAlign(·, ·) de-
notes the region feature extraction function. AvgPool(·) in-
dicates the global average pooling operation over the ex-
tracted region features. As the initial object queries are de-
rived from arbitrary regions, they typically lack rich se-
mantic and localization cues. To address this limitation, we
design a diffusion optimizer block (DOB), as illustrated
in Figure 3, which is composed of multiple iterative opti-
mizers that progressively enrich instance-level representa-
tions. Through multiple stages, the iterative optimizer up-
dates each object query by aggregating contextual informa-
tion from other object queries and attending to the regions
within its own predicted boxes, thereby enabling richer rep-
resentations. At each stage of the iterative optimizer, the
object queries are progressively refined through the self-
attention mechanism and instance-level interactions, condi-
tioned on the diffusion time steps to enhance their represen-
tation capability. Formally, the multi-stage multi-head self-
attention applied to the object queries at the stage s can be
computed as:

MHSAttn(zsm) = Concat(head1, · · · , headO)WJ , (5)

heado = Softmax
(
(zsmWQ

o )(z
s
mWK

o )⊤√
Dk

)
(zsmWV

o ), (6)

where zsm ∈ RN×D denotes the object queries of the m-th
frame at the s-th stage. O is the number of attention heads.
WQ

o , WK
o ∈ RD×Dk , WV

o ∈ RD×Dr , WJ ∈ RODr×D

are the learnable projection matrices. The attention weights
are computed by the scaled dot-product between the pro-
jected queries and keys, and the output is the weighted sum
over the projected values. Each attention head independently
projects the input into query, key, and value vectors of the
dimensions Dk, Dk, and Dr, respectively. The results of
all heads are concatenated and projected to the final repre-
sentation via WJ . After that, a RoIAlign layer is applied
on the predicted boxes Qs

m and the frame features fm to
extract fine-grained region features. To integrate the region

features into the object query representation, a specialized
operation known as dynamic interaction (Sun et al. 2021b)
is employed. In this step, each object query attends to the
region features extracted based on its previously predicted
boxes. The region features are modulated by parameters dy-
namically generated from each object query through fully
connected layers. Additionally, the diffusion time step t is
encoded through linear transformations to produce time-
dependent embeddings, which are used to normalize the ob-
ject queries and enable a multistep reverse process as in the
DDIM (Song, Meng, and Ermon 2020).

To provide a clear and concise representation of the up-
date process, we formulate the object query refinement at
the s-th stage as:

zsm = Rs
(
zs−1
m ,Qs−1

m , fm, t
)
, s ∈ {1, · · ·, S}, (7)

where zsm ∈ RN×D denotes the object query of the m-th
frame at the s stage, Rs(·, ·, ·, ·) denotes the iterative refine-
ment operation at the stage s, Qs−1

m is the predicted boxes
of the m-th frame at the stage s−1, fm represents the frame
features of the m-th frame, and t indicates the current diffu-
sion time step.

At the end of each iterative optimizer stage, the optimized
object queries zsm are processed by a feed-forward network
(FFN) to produce the corresponding predictions, including
the predicted boxes Qs

m and classification scores Cs
m. The

predicted boxes Qs
m are then used in the next iterative opti-

mizer stage as spatial references to extract new region fea-
tures. Finally, the object queries in the last stage, denoted as
diffusion object queries zSm, are fed into the spatial-temporal
transformer decoder module.

Multiscale-Aware Transformer Encoder Module
The schematic of the proposed multiscale-aware transformer
encoder (MSTE) module is illustrated in Figure 4(a). The
goal of MSTE is to combine multi-head convolution units
with attention mechanisms to obtain effective multi-scale
features while retaining strong global feature representa-
tions. For the scale layer, the frame features are first fed
into a scale fusion block (SFB), which is the core of MSTE,
with its schematic shown in Figure 4(b). Within SFB, the
input features are first projected by a linear layer and then
passed through the mixed depth-wise convolution (MDWC)
operation to capture multi-scale spatial patterns. MDWC di-
vides the input channels into multiple heads and applies dis-
tinct depth-wise separable convolutions (Chollet 2017; Lu,
Zhang, and Wang 2021; Lin et al. 2023a) to each head. In
detail, the frame features x = fm ∈ RH×W×C serve as the
input and are split into A heads along the channel dimension,
denoted as x = [x1, x2, · · · , xA], and each head is processed
with a convolution of kernel size pi ∈ {3, 5, · · · , P}, where
pi increases by 2 with each head. Particularly, the MDWC
operation is formulated as:

