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Abstract

Bird’s-eye-view (BEV) perception has emerged as a cornerstone of autonomous
driving systems, providing a structured, ego-centric representation critical for down-
stream planning and control. However, real-world deployment faces challenges
from sensor degradation and adversarial attacks, which can cause severe perceptual
anomalies and ultimately compromise the safety of autonomous driving systems.
To address this, we propose a resilient and plug-and-play BEV perception method
(RESBev), which can be easily applied to existing BEV perception methods to en-
hance their robustness to diverse disturbances. Specifically, we reframe perception
robustness as a latent semantic prediction problem. A latent dynamic predictor
is constructed to extract spatiotemporal correlations across sequential BEV ob-
servations, thereby learning the underlying BEV state transitions to predict clean
BEV features for reconstructing corrupted observations. The proposed framework
operates at the semantic feature level of the BEV perception pipeline, enabling
recovery that generalizes across both natural disturbances and adversarial attacks
without modifying the underlying backbone. Extensive nuScenes experiments show
RESBev notably enhances BEV perception robustness against natural disturbances
and adversarial attacks, with latency, parameter and memory analyses verifying its
excellent robustness-efficiency trade-off.

1 Introduction

The bird’s-eye-view (BEV) representation has become a foundation of modern autonomous driving
perception systems. By transforming multi-camera inputs into a unified top-down representation, it
resolves projective ambiguities and provides geometrically consistent scene understanding essential
for downstream tasks. Lift-Splat-Shoot (LSS) [12]] introduces a foundational framework for this
transformation, pioneering camera-centric 3D perception. Building upon this paradigm, numerous
BEYV perception models have been proposed. For instance, BEVFusion [10] integrates camera features
with LiDAR signals to improve geometric fidelity and robustness. Meanwhile, BEVFormer [9]
leverages temporal self-attention to aggregate BEV features from historical frames, enabling the
model to maintain persistent object tracks and handle ego-motion across frames.

Despite strong benchmark performance on datasets such as nuScenes [1]], BEV models remain vulner-
able to real-world corruptions and adversarial perturbations. Adverse conditions such as fog, darkness,
snow, camera failures, and frame loss can severely degrade semantic understanding, while adversarial
attacks such as FGSM [4]], PGD [[L1]], and C&W [2] can cause significant performance degradation
even with small input perturbations. Benchmarks such as RoboBEV [19] have systematically exposed
this fragility.

Existing robustness strategies provide partial solutions but still have limitations. Multi-modal fusion
improves reliability by incorporating additional sensors, but it depends on extra sensor modalities
and their reliability. Temporal aggregation methods, such as BEVFormer [9]], exploit historical
information but may still propagate corrupted observations under persistent disturbances. Recent
BEV refinement methods, such as DiffBEV [24] and BEVDiffuser [22], improve robustness by
denoising corrupted BEV features, but diffusion-based refinement usually requires iterative sampling
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Figure 1: Overview and robustness comparison of RESBev. (a) RESBev predicts a BEV prior from
historical BEV features and ego-motion, and fuses it with corrupted observations to reconstruct
the BEV representation. (b) RESBev improves the resilience of the LSS baseline under natural
disturbances and adversarial attacks.

and introduces additional inference cost. These limitations motivate a lightweight and generalizable
recovery mechanism that can exploit temporal structure without expensive iterative denoising.

Based on this insight, we introduce RESBev which incorporates latent dynamic predictor to learn
the transition of BEV states over time (see Figure[Ta). By modeling how BEV states evolve over
time, RESBev can reconstruct corrupted features through temporal prior prediction rather than direct
temporal aggregation. Extensive experiments demonstrate that RESBev can enhance the robustness
of existing BEV models when facing various corruptions (see Figure[Ib). Our contributions are
summarized below:

1. We conduct a systematic analysis of robustness in BEV perception pipelines, revealing
that effective recovery requires modeling in the BEV semantic space, preserving high-
dimensional features before task compression, and leveraging temporal prior prediction.

2. Based on these insights, we propose a plug-and-play model that introduces a latent dynamic
predictor to capture temporal dynamics in BEV semantic space and generate predictive
semantic prior in complex traffic environments.

3. Extensive experiments demonstrate that the proposed method can effectively enhance the
robustness of existing BEV perception methods against various disturbances and improve
their generalization to unseen types of perception anomalies.

2 Related Work

2.1 BEYV Perception

In autonomous driving, bird’s-eye-view (BEV) representation provides a unified environmental
understanding necessary for downstream tasks. Lift-Splat-Shoot (LSS) [[12] establishes BEV repre-
sentation by projecting multi-view 2D image features into a common BEV grid through explicit depth
modeling. Building upon this paradigm, numerous BEV perception models have been proposed.
For instance, GaussianLSS [13] refines depth estimation by incorporating Gaussian distributions
to model uncertainty, while BEVFusion [10] integrates multi-modal sensor data to produce richer
BEYV representations. FIERY [6] extends the BEV framework to support multiple downstream tasks
and leverages multi-frame temporal information within a unified architecture. Another line of work
adopts Transformer-based architectures. For example, BEVFormer [9] introduces spatiotemporal
transformers to aggregate features from historical frames and multiple camera views. Despite achiev-
ing strong performance on benchmarks such as nuScenes [[I]], these methods remain vulnerable to
various real-world anomalies.



2.2 Perception Anomalies

Deep-learning-based perception systems for autonomous driving are highly vulnerable to various
anomalies, including adversarial attacks and natural corruptions. Adversarial attacks involve crafting
imperceptible perturbations to input data that induce incorrect predictions. While classic digital
attacks such as FGSM [4], PGD [11]], and C&W [2] were initially developed for 2D classification,
recent studies demonstrate their degradation effect on BEV models [23] [20]. Beyond these, recent
works have introduced targeted attacks for BEV perception, such as semantic perturbations through
object swapping [18]] and multi-view adversarial attacks like “Fool the Hydra”[[17]], which exploits
vulnerabilities in cross-camera feature alignment. In addition, 3D adversarial examples using
techniques like NeRF (e.g., Adv3D [8])) create physically plausible perturbations. These attacks lead
to perception failures such as missed detections or false positives. Beyond targeted attacks, real-world
scenarios present diverse natural corruptions, including adverse weather (e.g., fog, dark, snow) and
sensor failures (e.g., camera crash, frame loss).

2.3 Robust Perception

Ensuring robustness against real-world corruptions, such as adverse weather, sensor anomalies, and
adversarial perturbations, is critical for autonomous driving perception. Recent studies [23] 20]
have shown that BEV perception pipelines are vulnerable to such corruptions, especially in modules
such as view transformers. Benchmarks such as RoboBEV [ 19} 21]] further standardize robustness
evaluation under diverse natural and sensor corruptions.

