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In this Supplementary Material, we provide additional details about our dataset and experiments. In
Section (A), we provide an ablation study on the influence of input crop size on model performance.
In Section (B), we discuss additional implementation details about our training, data augmentation,
and occlusion-based map rendering process. In Section (C), we discuss the paired positive-negative
logs we include. In Section (D), we describe our evaluation metric. In Section (E), we provide
additional experimental analysis of different models and rendering viewpoints. In Section (F), we
provide additional details about how we generate orthoimagery. In Section (G), we offer additional
examples from our test set. In Section (H), we give examples of other types of temporary map changes
which we do not annotate or evaluate within our dataset. In Section (I) we provide further analysis
of the frequency of map changes. In Section (J), we give additional details about our synthetic map
perturbation protocol.

In Section (K), we provide a datasheet for the dataset.

Appendix A: Influence of Input Crop Size

In this section, we perform an ablation on input crop size, as discussed in Section 5.1 of the main text.
In the main paper, we set our input crop size to 224× 224 px for all experiments mentioned therein.
In this section, we present an ablation to measure the influence of input crop size. Again, we find the
ego-view model is the best-performing model, as measured on its own field of view.

Perhaps surprisingly, we find that an RGB image at 234 × 234 px resolution (∼ 164K pixel val-
ues/image) is sufficient to capture significant detail. In Table 1, we present an ablation where we
find that for BEV models, higher resolution (i.e. 468× 468 px) does improve mAcc by 2% mAcc,
although requiring almost 4x the GPU memory during training and significantly longer training times.
However, for ego-view models, a higher crop size is quite detrimental, reducing visibility-based
mAcc by around 7%.

Table 1: Controlled evaluation of the influence of input crop size (for ego-view and BEV).

MODALITIES VISIBILITY-BASED BEV PROXIMITY VISIBILITY-BASED
EVAL. @ 20M EVAL. @20M EVAL. @20M

RESOLUTION BACKBONE ARCH. VIEWPOINT RGB SEMANTICS MAP VAL TEST IS CHANGED NO CHANGE TEST IS CHANGED NO CHANGE
MACC MACC ACC ACC MACC ACC ACC

224x224 ResNet-18 Early Fusion Ego-View X dropout dropout 0.8384 0.6850 0.63 0.74 0.7342 0.72 0.74
448x448 ResNet-18 Early Fusion Ego-View X dropout dropout 0.8713 0.6331 0.38 0.88 0.6644 0.45 0.88
224x224 ResNet-50 Early Fusion BEV X no X 0.9007 0.6543 0.57 0.74
448x448 ResNet-50 Early Fusion BEV X no X 0.9072 0.6749 0.63 0.72
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Appendix B: Additional Implementation Details

B.1. Training

We train our models for 90 epochs with the Adam [3] optimizer. We use a polynomial learning rate
decay strategy, starting at 1× 10�3. We use a batch size of 1024 examples. We start with pretrained
ImageNet weights for ResNet-18 or ResNet-50 [2].

We train with multiple negative examples per sensor image, which we found to be more beneficial
than randomly sampling a single negative example (i.e. a synthetically perturbed map). In other
words, we perform multiple types of perturbations for a given scene, and feed them to the network as
separate negative examples (not necessarily in the same mini-batch).

B.2. Data Augmentation

We employ a number of data augmentation techniques to improve the generalization of our models
and prevent overfitting. Input images are of dimension 2048 × 1550 for the front-center camera,
and 1550× 2048 for all other 6 cameras. For the ego-view models, we first take a square crop from
the bottom 1550 × 1550 of an ego-view image. Afterwards, we resize to 234 × 234, perform a
random horiztonal flip with 50% probability, take a random 224×224 crop, divide pixel intensities by
255, and then normalize both sensor and map RGB channels by the ImageNet mean (�r; �g; �b) =
(0:485; 0:456; 0:406) and standard deviation (�r; �g; �b) = (0:229; 0:224; 0:225)

For BEV models, we resize input images from 2000× 2000 px to 234× 234 px, perform a random
horizontal and/or vertical flip with 50% probability each (independently), choose a random 224×224
crop, and normalize as described above.

We find other traditional data augmentation techniques from the semantic segmentation literature [9],
such as applying a random rotation to the input or randomly blurring the input with a small kernel, to
be ineffective.

