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Abstract

Monocular Depth Estimation (MDE) has emerged as a
pivotal task in computer vision, supporting numerous real-
world applications. However, deploying accurate depth esti-
mation models on resource-limited edge devices, especially
Application-Specific Integrated Circuits (ASICs), is challeng-
ing due to the high computational and memory demands.
Recent advancements in foundational depth estimation de-
liver impressive results but further amplify the difficulty of
deployment on ASICs. To address this, we propose Quart-
Depth which adopts post-training quantization to quantize
MDE models with hardware accelerations for ASICs. Our
approach involves quantizing both weights and activations
to 4-bit precision, reducing the model size and computa-
tion cost. To mitigate the performance degradation, we
introduce activation polishing and compensation algorithm
applied before and after activation quantization, as well
as a weight reconstruction method for minimizing errors in
weight quantization. Furthermore, we design a flexible and
programmable hardware accelerator by supporting kernel fu-
sion and customized instruction programmability, enhancing
throughput and efficiency. Experimental results demonstrate
that our framework achieves competitive accuracy while en-
abling fast inference and higher energy efficiency on ASICs,
bridging the gap between high-performance depth estima-
tion and practical edge-device applicability. Code: https :
//github.com/shawnricecake/quart—-depth

1. Introduction

Monocular Depth Estimation (MDE) is a critical task in
computer vision, essential for a wide range of applications
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Figure 1. Visualization of accuracy vs. latency on ASIC for monoc-
ular depth estimation models with different backbones.

including robotics [82], autonomous driving [77, 97], virtual
reality [57], and 3D reconstruction [54, 92, 105]. The objec-
tive of MDE is to estimate depth information from a single
image, making it particularly valuable for scenarios where
stereo or multi-view depth sensors are impractical. Previ-
ously, depth estimation methods have been classified into
three main approaches: learning metric depth [3, 89, 91, 99],
learning relative depth [8, 9, 86, 87], and learning affine-
invariant depth [54, 56, 93, 94, 105]. Among these, metric
depth methods have demonstrated remarkable performance
across benchmarks but often show limited generalizability
to diverse, real-world images, which is compounded by vari-
ations in camera parameters between training and test sets.
Recently, inspired by the rise of “foundation mod-
els” [5, 107], anew wave of MDE models [4, 66, 90, 95] has
been developed. These foundational MDE models exhibit
superior generalization and robustness, effectively extending
their applicability to in-the-wild images and accommodating
a wide array of camera parameters. However, while these
foundational MDE models achieve impressive performance,
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they rely on sophisticated and computationally intensive
algorithms. This reliance on complex architectures and oper-
ations significantly increases computational costs, making
such models resource-heavy and challenging to deploy on
edge devices or specialized hardware such as Application-
Specific Integrated Circuits (ASICs) [35, 52, 81, 82]. The
high computational demands also hinder real-time perfor-
mance and scalability, which are critical for practical appli-
cations such as autonomous navigation [2], robotic percep-
tion [80], and augmented reality [68]. This constraint under-
scores the need for more efficient approaches that can main-
tain high accuracy while reducing computational overhead.
Among common techniques like pruning [16, 64, 82, 106],
knowledge distillation [18, 50], and architecture optimiza-
tion [1, 37, 38, 63, 85, 101], which mainly reduce model
complexity, quantization [11, 36, 46, 79] stands out for
achieving both compactness and speed. Quantization [14,
39, 41, 84, 100] reduces weights and activations to lower
bit-widths (e.g., 4-bit or 8-bit integers), minimizing model
size while accelerating inference through optimized integer
kernels specifically designed for edge devices. This dual
benefit makes it ideal for deploying high-performing models
on resource-limited edge hardware. Given the complex-
ity of large foundational MDE models and their extensive
datasets [31, 34, 98], we employ Post-Training Quantization
(PTQ) [36, 41, 62, 100, 108] to facilitate efficient deploy-
ment without retraining.

