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Abstract

Network binarization (i.e., binary neural networks, BNNs)
can efficiently compress deep neural networks and acceler-
ate model inference but cause severe accuracy degradation.
Existing BNNs are mainly implemented based on the com-
monly used full-precision network backbones, and then the
accuracy is improved with various techniques. However, there
is a question of whether the full-precision network backbone
is well adapted to BNNs. We start from the factors of the per-
formance degradation of BNNs and analyze the problems of
directly using full-precision network backbones for BNNs:
for a given computational budget, the backbone of a BNN
may need to be shallower and wider compared to the back-
bone of a full-precision network. With this in mind, Depth-
Width Reshaping (DWR) is proposed to reshape the depth
and width of existing full-precision network backbones and
further optimize them by incorporating pruning techniques
to better fit the BNNs. Extensive experiments demonstrate
the analytical result and the effectiveness of the proposed
method. Compared with the original backbones, the DWR
backbones constructed by the proposed method result in close
to O(

√
s) decrease in activations, while achieving an abso-

lute accuracy increase by up to 1.7% with comparable com-
putational cost. Besides, by using the DWR backbones, ex-
isting methods can achieve new state-of-the-art (SOTA) ac-
curacy (e.g., 67.2% on ImageNet with ResNet-18 as the orig-
inal backbone). We hope this work provides a novel insight
into the backbone design of BNNs. The code is available at
https://github.com/pingxue-hfut/DWR.

1 Introduction
The pioneering study of network binarization dates back
to BinaryNet (Hubara et al. 2016). BinaryNet (Hubara
et al. 2016) constrains both weights and activations to {-
1, +1} and exhibits high computational and storage effi-
ciency. However, its drawback is also obvious that binariza-
tion may cause severe performance degradation. The per-
formance degradation of binary neural networks (BNNs)
can be analyzed from two perspectives: forward propaga-
tion and backward propagation. In the forward propaga-
tion, the floating-point weights and activations are binarized,
which introduces the quantization error, causes information
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Figure 1: Overview of Depth-Width Reshaping
.

loss, and reduces the network representational capability; in
the backward propagation, the derivative of the sign func-
tion is zero almost everywhere, which makes it incompat-
ible with the backward propagation algorithm, and there-
fore gradient approximation is required to train BNNs, such
as ”Straight-Through Estimator” (STE) (Bengio, Léonard,
and Courville 2013), which inevitably introduces the gra-
dient error. In addition, inaccurate gradients may bias the
optimization direction, causing difficulties in training BNNs
and further degradation of the task performance. Therefore,
existing studies on BNNs either proceed from the forward
propagation to minimize the quantization error, reduce in-
formation loss, and enhance the representational capability
of networks (Rastegari et al. 2016; Lin et al. 2020; Xue et al.
2022); or start with the backward propagation to improve
the gradient approximation method and then the BNN train-
ing (Tung and Mori 2020; Martı́nez et al. 2020; Kim et al.
2020); or consider a combination of both the forward and
backward propagation (Liu et al. 2020a; Qin et al. 2020;
Liu et al. 2020b). All these approaches have improved the
task performance of BNNs to some extent. However, exist-
ing BNNs are mainly implemented based on the commonly
used full-precision network backbones, and then studied for
optimization on this basis, but very few studies have consid-
ered whether the full-precision network backbones are ap-
propriate for BNNs.

Network depth refers to the number of layers of a net-
work, while the width represents the number of channels per
layer. It is well-known that without considering overfitting,
increasing either the width or the depth of a full-precision
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network usually enhances the network representational ca-
pability and thus the task performance of the network. Ex-
isting studies have found that the gains of increasing the
depth polynomially are comparable to those of increasing
the width exponentially (Delalleau and Bengio 2011; El-
dan and Shamir 2016; Lu et al. 2017), i.e., given a com-
putational budget (e.g., floating-point operations, FLOPs),
increasing the depth generally yields greater network per-
formance gains than increasing the width does. Therefore,
existing full-precision networks may prefer deep and narrow
backbones in terms of the computational cost. However, the
binarization of weights and activations in BNNs introduces
the quantization error and gradient error, which leads to per-
formance degradation. In addition, the errors may accumu-
late layer by layer as the network goes deeper (Qin et al.
2020; Kim et al. 2020; Ye, Wang, and Zhang 2021). It could
reduce the gains from increasing depth, leading to a change
in the relationship between the gains obtained from increas-
ing depth and increasing width, thus making the backbones
of full-precision networks (depth/width configuration) po-
tentially unsuitable for BNNs.

