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Abstract—Post-training quantization (PTQ) is an effective
solution for deploying deep neural networks on edge devices
with limited resources. PTQ is especially attractive because it
does not require access to the entire original training dataset on
the promise of being able to use a much smaller calibration
dataset. However, many existing PTQ methods still require
a sufficiently large calibration dataset (e.g., more than 1000
images) to achieve satisfactory model accuracy. In this paper, we
present a novel post-training quantization method that estimates
quantization parameters using a Bayesian Maximum A Posterior
(MAP) estimator. By modeling the uncertainty of quantization
operations, we formulate the neural network quantization as
a Bayesian inference problem. In our method, we first employ
probabilistic programming techniques to optimize quantization
parameters by maximizing the posterior of quantization step
sizes. In addition, we introduce a Minimum Description Length
(MDL) prior that favors low quantization bit widths and a
validation procedure, which enhances PTQ performance when
learning from small calibration datasets. Comprehensive evalu-
ations demonstrate that the proposed method can improve the
PTQ performance using a minimal calibration dataset of just 64
images, and achieve nearly state-of-the-art PTQ performance.
Furthermore, the proposed method shows strong generalization
ability when calibrated on different data sources and tested across
diverse data.

Index Terms—Post-training quantization, Bayesian optimiza-
tion, probabilistic programming

I. INTRODUCTION

The deep neural networks have achieved tremendous suc-
cess in a wide range of domains. However, their signifi-
cant storage and computational requirements have hindered
deployment on most mobile platforms due to limited com-
putational and storage resources. To address this challenge,
neural network compression have drawn increased attentions,
including pruning [[1], low-rank factorization [2], knowledge
distillation [3]], and quantization [4]. Quantization is one of
the most widely used compression techniques, which can be
applied to various hardware like general CPU and GPU. By
replacing floating-point values with low precision fixed-point
representation, quantization not only significantly reduces the
size of data but also enables more efficient integer additions
and multiplications on hardware platforms.
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However, the direct conversion from floating-point to fixed-
point involves rounding operations, which generally degrades
the accuracy of pre-trained models since it crudely rounds
values (e.g., neural network weights and activations) to the
nearest integers. To mitigate this degradation, many existing
quantization approaches employ Quantization-Aware Train-
ing (QAT) methods, which utilize a retraining process to
finetune the pre-trained weights or quantization parameters.
The QAT methods have achieved impressive performance on
low precision quantization [S[], [|6]. However, these methods
typically require access to the full training dataset, substantial
computational resources, and extended training time for the
retraining process [7]], [8]. Additionally, in some real-world
scenarios, full access to training datasets is unavailable due to
concerns for business security and privacy protection, which
restricts QAT methods to broader applications.

Post-Training Quantization (PTQ) methods have been pro-
posed to avoid the use of retraining. In the absence of a
full training dataset, PTQ methods aim at tuning quantized
models using a relatively small amount of calibration data.
However, without retraining process, PTQ methods often
suffer from significant accuracy degradation especially when
the quantization precision is low [9]. To address this issue,
local quantization error minimization has been proven to
be an effective strategy to improve PTQ performance by
determining appropriate quantization parameters [10], [L1].
In recent studies, researchers have analyzed the loss degra-
dation using Taylor series expansion and derived a layer-
wise reconstruction objective to recover performance loss from
quantization [[12f], [[13[]. Although these PTQ methods already
use a calibration dataset that is much smaller than the original
training dataset, we aim to reduce the calibration dataset
size further with the motivation that it significantly facilitates
model deployment (e.g., some medical datasets include a few
hundred samples [[14]]). Compared to retraining methods that
use a dataset similar in size to the original dataset, optimizing
on a small calibration dataset is more prone to overfitting,
resulting in poor generalization performance on test data. To
address this issue, we employ a Bayesian approach to estimate
appropriate quantization parameters by framing neural network
quantization as a probabilistic inference problem. As indicated
in works [15], [16], there are many promising successes in us-
ing probabilistic approaches on small datasets by incorporating
domain knowledge into the models.

Several works use Bayesian estimation for neural network
quantization [17]-[19]. In [17], the authors use variational
posterior uncertainty to assess significant bits and remove
those fluctuating too much under approximate posterior sam-



pling. Later, this method is extended by [18] that introduces
a multi-modal quantizing prior to benefit weight quantization.
Recently, the work [[19] introduces learnable gates in quan-
tization operations, enabling bit width optimization through
variational inference. However, to achieve good quantization
performance, these approaches involve a retraining process to
fine-tune quantization parameters and weights.

As a flexible alternative to deep learning, probabilistic pro-
gramming techniques [20]], [21] have emerged to leverage the
advantages of probabilistic models by expressing probabilistic
inference as a computer program. This program specifies
the process of generating output data by sampling latent
probability distributions and can utilize the observed output
data to optimize these latent distributions. The designed prob-
abilistic models employ gradient-based methods to conduct
straightforward optimization due to automatic differentiation.
By overtly representing uncertainty and yielding explainable
models, well-designed probabilistic models have shown great
promise to learn from small data [16]. With the assistance of
probabilistic programming techniques, it is more convenient
to develop deep learning-based probabilistic applications.

In this study, we propose a novel principled PTQ method,
which is named Probabilistic Programming Quantization
(PPQ). We first employ an additive uniform noise model to
approximate quantization operations in neural networks for
PTQ, which facilitates the use of Bayesian optimization to
infer the quantization parameters for uniform quantization.
By treating quantization step sizes as random variables, we
employ a hierarchical Bayesian model to probabilistically
model the variables and quantization operations involved in
neural network quantization. Through Monte Carlo approxi-
mation, we obtain a probabilistic optimization objective aimed
at maximizing the posterior of quantization step sizes from the
sense of Maximum A Posterior (MAP) inference.

The proposed MAP estimation is adapted to a differentiable
objective with respect to quantization step sizes, enabling
direct gradient-based optimization through probabilistic pro-
gramming. In addition, we introduce a Minimum Description
Length (MDL) prior that favors low quantization bit widths
for quantization step sizes, which regularizes the growth of
the estimated step sizes during the optimization process. We
utilize a limited unlabeled calibration dataset to optimize the
proposed MAP estimator. To mitigate overfitting on a small
dataset, we employ a validation procedure based on best model
checkpointing to estimate quantization step sizes on this small
dataset. This procedure is combined with early stopping to se-
lect the quantization parameters. Comprehensive experiments
demonstrate the method’s robust performance across varying
calibration dataset sizes and different data sources, enhancing
the adaptability of PTQ methods for real-world deployment.

Our main contributions are summarized as follows:

« A novel Probabilistic Programming Quantization (PPQ)
method is proposed by modeling the uncertainty of quan-
tization and estimating the optimal quantization parame-
ters through hierarchical Bayesian modeling.

e We introduce a Minimum Description Length (MDL)
prior and validation procedure, which enhances quan-
tization performance on small calibration datasets. In
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addition, we integrate a percentile-based clipping method
to mitigate the effects of outliers in the weights and
activations.

o The Bayesian problem for neural network quantization
is formulated and adapted to be solved in probabilistic
programming languages (in our case, TensorFlow Proba-
bility and Pyro), enabling a gradient-based optimization
approach to maximize the posterior of quantization step
sizes. To the best of our knowledge, this is the first
time that the probabilistic programming is used for neural
network quantization.

o When evaluated on different datasets (e.g., CIFAR10 and
ImageNet) using various models, the proposed method
achieves nearly state-of-the-art quantization performance
with arbitrarily selected 64 calibration images, and ex-
hibits good generalization ability to optimize with differ-
ent data sources and strong adaptability to diverse data.

