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A 3D Visual Illusion Dataset

A.1 Video Collection

We collect a large amount of videos from web-source data and generative models, covering five
types of illusions: inpainting illusion (e.g., inpainting on a wall/floor), picture illusion (e.g., picture
printed/drawn on a paper), replay illusion (e.g., video replayed on different screens), holography
illusion, and mirror illusion (e.g., specular or transparent surfaces), as shown in Figure[I, When
collecting videos from generative models, we observe four important considerations in the design of
text prompts. (1) Level of Detail in Prompts: Overly fine-grained control in prompts often leads to
physically unrealistic results, such as requiring the object in the mirror to maintain the same pose
as its real-world counterpart, enforcing perfect mirror symmetry, or specifying excessive positional
details. Instead, less detailed scene descriptions tend to produce more physically accurate and realistic
results. (2) Challenges with Dynamic Objects: Generating videos with dynamic objects proves
particularly difficult. The virtual image in the mirror and the real-world objects often exhibit motion
inconsistencies. As a result, we focus primarily on static scenes or those with only slight object
movement. (3) Layout Complexity: Complex scene layouts frequently lead to mismatches between
the mirror world and the real world, causing spatial inconsistencies. (4) Camera Motion: To ensure a
stable and realistic scene, the camera is required to pan slowly. Excessive camera movement may
result in abrupt rotations or scene transitions, disrupting the illusion.

=~
(e) Mirror Illusion

Figure 1: The visualization of 3D visual illusions.
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A.2 Depth Geneation

To mitigate the impact of noise in plane fitting, we adopt RANSAC for robust plane estimation:

N

min a-up+B-vi +8-di +7)?,
min. ;( B ") W

subject to o + % + 6% = 1.

(a, B, 8, ) are the plane parameters, (u, v) is image plane coordinate and d is disparity. As illustrated
in Algorithm[I], we randomly sample three points to define a candidate plane at each iteration of
RANSAC. The plane normal («, 3, ¢) is computed as the cross product of vectors formed by these
three points, and the offset +y is derived by substituting one pointinto - u+ f-v+9§-d+v = 0. We
then compute the distance from each point in the support region to the candidate plane to determine
the inliers. After all iterations, the candidate plane with the largest number of inliers is selected, which
are taken as the best inlier set. The plane parameters («, 3, d, v) are then estimated by computing the
eigenvector corresponding to the smallest eigenvalue of the covariance matrix constructed from the
best inlier set. We also present visualizations of the rendered and rectified depth images in Figure
and[3] After applying plane fitting for rectification, the resulting depth map becomes smoother and
more geometrically accurate.

Algorithm 1 RANSAC Plane Fitting

Require: Point set P = {(u;,v;,d;) fV: 1 € RN >3 inlier threshold 74, sub-sample size per iteration
M, max iterations T,
Ensure: Optimal plane parameters 7* = [« 3, 0, 7]
1: Initialize: best_score = 0, best_plane = 0, best_inliers = ()
2: fort =1to T}, do
3:  Randomly sample M sets of 3-point tuples:
Q = {(u),v?,d?), (ul,v},d}), (u2,v?,d?)} M, € RM*3x3

R Rt PRI R Rt R R Rt

4 for b =1to M do

5 Vio = (uz17 Uila dzl) - (u?, Uz(')v d(i))’ V20 = (va Ui27 d?) - (u?, U?’ d?)

6: n, = vig X Voo {Normal via cross product}
7 db:_n;[u%avi‘lvd%]

8 me[b] = [0y, db]

9: end for
10: Dy =m[P,1]7/||7]:,0: 3]l {Batch distance computation}

11: Mt = ||Dt|| < Td

12:  ¢; = sum(My, dim=1)

13: k= argmax ¢y, Cmax = Ct[k]
14:  if cpax > best_score then

15: best_score = Cmax

16: best_plane = m[k]
17: best_inliers = My[k]
18:  endif

19: end for

20: Refinement via Eigen Decomposition
21: Pinliers = Plbest_inliers]

22: S = [Pintierss 1] T [Pintierss 1]
23: (W, V) =eigh(S)

24: ™ = V[, 0]

25: return 7"

A.3 Right Image Geneation

The right-view images for generative-model videos are directly rendered using Gaussian Splatting
(GS). For web-sourced videos, right views are generated by warping the left images using monocular
disparity. As shown in Algorithm we generate a right-view image I froma given left-view image
Iy, and disparity map D. It begins by estimating an appropriate disparity scaling factor s via binary
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Left Image Right Image Rendered Depth Rectified Depth

Figure 2: The visualization of results for video from generative models.

