Structured Grids and Stencils

Structured grids are one of the original "Seven Dwarfs" of parallel computing [20]. In structured
grids, the problem domain is represented by a grid of cells which are updated together in
timesteps. These problems have high spatial locality, meaning that the cells depend only on
other cells in some close neighbourhood. Grid resolutions can be different for different parts of

the spacial domain (adaptive mesh refinement).

Iterative solvers for partial differential equations (PDEs), such as the finite difference meth-
ods common in scientific simulations, are typically implemented as structured grid applica-
tions. Filters for image processing are another common example.

3.1 Stencils
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Figure 3.1: Illustration of a stencil function. ¢(i, j) uses the neighbourhood of cells of f(i, j,t) to compute
the next cell value f(i,5,t 4+ 1)

Updates to cells in the structured grid are normally described using the stencil pattern.
McCool, Reinders and Robertson describe the pattern as a special case of the map pattern [21]
in which inputs to a transformation include not only a cell, but also its immediate neighbours,
but the transformation has only one output cell (see Figure 3.1). For iterative PDE solvers, the
stencil operation can be repeated many (usually 10000s of) times, forming a recurrence.
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3.2. RELATED WORK

The importance of stencils in HPC software has resulted in considerable research for their
efficient implementation over a range of architectures.

Stencils tend to have a low ratio of work to the amount of data loaded for each stencil - that
is, they have a low operational intensity. This means that on most architectures, getting the data
to the processor is the bottleneck for performance, and stencils are well-suited to architectures
with very high memory bandwidth, such as GPUs.

Exploiting parallelism for stencils requires dividing the input grid up into partitions to be
computed by different processors. However, for any given partition, the neighbouring parti-
tions” borders make up a “halo” of data-dependency cells. This halo is communicated either
by passing messages or through shared memory (in a process called “halo exchange™).

In addition to being necessary for splitting up work over cores, partitioning the grid space
affects memory access patterns and data reuse in caches. Tiling patterns that account for both
space and time re-use of data (i.e. within as well as between loop iterations) aim to increase the
operational intensity of stencils by ensuring that caches are efficiently used and global memory

accesses are minimised.

Below we give a brief overview of related work into optimising stencils on CPUs and GPUs.
Optimisation of these communication patterns, partitioning approaches, and other appropriate
optimisations are discussed for the IPU in Chapter 5.

3.2 Related work

Optimisation of communication patterns of stencils on multicore architectures is studied
by Palmer and Nieplocha in [22]. They list strategies for reducing communication by send-
ing more border data than needed, and redundantly recomputing “ghost zones” on different
tiles. They conclude that appropriate communications patterns are specific to each architecture.
Ding and He created a "two-wave" algorithm for reducing the number of messages needed for
communicating partition borders in [6], which we will apply for the IPU.

Datta et al [8] consider a number of stencil optimisations for a range of multi-core architec-
tures (both CPUs and GPUs), and develop and auto-tuning framework for these. Most of their
optimisations are focused on improving data locality and hiding latency: breaking the domain
into a hierarchy of (spatial) blocks, NUMA-aware memory allocation, array padding for filling
cache lines, multilevel blocking (for cores, threads and registers), loop unrolling and reorder-
ing, as well as pre-fetching and double buffering. Of these, only loop optimisations and double
buffering may be of use for the cacheless IPU. Notably, the architecture most similar to the IPU
in their study, which had fast 256KiB local stores and no caches, showed no benefit from tiling
optimisations.

Much of the recent work on stencil optimisation is focused on improving cache locality
(and local memory locality for GPUs) through a variety of loop tiling mechanisms. Cache
oblivious [23] as well as cache-aware tiling strategies (e.g. [7], [10], [?], [24], [25]) are reported
to show great improvement for CPU and GPU implementations with shared caches, but are
inapplicable to IPU implementations when the whole grid is in IPU memory.

In a recent study for the NVIDIA V100 GPU, Yang applied eight optimisations to a stencil
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CHAPTER 3. STRUCTURED GRIDS AND STENCILS

[26], guided by a Roofline performance model. We will follow a similar approach after pre-
senting a Roofline model for the IPU in Chapter 4. However, we note that Yang’s optimisations
also focus on improving GPU local memory and cache locality, and so have limited application
for the IPU.