Existing defenses mainly fall into three categories. Multi-sensor fusion methods exploit comple-
mentary sensor information to improve reliability under adverse conditions [13| [7]. Temporal
methods aggregate historical features to stabilize BEV representations under transient corruptions [9].
Diffusion-based BEV refinement methods have recently been used to improve BEV representation
quality. DiffBEV [24] adopts conditional diffusion to refine BEV features for BEV segmentation and
3D detection, while BEVDiffuser [22] uses ground-truth-layout-guided diffusion as a training-time
plug-and-play denoising module for existing BEV detectors. These methods show the benefit of
explicit BEV feature denoising, but they mainly learn denoising-based feature refinement and do
not explicitly model temporal BEV state transitions under consecutive corruptions or adversarial
disturbances.

In contrast, RESBev formulates robust BEV perception as temporal semantic prior prediction
followed by prior-guided reconstruction. Unlike diffusion-based refinement methods such as Diff-
BEV [24] and BEVDiffuser [22], which primarily denoise single-frame BEV features through
iterative or conditional diffusion, RESBev leverages historical reconstructed BEV states along with
ego-motion to predict a clean BEV prior for the current timestamp. This predicted prior is then
used to selectively retrieve reliable information from the corrupted observation, preserving temporal
consistency across consecutive frames. Consequently, RESBev achieves robust feature recovery in a
single-step, non-iterative manner, and can be seamlessly attached to dense BEV backbones such as
LSS, SimpleBEV, GaussianLSS, and BEVFormer, without additional diffusion sampling overhead.

3 Analysis: Design Principles for Robust BEV Recovery

Robust BEV perception often degrades under real-world anomalies such as adverse weather, sensor
corruption, and adversarial perturbations. Before introducing our method, we conduct diagnostic
experiments to answer two questions: where corrupted representations should be recovered, and
how temporal information should be used for recovery. This section is not intended to compare final
systems, but to derive the design principles behind RESBev.

Diagnostic protocol. We use the LSS [12] as a diagnostic testbed because it explicitly separates
perspective-view feature extraction, BEV feature construction, and task prediction. This does not
restrict our method to LSS-based models; the conclusion applies to any architecture with dense BEV
features, such as BEVFormer.
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Figure 2: Diagnostic analysis for robust BEV recovery. (a) BEV features show stronger temporal sta-
bility than perspective-view features. (b) Small feature deviations can still cause severe performance
degradation, motivating predictive recovery over simple aggregation.

Table 1: Recovery-stage diagnosis. BEV features provide the best recovery performance under noise
corruption.

Stage Rep. Feature Form IoU

Lift Perspective  C' X Hipmg X Wiy 164
Shoot  Task output Nygs x X XY 18.7
Splat BEYV feature CxXXxY 31.6

3.1 Where should corrupted representations be recovered?

The LSS pipeline contains three representative stages: perspective-view features after image encoding,
BEV semantic features after view transformation, and task outputs after the prediction head. We
compare recovery at the Lift, Splat, and Shoot stages under the same corruption setting.

Figure 2 and Table[T|show that BEV semantic features provide the most suitable recovery space.
Perspective-view features are sensitive to image noise, viewpoint changes, and ego-motion, while
task outputs are too compressed to retain the information needed for reconstruction. In contrast,
Splat-stage BEV features remain high-dimensional, spatially structured, and temporally aligned,
making them better suited for robust recovery.

3.2 Is temporal aggregation sufficient?

We next examine whether temporal aggregation alone can recover corrupted BEV features. All
variants are implemented on the same Splat-stage BEV features using the same segmentation baseline
and corruption setting as Table [T} The temporal attention variant follows the BEVFormer-style
temporal attention design [9], while the recurrent fusion variant follows the recurrent temporal
fusion principle of RecurrentBEV [3]. They are used as diagnostic variants rather than full system
comparisons.

Table [2] shows that temporal context helps, but direct aggregation remains limited because it still
incorporates corrupted current features and may propagate anomalies. This is particularly critical
under adversarial perturbations, where minor feature deviations may lead to substantial performance
loss, as shown in Figure 2] In contrast, the predictive-prior variant estimates the current BEV state
from historical BEV features and ego-motion, providing a cleaner reference for robust reconstruction.

Design implications. These findings lead to two design requirements. First, recovery should be
performed in dense BEV semantic feature space. Second, historical information should be used to pre-
dict a temporal prior rather than being directly aggregated with corrupted current observations. These
requirements motivate RESBev, which implements prior prediction and prior-guided reconstruction
in the BEV feature space.



Table 2: Temporal-mechanism diagnosis on the same BEV features. Predicting a temporal prior is
more effective than directly aggregating corrupted observations.

Variant Hist. Curr. Prior IoU

Single frame No Yes No 1553
Temporal attn. Yes  Yes No 20.17
Recurrent fusion Yes Yes No 22.31
Predictive prior Yes No  Yes 30.11
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Figure 3: The overall architecture of our proposed temporal fusion model. The model consists of two
core components: Semantic Prior Predictor that predicts the current BEV state from the past, and
Anomaly Reconstructor that fuses this prediction with current fused BEV features.

4 Method

4.1 Overall Framework

RESBev consists of two modules, as shown in Figure Et Semantic Prior Predictor and Anomaly
Reconstructor. Given the previous reconstructed BEV feature and ego-motion, the Semantic Prior
Predictor predicts a BEV prior for current timestamp. The Anomaly Reconstructor then uses this
predicted prior as a query to extract reliable information from current corrupted BEV feature through
cross-attention. The final reconstructed feature is obtained by combining the predicted prior with
the retrieved current-frame information through a learnable gate. This feature is then fed into the
downstream task head.

4.1.1 Semantic Prior Predictor.

This module is trained to predict the future state. Given the previous reconstructed feature (f;°§

and the ego-vehicle’s motion, a multi-modal encoder is used to extract semantic BEV latents and
ego-motion latents for short-term temporal prediction. Subsequently, a latent dynamic predictor is
introduced to predict the current BEV prior from historical BEV features and ego-motion, which

predicts the future BEV prior (f7 "ed) for the anomaly recovery and robust perception.

4.1.2 Anomaly Reconstructor.

This module is trained to recover the final BEV features f;°“ by fusing the predicted prior f7 red

with the current corrupted BEV feature f°"""". Using f"** as a semantic reference, it selectively
extracts reliable information that is consistent with the predicted scene prior, while suppressing
anomalous responses caused by corruptions. This produces a reconstructed BEV representation that
preserves temporal consistency while remaining responsive to valid scene changes.



