Kaleidoscopic Background Attack: Disrupting Pose Estimation
with Multi-Fold Radial Symmetry Textures
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A. An Interpretation of Projected Orientation Consistency Loss Function

Figure 1. Illustration of different camera pose scenarios. Our KBA attack primarily enhances the projected orientation consistency by
modifying the yaw angle between two camera poses, such as from P2 to P. For camera poses, such as P and P2, or P; and P, where
there is minimal variation in the pitch angle or the distance to the center of the disc, our loss function L poc has little effect on optimizing
these poses. This is because the direction vectors of their coordinate axes (represented by the red, blue, and green arrows) have identical
projection directions onto the disc.

The definition of our projected orientation consistency loss is given by Eq. 1. By assuming orthogonal projection and consid-
ering the symmetry of the disc, maximizing L poc is approximately equivalent to maximizing the sum of cosine similarities
between the projected camera orientation vectors #; for different poses, as shown in Eq. 2. In this section, we will analyze
the special cases of camera poses that are not optimized, based on the projection of the camera coordinate axis onto the disc.
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Intuitively, the optimization process described in Eq. 2 achieves its maximum when all vectors are aligned in the same
direction. In other words, this occurs when the direction vectors of the camera coordinate axes for two different poses have
identical projections onto the disc. In object-centric scenarios, where cameras from various spatial positions are primarily
oriented towards the object, a notable case that satisfies the aforementioned conditions involves camera poses within the
plane defined by the OX and OY rays, as illustrated by the light yellow region in Fig. 1. To further explain, let us consider
the camera poses Py, P2}, and P, as examples. The primary difference between the camera poses P2, and P; lies in their
distances from the center of the disc, while the variation between P, and Py involves changes in the camera’s pitch angle.
The direction vectors of the camera coordinate axes for Py, P{, and P, project in the same direction on the disc; for
instance, the y-axis vector (indicated by the blue arrow) projects in the -X direction. As a result, these poses are not affected
by the optimization process. In fact, all camera poses with the x-axis (indicated by the red arrow) perpendicular to the yellow
plane remain unaffected by constraints. Additionally, camera poses derived from translating P1 in space are not influenced
by the loss function, as our attack does not constrain the translation component of the camera poses.
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For pose estimation methods that directly output the matrix R, an ideal attack approach can be achieved by maximizing
the sum of cosine similarities between the corresponding vectors r; from two different viewpoints, as detailed in Eq. 3. In
fact, using the complete orientation information in L to optimize the adversarial attack is not necessarily advantageous
compared to using the relaxed version L poc. Consider the following cases, where variations exist between two camera poses



in terms of pitch angle, roll angle, and spatial position. In such cases, the object, such as the disc, captured by the cameras
will exhibit noticeable deformations or changes in size within the image, as illustrated in Fig. 1. In contrast, when only the
yaw angle of different camera poses changes, such as between P, and P2, the shape of the disc remains nearly unchanged.
Evidently, when considering the complete pose information of two cameras, including rotation and translation, optimizing
the disc background texture must account not only for texture similarity under different yaw angles but also for additional
constraints to handle changes in the shape and size of the disc in the image. In such cases, the optimization for adversarial
attacks becomes more challenging due to the smaller and more physically implausible solution space.

B. Multi-View Rendering with Diverse Augmentations

In this section, we will present the various data augmentation methods mentioned in Section 2.3 of the main text, along with
their specific parameter settings. In physical-world adversarial attacks, data augmentation is often an essential technique
for enhancing the effectiveness of the attack and mitigating overfitting. During the training phase of our kaleidoscopic back-
ground attack, continuous input of diversified images from two different perspectives is required to optimize the segmentation
output. Therefore, we apply data augmentation to various resources and intermediate results within the rendering pipeline,
as shown in Fig. 2. The following part details the data augmentation methods and the parameter settings used in this work.
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Figure 2. Tllustration of diverse augmentation rendering techniques utilized in the KBA,; method to optimize kaleidoscopic segments. Each
rendering process generates images from two distinct viewpoints. For each instance, an object and an environment are randomly selected
from predefined collections. Various augmentations are applied to enhance data variability: T1, where applying random downsampling
or upsampling to the texture images; T2, where objects undergo random rotations and scaling; T3, where pitch, yaw, roll, distance,
and viewpoints of the two randomly positioned cameras are each randomly adjusted; T4, where ambient lighting is modified by random
adjustments in color, brightness, and position; and TS, where Gaussian noise is added to the rendered images to further introduce variability.

