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A Survey on Deep Stereo Matching
in the Twenties
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Abstract—Stereo matching is close to hitting a half-century of history, yet witnessed a rapid evolution in the last decade thanks to
deep learning. While previous surveys in the late 2010s covered the first stage of this revolution, the last five years of research brought
further ground-breaking advancements to the field. This paper aims to fill this gap in a two-fold manner: first, we offer an in-depth
examination of the latest developments in deep stereo matching, focusing on the pioneering architectural designs and groundbreaking
paradigms that have redefined the field in the 2020s; second, we present a thorough analysis of the critical challenges that have
emerged alongside these advances, providing a comprehensive taxonomy of these issues and exploring the state-of-the-art
techniques proposed to address them. By reviewing both the architectural innovations and the key challenges, we offer a holistic view
of deep stereo matching and highlight the specific areas that require further investigation. To accompany this survey, we maintain a
regularly updated project page that catalogs papers on deep stereo matching in our Awesome-Deep-Stereo-Matching repository.
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1 INTRODUCTION

Stereo matching – the task of estimating dense disparity
maps from a pair of rectified images – has been a funda-
mental problem in computer vision for nearly half a century,
playing a crucial role in a wide range of applications, such as
autonomous driving, robotics, and augmented reality. After
about twenty-five years of hand-designed stereo algorithms
[1], the use of end-to-end deep neural networks has become
the dominant paradigm in the late 2010s.

Existing surveys [2], [3] have offered valuable insights
on this rapid revolution, categorizing end-to-end architec-
tures into 2D and 3D classes according to their cost-volume
computation and optimization strategies, while also empha-
sizing the challenges remaining open.

Since then, however, the domain has progressed rapidly,
with the emergence of novel methods and paradigms in-
spired by breakthroughs in other areas of deep learning.
Transformer-based [4] and iterative refinement [5] architec-
tures are prime examples of how the field has evolved,
demonstrating the potential for further improvements in
accuracy and efficiency.

Despite the remarkable achievements, multiple chal-
lenges have emerged as deep stereo matching has advanced.
One of the most critical issues, already highlighted in pre-
vious surveys, is the lack of generalization, particularly
when facing domain shifts between synthetic and real data.
Although synthetic datasets have been crucial for pre-
training deep stereo networks, these models often perform
poorly when applied to real scenes without fine-tuning.
Recognizing the importance of this issue, several techniques
have been proposed in recent years to improve zero-shot
generalization and to develop domain adaptation methods
for seamless adaptation to unknown target domains.
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Alongside the domain-shift problem, deep stereo match-
ing has overcome several other limitations. The tendency
of deep networks to over-smooth depth at object bound-
aries, leading to inaccurate 3D reconstructions, has been
a persistent challenge. The increasing diversity of camera
setups and the need to process images with different resolu-
tions has underscored the importance of developing flexible
algorithms. The demand for high-resolution and highly
detailed disparity estimation, combined with the necessity
for real-time performance on resource-constrained devices,
has further complicated the task. These challenges have led
to the development of more robust, versatile, and efficient
deep stereo models that effectively address these limitations
and improve their practical application.

Furthermore, the integration of complementary imaging
modalities, including depth sensors, non-visible spectrum
cameras, event cameras, and gated cameras, has opened
new avenues for enhancing the robustness and accuracy of
stereo matching in challenging environments. By leveraging
the strengths and complementary nature of these modalities,
multimodal stereo matching techniques aim to extend the
applicability and reliability of stereo vision to a broader
range of real-world scenarios, overcoming the limitations
of relying solely on visible-spectrum cameras.

Driven by these significant developments, this survey
provides a thorough and up-to-date review of the latest
advancements in deep stereo matching that have emerged
during the 2020s. We cover a wide range of topics explored
since the last surveys [2], [3], including novel architectures,
multi-modal approaches, and cutting-edge techniques de-
signed to address the aforementioned critical challenges.
Our overview comprehensively analyzes over 100 distinct
contributions to deep stereo matching, all of which have
been presented at top conferences and published in pres-
tigious journals. Our goal is to offer a thorough overview
of the state-of-the-art, discussing the progress made since
previous surveys and highlighting the current trends and
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future directions in the �eld.
The remaining sections are organized as follows:

� Section 2 covers the latest developments in deep stereo
matching architectures, highlighting novel paradigms,
computational ef�ciency techniques, and specialized
multi-modality designs.

� Section 3 explores key challenges in deep stereo match-
ing and investigates recent approaches to address them.

� Section 4 reports quantitative results on the main online
benchmarks, both established and recently introduced,
demonstrating the progress made in the �eld over the
last few years.

� Sections 5 and 6 focus on potential future research
directions and provide a summary of the survey.

1.1 Background

To better understand the latest trends in the �eld, we
introduce the fundamentals of deep stereo matching that
have been driving advancements until the late 2010s. In the
interest of space, we recommend referring to the supple-
mentary material for a detailed overview of the background
information. This additional resource also provides detailed
descriptions of the datasets commonly used in this context,
as well as the primary evaluation metrics employed in this
domain. Finally, for a more comprehensive overview and
detailed descriptions of the body of research that arose
before 2020, readers can refer to existing surveys related to
deep stereo matching, such as [2], [3], [6], [7].

2 ARCHITECTURES

2.1 Foundational Deep Stereo Architectures

This section categorizes and analyzes classical deep stereo
models that emerged in recent years. These are grouped into
�ve categories: CNN-based cost volume aggregation (Sec.
2.1.1), Neural Architecture Search (NAS) for stereo matching
(Sec. 2.1.2), iterative optimization-based (Sec. 2.1.3), Vision
Transformer-based (Sec. 2.1.4), and Markov random �eld-
based architectures (Sec. 2.1.5). These represent the primary
trends and techniques that have signi�cantly advanced the
state-of-the-art of stereo depth estimation. The taxonomy
depicted in Fig. 2 summarizes these categories.

2.1.1 CNN-based Cost Volume Aggregation

Here, we cover recent deep stereo methods using estab-
lished CNN-based cost volume aggregation techniques [2],
[3], which broadly fall into two categories: 2D and 3D
architectures, distinguished by their strategy for encoding
features and geometry. Both construct a cost volume from
the left and right input images - 2D architectures typically
employ a correlation layer on the extracted features, while
3D architectures concatenate or compute the feature dif-
ference over the full disparity range. This cost volume is
then processed via plain 2D convolutions in 2D encoder-
decoder architectures, or through 3D convolutions in 3D
architectures that explicitly encode geometry.

Among them, AANet [Code] [8] aims to replace com-
putationally expensive 3D convolutions while maintaining

(Sec. 2)

(Sec. 2.1)

(Sec. 2.4)

(Sec. 2.2)

(Sec. 2.3)

(Sec. 2.1.1)
AANet [8], WaveletStereo [9], Bi3D [10], CFNet [11]

UASNet [12], PCW-Net [13], SEDNet [14]

(Sec. 2.1.2)
LEAStereo [15], EASNet [16]

RAFT-Stereo [5],ORStereo [17],
CREStereo [18],

(Sec. 2.1.3)

EAI-Stereo [19], IGEV-Stereo [20],
DLNR [21]

CREStereo++ [22],Selective-Stereo [23],AnyStereo [23],
MC-Stereo [24], XR-Stereo [25],MoCha-Stereo [26]

ICGNet [27],

STTR [4],CEST [28],ChiTransformer [29], GMStereo [30],
CroCo-Stereo [31],(Sec. 2.1.4) ELFNet [32], GOAT [33]

NMRF [34]
(Sec. 2.1.5)

Fast DS-CS [35],
(Sec. 2.2.1)

DecNet [36], ACVNet [37],
PCVNet [38], IINet [39]

CasStereo [40], BGNet [41],
MABNet [42], TemporalStereo [43](Sec. 2.2.2)

StereoVAE [44], MADNet 2 [45], CoEX [46],
FADNet [47], HITNet [48], PBCStereo [49],
AAFS [50], MobileStereoNet [51](Sec. 2.2.3)

(Sec. 2.3.1)

RTS2-Net [52],
SGNet [53]

NA-Stereo [54]
(Sec. 2.3.2)

