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Abstract

In this paper, we propose a new paradigm, named His-
torical Object Prediction (HoP) for multi-view 3D detec-
tion to leverage temporal information more effectively. The
HoP approach is straightforward: given the current times-
tamp t, we generate a pseudo Bird’s-Eye View (BEV) fea-
ture of timestamp t-k from its adjacent frames and utilize
this feature to predict the object set at timestamp t-k. Our
approach is motivated by the observation that enforcing
the detector to capture both the spatial location and tem-
poral motion of objects occurring at historical timestamps
can lead to more accurate BEV feature learning. First,
we elaborately design short-term and long-term temporal
decoders, which can generate the pseudo BEV feature for
timestamp t-k without the involvement of its corresponding
camera images. Second, an additional object decoder is
flexibly attached to predict the object targets using the gen-
erated pseudo BEV feature. Note that we only perform HoP
during training, thus the proposed method does not intro-
duce extra overheads during inference. As a plug-and-play
approach, HoP can be easily incorporated into state-of-
the-art BEV detection frameworks, including BEVFormer
and BEVDet series. Furthermore, the auxiliary HoP ap-
proach is complementary to prevalent temporal modeling
methods, leading to significant performance gains. Exten-
sive experiments are conducted to evaluate the effective-
ness of the proposed HoP on the nuScenes dataset. We
choose the representative methods, including BEVFormer
and BEVDet4D-Depth to evaluate our method. Surpris-
ingly, HoP achieves 68.5% NDS and 62.4% mAP with ViT-L
on nuScenes test, outperforming all the 3D object detec-
tors on the leaderboard. Codes are available at https:
//github.com/Sense-X/HoP.

*Equal contribution. Work done during internship at SenseTime Re-
search. †Corresponding authors.
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Figure 1: Incorporating HoP into 3D object detector
with other temporal fusion methods [8, 7, 32, 12, 24].
Our HoP is plug-and-play and complementary to them.

1. Introduction

Camera-only 3D detection from multi-view images is a
challenging task for autonomous driving and has received
increasing attention recently. Introducing the Bird’s-Eye
View (BEV) representation [25, 14, 8, 30, 18, 2] with
the temporal features aggregation has become the supe-
rior design manner for camera-only 3D perception with
multi-camera images. Based on this, a series of detec-
tors [7, 15, 12, 24, 31, 19, 17] delve into the elaborated tem-
poral information fusion methods and achieve significant
breakthroughs. They consider the regions in 3D space and
aggregate the image features corresponding to these hypoth-
esis locations from multiple timestamps. These outstanding
advances reveal the great potential of temporal information
in camera-only 3D detection.

Beyond these temporal fusion mechanisms, in this pa-
per, we propose a new paradigm for leveraging temporal
information to enhance the temporal modeling ability of
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the 3D object detector. It’s a temporal-based auxiliary task
only adopted during training stage, namely Historical Ob-
ject Prediction (HoP). Our approach is motivated by the
observation that enforcing the detector to capture both the
spatial location and temporal motion of objects occurring at
historical timestamps can lead to more accurate BEV fea-
ture learning.

Specifically, given the current timestamp t, we generate
a pseudo BEV feature of timestamp t-k from its adjacent
frames and utilize this feature to predict the object set at t-k.
First, we elaborately design short-term and long-term tem-
poral decoders, which can generate the pseudo BEV fea-
ture for timestamp t-k without the involvement of its cor-
responding camera images. Thanks to the marginal tempo-
ral difference between two adjacent frames, the short-term
temporal decoder process two adjacent frames of timestamp
t-k to provide spatial semantics of objects. The long-term
decoder captures long-term motion of the whole frame se-
quence and contributes to better object motion estimation,
which is complementary to spatial localization of the short-
term branch. Subsequently, an additional object decoder
is flexibly attached to predict the object targets using the
generated pseudo BEV feature. Note that we only perform
HoP during training, thus the proposed method does not in-
troduce extra overheads during inference. As a plug-and-
play approach, HoP can be flexibly incorporated into the
state-of-the-art BEV detection frameworks, including BEV-
Former [15] and BEVDet series [8, 7, 14]. Furthermore, the
auxiliary HoP approach is complementary to prevalent tem-
poral modeling methods, leading to significant gains.