The organization of this paper is as follows: Section II pro-

vides a review of recent research on neural network quantiza-
tion. Section III presents the proposed quantization method and
introduces a new quantization range searching strategy. Section
IV describes the implementation of probabilistic programming
and optimization objectives. The experimental results and
discussions are presented in Section V. Finally, Section VI
concludes this paper.

II. RELATED WORK

Neural network quantization has been gaining significant
attention due to its ability to significantly reduce the memory
usage and computational complexity of deep neural networks.
Current quantization research can be broadly categorized into
two classes: Quantization-Aware Training (QAT) and Post-
Training Quantization (PTQ).

A. Quantization-Aware Training

The QAT methods focus on fine-tuning neural network
weights or quantization parameters to minimize performance
loss through retraining on the entire training dataset. LQ-Nets
[22] learns adaptive optimizers for weights and activations
during the training process. PACT [7] modifies the activation
function to enable learning the clipping ranges through back-
propagation. LSQ [8] introduces a new gradient estimation
method to learn quantization step sizes for non-negative ac-
tivation functions. In [23]], the authors adapt different bit
width assignments during training for flexible deployments on
diversified devices. By minimizing the quantization error on
the entire training dataset, QAT methods have demonstrated
significant performance improvements. These methods have
even achieved decent accuracy with extremely low-precision
quantization, e.g., 1-bit or 2-bit quantization [24], [25]]. How-
ever, the QAT methods require access to a full training dataset
and a time-consuming computation process, which hinders
their broader application in some real-world scenarios.

B. Post-Training Quantization

The PTQ methods perform quantization optimization by
adjusting quantized models without retraining. However, be-
cause PTQ methods do not use the original training dataset
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for retraining, these methods often suffer from greater ac-
curacy degradation compared to QAT methods. To mitigate
accuracy degradation, some boosting strategies are commonly
employed, such as bias correction [10], [26], weight equaliza-
tion [26], and quantization range searching [13], [27].

Additionally, various optimization-based methods have been
proposed to improve the post-training performance. Adaround
[12] reveals that adaptive rounding can surpass the predomi-
nant rounding-to-nearest method by utilizing quadratic binary
optimization to determine rounding up or rounding down.
SPARQ [28]] leverages dynamic activation sparsity in different
representation granularities to pick the most significant n
bits. BRECQ [13]] demonstrates that block reconstruction can
achieve better performance compared to a per-layer manner.
Bit-Split [29] simultaneously optimizes the quantization scales
as well as the low-bit weights to achieve minimal accuracy
degradation. PFQ [30] mitigates the quantization error at-
tributed to precision violation through a prepositive feature
quantization framework. RDO-PTQ [31] improves quantiza-
tion performance for image compression models by jointly
considering rate-distortion loss.

However, a small calibration dataset brings challenges in
overfitting during the optimization process. To address this
issue, LAPQ [32] utilizes cross-layer dependency to jointly
optimize the quantization parameters across all network layers.
AdaQuant [33] suggests a modified objective for per-layer
joint optimization of the weights and quantization parameters
with the training loss serving as a penalty metric. QDROP [34]]
drops partial quantization during PTQ reconstruction to pursue
a better performance on test data. PD-Quant [35] adjusts the
distribution of activations to mitigate the overfitting problem.
Nevertheless, these PTQ methods still require a calibration
dataset including several hundred to a thousand images to
maintain good quantization performance.

In contrast, this work formulates the quantization problem
as a Bayesian estimation by modeling the uncertainty caused
by the rounding operations. Incorporated with an MDL prior
of quantization step sizes and a validation procedure, the
proposed method achieves nearly state-of-the-art PTQ perfor-
mance using a calibration dataset of fewer than 100 images.

C. Data-Free Quantization

Due to privacy or business concerns, it is sometimes not
possible to release the training data for a neural network.
Therefore, data-free (zero-shot) quantization has emerged as
an important quantization research branch. However, these
methods suffer from obvious degradation at low precision
quantization [26], [36].

To bridge the gap between data-free quantization and data-
driven quantization, many data generation-based quantization
methods have been proposed recently. ZeroQ [37] demon-
strates that synthetic data generated from batch normalization
layer statistics matches the sensitivity of the original training
dataset. Qimera [38] introduces latent embedding into the
generator to produce synthetic boundary-supporting samples.
KMDFQ [39]] learns a knowledge matching generator to
produce meaningful data. In [40], the authors encourage the
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Fig. 1: The overview of the proposed quantization method.

generator to generate heterogeneous synthetic data by provid-
ing additional supervision information. These data generation-
based quantization approaches eliminate the need for an orig-
inal dataset. However, it is worth noting that for most DFQ
methods, training on large generated datasets is still necessary
[29]. While these methods alleviate the privacy concerns of
the data, they do not necessarily reduce the computational
demands of model quantization.

III. POST-TRAINING QUANTIZATION VIA PROBABILISTIC
INFERENCE

In this section, we describe the principle of using Bayesian
inference to improve the quantization performance. We model
statistical fluctuations caused by the quantization of weights
and activations with statistically independent additive uniform
noise sources, allowing the use of the MAP inference to
estimate optimal quantization parameters. Next, we introduce a
percentile-based clipping method to mitigate the adverse effect
caused by strong outliers in the weights and activations.

A. Overview

Fig. [T] shows the overview of the proposed method. We
introduce a percentile-based clipping method to determine
appropriate clipping thresholds before the probabilistic in-
ference procedure. Afterwards, MAP inference is utilized
to estimate the optimal quantization step sizes through the
probabilistic programming technique [20], [21]. A validation
procedure designed to mitigate overfitting is introduced during
the optimization process to select the optimized quantization
parameters, which will be further explained in Section IV.

B. Background Information

The goal of post-training quantization is to convert the
floating-point weights and activations of neural networks into
a low-precision representation, while minimizing the negative
impact on the model’s performance without needing to fine-
tune weights using the full training dataset. To achieve this, an
optimization objective is typically created to estimate optimal
quantization parameters (e.g., quantization step sizes), which
usually requires a calibration dataset [12], [[13]. We compared
the objective functions used in [12]], [29], [41]], and found that
they are typically in the following form:

N
arg minz Y'Y — NN(X;;0, ]

i=1

(D



where NN(X;; 0, ¢) represents the quantized neural network
function with quantization parameters ¢ = (c])l)lL:1 € RH
and neural network parameters (weights and biases) © =
(Gl)lL:l € RP. Here, L denotes the number of layers, while
H =YY", H and D = Y/, D; represent the number of
quantization parameters and the number of network parameters
across all layers, respectively. Here, X; € R’ represents the
i-th input image and Y9 € R represents the output of the
unquantized neural network on the input image X;, where [
and O denote the dimension of a single input image and the
dimension of the output vector for a single image, respectively.
N denotes the number of the calibration samples.

In practice, a global optimization of Eq.[T|for PTQ is usually
infeasible due to the high computational and memory com-
plexity [13]], [33], as well as the non-convexity of the objective
functions [11], [[12f]. To tackle this problem, recent studies
[12]], [29]] quantitatively analyze the loss degradation caused by
quantization by viewing weight quantization as perturbation.
A more practical layer-wise optimization objective is obtained
using Taylor series expansions:

x|

N
. C (l) X 0
gy (w0 1) -

where C(-) denotes a standard neural network convolutional
operation. X\ € R4t and W(® € R’ represent the activa-
tions and weights of the [-th layer with A; and J; denoting
their dimensions, respectively. Q¢,(-) denotes the quantiza-
tion function with quantization parameters ¢, € Rt The
optimization of activation quantization can be performed in an
analogous way [29]. This objective function can be optimized
through various approaches, e.g., integer programming [33]],
block-wise reconstruction [[13|], and optimization of bit weights
[29]. The layer-wise optimization strategy effectively enables
PTQ methods to learn from a small calibration dataset.

