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S²M²: Scalable Stereo Matching Model for Reliable Depth Estimation

1. Implementation
1.1. Training Strategy
Our training methodology consists of two phases: first, establishing baseline models for our ablation studies, and second, a
sequential fine-tuning process to develop our final benchmark models, which is directly built upon the first phase.

Phase 1: Baseline Models for Ablation Studies
The models used in our ablation studies were trained following a complete, single-stage procedure. Each model was trained
on image patches of 768 × 448 px with a batch size of 4 for 2,000,000 gradient updates. For optimization, we used the
AdamW optimizer with a one-cycle learning rate scheduler, decaying the learning rate from an initial value of 1 × 10−5 to
1× 10−6.

The training was performed on a foundational set of synthetic datasets—including SceneFlow [11], TartanAir [19], and
CREStereo [9]—amounting to approximately 0.5M image pairs. This process yielded our fully trained ablation models,
which serve as the starting point for the next phase.

Phase 2: Sequential Fine-tuning for Benchmark Submission
Instead of training from scratch, our final benchmark models were developed by sequentially fine-tuning the fully trained
ablation models from Phase 1. This process involves two subsequent steps:

Step 1: Fine-tuning on an Expanded Dataset: First, we took a converged ablation model and continued its training at
the same fixed resolution (768 × 448). The key difference in this step was the use of a significantly expanded data pool,
totaling up to 2M image pairs. This collection includes widely-used datasets in combination with additional sources such as
FoundationStereo [23], IRS [18], Falling Things [17], Virtual KITTI 2 [6], DrivingStereo [28], and SMD-Net [16], among
others. This step allows the model to consolidate its learned features and generalize across a much more diverse range of data
distributions.

Step 2: Multi-Resolution Fine-tuning with Gradient Checkpointing: In the final step, the model from Step 1 was further
fine-tuned across three resolutions simultaneously (768 × 448, 1440 × 1024, and 1920 × 1440). This was performed on an
H100×8 GPU server with a total batch size of 56.

A significant technical hurdle at this stage is the high memory requirement for high-resolution training. Processing images
at 1920× 1440 px exceeds the 80GB memory capacity of a single H100 GPU. To resolve this, we employed PyTorch [13]’s
gradient checkpointing feature. This technique trades computation for memory by recomputing intermediate activations dur-
ing the backward pass instead of storing them all. Gradient checkpointing was essential for enabling stable, high-resolution
training, allowing our final model to effectively learn features across a wide spectrum of scales.

1.2. Data Augmentation
To address the practical challenges of real-world stereo matching, we employed a targeted data augmentation strategy beyond
standard color and cropping adjustments [9]. Specifically, we introduce a random horizontal shift when cropping the left and
right images. This technique is designed to simulate imperfect rectification and, importantly, mimic the design of benchmark
datasets like Middlebury v3 [14].

In these datasets, the stereo pairs are intentionally cropped with a sample-specific horizontal offset to maximize the
overlapping field of view and manage occlusions. By replicating this characteristic in our training data, our model becomes
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robust to the subtle misalignments frequently present in real-world or benchmark stereo pairs. This robustness is critical for
preventing performance degradation from a domain shift during testing; without it, a model trained on ideal data learns to
associate strong perspective cues with large disparity values. When a test sample violates this learned correlation due to an
artificial offset, the model’s predictions fail as its internal priors conflict with the ground truth.

Furthermore, a key consequence of this horizontal shift is the introduction of negative disparity values for some pixels.
While unconventional, we leverage this as a deliberate training strategy. Training with these negative disparities encourages
the model to learn depth relationships in a more object-centric manner. Instead of relying solely on the common assumption
of positive disparity, the network is forced to more comprehensively understand the relative spatial arrangement of objects
and surfaces. This, in turn, enables more flexible and accurate depth estimation, particularly around object boundaries and in
scenes with complex foreground-background interactions.

2. Loss Function Details
The final loss function consists of four components: disparity loss, occlusion loss, confidence loss, and PMC loss, each
weighted by predefined hyperparameters:

Ltotal = �DLD + �OLO + �CLC + �PMCLPMC: (1)

The hyperparameters are set as follows: �D = 1, �O = 0:1, �C = 0:1, and �PMC = 1. Below, we detail the disparity,
occlusion, and confidence loss formulations.

2.1. Disparity Loss
Disparity loss supervises both the initial global disparity estimate and the refined disparities at each iteration. We use a
smooth L1 loss for the initial disparity, applied only to non-occluded pixels, while the refined disparities are optimized using
L1 loss over all pixels. This ensures that the network learns reliable disparity predictions across all refinement stages.
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Here, Ω = {(i; j) | O(i; j) = 1} is the set of non-occluded pixels, and H ×W represents all pixels in the image. The
initial disparity Dinit is supervised only on non-occluded pixels, while the refined disparities D(t) (for t = 1; : : : ; T ) are
trained on all pixels.

2.2. Occlusion and Confidence Loss
The occlusion and confidence maps are learned using an L1 loss rather than binary cross-entropy to ensure numerical stability.
The losses for occlusion and confidence maps follow a similar formulation:
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Specifically, the occlusion losses are computed over all pixels:
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