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ABSTRACT Post-training quantization (PTQ) has emerged as a practical approach to compress large neural
networks, making them highly efficient for deployment. However, effectively reducing these models to their
low-bit counterparts without compromising the original accuracy remains a key challenge. In this paper,
we propose an innovative PTQ algorithm termed COMQ, which sequentially conducts coordinate-wise
minimization of the layer-wise reconstruction errors. We consider the widely used integer quantization,
where every quantized weight can be decomposed into a shared floating-point scalar and an integer bit-code.
Within a fixed layer, COMQ treats all the scaling factor(s) and bit-codes as the variables of the reconstruction
error. Every iteration improves this error along a single coordinate while keeping all other variables constant.
COMQ is easy to use and requires no hyper-parameter tuning. It instead involves only dot products and
rounding operations. We update these variables in a carefully designed greedy order, significantly enhancing
the accuracy. COMQ achieves remarkable results in quantizing 4-bit Vision Transformers, with a negligible
loss of less than 1% in Top-1 accuracy. In 4-bit INT quantization of convolutional neural networks, COMQ
maintains near-lossless accuracy with a minimal drop of merely 0.3% in Top-1 accuracy. The code is
available at https://github.com/AozhongZhang/COMQ

INDEX TERMS Post-training quantization, coordinate descent, layer-wise reconstruction, optimization.

I. INTRODUCTION
Over the past decade, deep learning has enjoyed remarkable
success in a wide range of fields [1], [2], [3], [4], [5],
[6], [7]. Deep neural networks (DNNs) are scaled to
unprecedented sizes for better performance, resulting in
models with billions or even trillions of parameters. With
the increasing demand to deploy these models on resources-
constrained devices, substantial efforts have been dedicated
to advancing model compression techniques [8], [9], [10],
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[11], [12], [13] to train lightweight DNNs without sacrificing
achievable accuracy. Among these techniques, quantization
has recently garnered significant attention. Quantization
techniques involve representing the weights and activations
of DNNs with low precision using just a few bits (e.g.,
4-bit). Quantized DNNs offer a substantially reduced
memory footprint and rely on fixed-point or integer arith-
metic during inference, leading to accelerated and efficient
deployment.

Quantization methods can be categorized into two primary
categories: Quantization Aware Training (QAT) [11], [13],
[14], [15], [16], [17], [18], [19], [20], [21] and Post-Training
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Quantization (PTQ) [22], [23], [24], [25], [26], [27], [28].
In general terms, QAT is designed to globally minimize
the conventional training loss of the model for quantization
parameters. It involves tackling a formidable nonconvex
minimization problem with a discrete nature. QAT requires
an all-encompassing training pipeline and computational cost
that is at least on par with regular full-precision models.
In contrast, PTQ directly applies low-precision calibration
to a pre-trained full-precision model. Computationally,
PTQ aims to identify an optimal quantized model locally
by minimizing a simplified surrogate loss, so it enjoys
significantly reduced algorithmic complexity and appears
to be a faster and more resource-efficient process. On the
downside, PTQ suffers a heavier performance degradation
than QAT, especially when it comes to low-bit quantization of
Vision Transformers (ViTs), which has received much recent
attention [29], [30], [31], [32].

A. MOTIVATION
Unlike QAT, PTQ enjoys the benefits of resource efficiency.
The downside of PTQ includes potential accuracy drop,
sensitivity to model and data distribution, and limited
flexibility in precision levels. Therefore, it is desirable to
pursue some middle ground between QAT and PTQ by
preserving the cost benefits of PTQ without sacrificing the
accuracy. Optimization theory offers a rich weaponry for
striking an improved tradeoff between cost and performance
in many vision systems. For model compression, a greedy
path-following mechanism was developed for PTQ of neural
networks with provable guarantees in [33]; a novel bit-split
optimization approach was developed in [34] to achieve
minimal accuracy degradation based on the analysis of
the quantization loss in the final output layer. Inspired by
these recent advances, we advocate an optimization-based
approach to PTQ based on coordinate descent [35], [36], [37]
that minimizes the objective functions along the coordinate
directions iteratively.

