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Abstract—This work presents HAWX, a hardware-aware scal-
able exploration framework that employs multi-level sensitivity
scoring at different DNN abstraction levels (operator, filter, layer,
and model) to guide selective integration of heterogeneous AxC
blocks. Supported by predictive models for accuracy, power, and
area, HAWX accelerates the evaluation of candidate configura-
tions, achieving over 23× speedup in a layer-level search with two
candidate approximate blocks and more than (3×106)× speedup
at the filter-level search only for LeNet-5, while maintaining
accuracy comparable to exhaustive search. Experiments across
state-of-the-art DNN benchmarks such as VGG-11, ResNet-18,
and EfficientNetLite demonstrate that the efficiency benefits
of HAWX scale exponentially with network size. The HAWX
hardware-aware search algorithm supports both spatial and
temporal accelerator architectures, leveraging either off-the-shelf
approximate components or customized designs.

Index Terms—Deep Neural Networks, Edge AI Accelerators,
Approximate Computing, Design Space Exploration, Hardware-
Aware Optimization

I. INTRODUCTION

Approximate computing (AxC) exploits the error resilience
of DNNs, enabling a trade-off between accuracy and efficiency
at the hardware level [1]–[3]. Innovations such as input-
aware arithmetic [4], look-up table sharing multipliers [5], and
speculative partial-product units [6] have broadened the AxC
design space, but also introduced scalability issues for design
exploration.

To manage this complexity, prior work has explored design
space exploration (DSE) and error estimation frameworks,
such as DeepAxe [7] and TFApprox [8], which enable faster
evaluation of approximate designs. Metrics like Architectural
Mean Error (AME) [9] and tools like I-NN [10] acceler-
ate error-resilience evaluation. Optimization strategies such
as ApproxDARTS (gradient-based) [11], MAX-DNN (greedy
search) [12], and reinforcement learning-based DSE frame-
works [13] have also been proposed, reducing evaluations
from astronomical scales to thousands. However, these meth-
ods still demand substantial exploration time and typically
overlook heterogeneous approximation or fine-grained search,
especially at the filter and operation levels. Addressing speed,
scalability, and granularity together remains an open challenge
that is addressed in this work.

Moreover, few approaches explicitly account for the di-
versity of DNN hardware accelerators. Spatial architectures
like dataflow accelerators rely on massive parallelism and
data reuse [14], while temporal architectures, such as FPGA-
based soft processors (e.g., PERUN), depend on flexible time-
multiplexed execution [15]. Efficient AxC integration must
consider these architectural differences, yet most existing
frameworks are hardware-agnostic or target only a narrow
class of architectures.

To address these limitations, we propose HAWX, a
hardware-aware approximation framework for scalable DSE
across heterogeneous accelerators. The main contributions are:

• A scalable hardware-aware fully automated framework
for rapidly identifying high-quality AxC configurations,
supported by a comprehensive predictive model for ac-
curacy, power, and area in DSE.

• A quantitative scoring methodology applied at operation,
filter, layer, and model levels, for user-provided AxC
blocks.

The remainder of this paper is structured as follows: Section
II presents the proposed methodology; Section III describes
the experimental setup and results; Section IV concludes the
paper.

II. PROPOSED METHODOLOGY

HAWX is a hardware-aware approximation framework de-
signed to automate DSE for DNNs deployed on heterogeneous
hardware platforms. The framework takes as input a pretrained
DNN with its target dataset, a library of candidate approximate
building blocks such as multipliers and adders, a specifi-
cation of the target hardware platform (spatial or temporal
architecture), and a user-defined accuracy threshold. Using
this information, HAWX performs a structured process to
analyze the model, assign approximation scores, and propose
hardware-specific approximation strategies.

