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A. Discussion

A.1. How does the latency of spatial retrieval influence the system?

In our experimental pipeline, all geographic images are retrieved, aligned, and processed offline before training and evalua-
tion. This ensures that, during inference, the stack requires no interaction with external services (i.e. Google Maps APIs).

For real-world autonomous driving deployments, the geographic data can similarly be pre-downloaded and cached on the
vehicle or on edge servers, as the storage cost is low due to the equirectangular panoramic representation that stores each
street view location only once. Considering the required storage footprint is modest, the data can be bulk-downloaded during
periods of reliable connectivity, allowing the inference stage to operate without relying on real-time network access and
without being affected by bandwidth fluctuations.

Importantly, as demonstrated in our experiments, in cases where geographic images are unavailable during driving—such
as regions with insufficient coverage or operation in offline-only settings—the Reliability Estimation Gate automatically
down-weights or suppresses the geographic branch. The system thus reverts to the baseline perception pipeline without
compromising safety or prediction quality, maintaining a stable and predictable lower-bound performance. Overall, the
combination of offline acquisition, compact storage design, and modest computation makes the paradigm suitable for realistic
deployment scenarios while avoiding latency overhead.

A.2. How does the method behave when the spatial retrieval data are missing, outdated, or unreliable?

Geographic images are inherently heterogeneous in density and recency, and discrepancies may arise due to construction,
occlusions at capture time, or environmental changes. The proposed framework explicitly accounts for such imperfect con-
ditions through the Reliability Estimation Gate, which evaluates both spatial distance and visual similarity between onboard
and retrieved features. When retrieved images contain mismatched content, outdated structures, or notable photometric
differences, the gate attenuates their contribution, preventing unreliable geographic cues from degrading the prediction.

The degradation experiment (Fig. 11 in the main paper) validates the robustness of the system by simulating missing or
incorrect retrieval data. As the proportion of unavailable or perturbed data increases, performance declines smoothly and
without catastrophic failure, demonstrating that those tasks remain supported by onboard-sensor alone. In other words, the
model does not become overly dependent on geographic information and incorporates it only when reliable. This balanced
fusion behavior ensures that the paradigm remains stable across a wide range of real-world conditions, including sparse
coverage, partial misalignment, or outdated images.

A.3. Why do some tasks benefit more moderately from geographic context?

The geographic modality predominantly captures static environmental structure—road geometry, lane topology, sidewalks,
and background scene layout—while lacking dynamic elements such as moving vehicles or pedestrians. Tasks that rely on
static spatial organization, such as online mapping or occupancy prediction, naturally gain more from this prior. Improve-
ments arise from the ability of geographic images to provide visibility into regions that may be occluded, poorly lit, or beyond
the instantaneous perception horizon of onboard sensors.

For tasks whose performance is dominated by dynamic-object interpretation—such as object detection—the contribution
of geographic priors is inherently more limited. The spatial retrieval paradigm is neither intended nor designed to replace
online sensor information in such settings, but rather to serve as a reliable auxiliary cue. The more moderate gains observed
for these tasks align with the role of static geographic information as an additive structural prior rather than a dynamic-
sensing modality. This task-dependent pattern is consistent with the modality’s characteristics and supports the intended
complementary nature of spatial retrieval.

A 4. Is the proposed paradigm restricted to Google Maps as the source of geographic images?

Although Google Maps provides a convenient and accessible source of geographically anchored images for our experiments,
the proposed paradigm is agnostic to the data provider. The method requires only panoramic or perspective images accom-
panied by approximate capture coordinates. Thus, it can be directly applied to images acquired through alternative mapping
platforms or to large-scale traversal logs collected by autonomous driving fleets.

In practical deployments, companies may employ their own high-resolution street-level datasets, which often feature
denser coverage and more consistent capture conditions than public sources. Because the retrieval function, panoramic
representation, and fusion module rely only on pose and appearance alignment, no architectural modifications are required
to accommodate different geographic data sources. This highlights that the core contribution lies in the spatial retrieval
paradigm itself, rather than characteristics of any particular geographic images provider.



B. More Related Work

B.1. Camera-based 3D Detection

Bird’s-eye-view (BEV) object detection [48, 87, 107, 111, 113, 145, 155, 166, 168] aims to detect objects in BEV space
from single-view or multi-view 2D images. Early works [118, 120, 144] transform 2D features into BEV based on single-
view images for monocular 3D detection. LSS [113] extends this to multi-view input and lifts image features into 3D
via depth estimation. Following LSS, BEVDet [48] lifts 2D features to BEV and applies a BEV encoder with residual
blocks and FPN, while BEVDepth [75] shows that explicit depth supervision and efficient BEV Pooling [47, 48, 75] are
crucial for both accuracy and efficiency in the 2D-to-3D lifting pipeline. In contrast, BEVFormer [168] introduces a spatio-
temporal Transformer encoder that directly constructs BEV representations from multi-view, multi-timestamp inputs via
deformable cross-attention, and BEVFormerV2 [155] further eases optimization with perspective-view supervision and joint
monocular/BEV supervision. From the view transformation perspective, BEVFormer and its variants [149, 155, 168] adopt
dense BEV queries with heavy deformable attention, whereas BEVDet/BEVDepth [48, 75] follow an LSS-style [113] 2D-to-
3D lifting plus BEV pooling pipeline. Inspired by DETR, sparse query-based BEV methods [87, 88, 145] instead start from
a small set of 3D queries and interact with image features either via 3D-to-2D projection [145] or global attention with 3D
positional embeddings [87, 88], trading dense BEV grids for a compact query set but often at the cost of expensive global
attention and limited scalability to long-term temporal fusion.

B.2. Online Mapping

Online mapping models [69, 83, 89, 117, 161] tackle autonomous driving by dynamically generating map geometry and
semantics from sensor inputs, thereby reducing reliance on manual annotations and enabling adaptive mapping in changing
environments. With the development of PV-to-BEV methods [66, 96], HD map construction is often formulated as BEV
segmentation on surround-view images, where many approaches [15, 40, 90, 91, 108, 113, 116, 167-169] produce raster-
ized maps through BEV semantic segmentation. To obtain vectorized HD maps, HDMapNet [69] performs heuristic and
time-consuming post-processing on pixel-wise segmentation, while VectorMapNet [89] is the first end-to-end method with a
two-stage coarse-to-fine design and an autoregressive decoder, suffering from long inference time and permutation ambigu-
ity. MapTR [83] and StreamMapNet [161] further leverage monocular or multi-view images for end-to-end online HD map
construction, enhancing deployment flexibility, but most existing models are trained on fixed datasets and tightly coupled
to specific sensor setups and environments, leading to overfitting and degraded performance under domain shift. SemVec-
Net [117] mitigates cross-dataset variation via an intermediate semantic map, yet still falls short of the robustness required for
real-world deployment. In contrast, our method introduces a unified shape modeling strategy for map elements that resolves
permutation ambiguity and stabilizes training, and further builds a structured, parallel one-stage framework with much higher
efficiency. Concurrent and follow-up works of our conference version [83] explore alternative end-to-end HD map construc-
tions [11, 12,57,58,71,72,92, 114, 115, 123, 141, 151, 153, 161-163] and extend to related tasks [16, 54, 55, 70, 82, 152],
including Bézier- and pivot-based map representations [24, 114], neural global map representations [152], topology-aware
modeling [70], diffusion-based refinement [11], differentiable rasterization [163], and generalized centerline and 3D map
learning in MapTRv2.