B. CONTRIBUTION
In this work, we introduce COMQ, a post-training quantiza-
tion method that performs uniform weight quantization on
a layer-by-layer basis (see Figure 1). Similarly to existing
works [23], [24], [26], [33], our main objective is to minimize
the layerwise squared error ∥XWq − XW∥

2 with respect to
quantized weights Wq. To efficiently address optimization,
COMQ enforces the decomposition Wq = δ · Q with δ

being the full-precision scalar(s) and Q storing the integer
bit-codes, and it then minimizes this error over the new
variables through a coordinate-wise minimization procedure.
Adhering to a greedy selection rule, we select one variable at
a time, whether scaling factor or bit-code, to update while
maintaining the others at their most recent states. Unlike
recent works [22], [23], [24] that require back-propagation
or estimation of the Hessian inverse to minimize the recon-
struction error, COMQ solves a sequence of minimization

of univariate quadratic functions which enjoy closed-form
minimizers. This leads to backpropagation-free iterations
that primarily involve dot products and rounding operations
without using any hyperparameters.

We detail the implementation of COMQ for per-layer and
per-channel weight quantization, respectively. Our empirical
results demonstrate that the proposed selection order of
variables can enhance the performance at extremely low
bit-widths, outperforming the standard index-based update
order (the so-called cyclic order). Our experiments show
that the proposed COMQ method achieves state-of-the-art
performance on convolutional neural networks and Vision
Transformers. Specifically, our 4-bit CNN almost reaches
the accuracy of full-precision models with less than 0.05%
accuracy loss, and 4-bit ViT reaches less than 1% accuracy
loss. Moreover, our approach outperforms the existing state-
of-the-art PTQmethods on CNNs with per-layer quantization
and ViTs with per-channel quantization. Although our main
focus is on weight quantization, we remark that the proposed
framework exhibits versatility, allowing seamless extension
to full quantization tasks by incorporating existing activation
quantization techniques, especially that for quantizing ViTs
such as [38].

C. NOTATIONS
Throughout this paper, we denote vectors with bold small
letters and matrices with bold capital ones. For any two
vectors x, y ∈ Rn, ⟨x, y⟩ := x⊤y =

∑n
i=1 xiyi is their

inner product. We denote by ∥x∥ :=
√

⟨x, x⟩ the Euclidean
norm and denote by ∥x∥∞ = maxi=1,...,n |xi| the l∞ norm.
Similarly for two matrices X,Y ∈ Rm×n, the inner product
is given by ⟨X,Y ⟩ :=

∑m
i=1

∑n
j=1 Xi,jYi,j, and ∥X∥ :=

√
⟨X,X⟩ is the Frobenius norm. Moreover, we denote the

outer product of two vectors by x ⊗ y := xy⊤ ∈ Rn×n.
x ⊙ y := (x1y1, . . . , xnyn) ∈ Rn denotes the Hadamard (or
element-wise) product, and x ⊘ y := (x1/y1, . . . , xn/yn) ∈

Rn denotes the Hadamard division. Finally, for any positive
integer n, [n] := {1, . . . , n} denotes the set of integers up to n.

II. RELATED WORKS
A. POST-TRAINING QUANTIZATION
The earlier PTQ work, DFQ [39], is a data-free approach
that operates independently of any training data. It involves
minimizing the expected error between outputs of the corre-
sponding linear layers in both the pre-trained and quantized
models over the inputs. DFQ employs pre-processing steps
to appropriately re-scale the weights and biases across
the layers before the quantization. DFQ relies on prior
information about the mean of layer inputs, a value that
can be estimated from batch normalization parameters to
rectify the noises introduced during the quantization process.
DFQ is proven to work well on INT8 quantization but
suffers noticeable accuracy degradation at lower bit-widths.
Cai et al. [40] introduce ZeroQ, which distills the input
data distribution that matches the statistics in the model’s
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FIGURE 1. The workflow of COMQ for per-layer quantization.

batch normalization layers. Xu et al. [41] propose to use
a generative model to construct fake data for accuracy
improvement. Subsequent research efforts employ a set
of calibration data and perform layer-by-layer or block-
by-block quantization. The general idea is to minimize
layer-wise [23], [24], [26], [33], [42] or block-wise [22]
squared error between outputs of pre-trained and quantized
models with respect to the associated quantized weights.
To carry out the minimization procedure, a class of PTQ
methods such as AdaRound [23], BRECQ [22], QDrop [27],
adopt back-propagation to minimize the layer-wise or block-
wise quantization error. AdaQuant [26], [42] proposed to
solve integer programming for bit-allocation while jointly
learning a scaling factor.

