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Abstract

Mirror detection is an active research topic in computer vi-
sion. However, all existing mirror detectors learn mirror rep-
resentations from large-scale pixel-wise datasets, which are
tedious and expensive to obtain. Although weakly-supervised
learning has been widely explored in related topics, we note
that popular weak supervision signals (e.g., bounding boxes,
scribbles, points) still require some efforts from the user to
locate the target objects, with a strong assumption that the
images to annotate always contain the target objects. Such
an assumption may result in the over-segmentation of mir-
rors. Our key idea of this work is that the existence of mir-
rors over a time period may serve as a weak supervision to
train a mirror detector, for two reasons. First, if a network
can predict the existence of mirrors, it can essentially locate
the mirrors. Second, we observe that the reflected contents of
a mirror tend to be similar to those in adjacent frames, but
exhibit considerable contrast to regions in far-away frames
(e.g., non-mirror frames). In this paper, we propose ZOOM,
the first method to learn robust mirror representations from
extremely-weak annotations of per-frame ZerO-One Mirror
indicators in videos. The key insight of ZOOM is to model
the similarity and contrast (between mirror and non-mirror
regions) in temporal variations to locate and segment the mir-
rors. To this end, we propose a novel fusion strategy to lever-
age temporal consistency information for mirror localization,
and a novel temporal similarity-contrast modeling module for
mirror segmentation. We construct a new video mirror dataset
for training and evaluation. Experimental results under new
and standard metrics show that ZOOM performs favorably
against existing fully-supervised mirror detection methods.

Introduction
Mirrors are made to reflect objects in the surroundings for
different purposes (e.g., monitoring traffic situations, check-
ing dressings, and decorating rooms). However, such re-
flected contents of mirrors may fail existing computer vision
models in various tasks, e.g., depth estimation (Tan et al.
2021), lane detection (Feng et al. 2022), and scene pars-
ing (Zhou et al. 2017; Xie et al. 2023). Hence, it is essential
to design effective and robust mirror detectors.

*These authors contributed equally.
†Rynson Lau is the corresponding author.

Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Input SATNet HetNet VMDNet Ours GT

Figure 1: We propose ZOOM, which learns to detect mir-
rors with extremely weak supervision, i.e., the zero-one mir-
ror indicators. The key insight of ZOOM is to model the
similarity (blue arrow) and contrast (red arrows) in temporal
variations for mirror detection. It achieves promising results
against fully-supervised mirror detectors.

In recent years, a few deep methods are proposed to train
mirror detectors in a fully-supervised manner with large
amount of mirror images and annotations. Yang et al. (2019)
propose the first deep network to learn contextual contrasted
features for detecting mirrors in single RGB images. Two
other methods (Mei et al. 2021; Tan et al. 2021) extend
the modeling of contrasted features by incorporating depth
information. Other methods exploit appearance correspon-
dences (Lin, Wang, and Lau 2020; Lin, Tan, and Lau 2023),
semantic relationships (Guan, Lin, and Lau 2022), visual
chiral discrepancy (Tan et al. 2023), coarse symmetry re-
lations (Huang et al. 2023), and intensity-based low-level
and semantics-based high-level features (He, Lin, and Lau
2023), for distinguishing the real and reflected contents. De-
spite the success, these methods typically require tedious
pixel-level labeling of large amounts of training data. They
may also suffer from the over-detection limitation, as their
fully-supervised learning schemes implicitly assume that
test images always contain mirrors (e.g., Figure 1 first row).

Weakly-supervised learning is a straightforward and pos-
sible solution to reduce labeling efforts. We note that there
are four main types of weak supervision signals widely
studied in related computer vision tasks, i.e., bounding
boxes (Dai, He, and Sun 2015), scribbles (Zhang et al. 2020;



Yu et al. 2021; He et al. 2023), points (Gao et al. 2022b;
Kim et al. 2023), and class labels (Araslanov and Roth 2020;
Qin et al. 2022; Li, Xie, and Lin 2018; Piao et al. 2021;
Wang et al. 2017). However, while the class labels may not
work well as mirrors may reflect objects of different classes,
bounding boxes, scribbles, and points still require annotators
to pay considerable effort to recognize/locate the targets.

