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Abstract. Despite rapid progress in learning-based stereo matching,
high accuracy is often achieved at the cost of heavy backbones and
computationally intensive 3D cost volume processing, resulting in sub-
stantial memory and runtime overhead. More critically, these methods
frequently struggle to generalize across domains, limiting their practi-
cal deployment. We present LiteMatch, a lightweight stereo matching
framework that achieves strong zero-shot generalization through cost
volume stabilization-without expensive 3D convolutions. LiteMatch em-
ploys two complementary encoders: a Cross-View Correspondence En-
coder (CVCE) to capture global cross-view interactions, and a High-
Frequency Encoder (HFE) that enhances fine structural details via FFT-
based frequency cues. To stabilize the cost volume, we introduce the Cost
Volume Consistency Loss (CVC-Loss), a voxel-wise binary cross-entropy
objective applied to softmax-normalized cost distributions. By encour-
aging sharp and unimodal disparity probabilities, CVC-Loss promotes
stable cost distributions and enables rapid convergence. A lightweight
refinement module further produces sharp full-resolution disparities with
low-iteration updates, avoiding heavy recurrent refinement. With a flexi-
ble design ranging from 3.36M to 9.58M parameters, LiteMatch achieves
exceptional zero-shot generalization, delivering competitive EPE and D1
performance across Scene Flow, KITTI, Middlebury, ETH3D, and Driv-
ingStereo. Our results establish that lightweight architectures can indeed
generalize across domains without sacrificing accuracy. Code

1 Introduction

Stereo depth estimation is a cornerstone of 3D perception, with critical appli-
cations in autonomous driving, robotics, and augmented reality (AR) (5; 33).
The task demands pixel-accurate disparity maps, particularly at object bound-
aries, while simultaneously meeting the strict real-time constraints of embedded
systems (18).

The advent of deep learning has fundamentally transformed this field. Early
models like PSMNet (3) and GA-Net (34) established a powerful paradigm:
building a 4D cost volume followed by regularization using 3D convolutional
neural networks (CNNs). While effective at encoding geometry, this approach
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Fig. 1: Zero-shot cross-domain generalization. (a) & (c) LiteMatch produces cleaner
disparity maps than state-of-the-art methods on challenging real-world scenes, (b) de-
spite having significantly fewer parameters. This demonstrates superior efficiency and
robustness to domain shift.

incurs prohibitive computational and memory costs due to the cubic complex-
ity of 3D convolutions. This limitation has motivated the exploration of more
efficient paradigms. RAFT-Stereo (13) pioneered a different strategy, replac-
ing volumetric processing with iterative refinement driven by a high-resolution
correlation pyramid. This achieved scalability but traded one bottleneck for an-
other: its lack of a strong geometric prior led to slow convergence and persis-
tent errors in low-texture regions (28). Subsequent works like IGEV-Stereo (28)
and Selective-IGEV (25) addressed this by hybridizing the approaches, using
lightweight 3D cost volumes to generate robust geometry encodings for initial-
izing iterative modules. Nevertheless, this hybrid paradigm still relies on 3D
convolutions, preserving significant computational overhead.

Alternatively, a second paradigm leverages massive foundation models and
monocular depth priors (6; 9; 27). While achieving impressive performance, these
methods require hundreds of millions of parameters and exhibit slow inference
speeds that preclude real-time deployment.

We identify a critical, underlying flaw common to these diverse state-of-the-
art approaches: a fundamental instability in the early feature matching process.
As visualized in Fig. 1 (a), even models with large, pre-trained backbones pro-
duce noisy and ambiguous cost volumes. This initial instability creates a de-
pendency cycle: noisy cost volumes necessitate either heavy 3D regularization
or dozens of iterative refinement steps to recover accurate disparities. Conse-
quently, the field has predominantly focused on designing increasingly powerful
corrective modules (large 3D CNNs, recurrent GRUs), while the root cause of
the noise remains unaddressed. This post-processing overhead constitutes the
primary bottleneck for efficiency and real-time deployment.
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Fig.2: Overview of LiteMatch. Our framework employs a progressive two-stage
scheme: (1) coarse training jointly optimizes the feature extractor and cost volume
using our CVC-Loss to establish stable cost volume representations; (2) refinement
training freezes Stage 1 components and trains only the transformer-based refinement
module with L1 loss to recover fine details. The default model performs efficient single-
pass inference, with iterative refinement (IR) extension for comparison.