4.2 Semantic Prior Predictor

To restore corrupted observations, we introduce the Semantic Prior Predictor. As illustrated in our
pipeline, this module leverages historical information to predict BEV representations, serving as
a prior for fusion. Instead of computing transitions directly in the high-dimensional dense feature
space, we project the inputs into a compact latent space. Specifically, given the reconstructed BEV
features f;°{ from the previous step and corresponding ego-vehicle motion vector a;_; (comprising
translation and rotation), we employ a visual encoder E,;s and an action encoder E,.; to extract
visual and action latents. These latents are concatenated to form an action-aware visual latent state.
A Transformer-based latent dynamic predictor (LDP) then models the spatiotemporal transition to

predict the future latent state at time ¢. Finally, a decoder D maps this predicted latent back to the
pred

dense BEV feature space to obtain the predicted prior f,” ~. The entire generation process of this
prior can be formulated as:
77! = D (LDP(Concat(Eyis (1), Fact(ai-1)) ). (1)

4.3 Anomaly Reconstructor

While the latent dynamic predictor provides a historical prior, it cannot predict sudden stochastic
events, such as a car unexpectedly driving into the scenario. To ground this prediction in real-time
reality without absorbing current noise, we introduce a temporal cross attention module. Specifically,
given the current multi-view images at time ¢, which may suffer from various anomalies, we process

them through the BEV encoder to obtain the current corrupted BEV representation, denoted as
corrupt
p .

To enhance temporal stability and provide a reliable reference for reconstruction, we formulate this

process as a query-driven extraction that uses the predicted prior to retrieve valid information from
the current corrupted observation. Specifically, the predicted feature f7 red acts as the query (@),
while the current corrupted BEV feature f{°""""" serves as both the Key (K) and Value (V). This
design allows the model to selectively extract perceptual details that are consistent with the predicted
prior, while suppressing anomalous responses in the corrupted observation. To integrate the retrieved

information without destabilizing the prior, we employ a dynamically gated residual connection:

d d ¢
T = Pl o CrossAttn( prea e ) , 2)

where « € [0, 1] is a learned dynamic gating factor. This gate adaptively controls the information

flow, forcing the model to rely more on the historical prior when the current observation is heavily

corrupted, while attending to f°""""" when it introduces valuable new context.

4.4 Training Objective

We train RESBev with two-frame multi-view inputs from the same driving scene. At each timestamp,
the input contains six camera views, denoted as I, = {I}/}5_;. For each pair (I,_1,1;), the current
input is always corrupted, while the historical input is randomly kept clean or corrupted. This exposes
the model to both clean-start and corrupted-start conditions, while the clean current feature is used
only as supervision.

The corrupted current input is:
Igorrupt _ Ct(It)7 (3)
where C;(-) denotes a randomly sampled corruption. The historical input is sampled as:

Ii’il‘;lt _ {?t_ll,(It_l), Z z (1): m ~ Bernoulli(ppist), 4)
where pp; s controls the probability of using a clean historical input.
The BEV encoder extracts:

P= BA), = BT, f = B(L), )

where B(-) denotes the backbone and view transformation module.



Given f/*s* and ego-motion a;_1, the Latent Dynamic Predictor estimates the current BEV prior, the
Anomaly Reconstructor recovers the current BEV feature, and the clean BEV feature is used as the
stop-gradient target:

P = Py ), 1= R ST, R = sg(f7). O

We optimize the prior prediction loss, reconstruction loss, and task loss:
‘CP = MSE( tpT€d7 ttaTQEt)7 ‘CT’ = MSE( Z’ec’ ttaTQEt)v LtﬂSk’ = gt(wk(H( trec)7 yt)' (7)

Here, L, L,, and L4, denote the prior prediction, feature reconstruction, and downstream task
losses, respectively.

The final objective is:
L= Ligst + ALy + ALy ®)

During inference, only one forward pass is required. For single-step inference, the LDP uses the
historical BEV feature extracted from the previous multi-view input. For recursive long-horizon
inference, the previous reconstructed feature f;°] is used as the historical BEV state for predicting

the next prior.

5 Experiments

This section validates the effectiveness of RESBev in improving robust BEV perception. We first
measure performance on benchmark corruptions, then assess generalization to unseen corruptions.
We then provide component ablations, long-horizon robustness analysis, and deployment cost mea-
surements.

5.1 Experimental Setup

5.1.1 Dataset and Baseline Models.

Our experiments are conducted on the widely used nuScenes dataset [[1]]. We evaluate our method
on the task of bird’s-eye-view (BEV) semantic segmentation and 3D object detection. To validate
the performance of our RESBev model, we integrate it into three LSS-based models: LSS [12]],
SimpleBEV [3], GaussianL.SS [[15]], and one attention-based model: BEVFormer [9]. To further
benchmark our method against state-of-the-art robust perception frameworks, we also compare it
with BEVDiffuser [22] and DiffBEV [24]).

5.1.2 Robustness Evaluation Protocol.

We adopt the evaluation protocol from RoboBEV [19], testing our models against ten types of
corruptions at three severity levels. The severity levels are carefully determined to avoid excessive
performance drops that could undermine the reliability of our conclusions. Due to space limitations,
detailed specifications for each corruption severity level are provided in the supplementary material.
These corruptions are categorized as follows:

* Natural Corruptions: We simulate diverse environmental conditions and sensor failures,
including fog, snow, bright, dark, camera crash, frame loss, and noise.

» Adversarial Attacks: To measure resilience against malicious inputs, we employ three attacks
designed for BEV models: Fast Gradient Sign Method (FGSM) [4], Projected Gradient
Descent (PGD) [[11], and Carlini & Wagner (C&W) [2].

5.1.3 Implementation Details and Metrics.

We report IoU for the vehicle class in BEV semantic segmentation and NDS (nuScenes Detection
Score) for 3D object detection. Our method is implemented using PyTorch. All models are trained on
a NVIDIA A100-SXM4-80GB GPU with a batch size of 16.



Table 3: Average IoU under seen corruptions across three severity levels. The Change column denotes
the absolute IoU improvement of RESBev over the vanilla model.

Corruption LSS [12] SimpleBEV [5] GaussianLSS [15 BEVFormer 9 DIffBEV |24
Vanilla +RESBev Change Vanilla +RESBev Change Vanilla +RESBev Change Vanilla +RESBev Change Vanilla
Clean 33.03 33.31 10.28 55.70 5591 10.21 42.80 43.14 10.34 46.70 47.01 10.31 38.90
FGSM 10.28 28.42 118.14 1323 31.09 117.86 9.91 31.43 121.52 21.54 38.78 117.24 25.18
PGD 9.17 31.47 122.30 11.89 31.65 119.76 772 31.09 123.37 18.68 38.90 120.22 28.11
Fog 9.93 28.39 118.46 17.18 33.76 116.58 24.26 31.95 17.69 25.34 38.91 113.57 29.02
Bright 9.78 28.38 118.60  17.63 33.79 116.16  24.03 31.87 17.85 25.70 38.74 113.04 30.39
Frame Lost 10.65 28.33 117.68  17.74 33.73 11599 1470 31.61 116.90  25.86 38.75 112.89 27.81
Overall Avg. 9.96 29.02 119.06 15.53 32.80 117.27 16.12 31.59 115.47 23.42 38.82 115.40 28.10

Table 4: Average NDS under seen and unseen corruptions across three severity levels. BEVDiffuser
and RESBev are evaluated on the same BEVFormer and BEVFusion backbones.

