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Abstract

We introduce ForeSight, a novel joint detection and fore-
casting framework for vision-based 3D perception in au-
tonomous vehicles. Traditional approaches treat detection
and forecasting as separate sequential tasks, limiting their
ability to leverage temporal cues from past forecasts. Fore-
Sight addresses this limitation with a multi-task stream-
ing and bidirectional learning approach, allowing detection
and forecasting to share query memory and propagate in-
formation seamlessly. The forecast-aware detection trans-
former enhances spatial reasoning by integrating trajec-
tory predictions from a multiple hypothesis forecast memory
queue, while the streaming forecast transformer improves
temporal consistency using past forecasts and refined de-
tections. Unlike tracking-based methods, ForeSight elimi-
nates the need for explicit object association, reducing er-
ror propagation with a tracking-free model that efficiently
scales across multi-frame sequences. Experiments on the
nuScenes dataset show that ForeSight achieves state-of-the-
art performance, achieving an EPA of 54.9%, surpassing
previous methods by 9.3%, while also attaining the highest
mAP among multi-view detection models and maintaining
competitive motion forecasting accuracy.

1. Introduction

Perception systems in autonomous vehicles (AVs) are crit-
ical for understanding the dynamic driving environment.
Vision-based 3D detection has gained popularity due to
its low deployment cost and ability to interpret visual ele-
ments. Despite this progress, vision-based systems struggle
in complex driving scenarios, particularly with occluded or
partially visible objects which can pose critical safety risks.
To address these challenges, temporal learning methods that
leverage multi-frame histories have emerged as a solution,
improving detection by aggregating past observations and
motion cues.

Existing temporal learning methods fall into two cate-

gories: dense-feature and sparse-query learning. Dense-
feature methods [17, 22, 27, 29, 41] align historic bird’s-
eye-view (BEV) features to the current frame for fusion.
Sparse-query methods [33-35, 57] represent objects as
sparse queries and use attention [51] to selectively fuse tem-
poral features, achieving strong efficiency and performance.
However, they often overlook the multi-modal motion of
surrounding agents, limiting their ability to fully exploit
temporal information. Given advances in motion forecast-
ing [50, 54, 65, 66], neglecting to fully incorporate future
movement in detection discards valuable cues.

Traditional motion forecasting models rely on curated
ground-truth trajectories, assuming perfect detection and
tracking. However, this assumption does not hold in real-
world, online perception scenarios, leading to degraded per-
formance [63]. Meanwhile, emerging end-to-end meth-
ods integrating perception and forecasting architectures into
joint training show promise in the presence of perception
errors [11, 16]. These methods rely on tracking to bridge
the gap between forecasting and perception. However, they
trade off detection accuracy for tracking performance and
introduce errors from incorrect trajectories association, bot-
tlenecking learning. Moreover, these forecasting methods
recompute trajectories at each timestep, making them com-
putationally inefficient. By integrating forecasting with
temporal detection through a streaming memory queue,
ForeSight enhances computational efficiency and ensures
flexible propagation of historical context.

Our key insight is to re-think the traditional autonomy
stack, where motion forecasting is typically used for plan-
ning and then discarded. Instead, we propose an integrated
system where motion forecasts feed back into itself and de-
tection through a joint streaming memory queue. Therefore,
we introduce ForeSight, a novel framework that jointly op-
timizes detection and forecasting through unified process
for query initialization, attention, and propagation. Exper-
iments show that bidirectional query flow enhances both
tasks, achieving state-of-the-art end-to-end forecasting per-
formance. ForeSight uses a unified transformer architec-
ture for temporal detection and track-free forecasting with a
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Figure 1. A comparison of temporal learning perception methods related to ForeSight. (a) Traditional object detection methods leverage
single-frame sensor data. (b) Temporal sparse detectors typically keep memory of past detection locations without explicit forecasting
capabilities. (c) Typical joint detection-forecasting works pass information from detection to forecasting and rely on tracking for temporal
information. (d) ForeSight further propagates motion forecast information to future frames to be reused in detection and forecasting.

joint memory system, allowing past detections and forecasts
to serve as a prior on the current detections and forecasts. To
our knowledge, ForeSight is the first joint perception and
forecasting method to propagate all queries bidirectionally
with closed-loop feedback. ForeSight represents a promis-
ing advance toward improved memory systems for efficient
architectures for autonomous systems. To summarize, our
key contributions are:

* We introduce ForeSight, a joint streaming detection and
forecasting framework for multi-view images. Unlike ex-
isting methods that treat these as sequential tasks, Fore-
Sight enables both to share temporal priors via a unified
memory, enhancing performance of both tasks. Our bidi-
rectional query propagation allows information to flow
not just from detection to forecasting, as in conventional
autonomy stacks, but also back from forecasting to both
tasks, enriching detection with temporal cues.

* We introduce a tracking-free streaming forecast approach
to improve direct integration between detection and fore-
casting by removing the tracking bottleneck and adding
a shared memory access. We find the forecasting model
benefits from this approach, leading to improved end-to-
end forecasting.

