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Abstract

Monocular depth estimation has advanced significantly with foundation models like
Depth Anything, leveraging large-scale transformer architectures for the superior
generalization. However, the deployment on resource-constrained devices remains
challenging due to the high computation and memory requirement. Existing quanti-
zation methods, such as post-training quantization (PTQ) and quantization-aware
training (QAT), often face trade-offs between efficiency and accuracy, or require
extensive labeled data for retraining. To address these limitations, we propose
Quantization with Self-Compensating Auxiliary for Monocular Depth Estimation
(QSCA), a novel framework for 4-bit post-training quantization of Monocular depth
estimation models. Our method integrates a lightweight Self-Compensating Auxil-
iary (SCA) module into both transformer encoder and decoder blocks, enabling
the quantized model to recover from performance degradation without requiring
ground truth. This design enables fast adaptation while preserving structural and
spatial consistency in predicted depth maps. To our knowledge, this is the first
framework to successfully apply 4-bit quantization across all layers of large-scale
monocular depth estimation models. Experimental results demonstrate that QSCA
significantly improves quantized depth estimation performance. On the NYUv2
dataset, it achieves an 11% improvement in J; accuracy over existing post-training
quantization methods.

1 Introduction

Monocular depth estimation (MDE) has become a fundamental task of modern computer vision, in
robotics [[1]], autonomous driving [2}13]], and 3D scene understanding [4}|5]. The recent emergence
of foundation models such as MiDaS [6], Depth Anything v1 [[7], and Depth Anything v2 [8] has
dramatically improved the accuracy and generalization of depth prediction by leveraging transformer-
based architectures along with large-scale datasets, both labeled and unlabeled. These advances have
shifted the paradigm from the hand-crafted feature engineering to the data-driven, generalizable depth
estimation. Despite their impressive capabilities, deploying these large-scale models on resource-
constrained platforms remains a significant challenge. Real-world scenarios such as edge devices
demand models that are highly resource-efficient.
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To address this issue, a range of advanced model compression strategies have been explored, in-
cluding pruning [9} [10], knowledge distillation [[11}[12], model quantization [[13H20]], and optimized
architecture design [21-24]], with the objective of reducing model complexity while maintaining
performance. Model quantization, especially post-training quantization (PTQ) [25-27], has emerged
as a practical solution to reduce model size and accelerate inference without requiring retraining. PTQ
methods seek quantization parameters using a few unlabeled calibration images after full-precision
training, offering rapid deployment and minimal data requirements. However, PTQ struggles under
aggressive low-bit quantization (e.g., 4-bit), suffering from substantial accuracy degradation due
to quantization errors, sensitivity to outliers, and the mismatch between quantized representations
and real data distribution. These issues are amplified in complex tasks like depth estimation, where
fine-grained spatial details are critical.

Quantization-aware training (QAT) [28H30] addresses these limitations by simulating quantization
effects during training, allowing the model to adapt its weights for robustness against quantization
error. QAT consistently outperforms PTQ under low-bit quantization by adapting model parameters
to quantization noise during training. However, it imposes significant computational and memory
overhead, and typically requires access to labeled datasets, a condition that often does not hold for
foundation models trained on proprietary or large-scale unlabeled data. QwT [31]] achieves a balance
of speed, accuracy, and simplicity by introducing lightweight compensation modules that recover
information lost by quantization. These modules can be optimized efficiently via a closed-form
solution, enabling rapid adaptation without full retraining. While QwT effectively bridges the gap
between PTQ and QAT by enabling lightweight supervised adaptation, it still relies on labeled data
during the training of its compensation modules. As a result, QwT is not well suited for foundation
monocular depth estimation models, which are typically evaluated in zero-shot configurations where
precise depth prediction is required but ground-truth labels are unavailable.

This paper proposes Quantization with Self-Compensating Auxiliary for Monocular Depth Estimation
(QSCA), a novel framework for efficient 4-bit post-training quantization of foundation MDE mod-
els. As illustrated in Figure|l| our framework introduces lightweight Self-Compensating Auxiliary
(SCA) modules into transformer and decoder blocks. These modules are inserted into quantized
blocks to mitigate degradation by restoring critical features via residual correction. The SCA mod-
ules are trained via self-supervised learning, enabling the model to recover quantization induced
loss using only unlabeled calibration data, without reliance on ground-truth depth labels. This ap-
proach dramatically reduces adaptation time and computational requirements compared to traditional
QAT or reconstruction-based PTQ methods, while maintaining high accuracy even with aggressive
quantization. Our main contributions are as follows:

* We propose the QSCA framework, the first to effectively apply 4-bit quantization across all layers
of large-scale monocular depth estimation foundation models such as Depth Anything.

* We propose SCA, a set of lightweight auxiliary modules strategically integrated into the quantized
network to restore lost representational capacity. These modules are trained using self-supervised
learning, eliminating the need for any ground-truth depth annotations and enabling fast quantization
adaptation.

* We demonstrate that our framework achieves competitive performance on relative depth prediction
across multiple benchmark datasets under a 4-bit quantization setting, significantly outperforming
existing PTQ baselines.