To address the above issues, we analyze the effect of bina-
rization on the gain relationship between the depth and width
of networks from theoretical and empirical perspectives and
improving the task performance of BNNs by reshaping the
depth and width of the existing full-precision network back-
bones to make them more suitable for BNNs. To flexibly
constrain the computational complexity and optimize the
network backbones, we introduce pruning techniques into
BNNs to further improve the network performance (see the
overview in Figure 1). Notably, this study aims to recon-
struct network backbones more suitable for BNNs to obtain
strong baselines, which is orthogonal to existing BNN op-
timization methods and could be coupled with existing ad-
vanced methods to obtain better task performance.

The main contributions can be summarized as follows.
1) To the best of our knowledge, we are the first to ana-

lyze the potential problems that full-precision network back-
bones are directly used for BNNs starting from the causes
of performance degradation of BNNs, and on the basis of
the analysis, reshaping existing full-precision network back-
bones to better fit BNNs, providing a novel insight into the
backbone design of BNNs.

2) We analyze the changes in the gain relationship be-
tween the depth and width in BNNs relative to full-precision
networks from theoretical and empirical perspectives.

3) We incorporate network binarization and pruning tech-
niques to obtain new baseline backbones for BNNs that are
more efficient and accurate.

4) Extensive experiments demonstrate the effectiveness
of the proposed method. Furthermore, by coupling with
existing BNN optimization methods, new state-of-the-art
(SOTA) accuracy is achieved.

2 Related Work
Network Binarization: Network binarization dramatically
reduces model storage and speeds up network inference.
However, naive binarization of the model may cause severe

performance degradation. The main reasons for the perfor-
mance degradation of BNNs are that weight and activation
binarization introduce the quantization error and gradient er-
ror, which causes information loss, reduces the network rep-
resentational capability, and makes network training diffi-
cult. Therefore, most works try to solve the above problems
to close the performance gap between BNNs and their full-
precision counterparts. XNOR-Net (Rastegari et al. 2016)
introduces the real-valued scaling factors to reduce the
quantization error. XNOR-Net++ (Bulat and Tzimiropoulos
2019) makes further improvements by fusing the separated
weight and activation scaling factors into one. Real-to-Bin
(Martı́nez et al. 2020) and RB-Net (Liu et al. 2022) obtain
the activation scaling factors via SE (Hu et al. 2020). Bi-Real
Net (Liu et al. 2020a) connects the real-valued activation
of adjacent layers to enhance the model capability. IR-Net
(Qin et al. 2020), BBG (Shen et al. 2020), and Equal Bits
(Li, Pintea, and van Gemert 2022) maximize the informa-
tion entropy by adjusting the weight distribution to reduce
information loss. UAD (Kim et al. 2021), ReActNet (Liu
et al. 2020b), and SD-BNN (Xue et al. 2022) improve the
diversity by adjusting activation distribution. ANE (Zhang
et al. 2021) uses a neural encoder (NE) instead of the sign
function to binarize the weights to alleviate the gradient er-
ror problem. DGRL (Ye, Wang, and Zhang 2021) combines
knowledge distillation to optimize BNN training. Real-to-
Bin (Martı́nez et al. 2020) and ReActNet (Liu et al. 2020b)
divided BNN training into two phases to stabilize the train-
ing process, which greatly improved the task performance
of BNNs. Although great progress has been made in net-
work binarization, these methods are mainly based on exist-
ing full-precision network backbones for binarization and do
not consider the problem of backbones applicability. Unlike
the existing methods, we analyze the changes in the appli-
cability of BNNs to network backbones compared to that
of full-precision networks starting from the problems raised
by binarization itself, and reshaping network backbones by
incorporating pruning methods to obtain faster and more ac-
curate BNNs.

Network Pruning: Network pruning is another popular
practice in model compression, which focuses on reducing
the model size by removing unimportant or redundant pa-
rameters from the network. According to the pruning gran-
ularity, it can be categorized into element-wise, group-wise,
strip-wise, filter-wise, channel-wise, and layer-wise (Liu,
Zhang, and Lv 2022), the key to network pruning is the im-
portance evaluation of network parameters. This line is or-
thogonal to network binarization. Inspired by pruning tech-
niques, we use them as an architecture search method to
further constrain the network computational complexity and
optimize the network backbones.

