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Abstract

Quantization and structured N : M sparsity reduce complemen-
tary inference costs, but their impact on quality and hardware effi-
ciency varies across layers, architectures, and platforms. We present
SQuaRE (Sparsity-Quantization Resource-Efficient Optimization),
a hardware—-software co-design framework that jointly selects spar-
sity and precision under an accuracy constraint. SQuaRE evaluates
layer-wise sparsity—precision candidates using reconstruction error
and platform-dependent resource costs, filters Pareto-dominated
configurations, and derives a heterogeneous compression policy.
We evaluate 16 combinations of four precisions and four sparsity
patterns on DeiT-Tiny, Swin-Tiny, and ResNet-18. Under a 1.0-
percentage-point accuracy-drop constraint applied to each layer
in isolation, SQuaRE achieves mean energy reductions of 92.7%,
94.7%, and 84.3%, respectively. These results demonstrate that joint
layer-wise optimization of sparsity and precision improves energy
efficiency while respecting model-quality constraints.
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1 Introduction

The rapid growth of deep neural networks (DNNs), particularly
large language models (LLMs), has substantially increased deploy-
ment costs, with recent studies considering models from hundreds
of millions to tens of billions of parameters [3, 6]. Reducing mem-
ory footprint and computation is therefore essential for efficient
inference. Two widely adopted approaches are sparsification, which
removes parameters and associated computations, and quantization,
which represents parameters and activations using fewer bits [4, 17].
Their combination can substantially reduce storage, data movement,
and computation. For example, OBC demonstrated up to 12X fewer
theoretical operations with a 2% accuracy drop and 4X measured
runtime speedup with a 1% drop [4]. JSQ reported a 7.96x computa-
tion reduction for LLaMA [5], while HCSQ achieved 14.96xX-28.58x
compression with less than 1% accuracy loss [15].

Among sparsity techniques, structured N : M sparsity has at-
tracted attention because its regular structure enables predictable
execution on sparsity-aware hardware. In an N : M model, every
group of M weights contains exactly N non-zero values, providing
fine-grained sparsity with hardware regularity. DominoSearch as-
signed different N : M configurations to different layers to improve
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the accuracy-sparsity trade-off [14], while MaskLLM and ELSA ex-
plored learnable and layer-wise N : M sparsity for LLMs and vision
transformers, respectively [3, 9]. These studies establish sparsity
configuration as an important optimization dimension.

In parallel, recent work has studied joint sparsity—quantization
optimization. OBC introduced a unified post-training framework for
pruning and quantization using Hessian-based weight selection and
compensation, but its joint GPU evaluation considered only four
sparsity—precision configurations [4]. JSQ explicitly coupled the
two techniques for LLM compression [5], while Harma et al. showed
that sparsity and quantization are non-orthogonal and that their or-
dering can affect model quality [6]. More recent methods, including
SLOPE, Sherry, Sparse-BitNet, and SPARQ, explore aggressive joint
compression and hardware support [1, 8, 10, 18]. HCSQ further
incorporates hardware characteristics into joint N : M sparsity and
quantization optimization [15]. However, HCSQ uses Hessian-based
layer ordering and iterative retraining to select hardware-supported
configurations under a global accuracy budget. This makes the op-
timization dependent on layer order and does not directly evaluate
the end-to-end impact and hardware cost of individual sparsity—
precision choices. Overall, these works demonstrate the potential of
joint compression while leaving substantial variation across layers
and hardware platforms.

The joint sparsity—precision design space introduces a key sys-
tems challenge. Sparsity primarily reduces active computation,
while lower bit-width reduces data storage, transfer, and processing.
Their effects are not necessarily independent, and higher nominal
compression does not always minimize latency or energy on a given
platform [6, 15]. This raises the question: given an accuracy target
and hardware platform, how should sparsity and quantization be
allocated across layers to maximize efficiency?

We introduce SQuaRE: Sparsity-Quantization Resource-Efficient
Optimization, a hardware-software co-design framework that jointly
explores structured N : M sparsity and quantization for neural net-
work inference. Each layer can favor sparsity, lower precision, or
their combination according to its sensitivity and platform. SQuaRE
evaluates layer-wise sparsity—precision candidates based on qual-
ity impact and hardware cost, constructs Pareto-frontier choices,
and derives a layer-wise allocation. We also outline an interaction-
aware refinement procedure for enforcing a network-wide accuracy
constraint, but do not evaluate this extension in the present study.
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Experiments on DeiT-Tiny, Swin-Tiny, and ResNet-18 show substan-
tial architecture-dependent differences in compression tolerance.
Under a 1.0% accuracy-drop constraint, SQuaRE achieves mean
energy reductions of 92.7%, 94.7%, and 84.3%, respectively, highlight-
ing the benefits of hardware-aware, layer-wise joint optimization.
These findings motivate further evaluation of joint network-wide
assignments.