Ty: To enhance the effectiveness of printed disc textures at different scales of attack, inspired by the concept of mipmap in
computer graphics, we apply random down-sampling and up-sampling to the texture mapping. Specifically, we first down-
sample the texture map to a random scale between 0:5 and 1 times its original size, and then use bilinear interpolation to
scale it back to its original size. This approach reduces the dependency of adversarial attacks on excessively high-frequency



information, making the optimized texture more stable. The effect of down-sampling and up-sampling is similar to the total
variation (TV) loss function commonly used in physical-world adversarial attacks. However, unlike TV loss, this method
avoids adding extra loss functions that could disrupt the stability of target optimization. For the mesh, each rendering involves
a random rotation around the symmetrical axis of the disc, with an angle ranging from O to 360degrees.

T,: For each rendering, we randomly select an object from the set of 3D objects used for training, apply a random scaling,
and ensure that the maximum dimension after scaling falls within a random size range of 0:4 to 1:0 meters. In the RDF
coordinate system setup, the object can rotate around the X-axis or z-axis by O to 180degrees, and around the y-axis by O
to 360 degrees. In this context, although the object may be positioned on the plane in an unphysical manner, it provides
sufficient object diversity to enhance our optimization. For the position of the object, we place it on the surface of the disc at
a random location within a circle of radius 0:1 meters centered at the center of the disc.

Tj3: For camera data augmentation, we randomly select the pose of one viewpoint and derive the pose of the second camera
based on the first. According to the definition in the LookAt format, the camera pose is determined by the position it looks
at, the rotation angle around the y-axis (i.e., yaw angle ), the angle between the X-Z plane (i.e., pitch angle p), the distance
d to the look-at position, and the up vector. The first camera looks at a random position within a circular region of radius 0:2
meters centered on the disc plane. The distance d is randomly selected from the range of 2:5 to 3:0 meters, the yaw angle
is randomly chosen within the range of O to 360degrees, and the pitch angle | is randomly chosen from the range of 15 to
85 degrees. For the second camera, the distance d is slightly increased or decreased by 0:1 meters based on the first camera,
the pitch angle p is adjusted by a small increment or decrement of 10 degrees, and the yaw angle y is randomly chosen
within the range of O to 360degrees, while the remaining parameters are kept consistent with the first camera.

T4: During the data augmentation process, we use a point light source to simulate illumination. The X-coordinate of the
light source position is randomly chosen from 10 to 10 meters, and the y-coordinate is randomly chosen from 10to O
meters, and the z-coordinate is randomly chosen from 10to 10 meters. The ambient color of the light source is randomly
chosen within the range of 0:6 to 1:0, the diffuse color is randomly chosen within the range of O to 0:1, and the specular color
is randomly chosen within the range of O to 0:1. For each of the three channels of ambient color, diffuse color, and specular
color, the value is adjusted by 0:1 to simulate various color temperatures of the lighting.

Ts: For the rendered images from the two viewpoints, we add Gaussian noise to simulate signal noise encountered when
taking indoor photographs. The Gaussian noise has a mean of O and a variance of 5.

For each scene’s background, we randomly select an environment from a set for each rendering. HDRI images are mapped
to the inner surface of a sphere with a large radius of 10; 000 meters. While this method does not produce realistic physical
changes when camera poses are altered, it provides a simple and effective way to achieve varied background information. In
contrast, using complex meshes for background rendering can offer accurate perspective changes but significantly increase
rendering time, adding substantial computational cost to each step of adversarial optimization.

