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Abstract
Complex-Valued Neural Networks (CVNNs) are an emerg-

ing class of deep learning models that process data with
both real and imaginary components. By efficiently handling
complex-valued representations, CVNNs have gained attention
as a promising alternative to traditional Real-Valued Neural
Networks (RVNNs), especially in domains such as signal
processing and communications. A fundamental distinction
between CVNNs and RVNNs lies in the use of Complex General
Matrix-Matrix Multiplications (CGEMMs), each comprising
four real-valued GEMMs along with additional operations.
As such, CGEMMs impose substantial compute and memory
burdens on CVNNs. Although modern systolic arrays have
evolved to enhance GEMM performance with their high
compute throughput, these architectures are suboptimal for
CGEMMs due to two key limitations: (1) redundant data
fetches and (2) underutilization of Processing Elements (PEs)
within the array. To address these challenges, we propose
HALO, a novel systolic array architecture that accelerates
CGEMM execution through logical partitioning of the array.
HALO divides a single array into logical sub-arrays, enabling
concurrent execution of CGEMM sub-operations, thereby
aggressively utilizing given PE resources with simple hardware
modifications. We explore two execution modes of HALO:
Half Mode and Quad Mode. Half Mode reduces duplicated
data fetches and improves PE utilization, whereas Quad
Mode offers even higher utilization but does not address the
redundant memory access issue. To maximize performance
across layers, HALO switches between the two modes on
a per-layer basis, leveraging the proposed mode selection
algorithm. Our evaluation demonstrates that HALO improves
performance by 44.3% and achieves a 32.3% reduction in
energy-delay product.

1. Introduction
With the end of Dennard Scaling and Moore’s Law,

domain-specific hardware accelerators have risen to meet
the surging demands for computation and memory across
various applications [23, 29, 33, 43, 48, 49]. Recent advances
in deep learning have further fueled this development,
driving the widespread adoption of accelerators—Google
TPUs being a representative example [31, 55]. To process

* Ji Yeong Yi and Eunbi Jeong contributed equally to this research.

the massive amount of computations efficiently, these
accelerators often employ large-sized systolic arrays, a
design known as the scale-up architecture [2, 46, 62]. Due
to their high compute throughput, such architectures are
widely used for Deep Neural Network (DNN) workloads.

Traditionally, DNNs operate on real-valued data and
are thus referred to as Real-Valued Neural Networks
(RVNNs). While RVNNs have excelled in many tasks, they
struggle to effectively handle inherently complex-valued
data, which are prevalent in a wide range of application
domains, such as telecommunications, bioinformatics, radar,
and speech recognition [9, 24, 35, 53]. To overcome this
limitation, recent studies have proposed Complex-Valued
Neural Networks (CVNNs) designed to process complex
numbers throughout their layers [9, 21, 24, 35]. CVNNs
have demonstrated significant improvements for tasks
where complex-valued representations are more natural
and expressive. Consequently, CVNNs are emerging as a
promising class of models in the field of deep learning.

Despite the growing success of CVNNs [6, 10, 25, 39],
recent efforts in systolic array architectures have primarily
focused on optimizing General Matrix-Matrix Multipli-
cations (GEMMs), leaving Complex GEMMs (CGEMMs)
relatively underexplored. Given that CGEMM follows a
different computation procedure from GEMM, there is a
clear need to optimize its execution on systolic arrays—an
inherently difficult work due to substantial memory and
computational overheads. CGEMM operations are more
demanding than their real-valued counterparts; they involve
four matrices, two each from the input and weight, thus
doubling the data footprint. Moreover, a single CGEMM
requires four real-valued GEMMs and additional operations,
making the total computation nearly four times greater than
that of a real-valued GEMM. As a result, these memory and
computation hurdles make it challenging to deploy CVNNs.
Identifying challenges of executing CGEMM (§3).
This work begins by identifying two key bottlenecks in
executing CGEMM on systolic array architectures. First, due
to the nature of complex arithmetic, CGEMM computations
involve redundant data loading throughout execution. The
conventional approach to computing CGEMM on systolic
arrays decomposes a single CGEMM operation into four
real-valued sub-operations [57]. Specifically, computing
the imaginary output requires multiplying the real part
of the input with the imaginary part of the weight, and
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accumulating it with the product of the imaginary part
of the input and the real part of the weight. The real
output is computed through a similar process. As each
input and weight matrix contributes to two different output
components, the same matrix data must be reloaded across
the four sub-operations. This redundancy results in exces-
sive access to the power-hungry on-chip buffers, degrading
performance and reducing energy efficiency.

Second, systolic arrays are often underutilized during
CGEMM execution, leaving substantial performance poten-
tial untapped. In general, the matrices involved in GEMM (or
CGEMM) are divided into smaller tiles, as their sizes rarely
match with the array size [8, 57]. Under this tiling scheme,
tiles located near the edges or corners may be smaller than
the array dimensions, causing portions of the Processing
Elements (PEs) to remain idle during computation.

Such PE underutilization issue has been discussed in
several prior studies [15, 38], particularly in the context of
computing GEMMs. In this work, we analyze this problem
for the first time in the context of CGEMMs. To mitigate
underutilization, prior work has explored alternative design
strategies that deviate from the conventional scale-up design.
One such approach is the scale-out architecture, which
employs multiple smaller systolic arrays instead of relying
on a few large ones. Although scale-out designs deliver
performance gains by enhancing PE utilization, they incur
increased memory traffic due to extensive off-chip fetches,
undermining energy efficiency. To assess the feasibility
of scale-out architectures for CGEMM computations, we
evaluate both the performance and memory usage of
CVNNs when executing CGEMM on such designs. Our
results reveal that scale-out designs offer improved PE
utilization for CGEMMs, but they also lead to a substantial
increase in memory accesses, which is critical due to the
inherent duplication of data fetches. Thus, scale-out is not a
viable solution to the underutilization problem in CGEMM
and fails to address the redundant data fetch issue as well.
Exploring logical partitioning schemes (§4.1). To tackle
these challenges, we explore a novel scheme that executes
CGEMM on systolic arrays by logically partitioning a single
array into multiple sub-arrays. Unlike scale-out designs,
this approach requires no additional PE resources and/or
separate SRAM buffers; instead, it makes optimal use of
the existing systolic array while providing the illusion of
multiple sub-arrays. Leveraging the fact that CGEMM is
composed of four GEMM operations, we logically divide
the array and assign each sub-array to compute a different
sub-operation by loading appropriately rearranged matrix
tiles. The benefits from this approach are twofold: (1) by
emulating the behavior of scale-out designs, it achieves PE
utilization comparable to physically scaled-out architectures;
and (2) by executing multiple sub-operations concurrently, it
can potentially avoid redundant fetches of matrices, thereby
improving both performance and energy efficiency.

