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and Robust Vectorized Map Perception
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Abstract—The accurate and efficient Vectorized high-definition
(HD) Map perception is a fundamental prerequisite for reliable
planning and decision-making in autonomous driving. To enhance
the perception of complex road geometries and temporal dy-
namics, dominant paradigms either leverage explicit map priors
or employ sequential modeling. Nevertheless, these two methods
suffer from inherent weaknesses: the former is highly sensitive to
prior quality, while the latter is prone to error accumulation, both
of which ultimately limit the model’s accuracy and robustness.
To this end, we propose HMF-MapNet, a robust framework fea-
turing a parallel dual-path architecture that achieves an optimal
trade-off between efficiency and performance. Specifically, the
geometric path utilizes a historical map bank that interfaces
directly with the BEV feature map to bolster its geometric
reasoning. Meanwhile, the temporal path employs a lightweight
recurrent mechanism that iteratively decodes static map data
over time, robustly separating static and dynamic elements. HMF-
MapNet not only significantly reduces memory usage but also
achieves a remarkable +6.3 mAP gain over SOTA methods under
extreme rotation noise (o, = 0.1), proving its reliability for
real-world deployment. Extensive experiments on nuScenes and
Argoverse2 show that our method is remarkably superior to other
existing methods.

Index Terms—High-Definition Map Perception, Autonomous
Driving, Memory Fusion, Temporal Modeling

I. INTRODUCTION

High-Definition (HD) maps [l]Jare fundamental to au-
tonomous driving safety, supplying the precise data needed
for reliable navigation [2]and decision-making [3]in complex
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Fig. 1. Robustness Analysis. (a) Quantitative results confirm superior ro-
bustness. We outperform SOTA methods significantly, achieving a +6.3 mAP
lead under extreme noise (o, = 0.1). (b) Sensor jitter causes geometric
fractures in baselines like MapTRv2. Our HMF-MapNet leverages Temporal
and Geometric Paths to ensure stable predictions.

environments. Achieving super-human driving performance
depends directly on this level of accurate environmental per-
ception.

However, achieving such perception through online map



perception models faces two formidable challenges in real-
world traffic scenarios: handling complex road geometries and
managing temporal dynamics. [4], [5]The former is mani-
fested in non-standard structures such as irregular intersec-
tions, multi-lane merges, and curved ramps, which demand
that the model possesses robust spatial-geometric reasoning
capabilities. [6]The latter stems from the motion of other road
agents, such as vehicles and pedestrians. [1] Not only do these
dynamic objects cause occlusions of static road elements, but
they also introduce significant noise and ambiguity into the
online map construction process. [1] Addressing this funda-
mental challenge requires the model to effectively separate
static infrastructure from dynamic objects within continuous
temporal sequences.

To address these challenges, dominant research paradigms
have primarily evolved along two technical pathways. The first
approach is to leverage explicit map priors. These methods
typically incorporate a pre-built, coarse map [7], [8] or topo-
logical structure [9], [10] as prior knowledge to enhance the
model’s comprehension and representation of complex geome-
tries. The second approach employs sequential modeling. [6],
[11] These methods utilize architectures like Recurrent Neural
Networks (RNNs) [12] or temporal Transformers [11], [13] to
process continuous sensor data streams, aiming to filter out
interference from dynamic objects and infer occluded static
elements through temporal modeling.

Nevertheless, both technical pathways suffer from inherent
limitations. Methods based on map priors are highly sensitive
to the quality of the prior information [8]; an inaccurate or out-
dated prior map can mislead the model, leading to erroneous
perception results.Furthermore, sequential modeling methods
are prone to error accumulation [11]. In this process, minor
prediction errors from previous frames are propagated and
amplified over time, ultimately causing performance degrada-
tion in long sequences.Ultimately, both deficiencies severely
constrain the model’s accuracy and robustness in real-world,
complex scenarios.

