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Abstract— Event cameras can record scene dynamics with
high temporal resolution, providing rich scene details for
monocular depth estimation (MDE) even at low-level illumina-
tion. Therefore, existing complementary learning approaches
for MDE fuse intensity information from images and scene
details from event data for better scene understanding. How-
ever, most methods directly fuse two modalities at pixel level,
ignoring that the attractive complementarity mainly impacts
high-level patterns that only occupy a few pixels. For ex-
ample, event data is likely to complement contours of scene
objects. In this paper, we discretize the scene into a set of
high-level patterns to explore the complementarity and pro-
pose a Pattern-based Complementary learning architecture for
monocular Depth estimation (PCDepth). Concretely, PCDepth
comprises two primary components: a complementary visual
representation learning module for discretizing the scene into
high-level patterns and integrating complementary patterns
across modalities and a refined depth estimator aimed at
scene reconstruction and depth prediction while maintaining
an efficiency-accuracy balance. Through pattern-based comple-
mentary learning, PCDepth fully exploits two modalities and
achieves more accurate predictions than existing methods, espe-
cially in challenging nighttime scenarios. Extensive experiments
on MVSEC and DSEC datasets verify the effectiveness and
superiority of our PCDepth. Remarkably, compared with state-
of-the-art, PCDepth achieves a 37.9% improvement in accuracy
in MVSEC nighttime scenarios.

I. INTRODUCTION

Monocular depth estimation (MDE) aims to compute the
distance between the projection center and the 3D point
corresponding to each pixel and is a basic topic in event-
based vision [9], [5], [38]. It plays a role in many ap-
plications, such as ego-motion estimation [40], [36] and
visual odometry [14]. Different from images that capture
dense intensity, event data only records scene dynamics.
Namely, event cameras output no recordings in static scenes
(regardless of noise), leading to limited depth estimation.
Therefore, several works [11], [30], [24] take advantage of
both modalities for better prediction accuracy. Through well-
designed fusion modules, these methods aggregate global
intensity and local details at pixel level. Despite decent
progress, these methods ignore that the complementarity
mainly impacts high-level patterns instead of all pixels. For
example, event data records contour information of scene
objects solely and per-pixel intensity from images at low-
level illumination is not fully reliable.
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(a) Traditional Pixel-level Fusion Architecture

(b) Our Pattern-level Fusion Architecture

H
ea

d
H

ea
d

H
ea

d
H

ea
d

Pixel-level 

Fusion

Pixel-level 

Fusion

Pixel-level 

Fusion

Pattern-level 

Fusion

Pattern-level 

Fusion

Pattern-level 

Fusion

Fig. 1. Existing pixel-level fusion architecture vs our pattern-level fusion ar-
chitecture. (a) Mainstream works take direct pixel-level fusion of features of
two modalities, ignoring that the complementarity mainly impacts patterns
of scene objects, which only occupy a few pixels. (b) Instead, our proposed
pattern-level fusion architecture emphasizes the importance of high-level
patterns of scene objects and conducts complementary learning of visual
patterns, which achieves high-quality depth estimates.

To this end, a natural thought is to take the best of both
worlds at pattern level rather than pixel level. In a recent
work [25], researchers succeed in learning a finite set of
visual patterns to represent the whole scene and achieve
encouraging performance for MDE. Building upon this, we
propose to delve deeper into the complementarity at pattern
level and implement a pattern-level fusion of event and image
modalities in this paper. Fig. 1 illustrates the difference
between existing pixel-level fusion architectures and our
proposed pattern-level fusion architecture.

To materialize our idea, we propose a Pattern-based
Complementary learning architecture for monocular Depth
estimation (PCDepth). Technically, we revamp the dom-
inant visual pattern learning framework with two differ-
ent components. We first propose a complementary visual
representation learning module to generate a unified set
of tokens representing the scene of both modalities. By
discretizing dual scenes into two sets of visual tokens with
transposed attention and integrating complementary patterns
through a score-based fusion module, scene information is
consolidated. Then, we delicately design a depth estimator to
reconstruct the scene and derive predictions. To maintain an
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accuracy-efficiency balance, scene reconstruction is achieved
by cross-attention limited to a single spatial resolution and
depth estimates are fine-tuned using GRU blocks. Thanks to
the pattern-based complementary learning, PCDepth gathers
content from images and details from events and thus im-
proves prediction quality, especially in nighttime scenarios.

We evaluate PCDepth on DSEC [12] and MVSEC [39]
datasets. Extensive experiments demonstrate the superiority.

