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Abstract

Prior works on Post-training Quantization (PTQ) typically separate a neural net-
work into sub-nets and quantize them sequentially. This process pays little attention
to the dependency across the sub-nets, hence is less optimal. In this paper, we
propose a novel Network-Wise Quantization (NWQ) approach to fully leveraging
inter-layer dependency. NWQ faces a larger scale combinatorial optimization prob-
lem of discrete variables than in previous works, which raises two major challenges:
over-fitting and discrete optimization problem. NWQ alleviates over fitting via
a Activation Regularization (AR) technique, which better controls the activation
distribution. To optimize discrete variables, NWQ introduces Annealing Softmax
(ASoftmax) and Annealing Mixup (AMixup) to progressively transition quantized
weights and activations from continuity to discretization, respectively. Extensive
experiments demonstrates that NWQ outperforms prior state-of-the-art approaches
by a large margin: 20.24% for the challenging configuration of MobileNetV2 with
2 bits on ImageNet, pushing extremely low-bit PTQ from feasibility to usability.
In addition, NWQ is able to achieve competitive or better results with only 10%
computation cost of previous works.

1 Introduction

Deep learning has seen a boom of architectures with ever-increasing capabilities and capacity. Huge
capacity, however, always comes with boosting parameters, resulting in large computation cost
and memory footprint. Researchers have utilized strategies like neural architecture search (NAS)
[4, 11,29, 49], network pruning [12, 19], and knowledge distillation (KD) [18, 21] to design compact
networks and improve their accuracy. Furthermore, neural network quantization [7, 15, 22, 25, 28]
is typically applied along with the methods mentioned above to reduce the computation cost and
memory footprint. Quantization represents neural networks with lower bit precision, usually 8 bits in
practice, and saves 75% of memory while offering 2 ~ 4x speedup[26].

Network quantization techniques are typically categorized into Quantization Aware Training (QAT)
and Post-training Quantization(PTQ) based on the dependency on labeled data and the necessity of
weight tuning. Generally, PTQ techniques are preferred in industry because they rely less on labeled
data and take into account privacy concerns as well as compute resources. This paper focuses on
PTQ.

PTQ usually suffers from significant accuracy degradation, especially for low-bit quantization which
offers much more memory reduction and speedup. To improve the accuracy of PTQ, much effort
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Figure 1: layer-wise vs. block-wise vs. network-wise. Gray nodes are frozen while highlighted nodes
are learnable (quantization parameters only). The term block here denotes residual unit in modern CNN (e.g.
Residual Bottleneck for ResNets).

has been devoted [5, 32, 34, 35, 39]. AdaRound[32] has recently discovered that round-to-nearest
appears to be optimal for single weight but not for the entire layer. The rounding errors of weights in
a single layer have the capability of compensating for each other, contributing to a smaller layer-wise
quantization error. We term this property as intra-layer dependency. Motivated by this property,
AdaRound[32] proposes to learn the round policy layer by layer to improve accuracy.

Inspired by AdaRound[32], we hypothesize that the quantization errors of all layers in a network are
able to compensate for each other, resulting in a reduced quantization error. We refer to this capability
as inter-layer dependency. However, AdaRound[32] assumes that layers are mutual-independent
and derives a layer-diagonal Hessian, leading to a layer-wise solution(Figure 1a). BRECQ[27]
points out that the dependency should not be ignored and the assumption of AdaRound[32] is not
accurate, they instead utilize the inter-layer dependency within each block to build a block-wise
approach(Figure 1b). However, BRECQ[27] assumes that blocks are mutual-independent. We
argue that neither the approximations of AdaRound nor that of BRECQ are accurate enough, the
inter-layer dependency should be leveraged in a network-wise manner. To achieve this, we propose a
Network-Wise Quantization (NWQ, Figure 1c) scheme to fully leverage the inter-layer dependency.
AdaRound and BRECQ separate a network into sub-nets and train them sequentially, this process
makes the preceding layers unaware of succeeding layers. NWQ solves this problem via training
the entire network end-to-end, where layers are aware of each other and they are able to cooperate
for a more optimal solution. However, quantizing the entire network end-to-end is a combinatorial
optimization problem where huge number of discrete parameters from all layers are combined
together for optimization. This optimization problem will raise two major challenges that result in
significant accuracy degradation.