This analysis leads to a fundamental question: Can we achieve robust, real-
time stereo matching by stabilizing the feature representation and cost volume at
the source, thereby eliminating dependency on 3D convolutions, large pre-trained
networks, and external monocular priors?

To address this challenge, we introduce LiteMatch, a novel stereo match-
ing framework designed to prevent cost volume instability at its source. Rather
than developing more powerful regularizers, LiteMatch ensures feature stability
and cost volume sharpness from the beginning. This principled approach elimi-
nates the need for 3D convolutions or large backbones, establishing an improved
balance between performance and complexity. Our main contributions are sum-
marized as follows:

— We propose LiteMatch, a lightweight zero-shot stereo matching framework
that operates without large backbone networks or monocular depth prior
guidance.

— We introduce a frequency-aware stereo representation that integrates promi-
nent correspondence features with high-frequency structural cues, improving
disparity estimation in structurally ambiguous regions.

— We propose CVC-Loss, a distribution-level supervision strategy that sta-
bilizes cost volume representations by enforcing inter-bin contrast across
disparity hypotheses, producing sharper and more discriminative initial pre-
dictions.

— We design a lightweight disparity refinement framework that achieves strong
single-pass performance and further attains state-of-the-art accuracy when
extended with iterative refinement.

We evaluate LiteMatch extensively on five benchmark datasets (KITTI 2012/2015,
Middlebury, ETH3D, and DrivingStereo). Results demonstrate that LiteMatch
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achieves superior performance and cross-domain generalization despite its lightweight
design, with comprehensive ablation study validating the contribution of each
core component of our proposed approach.

2 Related Work

Cost-Volume Regularization and Distribution Modeling. Cost volume
construction and regularization remain central to modern stereo matching. Early
deep stereo methods relied heavily on stacked 3D CNNs to suppress noisy corre-
lations and enforce spatial consistency, achieving strong accuracy at the expense
of computational cost. To improve efficiency, several works have explored alter-
native cost-volume processing strategies. CFNet (20) leverages multi-resolution
cost volumes to better handle large disparity ranges. ACFNet (35) promotes uni-
modal disparity distributions through adaptive filtering mechanisms. Bi3D (1)
reformulates stereo estimation as a sequence of binary disparity threshold classi-
fication problems for real-time inference. More recently, ADL (29) models dispar-
ity boundary uncertainty using Laplacian mixture distributions to better cap-
ture multi-modal ambiguities. These approaches reduce computational overhead
or improve uncertainty modeling, yet most methods still depend on either vol-
umetric processing, iterative refinement, or additional mechanisms to mitigate
ambiguous cost responses. Designing efficient strategies that maintain stable and
well-structured disparity distributions without heavy regularization remains an
active research direction.

Feature Extraction Architectures. Feature representation quality strongly
influences the reliability of stereo matching. Recent works increasingly adopt
large pretrained backbones or monocular priors to enhance cross-domain ro-
bustness (2; 6; 27; 31). While effective, such approaches typically incur sub-
stantial computational and memory overhead. Lightweight alternatives aim to
improve efficiency by simplifying backbone design or increasing spatial down-
sampling (e.g., DLNR (36)), which may reduce fine-grained detail preservation
and amplify ambiguity in low-texture or repetitive regions. Balancing efficiency
and feature fidelity remains a key challenge in lightweight stereo architectures,
particularly when striving for robust generalization across diverse domains.
Iterative Refinement Paradigms. Iterative update frameworks have become
dominant in high-accuracy stereo systems. RAFT-Stereo (13) introduced re-
current disparity refinement using correlation volumes and gated update opera-
tors. Subsequent works enhance this paradigm through normalization techniques
(DLNR (36)), motif-based attention mechanisms (MoCha-Stereo (4)), frequency-
adaptive fusion strategies (Selective-IGEV (25)), and integration of monocular
priors during refinement (MonSter (6)). These approaches achieve state-of-the-
art performance but often require multiple refinement iterations, increasing in-
ference latency. An alternative design is An alternative design is HITNet (22),
which avoids explicit 3D cost volumes by employing hierarchical tile-based re-
finement with planar patch propagation and geometric warping. This structured
geometric reasoning enables real-time performance with a compact parameter
count.
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Across both volumetric and geometric paradigms, a fundamental trade-off
persists between computational efficiency and cross-domain generalization. Ar-
chitectures optimized for lightweight inference often simplify feature extraction
or refinement, potentially weakening robustness in ambiguous or unseen environ-
ments. Conversely, models designed for strong generalization frequently rely on
large backbones, iterative updates, or heavy regularization, increasing computa-
tional cost. Balancing these competing objectives remains a central challenge in
modern stereo matching.