2 Proposed Method

SQuaReE is a hardware-aware compression framework that jointly
explores structured N : M sparsity and quantization to identify
resource-efficient configurations for DNN inference. The key ob-
servation behind SQuaRE is that sparsity and quantization affect
different components of inference cost. Structured sparsity reduces
the number of weights involved in computation, while quantization
reduces the number of bits required to represent and move weights
and activations and can improve arithmetic throughput on low-
precision hardware, enabling complementary efficiency benefits
across different inference platforms.

As illustrated in Fig. 1, N : M sparsity divides weights into groups
of M consecutive elements and retains exactly N non-zero weights
per group. For example, 2 : 4 retains two of four weights, result-
ing in 50% sparsity, while 3:8 and 4:8 retain three of eight and
four of eight weights, respectively. Different N : M patterns can
therefore provide the same sparsity ratio with different grouping
and hardware requirements. Quantization complements sparsity
by reducing the precision of the remaining weights, e.g., using 8-bit
or 4-bit values instead of FP32. Thus, sparsity reduces the number
of non-zero weights, while quantization reduces their precision.

SQuaReE jointly considers sparsity structure and numerical pre-
cision as interacting compression dimensions. Their effects on ac-
curacy and hardware cost are not necessarily independent: sparsity
can alter a layer’s sensitivity to quantization, and vice versa. These
effects also vary across layers due to differences in parameter dis-
tributions and computational roles. SQuaRFE therefore performs
layer-wise joint selection of sparsity and precision to capture these
interactions and balance accuracy with hardware efficiency.

2.1 Joint Sparsity-Precision Design Space

For a network with L compressible layers, SQuaRE defines sup-
ported sparsity configurations S and quantization precisions Q. In
our initial implementation, we consider S = {Dense, 2:4,3:8,4:8}
and Q = {FP32,INT8,INT6,INT4}. The candidate set is platform-
dependent and can be adapted to the capabilities of the target
accelerator.

As shown in Fig. 1, each layer can move from the original dense
representation to different N : M structures. SQuaRE combines each
supported sparsity structure with the available precisions to form
a joint design space. Each layer is assigned one sparsity—precision
pair:

st €S, qr e 1

ce = (se, qe),

This formulation enables heterogeneous compression across the
network. For example, one layer may use INT8+Dense, another
INT8+2:4, and a less sensitive layer INT4+4:8. Thus, SQuaRE does
not enforce a single sparsity level or precision globally; instead, it
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Figure 1: Visualization of different levels of N : M pruning
applied to neural network weights.

selects the configuration that best matches each layer’s sensitivity
and target hardware.

2.2 Candidate Generation

For every layer, SQuaRE generates candidates by combining the
supported N : M sparsity structures with available quantization
precisions, Fig. 2-I. For a selected N : M configuration, weights
are grouped into sets of M consecutive elements, retaining the N
largest-magnitude weights and pruning the rest. Different config-
urations may have different grouping granularities; for example,
2:4 and 4:8 both retain half the weights but may incur different
metadata and execution overheads.

The surviving weights are then quantized using group-wise sym-
metric quantization with a configurable group size. Each candidate
therefore defines a complete compressed representation; for exam-
ple, INT4+2 : 4 combines the 2 : 4 sparsity pattern with four-bit
weights. Sparsity and quantization are evaluated jointly because
their effects are not necessarily independent: quantization sensitiv-
ity depends on the retained weights, while hardware cost can vary
with the sparsity structure. The final configuration is selected for
each layer according to the target Platform Configuration, which
specifies relevant hardware performance, energy, and memory char-
acteristics.

2.3 Quality Impact Estimation

SQuaRE uses a small calibration set to estimate the quality impact
of each candidate before constructing the final compressed model.
For each layer, the calibration samples are propagated through the
original network to obtain representative layer inputs. We then
compare the output of the original layer with that produced by
each sparsity—precision candidate.

For layer ¢, the reconstruction error of candidate c is defined as

Re(e) = [Wexe - Weex

2
, @
2

where W, is the original weight matrix, X, denotes the calibration
inputs to the layer, and Wg,c is the corresponding sparsified and
quantized weight matrix (Fig. 2-1I).