Some initiatives have been undertaken to develop
backpropagation-free algorithms for weight quantization.
OBC [24], also known as OPTQ [43] for quantizing large
language models (LLMs), adapts the Optimal Brain Surgeon
framework to the setting of layer-wise PTQ. OBC quantizes
one weight using an analytical formula at a time and
updates all remaining weights after each step. Compared
with OBC, our proposed COMQ method is simpler because
it only updates one parameter in each step and keeps the
others untouched. Additionally, unlike OBC, COMQ does
not require inverting the Hessian matrix of the layer-wise
squared error in quantizing the weight. Zhang et al. [33]
introduced GPFQ to efficiently learn layer-wise bit-codes
sequentially, assuming that the floating scaling factors are
already learned. In its practical implementation, determining
the appropriate scalars requires a trial-and-error process.
In parallel to our research, Behdin et al. explored a cyclic
coordinate descent approach, QuantEease [44], for PTQ.

While their work focuses on LLMs, our research targets ViTs
with a different algorithmic implementation. Specifically,
we propose a greedy update order and introduce learnable
scaling factors, which we believe offer unique benefits in
terms of performance.

Developing tailored PTQ methods for ViTs while main-
taining good performance poses a significant challenge and
has garnered considerable attention [38], [45], [46], [47]. For
examples, PTQ4ViT [45] proposes twin uniform quantization
to cope with the unbalanced distributions of activation
values and a Hessianguided metric to search for scaling
factors. APQ-ViT [46] proposes a calibration scheme that
perceives the overall quantization disturbance block-wise.
FQ-ViT [47] introduces Powers-of-Two scale and Log-Int-
Softmax quantizers for the activation quantization. RepQ-
ViT [38] proposes scale reparameterization methods for
post-LayerNorm and post-Softmax activations, and improves
the accuracy of 4-bit PTQ of ViTs to a usable level.
More recently, PTQ methods have also been applied to the
emerging diffusion models [48], [49] and large language
models [43], [50].

B. COORDINATE DESCENT
The coordinate descent method is a simple yet effective
optimization algorithm widely applied to large-scale prob-
lems [35], [36], [37]. The algorithm minimizes the objective
functions along the coordinate directions iteratively. For
the objective function f (x1, . . . , xd ), the coordinate descent
method starts with the initial value (x01 , . . . , x

0
n ). In the

k-th iteration, the method sequentially solves the following
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problem for i = 1, . . . , n

xki := argmin
xi
f (xk1 , . . . , xki−1, xi, x

k−1
i+1 , . . . , xk−1

n ).

In the PTQ problem, each quantized weight is represented
as Wq = δ · Q. We consider the scale δ and all elements
in Q as coordinates. In one step, we update one element
in Q or the scale δ while fixing all other coordinates. Each
subproblem in the coordinate descent method is a univariate
optimization problem and has a closed-form solution in
our settings. The order of solving subproblems affects the
optimization performance. Cyclic order is the most widely
used, cyclically iterating through the coordinates. However,
the minimization problem for quantization is non-convex and
exhibits a discrete nature, challenging the optimality of cyclic
order. In this work, we propose to update the parameters in
a carefully designed order to achieve a reduced quantization
loss compared to that of cyclic order [34].

III. PROPOSED METHOD
This section presents our proposed COMQ method for
post-training quantization. Our discussions mainly focus on
linear layers for simplicity. A convolutional layer can be
equivalently converted to a linear layer, hence the proposed
method can be also applied. Regarding transformers [51], it is
natural to conceptualize the key, query, and value components
of a self-attention layer as three separate linear layers.

We consider a linear layer with matrix weight W and
matrix input X . For the weight W , we aim to find the
quantized weightsWq that minimize the following function

min
Wq∈W

∥XWq − XW∥
2, (1)

where W is an appropriate set of all feasible quantized
weights. The matrix input X is the feature generated
from the pre-trained model and does not depend on the
quantized weights from the previous layer. We propose to
solve the problem (1) by the coordinate descent algorithm.
We regard all elements in the quantized weight and the
scale factor as coordinates. In each step, we only solve a
univariate optimization problem with respect to only one
coordinate. By iteratively computing the quantized weights
and corresponding scale factors, we finally find a proper
quantized weightWq that has a small quantization error and
maintains good accuracy.

In this section, we will show our COMQ method for
two quantization scenarios: per-layer quantization and per-
channel quantization. All quantized weights with in the
same layer share a common scale factor for the per-layer
quantization, while different columns of the quantized weight
use different scale factors for the per-channel quantization.
Throughout the paper, we consider the b-bit asymmetric
uniform quantization [52], which takes the bit-code set of
S = {z, z + 1, . . . , z + 2b − 1}, with z being the so-called
zero point.