In this paper, we propose QuartDepth, a post-training
quantization framework designed for real-time depth esti-
mation on edge devices. We begin by analyzing the outlier
deviant distribution in MDE foundation models [90, 95].
Through an in-depth per-channel analysis of these abnormal
distributions, we identify persistent extreme outliers in the
depth decoders. To address this, we propose the LogNP
polishing optimization method to smooth the outliers and
transform the abnormal distribution into a more quantization-
friendly, normalized distribution. Furthermore, to mitigate
the loss from activation quantization, we employ a com-
pensation algorithm that updates the weights to minimize
the activation quantization error. Next we perform weight
quantization with a weight reconstruction method that lever-
ages gradients to minimize second-order weight quantiza-
tion errors. Meanwhile, we design a novel flexible and
programmable hardware accelerator by supporting kernel
fusion and customized instruction programmability, which
enables direct processing of intermediate results and concur-
rent execution of computational tasks. In detail, we design
specialized computation kernels for W4A4 and W4AS8 con-
figurations, which enables full utilization of external memory
bandwidth. Also, we design a novel programmable vector
computation array to support the proposed LogNP polishing
optimization, effectively hiding its additional overhead.

In summary, our contributions are outlined as follows,

1. We observe a challenging outlier deviant distribution
for activations and propose the LogNP polishing for acti-
vation quantization, which transforms these outliers into a
quantization-friendly, normalized distribution.

2. For weight quantization, we first update the weights to
compensate the error of activation quantization, and then
quantize the updated weights with weight reconstruction to
minimize the second-order weight quantization error.

3. We develop a novel flexible and programmable hard-
ware accelerator on ASICs corresponding to our proposed
quantization methods.

4. Comprehensive experiments confirm the effectiveness
of our QuartDepth framework with superior accuracy, real-
time inference and higher power efficiency on ASICs.

2. Related Work
2.1. Efficient Depth Estimation

Depth estimation from a single color image has been a promi-
nent research focus in the field of computer vision for over
a decade. This task plays a critical role in various applica-
tions, including robotic perception [12, 13, 82], autonomous
driving [77, 97], virtual reality [57], and 3D reconstruc-
tion [54, 92, 105], all of which require rapid and accurate
depth perception. The demand for real-time processing in
these applications highlights the necessity for efficient model
deployment. To meet these requirements, advanced opti-
mization techniques such as pruning [16, 42, 65, 82, 104],
knowledge distillation [18, 50], and architecture optimiza-
tion [1, 88, 108] have been adopted to compress and accel-
erate the model. However, previous research has primarily
focused on relatively smaller models, which, while effective,
do not match the scale and capability of foundational MDE
models [90, 95] . These modern foundational MDE mod-
els [4, 66] have gained significant attention for their ability
to achieve state-of-the-art performance and generalize ef-
fectively across diverse real-world scenarios. By leveraging
massive datasets and advanced architectures, these models
provide robust depth estimation at the cost of increased com-
putational complexity and larger model sizes. Thus, there
is an urgent need for new model compression and accel-
eration techniques specifically designed to meet real-time
requirements on resource-limited edge devices.

2.2. Hardware Design

Deploying large foundational models on edge devices
presents significant challenges due to stringent constraints on
computation and memory access [09]. To tackle these issues,
various optimization techniques [59-62, 83, 102, 103, 108]
have been explored to reduce model size and computational
overhead. However, models subjected to such aggressive
optimizations often fail to achieve peak performance on
general-purpose CPUs and GPUs [96]. In contrast, ASICs,
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Figure 2. Latency profliling for 3 different resolutions using Met-
ric3D with ViT-Large backbone. Vector includes activation func-
tions (e.g. ReLU) and element-wise addition and multiplication.

optimized for specific models and algorithms, offer signifi-
cant performance and energy efficiency gains, making them
ideal for deploying large foundational models on edge de-
vices [22, 23, 43, 53, 78, 96]. Early work, such as TPU [28],
DNA [72], and Eyeriss [10], significantly improved infer-
ence speed and energy efficiency by focusing on specialized
hardware designs tailored to the needs of deep learning mod-
els. Recent works [29, 30, 49, 73, 74] have proposed dedi-
cated hardware architectures in ASICs to accelerate neural
network inference. These ASIC architectures have signif-
icantly improved inference latency and energy efficiency
through solutions such as quantization, sparsity, data flow re-
construction, and algorithm-hardware co-design [40]. Thus,
to maximize potential of large foundational models, the ad-
vantages offered by ASICs make them platform of choice.

