
CaLoRA-Stereo: Robust Stereo Endoscopic Depth Estimation Network
via Camera-Aware LoRA and Dual-View Geometry

Shixing Ma1, Shuwei Shao1, Zhaoxi Lin2, Xinzhe Du1, Rui Song1, Yibin Li1,
Max Q.-H. Meng3, and Zhe Min†1,4

Abstract— Stereo depth estimation has drawn widespread
attention from the robotics community due to its broad appli-
cations such as 3D reconstruction. Recently, stereo matching
foundation models have made significant progress by being
trained on the large-scale datasets containing natural images.
However, directly leveraging these pretrained large models
to minimally invasive surgery still remains challenging due
to domain shifts in aspects of specular highlights and low-
texture tissue. In this paper, we propose a parameter-efficient
adaptation framework to address this gap. Specifically, we
introduce Camera-Aware LoRA for fine-tuning Foundation-
Stereo, using a camera-aware scaling gate computed from focal
length and baseline to address intraoperative intrinsics drift
arising from instrument self-heating and other thermal effects.
We further develop a geometric consistency constraint and a
spectral alignment regularizer that enforce cross-view depth
agreement. Extensive experiments on the SCARED and Hamlyn
datasets indicate that the proposed method achieves state-of-
the-art performance. Notably, CaLoRA is easy to integrate into
standard fine-tuning pipelines, requiring no backbone changes
and only a small number of trainable parameters.

I. INTRODUCTION

In minimally invasive surgery, stereo endoscopes provide
two synchronized views of the operative field (Fig. 1), en-
abling depth perception that is crucial for navigation [1], [2],
autonomous robotic control [3], [4], augmented reality [5]–
[7], and digital twins [8]. Stereo matching computes disparity
via epipolar correspondence and maps it to metric depth
using focal length and baseline of camera [9]. Accurate
metric depth further benefits tissue surface reconstruction,
registration, force estimation, and collision avoidance [10],
thereby improving intraoperative safety and efficiency.

Despite decades of progress, stereo depth estimation for
endoscopy remains challenging. Classical methods [11], [12]

*This work was supported in part by the National Natural Science
Fund for Excellent Young Scientists Fund Program (Overseas) under Grant
22IAA01849. This work was also supported by the National Natural Science
Foundation of China under Grant 62303275, Jinan Science and Technology
Bureau under Grant 202333011, and the Postdoctoral Fellowship Program
of China Postdoctoral Science Foundation under Grant GZC20251184.
(†Corresponding author: Zhe Min. Email: minzhe@sdu.edu.cn).

1Shixing Ma, Shuwei Shao, Xinzhe Du, Rui Song, Yibin Li, and Zhe
Min are with the School of Control Science and Engineering, Shandong
University, Jinan 250061, China.

2Zhaoxin Lin is with the School of Mechanical Engineering, Tianjin
University, Tianjin 300354, China.

3Max Q.-H. Meng is with Shenzhen Key Laboratory of Robotics Per-
ception and Intelligence and the Department of Electronic and Electrical
Engineering at Southern University of Science and Technology in Shenzhen,
China.

4Zhe Min is also with the UCL Hawkes Institute and Department of
Medical Physics and Biomedical Engineering, University College London,
London WC1E 6BT, UK.

(a) (b)
Fig. 1. (a) Laparoscopic images from a dual-channel endoscope. The probe
sketch shows two optical paths. (b) A 3D surface reconstructed from stereo
matching depth, which can be used for downstream tasks, such as the pre-
to-intraoperative registration [18]–[20].

are efficient and perform well in controlled settings, yet they
struggle with low texture, specular highlights, occlusions,
and parameter sensitivity. Learning-based methods, espe-
cially stereo matching foundation models, mitigate these is-
sues via 3D cost volumes [13], iterative refinement [14], and
hybrid designs [15], which help preserve thin structures and
tolerate mild mis-rectification [16]. However, these advances
are fragile under the severe domain shifts in surgical scenes,
such as non-Lambertian tissue reflectance, scarce texture, and
narrow baselines, which undermine correspondence reliabil-
ity and lead to depth errors [11], [12], [17]. Nevertheless,
foundation models carry rich geometric priors from large-
scale pretraining, including epipolar consistency and multi-
scale smoothness that, when adapted to the surgical domain,
regularize correspondence, disambiguate low-texture regions,
and improve data efficiency.