MDWC(x) = Concatchannel (DWpi
(xi))

A
i=1 , (8)

where DWpi
(xi) denotes the depth-wise convolution ap-

plied to the feature of the i-th head xi with the kernel size
pi×pi. This multi-head design allows each head to focus on
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Figure 4: The schematic of the proposed multiscale-aware
transformer encoder (MSTE) and scale fusion block (SFB).

spatial patterns at different scales, capturing the fine-grained
features. Compared with single-head convolutions, MDWC
improves the model’s ability to attend to target regions while
suppressing background noises, and retains object details
even in deeper stages of the network, thereby enhancing the
feature representation capability with only moderate com-
putational cost. The process of the multi-scale aggregation
(MSA) block is formulated as:

Ul = Wintra
(
[Gl

1, G
l
2, · · · , Gl

A]
)
, (9)

Y = Winter ([U1, U2, · · · , UE ]) , (10)

where Winter and Wintra denote the weight matrices of the
point-wise convolution. Y denotes the refined features after
being processed by MSA. Gl

i = DWpi×pi
(xl

i) denotes the
features obtained by applying a depth-wise convolution to
the l-th channel in the i-th head. Let i ∈ {1, 2, · · · , A} and
l ∈ {1, 2, · · · , E}, in which A is the number of heads and
E = C/A is the number of groups. Gi ∈ RH×W×E rep-
resents the i-th depth-wise convolutional head. Next, these
refined features are used to dynamically modulate the value
tensor M via element-wise multiplication. For the input fea-
tures x, the output features of SFB, denoted as Z, can be
formulated as:

Z = Y ⊙M ⊕ x, (11)

M = Wmx, (12)

where ⊙ denotes the element-wise multiplication. The fea-
tures Y can be adaptively adjusted based on the input con-
tent, enabling the dynamic modulation. Unlike the self-
attention mechanism, which requires computing an A × A
attention matrix, this modulator preserves the channel di-
mension. As a result, after performing element-wise multi-
plication, it achieves targeted modulation across both spatial
and channel dimensions. This property not only enhances
the feature representation capability but also improves mem-
ory efficiency when processing high-resolution frames. Sub-
sequently, a feed-forward network (FFN), a residual connec-
tion, and a flattening operation are applied to further refine
and reshape the features Z, which are then used as the output
of the scale layer.

For the attention layer, the input features are first flattened
and then processed by a multi-head self-attention block
to enhance the modeling of long-range dependencies. The
calculation of the multi-head self-attention is presented in
Equations (5) and (6), after which a feed-forward network

(FFN) and a residual connection are applied. Finally, the out-
puts of the two layers are concatenated and processed by a
1× 1 convolution to obtain the final outputs of MSTE.

Experiments
Experimental Settings
Dataset. To evaluate the effectiveness of our MSTDiff, we
conduct extensive experiments on the ImageNet VID (Rus-
sakovsky et al. 2015) dataset. This dataset includes 3862
training videos and 555 validation videos, annotated with
bounding boxes across 30 diverse object categories. Fol-
lowing existing video object detection methods (Qi et al.
2025; An et al. 2024; Qiu et al. 2024; Roh and Chung 2023;
Deng, Chen, and Wu 2023), we adopt mean average preci-
sion (mAP) as the evaluation metric.
Implementation Details. Our MSTDiff is trained on 4
24GB RTX-4090 GPUs with a batch size of 4. Following
the widely adopted implementation protocols in previous
methods (Qi, Yan, and Wang 2023; Deng, Chen, and Wu
2023; Roh and Chung 2023), we use ResNet-101 (He et al.
2016), ResNeXt-101 (Xie et al. 2017), and Swin-Base (Liu
et al. 2021) as the backbone networks for evaluation. De-
formable DETR (Zhu et al. 2020) is adopted as the base-
line, and AdamW (Loshchilov and Hutter 2017) is adopted
as the optimizer with a weight decay of 10−4. The learn-
ing rate is set to 2 × 10−4 for the first 80K iterations and
2×10−5 for the last 40K iterations. The transformer weights
are initialized using Xavier initialization (Glorot and Bengio
2010), while the backbone networks are initialized from an
ImageNet-pretrained model (Deng et al. 2009). By default,
we adopt M = 20 frames as inputs and set the number of
diffusion object queries to 100. During training, all frames
are augmented using the same strategies (Wu et al. 2019),
including random horizontal flipping and random resizing.
Each input frame is resized so that its shorter side is at least
600 pixels and its longer side is limited to 1000 pixels.