However, it is still difficult for the above methods to
ensure that the optimized quantization parameters obtained
from a small calibration dataset will perform well on a larger
test dataset. This is a common challenge faced by all post-
training quantization methods. Instead of relying on the exact
quantization error for particular input images, we aim to find
a suitable quantization scheme that yields a small quantization
error. To tackle this issue, in this work, we use a probabilistic
formulation for the quantization problem. By introducing an
MDL prior and validation procedure, the probabilistic model
demonstrates strong ability when learning from a small cali-
bration dataset.

(ch (W,

C. Modeling Quantization Using Noise Models

In this study, we focus on the uniform affine quantization
approach [42], which uses a scale factor S € R and a zero-
point Z € Z to map floating-point values to integers. The scale
factor specifies the step size of the quantization. The zero-point
is an integer, ensuring that zeros are quantized correctly. The
uniform affine quantization for a floating-point variable X € R
is performed as follows:

X =8 [clip ([X/S]+ Z;0,2% —1) - Z],  (3)
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Fig. 2: The noise distribution caused by the rounding operator.

where |-] denotes the rounding operator that rounds the
variable to the nearest integer, and clip(+) denotes the clipping
operator that restricts the data to the range of [0, 2% —1], where
B € N denotes the quantization bit width. X represents the
quantized version for approximating the floating-point variable
X. Through quantization, the quantization grid limits the range
R = [a, 8] with a = —SZ and 8 = S(28 — 1 — Z), which is
also known as the quantization range.

In the quantization operation, the quantization errors re-
sulting from the rounding operator can be treated as additive
random noise. As shown in Fig. [2} when floating-point values
that lie between two integer grids are rounded to the nearest
integer, the noise is distributed in a finite interval with a width
corresponding to the quantization step size.

The effect of uniform quantization can be approximately
modeled by additive noise that is uniformly distributed within
the range of [—S5/2,5/2] and is uncorrelated with the input
signal [43]. Therefore, we can model the quantization opera-
tion as follows:

. 1.1
X =X+g¢g; ENU<—2S,2S), 4)

where ¢ denotes random quantization noise. Modeling quan-
tization with uniform noise is a popular strategy in end-to-
end trained compression [44]-[46]. However, to the best of
our knowledge, this work first exploits it for post-training
quantization.

We assume that the quantization noise within neural net-
works is independent and identically distributed (i.i.dﬂ similar
to [45]], [46]. We denote the quantization noise as a tuple by
e = (&), € R¥ and each vector g = [ef &)'] € R,
where [ represents the index of layers and K = Zz o0 Ki
denotes the number of noise values of all layeri g} € RA
and &' € R represent the quantization noise originating
from activation quantization and weight quantization, which
maintain the same shapes as the weights and activations in the
[-th layer. In this research, we treat quantization step sizes as

'We remark that for multi-layer neural networks, there are situations in
which a statistical dependency between quantization noise samples can exist,
especially considering zero values as outputs of a ReLU. However, we ignore
this effect here to keep the analysis simple.

2We adopt an abuse of notation in which &; represents a quantization
noise vector associated with the [-th layer (i.e., the concatenated weights and
activation quantization noise components), and each vector ¢; has a different
length (¢; € RX1). This notation simplifies the expressions and corresponds
to common practices.
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Fig. 3: The quantization operations in a neural network block are modeled by uniformly distributed random noise.

random variables. According to Eq. ] the quantlzatlon noise
depends on the quantization step sizes S = (Sl) ~, €RE
with each vector S; € R%t. Thus, the quantization noise in
the neural network can be modeled by a uniform probability
density function by

f&\s 8‘8

erﬂsl El|Sl

&[S; ~U(By), Bl— Xty [~ [Suk/2, [Silk/2],

where [S;]; denotes the k-th element in S; and x denotes
Cartesian product of intervals.

In our model, each weight and activation of the quantized
layers is assigned independent quantization noise that depends
on its own step size. However, in the implementation of this
method, the parameter sharing is employed for quantization
step sizes within each channel (e.g., per-channel quantization),
and the results are obtained under this setting. As shown in
Fig. 3] the quantization operations in a neural network can
be modeled using additive uniform noise sources, enabling
inference over the corresponding probabilistic model.

®)

D. Bayesian Estimation of Quantization Step Sizes

Let D denote a dataset with N i.i.d. input-output pairs
{(Xl,Y)}L , with X; € R and Y; € RO, and let
0 = (0;),_, € RP denote the parameters of a pre-trained
network. Based on the uniform modeling of quantization
noise, we derive the conditional distribution of the neural
network outputs Y = (Yi)f\;l € RNO given the input
data X = (Xl)fil € RN neural network parameters
0, and quantization step sizes S = (Sl)le1 € RE. The
probabilistic relationships among different random variables
are described in Fig. @] The computation of the conditional
distribution fy|s «(Y|S, X) requires marginalization over the

hidden random variable ¢ = (sl)lel e RK

fy|s,x(Y|SaX) = / fy|a,x(Yv‘£>)()qu(‘sls)ds

_HH/ Tyiterx (Yiler, Xi) feys, (1/S1)de.

i=11=1

(6)

In Eq. [6] we apply a factorization of the likelihood taking
into account the parent-child relationships of the nodes of
the Bayesian network in Fig. e.g, fylex(Y]e,X) =
fylesx(Y]g, S, X). In the last line, we exploit the conditional
independence of the input-output pairs and the quantization
noise, which allows for the interchange between integration

and products. In addition, the pre-trained neural network
parameter O is omitted to simplify the notations as it is always
constant in this paper.

Rather than treating the quantization step sizes as constants
as in related works, this work considers the quantization step
sizes as random variables with known prior distributions. Thus,
we can obtain the posterior of the quantization step sizes by
employing Bayes’ rule as

fy\s X(Y|S X)fS( )
fy\x(Y|X)

Following the Minimum Description Length (MDL) princi-
ple [47]], we introduce a special prior probability for quantiza-
tion step sizes, which penalizes high quantization bit widths
and favors low quantization bit widths. Additionally, because
the largest step size will not exceed the maximum value of
weights or activations, and the smallest step size is always non-
negative, we limit the step size random variables to a bounded
multidimensional space S = {(S;)}, € RX : [Spin], <
[Sile < [SP*]y forall I € {1,...,L} and k € {1,..., K;}},
where SPi" € Rt and S € RX? represent the minimum
thresholds and maximum thresholds of quantization step sizes
in the [-th layer, respectively. Following a layer-wise opti-
mization strategy, we assume that the quantization step sizes
are statistically independent random variables, which can be
modeled using the following prior distribution.

L
= H fsl(sl);
=1

.fs|y x(S|Y X) (7)

[Ry]x )
C - ex 10 S S
Jise ([Sile) = [Cilx p( V1082 Te Sil [Silk € Sk;
0, otherwise,
i ®)
where Sy, = [[S{""]i. [SP™]]. with k € {1,....Ki}. Ry €

RX represents the per-channel data ranges of the [-th layer,
where parameter sharing is also employed within each channel.
v € R is a parameter to adjust the level of penalization.
C; € R¥ is a vector of normalization constants of probability
distributions. The term log, ([Ry]x/[Si]x) is used to calculate
the quantization bit width, where the ceiling operation is
removed to facilitate gradient computation. This prior makes
random step size variables lean towards large values corre-
sponding to low bit widths.