The first challenge is over-fitting. Extending the reconstruction unit from layer/block to entire network
will increase parameters dramatically and thus raises the risk of over-fitting over a typically small
calibration set. To alleviate this issue, NWQ applies Activation Regularization (AR), a variant of
L2 regularization, on intermediate representation to keep the quantized activations as close to the
floating-point counterpart as possible. The benefits of AR are two folds. First, AR regularizes
quantized activation flow to prevent over-fitting. Second, it works as a quantization loss function to
encourage minimal intermediate quantization error. AR turns out to be both simple and effective.

Another challenge is discrete optimization. Based on AdaRound, NWQ learns the weight round
policy and activation quantization parameters, both of which involve in discrete variables. However,
the substantially increased depth and discrete variables make it more difficult to converge compared
to layer-wise[23, 32] and block-wise[27, 40] approach. The insufficient convergence will leave the
discrete variables (weight round policy) in a state of continuity rather than discretization, leading
to great performance drop. To solve this problem, we propose Annealing Sofmtax (ASoftmax)
and Annealing Mixup (AMixup) to better optimize discrete weights and activations. Specifically,
ASoftmax provides a mechanism to guarantee the discritization of round policy learning via annealing
temperature. AMixup resolves the train-test inconsistency problem indtroduced by QDROP[40] via
gradually decreasing the floating-point percentage in mixed activations.
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Equipped with AR, ASoftmax and AMixup, we are able to build our NWQ framework that fully
leverages inter-layer dependency to achieve higher accuracy than existing works.

To summarize, this paper makes the following contributions:

1. We propose a novel network-wise quantization framework for PTQ to fully leverage inter-
layer dependency.

2. We analyze the combinatorial optimization problem introduced by network-wise quan-
tization and propose AR, ASoftmax and AMixup to solve the over-fitting and discrete
optimization problem.

3. We establish a new state-of-the-art through significantly improving PTQ by a large margin:
20.24% for MobileNetV2 with 2 bits and thus push the limit of extremely low-bit PTQ from
feasibility to usability.

2 Related Work

Network quantization is commonly divided into QAT [7, 15, 22, 25, 48] and PTQ [27, 32, 33, 47].
QAT methods tend to minimize task error by training weights and quantization parameters jointly
with the entire labeled dataset and thus require a large number of computing resources, whereas PTQ
methods focus on finding optimal quantization parameters for off-the-shelf well-trained networks with
much less data and compute resources than QAT. PTQ can further be classified into statistic-based
PTQ and learning-based PTQ. Statistic-based PTQ methods [33, 35, 47] first estimate the distribution
of activation on calibration data, and then find the optimal quantization parameters that minimize
local quantization errors heuristically. Learning-based PTQ methods[23, 27, 32, 40] dedicate to
slightly weight tuning and quantization parameters learning. Our work follows the learning-based
PTQ scheme.

Learning-based PTQ: AdaRound[32] adopts the regime of learning the optimal round policy layer
by layer. BRECQ [27] succeeds in extending AdaRound [32] to a block-wise reconstruction and
concludes that block-wise quantization is superior to network-wise method. We argure that both
layer-wise and block-wise approach is sub-optimal because the preceding layers/blocks are unaware
of succeeding layers/block, thus the dependency they leveraged is unidirectional. Some works focus
on the sequence of weight and activation quantization. AdaQuant [23] proposes to tune weights and
activation quantization parameters separately for each layer to reduce over-fitting, while QDROP
[40] finds that incorporating activation quantization into weight tuning can achieve higher accuracy.

Activiation Regularization: Large values in the learned dense representation can be a sign of being
overfit. To encourage small activations, [3 1] employs L2 regularization on hidden state of recurrent
neural networks (RNN), while various normalizations [2, 24, 38, 42] focus on centralize the activation
distribution to regularize large values. Some prior works attempt to learn sparse representation.
Dropout and its variants [, 10, 36, 37, 41] randomly drop activations from the neural network to
encourage sparsity. ReL.Us[ 16, 20, 30, 43] dedicate to learning sparse representation via rectifying
negative values. These techniques aim to regularize activations when training a neural network
from scratch, which inapplicable for PTQ where the networks are off-the-shelf and well-trained,
thus the activation distributions are deterministic and immutable. Instead of encouraging small and
sparse activations, NWQ apply activation regularization on intermediate representation to encourage
small offsets between quantized activations and the floating-point counterpart. AdaRound[32] and
BRECQ [27] also employ quantization losses on intermediate activations but those losses works as
quantization objectives rather than regularization, while the quantization objective of NWQ is to
minimize the quantization error of the final network output and the regularization on intermediate
activations is to prevent optimization process from over-fitting.