3 Methodology

An overview of our framework is illustrated in Figure 2. We propose LiteMatch,
a lightweight and eflicient stereo matching framework that achieves high perfor-
mance without relying on large backbone or depth prior. LiteMatch follows a
two-stage design comprising three core components: (1) a dual- branch encoder
for stable and geometry-aware feature extraction, (2) the CVC-Loss to stabilize
the cost volume during early stages of training, and (3) disparity refinement
module is non-iterative for faster inference, but can be optionally extended with
an iterative process for fair SOTA comparison. Importantly, our iterative re-
finement achieves comparable performance with fewer iterations than existing
methods.

Pipeline Overview: Given a rectified stereo pair I ;lIg 2 RH W 3 LiteMatch
estimates the final disparity map Dsina 2 RH W through a two-stage training
scheme. In Stage-1, the initial cost volume Cy is computed using correlation be-
tween features i 4 and fr4 from the dual-encoder, and Cs is calculated through
cost volume refinement (Sec. 3.2). In Stage 2, the Stage-1 parameters are frozen
to ensure stability, and a disparity refinement module is trained to take refined
C, and left feature L4 as inputs, generating a high-resolution disparity map
Dpase and its iterative refinement Dging.

3.1 Feature Extraction (Dual Encoders)

Feature quality critically affects stereo matching performance, yet existing back-
bones face two core limitations. On one hand, convolutional networks (25) pro-
vide strong local priors but are limited by small receptive fields, causing over-
smoothing in low-texture regions. On the other hand, transformer-based en-
coders (10; 11; 12; 36) capture global context but lose spatial precision due to
global attention. To overcome these limitations, LiteMatch employs a dual en-
coder that brings together two complementary inductive biases, a Cross-view
Correspondence Encoder (E;) for long-range correspondence modeling, and a
High-Frequency Encoder (E3) for edge and texture preservation (24). Fusing
these representations yields stereo features that are both globally coherent and
spatially sharp, improving disparity prediction under diverse conditions.

Cross-view Correspondence Encoder (E1): It uses a multi-head cross-
attention (CA) mechanism to establish dense correspondence between the left
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(X.) and right (XR) features, where X, -.r 2 RB © H W _We generate query
(Q), key (K), and value (V) tensors from the input features:

Q="3( 1(LN(XL))); K= "73( 1(LN(XR))) (1)
Vi-r = 73( 1(LN(X=R))) (2)

where 1 and 3 are 1 1 and depth-wise 3 3 convolutions, respectively.
The left-to-right attention map A is computed as:

A = Softmax gpr— ; (3)

where is is a learnable scale controlling the magnitude of Q@ K= prior to
softmax. We calculate both views using bidirectional attention, leveraging the
transpose A~ for right-to-left alignment:

XM = 1(AV R) + X R (4)

Residual connections and FFNs (32) are applied to X{, to stabilize training
and enhance correspondence awareness.

High-Frequency Encoder (E;) The High-Frequency Encoder (E,) is a con-
volutional network designed to preserve high-frequency features (edges and tex-
ture). It processes inputs that have been pre-filtered to isolate high-frequency
content, I ;TR = H(l_;Ir), where H() uses a Fourier-based high-pass fil-
ter (21). The filtering operation is defined as:

F=lz FBr(F(1) ; (5)
0; juj < W=4; jvj < H=4;

Bn(fuy) =
h(Fuv) fu.v; otherwise:

(6)

Here, F and F ! denote the FFT and its inverse, respectively, and By, eliminates
the low-frequency components in the central region of the frequency domain. The
output features of this encoder are denoted H -R.

Fusion of Complementary Features To maintain spatial sharpness, we fuse
the high-frequency convolutional features (H) with the globally coherent trans-
former outputs (X°U) using a learnable, adaptive gating mechanism. The gate
G determines the optimal contribution of the high-frequency stream:

GL-r = g(Cat(X{%x; H -r)) (7

where gisal 1 convolution and is the sigmoid activation function. The
final fused features (F) are calculated as:

Fl-r = X'k + G-r H_-g; (8)

The scaling factor is initialized to zero and learned during training. This
adaptive gating mechanism effectively balances global coherence and edge fidelity
with negligible computational overhead.
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3.2 Cost Volume Stabilization

A major bottleneck in stereo matching is heavy 3D cost volume regularization.
LiteMatch eliminates this via two components: a Cost Volume Consistency Loss
(CVC-Loss) that directly regularizes the disparity distribution, and a lightweight
2D refinement module that filters noisy correspondences.