A promising direction is to start from a foundation stereo
backbone trained on large, diverse data and adapt it to
surgical domains via parameter-efficient fine-tuning. Low-
Rank Adaptation (LoRA) [21] is appealing because it freezes
the backbone and learns a small set of low-rank parameters,
enabling data- and compute-efficient adaptation in clinical
pipelines [22]. However, standard LoRA uses a fixed global
scaling that is agnostic to camera intrinsics and extrinsics.
In stereo endoscopy, the effective disparity scale is governed
by the imaging geometry and can drift intraoperatively due
to thermal and mechanical effects [23], [24]. These effects
motivate a scale-aware adaptation mechanism and a more
robust supervision signal that goes beyond simple disparity
matching.

In this paper, we propose a camera-aware adaptation
framework within geometric constraint for endoscopic stereo
depth estimation on a foundation backbone [25]. More
specifically, we introduce Camera-Aware LoRA (CaLoRA),
which derives a camera-specific gate from focal length and
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baseline and injects it into linear and grouped convolutions.
Meanwhile, we develop a dual-view geometric supervision
that elevates left-view disparity to 3D and reprojects it to
the right view to enforce depth consistency on each view’s
native grid with a robust Charbonnier loss. We further add
a dynamic spectral alignment loss based on a compact
learnable Fourier bank to refine tissue boundaries. In order
to fully exploit the strengths of these components, we inte-
grate CaLoRA with the geometric and spectral terms into a
single training objective for robust endoscopic stereo depth
estimation. Fig. 2 illustrates the full pipeline.

To summarize, the contributions of this paper are listed as
follows:

• We propose a Camera-Aware LoRA for fine-tuning
stereo matching foundation models on surgical data,
which normalizes the update magnitude of delta weight
using a camera-specific factor derived from the current
frame, stabilizing adaptation under intraoperative micro-
drift of intrinsics.

• We propose a dual-view geometric constraint that en-
forces stereo consistency by supervising depth on both
views in their native grids via 3D lifting and cross-view
reprojection.

• We introduce a lightweight spectral alignment regular-
izer in loss founction, built on a compact, learnable
Fourier bank, that reduces depth ambiguities, preserves
thin structures and sharp tissue boundaries, and yields
an accurate intraoperative point cloud.

II. RELATED WORK

In this section, we briefly review traditional stereo match-
ing methods, learing-based stereo matching methods and
LoRAs for surgical foundation model adaption.

Traditional Stereo Matching. Classical stereo matching
was structured into a four-stage pipeline of matching-cost
computation, cost aggregation, disparity optimization, and
disparity refinement, which established a taxonomy and
benchmark for comparative evaluation [26]. At the cost level,
non-parametric transforms such as Rank and Census [27]
leveraged local intensity orderings to improve robustness
to radiometric changes. For explicit occlusion reasoning
within the optimization stage, dynamic programming on the
disparity-space image (DSI) [28] jointly selected matches
and occlusions along each scanline, often stabilized by
control points. Moving beyond purely local optimization,
Semi-Global Matching (SGM) [11] combined pixel-wise
Mutual Information with multi-directional path aggregation
and included subpixel refinement and occlusion handling,
enabling scalability to larger images at moderate runtime.
To accelerate high resolution stereo methods, ELAS [12]
introduced sparse support points and Delaunay triangulation
to impose a piecewise-linear prior that guided local match-
ing. In contrast, graph-cut methods [29] optimized a global
energy to improve matching accuracy in low-texture areas,
at the cost of higher computation and memory.