» Extensive experiments on the NuScenes dataset [1]
demonstrate that ForeSight outperforms existing percep-
tion and forecasting methods, achieving the highest EPA
by alarge margin of 9.3% over SOTA joint perception and
forecasting method UniAD[16]. ForeSight also surpasses
the best multi-view 3D detection baseline, StreamPETR,
with a 2.1% mAP improvement.

2. Related Works

2.1. Multi-View 3D Object Detection

Multi-view 3D object detection identifies objects in 3D
space by transforming 2D image features from multiple
viewpoints into a unified 3D representation. BEV-based
methods project 2D features onto a BEV plane via depth
estimation, as in LSS [42], CaDDN [43], and BEVDet [19].
Sparse query-based methods, including DETR3D [59] and
PETR [34], use learnable 3D queries to aggregate multi-
view features via attention [51]. ForeSight follows the
sparse query-based approach for object detection.

2.2. Temporal Multi-View 3D Object Detection

Temporal detection methods improve single-frame models
by aggregating information across multiple timesteps, en-
hancing velocity estimation and occlusion handling. The
temporal fusion approach depends on the representation
type: dense BEV-based or sparse query-based. Dense BEV-
based methods like BEVDet4D [17] and Fiery [15] warp
and concatenate dense BEV features from past frames, im-
proving detection stability and accuracy. SOLOFusion [41]
extends this by caching features across a sliding window
for long-term fusion. BEVFormer [29] further enhances dy-
namic scene modeling with deformable attention to improve
accuracy in dynamic environments.

Sparse query-based methods, such as StreamPETR [57],
PETRV2 [35], and Sparse4Dv2 [33], cache object queries
from past frames to efficiently capture temporal dependen-
cies. These approaches attend to past detection and initial-
ize new queries from them to reduce computational over-
head compared to dense BEV-based methods while main-



taining strong performance. However, they lack explicit su-
pervision for propagating detections into the future, limiting
temporal learning. ForeSight addresses this by jointly learn-
ing detection and forecasting, explicitly supervising how
past detections influence future timesteps.

2.3. Motion Forecasting

Motion forecasting for AVs predicts future agent states
based on the road map, agent history, and semantic type.
Early works [4, 7, 44] rasterize scene context into bird-eye-
view images for CNN processing. Later methods adopt
vector-based encodings with permutation-invariant opera-
tors such as pooling [50], graph convolutions [10, 30], and
attention mechanisms [9, 24, 58, 65]. Alternative scene
representations, including dynamic insertion areas [52]
and Frenet frame-based approaches [53, 55, 64], improve
generalizability. However, most assume noise-free in-
puts, leading to vulnerability in real-world settings. Some
works address uncertainties in object classes [20], map el-
ements [12], and object tracks [60, 61], but focus solely on
forecasting task trained alone on curated ground truth tra-
jectories.

2.4. Joint Detection and Forecasting

Training motion forecasting separately from detection on
curated data leads to degraded performance in real-world
scenarios[63]. Joint training mitigates this issue by improv-
ing the information flow between both tasks. Early works
such as FaF [37], IntentNet [2], and PnPNet [31] demon-
strate the benefits over standalone conventional models. Re-
cent methods, such as InterFuser [45], VAD [21], Reason-
Net [46] and LMDrive [47] have extended this idea to add
downstream tasks such as planning and control. End-to-end
joint training of the full set of driving tasks has gained trac-
tion, with UniAD [16] and ViP3D [11] integrating sparse
queries across all tasks. However, most of these recent
methods enforce tracking via ground truth query assign-
ments which introduces information bottlenecks [3] and re-
sults in poorer detection performance [6].

While end-to-end methods only consider a one-way flow
of information from detection to forecasting, recent works
explore backward propagation from forecasting to detec-
tion. FaF [37] and FrameFusion [25] showed that using mo-
tion prediction to propagate past detection boxes and aver-
aging them with current detections improves detection per-
formance. MoDAR [28] explored directly forecasting pre-
vious sensor data as additional input to the detection model
for temporal prior modeling. However, these methods are
not jointly trained together to perform detection and fore-
casting. ForeSight introduces a novel streaming joint detec-
tion and forecasting framework with bidirectional propaga-
tion, enabling both tasks to be trained together in closed-
loop for the first time.

3. Method

Our ForeSight framework extends query-based temporal 3D
object detectors [57] by introducing a forecasting trans-
former for joint training of detection and prediction tasks. A
streaming query propagation mechanism efficiently lever-
ages temporal information, enabling queries to persist
within the model over time. ForeSight processes multi-view
camera images to detect surrounding objects and generate
multi-modal forecasts over future time steps, optionally in-
corporating high-definition (HD) maps.

An overview of ForeSight is shown in Figure 2. It con-
sists of two primary components: scene encoders for fea-
ture extraction and a transformer network for joint stream-
ing detection and forecasting. Section 3.1 discusses the em-
bedding extraction from multi-view images and HD maps.
Section 3.2 details the ForeSight transformer architecture
for predicting detections and forecasts, and how queries are
initialized and propagated. Finally, Section 3.3 describes
the optimization approach to jointly train our model end-to-
end, including the losses and data augmentation strategy.

