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Abstract— Deep neural networks (DNN) achieve high perfor-
mance across many tasks. They often require extensive parameter
sets and computationally intensive weight representations. The
memory footprint, storage demand, and arithmetic complexity
directly affect the practical deployment of DNN models, especially
in resource-constrained settings. We investigate post-training
quantization of DNN models based on sums of powers of two
(SOPOT), resulting in model compression. This is done using
the Matching Pursuits with Generalized Bit Planes (MPGBP)
algorithm. The proposed approach replaces the conventional
weight formats with sparse, signed power-of-two (SPTs) represen-
tations that are better suited to low-complexity implementation.
We compare three approximation granularities: neuron-, layer-,
and network-wise. Their trade-offs in terms of accuracy, sparsity,
and entropy-based rate on VGG-16 pretrained on ImageNet-1K
are evaluated. The results show that the network-wise strategy
provides the best compression-performance trade-off.

1. INTRODUCTION

DNN have achieved remarkable results in several application
domains, including computer vision, speech processing, and
natural language understanding [1]. However, high predictive
performance often comes at the cost of large models, many
parameters, and high computational demand [2]. Large neural
networks require more memory, storage, bandwidth, and arith-
metic operations. These requirements make training, deploy-
ment, and inference more difficult, especially in environments
with limited resources. For this reason, efficiency has become
a central issue in modern deep learning. Model compression,
parameter reduction, precision scaling, and low-complexity
representations have therefore attracted increasing attention as
ways to reduce implementation cost while preserving predic-
tive performance [3].

Different strategies have been proposed to reduce the storage
and computational burden of deep neural networks. Common
approaches include pruning, quantization, low-rank approxi-
mation, and architectural simplification [2]. These approaches
aim to reduce the number of parameters, the number of
arithmetic operations, and the amount of data required to store
and process a model [4]. As a result, these approaches can
improve efficiency during training, inference, and deployment.
In the case of VGG-based models, compression has also
been explored through architectural modifications designed
to reduce model size and execution cost while preserving
recognition performance [5].
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In this work, we use sums of powers of two (SOPOT)
as a structured representation for neural network coefficients.
These are obtained through the Matching Pursuits with Gen-
eralized bit-planes (MPGBP) algorithm [6]. MPGBP is a
matching-pursuit-based algorithm that iteratively approximates
coeflicients using a sparse combination of signed power-
of-two terms, yielding compact representations suitable for
low-complexity implementation. The main idea is to replace
conventional coefficient formats with a more compact structure
that is better suited to low-complexity arithmetic. At the
same time, we seek to preserve the predictive capacity of
the original model. Rather than only evaluating compression
in terms of reduced precision or parameter count, this paper
examines how the distribution of signed power-of-two terms
across the network affects the balance between accuracy and
representation cost. The analysis explores coefficient approx-
imation at multiple granularities by applying the MPGBP to
individual neurons, to individual network layers, and to the
full network. This enables a systematic comparison of how
different allocations of terms and thus computation effort over
the model affect its performance and compression efficiency.

The remainder of this paper is organized as follows. Section
IT provides an overview of NN compression-related works.
Then, Section III discusses the approximation of NN models’
parameters using SOPOTs, which we investigate in this work.
The methodology employed to evaluate the results is provided
in Section IV, while the results follow in Section V. Finally,
Section VI concludes the paper.

II. RELATED WORK

Reducing the size and computational cost of DNNs has led
to works on model compression [1]. Prior work demonstrated
that a considerable proportion of network parameters can be
eliminated with minimal effect on accuracy [7]-[9]. Specif-
ically, [8] proposes pruning-based compression for DNN,
retaining only the most important connections, substantially
reducing storage and computation while preserving predictive
performance [8]. This approach was further developed in Deep
Compression, which integrates pruning, trained quantization,
and entropy coding into a comprehensive framework for deep
neural network compression [4].

Another approach involves making neural networks more
efficient by changing larger parts of the model, such as
filters, channels, or entire layers, instead of just removing
individual weights. A linear structure accelerates inference
while preserving accuracy in convolutional layers in [10].
Afterwards, structured pruning methods such as filter pruning
and ThiNet [11] showed that removing complete filters can
reduce both model size and floating-point operations more
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effectively than irregular sparsity. These works emphasize that
parameter reduction alone is insufficient; the form of the
compressed representation also determines whether practical
computational gains can be achieved.