Extensive experiments are conducted to evaluate the
effectiveness of the proposed HoP on the nuScenes
dataset [1]. We choose the representative methods, includ-
ing BEVFormer and BEVDet4D-Depth [7, 14] to evalu-
ate our method. To be specific, we obtain 55.8% NDS
with ResNet-101-DCN and 60.3% NDS with VoVNet-99
when evaluating HoP on nuScenes val. Surprisingly, HoP
achieves 68.5% NDS and 62.4% mAP with ViT-L [4] on
nuScenes test, surpassing all the 3D object detectors on the
leaderboard by a large margin.

In conclusion, our contributions can be summarized as
follows:

• We propose a novel temporal enhanced training
scheme, namely Historical Object Prediction (HoP), to
encourage more accurate BEV feature learning. HoP
can force the model to capture the spatial semantics
and temporal motion of objects in the historical frame
during training.

• We design a temporal decoder that consists of a short-
term decoder and a long-term decoder to provide re-
liable spatial localization and accurate motion estima-
tion of objects.

• We equip the competitive 3D object detector baselines
with our approach and yield significant improvements
on the nuScenes dataset. Surprisingly, HoP with ViT-
L achieves 68.5% NDS and 62.4% mAP on nuScenes
test, establishing the new state-of-the-art performance.

2. Related Works
2.1. Multi-view 3D Object Detection

Modern multi-view methods for 3D object detection
could be mainly categorized into two branches, LSS-
based [25] and query-based methods. We will introduce
how these two methods differ in feature aggregation and
leave the temporal modeling part in the next section.

BEVDet [8] is a representative method in LSS-based
methods. Following the Lift-Splat-Shoot paradigm, the
method first explicitly estimates depth for every image
pixel, then lifts the 2D features to 3D voxels according to
the depth, and finally splats 3D features to BEV features
and conducts object detection on it. BEVDepth [14] fur-
ther improves the view transformation module with explicit
depth supervision.

Query-based methods typically employ learnable queries
to aggregate 2D image features by attention [27, 37] mech-
anism. DETR3D [30] utilizes object queries for predict-
ing 3D positions and projects them back to 2D coordinates
to obtain the corresponding features. Graph-DETR3D [2]
and Sparse4D [17] enhance it respectively with a learnable
3D graph and sparse 4D sampling. PETR [18] encodes 3D
position into image features and therefore directly query
with global 2D features. BEVFormer [15] leverages grid-
shaped BEV queries to interact with 2D features by de-
formable attention; on its basis, BEVFormerv2 [32] intro-
duces perspective supervision. Besides, PolarFormer and
Ego3RT [22, 9] advocates modeling BEV queries in polar
coordinates to fit the real-world scenario.

2.2. Temporal Modeling for Multi-view 3D Object
Detection

The motion information in autonomous driving scenes
has been increasingly explored to utilize the temporal cues
for improving detection performance in recent 3D percep-
tion frameworks. BEVFormer [15] proposes the temporal
self-attention mechanism to dynamically fuse the previous
BEV features by deformable attention [37] in an RNN man-
ner. BEVDet4D [7] introduces the temporal modeling to
lift BEVDet [8] to spatial-temporal 4D space. The 3D po-
sition embedding (3D PE) in PETR [18] is extended by
PETRv2 [19] with the temporal alignment. BEVStereo [12]
and STS [31] both leverage temporal views for constructing
multi-view stereo by an effective temporal stereo method.
SOLOFusion [24] fully exploits the synergy of short-term
and long-term temporal information that is highly comple-
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Figure 2: Framework of our Historical Object Prediction (HoP). The auxiliary branches are discarded during evaluation.
The symbol © denotes feature concatenation and fusion.

mentary as well as achieving state-of-the-art performance.
BEVFormerV2 [32] uses the bidirectional temporal encoder
to utilize both history and future BEV features, improving
the performance by a large margin. In contrast with afore-
mentioned works, we provide a novel temporal enhanced
training paradigm to improve the temporal modeling with-
out additional inference costs.

3. Method
3.1. Overall Architecture

As illustrated in Figure 2, HoP can be easily incorporated
into many multi-view 3D object detectors, e.g., BEVFormer
and BEVDet4D-Depth. We transform the extrinsic parame-
ters of previous frames to the coordinate system of the cur-
rent ego to perform temporal alignment following BEVDet.