The range of complex options for stencil optimisation, and their different applicability to
different architectures, has resulted in the development of stencil auto-tuning frameworks.
These take a high-level description of a stencil in a domain-specific language (DSL), and then
test the effectiveness of a range of optimisations on a specific platform to produce customised
code that runs fast. Examples are SkelCL [27], the Pochoir stencil compiler [28], PATUS [29] and
pystencils [30]. Halide [31] allows stencil operations to be represented as a high-level pipeline,
allowing for rapid manual exploration of the impact of loop transformations for various plat-
forms. None of these frameworks currently target the IPU, but we suggest integrating with
them as future work.

Rajopadhye et al argue in [32] that the inability of GPU synchronise between streaming mul-
tiprocessors results in unnecessary accesses to global memory during stencil computations, and
describe what an idealised "stencil processing unit" might look like. This idealised architecture
shares some of the characteristics of the IPU in allowing exchanges between on-chip memories
for better energy efficiency, encouraging our study.

3.3 Why might the IPU be a viable platform for structured grids?

Computing each point on a stencil requires repeated accesses to surrounding data values
in both space and time, making most stencils memory bandwidth-bound rather than compute
bound. Accessing main main (off-chip) memory on a CPU can take 100s of instruction cycles.
Values that are in faster caches can be retrieved in a few cycles, these operations require much
less energy. As a result, most of the optimisations discussed above focus on making sure that
the right values are in the fastest (lowest-latency, highest bandwidth) memory.

We have seen in Chapter 2 that the IPU devotes more of its transistors to fast on-chip SRAM
than any other processor to date. In effect, this SRAM forms an extraordinarily large cache.
These memories are distributed to be physically close to each core to reduce latency to 6 in-
struction cycles. Local memory is ultra high bandwidth (listed as theoretical peak of 45 TB/s

in Graphcore marketing material).

Furthermore, points needs access to their neighbourhood in the grid, needing some form
of communication when the grid is distributed between memories. The IPU’s fast all-to-all
exchange fills this role. Tthe communication patterns which arise from predictable, regular
data dependencies in a small neighbourhood, mean that dependencies are static and can be
scheduled via a dataflow graph, making them extremely suitable for Poplar’s compute graph
paradigm.

The work of Rajopadhye et al [32] suggests that an ideal energy-efficient stencil architecture
will have the ability to cheaply synchronise shared data between processors without relying
on round-trips to global memory. The above points show that the IPU satisfies this through its
fast all-to-all exchange and distributed on-chip SRAM memory.
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3.4 Summary

In this chapter we have described structured grid applications and the stencil pattern com-
mon in their implementation. We argued that the IPU’s high memory bandwidth, massive
parallelism and relatively large on-chip SRAM are well suited to stencil computation, and that
stencil data dependencies result in communication patterns which can easily be expressed in
Poplar’s compute graph paradigm. Next, we consider how to implement the building blocks
for stencils in Chapter 5.
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Building blocks for implementing sten-
cils on the IPU

This work presents the first known implementation of stencils on the IPU. During the course of
this project, patterns for implementing stencils in Poplar had to be discovered, and implemen-
tation alternatives critically evaluated without recourse to existing examples. This was a time-
consuming and iterative process, which often led to late discoveries that required re-evaluating
earlier work. In this chapter, we present our original, re-usable, problem-independent building
blocks for implementing stencil programs on the IPU for the first time, saving other from hav-
ing to repeat this process. We use these patterns in Chapters 6 (Gaussian Blur) and 7 (Lattice
Boltzmann).

The building blocks discussed are:

¢ Halo Exchange, discussed in Section 5.1, where we find an efficient implementation for
communicating the state of shared cells between the IPU’s processors.

¢ Grid partitioning, discussed in Section 5.2, where we develop an algorithm to split the
input grid between the tile processors and their distributed memories in a way which
supports halo exchange

* A discussion of out-out-place vs in-place update schemes, presented in Section 5.3, for
using the IPU’s relatively small memory effectively.

¢ Optimisations which apply to stencils on the IPU, which are discussed in Section 5.4.

Finally, we present a generic end-to-end stencil Poplar program skeleton that uses these
concepts in Section 5.5.

5.1 Halo exchange

The IPU only has local memory for each tile, and has no global shared memory, so we
are forced to partition the input grid between tiles” memories. But stencils need access to ev-
ery cell’s neighbourhood, which is a problem for cells at the boundaries of a tile’s partition.
For these neighbours, we will need to communicate with remote tiles. This communication of
boundary regions is called halo exchange, and is common in distributed stencil implementa-
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tions [6]. As shown in Figure 5.1, a tile’s received halo cells are stored in extra cells, called ghost
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Figure 5.1: Alillustration of halos, ghost cells and halo exchange.