3.1. Scene Embedding Extraction

The first stage of ForeSight involves extracting scene em-
beddings from multi-view images and HD maps. Cam-
era images serve as the primary sensor input for perceiv-
ing surroundings. HD maps provide an additional infor-
mation source essential for understanding and forecasting
object motion. The images and HD maps are encoded sep-
arately by individual encoders. The ForeSight transformer
can then attend to the relevant scene embeddings to perform
detection and forecasting.

Image Encoder. At each time step, we pass multi-
camera images to a standard image backbone network (e.g.,
ResNet-50 [14]), and extract the visual scene features of
each camera view. Following previous works [34], each im-
age feature is fused with a 3D positional embedding to gen-
erate 3D position-aware features. These features are then
used as a sequence of image feature tokens F; passed to
our joint detection and forecasting transformer.

Map Encoder. The HD map, if available, can be encoded
to provide road context information, including lanes, traf-
fic signs, and drivable areas, informing the future motion of
objects. Following the vectorized representation [10, 30],
we represent the HD map as a directed lane graph G(V, E),
where the lanes are broken up into polylines to form the
graph nodes V, and lane connectivity constructs the graph
edges E. At each time step, we consider the nearby map
elements within an inflated region around the ego agent to
account for possible map interaction outside the detection
range. Following [8], we first encode the lane polyline
sequence according to their connectivity using multi-layer
gated recurrent units (GRU), then we apply a graph atten-
tion network (GAT) on these lane features to further aggre-
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Figure 2. Overall architecture for the proposed ForeSight method. The model takes multi-view images and an optional HD map as inputs
and encodes them separately to produce scene embeddings. Detection queries are combined with a subset of temporal queries from a
memory bank and attend to themselves, other temporal queries, and the image embeddings to produce detected objects. The detection
positions are combined with forecast anchors to produce forecast queries and attend to themselves, map embeddings, and detection queries

to produce future forecasts. Finally, the forecast queries are next pushed to the memory bank for future use.

gate local context from the graph structure. We treat lane
graph node embedding as a map feature tokens F ', for later
use in our architecture.

3.2. The ForeSight Transformer

At the core of our transformer-based approach are two main
concepts: (1) a carefully designed process for query initial-
ization, propagation, and exploitation, and (2) an iterative
application of self-attention layers to capture intra-query
interactions, along with cross-attention layers to aggregate
information from scene embeddings. This architecture en-
ables robust integration of temporal information and facil-
itates interaction and joint learning of detection and fore-
casting tasks.

Joint Streaming Memory Queue. A new joint memory
management and propagation system was needed to per-
form joint streaming detection and forecasting. We use a
joint memory of shape Qe € REXTnXTrxD o repre-
sent the top- K objects across T}, historic frames and 7}, fu-
ture frames with a hidden dimension D. This queue holds
the highest confidence past detection and associated fore-
cast queries, allowing the model to leverage multiple fu-

ture hypotheses as priors. At each step, the queue is shifted
along the dimension 7}, to match the current time. The cor-
responding 3D positions, p,, of the detection and forecast
queries are maintained in the ego reference frame and up-
dated across time using the ego vehicle transformation ma-
trix, Tego, by

|:pi7t:| = nglo)tTegO,tfl |:qu_1:| (1)

We then maintain the query memory in a first-in-first-out
manner (FIFO) by appending new decoder outputs and pop-
ping the oldest features. While introducing a future queue
increases memory requirements, the computation to process
it is nearly the same since only K x T}, out of K x T}, x T}
are used for inference at the current frame.

Detection Query Initialization. As in many transformer-
based detection methods [34, 59], we use IN detection
queries of dimension D, q,., € R™*P, alearned represen-
tation, to identify and locate objects within the input data.
Specifically, at each time step, the detection queries q ., are
initialized as positional encodings (PE) of a set of 3D object



anchor positions Xg.; € RY*3:
Qdet = MLP (PE (x4e¢)) 2

where x 4., 18 initialized from a random uniform distribution
across the normalized detection range in local 3D space.