2 Related Work

2.1 Monocular Depth Estimation Models

MDE has made significant progress with the emergence of large-scale pretrained models, often
referred to as foundation models. Notable examples include MiDaS [6], Depth Anything v1 [[7]],
and Depth Anything v2 [8], which leveraged large-scale labeled and unlabeled datasets alongside
transformer-based architectures to achieve high generalization performance across a wide range of
scenes. MiDaS introduced cross-dataset generalization through a mixture of 12 diverse datasets and a
transformer encoder-decoder design based on DPT [32]. Depth Anything extended this framework
using a DINOvV2 [33]] ViT encoder and DPT decoder, with v1 leveraging labeled and unlabeled data,
and v2 focusing on synthetic and pseudo-labeled data. Both were evaluated in zero-shot settings
and became strong baselines for general-purpose depth estimation. MiDaS and both versions of



Depth Anything were built upon DPT [32], which adopted a ViT-based encoder-decoder architecture
specifically designed for dense prediction tasks. DPT captures long-range dependencies through a
transformer encoder and recovers spatial details via a multi-scale decoder, making it well-suited for
monocular depth estimation.

2.2 Model Quantization

Model quantization [[13H15]] aims to improve computational efficiency by reducing the precision
of floating point weights and activations. AdaRound [20] proposed a layer-wise reconstruction
approach that refines the rounding direction of weights in each quantized layer to minimize task loss.
BRECQ [17] adopted block-wise reconstruction to account for cross-layer dependencies. QDrop [18]]
incorporated randomly dropping the quantization of activations during block-wise reconstruction,
effectively applying partial activation quantization in a stochastic manner. Although these methods
demonstrated strong performance in classification tasks, their design was specifically optimized for
cross-entropy loss [[17, 134, 135]]. As a result, their effectiveness was significantly diminished when
applied to tasks that required alternative loss functions, and the reconstruction process further incurred
substantial resource costs. RepQ-ViT [36] introduced scale reparameterization, which decouples
the quantization and inference processes for post-LayerNorm and post-Softmax in ViTs [37H39]].
Adalog [19] designed a hardware-friendly adaptive logarithmic quantizer to address the power-
law distributions in ViTs. These methods offered the advantage of faster results by eliminating
the need for reconstruction. However, since these approaches was primarily designed for image
classification [37H39], they suffered from substantial performance degradation when applied to
monocular depth estimation task. Inspired by QwT [31]], which introduced a compensation module to
recover performance degradation, we propose a more robust quantization methodology tailored for
monocular depth estimation.

3 Method

We propose the QSCA framework, which introduces SCA modules in the network to recover critical
depth representations degraded by quantization. As illustrated in Figure [} we incorporate these
modules into both the Q-Transformer and Q-DPT blocks to effectively mitigate quantization loss. To
optimize the SCA modules, we employ a self-supervised learning process that distills knowledge
from the full-precision (FP) model by aligning intermediate features and predictions between the
quantized and FP models. Section [3.3] provides a detailed description of the SCA module design,
and Section[3.4]focuses on the self-supervised learning strategy used to optimize the SCA without
requiring ground-truth annotations.

3.1 Preliminaries

Uniform quantization. We follow the uniform quantization used in the ViT quantization method
(27,140, !41]. In the uniform quantization process, given the full-precision value = and the bit-width b,
the quantized value & is computed as follows:

:f:cnp(E%Lz,oab—l), =57, (1

where | -] denotes the round function and the clip function constrains the input value within a given
upper and lower bound. In this context, the value is constrained between 0 and 2° — 1. The scale
factor s maps the original data range to the range that can be represented by 2° levels. The zero-point
z serves to shift the quantized range to adequately represent both positive and negative values. The s
and z are defined as:
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Log\/2 Quantization. To better handle long-tailed distributions such as post-Softmax activations,
RepQ-ViT [36] introduces Logy/2 quantization, which provides finer granularity for larger values
compared to Log2 quantization. This formulation offers higher resolution for large-magnitude values,
which helps preserve rank order in attention scores. The quantized value Z is computed as follows:

fzclip({—logﬁg-‘,O, 2”—1), =525 P@@) (V2 - 1) + 1, 3)
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Figure 1: Overview of the QSCA framework. In the quantized Q-model, SCA modules are strategically
inserted into each block of both the Transformer encoder (Q-Transformer) and the DPT decoder
(Q-DPT) to compensate for performance degradation caused by quantization. These SCA modules
are trained in a self-supervised manner by distilling intermediate features and predictions from the
full-precision (FP) model at each corresponding block.

where | -] denotes the floor function and P(-) is a function that returns O if input is even and 1 if it is
odd.

3.2 Bit-level and Block-wise Quantization Sensitivity

To better understand the quantization behavior of large-scale MDE models, we analyze the per-
formance degradation of the Depth Anything [7] applying percentile-based PTQ approaches. The
calibration is performed using 16 randomly selected samples from the train dataset. The results
presented in Figure 2] offer critical insight into the quantization robustness of the Depth Anything
model under 4-bit post-training quantization. In Figure 2] (a), we observe a steep degradation in
performance metrics when both weights and activations are quantized to 4-bit precision. Specifically,
the d; metric drops consistently while AbsRel increases, demonstrating that aggressive bit-level
compression introduces substantial information loss. This degradation pattern is consistent across
both NYUv2 [42] and KITTI [43] benchmarks, indicating that existing PTQ methods fail to maintain
predictive reliability under aggressive compression in high-resolution depth estimation tasks. To
further investigate the vulnerability of individual components in the model, we perform a block-wise
quantization sensitivity analysis across the blocks of the model, as shown in Figure 2] (b). Each block
in the architecture is independently quantized to 4-bit precision while keeping the rest in full precision,
and the drop in §; is measured. While most blocks exhibit moderate sensitivity to quantization, we
observe that the decoder, particularly the final CNN-based block, experiences the most significant
performance degradation. This indicates that the decoder plays a crucial role in maintaining spatial
and structural fidelity and is especially vulnerable under low-bit quantization.