The first stage of HAWX focuses on profiling the DNN
to extract a comprehensive representation of its computation
graph (Figure 1, Step 1). A small subset of input samples
is first selected as representative samples by a k-means algo-
rithm to capture the network’s typical data distribution with
minimal overhead. The pretrained model is then executed on a
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Fig. 1: A high-level flow of the proposed methodology

GPU using these samples, during which HAWX automatically
identifies the types and number of all operations, such as
additions and multiplications, along with their inputs. In the
same execution pass, the framework computes the gradient of
the network loss function with respect to the output of each
operation, yielding a fine-grained measure of sensitivity to ap-
proximation. This profiling stage thus produces a rich dataset
combining structural information about the computation graph
with numerical sensitivity metrics, laying the foundation for
accurate and hardware-aware approximation analysis while
introducing negligible runtime overhead.

In the second stage, HAWX computes a numerical sensi-
tivity measure, called the hawx score, for every operation
in the network (Figure 1, Step 2). These scores quantify
the susceptibility of individual operations to approximation-
induced errors. The scoring process is then extended hierarchi-
cally to higher levels of abstraction, producing filter-, layer-,
and model-level sensitivity metrics. By building this multi-
level representation, HAWX creates a scalable foundation for
approximation strategies that balance fine-grained precision
adjustments (e.g., operator- or filter-level) with coarse-grained
design decisions (e.g., layer- or model-level). This enables
targeted exploration of large design spaces while maintaining
control over both local accuracy impacts and global architec-
tural trade-offs.

The final stages of HAWX leverage the multi-level sen-
sitivity metrics to jointly explore approximation operators
(Figure 1, Step 3) and hardware mappings (Step 4). Guided by
predictive models calibrated for specific hardware platforms,
the framework identifies candidate configurations that satisfy
the given accuracy constraint. For each viable configuration,
HAWX estimates the corresponding power and area costs,
producing a set of Pareto-optimal solutions that are guaranteed
to meet or exceed the user-defined accuracy threshold. In
this way, HAWX transforms a pretrained DNN into a range

of hardware-aware approximation configurations through a
single inference pass, comprehensive scoring, and hardware
cost estimation, streamlining the deployment of approximation
techniques across diverse hardware platforms.

A. Approximation Scoring

The foundation of HAWX is a sensitivity measure that
quantifies how vulnerable each operation is to approximation.
For an operation o and input i, the operation-level score is
defined as:

hawx(o, i) =
∣∣∣∣∂L∂o

∣∣∣∣× |∆out(o, i)|, (1)

where ∂L
∂o is the gradient of the loss L with respect to the

output of operation o, obtained by standard backpropagation,
and ∆out(o, i) is the output error introduced by replacing the
exact block with an approximate one:

|∆out(o, i)| = |out(o, exact)i − out(o, axc)i|. (2)

Since ∆out(o, i) depends on the specific approximate block
employed, this calculation is performed separately for each
candidate AxC block, yielding a distinct sensitivity score
for every operation–block pair. Thus, the hawx score jointly
captures functional sensitivity (via gradients) and numerical
deviation (via approximation error), providing a principled
metric to rank operations and guide heterogeneous approxi-
mation.

The sensitivity of an operation to approximation depends
not only on its position in the network but also on the
diversity of input data. To ensure robust evaluation, the per-
operation hawx scores, hawx(o, i), computed for individual
input samples are aggregated into a single representative
score per operation. This is achieved by calculating the Mean



Absolute Error (MAE) of the per-sample scores across inputs
selected by k-means clustering:

hawx(o) =
1

N

N∑
i=1

|hawx(o, i)|, (3)

where N denotes the number of representative input samples.
The selection of these representative inputs aims to capture

the diversity of the dataset. To achieve this, activation values
from the first network layer are profiled, as this layer is closest
to the inputs and thus most sensitive to their variation. For
each input sample i, the activation distribution is modeled as
a Gaussian distribution, and the parameters µ (mean) and σ
(standard deviation) are computed as:

µi =
1

M

M∑
k=1

ai,k, (4)

σi =

√√√√ 1

M

M∑
k=1

(ai,k − µi)2, (5)

where ai,k denotes the activation of the k-th neuron in the first
layer for input i, and M is the total number of activations in
that layer.