B.3. Occupancy Prediction

Occupancy prediction has recently emerged as a 3D alternative to conventional bird’s-eye view (BEV) perception. BEV
representations [67, 97] provide an occlusion-reduced and metrically consistent top-down view that is well suited for multi-
view, multimodal, and temporal fusion, as well as downstream planning and decision making. However, BEV inevitably
collapses the height dimension and thus cannot fully capture fine-grained 3D geometry or vertical structures. Occupancy
perception addresses this limitation by estimating the occupied state of voxels in a discretized 3D space. Such dense 3D fields
naturally support open-set objects, irregular shapes, complex road structures, and occlusion reasoning [1, 146], and can be
jointly used for 3D detection, segmentation, and tracking [103, 112, 146, 170]. Recent work further enriches occupancy with
semantics [131], language priors [136], and motion cues [95], making vision-centric occupancy a cost-effective alternative to
LiDAR-heavy systems.

In the camera-only setting, most methods still build on BEV-style formulations to infer voxel-wise occupancy from multi-
view images. One line of work directly learns voxel features in 3D space: VoxFormer [76] uses 2.5D cues to initialize
voxel queries, Occ3D [130] adopts a coarse-to-fine voxel encoder, and RenderOcc [109] predicts density and semantics
under NeRF-style supervision, facilitated by dense occupancy benchmarks [124, 130]. Another line couples occupancy
prediction more tightly with BEV representations. TPVFormer [49] decomposes the scene into three orthogonal views, Sur-



roundOcc [148] lifts BEV features along the height axis with spatial cross-attention, OccNet [132] builds a unified occupancy
embedding tailored for planning, and FBOcc [80] designs a forward-backward view transformation scheme.

B.4. End-to-End Planning

Autonomous driving planning has evolved through several distinct stages, beginning with rule-based frameworks and gradu-
ally shifted toward learning-driven and end-to-end systems. Early planning modules were dominated by rule-based methods,
where vehicle behavior followed manually designed rules and heuristic decision logic [23, 28, 133]. These planners offered
strong interpretability and reliable control, and were successfully deployed in many real-world systems [61, 134]. Their fun-
damental limitation, however, lies in their inability to generalize: once the environment deviates from predefined scenarios,
the decision-making process becomes brittle.

To improve adaptability, the community gradually shifted toward learning-based planners, framing planning as an imita-
tion learning problem [13, 44, 129]. Early behavior cloning approaches relied on CNNs [5, 39, 59] and RNNs [4], and were
later extended to Transformer-based architectures [20, 122] to better capture complex driving behaviors. While these models
produce more human-like trajectories, imitation learning lacks multi-modality guarantees and is sensitive to distribution shift,
resulting in compounding errors during closed-loop execution. Consequently, many systems still fall back on rule-based post-
processing—either refining [51, 135] or selecting [19] trajectories—which runs counter to the original goal of eliminating
handcrafted rules. Moreover, tuning behavior for safety or personalization is difficult, since training-time objectives often
conflict with one another [4, 19].

Driven by the need for tighter integration between perception, prediction, and planning, planning has increasingly been
studied under the umbrella of end-to-end autonomous driving (E2EAD). Modern end-to-end planners directly map sensor
inputs to future trajectories or control actions [17, 18, 42, 44,53, 55, 56, 77,79, 121, 125, 126, 128], reducing the error accu-
mulation inherent in multi-stage pipelines. UniAD [44] established a unified planning-oriented architecture; VAD [55] and
VADV2 [17] streamlined the representation and action space; SparseDrive [128] leveraged sparse structures; and diffusion-
based models such as DiffusionDrive [84] introduced generative planning via diffusion policies.

To further improve planning safety, recent efforts have explored score-based planning optimization. Hydra-MDP [81]
distills both human demonstrations and rule-derived metrics through multiple scoring heads, while WOTE [78] predicts
future BEV states to evaluate trajectory quality. These approaches enhance safety supervision but still operate at the score
level, independently optimizing each anchor without modeling the global policy distribution.

B.5. Generative World Model

Recent progress in driving video generation has advanced realistic and controllable autonomous driving simulation [31,
32, 34, 62, 63, 100, 139, 147]. MagicDrive [32] achieves high-fidelity street-view synthesis through tailored encoders and
cross-view attention for accurate 3D geometry control, while UniScene [64] unifies multi-modal data generation (semantic
occupancy, video, LiIDAR) via progressive processes. Extensions such as MagicDriveDiT [31] and MagicDrive3D [30]
further improve and enhance scalability using DiT architectures and deformable Gaussian splatting for high-resolution 3D
reconstruction. DreamDrive [100] synthesizes 4D spatiotemporal scenes via hybrid Gaussian representations, balancing
visual fidelity and generalizability.

Beyond open-loop video synthesis, a related line of work explores using generative models as driving world models that
predict future multi-view observations conditioned on controls and scene layouts. Unlike general-purpose video generation,
generative world models for autonomous driving are designed to support multi-agent interaction, ego-motion control, en-
vironmental diversity, and coherent multi-camera observations. Early efforts in this direction include GAIA-1 [41], which
introduces text and ego-action conditioning within a discrete world model equipped with a video diffusion decoder to en-
hance temporal consistency, and CommaVQ [21], which similarly employs a causal transformer over discrete tokens to model
controllable ego-motion in driving scenes.Subsequent approaches build on latent diffusion models to achieve higher-fidelity
generation and richer forms of control. DriveDreamer [143] conditions a latent diffusion model on 3D bounding boxes,
HD maps, and ego actions, and further adds an action decoder for future ego-action prediction. Drive-WM [147] extends
this paradigm to multi-camera settings with up to six surrounding views and introduces controllable ego behavior, dynamic
agents, and environmental factors such as weather and lighting. UniMLVG [14] enables multi-view video synthesis con-
ditioned on text, camera parameters, 3D bounding boxes, and HD maps, while MaskGWM [106] towards longer temporal
horizons. Vista [33] focuses on high-resolution, long-duration videos, and Delphi [94] steers generation toward failure-prone
scenarios to enhance the utility of synthetic data for training.