Network Scaling: Another line close to this work is net-
work scaling. Network scaling refers to scaling a base con-
volutional neural network to endow it with greater compu-
tational complexity and representational capability (Dollár,
Singh, and Girshick 2021). Typical scaling strategies include
scaling depth (He et al. 2016), width (Zagoruyko and Ko-
modakis 2016), resolution (Huang et al. 2019), and com-
pound scaling (i.e., scaling depth, width, and resolution si-
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multaneously) (Tan and Le 2019). The main difference is
that network scaling target full-precision networks and aim
to increase the given computational budget in exchange for
the maximum performance gains, whereas we analyze the-
oretically and empirically the impact of binarization on the
performance gains from adjusting network width and depth,
and obtains more suitable baseline backbones for BNNs by
reshaping the existing full-precision network backbones and
incorporating pruning techniques while maintaining or re-
ducing the computational cost.

3 Preliminaries
3.1 Binary Neural Networks
The basic operation in full-precision convolutional neural
networks (CNNs) is:

z = ωr ⊗ ar (1)

where ωr denotes the real-valued weights, ar the real-valued
input activations, and ⊗ the real-valued convolution. Gen-
erally, the convolution with batch normalization (BN) and
nonlinear activation forms the convolutional layer. A CNN
is a stack of a task-related algorithm T (·) (e.g., classifica-
tion, object detection) and l convolutional layers. Given the
input I , the output of the full-precision network is:

Or = T (Rl(· · ·R2(R1(I)) · ··)) (2)

where Rl(·) denotes the lth real-valued convolutional layer
transform with real-valued parameters. A BNN is similar to
the full-precision network, with the main difference being
the use of 1-bit weights and activations, so its basic operation
becomes:

ωb = sign(ωr), ab = sign(ar)
z = ωb ⊕ ab (3)

where ωb and ab denote the binary weights and input activa-
tions, respectively,⊕ the binary convolution, and sign(·) the
binarization function used to convert the real-valued weights
and activations into binary ones, and the function form is:

sign(x) =

{
+1, if x ≥ 0
−1, otherwise

(4)

For the input I , the output of the BNN becomes:

Ob = T (Bl(· · ·B2(B1(I)) · ··)) (5)

whereBl(·) denotes the lth binary convolutional layer trans-
form with binary parameters.

3.2 Network Complexity
Increasing either the network depth or width can enhance
the network representational capability and improve the task
performance, but it also increases the network complexity,
so the effect of adjusting depth/width on network complexity
needs to be considered. Network complexity mainly refers to
the number of operations (OPs) and parameters, while (Liu
et al. 2021) and (Dollár, Singh, and Girshick 2021) show
that the number of activations plays a major role in deter-
mining the speedups on modern memory-bandwidth limited

Dim Scaling OPs Parameters Activations
none d w dw2r2 dw2 dwr2

d sd w sdw2r2 sdw2 sdwr2

w d
√
sw sdw2r2 sdw2 √

sdwr2

Table 1: Complexity of scaling depth/width

hardware, so the number of activations is taken into account
as a measure of network complexity as well. According to
the characteristics of convolutional networks, following the
statistical approach of (Dollár, Singh, and Girshick 2021),
then the effect of scaling depth and width on network com-
plexity is shown in Table 1, where w and d denote the width
and depth of the network, respectively, r2 denotes the spatial
resolution r × r, s the factor of scaling depth/width.

As can be seen from Table 1, constraining OPs can simul-
taneously constrain the complexity of the other two items.
Therefore, in this work, the complexity is measured in terms
of OPs when evaluating the complexity budget:

C = ψ(w, d) ∝ dw2 (6)
It is worth noting that the OPs of a full-precision network
is the FLOPs, whereas the OPs of a BNN contains both
FLOPs and binary operations (BOPs). In line with ReAct-
Net (Liu et al. 2020b), the OPs is computed using OPs =
BOPs/64 + FLOPs for BNNs.

3.3 Motivation
Feature representation is critical for deep learning. Gener-
ally increasing either the depth or width of a network would
enhance the model capability. (Pascanu, Montufar, and Ben-
gio 2013) shows that for a constant input n0, the represen-
tational capability of a shallow model with kn hidden neu-
rons is O(kn0nn0), whereas that of a deep model with k lay-
ers of n hidden neurons per layer is Ω(bn/n0ck−1nn0), i.e.,
given a computational budget, the deep model outperforms
the shallow model. (Delalleau and Bengio 2011; Eldan and
Shamir 2016; Lu et al. 2017) further demonstrate the idea
and show that increasing the depth polynomially yields com-
parable model performance gains as increasing the width ex-
ponentially. LetG be the performance gains (e.g., classifica-
tion accuracy) of the model,{