Transitioning to representations based on powers of two are
particularly attractive because they combine coefficient com-
pression with arithmetic simplification [6], [12]. Recent studies
have explored similar directions from different perspectives.
Geng et al. introduced an efficient non-uniform quantization
strategy for deep neural networks [13]. On the other hand,
Przewlocka-Rus et al. focused on low-bit-width quantization
schemes that are directly compatible with efficient hardware
implementations [14]. These works show that power-of-two-
based representations are not only compact but also well
aligned with low-complexity computation. Quantization meth-
ods can be divided into post-training quantization (PTQ) and
quantization-aware training (QAT) [15]. In PTQ, a pre-trained
model is quantized after training, whereas QAT incorporates
quantization effects during training.

This work is related to PTQ, but differs from previous works
in two important aspects. First, the paper adopts a structured
approximation obtained through MPGBP, rather than a conven-
tional quantizer design. Second, the paper explicitly analyzes
network parameters’ approximation at different granularities,
namely neuron-wise, layer-wise, and network-wise, to study
how the allocation of signed power-of-two terms affects the
trade-off among accuracy, sparsity, and representation cost.

III. Tae SOPOT RePRESENTATION VIA MPGBP

SOPOTs representation of numbers allows multiplierless
implementations [12], [16], favoring complexity reduction.
Each multiplication requires as many registers as SPTs/active
"signed-bits" in the number expression. Such that limiting the
number of active "signed-bits" does not require using generic
multipliers and restricts the implementation complexity. The
number of active "signed-bits" defines the computational com-
plexity of the multiplication operation since it bounds the
number of shift operations required for the multiplication
process. That is, the greater the number of active bits, the
greater the computational burden due to multiplication.

Among the techniques for obtaining SOPOT approxima-
tions, we employ the MPGBP [6] since it is fast and low-
complexity. It approximates vectors with guaranteed conver-
gence/error bound. This allows imposing both the word length
and, if desired, a maximum number of SPTs for the whole vec-
tor. The MPGBP [6] rapidly obtains SOPOT representations
of vectors with guaranteed convergence given by

I
wa Y By, (1)
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where [ defines the bit-plane strengths in the approx-
imation, c; is the codeword of a codebook C =
{c1, coy ... ., €xc} and #C is the cardinality of
codebook. Besides, j; is the index for the codeword selected
in the ¢-th iteration of decomposition. The codewords are
composed of coordinates/coefficients with values, i.e., -1, 0,
or 1, so 5kicji has coordinates equal to —3%i, 0, or B¥:.

s Cj, ..

SOPOT-based PTQ for an NN using MPGBP was in-
vestigated in [16], intending multiplierless implementations.
They approximated each neuron of a multilayer perceptron
for multiple-input multiple-output detection and indicated that
the number of SPTs impacts the trade-off between compu-
tational cost and performance. In contrast, the present study
examines MPGBP-based SOPOT approximation applied to
different network granularities of a deep vision model and
their influence on accuracy, sparsity, and representation cost.
Besides, in contrast, we apply MPGBP-based SOPOT to a
convolutional network.

A. SOPOTs via the MPGBP
MPGBP approximates a vector w via (5 = 2 in eq. (1))

I
W A 22’%],. )
i=1

Good codebook designs and fast decomposition via MPGBP
for 3 = 2 exist. For w € R", the most compact represen-
tations are obtained if the number of non-zero coordinates P
per codeword (c;) is, following [6], P = L\/NJ

Note that the MPGBP obtains ternary representations in bit-
planes. The MPGBP jointly determines the codeword (coor-
dinates) and the weight 2% in the K-th bit-plane. We apply
them to encode the NN weights.

B. NN parameters approximation (SOPOT representation) us-
ing MPGBP

The MPGBP algorithm operates on a single input vector
w € RY, producing a SOPOT approximation subject to a
budget of SPT,,,x total number of SPTs. That is, the MPGBP
is allowed to run until a given number of non-null weights
SPTyax is reached, bounding the implementation complexity.
To apply it to a neural network with multiple weight tensors,
we must define what constitutes the input vector

We investigate three granularities levels, each defining a
different scope for the MPGBP approximation.