(a) Seen corruptions. (b) Unseen corruptions.
Corruption BEVFormer-base BEVFusion Corruption BEVFormer-base BEVFusion
Vanilla +RESBev +BEVDiffuser Vanilla +RESBev +BEVDiffuser Vanilla +RESBev +BEVDiffuser Vanilla +RESBev +BEVDiffuser

Clean 51.8 533 537 70.9 717 71.9 Clean 51.8 533 53.7 70.9 717 71.9
FGSM 30.10  50.21 4431 52.18  70.81 66.71 C&W 22.81  49.88 38.18 4518 70.84 60.91
PGD 28.18  50.19 40.87 51.09  70.73 64.90 Snow 30.19  50.92 43.71 51.91 71.92 64.87
Fog 3481 5135 45.71 52.83  71.98 68.71 Cam. Crash 29.84  51.15 44.87 5235 70.63 62.95
Bright 4031 5198 44.84 52.19  70.19 69.15 Noise 29.97  50.87 45.14 53.14  70.95 65.73
Frame Lost 35.79  51.81 44.69 52.87  70.54 64.83 Dark 26.71 51.32 4491 52.84  70.28 64.80
Avg. 33.84 5L11 44.08 5223 7085 66.86 Avg. 27.90 5083 43.36 51.08 7092 63.85

5.2 Performance on Benchmark Corruptions

We evaluate RESBev on five benchmark corruptions and report average IoU and average NDS across
three severity levels. Detailed per-severity results are provided in the supplementary material. As
shown in Table 3] and vanilla BEV models degrade severely under corruptions, while adding
RESBev consistently improves robustness across all evaluated backbones. Compared with Diff-
BEV, RESBev maintains stronger corrupted-scene performance with a lightweight prior-guided
reconstruction design.

5.3 Generalization to Unseen Corruptions

We evaluate whether RESBev generalizes to corruptions not seen during training. Models are trained
on five corruptions and tested on five held-out corruptions. As shown in Table [5] and [db] vanilla
models suffer large performance drops, while RESBev consistently improves all backbones. The
strong unseen-corruption results indicate that RESBev learns temporal BEV structure rather than
overfitting to specific corruption types.

5.4 Ablation Study

Table [6] evaluates the contributions of the Latent Dynamic Predictor and Anomaly Reconstructor.
Using the predictor alone provides a strong temporal prior, while adding the reconstructor consistently
improves IoU across all baselines. This shows that prior-guided reconstruction is important for
incorporating valid current-frame information while suppressing corruptions.

Table 5: Average IoU under unseen corruptions across three severity levels.

Corruption LSS [12] SimpleBEV [5] GaussianLSS [15] BEVFormer [9 DiffBEV 24
Vanilla +RESBev Change Vanilla +RESBev Change Vanilla +RESBev Change Vanilla +RESBev Change Vanilla
Clean 33.03 33.31 10.28 55.70 55.91 10.21 42.80 43.14 10.34 46.70 47.01 10.31 38.90
C&W Attack 8.78 30.80 122.02 11.43 30.61 119.18 597 31.24 125.27 17.56 39.67 122.11 29.81
Snow 10.26 28.35 118.09 1740 33.71 116.31 16.08 32.10 116.02  28.11 3891 110.80 30.14
Camera Crash  10.08 28.34 118.27 1734 33.74 116.40 1341 31.56 118.15 2746 39.72 112.26 29.42
Noise 8.64 28.27 119.63 17.60 33.76 116.16  16.67 31.43 114.76  21.55 39.34 117.79 29.89
Dark 8.11 28.36 120.25 16.29 33.75 11746  17.68 31.96 114.28  28.06 39.75 111.69 30.10
Overall Avg, 9.17 28.82 119.65 16.01 33.11 117.10 13.96 31.66 117.70  24.55 39.48 114.93 29.87




Table 6: Ablation study of RESBev components. SBEV denotes SimpleBEV and GLSS denotes
GaussianLSS. All results are mean IoU over five seen corruptions, where each sample is evaluated
under a randomly selected corruption type and severity. Gain is computed over the Predictor-only
baseline.

Config. LSS SBEV GLSS BEVFormer
Predictor-only 26.67 30.11 29.16 35.48
Predictor + Reconstructor 29.02 32.80 31.59 38.82
Gain 18.8% 18.9% 18.3% 19.4%

Table 7: Long-horizon robustness under consecutive seen corruptions.

Corruption 1-Step 10-Step 30-Step 50-Step Change

FGSM 28.42 2858  28.12  28.11 [1.09%
PGD 3147 3093 3097  30.84 12.00%
Fog 28.39  28.03  28.00 27.89 [1.76%
Bright 28.38 27091 27.88  27.89 [1.72%

Frame Lost 28.33  28.48 28.31 2843  10.35%

5.5 Robustness to Consecutive Corruptions

Real-world perception systems may face persistent disturbances rather than isolated corruptions. We
therefore evaluate RESBev with an n-step recursive reconstruction task using LSS [[12], where each
reconstructed feature is reused as the historical input for the Latent Dynamic Predictor at the next step.
We use a 50-step setting (n = 50), where all frames in one sequence are corrupted by the selected
corruption. As shown in Table[7} RESBev maintains stable IoU under consecutive seen corruptions,
indicating limited error accumulation under continuous disturbances. Additional results on unseen
corruptions are provided in the supplementary material.

5.6 Efficiency and Deployment Cost Analysis
We compare RESBev with BEVFormer-base under the same input resolution and hardware setting.
FPS is computed from the average per-frame latency measured with batch size 1 after 100 warm-up

iterations and 500 timed iterations using torch.cuda.synchronize (). RESBev reduces FPS only
from 2.7 Hz to 2.4 Hz, indicating limited deployment overhead.

Table 8: Efficiency and GPU memory usage comparison under FP16 inference.

Method Params (M) FLOPs (G) FPS (Hz) Training Memory (GB) Inference Memory (GB)
BEVFormer-base 69.1 1311 2.7 285 8.4
BEVFormer-base + RESBev 83.8 1552 2.4 32.1 9.8

6 Conclusion

We present RESBeyv, a plug-and-play framework for robust BEV perception under natural corruptions
and adversarial attacks. Rather than directly aggregating corrupted observations, RESBev predicts a
temporal BEV prior from historical context and ego-motion using a Latent Dynamic Predictor, and
reconstructs the current BEV feature through a prior-guided Anomaly Reconstructor. Experiments
on nuScenes show that RESBev improves robustness across multiple BEV models, generalizes to
unseen corruptions, supports 3D detection, and maintains stability under long-horizon consecutive
corruptions.