Crucially, these weaknesses are further amplified in real-
world deployment, where stable sensors cannot be assumed.
Mechanical vibrations, uneven terrain (e.g., speed bumps),
and calibration drift often introduce extrinsic rotation noise.
Under such perturbations, map-prior methods fail because the
projected prior becomes misaligned with the visual evidence.
Sequential models are even more fragile, as minor feature
misalignments caused by frame-wise jitter can accumulate
and be amplified through recurrent updates, eventually leading
to global geometric fractures. As illustrated in Fig. 1 (b),
existing paradigms lack sufficient robustness against transient
disturbances, suffering catastrophic degradation with accuracy
drops of over 40% under strong interference.

To address these limitations, we propose HMF-MapNet,
a novel framework based on decoupled perception. Inspired
by human navigation, which combines long-term structural
memory with short-term observation, HMF-MapNet explicitly
separates geometric retention from temporal smoothing. Un-
like existing methods that entangle static and dynamic features

in a single stream, our framework adopts a geometric-temporal
dual-path design. By decoupling invariant structural geometry
from transient feature fluctuations, it mitigates the impact of
instantaneous sensor noise and provides a robust basis for
perception in complex real-world environments.

Specifically, the geometric path builds a probabilistic His-
torical Map Bank as a stable structural anchor. Instead of
conventional binary masking, we employ a log-odds occu-
pancy mechanism to accumulate historical confidence, yield-
ing what we term temporal inertia. This mechanism enables
high-confidence structural memory to absorb transient sensor
jitter and suppress geometric outliers. As a result, the model
preserves consistent structural reasoning even under extrinsic
misalignment, providing reliable and noise-resistant priors for
subsequent decoding.

Our main contributions can be summarized as follows:

* We identify fundamental limitations in dominant online
mapping paradigms: map-prior methods are vulnerable to
inaccurate priors, while sequential models suffer from error
accumulation.

* We propose HMF-MapNet, a novel framework with a parallel
geometric-temporal dual-path architecture that synergistically
enhances both geometric reasoning and temporal modeling.Its
probabilistic historical bank effectively filters sensor jitter.

* Extensive experiments validate our superiority. HMF-
MapNet achieves the optimal accuracy-efficiency trade-off
and demonstrates remarkable robustness, outperforming SOTA
methods by +6.3 mAP under extreme rotation noise (o, =
0.1).

II. RELATED WORK

A. BEV Representation and Temporal Perception

Recent vision-based autonomous driving increasingly
adopts Bird’s-Eye-View (BEV) representations for unified
multi-camera perception and geometry-aware scene under-
standing. BEVFormer [14] introduces spatial attention for
BEV feature construction, while StreamMapNet [6] improves
temporal consistency with historical BEV alignment. Depth-
aware multi-camera perception further strengthens spatial rea-
soning, as shown by M2Depth [15] and CFD [16]. In parallel,
occupancy and semantic scene understanding methods [17]-
[19] highlight the value of geometry-aware and temporally
coherent representations for online map perception.

B. Online Vectorized Map Construction

Online mapping aims to directly predict vectorized map el-
ements from sensor inputs. VectorMapNet [20] pioneers poly-
line prediction, and MapTR [1] improves it with permutation-
equivalent point-set modeling. Subsequent methods enhance
geometric accuracy and structural consistency through differ-
entiable rasterization [21], mask-guided learning [22], interac-
tion modeling [23], and stream query denoising [11]. However,
these methods still struggle under occlusion, dynamic interfer-
ence, and sensor noise.
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Fig. 2. Proposed HMF-Mapnet architecture.Our framework employs a dual-path architecture that concurrently refines BEV features with a recurrent (GRU)
module for temporal smoothing, while injecting geometric priors from a historical map bank via attention to guide the decoder. R denotes rasterization.

C. Prior-Augmented and Memory-Based Mapping

To improve robustness, recent methods incorporate struc-
tural priors or historical memory into online mapping.
HRMapNet [9] enhances temporal stability through recurrent
HD map fusion. Related studies in 3D perception show that
prior modeling also improves geometric and semantic con-
sistency [17], [18]. Cross-domain studies also indicate that
semantic guidance, geometric consistency, and structured rep-
resentation learning can improve model robustness and feature
alignment [24], [25]. More generally, structured representation
learning methods [26], [27] suggest that well-designed priors
can improve stability and expressivity. Different from prior-
based or single-path memory methods, our HMF-MapNet uses
a dual-path hybrid memory to capture long-term consistency
and short-term details without external priors.