3.2. Historical Object Prediction

Pipeline. The architecture of our Historical Object Pre-
diction (HoP) is composed of a temporal decoder T and
an object decoder D̂. Given the BEV feature sequence
{Bt−N , · · · ,Bt} that consists of N historical BEV features
and the current BEV feature, we denote the corresponding
3D ground truths as {Gt−N , · · · ,Gt}. If the BEV feature
at timestamp t-k is discarded, we use the remaining BEV
feature sequence {Bt−N , · · · ,Bt} - {Bt−k} (denoted as
Brem) to predict the 3D objects at timestamp t-k. To be
specific, we adopt T and D̂ to transform the remaining BEV
features to obtain the 3D predictions P̂t−k:

P̂t−k = D̂(T ({Bt−N , · · · ,Bt} − {Bt−k})). (1)

The temporal decoder T that models both short-term and
long-term information is developed to reconstruct the BEV

feature at timestamp t-k. The object decoder D̂ is attached
to generate the predictions P̂t−k using the pseudo BEV fea-
ture. Considering the ego-motion and temporal alignment,
we transform 3D coordinates of Gt−k into the coordinate
system of current frame t (denoted as Ĝt−k). The final
training objective is to minimize the differences between
P̂t−k and Ĝt−k.

The input to the temporal decoder is the remaining set
of BEV features consisting of (i) short-term BEV fea-
tures {Bt−k−1,Bt−k+1}, and (ii) long-term BEV features
{Bt−N , · · · ,Bt} - {Bt−k}. We first add temporal posi-
tional embeddings to BEV features in this full set. Our
temporal decoder reconstructs the feature B̂t−k by utiliz-
ing the spatial semantics and temporal cues of the BEV
feature sequence. More specifically, we present a tempo-
ral decoder that consists of two separate branches with their
special expertise to capture short-term and long-term infor-
mation. The learned strong spatial-temporal representation
can help the network better estimate the object location in
frame at timestamp t-k.
Short-term temporal decoder. Thanks to the high tem-
poral correlation between adjacent frames, the short-term
temporal decoder only operates on the adjacent BEV fea-
ture set {Bt−k−1,Bt−k+1} (denoted as Badj), building a
detailed spatial representation in BEV space. We first define
a grid-shaped learnable short-term BEV queries Qshort

t−k ∈
RH×W×C , where H and W refer to the spatial shape of
the BEV plane. The short-term BEV queries aggregate the
spatial information and model the short-term motion from
Bt−k−1 and Bt−k+1 through the short-term temporal atten-
tion, which can be formulated as:

B̂short
t−k =

∑
V∈Badj

DeformAttn(Qshort
t−k,p, p,V), (2)
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where p is the spatial index in the BEV plane,
DeformAttn(q, p, x) refers to the deformable attention [37]
with query q, reference point p and input features x. We
further feed B̂short

t−k into a feed-forward network [27] and
obtain the output of this short-term branch. However, it
is still challenging to precisely construct the temporal re-
lations of the same objects between Bt−k and other BEV
features with only two adjacent frames.
Long-term temporal decoder. The long-term temporal
processes the whole remaining BEV set to perceive the mo-
tion clues over long-term history, which increases the lo-
calization potential [24] and contributes to more accurate
localization. Therefore, these two branches in the temporal
decoder are complementary to each other. As for long-term
motion, it is intuitive that we only focus on the spatial mo-
tion of the same objects in the bird’s eye view, ignoring the
height information of objects. For most 3D object detectors
with 2D BEV features, e.g., BEVFormer and BEVDet, the
height information has been flattened to the feature embed-
dings. Accordingly, we first employ a channel reduction op-
eration to the input set Brem to prune the height information
and achieve better training efficiency. Given the learnable
long-term BEV queries Qlong

t−k ∈ RH×W×C/r and reduc-
tion layer with parameter Wr ∈ RC×C/r, we can capture
the long-term dependencies as:

B̂long
t−k =

∑
V∈Brem

DeformAttn(Qlong
t−k,p, p,VWr), (3)

where r denotes the reduction ratio and is set as 4 by de-
fault. After the feed-forward network, the long-term de-
coder output the BEV features. Finally, we concatenate the
short-term and long-term BEV features and perform feature
fusion by 3×3 convolution.
Object decoder. The reconstructed BEV feature B̂t−k is
further processed by a lightweight object decoder. The de-
coder is used to generate 3D predictions P̂t−k upon the
BEV feature and thus its implementation is flexible. Vari-
ants of BEV detection heads are an obvious choice and
we will consider multiple instantiations in our experiments.
After obtaining P̂t−k, we should align the coordinates be-
tween learning targets Gt−k and the final predictions P̂t−k.
For clarity, we first denote the ego coordinate as e(t) at
frame t. In our implementation, we transform the extrinsic
parameters of previous frames to the coordinate system of
the current ego, thus BEV features and predictions at differ-
ent timestamps share the same e(t). To simplify the learn-
ing targets, 3D coordinates of Gt−k should be transformed
into e(t). Considering the ego motion, we convert Gt−k to
Ĝt−k by ego transformation matrix as:

Ĝt−k = T
e(t)
e(t−k)Gt−k, (4)

where Te(t)
e(t−k) is the transformation matrix from the source

…

Transformer Decoder

t-k-1

Object Query

t-k …

Transformer Decoder

𝐁𝒕"𝒌"𝟏 𝐁𝒕"𝒌Object Query

Figure 3: Illustration of the temporal multi-stage decoder.
Object queries are enhanced by their counterparts derived
from the last frame, forming a recurrent connection.

coordinate system e(t − k) to the target coordinate system
e(t).
Discussion. The act of discarding a frame in HoP might
share similarity with masked image modeling works, like
MAE [5]. However, there are several points where HoP
differs greatly from those works. First, HoP is not a self-
supervised learning method as it requires 3D ground-truth
boxes for training. HoP leverages short-term and long-term
branches to extract diverse information from objects with
different velocities to predict 3D targets in the discarded
frame. In contrast, masked image modeling methods gener-
ally choose pixels or features as reconstruction targets, but
predicting features fails to bring significant gains as HoP in
Table 6c. Moreover, MAE is adopted for backbone pre-
training. HoP is designed for 3D BEV detection to en-
hance temporal learning by predicting objects in the dis-
carded frame. In fact, HoP is compatible with MAE since
we can use a MAE pretrained ViT as the backbone.

3.3. Historical Temporal Query Fusion

Apart from the HoP method that exploits temporal infor-
mation in BEV feature level, we also explore query-level
temporal modeling in query-based methods, e.g., BEV-
Former, by fusing historical object queries into current
queries. This fusion step provides current queries with an
initialization of history perception, forming a refining pro-
cess.

The BEV feature sequence {Bt−N , · · · ,Bt} is inferred
in the time order. For the timestamp t-k, we perform detec-
tion with the pre-defined object queries O as follows:

Ōt−k = D(Bt−k,O), (5)

where D is the BEV decoder and Ōt−k is its output.
Each object query learns to specialize in certain areas in

the BEV plane, so the output queries contain rich semantic
information from the regions. When detecting on the cur-
rent frame, we refine these output historical queries instead
of starting from the pre-defined ones to make the learning
process easier. For example, if an object query detects a still
object in the last frame, its historical counterpart could help
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Method Backbone Query-based LiDAR Epoch NDS↑ mAP↑ mATE↓ mASE↓ mAOE↓ mAVE↓ mAAE↓
BEVDepth [14] R101-DCN‡ ✓ 90† 0.538 0.418 - - - - -
UVTR [13] R101-DCN‡ ✓ 24 0.483 0.379 0.731 0.267 0.350 0.510 0.200
BEVFormer [15] R101-DCN‡ ✓ 24 0.517 0.416 0.673 0.274 0.372 0.394 0.198
PETRv2 [19] R101-DCN‡ ✓ 24 0.524 0.421 0.681 0.267 0.357 0.377 0.186
PolarFormer [9] R101-DCN‡ ✓ 24 0.528 0.432 0.648 0.270 0.348 0.409 0.201
Sparse4D [17] R101-DCN‡ ✓ 24 0.541 0.436 0.633 0.279 0.363 0.317 0.177
HoP-BEVFormer R101-DCN‡ ✓ 24 0.558 0.454 0.565 0.265 0.327 0.337 0.194

Table 1: Comparison of recent works on the nuScenes val set. † indicates methods with CBGS which will elongate 1 epoch
into 4.5 epochs. ‡ notes the backbone is initialized from FCOS3D [28] backbone. LiDAR: trained with LiDAR supervision.

it quickly locate the object without searching on its area in
the BEV plane again. On the other hand, historical infor-
mation from a moving object also contributes to localizing
and detecting its velocity.