In this paper, we aim to answer the question of whether it
is possible to learn robust mirror representations with min-
imum supervision. Our key observation is that the temporal
existence of mirrors can be used as weak supervision to train
a mirror detector. The reasons are two-fold. First, when a
network learns to predict the existence of mirrors, it essen-
tially learns to locate the mirrors. Second, due to the relative
motions between mirrors and cameras, we observe that the
reflected contents of a mirror tend to be similar to those in
adjacent frames, but exhibit considerable contrast to those in
far-away frames, e.g., non-mirror frames (Figure 1 1st col-
umn). Such temporal information can be modeled for mirror
segmentation. The first observation inspires us to explore the
knowledge of mirror presence/absence to train a mirror de-
tector, which is much cheaper than existing weak labels as
localization is no longer required by the annotators. The sec-
ond observation inspires us to model the temporal variations
in similarity and contrast to segment the mirror regions.

Inspired by the above observations, in this paper, we pro-
pose ZOOM, the first method that learns robust mirror rep-
resentations from extremely-weak annotations of per-frame
ZerO-One Mirror indicators in videos. ZOOM has two main
novelties. First, we propose a novel Class Activation Maps
(CAM) (Zhou et al. 2016) based fusion strategy to lever-
age temporal consistency information for robust mirror lo-
calization. Second, we propose a novel temporal similarity-
contrast modeling module to model the similarity of mir-
ror regions of adjacent frames and the contrast between mir-
ror and non-mirror regions of distant frames for mirror seg-
mentation. To facilitate the learning process, we construct a
new video mirror dataset for the training and evaluation of
ZOOM. This dataset does not assume that mirrors always
exist. To summarize, this work has four main contributions:

• We propose ZOOM, the first method that learns from
extremely-weak annotations of frame-level ZerO-One
Mirror indicators for video mirror detection.

• We propose a novel fusion strategy to localize mirrors
by introducing temporal consistency information, and a
novel temporal similarity-contrast modeling module to
segment mirrors by modeling the feature similarity of
mirror regions in adjacent frames and the feature contrast
of mirror/non-mirror regions in distant frames.

• We construct a video mirror dataset, which covers diverse
daily life scenes for training and evaluation. The key fea-
ture of our dataset is that it does not assume the presence
of mirrors.

• Experiments with new and standard metrics on our and
existing datasets show that ZOOM achieves promising
results against existing fully-supervised mirror detectors.

Related Work
Deep Mirror Detection. Yang et al. (2019) propose the
first deep network to segment mirrors in single images via
contextual contrasted feature modeling. Later, a few meth-
ods propose to model the appearance correspondences (Lin,
Wang, and Lau 2020), semantic associations (Guan, Lin, and
Lau 2022), visual chiralty (Tan et al. 2023), and coarse sym-
metry relations (Huang et al. 2023) between real and re-
flected contents. He et al. (2023) propose an efficient mir-
ror detector by learning intensity-based contrast and seman-
tic features. Two other methods (Mei et al. 2021; Tan et al.
2021) extend the contrast modeling of RGB images by in-
corporating depth information. Most recently, a concurrent
work by Lin et al. (2023) models inter- and intra-frame ap-
pearance correspondences for video mirror detection.

While all existing mirror detection methods are fully-
supervised, this paper presents a novel method to train a
video mirror detector with 0/1 mirror indicators.
Video Salient Object Detection (VSOD). Aiming at the seg-
mentation of visually distinctive (i.e., salient) objects from
an input video, the majority of VSOD methods (Fan et al.
2019; Gu et al. 2020; Zhang et al. 2021; Li et al. 2019; Chen
et al. 2021; Song et al. 2018) is fully-supervised, which fo-
cus on the modeling of dynamic visual contrasts (in con-
trast to static ones from single images, e.g., (Tu et al. 2016;
Hu et al. 2018)). To alleviate the annotation costs, scrib-
bles (Zhao et al. 2021) and points (Gao et al. 2022a) are
exploited as weak supervision signals for VSOD.