DWARF [55], Ef�scene [56],
Feature-Level Collaboration [57]

(Sec. 2.3.3)

Pseudo-LiDAR++ [58], LiStereo [59], S3 [60],
LSMD-Net [61], VPP-Stereo [62](Sec. 2.4.1)

DDES [63], SE-CFF [64], SCSNet [65], DTC-SPADE [66],
ADES [67], EI-Stereo [68], EFS [69], SAFE [70](Sec. 2.4.2)

Gated Stereo [71]
(Sec. 2.4.3)

ActiveStereoNet [72], Polka Lines [73], Activezero [74],
MonoStereoFusion [75], Activezero++ [76](Sec. 2.4.4)

CS-Stereo [77], UCSS [78], SS-MCE [79],
RGB-MS [80], DPS-Net [81], Gated-RCCB [82](Sec. 2.4.5)

Fig. 2:A taxonomy of deep learning-based stereo matching
architectures in the 2020s. We categorize the reviewed
methods based on their key designs and paradigms.

high accuracy by introducing a sparse points based intra-
scale cost aggregation method using deformable convolu-
tions to address the edge-fattening issue at disparity dis-
continuities, and an approximation of traditional cross-scale
cost aggregation using neural network layers to handle large
textureless regions. In contrast, Bi3D [Code] [10] formulates
stereo matching as a collection of binary classi�cation tasks,
training a neural network to classify whether an object
is closer or farther than a given depth plane, enabling
selective depth estimation within a speci�c range of inter-
est and offering a �exible trade-off between accuracy and
computational ef�ciency. WaveletStereo [9] takes a different
approach by learning wavelet coef�cients of the disparity
map instead of directly estimating disparity. It comprises
low-frequency and high-frequency sub-modules to handle
smooth and detailed regions, respectively, and reconstructs
the disparity map iteratively by mapping multi-resolution
cost volumes to wavelet coef�cients through convolutional
networks and inverse wavelet transforms. CFNet [Code]
[11], on the other hand, combines a fused cost volume repre-
sentation, which fuses multiple low-resolution cost volumes
to capture global and structural information, and a cascade
cost volume representation, which adaptively adjusts the
disparity search range at each stage using variance-based
uncertainty estimation. UASNet [12] constructs cascade
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3D cost volumes with improved disparity range predic-
tion and effective sampling by introducing an uncertainty
distribution-guided range prediction (URP) module to han-
dle ambiguities and an uncertainty-based disparity sam-
pler (UDS) module that discretizes the per-pixel predicted
disparity range based on the matching uncertainty. PCW-
Net [Code] [13] employs a multi-scale cost volume fusion
module to construct combination volumes on the upper
levels of the pyramid and integrate them for initial disparity
estimation, covering multi-scale receptive �elds and ex-
tracting domain-invariant structural cues. It also introduces
a warping volume-based disparity re�nement module to
narrow down the residue searching range from the initial
disparity searching range to a �ne-grained one. SEDNet
[Code] [14] focuses on joint disparity and uncertainty esti-
mation by extending the stereo backbone GWCNet [83] with
a lightweight uncertainty estimation subnetwork. It matches
the distribution of disparity errors with the distribution
of uncertainty estimates using a KL divergence-based loss
function enabled by a differentiable histogramming scheme,
ensuring that the uncertainty estimates follow the same
distribution as the true errors of the disparity estimator.

2.1.2 Neural Architecture Search for Stereo Matching

Neural architecture search (NAS) aims to automate the de-
sign of neural architectures, alleviating the manual effort re-
quired by human experts. While NAS has achieved success
in high-level vision tasks like classi�cation and detection,
applying it to the dense prediction problem of stereo match-
ing is challenging. State-of-the-art deep stereo networks are
computationally intensive, making the n äive application of
traditional NAS methods prohibitively expensive due to the
vast search space. To overcome this limitation, recent works
have proposed tailored NAS frameworks that incorporate
task-speci�c priors from the stereo matching pipeline. The
key motivation is to enable ef�cient architecture search
for this domain while maintaining high accuracy, without
solely relying on manually designed architectures. LEASt-
ereo [Code] [15] is the �rst end-to-end hierarchical NAS
framework for stereo that incorporates task-speci�c human
knowledge. It consists of a 2D feature net for local image
feature extraction and a 3D matching net for computing and
aggregating matching costs from a 4D feature volume. The
cell-level structure of these sub-networks is searched using a
novel residual cell design and tailored candidate operations.
At the network level, the search explores the arrangement
of cells and the size of intermediate feature maps and vol-
umes. This hierarchical approach, which embeds geometric
priors, leads to accurate stereo matching models without
relying on human-designed architectures. Building upon
LEAStereo, EASNet [Code] [16] addresses its limitations,
such as high computational costs and limited scalability,
by introducing a stereo network that can be deployed on
devices with varying computing resources. The architecture
search space covers depth, width, kernel size, and scale,
allowing the network to adapt to different resource con-
straints. A progressive shrinking training strategy enables
ef�cient optimization, allowing sub-networks with diverse
con�gurations to be extracted without additional training
while maintaining high accuracy.

2.1.3 Iterative Optimization-based Architectures
Iterative optimization-based approaches have emerged as
a promising paradigm for stereo matching, offering signi�-
cant advantages over existing deep cost aggregation meth-
ods. Inspired by the success of iterative re�nement in optical
�ow estimation, particularly the RAFT architecture [84],
these methods have been adapted to stereo matching with
impressive results. By bypassing explicit cost aggregation
and instead iteratively updating a disparity estimate using
a high-resolution cost volume, these methods address key
limitations of conventional approaches. Speci�cally, itera-
tive stereo enables the direct use of high-resolution cost
volumes without the computational burden of 3D convolu-
tions, making it applicable to high-resolution images. More-
over, by avoiding a prede�ned disparity range, it can handle
a wide range of disparities without sacri�cing accuracy or
ef�ciency. In fact, the recurrent nature of the update operator
allows for a �exible trade-off between accuracy and speed
through a variable number of iterations.

RAFT-Stereo [Code] [5], a deep stereo architecture in-
spired by the optical �ow network RAFT [84], has been a
game-changer for recent stereo solutions. By introducing
novel principles, illustrated in Fig. 3, such as lightweight
cost volumes, and iterative re�nement, RAFT-Stereo has
paved the way for more ef�cient and effective processing
of high-resolution stereo pairs. The architecture consists
of three main components: a feature extractor, a correla-
tion pyramid, and a Convolutional Gated Recurrent Units
(ConvGRU)-based update operator. The feature extractor
comprises a feature encoder, applied to both images to
generate dense feature maps, and a context encoder, applied
only to the left image to initialize the update operator
and inject context features. The correlation pyramid is con-
structed without prede�ning the range of disparities by
computing the visual similarity between feature vectors,
restricting the computation to pixels sharing the same y-
coordinate, resulting in a 3D cost volume:

C ijk =
X

h

f ijh � gikh ; C 2 RH � W � W (1)

Here, C represents the cost volume, f and g are the dense
feature maps extracted from the left and right images, re-
spectively. This lightweight cost volume is computed using
a single matrix multiplication, making it computationally
ef�cient. The update operator iteratively retrieves local
cost values from All-Pairs Correlations (APC) and updates
the disparity �eld using multi-resolution ConvGRUs with
cross-connections. The multi-level GRUs ef�ciently prop-
agate information across the image, improving the global
consistency of the disparity �eld. This iterative re�nement
process allows for a trade-off between accuracy and ef�-
ciency through early stopping. The �nal disparity is upsam-
pled to the original resolution using a convex upsampling
method. Building upon the principles introduced by RAFT-
Stereo, several methods have proposed enhancements and
adaptations to address speci�c challenges. Among them,
ORStereo [17] addresses the challenge of training stereo
matching models on high-resolution images with large
disparity ranges by proposing a two-phase approach. It
estimates a down-sampled disparity map and occlusion
mask in the �rst phase, followed by patch-wise re�nement
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Fig. 3:RAFT-Stereo [5] architecture. It constructs a correlation pyramid from correlation features (blue) extracted from each
image. A context encoder extracts “context” image features (white) and an initial hidden state. The disparity �eld starts
at zero. In each iteration, the GRU(s) (green) sample from the correlation pyramid using the current disparity estimate.
Sampled correlation features, initial image features, and current hidden state(s) are processed by the GRU(s) to update the
hidden state and disparity estimate. Picture from [5].