As shown in Figure 3, to infer on the BEV feature Bt−k,
we first collect historical object queries Ohis

t−k as follows:

Ohis
t−k = MLP(Ōt−k−1), (6)

where MLP is a multi-layer perceptron with two linear lay-
ers and an expansion ratio of 4, which is used to fit the his-
tory query into the current timestamp. Note that we only
use historical queries from the last timestamp because we
hypothesize that queries from more distant history possess
little information overlap with currently visible objects.

Then we merge them with the pre-defined object queries
O as Equation 7,

Ōt−k = D(Bt−k,O+Ohis
t−k). (7)

Considering the first shown-up objects in the current frame,
the merge process takes both historical queries and pre-
defined queries into account.

4. Experiments
4.1. Dataset and Metrics

We validate our method on the popular nuScenes[1]
dataset. The nuScenes dataset contains 1000 driving scenes
in total, which are split into 700, 150, and 150 respectively
for training, validation, and testing. Each scene lasts for
20 seconds and annotations of 3D boxes are supplied every
0.5s in the keyframe. There are 6 cameras surrounding the
vehicle, providing images covering the whole 360-degree
FOV. As for evaluation, we adopt the standard metrics for
nuScenes detection task. The final nuScenes detection score
(NDS) is a weighted sum of mean Average Precision (mAP)
and five True Positive metrics including Average Transla-
tion Error (ATE), Average Scale Error (ASE), Average Ori-
entation Error (AOE), Average Velocity Error (AVE), and
Average Attribute Error (AAE).

4.2. Implementation Details

We mainly implement our method on the optimized
version of BEVFormer [15] (denoted as BEVFormer-opt),
where we generate the current BEV feature with resolu-
tion 200×200 by 6 BEV spatial encoder layers and fuse
the current and 4 previous BEV features by a BEV tem-
poral encoder. All models are trained with a mini-batch
of 8, an initial learning rate of 0.0002, and a weight de-
cay of 0.01 for 24 epochs without CBGS [36]. Unless
otherwise specified, we use ResNet-50 [6] pre-trained on
COCO [16] as the image backbone, and the image size is
processed to 1408×512. Both image and BEV augmenta-
tion are adopted following BEVDet [8]. Besides, we also
adopt the BEVDet4D-Depth [7] as baseline models and fol-
low the original settings.

4.3. Main Results

To compare with previous state-of-the-art 3D object de-
tection methods, we adopt ResNet101-DCN [6, 3] initial-
ized from FCOS3D [28] and VoVNet-99 [10, 11] initialized
from DD3D [23] checkpoint. We also enlarge the input res-
olution to 1600×640 and use 1500 object queries. The his-
torical temporal query fusion is employed in Table 1 and 2.

We report the results of our HoP with the ResNet101-
DCN backbone on nuScenes val in Table 1. Surpris-
ingly, our method outperforms BEVDepth with CBGS
strategy and depth supervision from LIDAR over +2.0%
NDS and +3.6% mAP under comparable complexity lev-
els. Besides, HoP achieves the best performance compared
with other competitive query-based object detectors, e.g.,
PETRv2 [19] and PolarFormer [9]. We also compared HoP
with other state-of-the-art algorithms on nuScenes test, and
still obtain the best performance of 61.2% NDS and 52.8%
mAP.

To show the scalability of our model to stronger back-
bones, we apply HoP to BEVDet4D-Depth with ViT-L [4]
as the backbone. The ViT-L we employ is initialized with
the Co-DETR [38] pre-trained on the 2D detection bench-
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Method Backbone Query-based LiDAR Epoch NDS↑ mAP↑ mATE↓ mASE↓ mAOE↓ mAVE↓ mAAE↓
BEVDepth∗ [14] V2-99 ✓ 90† 0.600 0.503 0.445 0.245 0.378 0.320 0.126
DETR3D [30] V2-99 ✓ 24 0.479 0.412 0.641 0.255 0.394 0.845 0.133
UVTR [13] V2-99 ✓ 24 0.551 0.472 0.577 0.253 0.391 0.508 0.123
BEVFormer [15] V2-99 ✓ 24 0.569 0.481 0.582 0.256 0.375 0.378 0.126
PETRv2 [19] V2-99 ✓ 24 0.582 0.490 0.561 0.243 0.361 0.343 0.120
Sparse4D [17] V2-99 ✓ 24 0.595 0.511 0.533 0.263 0.369 0.317 0.124
HoP-BEVFormer V2-99 ✓ 24 0.603 0.517 0.501 0.245 0.346 0.362 0.105
HoP-BEVFormer† V2-99 ✓ 24 0.612 0.528 0.491 0.242 0.332 0.343 0.109

Table 2: Comparison of recent works on the nuScenes test set. ∗ indicates test-time augmentation. † means we do not detach
1 historical frame. VoVNet-99 (V2-99) [10] was pre-trained on the depth estimation task with extra data [23].