Discrete Optimization for Quantization: Network quantization optimizes discrete variables via
gradient backpropagation. However, the quantization process introduces a round function which is
indifferentiable. Some works on QAT focus on approximating the gradient through the round function
[3,6, 13, 14, 17, 44]. For PTQ, AdaRound [32] introduces additional discrete parameters(the binary
round policy) and optimize them via Rectified Sigmoid with an explicit Regularization (RSeR) loss
function. However, RSeR is adversarial to quantization loss and thus difficult to convergence in
network-wise quantization. QDROP [40] proposes to randomly drop quantized activations to improve

https://doi.org/10.52202/068431-0483 6668



Layer 1

Layer N-1 Layer N T
:

loss

Figure 2: Overfiew of NWQ. We use L2 loss for both AR; and Lgyan:. The green is simulated quantization
network and the orange is the floating-point counterpart. We freeze all weights and train weight round policy
and activation quantization parameters only.

the flatness of optimization landscape, but introcues train-test inconsistency problem which results in
performance degradation if used in network-wise PTQ.

3 Approach

Network-Wise Quantization (NWQ) is a simple end-to-end post-training quantization approach.
The structure of NWQ is illustrated in Figure 2. The optimization objective is composed of output
quantization loss and layer-wise AR loss. Meanwhile, the annealing approaches (Asoftmax and
AMixup) are introduced in training process, which enable the quantized weights and activations to
gently converge from continuous state to discrete state, lowering training complexity and improving
accuracy.

3.1 Activation Regularization

NWQ leverages Activation Regularization (AR) to penalize quantized intermediate activations that
are substantially away from the floating-point counterparts, thereby encouraging the activations to
remain unchanged.

Formally, we define AR by:

2

—1
Lar(év G) = Hal —al||§77 (D
=1

while G represents floating-point network and G is the simulated quantized counterpart. a; and @;
denote the floating-point and the simulated quantized activation of the [-th layer, respectively. N
represents the number of total layers and ||-||  denotes the Frobenius norm.

Our network quantization error Lgyqant(@n, an) is defined by:
Lquant(éa G) = HEN - a/N||2Fa

then the final objective can be formulated as:
N
L(G,G) = Lar + Lguant = ¥ _ lla — ail| . )
=1

Practically, L,, is not restricted to be utilized layer by layer, it can also be performed block by
block and stage by stage, as BRECQ [27] defined. We will discuss how the granularity affects the
performance in Sec. 4.2.1. By default, we employ layer-wise AR in our experiments.
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3.2 Annealing Softmax

For a weight vector w, AdaRound [32] proposes to learn the round policy by:
- . W
w; = clip (| =) + hvi),a- 0 ) ©)

where | -] gives as output of the integral part and clip(-) clamps all values between ¢_ and ¢. W;
denotes the quantized weight for the -th element of w. We will omit ¢ below for simplicity. s is the
quantizer step size. v is a learnable continuous vector w.r.t. w and h(v) is recitified sigmoid function
(see Eqn.(4)) which is regularized to converge to {0, 1}.

~0.1,0,1). (4)

Based on Eqn.(4), AdaRound proposes Rectified Sigmoid with an explicit Regularization (RSeR)
loss to discrete h(v):

Lpser(h(v)) =1 —[2h(v) =1/, (5)
However, there are two limitations of RSeR. First, RSeR works only for binary round policy. Second,

RSeR is adversarial to quantization loss. For example, for a linear transformation network, the
quantization loss is

Ly =|wTx — swTx||%
w W (6)
= 2~ 15— b))l
where x denotes the input and we ignore the c/ip function in Eqn. (3).

Eqn. (6) indicates that quantization loss will prevent L rs.r from convergence (i.e., L rpser encour-
ages h(v) to converge to 0 or 1 while L, prefers h(v) to remain ¥ — | ¥ |). Besides, this adversarial
become more severe when extending layer/block-wise methods to network-wise quantization(see Sec.
4.2.2 and Table 4).