Comparisons with State-of-the-Art
We compare the proposed MSTDiff with a broad range of
state-of-the-art video object detection methods on the Im-
ageNet VID dataset, as illustrated in Table 1. Our MSTD-
iff demonstrates consistent and competitive performance un-
der different backbone configurations. When using ResNet-
101 as the backbone and Deformable DETR as the base-
line, our MSTDiff achieves an mAP of 87.7%, surpass-
ing strong methods such as HyMAT (Moorthy et al. 2025)
and CDANet (Qi, Yan, and Wang 2023). In particular,
our MSTDiff outperforms HyMAT, a recently published
transformer-based method, by 1.0% mAP, despite using the
same backbone and a similar detection head. Compared to
TransVOD++ (Zhou et al. 2023), which also adopts De-
formable DETR, our MSTDiff achieves an improvement of
5.7% mAP, highlighting the superiority of our diffusion-
driven adaptive query design over the conventional ob-
ject query mechanism. We further validate the performance
of our MSTDiff by equipping it with stronger backbones
ResNeXt-101 and Swin-Base. The results show that our
MSTDiff also displays clear advantages. Specifically, our
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Method Venue Backbone Base Detector mAP(%)

MEGA (Chen et al. 2020) CVPR ResNet-101 Faster R-CNN 82.9
LSTS (Jiang et al. 2020) ECCV ResNet-101 R-FCN 77.2
HVRNet (Han et al. 2020) ECCV ResNet-101 Faster R-CNN 83.2
DSFNet (Lin et al. 2020) ACM MM ResNet-101 Faster R-CNN 84.1
MAMBA (Sun et al. 2021a) AAAI ResNet-101 Faster R-CNN 84.6
Tf-blender (Cui et al. 2021) ICCV ResNet-101 Faster R-CNN 83.8
QueryProp (He et al. 2022) AAAI ResNet-101 Sparse R-CNN 82.3
EOVOD (Sun et al. 2022) ECCV ResNet-101 Faster R-CNN 79.8
TransVOD++ (Zhou et al. 2023) ACM MM ResNet-101 Deformable DETR 82.0
MSTF (Xu et al. 2022) TCSVT ResNet-101 Faster R-CNN 83.3
ClipVID (Deng, Chen, and Wu 2023) ICCV ResNet-101 DETR 84.7
GMLCN (Han and Yin 2023) TMM ResNet-101 Faster R-CNN 78.6
CDANet (Qi, Yan, and Wang 2023) TMM ResNet-101 Faster R-CNN 85.4
CETR (An et al. 2024) AAAI ResNet-101 DAB-DETR 79.6
PDMAN (Qiu et al. 2024) ICASSP ResNet-101 Faster R-CNN 83.9
HyMAT (Moorthy et al. 2025) EAAI ResNet-101 DETR 86.7

MSTDiff (ours) - ResNet-101 Deformable DETR 87.7

HVRNet (Han et al. 2020) ECCV ResNeXt-101 Faster R-CNN 84.8
ClipVID (Deng, Chen, and Wu 2023) ICCV ResNeXt-101 DETR 85.8
DGC-Net (Qi et al. 2025) TIP ResNeXt-101 Faster R-CNN 87.3

MSTDiff (ours) - ResNeXt-101 Deformable DETR 88.5

SwinVid (Maharek et al. 2024) CSSE Swin-Base Faster R-CNN 84.3
TransVOD++ (Zhou et al. 2023) TPAMI Swin-Base Deformable DETR 90.0
STPN (Sun et al. 2023) ICCV Swin-Base SELSA 90.6
MSTDiff (ours) - Swin-Base Deformable DETR 91.5

Table 1: Performance comparison between our MSTDiff and some existing video object detection methods on the ImageNet
VID validation set.