Learning-based Stereo Matching. Recent stereo methods
developed from cost volume filtering to iterative refine-

ment [30], and further to hybrid designs that incorporated
monocular or foundation priors. Early cost volume-based
approaches such as PSMNet [13] constructed 3D CNNs to
aggregate contextual information, but the memory and com-
putation requirements grew rapidly at high resolution. Itera-
tive refinement methods such as RAFT-Stereo [14] replaced
explicit 3D filtering with correlation pyramids and recurrent
updates, which reduced computational demand and improved
generalization across datasets, though the iterative nature
introduced latency and limited long-range reasoning. Hybrid
designs such as CREStereo [15] and Sea-Raft [31] combined
cost filtering with recurrence through adaptive or deformable
correlation, captured fine structures, and handled mild mis-
rectification at the expense of increased complexity. Semi-
supervised designs such as BiSS-DBCNN [32] introduced
dual-branch consistency and confidence-aware supervision
to exploit unlabeled endoscopic data. More recent works
integrated monocular and foundation priors, as in Mon-
Ster [33], DEFOM-Stereo [34], and FoundationStereo [25],
which strengthened zero-shot generalization by leveraging
monocular cues and large-scale training data. Nevertheless,
deployment in medical endoscopy remains challenging due
to domain shifts introduced by specular highlights, non-
Lambertian tissue reflectance, limited texture, and narrow
stereo baselines [32], [35], [36]. Unlike prior applications in
natural scenes, we adapt stereo matching foundation models
to endoscopy in this work.

LoRA for Surgical Model Adaptation. LoRA emerged
as an efficient strategy to adapt large-scale foundation models
by freezing core weights and introducing low-rank parameter
updates [21]. Recent work extended this idea to medical
and vision tasks. EndoARSS [37] integrated LoRA into
DINOv2 [38] transformers for multitask endoscopic surgery
analysis, combining activity recognition and semantic seg-
mentation under a unified framework. EndoDAC [22] in-
troduced Dynamic Vector-based LoRA (DV-LoRA) to adapt
monocular depth foundation models for self-supervised en-
doscopic depth estimation, while Endo3DAC [39] further
proposed Gated Dynamic Vector-based LoRA (GDV-LoRA)
for efficient joint depth, pose, and camera intrinsics esti-
mation from surgical videos. In surgical scene segmenta-
tion, LoRASAM [40] adapted the Segment Anything Model
(SAM) using LoRA layers and text-based prompts to reduce
trainable parameters while addressing domain shift from
natural to surgical images. Surgical-LVLM [41] incorporated
LoRA to adapt large vision-language models for grounded
surgical question answering, demonstrating its flexibility in
multimodal reasoning. Collectively, these works illustrated
how LoRA and its variants adapted vision, depth, segmenta-
tion, and multimodal models for surgical and general visual
domains with reduced computational cost. However, previous
work has paid limited attention to the stereo matching task,
where correspondences are constrained by epipolar geometry.
To this end, we propose CaLoRA to adapt the geometric
priors in stereo matching foundation models to the stereo
endoscopic domain.
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Fig. 2. Framework of the proposed method. The frozen DepthAnythingV2 provides monocular priors via a Side-Tuning Adapter (STA), which extracts the
input image context. The Axial-Planar Convolution (APC) module filters the 4D cost volume by decoupling spatial and disparity convolutions. The Disparity
Transformer (DT) enhances long-range context within the cost volume using multihead self-attention, its output is upsampled and added element-wise to
the APC output. An iterative Convolutional Gate Recurrent Unit (ConvGRU) performs refinement of the disparity map to produce the final prediction.

III. METHODOLOGY

In this section, we first present CaLoRA for scale-adaptive
tuning and its injection method into linear and convolutional
layers of the stereo backbone. Then, we introduce dual-
view geometric supervision to enforce the depth consistency
on each view’s native grid. Finally, we propose a dynamic
spectral alignment loss and integrate it with the geometric
term into a single objective for robust endoscopic stereo
depth estimation.