However, computing the exact posterior is intractable be-
cause the denominator requires integrating over continuous
random variables. Approximate Bayesian inference methods
are commonly used as alternatives to Bayesian inference [48]].
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In this research, we employ a probabilistic programming
technique in combination with Monte Carlo methods to obtain
approximate Bayesian MAP inference. According to Eq. 7, as
the denominator is independent of the quantization step sizes
S, maximizing the posterior probability of S is equivalent to
maximizing the joint distribution of quantization step sizes and
network outputs Y given network inputs X. With probabilistic
programming, the parameters of distributions (i.e., quantiza-
tion step sizes), can be set as optimizable parameters, which
enables maximization using gradient-based methods. Thus, the
probabilistic optimization program for the posterior of step
sizes can be performed as

argimax fs\y,x(S|Y7 X)
Ses

= argmax fy|s,x(Y|Sv X)fS(S)
Ses

N L
:argmaxHH/B Tyilerx (Yiler, Xq)-
1

Se€s  iS1i=1

fﬁzlsz (&1lS1) fs, (S1)dey.

In the last line of Eq. [0 the marginal likelihood in Eq. [] is
taken into account.

The implementation of probabilistic programming tech-
niques to optimize Eq. [0 will be explained in Section IV.

(€))

E. Percentile-based Clipping Method

In the quantization operation, any value outside the quan-
tization range [a, 8] will be clipped to a and (3, which
incurs clipping errors. Although the clipping error can be
entirely avoided by choosing a sufficiently large quantization
range, this is not beneficial in terms of rounding errors since
strong outliers may cause excessive rounding errors [41]].
Quantization range searching has been one effective way to
alleviate the issue of strong outliers. This study introduces a
novel quantization range searching method.

Empirically, the strong outliers typically deviate far from the
center of the distribution and account for a small proportion
of the overall data. The proposed method is to distinguish
strong outliers by utilizing the percentile of an approximate
distribution. Assume activations, denoted by a random variable
x, approximately follow a Gaussian distribution with mean p
and standard deviation ¢ (this assumption has been adopted
in many quantization studies [[10], [[17], [26]]). The probability

3White circles represent latent random variables. Gray circles indicate
observed random variables. Arrows show dependency and forward data flow.
Rounded rectangles represent /N distributions.
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of an observed value X that exceeds a given bound 7 can be

calculated by
1 1 ¢ (T - ,u)
— — —er ,
2 2 V20

where erf(-) is the error function.

If the percentage of the random variable z exceeding a
bound 7 is very low, we can utilize this bound to determine the
clipping thresholds of the quantization ranges. Following Eq.
[I0] the bound (percentile) 7 with respect to a given probability
P =Pr(X > 7) can be calculated as follows:

(10)

T =V20erf (1 —2P) + p, (11)

where erf~!(-) represents the inverse error function. In fact,
the real mean and the real standard deviation are often un-
known. However, we can estimate them using the sampled
mean [ and the sampled standard deviation & calculated from
observed data, which can be obtained from the calibration
dataset. Thus, the bound (percentile) 7 can be estimated by
7 = V26erf"1(1 — 2P) + f. (12)

The obtained 7 value can be utilized to determine an upper
clipping threshold by 5 = 7. Based on the symmetry property
of the Gaussian distribution, the lower clipping threshold is
determined by o = 24 — 7. For one neural network, all
layers can utilize a unified probability P to determine the
clipping thresholds of all layers because the specific clipping
thresholds for each layer are adaptively determined based on
the distributions of activations.

To select the appropriate probability P, we design an
evaluation criterion to assess its performance. This criterion
is the cross-entropy loss between the quantized outputs and
unquantized outputs on the final layer. First, we generate a
list of probability candidates spanning a wide range. Then, we
quantize the neural network using clipping thresholds calcu-
lated from each probability, and measure the cross-entropy loss
on the final layer. Finally, the probability candidate that yields
the smallest loss value is selected to determine the clipping
thresholds for quantization. Different from local quantization
error-based clipping methods [[10f], [[13[], [27], which is an
approximate way to judge the final performance degradation,
the proposed clipping method directly measures the final
performance degradation so that it is more accurate compared
to local error-based clipping methods.

Based on standard practice in the quantization field [[10],
[41], we also clip the weights, despite the fact that the weights
are constant and known. Although the preferred method of
choice would be to obtain clipping thresholds using empirical
percentiles, we still use a Gaussian approximation because the
empirical percentiles are not reliable due to the small number
of weights per channel.

The proposed clipping method is performed only once
before the quantization optimization. For activation clipping,
to avoid introducing extra computational cost, we calculate the
average clipping thresholds on the calibration dataset and fix
them during the inference stage.
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IV. IMPLEMENTATION USING A PROBABILISTIC
PROGRAMMING LANGUAGE

In this section, we will explain the implementation of the
inference model with Probabilistic Programming Languages
(PPLs). The PPLs allow for directly expressing probabilistic
models in programming code, which makes PPLs ideal for
implementing our proposed quantization method. However,
because not all steps of the probabilistic inference are directly
supported by PPLs, we make a few adaptions so that the
probabilistic inference can be easily implemented. First, Monte
Carlo integration and a reparameterization trick are employed
to facilitate computation. Next, we introduce an approximation
for the neural network function and establish conditional
dependency using PPLs. Finally, we give a practical optimiza-
tion objective. In this work, two probabilistic programming
languages are employed: TensorFlow Probability (TFP) [49]]
and Pyro [21].

A. Monte Carlo Estimate and Reparameterization

Considering the high dimensions and the continuity of
random variables, it is intractable to calculate the marginal
likelihood explicitly. As a practical approximation, Monte
Carlo integration is often employed. Furthermore, to optimize
Eq. 0] using gradient-based methods, it is essential that the
optimization objective is in a differentiable form, allowing
for obtainable gradients with respect to parameters. In this
study, the network quantization noise is modeled using uni-
form distributions. However, the parameters of the uniform
distribution cannot be directly optimized due to the constant
(non-parametric) bounds provided by PPLs, e.g., the uniform
distribution in TFP. To facilitate the optimization of the quan-
tization step sizes, a commonly used gradient approximation
strategy, known as the reparameterization trick [S0], [51]], is
employed to reparameterize quantization noise.

Let v represent a vector of independent and identically
distributed (i.i.d.) random variables following uniform distri-
butions where each element is distributed over the interval
[—1/2,1/2], denoted by a tuple as v = (vl)lL:1 € RX with
each vector v; € Rt The reparameterization trick performs
as

e=S0Ov, (13)

where ® denotes the Schur product (i.e., elementwise product).
The reparameterization trick is an effective strategy for making
the Monte Carlo estimate of the expectation differentiable
with respect to parameters of distributions, which has wide
applications in recent advances in machine learning [52].