III. METHOD
A. Architecture Overview

The overall architecture of HMF-MapNet is illustrated
in Fig. 2. We build our framework upon the foundational
principles of advanced end-to-end vectorized map learn-
ing paradigms [1], inheriting their strengths in permutation-
equivalent modeling and hierarchical query mechanisms while
introducing critical architectural innovations for robustness.
Feature Extraction and Transformation. The pipeline com-
mences with a shared visual backbone (ResNet-50 [28] initial-
ized with ImageNet weights) equipped with a Feature Pyramid
Network (FPN) [29] to extract multi-scale 2D image features.
These features are then lifted into a unified 3D Bird’s-Eye-
View (BEV) representation using a view transformer based
on deformable attention mechanisms [14]. This results in a
comprehensive feature map B, (typically 100 x 50) covering

a perception range of £30m by +15m, which serves as the
fundamental input for subsequent processing.

Design Philosophy: Decoupling Geometry and Dynam-
ics. While existing single-stream baselines achieve impressive
performance under ideal conditions, they inherently couple
geometric structural information with temporal dynamic fea-
tures. We identify this coupling as a significant vulnerability:
when sensors suffer from extrinsic noise or jitter, the entangled
features degrade globally, leading to geometric fractures. To
address this, HMF-MapNet introduces a novel Parallel Dual-
Path Architecture designed to strategically decouple these
two aspects:

o The Geometric Path (Top branch) acts as a static an-
chor. It maintains a probabilistic Historical Map Bank
to provide long-term, noise-resistant geometric priors,
isolating structural reasoning from instantaneous sensor
fluctuations.

+ The Temporal Path (Bottom branch) acts as a dynamic
smoother. It employs a recurrent update mechanism to
model motion and consistency across frames, filtering out
high-frequency disturbances.

Synergistic Decoding. Crucially, these two paths do not
operate in isolation; they synergistically guide the decoding
stage. The geometric path injects context-rich priors into the
initial map queries via cross-attention, while the temporal path
provides temporally refined BEV features. Finally, a 6-layer
Transformer decoder [30] processes these enhanced inputs to
predict N map instances. Following standard vectorized output
formulations, each instance is modeled as a point set sequence
(e.g., 20 points), enabling end-to-end regression without post-
processing.



B. Geometric Path

The Geometric Path serves as the Static Anchor of our
dual-path system. Our design is driven by a core insight: while
visual observations are transient and susceptible to noise, the
physical road structure is immutable and persistent. Therefore,
rather than reconstructing the map “from scratch” at every
frame, we aim to maintain a probabilistic memory of the
environment—similar to how human drivers rely on road
familiarity. This philosophy necessitates a representation that
is both cumulative (to build confidence over time) and inertial
(to resist sudden perturbations). To materialize this concept,
we introduce two key components: the Historical Map Bank
for robust storage and Geometric Query Attention for efficient
retrieval.

1) Historical Map Bank Construction: To build this per-
sistent memory, we employ a global semantic grid, Mgiopal-
Instead of storing raw probabilities, each cell g stores an
occupancy log-odds value L(g). We adopt the log-odds repre-
sentation because it transforms complex Bayesian probability
multiplication into efficient additive updates, which is compu-
tationally ideal for online inference.

The Additive Update Rule. When a new BEV observation
aligns with the grid, we update the belief state of each cell.
This process allows the map to incrementally accumulate
confidence. The update rule is formulated as:

L(g) + clamp (L(g) +m - AT+ (1—=m)-A7) (D

This formula can be decomposed into three logical compo-
nents:

e Prior State L(g): The accumulated belief from all
previous frames, representing the historical memory.

o Hit Reward (m - \T): If the current sensor detects an
element (m = 1), we add a positive score AT to boost
confidence.

e Miss Penalty ((1 — m) - A\7): If the sensor sees empty
space (m = 0), we add a negative penalty A~ to gradually
reduce confidence.