3.2.1 Formulation

To resolve the two problems of RSeR, we propose Annealing Softmax (ASoftmax). First, we extend
the discrete optimization space of () from {0, 1} to K, where K is a integer range and defined by:

IC:{nan+1a"'am_17m}an€Z§07m€Z>05 (7

where n and m are hyper-parameters that specify the discrete optimization space. Then, ASoftmax
can be formulated as:

w! = clip (Lg] + ht(V)7q77Q+) ) ®)
where V is a continuous learnable matrix and represents the logits of probability over K. ht(V) is
defined by:

R (V) = Eop(e|v,r) M, )
p(k=K;|V,7") ocexp(V;/7"),0 <i<m—n+1, (10)

where t represents for ¢-th iteration. 7! is a temperature that decays linearly to transition ht(V)
from continuity to discretization. For example, when ¢ is large, p(k|V, %) is a continuous vector
of probability and ht(V) is the expectation of the discretization. When 7! turns tiny, p(k|V, %)
becomes a one-hot vector and h!(V) selects k by p(k|V,7%) = 1. 7% is simply decayed by:

T 0
_ ot
S Gl B - )t o, (1n

where 7° and 77 are hyper-parameters of initial and final temperature.

ASoftmax is a general formation of learning wider range of discrete parameters than binary. It easily
degenerates to round policy learning by setting n = 0 and m = 1. We use 77 = 0.01 and 7° = 1 by
default.
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3.2.2 Initialization

According to our observations, initialization has significant impacts on learning round policy. Given
the weight quantizer step size s, which has been computed using statistic-based PTQ methods, we
attempt to initialize V in order to make s - W as close to floating-point w as possible at the start. To
achieve this goal, we first calculate the un-normalized probability by:

— —— — 0<i<m-n+1l. (12)
IKi — (5 = L%))]

Then, we normalize the probability:

__ d V)
Do o' (V)i

Finally, the initialization for V is log(c(V);). It can be easily proved (see Appendix A) that the

initialized s - " equals w as long as the integer range K is symmetric w.rz.z. 0.5 (i.e. n = 1 — m).

a(V)i ; (13)

3.3 Annealing Mixup

NWQ considers activation quantization as a discrete optimization problem and solves it via continuous
relaxation. Different from ASoftmax which is applied on element-wise level, AMixup works on
tensor-wise level: we randomly mix up the floating-point activations with the simulated quantized
activations. To encourage continuous relaxation converge to discretization, NWQ progressively
decreases the percentage of floating-point activations, so the mixed activations will become fully
quantized activation gradually.

Formally, the percentage of floating-point activations is defined by:
(P e Ps) -t
T
where P(t) is the percentage of floating-point activation in the mixed activation for the ¢-th iteration.

P, and P, denote the percentage at start and end respectively, and 7' is the number of iterations. We
use P; = 0.5 and P, = 0 by default.

AMixup is similar to QDROP [40] in the mixup operation. The key difference, however, is that
AMixup introduces an annealing process. This is very important for NWQ. QDROP trains with mixed
activations while testing with fully quantized activations, thus introducing inconsistency bias. This
bias accmulates as network depth increases and leads to great accuracy degradation in network-wise
quantization. AMixup is able to eliminate the inconsistency bias via the annealing process.

P(t) = + P, (14)

4 Experiments

In this section, we conduct extensive experiments with various architectures to verify our NWQ.
We first compare our method with previous state-of-the-art, and then we delve into our important
designs and fully explore the scalability, effectiveness, and efficiency of our solution. We report top-1
classification accuracy on the ImageNet[9] validation set.

Implementation Details. Our code is based on open-source codes BRECQ and QDrop. We
apply layer-wise AR. For ASoftmax, we set n = 0,m = 1 and 7 is decayed from 1 to 0.01. For
AMixup, we set default P as 0.5 and P. as 0. We randomly sample 1024 images from ImageNet
train set and employ Cutmix [45] and Mixup[46] as data augmentation. The learning rates are
0.01 for round policy and 0.0004 for activation quantizer step size. We train for 20000 iterations
with a mini-batch size of 32 in 8 Tesla V100 GPUs, taking ~ 30 minutes for ResNet18, which
is on par with BRECQ and QDROP. Our experiments are conducted on 5 architectures, including
ResNet18(Res18), MobileNetV2(MNV2), RegNet-600MF(Reg600MF), RegNet-3.2GF(Reg3.2GF)
and MnasNet(Mnas). Other settings remain same as QDROP[40] if not specified.