In addition to detection queries, we also leverage tempo-
ral memory queries at each timestep, Qe € RE*Th*D,
from the historical horizon T},. Past objects provide valu-
able cues about the presence and positions of objects in the
current frame. Past methods in both temporal detection[13]
and tracking [38] rely on only initializing queries from the
top-k last frame outputs. In contrast, our approach takes the
top-k from all past queries within 7T’y frames forecasted to
the current time. Since our queries can be initialized over
multiple frames in the past, this enables a new capability
of our model relative to past works in that it can initialize
temporal detection queries across occlusions.
Forecast-Aware Detection Transformer. The detection
queries qqe¢ and temporal queries gty are then fused to
aggregate information from image feature tokens F'; to de-
tect objects in the current frame. Specifically, our approach
utilizes temporal queries from the past historical frame,
Qfomp € R¥*P, and concatenate them with the detection
queries, qq.¢:. Here, temporal queries carry forward infor-
mation on objects detected in the most recent past frame,
while detection queries are dedicated to identifying newly
appearing objects. These concatenated queries, in the shape
of RINHE)IXD are then fed into self-attention layers to cap-
ture intra-query interactions, and into cross-attention layers
to attend to all temporal queries in the full historic horizon
Qtemp- Additional cross-attention layers are then applied,
where the queries aggregate information from image feature
tokens F;. Finally, the resulting queries are sent into suc-
cessive transformer layers for refinement and then decoded
as bounding boxes RN+K )Xg, which include 3D coordi-
nates, box sizes, heading, classes, and confidence.
Forecast Query Initialization. For each decoded detec-
tion, ForeSight forecasts its states over the future horizon
T'y. First, we extract the 2D coordinates and heading from
the decoded bounding boxes to form detection anchors of
shape R(N*HK)*3 representing the current states of de-
tected objects. Next, to produce multi-modal forecasts, we
follow [4, 16, 48] by creating forecast anchors of shape
RMXTrx2 A subset of these anchors are generated via
k-means clustering on ground-truth trajectory data to rep-
resent trajectory points of distinct modalities. Our work
extends this approach further by adding a set of temporal
anchors as an additional modality from the previous high-
est confidence forecast trajectory output. This allows the
forecasting model to improve temporal stability and reuse
previous computations. Finally, we combine the detection
anchors in shape RV +5)%3 with forecast anchors in shape
RM>T5%2 apply positional encodings as in Eq 2, and pro-

duce initial forecast queries of shape R(N+K)xMxTyxD

Joint Streaming Forecast Transformer. To perform fore-
casting, the initial forecast queries first self-attend to them-
selves, and then cross attend to temporal forecast queries.
The queries can then optionally cross-attend to the map
feature tokens F'j;, integrating static scene graph informa-
tion to enhance trajectory predictions. Specifically, each
agent’s forecasting queries locally attend to N,,,,;, elements
nearest the agent for efficient agent-map interaction mod-
eling. Lastly, they cross-attend to the processed detection
queries, before being decoded into future waypoints of size
RWNHE)xMxTsx2 and associated confidence after the final
layer. By attending to scene embeddings, past temporal de-
tection queries, and past temporal forecast queries, the fore-
cast transformer provides robust trajectory forecasts consis-
tent with the current detections and past forecasts, and ac-
counts for complex spatial patterns. This enables ForeSight
to be the first work to jointly stream historical memory from
both detection and forecasting by using both detection and
forecast memory queues for query initialization and cross
attention. Lastly, the queries are decoded and the top K
forecasts are pushed into the temporal query bank for use at
future times.

3.3. Optimization Approach

The ForeSight framework is trained using a multi-task ob-
jective to optimize both detection and forecasting simulta-
neously. For detection, a combination of focal loss [32]
for classification and L1 loss for bounding box regression
is used. For forecasting, the model minimizes the trajec-
tory prediction error using an average displacement error
(ADE), final displacement error (FDE), and classification
loss for the mode closest to the ground truth following [16].
In addition, an auxiliary loss is used to supervise ROI fea-
ture extraction which also contains a classification and re-
gression loss on targets in the 2D image space [56]. The
joint loss function is formulated as:

LForeSight = )\det Edet + /\forecast ‘Cforecast + /\aux['aux (3)

where Adet, Aforecast, and Aqux are balancing weights. The
forecasting targets are assigned to detections using the near-
est ground truth object up to a threshold of 2 meters. This
unified loss and assignment encourages the model to lever-
age shared scene embeddings effectively while maintaining
high performance in both detection and forecasting tasks.
By adopting this holistic design, the streaming ForeSight
architecture ensures tight integration between detection and
forecasting, enabling more accurate and consistent scene
understanding over time.



Methods Backbone Image Size | Frames | mAPT | NDST | mATE| | mASE| | mAOE,| | mAVE| | mAAE] | FPSt
BEVDet4D [17] ResNet50 256 x 704 2 0.322 | 0.457 0.703 0.278 0.495 0.354 0.206 16.7
PETRV2 [35] ResNet50 256 x 704 2 0.349 | 0.456 0.700 0.275 0.580 0.437 0.187 18.9
BEVDepth [27] ResNet50 256 x 704 2 0.351 | 0.475 0.639 0.267 0.479 0.428 0.198 15.7
BEVStereo [26] ResNet50 256 x 704 2 0.372 | 0.500 0.598 0.270 0.438 0.367 0.190 12.2
BEVPoolv2 [18] ResNet50 256 x 704 9 0.406 | 0.526 0.572 0.275 0.463 0.275 0.188 16.6
VideoBEV [13] ResNet 50 256 x 704 2 0.422 | 0.535 0.564 0.276 0.440 0.286 0.189 -
SOLOFusion [41] ResNet50 256 x 704 17 0427 | 0.534 | 0.567 0.274 0.511 0.252 0.181 114
StreamPETR* [57] ResNet50 256 x 704 4 0.445 | 0.538 0.640 0.267 0.443 0.259 0.206 31.7
ForeSight (ours) ResNet50 256 x 704 4 0.466 | 0.560 0.614 0.266 0.370 0.258 0.201 23.5
BEVDepth [27] ResNet101 512 x 1408 2 0412 | 0.535 0.565 0.266 0.358 0.331 0.190 -
BEVFormer [29] ResNet101-DCN | 900 x 1600 4 0416 | 0.517 0.673 0.274 0.372 0.394 0.198 3.0
Sparse4D [33] ResNet101-DCN | 900 x 1600 4 0.436 | 0.541 0.633 0.279 0.363 0.317 0.177 4.3
SOLOFusion [41] ResNet101 512 x 1408 17 0.483 | 0.582 | 0.503 0.264 0.381 0.246 0.207 -
StreamPETR* [57] ResNet101 512 x 1408 4 0.486 | 0.578 0.600 0.270 0.343 0.248 0.192 X
ForeSight (ours) ResNet101 512 x 1408 4 0.502 | 0.589 0.578 0.255 0.346 0.238 0.193 5.1