References

(1]

(2]

(3]

(4]

(51

(6]

(71

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

Holger Caesar, Varun Bankiti, Alex H Lang, Sourabh Vora, Venice Erin Liong, Qiang Xu,
Anush Krishnan, Yu Pan, Giancarlo Baldan, and Oscar Beijbom. nuscenes: A multimodal
dataset for autonomous driving. In Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition, pages 11621-11631, 2020.

Nicholas Carlini and David Wagner. Towards evaluating the robustness of neural networks. In
2017 ieee symposium on security and privacy (sp), pages 39-57. Ieee, 2017.

Ming Chang, Xishan Zhang, Rui Zhang, Zhipeng Zhao, Guanhua He, and Shaoli Liu. Recur-
rentbev: A long-term temporal fusion framework for multi-view 3d detection. In European
Conference on Computer Vision, pages 131-147. Springer, 2024.

Ian J Goodfellow, Jonathon Shlens, and Christian Szegedy. Explaining and harnessing adversar-
ial examples. arXiv preprint arXiv:1412.6572, 2014.

Adam W Harley, Zhaoyuan Fang, Jie Li, Rares Ambrus, and Katerina Fragkiadaki. Simple-bev:
What really matters for multi-sensor bev perception? arXiv preprint arXiv:2206.07959, 2022.

Anthony Hu, Zak Murez, Nikhil Mohan, Sofia Dudas, Jeffrey Hawke, Vijay Badrinarayanan,
Roberto Cipolla, and Alex Kendall. Fiery: Future instance prediction in bird’s-eye view from
surround monocular cameras. In Proceedings of the IEEE/CVF International Conference on
Computer Vision, pages 15273-15282, 2021.

Sanjay Kumar, Hiep Truong, Sushil Sharma, Ganesh Sistu, Tony Scanlan, Eoin Grua, and Ciardn
Eising. Minimizing occlusion effect on multi-view camera perception in bev with multi-sensor
fusion. arXiv preprint arXiv:2501.05997, 2025.

Leheng Li, Qing Lian, and Ying-Cong Chen. Adv3d: Generating 3d adversarial examples for
3d object detection in driving scenarios with nerf. In 2024 IEEE/RSJ International Conference
on Intelligent Robots and Systems (IROS), pages 10813-10820. IEEE, 2024.

Zhiqi Li, Wenhai Wang, Hongyang Li, Enze Xie, Chonghao Sima, Tong Lu, Qiao Yu, and
Jifeng Dai. Bevformer: Learning bird’s-eye-view representation from multi-camera images via
spatiotemporal transformers.(2022). URL https://arxiv. org/abs/2203.17270, 2022.

Zhijian Liu, Haotian Tang, Alexander Amini, Xinyu Yang, Huizi Mao, Daniela Rus, and Song
Han. Bevfusion: Multi-task multi-sensor fusion with unified bird’s-eye view representation.
arXiv preprint arXiv:2205.13542, 2022.

Aleksander Madry, Aleksandar Makelov, Ludwig Schmidt, Dimitris Tsipras, and Adrian Vladu.
Towards deep learning models resistant to adversarial attacks. arXiv preprint arXiv:1706.06083,
2017.

Jonah Philion and Sanja Fidler. Lift, splat, shoot: Encoding images from arbitrary camera rigs
by implicitly unprojecting to 3d. In European conference on computer vision, pages 194-210.
Springer, 2020.

Reza Sadeghian, Niloofar Hooshyaripour, Chris Joslin, and WonSook Lee. Reliability-driven
lidar-camera fusion for robust 3d object detection. arXiv preprint arXiv:2502.01856, 2025.

Jonas Schramm, Niclas Vddisch, Kiirsat Petek, B Ravi Kiran, Senthil Yogamani, Wolfram Bur-
gard, and Abhinav Valada. Bevcar: Camera-radar fusion for bev map and object segmentation.
In 2024 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS), pages
1435-1442. IEEE, 2024.

Shubham Sonarghare, Prasad Deshpande, Ciaran Hogan, Deepika-Rani Kaliappan-Mahalingam,
and Ganesh Sistu. Fisheyegaussianlift: Bev feature lifting for surround-view fisheye camera
perception. arXiv preprint arXiv:2511.17210, 2025.

Ziying Song, Lei Yang, Shaoqing Xu, Lin Liu, Dongyang Xu, Caiyan Jia, Feiyang Jia, and

Li Wang. Graphbev: Towards robust bev feature alignment for multi-modal 3d object detection.
In European conference on computer vision, pages 347-366. Springer, 2024.

10



[17] Bilel Tarchoun, Quazi Mishkatul Alam, Nael Abu-Ghazaleh, and Thsen Alouani. Fool the
hydra: Adversarial attacks against multi-view object detection systems. arXiv preprint
arXiv:2312.00173, 2023.

[18] Fu Wang, Yanghao Zhang, Xiangyu Yin, Guangliang Cheng, Zeyu Fu, Xiaowei Huang, and
Wenjie Ruan. A black-box evaluation framework for semantic robustness in bird’s eye view
detection. In Proceedings of the AAAI Conference on Artificial Intelligence, volume 39, pages
7637-7645, 2025.

[19] Shaoyuan Xie, Lingdong Kong, Wenwei Zhang, Jiawei Ren, Liang Pan, Kai Chen, and Ziwei
Liu. Robobev: Towards robust bird’s eye view perception under corruptions. arXiv preprint
arXiv:2304.06719, 2023.

[20] Shaoyuan Xie, Zichao Li, Zeyu Wang, and Cihang Xie. On the adversarial robustness of
camera-based 3d object detection. arXiv preprint arXiv:2301.10766, 2023.

[21] Shaoyuan Xie, Lingdong Kong, Wenwei Zhang, Jiawei Ren, Liang Pan, Kai Chen, and Ziwei
Liu. Benchmarking and improving bird’s eye view perception robustness in autonomous driving.
IEEFE Transactions on Pattern Analysis and Machine Intelligence, 2025.

[22] Xin Ye, Burhaneddin Yaman, Sheng Cheng, Feng Tao, Abhirup Mallik, and Liu Ren. Bevd-
iffuser: Plug-and-play diffusion model for bev denoising with ground-truth guidance. In
Proceedings of the Computer Vision and Pattern Recognition Conference, pages 1495-1504,
2025.

[23] Zijian Zhu, Yichi Zhang, Hai Chen, Yinpeng Dong, Shu Zhao, Wenbo Ding, Jiachen Zhong,
and Shibao Zheng. Understanding the robustness of 3d object detection with bird’s-eye-view
representations in autonomous driving. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pages 21600-21610, 2023.