RGB Image Depth Estimation Rectified Depth Warping Inpainting

Figure 3: The visualization of results for web-source video.

search, ensuring that a sufficient proportion of the projected pixels fall within valid image bounds.
Using the computed s, pixel coordinates are mapped from the left to the right view, with invalid
coordinates filtered out. An initial right-view image is synthesized by transferring valid pixel values
based on the mapping. Finally, image inpainting is applied to fill missing regions, resulting in the
completed right-view image Ig. The algorithm outputs both I and the estimated scaling factor s.
We also present the visualization of the initial warped image and the inpainted image in Figure reffig:
vis web source. The inpainting process effectively fills in the missing regions, resulting in a more
complete and visually coherent right-view image.



Algorithm 2 Right Image Generation

Require: Left image I;, € RY*Wx3_disparity map D € R”*W valid pixel threshold § = 0.9,
maximum iterations T,

Ensure: Synthesized right image I, scaling factor s

1: Step 1: Compute Scaling Factor

2: Initialize: [ = 0,7 = W/(4 - max(D)), e =1076,t =0
3: while |r — | > eand t < T, do

4 t=t+1

5 s=(I+r)/2

6:  Coordinate projection: U' =U — s - D

7. Compute valid pixel ratio: n = 7= S I(U’ € [0, W))
8: ifn > 0 then

9: l=s
10:  else
11: r=s
12 endif

13: end while

14: Final scaling factor: s = (I +r)/2

15: Step 2: Image Coordinate Mapping

16: Generate coordinate grid: (u,v) = MESHGRID(0: W —1,0: H — 1)

17: Compute projected coordinates: v’ = u — s - D(u,v)

18: Quantize coordinates: @' = {|u’], [u']}

19: Filter invalid coordinates: {¢’ | &' > 0 and &' < W'}

20: Step 3: Right View Image Synthesis

21: Initialize: Ip = Q7 *xWx3

22: for each pixel (u,v) do

23:  Generate initial right-view image Ir: Ir(v',v) = I (u*,v), u* = argmax,{d(,,) | ©— s -

D(u,v) = u/}'

24: end for

25: Step 4: Image Completion Perform inpainting on I, to fill invalid regions and obtain the final
right-view image I

26: return fR, S

L515 RGB Camera ZED Left Camera

ZED Right Camera ZED Left Camera

Figure 4: Camera System and Calibration Visualization
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A.4 Real-world Data

A.4.1 Camera System

We collect real-world data using a stereo camera (ZED Mini) and a LiDAR-based depth sensor
(Realsense LL515). The sensors are rigidly mounted and calibrated using a checkerboard to ensure
accurate alignment, as shown in Figure ] The ZED Mini captures RGB images, while the L515
provides depth maps. The intrinsic and extrinsic parameters of both cameras are obtained through
calibration. The calibration process involves capturing multiple images of the checkerboard pattern
from different angles and distances, allowing for accurate estimation of the camera parameters.

A.4.2 Depth Map Projection

The L515 depth map is warped to the ZED left camera to construct the ground-truth depth. As
shown in Algorithm 3] the process begins by upsampling the depth map and scaling the intrinsic
matrix accordingly. 3D points are then computed and transformed from the L515 frame to the ZED
frame using calibrated extrinsics, followed by projection onto the ZED image plane. The resulting
depth values are splatted to the ZED image grid, and missing regions are filled using inpainting and
guided filtering. To ensure consistency, a backward reprojection step verifies each pixel’s validity by
comparing it with the original L515 depth. Finally, noise is suppressed using median filtering, and
valid depth values are converted into disparities based on the ZED stereo baseline and focal length.

B VLM-Driven Monocular-Stereo Fusion Model

Inspired by the strong reasoning ability of vision-language models (VLMs), as shown in Figure 3]
We propose a VLM-driven monocular-stereo fusion model that leverages commonsense knowledge
to assess the reliability of monocular and stereo depth in different regions, enabling effective depth
fusion.

Is the middle area of the picture a mirror or a distant scene? ® Is the middle area of the picture a mirror or a distant scene? ®

The middle area of the image is a mirror, not a distant

scene. Here are a few clues that confirm this:

1. The identical robes: The man walking appears to be
wearing the exact same robe as the man whose back is
facing the camera.

2. Mirrored motion: The positioning and posture of the
reflected figure match precisely what you would
expect if he were mirroring the man in the foreground.

3. Matching details: Elements in the background — like
the furniture, wall decor, and the carpet — align
symmetrically across the center line, which supports it
being a reflection.

So yes, you're looking at a mirror with a reflection of the

man and the room behind him.