using a recurrent residual updater (RRU) and a normalized
local re�nement (NLR) module in the second phase. The
RRU recurrently updates the disparity and occlusion pre-
dictions, while the NLR employs normalization techniques
to generalize to unseen disparity ranges. Building upon
the principles of iterative re�nement, CREStereo [Code]
[18] introduces a hierarchical network with recurrent re-
�nement and an adaptive group correlation layer (AGCL)
for robust matching. The AGCL computes correlations in
local search windows, reducing memory and computation
requirements, and incorporates deformable search windows
and group-wise correlations. In contrast, EAI-Stereo [Code]
[19] focuses on error correction by incorporating an error-
aware re�nement module that combines left-right warping
with learning-based upsampling, allowing the network to
learn error correction capabilities. IGEV-Stereo [Code] [20]
takes a different approach by building a Combined Ge-
ometry Encoding Volume (CGEV) that encodes geometry,
context information, and local matching details. It combines
a Geometry Encoding Volume (GEV), obtained through
lightweight 3D regularization of the cost volume, with All-
Pairs Correlations to provide both non-local geometry and
local matching details. DLNR [Code] [21], on the other
hand, focuses on preserving high-frequency information
during the iterative process by incorporating a Decouple
LSTM module, a Normalization Re�nement module, and
a multi-scale, multi-stage Channel-Attention Transformer
feature extractor. CREStereo++ [22] extends CREStereo by
introducing an uncertainty guided adaptive correlation
(UGAC) module to enhance robustness and accuracy. It em-
ploys a content-aware warping layer with learnable offsets
guided by variance-based uncertainty estimation, adjusting
the sampling range when building the cost volume to cap-
ture more potential correspondences in ill-posed regions.
Selective-Stereo [Code] [23] addresses the �xed receptive
�eld limitation by proposing a Selective Recurrent Unit
(SRU) with multiple GRU branches to adaptively capture
and fuse multi-frequency information, and a Contextual
Spatial Attention (CSA) module to guide the adaptive fusion

based on image regions.Any-Stereo [Code] [85] focuses on
maintaining the regularized disparity at a higher resolution
by modeling the disparity as a continuous representation
over 2D spatial coordinates using an Implicit Neighbor
Mask Function (INMF). It proposes Intra-scale Similarity
Unfolding (ISU) and Cross-scale Feature Alignment (CFA)
strategies to complement missing information and details in
the latent code. XR-Stereo [Code] [25], instead, presents an
architecture that leverages temporal information in video
streams. It employs a RAFT-style scheme, where the key
idea is to warp the previous frame's disparity and hidden
state to the current frame using camera poses, serving as a
warm-start for the GRU.

MC-Stereo [Code] [24] addresses the limitations of ex-
isting approaches in handling multi-peak distribution and
�xed search range by introducing a multi-peak lookup
strategy and a cascade search range during the iterative pro-
cess.MoCha-Stereo[Code] [26] tackles the loss of geomet-
ric edge details by capturing repeated geometric contours
across channels as motif channels that preserve common
geometric structures. It employs a Motif Channel Attention
(MCA) mechanism, a Motif Channel Correlation Volume
(MCCV), and a Reconstruction Error Motif Penalty (REMP)
module to recover lost geometric edge details through an
iterative process. Finally, ICGNet [Code] [27] builds over
existing architectures such as IGEV-Stereo and introduces
additional intra-view and cross-view geometry constraints,
by extracting keypoints with an off-the-shelf detector and
enforcing the image features extractor to predict the very
same keypoints (intra-view), as well as by forcing the very
correspondences between left and right image features as
those occurring between left and right keypoints processed
by an off-the-shelf matcher (cross-view).

2.1.4 Vision Transformer-based Architectures

In recent years, Vision Transformers (ViT) [86] have emerged
as a promising alternative to CNNs for various computer
vision tasks, including stereo matching. Transformers, orig-
inally developed for natural language processing [87], have
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demonstrated remarkable performance in capturing long-
range dependencies and global context information. These
methods move away from traditional cost-volume construc-
tion and instead formulate stereo matching as a sequence-
to-sequence problem, utilizing attention mechanisms to es-
tablish correspondences between pixels in the left and right
images. Key components of vision transformer-based stereo
matching include self-attention, cross-attention, and posi-
tional encoding schemes that provide spatial cues.

One of the pioneering works in this area is the STereo
TRansformer (STTR) [Code] [4], which introduces a Trans-
former architecture that, unlike traditional cost-volume con-
struction, relaxes the �xed disparity range constraint and
alternates between self-attention along epipolar lines and
cross-attention between left-right pairs. This approach al-
lows the network to capture long-range pixel associations
and resolve ambiguities in matching regions. Moreover,
the architecture incorporates a relative positional encoding
scheme to provide discriminative spatial cues and enforces
a uniqueness constraint during matching, ensuring one-to-
one correspondence between pixels across the stereo pair.

Building upon STTR, subsequent works have focused
on enhancing the contextual information and re�ning the
disparity estimation process. CEST [Code] [28] introduces
the Context Enhanced Path (CEP), a plug-in module that
extracts long-range context information from low-resolution
features. By following a coarse-to-�ne approach and em-
ploying attention masking, optimal transport for uniqueness
constraints, and post-processing modules like upsampling
and context adjustment, CEST achieves improved dispar-
ity map re�nement. Similarly, ChiTransformer [Code] [29]
proposes a self-supervised method with an encoder-decoder
transformer architecture, utilizing parallel ViT streams and
depth cue recti�cation blocks to fuse binocular cues and pro-
duce depth estimates. While these methods focus on static
stereo matching, Dynamic-Stereo [Code] [88] tackles the
challenge of temporally consistent disparity estimation from
stereo videos. By introducing a hybrid encoder-decoder
network that combines transformer-based attention across
space, view, and time with an iterative re�nement approach
similar to RAFT, Dynamic-Stereo achieves good results in
capturing dynamic scenarios.

Some works have also explored transformers for uni-
fying various dense correspondence tasks. For instance,
GMStereo [Code] [30] presents a uni�ed model for optical
�ow, recti�ed and unrecti�ed stereo matching tasks, formu-
lating them as a dense correspondence matching problem.
By exploiting cross-attention in a Transformer-based model
and employing parameter-free task-speci�c matching layers
(2D, 1D, or another form) to obtain dense correspondences,
GMStereo demonstrates the versatility and effectiveness of
transformers in handling multiple related tasks.

Pre-training has also emerged as a promising approach
to further improve the performance of ViT-based stereo
matching models. CroCo-Stereo [Code] [31] introduces a
large-scale pre-training approach that leverages a cross-view
completion pretext task to learn robust representations. The
pre-trained model, CroCo v2, utilizes a ViT encoder and
decoder architecture with self-attention and cross-attention
mechanisms, and is then �netuned for stereo matching
using a Dense Prediction Transformer (DPT) head, which di-

rectly processes the encoder and decoder features to predict
the �nal disparity, in contrast to existing methods relying on
cost volumes or iterative re�nement.

Recognizing the complementary strengths of cost-
volume-based and transformer-based approaches, ELFNet
[Code] [32] proposes a novel framework that fuses the two
paradigms. By employing heads in each branch to estimate
aleatoric and epistemic uncertainties using deep eviden-
tial learning, and introducing a two-stage fusion strategy,
ELFNet effectively integrates local and global information
based on the estimated uncertainties.

The progressive re�nement of disparity estimates in
occluded regions is another crucial aspect addressed by
ViT-based models. GOAT [Code] [33] introduces a parallel
disparity and occlusion estimation module (PDO) and an it-
erative occlusion-aware global aggregation module (OGA).
By exploiting restricted global spatial correlation within a
focus scope guided by the occlusion mask, GOAT achieves
robust disparity re�nement in occluded regions.