G = f(w, d),
w ∈ [wmin, wmax]
d ∈ [dmin, dmax]

(7)

where [wmin, wmax] and [dmin, dmax] are reasonable ranges
of width and depth, respectively. Then in a full-precision net-
work, G has the following properties:

a) In the domain of definition, f(w, d) > 0, and increas-
ing either the width or the depth yields performance gains,{

f ′d = ∂f(w,d)
∂d > 0

f ′w = ∂f(w,d)
∂w > 0

(8)

b) Normally, given a computational budget, increasing the
depth will yield greater gains than that of increasing the
width,

∂f(w, d)

∂d
>
∂f(w, d)

∂w
(9)
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c) Performance gains slow down as depth/width grows
(Tan and Le 2019),{

f ′′d =
∂f ′

d(w,d)
∂d < 0

f ′′w =
∂f ′

w(w,d)
∂w < 0

(10)

d) When width remains constant, the performance gains
obtained by increasing the depth gradually slow down until
saturation. Thus, there is an equilibrium point d = d0, such
that the gains from further increases in depth are not greater
than the gains from increasing the width,

∂f(w,d0)
∂d = ∂f(w,d0)

∂w

∂f(w,d0+ε)
∂d <

∂f(

√
d0+ε

d0
w,d0)

∂w

(11)

where ε > 0.
In a BNN, if only the change in representation precision

is considered, i.e., the decrease from 232 of a full-precision
network to 21, which significantly reduces the network rep-
resentational capability and leads to a degradation in task
performance, but the backbone of the full-precision network
should still be appropriate for the BNN, where the gain rela-
tionship between depth and width should remain unchanged,

Gb = fb(w, d) < f(w, d) (12)

and fb(w, d) has similar properties with f(w, d). However,
network binarization not only reduces the representation
precision of each neuron but also introduces the quantiza-
tion error and gradient error that accumulate layer by layer
along the network depth (Qin et al. 2020; Kim et al. 2020;
Ye, Wang, and Zhang 2021). Specifically, during the forward
propagation, the quantization error is transmitted from the
current layer to the next layer and accumulates along depth,

ai+1
b = Bi+1(aib) = Bi+1(air−ei)

EQ =
l∑

i=1

|air − aib|
(13)

where ei denotes the residual between the real-valued acti-
vation air and the binary activation aib at the ith layer; simi-
larly, during the backward propagation, the gradient error at
the deep layer is also transmitted to the shallow layer and ac-
cumulates along depth according to the chain rule. For sim-
plicity, the quantization error and gradient error are fused as
the quantization loss, and since both are related to the depth
of networks, which can be expressed as:

LQ = EQ + EG = ϕ(d) (14)

The quantization loss accumulates along depth,

L′Q =
∂ϕ(d)

∂d
> 0 (15)

Intuitively, the larger the quantization loss, the more severe
the task performance degradation of the model, and thus the
relationship between the quantization loss and the perfor-
mance gains of the model should be as:{

GL = −g(LQ) = −g(ϕ(d)) = −gL(d)

G′L = −∂gL(d)
∂d < 0

(16)

Therefore, the actual performance gains of a BNN would be:

Gt
b = Gb +GL = fb(w, d)− gL(d) (17)

From Eq. (9) and (11), we know that given the computa-
tional budget C0 = ψr(w, d0), the optimal configuration
of depth/width of the full-precision network is Nr[w, d0],
and the corresponding computational budget of the BNN is
Cn = ψb(w, d0). Whereas for a BNN, if

∂fb(w, d0)

∂d
=
∂fb(w, d0)

∂w
(18)

due to the quantization loss, the difference in performance
gains between increasing depth and width at this point is:

∆=Gt
b(w,d0 + ε0)−Gt

b(
√

d0+ε0
d0

w, d0)

= [fb(w, d0 + ε0)− gL(d0 + ε0)]

−[fb(
√

d0+ε0
d0

w, d0)− gL(d0)]

= [fb(w, d0 + ε0)− fb(w, d0)]

−[fb(
√

d0+ε0
d0

w, d0)− fb(w, d0)]

−[gL(d0 + ε0)− gL(d0)]

(19)

Let lim(ε0 → 0), from Eq. (16) and (18), it is clear that
∆ < 0. Thus, the gains from increasing the width is greater
than that from increasing the depth, i.e.,

∂Gt
b(w,d0)

∂d
<
∂Gt

b(w,d0)

∂w
(20)

The equilibrium point of the depth of the BNN is shifted
back compared to the full-precision network. Therefore,
there exists a new equilibrium point d = dn < d0 such
that:

∂Gt
b(
√

d0

dn
w,dn)

∂d
=
∂Gt

b(
√

d0

dn
w,dn)

∂w
(21)

It indicates that for a given computational budget, when the
optimal configuration of depth/width for the full-precision
network is Nr[w, d0], the optimal configuration for the cor-

responding BNN may be Nb[
√

d0

dn
w, dn]. In short, the quan-

tization loss caused by binarization partially offsets the per-
formance gains from increasing depth, resulting in BNNs
that may favor shallower and wider backbones relative
to the deep and narrow backbones of full-precision net-
works.