We specifically introduce two logical partitioning
schemes. First, the halving scheme divides the array horizon-
tally into two partitions, enabling two sub-operations to be
computed in a single pass. Under this scheme, one CGEMM

operation is completed over two computation phases—one
for the real output and one for the imaginary output. Second,
the quartering scheme splits the array into four partitions,
allowing all four sub-operations to be executed concurrently
in a single computation phase. While both schemes improve
PE utilization by more finely leveraging the compute
resources within the array, each has a distinct advantage.
The halving scheme eliminates redundant weight fetches
by reusing the same weights across the two computation
phases. In contrast, the quartering scheme does not reuse
weights, yet it achieves higher PE utilization due to its
finer-grained partitioning. This leads to the question: which
scheme should be used. To answer this, we compare the
performance of two schemes across CVNNs, analyzing their
impact on each layer. Interestingly, we observe that the
optimal scheme varies across layers, suggesting that selec-
tively using both could result in better overall performance.
Furthermore, we find that both partitioning schemes can be
simply implemented on conventional systolic arrays with
only minor architectural supports and can even coexist
within a unified architecture—without requiring separate
arrays for each scheme.
Introducing hybrid systolic array (§4.2). Building on
these insights, we propose HALO, a Hybrid Systolic Array
Architecture via LOgical Partitioning to maximize CGEMM
performance on systolic arrays. We first introduce two
execution modes—Half Mode and Quad Mode—based on the
proposed halving and quartering schemes, respectively. To
support CGEMM computations through logical partitioning,
we present a negation logic that enables seamless accu-
mulation of the imaginary product with its corresponding
real counterpart. We then analyze the root causes behind
the distinct advantages of the two schemes and introduce
a mode selection strategy that determines the optimal
execution mode on a per-layer basis. The optimal mode
for each layer is identified using the proposed selection
algorithm, and the corresponding configuration is provided
to the hardware, enabling the array to operate in either
Half Mode or Quad Mode accordingly.

To validate the effectiveness of our proposed archi-
tecture, we evaluate HALO on a set of CVNN workloads,
including several complex-valued CNNs and the state-of-
the-art Transformer model. Our evaluation shows that HALO
achieves a speedup of 44.3% over the baseline and improves
energy efficiency, reducing energy consumption and energy-
delay product by 10.0% and 32.3%, respectively.

2. Background
In this section, we first introduce CVNNs, highlighting

their benefits over RVNNs and their distinctive computa-
tional core, CGEMM. Then, we describe the baseline systolic
array architecture.

2.1. Complex-Valued Neural Network
A CVNN is a type of neural network designed to process

complex-valued data, where both the weights and inputs
are complex numbers. In contrast to RVNNs, which can
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Figure 1: Computational process of CGEMM, decomposed
into four real-valued GEMMs.

only represent magnitude, CVNNs provide a richer repre-
sentational capacity that is particularly effective for data in
the complex domain [9, 11, 14, 44]. Due to these benefits,
CVNNs have gained popularity in domains such as telecom-
munications, signal processing, speech recognition [6, 7, 41].
A key advantage of CVNNs lies in the arithmetic properties
of complex multiplication, which inherently combines phase
rotation and amplitude attenuation. This allows CVNNs
to jointly process directional and intensity information,
enabling more compact and expressive representations of
complex-valued data. As a result, CVNNs can represent
complex-valued relationships using fewer trainable parame-
ters, thereby reducing the model’s degrees of freedom and
improving generalization ability [25]. Moreover, compared
to RVNNs, training CVNNs on complex-valued data has
been demonstrated to offer faster convergence and noise-
robust memory mechanisms [5, 70].

The core computation in CVNNs is a CGEMM, whereas
in RVNNs it is the standard GEMM [4, 8, 32, 45, 47, 60].
As depicted in Figure 1, the CGEMM is a multiplication
between complex-valued input and weight matrices, each
composed of two real-valued matrices—one for the real part
and one for the imaginary part—denoted as I = IR + iII and
W = WR + iWI . A single CGEMM operation is decomposed
into four real-valued GEMMs: IR × WR, IR × WI , II × WR,
and II × WI . The final output is computed by combining
these intermediate results; the real part of the output, OR,
is obtained by subtracting II × WI from IR × WR, and the
imaginary part, OI , is obtained by adding IR × WI and
II × WR. Such a CGEMM operation enables CVNNs to
preserve the phase information inherent in complex-valued
representations [1, 56]. This benefit, however, comes at the
cost of significantly higher computational complexity due
to the arithmetic structure of complex numbers.

2.2. Systolic Array
A systolic array is a parallel hardware architecture

widely adopted as the core compute engine in accelera-
tors [12, 37, 68]. It consists of a two-dimensional grid of
PEs, each responsible for performing Multiply-Accumulate
(MAC) operations. Systolic arrays support spatial data reuse
by passing data between neighboring PEs in a pipeline
fashion, effectively reducing off-chip memory accesses. The
mapping of GEMM operations onto a systolic array is
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Figure 2: Weight stationary systolic array architecture.

governed by the choice of dataflow that determines which
data is retained within each PE and which is propagated
across the array. There are three representative dataflows:
weight stationary, input stationary, and output stationary—
each optimized for reusing weights, input activations, and
partial sums, respectively [46, 59, 62]. In this work, we
adopt the weight stationary dataflow as the baseline, as
it is widely used in systolic array architectures, including
TPUs, which serve as representative hardware for deep
learning workloads [2, 19, 26, 27, 30].