B.6. Autonomous Driving with Retrieval

Recent research in autonomous driving has increasingly emphasized retrieval-augmented decision making, where external
knowledge is queried and combined with on-board perception rather than relying solely on end-to-end models. Neuro-
symbolic approaches [157] and knowledge-graph-based methods [27, 101] can be seen as early forms of retrieval, using
symbolic structures to recall missing entities or relations (e.g., occluded pedestrians or lane-change intentions). In parallel,
cooperative perception retrieves observations from other agents in the traffic network via V2X communication [37, 86, 119,
156], mitigating the “short-sightedness” of purely on-board perception [102] and improving situation awareness, especially
in occluded or dense scenes [93, 104, 150]. Recent work such as CodeFilling [45, 127, 137] further moves from passive
broadcast to more selective, representation-aware communication, which conceptually aligns with retrieval-style filtering.

More directly, a growing body of work treats driving scenarios as the core memory to be retrieved in Retrieval-Augmented
Generation (RAG) pipelines. Structured scenario platforms (OpenScenario, MetaScenario, CommonRoad) [2, 3, 8] and large-
scale datasets [8, 10, 25, 29, 35, 43, 46, 50, 65, 73, 74, 165] provide the basis for retrieving past interactions and corner cases.
LLM-based Driving-RAG systems query similar scenarios and textual knowledge to support online planning and decision
making [22, 52, 154, 160] and offline scenario generation and simulation [36, 105, 164], while other works use LLMs with
retrieved driving knowledge for instruction following and human—vehicle interaction [7, 9, 140]. To make such retrieval
effective, prior studies propose task-driven scenario embeddings [98, 138, 142] and similarity metrics [10, 38, 60, 171],
sometimes combined with distribution-aware indexing [43, 68, 99] and graph-based post-processing [110, 138] to refine the
top-K retrieved scenarios and reduce LLLM confusion and hallucination.

C. nuScenes-Geography Construction Details

C.1. Overview of the Construction Pipeline

The objective of nuScenes-Geography extension is to augment each nuScenes frame with geographically grounded visual
information retrieved from the Google Maps APIs, which include both the Google Street View API and the map-tile inter-
faces. Among these sources, street view images constitute the core component of our pipeline due to its need for viewpoint
synthesis and geometric alignment; thus, it is the primary focus of the following sections. In contrast, map data follow a
significantly simpler procedure: we download the complete nuScenes regional map beforehand and crop the corresponding
regions directly based on the transformed coordinates, requiring no additional viewpoint modeling.

The overall construction pipeline contains three major stages. First, we convert nuScenes ego poses from their local map
coordinate system into global geodetic coordinates (latitude—longitude), which enables precise querying of the Google Maps
APIs. Second, for each valid geographic location, we retrieve multi-view street view images via the Google Street View
API and reconstruct an equirectangular panoramic representation that compactly encodes all viewing directions. Finally,
for every nuScenes camera frame, we instantiate a virtual camera at the matched street view location and synthesize a
geometrically aligned street-level view through spherical-to-perspective reprojection. This pipeline establishes a one-to-one
correspondence between each onboard camera image and its aligned street view rendering, while maintaining high storage
efficiency and broad geographic coverage across the dataset.

C.2. Coordinate Systems and Geo-Localization

Ego-pose representation in nuScenes. We adopt the nuScenes global coordinate frame as the starting point for geo-
localization. For each driving scene, we follow the temporal sequence defined by the LIDAR_TOP sensor and obtain a set
of ego poses {Pi}ﬁil. Each pose P; consists of a 3D translation t; = (x;, y;, z,')T, a unit-quaternion rotation q;, and a
timestamp ¢;. Within each nuScenes location (e.g., boston-seaport), the global coordinates provide a consistent, locally
planar map in which horizontal translations (z;, y;) describe the vehicle’s trajectory.

Geodetic reference and modeling assumptions. To relate this local map to Earth-centered geographic coordinates, we
introduce a reference latitude—longitude pair (qﬁfef, )\fef) for each location ¢. The reference point is chosen near the south-
western boundary of the nuScenes map and serves as the anchor of a local tangent plane. Such planar georegistration is
a common convention for urban-scale coordinate systems, and because each nuScenes region spans only a few thousand
meters, the induced geodesic distortion is negligible.



From planar displacements to geodetic coordinates. Given an ego pose P, its horizontal translation (x;, y;) is treated as
a displacement on the local tangent plane. We compute its ground-plane distance

d; = /22 1+ 42, ()

0; = atan2(z;,y;), ()

and its azimuth using the two-argument arctangent

4
ref?

which correctly resolves the angular quadrant. Starting from the reference coordinate (¢ )\fef), we apply a forward

geodesic model

(61, A) = F(fep Arer, 03, i), 3)
where F'(-) performs the standard “move by distance d; along initial bearing 6;” operation on a WGS-84 ellipsoid. Within
the spatial extent of nuScenes, the planar distance d; provides an accurate approximation to the geodesic arc length.

Per-frame localization for geographic retrieval. Applying this transformation independently to every ego pose yields a
set of georeferenced records (¢;, ¢;, A, ;). The latitude-longitude coordinates (¢;, A;) serve as query points for the Google
Maps APIs, enabling frame-level association between nuScenes and geographic data.

C.3. Geographic Data Retrieval from Google Maps APIs
C.3.1. Street View Image Acquisition

Street View Metadata API vs. Image API. Our street view acquisition pipeline is built upon two complementary Google
interfaces: the Street View Metadata API and the Street View Image API. Both APIs accept a geographic query location
(i, i), but they differ fundamentally in purpose and returned information.

The Metadata API returns a structured description of the street view panorama geographically closest to the query point.
Its response includes: (i) a success status flag, (ii) a unique panorama identifier that labels the corresponding street view
panorama, (iii) the panorama’s canonical capture position in latitude—longitude form, and (iv) auxiliary attributes such as
capture date. If the query location is not covered by street view data, the response explicitly indicates that no panorama is
available.

By contrast, the Image API returns a single perspective street view image rendered at a specified heading, pitch, and field
of view. Its inputs include the geographic position, the viewing configuration, and the desired image resolution. The returned
image corresponds to a projection of the underlying panorama identified by the Metadata API.

Because these two APIs provide different levels of information, we query the Metadata API first to determine whether a
panorama exists and to obtain its unique identifier and canonical capture location. Only after this association is established do
we use the Image API to request the multi-view perspective images required for panoramic reconstruction. This separation
allows us to avoid unnecessary downloads and ensures that all perspective images are consistently tied to a single, well-
defined street view panorama.

Metadata-driven panorama association and nearest-neighbor behavior. The Metadata API implicitly performs a
nearest-neighbor search over Google’s street view graph: each nuScenes coordinate (¢;, \;) is mapped to the geographi-
cally closest existing street view panorama, if any. This produces a deterministic association

(¢i, N\i) — panorama index P;.