The behaviour of cells at the very edges of the grid (i.e where there are no obvious neigh-
bours) is algorithm-dependent, but common choices are zero-padding, reflecting, or wrapping
around to values at the far side of the grid.

The choices made during partitioning affect the amount of the data that needs to be com-
municated during halo exchange. If we partition the grid into strips (so-called “strip-mining”
[21]), then only the top-bottom, or left-right neighbours need to exchange information, but the
borders are large (2n..5) relative to the size of the non-border region (n.o1s X nrows cells, with
Neols > Mrows)- 1f we partition into blocks, then each processor needs to communicate with
up to 8 other processors, but the border regions are smaller (2n.os + 2nr0ws + 4 cells, with
Neols & Nrows). Our choices for grid partitioning will be discussed extensively in Section 5.2,
but for now we note that we will rely on blocks as our primitive, and have 8 halo regions to
exchange.

When communication latency is expensive, neighbour communication can be optimised
into two waves [6]. Another common optimisation is to make halos deeper (so-called “fat
halos”, described in [6]), so that ghost cells for several layers are exchanged and computation
for several timesteps can proceed without requiring further halo exchange. Computations in
the fat halo region are redundantly repeated on neighbouring tiles, so this only makes sense
when communication latency is much more expensive than re-computation.

In asynchronous architectures, the communication latency can also be hidden to a certain
extent by overlapping computation and communication of halos, especially with fat halos. In-
terior computations can proceed while waiting for halo exchange at the boundaries.

In the next section we describe the various approaches to implementing halo exchange on
the IPU.

Halo exchange on the IPU

Our experiments in this section were inspired by work by Palmer and Nieplocha [22], who
performed a similar analysis for distributed memory systems based on Global Arrays [17].

The IPU architecture constraints our implementation choices. Firstly, the BSP architecture
means that communication is inherently synchronous, and exchanges between tiles are only
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5.1. HALO EXCHANGE

possible during the exchange part of the superstep'. This fundamentally affects the program’s
design, while also eliminating the possibility of explicitly overlapping communication and
computation, and any advantages for fat halos.

Secondly, exchanges are fast (8TB/s bandwidth on the same IPU — in the same order of
magnitude as local memory bandwidth) and low-latency (~ 133ns), whereas communication
between remote nodes in distributed systems normally has orders of magnitude difference in
latency from memory access. This reduces the pressure to communicate less frequently on the
IPU.

Thirdly, a primary limiting factor in program design for the IPU is the relatively small local
tile memory size (256KiB). Messages to be passed between tiles consume tile memory, encour-
aging a strategy of smaller, more frequent exchanges, and preferring strategies which uses less
memory for ghost cells (e.g. blocks rather than strips).

For these reasons, we choose single-layer halos, and block-style communication when com-
municating halos between tiles.

Implicit vs Explicit halo exchange On the IPU, data exchange between tiles is implemented
with special instructions at the hardware level [15]. In the Poplar programming model, these
are only indirectly available to the programmer except through two mechanisms, both at the
compute graph conceptual level:

1. Communication is implicitly scheduled when a vertex’s Inputs or Outputs are wired up
to tensor slices stored on remote tiles. Note that, although the ghost cells on one tile and
the originating boundary region on its neighbour tile are physically stored in different
memories, there is no logical tensor distinction between them. They refer to the same
slice of the same tensor, and the compiler will enforce these semantics by not allowing
the values to diverge. The compiler generates the exchange messages to be passed, and
performs considerable optimisation in message packing and scheduling. This naturally
places communication exchange part of the BSP superstep.

2. Communication can also be explicitly triggered by using the Copy program primitive to
specify that a slice of a tensor should be copied to different location in the same tensor, or
to a different tensor. Note that the source and destination are no longer the same tensor
slice, and can change independently.

Both implicit and explicit communication naturally imply sharing data between Tensors in
which all elements are of the same data type. Sending a heterogeneous structure to remote tiles
is awkward, and requires using several tensors or manually recasting bytes in the vertex.

We ran experiments with variations of explicit halo exchange on the emulator device, in-
cluding the two-wave optimisation from [6] and various schemes for partitioning and padding.
The emulator allows us to accurately measure Copys while setting a dummy cycle count for
other operations. While these scenarios worked on the emulator, unfortunately on the real

'although in reality, computation proceeds as soon as the local exchange is complete, and the IPU optimises
overlap of phases to some extent
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IPU device, Copy programs were scheduled by the compiler in an invalid order, resulting in
a TEXCH_RERR_CLASH_INSTR device exception. This issue is still open with Graphcore support.
Because the explicit schemes never worked on the real device, we do not show timings in
this report. In any case, our experiments showed a clear speed advantage for implicit halo
exchange, which we could run successfully on the IPU.