Figure 2 shows a systolic array architecture that retains
weights locally within each PE to enable weight reuse
during computation. Before the computation begins, weights
are prefilled into the PEs, starting from the topmost row. At
each clock cycle, weight values are fetched from the weight
buffer to the top row of PEs and propagated downward
along the columns; each PE receives its weight either
directly from the weight SRAM buffer (top row) or from
the PE directly above (lower rows), and stores it in its
local register. The locally stored weights are then reused
throughout the computation. After the prefill step, inputs
are streamed into the leftmost column and propagated
rightward across the array, where each PE performs a MAC
operation at every cycle using the stored weight and the
incoming input. The partial sums generated by each PE are
propagated downward along the columns and accumulated.
Once the final outputs are produced at the bottom row,
they are stored into the output buffer and PEs are updated
with new weights for the next layer’s computation.

In typical GEMM workloads, the operand matrices often
exceed the capacity of a single systolic array. When the
dimensions of input and weight matrices exceed the physical
size of a systolic array, the matrices are partitioned into tiles
that match the array’s spatial dimensions [69]. In weight
stationary architectures, the weight matrix W (K × N) is
spatially mapped onto the array, requiring it to be divided
into tiles of size SR × SC , where SR and SC denote the
number of rows and columns of the array, respectively.
Because the inner dimension K is shared between the input
matrix I (M × K) and the weight matrix W , both matrices
must be partitioned along this axis. The operations on
these tiles can be executed sequentially on a single array or
in parallel across multiple arrays, depending on available
hardware resources and the system scheduler.
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Figure 3: Execution flow and sub-operation breakdown of
CGEMM on a systolic array.

3. Motivation
In this section, we first describe the baseline CGEMM

computation method on systolic arrays in detail. Then,
we identify two key challenges in executing CGEMM on
conventional systolic arrays. Finally, we motivate the need
for a new architectural solution to efficiently accelerate
CGEMM on systolic arrays.

3.1. CGEMM Execution on Systolic Arrays
To perform CGEMM using systolic arrays similar to

that employed in TPUs, four real-valued GEMM operations
must be executed: IR×WR, II ×WI , IR×WI , and II ×WR, as
illustrated in Figure 3. Each of these GEMMs may require
matrix tiling when the matrix dimensions exceed the size
of the systolic array. As all four GEMMs share the same
dimensions, the number of tiles required is identical across
all operations. To produce the final complex-valued output,
the results of the four real-valued GEMMs are combined
following the CGEMM arithmetic rules: subtraction for the
real part (IR ×WR – II ×WI ) and addition for the imaginary
part (IR×WI +II×WR). For the imaginary part, the addition
between IR × WI and II × WR can be efficiently handled
by storing the intermediate result of IR × WI in the output
buffer. Then, during the execution of the II ×WR, the stored
result can be fetched and added on-the-fly, allowing the
final imaginary output to be computed without requiring an
additional post-processing accumulation step. For the real
part, to eliminate the need for a separate subtraction stage
and to leverage the addition logic already present in the PEs,
we first compute the II × WI , negate its output, and store
it in the output buffer before initiating the IR × WR. Then,
during the execution of IR × WR, the negated intermediate
result is fetched and added on-the-fly. This approach enables
the final real output to be computed without necessitating
an explicit post-processing subtraction.

3.2. Challenges
Redundant data access. While the aforementioned ap-
proach intuitively follows the structure of complex multi-
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N
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I2 I4

R1 R3

R2 R4
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I2 I4

R1 R3

R2 R4

Figure 4: Underutilization of systolic arrays caused by matrix
tiling during CGEMM execution.

plication, it requires each component matrix of the inputs
and weights to be loaded repetitively from the SRAM buffer
into the array. As shown in the bottom box of Figure 3,
the imaginary weight matrix (WI ; yellow) is loaded for the
first and third sub-operations, while the real weight matrix
(WR; green) is fetched for the second and fourth. Hence,
each weight matrix is loaded twice, leading to redundant
memory accesses. The rationale behind this redundancy
is that CGEMM produces two output matrices—one for
the real part and another for the imaginary part—and all
four component matrices contribute to both outputs, thus
requiring double loads. To sum up, the first challenge in
computing CGEMM on systolic arrays is the redundant
data fetches from the energy-intensive SRAM buffer, which
degrades both performance and energy efficiency.
PE underutilization. Conventional systolic array archi-
tectures typically consist of a small number of large-sized
pods. For instance, TPUv3 and v4i employ four 128×128
arrays [69]. This type of systolic array design, characterized
by large pods, is called scale-up architecture [2, 28, 54].
Scale-up designs offer high throughput by executing MAC
operations on large matrix tiles within a single large pod.
The larger array allows each fetched input or weight tile
to be used in more computations across the PEs within the
array, amortizing the cost of memory accesses. However,
such designs have one critical drawback: as operand matrix
sizes do not often align with the array’s spatial dimension,
many PEs within each array often remain idle, resulting
in PE underutilization. While this issue has been noticed
in prior work [15, 38], we observe that it becomes further
exacerbated in CGEMM computations, which require four
sub-operations per a single computation.

Figure 4 illustrates an example execution scenario where
the tiling of matrices in CGEMM leads to PE underutilization
due to a mismatch between the matrix and array sizes. Un-
der the matrix tiling scheme, each GEMM sub-operation is
executed through multiple passes, with each pass processing
a specific pair of input and weight tiles. The upper part
of the figure shows four tiled weight matrices ( 1 , 2 , 3 ,
and 4 ), each corresponding to a sub-operation in CGEMM,
while the lower part depicts how these tiles are mapped
onto the array during a single sub-operation. As indicated
by the four red boxes—each corresponding to W1, W2, W3,
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varying systolic array sizes.
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and W4—portions of the second to fourth pods (hatched
areas) remain unassigned by the tiled matrix elements,
leaving the PEs in those regions inactive. Since this process
repeats for all four sub-operations, the total number of
idle cycles across all PEs increases by approximately four
times compared to a real-valued GEMM. Consequently, the
second challenge is the inability of existing architectures to
fully harness existing PE resources, resulting in significant
underutilization and suboptimal performance.
Can scaling-out help? The redundant data access prob-
lem is clearly unavoidable under the baseline CGEMM
computation, whereas the PE underutilization may be
alleviated by adopting scale-out architectures instead of
conventional scale-up designs. Scale-out designs employ
many small-sized pods rather than a few large ones [13,
69]. They enable fine-grained mapping of tiled matrices
onto arrays, thereby achieving heightened PE utilization
and improved performance. However, scaling out incurs
substantial memory traffic, because multiple pods often
fetch the same matrix tiles within a short time window,
resulting in increased energy consumption and bandwidth
pressure [13, 66, 69].