4.1 Comprehensive Comparison

Table 1 compares our NWQ with several main-stream PTQ approaches. Overall, NWQ outperforms
previous works across all neural network architectures and bit widths, and our performance improves
even more as the bit width decreases.

6671 https://doi.org/10.52202/068431-0483



Bits(W/A) Res18 MobileNetV2 | Reg600MF Reg3.2GF MnasNet2.0
Full Prec 32/32 71.06 72.49 73.71 78.36 76.68
ACIQ-Mix* [35] 4/4 67.00 - - - -
ZeroQ* [5] 4/4 21.71 26.24 28.54 12.24 3.89
LAPQ* [34] 4/4 60.30 49.70 57.71 55.89 65.32
AdaQuant* [23] 4/4 69.60 47.16 - - -
Bit-Split* [39] 4/4 67.56 - - - -
AdaRound* [32] 4/4 67.96 61.52 68.20 73.85 68.86
BRECQ* [27] 4/4 69.60 66.57 68.33 74.21 73.56
QDROP* [40] 4/4 69.62 68.84 71.18 76.66 73.71
QDROPT [40] 4/4 69.88 69.15 71.45 77.02 74.09
NWQ(Ours) 4/4 69.854+0.04 69.14+0.12 71.924+0.07 | 77.404+0.04 | 74.60+0.09
NWQT (Ours) 4/4 69.95+0.07 | 69.60+0.03 72.03+£0.09 | 77.42+0.03 | 74.86+0.03
AdaQuant* [23] 3/3 60.09 2.23 - - -
AdaRound* [32] 3/3 64.66 15.20 51.01 56.79 47.89
BRECQ* [27] 3/3 65.87 23.41 55.16 57.12 49.78
QDROP* [40] 3/3 66.75 57.98 65.54 72.51 66.81
QDROPT [40] 3/3 67.51 58.54 66.75 73.48 68.28
NWQ(Ours) 3/3 67.58+0.14 61.24+0.21 67.384+0.13 | 74.79+0.09 | 68.85+0.18
NWQT (Ours) 3/3 68.15+0.10 | 62.53+0.05 68.31+0.09 | 75.44+0.08 | 70.77+0.10
BRECQ* [27] 2/2 42.54 0.24 3.58 3.62 0.61
QDROP* [40] 2/2 54.72 13.05 41.47 55.11 28.77
QDROPT [40] 2/2 57.84 14.89 45.93 57.98 34.19
NWQ(Ours) 22 59.14+£0.05 26.42+1.03 | 48.4940.03 | 62.854+0.13 | 41.174+0.35
NWQT (Ours) 2/2 61.65+0.12 35.13+2.16 56.36+0.01 | 67.02+0.01 | 53.55+0.20

Table 1: Comprehensive comparison. We report topl accuracy on the ImageNet validation set. * represents for
reference from QDROP[40] and t means scaling up the calibration set to 10240 images. QDROP results are
produced by open-source codes from QDrop. We use n = 0, m = 1 for NWQ and n = —1, m = 2 for NWQ.
We follow BRECQ[27] to set the first and the last layer to 8-bit.

Classical Calibration Set. Following previous works, we compare the performance on a small
calibration set of 1024 images. For start, we achieve 0.2%~ 0.9% improvement even compared with
strong baselines on W4A4, which are rather close to full precision accuracy. For W3A3, NWQ yields
0.83%~ 3.26% and reduces the gap between W3A3 and W4A4. For the challenging W2A2, our
method surpasses the previous state-of-the-art by a large margin of 13.37% for MobileNetV2 and
12.4% for MnasNet, pushing the limit of extremely low-bit PTQ step further.

Scaled-up Calibration Set. To further explore the potential of NWQ, we scale up the calibration
set by 10x and reproduce QDROP on the scaled-up calibration set, building a very strong baseline.
Interestingly, NWQ outperforms QDROP even with one-tenth data. When equipping NWQ with
the scaled-up calibration set, we observe significant improvement under all settings. Particularly,
the accuracy gaps of W2A2 between NWQ and QDROP are enlarged even more as the calibration
set scales up. For example, the gap of MnasNet increases from 12.4% to 19.36%, and that of
MobileNetV2 increases from 13.37% to 20.24%, showing the excellent scalability of our method.