The pairs (µi, σi) are then used as feature vectors for k-
means clustering, which partitions the dataset into K non-
overlapping clusters representing distinct input characteristics.
A single representative input is selected from each cluster, and
this reduced set of inputs is used to calculate the MAE-based
hawx scores for all operations. This process ensures that the
computed operation-level sensitivity captures the diversity of
the entire dataset while significantly reducing computational
overhead, enabling scalable and accurate approximation eval-
uation.

The operation-level hawx scores are extended to higher
architectural levels, i.e., filter, layer, and model, using the MAE
aggregation across all operations within each level. For a filter
f consisting of Of operations, the filter-level hawx score is
computed as:

hawx(f) =
1

Of

∑
o∈f

|hawx(o)|. (6)

The same principle is applied to compute layer-level hawx(l)
and model-level hawx(model) scores, where the set of op-
erations corresponds to the operations within the respective
layer or the entire network. This approach provides a multi-
resolution sensitivity profile of the network, enabling approx-
imation decisions at different granularities.

B. HAWX-based Design Space Exploration

With hawx scores computed at the operation, filter, layer,
and model levels for each approximate block, the next objec-
tive is to identify configurations that satisfy the user-defined
accuracy threshold. To efficiently search this design space, the
process begins by determining boundary score values corre-
sponding to the target accuracy at the layer level. The layer

level is chosen because it provides a balance between accuracy,
sensitivity, and computational cost. It is more informative
than the model level while being faster to evaluate than the
operation or filter levels.

To estimate these boundary values, each layer is profiled
by evaluating configurations corresponding to the minimum,
maximum, and median hawx scores for its approximate
blocks. These representative configurations are assembled into
three full-network configurations: one using all minimum-
score blocks (expected to yield the highest accuracy), one
using all maximum-score blocks (expected to yield the lowest
accuracy), and one using all median-score blocks (expected to
achieve an intermediate accuracy). If these three configurations
already identify the score regions that meet or exceed the de-
sired accuracy threshold, the boundaries are assigned directly.
Otherwise, additional configurations are explored using a
binary search–like strategy, iteratively selecting configurations
that step closer to the boundary region based on prior results.

Once the score boundaries are established, approximate
block selection for each layer is guided by these values. Only
blocks whose hawx scores exceed the identified thresholds are
considered, ensuring that the resulting configurations maintain
accuracy above the user-specified requirement. This pruning
significantly narrows the design space, enabling the subsequent
hardware-aware optimization stage to efficiently explore con-
figurations while providing estimated power and area ranges
for each candidate.

Search Complexity: Exhaustive vs. HAWX
Let B be the number of candidate approximate blocks per de-
cision point, and let the network have layers l = 1, . . . , L with
fl filters in layer l. In a filter-wise assignment (heterogeneous
AxC), each filter independently selects one of B blocks:

N (filter)
exh =

L∏
l=1

Bfl = B
∑

l fl , (7)

where Nexh denotes the total number of evaluations required
by exhaustive search. Because this number grows exponen-
tially with the total number of filters, exhaustive search quickly
becomes intractable in practice. The total runtime of exhaus-
tive search is then:

Texh = Nexh × teval, (8)

where teval is the wall-clock time of one evaluation (e.g.,
fine-tuned inference or testing).

In contrast, HAWX avoids this exponential blow-up. Its
runtime consists of three parts. First, a single profiling pass
computes gradients and the model computation graph on
representative inputs, taking time tprof, which is significantly
smaller than a full evaluation (tprof < teval). Second, score
computation is performed for all AxC blocks, with total time
proportional to the number of blocks B, denoted B · tscore,
where tscore < 2teval. Finally, only a small and bounded
number of full evaluations are required through boundary
search, denoted NHAWX

eval · teval. Because the design space is
analytically pruned by binary search, NHAWX

eval ≪ Nexh.



The runtime of HAWX can thus be expressed as:

THAWX ≈ tprof +B · tscore +NHAWX
eval · teval, (9)

which reduces the search complexity from exponential
O(B

∑
l fl) to near-linear in the number of blocks (effectively

O(B) with only a small overhead). This makes fine-grained
approximation search tractable even for deep networks.