Layer-output reconstruction is used instead of weight error be-
cause the same weight distortion can affect layers differently de-
pending on their inputs. Thus, reconstruction error provides a
common quality metric for comparing different N : M structures
and numerical precisions.

During final evaluation, the reconstruction estimates are vali-
dated against end-to-end model accuracy to assess how well the
local metric predicts the global impact of different compression
choices.



SQuaRE: Sparsity-Quantization Resource-Efficient Optimization

INPUT: DNN

I. Candi neration
Model & Target Candidate Generation &

1. Quality Cost

MICRO 2026, October 31-November 04, 2026, Athens, Greece

IV. Pareto-Efficient

V. Optimization &
Configuration

Hardware Specs Joint Design Space Estimation Selection Output
e N\ N
Candidate Sparsity (S) Calibration e aUEpIE Global
Set Reconstruction Optimizer
E> IF Error (R/(c)) E> min C(c)
— 2
Dense 2:4 338 48 . Ri(0) = [[WiX, - W, X, celli; Ky
(Structured Integration) g
lll. Hardware (- N Lightweight

Candidate Quantization
(Q)

‘ FP16 ‘ ‘ INT8 l ‘ INT4 l

Joint Configuration

Resource Modeling

Platform II

Config File

Platform Profile {C=(S;,Q)} Hardware Cost g
(Latency, Energy, (Model layers) Model = - Dominated 1 Dense+INT8
Memory M I o @ @ candidates
ch?sy argife s, 1IE ® Latency, Energy, £ :\1:..\: L2 2:4+INT8
Sparsity 2l g ) Memory Traffic L3 4:8+INT4
Efficiency) z||l& & Accuracy Loss
\ J U J N J J

Pareto-Efficient
Selection

Layer-wise Policy
for quick decision
\ v

Pareto

\ Frontier (
o\

L

~N

Figure 2: Given a DNN and target platform constraints, SQuaRE: (I) builds a joint N: M sparsity and precision space; (II) evaluates
layer reconstruction error; (III) models hardware costs (latency, energy, memory); (IV) filters for Pareto-optimal choices; and
(V) allocates layer-wise configurations under quality budget ¢.

2.4 Hardware Resource Modeling

SQuaRE associates each sparsity—precision candidate with a re-
source cost for layer-wise selection. In this initial evaluation, we
use a simplified normalized energy proxy:

1, dense,

(3)
N/M, N:M sparse,

E((C) = %pc» Pec = {
where b, is the precision in bits and p, is the retained-weight frac-
tion. Each layer’s FP32+dense configuration therefore has normal-
ized cost 1.

This proxy assumes linear scaling with bit-width and retained-
weight density. It does not explicitly model sparsity metadata, acti-
vation traffic, memory hierarchy, hardware utilization, or execution
overheads. The resulting values are comparative cost estimates
rather than measured hardware energy.

For L selected layers, we report the unweighted mean proxy

reduction:
1~
Smean = 100 (1 -7 ; Ef(ce)) %.

This statistic gives each selected layer equal weight and should
not be interpreted as total network energy reduction. Platform-
calibrated costs can replace this proxy in future work.

4)

2.5 Pareto-Efficient Configuration Selection

Each layer’s candidates form a multi-objective design space in
which lower quality degradation, latency, energy, and memory
traffic are desirable. SQuaRE discards dominated candidates and
retains only Pareto-efficient ones. A candidate is Pareto-efficient if
no alternative is no worse in every objective and strictly better in at

least one. For example, if INT8+2:4 has lower latency and energy
than INT8+Dense without higher reconstruction error or memory
traffic, the latter is dominated. The resulting Pareto frontier reduces
the search space while preserving the relevant quality-resource
trade-offs.

Let ¢ = (cy,...,cr) denote a network configuration, where
cp € K is selected from layer £’s candidate set. The network-level
optimization problem is

C(c) st Ay—A(c) <e (5)

min

celTh, %,
where C(c) is the total network resource cost, A(c) is its measured
end-to-end accuracy, Ay is the FP32+dense baseline accuracy, and
€ is the permitted drop. Depending on the target platform, C may
represent latency, energy, memory traffic, or their weighted combi-
nation. Because cross-layer interactions make A(c) non-additive,
Eq. 5 cannot generally be solved by summing isolated layer-wise
penalties. The global constraint permits sensitive layers to retain
conservative configurations while less sensitive layers use more
aggressive sparsity—precision combinations.