A. Camera-Aware LoRA for Scale-Adaptive Model Tuning
The CaLoRA Formulation. For rectified pairs, the scene

scale Z is governed by focal length f and baseline b, via
Z ∝ fb

d . We construct a camera-aware scalar gate γ from
per-sample camera scales and inject it into LoRA. For each
sample i in a batch, we define the scale ratio:

ri =
fibi
s0

, (1)

where s0 = median({fj}) ·median({bj}) is a robust batch
reference, and fi = (K1)11 and bi denote the effective focal
length and baseline, respectively. This ratio ri is then mapped
to a preliminary gate value ψi:

ψi = σ
(
β log ri

)
=

rβi

1 + rβi
∈ (0, 1), (2)

where σ(x) = 1/(1+ e−x) is the sigmoid function, and β ∈
R>0. The Eq. (2) has following properties: it is monotone (
for any r1, r2 > 0 with r1 < r2, ψ(r1) < ψ(r2)), symmetric
around the reference scale (ψ(1/r) = 1 − ψ(r)), and has a
bounded gradient (∂ψ∂r = β

rψ(1 − ψ) ≤ β
4r ), which ensures

stable optimization. Finally, we aggregate these per-sample
factors into a single batch scalar and broadcast it to all LoRA
modules:

γ =
1

B

B∑
i=1

ψi. (3)

Injection into CaLoRA. Given a frozen core weight Wcore
and a rank-r update ∆W = BA, CaLoRA scales the low-
rank injection by this camera-aware gate γ:

Weff =Wcore +
α

r
γ BA, (4a)

y = xW⊤
core +

α

r
γ xA⊤B⊤. (4b)

Properties of CaLoRA. Since 0 < γ < 1, the injected
update is uniformly bounded:∥∥Weff −Wcore

∥∥
F
=
α

r
γ ∥BA∥F ≤ α

r
∥BA∥F . (5)

The bounded gradient of the mapping function ψ ensures
a smooth dependence on camera scale. While the overall
update magnitude of delta weight is governed by the LoRA
hyperparameter α, the adaptive gate γ is responsible for
shaping the relative strength of the update as the camera
scale varies.

Convolutional Operators in CaLoRA. CaLoRA applies
to any linear operator whose kernel can be flattened into
a matrix. This generality is essential for stereo backbones,
which are convolution-heavy and rely on 2D and 3D Con-
volutional layers, including grouped and depthwise variants.
For a grouped ConvnD layer with G groups, let cin and cout
denote the input and output channel counts, respectively. The
spatial kernel contains ksp =

∏
d kd elements (kHkW for 2D

and kDkHkW for 3D). The per-group flattened core weight
is defined as:

W (g)
core ∈ R

cout
G ×( cin

G ksp).

CaLoRA then introduces a low-rank update ∆W (g) =

B(g)A(g) with A(g) ∈ R r×( cin
G ksp) and B(g) ∈ R

cout
G ×r,

which is reshaped back to the original kernel layout at
inference time. Finally, CaLoRA yields the effective weight:

W
(g)
eff =W (g)

core +
α

r
γ∆W (g), (6)
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which is reshaped back to the native tensor shape and
concatenated across the G groups along channels. The batch-
level scalar γ is broadcast uniformly to all LoRA modules,
consistently modulating the strength of low-rank updates
across 2D/3D convolutions.

Architectural Integration with CaLoRA. To preserve
global reasoning and monocular priors, we do not apply
LoRA to the Vision Transformer (ViT) branch. As shown
in Fig. 2, we apply CaLoRA at four sites, from high-level
priors to low-level iterative refinement:

1) The STA-CNN layers at 1/16 and 1/32 scales to softly
adapt fused geometric priors while keeping the ViT
backbone in DepthAnythingV2 [42] branch frozen.

2) The APC hourglass 3D convolutions that decouples
spatial and disparity processing (Ks×Ks×1; 1×1×Kd)
to modulate the spatial disparity aggregation trade-off
and enlarge the effective disparity receptive field with
negligible overhead.

3) The 4×4×4 stride-4 3D convolutions that downsamples
the cost volume before tokenization and transformer
encoding to calibrate the statistics and scale of the
input to Disparity Transformer (DT) under camera-scale
variations, while keeping the DT encoder frozen to
preserve long-range reasoning.