2.1.5 Markov Random Field-based Architectures

Markov Random Fields (MRFs) have been widely used in
traditional stereo matching methods before the advent of
deep learning, thanks to their ability to reduce matching
ambiguities in challenging regions by enforcing spatial co-
herence and smoothness constraints on the disparity map.
However, traditional MRF models rely on hand-crafted po-
tential functions and message passing procedures, which
often lead to suboptimal results. Recently, a new line of
research has emerged that aims to leverage the power of
deep learning to create fully data-driven MRF models for
stereo. The �rst attempt in this direction is the Neural
Markov Random Field ( NMRF ) model [Code] [34]. Speci�-
cally, NMRF introduces a novel fully data-driven approach
that consists of a local feature CNN, a Disparity Proposal
Network (DPN), a Neural MRF inference stage, and a
disparity re�nement stage. The local feature CNN extracts
multi-level features from the stereo pair, while the DPN
prunes the search space by identifying the top k disparity
modals for each pixel through neural message passing. The
inference stage performs coarse-level disparity estimation
using a probabilistic graphical model with self and neighbor
edges, where the potential functions and message passing
are learned through neural networks. Finally, the disparity
re�nement stage further improves the coarse estimates. The
model is trained using a combination of proposal loss,
initialization loss, and disparity loss, which measures the
discrepancy between candidate labels, cost volume, and
the ground truth disparity. By learning complex pixel re-
lationships and potential functions directly from data while
retaining the graph inductive bias of MRFs, NMRF opens
up new possibilities for combining the strengths of both
traditional MRFs and deep learning in stereo matching.

2.2 Ef�ciency-Oriented Architectures

While deep learning has enabled dramatic accuracy im-
provements over traditional stereo methodologies by train-
ing convolutional neural networks to learn powerful feature
representations and cost volume �ltering for better match-
ing, many deep stereo networks are too computationally



6

intensive for real-time operation, especially on embedded
or mobile devices with strict power, memory, and compu-
tational constraints. In such cases, there is an important
need to develop ef�cient deep neural architectures that can
provide the accuracy bene�ts of learned approaches while
operating at real-time speeds with low latency on low-
power edge devices.

2.2.1 Compact Cost Volume Representations
Ef�cient stereo matching often requires compact cost vol-
ume representations to reduce memory and computational
demands. Various approaches have been proposed to extract
essential matching information while suppressing redun-
dant data, enabling faster processing without signi�cant
accuracy degradation.

Among these frameworks, Fast DS-CS [Code] [35], un-
like most existing stereo networks using expensive learned
matching costs and 3D convolutions, uses traditional ef�-
cient matching costs to construct initial cost volumes and
learns a mapping to convert the cost information at each
pixel into a low-dimensional “cost signature” feature vector,
which is then processed using an encoder-decoder network
with 2D convolutions. In contrast, DecNet [Code] [36] pro-
poses a decomposition model that reduces the computa-
tional cost growth as resolution increases by decomposing
stereo matching into a dense matching at very low resolu-
tion and a series of sparse matchings at higher resolutions,
enabling logarithmic complexity growth. ACVNet [Code]
[37] introduces an attention-based �ltering approach, lever-
aging correlation clues and a multi-level adaptive patch
matching mechanism to generate the Attention Concatena-
tion Volume (ACV). PCVNet [Code] [38], instead, proposes
a parameterized cost volume representation that encodes
the entire disparity space using a multi-Gaussian distri-
bution, allowing for a global view of the disparity space
and progressively focusing on local regions for �ne-grained
matching. IINet [39] aims to address the redundancy in
explicit 3D cost volumes by proposing a compact 2D im-
plicit network, incorporating intra-image context informa-
tion, Fast Multi-scale Score Volume (FMSV), Con�dence
Based Filtering (CBF), and Intra-Inter Fusing (IIF) network
with Residual Context-aware Upsamplers (RCUs) for en-
hanced information transmission. These methods employ
different strategies, such as cost signatures, dense-sparse
decomposition, attention-based �ltering, parameterized rep-
resentations, and implicit networks, to achieve compact yet
informative cost volume representations.

2.2.2 Ef�cient Cost Volume Processing
Processing high-dimensional cost volumes can be a major
bottleneck in real-time stereo matching. To address this, var-
ious techniques have been developed to ef�ciently process
cost volumes, such as cascaded architectures, edge-aware
upsampling, and multi-scale feature extraction.

Accordingly, CasStereo [Code] [89] addresses this by
proposing a cascade cost volume formulation, construct-
ing a cost volume using a feature pyramid and iteratively
narrowing down the depth range at each stage, recovering
the output in a coarse-to-�ne manner. In contrast, BGNet
[Code] [41] focuses on edge-preserving cost volume up-
sampling using a learned bilateral grid, enabling ef�cient

upsampling while preserving sharp edges and allowing
computationally expensive operations to be performed at
lower resolutions without compromising accuracy. MAB-
Net [Code] [42] introduces the Multibranch Adjustable Bot-
tleneck (MAB) module for multi-level feature extraction,
with the 2D MAB module having three branches with dif-
ferent dilation rates and the 3D MAB module factorizing 3D
convolutions into disparity-wise and spatial convolutions,
aiming for high accuracy with a small model size. Tem-
poralStereo [Code] [43], instead, employs a coarse-to-�ne
architecture with sparse cost volumes, enriching them with
multi-level context, statistical fusion for robust, global cost
aggregation, and an adaptive shifting strategy that adjusts
the disparity candidates based on the aggregated costs.
Moreover, it can seamlessly operate in both single stereo
pair and temporal modes, leveraging past information to
boost matching accuracy with a negligible runtime increase.

2.2.3 Compact Architectures
Computing the cost volume is the primary contributor to
computational complexity in end-to-end networks, but not
the only one. Thus, designing an architecture that is compact
in any part can further decrease complexity.

For instance,StereoVAE [44] proposes a computationally
ef�cient and lightweight framework combining a traditional
matching algorithm and a variational autoencoder (VAE)
based neural network. Initially, the former generates a
coarse disparity map from a low-resolution stereo image
pair, leveraging its low computational complexity. Subse-
quently, a tiny VAE-based network upscales and re�nes the
coarse disparity map, taking the coarse map and the left
image as inputs.

MobileStereoNet [Code] [51] proposes a 3D and a 2D
lightweight stereo models to pursue ef�ciency. The for-
mer builds upon GwcNet-g [83], while the latter uses 2D
encoder-decoder to process a 3D cost volume, which is
constructed ef�ciently using a new ”Interlacing Cost Vol-
ume” module. Both models replace various components
with 2D and 3D versions of MobileNet-V1 and MobileNet-
V2 convolution blocks to further reduce complexity.

Bringing lightweight design to the extreme, PBCStereo
[49] is a fully binarized deep stereo network. To mitigate
accuracy degradation due to quantization, PBCStereo intro-
duces the Interpolation+Binary Convolution (IBC) module
to replace binary deconvolutions and fuse shallow/deep
features, and proposes the Binary Input Layer (BIL) coding
method to binarize inputs while preserving pixel preci-
sion. PBCStereo incorporates IBC modules for any of fea-
ture extraction, cost aggregation, and disparity re�nement
stages. FADNet [Code] [47] focuses on ef�cient 2D-based
correlation layers with stacked residual blocks. It employs a
DispNetC-based backbone extensively reformed with resid-
ual blocks, point-wise correlation layers, and multi-scale
residual learning, adopting a coarse-to-�ne training strategy
with a loss weight scheduling technique. HITNet [Code]
[48] avoids building a full 3D cost volume and uses fast
multi-resolution initialization. The disparity map is rep-
resented as planar tiles with learnable feature descriptors
at multiple resolutions, and the network iteratively re�nes
disparity hypotheses via differentiable 2D geometric propa-
gation and warping, reasoning about slanted plane hypothe-
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ses for accurate warping and upsampling in coarse-to-�ne
manner. CoEX [Code] [46], instead, pursues ef�ciency and
accuracy through the Guided Cost volume Excitation (GCE)
module, which utilizes extracted image features from the
MobileNetV2 [90] backbone to excite relevant channels in
the cost volume, improving feature extraction without sig-
ni�cant computational overhead. CoEX also introduces top-
k selection before soft-argmin disparity regression, comput-
ing the �nal disparity estimate using only the top-k match-
ing cost values. AAFS [Code] [50] combines an ef�cient
backbone made of depthwise separable convolutions, an
attention-aware feature aggregation (ACCV) module, and
a cascaded 3D CNN architecture to achieve real-time stereo
on edge devices. The ACCV module adaptively aggregates
information from different scales of the feature maps, en-
hancing their representational capacity, while the cascaded
3D CNN architecture regularizes cost volumes at multiple in
coarse-to-�ne manner. Lastly, MADNet 2 [Code] [45] revises
MADNet [91] with the all-pairs correlation module from
RAFT-Stereo, while removing its original context network.
Combined with re�ned augmentation techniques, these
modi�cations enable MADNet 2 to signi�cantly outperform
its predecessor while preserving computational ef�ciency.