4 Method
In this section, motivated by the previous analysis, we
present the construction of fast and accurate binary neural
networks based on Depth-Width Reshaping (DWR). First,
the naive reshaping strategy is elaborated to directly re-
shape the depth and width of the existing full-precision
network backbones to obtain more suitable backbones for
BNNs. Then the reshaping method incorporating the prun-
ing technique is proposed to further optimize the backbones
to achieve strong baseline backbones for BNNs.
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Figure 2: Illustration of the naive reshaping
.

4.1 Naı̈ve Reshaping
Our purpose is to obtain baseline backbones suitable for
BNNs by reshaping the depth and width of the existing full-
precision network backbones. That is, given a full-precision
network Nr[w0, d0], corresponding to a BNN Nb[w0, d0],
and a computational budget ψb(w0, d0), by reshaping the
depth and width to obtain Nb[wn, dn] that satisfies:{

max
w,d

(Gt
b) = Gt

b(wn, dn) ≥ Gt
b(w0, d0)

ψb(wn, dn) ≤ ψb(w0, d0)
(22)

Theoretically, it is feasible to add/remove any convolutional
layer anywhere in a network to adjust the depth, and the
number of channels in each layer can be finetuned separately
to adjust the width, so it is hard to find [wn, dn] exactly. For
simplicity and to make the network backbones comparable
before and after adjusted, similar to model scaling (Tan and
Le 2019), we restrict that all layers must be scaled uniformly
with a constant ratio (in practice, the number of layers and
channels can only be taken as positive integers, so there is
no guarantee that the adjustment is absolutely uniform). For
more intuitiveness, the adjustment process of the naive re-
shaping is illustrated in Figure 2, using ResNet-18 as an ex-
ample. Since the first and last layers in a BNN are usually
kept as real-valued layers, modifying their channels would
cause a large impact on the computational cost, so the align-
ment layer can be considered to keep their channels constant
(the alignment layer is optional and can be implemented in a
low-cost way using binary convolution, group convolution,
etc.).

By restricting the reshaping strategy, given a computa-
tional budget, from Table 1, and taking the classification task

Model s
ResNet-20 {1.5, 3}
ResNet-18 {2}

VGG-Small {1}
VGG-11 {2}

Table 2: The range of s in various networks

as an example, Eq. (22) can be simplified as:

max
s

Accuracy(Nb[
√
sw0, d0/s]), s > 0 (23)

and meanwhile, the value of swith the following constraints:
1) According to section 3.3, a BNN prefers a shallower

and wider backbone compared to the full-precision network,
i.e., generally s > 1;

2) Scaling the depth from d to d/s , the number of the
basic blocks (e.g., the residual blocks of ResNet (He et al.
2016) and the convolutional layers between pooling layers
of VGGNet (Simonyan and Zisserman 2015)) should be a
positive integer.
Therefore, the range of s is limited. Specifically, we have
conducted experiments on ResNet-20, ResNet-18 (He et al.
2016), VGG-Small (Zhang et al. 2018), and VGG-11 (Si-
monyan and Zisserman 2015). For each backbone, the avail-
able values of s are listed in Table 2, where the specific re-
shaping of VGG-Small is shown in section 5 due to its speci-
ficity of backbone.