The middle area of the picture is a mirror. This can be
determined by the reflection of the person in the
foreground, who is facing the mirror and whose back is
visible to the viewer. The reflection shows the same
person from the front, indicating that they are looking into
a mirror. Additionally, the symmetry and the way the room
is reflected further confirm that it is a mirror rather than a
distant scene.

The middle area of the picture is glass, specifically a large

glass window or door.Here’s how you can tell:

1. There is a clear reflection of a plant and interior
elements (like a chair and railing), which wouldn't
appear like that in a distant scene.

2. The reflections are slightly transparent, allowing some
visibility of the outdoors (grass, mountains, and sky)
through the glass.

3. The angle and lighting strongly suggest this is a
reflective surface, typical of glass windows or sliding
doors.

So yes, you're looking at a glass surface with reflections of

the interior space.

The middle area of the picture is a glass window. It
reflects the surrounding environment, including trees and
possibly distant scenery, but it also shows the interior of a
building through its transparency. The reflections on the
glass create an illusion that might make it appear like a
distant scene, but it is indeed a glass surface reflecting and
transmitting light from both sides.

Figure 5: Visualization of commonsense knowledge from VLMs. The left image shows a scene with
a mirror. The right image depicts a scene with a transparent object, where the background is visible
through the object.



Algorithm 3 Depth Map Reprojection

Require: Depth map from L515 camera Z;, € RH2xWi RGB image from ZED left camera

Ensure: Disparity map of ZED left camera D € R '
1:

11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24
25:
26:
27:
28:

29:
30:
31:
32:
33:
34:
35:
36:
37:
38:
39:

PN RN

I; € REXW'X3 intrinsic matrix of L515 K; € R3*3, rotation matrix B € R3*3 and
translation matrix T € R3*! from L515 to ZED-left, upsampling factor s = 3, ZED stereo
baseline B, and ZED focal length F’
x W'
Step 1: Depth Upsampling
Z; = resize(Z, scale = s, interp = NEAREST)
KL = S- KL
Step 2: Coordinate Transformation
for each pixel (up,vy) in Z do
[®z,yz,22] = R- Z;L . f(L_l up,vp, 1]T +T
[uz,vz,1] =Kz - [x7/22,Yy2/22,1]
end for
Step 3: Depth Projection
Initialize Z; = oo W'
for each projected point (u’;, v%,, %) do

(u1,v1) = (Lug], [vZ]), (u2,v2) = ([uy], [vg])
for (u,v) € {(u1,v1), (u1,v2), (uz,v1), (uz,v2)} do
if (u, v) is within image bounds then
Zz(v,u) = min(Zz(v,u), 2%)
end if
end for
end for
Step 4: Hole Filling

Minvalid = (ZZ == OO)’ ZZ - ZZ ®© _‘Minvalid +00 Minvalid

Miman = connectedComponents(Migyarid, area_th = 100)

Zrepair_small = inpai”t(ZL Msmall)a Zrepair_all = Z.npaint(ZZ; Minvalid)
Zrepair_anl = guidedFilter(Iz, Ziepair_an, radius = 5,¢ = le — 3)

Zrepair == ZZ © _‘Minvalid + Zrepair_all ®© _‘(Zrepair_small == O) © Minvalid
Step 5: Backward Reprojection for Invalid Region Detection

for each pixel (uz,vz) in Zepair do
(221, Yz1,221] = RV (27 - K;' - [uz,vz,1] = T)
[uz—r,vz-0,1) = 5 - Kilrz-r0, 9251, 22-1]
if Zr(vzor,uzr)==0 or || ZL(vz—r,uz—1) — 2z-L| > 7 then
Zrepair(uZa 'UZ) =0
end if
end for
Step 6: Noise Suppression

Zimooth = medianFilter( Zyepair, size = 3)
Mnoise = |Zrepair - Zsmooth| > 0.03
Zfinal = Zrepair © _‘Mnoise +00 Mnoise
Step 7: Disparity Computation

D =B F/Zua

return D
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B.1 Loss

The supervised loss function consists of two main components: one (L) for the disparity maps and
the other (L) for the confidence map:

L="Ly+wL,, @

where w is a manually set weighting factor for balancing the confidence map loss.

For disparity supervision, we use the L1 loss to supervise each iteratively updated disparity D?, the

aligned monocular disparity D,,,, and the final predicted disparity Dy. The loss function is defined
as:

T
La=) 3 **7'IDL — Dells
t=1 (3)
+74l|Dm = Dalh +[|1Ds = Dalh-
Here, D¢ denotes the ground-truth disparity, and -4 is a weighting coefficient to balance contributions
from intermediate predictions.

