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Abstract—We propose techniques to raise throughput for
compute-intensive loops when implemented in multi-context
CGRAs via judicious choices for context count and loop-unroll
factor. We show that using a non-minimal initiation interval (II)
can yield higher throughput in many applications (vs. using the
minimum II), provided there is sufficient loop unrolling. Average
throughput improvements of 36% are achieved across a range
of applications, CGRA sizes and context counts.

I. INTRODUCTION

Modern computing has entered the accelerator era where
general-purpose processor performance plateaus due to the
slowing of Moore’s Law [1] and the physical limits of tradi-
tional scaling [2]. This trend has led to an increased reliance
on domain-specific accelerators, which offer higher efficiency
and performance than general-purpose CPUs for specific
workloads. Coarse-Grained Reconfigurable Arrays (CGRAs)
present a middle ground between FPGAs and ASICs by offer-
ing higher efficiency than FPGAs while retaining adaptability.
A challenge for EDA tools is to produce implementations
that maximize computational throughput by leveraging the
underlying capabilities of the target IC media. We propose
compilation techniques for raising the throughput of CGRAs.

Many CGRAs offer a feature called multi-context [3], [4],
where the CGRA is loaded with multiple configuration bit-
streams: each referred to as a context. The CGRA switches
contexts on a cycle-by-cycle basis, allowing the CGRA hard-
ware to be time multiplexed. Typically, context changes are
done in a round-robin manner, e.g., with four contexts, the
CGRA iterates through contexts 0, 1, 2, 3, 0, 1, . . . . Round-
robin context switching is common as CGRAs are often
used to accelerate compute-intensive loops. The multi-context
notion is closely related to the loop’s initiation interval (II).
In multi-context CGRAs, the initiation interval (II) equals the
number of contexts required for the loop body. If a loop body
is implemented in a 2-context CGRA, a new loop iteration
will commence every 2 clock cycles, implying II = 2. This
work explores how Context count and loop Unrolling affect
Throughput in Multi-Context CGRAs (CUT-MC).

Conventional wisdom is that implementations with the low-
est II offer the best throughput. We challenge this wisdom
by showing that in certain scenarios, a higher non-minimal II
offers better throughput, when combined with loop unrolling.

Fig. 1: Flowchart for multi-context unrolling exploration.

If an unrolled-by-3 loop body can fit into a two-context CGRA
(II = 2), the throughput is 3/2 = 1.5, which is 50% higher
than the throughput associated with II = 1. Counterintuitively,
a higher II leads to higher throughput. This occurs when
the loop unroll factor increases faster than the II (number of
contexts) needed for successful mapping. It is precisely this
phenomenon that we leverage in this work.

Our work is implemented within MLIR-to-CGRA [5],
an MLIR-based front-end compiler that translates high-level
C/C++ code into optimized Data Flow Graphs (DFGs) map-
pable to CGRAs through the CGRA-ME framework [6]. We
introduce new compiler passes that systematically evaluate
loop unrolling factors while dynamically adjusting the II
to identify throughput-optimal configurations. Experimental
results demonstrate that the proposed techniques significantly
raise throughput, by 36% on average, across a variety of
benchmarks and CGRA sizes.

II. UNROLLING & MULTI-CONTEXT EXPLORATION

Fig. 1 shows the flow of the multi-context unrolling explo-
ration approach. The process begins with generating the initial
affine dialect MLIR, following the procedure of MLIR-to-
CGRA [5]. At this stage, a copy of the compiler’s intermediate
representation (IR) is saved, as the copy will be used as the
starting point for generating multiple unrolled DFGs.

The next step is to unroll the main loop body. The unroll
factor starts at 1 (i.e., no unrolling). For a given unroll factor,
the compiler attempts to generate and evaluate an unrolled
DFG. The unroll factor is increased only if the generated DFG
is accepted, up to a configurable maximum threshold. Next, the



TABLE I: Base and unrolling exploration optimized throughput for benchmarks and different CGRA sizes.