In summary, our main contributions are as follows:
• We argue that the complementarity between event and

image modalities mainly impacts high-level patterns
and propose a pattern-based complementary learning
framework to explore the attractive complementarity.

• We propose PCDepth, which comprises two main com-
ponents: a complementary visual representation learning
module and a refined depth estimator.

• Thanks to pattern-based complementary learning,
PCDepth gathers both modalities and achieves high
accuracy, especially in nighttime scenarios. Compared
with state-of-the-art, PCDepth achieves a 37.9% accu-
racy improvement in MVSEC nighttime scenarios.

II. RELATED WORK

Image-based learning. Recently, learning-based meth-
ods [7], [17], [2], [37], [26] dominate the MDE field [18].
Acting as a milestone, Eigen et al. [7] first introduce a coarse-
to-fine convolutional network to learn monocular depth.
Since then, a large number of learning-based architectures
merge. FCRN [17] proposes an encoder-decoder network
with fully residual blocks and learnable upsampling convo-
lutions. DORN [8] recasts the MDE as an ordinal regression
problem by discretizing depth as a spacing-increasing distri-
bution and training the network with an ordinary regression
loss, handling MDE from a new respective.

More recently, Vision Transformer (ViT) [6] shows great
potential in dense tasks. Bins series [2], [3], [20], [28] extend
the pipeline of depth discretization and combination and
exploit Transformer to better process global information of
features. DPT [26] proposes a unified Transformer architec-
ture for dense prediction, which can be applied to monocular
depth and semantic segmentation. NeWCRF [37] combines
CRFs [16] and multi-head attention [35] to optimize depth
estimates sparse-to-densely. IDisc [25] discretizes the scene
into visual tokens and projects them back to the pixel plane
for MDE with attention, realizing depth prediction in a
continuous-discrete-continuous manner.

We draw inspiration from IDisc to design our comple-
mentary learning framework. In contrast to IDisc which
learns high-level patterns from image modality solely, we
extend the pattern-based representation learning to explore
the complementarity between event and image modalities.

Event-based Learning. Inspired by the success in the
image domain, existing event-based methods for MDE
transform event data into grid-like representations to ap-
ply learning-based architectures [15], [21], [29], [13].
E2Depth [15] incorporates a recurrent convolutional block
into UNet [27] to aggregate the temporal consistency of

event data to improve predictions. Mixed-EF2DNet [29]
incorporates an optical flow network to align event data,
which compensates for the lost temporal information and
improves predictions. EReFormer [21] proposes a pure trans-
former architecture with a recursive mechanism, considering
global context and temporal information simultaneously.
HMNet [13] encodes event contents at an adaptive scale,
taking short-term and long-term dependencies into account.

Complementary learning of event and RGB modal-
ities. Due to the inherent spatial sparsity of event data
and lack of intensity, one single event modality cannot
adapt to all circumstances. Therefore, many learning-based
approaches [11], [24], [30] take the best of both worlds
to improve the scene understanding. RAMNet [11] extends
E2Depth by exploiting the intensity from the image domain.
EVEN [30] proposes a low-light enhancement module to
enhance image quality and fuse both modalities, which is
suitable for adverse night conditions. SRFNet [24] learns a
spatial reliability mask from both modalities to guide the
inter-modal feature fusion and depth refinements.

Contrary to mainstream works that design delicate fusion
modules to aggregate features of different modalities at pixel
level, we instead emphasize that complementarity mainly
impacts high-level patterns and propose a pattern-based
complementary learning framework to boost accuracy.

III. METHODOLOGY

Given an image I and corresponding event stream {E},
MDE aims to estimate a dense map d representing the per-
pixel depth of 3D scenes. MDE is an ill-posed problem
because each pixel can correspond to infinite 3D points.
Mainstream methods [11], [24], [30] take advantage of
learning architectures to encode two modalities and impose
delicate per-pixel fusion on feature maps. However, the
complementarity between event and image modalities mainly
impacts high-level patterns of the scene, which only occupy
a small percentage of pixels. To realize a more concise
fusion, we discretize scenes into visual tokens and aggregate
complementary patterns. The visual tokens combine object
contents and contour details from two modalities, yielding
high-quality depth predictions.

In the following, we first describe the data preparation and
then present the detailed architecture of PCDepth.