4) The ConvGRU-based iterative refinement stack, includ-
ing gated convolutions and the regression head, to
directly modulate per-step update magnitude and direc-
tion.

B. Dual-View Geometry with Spectral Structural Regulariza-
tion

We consider a calibrated stereo pair (IL, IR) with intrin-
sics K1,K2 ∈R3×3 and the right-camera pose (R, t) w.r.t.
the left. The left-view pixel domain, comprising all image
coordinates (u, v), is denoted by ΩL = {(u, v) | 0 ≤ u ≤
W, 0 ≤ v ≤ H}. From this, the network predicts a left-
view disparity map d̂ : ΩL ∈ R>0, and the right camera
provides different visibility with more geometric feature. Our
supervision leverages two complementary terms: a geometric
loss that compares depth in each view’s own domain, and
a spectral loss that matches structural fingerprints across
scales.

Geometric Consistency via Left-to-Right Projection.
Given the left-view disparity d̂, a rectified pair with effective
focal length fx and baseline B, the predicted left-view metric
depth is directly obtained from the disparity: D̂L(u, v) =
fxB

d̂(u,v)
. Next, we warp this prediction to the right view

through a chain of geometric transformations. For each left-
view pixel (u, v), we perform the following steps:

1) The left-view depth D̂L is used to back-project the pixel
(u, v) into a 3D point pL in the left camera’s frame, and
pL(u, v) = D̂L(u, v)K

−1
1 [u, v, 1]⊤.

2) The 3D point is transformed into the right camera’s
coordinate system using the known pose (R, t), and
pR(u, v) = RpL(u, v) + t.

3) The transformed 3D point pR is projected onto the
right image plane using its intrinsics K2 to obtain

the corresponding, potentially non-integer coordinates,
and (u′, v′) = Π(K2pR(u, v)),where Π([x, y, z]⊤) =
(x/z, y/z).

In this stage, the z-component of pR, denoted as (pR)z ,
represents the precise metric depth associated with the non-
integer coordinate (u′, v′). To obtain the final predicted right-
view depth map, D̂R, which is defined on a regular pixel grid,
we use differentiable bilinear sampling to retrieve values at
the integer grid locations based on these projected points.
With both D̂L and D̂R established, we define geometric loss
using the Charbonnier penalty ρε(r) =

√
r2 + ε2, with ε > 0

[43], [44]. The loss is averaged over whole left-view pixels
(ΩL) and all valid right-view projections. We define the set
of source pixels for these valid right-view projections as ΩR,
which includes all pixels (u, v) from the left-view domain,
and the warped coordinates (u′, v′) land within the image
bounds, while ΩR = {(u, v) ∈ ΩL | 0 ≤ u′ < W, 0 ≤ v′ <
H, (pR(u, v))z > 0}. The geometric loss is formulated as:

Lbase =
〈
ρε
(
D̂L−Dgt

L

)〉
ΩL

+
〈
ρε
(
D̂R−Dgt

R

)〉
ΩR

, (7)

where ground-truth depths Dgt
L and Dgt

R are obtained from
the calibrated ground truth point cloud, and ⟨·⟩Ω denotes
the arithmetic average of the enclosed term over the index
set. The second term in Lbase is critical, it is not a mere
change of variables but supervises the prediction along a
different set of ray directions on a different grid, leveraging
the unique visibility of the right camera as independent
geometric information.