Cost Volume Refinement: The refinement from Cy to Cs is a lightweight 2D
feature-guided process defined as:

Crny=Cmn 1)+ i [Cn 1ifal; 12F1::1;50, n2fl29 (9)

where [] is channel-wise concatenation and j represents a 3 3 convolution
followed by LeakyReLU.

Entropy () Peak/Secon peak atio (¢)

ove-Loss Target

i . ‘ .. \//

Disparity bin(d ) Disparity bin(d ) Disparity bin(d ) Training Epoch —> Training Epoch —>

Probability
F

Fig. 3: Cost volume distributions and entropy for a selected pixel. CE (a) shows higher
entropy (2.74) than CVC (b, 1.77), with the target one-hot (c) at 0.0. Training dy-
namics: (d) CVC reduces uncertainty faster, and (e) maintains higher confidence via
peak-to-second-peak ratios.

CVC-Loss Formulation: Given cost volume C2RH W D and ground-truth
D,¢, we obtain probabilities Pj.j.q = Softmaxqy(Ci:j.q). Let d (i;J) be the quan-
tized ground-truth bin and Y the corresponding one-hot volume. CVC-Loss ap-
plies voxel-wise binary cross-entropy:

< X
Lceve = Pl\iliD Mij Y logP +( Y)log(l P) ;
iKj d

where P is a stabilized probability and M masks invalid pixels.
For a pixel with ground-truth bin d , CVC-Loss decomposes as:

Love = |—ICEE} + |09({12 pdi

standard CE dé=d explicit suppression

Thus, CVC-Loss simultaneously pushes up the correct probability and pulls
down every incorrect hypothesis. The gradient for an incorrect bin k & d is
@@W( log(1 pk)) = ﬁ7 which grows rapidly as px ¥ 1, creating an adaptive
suppression mechanism. Using log(l Xx) X for X 2 [0;1), we obtain the
lower bound:

Leve  logps + (1 pa ):

This shows CVC-Loss jointly maximizes the correct probability while minimizing
total mass on incorrect bins, producing a provably sharper cost volume than CE
alone.

Empirical Behavior and Training Stability: While categorical cross-entropy
(CE) is commonly used for disparity classification, it provides weak supervision
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for incorrect bins, leading to noisy, multi-modal cost volumes in early training.
In contrast, CVC-Loss supplies dense negative supervision across all disparity
binsvia (1 Y ijq )log(1 Pijq ), actively suppressing incorrect hypotheses. This
yields three measurable bene ts (Figs. 3a and 3b): (i) 35.4% lower entropy (1.77
vs. 2.74 for CE); (ii) faster uncertainty reduction during training (Fig. 3d); and
(i) higher con dence via improved peak-to-second-peak ratios (Fig. 3e).

3.3 Disparity Re nement Module

Our re nement strategy emphasizes both high speed and accuracy without re-
quiring mandatory iterative processing. We achieve this through a base non-
iterative model, which can be optionally augmented with an IR head for SOTA
comparisons

Non-Iterative Disparity Re nement (Base Model): Our base model em-

ploys a highly e cient, non-iterative re nement module that enhances dispar-
ity in a single forward pass. The input to the module consists of the disparity
D, left-view image features f4, and the re ned cost volume GC,. The re ne-
ment network follows a transformer-based dual-encoder and single-decoder de-
sign, leveraging complementary input streams. The Disparity-Context Encoder
(Egeo) aggregates local image features f with the coarse disparity D», pre-
serving ne textures and spatial structures around the current prediction. The
Correspondence Encoder (B ), inspired by RAFT's motion encoder (23), fuses
the re ned cost volume C, with D, and f 4 to capture global correspondence
cues within a transformer framework.

The multi-scale outputs from both encoders, Eyeoi and Ecor;i , are fused by a
convolutional operator and passed through a hierarchical transformer decoder
Tge- This decoder generates an intermediate re ned disparity B and a learned
convex upsampling mask (M):

M; D 9= Tae (fE geo;i » Ecorri lo); 12f4;8;16g (10)
Dbase = U(D 3; M); (11)

where, U represents the convex upsampling operation. This design generates the
full-resolution output D p,se in @ single, e cient pass, enabling real-time disparity
estimation.