Through the use of the reparameterization trick and Monte
Carlo integration, the optimization objective of Eq. [9] can be
transformed into

N L
argmaxHH/ fyilerx (YilS1 © vi, X;)-
Qy,

8es 11—
fvl(vl)fsl(sl)dvl
N L M

= argmax [T [T D" fyijer (YilS1 © v, Xi) £, (S0),
Se€s iZ1i=15=1
(14)

1 model = tfp.distributions.JointDistributionSequential([
# Uniform distribution in the range of [-0.5, 0.5].
tfp.distributions.Uniform(low=-0.5*tf.ones_like(W_l),
high=0.5*tf.ones_like(W_I)) #n
# Modeling the neural network using a Gaussian function.
lambda n: tfp.distributions.Independent(
# Conditional dependency and reparameterization.

tfp.distributions.Normal(loc=NN(images, tf.multiply(S_|, n)),

W 0 N O LB W N

scale=0.01), reinterpreted_batch_ndims=0)])

Fig. 5: The implementation of conditional dependence for
weight quantization of a single layer using TFP.

where Q,, = [—3, %]K’ and vl(j) denotes the j-th Monte
Carlo realization of v; that is uniformly drawn from €.

B. Modeling Neural Network Function

Given input data X and quantization noise values &, the
neural network function can be modeled in the probabilistic
programming language using a Dirac delta distribution as

fylex(Y[S©v,X) =6(Y —NN(X;6,S0v)), (15

where NN(-) denotes a quantized neural network function
given pre-trained network parameters 6 and quantization noise
values e.

However, TFP does not have a direct way to specify the
Dirac delta distribution, nor does it support non-bijective trans-
forms of random variables (in this case, the neural network
function). In addition, the density of the Dirac delta distribu-
tion is not continuous, which is not beneficial for gradient-
based backpropagation. In the definition of the TFP models,
a pragmatic solution is then to approximate the Dirac delta
distribution using a Gaussian function with small variance
nlo, where I is the O x O identity matrix.

N L
fy\e,X(Y|S ©v,X) = H H fyi\az,xl' (Yi[Si © v, X5);
i=11=1
Yz\Sl O vy, X; ~ ./\/(NN(X,L, 0,5, Vl), 7710) ,

(16)
where the outputs of the network function are set as the mean
of the Gaussian distribution, and 7 is a small value.

Specifically, applying Bayesian inference requires access to
an observation Y, originating from a neural network quantizer
that uses the desired (i.e., to be estimated) quantization step
sizes. Because such observation is not available, instead, we
utilize Y; = NN(X;; 6, 0) as a proxy for the observed output
values. In Section A of the supplementary material, we show
that this choice corresponds to a MAP-like estimator that
minimizes the expected zero-one quantization error. In the next
subsection, we will discuss the implementation of conditional
dependence in Eq. [16]

C. Establishment of Conditional Dependency

To obtain the conditional distribution of quantized outputs
in Eq. we need to establish a conditional dependency
between the distributions of neural network outputs and the
distributions of quantization noise. To achieve this, we utilize



Quantization noise distribution

JOURNAL OF KAgX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

MAP inference

Umi\arm s,: step size
_ S S) fu(v SE S|Y,X
Prlor'of fs( ) > fs( ) fw( l) N Eg fs\y,x( | s ) ,| Posterior of
step sizes [¢------------ - -------- K step sizes
£w
. g —[Silk/2 [Sili/2 '+
— Forwar T ! fy|£,x(Y|S @ V, X)
— - - Backward [prf S{@/‘{’J | Quantization noise I e ——— ;
. 2parameteriza HH\" ! |
O Random variable - v
[ o ity . v D] B

Quantization simulation

Small

variance
LS

4Y;: quantized
output

:Yz']o

Calibration dataset

Neural network inference

Conditional output distribution

Fig. 6: The illustration of the probabilistic programming quantization (PPQ) method. The quantization step sizes are treated
as random variables and a special prior probability is introduced to penalize high quantization bit widths. The quantization
noise is modeled by uniform distributions, whose values are imported into deep neural networks to simulate real quantization.
To model the conditional neural network output distribution, a conditional Gaussian distribution with a small variance is used.
By maximizing the the joint probability of quantization step sizes and neural network outputs, maximum posterior estimates
of the step sizes can be obtained. The quantization parameters of step sizes are optimized using gradient descent algorithms.

a function provided by the TFP, JointDistributionSequential
[53], to create this relationship by specifying a sequence of
conditional distributions that follow multiplication rules.

Fig. f]illustrates an implementation for weight quantization
of a single layer using the TFP probabilistic programming
language. The approximate distribution of neural networks,
conditioned on the quantization noise distributions, is ex-
pressed by means of a lambda expression. The function
Independent is used to construct a joint distribution as the
product of multiple distributions on statistically independent
random variables (each of the distributions having different
calibration images and unified noise samples as inputﬂ

Fig. [0] illustrates the overall architecture of the proposed
PPQ method. The optimization details will be discussed in
the following subsection.

D. Optimization Objective

To maximize the posterior probability of quantization step
sizes using the probabilistic programming technique, the
gradient-based methods are required. Considering the global
optimum is difficult to find in reasonable computation time due
to the high computational and memory complexity, we employ
a practical layer-by-layer optimization strategy to optimize the
objective Eq. [0

For convenience, we maximize the logarithm of the layer-
wise optimization objective function in order to obtain better-
scaled gradients for optimized distribution parameters. Given

4For more details about these functions, the reader can refer to the official
documents of the TFP on https://www.tensorflow.org/probability

a calibration dataset with N input-output pairs, the layer-wise
optimization objective becomes as follows:

N M

aggn;aleogZ fyiterx: (YilSi © vl(j), X;) +logfs, (S1),
€51

j=1

a7
where §; = xI, [[Sin], [SPax],,]. To solve this opti-
mization problem, we employ the projected gradient descent
method [54]], which performs the gradient projection to en-
sure variables S; within the constrained range S§; during the
optimization process.

To tackle the issue of overfitting when optimized with a
small dataset, we introduce a validation procedure to select
quantization parameters. In network training, the best model
checkpointing is commonly used to save the best weights
through validating on a validation dataset [55]], [56]. Inspired
by this, we split the calibration dataset into two equal parts;
one part is used for optimizing parameters and another part
is served as a validation dataset. Similar to the percentile-
based clipping method, the validation procedure measures the
cross-entropy loss between the unquantized outputs and the
quantized outputs of the final layer. The quantization loss
on the final layer usually serves as an effective metric for
evaluating quantization performance [12], [13]], [29].

During the optimization process, we perform the validation
every two iterations. This number was determined experimen-
tally to balance the performance of the validation procedure
versus the computational overhead. At each validation step, we
use the temporal values of the optimized step sizes to quantize
neural networks and then calculate the quantization loss of the
final layer. The final quantization parameters are determined
by the step size values that yield the smallest loss during the
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proposed method achieves nearly the same accuracy as the original with fewer bits compared to the baseline method.

optimization process. The execution process is demonstrated
in Fig. [T}

Additionally, early stopping has served as a good strategy
to prevent overfiting in Bayesian optimization research [57],
[58]. In our method, an early stopping method is employed
to stop further optimization when there is no better solution
than the smallest loss value from the successive one hundred
validation steps. Although the validation procedure cannot
absolutely avoid overfitting when relying on a small dataset,
our experiments show that the validation procedure effectively
helps to improve the optimization performance and enables
us to select the good parameters when learning from a small
calibration dataset, which will be demonstrated in Section V.

V. EXPERIMENTS

In this section, we conduct a comprehensive evaluation to
verify the performance of the proposed post-training quan-
tization method. We examine the effectiveness of the pro-
posed quantization method and assess the performance of
the proposed clipping method. Next, we compare our method
with existing post-training quantization methods. Finally, we
evaluate the generalization ability by optimizing with different
calibration sources and testing on diverse datasets.