2.3 Multi-task Deep Architectures

In this section, we focus on models combining stereo match-
ing with other dense tasks within a multi-task framework.

2.3.1 Semantic Stereo Matching

Integrating semantic information into stereo matching has
the potential to signi�cantly improve the performance of
depth estimation algorithms. By exploiting high-level se-
mantic cues, these methods can better handle challenging
scenarios such as textureless regions, occlusions, and depth
discontinuities. Despite the many attempts [92], [93], [94],
[95] reported in previous surveys [2], only few further
works have emerged in the 20s, speci�cally targeting real-
time stereo matching with semantic guidance. Among them,
RTS 2Net [52] proposes a lightweight, real-time architec-
ture for joint semantic segmentation and disparity esti-
mation. Key aspects include a multi-stage, coarse-to-�ne
pyramidal decoder design for trading accuracy and speed,
a shared encoder extracting common features for both tasks,
separate semantic and disparity decoders operating on the
shared features, and a synergy re�nement module that
exploits the complementarity between semantics and depth.
SGNet [53], instead, built upon PSMNet [96], introduces
three modules to embed semantic constraints: a con�dence
module computing the consistency between disparity and
semantic features, a residual module optimizing the initial
disparity map based on semantic categories, and a loss mod-
ule supervising disparity smoothness based on semantic
boundaries and regions.

2.3.2 Normal-Assisted Stereo Matching

These methods aim to exploit the geometric constraints
between depth and surface normals to regularize the depth
estimation process and enhance the overall performance.
One notable example of this approach is HITNet [48], which
achieves high accuracy by geometrically reasoning about

disparities and inferring slanted plane hypotheses. Building
upon a similar concept, NA-Stereo [54] was proposed for
generic multi-view stereo that can also be applied to the
classic binocular stereo matching task. The key idea is to
incorporate a normal estimation network (NNet) into the
depth estimation framework, jointly optimizing for both
depth and normals through a consistency loss. The method
constructs a 3D cost volume by plane sweeping and ac-
cumulates multi-view image information, which is then
regularized by NNet that predicts surface normals from the
accumulated features.

2.3.3 Joint Stereo And Optical Flow

This family of frameworks processes stereo videos by jointly
estimating three elements for each pair of consecutive left
images: the disparity map for that image pair, the opti-
cal �ow between the two left images, and optionally, the
change in disparity between them. Predicting these three
cues together allows for estimating the 3D scene �ow of
the observed scene [97]. It is worth mentioning that, among
the literature, several works directly estimate 3D scene �ow
starting from point clouds or pre-computed disparity maps
[98], [99]. Here, we survey only those approaches estimating
disparity maps as well. Among these, DWARF [Code] [55]
proposed a compact coarse-to-�ne architecture estimating
disparity, �ow, and disparity change at multiple scales, by
building compact correlation volumes exploiting features
warping across the scales. Speci�cally, a 3D correlation layer
is deployed across the correlation scores computed between
two consecutive stereo pairs. On the contrary, Ef�scene [56]
tackles scene �ow estimation in an unsupervised manner, by
decomposing the task into predicting stereo depth, optical
�ow, camera poses, and motion segmentation. The four
ingredients combined together allow for estimating the 3D
scene �ow of the scene in the absence of any annotation.
Finally, Feature-Level Collaboration [57] follows the same
track and proposes an architecture for joint estimation of
stereo depth and optical �ow, followed by a pose decoder
estimating the camera ego-motion from the previous two
predictions.

2.4 Beyond Visible Spectrum Deep Stereo Matching

In recent years, there has been a signi�cant increase in
the use of modalities beyond conventional color cameras
for various tasks. This section examines frameworks that
perform stereo estimation by combining color imagery with
data from external depth sensors or different types of
cameras, or by operating entirely outside the visible RGB
spectrum.

2.4.1 Depth-Guided Sensor Stereo Matching

Guided stereo matching aims to enhance the accuracy and
robustness of stereo networks by leveraging sparse depth
cues from external sensors, such as LiDAR. These depth
hints, independent of visual appearance, help to overcome
limitations in challenging scenarios like textureless regions
and mitigate the impact of domain shift.

Pseudo-LiDAR++ [58] adapts a stereo network to di-
rectly estimate depth by constructing a depth cost volume
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and re�nes the estimates using a graph-based depth cor-
rection algorithm that propagates sparse LiDAR measure-
ments. In contrast, LiStereo [59] employs a two-branch
architecture, with a color image branch for stereo feature
extraction and a LiDAR branch for processing sparse depth
maps, which are then fused to output dense depth maps.

The Sparse Signal Superdensity (S3) [60] framework,
instead, addresses the challenges of low density and imbal-
anced distribution of sparse depth cues by expanding the
depth estimates around sparse signals based on the RGB
image and controlling their in�uence through con�dence
weighting. LSMD-Net [61] fuses LiDAR and stereo infor-
mation using a dual-branch disparity predictor, where the
outputs from these branches are fused at each pixel using a
mixture density module that models the estimated disparity
at each pixel as a probability distribution using Laplacian
distributions. The �nal disparity map is then determined by
the expectation of the more con�dent branch.

Differently from the previous strategies, VPP-Stereo
[Code] [62] uses depth measurements from an active sensor
to hallucinate patterns onto the stereo images, thus simplify-
ing visual correspondence. Various patterning strategies are
proposed to improve performance. The hallucinated stereo
pair is processed by any stereo matching algorithm (either
learned or hand-crafted) to obtain dense depth estimations.
Lastly, SDG-Depth [Code] [100] incorporates a sparse Li-
DAR deformable propagation module to generate a Semi-
Dense hint Guidance map and a con�dence map, which
guide cost aggregation in stereo matching. Additionally,
SDG-Depth introduces a learned disparity-depth conversion
module to reduce triangulation errors.

2.4.2 Event-Camera-Based Stereo Matching

Event cameras [101], also known as neuromorphic cameras,
are peculiar sensors designed to mitigate the shortcomings
of conventional imaging devices, such as limited dynamic
range, sensor noise, and motion blur caused by rapid move-
ments. In contrast to color cameras, which capture frames
at �xed intervals, event cameras operate asynchronously.
As will be discussed, the majority of these methods adapt
successful models from traditional stereo literature [2] to
this novel paradigm, primarily by developing appropriate
techniques for handling asynchronous event streams.

Speci�cally, given a timestamp td at which disparity map
estimation is desired, events are usually sampled backward
in time from the stream, either based on a time interval (SBT)
or a maximum number of events (SBN), and processed to
obtain tensors ready to be processed by standard CNNs.

The pioneering effort dates back to the 2010s: DDES
[Code] [63], inspired by the previous successes in the
classical stereo literature [102]. Events are organized in
queues and processed by temporal fully connected layers,
implemented as MLPs to aggregate the information encoded
along time by the events, and used to build a 4D cost
volume, optimized with a 3D UNet inspired by GC-Net
[102].