Iterative Re nement (IR) Extension: For a comprehensive comparison with
state-of-the-art iterative methods, we provide an iterative re nement (IR) head.
This head can be appended to the base model to enable multi-step re nement,
following a GRU-based update mechanism similar to that of RAFT-Stereo (13).
The IR head selectively re nes uncertain regions using the intermediate disparity,
the left feature map, and the cost volume at one-fourth resolution. The re ne-
ment process is initialized from the coarse prediction o = D 9) and iteratively
updated as:

BDu1 = IR(By;fL,;Co); t2f0;1;:::;n 1g (12)
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Table 1: Zero-shot D1-all (%) evaluation on DrivingStereo and in-domain evaluation
on Scene Flow. All models are trained exclusively on Scene Flow. MP and BB denote
Monocular Prior and Backbone, respectively.

DrivingStereo (Zero-Shot)

Scene Flow (In-Domain)

Method |Sunny# Cloudy# Rainy# Foggy# Avg.# | [Method [BBIMP  Pub.  EPE# D1 (%)# Par(M)#
Without Monocular Depth Prior Without Monocular Depth Prior
CFNet 12.0 6.0 7.3 RAFT-Stereo 3DV'21  0.53 6.08 111
PCWNet 5.6 5.9 11.8 6.2 7.4 DLNR CVPR'23 0.48 5.06 57.4
DLNR 27.1 28.3 345 29.0 29.8 IGEV-Stereo BB CVPR'23 0.47 5.21 12.6
IGEV-Stereo 53 6.3 216 8.0 10.3 Selective-IGEV BB CVPR'24 0.44 4.98 131
Selective-IGEV 7.0 8.0 18.4 129 1.1 Mocha-Stereo BB CVPR24 0.41 2.35 97.1
Mocha-Stereo 12.8 27.4 24.6 22.8 21.9 LiteMatch(Base) 0.53 2.29 3.36
LiteMatch 2.01 2.05 2.44 151 2.00 LiteMatch 0.39 1.92 9.58
With Monocular Depth Prior With Monocular Depth Prior
SMoEStereo 33 3.0 6.0 4.7 4.3 DEFOM-Stereo MP  CVPR25 0.42 5.57 47.3
DEFOM-Stereo 2.05 2.50 0.95 2.68 2.05 SMoEStereo MP ICCV'25 0.50 5.55 113
FoundationStereo 3.22 2.81 1120 250 4.93 FoundationStereo MP  CVPR25 0.34 - 375
MonSter 2.60 212 3.08 2.94 2.69 MonSter MP  CVPR'25 0.37 2.02 388
LiteMatch 2.01 2.05 2.44 151 200 LiteMatch 0.39 1.92 9.58

Unlike existing SOTA iterative frameworks, our IR converges signi cantly faster,
requiring fewer re nement steps to achieve comparable performance. This dual-
mode design provides exibility to evaluate LiteMatch in both lightweight and
high-performance regimes, e ectively narrowing the gap with computationally
heavier iterative methods.

3.4 Total Loss

Our two-stage training scheme uses distinct objectives for each stage.
Stage 1 applies deep supervision to the cost volumes:

Smoothu (Di D gt ) +L cve (CI ; Dgt4) (13)

L stager =
i=0;2

where, Lcye denotes the CVC-Loss (see Sec. 3.2), applied to both the initial
(i=0) and re ned (i = 2) cost volumes C ;. We also apply the smooth Ly loss to
the corresponding disparities Dy and D», respectively, where Dy is the ground
truth at one-fourth resolution.
Stage 2 freezes the feature and cost volume modules, and trains the re nement
module with a multi-stage regression loss:

Lstagez = Smooth 1 (Dpase D gt) + n kDj

D gki; (14)

j=1
Here, Dpase denotes the base nal output, D; are the intermediate predictions,
=0:9, D g is the ground-truth disparity, and n indicates the number of itera-
tions. Each loss is used exclusively during its respective training phase. This hy-
brid supervision ensures stable, geometry-aware learning in Stage 1 and precise,
high-resolution disparity in Stage 2, while maintaining real-time performance.

4 Experiments

4.1 Implementation Details

LiteMatch is implemented in PyTorch (16) and follows a two-stage training strat-
egy. Training Pipeline: Our approach follows a two-stage training strategy. In
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Table 2: Zero-shot performance on KITTI 2012 and KITTI 2015 (left, Single-Pass,
Iter 1), and in-domain ne-tuned leaderboard results on ETH3D (right). All models
are trained on Scene Flow for zero-shot evaluation.