The implicit style has a nasty consequence for vertex design: because of the way halos are
wired up, halo regions must be defined as separate Inputs in the vertex, resulting in extra
Input variables for “northeast”, “north”, “south” etc. as well as the middle “data”. When
looping over the partition, accessing the neighbourhood of a cell uses different data structures
depending on its location, resulting in many edge cases (see Figure 5.2). In the worst 2D case (a
9-point stencil), the vertex has to deal with 9 different data structures, and the compute graph
has to wire all of these correctly. In a simple demonstration program, we found that our implicit
implementation needed 2-3x as much code for the vertex implementation than the explicit one,
and had more complex wiring. The situation is even worse for higher-dimensional grids.

1xN codelet

ame {1
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EEE

1x1 codelet

Nx1 codelet

NxM codelet

Figure 5.2: Loop regions when halo stitching is not used (trading code simplicity for performance).
Different data structures overlap in the stencil, meaning having to implement 4 vertexes to deal with
different partition shapes

This downside can be entirely avoided by using compute-graph level operations on the
input tensors to concatenate them during wiring, resulting in only one Input (with halos) and
one Output (without halos) in the vertex. This operation is implemented as stitchHalos in our
library, and is shown in Listing 5.1.

auto stitchHalos(const Tensor &nw, const Tensor &n, const Tensor &ne,

const Tensor &w, const Tensor &m, const Tensor &e,
const Tensor &sw, const Tensor &s, const Tensor &se) -> Tensor {
return concat ({
concat ({nw, w, sw}),
concat ({n, m, s}),
concat ({ne, e, se})
3, 1);
}

Listing 5.1: Concatenating the 9 data regions into one convenient input tensor with ghost cells
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5.2. GRID PARTITIONING

Halo stitching and data rearrangements

The convenience of halo stitching comes at a cost to performance. The graph compiler
generates “pre-arrange” and “post-arrange” operations in which the blocks of data are copied
into the right form before the BSP compute phase begins. In some of our experiments with
simple kernels (e.g. vectorised average), rearrangement cost took up to 25% of the execution

time.

Rearrangements are also triggered when vertex inputs are specified to be aligned differ-
ently to how they are stored in tile memory, as is usual when we want to process data using
vectorised data types like float2, or when a different memory bank is requested in a vertex.
When rearrangements are occurring in any case, it may be worth opting for the convenience of
stitched halos.

Whether or not to stitch halos should be decided on a case-by-case basis. We recommend
starting with the simpler code (stitched halos), and opting for separate halo variables when
needed. These optimisations are a good target for future code generators.

5.2 Grid partitioning

In parallel computing, domain decomposition, geometric composition, tiling, grid parti-
tioning and grid segmentation are terms used to describe the process of splitting the input
grid’s cells into regions and allocating them to the parallel processors and distributed memo-
ries. To avoid confusion with the IPU meaning of “tile” (a core with its associated local mem-
ory), we refer to “partitioning” or “decomposition” in this work, and refer to “blocks” rather
than “tiles” of the grid.

Each decomposition scheme will have different consequences for program design and exe-
cution efficiency, especially in the matters of data locality and load balance:

Data Locality A decomposition which achieves good data locality will avoid unnecessary com-
munication between processors by storing the grid cells in the memories closest to the
processors where they will be processed. On architectures with memory hierarchies
and caches, this means optimising for memory bandwidth and latency by allowing cells
which are processed together to be loaded efficiently into the fastest layers of memory
(usually caches) and keeping them there as long as they are needed. The IPU is unusual
in that it has a flat memory hierarchy with low memory latency and high bandwidth, and
there are no caches or non-uniform memory access (NUMA) concerns. Furthermore, ex-
changes between tiles are relatively cheap. This means that assumptions about common
implementation patterns developed for CPU and GPU memory hierarchies need to be
re-visited, since most are designed to achieve good cache locality.