42 Ablation Study e Neval
16 ! —— w/o AR-train

4.2.1 AR 14 —— W/o AR-val

loss/103

The Effect of AR. We study the effect of AR via compar-
ing the experiments with layer-wise AR to the experiments
without AR on W2A2. Table 2 shows that layer-wise AR 8
improves the accuracy significantly. It’s worth noting eSS 160 s 150 175 300
that layer-wise AR improves 5.22% for MobileNetV2 and iterations/10>

10.42% for MnasNet. To understand how AR works, we

analyze the loss curves during training in Figure 3. First, Figure 3: AR vs. w/o AR on MNV2 with W2A2. Quanti-

our AR experiment consistently converees to lower loss zation loss curves on train set of 1024 images and valida-
p y g tion set of 5 x 10* images.
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AR Granularity Res18 MNV2 Reg600M Reg3.2G Mnas AR AA Res18 MNV2 Reg600M Reg3.2G Mnas
layer-wise AR 59.14 26.42 48.49 62.85 41.17 X X 57.94 21.20 46.82 59.82 30.75
block-wise AR 59.12 26.52 48.89 61.31 41.89 X v 58.99 24.86 47.92 62.19 38.16
stage-wise AR 59.10 25.52 47.28 60.30 41.25 v X 59.14 26.42 48.49 62.85 41.17

w/o AR 57.94 21.20 46.82 59.82 30.75 4 v 59.52 26.90 48.62 63.52 42.92

Table 2: AR vs. w/o AR on W2A2 with our NWQ approach. Up: Table 3: AR vs. AutoAugment on W2A2. For AutoAugment, we use

Comparison of different AR granularities (i.e. Apply AR after each the open-source codes from torchvision. AA is short for AutoAug-
layer/block/stage). Bottom: Experiments without AR. ment.
Method RSeR ASoftmax
Lw 0.01 0.1 1 10 100 1000 - Initialization Bits(W/A) ResNet18 MobileNetV2
ResI8 | 096 3.49 3475 46.56 44.54 43.83 59.14 random 2/2 55.33 22.00
MNV2 | 0.10 0.11 028 0.87 4.86 2.95 26.42 Ours 2/2 59.14 26.42

Table 4: ASoftmax vs. RSeR on W2A2 with our NWQ approach. LW Table 5: Comparison of different initialization methods. We compare
represents the regularization loss weight for AdaRound. We simply random initialization with our method described in Sec. 3.2.2.
replace ASoftmax with RSeR in our NWQ solution.

on both the train and test datasets, resulting in higher accuracy. Second, AR accelerates convergence
significantly and thus allows NWQ to reach competitive accuracy at a substantially lower computing
cost. Third, even though AR does not totally eliminate over-fitting, it effectively bridges the loss gap
between train and test datasets.

The Effect of Granularity. Table 2 studies how AR granularity affects accuracy. AR granularity
represents for applying AR after each layer/block/stage, while training(reconstruction) granularity
represents for optimizing each layer/block/stage sequentially and independently. We discover that
lightweight networks prefer coarse-grained AR, whereas heavyweight networks prefer fine-grained
AR. MobileNetV2, RegNet-600MF, and MnasNet, for example, achieve the best performance with
block-wise AR, whereas ResNet18 and RegNet-3.2GF achieve the maximum accuracy with layer-wise
AR.

Comparison with Data Augmentation. Data augmentation is a classical strategy used to relieve
over-fitting due to its simplicity and effectiveness. We compare AR with strong augmentation (e.g.
AutoAugment[8]) in Table 3. Notably, both AR and AutoAugment significantly improve accuracy,
and AR contributes more than AutoAugment, particularly for sparse networks like MobileNetV2 and
MnasNet. Coupling these two techniques enables us to achieve better performance.