C. Hardware-Aware Approximate Configurations

After the boundary hawx scores are determined, hardware
information is incorporated to map approximate blocks to
the target platform. The hardware platform is first identified
(Algorithm 1, Line 1), such as a spatial (e.g., dataflow) or
temporal accelerator (e.g., PERUN). For each platform, archi-
tectural parameters are provided to guide block assignment
and estimation of hardware cost.

For spatial accelerators, folding parameters are specified,
including the number of Processing Elements (PEs) and SIMD
width, which determine the level of parallelism at each layer.
The required granularity level (e.g., per-operation, per-filter, or
per-layer) is also defined. Based on this granularity, approxi-
mate blocks are assigned to operations, filters, or layers that
meet the accuracy boundary constraints (Algorithm 1, Line 4-
6). Power and area are estimated by extracting the count of
each approximate block in the configuration and combining
this with the base power and area metrics of each block
(Algorithm 1, Line 7).

For temporal accelerators, hardware descriptions include the
number of Compute Vectors (CVs), available logic resources,
and interconnect constraints. Because a single CV may execute
multiple layers or filters, layers are grouped according to
CV availability (Algorithm 1, Lines 9-10). Power and area
estimations are then computed based on the number of ap-
proximate blocks utilized in the grouped execution and their
associated hardware costs (Algorithm 1, Line 11). In the final
stage (Algorithm 1, Lines 14–16), the total power and area
contributions from all CVs are summed, yielding hardware-
aware approximate configurations that satisfy the user-defined
accuracy threshold while respecting the performance and re-
source constraints of the selected platform.

III. EXPERIMENTAL RESULTS

A. Experimental Setup

The proposed framework is evaluated on four representative
DNNs: LeNet-5 (2 convolutional and 3 fully connected layers,
97.8% accuracy ) on MNIST, VGG-11 (8 convolutional and
3 fully connected layers, 92.2%) and ResNet-18 (20 convolu-
tional and 1 fully connected layer, 93.0%) on CIFAR-10, and
EfficientLiteNet (46 convolutional and 1 fully connected layer,
99.8%) on the German Traffic Sign Recognition Benchmark
(GTSRB). All models are implemented in PyTorch.

To study the impact of approximate arithmetic in this paper,
the focus is placed on 8-bit multiplications, as these constitute
the dominant operations in DNN workloads. Eight approxi-
mate multiplier blocks from the EvoApproxLib library [16] are
employed as representative 8-bit AxC primitives, consisting

Algorithm 1 Hardware-Aware AxC Configurations Generation
Input: Boundary hawx scores per layer;

hardware type HW (spatial/temporal); granularity G;
HW params: Spatial (#PEs, SIMD),
Temporal (#CV s, logic/memory resources);
AxC blocks with base power/area (pbase, abase)

Output: Set of HW-aware AxC configs with est. power/area
1: Identify HW type and set params
2: Configs← ∅
3: for each layer l do
4: Select AxC block for l w.r.t. boundary hawx
5: if HW = Spatial then
6: Map AxC @ granularity G (op/filter/layer)
7: costlayer ← #AxC in l × (pbase, abase)
8: else
9: Group layers by #CV s

10: Map AxC @ granularity G (op/filter/layer)
11: costgroup ← #AxC in group× (pbase, abase)
12: end if
13: end for
14: total_power ←

∑
cost.powerlayer/group

15: total_area←
∑

cost.arealayer/group
16: Append (AxC mapping, total_power, total_area) to Configs
17: return Configs

of four from the K-series (e.g., 1KV8) and four from the
L-series (e.g., 1L2N). Although multipliers are used in this
work, the methodology is general and directly extendable
to any approximate adders, multipliers, and higher-precision
arithmetic units.