A. Data preparation

Each event in the event stream {E} is a triplet ek =
(xk, pk, tk) containing triggered pixel xk = (xk, yk)

T ,
timestamp tk and polarity (pk = ±1). To ease the feature
encoding, we transform the event stream into a 3D volume
representation E(x, y, t) along the time axis following [40],
[15], [11]. E(x, y, t) is generated as:

t∗i = (B − 1)(ti − t1)/(tNe
− t1) (1)

E(x, y, t) =
∑
i

pikb(x− xi)kb(y − yi)kb(t− t∗i ) (2)

kb(a) = max(0, 1− |a|), (3)
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Fig. 2. The overall architecture of PCDepth. First, we use a general encoder-decoder pipeline to process event and image inputs. Encoded features
from event and image modalities are derived from dual feature extractors. These two features are concatenated and sent to decoder layers to generate
pixel embeddings. Second, the proposed complementary visual representation learning module discretizes features of both modalities through transposed
attention and integrates complementary patterns into one set of visual tokens through score-based fusion. Finally, we reconstruct the scene to one single
scale through cross-attention and exploit GRU blocks to refine depth estimates, maintaining an accuracy-efficiency balance.

where t∗i represents the i-th time bin. B and Ne represent the
length of time bins and the number of events, respectively.
kb(a) refers to a bilinear interpolation function. Note that
other event representations [1], [34], [10] are also possibly
suitable for MDE, but the evaluation of different representa-
tions is not the core of this work.

B. PCDepth Architecture

PCDepth adopts the basic encoder-decoder architecture in
IDisc [25]. The event representation and image are sepa-
rately entered into two feature extractors to achieve multi-
scale encoded features. Encoded features of both modalities
are then concatenated and fed into a decoder to generate
multi-scale pixel embeddings. On top of the basic pipeline,
one core component, the complementary visual representa-
tion learning module is proposed to explore pattern-based
complementarity. The complementary visual representation
learning module discretizes encoded features and integrates
complementary patterns into one unified set of visual tokens.
Besides, a refined depth estimator is designed to reconstruct
the scene limited to a single scale and refine depth estimates
with GRU blocks, maintaining an accuracy-efficiency bal-
ance. Fig. 2 summarizes the architecture of PCDepth.

Complementary Visual Representation Learning. In-
stead of fusing features directly at pixel level, which is a
common technique in cross-modality works [4], [11], [30],
[24], we believe that images and events complement each
other at the pattern level, allowing us to leverage their
complementary patterns. To introduce it into our framework,
we first discretize encoded features of both modalities into
two sets of visual tokens respectively and then integrate com-
plementary patterns through a score-based fusion module.

Following existing works [25], [22], we use iterative
transposed attention for scene discretization. Meanwhile,
considering that multi-scale encoded features contain infor-
mation at different levels, we extend the transposed attention
to discretize multi-scale features simultaneously. The top of
Fig. 3 shows the overview of scene discretization. In detail,
given multi-scale encoded features F i

E ,F
i
I , i = 1, 2, 3 from

event modality and image modality, we first initialize a set of
visual tokens VR ∈ RN×C following a normal distribution,
where N and C mean the number and dimension. The k-th

transAttn
MLPMLP

transAttn
MLPMLP

AttnAttn

MLPMLP

MLPMLP

SS

S

: Sum

: Softmax

: Dot product 

Fig. 3. Complementary visual representation learning. (Top) We use
transposed attention to discretize both modalities into two sets of visual
tokens. (Bottom) Each set of visual tokens is first enhanced through standard
attention. Then the sum of enhanced visual tokens is entered into MLPs and
Softmax operator to generate two score maps for both modalities.

iteration of scene discretization is achieved by:

VRk = VRk−1 +
1

3
[

3∑
i=1

transAttn(VRk−1,F i)], (4)

VRk = VRk +MLP(VRk), (5)

where transAttn(A,B) represents transposed attention op-
eration and query, key and value are generated from linear
projections as fQ(A), fK(B), fV (B). We drop the modal-
ity superscript of the encoded features since we employ the
same operation to get VRk

E and VRk
I for both modalities.