Method Backbone TTA NDS↑ mAP↑ mATE↓ mASE↓ mAOE↓ mAVE↓ mAAE↓
SOLOFusion [24] ConvNeXt-B [21] 0.619 0.540 0.453 0.257 0.376 0.276 0.148
BEVFormerV2 [32] InternImage-XL [29] 0.648 0.580 0.448 0.262 0.342 0.238 0.128
BEVDet-Gamma [7] Swin-B [20] ✓ 0.664 0.586 0.375 0.243 0.377 0.174 0.123
HoP-BEVDet4D-Depth ViT-L [4] 0.685 0.624 0.367 0.249 0.354 0.171 0.131

Table 3: Comparisons on the nuScenes camera-only 3D detection leaderboard. TTA denotes test-time augmentation.

mark Objects365 [26]. We use 8 frames into the future to
provide additional information from the future. To reduce
the training time, we first train the ViT-L using FCOS3D
on the nuScenes trainval for 36 epochs. Then we only train
HoP-BEVDet4D-Depth for 5 epochs with CBGS. Without
test-time augmentation, HoP pushes the current best re-
sult to a new record of 68.5% NDS and 62.4% mAP on
nuScenes test.

4.4. Ablation Studies

Unless stated otherwise, we conduct the ablation experi-
ments on BEVFormer-opt with a ResNet-50 backbone. We
follow the original settings when adopting BEVDet4D as
the baseline.
Effectiveness of each component. We perform a
component-wise ablation to thoroughly analyze the effect
of each component in Table 4. Surprisingly, incorporating
the historical temporal prediction into the optimized BEV-
Former brings significant performance gains (+1.8% NDS,
+1.4% mAP) over the baseline. The overall improvements
hold when we apply the training strategy to BEVDet4D-
Depth, achieving +1.6% NDS and +1.4% mAP improve-
ments, respectively. Alternatively, the temporal information
provided by historical queries also contributes to the perfor-
mance improvements for BEVFormer, where a +1.2% NDS
gain is observed. Without detaching the gradients of histor-
ical BEV features in the last two layers of BEV encoder, the
model can be further improved to 53.9% NDS. These results
prove the effectiveness and generalization of our HoP.

Optimized BEVFormer baseline. Table 5 illustrates the
critical designs of our optimized BEVFormer baseline. We
can observe setting the dropout rate within the transformer
as 0 significantly improves the performance and look for-
ward twice [34] is an essential factor to improve mAP. Be-
sides, we replace the heavy backbone with the ResNet50
and decrease the input resolution to 1408×512 to improve
the training efficiency of BEVFormer. At the same time,
we also introduce step learning rate decay and data aug-
mentation, which includes BEV augmentation, random flip-
ping, cropping, and rotation, to achieve better performance
without inference costs increase. Decoupling the BEV tem-
poral encoder from the spatial encoder and using 4 pre-
vious frames, is crucial in the later promotion process.
Combining these aforementioned modifications on BEV-
Former results in our optimized baseline BEVFormer-opt.
Finally, we achieve comparable performance with the origi-
nal BEVFormer-R101-DCN while running much faster and
requiring fewer parameters.

Temporal decoder design. Table 6a illustrates the key de-
signs of our temporal decoder for prediction targets predic-
tion. The performance is always improved when using the
structure of one individual decoder alone, reaching 52.9%
NDS and 52.7% NDS with the short-term and the long-term
decoder, respectively. We achieve the best performance
with 53.1% NDS and 42.8% mAP when both short-term and
long-term decoders are adopted, demonstrating the comple-
mentarity between these two branches.