Table 1. Detection performance on NuScenes validation set, against comparable SOTA vision-based methods. ForeSight delivers competi-
tive performance compared to SOTA methods, achieving the highest mAP. Notably, ForeSight surpasses the second-best detection baseline,
StreamPETR, with a notable 2.1% improvement in mAP. *Results generated with the same number of queries and frames as ForeSight for

a fair comparison.

4. Experiments

4.1. Experiment Setup

Datasets. We evaluated ForeSight on the NuScenes 3D de-
tection dataset [1]. NuScenes consists of 1,000 scenarios;
each scenario is roughly 20s long, with a sensor frequency
of 20 Hz. Each sample contains images from 6 cameras
heading at different angles from the vehicle. Camera pa-
rameters including intrinsics and extrinsics are available.
NuScenes provides detection annotations every 0.5s; in to-
tal there are 28k, 6k, and 6k annotated samples for train-
ing, validation, and testing, respectively. There are 10 to-
tal classes to evaluate against, including multiple vehicle,
pedestrian, and cyclist classes.

The official NuScenes forecasting benchmark only provides
forecast ground truth for highly-curated objects, while we
aim at detecting and forecasting all objects in the sensor
data. Therefore, following past works [11, 16, 39] we con-
struct a NuScenes forecasting dataset for training and eval-
uation from the labeled sensor data. We leverage the avail-
able unique track identities for each detection to construct
ground truth future forecasts for every detection box in the
dataset. We follow the standard practice of using 12 future
frames (6 seconds) for our forecasting data.

Metrics. In our experiments, we focus on key detec-
tion metrics such as mean Average Precision (mAP) to as-
sess detection capabilities. Following the official nuScenes
evaluation protocol with a 2-meter true positive distance
threshold, we also provide mean Average Translation Er-
ror (mATE), mean Average Scale Error (mASE), mean Av-
erage Orientation Error (AOE), mean Average Velocity Er-
ror (mAVE), and mean Average Attribute Error (mAAE).
To capture all aspects of the detection task, we report the

NuScenes Detection Score (NDS), a consolidated scalar
metric. We include the Frames Per Second (FPS) to eval-
uate the computation efficiency.

Forecasting metrics include minimum Average Displace-
ment Error (minADE), minimum Final Displacement Error
(minFDE), Miss Rate (MR), and End-to-End Prediction Ac-
curacy (EPA)[11]. We follow common practice in existing
motion forecasting benchmark [5, 49, 62] to compute the
metrics over the top 6 different trajectory mode hypotheses
by only evaluating the minimum distance trajectory from
the ground truth. The maximum distance for the miss rate is
taken as 2 meters. To compute the forecasting metrics, we
first associate the current detections to the closest ground
truth bounding boxes with a maximum distance threshold
of 1 meter.

Implementation Details. We conduct experiments with the
popular image backbones, ResNet50 and ResNet101 [14]
in Table 1, to facilitate comparisons to other methods. Fol-
lowing past works [29, 34, 57] the ResNet model is initial-
ized from pretrained weights trained on Nulmages[1]. The
map encoder was adapted from PGP [8] and converted from
an agent-level encoder to a scene-level encoder. We utilize
N = 300 detection queries and K = 128 temporal queries
for a total of 428 queries that are decoded into detection
bounding boxes. We use a temporal history of Ty = 4
frames and future forecast horizon for T’y = 12 frames. The
forecast queries are generated with A/ = 6 forecast modes
and permuted with the 428 detection queries across 12 fu-
ture frames for a total of 30,816 forecast queries that are
decoded into multimodal forecast waypoint positions.

We use 6 transformer layers to decode detection boxes
and 3 transformer layers for the forecast positions. The
dimension D of all embeddings is 256. For efficiency,



only the N,,,, = 16 map nodes closest to each detec-
tion are used for cross-attention with the map embeddings.
For the weights in our multi-task objective, we use Ager =
1, Aforecast = 2. We train our model for 20 epochs using
the AdamW [36] optimizer with a batch size of 16 and base
learning rate of 4 x 10~*. A cosine annealing learning rate
decay is used starting at 10~3 with 500 warm-up iterations
and a weight decay of 102 is applied.