3.3 Self-Compensating Auxiliary Module

We implement SCA with linear layer in transformer blocks and convolutional layers in decoder
blocks. Each SCA module operates in a residual manner by taking the input to the quantized block
and adding the auxiliary output to the quantized output of the block. This avoids reconstructing or
modifying quantized weights.

Formally, let # € R%~ be the input activation to a quantized block, and let 6 € R% denote the
corresponding quantized output. We define the compensated output as:

o> =06+ ¢(&;0), )



—e— 5t } Block-wise Quantization Sensitivity

0.16 Decoder 1code Decoder 0.37

0.65 0.41

Performance Drop in 8 (vs. FP32)

1 1 L L 1 1 1 1 L 1 L L
8/8 6/8 6/6 4/6 4/5 4/4 8/8 6/8 6/6 4/6 4/5 4/4 Block Index Block Index

(@) (b)

Figure 2: Quantization sensitivity analysis of the Depth Anything small model on NYUv2 and KITTI
datasets. (a) Performance degradation when both weights and activations (W/A) are quantized to
lower bit-widths. (b) Block-wise sensitivity to 4-bit quantization, where a higher bar indicates that
the corresponding block is more sensitive to quantization.

where ¢(Z; 0) is the output of the SCA module, implemented as a linear layer in the Q-Transformer
encoder or a convolutional layer in the Q-DPT decoder. To initialize the parameters 6 of the auxiliary
module, we treat ¢ as a linear projection from the quantized input representation to the residual
correction target. Let X € R(B*L)xdin denote the reshaped input tokens, and let the residual matrix
be defined as R = O — O, where O and O denote the full-precision and corresponding quantized
outputs, respectively.

To ensure stable and robust initialization, we incorporate an L2 regularization term into the objective,
which penalizes the Frobenius norm of the projection matrix. The optimal projection matrix W ¢* &
Réoutxdin jg thus computed as:

W; :argn‘lﬂianR—XWTH%+/\1||WH%~W ®)

where \; controls the strength of the regularization. A ensures that (XTX+ A11) is always invertible,
thereby enhancing the stability of weight initialization by guaranteeing the existence of a unique and
numerically stable solution for the projection matrix. By differentiating the objective in Eq. (5) with
respect to W and setting the derivative to zero, we obtain the following closed-form solution for the
optimal projection matrix:

5=X'X+MD)TIXTR. (6)
Consequently, the output of the quantized block with the SCA module is thus computed as:
08°A =0 +XW;'. )

This equation implies that the SCA module explicitly compensates for the residual between the
original output and the quantized output of the block, effectively restoring performance degraded by
quantization.

3.4 Self-Supervised Learning Strategy

We adopt a self-supervised learning strategy in which the full-precision model F acts as the teacher,
and the quantized model F, augmented with SCA modules serves as the student. The output of
F is treated as pseudo ground-truth, and the SCA parameters in the student are trained to imitate
it through a distillation loss. Rather than applying the loss only at the final prediction stage, we
introduce auxiliary supervision directly at intermediate blocks where the SCA modules are integrated.

Let fi and f; denote the feature output from the student with SCA and the corresponding output from
the teacher at the ¢-th block, respectively. We define the feature-level distillation loss as:

L = Y| fi = fillh, ®)
icS
where S is the set of blocks equipped with the SCA modules. In addition, to enforce scale-invariant
consistency in relative depth estimation, we adopt a SILog loss between the final depth maps D,
from the student and D from the teacher:

2
n
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Table 1: Quantization results on the NYUv2 [42] for zero-shot relative depth estimation. W/A
indicates the bit-width of weights and activations after quantization. E. denotes the encoder backbone
used in the MDE architectures.

\ Depth Anything v1 [7] \ Depth Anything v2 [8]
Method WIA E. ViT-S E. ViT-B E. ViT-S E. ViT-B
511  AbsRell  &,%  AbsRell | 4,1  AbsRell &1  AbsRell

FP 32/ | 09720 00525 09791 00459 | 09736 00513 09770  0.0460
MinMax [14] 44 | 05024 02728 01972 15735 | 04873 02815 01102 23712
Percentile [44]  4/4 | 06542 02006 05430 02522 | 06675  0.1935 05379 02543
BRECQ [I7] 44 | 05395 02535 04692 02886 | 05042 02714 04646 02910
QDrop [18] 44 | 07166 01742 05785 02334 | 07115 01773 05794 02332
Ours 44 | 08097 01377 06845  0.1875 | 08151  0.1361  0.6845  0.1875
MinMax [T4] 46 | 05632 02417 04973 02748 | 05324 02599 04738  0.2866
Percentile [@4]  4/6 | 0.8837  0.1050 09071  0.0958 | 09196 00891 09355  0.0831
BRECQ [17] 46 | 05786 02337 05542 02462 | 05269 02611 05084  0.2697
QDrop (18] 46 | 06369 02071 06987  0.1823 | 07285  0.0700 07619  0.1560
Ours 46 | 09333 00810 09441 00739 | 09450 00757 09468  0.0726

Table 2: Quantization results on the KITTI [43]] for zero-shot relative depth estimation. W/A indicates
the bit-width of weights and activations after quantization. E. denotes the encoder backbone used in
the MDE architectures.