However, because the street view sampling is sparse and road networks contain parallel lanes, service roads, and split-level
structures, the nearest panorama may occasionally lie on a different road segment despite being close in Euclidean distance.
These mismatches constitute a well-defined misaligned mode and motivate the reliability analysis presented later in Sec. D.3.

Unique panorama retrieval and caching. Once a panorama index P is identified by the Metadata API, we ensure that its
underlying panoramic content is downloaded only once. When a panorama is encountered for the first time, we issue a set of
Image API requests at the panorama’s canonical capture location to obtain the multi-view images required for reconstructing
its equirectangular representation. The reconstructed panorama is stored on disk and indexed by its identifier. Any subsequent
frame whose Metadata query maps to the same P directly reuses the cached equirectangular panorama, eliminating redundant
API calls. This mechanism exploits the natural many-to-one relationship between nuScenes frames and street view panoramas
while maintaining computational and storage efficiency.



Figure 1. Examples of Street View API outputs. Eighteen sample images returned by the Street View APIs, illustrating panorama lookup
and the multi-view perspective captures used for equirectangular reconstruction.

Multi-view sampling for equirectangular reconstruction. To reconstruct the full 360° panorama associated with P, we
sample a fixed set of uniformly spaced heading angles,

© = {0°,20°,40°, ...,340°},

and request a perspective street view image for each heading at the panorama’s capture position. As illustrated in Fig. 1,
every request uses a fixed horizontal field of view (60 degrees in our implementation), a fixed pitch configuration, and a fixed
output resolution. Collectively, these multi-view images provide dense angular coverage around the street view camera and
serve as input for the equirectangular projection and stitching process described in Sec. C.4.

Frame-to-panorama mapping structure. The combination of the Metadata API and Image API yields a compact, surjec-
tive mapping
nuScenes frame ¢ — panorama P;,

where many nuScenes frames may share the same panorama. This mapping guarantees that each nuScenes frame is associated
with a unique equirectangular street view panorama, and that all perspective renderings used in later stages (e.g., virtual
camera synthesis) are derived from a single, geometrically consistent spherical representation.

C.3.2. Satellite images and Map Data

Overview. In addition to the street view panoramas, we incorporate high-resolution satellite images aligned with the
nuScenes maps. Satellite images provides a static top-down representation of the environment and does not require the
spherical modeling or equirectangular reconstruction used for street view.

Region of interest and spatial resolution. For each nuScenes location ¢, we determine the spatial extent of its map in the
local coordinate frame and anchor this extent to the geodetic reference point (¢¢,;, AL;) introduced in Sec. C.2. From this
anchor, a geographic bounding region is defined that fully covers all trajectories within the corresponding nuScenes split.

Satellite images for this region is requested at a ground sampling distance of
0.15 meters per pixel,

ensuring that each pixel in the resulting raster corresponds to approximately 0.15 m on the ground.



Single-raster satellite mosaic per location. All satellite tiles covering the defined geographic region are aggregated into a
single georeferenced mosaic for each location £. This mosaic fully spans the nuScenes map footprint and serves as the unified
satellite representation for all frames belonging to that location.

Per-frame, pose-aware satellite crops. For a nuScenes frame with geodetic coordinates (¢;, A;) and an ego-vehicle ori-
entation, we compute a pose-aligned satellite crop in two steps. First, the frame’s geodetic position is transformed into pixel
coordinates on the mosaic using the known geographic reference. This is a direct affine mapping from latitude—longitude
to image coordinates. Second, a fixed-size satellite patch is extracted around the mapped pixel and rotated according to the
ego-vehicle yaw angle. The rotation aligns the vehicle’s forward direction with the right-hand side of the cropped satellite
patch. Thus, each crop is both spatially centered at the vehicle location and oriented in accordance with the vehicle’s heading,
yielding a canonical, pose-aware top-down representation.

C.4. Equirectangular Panorama Construction

Motivation. Each street view panorama is conceptually a spherical environment map centered at the street view camera
position. However, the Google Street View Image API only provides perspective renderings of this sphere at user-specified
headings and pitch angles. To obtain a complete and consistent representation of the underlying spherical scene, we recon-
struct an equirectangular panorama from multiple perspective views sampled around the panorama center.

Multi-view sampling of the street view sphere. Given the canonical capture location returned by the Metadata API, we
sample the street view sphere at a fixed set of uniformly spaced heading angles,

0 = {0°,20°,...,340°},

and at a fixed pitch configuration. Each sample corresponds to a perspective projection with a fixed horizontal field of view
and image resolution. These images form a collection of overlapping observations covering the full 360° horizontal field
around the street view camera.

Spherical projection model. To integrate these perspective views into a single panorama, each image is interpreted as
a collection of rays originating from the panorama center. For a pixel at coordinates (u,v) in a perspective image with
known intrinsics, the corresponding 3D ray direction d is computed through inverse camera projection. This ray is then
parameterized on the unit sphere using longitude—latitude angles

(0,9) € [-m,m) x|

s 7r]
2727

where 0 is the azimuth and ¢ is the elevation. The equirectangular panorama is defined on a regular grid over (6, ¢), and each

incoming ray contributes its color to the corresponding grid cell.

Equirectangular projection and rasterization. The spherical surface is discretized into a raster. For each heading—pitch
configuration in the sampled set, the corresponding perspective image is projected onto this raster. This projection uses a
forward-mapping formulation: the spherical direction (6, ¢) is mapped to pixel coordinates

w H /7
e v=2(5-0)
v = (0 +m) y=—(5-¢
and the color is written into the equirectangular grid. A binary mask records which pixels receive valid contributions, ensuring

that overlap regions from multiple views can be correctly combined.

Mask-based panoramic stitching. The equirectangular panorama is assembled by compositing all projected views. For
each view, only pixels whose rays fall within the valid forward-facing region are retained; invalid regions (e.g., back-facing
directions or watermark areas) are discarded using the mask.

Resulting spherical representation. This produces a dense, seamless panorama encoding the full horizontal surround
view, as illustrated in Fig. 2.

This panorama serves as the unique, spherical representation associated with each street view location and constitutes the
basis for synthesizing nuScenes-aligned virtual camera views in Sec. C.5.



Figure 2. Examples of reconstructed equirectangular panoramas. Five representative panoramas generated using our multi-view
sampling procedure. Each panorama is produced by aggregating multiple overlapping street view perspective images sampled at uniformly
spaced heading angles. The resulting equirectangular representations are dense and seamless, serving as the canonical environment map
for subsequent virtual camera synthesis.