4.2. Comparison Against State-of-the-Art

We evaluate our detection and forecasting performance
on NuScenes against comparable state-of-the-art (SOTA)
vision-based methods, which are shown in Table 1 and Ta-
ble 2, respectively.

Detection Performance. ForeSight outperforms state-
of-the-art (SOTA) methods, achieving the highest mAP
and NDS—two pivotal metrics in detection benchmarks.
Notably, ForeSight surpasses the best detection baseline,
StreamPETR, with a notable 2.1% improvement in mAP.
This achievement highlights ForeSight’s enhanced preci-
sion and robustness in object detection and temporal reason-
ing. These findings underscore the importance of leveraging
feedback from forecasting to improve detection capabilities.

Method | EPA 1 | mAP 1 | minADE | | minFDE | | MR |
VAD [21] - 0.329 0.678 0.882 0.08
PE-Track [39] - 0.422 2.82 3.57 -

PnPNet [16,31] | 0.222 | 0.382 1.15 1.95 0.226
ViP3D [11] 0.226 - 2.05 2.84 0.246
StreamPETRcv* | 0.453 | 0.486 1.64 2.98 0.229
UniAD [16] 0.456 | 0.382 0.708 1.02 0.13
ForeSight (ours) | 0.549 | 0.502 0.689 0.938 0.102

Table 2. End-to-end detection and forecasting performance on
NuScenes val set. ForeSight achieves competitive performance
against comparable SOTA methods. *Detection results with con-
stant velocity forecasting.

Forecast Performance. We compare our forecasting re-
sults to other open-sourced forecasting methods that oper-
ate directly from perception inputs. For end-to-end predic-
tion accuracy [11] (EPA) our framework achieves the best
performance, beating UniAD by a substantial 9.3% due to
higher forecast hit rate and lower false positive detection
rate. This highlights the broad applicability of ForeSight in
end-to-end autonomous driving systems by joint streaming
detection and forecasting for superior performance.

We also show that Foresight maintains minADE pre-
diction performance of other top methods but on a much
larger set of real trajectories due to our more accurate per-
ception matching more detections to the ground truth. The
only method that outperforms ours in minADE forecasting,
VAD, also exhibits the worst detection performance. This
underscores a key limitation of directly comparing forecast-
ing performance across different perception approaches.

Stronger detectors capture more challenging objects, poten-
tially skewing prediction comparisons. As a result, evalu-
ating minADE alone unfairly penalizes improved detection
by introducing a more diverse and difficult sample set. An-
other challenge in forecasting evaluation from perception
is the limited number of forecasting-from-sensor methods,
each relying on different image backbones and perception
networks, which can influence downstream forecasting per-
formance. Establishing a fair and unified benchmark re-
mains an important direction for future research.

4.3. Ablation Study and Analysis

We investigate the design choices made in ForeSight’s ar-
chitecture and present the analysis in Table 3. We start with
a baseline detector based on the PETR model [34] with the
ResNet-50 backbone and subsequently add the components
that make up our approach of bidirectional learning for joint
detection and forecasting.

Detect | Forecast | Propogate | HD | Metrics

Frames ‘ TF ‘ DF ‘ DP ‘ FP ‘ Map ‘ mAP ¢ ‘ minADE |

1 0.361 -

1 v 0.361 2.83
1 v 0.361 1.05
4 v 0.440 -

4 v v 0.463 0.735
4 v v v 0.466 0.709

Table 3. Ablation of design decisions on nuScenes validation
set. Starting from a baseline single-frame detector [34] we com-
pare tracking-based forecasting (TF) vs detection-based forecast-
ing (DF), direct propagation (DP) vs forecast-based propagation
(FP), and offline HD map usage with the full ForeSight system in
the last row.

Tracking-Free vs. Tracking-Aware Forecast. Tracking-
based forecasting is a common forecasting approach [8]
which is trained on ground truth trajectory histories and
therefore requires accurate track data to produce good re-
sults. When applying these models to real tracks gener-
ated from our detections, we find that performance is sig-
nificantly degraded due to the lack of robustness to errors
in the tracks . Instead, we rely on a detection-based fore-
casting (DF) approach which substantially improves mi-
nADE by 1.78 m compared to a similar tracking-based fore-
casting (TF) approach trained on the nuScenes prediction
dataset. By removing the tracking bottleneck, the forecast-
ing model is significantly more robust to perception errors
and shows better results for the challenging driving sce-
narios contained in the forecasting data we generated from
NuScenes. ForeSight’s tracking-free design facilitates a
more streamlined information flow within the perception-
forecasting pipeline.