A. PER-LAYER QUANTIZATION
In this subsection, we present our COMQ method for b-bit
per-layer quantization, where the whole quantized weight
matrix Wq shares the scale factor δ. In this setting, the
quantized weightWq can be decomposed as

Wq = δ · Q ∈ Rm×n,

where Q ∈ Sm×n is the integer bit-code matrix for Wq. The
optimization problem (1) reduces to

min
δ∈R,Q∈Sm×n

∥δXQ− XW∥
2. (2)

It holds that XQ = (Xq1, . . . ,Xqn) and XW =

(Xw1, . . . ,Xwn), where qj and wj are the j-th column of Q
andW respectively. Therefore, we can rewrite the problem (2)
as

min
δ,q1,...,qn

n∑
j=1

∥δXqj − Xwj∥2. (3)

When fixing the scale factor δ, the terms ∥δXqj − Xwj∥2 for
j = 1, . . . , n are independent of each other. Hence, we can
update the columns q1, . . . , qn in parallel. We apply the
coordinate descent method to solve the above problem (2).
Specifically, we regard the scaling factor δ and all elements in
Q as individual coordinates. In each iteration, we can update
the bit-codes across all columns in the same row, i.e., row-
wise update, before updating δ:

{Q1,j}j∈[n] ⇒ {Q2,j}j∈[n] ⇒ · · · ⇒ {Qm,j}j∈[n] ⇒ δ. (4)

1) INITIALIZATION
At the beginning of our COMQ method, the scale factor
δ0 should be properly initialized to capture the range of the
weight matrix W . Typically, the maximum value of |W | is
the default selection inmost quantization problems. However,
this choice overlooks the impact of outliers in the weights on
the overall quantization error. In order to smooth out these
outliers, we consider the average infinity norm of weights
across all columns W . For the b bits uniform quantization,
we use the initialization δ0 =

1
2b−1

∑
1≤i≤n ∥wi∥∞

n . Then the
matrixQ is initialized asQ0

=
W
δ0
. Note that the initialization

Q0 above is not an actual bit-code matrix asW is float, but it
will become feasible after the 1st iteration as will be shown
below.

2) Q-UPDATE
Let Qk−1, δk−1 be the parameters after k − 1 iterations.
Without loss of generality, we focus on updating an arbitrary
column of Q, denoted by q, where the column index j is
omitted for notational simplicity. Suppose the coordinates qkt
for 1 ≤ t ≤ i − 1, have been updated in the k-th iteration.
Note that Xq =

∑m
t=1 qtxt , with xt being the t-th column of

X . Coordinate descent calls for solving the following problem
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FIGURE 2. The workflow of COMQ for per-channel quantization.

to obtain qki :

qki

= argmin
qi∈S

∥∥∥∥∥∥δk−1

qixi + i−1∑
t=1

qkt xt +

m∑
t=i+1

qk−1
t xt

−Xw

∥∥∥∥∥∥
2

= argmin
qi∈S

∥∥∥qiδk−1xi − ski
∥∥∥2 , (5)

where ski = Xw − δk−1(
∑i−1

t=1 q
k
t xt +

∑m
t=i+1 q

k−1
t xt ) is a

constant vector. (5) is a quadratic minimization problem if the
variable qt is in the continuous domain. The global optimizer

of (5) over R is
〈
δk−1xi,ski

〉
∥δk−1xi∥2

. Therefore, we obtain the updated

coordinate qki as

qki = clip

(⌊ 〈
xi, ski

〉
δk−1∥xi∥2

⌉
, z, z+ 2b − 1

)
.

Hereby we define the quantization residuals at the i-th step
(for the column):

uki :=

i−1∑
t=1

(wt − δk−1qkt )xt +

m∑
t=i

(wt − δk−1qk−1
t )xt

= ski − δk−1qk−1
i . (6)

To efficiently implement the Q-update as in (4), we take
advantage of vectorized operations to update {Qi,j}j∈[n] across
all columns for each i. To this end, we denote bywi,: ∈ Rn and
qi,: ∈ Rn the i-th row ofW andQ, respectively, and denote by
x:,i ∈ Rm the i-th column of X . Then the vectorized update
of {Qki,j}j∈[n] or q

k
i,: for the k-th iteration of COMQ proceeds

as follows: with Uk
0 = X(W − δk−1Qk−1), we iterate for

i = 1, . . . ,m:

Uk
i = Uk

i−1 − x:,i ⊗ (wi,: − δk−1qk−1
i,: )

qki,: = clip

(⌊
(Uk

i + x:,i ⊗ wi,:)⊤x:,i

δk−1x⊤
:,ix:,i

⌉
, z, z+ 2b − 1

)
Uk
i = Uk

i + x:,i ⊗ (wi,: − δk−1qki,:). (7)

Here Uk
i maintains the quantization residuals across all

columns.