1) Neuron Wise Approach (R): Each neuron’s incoming
weight vector is approximated independently. For a fully
connected layer with weight matrix W € RM:i-1XM: \where
M; is the number of neurons in the [-layer (the layer zero
corresponds to the network inputs), each row w; € RMi—1
is approximated using the MPGBP. For convolutional layers,
each filter is flattened into a single vector. The number of
nonzero codeword entries is P = L\ /Ml_lJ. The number of
SPT-budget per neuron is SPTy,.x = [mM;_1], where M;_;
is the number of incoming weights for the neuron and m is
a multiplier used to evaluate different tradeoffs. Note that for
convolutional layers, P and SPT,,,.x are derived from the total
number of parameters in the convolution filter F; producing
the output instead of the connections from the previous layer.

MPGBP frameworks: The proof for MPGBP convergence
rests on being able to compute the norm for ||w|| [6]. If we
join the weights of all the neurons in a layer, we get the matrix

T T T 17T
Wl:[wu Wy WMZ’Z] ) 3)
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Using the Frobenius norm of W, the same convergence proof
for the MPGBP stems when approximating Wy, and the opti-
mal number of non-null terms per MPGBP iteration is given by
P= L\/Ml_lMlJ where M;_1 M; is the number of elements
in Wy, considering that there can be weights connecting all
the outputs from the previous layer (I — 1) neurons M;_; to all
the neurons M in the [-th layer. In the ‘layer-wise’ approach,
we apply the MPGBP to approximate the matrix (or vector) of
the input parameters of all the neurons in each network layer
using SPTs. Similarly, we can approximate the network tensor
using a network-wise approach.

2) Layer-Wise Approach (L): All the parameters in a layer
are compressed using MPGBP altogether. The weight matrix
W, € RMi-1xMi jg approximated using MPGBP. The number
of nonzero codeword entries is P = [/M;_1M;| and the
SPT budget is SPTyax = [mM;_1 M;]. We note that, for
convolutional layers, P and SPT,,,x are set considering the
total number of parameters in the convolution filters producing
the layer outputs.

whose weights are already small receives the same propor-
tional budget as a layer with large weights. This motivates the
network-wise approach.

3) Network-Wise Approach (N): At last, the network ap-
proach extends the two previous approaches. We construct a
tensor W from the network parameters. Since a norm can also
be defined in this case, the convergence for approximating the
tensor using MPGBP also follows. In this case, the optimal
number of non-null terms per MPGBP iteration is given by

“)

where M;_; is the number of inputs to the network. Note
that the total number of network parameters is given by W =
S My M;. And, the SPT budget is SPTy., = [mW].
Note that the convolution filters are considered as in the
approaches before; that is, if the network has W parameters,
considering all filters, they are organized in a tensor and
the MPGBP is applied to this tensor to obtain the SOPOT
approximation, leading to P = | |.

This mode provides global budget allocation. At each it-
eration, the P weights with the largest residual magnitude
are selected from the entire network. If one layer has already
converged to a low residual, while another still has a large ap-
proximation error, the algorithm automatically redirects SPTs
to where they are most needed.

IV. EvaLuAaTION METHODOLOGY

Once the different approximations of an NN have been
obtained, we assess their performance using different criteria.

A. Sparsity

We define sparsity as the fraction of the model parameters
set to exactly zero after compression (i.e., after expressing it
using approximations). The sparsity is given by S = 1— %
where W is the total number of network parameters and
Whonzero 1S the number of parameters that are not zeroed.
Unlike pruning methods that explicitly target sparsity, MPGBP

induces sparsity as a natural consequence of its SPT greedy
allocation: the algorithm concentrates representation budget
on the largest-magnitude residual components, leaving small
weights unrepresented.

B. Rate

We measure the information-theoretic rate of the com-
pressed representation through binary plane decompositions.
Each compressed weight/parameter is decomposed into a
hierarchy of binary planes. Let k be the bit-plane index;
each weight, independently of applying the vector-, layer-
, Or neuron-wise strategy, is approximated using SOPOTs.
We arrange the approximated weights using a sequence of
matrices. Firstly, we define a parameter mask; for each network
weight/parameter, it is zero or one. When zero, it means that
the corresponding weight is zero and does not take part in the
compressed/approximated network. Thus, we code only the
non-zero parameters using two matrices.

Let b be the parameter-mask. As noted, b; = 1 indicates
whether the bit-plane weight at position ¢ is nonzero. This
mask determines which parameters exist in the compressed
network. The exponent existence matrix is evaluated at each
bit-plane for the active parameters. It encodes if the k-th bit-
plane! is used to approximate the i’-th weight (e*, for k =
0,1,..., Kpax: el(-,k) = 1 if weight 7’ is present in the k-th bit-
plane. It exists only where b; = 1. The signs at the k-th bit-
plane are arranged in s*), for k = 0,1, ..., Kiax. SZ(-/k/) =1if
the 2% term of weight i’ is positive. Note that it exists only
if el = 1.