Finally, the value is clamped to a range [Lmin, Lmax] tO
prevent confidence from exploding to infinity, ensuring the
map retains the plasticity to adapt to environmental changes.

For downstream perception, we convert this continuous
belief back into a binary decision to form the local map prior

Miocat:

1 if L(g) > Oocc
0 otherwise

Mlocal(g) = { (2)
2) Robustness Analysis: The Inertia Mechanism: The core
innovation of our Historical Map Bank is the physical property
of “Temporal Inertia” provided by the log-odds mechanism.
Unlike standard metrics, log-odds acts as a Geometric Sta-
bilizer, creating a “confidence buffer” that resists sudden
changes.
Physical Interpretation: The Confidence Buffer. Consider
a scenario where severe vehicle vibration causes extrinsic

rotation noise, leading to a lane boundary “drifting” by 2
meters.

e In conventional networks: This corrupted frame directly
overwrites the output, causing a geometric fracture.

e In HMF-MapNet: A cell g at the true lane position likely
possesses a saturated value (e.g., £(g9) &~ Lyax = 5.0)
from history. The transient drift results in a single “miss”
penalty (A~ = —0.5). The updated value becomes 5.0 —
0.5 = 4.5. Since 4.5 is still far above the threshold 6o
(typically 0), the cell remains occupied.

Essentially, the model “absorbs” the penalty using its accumu-
lated confidence buffer, ignoring the transient noise.
Theoretical Stability Bound. We formally derive how much
noise the system can withstand. Let Vg, be the number of con-
secutive erroneous frames required to deplete the confidence
buffer and flip a stable state (from Occupied to Free).

The state flips only when the accumulated penalties over-

whelm the current confidence L.yy:

Accurr + Nfail AT S Hocc (3)

Rearranging this inequality gives us the stability lower
bound:

eocc - £curr
Npajp > [/\-‘ “4)

With typical settings (Lpmax = 5.0,00cc = 0, A7 = —0.5),
the system requires Np; > 10 consecutive error frames to
erase a map element. Since sensor jitter is high-frequency and
typically lasts only 1-2 frames, it falls far below this threshold,
mathematically guaranteeing geometric robustness.

3) Geometric Query Attention with Sparsity: Geometric
Query Attention exploits the retrieved map priors to initial-
ize the decoder. Beyond improving accuracy, this module is
critical for the system’s Efficiency.
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Sparse Set Selection. First, we strictly define the sparse set
of active geometric priors, denoted as P, by filtering the local
map prior M., obtained in Eq. (3):

P = {p | Mlocal(p) = 1} (5

This filtering step enforces computational sparsity by dis-
carding all background cells, reducing the search space from
H x W to a significantly smaller subset |P| < H x W.
Hybrid Query Initialization. To satisfy the decoder’s re-
quirement for a fixed number of queries N, [31], we construct
the base queries (Qpqse using a hybrid strategy. For each
retrieved location p € P, we generate its prior embedding:

Eprior (p) = PE(p) + Eoce. (6)

However, the size of the sparse set |P| may vary. To ensure

tensor consistency:

o Padding: If |P| < N, (e.g., during initialization or in
sparse areas), we supplement the insufficient slots with
learnable queries initialized at random positions.

o Truncation: If |P| > N,, we select the top-N,, elements
based on their log-odds confidence.

This strategy ensures that the model remains robust even in
“cold start” scenarios where historical priors are scarce.

The decoder then utilizes these hybridized embeddings as
the initial query set Qpqs. to attend to the sparse priors:

Qgeometry = CrOSSAttn(Qbasm Eprior (p)7 Eprio'r' (p)) @)

This sparse interaction design is the theoretical foundation
for the low memory consumption and high inference speed
(FPS) demonstrated in our experiments, achieving an optimal
trade-off between performance and efficiency.