‘ Depth Anything v1 [7] ‘ Depth Anything v2 [8]

Method W/A E. ViT-S E. ViT-B E. ViT-S E. ViT-B

01 AbsRel | 01T AbsRel | [ AbsRel | [ AbsRel |
Fp 32/32 ‘ 0.9369 0.0818 0.9396 0.0804 ‘ 0.9340 0.0832 0.9389 0.0814
MinMax [14] 4/4 0.3441 0.3770 0.2058 1.9612 0.3423 0.3938 0.0832 4.4358
Percentile [44] 4/4 0.4099 0.3418 0.3327 0.3876 0.3780 0.3668 0.3275 0.3932
BRECQ [17] 4/4 0.3522 0.3719 0.3160 0.3989 0.3344 0.3906 0.3175 0.3990
QDrop [18] 4/4 0.3234 0.3934 0.3338 0.3855 0.3748 0.3620 0.4082 0.3412
Ours 4/4 0.7273 0.1874 0.6203 0.2365 0.6794 0.2067 0.6174 0.2296
MinMax [14] 4/6 0.4467 0.3290 0.3586 0.3769 0.3609 0.3744 0.3161 0.3982
Percentile [44] 4/6 0.8558 0.1269 0.7580 0.1687 0.8613 0.1283 0.7219 0.1866
BRECQ [17] 4/6 0.5223 0.2851 0.4035 0.3529 0.4320 0.3332 0.4093 0.3497
QDrop [18] 4/6 0.6052 0.2408 0.5897 0.2611 0.5351 0.2790 0.5268 0.3037
Ours 4/6 0.8857 0.1161 0.8722 0.1174 0.8893 0.1124 0.8873 0.1067

where n is the number of valid pixels, and ﬁq is the predicted depth map from the quantized model
with SCA. This formulation emphasizes relative depth consistency without relying on absolute
scale. Then, the final training objective is given as the sum of the feature distillation loss and the
depth-related loss:

Ltotal = )\featﬁfeat + Ld- (10)

4 Experiments

4.1 Experimental Setup

Models, datasets, and metrics. We adopt Depth Anything v1 [[7]] and v2 [8]], which employ ViT-
Small, ViT-Base as backbone encoders [37]. We choose Depth Anything as the baseline model
because it represents a strong foundation model for zero-shot monocular depth estimation. Since it
is used in zero-shot settings without task-specific fine-tuning, applying quantization enables more
efficient deployment in real-world scenarios while preserving generalization capability. For evaluation,



Table 3: Quantization results on the Sintel [45]], ETH3D [46], and DIODE [47] for zero-shot relative
depth estimation. W/A indicates the bit-width of weights and activations after quantization. E. denotes
the encoder backbone used in the MDE architectures.

\ \ Depth Anything v1 [7] \ Depth Anything v2 [8]
Method WA E. ViT-S E. ViT-B E. ViT-S E. ViT-B
6 T AbsRel | o1 1 AbsRel | 6T AbsRel | 61 1 AbsRel |
FP 3232 | 07304 02296 07539 02281 | 0.6974 02680 07111 02576
MinMax [14] 44 | 03217 04751 00069 542156 | 03101 04998 01727  6.1550
T | Porccnile ] 44 | 03585 04745 03654 04677 | 03772 04693 03237 04801
@ | BRECQ (7] 44 | 03123 04787 03085 04820 | 03055 04816 03008 04821
QDrop [I8] 44 | 03181 04991 03106 04867 | 03184 04948 03151  0.4882
Ours 44 | 03884 04531 04059 04781 | 03919 04474 04070  0.4679
FP 3232 | 09652 00584 09741 00513 | 09701 00548 09791  0.0467
MinMax [14] 44 | 05264 02754 02070  3.0313 | 05078 02872 00833 54311
@ Percentile [44]  4/4 | 06290 02186 05935 02380 | 0.6456 02148 05720  0.2491
£ | BRECQITZ 44 | 05082 02829 04874 02958 | 04962 02920 04870  0.2963
QDrop [I8] 44 | 06069 02351 05373 02706 | 0.618 02288 05341  0.2697
Ours 44 | 07332 01791  0.6309 02241 | 0.6791 01983  0.6298 02197
FP 3232 | 09413 00753 09474 00745 | 09426 00721 09498  0.0701
MinMax [14] 44 | 06687 02110  0.1070  13.8008 | 0.6596 02154 01647  11.9492
‘él Percentile [44]  4/4 | 07347  0.862  0.6845 02038 | 07459 01830 07027 02019
= | BRECQITZ 44 | 06755 02079  0.6464 02201 | 06538 02173  0.6441 02211
QDrop [I8] 44 | 07275 01864 06819 02058 | 07279  0.1848  0.6777  0.2062
Ours 44 | 08033 01513 07099 01997 | 08135 01463 07094  0.1947

we employ five widely used monocular depth estimation benchmarks: NYUv2 [42], KITTT [43]],
Sintel [45]], ETH3D [46], and DIODE [47]. These benchmarks cover diverse domains such as indoor
environments, outdoor driving scenes, synthetic imagery, and mixed settings. We select them because
they correspond to the official zero shot relative depth evaluation datasets used in the Depth Anything
models [[7, 18]. To quantify model performance, we follow standard evaluation metrics from prior
works [6H8) 132]], including those used in Depth Anything. We report the accuracy under threshold
(01 < 1.25') and the absolute relative error (AbsRel). The §; metric indicates the percentage of
predicted depth values that lie within a threshold ratio of the ground truth, while AbsRel computes
the mean of the absolute relative errors. Higher §; and lower AbsRel values reflect better depth
estimation performance.