Software-based evaluations are carried out on a workstation
equipped with an Intel Core i7-7500U CPU, 16 GB of RAM,
and an NVIDIA GeForce 940MX GPU. To further validate
hardware-level behavior, selected approximate configurations
for both spatial and temporal DNN accelerators are deployed
on an FPGA platform (Xilinx Zynq UltraScale+). Hardware
synthesis and implementation are performed using Xilinx
Vivado and Vitis HLS 2020.2. As an example of spatial
architectures, dataflow-style accelerators are generated by first
converting the approximated DNN code into synthesizable
C using DeepAxe [7], followed by hardware synthesis. As
an example of temporal architectures, PERUN-style soft pro-
cessors are employed, in which computations are mapped to
several compute vectors on the FPGA fabric. PERUN is a
low-power run-time adaptive multi-threaded scalable neural
network accelerator designed by the NEUROFABRIX com-
pany. Resource allocation and scheduling for both hardware
contexts are managed through the HAWX framework.

B. Results and Discussion

Figure 2 illustrates the activation histogram of selected
input samples during inference for LeNet-5. Due to space
constraints, results are shown only for LeNet-5 as a represen-
tative example. The red curve corresponds to the activation
distribution of the full dataset, while the blue curves represent
the distributions of the representative samples selected in Step
1 of HAWX (Figure 1). The close alignment between the
two confirms that the selected samples effectively capture the
diversity of the dataset, validating their use for subsequent
scoring and exploration.

Building on this, Figure 3 shows the distribution of hawx(o)
scores across all operations in LeNet-5 for two approximate



Fig. 2: Activation distribution of LeNet-5 on representative inputs

blocks, 1KV8 and 1L2N. The more erroneous 1L2N approx-
imation consistently yields higher hawx(o) values, reflecting
greater sensitivity to errors. Table I further reports aggregated
hawx(f) and hawx(l) values across filters and layers, con-
firming that applying more aggressive approximations (e.g.,
1L2N) induces larger deviations compared to less aggressive
ones (e.g., 1KV8). These results establish hawx as a fine-
grained sensitivity metric that scales naturally from operations
to filters and layers.

Fig. 3: hawx(o) distribution in LeNet-5

To validate the effectiveness of this metric at the model
level, Figure 4 compares the accuracy of models approximated
with single AxC blocks to their corresponding hawx(model)
scores. For visibility, hawx(model) values are normalized
and mapped to a 0–100 scale. The trends align closely:
higher hawx(model) correlates with lower accuracy, while
lower scores correspond to minimal degradation. This strong
correlation confirms that hawx reliably predicts model-level
resilience to approximation.

Representative AxC configurations generated by HAWX
are reported in Table II, together with their accuracy, power,
and area metrics. The reported values are normalized for
ease of comparison. These configurations are expressed in
the format layers:AxC blocks, where specifying more than
one AxC block for a given layer indicates filter-wise ap-

TABLE I: Comparison of KV8 and L2N hawx(f) and hawx(l) across
sample filters and layers.

Model AxC
Block Filters Layers

1 2 1 2

LeNet-5 KV8 6.46E-06 1.54E-05 1.18E-05 1.60E-05
L2N 7.87E-06 1.78E-05 1.33E-05 1.71E-05

VGG-11 KV8 9.16E-05 8.53E-05 7.90E-05 1.30E-06
L2N 9.86E-05 9.37E-05 8.50E-05 1.30E-05

ResNet-18 KV8 3.00E-04 1.00E-04 1.81E-04 2.43E-04
L2N 2.83E-04 1.22E-04 1.84E-04 2.70E-04

EfficientNet KV8 1.08E-06 1.63E-06 7.82E-07 1.73E-06
L2N 1.08E-06 1.62E-06 7.76E-07 1.80E-06

proximation. The examples are not exhaustive or necessar-
ily optimal, but rather illustrate different trade-offs across
the design space. Importantly, HAWX can propose config-
urations at multiple granularities, from coarse model-level
(1–47:KV8) to fine-grained heterogeneous layer- and filter-
level (e.g., 1–45,47:KV8 | 46:(KV8,KV9)), where specific
filters employ different multipliers. Due to space limitations,
estimated hardware results are reported only for dataflow
accelerators, showing normalized power and area reductions
under hardware mapping constraints.