To analyze the trade-off between scale-up and scale-
out designs for CVNNs, we evaluate both PE utilization
and overall memory access across four systolic array
configurations: 256×256 (1 pod), 128×128 (4 pods), 64×64
(16 pods), and 32×32 (64 pods), all of which are set to
have the same total number of PEs (65,536). See §5.1 for a
detailed evaluation methodology. Figure 5 shows the average
number of active PEs over the total number of PEs within
active pods (PE utilization) and overall memory access,
including both SRAM and off-chip accesses, normalized
to the baseline 256×256 configuration. The 256×256 array
exhibits an average PE utilization of 71.3%, indicating that
many PEs within pods are wasted throughout execution.
Reducing the array size to 128×128 improves PE utilization
by 12.9 Percentage Points (PP), but results in 1.67× increase
in memory access. Further scaling down to 64×64 enhances

PE utilization by 24.8 PP through finer-grained matrix-to-
array mapping, but incurs 3.15× more memory accesses.
Notably, such improvements in PE utilization begin to sat-
urate beyond the 64×64 configuration; the 32×32 provides
only an additional 0.8 PP of utilization improvement over
the 64×64. Moreover, 32×32 configuration suffers from
a significant increase in memory accesses, resulting in
6.52× higher memory overhead compared to the baseline.
Note that this overhead worsens in CVNNs, where both
weight and input matrices must be redundantly loaded
across the four GEMM operations in a single CGEMM
computation (Figure 3). Therefore, although scale-out ar-
chitecture significantly improves PE utilization, it sacrifices
off-chip memory bandwidth efficiency, making it infeasible
for CVNN acceleration.

One step further, we assess the performance across
the same array configurations used in Figure 5, to better
understand the resulting performance under the afore-
mentioned trade-off. Figure 6 shows the speedup results
normalized to the baseline 256×256 configuration. Reducing
the array dimension to 128×128 while quadrupling the
number of pods offers a 1.09× speedup by enabling more
efficient PE usage with reduced idle cycles. The 64×64
configuration further improves performance, achieving a
1.14× speedup. Performance improvements start to plateau
beyond the 64×64 configuration, consistent with the PE
utilization results; the 32×32 only offers an additional 1.4
PP of speedup over the 64×64. This is attributed to the
substantial increase in memory accesses and the negligible
improvement in PE utilization, as presented in Figure 5.

To summarize, CGEMM is a fundamental operation in
CVNNs, yet existing systolic array architectures fall short in
executing it efficiently. Conventional scale-up designs suffer
from poor PE utilization due to coarse-grained tiling, limiting
their performance. In contrast, scale-out designs improve PE
utilization through fine-grained mapping but incur signifi-
cant off-chip memory access overhead. Furthermore, neither
architecture addresses the redundant data fetching problem
inherent in the baseline CGEMM computation method. To
overcome these limitations, we propose a novel systolic
array architecture that enables a scale-up array to behave
like a scale-out design without physically partitioning the
large array into smaller pods. The proposed architecture
aims to maximize PE utilization while reducing redundant
data loads, thereby delivering both high performance and
energy efficiency for CGEMM computations.

4. HALO Architecture
In this section, we propose HALO, a novel systolic

array architecture for executing CGEMMs through logical
partitioning of arrays. We first explore two design spaces,
each leveraging a different logically partitioned layout. To
maximize performance across various CGEMM layers, we
introduce a hybrid systolic array supporting two execution
modes—Half Mode and Quad Mode—and present architec-
tural support and a mode selection algorithm to determine
an optimal mode per layer.
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4.1. Logical Partitioning of Systolic Array
Scale-out architectures may offer a potential solution

to address the limitations of conventional systolic arrays
in executing CGEMM efficiently. However, we observe
that adopting such architectures would not be practical,
as they incur excessive memory accesses in both on-chip
and off-chip memory and still fail to eliminate redundant
data fetches. Instead of physically dividing a large array
into smaller arrays with dedicated buffers, as in scale-out
designs, we explore a novel alternative approach: logically
partitioning a single large array into multiple independent
sub-arrays. Considering a single CGEMM computation
consists of four GEMMs, we propose executing multiple
sub-operations concurrently within the array by assigning
each to a different logical partition. The proposed approach
is driven by two key insights: (1) PE utilization can be
improved by rearranging the layout of weight and input
matrix tiles to logically partition the array into independent
sub-arrays, each responsible for a different sub-operation;
and (2) redundant weight loads can potentially be avoided
by simultaneously loading all four component matrices
involved in a CGEMM into the PEs, enabling multiple sub-
operations to be merged and executed in parallel. Lever-
aging these insights, we introduce two logical partitioning
schemes: one that divides the array into two partitions, and
another that splits it into four.
Halving systolic array. This scheme logically divides
the array horizontally into two partitions and uses them to
compute partial terms for a single output component (either
real or imaginary). Figure 7a illustrates the overall process
of CGEMM computation using a halved systolic array. We
begin by prefilling the array with weights such that the
upper partition stores the imaginary weights (WI ), and the
lower partition stores the real weights (WR). The array
first computes the real output by streaming in both the
real and imaginary components of the input matrix (H-1).
Specifically, the real input (IR) is paired with the lower

partition (IR × WR), and the imaginary input (II ) is paired
with the upper partition (II ×WI ). The two resulting partial
outputs are then accumulated within the array to produce
the real output (IR ×WR – II ×WI ), with a negation applied
to the upper partition—this mechanism will be described
in detail in §4.2. Next, the array computes the imaginary
output without flushing the weights (H-2). Retaining and
reusing the prefilled weights in both partitions, the array
streams in a new input. That is, II is paired with the
lower partition (II × WR), and IR is paired with the upper
partition (IR × WI ). This is done simply by modifying the
input stream fed into the array. Note that the figure shows
the steps required to compute the same throughput as in
Figure 3, and thus the two-step process is repeated in H-3
and H-4. To sum up, this halving scheme computes the
real and imaginary outputs sequentially using the same
weights, thereby improving PE utilization and eliminating
redundant weight fetches from the SRAM buffer.