3. Analysis and Motivation

3.1. Latency Profiling

To optimize edge device inference, we first profile the
Float32 model to identify the most time-consuming com-
ponents for targeted optimization. In detail, we implement
the Metric3D [95] model with ViT-Large [15] backbone on a
hardware performance emulator with our ASIC design. The
latency profiling results in Figure 2 show that the matrix
multiplication and convolution operations dominate the in-
ference time, while non-linear operations like softmax and
layer normalization contribute minimally. The vector opera-
tions include activation functions such as SiLLU, ReLLU, and
GeLU, as well as element-wise addition and multiplication,
which also contribute minimally to the overall latency. This
motivates our focus on quantization and ASIC design for
linear and convolution layers, keeping non-linear operations
in floating point to preserve accuracy.

3.2. Deviant Distribution

We investigate the deviant distribution in MDE models from
a per-channel perspective. In Figure 3, we visualize the
outliers across various channels of an activation in the de-
coder [55] of the Metric3D model on NYUv2 dataset. We
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Figure 3. Visualization of outliers in various channels at the de-
coder [55] of Metric3D model on NYUv2 dataset.

Log Frequency

Figure 4. Visualization for the activation data distribution of differ-
ent channels in decoder with log frequency.

observe large amount of outliers and significant variability
in outlier values across different channels, making per-tensor
quantization challenging. This motivates the adoption of
a per-channel quantization method to better handle these
variations. However, for per-channel quantization, the pres-
ence of outliers that deviate significantly from the main data
distribution, as shown in Figure 4, still leads to substantial
quantization errors. Thus, smoothing these large outliers and
integrating them into the main data distribution is crucial for
maintaining model accuracy.

4. Quantization Framework

We first quantize the polished activations with LogNP pol-
ishing (Section 4.2). Then we update weights to compensate
the loss of activation quantization (Section 4.3). Finally, we
quantize updated weights (Section 4.4).

4.1. Preliminary

Quantization. We mainly adopt the hardware-efficient PTQ
methods. For uniform quantization, the quantize and dequan-
tize operations for x can be defined as follows,

:cqzcuP(E] +Zp,0,2k—1), 1)

T=s(xq—2), (2)

where s represents the scale and zp is the zero point. The
operator |-| indicates rounding to the nearest integer, and the
CLIP function constrains values that fall outside the range
of a k-bit integer.
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As for Log2 quantization, which is mainly used for post-
softmax quantization, can be defined as follows,

2, = CLIP Q— log, a 0,28 1) : 3)

§=s-2"% @)

Notations. The quantized layers (including both linear and
convolutional layers) in the mode are indexed by [,1 <[ <
L. The weights in the I*”* layer are denoted by W) with its
vectorized/flattened version w("). x denotes its inputs.

4.2. Activation Polishing

Building on analysis in Section 3.2, we propose LogNP pol-
ishing method to adaptively smooth the deviant distribution
in decoders in per-channel prospective. For one activation
x € R™*94 where n denotes the number of tokens and d
denotes the channel number, the LogNP polishing function
®(-, -) for each element x of input x is defined as follows,

O(z, ) = sign(z) - [log, (|2 + a) —logy ()], (5)

where sign(-) denotes the sign function, and « is the polish-
ing factor for one single channel.

To reduce the quantization error in each channel, the
polishing factor «; corresponding to the i*" channel with ac-
tivation x; (i.e., X = [X1,Xa2, ..., X4]) is computed according
to the given percentile € as follows,

a; = P(x;), i € {1,2,3,...,d}, e € (0,100)  (6)

where P,(-) denotes the e-th percentile function. We adopt
uniform e equals to 95 as deviant activation distributions
remain similar across different inputs. We provide the visu-
alization of the polished activation in Figure 5. The polished
activation colored in blue appears smoother compared to the
original activation colored in red shown in Figure 4, making
it more friendly for quantization. After polishing, we per-
form activation quantization with uniform quantization in
Section 4.1. Following activation dequantization, we adopt
reverse transformation (i.e., unpolishing) as follows,

O (%, o) = sign(z) - |2%en(@) - aFloga() _ | (7)
The latency overhead introduced by LogNP polishing and un-
polishing is hidden by concurrent execution in our hardware
design, which is further explained in Section 5.2.

4.3. Activation Loss Compensation

The activation quantization introduces quantization errors.
To mitigate this issue, before weight quantization, we first
update all weights to compensate the loss of activation quanti-
zation. To save the computation cost, we address the problem

Log Frequency

Figure 5. Visualization for the polished activation data distribution
of different channels in decoder with log frequency.

layer by layer instead of for the whole model. The layer-wise
compensation problem is formulated as the following,

: B 112
IAH‘I{}HWX (W + AW)x||5 ®)

where W and x are the original weights and inputs of the
layer. X is the quantized inputs and we update the weights
with AW to compensate the activation quantization error,
so that the layer outputs after activation quantization and
weight compensation should be close to the original outputs.