C.5. Virtual Camera Model and Panorama Reprojection

Overview. To obtain street view images that matches the viewing geometry of nuScenes camera frames, we construct for
each frame a virtual camera located at the street view panorama position. Its orientation follows the calibrated nuScenes
camera, while its intrinsic parameters follow a unified perspective model consistent with the rendering geometry used during
panorama extraction. A view aligned with this virtual camera is then synthesized by sampling the panorama.

Intrinsic model. All virtual cameras share a fixed horizontal field of view (approximately 60°) and a square output resolu-
tion (W, H). The focal length is defined as

w

T = ST Ao = fa, 4
/ 2tan(FOV/2) fu=1 @
with the principal point placed at the image center,
w H
Cp = 7, Cy = ? )
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Figure 3. Panorama projection and corresponding onboard views. The top row shows the equirectangular panorama associated with a
street view location. The middle row presents six perspective views obtained by projecting the panorama through the virtual camera model
in Sec. C.5. The bottom row displays the corresponding six nuScenes onboard camera images. These examples illustrate that the projection
and reprojection steps provide a well-aligned geometric correspondence across the panorama domain and the nuScenes camera domain.

The resulting intrinsic matrix is

fo 0 ¢
K=10 f, ¢c]. (6)
0O 0 1

This formulation matches the projection geometry used for the panorama construction and ensures consistent spherical—
perspective mapping.

Extrinsic construction. The virtual camera is positioned at the street view capture location associated with each nuScenes
frame. The displacement between the nuScenes ego location and the street view panorama is computed in geodetic coordi-
nates and converted into a metric offset on a local plane. The vertical component is set to a constant height of 2 m. To express
this translation in the ego-vehicle coordinate system, the offset is rotated by the inverse of the ego orientation. The rotation
of the virtual camera is taken from the calibrated nuScenes camera for the corresponding sensor. Together, these parameters
define a 4 x 4 camera pose used for spherical reprojection.

Inverse projection to rays. For each output pixel (u,v), the corresponding camera ray is computed using the intrinsic
matrix. Let

U—Cg vV —cy
Y:

X=—5 7

Z =1, )

and normalize to obtain a unit direction:
1 X

—|v ®)
X2+Y2+ 22\ ,

d(u,v) =

Applying the virtual camera rotation yields the ray direction in the panorama coordinate frame.

Spherical mapping and sampling. Given the rotated ray d’ = (X', Y’,Z’)7, we compute its spherical azimuth and
elevation as
0 = arctan 2(X', Z'), ¢ = arcsin(Y"). 9)
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Figure 4. Geometric consistency of lane reprojection. Visualization of structural annotations reprojected into the aligned street view
image using the virtual camera model in Sec. C.5. The observed spatial alignment between the overlaid geometric curves and the roadway
appearance suggests that the overall mapping and reprojection pipeline produces a well-aligned geometric correspondence across domains.

For an equirectangular panorama of width W,a,, and height H,,;,.,,, the corresponding pixel coordinates are

0+ 59
:—Wanoa =2
v 2w P Y s

Hpano- (10)

Sampling the panorama at (x, y) produces the color of pixel (u,v) in the synthesized street view image.

Aligned street view viewpoints. The resulting image represents the street view environment as observed from the nuScenes
camera orientation, as shown in Fig. 3. By applying this process to each nuScenes frame, we obtain a geometrically aligned
street view counterpart for every camera observation, providing a consistent basis for spatial correspondence and cross-modal
retrieval. As shown in Fig. 4, this projection mechanism produces a geometrically accurate alignment between the reprojected
structures and the street view imagery.

C.6. Retrieval Misalignment and Manual Reliability Annotation

Overview. Although the Google Street View Metadata API performs a nearest-neighbor search in geographic space and
typically returns the panorama closest to a queried nuScenes location, the retrieved panorama is not guaranteed to correspond
to the viewpoint captured by the nuScenes camera. Due to the sparsity and heterogeneous spatial distribution of street view
coverage, mismatches arise in several systematic forms. To ensure the integrity of our aligned dataset and to enable supervised
learning of retrieval reliability, we manually annotate all API-returned panoramas associated with nuScenes frames.

Misaligned modes of API-returned panoramas. In practice, incorrect panorama associations arise from the following

well-defined misaligned modes:

* Indoor or non-road panoramas. The API may return panoramas captured in buildings, parking structures, or enclosed
environments, even when the nuScenes frame is recorded on a public road.

* Incorrect vertical level (bridge—ground confusion). For multi-level infrastructure, the nearest panorama may lie at the
wrong elevation, showing the underside of a bridge when the vehicle is driving above it, or the reverse.

* Parallel-road ambiguity. Dense urban areas often contain parallel roads only a few meters apart. Proximity-based retrieval
may incorrectly return a panorama from the adjacent roadway, leading to consistent semantic and structural mismatch.

As shown in Fig. 5, these misalignment patterns constitute the primary sources of retrieval noise in the nuScenes—street-
view pairing, motivating the need for a systematic annotation procedure.



Figure 5. Representative misaligned cases of API-returned panoramas. Each row shows a mismatch example, where the fop image is
the corresponding nuScenes onboard camera view and the bottom image is the retrieved street view panorama. From top to bottom, the
three cases illustrate: (1) a non-road panorama returned for an outdoor driving frame, (2) an incorrect vertical level due to bridge—ground
confusion, (3) a parallel-road mismatch where the panorama lies on an adjacent roadway.

Manual reliability annotation. Each retrieved panorama is manually compared with the corresponding nuScenes frame.
Annotators inspect the panorama in its reconstructed equirectangular form and the nuScenes image in its native camera
geometry. The annotation task is strictly comparative and relies only on observable scene-level cues, including roadway
configuration, building geometry, structural alignment, and global viewing direction.

To provide clean and unambiguous supervision, we adopt a ternary labeling scheme:

* Reliable (positive). Assigned when the panorama and the nuScenes image exhibit clear semantic and geometric consis-
tency, with matching road layout, scene structure, and approximate orientation, as shown in Fig. 6.

* Unreliable (negative). Assigned when the panorama clearly corresponds to a different physical environment or viewpoint,
such as incorrect elevation, adjacent roads, or indoor locations, as shown in Fig. 5.

* Unlabeled (ambiguous). Used for cases where the correspondence cannot be judged confidently—for example, when the
panorama is geographically close but exhibits subtle structural differences not resolvable from the nuScenes view. These
samples are excluded from all supervised training.

This design provides a controlled supervisory signal by retaining only cases with unambiguous alignment or misalignment,
thereby ensuring learnability.