Zero-Shot (Scene Flow  KITTI) [ Fine-Tuned (ETH3D Leaderboard)
Method | KITT-15  KITTI-12 FPS | [Method | ETH3D-Noc ETH3D-All
|EPE Bad3.0 EPE Bad3.0 [ |Bad1.0 AvgErr RMS Bad1.0 AvgErr RMS

PSMNet 850 163 80 151 3.6 HITNet 279 020 046 311 022 055
CFNet 470 - 58 - - RAFT-Stereo 244 018 036 260 019 042
PCWNet 420 - 560 - 2.8 IGEV-Stereo 112 014 034 151 020 086
RAFT-Stereo 308 135 274 141 116 IGEV++ 114 013 034 158 019 074
IGEV-Stereo 135 667 116 606 161 Selective-IGEV 123 012 029 156 015 057
DLNR 152 484 789 305 130 DEFOM-Stereo 070 011 022 078 011 026
Selective-IGEV 134 668 123 678 145 SMOE-Stereo 095 013 029 113 014 036
Mocha-Stereo 142 680 132 695 9.13 MonSter 0.44 010 0.20 0.70 0.13 047
LiteMatch (Base) 121 540 111 512 222 LiteMatch 035 011 019 052 012 031

Table 3: Zero-shot generalization performance on KITTI-2012, KITTI-2015,
Middlebury-F, and ETH3D datasets under default iterative settings, trained on
Scene Flow. Inference time is measured on KITTI-2015 using an RTX A6000 at
384 1248 resolution. Blue bold indicates the best result and blue indicates the
second-best.

Method Pub. MP/BB K12 K15 Middlebury-F ETH3D Model Complexity
Bad3.0 Bad3.0 EPE Bad2.0 EPE Badl.0 Params GFLOPs Mem Time

Without Monocular Depth Prior

PSMNet (3) CVPR-18 - 15.1 16.3 40.51 57.93 - 23.8 5.22 939.6 7.98 332
GWCNet (8) CVPR-19 - 12.0 11.7 - 32.2 - 14.1 6.43 901.9 9.38 421
RAFT-Stereo (13) 3DV-21 - 5.90 586 5.59 195 036 330 1111 5259 7.08 353
IGEV-Stereo (28) CVPR-23 BB 5.19 6.06 4.29 15.1 0.33 4.00 12.60 330.6 6.06 410

DLNR (36) CVPR-23 - 10.6 16.0 6.02 18.3 9.80 23.0 57.38 4827 6.25 452

Selective-IGEV (25) CVPR-24 BB 5.64 6.05 5.08 17.6 033 6.10 13.14 338.3 6.32 432
Mocha-Stereo (4) CVPR-24 BB 4.83 6.01 6.08 17.1 0.28 4.02 97.14 739.6  9.79 420
LiteMatch (Base) - - 5.12 5.40 4.60 18.1 0.33 5.01 3.36 798 117 45
LiteMatch - - 420 4.09 411 151 0.21 2.05 9.58 179.0 141 220

With Monocular Depth Prior

SMoEStereo (26) ICCV-25 MP 4.22 493 422 18.9 0.23 210 1136 630 6.70 449
DEFOM-Stereo (9) CVPR-25 MP 4.29 529 6.20 16.6 0.27 260 3744 2236  9.40 458
MonSter (6) CVPR-25 MP 3.62 4.00 4.19 15.2 0.24 200 3888 2141 7.64 595
LiteMatch - 4.20 4.09 411 151 021 2.05 9.58 179.0 1.41 220

Stage 1, we jointly optimize the feature extractor and cost volume modules us-
ing our proposed CVC-Loss supervision. Following Selective-IGEV's protocol, we
train on Scene Flow for 1 million iterations with batch size 1 using the Adamw
optimizer and a OneCycle learning rate schedule (peak 2 10 ), requiring 4-

5 days on a single NVIDIA RTX A6000 GPU. In Stage 2, we freeze all Stage
1 components to preserve feature stability and train exclusively the disparity
re nement module using regression loss while keeping all hyperparameters con-
sistent. This produces our base model with 3.36M parameters, while the iterative
re nement variant (9.58M parameters) additionally trains the IR head during
Stage 2.

4.2 Experimental Setup

We evaluate LiteMatch on both synthetic and real-world benchmarks. All models
are trained exclusively on the Scene Flow dataset (14), which comprises 35,454
image pairs. We compare LiteMatch against two categories of methods: stereo-
only approaches (denoted as  or backbone (BB)), including RAFT-Stereo (13),
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