Implementation details. We randomly select 16 samples from each of the NYUv2, and KITTI
datasets to calibrate the quantization parameters. For the calibration strategy, we apply the widely used
percentile method [44], employing channel-wise quantization for weights and layer-wise quantization
for activations. To initialize the parameters of the SCA modules, we randomly sample a single image
from the training set. The SCA modules are implemented with FP16 precision to reduce memory
usage and model size. When finetuning the SCA modules, we perform 1 epoch of training using only
a randomly selected 5% subset of the training set. We adopt this strategy to simulate scenarios with
limited data and computational resources. For training, we use the Adam optimizer with a learning
rate of 1 x 10~ and without weight decay. The hyperparameters are set as follows: \; is set to 1e3,
and Mg, is set to 0.5. All experiments are conducted with batch size of 1, and a single RTX 4090
GPU.

4.2 Experimental Results

Quantitative results. As shown in Tables[T]and 2] we evaluate our framework on NYUv2 [42] and
KITTI [43] under two quantization settings: 4/4 and 4/6 (weight/activation bit-widths). Our QSCA
consistently outperforms prior PTQ methods, including MinMax [14], Percentile [44], BRECQ [17],
and QDrop [18]]. Specifically, under the more aggressive 4/4 configuration on NYUv2, QSCA applied
to Depth Anything v1 achieves a §; of 0.8097 with ViT-S and 0.6845 with ViT-B, outperforming
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Figure 3: Visualization of the quantized Depth Anything (W4A6) with ViT-small backbone for indoor
scenes (NYUv2) and outdoor scenes (KITTI).

Table 4: Efficiency-performance trade-off of QSCA onthe  Table 5: Performance of QSCA with
NYUvV2 using Depth Anything v1 under 4-bit weight and  varying subset sizes on NYUv2 using

activation quantization. Depth Anything v1(W4A4).
Model | Method | Params | Time | 4,1  AbsRel | Subset for | E. ViT-S
training
BRECQ 2479M | ~3157s | 0.5395  0.2535 | Time 5,1  AbsRel|
E.ViT-S | QDrop 2479 M | ~3678s | 0.7166  0.1742 1% 455 07778 01506
Ours 2523M | ~210s | 0.8097  0.1377 1% 130s 08050 0.1395
BRECQ 97.4M | ~4069s | 0.4692  0.2886 5% ~210s 08097  0.1377
E.ViT-B | QDrop (18] | 974M | ~5820s | 0.5785  0.2334 10% ~420s 08108  0.1375
Ours 99.24M | ~411s | 0.6845  0.1875 100% | ~4200s 08177  0.1351

QDrop by a clear margin. In the 4/6 configuration, the proposed method further improves the d; to
0.9333 and 0.9441 while maintaining AbsRel below 0.1. Similarly, on the KITTI dataset, QSCA
achieves a §; of 0.7273 using the ViT-S backbone under the 4/4 configuration and 0.8857 under
the 4/6 configuration, significantly outperforming other methods. On more challenging datasets
such as Sintel [45], ETH3D [46], and DIODE [47], as shown in Table 3] the proposed framework
demonstrates strong generalization capabilities. Despite the increased scene complexity and domain
shift, QSCA consistently achieves higher ¢; scores and lower AbsRel values than existing PTQ
methods, effectively mitigating the detrimental effects of 4-bit quantization.

Qualitative results. To confirm the effectiveness of our proposed method, we visualize the predicted
depth maps in Figure [3| under the W4A6 quantization setting using the ViT-S backbone on the
NYUv2 [42] and KITTI datasets. Compared to strong baselines such as BRECQ and
QDrop [18], our QSCA framework exhibits superior visual quality, preserving structural consistency
and fine-grained depth transitions. On NYUv2, our method produces noticeably sharper boundaries
around objects like table, and television, accurately distinguishing foreground and background with
minimal artifacts. On KITTI, QSCA effectively captures linear structures such as road boundaries
and fences, which are often blurred or washed out in baseline methods. These improvements are
attributed to the combination of strategically inserted SCA modules and self-supervised block-wise
distillation, which jointly recover spatial fidelity lost due to low-bit quantization. Notably, our results
are visually closest to the full-precision FP32 outputs, demonstrating the robustness and perceptual
quality of QSCA across diverse scene types.
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Figure 4: Qualitative results on the NYUv2 dataset showing the impact of SCA modules and self-
supervised distillation under 4-bit quantization.