3) δ-UPDATE
After obtaining the new bit-code matrix Qk , the scale factor
can be updated by solving the following problem

min
δ

∥δXQk − XW∥
2.

It is a standard convex quadratic optimization problem and
has a closed-form solution

δk =

〈
XQk ,XW

〉
∥XQk∥2

. (8)

We summarize the COMQ algorithm for linear layers in
Alg. 1. For a general neural network with multiple linear
layers, we can apply the COMQ method in Alg. 1 to each
linear layer to obtain the quantized neural network.
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Algorithm 1 COMQ for the per-Layer Quantization of One
Linear Layer

Input: Pre-trained weights W ∈ Rm×n, feature matrix X ,
and iteration number K .

1: Initialize δ0 and Q0

2: for k = 1, . . . ,K do
3: for i = 1, . . . ,m do
4: Update the coordinates {Qki,j}j∈[n] or q

k
i,: as in (7)

5: end for
6: Update the scaling factor δk as in (8)
7: end for
8: LetWq = δKQK

Output: Quantized weightWq.

B. PER-CHANNEL QUANTIZATION
Per-layer quantization uses the same scale factor for the
whole weight matrix. However, the different columns of
weight matrix may have very different value ranges, and
this causes a large quantization error. For the per-channel
quantization, each column has its own scale factor, which
yields smaller quantization errors and less accuracy drop.

The per-channel quantization aims to quantize the j-th
column wi of W to δjqj, where qj is bit-code vector. For
the weight matrix W , the quantized weight Wq ∈ Rm×n in
per-channel quantization format is

Wq = Qdiag(δ) = Qdiag(δ1, . . . , δn) = (δ1q1, . . . , δnqn).

Same as for per-layer quantization, the j-th column of W
can be quantized independently by solving the following
optimization problem:

δj, qj = argmin
δ,q

∥δXq− Xwj∥2, j ∈ [n]. (9)

1) INITIALIZATION
The scale factor is initialized as δ0j = λ

max(wj)−min(wj)
2b−1 for

some 0 < λ ≤ 1. The λ is to ensure we do not quantize most
values to zero, especially for ultra-low bit quantization. The
q0j is initialized as wj

δ0j
.

2) Q-UPDATE
Let δk−1

∈ Rn and Qk−1
∈ Sm×n be the scaling

factors and bit-code matrix produced by (k − 1)-th iteration.
Or equivalently, suppose W k−1

q = Qk−1diag(δk−1) is
the current quantized weight matrix. The Q-Update for
per-channel quantization is substantially similar to the per-
layer setting. The updated bit-code Qki,j is given by

Qki,j = clip


〈
xi, ski,j

〉
δk−1
j ∥xi∥2

 , zj, zj + 2b − 1

 ,

where ski,j = Xwj − δk−1
j (

∑i−1
t=1Q

k
t,jxt +

∑m
t=i+1Q

k−1
t,j xt ),

and zj is the zero-point for quantizing the j-th column.
For the row-wise update of Qk , we simply follow (7) with
minor adaptions to the column-wise scaling. Using the same

notations, we denote by wi,: ∈ Rn and qi,: ∈ Rn the i-th
row of W and Q, respectively, and denote by x:,i ∈ Rm the
i-th column of X . With Uk

0 = X(W − W k−1
q ), we iterate for

i = 1, . . . ,m:

Uk
i

= Uk
i−1 − x:,i ⊗ (wi,: − δk−1

⊙ qk−1
i,: )

qki,:

= clip

(⌊
(Uk

i + x:,i ⊗ wi,:)⊤x:,i

x⊤
:,ix:,i

⊘ δk−1

⌉
, z, z+ 2b − 1

)
Uk
i

= Uk
i + x:,i ⊗ (wi,: − δk−1

⊙ qki,:), (10)

where Uk
i maintains the quantization residuals and z is the

vector of zero-points across all columns.

3) δ-UPDATE
Having obtained Qk , we update the scaling factors as

δkj =

〈
Xqkj ,Xwj

〉
∥Xqkj ∥

2
. (11)

To summarize, the workflow for per-channel quantization
is depicted in Fig. 2, and Alg. 2 describes COMQ for
layer-wise PTQ with per-channel scaling.

Algorithm 2 COMQ for the per-Channel Quantization of
One Linear Layer

Input: Pre-trained weights W ∈ Rm×n, feature matirx X ,
and iteration number K .