B.3. Occlusion Reasoning

As discussed in Section 5.1 of the main text, we use map occlusion reasoning when generating the
input for our ego-view models. Occluded map elements and map elements that have been removed in
the real world (“deleted”) are both not visible in camera imagery. While the former is an expected
everyday occurrence, and the latter is of interest to us, we use occlusion reasoning in order to separate
the two phenomena. We generate a dense depth map from sparse LiDAR returns (see Figure 1) and
the depth of map entities is compared against the corresponding depth of its projection in the depth
map.

(a) RGB Image (b) Interpolated Depth Map

Figure 1: Example of a dense depth map interpolated from sparse LiDAR returns.

B.4. Details about Semantic Label Map Input

As discussed in Section 5.1 of the main text, we use semantic label maps generated from the semantic
head of a publicly-available seamseg ResNet-50 panoptic segmentation model [5] 1. We create 5
binary mask channels from the semantic label map, for the ‘road’, ‘bike-lane’, ‘marking-crosswalk-
zebra’, ‘lane-marking-general’, and ‘crosswalk-plain’ classes. These are optionally provided as

1Available at https://github.com/mapillary/seamseg.
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Table 2: We describe the statistics of the map deviation data in our test set, and the types of deviations
we observe. We define each BEV frame as a pose where the egovehicle has moved at least 5 meters
since the previous pose. Lane geometry changes extend over far more frames than crosswalk changes.

DATA SPLIT
TRAIN/VAL TEST

NUM IMAGES 6,991,006 1,008,134
AVG. NUMBER OF IMAGES PER LOG (@20 HZ) 8,129 7,201
NUM LIDAR SWEEPS 511,208 74,937
AVG. NUMBER OF LIDAR SWEEPS PER LOG (@10 HZ) 594 535
NUM. RENDERED BEV FRAMES 25,363 4,945
(ONCE EVERY 5 METERS OF TRAJECTORY)
NUM. BEV FRAMES WITH NO CHANGES 25,363 2,159
NUM. BEV FRAMES WITH CHANGES 0 2,786
NUM. BEV FRAMES WITH CROSSWALK CHANGES ONLY 0 201
NUM. BEV FRAMES WITH LANE GEOMETRY CHANGES ONLY 0 2,105

NUM. BEV FRAMES WITH BOTH 0 120
LANE GEOMETRY AND CROSSWALK CHANGES

additional channels to the 3 RGB sensor channels and 3 RGB map channels via early fusion.
Seamseg’s semantic label maps on their own do not capture sufficient granularity for the map change
detection task we define, since the Mapillary Vistas public dataset’s taxonomy does not differentiate
between lane color and or different marking types (e.g. double-solid, solid, dashed-solid), which are
of interest to autonomous vehicle operation.

Unsuitability of Per-Pixel Semantic Comparison. Directly comparing rendered map and semantic
label maps at a per-pixel level is not always useful since our HD map representation does not provide
paint annotation for every single dashed longitudinal lane marking, but rather provides a description
lane marking pattern, polyline boundary, and other corresponding attributes (See Table 3 of the main
text). Thus, we can simulate the pattern of dashed lane markings, but not their exact, pixel-perfect
location. As the main text shows, the network can abstract away the per-pixel details to provide more
meaningful features.

Appendix C: Data Selection

For a subset of the ‘negative’ logs in our TbV dataset, we provide a corresponding ‘positive’ log
captured before the change occurred. Example images from pair positive-negative logs are provided
in Figure 2. This allows for non-learning based approaches (e.g. based upon comparison of 3d
reconstructed world models) for a limited amount of the test set.

Appendix D: Evaluation

As our primary accuracy metric, we use a mean of class accuracies over two classes. This accounts
for both precision and recall. If a confusion matrix is computed with predicted entries on the rows
and actual classes as the columns, and normalized by dividing by the sum of each column, 2-class
accuracy can be simply calculated as the mean of the diagonal of the confusion matrix.

More formally, let ncl = 2 be the number of classes, ŷi be the prediction for the i’th test example,
and yi be the ground truth label for the i’th test example. We define per-class accuracy (Accc) and
mean accuracy (mAcc) as:

mAcc = 1/ncl

ncl∑
c=0

Accc, Accc =

N∑
i=0

1{ŷi = yi} · 1{yi = c}

N∑
i=0

1{yi = c}
(1)

Appendix E: Additional Experimental Analysis

Advantages of BEV. In principle, the bird’s eye view (BEV) representation (orthoimagery) offers
two main advantages: a single, dense, accumulated metrically-accurate representation for a single
pass through a network, rather than passing in 7 images through 7 separate networks, trained on each
frustum, in order to detect changes to the sides and rear of the vehicle. This approach can be costly
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