More recent works delved into strategies for codifying
the events streams:SE-CFF[Code] [64] aims at solving the
loss of meaningful events due to overriding, by proposing
a ConcentrationNet for aggregating the events streams into

a compact representation preserving �ne details. Further-
more, SE-CFF distills knowledge from future events during
training to compensate for the missing information in past
events. SE-CFF builds a correlation-based cost volume and
processes it with dilated 2D convolutions [8] and a 2D
UNet to get the �nal prediction. Given the many events
sampled from streams, SCSNet [65] implements a differ-
entiable mechanism for retaining only those relevant for
estimating disparity at the desired timeframe. Furthermore,
a Neighbor Cross Similarity Feature (NCSF) extraction mod-
ule is designed to encode the similarity across the different
modalities – images and events. SCSNet uses group-wise
correlation layers [83] and 3D convolutions in its backbone.
In contrast, DTC-SPADE [66] samples events according to
SBT and stores them in voxel grids, that are processed by
Discrete-Time Convolution (DTC) modules – recurrent oper-
ators designed to embed data in a variety of temporal scales.
Furthermore, spatially adaptive denormalization modules
(SPADE [103]) are used to complement the sparse voxel grid
embeddings with edge information from the original raw
events. Following DDES [63], DTC-SPADE deploys a GC-
Net-like backbone [102] to predict a dense disparity map.
Peculiarly, ADES [67] focuses on domain adaptation of an
event-stereo model, either based on AANet [8] or PSM-
Net [96], trained on the pseudo-events frame generated by
EventGAN [104] from color images. During adaptation on
real events streams, these are used to generate pseudo-color
images [105] and compute a smudge-aware self-supervised
loss. Furthermore, a Motion-invariant Consistency module
is designed to perturb events and simulate slower or faster
motion and then impose a consistency loss between the dis-
parity maps obtained from perturbed and original inputs.

Eventually, some frameworks emerged to process both
color and events. EI-Stereo [Code] [68] has been proposed
to match pairs of event and color images to exploit the
best of the two worlds. An event-intensity recycling net-
work iteratively processes each image with a single channel
of the corresponding event stack – from the most recent
to the oldest – while keeping a hidden state propagated
through the channels. Then, an AANet-like architecture [8]
is deployed for estimating the disparity map. On the same
track, EFS[69] deploys distinct feature extractors for images
and events. The features are fused across the modalities and
used to build a correlation-based, multi-scale cost volume,
that passes through a 3D aggregation network to estimate a
dense disparity map. An additional cost volume between
event features is built at training time, and processed to
obtain a sparse disparity map.

Lastly, SAFE [70] estimates disparity from asymmetric
inputs – a color image and an event stream – by divid-
ing the task into three sub-problems: i) asymmetric color-
event matching, ii) color Structure-from-Motion (SfM), and
iii) event SfM. Two feature extractors process images and
events, and then three cost volumes are built, i) between
image and events, ii) time-adjacent images, and iii) time-
adjacent events, and combined in a single volume, to be
processed by a fusion module deploying 3D ConvLSTMs.

2.4.3 Gated Stereo Matching
Adverse weather conditions such as fog and snow can
signi�cantly affect the performance of conventional color
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cameras. Gated cameras [106] are designed to be robust
against these conditions. During acquisition, an illuminator
emits light to �ood a speci�c range of the scene in front of
it. Multiple acquisitions are performed by illuminating pre-
determined distances (slices) – each one not interfering with
the others – and then accumulated in a single frame. Gated
Stereo [71] utilizes a synchronized wide-baseline gated
stereo camera and deploys a network made of monocular
and stereo branches, exploiting both time-of-�ight intensity
cues and multi-view cues, respectively. These branches are
combined through a fusion network to produce the �nal
depth map. The framework is trained in a semi-supervised
manner, with a novel ambient-aware and illuminator-aware
self-supervised loss on gated images.

2.4.4 Pattern Projection-Based
Pattern projection-based approaches for active stereo vi-
sion have gained signi�cant attention in recent years due
to their ability to enhance depth estimation accuracy and
robustness in challenging scenarios. These methods employ
a projector to cast a structured light pattern onto the scene,
providing additional cues for stereo matching. By exploit-
ing the known pattern geometry and the correspondence
between the projected pattern and the captured images,
pattern projection-based techniques can effectively handle
textureless regions, and other ambiguities that often pose
dif�culties for traditional passive matching algorithms. The
projected patterns are typically designed to have high spa-
tial frequency and good uniqueness properties to facilitate
accurate and ef�cient stereo matching.

In the 10s, ActiveStereoNet [72] appeared as the pi-
oneering work in end-to-end learning for active stereo
systems, introducing a novel reconstruction loss based on
local contrast normalization (LCN) to address the challenges
of illumination variations and textureless regions. Further-
more, ActiveStereoNet proposes an invalidation network
to explicitly handle occlusions, which is trained end-to-
end without ground-truth data. Building upon this foun-
dation, In the 20s, Polka Lines [73] takes a step further
by jointly learning the structured illumination pattern and
the reconstruction algorithm, parameterized by a diffractive
optical element (DOE) and a neural network, respectively.
This joint optimization approach enables the learned ”Polka
Lines” patterns to be tailored to the reconstruction network,
achieving high-quality depth estimates across various con-
ditions. Activezero [74] addresses the lack of real-world
depth annotations by proposing a mixed-domain learning
framework that combines supervised learning on synthetic
data with self-supervised learning on real data. It introduces
a novel temporal IR reprojection loss that is more robust
to noise and textureless patches and invariant to illumi-
nation changes. Despite the similarities with Polka Lines,
it focuses on improving generalization. MonoStereoFusion
[75] takes a different path by integrating a monocular struc-
tured light subsystem and a binocular stereo subsystem to
leverage their complementary advantages. The monocular
subsystem handles textureless regions, while the binocular
subsystem is used for distant objects and outdoor scenes.
In contrast to other methods, MonoStereoFusion introduces
an IR camera without a narrow-band �lter, allowing it to
receive both visible and IR light simultaneously. Lastly,

ActiveZero++ [76] extends the ActiveZero framework by
incorporating an illumination-invariant feature matching
module and a con�dence-based depth completion module.
The illumination-invariant feature matching module uses a
self-attention mechanism to learn robust features that are
insensitive to illumination variations. The con�dence-based
depth completion module uses the con�dence from the
stereo network to identify and improve erroneous areas in
depth prediction through depth-normal consistency.

2.4.5 Cross-Spectral Stereo Networks
Cross-spectral stereo matching has emerged as a promising
approach for estimating depth by �nding correspondences
between images captured in different spectral bands, such as
visible (RGB) and near-infrared (NIR), short-wave infrared
(SWIR), or thermal infrared (TIR). Indeed, in many real-
world scenarios, RGB stereo matching often struggles to �nd
reliable correspondences – e.g., in low-light conditions, fog,
etc. By leveraging the distinct appearance characteristics of
materials and objects across different spectral bands, cross-
spectral stereo aims to overcome these limitations. This
comes with unique challenges, such as the signi�cant ap-
pearance differences between images from different spectral
bands or the scarcity of annotated, cross-spectral datasets.

Before the 20s,CS-Stereo [77] processed RGB and NIR
images without depth supervision. It simultaneously esti-
mates disparity and translates the RGB image to a pseudo-
NIR image using a disparity prediction network and a
spectral translation network, incorporating a material recog-
nition network to handle unreliable matching regions. Sim-
ilarly, UCSS [78] employed a spectral translation network
based on F-cycleGAN to minimize appearance variations
between cross-spectral images and a stereo matching net-
work to estimate disparity, enabling iterative end-to-end
unsupervised learning. SS-MCE [79] takes a different ap-
proach, estimating dense �ow �elds between images of
different spectra without requiring ground truth. It employs
a dual-spectrum siamese-like structure with two �ow esti-
mation modules, each estimating the �ow �eld to align one
image with the other and then warp it back, demonstrating
its versatility across different spectral combinations. RGB-
MS [80] focuses on registering RGB and MS images with
different resolutions using a self-supervised deep archi-
tecture consisting of coarse and �ne-grained sub-modules,
employing a proxy label distillation strategy for supervision.
DPS-Net [81], instead, is an end-to-end network for polari-
metric stereo depth estimation that leverages multi-domain
similarity and geometric constraints, constructing RGB and
polarization correlation volumes, introducing an iso-depth
cost to handle polarization ambiguities, and employing a
cascaded dual-GRU architecture to recurrently update the
disparity. Finally, Gated-RCCB [82] is an approach that
fuses high-resolution RCCB and gated NIR cameras to es-
timate dense, accurate depth maps. It exploits active and
passive signals across visible and NIR spectra, proposing
a cross-spectral stereo network with a fusion module to
effectively integrate features from both modalities.

