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Stencil Codes and Their Performance

• Update points in nD grid using 
neighbors in fixed pattern (stencil)

• Physics, signal processing, ML …

• Vary in size, shape, arithmetic intensity

• Performance through code generators

• Main bottleneck: memory accesses

• Small stencils: memory bound

• Complex shapes: irregular accesses

• On energy-efficient in-order cores: 
address calculation, access overheads

2



Accelerating Stencils with Stream Registers

• Stream Registers (SRs): map 
streams to register accesses

• Addresses hardware-generated

Near-ideal FPU utilization on data-driven 
workloads even on single-issue InO cores

• Indirect SRs: use base address 
and index array for scatter-gather

• Accelerate arbitrarily irregular accesses

• How can we use indirect SRs to
accelerate generic stencil codes?

3

Indirect SR indices data

affine

iterators

config serialize

ba
se

+

ad
dr

da
ta

to memory

to regfile

addrgen

requests

read data

write data

in
d

e
x 

re
q

s
.

in
d

ic
e

s

d
a

ta
 r

e
q

s
.

d
a

ta



Our Contributions

• SARIS: a generic method for Stencil Acceleration
using Register-mapped Indirect Streams

• SW implementation: on RISC-V compute cluster with indirect SRs
• Baseline (RV32G) stencil codes

• SARIS-accelerated stencil codes

• Evaluation: on cluster (vs. RV32G baseline):
• 2.72× speedups, 81% FPU utilization (geomean)

• 1.58× higher energy efficiency (geomean)

• Scaleout & SoA Comparison: on 256-core system with HBM2E:
• 2.14× speedups, 64% FPU utilization (geomean)

• 15% higher fraction of peak compute than leading GPU code generator
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for z in 1 to N-1:

for y in 1 to N-1:

for x in 1 to N-1:

out[z][y][x] = c0 * inp[z][y][x]

+ cx * (inp[z][y][x-1] + inp[z][y][x+1])

+ cy * (inp[z][y-1][x] + inp[z][y+1][x])

+ cz * (inp[z-1][y][x] + inp[z+1][y][x]);

Example: 7-Point Star (7PS) Stencil
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Assume:

• N3 grid

• FP64 data

• double-buffered

(inp  out)

x: fld ft0, 0(t0)      # inp[z][y][x]
fmul.d ft0, %[c0], ft0
fld ft1, -8(t0)     # inp[z][y][x-1]
fld ft2,  8(t0)     # inp[z][y][x+1]
fadd.d ft1, ft1, ft2
fmadd.d ft0, %[cx], ft1, ft0
fld ft1, -YOFFS(t0) # inp[z][y-1][x]
fld ft2,  YOFFS(t0) # inp[z][y+1][x]
fadd.d ft1, ft1, ft2
fmadd.d ft0, %[cy], ft1, ft0
fld ft1, 0(t1)      # inp[z-1][y][x]
fld ft2, 0(t2)      # inp[z+1][y][x]
fadd.d ft1, ft1, ft2
fmadd.d ft0, %[cz], ft1, ft0
fsd ft0, 0(t3)      # out[z][y][x]
addi t0, 8
addi t1, 8
addi t2, 8
addi t3, 8
bne t0, a0, x

Compile

point loop

for RV32G



x: fld ft0, 0(t0)      # inp[z][y][x]
fmul.d ft0, %[c0], ft0
fld ft1, -8(t0)     # inp[z][y][x-1]
fld ft2,  8(t0)     # inp[z][y][x+1]
fadd.d ft1, ft1, ft2
fmadd.d ft0, %[cx], ft1, ft0
fld ft1, -YOFFS(t0) # inp[z][y-1][x]
fld ft2,  YOFFS(t0) # inp[z][y+1][x]
fadd.d ft1, ft1, ft2
fmadd.d ft0, %[cy], ft1, ft0
fld ft1, 0(t1)      # inp[z-1][y][x]
fld ft2, 0(t2)      # inp[z+1][y][x]
fadd.d ft1, ft1, ft2
fmadd.d ft0, %[cz], ft1, ft0
fsd ft0, 0(t3)      # out[z][y][x]
addi t0, 8
addi t1, 8
addi t2, 8
addi t3, 8
bne t0, a0, x

7PS on RISC-V (RV32G) Baseline

• Only 7/20 issues are useful compute

• Address compute, load-stores dominate

• Single-issue InO cores: ≤39% FPU util.