Benchmark 8× 8 10× 10 12× 12 14× 14 16× 16 Mean SpeedupBase Opt Base Opt Base Opt Base Opt Base Opt
fir 2.0 2.29 2.0 2.88 3.0 3.5 3.0 4.13 4.0 4.71 1.26
mvt 0.5 0.60 0.5 0.75 0.5 0.88 1.0 1.00 1.0 1.20 1.33
gesummv 0.33 0.33 0.33 0.43 0.5 0.5 0.5 0.63 0.5 0.71 1.19
relu 1.0 1.60 2.0 2.0 2.0 2.4 2.0 2.8 3.0 3.2 1.25
seidel-2d 0.33 0.43 0.5 0.6 0.5 0.71 0.5 0.83 0.5 0.88 1.47
trisolv 0.5 0.5 0.5 0.67 0.5 0.8 0.5 0.88 1.0 1.0 1.34
floyd-warshall 0.5 0.88 1.0 1.2 1.0 1.43 1.0 1.67 1.0 1.88 1.58
spmv 0.5 0.8 1.0 1.0 1.0 1.2 1.0 1.4 1.0 1.6 1.36
bicg 0.33 0.43 0.5 0.6 0.5 0.71 0.5 0.83 0.5 0.88 1.47
Size Mean Speedup 1.32 1.24 1.36 1.46 1.43 1.36

final passes from the MLIR-to-CGRA tool are run to ensure
the DFG is correctly generated after unrolling. Afterward, an
attempt is made to schedule the generated DFG. For this
work, a heuristic resource-constrained scheduler was devel-
oped based on the modulo System of Difference Constraints
(SDC) scheduling of the LegUp high-level synthesis tool [7].
A final check determines whether the generated DFG with the
current unrolling factor is accepted. If the CGRA utilization
exceeds configured thresholds, the DFG is rejected.

If the DFG is accepted, the unrolling factor increases.
If the DFG is not accepted, the unrolling factor remains
unchanged, and the II (number of contexts) is increased by 1.
If the II reaches a configured limit, the pass concludes. The
successfully generated DFGs are saved for later analysis, from
which the best-performing configuration can be selected.

III. EXPERIMENTAL RESULTS
We evaluate the multi-context unrolling exploration by com-

paring the throughput vs. values acquired using the baseline
MLIR-to-CGRA method. For the multi-context unrolling, we
considered II values from 1 to 8, reflecting an architecture
with 8 contexts. This represents a reasonable # of configura-
tions, similar to other multi-context CGRA works [3], [8], [9].
The resource utilization threshold is set to 60% of memory
and ALU resources. A legal mapping was possible for all
application DFGs. CLUMAP [10], integrated into CGRA-ME
2.0 [6], [11], is used for mapping. CLUMAP uses simulated
annealing-based placement, followed by negotiated congestion
routing [12]. A collection of applications from Polybench [13],
Machsuite [14], and CGRA-Bench [15] was used to evaluate
the proposed methods. A modified HyCUBE [5], [16] support-
ing predication is the target CGRA.

Fig. 2 shows the multi-context unrolling exploration
throughput compared with the baseline throughput for each
benchmark and architecture size explored. The vertical axis
reflects throughput. The blue portion of each bar is the
minimum-II baseline throughput; the orange portion of each
bar indicates higher throughput from the use of non-minimal
II values. The chart illustrates that multi-context unrolling
exploration yields gains in throughput with even modest in-
creases in CGRA size, allowing performance to scale roughly
linearly with the increase of CGRA resources.

Table I shows the throughput achieved in the baseline and
with the unrolling/multi-context exploration, for five different
CGRA sizes. Observe that all benchmarks achieved a speedup

Fig. 2: Stacked bar chart showing base throughput (blue) and
multi-context unrolling exploration throughput (orange) for
each benchmark at CGRA sizes: 8 × 8, 10 × 10, 12 × 12,
14× 14 and 16× 16.
greater than the baseline min-II method for at least one ar-
chitecture size. Depending on CGRA size, average throughput
improvements range from 24% to 46%. For individual bench-
marks, throughput improvements up to 75% are observed.
It is expected that the proposed method does not provide
a performance gain for some benchmarks and CGRA sizes:
The best throughput is achieved when the utilization is at the
utilization limit. So, if the baseline min-II case can achieve
this through unrolling at the lowest-possible II , then the
proposed multi-context unrolling approach will not find any
better results. Overall, the results clearly demonstrate that use
of non-minimal II values, combined with unrolling and tar-
geting multi-context CGRAs, can yield significant throughput
improvements over a baseline min-II approach.

IV. CONCLUSIONS

We proposed CGRA compilation techniques to raise com-
putational throughput by using loop unrolling and taking
advantage of multiple CGRA contexts (configurations). Con-
ventional wisdom suggests that the highest throughput is
associated with the lowest II . We demonstrated that higher
throughput can be achieved using a non-minimal II , pro-
vided that the loop unroll factor exceeds the new II and
that the application can be mapped into the target CGRA
size. We incorporated resource-constrained scheduling and
a multi-context unrolling exploration pass into the MLIR-
to-CGRA [5] framework for such throughput optimization.
Across all benchmarks and CGRA sizes considered, and
considering 8 available CGRA contexts, average throughput
improvements are ∼36%.
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