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Abstract—Machine learning accelerators face a growing mis-
match between rapidly evolving models and fixed-function hard-
ware. Dense ML ASICs achieve high efficiency on GEMMs
but perform poorly on non-linear and sparse kernels, while
homogeneous coarse-grained reconfigurable arrays (CGRAs)
provide flexibility at the cost of compute density and utilization.
We present Zircon, the first fabricated heterogeneous CGRA
SoC that combines a specialized array, optimized for dense
GEMMs and convolutions, with a flexible array designed for
non-GEMM and sparse ML operations. Across dense and sparse
ML workloads, Zircon achieves up to 34.5× and 33.4× better
energy-delay product (EDP), respectively, than homogeneous
CGRAs, while matching the EDP of fixed-function ML ASICs
with substantially greater flexibility.

Index Terms—Heterogeneous CGRA, machine learning accel-
eration, reconfigurable computing

I. INTRODUCTION

Modern machine learning (ML) models, such as
transformer-based language models, evolve rapidly as
new training techniques, architectural motifs, and non-linear
operators emerge. In contrast, fixed-function ML accelerators
are optimized around a narrow set of dense kernels, primarily
general matrix multiplication (GEMM) [1]–[4]. While
this specialization enables high efficiency, non-GEMM
components such as activation functions, normalization
layers, attention mechanisms, transpose, and sparse tensor
operations are often executed inefficiently or offloaded to a
CPU, degrading end-to-end performance.

Stand-alone coarse-grained reconfigurable arrays (CGRAs)
offer adaptability as algorithms change, but homogeneous
CGRAs suffer from low compute density and routing con-
gestion on large GEMMs, and poor spatial and temporal
utilization on sparse and irregular workloads [6], [7]. These
issues worsen as sparsity becomes increasingly prevalent in
modern ML models. Beyond hardware limitations, flexible
CGRAs also lack the software infrastructure needed to map
the growing diversity of non-GEMM operators in a fusion-
aware manner, making it difficult to track and support emerg-
ing workloads without significant manual re-engineering. To-
gether, these trends expose a fundamental gap in the accelera-
tor design space (Fig. 1): dense ML ASICs deliver efficiency
without adaptability, homogeneous CGRAs provide flexibility
without density, and reconfigurable accelerators broadly suffer
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① (a) Fixed-Function ASICs Impose CPU Overhead on Unsupported Ops

③ No Fusion-Aware HW-SW Stack Adds Data Transfer and Human Effort

② Low Utilization on Sparse Workloads Hurts Performance
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Fig. 1. The ML accelerator design gap. Zircon targets these previously
unaddressed challenges, combining high efficiency with adaptability.

from low utilization on sparse tasks and lack the full-stack sup-
port needed to deploy emerging non-GEMM ML operations.

To address this gap, we present Zircon (Fig. 2), the first
fabricated heterogeneous CGRA SoC. Zircon makes three con-
tributions: (1) a heterogeneous CGRA architecture integrating
a specialized array (SA) for dense GEMMs and convolutions
with a flexible array (FA) for sparse tensor algebra and non-
GEMM ML operations, enabling 14.2× and 1.36× higher
multiply-accumulate (MAC) and memory density; (2) sparse
acceleration hardware, including a locator primitive, sparse tile
pipelining, and sparse tile unrolling, that improves the array
utilization and sparse ML EDP by up to 9× and 33.4×; and
(3) a hardware-software stack for mapping dense non-GEMM
ML operators onto the FA, enabling composability, fusion,
and forward support for emerging workloads, improving non-
GEMM ML operator performance by up to 2.4×.

II. HETEROGENEOUS SOC ARCHITECTURE

Zircon’s heterogeneous SoC architecture (Fig. 2) is designed
to strike a balance between compute density and flexibility
by integrating two arrays with complementary roles, enabling
efficient acceleration across dense and sparse ML workloads.
It consists of a flexible array (FA), a specialized array (SA),
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same region the FA would fit 144 PEs and 192 KB of SRAM, with 14.2×
and 1.36× higher MAC and memory density respectively.

a 1.75 MB global buffer (GLB), and an Arm Cortex-M3
CPU. The GLB has 14 tiles, each with 128KB of SRAM and
dedicated load and store units.