In each rendering process, we output two images with different viewpoints. Apart from the camera pose-related augmenta-
tion T3, other data augmentations are applied to the overall scene setup and are used only once per rendering. In other words,
for the two images rendered from different viewpoints, the corresponding scene information, including the background disc,
objects, lighting, and other background elements, remains consistent. In this work, we utilized nearly all conceivable data
augmentation methods applicable during the rendering process. Considering that adjusting the parameters of a specific data
augmentation method has a negligible impact on the overall data diversity, we did not conduct additional experiments to
explore the effect of such a large number of data augmentation methods on the experimental results.



C. Experimental Parameter Settings in Digital and Physical Worlds

Figure 3. (a) The setup for rendering scenes in the digital world. (b) The setup for testing scenes in the physical world.

Training datasets and parameters.We utilized six HDRI images, including three indoor and three outdoor scenes from the
Polyhaven [4] website. These images are mapped onto a spherical mesh to create a realistic background. For the 3D objects,
we selecte®2 items spannin@0 categories from the OmniObject3D [15] dataset. Each object was placed at the center of
a disc with a radius of m. Multiple data augmentations were applied to the disc texture, 3D objects, lighting conditions,
camera poses, and rendered images to increase data diversity during the optimization. In this paper, we use a desktop texture
as the natural texture, term@thture in the experiments. For the kaleidoscopic series of adversarial attacks, we created a
disc withN = 12 segments, each spanning= 30 . The approach that uses natural textures as segments is referred to as
KBA nat. In contrastKBA o refers to the optimization of these segments using the proposed projected consistency loss. The
optimization is conducted for aboR6k steps, with segment colors constrained to the CMYK color space &0@rsteps.
Test setup for the digital world. In this phase, we collectetlD HDRI images from Polyhaven arb objects acros25
categories from the OmniObject3D dataset for evaluation. The test environments and objects do not overlap with those used
during training. The rendered scene comprises the 3D object, background disc, and environment, as shown in Fig. 3(a).
Similar to the rendered scene during optimization, the disc radius is $ahtavith the objects placed at the center surface
of the disc and scaled to twithin@:8 0:8 0:8 m bounding box. The rendering camera faces the disc center at a distance
d, with pitch angle , de ned between the line to the camera and the disc plane, and yaw gnigidicating rotation around
the disc's symmetry axis. In order to increase the diversity of experiments and the generalization of results, we con gured
6 36 6 = 1296 parameter combinations using six pitch angles (ranging ftbnto 85 ), 36 yaw angles (in increments
of 10 ), and six distances (ranging fro&0 m to 3:0 m). Images and masks for the 3D objects, discs, and environments were
rendered and combined during testing to produce the nalimage. We designed two testing scBidransgDT2, to assess
the impact of different background discs on camera pose estimati@T. Inthe pitch angle is xed a5 and the distance at
2:4m, while varying the yaw angles. DT2, 1296camera poses are randomly selected for a more comprehensive evaluation.
Each scenario includes four samples per object-environment combination, resulting in a26talldf 4 = 1000 samples.
Test setup for the physical world.We selecte@4 models as 3D objects, including vegetables, fruits, animals, and vehicles.
To ensure complete capture of the disc while maintaining good imaging quality for the objects, we crafted two discs: one
with a radius ofl5 cm for objects ranging from0 to 20 cm, and another with a radius 20 cm for objects ranging from
20to 30cm. As shown in Fig. 3(b), ve industrial cameras are evenly distributed around the disc, with their lenses directed
toward the center at distances ranging frd@rto 50 cm. Under normal indoor lighting conditions, we calibrated the cameras
using a calibration board and simultaneously captured object-centric images from ve different viewpoints. We captured ve
groups of images for each object, adjusting the camera poses between groups to ensure data diversity.
Evaluation metircs. Following [5, 6, 13, 14, 16], we evaluated the accuracy of pose estimation using Relative Rotation
Accuracy (RRA), Relative Translation Accuracy (RTA), and mean Average Accuracy (mAA). Speci cally, RRA compares
the relative rotatiorR; R;" from thei-th to thej -th camera with the ground tru1ﬂ?|i?Rj?> , while RTA measures the angle
between the predicted vectdj and the ground truth vectd'rij? pointing from camera to camerg . We report RTA@
and RRA@ ( 2 f5;15;30g), representing the percentage of camera pairs with RRA or RTA values below the threshold