Load Balance Achieving good load balance means dividing the input grid so that processing
time is roughly equal between the different processors. In the most general case, work
can be in the form of an unstructured grid, or sparse graph, and must be allocated to
processors in a heterogeneous system made up of devices and communication channels
with differing performance characteristics. This problem is challenging (in fact, it can
be expressed as the well-studied graph partitioning problem, which is NP-hard), and
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the focus of scientific software libraries such as ParMETIS [45]. However, in designing
a structured grid problem for the IPU, our constraints are significantly simpler: each
processor is identical, the communication costs are easy to model, and the cost of work is
the same for pieces of the grid that are the same size.

Good domain decomposition is the primary determiner of a program’s execution time on
the IPU. Even the best-crafted vertex implementations cannot compensate for bad choices at
this stage, so it is worth ensuring that our grid partition algorithm performs well.

Several approaches to domain decomposition exist. In its simplest form — geometric de-
composition — consideration is given to the spatial geometry of the grid, and “spatial blocking”
divides the grid into parts such as strips or blocks in 2D, or planes or cubes in 3D. However,
another less obvious dimension is available for consideration: time.

Since our stencil problems’ outermost loop represents an iteration through time, time de-
composition (“temporal blocking”) can be applied to group work into regions that share com-
mon data dependencies, by considering which steps will depend on the output of which pre-
ceding ones. Polyhedral loop optimisation theory considers how loops can be skewed and
spatio-temporally tiled to best reduce dependencies and maximise parallelisation. These lead
to approaches such as pipelined wavefront parallelisation and various polytope decomposi-
tions by polyhedral compilers presented in [46], and are common in the state-of-the art stencil
tools for CPUs and GPUs [47, 10]. However, these approaches come at the cost of greater code
complexity, and since they specifically aim to increase the operational intensity of kernels by
encouraging better cache (or local memory) locality, it is not obvious that they will offer any
advantage for the IPU.

Considerations for the IPU

The IPU’s architecture and the Poplar framework not only force us to consider our approach
to geometric decomposition explicitly and early on in the program’s design, but the architecture
also makes some approaches better than others. Specifically:

1. How can we fit a given input grid into the 1216 small distributed memories? Each tile can
only host as much of the grid as can fit in its memory (at most 256KiB), while also leaving
enough space for communication buffers, stack space, executables (vertex code) etc. This
places an upper limit on each partition’s size.

2. Since we want to enable maximum parallelism, we want grid partitions to be granular
enough so that we can use as many tiles as possible (i.e. we should aim for roughly 1216
even chunks of work per IPU). This encourages small partitions.

3. Each tile has 6 hardware worker threads which run in parallel, and to get the best utili-
sation of the hardware and hide instruction and memory latency, Graphcore encourages
scheduling at least 6 vertexes per tile. Since we want the 6 workers to finish at the same
time, we must further subdivide a tile’s allocated piece of the grid into 6 roughly equal-
sized parts. Needing to keep threads busy places a lower limit on a tile’s partition size.

4. Our partitions’ border regions should be rectangular, and cannot be jagged (e.g. covering
the last third row n and the first third of n+1). Although slicing a tensor will always result
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in a non-jagged shape, it is possible to flatten tensors and store jagged regions on tiles.
But if we do this, halo exchange becomes much more difficult: we will have to keep track
of the jagged boundary and schedule more complex halo communication. This constraint
eliminates the use of poputils tensor partitioning utilities, which flattens tensors before
partitioning.

5. Each tile can only reference its own local memory, so the obvious allocation is to have
the vertexes on the tile process data which is stored in the local tile memory rather than
on a remote tile (which would implicitly insert exchanges to bring a copy of the data
to the tile). Hence domain decomposition overlaps with the concern of optimal Vertex
placement and wiring.

6. The BSP architecture means that load imbalance has a huge effect: since each superstep
will be determined by the busiest tile (slowest worker), all computation is blocked un-
til the busiest worker finishes. Conversely, increasing parallelism by assigning smaller
grid partitions to more tiles will have no effect unless doing so reduces the biggest grid
partition assigned to any tile. This encourages an equal partition size.

7. Reading and writing local tile memory is cheap (one “thread cycle”, i.e. latency <4ns),
sending/receiving data on other tiles on the same IPU is slower (latency 133ns), and from
other IPUs slightly slower again (<1ms), so on-chip communication is to be preferred
when local memory access is not possible. Since tiles have no cache, schemes designed
for good cache locality do not apply, since they cannot be implemented.

8. Memory latency does not depend on access pattern (stride, row-major vs column major
etc.) Other than thinking about storing data to be able to exploit vector instructions (only
2 floats wide), we have considerably more freedom to choose data access patterns than
on architectures where cache lines and wide vector widths encourage an obvious choice.