2.6 Lightweight Layer-Wise Policy

Although the global formulation provides the optimal configuration
under the specified model, searching all network-wide assignments
becomes expensive as the number of layers and candidates grows.
SQuaRE therefore also provides a lightweight layer-wise policy that
avoids exhaustive global search while retaining hardware-aware
candidate selection.

The policy evaluates the incremental hardware benefit of mov-
ing to a more efficient candidate against its additional quality loss.
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Candidates offering large reductions in latency, energy, or mem-
ory traffic for small quality penalties are prioritized, while Pareto-
dominated candidates are discarded. The resulting policy produces a
heterogeneous compression map, assigning each layer a joint N: M
sparsity structure and numerical precision based on these trade-offs.
We compare this lightweight policy with the global optimizer to
evaluate how closely a simple layer-wise strategy approaches the
best resource allocation.

Overall, SQuaRE formulates sparsity and quantization as a joint,
hardware-aware resource allocation problem, producing a layer-
wise mapping between N : M patterns and numerical precision
based on the trade-off between quality degradation and target-
platform resource costs (Fig. 2-V). In other words, SQuaRE first con-
structs a complete, order-independent sensitivity map by testing
every candidate on every selected layer in isolation, while leaving
the rest of the network dense and full precision. Evaluating the
selected configurations jointly and accounting for their end-to-end
interactions remain necessary next steps. This post-training proce-
dure applies uniformly to both CNN and Transformer architectures.

2.7 Interaction-Aware Global Configuration
Refinement

The preceding analysis selects candidates independently for each
layer based on local quality-resource trade-offs. However, inde-
pendently efficient choices may not form a feasible network-wide
assignment because compression errors can interact across layers.
Let ¢ = (cy, . .., cr) denote the current assignment, A(c) its end-to-
end accuracy on a held-out refinement set, and Ay the FP32+dense
accuracy. The refinement seeks a low-energy assignment satisfying

Ay —A(c) <e. (6)

SQuaReE initializes ¢ from the layer-wise Pareto frontiers and, if
the accuracy constraint is violated, probes each layer’s next safer
frontier point ¢ . It selects the move providing the largest accuracy
recovery per unit energy penalty:

A(eper) — Ale)
Ee(cf) — Ee(ce)

After each move, the joint model is reevaluated and the contextual
scores are updated. Once feasible, the procedure can similarly probe
more aggressive frontier points to reduce energy while preserving
the global accuracy constraint. Pairwise or block-wise moves can
be used when individual moves cannot improve the assignment.

This interaction-aware refinement is described as a future exten-
sion and is not evaluated in the current version of the paper. Unlike
Hessian-ordered or reconstruction-additive scheduling [4, 15], it
would base decisions on end-to-end marginal effects measured in
the currently compressed network.

™

3 Experimental Results

We evaluate SQuaRE on three image-classification models: DeiT-
Tiny and Swin-Tiny, Transformer-based vision networks with ap-
proximately 5M and 28M parameters, respectively, and ResNet-18,
a convolutional neural network (CNN) with approximately 11.7M
parameters [7, 11, 16]. All models are evaluated on the ImageNetV2
Matched Frequency dataset [13]. For each model, we explore all 16
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Figure 3: Percentage of layers that tolerate each sparsity—
precision configuration under top-1 accuracy-drop budgets.

combinations of four sparsity configurations Dense, 2:4,3:8,4:8
and four precisions FP32, INT8,INT6, INT4, covering a broad range
of compression levels and hardware requirements.

SQuaRE follows a hardware-software co-design approach. For
a target platform, it reads a configuration file containing latency,
energy, and memory-traffic characteristics. The energy models
for different precisions and sparsity levels are derived from prior
hardware-oriented formulations for quantized computation [12]
and N : M sparse computation [2]. SQuaRE uses these models
to estimate the energy cost and reconstruction-induced accuracy
impact of each sparsity—precision configuration for every layer. A
Pareto-efficient selection then identifies layer-wise configurations
that minimize energy under the target accuracy constraint, which
are applied to construct the compressed network.

3.1 Layer-Wise Compression Tolerance

We first evaluate how safely each sparsity—precision configuration
can be applied to individual layers. For every layer, we test all 16
possible combinations and retain a configuration only when the
resulting top-1 accuracy drop remains within the predefined budget.
We consider accuracy-drop budgets of 0.1%, 0.5%, and 1.0%. Fig. 3
shows the percentage of layers for which each configuration is safe
to apply under each accuracy constraint.