4.2 Reshaping with Pruning
The naive reshaping is simple in that the backbone would
be determined by determining s. And the range of s is very
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Model Scaling OPs Parameters Activations
before d w dw2r2 dw2 dwr2

after d/s
√
sw dw2r2 dw2 dwr2/

√
s

Table 3: Network complexity before and after network re-
shaping

limited, which results in a limited design space for the net-
work. To further improve the backbone and obtain a strong
baseline, pruning techniques are incorporated with the naive
reshaping. There are many excellent pruning methods, but
we mainly focus on the network width/depth reshaping. For
simplicity, the clustering pruning (Chang et al. 2022) is em-
ployed as an architecture search method straightforwardly.
Specifically, the reshaping with pruning is presented in Fig-
ure 1. First, the original backbone Nb[w, d] is reshaped to
Nb[sw, d/s] via the naive reshaping, at which the compu-
tational cost is higher than that of the original one; sec-
ond, pruning methods usually require pre-trained models,
and only a few epochs of pre-training are needed for sav-
ing the training cost (see section 5 for a specific discus-
sion on pre-training); and then, the computational cost is
restricted below that of the original backbone by cluster-
ing pruning (Chang et al. 2022) while minimizing the ac-
curacy drops, and the backbone is tuned to Nb[

√
sw∗, d/s]

finally. It is worth noting that the computational cost of
the result model is comparable to that of the backbone
Nb[
√
sw, d/s] obtained using the naive reshaping in section

4.1, i.e., ψb(
√
sw∗, d/s) ≈ ψb(

√
sw, d/s) ≤ ψb(w, d), but

the pruning to the width scaling is non-uniform and thus dis-
tinguished using w∗.

4.3 Efficiency Analysis
In this work, the backbone reshaping is carried out under the
computational complexity constraints of the original model,
and the computational cost of the reshaped network does not
exceed that of the original one, which means that the pro-
posed method can obtain better accuracy without introduc-
ing additional computational cost. In addition, from Table 1,
by reshaping the network from Nb[w, d] to Nb[

√
sw, d/s],

the complexity before and after network reshaping would
be as in Table 3. According to section 3.3, usually s > 1,
the reshaped network has fewer activations. (Liu et al. 2021;
Dollár, Singh, and Girshick 2021) show that the model’s run-
ning time is more correlated with the activations than with
the OPs, i.e., the reshaped network has a better speedup. In
short, the reshaped network via DWR is faster and more
accurate compared to the original one.

5 Experiments
5.1 Datasets and Implementation Details
Datasets: To evaluate the performance of DWR, extensive
experiments are conducted on two widely used datasets, in-
cluding CIFAR-10 (Torralba, Fergus, and Freeman 2008)
and ImageNet ILSVRC12 (Deng et al. 2009). CIFAR-10
consists of 60,000 32x32 images divided into 10 categories,
of which 50,000 are the training set and the remaining

Reshaping
Method Result Model Bit-width

(W/A)
Accuracy

(%)
FP Nr[w, d] 32/32 90.8

Original Nb[w, d] 1/1 85.2
Original+1 Nb[w, d] + 1 1/1 85.2

Naı̈ve
reshaping

Nb[
√
1.5w, d/1.5] 1/1 85.4

Nb[
√
3w, d/3] 1/1 85.8

Reshaping with
pruning (DWR)

Nb[
√
1.5w∗, d/1.5] 1/1 85.5

Nb[
√
3w∗, d/3] 1/1 86.0

Table 4: Comparison of naı̈ve reshaping and reshaping with
pruning

Reshaping
Method

Pre-training
Epochs

Bit-width
(W/A)

Accuracy
(%)

FP 0 32/32 90.8
Original 0 1/1 87.5

DWR 5 1/1 88.0
DWR 10 1/1 88.2
DWR 15 1/1 88.3
DWR 400 (well-trained) 1/1 88.4

Table 5: Impact of the pre-training epochs ((Liu et al. 2020b)
as the optimization method)

10,000 are the test set. ImageNet is a more challenging and
diverse dataset that is divided into 1000 categories and con-
tains about 1.2 million training images and 50,000 test im-
ages.

Implementation Details: We implement DWR with Py-
Torch. Consistent with existing binarization methods (Liu
et al. 2020a; Qin et al. 2020; Lin et al. 2020; Martı́nez et al.
2020), all layers are binarized except for the first and last
layers and the downsampling layer. Since the binarization
function sign is not differentiable, we use ApproxSign (Liu
et al. 2020a) for the gradient approximation. For a fair com-
parison, the same training scheme is used for the original and
DWR backbones. Specifically, on CIFAR-10, VGG-Small,
VGG-11, ResNet-20, and ResNet-18 are used as the original
backbones, respectively, trained using SGD algorithm with
weight decay 1e-4, momentum 0.9, and batch size 128; for
ImageNet, ResNet-18 with the additional shortcut is used as
the original backbone (Liu et al. 2020a), trained using Adam
optimizer with weight decay 1e-5, momentum 0.9, and batch
size 512. All models are trained from scratch without using
any pre-trained models. For all others, we mostly follow the
settings of their original papers if not otherwise specified.