Structural Fidelity via Dynamic Spectral Alignment.
Inspired by prior work on spectral losses [45], [46], we
introduce a complementary loss Lbank, which moves beyond
individual pixel values to match the multi-scale structural
fingerprint of the ground truth. The process begins by nor-
malizing each depth value x to a canonical phase range
[−π, π] to ensure the mapping is comparable across datasets:

x̃ = π

(
2

x−Dmin

Dmax −Dmin
− 1

)
. (8)

This normalized phase x̃ is then transformed into a 2K-
dimensional feature vector ΦK(x) using a bank of sin and
cos functions at learnable frequencies αk (where fk =
π 2αk ), allowing the model to adaptively focus on the most
informative scales:

ΦK(x) =
[
sin(fkx̃), cos(fkx̃)

]K
k=1

∈ R2K . (9)

To ensure stability and prioritize large-scale structures,
each component of this feature vector is weighted by a
dynamic regularizer, wk = 1

1+f2
k

. We use this to define a
general function, E(Dp, Dg; Θ), which computes the robust
spectral distance between a predicted depth map Dp and a
ground-truth map Dg over a given pixel domain Θ:

E(Dp, Dg ; Θ) =
〈
ρε

∥∥W 1/2
(
ΦK(D

p)− ΦK(D
g)
)
∥2

〉
Θ
, (10)

where W is the diagonal matrix of weights wk. Finally,
similar to geometric loss in Eq. (7), Eq. (10) is applied to
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TABLE I
QUANTITATIVE RESULTS ON THE SCARED AND HAMLYN DATASETS. LOWER IS BETTER FOR RMSE, RMSE LOG, EPE, ABS REL, AND D1 (↓).

Method SCARED Hamlyn Time (s)↓
RMSE↓ RMSE log↓ EPE↓ Abs Rel↓ D1↓ RMSE↓ RMSE log↓ EPE↓ Abs Rel↓ D1↓

Raft-Stereo [14] 5.491 0.078 4.507 0.065 0.430 4.579 0.067 3.005 0.047 0.310 0.108
Sea-Raft [31] 6.006 0.087 4.649 0.069 0.438 4.593 0.067 2.922 0.046 0.284 0.056
CREStereo [15] 5.458 0.078 4.514 0.065 0.437 4.422 0.065 2.902 0.046 0.295 0.216
PSMNet [13] 5.479 0.079 4.394 0.063 0.430 6.424 0.094 3.812 0.057 0.339 0.129
Defom-Stereo [34] 5.832 0.082 4.885 0.070 0.458 4.842 0.072 3.031 0.049 0.302 0.203
BiSS-DBCNN [32] 5.439 0.078 4.478 0.065 0.428 4.321 0.063 2.787 0.044 0.270 0.097
MonSter [33] 4.957 0.070 4.113 0.060 0.380 8.640 0.106 4.068 0.054 0.281 6.344
FoundationStereo [25] 5.394 0.077 4.405 0.064 0.423 4.655 0.067 2.939 0.046 0.284 1.140
Ours 3.830 0.054 2.731 0.039 0.234 4.215 0.055 2.301 0.036 0.177 0.218

Target Frame OursFoundationStereoMonSterDefom-StereoCREStereoRaft-Stereo

C
a

se
 1

C
a

se
 2

C
a

se
 3

Fig. 3. Qualitative comparison of point clouds reconstructed from disparity. Columns show reconstructions from the same input frame using different
methods. CaLoRA-Stereo reconstructs point set that are smooth and continuous while preserving boundary details. Red boxes highlight defects in the
predicted results.

both the left and right views:

Lbank = E(D̂L, D
gt
L ; ΩL) + E(D̂R, D

gt
R ; ΩR). (11)

Total Optimizing Objective. After warping depth map to
the right-view grid and comparing them in the spectral do-
main, we enforce both geometric and structural consistencies
on each view’s native grid. Consequently, the total training
objective is a weighted sum of the geometric and spectral
losses:

L = wbase Lbase + wbank Lbank, (12)

where wbase and wbank are weighting coefficients that bal-
ance the geometric consistency loss and the spectral align-
ment loss.

IV. EXPERIMENTS

A. Implementation Details

Datasets. We use two medical datasets of laparoscopic
surgery, and the depth map is capped at 150mm. The
SCARED benchmark [47], introduced in the MICCAI 2019
challenge, consists of 35 laparoscopic stereo video sequences
(27,826 frames) of freshly dissected porcine abdominal
specimens, acquired with a da Vinci Xi surgical endoscope.
For both pre-training and evaluation, we follow the default
dataset split, and resize all video frames to a resolution of
320×256 pixels. The Hamlyn dataset [48], [49] consists

of laparoscopic and endoscopic video sequences from a
variety of surgical procedures, as well as a heart phantom
sequence with associated point cloud ground truth. It pro-
vides challenging in vivo scenarios characterized by frequent
occlusions and specular highlights. We report results on a
validation subset of heart videos.