3 CHALLENGES AND SOLUTIONS

The development of more accurate stereo architectures in
the 2020s allowed researchers to tackle many challenges that
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DSMNet [107], FCStereo [108], GraftNet [109], ITSA [110], HVT [111]
MRL-Stereo [112], MS-Nets [113], ARStereo [114], NDR [115], [116]
EVHS [117], LSSI [118], NS-Stereo [119], DKT-Stereo [120]

Flow2Stereo [121], Reversing-Stereo [122], Revealing-Stereo [123],
MultiscopicVision [124], PASMNet [125], StereoGAN [126]
AdaStereo [127], UCFNet [125], TiO-Depth [128], RAG [128]

AoHNet [129], MAD++ [130], PointFix [131], FedStereo [45]

SM-CDE [132], AcfNet [133], CDN [134], LaC [135]

SMD-Nets [136], ADL [137]

DDF [138], TA-Stereo [139], Depth4ToM [140]

VI-Stereo [141], NDR [115], [116], DA-AS [142], SASS [143]

Fig. 4: A taxonomy of the main challenges (and solutions)
in deep stereo matching. For each, we highlight the key
problem areas and novel techniques developed.

were unresolved in the late 2010s [2]. As illustrated in Fig. 4,
these challenges can be categorized into four main groups,
discussed in the following sections.

3.1 Domain Shift

Existing deep stereo networks achieve remarkable perfor-
mance when trained and tested on data from the same
domain. However, when these models are deployed to the
target scenarios, they often encounter a signi�cant drop in
performance due to the domain shift between the training
and testing data. This shift can be attributed to:

� Variations in color, illumination, contrast, and texture.
� Differences in stereo camera setups, such as baseline

distance, focal length, and sensor properties.
� Variations in the disparity range due to different depths

of the scenes (e.g., indoor vs. outdoor environments).
These differences can make stereo networks learn domain-
speci�c features or shortcuts that do not transfer well to
novel scenarios. To address this challenge, several tech-
niques have been explored lately.

3.1.1 Zero-Shot Generalization

Zero-shot generalization refers to the capability of a stereo
network to generalize from one domain ( e.g., synthetic
data) to a completely different domain ( e.g., real-world
scenes) without the need for �ne-tuning or adaptation. This
is particularly desirable when collecting stereo images or
ground truth data for the target domain is expensive or
infeasible. It is worth mentioning that the recent iterative
models reviewed in Sec. 2.1.3 excel at this [119], despite not
implementing any strategy speci�c for this purpose.

a) Domain-Agnostic Feature Modeling

These methods focus on various aspects, such as feature
regularization, feature consistency, shortcut avoidance, and
representation learning, each tackling the problem from
a unique perspective while sharing the common goal of
learning robust, domain-invariant representations. DSMNet
[Code] [107] and FCStereo [Code] [108] both aim to learn
domain-invariant features, but they differ in their approach.
DSMNet introduces a Domain Normalization (DN) layer
to regularize the distribution of learned features across
spatial and channel dimensions, reducing sensitivity to
image-level style variations and local contrast differences

between domains. In contrast, FCStereo focuses on explicitly
encouraging feature consistency between matching pixels
from left and right views through two loss functions: the
stereo contrastive feature (SCF) loss and the stereo selec-
tive whitening (SSW) loss. While DSMNet emphasizes fea-
ture regularization, FCStereo prioritizes feature consistency
across domains.GraftNet [Code] [109] takes a different path
by leveraging broad-spectrum features from a model pre-
trained on large-scale datasets. It grafts these features to
the cost aggregation module of an existing stereo network
and uses a shallow network to restore task-related informa-
tion. In comparison to DSMNet and FCStereo, which learn
domain-invariant features from scratch, GraftNet exploits
existing knowledge from pre-trained models to improve
generalization. ITSA [Code] [110] and HVT [Code] [111]
both address the issue of shortcut learning, where net-
works exploit spurious correlations or super�cial cues in
synthetic training data rather than learning transferable
representations. On the one hand, ITSA uses information-
theoretic losses to automatically restrict the encoding of
shortcut-related information into feature representations by
combining the task loss with an approximation of the Fisher
information loss. On the other hand, HVT emphasizes data
augmentation, by transforming synthetic training images
hierarchically at global, local, and pixel levels to diversify
the training domain and prevent the model from learning
dataset-dependent shortcuts. MRL-Stereo [112], instead, in-
troduces an approach to learning domain-invariant repre-
sentations using masked representation learning. By feeding
a masked left image and a complete right image into the
model and reconstructing the original left image, MRL-
Stereo encourages the learning of structural and domain-
invariant features.

b) Non-parametric Cost Volumes

Non-parametric cost volume construction methods build
cost volumes using conventional, domain-agnostic match-
ing functions rather than relying on learned features
that may be sensitive to domain-speci�c characteristics.
Matching-Space Networks (MS-Nets ) [Code] [113], for ex-
ample, move the learning process from the color space
to the Matching Space by replacing learning-based feature
extraction with four conventional matching functions (NCC,
ZSAD, CENSUS, and SOBEL) and their associated con�-
dence scores. These functions and scores are combined to
generate a 4D matching volume, which is then regularized
using adapted versions of popular architectures like GCNet
[102] and PSMNet [96]. Similarly, ARStereo [Code] [114]
leverages Census Transform binary patterns as the matching
features for building cost volumes, together with a backbone
applied to extract high-level semantic contextual features
from the reference image alone, avoiding the vulnerabilities
of matching at features level. Then, this hybrid cost volume
is regularized through the remaining layers.

c) Integration of Additional Geometric Cues

Incorporating complementary geometric information, such
as sparse depth hints or re�ned disparities from traditional
algorithms, can guide stereo networks toward more ro-
bust and generalizable predictions. Two notable methods
in this direction are Neural Disparity Re�nement ( NDR )
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Trained on SceneFlow [144], with GT Trained on Real-World data [119], without GT

Reference image [145] Graft-PSMNet [109] ITSA-PSMNet [110] LSSI-PSMNet [118] NS-PSMNet [119]
Fig. 5: Qualitative comparison – PSMNet variants. From left to right: reference image, disparity maps predicted by
networks trained on synthetic data with ground-truth (Graft-PSMNet, ITSA-PSMNet) or on real data without any ground-
truth (MfS-PSMNet, NS-PSMNet).

[Code] [115], [116] and Expansion of Visual Hints for Stereo
(EVHS) [117]. On the one hand, NDR combines traditional
stereo algorithms with deep learning to obtain re�ned,
high-resolution disparity maps with sharp edges. Trained
solely on synthetic data, the network can re�ne and super-
resolve disparity maps from any source, including classical
stereo methods or deep stereo networks, generalizing well
to real images in a zero-shot manner. On the other hand,
EVHS exploits visual hints from visual-inertial odometry.
The method expands sparse and unevenly distributed 3D
cues using a 3D random geometric graph, connecting hints
that are close in the 3D world to improve the learning and
inference process, �ltered by con�dence. Expanded hints
are integrated within DeepPruner [146], guiding the dif-
ferentiable patchmatch algorithm within a narrow disparity
range.

d) Real-World Monocular to Synthetic Stereo Data

Generating diverse, realistic training data is crucial for
improving generalization. To address this, approaches like
rendering synthetic data or using real-world single/sparse
images have been proposed. Methods like Learning Stereo
from Single Images (LSSI) (LSSI) [Code] [118] and NeRF-
Supervised Deep Stereo (NS-Stereo) (NS-Stereo) [Code]
[119] create diverse stereo training data directly from eas-
ily acquired real-world monocular images. This exposes
stereo networks to natural textures/appearances, promoting
zero-shot generalization, while enabling training on numer-
ous scenes leveraging intrinsic real-world visual properties.
Speci�cally, LSSI leverages pre-trained monocular depth
networks ( e.g., MiDaS [147]) to predict depth maps for single
images, which are then converted to disparity maps and
used both to synthesize stereo pairs, as well as pseudo-labels
for training a stereo network. Similarly, NS-Stereo generates
stereo training data from sparse real-world image sequences
captured with a single handheld camera. However, instead
of using monocular depth estimation, NS-Stereo �ts a NeRF
model [148] to each scene and uses it to render arbitrary
stereo pairs by synthesizing a reference view and a target
view displaced by a virtual baseline. Interestingly, NS-Stereo
takes a step further by generating stereo triplets to handle
occlusions in the photometric loss and exploiting the depth

maps rendered by NeRF as proxy supervision.