C. Temporal Path

The temporal path introduces a Recurrent Update Module
that interacts with the BEV features. Beyond simply aggregat-
ing features, the core purpose of this module is to function as
a temporal low-pass filter, modeling dynamic changes while
actively suppressing high-frequency sensor noise to maintain
long-term prediction consistency.

At each timestep ¢, the update process begins by aligning
the BEV feature map from the previous step, B;_1, to the
current frame’s coordinate system. This is achieved via a warp-
ing function W that utilizes the ego-motion transformation
T4 +—1. The resulting aligned features, denoted as 55;_, serve
as the history prior. These are then fused with the newly
extracted BEV features from the current observation, ngs,
using a Gated Recurrent Unit (GRU) [32]. The final output
is normalized by a LayerNorm layer to produce the refined
BEV map B;.

This entire recurrent update is concisely formulated as:

B; = LayerNorm (GRU (Bf)bs, W (Bi—1, Tt<—t—1))) (8)

This inherent robustness stems from the GRU’s gating
mechanism, which functions as a learnable low-pass filter.
Mathematically, the update rule corresponds to:

Bi=(1—2)0B8,_ ,+z0B5 ©)

where z, € [0,1] is the update gate activation and B, is the
candidate activation derived from the current observation B .
This formulation is mathematically equivalent to an Exponen-
tial Moving Average (EMA), which acts as a temporal low-
pass filter.

Under ideal conditions, the update gate z; adapts to capture
dynamic object movements. However, when extrinsic rotation



TABLE I
COMPARISON WITH STATE-OF-THE-ART METHODS ON NUSCENES.

Accuracy Metric Efficiency Metric

Method Backbone Epoch
APyy APy ABg, mAP  FPS(D)  Mem. (MB) (})
MapTR [1] R50 24 41.2 49.5 51.1 47.3 15.7 465.0
VectorMapNet [20] R50 110 38.3 36.1 39.2 37.9 2.1 693.0
StreamMapNet [6] R50 24 60.4 61.9 58.9 60.4 14.5 681.6
MapVR [21] R50 24 47.7 54.4 51.0 51.0 16.1 465.1
GlobalMapNet [10] R50 24 64.8 58.6 57.5 60.3 14.6 669.9
SQD-MapNet [11] R50 24 63.0 65.5 63.3 63.9 12.2 685.0
MGMap [22] R50 24 61.8 65.0 67.5 64.8 13.9 1033.6
Maptrv2 [30] R50 24 59.8 62.4 62.4 61.5 15.2 674.4
HRMapNet [9] R50 24 66.0 66.2 66.1 66.1 10.3 1044.4
InteractionMap* [23] R50 24 67.5 67.0 654 66.7 11.6 1236.7
HMF-MapNet (Ours) R50 24 67.9 66.8 64.9 66.5 14.6 793.8
TABLE II The map construction loss Ly, is a linear combination of
COMPARISON ON THE ARGOVERSE2 DATASET. classification and geometric regression terms:
Method APy APy,  AByy  mAP
Lmap = /\clchls + /\plstts + /\dirLdir (1 1)
HDMapNet 5.7 13.1 37.6 18.8
MapTR 50.6 60.7 612 574 Here, L. denotes the Focal Loss for element classification,
VectorMapNet 372 204 406 427 Ly represents the L1 loss for point-wise coordinate regres-
StreamMapNet 620 595 630 615 ‘pts TCP ] forp reg
SQD-MapNet 64.9 60.2 64.9 63.3 sion, and Lg;; is the edge direction loss used to regularize the
HMF-MapNet (Ours) 641 63.7 66.8 648 geometric connectivity of polylines.

noise (sensor jitter) occurs, it manifests as high-frequency,
transient fluctuations in the feature space (Bf). In such
cases, the gate z; learns to assign a lower weight to the current
noisy observation (z; — 0), thereby forcing the model to
retain the stable, aligned historical state B;_;. This gating
mechanism effectively provides temporal damping, shielding
the map representation from instantaneous geometric fractures
caused by sensor instability while preserving the continuity of
static elements.

