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Motivation & Objective

Prior stereo matching models struggled to generalize across diverse
input conditions. Attempts to scale models often led to inefficiencies,
revealing a need for a more adaptable solution.

We aim to develop a unified architecture that achieves

* Input Scalability: Robust performance across varying image
resolutions and disparity ranges.

» Model Scalability: Consistent performance gains with increased
model capacity.

Our Key Contributions
» Scalable Global Matching Architecture

A multi-resolution Transformer design that scales effectively with both
input complexity and model size, and is fully trainable from scratch.

* Accurate & Reliable Depth Estimation

A novel PMC loss function enhances disparity precision, while joint
confidence and occlusion estimation ensures reliable depth maps.

* New State-of-the-Art Performance

Our method, S2M?, achieves top-ranked performance on challenging
real-world benchmarks, including Middlebury v3 and ETH3D.

Proposed Method:

Architecture
Our proposed model revitalizes the global matching paradigm.
Powerful Multi-scale Feature Extraction

* Multi-Resolution Transformer (MRT): Employs a hybrid attention
strategy (horizontal at high-res, 2D at low-res) to balance
performance and computational cost.

+ Adaptive Gated Fusion Layer (AGFL): Acts as a dynamic gate
that selectively fuses features across different scales, ensuring
robust information exchange.

Robust Global Matching

Utilizes Optimal Transport to find a globally consistent matching plan
from all possible correspondences.
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Loss Function

Our model is trained with a composite loss function that combines

standard L1 losses with our novel Probabilistic Mode Concentration

(PMC) loss.

+ Since global matching is performed on 1/4-downsampled features, a
more direct mechanism is required to guide the matching probabilities.

* PMC loss directly regularizes the matching probability distribution,
encouraging it to concentrate on valid disparity candidates.
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The final loss function integrates disparity, confidence, occlusion, and
PMC losses, each weighted by a dedicated hyperparameter.
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Experiments
Ablation Study with Our Synthetic Benchmark

Model Configuration | Training Strategy | Disparity Metrics | Auxiliary Metrics
Ch Ntr AGFL PMC Loss EPE Bad-2.0 | Occ AP Conf AP
128 1 No No 0.489 1.974 0.973 0.977
128 1 Yes No 0.496 1.601 0.973 0.978
128 1 Yes Yes 0451 1.490 0.974 0.978
128 3 Yes Yes 0.388 1.281 0.974 0.978
256 1 Yes Yes 0.320 0.928 0.975 0.979
256 3 Yes No 0.299 0.810 0.976 0.980
256 3 Yes Yes 0.254 0.750 0.976 0.980
Iterations | GFLOPs Disparity Metrics Auxiliary Metrics
EPE Bad-2.0 Occ AP Conf AP
0 305 0.666 2.768 0.961 0.977
1 427 0.470 1.658 0.974 0.977
2 537 0.479 1.526 0.974 0.977
3 647 0.451 1.490 0.974 0.978
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Model . - . - Mem(G) TFLOPs  Param(M
ot EPE  RMS Bad-05 Bad-L0 Bad-20 Bad-40 | EPFE RMS Bad05 Bad-L0 Bad-20 Baddd | "™ s Param@h

CoEx [2] 20.17 6395 38.78 27.82 21.06 1675 | 37.55 10382 46.95 36.78 20.85 24.87 3131 0.71 272
BGNet+ [41] 1404 4284 4397 20.55 20.63 1482 | 3031 88 50.08 3785 2911 22.87 2249 242 531
RAFT [20] 2041 4802 2441 17.71 13.87 1132 | 33.07 7651 3331 2643 2184 1831 818 3035 111
fastACY [43] 1500 4839 3673 2477 17.69 1331 | 3250 9399  45.57 34.61 2734 22.10 8.01 0.60 3.07
UniMatch [45] 646 17154 5577 3101 16.35 1066 | 1396 3793 61.77 30.05 2582 1854 393 1635 735
CroCo [39] 1564 3566 3382 2371 17.43 1343 | 2499 5723 4070 30.96 2431 19.57 2.62 164.7 37
IGEV [42] 7.03 23.04 13.86 9.66 713 1542 4285 3LII 22.17 17.30 13.82 10.87 27.63 1259
MC [11] 35.56 3248 2672 23.08 2056 | 5607 11267  4L12 3547 31.46 2829 773 899 24.62
NMRF [ 14] 2088 58.67 324 36.66 33.07 | 62.04 12141 6406 5057 428 3031 9.07 328 6.113
SelIGEV [37] 923 2592 2237 14.09 9.79 7.36 1823 4879 30.06 21.82 16.86 13.49 134 35.77 13.14
MoCha [5] 3037 10265 269 3162 18.17 1573 | 5975 14119 3534 3991 2594 22.82 12.87 214 97.14
SEME-S (+1Mir) 645 1636 19.10 11.46 7.63 539 1139 3106 2694 18.93 14.15 10.78 3.17 576 2391
SIME-L (+ M) 3057 10077 1492 3.72 5.58 374 8217 2592 2348 16.53 1221 9.12 1139 25.96 170
FoundationStereo [40] +2Mtr) [ 4.60  11.27 10.96° 7.23% 4.95% 3.49° 826  23.04%  18.42° 13.98° 10.73° 8.08% 5378 124.65 375
SEMES (+2Mir) 382 1083 13.13 7.62 5 357 914 2632 2075 1455 10.83 8.6 .17 576 2391
SIME-L (+2Mir) 2997 8727 10.607 6.00% 3.807 2.54 7207 22407 18117 12.72% 9.39% 6.96% 11.39 25.96 170
SIMEXL (+2Mi) 2307 797 9.227 515 3297 2.187 62" 20587 16517 1160 8.567 6.367 1434 56.9% 381

Critical Re-evaluation of the KITTI Benchmark
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