After obtaining VRk
E and VRk

I , the following routine
procedure is to add or concatenate them to aggregate comple-
mentary patterns. However, we notice that the complemen-
tarity between event and image is not entirely equivalent.
Images demonstrate superiority in daytime conditions with
adequate illumination, whereas event data exhibits better
adaptability in low-light environments. Direct concatenation
or summation could potentially introduce incorrect scene
information. To this end, we balance two modalities through
a learnable score map. The bottom of Fig. 3 displays the
score-based fusion module for pattern aggregation. Techni-
cally, VRk

E and VRk
I are enhanced through cross-attention
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Fig. 4. The refined depth estimator design. To maintain an accuracy-
efficiency balance, we transform the multi-scale pixel embeddings into one
scale and exploit GRU to refine the depth estimates.

to emphasize consistent patterns. Then the sum of enhanced
visual tokens is entered into MLPs and Softmax to generate
score maps skI and skE . The complementary visual token VR
at k-th iteration is achieved as:

VRk = skI · VRk
I + skE · VRk

E . (6)

Refined Depth Estimator. Recall that MDE requires per-
pixel values, whereas pattern-level complementary learn-
ing generates visual tokens representing discretized scene
objects. Hence, scene reconstruction is necessary before
depth prediction. A standard practice is projecting the visual
tokens back onto the pixel plane through cross-attention.
To circumvent heavy computational burdens resulting from
cross-attention on multi-scale pixel embeddings, we opt for
one low prediction scale and utilize GRU iterations for depth
refinement, contributing to the accuracy-efficiency trade-off.

Technically, given multi-scale pixel embeddings P i, i =
1, 2, 3, we first transform them into a fixed scale P0 with
PixelUnshuffle [31] as initial hidden state. At each GRU
stage of G2 iterations, we project back visual tokens through
cross-attention and feed them into the GRU to update the
hidden state. The j-th iteration is obtained as:

Pj = Attn(Hj−1,VR), (7)
Hj = GRU(Hj−1,Pj), (8)

where Attn represents the cross-attention layer, Hj repre-
sents the j-th hidden state of the GRU block. Especially, the
initial hidden state H0 is generated by a tanh activation of
P0. At each stage of iterations, the depth is predicted by Hj

through a simple convolutional block and upsampled to the
original scale through convex upsampling [33], [19].

Post-Process and Supervison. Following RAMNet [11],
our framework first outputs a normalized log depth d̂ ∈
[0, 1], which facilitates depth prediction for diverse scenes.
Scaled depth d is then recovered as:

d = dmax exp(
dmax

dmin
(d̂− 1)), (9)

where dmax and dmin are prior maximum and mini-
mum depth values for different datasets. We use the well-
established SIlog loss [25], [7] to supervise our model. The

loss function L is formally defined as:

L =

G2∑
j=1

γG2−jα
√
V(δj) + λE(δj), (10)

δj = log(dj)− log(dgt), (11)

where dj is the j-th prediction and dgt is the ground-truth.
V(δ) and E(δ) compute empirical variance and expected
value of δ. The two weights α and λ for SIlog loss are set
to 10 and 0.15. The weight γ to balance different stages of
predictions is set to 0.8.

IV. EXPERIMENTS

Datasets and evaluation setup. We provide extensive
comparison results on two event-based datasets MVSEC [39]
and DSEC [12], which both contain daytime and night-
time scenarios. For MVSEC, we follow the experimental
setting in previous works [11], [24] and train methods on
synthetic EventScape dataset and outdoor day2 and evaluate
outdoor day1 and outdoor night1. Besides, taking the large
gap between daytime and nighttime scenarios into account,
we incorporate outdoor night2 and outdoor night3 sequences
as training data instead of pretraining models on EventScape
to boost the performance. For DSEC, we convert disparity
ground truth to depth1 since DSEC is not specifically de-
signed for depth estimation. We manually split the training
data into train and test subsets, maintaining the daytime-
nighttime ratio as stereo evaluation.

Metrics. As customary, we utilize absolute relative error
(REL), root mean squared error (RMS) and its log variant
(RMSlog) and the percentage of inlier pixels (ai) with
thresholds 1.25i for comprehensive evaluation.

Implementation details. PCDepth is implemented by
PyTorch. We use events of 20ms for DSEC and events
of 50ms for MVSEC, since events in MVSEC are much
sparser. The channel of event representation B is set to 3.
We set two iteration numbers G1 = G2 = 4. The number
and length of visual representation is set to 32 and 128.
The decoder is identical to IDisc’s model. In training, we
exploit AdamW [23] optimizer and One-cycle learning rate
scheduler [32]. For DSEC, We train models for 60K steps
with a learning rate of 0.0002 and a batch size of 6. For
MVSEC, we train models for 25K steps with a learning rate
of 0.00001 and a batch size of 8.