. Furthermore, we compute the m4&30), which is de ned as the area under the accuracy curve of angular differences at
min (RRA@30; RTA@30). Beyond these three standard metrics, we introduce a custom Relative Rotation Similarity (RRS)
metric, leveraging cosine similarity to assess the similarity between different predicted relative rdtatghs An RRS
value close td signi es high consistency in pose orientations.



D. Experiments for Nature and KBA 4 in the Digital World

Figure 4. Various nature textures and their corresponding images with kaleidoscopic patterns. Spe®i-dallythe bicolour gravel
texture scanned from a road surfabe?2 is the dark wood texturey-3 is the fabric pattern texturéN-4 is the grey cartago texture scanned
from ceramic tilesN-5 is the hexagonal concrete paving textuxeé is the leafy grass texture obtained by scanning a lawAT;is the
marble mosaic tiles textur&l-8is a slate oor textureN-9is a square tiled wall texture; am¢t10is the worn planks texture scanned from
an outdoor tabletop.

Textures RRA@5 RRA@15" RRA@30" RTA@5" RTA@15" RTA@30" mAA(30)" RRS

N-1 0.83+0.04 0.98+0.01 0.98+0.01 0.56+0.08 0.88+0.06 0.96+0.02 0.76+005  0.64:0.01
N-2 0.60=0.08 0.98=0.01 1.00+0.00 0.47+0.06 0.87+0.06 0.96+0.03 0.71+004 0.64:0.01
N-3 0.51+0.09 0.89=0.02 0.94+0.01 0.40=0.05 0.78=0.05 0.90+0.02 0.63+0.02 0.64:0.01
N-4 0.77+0.03 0.93=0.01 0.96=0.01 0.48=0.10 0.77=+0.08 0.89=0.04 0.67+007 0.64:0.01
N-5 0.67+0.05 0.91+0.02 0.95+0.02 0.43+0.07 0.78+0.07 0.90+0.04 0.66:0.05  0.64:0.01
N-6 0.90+0.03 0.99+0.00 0.99+0.00 0.65+0.08 0.91:0.05 0.97+0.02 0.81+004 0.64:0.01
N-7 0.92+0.02 0.97=+0.01 0.98=0.01 0.60=0.10 0.87+0.06 0.95+0.02 0.78+005  0.64:0.01
N-8 0.81+0.04 0.98=0.01 0.99=0.00 0.49=0.09 0.82=+0.07 0.94+0.04 0.71+006 0.64:0.01
N-9 0.53+0.06 0.82+0.03 0.88=0.02 0.36=0.06 0.68=0.06 0.81+0.03 0.57+0.04 0.63:0.01
N-10 0.79+0.04 0.97=+0.01 0.98=0.01 0.48=0.09 0.83=0.07 0.93+0.04 0.71+005 0.64:0.01

Table 1. Experimental results of pose estimation using the DUSt3R model on various nature textures in the digital world. Each cell contains
two values: the larger value represents the mean of the metric across all samples, while the smaller value indicates the standard deviation
of the metric across different object categories. Bold values indicate the best performance for pose estimation. N-10 corresponds to Nature
as referenced in the main text.