However, VSOD methods detecting mirrors well, as the
reflected contents of mirrors are not always salient.
Weak Supervision Signals. Bounding boxes (Dai, He, and
Sun 2015; Liang et al. 2022), scribbles (Zhang et al. 2020;
Yu et al. 2021; He et al. 2023), points (Yang et al. 2018; Gao
et al. 2022b; Kim et al. 2023), and class labels (Araslanov
and Roth 2020; Qin et al. 2022; Li, Xie, and Lin 2018; Liu
et al. 2023; Piao et al. 2021; Wang et al. 2017; Kweon et al.
2021; Tian et al. 2020, 2022) are popular weak supervision
signals for various vision tasks. However, bounding boxes,
scribbles, and points still require the efforts of annotators to
provide location information.

In this paper, we explore a weaker and more challeng-
ing supervision signal, the zero or one mirror indicator. Our
supervision signal is similar to class labels in that they both
do not have explicit location information. However, methods
using class labels typically leverage strong semantics (e.g.,
certain shapes and appearances of a specific class), which
may not work well on mirrors due to the changes of reflected
contents in mirrors.

Dataset
To facilitate weakly-supervised training and evaluation, we
first construct a video mirror detection dataset, which con-
tains 200 videos (12, 490 frames). Figure 2 shows some ex-
amples in our dataset.1 We discuss the details below.
Video Collection. To make our dataset represent daily-life
scenes, we collect 140 videos from two public datasets:

1https://drive.google.com/drive/folders/
199OpHuHkmbY4ib5TJKV m7rxN1JgmHWI?usp=sharing.



Figure 2: Our dataset examples. Upper two rows show four
training video clips (with corresponding mirror indicators
marked in red). Bottom two rows show two test video clips
(with corresponding ground truth mirror maps).

70 videos from the Charades (Sigurdsson et al. 2016) and
70 videos from the Charades-Ego (Sigurdsson et al. 2018),
which record daily indoor activities. We capture 60 videos
by ourselves using smartphones. We trim each video to have
a duration of 5 ∼ 8 seconds at 10 FPS. The total duration of
our videos is 1, 252 seconds.
Dataset Annotation. We randomly split our dataset into a
training set of 150 videos (9,398 images) and a test set of 50
videos (3,092 images). We assign frame-level binary mir-
ror indicators to the training set for training our method and
annotate pixel-level mirror masks for the test set for perfor-
mance evaluation. In addition, we uniformly sample ∼ 20%
frames from the training set and annotate pixel-level mirror
masks for them, in order to collect dataset statistics and fine-
tune existing methods.
Contrast Distribution. Figure 3 shows the color contrasts
(χ2 distance of RGB histograms) between the mirror re-
gions and non-mirror regions. We include the distributions
of MSD (Yang et al. 2019), PMD (Lin, Wang, and Lau 2020)
and VMD (Lin, Tan, and Lau 2023) for reference, to which
our dataset has similar color contrast distributions.

Figure 3: Color contrast distributions.
Area Distribution. Figure 4 shows the mirror area distribu-
tions of our training and test sets, respectively. It shows that
after the dataset split, the distributions of training and test
sets are still aligned well. It also shows that our dataset con-
tains mirrors of different area ratios, while small mirrors be-
ing the most make our dataset challenging.
Temporal & Spatial Distribution. We analyze both temporal
and spatial existences of mirrors in our dataset in Figure 5.
To analyze the temporal existences of mirrors, we use the
relative time (frame index) of the mirror disappearing in a

Figure 4: Mirror area distributions of our training (left) and
test (right) sets.