1: Initialize δ0,Q0 as described in Section III-B
2: for k = 1, . . . ,K do
3: for i = 1, . . . ,m do
4: Update the coordinates {Qki,j}j∈[n] or q

k
i,: as in (10)

5: end for
6: Update the scaling factors δk as in (11)
7: end for
8: ComputeWq = (δK1 q

K
1 , . . . , δKn q

K
n )

Output: Quantized weightWq.

C. GREEDY COMQ
Coordinate descent update the coordinates of a vector in the
cyclic order (or index order) by default, which may not be
optimal. To further reduce the quantization error and improve
the performance of the quantized model, we propose a greedy
update rule to determine the update order of the coordinates.
The quantization error for a column with weight vector w can
be written as ∥δXq − Xw∥

2
=
∥∥∑m

i=1 δqixi−wixi
∥∥2 . The

importance of quantization target wixi can be heuristically
measured by its magnitude. Hence, we choose to first update
the coordinates with a larger magnitude. This order ensures
that the most significant coordinates are first updated, and we
have a sufficient quantization error decrease for each step.
In practice, we sort ∥w1x1∥, . . . , ∥wmxm∥ in descending order
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FIGURE 3. Comparisons of layer-wise quantization errors for cyclic and greedy orders.

to get the coordinate update order i1, . . . , im, permuting the
index set [m]. Therefore, the greedy COMQ for quantizing
the weight matrix W requires column-wise sorting of (v ⊙

|w1|, . . . , v ⊙ |wn|), where v = (∥x1∥, . . . , ∥xm∥)⊤ is the
column-wise Euclidean norm ofX in descending order. Then,
we permute the columns of W and rows of X individually
according to the sorted indices, followed by the quantization
process. After that, the inverse permutations are performed
onW and X to restore the original index order.
To demonstrate the superiority of our proposed greedy

order over the cyclic order, we compared the empirical
layer-wise quantization errors ∥XWq−XW∥ across different
architectures in Fig. 3. Additionally, we also compared their
performance on ImageNet in Tab. 8 in the Appendix.

IV. EXPERIMENTS
In this part, we demonstrate the superiority of our method
on various neural architectures, including ResNets [53],
MobileNetV2 [54], and ViTs [29]. Sec. IV-A provides
the implementation details. In Sec. IV-B, we compare the
proposed COMQ method with the state-of-the-art PTQ
methods. In Sec. IV-C, we conducted extensive ablation
studies to comprehensively analyze the properties of our
algorithm, including the influence of various batch sizes, the
number of iterations and the runtime of different batch sizes.

A. IMPLEMENTATION DETAILS
We validate the performance of COMQ on the Ima-
geNet [55] dataset. Evaluation metrics are the precision of the
top-1 and top-5 quantized models in the validation data
set. With the pre-trained float models from PyTorch and
BRECQ [22], we quantize various CNNs on ImageNet
including ResNet18 [53], ResNet50 [53], MobileNetV2 [54]
and Vision Transformers including ViT [29], DeiT [30]

and Swin [31]. In addition to vision models, we further
validate the generality of COMQ on large language models
(LLMs), including the OPT [56] family (from 2.7B to
13B) and the LLaMA2 [57] family (7B and 13B). For
ImageNet experiments, we adopt a batch size of 2048 for
ResNet-18, ResNet-50, and DeiT, and a batch size of
1024 for MobileNetV2, ViTs, and Swin. For language model
evaluation, we sample 128 random segments, each containing
2048 tokens, from the WikiText2 [58] dataset. We ran our
experiments on an Nvidia RTX 3090 GPU with 24G GPU
memory for convolutional neural nets and on an Nvidia A40
GPU with 48G GPU memory for ViTs and LLMs.

1) THE CHOICE OF PARAMETER
As mentioned in per-channel quantziation, a scalar parameter
λ is introduced to enable a gradual reduction in the
quantization step. Empirically determined, the optimal λ

is set to 0.7 for 2-bit quantization and 0.85 for 3-bit
quantization. For 4-bit quantization, λ remains fixed at 1,
indicating the use of the standard quantization step.
Furthermore, K is also a very important parameter in our

algorithm. To strike a balance between runtime efficiency
and performance, we typically maintain K = 3 across
all bits for per-layer quantization. However, for per-channel
quantization, there are slight variations among different bit
configurations. Specifically, K is set to 2 for 2-bit and 3-bit
quantization. For 4-bit quantization, K is increased to 4 to
enhance performance.

B. COMPARISON WITH THE STATE-OF-THE-ARTS
1) VISION TRANSFORMER
We evaluated COMQwith per-channel quantization in Alg. 2
on various architectures of vision transformers, such as ViT,
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TABLE 1. Comparison of ImageNet Top-1 accuracy (%) on ViTs using per-channel weight-only uniform quantization.