Quartering systolic array. This scheme partitions the
array into four sub-arrays, each computing one of the
four sub-operations of the CGEMM computation. By exe-
cuting all four sub-operations concurrently, the array can
compute both the real and imaginary output component
matrices in a single pass using the prefilled weights. As
shown in Figure 7b, weights are again loaded in a mixed-
component format, with each weight duplicated diagonally
across partitions. The imaginary input (II ) is streamed into
the upper half of the array, while the real input (IR) is
streamed into the lower half, forming the necessary operand
combinations for each sub-operation. That is, IR is paired
with both the imaginary weights (WI ) and the real weights
(WR), allowing the two lower partitions to compute IR × WI
and IR × WR. Likewise, II is also paired with both the
WI and WR, enabling two upper partitions to compute
II × WI and II × WR, respectively. Similar to the halved
systolic array, this scheme also requires a negation step for
the product of two imaginary operands (i.e., the result of
II × WI must be negated). With this negation mechanism,
all partial products are accumulated within the array,
resulting in the real and imaginary output components
being computed on the left and right sides, respectively
(Q-1). As the figure illustrates a CGEMM computation
with the same output throughput as the halving scheme
in Figure 7a, this quartered execution process is repeated
in the following three steps (Q-2, Q-3, and Q-4). Note
that, unlike the halving scheme, the quartering scheme
does not reuse weights across phases, as the same real and
imaginary components must be duplicated to fill different
partitions. Nonetheless, this design utilizes PE resources
more aggressively by dividing the array into four small
partitions. Thus, quartering the systolic array enables more
efficient use of PEs by concurrently computing both output
components through fine-grained logical partitioning.

Halving or quartering? Both halving and quartering the
systolic array effectively enhance PE utilization by logically
partitioning a single array into multiple sub-arrays. The
halved array not only improves PE utilization but also
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Figure 8: Normalized speedup and PE utilization across
CGEMM layers in ResNet18.
removes redundant weight fetches from the SRAM buffer,
while the quartered array achieves even higher utilization
by leveraging twice as many logical partitions. To further
explore the design of HALO architecture, we compare the
performance of CGEMM computations under these two
logical partitioning schemes, referred to as Half and Quad.

Figure 8 presents the normalized speedup and PE
utilization results for 17 CGEMM layers in ResNet18,
where consecutive layers with same matrix dimensions
are grouped within the same column. Across layers 1 to 9,
Quad consistently outperforms Half, achieving 2.00×–2.40×
speedups and showing 14.4–55.0 PP higher PE utilization
over the Base (baseline). In contrast, for layers 10 to
17, where all configurations offer around maximum PE
utilization, Half surpasses Quad, delivering 1.15×–1.28×
speedups. As a result, while Quad achieves the highest
average performance with improved PE utilization, the
best-performing scheme varies across layers. Specifically,
Quad performs best in layers with low to moderate PE
utilization under the baseline (layers 1 to 9). On the
other hand, Half is more effective in layers where the
baseline already exhibits high utilization (layers 10 to 17).
In such cases, Half enhances performance by eliminating
redundant data fetches—an advantage that Quad cannot
provide. These results indicate that the effectiveness of
each scheme is largely dependent on the matrix dimensions
of CGEMM layers. Note that although we provide results
from ResNet18, similar trends are consistently observed
across all CVNNs evaluated in this work.

To this end, we propose a hybrid systolic array architec-
ture that switches between Half and Quad Mode to maximize
CGEMM performance across the layers of CVNNs. In the
following subsection, we provide the microarchitectural
details for Half Mode and Quad Mode based on the previously
discussed partitioning schemes, and then introduce the
hybrid mechanism for selecting between the two modes.

4.2. Hybrid Systolic Array
To support CGEMM computations through logical par-

titioning on conventional systolic arrays, we incorporate
two key modifications. First, the layout of input and weight
matrices loaded into the array must be rearranged, ensuring
that each operand tile is steered to its corresponding logical
partition within the array. Second, to support partitioned
CGEMM execution with minimal hardware overhead, HALO
integrates Negation Logic, which enables the accumulation
of intermediate results within the array.
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Figure 9: Hybrid systolic array architecture.

Half mode. Half Mode computes the real and imaginary
output matrices over two computation phases. To do this,
the array is logically divided along the horizontal axis into
two partitions, as depicted in Figure 9a. In the baseline
CGEMM execution (§3.1), the real and imaginary weight
matrices, WR and WI , each of size K × N, are partitioned
into tiles of size SR × SC to match the dimensions of the
array. In Half Mode, however, each of WR and WI is divided
into tiles of size (SR/2) × SC . A pair of sub-tiles, one from
WR and one from WI , is then stacked vertically to form a
single SR × SC tile, which is prefilled into the array. Note
that the sub-tile WI must be placed in the upper half of
the array to enable the negation of the imaginary product
(WI × II ) via the Negation Logic placed along the middle
row. Additionally, in cases where a tile from WR or WI
contains fewer than SR/2 rows or fewer than SC columns,
the tile is aligned to the top-left corner of its designated
half. That is, WI tiles are mapped to the upper half, and
WR tiles to the lower half, again ensuring the negation is
applied to the imaginary product.