Training Details. All experiments are implemented in
PyTorch and executed on a workstation with Intel Xeon
Gold 6154 CPUs and NVIDIA RTX 4090 GPUs. We train
for 200 epochs using AdamW (learning rate 5× 10−6) with
a total batch size of 8. The ConvGRU update module is
unrolled for 12 iterations per forward pass. CaLoRA uses a
scaling factor α = 16 with r = 8 and β = 1. The camera-
aware scalar γ is learned and constrained to [0, 1] by sigmoid
founction. In the total optimization objective, we set wbase =
0.6 and wbank = 0.1. For the Charbonnier penalty in Eq. (7),
we set ε = 10−3. In the Fourier bank, we use K = 8
frequencies with learnable αk ∈ [αmin, αmax] = [−3, 3], and
a depth normalization range of Dmin = 0.1 and Dmax = 3.0.

Evaluation Metrics. We evaluate all methods using five
standard depth estimation metrics: RMSE, RMSE log, EPE,
Abs Rel, and D1 [50]–[52]In addition, we report the average
inference time per frame (Time) in second, measured during
the evaluation stage. The root mean square error (RMSE) is
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Fig. 4. Qualitative comparison of pseudocolor disparity maps on the
SCARED dataset. After stereo rectification, a margin appears on the left
edge of the left image, those pixels are invalid.

defined as

RMSE =

√√√√ 1
N

N∑
i=1

(
dpredi − dgti

)2
, (13)

which measures the average Euclidean error between pre-
dicted and ground truth depths. The logarithmic root mean
square error (RMSE log) is defined as

RMSElog =

√√√√ 1
N

N∑
i=1

(
log dpredi − log dgti

)2
, (14)

which compares depths in log space and emphasizes relative
errors. The end-point error (EPE) is given by

EPE = 1
N

N∑
i=1

|dpredi − dgti |, (15)

which corresponds to the mean absolute deviation between
prediction and ground truth. The absolute relative error (Abs
Rel) is defined as

AbsRel = 1
N

N∑
i=1

|dpred
i −dgti |
dgti

, (16)

which captures the average relative deviation of predictions
with respect to the ground truth. The D1 metric quantifies
the fraction of points whose errors simultaneously exceed
both an absolute threshold of 3 mm and a relative threshold
of 5%, to reflect the proportion of mispredicted pixels.

B. Experimental Results Analysis

Table I reports experimental results on SCARED and
Hamlyn against representative stereo matching methods and
prior-enhanced models. We select the second best method
to compare the quantitative difference. All pipelines were
reproduced under the same experimental conditions and eval-
uated with identical data splits, preprocessing, and metrics
to ensure a fair comparison.

SCARED. Our method surpasses previous competing ap-
proaches on most evaluated metrics except reasoning Time.
Taking MonSter as a reference, we compare CaLoRA-Stereo
on each metric. RMSE decreases by 22.7% from 4.957
to 3.830. RMSE log decreases by 22.9% from 0.070 to
0.054. EPE decreases by 33.6% from 4.113 to 2.731. Abs
Rel decreases by 35.0% from 0.060 to 0.039. D1 decreases
by 38.4% from 0.380 to 0.234. The macro-average relative
reduction over the five metrics is 30.5%. These improvements
are statistically significant according to a two-sided paired t-
test (p < 0.001). For visualization comparison, as shown in
Fig. 3, CaLoRA-Stereo reconstructs an intact tissue surface
whereas the other method miss fine details in Case 1. In
Case 2, the compared methods exhibit clear faults while our
prediction remains continuous, and CaLoRA-Stereo produces
the fewest holes in Case 3. As shown in Fig. 4, disparity
maps further highlight our approach’s performance in detail
recovery and depth consistency.