TABLE 2. Comparison of ImageNet Top-1 accuracy (%) on ViTs using per-channel full uniform quantization.

DeiT, and Swin, and compared its performance with previous
methods PTQ4ViT [43] and FQ-ViT [47]. These methods
exhibit good performance in 4-bit quantization but perform
poorly in lower 3-bit quantization and do not work for
2-bit quantization. Tab. 1 compares our method with these
methods for weight quantization. Tab. 2 further quantizes the
activations into 4-bit. Across all ViT models and precision
levels, COMQ has better performance than the existing
PTQ methods. In particular, we achieve a remarkable high
accuracy for 3-bit quantization. To be noted, our method
is the first to push the precision down to 2-bit (2W32A
and 2W4A) quantization while maintaining high accuracy.
Note that for the activation quantization, we adopted the
reparameterizationmethod proposed in [38] and incorporated
it into COMQ.

TABLE 3. Comparison of ImageNet Top-1 accuracy (%) on ResNets and
MobileNetV2 with per-layer weight-only uniform quantization.

2) CONVOLUTIONAL NEURAL NETWORKS
Beyond Vision Transformer, we also evaluated COMQ with
per-layer and per-channel quantization on CNN models and
compared it with state-of-the-art uniform post-training quan-
tization methods, including Bit-split [59], AdaRound [23],
AdaQuant [42], BRECQ [22] and OBQ [24].

a: PER-LAYER QUANTIZATION
Per-layer quantization is more computationally efficient but
per-layer quantization in existing methods typically leads
to high performance degradation. In contrast, our greedy
COMQ for per-layer quantization in Alg. 1 yields promising
results, particularly on ResNets. With the float models
from PyTorch, we compare COMQ with state-of-the-art
uniform per-layer PTQ methods, such as AdaQuant [23] and
Bit-split [59]. The results are presented in Table 3. For 4-bit,
COMQ achieves a mere 1.0% accuracy drop in ResNet18
and a 0.94% accuracy drop in ResNet50, outperforming
other methods for per-layer PTQ. More remarkably, for 3-bit
quantization, COMQ achieves a 4.13% and an 7.9% accuracy
drop on ResNet18 and ResNet50, respectively, surpassing
all competing methods. The cyclic COMQ for per-layer
quantization is highlighted by a † symbol.

TABLE 4. Comparison of ImageNet Top-1 accuracy (%) on ResNets using
per-channel weight-only uniform quantization.
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b: PER-CHANNEL QUANTIZATION
We evaluate greedy COMQ for per-channel quantization
described in Alg. 2 and compared its performance with
state-of-the-art PTQ methods with uniform quantization,
such as Bit-split [59], AdaRound [23], AdaQuant [42],
BRECQ [22], and OBQ [24]. The results are shown in
Tab. 4 and Tab. 5. For 4-bit quantization, our method
almost attains lossless accuracy and outperforms the existing
methods on both ResNet18 and ResNet50. For 3-bit, Greedy
COMQ exhibits a comparable accuracy on ResNet18 and
slightly outperforms existing methods on ResNet50. Even for
2-bit quantization, our method exhibits promising results
on both models. Although the results are inferior to
those of BRECQ, we remark that the implementations
of BRECQ and other similar algorithms rely on costly
back-propagation. For instance, the runtime of COMQ for
quantizing ResNet18 on an Nvidia RTX 3090 GPU is merely
2 minutes, in stark contrast to the nearly 50 minutes required
by BRECQ.

TABLE 5. Comparison of ImageNet Top-1 accuracy (%) on ResNets using
per-channel full quantization.

3) LARGE LANGUAGE MODEL
We further evaluate COMQ under per-channel quantization
across a range of large language model architectures,
specifically including the OPT and LLaMA2 model families.
The performance of COMQ is benchmarked against prior rep-
resentative quantization methods, namely Round-To-Nearest
(RTN) and GPTQ [43]. We report the perplexity (PPL) of
quantized models on standard language generation tasks,
using the WikiText2 [58] and C4 [61] datasets, with detailed
results presented in Table 6 and Appendix 9. Table 6 reports
the perplexity of quantized OPT and LLaMA-2 models on
the C4 dataset. On the OPT models, COMQ consistently
outperforms all baseline methods under both 4-bit and
3-bit quantization, yielding substantial improvements across
all evaluated model size. For the LLaMA2 family, COMQ
achieves highly competitive results at 4-bit quantization, and
demonstrates consistent superiority over existing methods
under the more challenging 3-bit quantization.