Figure 5 further validates these findings, presenting ac-
curacy–power–area trade-offs for LeNet-5 (blue) and VGG-
11 (red) on both spatial (dataflow) and temporal (PERUN)
architectures. The synthesized results include both layer-wise
and filter-wise configurations for both architectures. For the
dataflow accelerator, layers are mapped directly onto the hard-
ware, exposing layer-level parallelism (circles). The dataflow
configurations correspond to those reported in Table II, with
the star marker denoting the exact baseline configuration.

In contrast, temporal execution on the PERUN accelerator
(squares) leverages CVs, each comprising multiple PEs with
distinct Local IDs (LIDs). Approximation can be selectively

TABLE II: Normalized trade-off between accuracy (Acc.), power (Pwr.),
and area (Area).

Model Configuration Acc. Pwr. Area

LeNet-5

1-5:KV6 97.80 1.000 1.000

1-5:KV9 97.77 0.965 0.939

1-2:(KV9,KVP) | 3-5:KV9 97.77 0.938 0.921

1-4:KVP | 5:L2J 97.54 0.854 0.870

1-2:(KVP,L2J) | 3-5:KVP 97.54 0.826 0.850

1-5:L2N 95.58 0.296 0.390

VGG-11

1-11:KV6 92.39 1.000 1.000

1–3,8:KV6 | 4:KV8 | 5–7,10–11:KV9 | 9:L2N 92.32 0.983 0.913

1,5,7:(KV6,KV8) | 2,3,8:(KV6,KV9) | 4:KV8
| 6:KV9 | 9:L2N | 10,11:KV9

92.32 0.859 0.798

1-5,7:KV6 | 2,3,8,10:KV8 | 9:KV9 | 4,6:L2J 92.22 0.816 0.808

1-3:(KV6,KV8) | 4,10:KV8 | 5,7:(KV9,KVP)
| 6,9:KV9 | 8:KV8,KV9 | 11:KV6

92.22 0.787 0.756

6,7,9:KV8 | 4,5:KV9 | 1-3,10,11:L2J | 8:L2N 88.91 0.776 0.801

ResNet-18

1-21:KV6 92.39 1.000 1.000

1-21:KV9 90.96 0.965 0.939

1-4,6,7,10-20:(KV9,KVP) | 5,8,9,21:KV9 90.96 0.918 0.897

3,5,7,10,12,14-18:KVP |
1,2,4,6,8,9,11,13,19,21:L2J

90.05 0.796 0.829

1-7,10-20:(KVP,L2J) | 8,9,21:KVP 90.05 0.795 0.820

1,2,4,6,8,9,11,13,19,21:KVP | 3,5,7,10,12,14-
18:L2J

79.95 0.771 0.811

EfficientNet

1-47:KV6 99.65 1.000 1.000

1-47:KV8 99.80 0.993 0.974

1-45,47:KV8 | 46:(KV8,KV9) 99.80 0.993 0.972

1-47:KV9 92.80 0.965 0.939

1-45,47:KV8 | 46:(KV9,L2J) 92.80 0.963 0.935

1-29,34,42,44-47:KV9 | 30-33,35-41:KVP |
43:L2J

87.40 0.928 0.916
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Fig. 4: Comparison of Accuracy (blue) and hawx(model) (red) across DNNs.

applied across LIDs within a CV or across CVs, enabling
heterogeneous execution. In these experiments, PERUN con-
figurations employ L2N and KV8 multipliers, with one CV
instantiated for LeNet-5 and eight CVs for VGG-11. Dur-
ing execution, the layer or filter is partitioned into work-
items; these are grouped into work-groups, which the Work-
Group Dispatcher schedules onto available CVs. Each work
item is mapped to a specific LID according to the chosen
configuration. The results confirm that HAWX-selected AxC
configurations achieve substantial reductions in power and area
while maintaining accuracy, highlighting gains across both
hardware types.
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Fig. 5: Trade-off between accuracy, power, and area for dataflow and
PERUN architectures.