4.2.2 ASoftmax Study

The Effect of ASoftmax. Table 4 compares ASoftmax to Rectified Sigmoid with explicit Regulariza-
tion (RSeR) which is used in AdaRound. We simply replace ASoftmax with RSeR in our NWQ and
run a grid search on regularization loss weight to explore the potential of RSeR. We discover that
RSeR requires a huge loss weight for NWQ, which is 103 ~ 105 x larger than that of subnet-wise
approaches. Even with exhausting hyper-parameter search, RSeR does not perform as well as in the
subnet-wise method. ASoftmax, on the other hand, outperforms RSeR by 12.58% and 21.56% on
ResNet18 and MobileNetV2, respectively, without any additional hyper-parameter tuning.

The Effect of Initialization. Table 5 demonstrates the effectiveness of our initialization, which keeps
the quantization model close to the float-point at the start to steady the training. It is shown that our
initialization method significantly outperforms random initialization.

The Robustness of 7. We investigate the robustness of 7 in Table 6. 7 starts with a large number
to encourage continuous relaxation and ends with a small value to favor one-hot distribution. The
final 77 determines the decaying speed of 7. It can be observed that 77 has a robustness range of
102 ~ 10~*, making it easily adaptable to a wider range of neural network architectures.

e Res18 MNV2 Reg600M Reg3.2G Mnas #Images | n/m | Res18 | MNV2 | Reg600M | Reg3.2G | Mnas
Te-1 59.08 12.19 47.84 60.10 33.92 1024 0/1 59.14 | 2642 48.49 62.85 41.17
le-2 59.14 26.42 48.49 62.85 41.17 1024 -1/2 | 59.10 | 28.73 49.73 61.68 41.07
le-3 59.05 26.75 49.77 62.09 41.34 10240 0/1 | 61.61 29.54 53.83 67.02 51.15
le-4 58.98 24.74 49.42 62.06 41.32 10240 -1/2 | 61.65 | 35.13 56.36 67.02 53.55

Table 6: Robustness of 77 for ASoftmax on W2A2. Experiments Table 7: Extensiveness of ASoftmax on W2A2. MNV2 is short for
are conducted with 79 = 1.0 MobileNetV2.
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Method Bits(W/A) | ResNetl8 MobileNetV2 Ps | Resl8 | MNV2 | Reg600M | Reg3.2G | Mnas
QDROP-sy1e > 3647 313 T | 5947 | 2534 50.53 63.06 | 40.55
wobp | on S 50 06 | So3 | 2418 | o84 | ciso | 4086
AMixup 22 .12 2642 05 | 59.14 | 26.42 48.49 62.85 | 4117

. ) 04 | 59.08 | 2579 48.83 6173 | 40.63

Table 8: QDROP-style vs. w/o Drop vs. AMixup on W2A2 with 02 | 5896 | 2544 48.81 60.76 | 39.71

our NWQ approach. QDROP-style represents for dropping methods

of QDROP coupled with NWQ. w/o Drop represents for training Table 9: Decay Policy of AMixup on W2A2. We use P, = 0 for all
without dropping or mixup operation. of the experiments.

The Extensiveness of ASoftmax. As described in Sec.3.2.1, ASoftmax can easily extend the discrete
parameter space from {0, 1} to a larger integer range, offering the opportunity for a better optimum.
However, extending discrete range benefits MobileNetV2 and RegNet-600MF while degrading
RegNet-3.2GF on a small calibration set, as shown in Table 7 upper group. We argue that the enlarged
discrete range raises the risk of over-fitting for large networks. When we scale up the calibration set,
the performance no longer degrades and the performance improves even more.

4.2.3 AMixup Study

The Effect of AMixup. QDROP presents good performance in block-wise reconstruction, but fails
in our network-wise scheme. As illustrated in Table 8, we achieve 1.95% improvement for ResNet18
and 19.96% for MobileNetV2 by simply removing QDROP (w/o Drop row). We hypothesize
that randomly mixing activations up introduces inconsistency bias between the training and test
phase, which is concealed by the improvement of flatness in block-wise reconstruction. However,
as the reconstruction unit goes deeper (from block to network) and sparser, the problem becomes
more pronounced, resulting in significant degeneration. Over-parameterized ResNet18 is able to
compensate for the side effect, but MobileNetV2 suffers a great performance drop. Remarkably, our
AMixup is able to overcome the inconsistency while taking advantage of the flatness, contributing to
higher accuracy.