Figure 5: Temporal (left) and spatial (right) distributions.

video. Figure 5 (left) shows that in our dataset, mirrors may
move out of the camera across the whole video duration, al-
though there is a relatively higher chance that mirrors disap-
pear at the end of a video. To analyze the spatial existences
of mirrors, Figure 5 (right) shows the probability map, which
indicates how likely each pixel belongs to a mirror. We can
see that mirrors tend to occupy the majority of the image ex-
cept for the bottom parts, as mirrors tend to be placed around
human eyesight.

Proposed Method
Besides requiring expensive pixel-wise labels for training,
we note that existing mirror detection methods typically as-
sume the existence of mirrors, which often result in the mir-
ror over-segmentation. Our key idea of this work is to exploit
the temporal presence of mirrors as weak supervision to train
a mirror detector, as learning to predict the mirror presence
essentially locates the mirrors. Besides, we observe that the
reflected contents of a mirror tend to be similar to those in
adjacent frames, but exhibit considerable contrast to regions
in far-away non-mirror frames. Such temporal knowledge
further helps the mirror detection.

To this end, we propose ZOOM, to learn robust video mir-
ror representations from the extremely-weak supervision of
per-frame zero-one mirror indicators. Formally, given a col-
lection of videos of N frames Y = {y1, ..., yN} and their
corresponding mirror indicators S = {s1, ..., sN} ∈ {0, 1}
as supervision, ZOOM is a deep function Zθ to be trained to
produce the mirror maps M̂ = {m̂1, ..., m̂N} as:

M̂ = Zθ(Y), (1)

where learnable parameter θ contains two groups of parame-
ters {θc, θs} for the classification and segmentation, respec-
tively. Figure 6 illustrates the overview of training ZOOM.
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Figure 6: Overview of ZOOM. Given input frames yi, yi+1, yn, we use an encoder Ψ to extract backbone features fi, fi+1, fn,
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as pseudo ground truth. We propose a temporal similarity-contrast modelling module to model the temporal varying similari-
ty/contrast between mirror/non-mirror regions for mirror segmentation.

Localizing the Mirrors
Unlike existing weak supervision signals, our zero-one mir-
ror indicators are extremely-weak (i.e., without mirror lo-
cation information). Hence, while training ZOOM to locate
mirrors via a classification of mirror existences, we consider
the CAM techniques (Zhou et al. 2016; Wang et al. 2020;
Selvaraju et al. 2017; Jiang et al. 2021) to generate the lo-
calization maps for input frames.
Locating Mirrors In Single Frames. We note that CAM
methods are typically leveraged in post-processing steps to
generate pseudo ground truth maps. As our goal is to gen-
erate mirror localization maps with their corresponding fea-
tures, both of which are used to facilitate the mirror local-
ization and segmentation. Hence, to determine where a neu-
ral network focuses on when recognizing the mirror in one
frame, we modify the last two layers (i.e., the global aver-
age pooling (GAP) and the fully connected (FC) layer) of
CAM (Zhou et al. 2016).

Specifically, given input frames Y = {yi, yi+1, yj} (of
which yi and yi+1 are two adjacent mirror frames and
yj is a non-mirror frame of the same video), we first ex-
tract their corresponding multi-scale deep features F =
{fi, fi+1, fj} using an encoder Ψ (a pre-trained ResNext
backbone (Xie et al. 2017)). We then generate localiza-
tion maps C = {ci, ci+1, cj} and corresponding confidence
scores P = {pi, pi+1, pj} as:

C = Φcam(F),P = Cls(C), (2)
in which Φcam is a mapping function consisting of three
convolution layers for reducing and aligning the channel di-
mension of features F , and predicting the localization maps
C, respectively. C is then fed to a 1 × 1 convolutional clas-
sification head (Cls) to produce the confidence scores P for
calculating the binary cross-entropy loss.
Temporal Fusion. The localization maps obtained from the
classification are coarse (it tends to focus on the most dis-
criminative pixels) and noisy (it may identify both mirror

and non-mirror pixels). We consider a temporal similarity
fusion strategy, as:

ĉ = ci + ci+1 − cj , (3)

which tends to aggregate more confident pixels and suppress
the noisy ones. We then leverage a feedback strategy to en-
hance the backbone features F using ĉ. Specifically, we first
conduct min-max normalization to constrain activation val-
ues to [0, 1]. We then feedback the fused localization map to
the backbone features as:

Fc = F · ĉ, (4)

where · is element-wise multiplication. We omit simple con-
volutions to align feature dimensions for simplicity.
Pseudo-label Generation. After obtaining the enhanced
mirror-aware backbone features Fc, we perform another
classification process to obtain localization maps as:

Cr = Φcam(Fc). (5)

We do not directly use the fused maps ĉ as pseudo-labels as
they may not be accurate due to initially incorrect classifica-
tion.

Segmenting the Mirrors
Our design is based on the observation that the reflected
contents of a mirror tend to be consistent to those in adja-
cent frames, but exhibit certain contrast to regions in distant
frames. To this end, we model the feature similarity between
mirror regions in adjacent frames, and the feature contrast
between mirror and non-mirror regions in distant frames, for
mirror segmentation.
Temporal Similarity Modeling. As shown in Figure 7 (upper
part), given the input backbone features F = {fi, fi+1, fj},
we first apply three groups of convolutions to reduce and
align their feature dimensions, respectively, to produce
{f ′

i , f
′
i+1, f

′
j} ∈ RH×C×W , where H , C, W represents the
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Figure 7: Proposed temporal similarity-contrast modeling
module. It aims to enhance feature similarity between mirror
regions in adjacent frames, and maximize feature contrast
between mirror/non-mirror regions in distant frames.

feature height, channel numbers, and width, respectively.
Note that f ′

i and f ′
i+1 are features extracted from adjacent

mirror frames while f ′
j are features from the distant non-

mirror frame. We first model the feature similarity between
f ′
i and f ′

i+1. Specifically, we first concatenate f ′
i and f ′

i+1
and then apply the SE block (Hu, Shen, and Sun 2018)
to adjust the channel-wise feature consistency to produce
K ∈ RH×C×W . We then apply the ASPP module (Chen
et al. 2017) to encode f ′

i and f ′
i+1 into two compact embed-

dings Qi and Qi+1 ∈ RH′×C′×W ′
, respectively. We then

compute the cosine similarity betwen Qi and K to obtain
the confidence map Ui (Wang et al. 2022), and we obtain
Ui+1 similarly (denoted as Ⓢ in Figure 7). Finally, we use Ui

and Ui+1 to re-weight K and fed them into the segmentation
head to produce the mirror maps M̂i and M̂i+1, respectively.
To enhance the network to capture the content similarity in
mirror regions, we minimize the feature similarity loss as:

Lfs = ∥M̂i · f ′
i − M̂i+1 · f ′

i+1∥2. (6)

Temporal Contrast Modeling. As shown in Figure 7 (lower
part), we construct an additional branch to model the tem-
poral contrast information. To maximize the feature discrep-
ancy between the mirror region of i-th (or i + 1-th) frame
and the non-mirror region of n-th frame, we minimize the
feature contrast loss as:

Lfc = −∥(M̂i

⋃
M̂i+1)·f ′

n−M̂i ·f ′
i−M̂i+1 ·f ′

i+1∥2, (7)

where M̂i and M̂i+1 are mirror regions of frame i and i+1,
respectively, while M̂i

⋃
M̂i+1)·f ′

n extracts the correspond-
ing non-mirror features in frame n. As all frames are from
the same video clip, f ′′

n also represents the non-mirror re-
gions in frame i and i + 1 to some extents. By modelling
such contrast, Eq. 7 helps the model to segment the mirrors
more accurately, and also suppress background noisy predic-
tions with the all-zero supervision and the parameter-sharing
of the segmentation head.

