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Abstract

In Video Object Detection (VID), a common practice is
to leverage the rich temporal contexts from the video to en-
hance the object representations in each frame. Existing
methods treat the temporal contexts obtained from different
objects indiscriminately and ignore their different identities.
While intuitively, aggregating local views of the same object
in different frames may facilitate a better understanding of
the object. Thus, in this paper, we aim to enable the model
to focus on the identity-consistent temporal contexts of each
object to obtain more comprehensive object representations
and handle the rapid object appearance variations such as
occlusion, motion blur, etc. However, realizing this goal
on top of existing VID models faces low-efficiency prob-
lems due to their redundant region proposals and nonpar-
allel frame-wise prediction manner. To aid this, we propose
ClipVID, a VID model equipped with Identity-Consistent
Aggregation (ICA) layers specifically designed for mining
fine-grained and identity-consistent temporal contexts. It
effectively reduces the redundancies through the set pre-
diction strategy, making the ICA layers very efficient and
further allowing us to design an architecture that makes
parallel clip-wise predictions for the whole video clip. Ex-
tensive experimental results demonstrate the superiority of
our method: a state-of-the-art (SOTA) performance (84.7%
mAP) on the ImageNet VID dataset while running at a speed
about 7× faster (39.3 fps) than previous SOTAs.

1. Introduction
Video Object Detection (VID) aims to recognize and lo-

calize the objects in all frames given a video clip. It is a
challenging task as it must handle the complex appearance
variations of video objects, caused by motion blur, occlu-
sion, rotation, unusual poses, and deformable shapes, etc.
To tackle these issues, prior works [16, 26, 27, 53] utilize a
set of support frames (e.g., neighboring frames of the target
frame), which provide rich temporal contexts, to guide the
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Figure 1. Illustration of the temporal context aggregation in a typ-
ical VID method [45]. The region proposals from the support
frames (dashed boxes) are treated indiscriminately regardless of
their object identities. However, to detect the cat in the target
frame, the region proposals with red dashed boxes should provide
more relevant information, as they are obtained from the same cat.

object detection in the target frame. For example, [52, 43, 3]
build grid-level relations between the feature maps of the
support frames and the target frame to propagate temporal
contexts. More recent SOTA methods [45, 8, 19, 10, 28]
adopt object-level relation modules [24] to leverage the re-
gion proposals extracted from long-range support frames to
enhance the object representations in the target frame.

However, as shown in Figure 1, the temporal contexts
from the support frames usually contain irrelevant and noisy
information that may negatively affect the object represen-
tations. E.g., when detecting the cat in the target frame, the
yellow boxes in the support frames only provide informa-
tion from different objects and even from the background.
On the other hand, the red boxes are different local views
of the same cat, showing it from various perspectives. Intu-
itively, incorporating these local views into a unified repre-
sentation could lead to a more comprehensive understand-
ing of the object, and further facilitate the model to deal
with the rapid variations of the object appearance. Unfortu-
nately, existing methods make no distinction between these
two kinds of temporal contexts. In light of this, we propose
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matching between yi and y∗i by searching for a permutation
of L elements σ ∈ SL with the lowest cost:

σ = arg min
σ∈SL

L∑
j=1

Lmatch(y
∗
ij , yiσ(j)), (5)

where Lmatch is defined as

Lmatch(y
∗
ij , yiσ(j)) = λclsLcls(cij , piσ(j))

+ λgiouLgiou(b
∗
ij , biσ(j))

+ λL1LL1(b
∗
ij , biσ(j)).

(6)

Here, Lcls indicates the focal loss [30], Lgiou and LL1 are
the GIoU loss [36] and L1 loss, respectively. λ∗ are co-
efficients of the loss terms. Then, the training objective is
defined to have the same form as Eq. (6), but it is only ap-
plied to the matched pairs. The final loss is the sum of all
matched pairs normalized by the number of objects inside
the whole video clip.

3.2. Identity-Consistent Aggregation

The ICA module is applied in the last several layers
of the transformer decoder. It consists of a Matching
step, which introduces an additional identity embedding
branch to the detection head of the previous decoder layer;
and an Aggregation step, where an identity-consistent
aggregation layer is inserted between the self-attention and
cross-attention operations of the current decoder layer.