A. Experimental Setup

The proposed PPQ method requires an unlabeled calibration
dataset for the optimization process. The calibration datasets
are randomly selected from the training dataset of ImageNet
[59] and CIFAR10 [[60]. Following the common practice [29],
[33], we quantize the first layer and the last layer to 8-bit
as these layers typically have a greater impact on accuracy
degradation. We employ a per-channel quantization strategy

20 5 B
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Fig. 8: The optimized number of quantization steps for the
different channels of one layer’s weights in ResNet20. The
annotated number above each bar are the required bit width.

for the numerical results. For weight quantization, we apply
the bias correction method proposed in on the top of the
proposed method to further improve quantization performance.

The PPQ method optimizes each layer over 1000 iterations
using the Adam optimizer [61]]. In our experiments, we set
the sample number M to 16 except in the experiments
incorporating with the bias correction method where M is set
to 2. Unless stated otherwise, the minimum thresholds S?‘in
and maximum thresholds S;"®* for prior ranges are set to the
step sizes corresponding to naive uniform affine quantization
with 8-bit and 3-bit precision, respectively.

We evaluate the quantization performance of the proposed
method on computer vision tasks for classification and ob-
ject detection with different neural network models, includ-
ing ResNet [62], MobileNetV2 [63]], RetinaNet [64], and
vision transformers [65]], [66]. All experiments employ the
TensorFlow deep learning framework, except for the vision
transformer experiments, which are implemented using the
PyTorch framework.
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B. Quantization with Probabilistic Programming

We assess the performance of the proposed PPQ method on
different calibration dataset sizes, ranging from 64 samples
to 512 samples. The ResNet20 is utilized as evaluation. We
record the top-1 accuracy, loss, and quantization bit width
changes during optimization. In this case, we set S;"%* to step
sizes corresponding to 2-bit naive uniform affine quantization.
The results are shown in Fig.

The first row shows the variations in accuracy and loss
(i.e., negative values of the optimization objective of Eq. [T7).
Due to the random sampling of Monte Carlo integration, the
loss values fluctuate continuously. They gradually decrease to
relatively stable states that fluctuate around certain values.
All four calibration sizes exhibit significant improvement
in accuracy during the optimization process. However, due
to the fluctuation of accuracy, the final accuracy achieved
is not necessarily the highest point during the optimization
process. Nevertheless, the validation procedure can help avoid
suboptimal results by selecting quantization parameters.

Because the step size of each channel is optimized inde-
pendently, the bit width varies across channels, which results
in a mixed-precision quantization scheme. As shown in Fig.
[B] the number of quantization steps (the ceiling of the data
range divided by quantization step sizes) varies across different
channels, resulting in varying quantization bit widths in dif-
ferent channels. This shows that the proposed method enables
adaptive adjustment of the quantization step size variables for
different channels.

The second row of Fig. [7] shows the mean bit width change
for a single layer during the optimization process. Through-
out the optimization process, the mean bit width gradually
increases until the stable state is reached.

In the third row, we perform an accuracy comparison with
the naive uniform affine quantization [42]]. For all calibration
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TABLE I: Performance comparison of the proposed
percentile-based clipping method against other clipping
methods on the ImageNet dataset.

Models ResNet18 ResNet50
Bit width | 4 bits 3 bits | 4 bits 3 bits
Weight Quantization (W4A32)

None 61.15 4.68 7324  41.37
CFP 61.50 10.70 | 69.53 55.90
MSE 61.51 27.10 | 73.23 50.71
Ours 66.14 3396 | 73.53 62.19
Activation Quantization (W32A4)
None 6530 3997 | 73.84 45.09
CFP 66.24 50.83 | 73.72  55.33
MSE 6837 6324 | 7498 71.57
Ours 68.58 63.81 | 75.05 70.69

TABLE II: Ablation study on the proposed PPQ quantization
method applied to 4-bit weight quantization of ResNet18 on
the ImageNet dataset.

Methods | Acc.(%)
Baseline 61.15
Percentile-based Clipping 66.14
PPQ (sole) 67.06
PPQ + Percentile-based Clipping 67.62
Bias correction 68.77
PPQ (combined) 69.12
Floating-point 70.03

dataset sizes, the proposed method manages to exceed the
accuracy of 4-bit naive uniform affine quantization with a bit
width of less than 4 bits. This experiment demonstrates that the
PPQ method outperforms the baseline method when learning
from small calibration datasets.

The accuracy corresponding to the selected parameters
from the validation procedure is also reported in the third
row, which is denoted by red stars. The validation procedure
almost identifies the highest results. This demonstrates the
effectiveness of validation based on a small calibration dataset.

To evaluate the effect of the introduced MDL prior, we com-
pare its performance against a uniform (non-informative) prior
choice. Using the same experimental setup in the previous
tests, we track changes in accuracy and bit width throughout
the optimization process. The results are shown in Fig. [0

The experiment with a uniform prior exhibits a significant
accuracy increase during optimization. However, using the
MDL prior achieves almost the same accuracy while using
significantly fewer bits.

We evaluate the performance of weight quantization on
the whole ResNet20 and ResNet18 with different calibration
dataset sizes, ranging from 8 samples to 1024 samples. To
highlight improvements, we deliberately select relatively low
quantization precision: 3-bit quantization for ResNet20 and 4-
bit quantization for ResNet18. The PPQ method is controlled
to obtain approximately the same bit widths. In Section B
of the supplementary material, we show experiments using
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TABLE III: Comparison with existing post-training quantization methods on the ImageNet validation dataset. Top-1 accuracy
(%) and the accuracy degradation (in parentheses) compared with the pre-training accuracy (in respective papers) are reported.
W/A denotes weights/activations. The result indicated by 7 is taken from [13]]. 4* represents an approximate 4-bit (< 4.1-bit).

Methods | Bits (W/A) | Mixed-Precision | Calibration Samples | ResNet18 ResNet50 MobileNetV2
Baseline [42] 4/8 X 0 61.15 (-8.88) 73.24 (-2.96) 2.39 (-69.33)
SPARQ [28] 4/8 X 2000 67.49 (-2.27) 75.03 (-1.10) -
ACIQ-Mix [10] 4/8 v 0 68.30 (-1.40) 75.30 (-0.80) -
BC [26] 4/8 X 512 68.75 (-1.28) 75.44 (-0.76)  61.99 (-9.73)
Adaround [12] 4/8 X 2048 68.55 (-1.13) 75.01 (-1.06) 69.25 (-2.47)
Bit-Split [29] 4/8 X 1024 69.10 (-0.66) 75.58 (-0.57) 68.41 (-3.46)
GPTQ [67] 4/32 X 1024 69.37 (-0.39) 75.71 (-0.42) -
PPQ (ours) 4*/8 v 256 69.17 (-0.86) 75.64 (-0.56) 68.92 (-2.80)
PPQ (ours) 4%/8 v 64 68.97 (-1.06) 75.54 (-0.66) 68.53 (-3.19)
Baseline [42] 4/4 X 0 56.24 (-13.79) 70.80 (-5.40) 2.06 (-69.66)
LAPQ [32] 4/4 X 512 60.30 (-9.40) 70.00 (-6.10) 52.20 (-19.60)
ACIQ-Mix [10] 4/4 v - 67.00 (-2.70) 73.80 (-2.30) -
AdaQuant [33] 4/4 v 1000 69.60 (-2.37) 75.90 (-1.30) 34.95%(-37.54)
QDROP [34] 4/4 X 1024 69.10 (-1.96) 75.03 (-1.97) 67.89 (-4.60)
PD-Quant [35] 4/4 X 1024 69.23 (-1.78) 75.16 (-1.47)  68.19 (-4.43)
Bit-Split [29] 4/4 X 1024 68.10 (-1.66) 74.20 (-1.95) 49.23 (-22.64)
CL-Calib [68] 4/4 X 128 69.41 (-1.60) 75.38 (-1.25)  68.56 (-4.06)
PFQ [30] 4/4 X 1024 69.56 (-1.50) 75.25 (-1.75)  69.07 (-3.42)
BRECQ [13] 4/4 v 1024 69.60 (-1.48) 75.05 (-1.95) 66.57 (-5.92)
Mr.BiQ [69] 4/4 X 1000 69.68 (-1.40) 75.17 (-1.83) 57.27 (-15.22)
PPQ (ours) 4#[4%* v 256 68.32 (-1.71) 75.03 (-1.17) 65.70 (-6.02)
PPQ (ours) 4#/4% v 64 68.21 (-1.82) 74.60 (-1.60) 65.11 (-6.61)

hyperparameter v to control the expected quantization bit
width. The results are shown in Fig