The flexible array is a distributed CGRA composed of
processing element (PE) and memory (MEM) tiles connected
by a reconfigurable interconnect. Flexible PEs have dense
cores supporting BF16 and INT16 arithmetic and sparse cores
implementing the sparse abstract machine (SAM) [8] compute
primitives. Flexible MEM tiles include 4 KB of SRAM,
configurable address generators, and SAM storage primitives.
These PEs and MEMs enable support for non-GEMM ML op-
erators and sparse tensor algebra with reconfigurable dataflow.

The specialized array is derived from the FA and is
specialized for GEMMs and convolutions with MAC-only
PEs and a systolic interconnect, reducing PE area and en-
abling 14× higher MAC density. Similarly, specialized MEM
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tiles simplify address generation for GEMM access patterns,
achieving 1.36× higher density. Fig. 3 shows the flexible
and specialized PEs and MEMs. To balance inference energy
efficiency and accuracy, the SA also supports MXINT8 mi-
croscaling through dedicated dequantization and accumulation
PEs (Fig. 2, bottom-left).

Zircon enables low-overhead composition of GEMM and
non-GEMM kernels by streaming SA outputs directly into
the FA through FIFO-based ready-valid interfaces (Fig. 2,
bottom), avoiding intermediate writes to global memory. Both
arrays require flexible, placement-independent access to global
memory. Zircon employs a ring interconnect between the SA
and GLB, which gives the SA uniform-latency access to all
GLB tiles (Fig. 4). Requests traverse through the ring until
they reach the target tiles, which then send the data back
to the SA along the rest of the loop. The FA can access
any GLB tile via the configurable I/O switch boxes shown
in Fig. 2. Zircon further increases FA-GLB bandwidth by
aggregating data across multiple routing tracks, achieving 4×
higher bandwidth than prior CGRAs [6], [7]. This prevents the
SA from being back-pressured by the FA due to limited FA-
GLB bandwidth and ensures rate matching between compute
and memory across the heterogeneous SoC.

III. SPARSE ACCELERATION HARDWARE OPTIMIZATIONS

Sparse-dense matrix multiplication (SpMM) is a key kernel
in sparse ML networks such as graph convolutional networks
(GCNs). In prior CGRAs, SpMM performance is constrained
by dense-stream traversal during elementwise merge intersec-
tion [7]. However, the intersection is redundant for SpMM, as
all elements in the sparse operand are present in the output,
essentially making the intersection operation a no-op (Fig. 5,
left). Zircon addresses this limitation with a new locator prim-
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itive in the FA PE, which computes dense operand addresses
using the sparse coordinates and the dense dimension. It
iteratively offsets the address by the dense dimension when
traversing a new sparse fiber, while forwarding the sparse
coordinates and memory locations to the output (Fig. 5, right).
This eliminates dense-stream traversal, yielding up to 2.3×
speedup and driving most of the EDP improvement on GCN.

Sparse workloads also suffer from low utilization in prior
CGRAs due to their inability to fully utilize global memory
bandwidth and overlap global memory accesses with com-
pute. Zircon integrates sparse tile pipelining and unrolling
[9] to address temporal and spatial underutilization. Sparse
tile pipelining uses double-buffered level storage in the FA
MEM with decoupled reads and writes, so consecutive sparse
tiles can overlap in time. Sparse tile unrolling replicates the
compute graph across FA regions, time-multiplexes GLB input
streams, and arbitrates out-of-order outputs into reserved GLB
regions. Together, these two techniques improve FA utilization
by up to 9× on sparse workloads (Fig. 6).

IV. HARDWARE-SOFTWARE STACK FOR DENSE
NON-GEMM ML OPERATIONS

Previous CGRAs lack systematic support for dense non-
GEMM ML operations, which typically leads to heavy manual
effort in kernel implementation and poor support for complex
operator schedules. Complex non-GEMM operators, such as
LayerNorm and Softmax, are often executed as multiple sepa-
rate passes in prior CGRAs and ASICs [1], [2], [6], increasing
intermediate data movement and degrading performance.