MSTDiff achieves 88.5% mAP with the ResNeXt-101 back-
bone, outperforming other methods that use the same back-
bone. When using the Swin-Base backbone, our MSTDiff
outperforms SwinVid (Maharek et al. 2024) by a margin of
7.2% mAP. This improvement is attributed to the utilization
of our specifically designed diffusion-driven adaptive query
and multiscale-aware transformer encoder modules, both of
which enhance spatial-temporal feature representations of
objects. All these results in Table 1 demonstrate the effec-
tiveness of our MSTDiff.

Ablation Study
Effect of Each Component in MSTDiff. Table 2 summa-
rizes the effect of different components in MSTDiff on the
ImageNet VID dataset. Starting from model A, the base-
line detector Deformable DETR with ResNet-101, achieves
78.5% mAP. Model B introduces the diffusion-driven adap-
tive query (DDAQ) module into model A, which brings a no-
table mAP improvement of 3.4%, reaching 81.9%, demon-
strating the effectiveness of our DDAQ module. Model
C incorporates the multiscale-aware transformer encoder
(MSTE) module into model A, which improves the mAP
from 78.5% to 86.1%, highlighting the effectiveness and
benefits of our MSTE module. Finally, model D integrates
both DDAQ and MSTE modules into model A, resulting in
a final mAP of 87.7%. These consistent improvements val-
idate the individual effectiveness and synergistic contribu-
tions of the proposed components in MSTDiff.

Model Baseline DDAQ MSTE mAP (%)

A ✓ 78.5
B ✓ ✓ 81.9
C ✓ ✓ 86.1
D ✓ ✓ ✓ 87.7

Table 2: Ablation studies of the proposed components.

Effect of the Number of Iterative Optimization Steps. To
fully evaluate the effect of the number of iterative optimiza-
tion steps within the diffusion-driven adaptive query module
on the overall detection accuracy, we conduct a series of ex-
periments by varying the number of steps s. The results are
summarized in Table 3. From the table, we can observe con-
sistent improvements in detection accuracy as the number of
steps s increases from 1 to 4, with the mAP progressively
rising from 86.7% to 87.7%. This highlights the benefit of
progressively refining object queries through the iterative
diffusion-based optimization process, which helps our MST-
Diff to better capture object-specific features in a coarse-
to-fine manner. However, increasing the number of steps to
s = 5 does not yield additional mAP gain. This detection
accuracy saturation may be attributed to the over-smoothing
of the object queries or potential optimization redundancy,
where too many steps do not bring new discriminative infor-
mation. Based on this observation, we empirically set s = 4

8480



Step s mAP (%) ∆mAP (%)

1 86.7 –
2 87.1 +0.4
3 87.5 +0.4
4 87.7 +0.2
5 87.7 +0.0

Table 3: Effect of the number of iterative optimization steps
s in the diffusion-driven adaptive query module. ∆mAP de-
notes the improvement compared to the previous step.

Noisy Boxes 100 200 300 350 400

mAP (%) 85.4 86.9 87.7 87.6 87.3

Table 4: Effect of the number of noisy boxes. Performance
peaks at 300 noisy boxes, with performance degradation ob-
served at more noisy boxes.