Matching. The identity embedding branch is a two-layer
MLP followed by an L2 normalization layer that projects
the object query qij into an object identity embedding
hij ∈ Rd. Then, given the n-th object query on the m-th
frame, qmn, we select its most similar object query in each
of the rest frames according to their dot-product similarity.
The selected object queries are considered to have the same
identity with qmn, i.e., identity-consistent object queries of
qmn, denoted by {qiJmn(i)|i ∈ Im} where:

Jmn(i) = arg max
j∈[1,L]

hmn · hij ,

∀i ∈ Im, Im = {i|i ∈ [1, T ], i ̸= m}.
(7)

To train the identity embedding branch, suppose the set
I∗ and J∗ contain the frame indexes and the query indexes
of all object queries that are assigned to the same ground-
truth video object according to Eq. (6), respectively. Then,
any two indexes i and m in I∗ will give us a pair of object
queries qiJ∗(i) and qmJ∗(m) that are consistent in their ob-
ject identity, which should have a relatively small distance
in the embedding space. To achieve this, we use an addi-
tional contrastive loss to train the parameters for identity-
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Figure 3. Illustration of the ICA process. In this example, qmn

and qiJmn(i) indicate the same motorbike on the m-th frame and
i-th frame, respectively. Thus, to obtain the “global view” of the
object query qmn, only its identity-consistent temporal contexts,
i.e., the temporal contexts extracted from qiJmn(i), are used for
aggregation. The dashed lines indicate the positional embedding
generated from the object queries.

consistent feature aggregation:

Lcon = −
∑

∀m,i∈Z

log
exp(hmJ∗(m) · hiJ∗(i))∑L
j=1 exp(hmJ∗(m) · hij)

,

Z = {m, i|m, i ∈ I∗,m ̸= i}.
(8)

The final contrastive loss is the sum of Lcon for all video
objects, normalized by the number of all matched pairs.

Aggregation. For qmn and its identity-consistent object
queries {qiJmn(i)|i ∈ Im}, we reuse their corresponding
region features kmn and {kiJmn(i)|i ∈ Im} obtained in
Eq. (3), and stack them into a joint representation Kmn ∈
RTs2×d. Note that, Kmn consists of the fine-grained grid-
level feature representations of the same video object (ide-
ally) from multiple frames, which is adopted as the identity-
consistent temporal contexts for qmn. Finally, a cross-
attention operation is performed using qmn as the query and
Kmn as the source, where qmn attends to all T × s2 ele-
ments in Kmn to obtain its identity-related information at a
fine-grained level, results in a more comprehensive “global
view” of the corresponding video object. Taking this global
view as input, the guided cross-attention layer then retrieves
its local view from the region feature kmn. A detailed illus-
tration of the ICA process is given in Figure 3.

4. Experiments
Dataset. We conduct experiments on the widely used
benchmark dataset ImageNet VID [37]. It contains 30
object categories and has 3,862 training videos and 555
validation videos. Mean Average Precision (mAP) is
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that the MSCOCO [31] dataset used by DETR is much more
complex than ImageNet VID, in terms of the object cate-
gories and the number of objects per image. Thus, DETR
requires more object queries to increase its object represen-
tation capacity. Lastly, we show the performance of our
model with different numbers of transformer decoder layers
in Table 9. From the table, 6 decoder layers are sufficient
for ClipVID to achieve strong performance. Using fewer
decoder layers can increase the inference speed but at the
cost of clear performance degradation.

4.4. Visualization

We further visualize some detection results of the pro-
posed methods in Figure 4. From the figures, the proposed
ICA module qualitatively improves the detection perfor-
mance. On some hard cases, ClipVID w/o ICA fails to
make accurate predictions, e.g., in the first column and last
two columns of the first example, ClipVID w/o ICA mistak-
enly recognizes the squirrel as a monkey due to occlusion
and the unusual pose of the squirrel. Besides, for some ob-
jects, ClipVID w/o ICA makes low confident predictions,
like the cat in the third column of the first example and the
squirrel in the fourth column of the second example, due to
occlusion and motion blur, respectively.

5. Conclusion

Existing VID models usually treat the temporal contexts
from different video objects indiscriminately despite their
different identities. This may hamper the learning of object
representations due to the irrelevant and noisy information
contained in the temporal contexts. In this paper, we aim
to perform Identity-Consistent temporal context Aggrega-
tion (ICA) to enhance the video object representations. To
achieve this, we first need to reduce the redundancies in
the temporal context so that ICA can be done efficiently.
Thus, we proposed a VID model called ClipVID which is
based on the DETR framework. ClipVID is able to per-
form identity-consistent aggregation, while also effectively
removing the redundancies and making predictions for all
input frames simultaneously, making the model very effi-
cient. In the experiment, our ClipVID model outperforms
previous SOTAs on the benchmark ImageNet VID dataset
in terms of both speed and accuracy.
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