Training and Inference
Loss Function. We use the binary cross entropy loss (Lbce)
to supervise the mirror localization process. In addition to

the Lfs and Lfc, we use the Lovász-Softmax loss (Berman,
Triki, and Blaschko 2018) (Llov) for the mirror segmenta-
tion process. The whole loss function can be written as:

L =
∑

Lbce(Y,S) + Llov(M̂, Cr) + Lfs + Lfc. (8)

In practice, we first train the classification branch, in
which we forward the classification process twice and back-
propagate it once to produce pseudo-labels. We then train
the segmentation branch and freeze the classification-related
parameters. Note that for training we assume that fn is ex-
tracted from the non-mirror frames. However, in inference,
if one frame is classified as non-mirrors, the corresponding
segmentation process is not performed. We use two frames
for inference.
Implementation Details. We have implemented the pro-
posed model under Pytorch (Paszke et al. 2017), and tested
it on a PC with an i7 4GHz CPU and a GTX4090 GPU.
We use ResNext-101 (Xie et al. 2017) pre-trained on Im-
ageNet (Deng et al. 2009) to initialize our encoder net-
work, while other network parameters are initialized using
the truncated normal initializer (with the randomness seed
set to 2333). For loss minimization, we adopt the AdamW
optimizer (Loshchilov and Hutter 2019). The base learning
rate, batch size, and the number of training epochs are 2e−4,
8, and 120, respectively, while the learning rate is reduced by
10 at the 90th epoch. Input frames are resized to 352× 352.
No post-processing techniques are used to refine our results.

Results
Experimental Setups
Evaluation Methods. We compare our method to seven
fully-supervised mirror detection methods with publically
available codes, including six image-based methods (i.e.,
MirrorNet (Yang et al. 2019), PMDNet (Lin, Wang, and Lau
2020), SANet (Guan, Lin, and Lau 2022), VCNet (Tan et al.
2023), SAT (Huang et al. 2023), and HetNet (He, Lin, and
Lau 2023)) and one most recent video-based method (VMD-
Net (Lin, Tan, and Lau 2023)).
Evaluation Datasets. We report the mirror detection perfor-
mance on the proposed video mirror detection dataset and
the existing video dataset (Lin, Tan, and Lau 2023). We fine-
tune all competing methods using our training data when
they are evaluated on our test set. We follow the experimen-
tal setups of VMDNet (Lin, Tan, and Lau 2023) for experi-
ments on their dataset.
Evaluation Metrics. We follow previous methods to use the
intersection over union (IoU), mean absolute error (MAE),
and F-measure (Fβ , β is set to 0.3 as suggested in (Achanta
et al. 2009)) to evaluate the mirror detection performance.

Note that our dataset may have video frames that do not
contain mirrors. To evaluate mirror detection performance
on such frames, we first propose to compute the true negative
rate (TNR) as:

TNR = TN/(TN + FP ), (9)
where TN represents the number of true negative pix-
els (i.e., correctly-detected non-mirror pixels) and FP rep-
resents the number of false positive pixels (i.e., falsely-
detected non-mirror pixels). This measures to what extent a



Table 1: Quantitative comparison on the proposed dataset.
“Model†” represents models finetuned on our dataset (in
fully-supervised ways). Best and second best results are
marked in bold and underlined, respectively, for reference.