This problem can be solved by setting the gradients of
the minimization objective to zero, as the following,

AWK + W(x — x)%x" = 0. )
The optimal solution can be obtained by
AW* = -W(x — %)% (xx")~* (10)

After activation quantization, we can update weights with the
above AW™ to compensate the activation quantization error.
If xxT is not full rank with difficulties for matrix inversion,
we adopt the dampening technique [21, 45]. Next, we quan-
tize the updated weights under the quantized activations.

4.4. Weight Reconstruction

Problem formulation. In quantization, the weights are mod-
ified and we would like to minimize the change of loss in-
curred by quantization to maintain the superior performance
of the model. To quantitatively analyze the loss degradation
by quantization, we approximate the loss degradation with
Taylor expansion as the following,

L(w + Aw) — L(w) ~ Aw'gy, + %AWTHWAW,
~ %AWTHWAW, (11)

where gy = VL represents the gradients and Hy, = V%VL
denotes the Hessian matrix. Aw is the weight perturbation
in this step. Here we use the vectorized/flattened version w
instead of the matrix version W to obtain a scalar output. As
the pre-trained model has been well trained and converged
to a minimum, it is reasonable to assume the gradients to be
0. The complexity to obtain the full Hessian is very high
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and typically it is not possible to obtain the full Hessian
due to computation and memory limitations. Specifically,
H,, € RB*B where B is the number of parameters in w.
The memory cost for Hy, is extremely heavy in LLMs with
billions of parameters.

Approximating Hessian. For a network trained with nega-
tive log-likelihood loss and a probabilistic model py, (y|zs)
under softmax, the Hessian is identical to the Fisher matrix:

s
Hy =Fw = Zs:l Eympy (ylzs) [Vw 10g pw (y]2s)

Vwlog pw (ylzs)"]  (12)

where S is the number of samples, and for each sample, it
needs to compute the expectation over all categories. The
complexity with the expectation is also high if there are too
many categories. Thus, in practice, the empirical Fisher is
commonly adopted to replace the expectation over y with
target label y; [33]. The dimension of F, is the same as
H,, with quadratic memory complexity to the number of
parameters. To reduce the complexity, the empirical Fisher
is computed by treating layers independently and the layer-
wise empirical Fisher can be obtained as below [6, 44],

F=E g0 e x0x0N)], a3

where () is the input activations and g(V) is the gradients of
the [*" layer. ® denotes Kronecker product. The expectation
is taken with respect to data distribution over inputs.

For two different layers (for example, the '" and
the j'* layers), their Fisher is often written as F;; =
o1 E [V 108 P (ys|) Vo 1og o (95 25) T,
which are often ignored to save computations. The Fisher
for the whole model can be formulated as a block diagonal
matrix Fy, = diag(Fy,Fa,...,F).

To obtain the Fisher in practice, we adopt the KFAC
approximation method [20, 44] as below,

th

Fi=G oA (14)
1 S

G- LT a9
1 S~

A= JEELAOT

The KFAC approximation [25, 76] approximates an expecta-
tion of Kronecker products as a Kronecker product of two
expectations E[gg)T @ xOx0O.T] ~ E[gghT] @
E[x(%x"):T), where the activations and derivatives are as-
sumed to be independent.

Optimizing quantization parameters. Next we optimize
the quantization parameters. Given our optimization loss in
Equation (11), multiple optimization methods can be adopted
such as STE [24] and AdaRound [46]. Due to its superior
performance in PTQ, we use AdaRound [46] to learn the
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Figure 6. The block diagram of the proposed hardware accelerator.

rounding parameter which decides rounding up or down.
Formally, we minimize the following loss,

L
T
min y (w”) - W(l)) F, (w“) - w“)) FARKV), (A7)
=1

where v denotes the rounding parameter which are used to
construct the quantized weights w(). h(v) is a regularizer in
AdaRound [46] with A controlling its strength. More details
about AdaRound are presented in Appendix 9. We only use a
small calibration set (32 samples) sampled from the training
dataset to calibrate the quantized model.