C. Search Runtime Comparison

The runtime efficiency of HAWX is evaluated against both
exhaustive search and state-of-the-art (SOTA) DSE frame-
works. Unless otherwise stated, all reported speedups are
relative to exhaustive search over the same design space.
For LeNet-5, when exploring two EvoApproxLib multipliers
(1KV8 and 1L2N), HAWX accelerates layer-level search by
23× and filter-level search by over 106×. For deeper mod-
els such as EfficientLiteNet, filter-level speedups relative to
exhaustive search exceed 105000×, demonstrating exponential
scalability with network depth and candidate AxC blocks.

GPU-based emulation frameworks such as TFApprox [8]
and I-NN [10] reduce the runtime of a single configuration
evaluation by 200–2800× compared to exact inference, but
they still require enumerating the full design space. In contrast,
HAWX reduces the number of evaluations from Nexh =
B

∑
l fl (e.g., 106 for LeNet-5, 105000 for EfficientLiteNet)

down to just a handful values (1–5 evaluations depending on

the network), yielding effective end-to-end speedups relative
to emulation-based methods.

Predictive metrics such as AME [9] report speedups of up to
106× compared to exhaustive evaluation, but only at the model
level. They do not support heterogeneous block assignments
or hardware-specific constraints. By contrast, HAWX extends
predictive sensitivity analysis across multiple abstraction levels
(operator, filter, layer, and model) and incorporates hardware
costs. This enables speedups on the same baseline of 106×
for LeNet-5 (filter-level search with 1KV8 and 1L2N) and up
to 104000× for EfficientLiteNet (filter-level search across the
same two blocks), while producing hardware-aware Pareto-
optimal solutions.

RL-based DSE methods [13] and heuristic approaches such
as MAX-DNN [12] reduce search complexity compared to
exhaustive methods, but still require on the order of 103

evaluations. In contrast, HAWX analytically prunes the search
space upfront using sensitivity scoring, reducing the number of
evaluations to just 1 for LeNet-5, 3 for VGG-11, 4 for ResNet-
18, and 5 for EfficientLiteNet. This makes fine-grained, filter-
level approximation across heterogeneous AxC blocks and
hardware architectures tractable for the first time, bridging the
gap between large-scale design exploration and practical edge
AI deployment.

IV. CONCLUSION

This work presents HAWX, a hardware-aware scalable
exploration framework that employs multi-level sensitivity
scoring at different DNN abstraction levels (operator, filter,
layer, and model) to guide selective integration of hetero-
geneous AxC blocks. Supported by predictive models for
accuracy, power, and area, HAWX accelerates the evaluation
of candidate configurations, achieving over 23× speedup in a
layer-level search with two candidate approximate blocks and
more than (3×106)× speedup at the filter-level search only for
LeNet-5, while maintaining accuracy comparable to exhaustive
search. The HAWX hardware-aware search algorithm supports
both spatial and temporal accelerator architectures.

ACKNOWLEDGEMENTS

This work was supported in part by the Estonian Research Council grant
PUT PRG1467 "CRASHLESS“, EU Grant Project 101160182 “TAICHIP“, by the
Deutsche Forschungsgemeinschaft (DFG, German Research Foundation) – Project-
ID "458578717", and by the Federal Ministry of Research, Technology and Space
of Germany (BMFTR) for supporting Edge-Cloud AI for DIstributed Sensing and
COmputing (AI-DISCO) project (Project-ID "16ME1127").



REFERENCES

[1] M. Nourazar, V. Rashtchi, A. Azarpeyvand, and F. Merrikh-Bayat, “Code
acceleration using memristor-based approximate matrix multiplier: Ap-
plication to convolutional neural networks,” IEEE Transactions on Very
Large Scale Integration (VLSI) Systems, vol. 26, no. 12, pp. 2684–2695,
2018.

[2] M. Taheri, N. Cherezova, S. Nazari, A. Azarpeyvand, T. Ghasempouri,
M. Daneshtalab, and J. Raik, “Adam: Adaptive approximate multiplier
for fault tolerance in dnn accelerators,” IEEE Transactions on Device
and Materials Reliability, 2024.