[24] Jiayu Zou, Kun Tian, Zheng Zhu, Yun Ye, and Xingang Wang. Diftbev: Conditional diffusion
model for bird’s eye view perception. In Proceedings of the AAAI conference on artificial
intelligence, volume 38, pages 7846-7854, 2024.

A Technical appendices and supplementary material

This supplementary material is organized as follows:

Sec. [Bf Benchmark and Corruption Details.

Sec. [C} Implementation Details.

Sec. [Df Additional Experiments.

Sec. [E} Discussions.

A supplementary video showing the real-time performance of RESBev is attached alongside this
supplementary document.

B Benchmark and Corruption Details

B.1 Benchmark Setup

We follow the RoboBEV-style evaluation setting [[19}21] and study robustness under both natural
corruptions and adversarial attacks. During training, we use five corruptions: FGSM, PGD, Fog,
Bright, and Frame Lost. These training-time corruptions are used to expose the model to representative
disturbances of both adversarial and natural categories.

During evaluation, we report performance not only on the corruptions used during training, but
also on five additional corruptions that are never introduced during training: C&W Attack, Snow,
Camera Crash, Noise, and Dark. This protocol allows us to evaluate both robustness to training-time
corruptions and generalization to unseen test-time corruptions. Each corruption is evaluated under
three severity levels.
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B.2 Implementation Details of Natural Corruptions

We use seven natural corruptions in total: Noise, Bright, Dark, Fog, Snow, Camera Crash, and Frame
Lost. The implementation details of each corruption are given below.

Noise. Noise is implemented as additive Gaussian perturbation. The standard deviation is defined
relative to the dynamic range of the current image as 0 € {0.1 x (max(I) — min(I)), 0.2 x
(max(I) —min(l)), 0.3 x (max(/) —min(7))} for severity levels 1, 2, and 3.

Bright. Bright corruption is implemented by directly rescaling the image intensity with a multi-
plicative brightness factor. The three severity levels use factors {1.3, 1.8, 2.2}.

Dark. Dark corruption is implemented by directly rescaling the image intensity with a multiplicative
darkness factor. The three severity levels use factors {0.85, 0.325, 0.3}.

Fog. Fog is synthesized using a transmission-based atmospheric scattering model. The fog density
parameter is set to {0.3, 1.2, 1.5} for severity levels 1, 2, and 3.

Snow. Snow is implemented by overlaying randomly generated snowflakes together with a global
contrast reduction. The snow intensity parameter is set to {0.4, 0.9, 1.1} for severity levels 1, 2, and
3.

Camera Crash. Camera Crash is simulated by randomly selecting a subset of the six camera views
and setting the corresponding images to the minimum value. The numbers of crashed views under
the three severity levels are {1, 2, 4}.

Frame Lost. Frame Lost is simulated by randomly selecting a subset of the six camera views and
replacing their current frames with frames sampled from the remaining non-lost views. The numbers
of affected views under the three severity levels are {1, 2, 3}.

B.3 Implementation Details of Adversarial Corruptions

All adversarial attacks are applied directly to the multi-view camera inputs before BEV feature
construction.

FGSM [4] is implemented as a single-step gradient-sign attack with perturbation budget ¢ €
{1/255, 2/255, 4/255}. In our implementation, FGSM optimizes a loss that combines binary
cross-entropy with IoU-suppression terms in order to directly reduce BEV semantic prediction
quality.

PGD [11]] is implemented as a multi-step projected attack with random uniform initialization in
[—¢, €]. The parameter settings under the three severity levels are as follows:
(e, o, steps) € {(1/255, 0.3/255, 5),
(2/255, 0.5/255, 10), ©)]
(4/255, 1/255, 15)}.
In our implementation, PGD optimizes a loss that combines binary cross-entropy with IoU-

suppression terms, and additionally includes a false-positive encouragement term on non-vehicle
regions.

C&W Attack [2] is implemented as an optimization-based attack with severity-dependent regulariza-
tion strength, confidence target, iteration count, perturbation bound, and learning rate. The parameter
settings under the three severity levels are as follows:
(¢, k,iter, e,Ir) € {(1.0, 0.15, 50, 4/255, 0.02),
(3.0, 0.35, 80, 8/255, 0.02), (10)
(8.0, 0.55, 100, 16/255, 0.03)}.

In our implementation, C&W Attack minimizes an Ly-regularized objective that explicitly pushes
the attacked prediction below an IoU target derived from the clean prediction.

12



C Implementation Details

C.1 Inputs and Temporal Construction

RESBev is designed to operate in the semantic feature space of an existing BEV perception pipeline,
rather than directly on raw input images. In this work, RESBev is applied to several representa-
tive LSS-based BEV pipelines, including Lift-Splat-Shoot (LSS) [12], SimpleBEV [5]], and BEV-
Former [9], and GaussianL.SS [15]]. At time step ¢, the current disturbed perception data is first
processed by the original 2D image backbone and view transformer of the baseline model, producing

a corrupted BEV feature map

tcorrupt c RCX2OO><200. (1 1)

In addition to the current corrupted feature, RESBev takes as input the reconstructed BEV feature
from the previous step, and the corresponding ego-motion which encodes the relative translation and
rotation between time steps ¢ — 1 and .

trfcl c RCX200><2007 Qi1 c RIJ. (12)

The full recurrent process is defined over a temporal horizon of length 7 in the probabilistic formula-
tion, while the actual recurrent prediction at inference time proceeds frame by frame. At each step,

RESBev predicts a clean BEV prior from (f{°S, a;—1), and then fuses this prior with the current

corrupted observation f°""*?" to produce the reconstructed feature f7°c.

C.2 Overall Pipeline of RESBev

RESBev consists of two core modules: a Semantic Prior Predictor and an Anomaly Reconstructor.
The Semantic Prior Predictor is responsible for forecasting a clean semantic prior for the current BEV
state from historical information and ego-motion. Taking the predicted prior as a robustness anchor,
the Anomaly Reconstructor then selectively retrieves valid evidence from the current corrupted
observation.

Formally, the overall pipeline can be summarized as:
ém"ed — ( tr—ecl’ at—1)7 trec — R( ém"ed’ tcorrupt). (13)

where P(-) denotes the Semantic Prior Predictor and R(-) denotes the Anomaly Reconstructor. The
reconstructed feature f;°° is finally fed into the task head of the baseline BEV perception model for
semantic prediction.