C.7. Temporal Distribution of Retrieved Street View Images

The Google Maps Street View API returns its most recently captured panorama for each queried location. As a result, the
capture dates of retrieved street view images span a range of years, while the nuScenes dataset was collected in 2018. Fig. 7
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Figure 6. Examples of reliable positive matches. The figure presents two positive cases, each consisting of a street view panorama
(top) and its corresponding nuScenes onboard camera image (bottom). In both cases, the two modalities exhibit consistent scene structure,
including roadway layout, surrounding buildings, and overall orientation. These clear and coherent correspondences are used as reliable
positive supervision in our analysis.

shows the temporal distribution of the retrieved street view images. Despite the temporal mismatch between the street view
capture dates and the nuScenes recording period, the proposed Reliability Estimation Gate (REG) effectively mitigates the
impact of outdated imagery by down-weighting features from temporally misaligned retrievals.
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Figure 7. Temporal distribution of retrieved street view images. The capture dates of street view panoramas span from 2016 to 2025,
while the nuScenes dataset was collected in 2018.

D. Implementation Details of Neural Networks

D.1. 3D Postional Encodings for Retrieved Geographic Images

To incorporate retrieved street-view and satellite images into BEV-based representations in a geometrically consistent manner,
we adopt the positional encoding mechanism introduced in PETR [87]. Geographic images provide valuable spatial priors,
but their feature maps reside in the image plane and do not contain explicit 3D information. PETR enables the construction
of geometry-aware positional encodings that describe the spatial coordinates associated with each pixel location, thereby
facilitating cross-view interaction with BEV features.

Depth Sampling and Coordinate Generation. For each geographic image, a discrete set of depth values {dj }£_, is de-
fined within the valid operating range of the dataset. Each pixel coordinate (u, v) is then associated with a three-dimensional



point computed via inverse projection:

Xuvk = 7.(.—1(“’ v, dk)7

where ! applies the camera intrinsics and the corresponding street-view or satellite camera pose. This procedure generates
a dense set of 3D coordinates X, for all pixels and depth samples.

Normalization and Positional Encoding. Following PETR, the 3D coordinates are normalized to a fixed range
[Zmins Ymins Zmin] — [Tmax, Ymaxs Zmax) t0 ensure numerical stability:

~ o Xuvk — Xmin
Xuvk = .
Xmax — Xmin

The depth dimension is concatenated along the channel axis, after which a lightweight 1 x 1 convolutional mapping is applied:
Pgeo = f [’ ()E)v

producing a geometry-aware positional embedding aligned spatially with the retrieved geographic feature map.

Street View and Satellite Encoding. For retrieved street-view images, the full PETR-style depth frustum is used, based on
the camera intrinsics and extrinsics stored in the metadata. For satellite images, which typically corresponds to a near-planar
observation of the environment, pixel locations are mapped to the LiDAR coordinate system via a specific 2D transformation,
with the vertical coordinate set to z = 0. Both cases employ the same positional encoder fy, allowing a unified geometric
representation across modalities.

Integration into Cross-Attention. The positional encoding P, serves as the geometry-aware key in the Geo-Cross-
Attention module:

CrossAttn(Fpry, Feeo + Pgeo, Faeo),

enabling BEV queries to attend to retrieved geographic features according to their spatial correspondence rather than solely
on appearance. This positional encoding ensures that retrieved geographic features are integrated into BEV space in a manner
consistent with the underlying 3D structure.

D.2. Spatial Retrieval Adapter

Our Spatial Retrieval Adapter is designed to be highly flexible and can be integrated into various BEV perception models.

BEVFormer-based Architecture For architectures that are inherently attention-based, such as BEVFormer [168], the in-
tegration is particularly natural. The BEVFormer encoder consists of stacked layers, each performing temporal self-attention
and spatial cross-attention. We simply insert our Geo-Cross-Attention module at the end of each of these layers. This allows
the model to progressively refine its BEV representation at each stage of the encoder, first using onboard sensor data and then
enriching it with the retrieved global context, while keeping the rest of the architecture unchanged.

Other BEV Architectures. The adapter’s plug-and-play nature allows for flexible application in other models, such as

those based on Lift-Splat-Shoot (LSS) [113]. The core principle is to apply the Geo-Cross-Attention module at any stage

where a BEV feature map is present. We demonstrate this flexibility with two examples:

* For BEVDet [48], which processes BEV features at multiple scales, we apply our adapter after each downsampling stage
in the BEV backbone. This enables multi-scale fusion of the geographic context.

* For Flash-Occ [159], to accommodate its significant GPU memory requirements, we apply the Geo-Cross-Attention mod-
ule only once, on the final and most compact BEV feature map (100x 100 resolution). This highlights the adaptability of
our method to different computational and memory constraints.



Generative Architecture. Existing generative world models [31, 158] for autonomous driving are mostly built by fine-
tuning pretrained generative models [26]. Concretely, the original MM-DiT backbone is frozen, and trainable temporal as
well as spatial cross-attention modules are added to the DiT blocks to enhance multi-view and multi-frame consistency. Our
geo-adapter is inserted after the spatiotemporal cross-attention and uses zero-initialized convolutions together with gated
linear layers to ensure minimal disturbance to the original model.

These examples underscore that our adapter is not tied to a specific architecture but can be strategically placed to balance
performance and efficiency.

D.3. Reliability Estimation Gate

Geographic retrieval unavoidably suffers from missing, outdated, or misaligned street-view images. Such imperfections
introduce uncertainty in the external priors and can negatively affect downstream perception. To ensure that the model
incorporates geographic information only when it is trustworthy, we employ a Reliability Estimation Gate, which produces
a confidence score w € [0, 1] that modulates the contribution of retrieved features during fusion. The gate combines both
appearance-level and geometry-level cues, enabling the system to handle noisy geographic coverage.

Feature Similarity via ZNCC. The primary indicator of reliability is the visual consistency between current onboard
observations and the retrieved street-view features. Given an onboard feature map Fo,, and a retrieved feature Fg,, the
latter is first aligned to the onboard spatial resolution through scale-preserving interpolation followed by center cropping. A
Zero-Normalized Cross-Correlation (ZNCC) operator is then applied locally to measure their photometric agreement:

VE[(@ = 12)?E[(y — )] + €

where = and y denote corresponding patches with 9x9 kernel size and (i, 1, their local means. We convert ZNCC ranges
in [—1, 1] into a normalized difference measure,

ZNCC(z,y) =

1 —-ZNCC
Diff = —— €[0,1],
2
which provides a spatially dense signal reflecting how much the retrieved appearance deviates from the real-time observation.

Larger values indicate less trustworthy geographic information.

Distance-Based Consistency. Street view images far from the ego location are more likely to reflect a different environment
or capture outdated structures. To account for this, we encode the GPS distance dgpg between the retrieved viewpoint and the
current position. Instead of using the raw distance—which can become numerically unstable—we apply a bounded mapping:

¢ = tann (297,
S

where s is a fixed scaling factor. This produces a distance cue d’ € [—1, 1] that effectively suppresses geographically
irrelevant retrievals without over-penalizing small, benign spatial offsets.