e) Knowledge Transfer

Fine-tuning a pre-trained network often harms generaliza-
tion itself. This happens, in particular, when the original
training dataset is much larger than the few samples used
for �ne-tuning, however, few works focused on overcoming
this issue. On this path, DKT-Stereo [Code] [120] aims
at preserving the original, “Dark Knowledge” of a model
during �ne-tuning, with a frozen teacher network, an ex-
ponential moving average (EMA) teacher network, and a
student network, all initialized with the same pre-trained
weights. A further Filter and Ensemble (F&E) module dis-
cards the region being inconsistent across the pseudo-labels
by the frozen and the EMA teachers to avoid insuf�cient
regularization, and ensembles the labels in the consistent
region to prevent over�tting ground-truth details at the
expense of generalization.

3.1.2 Of�ine Adaptation

When a set of stereo pairs is available from an unseen do-
main, the domain shift can be compensated for by carrying
out of�ine domain adaptation. In the absence of ground-
truth annotations, a common approach consists of using
self-supervised learning techniques, such as photometric
losses, to either train from scratch a network specialized for
the target domain or to �ne-tune a pre-trained one.

Flow2Stereo [Code] [121] pursues the former strategy by
jointly learning optical �ow and stereo matching by exploit-
ing the 3D geometry of stereoscopic videos in two stages.
In the �rst stage, a teacher network predicts con�dent
optical �ow using photometric consistency and geometric
constraints. In the second stage, the student network is re-
�ned using a self-supervised loss and proxy learning tasks,
with the teacher network's con�dent predictions serving as
pseudo-labels. On the same track,Reversing-Stereo [Code]
[122] reverses the typical relationship between monocular
and stereo depth estimation [149]. At the core, a monocu-
lar completion network (MCN) leverages sparse disparity
points computed by any traditional stereo algorithm and
single-image cues to predict dense and accurate disparity
maps, by aggregating multiple MCN predictions with a
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randomized subset of the input points. These high-quality
proxy labels are then used to supervise the training of deep
stereo networks. Similarly, Revealing-Stereo [123] proposes
a framework to improve both stereo and monocular depth
estimation by leveraging their reciprocal relations, introduc-
ing an occlusion-aware distillation strategy to train a monoc-
ular depth network with reliable predictions from a stereo
network, and an occlusion-aware fusion module to combine
their advantages. TiO-Depth [Code] [150] , instead, is a
two-in-one self-supervised model handling monocular and
binocular tasks via a Siamese architecture with monocular
feature matching and multi-stage joint training. PASMNet
[Code] [125] deploys a parallax-attention mechanism (PAM)
integrating epipolar constraints with an attention mecha-
nism to calculate feature similarities along the epipolar line.
PASMnet, instead, employs this mechanism within a feature
extractor, a cascaded parallax-attention module for coarse-
to-�ne matching cost regression, and a disparity re�nement
module, and is trained with a combination of photometric
loss, smoothness loss, and PAM-speci�c losses that enforce
left-right consistency, smoothness, and cycle consistency of
the parallax-attention maps at multiple scales.

MultiscopicVision [124] proposes a self-supervised
framework for stereo matching utilizing multiple images
captured at aligned camera positions, introducing losses
to optimize the network without ground-truth. StereoGAN
[Code] [126] tackles the domain gap between synthetic and
real data by jointly optimizing a domain translation network
and a stereo matching network. The domain translation
component utilizes a GAN-based adversarial loss to gener-
ate realistic images from synthetic data while maintaining
stereo consistency and epipolar geometry through novel
constraints. By leveraging knowledge of the target domain,
StereoGAN effectively adapts synthetic data to more closely
resemble the characteristics of the real-world domain.

Assuming a pre-trained model, AdaStereo [127] aligns
input representations and improves cross-domain adapta-
tion ability, by deploying 1) a non-adversarial progressive
color transfer algorithm for input image-level alignment,
2) an ef�cient, parameter-free cost normalization layer for
channel-level feature alignment, to regulate the norm distri-
bution of pixel-wise feature vectors; and 3) a self-supervised
auxiliary task that reconstructs target-domain images using
predicted disparities and occlusion masks.

In contrast, UCFNet [Code] [125] extends CFNet [11]
and adapts a pre-trained model to the target domain using
the pseudo-labels predicted by the model itself, and �ltered
according to uncertainty. Lastly, RAG [Code] [128] exploits
NAS for discovering novel cells and adapting a pre-trained
network to a speci�c domain, by expanding its architecture.
Accordingly, RAG discovers a different structure for each
domain: at test time, the proper one is selected depending
on the domain faced, by a Scene Router network ensembling
a set of auto-encoders trained on the single domains during
adaptation.

3.1.3 Online Stereo Adaptation

When stereo images from the target domain are not avail-
able beforehand, a stereo network can be adapted in an
online manner during deployment [91]. In this case, stereo

image pairs from the target domain are collected continu-
ously, and the network adapts by relying on self-supervised
learning objectives, such as photometric consistency loss.
The main challenges of this setting consist of avoiding
degradation of the model and preserving ef�ciency.

The �rst works extending [91] are AoHNet [129] and
MAD++ [Code] [130]. Both enhance the effectiveness and
speed of the adaptation procedure by replacing photomet-
ric losses with pseudo-labels from traditional stereo algo-
rithms. In addition, AoHNet deploys an Adapt-or-Hold
(AoH) mechanism to �gure out whether to adapt or not,
thus reducing the overall computational overhead. In con-
trast, PointFix [131] exploits Model Agnostic Meta-Learning
(MAML) to improve online adaptation. In the inner loop,
wrong pixels are selected from the prediction by the base
network and �xed by a PointFixNet, which predicts residu-
als used to adapt the base network itself. In the outer loop,
both the base network and the PointFixNet are optimized
based on the performance of the former after adaptation. At
test time, only the inner loop is performed. Lastly, FedStereo
[Code] [45] casts online adaptation as a distributed process,
in which a server receives and aggregates updated weights
from a set of actively adapting clients. These weights are
then sent to a listening client not carrying out adaptation.
To minimize communication overhead, a strategy inspired
by MAD [91] is used to transfer only a subset of the weights.

3.2 Over-Smoothing

A common limitation of most stereo networks is their ten-
dency to over-smooth depth discontinuities. During infer-
ence, 3D stereo architectures typically employ a soft argmax
operation to obtain the �nal disparity estimate by calculat-
ing the mean of the often multimodal predicted distribu-
tion. This leads to disparity estimates falling between the
foreground and background modes, resulting in erroneous
predictions and over-smoothed depth discontinuities. This
approach leads to disparity estimates that fall between
the foreground and background modes, resulting in er-
roneous predictions and over-smoothed depth discontinu-
ities. 2D stereo architectures, despite not explicitly using
soft argmax, are still affected by this issue. This yields
inconsistent “bleeding” artifacts in the reconstructed 3D
geometry around object boundaries, highly undesirable for
applications requiring accurate reconstruction with precise
contours.

3.2.1 Unimodal Distribution Modeling

Unimodal distribution modeling aims to alleviate the over-
smoothing issue by constraining the disparity estimation to
a single dominant mode. SM-CDE [132] introduces a single-
modal weighted average operation during inference. It con-
siders the locality of the estimated disparity distribution and
applies weighted averaging only to the dominant mode.
Additionally, SM-CDE analyzes different loss functions and
demonstrates that using cross-entropy loss with Gaussian
distribution during training provides more stable and �ne-
grained supervision. Similarly, AcfNet [Code] [133] aims to
improve the sharpness of disparity maps by directly su-
pervising the cost volume with adaptive unimodal ground
truth distributions. It introduces a con�dence estimation
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