As shown in Fig. 4, we selected a variety of textures commonly seen in daily life. Using these textures, we created nature
discs and background discs with 12-fold kaleidoscopic patterns to investigate their impact on the camera pose estimation
results of the DUSt3R model.

Similar to the setup in the discussion section of the main text, we conducted experiments on 1,000 groups of 5-view
samples with a xed distance &4 meters and a pitch angle 6b degrees, while the yaw angle was randomly selected
betweerD and360degrees. The experimental results using discs with nature textures are shown in Tab. 2. Based on metrics
such as RRA@15, RRA@30, RTA@15, and RTA@30, it can be observed that most natural textures yield relatively good
results for camera pose estimation. However, when evaluated using stricter metrics such as RRA@5, RTA@5, and mAA(30),
signi cant differences can still be observed between different textures. The N-3 and N-9 textures, which have distinct vertical
stripe patterns, show relatively poorer results in camera pose estimation. One possible reason is that these pronounced vertical
stripe patterns can be approximated as axisymmetric designs, making it dif cult to distinguish between certain viewpoints,
thereby impacting the accuracy of camera pose estimation. From the experimental results, we found that the camera pose
estimation results for N-6 and N-1 were relatively better. Interestingly, for N-6 and particularly N-1, the pixel details are
so ne that, from a human perspective, the differences between various directions are not apparent. However, upon closer
inspection, textures like N-6 show slight variations, with the upper right appearing slightly greener and the lower left slightly



browner, creating some directional differences. These ndings suggest that if we aim to improve camera pose estimation by
optimizing background textures, one potential solution is to introduce directional variations within ne textures.

Textures RRA@3 RRA@15# RRA@30# RTA@5# RTA@15# RTA@30# mMAA(B0)# RRS"

KN-1 0.30=0.06 0.39=0.07 0.48=0.08 0.17=x0.02 0.35=0.02 0.48=0.04 0.28+0.02 0.71:0.01
KN-2 0.27+0.06 0.50=0.06 0.62=+0.05 0.16=0.03 0.42+0.03 0.57+0.03 0.32+002 0.64:0.01
KN-3 0.35+0.08 0.70+0.04 0.83+0.03 0.24+003  0.58=0.05 0.74=0.04 0.45+002 0.64:0.01
KN-4 0.17+0.07 0.31+0.08 0.40+0.09 0.03+0.01  0.14:0.02 0.27+0.03 0.10+0.01  0.78=0.01
KN-5 0.38=0.05 0.56+0.05 0.64+0.05 0.21+0.03 0.47+0.04 0.61+0.03 0.38+003 0.66+0.01
KN-6 0.27+0.05 0.34+0.06 0.43=0.07 0.15=0.02 0.30=0.02 0.43+0.03 0.24+002 0.72+0.01
KN-7 0.34=0.05 0.45=0.04 0.52=0.05 0.20=0.03 0.40=0.03 0.51+0.03 0.32+002 0.67:0.01
KN-8 0.30+0.06 0.48+0.07 0.57+0.06 0.16+002  0.38=0.03 0.52:+0.03 0.30:002  0.68:0.01
KN-9 0.34+0.05 0.64+0.03 0.76+0.03 0.23+004  0.50=0.05 0.66+0.05 0.39:003  0.64:0.01
KN-10 0.27+0.06 0.46+0.06 0.55=0.06 0.15=0.02 0.38=0.03 0.53+0.03 0.29+002 0.67x0.01
KBA opt 0.13+0.06 0.22+0.07 0.29+0.10 0.02+0.01 0.11+0.02 0.24+0.04 0.08+0.02  0.86=0.01

Table 2. Experimental results of pose estimation using the DUSt3R model on various discs constructed from different natural kaleidoscope

segments in the digital world. Each cell contains two values: the larger value represents the mean of the metric across all samples, while
the smaller value indicates the standard deviation of the metric across different object categories. Bold values indicate the best performance
against adversarial attacks, while underlined values represent the second-best results. KN-10 correspongdsase teB&kenced in the

main text.