5. Hardware Design

5.1. Top-Level Design

We design a flexible and programmable accelerator as shown
in Figure 6. The Dispatch module fetches instructions via
the AXI bus and distributes them to local Instruction FI-
FOs, while the Synchronize module controls the start and
end of each module. Instruction FIFOs hold out-of-order
instructions and are controlled by Synchronize module for
execution. The Load and Store modules, functioning as
the DMA, facilitate data transfer between off-chip memory
(e.g., HBM or DDR) and local buffers. The Matrix Multi-
plication Unit (MMU) performs General Matrix Multiply
(GeMM) and convolution when the Vector Compute Unit
(VCU) handles nonlinear activation functions.

5.2. On-Chip Kernel Design

We adopt a multiply-accumulate tree array to implement
both matrix multiplication and convolution. For W4A4 and
W4AS8 configurations, we design specialized multipliers and
adders to enhance computational efficiency and reduce chip
area overhead. Additionally, the use of low-bit quantized ma-
trices eases memory bandwidth demands during data transfer,
allowing for full utilization of the external memory band-
width. As for Float32, we implement IEEE 754 standard
floating-point computation for fair comparison.

Meanwhile, we propose a programmable vector computa-
tion array composed of multiple Floating-Point Units (FPU)
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\ NYUV2 [47] KITTI [19]
Method W/A [ AbsRel | 0,7 0,7 037 RMSE] Silog] | AbsRell 6,7 0,7 057 RMSEJ Silogl
ViT-Small Backbone
\ | Float32 | 0.087 0938 0990 0996 0331 0035 | 0.074 0934 0984 0995 3403  0.043
OBS[17] | W4 | 0107 085 0985 0997 0391 0042 | 0122 0867 0973 0991 4508  0.058
minmax [27] 0453 0405 0702 0868 1.067 0111 | 0456  0.102 0329 0575 13.355  0.159
ema [26] 0257 0591 0859 0958 0793 0093 | 0312 0341 0632 0807 11.102  0.139
percentile [11] | (oo | 0190 0635 0912 0981 0774 0077 | 0222 0552 0814 0918 8900  0.114
AdaRound [46] 0.134 0793 0967 0981 0471 0042 | 0.128 0876 0953 0993 4236  0.051
BrecQ [36] 0.128 0817 0980 0996 0452  0.040 | 0.104 0900 0977 0993 3914  0.047
Ours 0.103  0.899 0987 0996 0380 0042 | 0092 0916 0981 0995 3.682  0.046
minmax [27] 1265  0.130 0285 0477 2593  0.160 | 0584 0054 0.160 0321 15877 0245
ema [26] 0371 0359 0359 0.841 1226  0.146 | 0632 0022 0081 0228 16265 0.244
percentile [11] | (o, | 0357 0366 0659 0846 1223 0146 | 0646 0019 0064 0197 16384  0.244
AdaRound [46] 0251 0459 0812 0936 0848  0.103 | 0501 0239 0368 0538 14398 0216
BrecQ [36] 0217 0598 0884 0970 0724 0071 | 0405 0278 0493 0.634 12337  0.184
Ours 0.133  0.815 0965 0990 0453  0.052 | 0197 0534 0937 0985 5429  0.059
ViT-Large Backbone
\ | Float32 | 0067 0972 0993 0997 0262  0.040 | 0054 0974 0995 0999 2505  0.032
OBS[I7] | W4 | 0070 0972 0994 0998 0267 0038 | 0060 0968 0995 0998 2748  0.034
minmax [27] 0.671 0279 0547 0.748 1448  0.144 | 0546 0055 0.172 0385 14.841 0202
ema [26] 0657 0289 0559 0756 1425  0.141 | 0394 0219 0481 0.686 12.085  0.169
percentile [11] | v o | 0425 0349 0715 0907 1073 0106 | 0192 0645 0883 0949 6957  0.093
AdaRound [46] 0084 0959 0991 0997 0276 0040 | 0057 0972 0995 0999 2769  0.034
BrecQ [36] 0076 0967 0993 0997 0272 0039 | 0057 0971 0995 0999 2778  0.034
Ours 0.071 0970 0993 0997 0264 0036 | 0055 0973 0995 0999 2542  0.032
minmax [27] 2238 0116 0249 0391 5761 0261 | 0565 0063 0.190 0363 15693  0.253
ema [26] 1039 0.174 0376 0578 2.126  0.157 | 0508  0.123 0294 0460 15206  0.247
percentile [11] | o, | 0920 0207 0428 0631 1915 0157 | 0492  0.144 0317 0487 15012 0244
AdaRound [46] 0.501 0259 0564 0782 1482  0.145 | 0482  0.172 0395 0541 13.782  0.207
BrecQ [36] 0469 0330 0609 0811 1323  0.137 | 0434  0.191 0407 0590 13462  0.192
Ours 0.097 0932 0993 0998 0327 0045 | 0070 0952 0993 0998 3.104  0.038