5.2 Ablation study
Section 3.3 argues from a theoretical perspective that BNNs
may require relatively shallow and wide backbones com-
pared to full-precision networks. We construct DWR back-
bones incorporating pruning techniques. To study the effect
of pruning and to verify the analysis of section 3.3 from an
empirical perspective, we test the performance of reshap-
ing with/without pruning separately. Besides, to evaluate the
training cost of pruning, the impact of the number of the pre-
training epochs is analyzed. All experiments are conducted
on ResNet-20 with the additional shortcut as the original
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backbone (Liu et al. 2020a) and trained from scratch.
Reshaping with/without Pruning: Table 4 shows the im-

pact of various backbone reshaping methods on model per-
formance, where ”Original+1” indicates that one binary con-
volutional layer is inserted between the last convolutional
layer and the fully connected layer of ResNet-20. As can
be seen from the table, the accuracy gains of increasing
the depth of the original backbone by one layer are negli-
gible, whereas there are already more significant gains (up
to 0.6%) from just using the naive reshaping to make the
network shallower and wider, which verifies the analysis in
section 3.3 empirically. It is worth noting that scaling down
the depth of ResNet-20 by a factor of 3 is more accurate
than that of by a factor of 1.5, which further indicates that
binarization has a significant impact on the gain relation-
ship between the width and depth of the network. Moreover,
compared with naive reshaping, by incorporating the prun-
ing technique, DWR achieves the best accuracy of 86.0%.
From Tables 2 and 4, s = 3 for ResNet-20 in the subsequent
experiments.

Impact of the pre-training epochs: As described in sec-
tion 4.2, pruning usually requires pre-training the models,
and to evaluate the training cost of pruning, ResNet-20 with
the optimization method of ReActNet (Liu et al. 2020b) is
used as the original backbone. First, an intermediate model
is obtained using the naive reshaping, and then pruning is
performed after pre-training the intermediate model for var-
ious epochs to obtain the final backbones. Table 5 shows the
impact of the pre-training epochs on the accuracy of the final
models. It can be seen that the accuracy of the DWR back-
bone is better than that of the original one even with very
few epochs of pre-training (e.g., 5 epochs). Moreover, when
#epochs ≥ 15, the accuracy is comparable to that of the
final model obtained by complete training. Therefore, the
construction of DWR backbones can be performed with just
a few epochs of pre-training, which has a negligible impact
on the overall training cost of the model.

5.3 Comparison with SOTA methods
We further perform comparison experiments. The origi-
nal backbones are compared with our DWR backbones on
CIFAR-10 and ImageNet, with/without using additional op-
timization methods, respectively, to comprehensively eval-
uate the performance of the DWR backbones (optimization
methods including BinaryNet (Hubara et al. 2016), XNOR-
Net (Rastegari et al. 2016), Bi-Real Net (Liu et al. 2020a),
IR-Net (Qin et al. 2020), BBG (Shen et al. 2020), RBNN
(Lin et al. 2020), Real-to-Bin (Martı́nez et al. 2020), ReAct-
Net (Liu et al. 2020b), SD-BNN (Xue et al. 2022), Binary-
Duo (Kim et al. 2020), DGRL (Ye, Wang, and Zhang 2021),
XNOR-Net++ (Bulat and Tzimiropoulos 2019), Equal Bits
(Li, Pintea, and van Gemert 2022), ANE (Zhang et al. 2021),
and BNN-DL (Ding et al. 2019)).

CIFAR-10: On the CIFAR-10 dataset, we conduct ex-
periments with VGG-11, ResNet-20, and ResNet-18 as the
original backbones, respectively. As can be seen from Ta-
ble 6, our DWR backbones outperform the original ones ei-
ther with or without using additional optimization methods.
In particular, the DWR backbone of VGG-11 outperforms

Original
Model

Optimization
Method

Reshaping
Method

Bit-width
(W/A)

Accuracy
(%)

VGG-11
FP Original 32/32 89.3

None Original 1/1 83.6
DWR 1/1 84.9

ResNet-20

FP Original 32/32 90.8

None Original 1/1 85.2
DWR 1/1 86.0

IR-Net Original 1/1 86.5
SD-BNN Original 1/1 86.9

ReActNet Original 1/1 87.5
DWR 1/1 88.4

ResNet-18

FP Original 32/32 93.0

None Original 1/1 90.2
DWR 1/1 91.3

BNN-DL Original 1/1 90.5
ANE Original 1/1 91.0

IR-Net Original 1/1 91.5
RBNN Original 1/1 92.2

SD-BNN Original 1/1 92.5
DWR 1/1 92.6

Table 6: Comparison between original and DWR backbones
on CIFAR-10

Optimization
Method

Reshaping
Method

Bit-width
(W/A)