Once the weight tiles are loaded into the array, the
lower half of the array (green box) contains WR, and the
upper half (yellow box) contains WI , creating the illusion
of two independent sub-arrays. The CGEMM operation is
then executed in two computation phases, reusing the same
weights while streaming input tiles with different layouts in
each phase. To enable this, the input matrix of size M × K
is partitioned column-wise into tiles of size M × h, where
h is the number of active rows in each half of the array.
When all rows are filled with weights, h becomes (SR/2).
Across the two computation phases, the positions of the
input tiles from IR and II are swapped when streamed into
the array. In the first phase, the tile from II is streamed
into the upper half of the array (prefilled with WI ), while
the tile from IR is streamed into the lower half (prefilled
with WR). This layout allows the computation of the real
part of the output using IR × WR and II × WI , where the
subtraction between the two products is performed by the
Negation Logic at the center row (i.e., Negation Logic is
On). In the second phase, the positions of the input tiles
are swapped; the tile from IR is steered into the upper half
of the array, and the tile from II into the lower half. This
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enables to compute the imaginary part of the output using
II × WR and IR × WI , where both terms are added directly
without negation (i.e., Negation Logic is Off).
Quad mode. Quad Mode computes all four CGEMM sub-
operations concurrently by using four logical partitions of
the systolic array in a single computation phase. The array
is logically divided into four quadrants by splitting it evenly
along both rows and columns, as shown in Figure 9b. In
contrast to the Half Mode, which partitions weights into
two halves of size (SR/2) × SC , Quad Mode divides the real
and imaginary weight matrices into smaller tiles of size
(SR/2) × (SC/2). These tiles are then combined and loaded
onto the array, with WI (yellow boxes) placed in the upper-
left and lower-right quadrants, and WR (green boxes) in
the upper-right and lower-left quadrants.

After the array is filled with these weights, the CGEMM
operation is performed in a single computation phase. Input
matrices are tiled into M × h tiles, as in Half Mode, with
the imaginary input (II ) streamed into the upper half of the
array and the real input (IR) into the lower half. This layout
enables all four sub-operations to be computed in parallel
and accumulated within the array. Specifically, the left half
of the array, comprising the upper-left (WI ) and lower-left
(WR) quadrants, computes the real output as IR×WR–II×WI .
Similarly, the right half, composed of the upper-right (WR)
and lower-right (WI ) quadrants, computes the imaginary
output as II × WR + IR × WI . Since subtraction is required
only for the real output (specifically II × WI in the upper-
left quadrant), the Negation Logic is selectively enabled
only in the left half of the array (i.e., Negation Logic is
On in the left half and Off in the right half).
Selecting execution mode. To maximize performance
across CGEMM layers in CVNNs, HALO selects between
Half Mode and Quad Mode based on the matrix dimensions
of each layer. The selection is guided by estimating the
total cycles required to execute each mode. Here, total cycles
refers to the sum of cycles needed for prefill, computation,
and drain phases to complete the CGEMM execution. Given
the same computational throughput, a lower total cycle
count implies that the same amount of operations can be
performed in less time, thereby improving performance.
Note that memory stall cycles are not considered in this
estimate, as they are highly variable and difficult to predict
accurately. However, their impact on performance is negli-
gible because systolic arrays effectively mitigate such stalls
using double-buffering techniques [30, 50], which allow data
preloading to overlap with ongoing computation.

Algorithm 1 details the procedure for selecting the
execution mode yielding the lower total cycles. To measure
the total cycles, two terms are first calculated: (1) the
number of cycles required to process a single tile in each
mode (Cyclemode) and (2) the total number of tiles needed
to cover the entire CGEMM layer (Tilemode). Regarding the
first, for Half Mode, SR cycles are required for the prefill
phase, and 2 × (SR + SC + M – 2) cycles for computation
and drain phases; likewise, for Quad Mode, SR cycles are
needed for prefill and (SR + SC + M – 2) for computation

Algorithm 1 Select Execution Mode in HALO
Input: Operand matrix dimensions (M, N, K), systolic array size

(SR, SC)
Output: Selected execution mode: half _mode or quad_mode
1: Cyclehalf ← SR + 2× (SR + SC + M – 2)
2: Tilehalf ←

⌈
2K
SR

⌉
×

⌈
N
SC

⌉
3: Totalhalf ← Cyclehalf × Tilehalf
4: Cyclequad ← SR + (SR + SC + M – 2)

5: Tilequad ←
⌈

2K
SR

⌉
×

⌈
2N
SC

⌉
6: Totalquad ← Cyclequad × Tilequad
7: if Totalquad < Totalhalf then
8: Mode← quad_mode
9: else
10: Mode← half _mode
11: end if
12: return Mode

and drain. The compute and drain cycles in Half Mode is
doubled because its two-phase computation reuses prefilled
weights. Regarding the second, both the row (SR) and
column (SC) dimensions of the array are considered. For
Half Mode, the K dimension is divided by SR and then
doubled (2K/SR), reflecting the partitioned sub-tiles of size
(SR/2) × SC for each real and imaginary component. Then,
the N dimension is divided by SC without doubling, and
these two values are multiplied together. For Quad Mode,
the calculation is similar, however, the column dimension
is also doubled (2N/SC), as this mode halves both the row
and column dimensions (i.e., sub-tiles of (SR/2) × (SC/2)).
Finally, the total cycle count (Totalmode) is calculated by
multiplying the two terms, and the mode with the lower
value is chosen as optimal.
Negation logic. To perform the operand negation for
imaginary products, HALO places a 1-bit XOR gate along
the data path at the midpoint of the systolic array (i.e., at
the row boundary between the upper and lower halves).
Assuming a floating-point representation, the operand can
be negated by flipping the sign bit using the XOR gate.
Specifically, in Half Mode, the XOR gates are enabled
during the first computation phase to negate the imaginary
term (II × WI ), and disabled in the second phase when
the imaginary output is computed by direct addition. In
Quad Mode, only the left half of the array requires negation
for the real output computation, so the XOR gates are
selectively activated in that region. This design enables in-
place operand negation with marginal hardware overhead,
as demonstrated in §5.5. By integrating this lightweight
mechanism with mode-specific activation control, HALO
efficiently supports both execution modes.

5. Evaluation
This section outlines our simulation methodology and

presents the evaluation results for the proposed architecture.
We comprehensively assess performance, memory usage,
and energy efficiency to validate its effectiveness. Finally,
we conduct a sensitivity study to analyze how the systolic
array size impacts the performance of HALO.
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TABLE 1: Baseline system parameters [27].

Component Description
Systolic array One 256×256 weight-stationary pod
On-chip SRAM buffer 6MB for input and weight, 4MB for output
Off-chip memory HBM2 with a bandwidth of 614GB/s

5.1. Methodology
We evaluate our proposed design using a cycle-accurate

systolic array simulator, SCALE-Sim v2 [50], which is modi-
fied to support CGEMM computations. The baseline system
parameters are summarized in Table 1. To model the energy
consumption, we configure the system to operate at a clock
frequency of 1GHz and combine the simulation outputs from
SCALE-Sim with energy modeling tools. Specifically, we use
Accelergy [61] to estimate the dynamic and static energy
consumption for MAC operations, SRAM buffer access, and
off-chip memory access, and apply DeepScaleTool [51] to
scale these values to the 7nm technology node, consistent
with the fabrication process of TPUv4i [27]. Furthermore,
we implement the introduced Negation Logic in Verilog
and synthesize it using Synopsys Design Compiler with the
FreePDK library [40] to obtain area estimates.