Table 1. Main results of Metric3D model with ViT-Small and ViT-Large backbone on NYUv2 and KITTI datasets. Results with ViT-Giant

backone is included in Table A1 at Appendix 10.

in Vector Computing Unit (VCU). In the VCU, we design a
programmable vector computation array composed of mul-
tiple FPU to enable more efficient computation. The FPU
supports the Special Function Unit (SFU) through polyno-
mial approximation [51], which achieves the computation
of non-linear functions (e.g. log, and exp) within 3 to 5
clock cycles while maintaining ultra-high precision. For the
activation polishing optimization discussed in Section 4.2,
the FPU is further specifically designed to enhance execu-
tion efficiency. Compared to the NVIDIA GPU [48], the
proposed SFU achieves nearly same accuracy, with only
a 2 to 5 ULP (units in the last place) error. Meanwhile,
the VCU supports multiple numerical format inputs, unify-
ing them into Float32 for computation, and then converts
these Float32 numbers into integers such as INT4 or INT8
as needed, which seamlessly integrates both floating-point
and integer data types for efficient processing. Hence, the
proposed quantization framework for MDE models with ac-

tivation polishing optimization is accurately and efficiently
deployed on our hardware.

5.3. Overlapped Computation Flow

Our hardware architecture supports kernel fusion of on-chip
matrix multiplication and vector computation, enabling in-
termediate results stored in local SRAM to be directly sent
to the VCU for activation, quantization, or dequantization
without being written back to DDR. By fusing these opera-
tions into a single flow, we minimize the latency introduced
by multiple memory accesses. Also, this design reduces data
transfer time and enhances the overall execution efficiency.
Furthermore, our hardware is designed to be programmable
with customized instructions, enabling the configuration of
different computational tasks to be executed concurrently
within an instruction cycle. This parallelism enables a sub-
stantial speedup in processing by allowing multiple opera-
tions to be pipelined, thereby reducing the total time needed
to complete complex tasks. As shown in Figure 7, data trans-
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ferring, matrix computation, and vector computation can
be fully overlapped to improve execution efficiency. This
concurrency ensures that no computational resource is idle
and every cycle is utilized to its maximum potential, leading
to a streamlined and optimized workflow. Therefore, the
total on-device latency of the depth estimation model exe-
cuted with our quantization framework is optimized through
extensive operator fusion and concurrent execution.

Instruction Instruction N Instruction — Instruction
Cycle 0 Cycle 1 Cycle N Cycle N+1
Load Load 5 q .
0 od Matrix & Conv | |---| Matrix & Conv Matrix & Conv = |-+
Input Weight

Load Load Load Load Load Load
Input Weight Input Weight Input Weight
Vector Store
[— Overlapped Instruction

Figure 7. The schematic of concurrent execution, where the com-
putation of Matrix, Vector, Load and Store can execute parallel.

6. Experimental Results

6.1. Experiment Setup

We adopt Metric3D [95] with ViT-Small, ViT-Large, and
ViT-Giant [15] backbones to present the main results and
Depth Anything [90] with ViT-Large backbone to further
verify the generalization across additional datasets. For a fair
comparison, we adopt per-channel asymmetric quantization
for both weights and activations in W4A8 and W4A4 con-
figurations. We randomly sample 32 images as calibration
set from the training sets of NYUv2 [47] for indoor scenes
and KITTI [19] for outdoor scenes. The percentile € for the
polishing factor is set to 95, and « is then computed as the
average value across the calibration samples. For activation
loss compensation and weight reconstruction, we still use
same 32 samples for the calibration. For gradient computa-
tion in weight reconstruction, we adopt batch size of 1, learn-
ing rate set to 4e-5, warm up of 0.2, weight decay of 0.01,
drop rate of 0.5, and 20,000 iterations. For evaluation, we
use NYUV2 [47], SUN RGB-D [67], iBims-1 [32], and Hy-
perSim [58] for indoor scenes; and KITTI [19], vKITTI [7],
and DIODE [75] for outdoor scenes. Absolute relative error
(AbsRel), accuracy under threshold (§; < 1.25%,i=1,2,3),
root mean squared error (RMSE), and metric-depth loss
(Silog) metrics are employed in our evaluation results.