Accuracy
(%)

FP Original 32/32 91.7

None
Original 1/1 90.2

Original-1 1/1 90.1
Original+1 (DWR) 1/1 90.6

XNOR-Net Original 1/1 89.8
BinaryNet Original 1/1 89.9
BNN-DL Original 1/1 90.0

IR-Net Original 1/1 90.4
BinaryDuo Original 1/1 90.4

SD-BNN Original 1/1 90.8
DWR 1/1 91.3

Table 7: Effect of reshaping the depth/width of VGG-Small

the original one by up to 1.3% in terms of absolute accu-
racy. In addition, VGG-Small is investigated as well. Intu-
itively, compared with the backbones of VGG-11, ResNet-
20, and ResNet-18, the VGG-Small backbone is shallower
and wider, and it may not be suitable to make it further
shallower and wider, so different from the other backbones,
the reshaping method and results are shown in Table 7. The
”Original-1” and ”Original+1” represent removing/append-
ing the last convolutional layer of the original backbone, re-
spectively, and then reshaping with pruning is used to ensure
the computational cost under the constraints. From table 7,
it can be seen that further reducing the depth of the shal-
low enough network can harm the accuracy of the model,
whereas deepening it appropriately can improve its accu-
racy, which also confirms the analysis in section 3.3 from
another perspective.

ImageNet: We further investigate the performance of
DWR on ImageNet, Table 8 shows the results. As can be
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Optimization
Method

Reshaping
Method

Bit-width
(W/A)

OPs
(×108)

Top-1
(%)

Top-5
(%)

FP Original 32/32 18.3 69.3 89.2
BinaryNet Original 1/1 1.58 42.2 -
XNOR-Net Original 1/1 1.60 51.2 73.2
Bi-Real Net Original 1/1 1.75 56.4 79.5

XNOR-Net++ Original 1/1 - 57.1 79.9
IR-Net Original 1/1 1.75 58.1 80.0
BBG Original 1/1 - 59.4 -

Equal Bits Original 1/1 - 60.4 82.9
BinaryDuo Original 1/1 - 60.9 82.6
Real-to-Bin Original† 1/1 1.82 65.4 86.2

DGRL Original† 1/1 2.08 65.7 -

None Original 1/1 1.74 55.5 78.3
DWR 1/1 1.73 56.9 78.9

ReActNet

Original 1/1 1.81 61.8 83.2
DWR 1/1 1.81 62.5 83.4

Original† 1/1 1.81 65.5 -
DWR† 1/1 1.81 67.2 87.2

Table 8: Comparison between original and DWR backbones
on ImageNet (†indicates training using the 2-step strategy
(Martı́nez et al. 2020; Liu et al. 2020b))

seen from the table, the DWR backbone still has a significant
superiority over the original one on the large-scale dataset.
Without using additional optimization methods, the DWR
backbone improves the absolute Top-1 accuracy by 1.4%
over the original backbone; while with the DWR backbone,
the existing method achieves a new SOTA (from 65.5% to
67.2%). In particular, the reconstruction of the original back-
bone by the proposed method is under the constraint of com-
putational cost, and thus the computational cost is compara-
ble between before and after reconstruction (as shown in the
OPs column of Table 8); meanwhile, as described in sec-
tion 4.3, the DWR backbone has fewer activations, so the
better model acceleration. In fact, we use 2 Nvidia RTX
Titan GPUs with the same training scheme for both the
original and DWR backbones without additional optimiza-
tion methods, the original one takes about 4 days, whereas
the DWR backbone only needs 3.5 days, which indicates
∼12.5% speedups.

6 Conclusion

In this paper, we start from the causes of performance degra-
dation of BNNs, and analyze that for a given computational
budget, the backbones of BNNs may need to be shallower
and wider than that of full-precision networks. Based on
this, DWR is proposed to first uniformly scale the width
and depth of the existing full-precision network backbones,
and then further optimize them via the pruning technique.
Compared with the original backbones, the DWR backbones
have fewer activations, better model acceleration, and higher
accuracy, with comparable computational cost. Experiments
with various backbones on CIFAR-10 and ImageNet demon-
strate the analytical result and the effectiveness of the pro-
posed method. Crucially, DWR provides a novel insight into
the backbone design of BNNs.
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