as the optimal configuration in all experiments.
Effect of the Number of Noisy Boxes. To fully analyze the
effect of the number of noisy boxes on detection accuracy,
we vary the number of noisy boxes and report the experi-
mental results in Table 4. From the results, we can observe
that as the number of noisy boxes increases from 100 to 300,
the mAP consistently improves from 85.4% to a peak value
of 87.7%. However, when the number of noisy boxes ex-
ceeds 300, the mAP begins to degrade, possibly due to the
redundancy and noisy box accumulation that impair the ob-
ject query optimization process. Specifically, when the num-
ber of noisy boxes is increased from 300 to 400, the mAP
degrades from 87.7% mAP to 87.3 % mAP. All these results
in Table 4 demonstrate that using an appropriate number of
noisy boxes to guide the diffusion-based object query de-
noising process can enhance the robustness of our MSTD-
iff by encouraging it to learn more discriminative features.
Therefore, we set the number of noisy boxes to 300 as our
final design in all experiments.
Effect of Different Stacking Strategies. To fully explore
the effect of different stacking strategies on detection ac-
curacy, we perform a series of ablation experiments, and
the experimental results are illustrated in Table 5. In de-
tail, the hybrid stacking strategy that employs parallel SFB
(scale fusion block) and MHSA (multi-head self-attention)
achieves the best result with an accuracy of 87.7% mAP,
which outperforms using only MHSA or SFB individually.
This suggests that explicitly modeling the transition from
local to global dependencies in a parallel manner is ben-
eficial for improving detection accuracy. In contrast, plac-
ing SFB before MHSA yields inferior detection accuracy
of 87.2% mAP, indicating that the sequential stacking strat-
egy may not fully exploit the complementary advantages of
both SFB and MHSA. Notably, the model using only MHSA
still maintains a competitive detection accuracy of 86.7%
mAP, further highlighting the effectiveness of global atten-
tion mechanisms in capturing long-range dependencies. All

Stacking Strategy Hybrid mAP (%)

SFB Only ✗ 80.9
MHSA Only ✗ 86.7
Parallel: SFB and MHSA ✓ 87.7
Sequential: SFB and MHSA ✓ 87.2

Table 5: Comparison of different stacking strategies. We see
that the parallel stacking strategy achieves the best result.

Number of Heads 2 3 4 5 6

mAP (%) 86.7 87.2 87.5 87.7 87.5

Table 6: Effect of the number of heads in MDWC. We vary
the number of heads from 2 to 6, and observe that the best
accuracy is achieved when using 5 heads.

the results consistently demonstrate that adopting a parallel
hybrid stacking strategy is optimal, validating the effective-
ness of our MSTE module design.
Effect of the Number of Heads in MDWC. To investigate
the effect of the number of heads in the mixed depth-wise
convolution (MDWC) block, we perform a series of abla-
tion experiments by varying the number of heads employed
in MDWC. These heads are designed to capture spatial fea-
tures at different scales. As illustrated in Table 6, increas-
ing the number of heads improves the detection accuracy
in the beginning, which demonstrates that multiple heads
can help our MSTDiff learn richer and more diverse feature
representations. Nevertheless, when the number of heads in-
creases beyond a certain value, the detection accuracy begins
to slightly diminish. This may stem from over-segmentation
of feature channels, which limits the capability of each head
to capture comprehensive information. Among all experi-
mental configurations, the best accuracy is achieved when
using 5 heads, reaching a maximum mAP of 87.7%. There-
fore, we set the number of heads to 5 in all experiments.

Conclusion
In this paper, we propose a novel multiscale-aware trans-
former diffusion network (MSTDiff) tailored for video ob-
ject detection. Our MSTDiff effectively alleviates two criti-
cal limitations of existing DETR-based video object detec-
tion methods: frame-agnostic initialization of object queries
and scale-agnostic attention mechanisms. Specifically, we
introduce a diffusion-driven adaptive query module, which
enables dynamic and content-aware initialization of ob-
ject queries through a diffusion process conditioned on
input frames. Additionally, we design a multiscale-aware
transformer encoder that integrates multi-head convolutional
units with attention mechanisms to enhance scale perception
of features while preserving global contextual modeling. Ex-
tensive experiments on the ImageNet VID dataset demon-
strate that our MSTDiff delivers superior detection perfor-
mance over state-of-the-art methods: 87.7% mAP with the
ResNet-101 backbone, validating the effectiveness of our
framework design.
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