6.2. Hardware Implementation

We implement our hardware in RTL and synthesis the de-
sign using Design Compiler [70] under a commercial 28nm
CMOS technology. The frequency and area are tested by the
Design Compiler and the power is tested by Prime Time [71]
PX with synthesized netlist and dynamic simulation switch
rate under different modes. After synthesis, based on the
latency profiled by simulation and the frequency given by

Design Compiler, we introduce a hardware performance em-
ulator for latency test. The DDR is simulated by RTL, with
a bandwidth of 19.2 GB/s.

6.3. Depth Estimation Results

We present the quantization results with W4A8 and W4A4
configurations using Metric3D [95] with ViT-Small and ViT-
Large backbone on indoor dataset NYUv2 [47] and outdoor
dataset KITTI [19] in Table 1. The results with ViT-Giant
backbone are included in Table Al at Appendix 10. Com-
pared to conventional PTQ methods such as minmax [27],
EMA [26], and percentile [11], our framework demonstrates
significantly improved performance. Additionally, when
benchmarked against other learning-based approaches in-
cluding OBS [17], AdaRound [46], and BrecQ [36], our
method also achieves superior results. Notably, for the ViT-
Large backbone with W4AS settings, our method maintains
nearly lossless performance. In the W4A4 configuration, our
approach shows a substantial performance advantage over
other methods, validating the effectiveness of our proposed
quantization framework. Meanwhile, we present results of
Depth Anything model with ViT-Large backbone on various
additional datasets [7, 32, 58, 67, 75] covering both indoor
and outdoor scenes, as shown in Table 2. Our method, which
applies quantization to both weights and activations, achieves
performance comparable to OBS (a weight-only quantiza-
tion method) across multiple datasets in W4AS8 configuration,
and outperforms the BrecQ for all configurations, showing
the effectiveness of our proposed quantization method.

6.4. Latency Results on ASIC

We present the latency results of Metric3D with detailed
hardware resource utility in Table 3. The latency is tested
with three different resolutions. The power is further normal-
ized by the latency and computation cost (i.e., GMACs) for
the energy efficiency. For three different configurations, the
frequency are uniformly 1 GHz. The silicon area that our
design occupies on a chip for Float32, W4AS8, and W4A4
is 29.22 mm?2, 23.94 mm?, and 24.35 mm?, respectively.
As shown in Table 3, our proposed method demonstrates
superior performance with faster inference speed and higher
power efficiency across various model scales and resolutions.
Notably, for ViT-Small backbone at 256 resolution under
W4A4 configuration, our method achieves up to 26 FPS,
showing the real-time performance.

6.5. Ablation Study

We regulate the number of calibration samples to verify the
effectiveness of our proposed method, and the results are
shown in Figure 8. We observe that the model performance
stabilizes when the number of calibration samples reaches
32 for both W4A4 and W4AS8 configuration. Additionally,
activation compensation proves crucial for the W4A4.
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<| Dataset NYUv2[47] | SUNRGB-D[67] | iBims-1[32] HyperSim [58] KITTI [19] VKITTI2 [19] | DIODE Outdoor [75]
= | Method | AbsRell ;1 | AbsRell &1 | AbsRell ;1 | AbsRell &1 | AbsRell &1 | AbsRell &1 | AbsRell &1

\ | Floa32 | 0056 098 | 0500 0660 | 0150 0714 | 0328 0508 | 0046 0982 | 0084+ 0912 | 0799 0.289
<t

B ‘ OBS [17] ‘ 0.059  0.981 ‘ 0.508  0.626 ‘ 0.151 0718 ‘ 0327 0501 ‘ 0.049  0.980 ‘ 0.091  0.893 ‘ 0.793 0.287
% | BrecQ[36] | 0.099 0903 | 0489 0692 | 0183 0593 | 0377 0372] 0051 0951 | 0606  0.132 | 0.799 0.010
3 Ours 0.058 0982 | 0394 0756 | 0157 0700 | 0322 0523 | 0060 0965 0.108 0846 | 0.832 0.298
3| BrecQ[36] | 0342 0296 | 0396 0416 | 0419 0222 | 0703 0047 | 0385 0235| 0757 0009 | 0.765 0.034
3 Ours 0.070 0972 | 0466 0742 | 0177 0615 | 0322 0512 | 0059 0935 0.100 0882 | 0.758 0.280

Table 2. Main results of Depth Anything model with ViT-Large backbone. The first four sets are indoor scenes, while the last three are
outdoor scenes. Full detailed results are included in Table A2 at Appendix 10.