For confidence map supervision, we adopt the Focal Loss, where the ground-truth for confidence is
derived based on the disparity difference between the final stereo prediction DT and the ground-truth

DGZ
L. = %Zac . (1 — e_ﬁb(i))% - Ly(1),

Ly=—Ilogl.— (1-1I.)log(1 - L), @
5

Z ) y

In this formulation, c. and +, are the hyperparameters of the Focal Loss, I is the indicator function,

and Interpolate denotes the downsampling operation that resizes the supervision signal to i of the
original resolution, matching the resolution used in intermediate network outputs.

- 1
I. = I(Interpolate(|Dg — DT, scale = 1) <

C Experiments

C.1 Evaluation Metric

We evaluate model performance in both disparity space and depth space. In disparity space, two
commonly used metrics are adopted. (1) End-Point Error (EPE): EPE = % > |ri — 7], where
r and 7 denote the predicted and ground-truth disparity values, respectively. EPE measures the
average absolute disparity error in pixels. (2) Bad-z Error: bad-z = + > . I(|r; — 75| > z),
which indicates the percentage of pixels where the disparity error exceeds x pixels. This metric is
especially useful for evaluating the robustness of the model under boundary conditions. In depth space,
four standard evaluation metrics are employed. (1) Absolute Relative Error (AbsRel): AbsRel =

% > @, which evaluates the relative difference between predictions and ground-truth values,
normalized to mitigate the impact of scale and unit differences, making it suitable for datasets
with diverse depth ranges. (2) Root Mean Squared Error (RMS): RMS = % Yo (s —7)2.
(3) Logl0 Error: logl0 = + 3, |logy(r;) — logio(7i)|. (4) Threshold Accuracy (61): &, =
~ ;I (max | £, i) <. , which measures the proportion of pixels for which the predicte
]1,111 zz 1.25 hich he prop f pixels for which the predicted
depth falls within a certain ratio (e.g., 1.25) of the ground truth. The model is initially trained on the
SceneFlow dataset, then fine-tuned on the 3D-Visual-Illusion training set, and finally evaluated on
the 3D-Illusion test set and the Booster training set.

C.2 Implementation Details

For dataset construction, we use Qwen2-VL-72B [11[14] to perform initial screening, reducing the
dataset from 5226 videos with 52M frames to 4,519 videos with 1.4M frames. We then built a
Flask[13]-based web tool to manually reduce data to 1384 videos with 236k frames. We further
developed a more convenient flask-based web app for SAM?2 [12] to acquire the semantic mask of
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illusion and support regions. During the semantic segmentation, we delete frames with redundant
content and illusions imperceptible to humans, reducing data from 236k frames to 176,530 frames.
Later, we rectify the depth values of illusion regions from the reference of support regions, which is
further used to generate the right images for web-source data. Besides web-source data, We also use
large generative models to generate 234 videos with 2382 frames. The video generation is achieved
via Sora [[10] and Kling [6], and a small part of the data is generated from HunyuanVideo [5]. We
then use InstantSplat [2]], DUSt3R [15]], and GS [4] to generate the right images and depth map,
followed by similar depth post-processing.

As for our VLM-driven monocular-stereo fusion network, we benefit from the vision and language
foundation model and use Depthanything V2 [[16,17] as a pre-trained monocular model, QwenVI2-7B
[14}11] as pre-trained VLM, and FLUX [7] as a diffusion model. We use Lora [3] to fine-tune the last
layer of QwenVI12-7B and the Q$$V projection layer of FLUX on 4x H100 with a batch size of 6 on
each GPU. The entire training takes almost 20 days.

C.3 Prompts

In dataset construction, we design a prompt to prefilter bad frames using Qwen2-VL-72B [} 14] due
to the large amount of videos collected from the Internet. The prompts are as follows:

Reply to me in the format of a string concatenating ‘yes’ or ‘no’ with ;. Each ‘yes or ‘no’
is an answer to each following question. Does this image feature any flat artistic creation of
landscapes where the surface of the creation is flat and has no ups and downs? Does this image
contain any areas with perspective illusions? Does this image contain any optical-illusion
graffiti or artwork? Does this image contain any transparent or high-reflective areas? Does
this image show a display screen playing 3D objects or scenes? Does the image contain areas
that make you mistake them for 3D objects? Does this image contain excessive watermarks
or captions that seriously affect its quality? Does this image contain small watermarks or
captions in the corners? Is this image too blurry? Are most regions of the artistic creation
covered by a single/two hands? Is this image a software interface? Is only the figure of the
artist clear, but the others are blurry, like artwork, screen, or areas that make you mistake them
for 3D objects?