4.3 Ablation study

Efficiency and model complexity. As shown in Table[d] we compare QSCA with existing recon-
struction PTQ methods, BRECQ [[17]] and QDrop [18]}, in terms of parameter count, reconstruction
time, and accuracy on the NYUv2 dataset using Depth Anything v1 with the ViT-small and ViT-base
backbone. QSCA introduces a small increase of approximately 0.44 million parameters due to the
insertion of lightweight SCA modules. Despite this addition, it reconstructs the quantized model in
less than 210 seconds, which is significantly faster than BRECQ, whose reconstruction time exceeds
3100 seconds, and QDrop, which requires more than 3600 seconds. More importantly, it achieves
substantial accuracy gains. For example, QSCA improves the §; score from 0.5395 in BRECQ and
0.7166 in QDrop to 0.8097, while reducing AbsRel from 0.2535 and 0.1742 respectively to 0.1377.
The same trend is observed in the results for Depth Anything v2. These findings highlight that QSCA
provides both faster reconstruction and better accuracy, with only a minimal increase in model size.
Furthermore, Table [5investigates the impact of training subset size on QSCA performance. As the
proportion of training data increases from 1% to 100%, both §; and AbsRel metrics steadily improve,
indicating that our method can effectively leverage even a small fraction of the training set to achieve
competitive results. Notably, QSCA maintains robust performance with as little as 5% of the training
data, demonstrating its efficiency and practicality in resource-constrained scenarios

Effect of SCA Modules. Figure [d] provides a qualitative comparison across different ablation
settings. We begin with Percentile-based PTQ [44]], which serves as the foundation for our approach.
When inserting SCA modules without supervision (Percentile + SCA), the quality of depth prediction
improves marginally, suggesting that architectural compensation alone is insufficient. The §; metric
increases from 0.6528 to 0.7407, indicating partial recovery of structural cues. However, the full
QSCA framework that integrates SCA modules with self-supervised block-wise distillation leads
to clear improvements in both structural consistency and semantic preservation, with §; further
improving to 0.8097. This progression demonstrates the effectiveness of our distillation strategy in
maximizing the potential of SCA modules under 4-bit quantization.

5 Conclusion

In this paper, we propose QSCA, a novel framework for effective 4-bit quantization of Depth Anything.
To restore performance degradation caused by quantization, we insert SCA modules into transformer
and decoder blocks. These modules are trained in a self-supervised manner using only unlabeled
calibration data, enabling the model to maintain high accuracy even in low-precision settings for
complex depth prediction architectures. Notably, QSCA achieves competitive performance across
various benchmarks while quantizing all layers to 4 bits, demonstrating its effectiveness as a practical
alternative that overcomes the limitations of existing PTQ methods.

Limitations & Future Works. We were unable to perform direct comparisons with recent
reconstruction-based PTQ methods due to limited GPU resources. Moreover, these methods are



primarily optimized for classification tasks and often fail to function reliably in constrained environ-
ments. This limitation becomes especially pronounced in dense prediction tasks such as monocular
depth estimation, where memory consumption is significantly higher. Additionally, our proposed
method is based on fake quantization, a technique that simulates quantization effects. In future work,
we plan to design more lightweight and highly optimized quantization techniques that surpass existing
resource-efficient methods, and to extend these approaches to a broad range of dense prediction tasks.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The claims in the abstract and introduction clearly summarize the proposed
method, QSCA, and its contributions, including 4-bit PTQ and self-supervised optimization.
These are supported throughout the paper via detailed experiments and analysis.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: [TODO]
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [NA]

Justification: The paper does not include any theoretical results, such as formal theorems or
proofs. Instead, it focuses on empirical evaluations of post-training quantization techniques
for monocular depth estimation models.

Guidelines:

» The answer NA means that the paper does not include theoretical results.

¢ All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

» Theorems and Lemmas that the proof relies upon should be properly referenced.
. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper provides detailed descriptions of experimental settings, including
the evaluation datasets (NYUv2, KITTI, ETH3D, DIODE, and Sintel), the bit-width con-
figurations (W4A4 and W4A6), backbone models (ViT-S/B/L), and comparison baselines
(Percentile, BRECQ, QDrop). In addition, it reports performance metrics (d;, AbsRel) in
comprehensive tables across different configurations. These details are sufficient to repro-
duce the main results, even if the code is not yet publicly released.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).
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(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We release our code and checkpoints, including training and evaluation scripts.
All datasets used in the paper are open-sourced

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We have provided enough details about training and testing, including data
splits, hyperparameters, type of optimizer, ablation study, and analysis to understand the
results.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:
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Justification: The paper presents quantitative results across various datasets and configu-
rations but does not include error bars, confidence intervals, or statistical tests to assess
variance or significance. While the results are consistent across benchmarks, the lack of
variability reporting may limit interpretation of statistical robustness.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the computer
resources (type of compute workers, memory, time of execution) needed to reproduce the
experiments?

Answer: [Yes]

Justification: The paper provides inference and training times for various methods in Tables
4 and 5, including runtime comparisons for different subsets and bitwidth settings. While
exact hardware specifications (e.g., GPU model, memory) are not detailed in the main text,
compute cost comparisons are sufficiently included to understand the efficiency-performance
trade-offs.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]
Justification: We have carefully reviewed the NeurIPS Code of Ethics and will obey it.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.
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* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The Introduction outlines the broad applicability of monocular depth estimation
models to downstream tasks such as AR/VR, robotics, and autonomous driving, indicating
the potential for positive societal impacts through enhanced safety and accessibility in real-
world systems. While the paper does not explicitly discuss possible negative impacts, such
as misuse in surveillance or biased performance in unseen domains, it implicitly suggests
positive utility through generalization and deployment in safety-critical applications.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: The paper does not release any new pretrained models or datasets that pose a
high risk of misuse. All utilized models (e.g., Depth Anything) and datasets (e.g., NYUv2,
KITTTI) are publicly available and commonly used in academic research. Therefore, specific
safeguards are not applicable in this context.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.
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12.

13.

14.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: We have properly cited all existing assets used in the paper.
Guidelines:

» The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer:

Justification: The paper does not introduce new datasets or pretrained models as primary
contributions. Instead, it proposes a post-training quantization framework (QSCA) built upon
existing publicly available models (e.g., Depth Anything). While no new assets are released,
the methodology and experimental settings are described in detail for reproducibility.

Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: Our paper doesn’t involve crowdsourcing or research with human subjects
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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15.

16.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: This work does not involve any experiments with human participants, so IRB
approval is not required.

Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA|

Justification: Large language models (LLMs) were not used as part of the methodology or
experiments in this research. Any assistance from LLMs was limited to minor writing or
editing support and did not affect the scientific contributions of the paper.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.

19


https://neurips.cc/Conferences/2025/LLM

Appendix

A Additional Quantitative Results

In this section, we provide additional quantitative results to further validate our proposed QSCA
framework. Tables @ and E] present expanded comparisons on the NYUv2 [42]] and KITTI [43]]
datasets, supplementing the main results in Tables[T]and[2] We compare our framework against recent
PTQ methods, including PTQ4ViT [27], RepQ-ViT [36], ERQ [48], and QwT [31]]. Furthermore, to
demonstrate robustness across various bit-widths, we evaluate an additional W4AS8 (4-bit weights
and 8-bit activations) configuration alongside the existing W4A4 and W4A®6 settings.

Table 6: Additional quantization results on the NYUv2 [42]] for zero-shot relative depth estimation.
W/A indicates the bit-width of weights and activations after quantization. E. denotes the encoder
backbone used in the MDE architectures.

‘ Depth Anything v1 [7] ‘ Depth Anything v2 [8]

Method W/A E. ViT-S E. ViT-B E. ViT-S E. ViT-B
6 1 AbsRel | o 1 AbsRel | o1 1 AbsRel | o 1 AbsRel |

Fp 32/32 ‘ 0.9720 0.0525 0.9791 0.0459 ‘ 0.9736 0.0513 0.9770 0.0460
MinMax [14] 4/4 0.5024 0.2728 0.1972 1.5735 0.4873 0.2815 0.1102 2.3712
Percentile [44] 4/4 0.6542 0.2006 0.5430 0.2522 0.6675 0.1935 0.5379 0.2543
BRECQ [17] 4/4 0.5395 0.2535 0.4692 0.2886 0.5042 0.2714 0.4646 0.2910
QDrop [18] 4/4 0.7166 0.1742 0.5785 0.2334 0.7115 0.1773 0.5794 0.2332
PTQA4VIiT [27] 4/4 0.5693 0.2393 0.5895 0.2294 0.5034 0.2735 0.5183 0.2694
RepQ-ViT [36] 4/4 0.6639 0.1959 0.5410 0.2539 0.6464 0.2016 0.5465 0.2507
ERQ [48] 4/4 0.7062 0.1785 0.6126 0.2182 0.7140 0.1751 0.4705 0.2883
QwT [31] 4/4 0.8007 0.1407 0.6486 0.2024 0.8050 0.1400 0.6589 0.1992
Ours 4/4 0.8097 0.1377 0.6845 0.1875 0.8151 0.1361 0.6845 0.1875
MinMax [14] 4/6 0.5632 0.2417 0.4973 0.2748 0.5324 0.2599 0.4738 0.2866
Percentile [44] 4/6 0.8837 0.1050 0.9071 0.0958 0.9196 0.0891 0.9355 0.0831
BRECQ [17] 4/6 0.5786 0.2337 0.5542 0.2462 0.5269 0.2611 0.5084 0.2697
QDrop [18] 4/6 0.6369 0.2071 0.6987 0.1823 0.7285 0.1700 0.7619 0.1560

PTQA4VIT [27] 4/6 0.6187 0.2166 0.6122 0.2201 0.5159 0.2642 0.6095 0.2275
RepQ-ViT [36] 4/6 0.8256 0.1304 0.8867 0.1058 0.8657 0.1131 0.9158 0.0918

ERQ [48] 4/6 0.9075 0.0945 0.9390 0.0766 0.9245 0.0874 0.9152 0.0914
QwT [31] 4/6 0.9189 0.0884 0.9089 0.0928 0.9323 0.0833 0.8944 0.1000
Ours 4/6 0.9333 0.0810 0.9441 0.0739 0.9450 0.0757 0.9468 0.0726
MinMax [14] 4/8 0.7740 0.1522 0.5934 0.2253 0.8187 0.1345 0.5465 0.2507
Percentile [44] 4/8 0.9233 0.0861 0.9588 0.0648 0.9375 0.0798 0.9621 0.6037
BRECQ [17] 4/8 0.8533 0.1182 0.6166 0.2152 0.8927 0.0999 0.6095 0.2193
QDrop [18] 4/8 0.9504 0.0700 0.9627 0.0599 0.9592 0.0651 0.9621 0.6010
PTQ4ViT [27] 4/8 0.6544 0.2001 0.6837 0.1877 0.5246 0.2596 0.6328 0.2190
RepQ-ViT [36] 4/8 0.8833 0.1066 0.9259 0.0864 0.8792 0.1066 0.9367 0.0788
ERQ [48] 4/8 0.9333 0.0812 0.9632 0.0608 0.9355 0.0809 0.9641 0.0597
QwT [31] 4/8 0.9393 0.0769 0.9348 0.0789 0.9564 0.0663 0.9300 0.0808
Ours 4/8 0.9551 0.0682 0.9542 0.0657 0.9549 0.0679 0.9635 0.0599
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Table 7: Additional quantization results on the KITTI [43]] for zero-shot relative depth estimation.
W/A indicates the bit-width of weights and activations after quantization. E. denotes the encoder
backbone used in the MDE architectures.