[3] M. Taheri et al., “Exploration of activation fault reliability in quantized
systolic array-based DNN accelerators,” in 2024 25th International
Symposium on Quality Electronic Design (ISQED), 2024.

[4] A. Piri, S. Pappalardo, S. Barone, M. Barbareschi, B. Deveautour,
M. Traiola, I. O’Connor, and A. Bosio, “Input-aware accuracy char-
acterization for approximate circuits,” in 2023 53rd Annual IEEE/IFIP
International Conference on Dependable Systems and Networks Work-
shops (DSN-W). IEEE, 2023, pp. 179–182.

[5] Y. Guo, Q. Zhou, X. Chen, and H. Sun, “High-efficiency fpga-based
approximate multipliers with lut sharing and carry switching,” in 2024
Design, Automation & Test in Europe Conference & Exhibition (DATE).
IEEE, 2024, pp. 1–2.

[6] X. Hu, A. Liu, X. Geng, Z. Wei, K. Jiang, and H. Jiang, “A configurable
approximate multiplier for cnns using partial product speculation,” in
2024 Design, Automation & Test in Europe Conference & Exhibition
(DATE). IEEE, 2024, pp. 1–6.

[7] M. Taheri et al., “Deepaxe: A framework for exploration of approx-
imation and reliability trade-offs in dnn accelerators,” in 2023 24th
International Symposium on Quality Electronic Design (ISQED). IEEE,
2023, pp. 1–8.

[8] F. Vaverka, V. Mrazek, Z. Vasicek, and L. Sekanina, “Tfapprox: Towards
a fast emulation of dnn approximate hardware accelerators on gpu,”
arXiv preprint arXiv:2002.09481, 2020.

[9] A. Liu, J. Han, Q. Wang, Z. Mao, and H. Jiang, “An architectural
error metric for cnn-oriented approximate multipliers,” arXiv preprint
arXiv:2408.12836, 2024.

[10] M. H. Ahmadilivani, M. Barbareschi, S. Barone, A. Bosio, M. Danesh-
talab, S. Della Torca, G. Gavarini, M. Jenihhin, J. Raik, A. Ruospo
et al., “Special session: Approximation and fault resiliency of dnn
accelerators,” in 2023 IEEE 41st VLSI Test Symposium (VTS). IEEE,
2023, pp. 1–10.

[11] M. Pinos, L. Sekanina, and V. Mrazek, “Approxdarts: Differentiable
neural architecture search with approximate multipliers,” in 2024 Inter-
national Joint Conference on Neural Networks (IJCNN). IEEE, 2024,
pp. 1–8.

[12] V. Leon, G. Makris, S. Xydis, K. Pekmestzi, and D. Soudris, “Max-dnn:
Multi-level arithmetic approximation for energy-efficient dnn hardware
accelerators,” arXiv preprint arXiv:2506.21371, 2025.

[13] S. Saeedi, A. Savino, and S. Di Carlo, “Design space exploration
of approximate computing techniques with a reinforcement learning
approach,” in 2023 53rd Annual IEEE/IFIP International Conference
on Dependable Systems and Networks Workshops (DSN-W). IEEE,
2023, pp. 167–170.

[14] M. Blott, T. B. Preußer, N. J. Fraser, G. Gambardella, K. O’brien,
Y. Umuroglu, M. Leeser, and K. Vissers, “Finn-r: An end-to-end deep-
learning framework for fast exploration of quantized neural networks,”
ACM Transactions on Reconfigurable Technology and Systems (TRETS),
vol. 11, no. 3, pp. 1–23, 2018.

[15] M. Al Kadi, B. Janssen, and M. Huebner, “Fgpu: An simt-architecture
for fpgas,” in Proceedings of the 2016 ACM/SIGDA International
Symposium on Field-Programmable Gate Arrays, 2016, pp. 254–263.

[16] V. Mrazek, Z. Vasicek, and L. Sekanina, “Evoapproxlib: Extended
library of approximate arithmetic circuits,” in Proc. Workshop Open-
Source EDA Technol.(WOSET), 2019, p. 10.


	Select a link below
	Return to Previous View
	Return to Main Menu