A. MVSEC

Table I reports the results on MVSEC. Since we share a
similar backbone with the image-based IDisc [25], we extend
IDisc to both modalities by adding an event branch with a
same feature extractor as our baseline. Our method shows
comparable accuracy on outdoor day1 and outperforms other
methods on outdoor night1 sequence. Compared with the ex-
isting state-of-the-art HMNet, PCDepth trained on synthetic
Eventscape improves 0.036 in REL and 0.783 in RMS.

1DSEC benchmark provides guidance for depth generation from disparity.
Please refer to https://dsec.ifi.uzh.ch/data-format/.
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TABLE I
COMPARISON OF PERFORMANCES ON MVSEC DATASET. ↑ DENOTES HIGHER IS BETTER AND ↓ DENOTES LOWER IS BETTER. G MEANS THE

ITERATION OF SCENE DISCRETIZATION AND RECONSTRUCTION. [S] MEANS THE METHOD IS PRE-TRAINED ON SYNTHETIC DATASETS. THE BEST

RESULTS ARE HIGHLIGHTED IN BOLD AND THE SECOND-BEST RESULTS ARE UNDERLINED.

Input outdoor day1 outdoor night1
a1 ↑ a2 ↑ a3 ↑ REL↓ RMS↓ RMSlog↓ a1 ↑ a2 ↑ a3 ↑ REL↓ RMS↓ RMSlog↓

E2Depth [15] E 0.567 0.772 0.876 0.346 8.564 0.421 0.408 0.615 0.754 0.591 11.210 0.646

RAMNet [11] I+E 0.541 0.778 0.877 0.303 8.526 0.424 0.296 0.502 0.635 0.583 13.340 0.830
SRFNet [24] I+E 0.637 0.810 0.900 0.268 8.453 0.375 0.433 0.662 0.800 0.371 11.469 0.521
HMNet [13] I+E 0.717 0.868 0.940 0.230 6.922 0.310 0.497 0.661 0.784 0.349 10.818 0.543
PCDepth[S] I+E 0.688 0.859 0.936 0.230 6.964 0.318 0.504 0.698 0.824 0.313 10.035 0.497

Baseline-G4 I+E 0.697 0.856 0.937 0.243 6.667 0.312 0.632 0.818 0.918 0.271 6.863 0.357
PCDepth I+E 0.712 0.867 0.941 0.228 6.526 0.301 0.632 0.822 0.922 0.271 6.715 0.354

(a) Image (b) Events (c) RAMNet (d) Baseline (e) PCDepth (f) Ground truth

Fig. 5. Qualitative results of MVSEC. We show the reference image and event frame in (a) and (b). (c) - (f) show results from RAMNet, baseline, our
PCDepth and ground truth, respectively. Improvements are highlighted by red boxes.

TABLE II
RESULTS ON DSEC DATASET. ↑ DENOTES HIGHER IS BETTER AND ↓ DENOTES LOWER IS BETTER. G MEANS THE ITERATION OF SCENE

DISCRETIZATION AND RECONSTRUCTION. WE ADJUST ITERATIONS OF THE BASELINE AND OUR PCDEPTH FOR A COMPREHENSIVE COMPARISON.
THE BEST RESULTS ARE HIGHLIGHTED IN BOLD.

Input daytime sequences nighttime sequences
a1 ↑ a2 ↑ a3 ↑ REL↓ RMS↓ RMSlog↓ a1 ↑ a2 ↑ a3 ↑ REL↓ RMS↓ RMSlog↓

IDisc [25] I 0.873 0.970 0.993 0.106 3.973 0.155 0.872 0.970 0.990 0.115 4.266 0.165
Baseline-G2 I+E 0.893 0.979 0.996 0.099 3.517 0.139 0.884 0.978 0.993 0.110 4.002 0.152
PCDepth-G2 I+E 0.912 0.984 0.997 0.089 3.349 0.127 0.891 0.981 0.995 0.105 3.860 0.145
Baseline-G4 I+E 0.891 0.978 0.996 0.099 3.544 0.137 0.886 0.979 0.994 0.109 3.974 0.150
PCDepth I+E 0.913 0.985 0.997 0.089 3.311 0.126 0.895 0.983 0.996 0.104 3.831 0.144

TABLE III
PATTERN FUSION ABLATIONS.

style day-REL day-RMS night-REL night-RMS

score 0.089 3.311 0.104 3.831
add 0.091 3.342 0.104 3.880

Furthermore, considering the large gap between daytime
and nighttime scenarios, we incorporate outdoor night2 and
outdoor night3 into training data to unleash the potential

TABLE IV
UPDATE SCALE ABLATIONS.

scale day-REL day-RMS night-REL night-RMS Time (ms)

1/4 0.089 3.376 0.101 3.789 99
1/8 0.089 3.311 0.104 3.831 83
1/16 0.094 3.514 0.103 3.874 82

of the proposed pattern-level complementary learning. As
a result, PCDepth outperforms HMNet on outdoor night1
in a1, REL and RMS with a margin of 0.135, 0.078 and
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(a) Image (b) Events (c) IDisc (d) Baseline (e) PCDepth (f) Ground truth

Fig. 6. Qualitative results of DSEC. We show the reference image and event frame in (a) and (b). (c) - (f) show results from IDisc, baseline, our PCDepth
and ground truth, respectively. Improvements are highlighted by red boxes.