The experimental results for the background discs with 12-fold kaleidoscopic patterns are shown in Tab. 2. From the
experimental results, we found no clear correlation between the effectiveness of adversarial attacks using natural segment
images and the quality of camera pose estimation results with those same natural textures. The adversarial attack results
for KN-4 were signi cantly better than those for other textures. Referring to Fig. 4, one possible explanation is that the
high-frequency details in the KN-4 texture are more pronounced than in the other textures, which enhances the interference
effect of repeating symmetrical patterns across different viewpoints. From the experimental results, it can be observed that
the adversarial attack performance of the background discs composed of the 10 natural textures as segment images is inferior
to that of our optimization-based KBf method. This further demonstrates the effectiveness of our optimization process
and the projected orientation consistency loss.

E. Experiments for Structure from Motion (SfM) Method

Methods Textures RRA@30 RTA@30# mMAA®B0)# RRS" VR (%)

Nature 0.0%o0.02 0.16+0.10 0.00+0.00 0.59:0.07 58.50+9.08
COLMAP+SPSG KBAat 0.00+0.00 0.15=0.05 0.00+000 0.86+0.03 98.67+4.57
KBA opt 0.00+0.01 0.11+0.04 0.00+0.00 0.90+0.03 97.33:5.62

Table 3. Experimental results of COLMAP+SPSG using various background discs in a physical environment. Each cell contains two
values: the larger value represents the mean of the metric across all samples, while the smaller value indicates the standard deviation of the
metric across different object categories. Bold values indicate the best performance against adversarial attacks.

Although SfM techniques are not ideally suited for camera pose estimation in sparse image tasks, we selected the
COLMAP+SPSG method, which builds on the popular SfM pipeline COLMAP [12] enhanced with the SuperPoints [2]
and SuperGlue [11], to evaluate the effectiveness of adversarial attacks, as shown in Tab. 3. The experimental results show
that for textures with natural patterns, the ratio of valid pose estimations (VR) is less than 60% of the total number of im-
ages. This suggests that, due to the sparse image setup, accurately estimating most viewpoints is challenging. Therefore,
we analyzed the RRA, RTA, mAA, and RRS metrics for all successfully estimated views. Based on the RTA and RRS met-
rics, our KBA method demonstrates a certain level of adversarial effectiveness, with the optimizggl kB#hod slightly
outperforming the KBAg: method that uses natural textures as segment images. Notably, the VR metric for bath KBA



and KBAu is signi cantly higher compared to the Nature method. This indicates that our radially symmetric kaleidoscopic
pattern textures can, to some extent, lead the model to make "con dent” but erroneous camera pose estimations.

F. Experiments on Data and Scene Generalization

Figure 5. DUSt3R results on two sample sets from the CO3D dataset before and after incorporating adversarial background disks optimized
by KBAopt, along with adversarial attack results under multi-object scenarios, various disk positions, and different camera distances.

For the task of sparse-view camera pose estimation, it is typically assumed that an object is located at the center of the
scene, with cameras distributed around the object for capturing images. Consequently, in this work, our scene is con gured
with an object placed on a background disc. We validate the effectiveness of our method on both digitally rendered data
and physically captured images. To further investigate the adversarial performance beyond the training data, in this section,
we evaluate the camera pose estimation results before and after adversarial attacks on the CO3D dataset [8], as well as the
adversarial performance in multi-object scenes and under complex viewpoints, as shown in Fig. 5. We use Photoshop to
add the optimized adversarial background textures beneath the objects in the original images from the CO3D dataset. This
experiment, situated between the digital and physical worlds, further validates the effectiveness of our adversarial attack.

For scenarios where multiple objects are scattered near the table and on the disk, the adversarial textures optimized by
KBA ot can also effectively disrupt the model's predictions. When the distances from the scene center are inconsistent and
the disc is located at different positions within the image, our adversarial attack still demonstrates strong generalizability.
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