Both models achieve nearly identical accuracy with sample
sizes ranging from 256 to 1024. ResNet18 attains the highest
mean accuracy of 67.35%, surpassing the baseline by 6.20%.
Even with just 8 calibration samples, both ResNet20 and
ResNet18 still outperform the baseline by 1.69% and 4.26%,
respectively. This experiment demonstrates the good ability of
the proposed method in learning from small datasets.

C. Percentile-based Clipping Results

To evaluate the proposed percentile-based clipping method,
we conduct experiments on ResNetl8 and ResNet50 for
weight and activation quantization. The calibration dataset
includes 256 samples. We compare the performance of low-
precision 4-bit and 3-bit quantization with the Mean Squared
Error (MSE)-based clipping method [27]] and the Coarse-to-
Fine Pre-processing (CFP) clipping method [70]. Some recent
clipping methods [71]-[73]] address strong outliers in per-token
quantization for large language models (LLMs), which are
not viable alternatives to the proposed quantization method.
The search range for the hyperparameter P spans from 1072
to 10713 with 50 evenly spaced samples at each order of
magnitude. The results are summarized in table [l

In terms of weight quantization, the proposed clipping
method achieves the best performance. It demonstrates a
4.99% improvement in 4-bit quantization of ResNetl8, sur-
passing the MSE-based method and the CFP method by 4.63%

and 4.64%, respectively. Regarding activation quantization,
the proposed clipping method still shows better performance,
except for the case of 3-bit quantization on ResNet50. Overall,
the proposed clipping method performs better compared to the
MSE-based and CFP clipping methods.

D. Ablation Study

Except for quantization parameter optimization and quanti-
zation range searching, bias correction also plays a significant
role in post-training quantization. Similar previous works [[12],
[32], we incorporate an existing bias correction method [26]
to further enhance performance. The bias correction is only
applied for weight quantization. To evaluate the impact of bias
correction, we conduct an ablation study on ResNet18 models
for 4-bit weight quantization using a calibration set of 256
samples. The results are summarized in table [[I}

Without additional methods, the sole PPQ method outper-
forms the baseline method by 6.18%. After combining the
clipping method, the accuracy further increases by 0.56%.
On the other hand, the bias correction method demonstrates
a significant improvement. By combining the bias correction
method, the PPQ method achieves an accuracy of 69.12%,
with a only 0.91% accuracy degradation compared to the
original accuracy.

E. Comparison to State-of-The-Art Methods

We compare the proposed method to existing post-training
quantization methods. The results are summarized in Table
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The comparison focuses on low precision 4-bit quanti-
zation with different models, including ResNet18, ResNet50,
and MobileNetV2. For weight quantization comparisons, we
quantize activations using naive uniform affine quantization.
To account for the difference in the accuracy of pre-trained
models, we also provide the actual accuracy degradation
compared to the original accuracy reported in the relevant
literature. The table includes details of the calibration dataset
sizes. Our method is conducted on calibration datasets with
256 samples and 64 samples, respectively.

Compared to existing methods, the PPQ utilizes the minimal
calibration dataset thanks to the Bayesian framework and val-
idation procedure. For weight quantization, the PPQ with 256
calibration samples outperforms the Bit-Split method on Mo-
bileNetV2 by 0.66%. Besides, the PPQ achieves comparable
performance with the GPTQ method on ResNet50 with smaller
calibration datasets. In the case of 4-bit weight and activation
quantization, the PPQ achieves the highest performance on
ResNet50, with only a 1.17% accuracy degradation. With
fewer 64 samples, it still shows comparable performance to
other methods. Notably, the CL-Calib method also achieves a
strong performance with 128 samples by leveraging contrastive
learning, which incorporates multiple data augmentation oper-
ations. This experiment demonstrates that the PPQ method
achieves nearly state-of-the-art performance when using a
minimal calibration dataset.

Furthermore, we compare the quantization performance of
the proposed method with several existing PTQ methods
across various calibration dataset sizes, ranging from 8 to
1024 samples. This experiment is conducted on ResNet18 with
4-bit weight quantization. The Top-1 accuracy degradation
compared to the pre-training accuracy in the respective papers
is reported. The experimental results are illustrated in Fig.

The proposed method exhibits the smallest accuracy vari-
ation across different calibration dataset sizes. While the
QDROP and GPTQ methods achieve superior performance
with large calibration datasets, e.g., 512 samples and 1024
samples, they underperform the proposed PPQ method when
the calibration samples are fewer than 256. Notably, with only
8 calibration samples, the PPQ method maintains an accuracy
degradation of just 1.41%, surpassing the QDROP and GPTQ
methods by 1.35% and 0.15%, respectively. These results

JOURNAL OF IKIgX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

TABLE IV: The experiment on object detection using
RetinaNet model for 4-bit weight quantization and 8-bit
activations quantization. The bounding box average precision
(AP) with different intersection over union (IoU) on the
COCO02017 validation dataset is reported.

Methods ‘ Bits (W/A) ‘ APo.5.0.95 APg.5 APg.75
Baseline [42] 4/8 33.1 (-1.5) 51.7 (-1.9) 35.2 (-1.7)
BC [26] 4/8 0.0 (-34.6) 0.1 (-53.5) 0.0 (-36.9)
ACIQ [10] 4/8 340 (-1.6) 543 (-1.2) 36.3 (-2.0)
Bit-Split [29] 4/8 34.4 (-1.2) 54.2 (-1.3) 36.5 (-1.8)
PPQ (ours) 4%/8 33.7 (-0.9) 524 (-1.2) 358 (-1.1)

TABLE V: The experiment on vision transformers for 4-bit
weight and activation quantization. Top-1 accuracy on the
ImageNet validation dataset is reported.

Model l ViT-S  ViT-B  DeiT-T  DeiT-S  DeiT-B
Floating-point 81.39  84.54 72.21 79.85 81.8
PTQ4VIT [74] 42.57  30.69 36.96 34.08 64.39
APQ-ViT [[75] 4795 4141 47.94 43.55 67.48
RepQ-ViT [76] 65.05  68.48 57.43 69.03 75.61
LRP-QViT [77] | 70.81  75.37 61.24 72.43 78.13
ERQ [78] 71.61 78.65 61.79 74.35 79.18
PPQ (ours) 7195  78.80 61.86 73.25 79.01

demonstrate the superior performance of the PPQ method in
scenarios with small calibration datasets.