9. As will be discussed in Section 5.3, to avoid graph cycles, Poplar enforces a restriction
that two vertexes cannot both be using a tensor slice as read-write in the same compute
set. Grouping together things which are being read vs things that are being modified
results in simpler code.

Grid Partitioning Strategy

We used a benchmark-driven approach to design a grid partitioning algorithm that at-
tempts to satisfy the constraints and meet the optimisation objectives outlined in the previous
section. Based on the discussion in the previous section, we do not apply temporal blocking
in the decomposition (since the high number of processors means pipelined wavefront startup
will be excessive, and the goal of better cache locality is not applicable for the IPU).

Our approach is hierarchical and applies spatial decomposition at three levels: the IPU, the
tile and the worker levels.

IPU-level split

Inter-IPU exchange can be two orders of magnitude slower than intra-IPU exchange ([5]). In
considering whether our partition model needs to account for this, we must determine whether
the increase in parallelism from using more IPUs offsets the cost of communication, once we
have managed to fit a grid in IPU memory. To test this, we construct a problem that fits on 1
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Figure 5.3: LongAndNarrow and ShortAndWide partitioning strategies. Applied at IPU and worker levels.

IPU, with 128x128 cells assigned to each tile, and run a simple stencil computation (averaging
the Moore neighbourhood). We can then test the strong scaling by repeating the test on 2, 4, 8
and 16 IPUs, spreading the load evenly over IPUs every time (128x64 tile partitions for 2 IPUs,
64x64 for 4 IPUs, 64x32 on 8 IPUs, 32x32 on 16 IPUs). By measuring the strong scaling (Figure
5.4), we see that it is always worth using more IPUs.

Runtime as number of IPUs is increased
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Figure 5.4: Strong scaling profile for a simple stencil demonstrating the preference for multi-IPUs. While
the parallel efficiency decreases with multi-IPUs because of communication cost, the overall execution
time is still lower, so in general we try to use the maximum number of IPUs.

In our implementation, for each input grid three IPU-level split outcomes are possible (see
Figure 5.3:

1. we use the LongAndNarrowIpuStrategy when splitting up the grid horizontally would
give a better balance between IPUs, or

2. we use the ShortAndwideIpuStrategy to split up the grid vertically, or

3. we cannot fit the data onto the available number of IPUs

We slice along this deciding dimension so that every IPU initially gets a slice of size [ ;-7 |.

The remaining volume mod(n, numIpu) is allocated round-robin over the IPUs. The maximum

load imbalance is 1 row or column between the busiest and least busy IPU.
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We saw no particular advantage in splitting work between IPUs as blocks rather than strips.
Doing so would mean that some blocks have to exchange information between more than 2
IPUs, and since the number of possible configurations is limited to 1,2,4,8 or 16, the choice of
efficient block arrangements is limited at this level.

Tile Level split

For each IPU, we further split its partition into one suitable for its tiles. We use blocks at
this level because they allow us to better fill the tile memories 2 have fewer number of bytes to
send as halos.

Firstly, we define parameters for the most granular block size allowed: minColsPerTile x
maxColsPerTile. In Section 5.2 we discuss good defaults for these.

Based on the partition assigned to the IPU, two outcomes are possible:

1. Use the SingleTile strategy when there is less data than the minimum block size (un-
likely for real problem sizes).
2. Use the GeneralBlockStrategy for the general case.
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Figure 5.5: General block partitioning strategy. The IPU’s 1216 tiles are arranged into a virtual grid
with four possible regions of imbalance in the number of rows and columns. Our strategy tries to
find an optimum tile size by minimising (h + w) with the constraints: h > minRowsPerTile; w >
minColsPerTile; (ny + ng)(ny + ng) < 1216; (b + 1)ng + hng = Npows; (W + 1)y + wng = Neols;
hyw,ng, ng, Ny, N € N

In the GeneralBlockStrategy, in we want to divide the given grid of n,ys X ncors cells using
numT'iles, so that numTiles <= 1216, as shown in Figure 5.5. To achieve this, we arrange as
many as possible of the 1216 tiles into a “virtual rectangle of tiles” determined by the aspect
ratio ;7 of the input grid.

Consider a grid with 8500 columns, where each cell is a float. Using blocks allows us to fit approximately 8500
rows of data in an IPU’s aggregate memory. With a strip-based approach, we could only fit 3648 rows — less than
half of the block approach.
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The possible tile arrangements are determined by the factorisation of 1216: (1 x 1216, 2 x
608,4 x 304,8 x 152,16 x 76,19 x 64,32 x 38, and reflections of these). We find the arrange-
ment that best matches the input grid size, while also taking into account the constraints of the

minRowsPerTile and minColsPerTile.