The results demonstrate substantial differences across architec-
tures. For DeiT-Tiny, with a strict 0.1% budget, INT8+Dense is safe
for 92% of the layers, while only 54% are safe for INT6+Dense and
none for the aggressive INT4+3:8 configuration. With a 1.0% bud-
get, however, INT4+3:8 becomes safe for 50% of the layers. Swin-
Tiny shows substantially higher tolerance; for example, INT6+4:8 is
safe for all layers at a 1.0% accuracy budget. In contrast, ResNet-18 is
considerably more sensitive to structured N : M sparsity, with most
sparse configurations becoming unsafe even at the 1.0% budget,
whereas dense quantization remains more tolerable. These results
indicate that the sensitivity to joint sparsity and quantization is
strongly architecture dependent, motivating layer-wise rather than
uniform compression.

3.2 Layer-Wise Accuracy-Energy Trade-off

Fig. 4 shows the layer-wise top-1 accuracy impact of the sparsity—
precision configurations selected under three accuracy budgets
(0.1%, 0.5%, and 1.0% ). For each layer, the compression is applied
based on the minimum-energy selection: SQuaRE identifies the
most energy-efficient configuration that satisfies the accuracy con-
straint. Each individual dot represents the top-1 accuracy drop
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Figure 4: Accuracy drop per layer for configurations selected
by SQuaRE under 0.1%, 0.5%, and 1.0% constraints (red dashed
lines). Each dot represents a single layer’s top-1 accuracy
drop.

(in percentage points) associated with a single evaluated layer (48
layers each for DeiT-Tiny and Swin-Tiny, and 19 layers for ResNet-
18). Negative values indicate an accuracy improvement, potentially
arising from finite-sample variation or a regularizing effect of com-
pression, whereas positive values represent an accuracy drop, with
the isolated layer-wise accuracy-drop budget indicated by the red
dashed line. The box plots summarize the layer-wise distribution:
the center line denotes the median drop, the box spans the in-
terquartile range (IQR), and the whiskers extend to the typical
range, highlighting extreme outliers (e.g., drops reaching down to
—0.18% for Swin-Tiny under the 0.1% constraint). As the allowed
accuracy budget expands from < 0.1% to < 1.0%, SQuaRE sys-
tematically selects more aggressive, energy-saving configurations,
shifting the median layer-wise drops upwards (e.g., for DeiT-Tiny,
rising from approximately 0.02% up to nearly 0.68% ).

3.3 Energy Consumption Optimization

We report the unweighted mean of the selected layers’ modeled
energy reductions relative to their FP32+dense counterparts. The
energy consumption of each layer is optimized by selecting the
configuration that maximizes energy savings under a given top-1 ac-
curacy drop constraint (Fig. 5). For Vision Transformers, DeiT-Tiny
significantly reduces energy by aggressively adopting combined
sparsity and quantization; under a < 1.0% drop limit, 24 out of
48 layers select the extreme INT4+3:8 configuration, achieving a
mean energy saving of 92.7%. Swin-Tiny exhibits a similar trend,
shifting heavily to INT4+3:8 as constraints relax and achieves a
mean energy saving of 94.7% at the same limit. In contrast, ResNet-
18 is highly sensitive to N : M sparsity because structural pruning
damages CNN convolutional filters, forcing a majority of layers
to remain in a dense format. Nevertheless, quantization remains
effective for CNNs, with ResNet-18 optimizing energy primarily
through precision scaling from FP32+Dense down to INT6+Dense.
Its selected configurations achieve an average energy saving of
84.3% under the 1.0% constraint.

4 Conclusions

We introduced SQuaRE, a framework for joint layer-wise opti-
mization of N: M sparsity and quantization under hardware con-
straints. Experiments on DeiT-Tiny, Swin-Tiny, and ResNet-18 show
architecture-dependent compression sensitivity: transformers toler-
ate aggressive configurations such as INT4+4:8, while ResNet-18 is
more sensitive to structured sparsity. Under a 1.0% accuracy budget,
SQuaRE selects aggressive configurations for 24 of 48 DeiT-Tiny
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layers, achieving ~92.7% average energy reduction. These results
highlight the value of treating sparsity and quantization as cou-
pled, hardware-aware design choices. Future work will evaluate
fully compressed networks under a network-wide accuracy budget,
compare against uniform compression and established allocation
methods, and assess larger and more recent architectures. Hard-
ware validation will also be needed to establish realized energy,
latency, and memory-traffic benefits.
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