The geometric path is designed to leverage short-term
accumulated experience, providing the model with a stable
and reliable Historical Map Bank. By maintaining a per-
sistent probabilistic representation of the environment, this
path decouples geometric reasoning from instantaneous sensor
fluctuations, serving as a robust anchor for the dual-path
system.

D. Implementation Details

To enhance temporal consistency and accelerate conver-
gence, we incorporate the Stream Query Denoising (SQD)
strategy [11]. Specifically, a subset of queries is initialized
with noise-perturbed ground truth elements from the preced-
ing frame, supervising the model to reconstruct the precise
geometry of the current frame. The overall objective function
Liota 1s formulated as:

Ltotal = Lmap + Asqudf:noise (10)

where Lgenoise Shares the same formulation as the primary
matching loss L, computed on the denoising query group.

IV. EXPERIMENTS

A. Experimental Settings

Datasets. We evaluate HMF-MapNet on nuScenes [33] (6

cameras) and Argoverse2 [34] (7 ring cameras). For con-
sistency, we unify the frame rate to 2Hz, downsampling
Argoverse2 from its original 10Hz.
Evaluation Metrics. We focus on 3 static map categories:
lane-divider, ped-crossing, and road-boundary. The thresholds
for calculating AP are set to {0.5m, 1.0m, 1.5m}. Addition-
ally, we measure inference speed (FPS) and GPU memory
consumption to evaluate efficiency.

B. Comparison with State-of-the-Art

Results on nuScenes. Table I presents a comprehensive
quantitative comparison on the nuScenes dataset. In terms
of perception accuracy, HMF-MapNet achieves a competi-
tive mAP of 66.5, establishing its position among top-tier
paradigms.

« Significant Improvement over Baselines: Our method
demonstrates a substantial performance leap compared to
standard baselines, surpassing MapTR by +19.2 mAP
and StreamMapNet by +6.1 mAP. This confirms that our
dual-path architecture effectively resolves the geometric
fractures common in baseline methods.

o Competitive with SOTA: HMF-MapNet outperforms the
strong competitor HRMapNet (66.1 mAP) by +0.4 mAP.
We also compare with the recent InteractionMap [23].
Since its code is unavailable, we report results based on
our reproduction (InteractionMap*). While Interaction-
Map* attains a marginally higher accuracy (66.7 mAP),



our method remains highly competitive, with a negligible
gap of only 0.2 mAP.

Results on Argoverse 2. Table II reports the results on
the Argoverse 2 dataset. Our model records a mAP of
64.8, consistently surpassing previous temporal methods like
StreamMapNet (61.5 mAP) and SQD-MapNet (63.3 mAP).
This demonstrates the robust generalization capability of our
dual-path architecture across different sensor layouts and en-
vironments.For a fair comparison, the backbone (R50) and
training schedule (24 epochs) remain consistent with the
settings used in our nuScenes experiments.

C. Efficiency Analysis

To demonstrate the real-world deployability of HMEF-
MapNet, we measured the inference speed (FPS) and GPU
memory usage of all models on a single RTX 3090 GPU. The
rightmost columns of Table I highlight the optimal trade-off
achieved by our method:

o Vs. HRMapNet: Under a fair comparison using official
reproduction, our method is 41.7% faster (14.6 FPS vs.
10.3 FPS) and reduces memory usage by ~250MB com-
pared to HRMapNet, while achieving higher accuracy
(+0.4 mAP).

o Vs. InteractionMap: Although InteractionMap achieves
higher accuracy, it is computationally heavy. HMF-
MapNet boosts FPS by 25.9% and reduces memory
usage by 35.8% (~443MB) compared to InteractionMap,
making it far more suitable for on-board deployment
where resources are constrained.

This efficiency stems from our architectural philosophy:
unlike methods utilizing heavy dense autoregressive mech-
anisms to store full-label features, HMF-MapNet decouples
geometry from semantics. By maintaining only lightweight
binary geometric priors (Log-odds), we eliminate the need
to maintain heavy dense feature maps, directly driving the
significant memory reduction and speed boost.