C.3 Implementation Details of Semantic Prior Predictor

The Semantic Prior Predictor is implemented as a lightweight latent dynamics predictor composed of
four parts: a visual encoder E,;,, an action encoder F,, a Latent Dynamic Predictor (LDP), and a
decoder D.

rec

Given the previous reconstructed BEV feature f;° and the ego-motion vector a;_;, we first map
them into a compact latent space:

Z;)isl = Evis( Z‘fi)a ngtl = Eact(at—l)- (14)
The visual latent is represented as a compact sequence of BEV latent tokens, while the action latent

is represented as a single action token. The two latent representations are then concatenated into an
action-aware latent state:

2;_1 = Concat(z/", 2. (15)
A latent dynamics predictor is then applied to predict the future latent state:
2P — LDP(2_1), (16)
which is decoded back into the dense BEV feature space:
tpred _ D(ZfTEd). (17)
Combining the above steps gives the predictor formulation used in the main paper:
7t = D(LDP (Concat(Euis (f%5), Fact(ai-1))) ). (18)
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Implementation details. For reproducibility, we report the detailed configuration of each compo-
nent in the Semantic Prior Predictor. The visual encoder is a lightweight convolutional patch encoder
composed of three strided 3 x 3 convolution blocks, followed by a linear projection that maps the
encoded BEV feature into the latent space used by the predictor. The action encoder is a 2-layer
MLP with architecture 15 — 128 — 256 and GELU nonlinearity, which maps the ego-motion vector
into an action token in the same latent space. The latent dimension is set to d = 256, which is the
shared embedding dimension for both visual latent tokens and the action token in the predictor. The
number of visual latent tokens is N = 625, corresponding to a 25 x 25 latent BEV grid obtained after
spatial downsampling of the input BEV feature map. In addition, one action token produced by the
action encoder is concatenated with the visual latent tokens before being fed into the latent dynamics
predictor. The latent dynamics predictor(LDP) is implemented as a compact Transformer consisting
of 4 encoder blocks with 8 attention heads and an MLP ratio of 4.0. The decoder is a lightweight
BEV decoder that takes the predicted visual latent tokens, reshapes them back into a low-resolution
latent BEV grid, and then progressively restores them to the original BEV feature resolution through
two upsampling-convolution stages followed by final 3 x 3 convolutional refinement layers.

C.4 Implementation Details of Anomaly Reconstructor

The Anomaly Reconstructor is a lightweight prior-guided fusion module. Its role is not to inde-
pendently generate a new BEV representation, but to selectively incorporate the extracted valid
information from the current corrupted observation into the predicted clean prior.

Given the predicted BEV prior f7"** and the current corrupted feature f°""*?*, we construct a

prior-guided spatial cross-attention module directly on 2D BEV feature maps. In this module, the
predicted prior serves as the query source, while the current corrupted feature provides the key-value
context for selective feature retrieval:

Q _ tpv»ed) K=V= ftcorrupt. (19)

All feature maps are first projected into a shared hidden space while preserving their 2D BEV
structure. The reconstructed feature is then obtained through gated residual fusion:

trec _ énred + - CI‘OSSAttn(Q, Kv V)v (20)

where « € [0, 1] is a learned dynamic gating factor.

Implementation details. For reproducibility, we report the detailed configuration of each compo-
nent in the Anomaly Reconstructor. The prior-guided cross-attention is implemented directly on 2D
BEV feature maps after linear projection into a shared hidden space, so that the predicted prior and
the current corrupted feature can interact in a common representation space while preserving BEV
spatial structure. The attention hidden dimension is set to 256, which is the shared channel dimension
used for the projected query, key, and value features in the reconstructor. Multi-head attention is
implemented with 8 attention heads. To preserve spatial correspondence in the BEV plane, 2D learn-
able positional embeddings are added to the projected feature maps before attention is applied. The
dynamic fusion gate o is implemented as a lightweight 2-layer MLP with sigmoid activation. It takes
the fused attention features as input and produces channel-wise gating coefficients, which control
how much retrieved information is injected into the predicted BEV prior during reconstruction.

Table 9: Representative feature flow in RESBev.

Stage Representation Shape
Previous reconstructed BEV 55 C x 200 x 200
Current corrupted BEV corrupt C x 200 x 200
Ego-motion vector ap—1 15

Visual latent P 625 x 256
Action latent 23t 1 x 256
Predicted latent state ZPred 625 x 256
Predicted BEV prior pred C x 200 x 200
Projected query/key/value maps Q,K,V 256 x 200 x 200
Final reconstructed BEV F C x 200 x 200
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Table 10: Performance (IoU) of baseline models with and without RESBev across seen corruptions.

. . LSS SimpleBEV GaussianLSS BEVFormer
Corruption Severity
Vanilla +RESBev Vanilla +RESBev Vanilla +RESBev Vanilla +RESBev
Clean - 33.03 33.31 55.70 5591 42.80 43.14 46.70 47.01

1 13.87 28.58 17.65 31.03 11.76 31.49 29.10 38.86

2 10.06 28.47 12.51 31.13 9.43 31.42 21.51 38.79

FGSM 3 6.92 28.21 9.54 31.12 8.53 31.37 14.01 38.69
Avg. 10.28 28.42 13.23 31.09 9.91 31.43 21.54 38.78

1 12.55 31.96 15.44 30.84 10.23 31.21 26.08 38.95

2 8.93 31.34 11.25 31.68 7.64 31.04 18.57 38.88

PGD 3 6.04 31.12 8.97 32.42 5.28 31.02 11.39 38.87
Avg. 9.17 31.47 11.89 31.65 7.72 31.09 18.68 38.90

1 13.91 28.46 22.42 33.83 27.12 32.09 32.02 39.00

2 9.24 28.38 16.76 33.81 25.98 31.94 25.31 38.93

Fog 3 6.64 28.33 12.37 33.64 19.67 31.82 18.69 38.80
Avg. 9.93 28.39 17.18 33.76 24.26 31.95 25.34 38.91

1 13.32 28.44 21.39 33.74 27.10 32.05 29.31 38.78

2 9.35 28.37 17.56 33.91 25.60 31.87 25.64 38.73

Bright 3 6.66 28.32 13.94 33.72 19.38 31.70 22.15 38.71
Avg. 9.78 28.38 17.63 33.79 24.03 31.87 25.70 38.74

1 15.24 28.41 23.54 33.85 22.23 31.85 30.47 38.84

2 9.43 28.32 16.11 33.64 12.76 31.53 25.81 38.76

Frame Lost 3 7.28 28.27 13.58 33.70 9.12 31.44 21.30 38.65

Avg. 10.65 28.33 17.74 33.73 14.70 31.61 25.86 38.75

C.5 Feature Shapes and Computational Flow

We summarize the main feature flow of RESBev in Table [0

C.6 Optimization Details
All models are implemented in PyTorch and trained on a single NVIDIA A100-SXM4-80GB GPU
with a batch size of 16.

For reproducibility, the optimization details are summarized as follows:

* optimizer: AdamW with 3; = 0.9, 83 = 0.999, and € = 108;
* initial learning rate: 5 X 1074,
* weight decay: 1 x 10™%;

* scheduler and warmup: linear warmup for the first 5 epochs starting from 0.2 times the
base learning rate, followed by cosine decay; an auxiliary ReduceLROnPlateau scheduler is
additionally used with factor 0.5, patience 5, and minimum learning rate 2 x 107°;

* total training epochs / iterations: 100 epochs;

» gradient clipping / mixed precision: gradient clipping with a maximum norm of 0.5; mixed
precision is not used during training unless otherwise stated. Efficiency measurements are
conducted under FP16 inference following the main paper.