Zircon introduces a hardware-software stack for dense non-
GEMM ML operations based on a Halide frontend, which de-
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composes operators into reusable FA building blocks: elemen-
twise, reduction, accumulation, and line buffer components
(Fig. 7, left). The stack then groups the decomposed blocks
into fusible patterns and executes them in a single pass. To
enable such fusion, the stack generates FA MEM tile schedules
that buffer intermediate results within the array, eliminating
the need for intermediate writes to the GLB. The MEM tile
schedules also enable delay matching to reduce stalls and
increase throughput. Overall, our software stack enables fusion
across non-GEMM operators, reducing data movement and
significantly improving performance. Fig. 7 illustrates part of
a LayerNorm mapping using the building blocks. It achieves
a 2.4× runtime improvement over non-fused LayerNorm.

V. RESULTS

Zircon is fabricated in Intel 16 (Fig. 9a). We evaluate it
on a range of dense and sparse ML workloads. Fig. 8 and
Table I report full-model results for ResNet-18, BERT-base,
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TABLE I
COMPARISON WITH STATE-OF-THE-ART CGRAS AND ASICS.

DNN ASIC Transformer ASIC LLM ASIC SoC w/ CGRA SoC w/ CGRA SoC w/ CGRA
40 nm/65.6 mm2 12 nm/4.6 mm2 28 nm/16 mm2 12 nm/23 mm2 16 nm/16 mm2 16 nm/16 mm2

0.9 V/100 MHz 0.62-1.0 V/717
MHz 1.0 V/200 MHz 0.78 V/970 MHz 0.85 V/720 MHz 0.84-1.2 V/200

MHz

Posit8 FP4, FP8 FP16, INT1-4 INT16, BF16 INT16, BF16 INT16, BF16,
MXINT8

0.026-0.051 0.37-0.73 5.408 0.57 – 0.70 5

0.43-0.50 8.24-18.1 99.3 0.76 – 1.37 5

Runtime 72.1 ms – – 89 ms – 11.5 ms
ImageNet
Accuracy 70.2% – – 68.9% – 69.3%

Runtime 817 ms 682 ms – 135.3 ms 6 160.4 ms 6 109.5 ms
SST-2

Accuracy 91.9% 90.3% – – – 90.2%

Prefill
Runtime – – Mamba-1.4B 4

74750 ms 8
Llama3.2-1B 3

7870 ms 6 7
Llama3.2-1B 3

9332 ms 6 7
Llama3.2-1B 3

2802 ms 7

Accuracy
and Loss – – 14.02 (+2.5) 9 – – 5.95 (+0.03) 10

Sparse GCN Runtime – – – 589 ms 190 ms 142 ms
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Fig. 9. (a) Zircon die photo. (b) Sparse kernel performance. Sparse tile
pipelining and unrolling improve sparse kernel performance by up to 1.8×,
eliminating utilization collapse in prior CGRAs [6], [7]. Bars are normalized
to Onyx, with data labels showing absolute values.

Llama3.2-1B, and GCN. In GCN, dense linear layers are
mapped to the SA and sparse layers to the FA, aligning
each layer with the appropriate array. Across these workloads,
Zircon achieves up to 34.5× lower EDP than homogeneous
CGRAs [6], [7]. Fig. 9b presents results for sparse expression
benchmarks, featuring five tensor kernels commonly used in
sparse applications. Tile pipelining and unrolling improve
kernel performance by up to 1.8×, eliminating the utilization
collapse observed in prior CGRAs. Table I compares Zircon
against prior work. Relative to prior CGRAs, Zircon achieves
the highest reported throughput and energy efficiency and de-
livers up to 7.7× lower runtime on ML models, at comparable
accuracy. Compared with prior ASICs, Zircon shows up to
7.5× lower runtime, while maintaining similar task accuracy.
Zircon demonstrates that heterogeneous CGRAs can deliver
ASIC-class efficiency on dense ML while sustaining high
utilization on sparse and non-GEMM workloads, providing a
scalable path for future ML accelerators.
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