D. Robustness Analysis

Real-world autonomous driving systems inevitably face
sensor instability caused by uneven terrain, speed bumps, or
mechanical vibrations. To rigorously evaluate the reliability
of HMF-MapNet under such harsh conditions, we conducted
a stress test by simulating sensor noise. Specifically, we
introduced random rotation noise to the camera extrinsics, with
the standard deviation o, ranging from O to 0.1 radians. This
setup mimics the pitch and roll jitter often encountered in
daily driving, which typically disrupts the spatial alignment
of geometric features.

Performance under Extreme Noise. As quantified in
Table III, our framework demonstrates exceptional stability
compared to state-of-the-art methods.

o Baseline Collapse: The standard end-to-end method,
MapTRv2, exhibits a catastrophic failure as noise in-
creases. Its accuracy plummets from 61.5 mAP to a
negligible 14.2 mAP at o, = 0.1. This confirms that

single-frame, prior-free architectures are extremely brittle
when spatial alignment is compromised.

e SOTA Comparison: While HRMapNet maintains rea-
sonable performance at low noise levels, it begins to de-
grade significantly under strong interference (o, > 0.05).
At the most extreme noise level (o, = 0.1), HRMapNet
drops to 52.2 mAP.

o Our Superiority: In sharp contrast, HMF-MapNet main-
tains high integrity. At o, = 0.1, it achieves a remarkable
58.5 mAP, outperforming HRMapNet by a substantial
margin of +6.3 mAP and surpassing MapTRv2 by over
+44 mAP.

Mechanism Analysis. This decisive advantage is attributed
to the Temporal Inertia provided by our Log-odds Map Bank.
As illustrated in Fig. 3, the probabilistic grid acts as a low-
pass temporal filter. High-frequency sensor jitter (transient
noise) may cause instantaneous misalignments, but these are
insufficient to overturn the accumulated high-confidence occu-
pancy states in the history bank. Consequently, HMF-MapNet
effectively “filters out” the geometric outliers caused by sensor
instability, ensuring consistent planning-ready maps.

TABLE III
ROBUSTNESS ANALYSIS UNDER EXTRINSIC ROTATION NOISE (MAP).

Model | o,=0 0.005 0.01 002 0.05 0.1
HRMapNet 66.1 660 657 649 60.1 522
Maptrv2 615 612 598 356 188 142
HMF-MapNet | 66.5 663 655 651 62.0 58.5

E. Ablation Study

To validate the effectiveness of HMF-MapNet’s dual-path
architecture, we constructed two variants: w/o G (removing the
Geometric Path/Historical Map Bank) and w/o T (removing
the Temporal Path/Recurrent Update Module).

As shown in Table IV, both variants exhibited significant
performance degradation compared to the full model (66.5
mAP). Specifically, removing the Geometric Path caused a
drop of 4.4 mAP, confirming that the historical map bank pro-
vides crucial long-term static priors. Removing the Temporal
Path resulted in a 2.8 mAP drop, highlighting the importance
of the recurrent module in smoothing dynamic features.

TABLE IV
ABLATION STUDY ON NUSCENES. "W/0O G’: WITHOUT GEOMETRIC PATH;
’W/0 T’: WITHOUT TEMPORAL PATH.

Method APped APy APpou mAP
HMF-MapNet w/o G 61.2 61.9 63.3 62.1
HMF-MapNet w/o T 63.1 65.2 63.8 63.7
HMF-MapNet 67.9 66.8 64.9 66.5

V. CONCLUSION

We proposed HMF-MapNet, a dual-path framework that
resolves key limitations in vectorized HD map perception.



By synergistically modeling geometry with a historical map
bank and time with a recurrent network, it mitigates prior
sensitivity and error accumulation, achieving high performance
on nuScenes and Argoverse2. Future work will explore multi-
modal sensor fusion to further enhance autonomous driving
safety.
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