This structure aims at exgloring sparsity. It explores zeroed
arameters, and also the SOPOT representation sparsity. The
PT existence bit exists only for a non-zero parameter if the

bit-plane takes part in the approximation, and the sign bits, if

the existence bit is not zero in the bit-plane. As a result, the
necessary rate to encode the network is (in bits/parameter)

K
1
R= {WH(b) + 3 (WanH(er | B) + Wee i H(si | ek))] )
k=0

where H(b) is the binary entropy of the parameter-mask,
H (e | b) is the conditional entropy of the existence plane for
exponent k computed only considering the nonzero weights,
Wi, is the number of nonzero weights, and H (s | ef) is the
conditional entropy of the weight sign computed considering
only the weights whose approximations have a non-zero weight
for the exponent k. This rate represents the theoretical min-
imum number of bits per parameter achievable by a lossless
entropy coder applied to the plane decomposition.

C. Budget Equivalence

For trustworthy and meaningful comparisons, all three ap-
proaches use the same total SPT budget (or at least a similar
one). In the Neuron approach, each neuron is approximated
using [mM;_;] SPTs, summing for all neurons to approxi-
mately m - W SPTs in total. One uses [mM;_1M;] SPTs for
layer [, in the Layer approach, summing up to the same total.
That is, all three approaches allocate approximately [mW]

INote that we use i’ instead of i because the indices are different from
above, since we operate only on the non-zero weights now.
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SPTs among the network elements. Therefore, differences in
the accuracy among the approaches reflect impacts of the
allocation strategy — how the SPT budget is distributed across
parameters — and not on complexity, measured by the number
of SOPOTs arithmetic operations.

Although above we discuss fully connected networks, the
same reasoning applies to DL having convolutional layers,
since the SPT budget is set as a function of the number of pa-
rameters composing the entities (neuron/filter, layer, network).

V. REsuLTS

We evaluate MPGBP compression on VGG-16 [17], a con-
volutional neural network with 138.4M parameters, pretrained
on ImageNet-1K [18]. The pretrained weights are obtained
from the TorchVision library [19] with IMAGENETIK VI
weights. All results reflect post-training quantization (PTQ),
as no retraining is performed after compression.

For each of the three granularities (Neuron, Layer, and
Net), we apply multipliers m € {0.25,0.50,0.75,1.00} to
control the total SPT budget SPT,,»«. In all modes, the number
of nonzero codeword entries P also follows the rationale
in Section III-B. The resulting models are used to classify
2000 randomly selected images from ImageNet, and we report
average accuracies on 5-folds. The results are also compared
against the baseline accuracy of the uncompressed VGG-16
on our evaluation subset, which is 72.18%.

A. Accuracy vs. Sparsity

Fig. 1 relates sparsity to accuracy for each approach. At
m = 0.50, the Network-wise approach (N) zeroes 53.3% of
the parameters with no accuracy loss. The Layer-wise approach
achieves similar overall sparsity (51.2%) but suffers 10.65%
accuracy degradation. This indicates that the distribution of
parameters equal to zero across layers determines the impact
on accuracy. In the Network approach, the MPGPB greediness
zeroes parameters that contribute less to the network’s output.
Layers with smaller weights are more strongly pruned, while
most of the SPT terms are used for layers with larger weights.
In contrast, the Layer approach allocates SPTs in each layer
independently of other layers; this potentially leads to zeroing
critical weights in possibly sensitive layers while wasting
SPTs in less important layers. That is, the Network approach
leads to a weight-based sparsity across the network, while the
Layer approach forces the same sparsity at all layers. At high
sparsity levels (S > 0.70), only the Network approach leads
to accuracy close to the baseline, whereas the Neuron and
Layer approaches collapse to approximately 0.10 and 0.00,
respectively. This demonstrates that global budget allocation
is essential for aggressive compression, where the margin for
misallocation is small.

B. Accuracy vs. SPT Budget

Fig. 2 presents the trade-off between SPT budget and
accuracy for the three granularities. The network approach is
consistently better at every multiplier level, reaching baseline
accuracy (72.18%) at m = 0.50 with only 0.50 SPTs per
parameter. Since 53.3% of weights are zeroed, the remaining
nonzero weights use approximately one SPT each on average.