D Additional Experiments

D.1 Per-Severity Results on Seen Corruptions

We provide the detailed per-severity results on the seen corruption set in Table [I0] These results
complement the main paper, which only reports the average across the three severity levels.

D.2 Per-Severity Results on Unseen Corruptions

We provide the detailed per-severity results on unseen corruptions in Table
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Table 11: Performance (IoU) of baseline models with and without RESBev across unseen corruptions.

. . LSS SimpleBEV GaussianLSS BEVFormer
Corruption Severity
Vanilla +RESBev Vanilla +RESBev Vanilla +RESBev Vanilla +RESBev
Clean - 33.03 33.31 55.70 5591 42.80 43.14 46.70 47.01
1 11.28 30.94 14.65 30.87 8.02 31.38 24.96 39.71
2 8.54 30.75 11.67 30.74 6.09 31.21 17.54 39.70
C&W Attack 3 6.51 30.70 7.98 30.22 3.80 31.12 10.18 39.60

Avg. 8.78 30.80 11.43 30.61 5.97 31.24 17.56 39.67

17.69 28.44 22.85 33.67 21.23 32.16 32.85 38.95
8.34 28.34 16.76 33.69 16.56 32.09 27.09 38.93
4.76 28.27 12.59 33.78 10.45 32.05 24.39 38.85

Avg. 10.26 28.35 17.40 33.71 16.08 32.10 28.11 38.91

14.21 28.39 23.88 33.71 19.53 31.73 31.05 39.79
10.38 28.33 16.90 33.74 13.47 31.57 27.42 39.74
5.64 28.31 11.24 33.76 7.24 31.38 2391 39.63

Avg. 10.08 28.34 17.34 33.74 13.41 31.56 27.46 39.72

W=

Snow

[N S

Camera Crash

1 10.49 28.36 21.67 33.71 24.03 31.80 28.96 39.43

2 8.51 28.25 17.56 33.86 15.85 31.44 20.51 39.35

Noise 3 6.93 28.21 13.57 33.71 10.12 31.04 15.18 39.24
Avg. 8.64 28.27 17.60 33.76 16.67 31.43 21.55 39.34

1 11.76 28.39 20.98 33.73 25.04 32.02 31.99 39.82

2 7.19 28.35 16.32 33.77 16.98 31.95 27.47 39.73

Dark 3 5.37 28.33 11.56 33.75 11.02 31.91 24.72 39.70

Avg. 8.11 28.36 16.29 33.75 17.68 31.96 28.06 39.75

Table 12: Long-horizon robustness under consecutive unseen corruptions.
Corruption  1-Step 10-Step 30-Step 50-Step Change

C&W 30.80 3026 3030 30.13 |2.18%
Snow 28.35 27.86  27.81 27.80 [1.94%
Camera Crash 2834  28.00 2791 2779 [1.94%
Noise 28.27 2798  27.81 27.80 |1.66%
Dark 2836 2793 2795 2788 [|1.69%

D.3 Long-Horizon Robustness on Unseen Corruptions

We further evaluate RESBev under consecutive unseen corruptions using the same 50-step recursive
reconstruction setting as in the main paper. As shown in Table [I2] RESBev maintains stable
performance under long corrupted sequences, indicating that the recurrent predictive prior generalizes
beyond the corruptions observed during training.

E Discussions

E.1 Comparison with Existing Robustness Strategies

Compared with fusion-based BEV perception methods such as BEVCar [14], RESBev does not
rely on additional sensing modalities and is therefore easier to integrate into camera-only BEV
perception systems. This makes RESBev especially attractive in practical settings where sensor
cost, deployment complexity, or hardware constraints must be carefully controlled. In contrast,
fusion-based methods can leverage complementary physical observations across modalities and may
retain stronger robustness when the visual stream is severely degraded.

Compared with temporal aggregation methods such as BEVFormer [9], RESBev explicitly predicts a
clean semantic prior rather than merely aggregating historical and current observations. This design
makes it better suited to bypass corrupted inputs and recover temporally consistent semantic structure
under heterogeneous corruptions. By introducing a predictive prior before feature reconstruction,
RESBev emphasizes semantic recovery instead of relying solely on direct temporal fusion.

16



Compared with graph-based reasoning methods such as GraphBEV [[16], RESBev provides a predic-
tive reconstruction perspective that is naturally applicable to both natural corruptions and adversarial
perturbations. While graph-based approaches are particularly effective at modeling structured rela-
tions and long-range interactions, RESBev focuses on recovering corrupted BEV representations
through temporally grounded semantic prediction, offering a complementary robustness mechanism.

Compared with diffusion-based BEV refinement methods such as DiffBEV [24] and BEVDif-
fuser [22l], RESBev avoids iterative diffusion sampling and instead performs one-step temporal
prior prediction followed by prior-guided reconstruction. Diffusion-based methods are effective
at denoising or refining corrupted BEV features, but they typically introduce additional inference
cost due to their generative refinement process. In contrast, RESBev uses historical BEV dynam-
ics and ego-motion to predict a semantic prior, enabling lightweight feature recovery with limited
deployment overhead. These two directions are complementary: diffusion-based refinement empha-
sizes generative denoising, while RESBev emphasizes temporal semantic prediction and selective
reconstruction.

E.2 Future Directions

Several directions may further strengthen the proposed framework. First, although RESBev already
shows effectiveness on both BEV semantic segmentation and 3D object detection, it is still valuable
to extend the framework to a broader range of BEV perception tasks, such as occupancy prediction
and online mapping. Such extensions would help clarify whether predictive semantic reconstruction
provides equally strong benefits across different BEV outputs and downstream objectives.

Second, it is worthwhile to further investigate how the proposed predictive prior can be incorporated
into more transformer-based BEV architectures. Since transformer-based models often rely on BEV
queries and spatiotemporal attention for feature construction and temporal interaction, establishing a
compatible predictive reconstruction mechanism in this setting would further broaden the applicability
of RESBev beyond the current evaluated backbones.

Third, future work may explore stronger uncertainty modeling, multi-hypothesis state prediction,
and more expressive dynamic scene modeling in order to better handle highly stochastic traffic
scenarios and long-horizon corruptions. These directions may further improve the reliability and
generalizability of predictive robustness for real-world BEV perception systems.

Finally, it would also be valuable to study whether RESBev can be combined with complementary
robustness strategies, including diffusion-based refinement, stronger temporal modeling, structured
relational reasoning, or multi-modal perception, so as to further improve robustness under more
challenging real-world anomalies.
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