Impact of HD Map. ForeSight is optionally able to make
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Figure 3. Qualitative case with many pedestrians crossing (left) and occluded parked cars (right). ForeSight detects the crossing pedestrians
and forecasts their motion while predicting that the vehicles will stay stationary to yield to the pedestrians. ForeSight can also detect limited

visibility vehicles using previous observations.

use of an HD map for forecasting via cross-attention to en-
coded map queries. While detection does not directly lever-
age HD maps, it benefits indirectly through improved fore-
cast propagation. Table 3 shows the HD map usage can
slightly improve forecasting performance with a reduction
of 0.026 minADE, highlighting its role in enhancing fore-
casting and indirectly improving detection.

Impact of Bidirectional Propagation. We evaluate the ef-
fectiveness of ForeSight’s bidirectional query propagation,
which enhances temporal reasoning and maintains query as-
sociation across frames. By propagating queries between
detection and forecasting, ForeSight outperforms traditional
sparse-query models that propagate only forward. Specifi-
cally, using naive direct detection query propagation, fol-
lowing the StreamPETR [57] approach, we achieve a de-
tection mAP of 0.440, a 2.6% mAP improvement over the
baseline single-frame baseline detector. We show that we
can further improve performance on the detection task to
0.463 mAP by propagating the forecast query back to the
detection task. Together these enhancements show a clear
benefit to ForeSight’s bidirectional query propagation and
joint learning for detection and forecasting.

4.4. Qualitative Results

Qualitative results are provided to visualize the outputs of
ForeSight and better understand the model’s ability to pro-
cess temporal information and use it effectively. Figure 3
shows a case where many static vehicles are parked. By
using past detections and correctly predicting that they will
be stationary the model can accurately detect parked cars
even when they are heavily occluded. In addition, the model
correctly forecasts moving vehicles and stationary vehicles.

Figure 3 also shows complex behavior with a large group of
pedestrians. We can see that the model can accurately fore-
cast the social interaction between these clusters of dynamic
objects and correctly predicts their motion together. Even
though many of these objects are obstructed at the given
time, they have been seen in the past and the model cor-
rectly detects they are still present in the group. In addition,
the correct conditional motion is predicted such that the ve-
hicles in the scene are yielding to the pedestrians and cy-
clists. These visualizations further demonstrate ForeSight’s
strength in detecting partially obstructed objects and pre-
dicting object trajectory, reinforcing its innovative ability to
unlock improved performance.

5. Conclusion

In this work, we present ForeSight, a unified framework
for joint detection and forecasting in vision-centric au-
tonomous driving. Our approach bridges the gap between
perception and prediction by introducing a bidirectional
learning mechanism and joint streaming memory, where
object queries propagate seamlessly between detection
and forecasting. This design not only enhances detection
accuracy in complex driving scenarios but also improves
forecasting robustness to real-world perception uncer-
tainties. Extensive evaluations on the nuScenes dataset
validate ForeSight’s effectiveness, achieving state-of-the-
art performance for detection. With bidirectional query
propagation and a tracking-free architecture, ForeSight
advances autonomous vehicle perception, enhancing
efficiency, reliability, and safety in real-world navigation.
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The supplementary material includes four key sections
designed to provide a comprehensive evaluation of Fore-
Sight. Section A presents additional experimental results
with varied backbones and configurations to demonstrate
the model’s scalability and robustness. Section B offers a
detailed class-wise analysis, highlighting ForeSight’s supe-
rior performance across diverse object categories, including
challenging cases such as trailers and motorcycles. Sec-
tion C showcases qualitative results, illustrating ForeSight’s
ability to leverage temporal and spatial information for ac-
curate detection and forecasting in dynamic and occluded
environments. Section D discusses the method’s limita-
tions, including dependencies on high-quality data, chal-
lenges in adverse weather, the need for standardized fore-
casting benchmarks, and adaptability to dynamic scenes,
while proposing avenues for future improvement. These
sections collectively validate ForeSight’s effectiveness, ver-
satility, and areas for refinement.

The reviewers can access the code here for
additional  information on our implementation:
https://anonymous.4open.science/r/ForeSight. The au-
thors intend to publicly release the code alongside the
release of the final manuscript.

A. Detection Performance Analysis

We highlight ForeSight’s enhanced performance on chal-
lenging scenarios like low-visibility and occluded objects,
critical for safe autonomy. While these cases are a small
portion of the data, they are crucial long-tail challenges.
Leveraging past forecasts, our model can more effectively
detect objects with limited sensor visibility and coverage.
Quantitative analysis with the ResNet-50 configuration of
ForeSight confirms improved performance on low-visibility
objects, with <40% of the object visible, and achieve a
0.9% higher Average Recall (AR) on these challenging ob-
jects relative to the baseline as seen in Table 4.

Methods 0-0.4 | 0.4-0.6 | 0.6-0.8 | 0.8-1.0
StreamPETR [59] | 0.401 | 0.455 0.448 0.468
ForeSight (ours) 0.410 | 0.461 0.451 0.468

Table 4. Detection performance (AR) for object visibility level.