We run six CVNN models: AlexNet, VGG11, VGG16,
ResNet18, ResNet34, and Transformer [65, 67]. These
models have the same layer configurations as their RVNN
counterparts [22, 34, 52, 58], except all matrix multiplica-
tions are implemented as CGEMMs. In our evaluations, we
compare four configurations: (1) Baseline, (2) Half Mode,
(3) Quad Mode, and (4) HALO. Baseline is a conventional
systolic array architecture using the four-phase CGEMM
execution (§3.1). Half Mode and Quad Mode partition the
array into two and four logical sub-arrays, respectively, en-
abling CGEMM execution by fusing multiple sub-operations.
HALO is the proposed architecture which switches between
Half and Quad Mode for each layer, aiming to maximize
performance across different layers in CVNNs.

5.2. Speedup and PE Utilization
Figure 10 presents the speedup and PE utilization

results, with speedup normalized to the performance of
the Baseline. For these two metrics, we also evaluate an
additional configuration, Fold Set-Wise Scheduling (FSWS),
which is one of the CVNN-aware scheduling techniques
proposed in prior work [36]. Whereas the baseline scheduler
executes each sub-operation one by one (i.e., completing
all tile operations for a sub-operation before moving to the
next), FSWS prefills a weight tile and then sequentially loads
the corresponding real and imaginary input tiles, thereby
enabling the prefilled weight tile to be reused across two
sub-operations. That is, FSWS groups the four tile operations
required for a single complex-valued output tile (i.e., its real
and imaginary components) into a fold set, which is then
scheduled sequentially to eliminate duplicated weight fills.
Our evaluation shows that FSWS yields an 8.3% speedup over
the Baseline, but its PE utilization is identical to that of the
Baseline. This is because FSWS only addresses redundant
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Figure 10: Normalized speedup and PE utilization.
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weight loads and does not overcome the second challenge of
executing CGEMM on systolic arrays—PE underutilization.

The main goal of our proposed architecture is to utilize
PE resources more effectively such that these valuable
resources are not left idle during CGEMM computations,
ultimately accelerating CVNNs. As shown in the figure,
Half Mode achieves an average speedup of 18.7%. This is
attributed to two key benefits: (1) PE utilization increases by
4.5 PP over the Baseline through the logical partitioning
scheme (a gain unattainable through FSWS); and (2) weights
are reused across two computation phases, reducing the
prefill time otherwise spent loading redundant values into
the array. Quad Mode delivers a higher average speedup of
31.7%, further enhancing PE utilization by 19.1 PP due to
the finer-grained array partitioning. Although Quad Mode
outperforms Half Mode on average, there are layers where it
offers little to no gain, while Half Mode provides significant
performance improvements for them (§4.1). Therefore, by
selecting the optimal mode on a per-layer basis, HALO
achieves an overall speedup of 44.3% over the Baseline.
It is worthwhile to note the PE utilization in HALO drops
slightly (by 0.6 PP) compared to Quad Mode. This minor
reduction occurs because some layers benefit more from
reduced data fetches under Half Mode than from the higher
PE utilization provided by Quad Mode. As such, HALO opts for
Half Mode in those cases, leading to a modest decrease in
overall utilization. Nonetheless, HALO still achieves 89.9% PE
utilization, demonstrating that around 90% of PE resources
are efficiently utilized throughout CGEMM computations.
Consequently, the proposed hybrid systolic array architec-
ture effectively enhances CVNN performance via a novel
CGEMM execution strategy based on logical partitioning,
requiring only minimal modifications to existing systolic
array designs.

5.3. On-Chip Memory Usage
To assess the efficacy of HALO in reducing on-chip

memory usage, we measure the number of accesses to input
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Figure 12: Normalized energy and EDP.

and weight SRAM buffers. Figure 11 shows the normalized
accesses to both on-chip buffers. In Half Mode, weight
buffer accesses are reduced by half (15.1 PP) compared
to the Baseline through weight reuse, while input buffer
accesses remain the same as in the Baseline. In contrast,
Quad Mode does not reduce the weight buffer accesses but
significantly decreases the input buffer accesses by 16.0 PP.
The reduction in input buffer accesses stems from finer-
grained tile mapping via smaller logical sub-arrays, which
mitigates redundant accesses caused by coarse-grained
tiling. Finally, HALO reduces both input and weight buffer
accesses by 16.0 PP and 13.1 PP, respectively. Both benefits
are achieved through the hybrid execution strategy, which
selects the optimal mode for each CGEMM layer, balancing
operand reuse and PE resource utilization.

5.4. Energy Efficiency
To evaluate the energy efficiency of the proposed

architecture, we measure the energy consumption and
the Energy-Delay Product (EDP). Figure 12 presents both
results, normalized to the Baseline and averaged across
all evaluated CVNNs. As shown in Figure 12a, Half Mode
reduces energy consumption by 6.1%, primarily due to its
ability to reuse weight matrices across two computation
phases, thereby halving accesses to the power-hungry
SRAM buffer. Quad Mode achieves a slightly higher reduction
of 7.6%, which is attributed to improved utilization of PE
resources and fewer accesses to the input SRAM buffer. By
leveraging the benefits of both Half Mode and Quad Mode
depending on the matrix dimensions of each layer, HALO
achieves the best energy efficiency, decreasing energy
consumption by 10.0% compared to the Baseline.

A similar trend is observed in the normalized EDP
results, as shown in Figure 12b. Half Mode and Quad Mode
reduce EDP by 19.3% and 24.3%, respectively, compared to
the Baseline. The EDP reduction is even more pronounced
in HALO, achieving an average reduction of 32.3% compared
to the Baseline. In summary, HALO demonstrates the high-
est energy efficiency among all configurations, validating
its performance as well as architectural effectiveness.