We use the answer from Qwen2-VL-72B to filter out bad frames. We reduce the data from 5,226
videos and 52 million frames to 4,519 videos and 1.4 million frames.

In addition to web-sourced data, we also use videos produced by generative models, resulting in 234
videos comprising a total of 2,382 frames. The primary generative models used are Sora and Kling,
with a small portion of the data sourced from HunyuanVideo [5]. The initial prompts were generated
using ChatGPT, with the prompt used for generation as follows:

Please provide 100 unique and detailed bilingual (Chinese and English) prompts, each with
an index number, for generating text-to-video scenes that include mirror reflections. The
prompts must meet the following requirements: 1. Specify the mirror type and describe the
entities in the scene, the overall layout, and their spatial relationship to the mirror. 2. Include a
diverse range of mirror types: dressing mirrors, vanity mirrors, full-length mirrors, bathroom
mirrors, car rearview mirrors, polished stainless steel, etc. 3. Ensure varied scene distributions:
residential settings, commercial spaces, and public areas. 4. The combination of mirror type
and scene context must be reasonable (e.g., polished stainless steel is appropriate in a kitchen
but not in a study). 5. Entity configuration: some scenes should include people in front of the
mirror (e.g., a woman combing her hair or a customer trying on clothes), some should feature
objects (e.g., plants, cosmetics, books), and others should show only the mirror reflecting
surfaces like walls. 6. Each prompt must describe the physical correspondence between the
real object and its reflection. 7. Avoid overly complex layouts in individual scenes. 8. Ensure
a balance of richly textured and minimally textured elements within the same scene. 9. All
objects in the scene must remain static, with only slow camera panning; descriptions implying
motion (e.g., “a moving car”) are inappropriate. 10. Descriptions should be as precise and
detailed as possible.
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The generated prompts were subsequently refined to avoid producing low-quality video outputs, as
pointed in Section[A.T] Below are some examples of the prompts:

Generate a video showing a cozy, modern living room. A single minimalist-designed mirror is
mounted on the wall, with clearly defined edges and realistic reflections. The scene combines
intricate furniture textures with a monochromatic background, and the camera pans slowly.

Generate a video set in a creative art space. A uniquely shaped mirror hangs on the wall,
featuring accurate reflections and distinct boundaries. The scene includes complex graffiti
textures and smooth surfaces, with slow camera panning.

A static and art-deco inspired living room with a framed mirror above a tufted velvet sofa,
reflecting physical laws accurately, geometric patterns, sleek metal finishes, and glamorous
lighting. Realistic, glamorous lighting, retro.

A static and rustic farmhouse dining area with a reclaimed wood-framed mirror on a weathered
brick wall, highlighting a crisp realistic reflection, a sturdy wooden table, vintage chairs, and
warm pendant lighting. Realistic, warm lighting, rustic.

Our VLM-driven monocular-stereo fusion framework employs Depthanything V2 [16] [17] as the
pre-trained monocular network, QwenVI12-7B [14, (1] as the pre-trained visual-language network, and
FLUX [8l[11] as the flow matching network. The language prompt for the pre-trained visual-language
network is:

Are there any transparent or reflective objects? Like mirror, glass, window, showcase, and
so on? If true, reply to me with the list of corner coordinates of each object in the format of
(x1,y1,x2,y2,x3,y3,x4,y4) in the image. If false, reply with an empty list of corners.

The language prompt for the pre-trained flow matching network is:

Using the provided features extracted by QwenVL2, generate a binary segmentation mask
for the image. Highlight all transparent or reflective objects (e.g., mirrors, glass, windows,
showcases) in white (255), while marking all other regions in black (0).

C.4 Visualization

We present more visualization on the 3D-Visual-Illusion dataset and Booster dataset in Figure [6]
and |8} The results demonstrate that our method can effectively handle various types of visual
illusions. The depth maps generated by our model exhibit high fidelity and accuracy, even in
challenging scenarios with complex visual illusions. The depth maps from VGGT and Dust3R mirror
the significance of fusing monocular priors and multi-view matching.

We also present the visualization of 3D detection on the real data of the 3D-Visual-Illusion dataset
in Figure E} ‘We obtain the results from YOLO3D [9], and the results show that 3D visual illusions
can seriously affect the performance of 3D detection. We believe that the 3D visual illusion will
become more and more important as the vision foundation models become more and more powerful,
especially when used in downstream applications, like 3D detection, occupancy and planning.
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Figure 6: The visualization of results on virtual data of the 3D-Visual-Illusion dataset.
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Figure 9: The visualization of 3D detection on real data of 3D-Visual-Illusion dataset.
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