Reliability Prediction. The visual difference map and distance cue are aggregated to compute the final reliability score:
w = o (fo(Diff,d")),

where fy denotes a trainable prediction function and o is the sigmoid activation. The resulting w serves as an adaptive weight
during fusion, increasing the impact of geographically consistent retrievals and down-weighting those that are mismatched
or outdated.

Training Supervision. During training, the gate is supervised with binary labels (detailed in C.6) indicating whether a
retrieved sample is valid (1) or invalid (0). The loss is implemented using a binary cross-entropy objective:
‘Cquality = BCE<U}3 w*)7

while samples marked as uncertain are ignored. Through this supervision, the gate learns to detect mismatched content,
outdated appearance, or enlarged spatial discrepancy, and to output lower reliability in these cases.



Behavior in Imperfect Geographic Conditions. The Reliability Estimation Gate ensures that the overall framework does
not become overly dependent on geographic priors. When retrievals are missing, incomplete, or incorrect, the gate attenuates
their contribution, allowing the model to fall back smoothly on onboard sensing. The degradation studies in the main paper
demonstrate that even as the proportion of missing or perturbed street-view inputs increases, performance degrades gracefully
without catastrophic collapse. This stability highlights the gate’s ability to maintain balanced fusion and robust perception
across real-world variations in street view density, recency, or alignment.

E. Task Definition and Implementation Details
E.1. 3D Object Detection

Task Definition. 3D object detection in autonomous driving aims to localize and classify surrounding traffic participants
in an ego-centric 3D coordinate system using multi-view camera inputs. Given a set of synchronized images, the model
estimate the position, dimensions, orientation, and semantic category of each object in the scene. The output is typically
represented as a collection of oriented 3D bounding boxes, each parameterized by a 3D center, box extents, heading angle,
and class label. On nuScenes, performance is commonly quantified using mean Average Precision (mAP) and the nuScenes
Detection Score (NDS), which jointly evaluate detection quality across localization, orientation, and related attributes.

We consider BEVDet [48] and BEVFormer [168] as baselines, which are representative multi-view BEV-based detectors
on nuScenes [6]. In our setting, geographic information is injected into their BEV feature representations via the Spatial
Retrieval Adapter, while the detection heads, training objectives, and evaluation protocol follow the original works. Hyper-
parameters are detailed in Table 1.

Evaluation Metrics. Metrics are adopted from the official nuScenes detection challenge [6].

* mAP (1): Mean Average Precision, calculated based on 2D center distance on the BEV plane.

* NDS (1): The nuScenes Detection Score, a weighted sum of mAP and five mean True Positive (mTP) metrics: average
translation (ATE), scale (ASE), orientation (AOE), attribute (AAE), and velocity (AVE) errors.

1 .
NDS = o 5. mAP + Z (1 — min(1, mTP))

mTPETPs
E.2. Online Mapping

Task Definition. Online mapping focuses on reconstructing local high-definition map elements that describe the static road
topology needed for navigation and downstream decision making. The task takes multi-view camera images as input and
predicts structured representations of static road components in an ego-centric bird’s-eye-view coordinate frame. Typical
targets include lane dividers, lane boundaries, and crosswalks, which are represented as vectorized geometric primitives. The
resulting map elements support lane-level reasoning and provide a compact description of the underlying road layout.

The output of this task consists of sets of polylines or curves with associated semantic categories. Because these structures
are thin, elongated, and topologically constrained, online mapping is particularly sensitive to occlusion, adverse illumination,
and limited sensor range. The lack of explicit depth measurements further increases the difficulty of accurately recovering
road geometry from images.

We adopt MapTR [83] and MapTRv2 [85] as baselines for this task. We conduct experiments on the nuScenes [6] dataset.
Both methods operate on BEV representations derived from multi-view images and are widely used for vectorized map
prediction on nuScenes. In our experiments, geographic images aligned with the ego trajectory are encoded and fused into
the BEV features through the Spatial Retrieval Adapter. The prediction heads and training pipelines of the baselines are kept
unchanged. Hyperparameters are detailed in Table 1.

Evaluation Metrics. Metrics are based on the MapTR protocol for vectorized map element construction on the nuScenes

dataset.

* AP (1): Average Precision is used to evaluate map construction quality. Unlike standard object detection which uses
IoU, MapTR utilizes Chamfer distance (Dcpam fer) to determine whether a predicted map element matches the ground
truth. The final AP is calculated by averaging the APs obtained under several matching thresholds 7 € T', where T' =
{0.5m,1.0m, 1.5m}.

1
AP = — Z AP,
|T| TeT



* mAP (1): The mean Average Precision is the average of the calculated APs over the three map element classes: pedestrian
crossing, lane divider, and road boundary (N5 = 3).

1 Neis
AP = AP;
m Ncls Z

i=1

E.3. Occupancy Prediction

Task Definition. 3D occupancy prediction formulates scene understanding as a volumetric classification problem, where
the environment around the ego vehicle is discretized into a 3D grid and each voxel is assigned an occupancy state and a
semantic label. The task aims to capture both static infrastructure and dynamic participants in a dense and geometrically
explicit representation. This volumetric view of the scene is particularly useful for downstream planning and simulation, as
it provides fine-grained information about which regions of space are free, traversable, or blocked.

The model takes multi-view camera images as input, aggregates them into a BEV feature representation, and decodes a
multi-class 3D occupancy grid over a fixed spatial range. The Occ3D-nuScenes benchmark [130] reports mean Intersection-
over-Union (mloU) over semantic classes, including driveable area, other flat, sidewalk, terrain, manmade structures, vege-
tation, and dynamic categories. The task is challenging because large portions of the 3D volume may be unobserved or only
partially visible, requiring the model to infer plausible completions based on structural priors and multi-view consistency.

We use FB-OCC [80] and FlashOCC [159] as baselines, which are representative BEV-based occupancy prediction models
evaluated on Occ3D-nuScenes [130] in our experiments. Both methods lift multi-view features into a BEV space and decode
them into voxel-wise predictions. In our spatial retrieval setting, geographic images provide additional information about
static background layout and are fused with the BEV features through the Spatial Retrieval Adapter. The occupancy heads
and loss functions remain identical to the original implementations. Hyperparameters are detailed in Table 1.

Evaluation Metrics. Metrics follow the Occ3D-nuScenes benchmark for voxel-level semantic prediction.
* mloU (1): The mean Intersection-over-Union (IoU) over N, classes, where TP, FP, and FN are the counts of true positive,
false positive, and false negative voxels for a given class.

TP 1 et

- mloU= ToU,
TP+ FP+EN' 0 Ndszo

i=1

IoU

E.4. End-to-End Planning

Task Definition. End-to-end autonomous driving planning aims to generate a safe and kinematically feasible future tra-
jectory for the ego-vehicle directly from raw sensor inputs, conditioned on high-level navigation commands (e.g., turn left,
turn right, or go straight). Unlike modular pipelines that rely on intermediate perception outputs like bounding boxes or
HD maps, end-to-end approaches optimize the trajectory generation jointly. The model takes multi-view camera images as
input to encode the scene context and outputs a sequence of future waypoints Tpreq = {p+}L_, representing the ego-vehicle’s
planned path over a future horizon 7.