5.5. Hardware Overhead
To support the logical partitioning-based CGEMM com-

putations, HALO integrates a Negation Logic that selec-
tively flips the sign bit of intermediate products during
accumulation. Although lightweight in design, this logic
introduces hardware overhead with additional XOR gates
for negation. Therefore, we evaluate the area and power
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Figure 13: Normalized speedup and PE utilization of the
proposed schemes varying systolic array configurations.

consumption of the logic, assuming that HALO is integrated
into TPUv4i [27] which contains four 128×128 pods. While
the baseline includes a 256×256 pod similar to the latest
TPU (TPUv6e [18]), its die size is not publicly disclosed.
As such, we instead adopt TPUv4i for area and power
measurements, as it is a representative systolic array
architecture with publicly reported specifications.

Based on the synthesis results, the Negation Logic
occupies 0.22mm2, accounting for just 0.05% of the 400mm2

TPUv4i die. For the power measurements, we scale the
power consumption of a single XOR gate by the total
number of gates across the arrays, amounting to 512 gates
for four 128×128 pods. Given that a single XOR gate
consumes 2.52µW [17], the total power consumption of
the added logic is estimated at 1290µW. Compared to the
75W power budget of TPUv4i, this accounts for 2×10-6% of
the total chip power. In conclusion, the overhead from the
added logic is negligible—especially when weighed against
its substantial gains in performance and energy efficiency.

5.6. Sensitivity Study
Thus far, we have evaluated the proposed architecture

using a single 256×256 systolic array. We now study how
different systolic array configurations affect the PE utiliza-
tion and performance of HALO. Figure 13 reports the speedup
and PE utilization results for four configurations: 256×256
(1 pod), 128×128 (4 pods), 64×64 (16 pods), and 32×32 (64
pods). All results are averaged over a set of CVNNs, and
speedup values are normalized to the Baseline.

Under the modest configuration with four 128×128
arrays, HALO shows performance improvement of 26.2%
over the Baseline, though this gain is slightly lower than
that achieved with a single 256×256 array. This is because
the Baseline system with 128×128 arrays already achieves
relatively high PE utilization (12.9 PP higher than with
256×256 arrays), thus leaving less room for improvement.
Scaling down to 64×64 and 32×32 shows diminishing gains,
as these configurations inherently mitigate underutilization,
with Baseline already achieving 96% utilization. As a result,
HALO achieves more modest speedups of 11.0% and 6.1%
over each corresponding Baseline on the 64×64 and 32×32
configurations, respectively.

Meanwhile, we find that in these scale-out designs,
Half Mode tends to outperform Quad Mode; while Half Mode
consistently provides around 10.0% speedup, Quad Mode
offers less than 2% improvement in these configurations.
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The rationale is that, in scale-out designs with minimal
underutilization, reusing weights in Half Mode offers more
substantial benefits by mitigating on-chip memory pressure.
In summary, HALO demonstrates its effectiveness in both
scale-up and scale-out architectures, albeit with smaller
gains in scale-out designs.

6. Related Work

Architecting CGEMM accelerators. Several prior studies
have suggested accelerator designs to improve the compu-
tational efficiency of CGEMM. Ha et al. [20] introduced a
Matrix Multiplication Unit (MXU) architecture supporting
high-precision complex-valued matrix operations using
low-precision MXUs, enhancing performance with modest
extensions and improved power efficiency. Ahmad et al. [3]
designed an FPGA-based accelerator tailored for CVNNs,
particularly for image classification tasks using polar-form
complex representations. Their design includes detailed
implementations of complex-valued arithmetic units such
as complex adders and multipliers. Gan et al. [16] presented
an algorithm-hardware co-design for CVNNs in wireless
communication, featuring a dedicated engine with config-
urable complex convolution and ReLU units. While these
studies achieve efficient CGEMM acceleration primarily
through adder tree-based architectures and dedicated hard-
ware components, this work introduces a systolic array-
based CGEMM accelerator specifically designed for CVNNs.
Lee et al. [36] also developed a CVNN accelerator using
systolic arrays, where rectangular-form complex numbers
are computed through four separate arrays. While their
focus lies in optimizing scheduling across multiple arrays,
this work explores executing CGEMM within a single
systolic array through a novel logical partitioning approach.
Optimizing GEMM execution on systolic arrays. Prior
work has explored various architectural strategies to en-
hance the efficiency of GEMM execution on systolic arrays.
Xu et al. [64] explored dataflow and buffering strategies
to improve GEMM execution in compact CNNs. They
proposed a dataflow scheme to exploit data reuse and
designed a flexible on-chip buffer that adapts to array size
scaling while minimizing memory traffic. Nayan et al. [42]
implemented a novel in-array data orchestration mechanism
that feeds data along the diagonal and enables bi-directional
propagation, reducing prefill latency and thus improving
performance. Qin et al. [45] presented a flexible GEMM
accelerator architecture that addresses the inefficiencies of
systolic arrays when processing irregular and unstructured
sparse matrices in DNN training. Their design introduces
a reconfigurable interconnect and tree-based reduction to
boost compute utilization and reduce data movement under
varying sparsity. Xu et al. [63] addressed low PE utilization
in systolic arrays for small or depthwise convolutions by
enabling multi-directional dataflows. While these studies
focus on optimizing GEMM execution on systolic arrays,
our work aims to accelerate CGEMM using a hybrid design
that maximizes PE utilization.

7. Conclusion
Computing CGEMM operations on systolic arrays poses

two key challenges: redundant data fetches and underutiliza-
tion of PE resources. To overcome these limitations, this pa-
per proposes HALO, a hybrid systolic array architecture that
exploits logical partitioning to execute multiple CGEMM
sub-operations concurrently by adjusting matrix layout. We
present a simple yet effective mode selection algorithm
to determine the optimal execution mode per layer and
incorporate a lightweight negation logic to enable seamless
accumulation of partial products across logical partitions.
HALO switches between Half Mode and Quad Mode based on
the configuration of each layer, thereby achieving optimal
performance across diverse CGEMM layers in CVNNs.
Compared to the baseline four-phase CGEMM execution on
conventional systolic arrays, HALO delivers a 44.3% speedup
with 10.0% and 32.3% reductions in energy consumption
and EDP, respectively.
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