Object decoder design. The object decoder detects the 3D
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Method HoP HQ Fusion NDS↑ mAP↑ mATE↓ mASE↓ mAOE↓ mAVE↓ mAAE↓
BEVFormer-opt 0.513 0.414 0.655 0.274 0.447 0.368 0.194
BEVFormer-opt ✓ 0.525 0.425 0.660 0.274 0.395 0.357 0.188
BEVFormer-opt ✓ 0.531 0.428 0.638 0.269 0.352 0.369 0.185
BEVFormer-opt† ✓ 0.539 0.435 0.629 0.268 0.342 0.360 0.184
BEVFormer-opt† ✓ ✓ 0.544 0.439 0.607 0.265 0.354 0.340 0.193
BEVDet4D-Depth 0.493 0.385 0.632 0.283 0.581 0.289 0.212
BEVDet4D-Depth ✓ 0.509 0.399 0.608 0.272 0.541 0.281 0.205

Table 4: Component-wise ablations. † indicates we do not detach historical BEV features of last two layers in the BEV encoder. “HQ
Fusion” refers to historical temporal query fusion.
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Figure 4: Visualization result of BEVFormer-opt and HoP-BEVFormer on nuScenes val set. The predicted boxes are marked
in yellow, while the ground truth boxes are marked in blue in the LIDAR TOP figure.

Method NDS mAP
#params Training time

(M) (sec/iter)
BEVFormer-R101-DCN 0.517 0.416 78.6 2.7
+ Dropout 0 0.529 0.424 78.6 2.7
+ Look forward twice 0.531 0.430 78.6 2.7
+ Smaller backbone R50 0.487 0.388 57.7 2.0
+ Step LR decay 0.493 0.391 57.7 2.0
+ Data augmentation 0.499 0.404 57.7 2.0
+ Decoupled BEV encoder 0.521 0.420 55.5 2.2
+ Smaller resolution 0.513 0.414 55.5 1.6
BEVFormer-opt-R50 0.513 0.414 55.5 1.6

Table 5: Step-by-step optimizing the BEVFormer baseline.

targets with the reconstructed features, thus it can be flexi-
bly designed, as studied in Table 6b. We find these detection
heads can bring consistent gains. For example, ATSS [35]
is extended to 3D object detection and brings 1.6% NDS
and 1.2% mAP gains. We choose CenterPoint [33], which
achieves the best performance as the default object decoder.
Prediction target. We also study the design that only pre-
dicts pseudo BEV features at timestamp t-k supervised by
Bt−k generated by the BEV encoder in a self-distillation
manner. As presented in Table 6c, the feature supervision
signals only slightly improve the baseline while the 3D ob-
jects supervision boosts the performance by a large margin.
In a summary, explicit supervision from 3D objects in the
BEV space is crucial to HoP.
Choice of prediction index k. The selection of prediction
index k is a critical design of our method and is ablated in
Table 6d. We first study whether the model can benefit from

predicting the 3D objects in the future frame, e.g., frame t+1
(k = −1). Interestingly, this future 3D object prediction
also brings non-trivial gains but performs inferior to history
prediction. The relatively weaker gains can be explained
by the difference between a history prediction task and a
future prediction task: it is much more challenging to pre-
dict 3D objects in the future frame at timestamp t+1 with
only history frames from timestamp t-N to t. Predicting
objects in frame t-k with both history frames from times-
tamp t-N to t-k-1 and future frames from timestamp t-k+1
to t is much easier. A challenging auxiliary task can disturb
the learning progress and slightly decrease the performance
gains. When predicting the objects of history frame t-k,
we do not detach the feature maps of frame t-k+1 to allow
the gradients back propagate through the both short-term
and long-term temporal decoder. Therefore, we observe the
method imposes a significant increase in GPU memory for
k > 1 since the features at timestamp t and t-k+1 are not
detached. Accordingly, we choose k as 1 since it achieves
the best trade-offs between accuracy and training costs.
Training time. We present the training speed (seconds per
training iteration) under different settings in Table 6e. This
training speed is evaluated with 8 NVIDIA A100 GPUs.
Compared with the baseline, HoP introduces an additional
temporal decoder and object decoder during training, lead-
ing to an inevitable increase in training time. Thanks to the
lightweight design of our temporal decoder and object de-
coder, we only observe a 20% increase (from 1.6 seconds
to 1.9 seconds) in training time for BEVFormer baseline.
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Case NDS mAP
None 0.513 0.414

Short-term 0.528 0.426
Long-term 0.526 0.425

Both 0.531 0.428

(a) Temporal decoder design. Both short-
term and long-term can improve accuracy.

Case NDS mAP
None 0.513 0.414

Transformer 0.521 0.421
ATSS 0.529 0.426

CenterPoint 0.531 0.428

(b) Object decoder design. The decoder can
be flexibly implemented.