Size Latency Power Eff.

W/A (MB) Res. (ms) | FPS 1 (GMAC/W) 1
ViT-Small
Float32 | 143.1 76.8 (1x) 13.02 (1x) 85.6 (1x)
W4AS8 17.88 256 42.6 (1.8x) | 23.47(1.8x) | 172.8 (2.0x)
W4A4 ' 38.3(2.0x) | 26.11 (2.0x) | 177.5(2.1x)
Float32 | 143.1 325.5(1x) 3.07 (1x) 87.3 (1x)
W4AS8 17.88 512 159.0 2.0x) | 6.29 (2.0x) | 200.1 (2.3%)
W4A4 ’ 1334 (24x) | 7.50(24x) | 220.3(2.5%)
Float32 | 143.1 2181.4 (1x) 0.46 (1x) 78.4 (1x)
W4AS8 17.88 1024 | 836.8 (2.6%) 1.20 (2.6x) | 228.9(2.9x)
W4A4 ' 616.7 (3.5%) 1.62 (3.5%x) | 287.0(3.7x)
ViT-Large

Float32 | 1572 584.1 (1x) 1.71 (1x) 118.2 (1x)
W4AS8 196.5 256 | 223.5(2.6x) | 447(2.6x) | 331.1(2.8%)
W4A4 : 1679 (3.5%x) | 5.96 (3.5x) | 425.4(3.6%)
Float32 | 1572 2214.5 (1x) 0.45 (1x) 126.4 (1x)
W4AS8 196.5 512 | 798.4(2.8x%) 1.25(2.8%x) | 392.5(3.1x)
W4A4 ’ 568.5 (3.9%) 1.76 3.9%x) | 509.3 (4.0x)
Float32 | 1572 13297.1 (1x) 0.08 (1x) 126.9 (1x)
W4AS8 196.5 1024 | 42283 (3.1x) | 0.24 (3.1x) | 446.8 (3.5%)
W4A4 ’ 2725.1 (49x) | 0.37 (4.9%) | 640.6 (5.0%)

Table 3. ASIC results of Metric3D with ViT-Small and ViT-Large.
ViT-Giant results are shown in Table A3 at Appendix 10.

AbsRel l:l W4A4 w/o compensation W4A4 W4A8 —@— O
0.12 0.98
@
0.1 PS e e
0.96
0.1
0.09 0.94
0.08
0.92
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0.06 0.9
16 32 64 128

Num of Calibration Sample

Figure 8. Accuracy ablation for the number of calibration samples
using ViT-Large backbone on NYUv2 dataset.

We further perform ablation study on hardware resources
by varying the number of MMUSs and VCUs (i.e., number
of cores). The results of 2, 4 and 8 cores are presented in
Figure 9. The results show that more cores lead to faster
speed. Compared to the Float32 model, the quantized model

Lzatency (s) W4A4 W4A8 Float32
1x
1.6
12
1x
0.8
3.4x B3

04 5.5x 455 0% 35 2.6x

0

2 4 8
Num of Cores

Figure 9. Latency ablation for different number of cores using
ViT-Large backbone with 256x256 resolution.

is not sensitive to the hardware resource and achieves high
hardware efficiency.

Meanwhile, we also visualize depth estimation results
of Metric3D with ViT-Large backbone in Figure A1 at Ap-
pendix 11 compared with BrecQ [36] on NYUv2 [47] for
indoor scene and KITTTI [19] for outdoor scene. The visu-
alizations verify the effectiveness of our methods on both
indoor and outdoor scenes.

7. Conclusion

In this paper, we propose QuartDepth, a quantization frame-
work for the real-time acceleration of MDE models on
ASICs. We provide the LogNP polishing method to smooth
the outliers in the decoder of MDE models, and provide
the compensation method to mitigate the loss of activation
quantization. We then introduce the weight reconstruction to
reduce the weight quantization loss. Furthermore, we design
a novel flexible and programmable hardware accelerator for
our efficient deployment on ASICs. Experimental results
verify the effectiveness of our proposed framework.
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