C. ABLATION STUDY
In this subsection, we examine how various factors influence
the performance and efficacy of our algorithm. We evaluate
our method on CNNs with float models from PyTorch and
Vit-B with float model from open source Timm.

TABLE 6. Perplexity of quantized OPT and LLaMA2 models on C4.
We report C4 perplexity in this table. The results on Wikitext2 can be
found in the Appendix.

FIGURE 4. Accuracy vs Iteration Number K for 4W32A per-layer PTQ.

1) BATCH SIZE
All experiments are for per-channel PTQ. The number of
operations (dot product and rounding) required by COMQ
depends on the number of weights, not on the batch size. The
larger batch size will result only in dot products performed in
a higher dimension, which can still be efficient. We see that
COMQ also performs reasonably well with a small batch size
as shown by Tab 7.

TABLE 7. Accuracy vs Batchsize for 4W32A per-channel PTQ.

2) ITERATION NUMBER K
All experiments are for per-layer PTQ. As shown in
Fig 4, more iterations do not necessarily equate to better
results. Typically, the optimal solution is achieved when
K = 3, additional iterations may not deliver significant
improvements.

3) CYCLIC AND GREEDY
We compare greedy update order and cyclic update order
for the per-channel quantization in Alg. 2. We evaluate the
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FIGURE 5. Runtime of 4W32A COMQ (greedy), which is faster than the
gradient-based methods.

two update orders on five widely used models: ResNet18,
ResNet50, ViT-S, DeiT-S, and Swin-T. The pre-trained
ResNet family models are sourced from the PyTorch
platform, and the pre-trained vision transformer models are
trained on ImageNet using the open-source Timm library.
The results are shown in Tab 8. We can find that the greedy
update order outperforms the cyclic update order in all
test cases across all models and precisions, demonstrating
that the proposed greedy update order greatly improves
the performance of quantized models. Furthermore, the
performance improvement is more significant for larger
models at lower bit-widths.

TABLE 8. ImageNet results for cyclic and greedy COMQ with weight
quantization.

4) RUNTIME
We compared several currently top-performing methods on
ResNet50, and the results are presented in the Fig 5. COMQ
demonstrates significantly improved running time compared
to other methods.

V. CONCLUDING REMARKS
In conclusion, our research presented COMQ, a novel
coordinate-wise minimization algorithm designed for the
post-training quantization (PTQ) of convolutional neural nets
and transformers. COMQ solves the minimization of the
layer-wise squared reconstruction error, treating all quantiza-
tion parameters within the same layer, including weights and
floating-point scalars, as variables in the error function. One
notable feature of COMQ is its efficiency in each iteration,

which involves only dot products and rounding operations.
This simplicity distinguishes COMQ from existing PTQ
approaches, making it a low-cost alternative. Importantly,
the algorithm requires no hyper-parameter tuning to achieve
state-of-the-art performance in image classification tasks.
Our experiments demonstrate that COMQ surpasses existing
methods, especially in the ultra-low bit-width regime,
showcasing superior uniform PTQ results on ImageNet for
Vision Transformers. This highlights the effectiveness of
COMQ in achieving optimal quantization outcomes with
minimal computational overhead, thus contributing to the
advancement of PTQ techniques for DNNs. Future work
includes the extension of PTQ based on prediction difference
metric [62] and for multimodal models such as vision-
language models [63]. It is also possible to combine per-layer
and per-channel quantization strategies into a mix-precision
quantization framework [64].

APPENDIX A
MORE EXPERIMENTS ON LLMS
Table 6 shows the perplexity of quantized OPT and LLaMA2
models on Wikitext2. On the OPT models, COMQ achieves
competitive performance under the 4-bit quantization and
consistently outperforms all baseline methods under the more
challenging 3-bit quantization, indicating its superior adapt-
ability in ultra-low-bit scenarios. Regarding the LLaMA2
family, COMQ attains the best overall perplexity results
across both 3-bit and 4-bit quantization, further demonstrat-
ing its effectiveness across diverse model architectures and
quantization granularities.

TABLE 9. Perplexity of quantized OPT and LLaMA2 models on Wikitext2.

APPENDIX B
MORE ABLATION STUDY
Table 10 shows the performance of our algorithm on Swin
ViTs for different values of λ in 2 bits. It is clear that the

TABLE 10. ImageNet accuracy for different λ initialization. λ = 0.71 is
empirically (near-) optimal for Swin ViTs.
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results of λ = 0.71 (near-optimal λ) are much better than
that of λ = 1.
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