Case NDS mAP
None 0.513 0.414

BEV feature 0.518 0.418
3D objects 0.531 0.428

(c) Prediction target. The explicit supervi-
sions of 3D targets are critical.

k NDS mAP Memory
None 0.513 0.414 1×

-1 0.523 0.420 1.6×
1 0.531 0.428 1.3×
2 0.534 0.430 2.3×
3 0.536 0.432 2.3×

(d) Prediction index. Predicting the objects
in frame t-1 achieves the best trade-offs.

Case NDS Speed
BEVFormer-opt 0.513 1.6

HoP-BEVFormer-opt 0.531 1.9
HoP-BEVFormer-opt† 0.539 2.1

BEVDet4D-Depth 0.493 4.5
HoP-BEVDet4D-Depth 0.509 4.7

(e) Training speed. HoP slightly increases the
training time.

Connection form NDS mAP
None 0.513 0.414

Recurrent 0.525 0.425
Fully-Connected 0.521 0.422

Dense 0.523 0.421

(f) Historical query collection form. All
three connection forms bring improvements.

Table 6: Ablation experiments with ResNet-50 on nuScenes val. Default settings are marked in gray . † indicates we do
not detach historical BEV features of last two layers in the BEV encoder.

Long-term & Short-term only Short-term only Long-term

Figure 5: Visualization results of object decoder with three variants of the temporal decoder.

When the gradients of historical BEV features are not de-
tached in the last two layers of BEV encoder, the training
time is increased by 30%. As for BEVDet4D-Depth, the
BEV feature resolution and dimension is smaller than BEV-
Former. Therefore, the additional training costs brought by
HoP are negligible (from 4.5 seconds to 4.7 seconds).

Historical query collection form. We explore differ-
ent methods to obtain historical object queries Ohis

t−k in
Table 6f. The Recurrent method only utilizes historical
queries from the last frame, which is described in Equa-
tion 6; the Fully-Connected method collects all the histori-
cal object queries {Ōt−N , ..., Ōt−1} but only uses them for
the current frame t; the Dense method extends the Fully-
Connected method with using all historical queries on every
timestamp. These three variants can bring consistent im-
provement, proving the insensitivity of the collection form;
the recurrent form obtains the best result, where mAP in-
creased by 1.2% and NDS increased by 1.3%. The results
also prove our hypothesis that historical queries from the
previous frame provide a more reliable initialization.

4.5. Visualization

Figure 4 shows the detection result of the base-
line method BEVFormer-opt and our proposed HoP-
BEVFormer. The predictions are marked in yellow, while
the ground truth boxes are marked in blue in the LI-
DAR TOP figure. We observe that HoP-BEVFormer suc-
cessfully detects small objects or occluded objects thanks
to the superior ability to aggregate temporal information.

We also visualize the predictions of the object decoder
with three variants of temporal decoder T : only long-term,
only short-term, and both of them in Figure 5. The decoder
with only a short-term branch can detect accurate attributes
of objects, e.g., height and length, but fails to localize them
precisely. Besides, results in the second row show that
the short-term branch contributes to detecting more fore-
ground objects because of its detailed spatial semantics.
On the contrary, the decoder with only long-term modeling
performs precise localization due to the long-term motion
while struggling to detect the size of the object, e.g., height.
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When both long-term and short-term branches are adopted,
we achieve the best result by combining their advantages.

5. Conclusion
In this paper, we propose a new paradigm, named Histor-

ical Object Prediction (HoP) for multi-view 3D detection to
leverage temporal information more effectively. The HoP
approach is straightforward: given the current timestamp t,
we generate a pseudo BEV feature of timestamp t-k from
its adjacent frames and utilize this feature to predict the ob-
ject set at timestamp t-k. First, we elaborately design short-
term and long-term temporal decoders, which can generate
the pseudo BEV feature for timestamp t-k without the in-
volvement of its corresponding camera images. Second, an
additional object decoder is flexibly attached to predict the
object targets using the generated pseudo BEV feature. As
a plug-and-play approach, HoP can be easily incorporated
into state-of-the-art BEV detection frameworks, including
BEVFormer and BEVDet series. Extensive experiments are
conducted to evaluate the effectiveness of the proposed HoP
on the nuScenes dataset. Surprisingly, HoP achieves 68.5%
NDS and 62.4% mAP on nuScenes test, outperforming all
the 3D object detectors on the leaderboard by a significant
margin.
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