• x unroll benefits limited (up from 35%)

• Ignores memory, dependency stalls

• Inefficiencies generalize across stencils

• Can we improve utilization with SRs?

• Generality: how to handle multiple 
data arrays, irregular stencil shapes?
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The SARIS Method

1. Map grid data loads to indirect SRs

• Point is base, load offsets are indices

 Indices constant across point iterations

2. Partition loads among indirect SRs

• Concurrent streaming of co-operands

3. Map coefficient loads or
grid stores to remaining SRs

• Do coefficients fit in register file?

4. Determine point loop schedule

• Provides index sequence for SRs
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• 7 grid loads

• 1 grid store

• 4 coefficients

For 2 indirect (SR0-1) + 1 strided SR (SR2):



7PS Acceleration Using SARIS

• Rewrite point loop to use SRs

• Read, write SRs as in schedule

• Indices for SRs configured once, 
base set on every point iteration

 Almost all issues now useful compute

• All load-stores done by SRs

• Remaining overhead is constant:
does not increase with #grid points

• Orthogonal to existing optimizations

• Unrolling, reordering, HW loops enable 
near-ideal (~81%) FPU utilizations
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x: SRIR t0, ...         # SSSRs: 3 insts
fmul.d ft0, %[c0], SR0
fadd.d ft1, SR0, SR1
fmadd.d ft0, %[cx], ft1, ft0
fadd.d ft1, SR0, SR1
fmadd.d ft0, %[cy], ft1, ft0
fadd.d ft1, SR0, SR1
fmadd.d SR2, %[cz], ft1, ft0
addi t0, 8
bne t0, a0, x

sr_set_idcs(...);     # Constant across points
for (x,y,z) in 0 to N-2:
# Start indirect streams with base (x,y,z)
sr_indir_stream(OFFS(x,y,z), ...);
acc =  c0 * sr_read(SR0);
acc += cx * (sr_read(SR0) + sr_read(SR1));
acc += cy * (sr_read(SR0) + sr_read(SR1));
acc += cz * (sr_read(SR0) + sr_read(SR1));
sr_write(SR2, acc);



Evaluation on RISC-V Compute Cluster

• Target energy-efficient Snitch Cluster[1]

• 8 single-issue InO RV32 cores w. HW loop

• 2 indirect + 1 strided SRs per core[2]

• Shared 128 KiB SPM + DMA engine

• Implemented 10 stencil codes

• Opt. baseline (RV32G) & SARIS variants

• 1 iteration on 642 (2D) or 163 (3D) grid tile

• Tiles double-buffered in SPM with DMA

• Base for manycore scaleout study

Stencil Code Dim. Rad. #Loads #Coeffs #FLOPs

jacobi_2d[3] 2D 1 5 1 5

j2d5pt[4] 2D 1 5 6 10

box2d1r[4] 2D 1 9 9 17

j2d9pt[4] 2D 2 9 10 18

j2d9pt_gol[4] 2D 1 9 10 18

star2d3r[4] 2D 3 13 13 25

star3d2r[4] 3D 2 13 13 25

ac_iso_cd[5] 3D 4 26 13 38

box3d1r[4] 3D 1 27 27 53

j3d27pt[4] 3D 1 27 28 54
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Stencil Code Implementation on Snitch Cluster

• Both variants use Snitch-optimized LLVM

• Dedicated in-order scheduling model

• Custom reassociation pass for max FPU util.