The Policy of Decay. In Table 9, we run a grid search for P, to explores the influence of different
decay policies. It’s worth noting that MobileNetV2 and MnasNet prefer 0.5, whereas ResNet18 and
RegNet prefer 1. The basic law is very similar to that of AR granularity, which states that heavyweight
networks require more regularization, implying that AMixup and AR are both capable of regularizing
accuracy.

4.3 Efficiency

601 s7.76 5813 9892 59

We compare the efficiency of several approaches 56.04
on ResNet18. According to Figure 4, NWQ out-
performs QDROP and BRECQ under various it-
erations. Specifically, NWQ achieve competitive
results with only 10% computation cost, demon-
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strating the efficiency of NWQ. As the number of w0l 3973 e
iterations increases, NWQ continues to improve s - g‘g’%g““)
accuracy, whereas BRECQ and QDROP reach 35 —e— BRECQ
. . ~ 4 . . . . . . . .
their saturation at ~ 1.6 x 10* iterations. S— 3 5 By "
Iterations/103
5 DlSCllSSlon and COHCIUSlon Figure 4: Accuracy w.r.t. iterations. The experiments are con-

ducted on ResNet18 with W2A2.

Simple algorithms that scale well are the core of

deep learning. Prior works tend to quantize net-

works in layer-wise and block-wise manner. We prove that network-wise quantization is a simpler
and more effective way than layer/block-wise solutions. To accomplish this, we analyze the problems
introduced by the network-wise regime and propose three key designs to address them. Based on that,
we construct a simple and effective end-to-end network-wise PTQ framework. Extensive experiments
demonstrate that our solution is scalable, effective, and efficient. However, there is still a large
accuracy gap between low-bit PTQ and full precision network, and we believe that there is still much
room for further improvement for PTQ, which is a key direction for future research.
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Broder impacts. The proposed method uses GPU resources for training, thus resulting in a certain
amount of energy consumption and carbon footprints. For example, it takes about 4 GPU-hours for
our method to quantize ResNet18, which would consume around 1 kWh and produce around 1 1bs of
CO2, accelerating climate change and global warming in some degree.
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1. For all authors...
(a) Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope? [Yes]
(b) Did you describe the limitations of your work? [Yes]

(c) Did you discuss any potential negative societal impacts of your work? [Yes] See
broader impacts.

(d) Have you read the ethics review guidelines and ensured that your paper conforms to
them? [Yes]
2. If you are including theoretical results...

(a) Did you state the full set of assumptions of all theoretical results? [N/A]
(b) Did you include complete proofs of all theoretical results? [IN/A |

3. If you ran experiments...

(a) Did you include the code, data, and instructions needed to reproduce the main experi-
mental results (either in the supplemental material or as a URL)? [No| Our method is
easy to implement based on the baseline codes specified in our paper, and the data is
ImageNet1K which is publicly available.

(b) Did you specify all the training details (e.g., data splits, hyperparameters, how they
were chosen)? [Yes] See Sec. 4
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(c) Did you report error bars (e.g., with respect to the random seed after running experi-
ments multiple times)? [Yes] We report error bars in Table 1.

(d) Did you include the total amount of compute and the type of resources used (e.g., type
of GPUgs, internal cluster, or cloud provider)? [Yes]
4. If you are using existing assets (e.g., code, data, models) or curating/releasing new assets...

(a) If your work uses existing assets, did you cite the creators? [Yes]

(b) Did you mention the license of the assets? [Yes]

(c) Did you include any new assets either in the supplemental material or as a URL? [No]
We do not introduce new assets in our method.

(d) Did you discuss whether and how consent was obtained from people whose data you're
using/curating? [No|

(e) Did you discuss whether the data you are using/curating contains personally identifiable
information or offensive content? [No| We use public datasets only.

5. If you used crowdsourcing or conducted research with human subjects...

(a) Did you include the full text of instructions given to participants and screenshots, if
applicable? [N/A]

(b) Did you describe any potential participant risks, with links to Institutional Review
Board (IRB) approvals, if applicable? [IN/A |

(c) Did you include the estimated hourly wage paid to participants and the total amount
spent on participant compensation? [N/A]

A ASoftmax Initialization

First of all, We define the fractional part of = as: {x} = x — ||, and we use W° to represent initially
simulated quantization of w. According to equation (9),(10), (12) and (13), we get:
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