Fig. 7. Attention maps on DSEC dataset. Each column presents attention
maps of two different visual representations for one test image.

TABLE V
ITERATIONS ABLATIONS.

G1&G2 day-REL day-RMS night-REL night-RMS Time (ms)

2 0.089 3.349 0.105 3.860 72
4 0.089 3.311 0.104 3.831 83
6 0.087 3.272 0.102 3.860 95

4.103. Besides, compared with our baseline which also
introduces event modality at pattern level on outdoor night1,
our method is still leading, improving 0.148 in REL and
0.003 in RMSlog, which demonstrates the superiority of
score-based pattern fusion.

We exhibit qualitative results in Fig. 5. The proposed
PCDepth can better distinguish objects at different depths
(e.g., different trees at row 1, the car and background at
row 2 and the building and background at row 4). The
improvements are attributed to complementary visual rep-
resentation learning, which adaptively fuses content from
image modality and object contours from event modality.

B. DSEC

To further verify the superiority of PCDepth, we conduct
experiments on DSEC dataset in Table II. By incorporating
event data, all cross-modalities approaches perform better

than the original image-based IDisc. Meanwhile, under the
same iteration setting, PCDepth (PCDepth-G2) outperforms
Baseline-G4 (Baseline-G2) at all 6 metrics across daytime
and nighttime scenarios.

Qualitative results are exhibited in Fig. 6. In challenging
regions such as edges of different objects (traffic lights, traffic
signs and bus stations), IDisc only takes advantage of image
modality and generates low-quality predictions. The baseline
method introduces event modalities, improving accuracy at
pattern boundaries (bus station at row 4). Our PCDepth
exploits the score-based fusion module to integrate patterns
across daytime and nighttime scenarios, complementing ob-
jects and generating high-quality predictions. Besides, Fig 7
visualizes attention maps of scene discretization on DSEC
dataset. At each column, two different visual tokens com-
press different scene objects, thus enabling the network to
distinguish objects at different depths.

C. Ablations

We conduct ablation experiments to validate the proposed
improvements. All ablation models are evaluated on DSEC.

Complementary visual representation learning. The
complementary visual representation is achieved by the
score-based fusion of two sets of visual tokens, which
contributes to the adaptation to different circumstances. We
ablate the fusion operator by replacing it with a direct
add operator in Table III. The score-based fusion module
achieves better accuracy across daytime and night scenarios.

Depth estimator. Considering the heavy computation for
projecting visual patterns back to multiple spatial scales
(1/4, 1/8, 1/16), we set the depth estimation at 1/8 spatial
scale solely. We compare the inference time of the depth
estimator and accuracy at different spatial scales in Table IV.
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Depth estimation at 1/8 spatial scale showcases a good
accuracy-efficiency balance.

Iterations. The quality of the complementary visual rep-
resentation and depth predictions are affected by G1 and G2.
We compare different iterations in Table V. More iterations
lead to better accuracy but lower inference speed, so we set
G1 = G2 = 4 to maintain an accuracy-efficiency trade-off.

V. CONCLUSION

In this paper, we propose a novel pattern-based comple-
mentary learning architecture for MDE task called PCDepth,
which discretizes scenes of image and event modalities into
visual tokens and conducts pattern-level fusion for high-
quality depth prediction. We build our model based on
that existing methods mostly fuse two modalities at pixel
level while ignoring that the complementarity mainly im-
pacts high-level patterns which only occupy a few pixels.
By exploring the pattern-level complementarity, PCDepth
can adaptively integrate images and events and thus boost
accuracy, especially in nighttime scenes. Extensive experi-
ments on MVSEC and DSEC demonstrate the superiority
of PCDepth. Meanwhile, we notice that pattern-based com-
plementary learning cannot distinguish different objects with
varying depth (unclear boundaries in Fig. 7) and will improve
it in future work.
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