Accuracy vs. Sparsity
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Fig. 1: Accuracy vs. Model Sparsity.

The Layer and Neuron approaches require higher budgets
to reach comparable accuracy. At m = 0.25, the Network-
approach compressed model hits 72.25% of the instances,
while the Layer- and Neuron-approach models only hit 2.45%
and 9.45%, respectively. That is, at low SPT budgets, the
allocation strategy is critical. While the Network approach
distributes SPTs among the globally most significant weights,
the other Layer and Neuron approaches distribute SPTs uni-
formly across layers or neurons, regardless of their relative
importance. At higher budgets (m = 1.00), the performance
gap narrows, meaning that there are SPTs to represent the
important weights with sufficient precision. The accuracy for
the Neuron approach is 72.23%, for the Layer approach,
it reaches 71.19%, while the Network approach maintains
72.55%, all within 1.2 percentage points w.r.t the baseline.

Accuracy vs. SPTs per Parameter
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Fig. 2: Accuracy vs. Number of SPTs per Parameter.

C. Entropy vs. Accuracy

Fig. 3 shows accuracy as a function of the entropy-based
rate in bits per parameter, computed via the conditional binary
plane decomposition as in equation (5). This plot captures the
information-theoretic cost of each compressed representation,
independent of any specific coding scheme. The Network
approach achieves the most favorable rate-accuracy trade-
off. At 2.63 bits/parameter, it matches the baseline accuracy,
corresponding to a compression ratio of 12.2x relative to the
original 32-bit representation. The Layer approach requires
4.35 bits/parameter to reach 71.19% accuracy (7.4x compres-
sion), and the Neuron approach needs 4.42 bits/parameter for
71.15% (7.2x compression). The advantage of the Network
approach arises from its induced sparsity pattern.

D. Per-Layer Sparsity Distribution

Fig. 4 reveals the mechanism behind the Network-wise ap-
proach’s superior accuracy. At m = 0.50, all three modes pro-
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Fig. 3: Accuracy vs. Entropy (bits/parameter).

duce similar total sparsity (approximately 50%), yet their ac-
curacies differ substantially, while the Network mode achieves
72.03%, Layer and Neuron modes reach only 61.78% and
64.52% respectively, as seen in Figure 3. In the Layer and
Neuron approaches, each layer receives an SPT budget propor-
tional to its size, and the convolutional layers are pruned with
the same intensity as the fully connected layers. In Fig. 4, the
Layer and Neuron approaches present similar sparsities at all
layers, while the Network approach leads to low sparsity in the
convolutional layers and high sparsity in the fully connected
classifier.

The fully connected layers FC6, FC7, and FC8 account
for 123.6M of the network’s 138.4M parameters (89.3%).
The Network-wise MPGBP aggressively sparsifies these layers,
zeroing more than 60% of FC6’s parameters, while more
SPTs per parameter are used in the convolutional layers.
The convolutional layers, despite representing only 10.7%
of the parameters, are responsible for features extraction,
which feeds classification. The results indicate that preserving
these parameters is crucial for network performance, requiring
finer representation. Classifier layers are highly redundant and
tolerate aggressive quantization. The network approach greedy
pursuit naturally produces this adaptive allocation without any
explicit layer-importance configuration.

Per-Layer Sparsity Distribution (m=0.5)
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Fig. 4: Per-layer sparsity distribution at m = 0.50 for the three
MPGBP granularity modes.

VI. CoNcLUSION

This paper investigated the application of the MPGBP
algorithm for post-training weight compression of deep neu-
ral networks using SOPOT representation. The key findings
are as follows. First, joint network compression consistently

outperforms per-layer and per-neuron strategies at equal total
SPT budget. At m = 0.50, the network approach achieves
baseline accuracy (72.18%) with 0.50 SPTs per parameter
and an entropy-based rate of 2.63 bits/param, corresponding
to 12.2x compression. Second, MPGBP naturally induces
sparsity without explicit pruning: 53.3% of weights are zeroed
at m = 0.50 with no accuracy loss, reducing both storage re-
quirements and the number of multiply-accumulate operations
during inference. Third, the SOPOT representation ensures
that all surviving weights are sums of powers of two, enabling
multiplierless inference through shift-and-add operations only.
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