• C++ templates compiled using –Ofast

• Parallelized through 4×x, 2×y interleave

• Additional ≤4× point loop unroll 
only if beneficial to performance

• SARIS variants leverage SRs & HW loop

• Snitch LLVM: intrinsics support for SRs

• Point loop scheduled as dictated by SARIS
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for (z = H + zoffs, z < N-H, z += ZI) {

for (y = H + yoffs, y < N-H, y += YI) {

for (x = H + xoffs, x < N-H, x += XI) {

}}}

<point loop body>

// Configure constant indices for indirect SRs

sr_set_idcs(SR0, {...});

sr_set_idcs(SR1, {...});

// Configure affine SR (does grid writes here)

sr_affine_write_3d(SR2, &out[1][1][1], ...);

// Launch indirect grid reads with

// point offset as array base (SR 0,1)

sr_indir_read(SR0|SR1, OFFS(x,y,z), ...);

<point loop body using SRs & HW loop>



Cluster Performance Benefits

• Codes run in cluster RTL simulation

• 2.36–3.87× (gm. 2.72×) speedups

• As FLOPs increase, baseline unroll becomes 
register-bound larger SARIS speedups

• FPU util. improves gm. 35%  81%

• SRs unlock Snitch’s pseudo-dual-issue
feature, improving IPC  gm. 0.89 1.11

• FP util. / IPC never below 70% / 1.0

• Variations due to SPM contention, 
halo size, index setup overheads
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Cluster Energy Efficiency Benefits

• Estimate cluster power in GF 12LP+

• Use PrimeTime, P&R netlist + PLS activity

• 1 GHz clock, typical corner (25°C, 0.8V)

• 1.27–2.17× (gm. 1.58×) less energy

• Power gm. 227 mW  390 mW 
(1.72×) due to higher FPU, SPM util.

• Only slight power variations,
resemble those in FPU utilization

• Register-bound gains again higher

12

Baseline register-bound



Manycore Scaleout Study

• 256-core system based on Manticore[6]

• 8 groups of 4 clusters, each sharing 
bandwidth of one HBM2E device in stack

• 163842/5123 grids, imbalance considered

• Gm. 2.14× faster, 64% FPU utilization

• Up to 406 GFLOP/s (79% of peak)

• Despite 7/10 memory-bound codes

• Arith. intensity rises with FLOPs/point

• 3D stencils regress to memory-bound 
due to halo, extra I/O arrays (ac_iso_cd)
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Compute-to-memory time ratio (CMTR)

for memory-bound SARIS kernels



Related Work and Comparison to SoA

• Some affine SRs evaluated on 
selected, affine-streamable stencils

• SARIS is the first generic approach to
using indirect SRs for near-ideal FPU util.

• Numerous generic software solutions

• Demonstrator codes or generators
highly optimized for target architecture

• 15% higher fraction of peak compute
than leading GPU generator AN5D

• Many SoA SW methods orthogonal to SARIS

Work Platform Prec. % Pk.

C
P

U

Zhang et al.[7] FT-2000+ (1 core) FP64 29%

Yount[8] Xeon Phi 7120A FP32 30%

Bricks[9] Xeon Gold 6130 FP32 45%

G
P

U

ARTEMIS[10] Tesla P100 FP64 36%

DRStencil[11] Tesla P100 FP64 48%

EBISU[12] A100 FP64 49%

AN5D[4] Tesla V100 SXM2 FP32 69%

W
S

E Rocki et al.[13] Cerebras WSE-1 FP16-32 28%

Jaquelin et al.[5] Cerebras WSE-2 FP32 28%

SARIS (Ours) Manticore-256s FP64 79%
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Conclusion and Future Work

• We present the SARIS method
• First generic approach to stencil 

code acceleration using indirect SRs

• Evaluated SARIS on Snitch cluster
• Gm. 2.72× faster, 81% FPU util.

• Gm. 1.58× more energy-efficient

• Scaled SARIS to 256 cores + HBM2E
• Gm. 2.14× faster, 64% FPU util.

• ≤79% of peak compute, +15% over SoA

• Future work: more stencils & targets
• Full code generation from a stencil DSL

• Evaluate SARIS on more platforms
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