F. Object Detection Experiments

We conduct experiments for weight quantization on the
object detection model of RetinaNet [64], which utilizes
ResNet50 as its backbone. The experiment uses the Keras
implementation of RetinaNeﬂ Activations are quantized to
8-bit by the naive uniform affine quantization. The calibra-
tion dataset includes 256 images randomly selected from the
COCO2017 training dataset. We evaluate the accuracy on the
COCO02017 validation dataset. To account for differences in
pre-trained models, we also provide the accuracy degradation
(in parentheses) compared with the pre-training accuracy in
the respective papers. The results are shown in Table

In the table, the PPQ method only experiences a degradation
of 0.9%-1.2%. This outperforms the Bit-Split and ACIQ
methods by up to 0.7% and up to 0.9%, respectively. This
experiment demonstrates that the proposed method can achieve
good performance on object detection models as well.

G. Vision Transformer Experiments

To demonstrate the generalization of the proposed method
across various models, we evaluate its performance on vision
transformers for the classification task. The experiment focuses
on 4-bit weight and activation quantization on different mod-
els, including ViT [[65]] and DeiT [66] models. This experiment
is based on the open-source project of RepQ-ViT [76]. For
a fair comparison, the quantization settings are aligned with
RepQ-ViT, which employs channel-wise weight quantization
and layer-wise activation quantization. Similar to ERQ [78]],

Shttps://github.com/fizyr/keras-retinanet/tree/main
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TABLE VI: The experiment of using various calibration data
sources for 4-bit weight quantization of ResNet18. Top-1
accuracy on the ImageNet validation dataset is reported.

Data sources ‘ BC [26] Bit-Split [29] BRECQ [13] PPQ (ours)
ImageNet 68.77 (-1.26)  69.10 (-0.70) 70.05 (-1.03)  69.12 (-0.91)
VOC2012 68.67 (-1.36)  68.48 (-1.32) 70.06 (-1.02)  69.17 (-0.86)
C0OC02017 68.77 (-1.26)  68.53 (-1.27) 69.97 (-1.11)  69.02 (-1.01)
Deeplnv 68.61 (-1.42)  68.36 (-1.44) 69.82 (-1.26)  68.90 (-1.13)
CIFAR10 67.76 (-2.27)  62.53 (-7.27) 66.38 (-4.70)  68.66 (-1.37)
Gaussian noise | 66.86 (-3.17)  9.73 (-60.07)  58.22 (-12.86)  62.94 (-7.09)

TABLE VII: The experiment of validation on diverse
datasets using ResNet18 with parameters from the ImageNet
dataset. Top-1 accuracy on diverse datasets is reported.

Methods | TmageNet | VOC2012 COCO02017 Deeplnv
Baseline [42] | 72.26 50.93 (-21.33) 5239 (-19.87) 58.41 (-13.85)
LAPQ [32] 73.18 50.64 (-22.72)  53.54 (-19.84)  71.51 (-1.67)
BC [26] 89.03 77.18 (-11.85)  78.84 (-10.19)  84.47 (-4.16)
Bit-Split [29] | 89.95 78.67 (-11.28)  80.49 (-9.49)  90.56 (+0.61)
BRECQ [13] | 90.69 79.85 (-10.84)  81.76 (-8.93)  90.44 (-0.25)
PPQ (ours) 90.07 79.08 (-10.99)  81.08 (-8.99)  86.98 (-3.09)

we apply additional rounding refinement [12] after the MAP
inference optimization to further enhance performance. The
calibration dataset includes 256 samples randomly selected
from the ImageNet training dataset. The results are summa-
rized in Table [V]

In the table, the proposed method achieves good perfor-
mance on all vision transformers. Compared to the base-
line RepQ-ViT, it demonstrates a significant improvement.
While the ERQ method achieves the best performance on the
DeiT-S and DeiT-B models by reducing errors through dual
uniform quantization and weight readjustment, the proposed
PPQ method outperforms it on the other three models by
0.07%-0.34%. This experiment highlights the effectiveness
and scalability of the PPQ method on larger vision transformer
architectures.

H. Generalization Experiments

To assess the generalization ability of the PPQ method,
we evaluate its performance of optimizing with various cal-
ibration data sources. This experiment is valuable in deter-
mining whether other data sources can serve as a alterna-
tive when the original training dataset is unavailable. The
experiments are conducted on the ResNetl8 model for 4-
bit weight quantization. The calibration data sources include
ImageNet, VOC2012, COC02017, Deeplnv, CIFAR10, and
Gaussian noise. The ImageNet is the original training dataset.
Both VOC2012 and COCO2017 are public datasets that share
certain similarities with ImageNet. The Deeplnv is a synthetic
dataset generated to imitate the ImageNet dataset by using the
Deeplnversion method [79]. CIFAR10 is a small-sized public
dataset. Gaussian noise consists of random values following
Gaussian distributions. For each data source, we randomly
select 256 images as the calibration dataset. The accuracy and
accuracy degradation (in parentheses) compared with the pre-
training accuracy in the respective papers are reported. The
results are summarized in Table

In the table, the PPQ method outperforms all other methods
across other data sources, with the exception of the Gaussian

noise source where the BC method performs the best. On
VOC2012 datasets, the PPQ method achieves higher perfor-
mance. Using COCO2017 and synthetic data result in a slight
performance degradation by 0.10% and 0.22%, respectively.
Even on the quite different CIFAR10 dataset, the PPQ method
only has a 0.46% difference compared to on ImageNet.

Because the calibration dataset is limited, the quantized
model may encounter diverse data that are different from
calibration dataset. To assess the generalization ability of
the proposed method, we evaluate the quantization perfor-
mance on diverse datasets when using the well-optimized
parameters from ImageNet. This experiment is also conducted
on ResNetl8 for 4-bit weight quantization. To address the
conflicting labels for various datasets, we treat the outputs
of the unquantized model as labels, which are used to count
the accuracy. The experiments are conducted on VOC2012,
COCO02017, and Deeplnv datasets. We compare the difference
between the accuracy on diverse dataset and the accuracy on
the ImageNet. The results are summarized in Table

The PPQ method generally outperforms the LAPQ and BC
methods, except for on the Deeplnv dataset where the LAPQ
method performs better. The Bit-Split method exhibits the
best performance on Deeplnv. However, the PPQ achieves
higher performance than the Bit-Split method on the VOC2012
and COCO2017 datasets by 0.29% and 0.50%, respectively.
Possibly due to the block-wise optimization strategy, the
BRECQ outperforms our method on all datasets. Notably,
the PPQ achieves comparable performance to the BRECQ
method on VOC2012 and COCO2017 datasets. This exper-
iment demonstrates the good performance of the proposed
method when applied to diverse datasets.

VI. CONCLUSION

In this study, we propose a novel Bayesian-based post-
training quantization method. The proposed method estimates
the optimal quantization parameters through Maximum A
Posterior (MAP) inference by modeling the uncertainty caused
by rounding operations with additive uniform noise. The
inference model is specifically adapted to be optimized using
probabilistic programming techniques with gradient backprop-
agation. To address the overfitting problem in small datasets,
we introduce a Minimum Description Length (MDL) prior that
favors low quantization bit widths for quantization step sizes,
and we develop a validation procedure to select optimized
quantization parameters during the optimization process. The
experiments demonstrate that our proposed method performs
well when learning from small calibration datasets, achieving
nearly state-of-the-art quantization performance even with a
calibration dataset of only 64 samples. Furthermore, the pro-
posed method exhibits good generalization ability to optimize
with different data sources and strong adaptability to diverse
data.
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