B. Additional Backbone Results

We conduct additional experiments with the popular image
backbone, v2-99 [23] in Table 5, to further explore our re-
sults. Following past works [57] the V2-99 model is initial-
ized from a pretrained checkpoint on DD3D [40].
ForeSight delivers improved performance compared to
the SOTA StreamPETR method with the larger backbone,
achieving a higher mAP and NDS—two pivotal metrics in
detection benchmarks. ForeSight surpasses StreamPETR

with a notable 1.9% improvement in mAP. This highlights
ForeSight’s improved temporal reasoning also scales with
different types of upstream networks.

C. Class-wise Analysis

In Table 6, we present a detailed comparison of class-wise
performance for the V2-99 backbone on the NuScenes val-
idation set. We show results for AP at the 2.0m threshold.
ForeSight consistently outperforms the baseline comparison
across most object classes, demonstrating its robustness and
versatility in detecting a diverse range of objects in dynamic
driving scenarios.

Significant improvements are observed in challenging
classes such as trailers and motorcycles, where the mAP
gains are 15.0% and 1.8%, respectively. These categories
often suffer from lower detection rates due to less frequent
appearance in the data, irregular shapes, and variability in
motion patterns. By leveraging enhanced temporal model-
ing and spatial context, ForeSight can provide a more accu-
rate and reliable detection for these difficult cases.

Additionally, for high-performance classes such as cars
and pedestrians, ForeSight continues to achieve competi-
tive or superior results, maintaining its overall edge in per-
formance. This demonstrates that the proposed method not
only excels in challenging scenarios but also scales effec-
tively across well-represented object categories.

These results underscore ForeSight’s ability to general-
ize across object types and validate its superiority in real-
world applications requiring precise multi-class detection.
The improved performance on underrepresented or chal-
lenging object classes further highlights the method’s en-
hanced temporal reasoning and adaptability.

D. Limitations

Limited Comparisons for Forecasting. Due to the lack of
standardized forecasting-from-perception benchmarks, our
evaluation relies on adapting the NuScenes detection and
tracking dataset following the approach of past works. Di-
rect forecasting comparison to other end-to-end methods is
challenging due to differing configurations (e.g. backbones,
perception models) and a lack of standardized evaluation
frameworks. Future work will explore establishing a com-
mon benchmark to evaluate similar methods with common
upstream models to provide a proper fair comparison.
High-Quality Data Dependancy. The effectiveness of
ForeSight may depend on the quality of the input data.
Since we rely on tight coupling of temporal information er-
rors in camera calibration, localization, or map inaccuracies
can propagate through the pipeline, potentially degrading
both detection and forecasting outcomes. Due to the feed-
back loop in the pipeline, it could also be more susceptible
to these errors that deteriorate performance. The robustness



Methods ‘ Backbone ‘ Image Size ‘ Frames ‘ mAPt ‘ NDS?T ‘ mATE| ‘ mASE| ‘ mAOE| ‘ mAVE] ‘ mAAE|

StreamPETR* [57] V2-99 900 x 1600 4 0.479 | 0.569 0.622 0.263 0.364 0.256 0.194
ForeSight (ours) V2-99 900 x 1600 4 0.489 | 0.577 0.598 0.259 0.376 0.250 0.194

Table 5. Detection performance on NuScenes validation set for an additional backbone and image size. ForeSight delivers a higher
mAP and NDS against the comparable SOTA vision-based method StreamPETR. ForeSight surpasses the second-best detection baseline,
StreamPETR, with a notable 2.0% improvement in mAP. *Results generated with the same number of queries, frames, and resolution as
ForeSight for a fair comparison.

Methods ‘ Backbone ‘ Car? ‘ Pedestrian?t ‘ Bicyclet ‘ Bust ‘ Motorcyclet ‘ Trailert ‘ Truck?
StreamPETR* [57] V2-99 0.810 0.729 0.603 0.710 0.627 0.366 0.628
ForeSight (ours) V2-99 0.812 0.731 0.608 0.750 0.638 0.421 0.607

Table 6. Detection performance on NuScenes validation set comparing class-wise performance based on AP with a 2.0 meter distance
threshold. We observe that our model improves on nearly all classes of objects and performs significantly better on challenging classes
with lower performance such as trailers, motorcycles, and bicycles.

of errors could be explored in future work along with miti-
gation strategies.

Adverse Weather. A potential limitation of ForeSight
could also be sensitivity to adverse weather conditions such
as heavy rain, snow, or fog. These conditions can degrade
the quality of camera sensor inputs by obscuring object
boundaries, reducing contrast, and introducing noise. As
ForeSight relies heavily on vision-based perception, any re-
duction in image quality directly impacts both detection and
forecasting accuracy. Future work could explore the in-
tegration of additional sensor modalities, such as LiDAR
or radar, which are more robust to weather-induced impair-
ments. Robust data augmentation strategies simulating ad-
verse weather conditions during training may also improve
the resilience of the model in such challenging environ-
ments.

Simplified Scene Representations: The method’s re-
liance on predefined object categories limits its adaptability
to environments with novel object classes not represented in
training data. The ability to segment or detect map elements
online has also been explored in other works and could be
integrated into this method instead of using an offline map
or no map.
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