1 2 608 1216

possibleRatios:{ﬁ,@,..., 5 1 }

maz (1, | oo roweParTie))

idealTileGridRatio = cols
maz (1, | e perTie]))

We pick the ratio g € possible Ratios so that it has the smallest distance | g —idealTileGridRatio|.

It is unlikely that our input grid will divide perfectly into this arrangement of tiles. Similar
to the IPU case above, we use a round-robin allocation so that some tiles will have one more
row than others (be “tall”) and tiles can also have one more column than others (be “wide”)
(see Figure 5.5). The dimensions of a "tall and wide" block determines the minimum run time
for the IPU program.

Worker level split

Each IPU tile has 6 hardware worker threads, which are run in a time-sliced way [15]. This
allows hiding memory latency: it takes 6 cycles to execute a 32-bit load, but when 6 threads
are running, on average, each thread looks like it took only 1 “thread cycle” to read, and each
thread cannot issue instructions faster than this. While it is possible to schedule more vertexes
than there are threads, we want to load balance work between the 6 worker threads so that all
vertexes start and finish at the same time, since the busiest worker will determine the length of
the compute cycle.

Workers can access all of a tile’s memory, so at first it seems that different code is needed
for workers with boundaries requiring inter-tile halo-exchange vs those that do not. But in
practice, this is not that case. We simply schedule 6 of the same kind of vertex, but with different
tensor slices corresponding to worker sub-partitions, and the graph compiler schedules inter-
tile exchanges for those areas of the input tensor that are remote. Note that, had the "explicit"
style of halo communication been used, we would have had to solve this problem differently.
Our halo exchange is designed for non-jagged tensor slices, so worker partitions cannot be
jagged.

Because there is no communication cost involved in intra-tile partition boundaries, we can
use strips instead of blocks to achieve the most even split with no penalty. To decide whether to
split the tile partition vertically or horizontally, we test to see which direction results in the most
balanced split and choose either the LongAndNarrowWorker strategy or the ShortAndWideWorker
strategy.

Our final partitioning is represented as a map with keys being the tuples (ipu, tile, worker)
and values being slice definitions in the original input grid. Our library includes functions
to easily apply a partitioning to an input tensor during vertex placement as well as tools for
visualising the partition, and exporting it to JSON format for further analysis.
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Good defaults for partition granularity

To determine good values for minColsPerTile and maxColsPerTile we ran a 2200x1100
stencil on 1,2,4,8 and 16 IPUs with a range of minimum block size values (see Figure 5.6) and
found that the increase in parallelism from allowing smaller grid partitions outweighed com-
munication costs in almost all cases (but at the price of graph compile time - see Section 8.2).
Based on this observation, we recommend choosing the smallest possible block size that makes
sense based on other constraints. For example, we show in Section 5.3 that choosing mini-
mum block size of 6x6 results in a simpler vertex implementation and can be balanced between
workers, so we use that default for further experiments.

Effect of min partition size on run-time

081 x 11PU
2 IPUs
v 4IPUs —_—
0.7 + 81IPUs
B 161PUs [ d
0.6
®
= v
L 054
< ¥
E X X X X X X X
=
= o I
S o4
oz n ]
X X X X X X | X X X XX X ¥X X xX X X X
X X X X § X § § ¥
0.3 v v v v v i
v
0.2 v | L4 t | B
v v v v v ¥
0.1 v v v v v v  /
10° 10 102 10°

min grid size (n x n)

Figure 5.6: Effect of minimum tile partition sizes on execution time for a simple stencil. Smaller mini-
mum tile partition sizes resulted in better run times

Evaluating Load Balance

We define the load balance as
5 i [P

LB =
maX1{|P1’}

(5.1)
where n is the number of active workers, | P;| is the size of the ith partition and 7y, is the
number of IPUs available.

Figure 5.7 shows the distribution of achievable load balance for 10000 samples of different
grid sizes and shapes, taken for 1,2,4,8, and 16 IPUs. We see that almost all configurations can
result in high load balance (the median of the samples tested achieved 96.5%).