Methods w/ Mirror w/o Mirror
IoU↑ Fβ ↑ MAE↓ TNR↑ ER↓ MAE↓

MirrorNet 0.468 0.564 0.203 0.641 0.941 0.357
MirrorNet† 0.572 0.758 0.093 0.843 1.000 0.164
PMDNet 0.585 0.728 0.074 0.932 0.855 0.068
PMDNet† 0.647 0.807 0.062 0.967 0.966 0.082
SANet 0.541 0.760 0.167 0.753 1.000 0.351
SANet† 0.633 0.819 0.083 0.925 0.999 0.164
VCNet 0.612 0.755 0.069 0.899 0.932 0.104
VCNet† 0.660 0.825 0.256 0.971 1.000 0.264
HetNet 0.576 0.739 0.068 0.927 0.834 0.075
HetNet† 0.635 0.798 0.046 0.983 0.808 0.017
SAT 0.569 0.757 0.081 0.882 0.516 0.118
SAT† 0.724 0.858 0.040 0.936 0.518 0.064
VMDNet 0.320 0.664 0.103 0.972 0.238 0.028
VMDNet† 0.449 0.616 0.095 0.910 0.893 0.090
Ours 0.513 0.774 0.070 0.994 0.091 0.012

detector performs correctly in detecting non-mirror regions,
and a higher TNR indicates a better performance. We also
measure the error rate (ER) by computing the ratio between
the number of non-mirror frames detected to have mirrors
and the number of total non-mirror frames. This measures
how often a detector may detect mirrors that do not exist, and
a lower ER indicates a better performance. We also compute
the MAE for reference.

Comparing to State-of-the-arts
Quantitative Results. Table 1 reports the comparisons on
our test set between ZOOM (weakly-supervised) and exist-
ing methods (pre-trained and finetuned in fully-supervised
ways). Note that frames are tested following the chrono-
logical order but we separate frames into two groups, i.e.,
frames with and without mirrors, for evaluation and discus-
sion. Accordingly, several observations can be made. First,
we can see that all existing methods tend to achieve better
performance when they are finetuned on our dataset. This
is understandable as the domain discrepancy exists. Second,
comparing to image-based methods, the video-based VMD-
Net (Lin, Tan, and Lau 2023) shows relatively lower gen-
eralization ability. This is due to that it relies on modeling
the temporal appearance correspondence, which is a strong
assumption to hold in daily life scenes. Third, our method
achieves the best performance on the non-mirror frames un-
der all three metrics, which shows that our method tends to
make less wrong predictions. Last, although our model is
trained with extremely-weak supervisions, it still produces
promising results comparing to fully-supervised methods
on the mirror frames, which verifies the effectiveness of
ZOOM. Table 2 further reports the comparisons on the VMD
test set (Lin, Tan, and Lau 2023), which shows that ZOOM
performs favorably against existing mirror detectors.
Qualitative Results. Figure 8 shows the visual comparisons
between between ZOOM and state-of-the-art mirror detec-

Table 2: Quantitative results on the VMD dataset (Lin, Tan,
and Lau 2023). Best results are marked in bold for reference.

Methods F/W IoU↑ Fβ ↑ MAE↓
MirrorNet F 0.505 0.681 0.145
PMDNet F 0.532 0.749 0.128
VCNet F 0.539 0.749 0.123
HetNet F 0.567 0.751 0.120
SAT F 0.318 0.564 0.334
VMDNet F 0.567 0.787 0.105
Ours W 0.294 0.448 0.387

Table 3: Ablation study. The upper, middle, and bottom parts
compare different ablated versions of the localization, seg-
mentation, and loss functions, respectively.

Methods IoU↑ Fβ ↑ TNR↑
Φcam Only 0.276 0.420 0.733
Cr → Ĉ 0.334 0.571 0.896
Our Cr 0.473 0.668 0.990

fi Only 0.318 0.465 0.801
fi + fi+1 0.422 0.658 0.935
fi + fn 0.392 0.633 0.907

w/o Lfs 0.474 0.647 0.950
w/o Lfc 0.492 0.695 0.928
Llov → Lproj 0.520 0.724 0.961
Ours 0.513 0.774 0.994

tors on our test set. Although we note that sometimes ZOOM
may not produce pixel-wisely accurate mirror maps, it gen-
erally locates the mirrors well in these challenging cases.