In our experiments, we evaluate the planning performance on the nuScenes [6] dataset using VAD [55] as the baseline,
which is a representative vectorized planning framework. VAD explicitly models the driving scene using vectorized agent
motions and map elements to impose planning constraints, ensuring safety and compliance. In our spatial retrieval setting,
we augment the BEV encoder of VAD by adding additional cross attention between the BEV feature and the offline retrieved
geographic features through the Spatial Retrieval Adapter. These geographic priors serve as a stable environmental reference
to refine the planning trajectory. Hyperparameters are detailed in Table 1.

Evaluation Metrics. Following the specific implementation of ST-P3 [42] and VAD [55], we evaluate the open-loop plan-

ning performance using the Average L2 Displacement Error and the Average Collision Rate over different time horizons

(H € {1s,2s,3s}).

e L2 Displacement Error (L2 |): This metric reports the Average Displacement Error (ADE) accumulated over the time
horizon H. It is calculated as the mean Euclidean distance between the predicted waypoints and ground truth waypoints:

Ny
1
L2 —_ ~ _ GT
H NH;IIM P 2



where Ny is the number of time steps within the horizon H.

* Collision Rate (Collision % |): This metric evaluates the safety of the planned trajectory by calculating the frequency of
collisions across time steps. Importantly, to account for data noise, a collision at time step ¢ is only penalized if the expert
(ground truth) trajectory is collision-free at that moment. The metric is defined as the average percentage of time steps
involving a valid collision:

Ng
Collisiony = NLH Z]I (C(p, O) A -C(p¢T, 0y)) x 100%

t=1

where C(p, O) indicates whether the ego-vehicle polygon at pose p intersects with the occupancy grid O of other agents,
and I is the indicator function.

E.5. Generative World Model

Task Definition. Generative world model for autonomous driving aims to synthesize realistic, controllable multi-view
driving videos conditioned on structured scene information. Given a short history of surround-view camera frames together
with ego-vehicle actions, agent configurations, and environment descriptors, the model learns a conditional distribution over
future video sequences. The output is a set of temporally coherent RGB streams for all cameras, which should remain
consistent with the specified ego motion, dynamic-agent behaviors, and high-level scene attributes. Following prior work
on generative world models [31, 32, 158], performance is typically assessed using distribution-level video metrics such as
Fréchet Inception Distance for visual fidelity, complemented by task-specific controllability measures that compare generated
content against the conditioning signals (e.g., action or 3D box consistency).

We adopt Unimlvg [14] and MagicDriveDit [31] as a representative multi-view latent diffusion world model baseline.
These models are built on video foundation models, where Unimlvg trained to generate 19-frame videos and Magicdrivedit
generate 17-frame videos. During testing, Unimlvg uses the first 3 frames as reference frames, and after the first round of
generation, the last 3 frames of the generated 19-frame clip are taken as reference for the next round. In total, it performs
two rounds of autoregressive generation to produce 35-frame videos for evaluation. Magicdrivedit instead uses only the first
frame as the reference frame and directly generates 17-frame videos.

Based on the nuScenes dataset, Unimlvg generates 150 35-frame video clips for testing, whereas Magicdrivedit, under
our setup, is evaluated on approximately 2,400 video clips with a frame interval of 15. For each generated clip, we allocate
a geographic image to assist generation according to the position of its first and last frames. The detailed training parameters
are listed in Table 1.

Evaluation Metrics. Metrics assess the distributional similarity between generated and real videos.
¢ FVD (}) / FID ({): Fréchet Video/Inception Distance between the distributions of real-world data (r) and generated data
(g), which are modeled as multivariate Gaussians with mean y and covariance 3.

FVD/FID = ||, — pig |3 + Tr (gr by, - 2(2@9)1/2)
Table 1. Training Hyperparameters for All Baselines. We report the total batch size across all GPUs. Configurations are aligned with the

original papers for a fair evaluation. UVG and MDD are generative models, and their settings reflect the video generation task. * indicates
models fine-tuned on the corresponding baseline.

Hyperparameter MapTR MapTRv2 FB-OCC Flash-OCC BEVDet BEVFormer VAD ‘ UvVG MDD
Optimizer AdamW AdamW AdamW AdamW AdamW AdamW AdamW AdamW AdamW
Learning Rate 6e-4 6e-4 2e-4 le-4 2e-6 2e-6 2e-4 8e-5 8e-5

LR Scheduler CosineAnnealing CosineAnnealing LinearWarmup LinearWarmup StepDecay CosineAnnealing CosineAnnealing None LinearWarmup
Weight Decay 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01
Batch Size (Total) 32 32 32 32 16 2 8 8 32
Training Epochs 110 110 20 24 4% 4% 60 4% 4%

GPUs Used 8 x NVIDIA RTX 4090 (48GB) ‘ 8 x NVIDIA H800 (80GB)
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Figure 8. Online Mapping: The baseline model(MapTRv2) fails to detect the right-side lane line and intersection due to the dim lighting.
Our Spatial Augmented model recovers the crucial road topology by leveraging the stable, bright static environment prior provided by the
geographic images, closely matching the Ground Truth.

| |

Baseline Baseline + Geo Ground Truth

Figure 9. Online Mapping: The baseline model struggles to accurately map the pedestrian crossing (blue polygon) near the ego vehicle
due to the limited field of view of onboard cameras. The non-ego-centric perspective from the geographic images provides a stable,
complete spatial context, enabling our Spatial Augmented model to recover the correct geometric shape, resulting in a prediction highly
consistent with the Ground Truth.

F. Extra Qualitative Results

We provide additional qualitative examples to demonstrate the effectiveness of our approach in challenging scenarios. The
online mapping results are shown in Fig. 8 with Fig. 9 ,the occupancy prediction results are shown in Fig. 11, the planning
results are shown in Fig. 10 and the generation results in Fig. 12.



Baseline Baseline + Geo

Figure 10. Planning: The figure compares the planning performance between the baseline(VAD) and our Spatial Augmented method in
night scenes. While the baseline struggles driving in low light, our method acts as a robust guide, generating safer and more consistent
trajectories.
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Figure 11. Occupancy Prediction. Our method, benefiting from the spatial priors provided by geographic images, produces more complete
and coherent occupancy estimations, particularly under challenging conditions such as adverse weather, motion blur, and occlusions.

UniMLVG

UniMLVG + Geo

Figure 12. Generative World Model. In the presence of geographic images, the autoregressive generation becomes more stable.
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