\ Depth Anything v1 7] \ Depth Anything v2 [8]

Method WA E. ViT-S E. ViT-B E. ViT-S E. ViT-B

6 1 AbsRel | o1 1 AbsRel | o1 1 AbsRel | o 1 AbsRel |
FP 3232 | 09369 00818 09396 00804 | 09340 00832 09389  0.0814
MinMax [14] 44 | 03441 03770 02058 19612 | 03423 03938 00832 44358
Percentile [44] 44 | 04099 03418 03327 03876 | 03780 03668 03275 03932
BRECQ [17] 44 | 0352 03719 03160 03989 | 03344 03906 03175 03990
QDrop (I8] 44 | 03234 03934 03338 03855 | 03748 03620 04082 03412
PTQ4VIT [27] 44 | 04106 03439 03251 03923 | 04187 03308 03200 03972
RepQ-ViT [36]  4/4 | 04159 03434 05410 02539 | 0.6464 02016 05465  0.2507
ERQ [48] 44 | 04847 03178 04241 03528 | 04616 03176 04066 03490
QwT [31] 44 | 06862 01802 05867 02417 | 0.6941  0.1951 05346 02539
Ours 44 | 07273 01874 06203 02365 | 06794 02067 06174 02296
MinMax [14] 46 | 04467 03200 03586 03769 | 03609 03744 03161 03982
Percentile [44] 46 | 08558 01269 07580 01687 | 08613 01283 07219  0.1866
BRECQ [I7] 46 | 05223 02851 04035 03529 | 04320 03332 04093  0.3497
QDrop (18] 46 | 06052 02408 05897 02611 | 05351 02790 05268 03037
PTQ4VIT [27] 46 | 04446 03230 03488 03848 | 03931 03614 03308 03917
RepQ-ViT [36]  4/6 | 07888 01502 05610 02602 | 0.8293 01292 08109  0.1458
ERQ (48] 46 | 08629 01244 08705 01133 | 08770  0.1144 08685  0.1115
QwT [31] 46 | 08844 01152 07202 01759 | 08872  0.1169 07700  0.1550
Ours 46 | 08857 01161 08722 01174 | 08893  0.1124 08873  0.1067
MinMax [14] 48 | 04215 03486 04845 03275 | 04237 03529 04376 03327
Percentile [44] 48 | 08740 01111 08564 01263 | 0.8892  0.1051 09003  0.1045
BRECQ [I7] 48 | 04070 03532 04513 03317 | 04575 03194 04493 03239
QDrop (T8] 48 | 04883 03071 05422 02754 | 05368 02713 05616  0.2688
PTQ4VIT [27] 48 | 04580 03224 03550 03813 | 03909 03538 03205 03969
RepQ-ViT [36]  4/8 | 08145  0.1375 06436 02227 | 08431  0.0212 08683  0.1136
ERQ [48] 48 | 08801 01164 08937 01005 | 0.8881  0.1040 09043  0.0988
QwT [31] 48 | 08970 01044 07362 01698 | 09017  0.1061 08228  0.1328
Ours 48 | 09022 01019 08963 01045 | 09010  0.020 09161  0.0931
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B Additional Ablation Studies

In this section, we present additional ablation studies to analyze the key components and hyperparam-
eters of our proposed method.

Computational Cost of SCA. To analyze the computational cost of our proposed SCA module, we
performed theoretical and empirical evaluations. We show the detailed results presented in Table[§] To
evaluate the overhead of SCA modules, we calculated the model size difference with and without the
SCA under 4-bit quantization. Furthermore, to approximate the latency impact, we converted an 8-bit
quantized model into a TensorRT engine and measured its latency and peak memory on an RTX4090
GPU, both before and after adding the SCA modules. While this analysis is not a full replacement for
actual on-device measurements at 4-bit precision, it offers a practical approximation. As a result, the
inclusion of the SCA module introduces only a marginal computational overhead. This minimal cost
is a reasonable trade-off considering the substantial performance gains provided by SCA.

Ablation on Hyperparameter \;. We conducted an ablation study on the hyperparameter \; to
analyze its sensitivity, as shown in Table[9] The performance is optimal when \; is set to 1000. This
experiment validates our choice of A\; for the main experiments, as it demonstrates a clear trend
where values in this range yield the best performance.

Table 8: Computational efficiency comparison with and without the proposed SCA.

‘ Model size (MB) ‘ Latency (ms) ‘ Peak memory (MiB)
| E.ViT-S E.ViT-B | E. ViT-S E.ViT-B | E. ViT-S  E. ViT-B
FP32 94.62 371.90 7.64 17.27 ~ 3348 ~826.6
(w/ 0) SCA 14.49 52.93 1.81 3.57 ~78.4 ~229.8
(w/) SCA 16.27 60.02 1.82 3.79 ~ 84.3 ~240.4
Table 9: Ablation study on the hyperparameter ;.
A 0.1 | 1 | 10 | 100 | 1000

o011 0.7873 £ 0.008 | 0.7885 £ 0.010 | 0.7965 £ 0.008 | 0.8032 £ 0.010 | 0.8097 £ 0.004
AbsRel | | 0.1461 £ 0.003 | 0.1455 £ 0.003 | 0.1424 £+ 0.002 | 0.1399 £+ 0.004 | 0.1377 £ 0.001
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