Internal Analysis
Ablation Study. We report ablation results in Table 3. We
first analyze the qualities of pseudo labels, by removing
the proposed temporal fusion and apply Φcam to individual
frames to generate pseudo maps (denoted as “Φcam Only”).
We then add the temporal fusion (Eq. 3) but exclude the
feedback constraint (Eq. 4) (denoted as “Cr → Ĉ”). Last,
we report the quality of pseudo labels generated by the pro-
posed approach (denoted as “Our Cr”). The upper part of
Table 3 verifies the effectiveness of the temporal fusion for
mirror localization and pseudo labels generation.

Next, we evaluate the components of the proposed tem-
poral similarity-contrast modeling module. We first adapt
our method to process the single frame only (denoted as
“fi Only”). We then investigate the effectiveness of mod-
eling temporal coherence and contrast separately (denoted
as “fi + fi+1” and “fi + fn”, respectively). The middle
three rows of Table 3 show that modeling either the similar-
ity or contrast temporally improves the performance, while
modeling both of them results in the best results (Ours).
Moreover, we find that the performance of removing the
SE block degrades from (IoU/Fβ : 0.513/0.774) to (IoU/Fβ :
0.433/0.682) while replacing the ASPP module with simple
pooling operations yields to (IoU/Fβ : 0.470/0.687).

Last, we analyze the loss terms in Eq. 8. Specifically, we
first remove the feature similarity term Lfs and the feature
contrast term Lfc separately (denoted as “w/o Lfs” and
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Figure 8: Visual comparison between ZOOM (weakly-supervised) and existing mirror detectors (fully-supervised).

Table 4: Models’ efficiency in terms of model size and infer-
ence time for reference.

Methods Reso. Num. of Param. FPS

MirrorNet 384×384 121.77 7.82
PMD 384×384 147.66 7.41
SANet 384×384 104.80 8.53
HetNet 352×352 49.92 49.23
VMDNet 384×384 62.24 17.06
Ours 352×352 57.26 19.02

“w/o Lfc”, respectively). We also replace the Llov with the
box loss proposed in Lproj (Tian et al. 2021) (“denoted as
Llov → Lproj”). The bottom four rows of Table 3 shows
the degraded performance when Lfs and Lfc are removed.
Besides, while the projection loss may result in higher IoU,
it degrades the performance of other metrics, as it tends to
produce false positive errors. Generally, Table 3 verifies the
effectiveness of our designs.
Model Efficiency. Table 4 compares the model size (in terms
of number of parameters) and inference time (in terms of
FPS), between ZOOM and existing methods. We can see
that ZOOM performs at a reasonable computational cost.
Limitations. Our model does have some limitations. As
shown in Figure 9(a), we note that our method may fail
when the mirror is small (far away) across the whole video,
which makes ZOOM hard to segment it accurately. ZOOM
may also fail to mis-classify the presence of mirrors when

(a) Input (b) Ours (c) GT (d) Input (e) Ours (f) GT

Figure 9: Failure cases. Our method may fail (a) when the
mirror is small across the whole video, or (d) when there
exists distracting mirror-like objects.

the target scene contains mirror-like objects (e.g., glossy ob-
jects with reflections/highlights in Figure 9(d)). Nonethe-
less, ZOOM can serve as a new baseline, to shed the light
on exploring cheap labels for mirror detection in the wild.

Conclusion
In this paper, we have proposed a novel approach, named
ZOOM, to learn an effective mirror detector from extremely-
weak annotations of per-frame ZerO-One Mirror indica-
tors in videos. ZOOM leverages CAMs with a novel fu-
sion strategy to model temporal consistency information
for mirror localization. It also includes a novel temporal
similarity-contrast modeling module for mirror segmenta-
tion. For training and evaluation of ZOOM, we have con-
structed a new video mirror dataset. We have conducted
experiments on the proposed dataset as well as the exist-
ing mirror dataset under new and standard metrics. Results
show that ZOOM performs favorably against existing fully-
supervised mirror detection methods.
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