Hamlyn. Our method also exceeds previous leading ap-
proaches on the Hamlyn dataset. Compared with BiSS-
DBCNN, our RMSE decreases by 2.5% from 4.321 to 4.215.
RMSE log decreases by 12.7% from 0.063 to 0.055. EPE
decreases by 17.4% from 2.787 to 2.301. Abs Rel decreases
by 18.2% from 0.044 to 0.036. D1 decreases by 34.4%
from 0.270 to 0.177. The mean relative reduction is 17.0%.
The improvements are most pronounced on outlier-sensitive
measures, namely D1, EPE, and Abs Rel. Significance holds
under a two-sided paired t-test (p < 0.001). As illustrated in
Fig. 5, the qualitative results indicate that CaLoRA-Stereo
produces fewer outliers and fewer depth estimation failures.

Efficiency. CaLoRA-Stereo runs at 0.218s per frame, on
par with CREStereo (0.216s). Crucially, it is more efficient
than other stereo foundation models, running over 5.2x
faster than the original FoundationStereo and 29x faster than
MonSter.

C. Ablation Studies

To better understand the effect of each key component in
our framework, we conduct an ablation study and present the
results in Table II.

We propose a CaLoRA, which is improved upon stan-
dard LoRA, with a camera-aware scaling mechanism. Un-
der identical training and evaluation settings (r=8) in the
ablation study, CaLoRA consistently outperforms standard
LoRA across all metrics, confirming the effectiveness of
the proposed modification and its scale consistency under
small intrinsics drift. While we examine CaLoRA’s rank
sensitivity with Lbase and Lbank, it is suboptimal at r=1,
peaks at r=8, degrades at r=16, and collapses at r=32. We
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Fig. 5. Qualitative comparison of pseudocolor disparity maps on the Hamlyn dataset. Red boxes highlight outliers and severe failure areas.

TABLE II
COMPONENT AND RANK ABLATIONS. LOWER IS BETTER FOR ALL

METRICS (↓).

LoRA CaLoRA Lbase Lbank r RMSE↓ RMSE log↓ EPE↓ Abs Rel↓ D1↓
Component ablation (fixed LoRA rank r=8)

✓ ✓ ✓ 8 3.986 0.056 3.247 0.046 0.313

✓ ✓ 8 3.547 0.051 2.778 0.041 0.262

✓ ✓ ✓ 8 3.067 0.043 2.328 0.033 0.206
Ablation on CaLoRA rank r

✓ ✓ ✓ 1 3.345 0.048 2.572 0.038 0.237

✓ ✓ ✓ 4 3.626 0.051 2.855 0.041 0.272

✓ ✓ ✓ 16 3.801 0.054 3.042 0.044 0.292

✓ ✓ ✓ 32 8.846 0.126 7.858 0.108 0.654

therefore adopt r=8 as a principled trade-off option. We then
remove the spectral term Lbank from the full configuration
and observe a significant degradation in depth estimation
accuracy, confirming that multi-scale spectral alignment im-
proves accuracy by enforcing structural consistency.

V. CONCLUSIONS

In this work, we present a parameter-efficient fine-tuning
framework for stereo matching foundation model that lever-
ages inherent geometric priors to improve depth estimation
accuracy in endoscopic scenes. In parallel, we propose a
dual-view geometric supervision lifts the left-view prediction
to 3D and reprojects it to the right, allowing each view to be
supervised on its native grid with its own visibility. Besides,
we introduce a lightweight spectral alignment regularizer
based on a small learnable Fourier bank that further preserves
fine tissue surface details. The method is plug-and-play for
linear and convolutional layers, and requires no backbone
modification. Experiments on SCARED and Hamlyn indicate
uniformly lower errors across standard metrics with practical
runtime. Looking ahead, the same mechanism has potential
to support cross-device and cross-hospital deployment, lens
or coupler swaps with different magnifications or view
angles, optical or digital zoom and cropping in the imaging
chain, and intraoperative scope replacement or reinsertion.
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