Where it is possible to choose the input grid shape, choosing an aspect ratio closest to that
which can be represented as ratio of two factors of 1216 results in the best tile distribution,
and if the tile partition is also divisible by 6, perfect balance can be achieved (e.g. a 2048x1900
grid can be perfectly partitioned into 64x50 blocks on 1216 tiles of 1 IPU, with each worker
processing 8 rows).
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Load balance achieved by Grid Partitioning algorithm
from 10000 random grid shapes
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Figure 5.7: Distribution of achievable load balance and parallel efficiency using default minimum tile
size (6x6). Measured by partitioning 10000 random grid shapes on 1-16 IPUs. Most shapes should
achieve good results using our hierarchical partitioning strategy. Median 96.5%. Actual load balance
and parallel efficiency may be be influence by the application.

Extending this implementation to 3D is easy because of first-class support for multidimen-

sional Tensor slices in Poplar.

5.3 In-place vs out-of-place update schemes

When the same tensor element is wired up as writeable or read-writeable to two different
vertexes in the same compute set, the compiler detects a graph cycle and raises an error. This
presents a problem for halo exchange: vertex A cannot read its right halo region if it is the
vertex B’s left boundary and B is writing to it in the same compute set.

Double-buffered solution

In the simplest solution (double-buffering), we use two copies of the grid data, called A and
B, and schedule two compute sets of computation. During an AB phase, we read from A (with
halos from A) and write to B. In the subsequent BA phase, we read from B (with halos from B)

and write to A.

In many distributed systems (such as implementations based on MPI), this approach allows
overlapping the communication of sending halos while starting the next round of computation
once halos are received, but with the BSP supersteps, that does not apply for the IPU.

This approach solves the graph cycle (memory clash) elegantly, but doubles the memory
requirements. Given the relatively low amount of SRAM available, doubling the memory re-

quirements is a very high price to pay for elegance.

In-place solution

A simple AA scheme is presented in Figure 5.8. The scheme relies on two phases:
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Figure 5.8: Simple two-phase in-place stencil computation scheme

* In the SCAN_DOWN phase, we begin from a state where rows are stored in-order, with the
top row in index 0. We iterate over the rows assigned to the vertex from top to bottom,
applying the stencil, but storing the output in the cell immediately above (the north cell).
For the very first row, store the result in a special one-row wide buffer called tmp. Note
that the last row has no new results.

* In the SCAN_UP phase, we iterate over the rows assigned to the vertex from second-to-
bottom to top, storing the stencil’s result in the row below (the south neighbour cell). For
the top row, we apply a special case where we use the north halo, the tmp buffer and the
row index 0, and write to row index 0. At the end of this phase, all the results are in their
expected place again.

Such direction-changing in-place solutions for stencils are well represented in the literature,
especially for the Lattice Boltzmann method [48, 49]. However, we have created a graph cycle
because boundary regions are declared as InOut. Only the middle region of each partition is
safe to use as InOut.

Proposed solution for IPU In our extended solution for the IPU, we also store a redundant
copy of the boundary region in separate Tensors called borderBottom, borderTop, borderLeft
and borderRight. We also subdivide the data tensor into regions dataTop, dataLeft, dataRight,
dataMiddle and dataBottom. In each phase, regions alternate between being Inputs and Outputs,
while dataMiddle is always InOut . This arrangement allows us to convey to the compiler which
parts of the data tensor are actually changing in the vertex .

At the compute graph conceptual level, we store the grid in a single tensor called data,
and the borders in 4 additional tensors. During the SCAN_DOWN phase, reads only occur from
data, with writes spread over the safe parts of data (i.e. those slices mapped to dataMiddle in
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Vertexes) and to the border tensors. During the SCAN_UP phase, we read from the border tensors
and from dataMiddle, and can safely write results to data tensor (all regions).

This complex dance requires two compute sets, with vertexes wired up to 5 tensors that are
mapped to 17 regions. When we use separate boundary regions as in Figure 5.2, there are more
than 30 corner cases, making it difficult to optimise vertexes. Even more corner cases emerge if
we consider that a partition might be narrow (so that the left border case must also include the
right border), or short (top and bottom borders are used at the same time). To avoid these, we
impose the limitation that grid partitions are a minimum of 6x6 cells, which also allows use to
give one row or column to a worker.

For larger problem sizes, such as a 10000x10000 grid, this AA solution almost halves the
memory requirements of the AB case, allowing us to fit significantly larger problems on the
IPU. However, the code complexity means that it is best used in automatic code generation,
rather than during manual stencil implementation. We did not pursue this AA approach in
this work, and stick to the AB scheme, despite the memory usage.

5.4 Optimisations

In this section, we discuss various optimisations to improve the performance of IPU code
once a correct stencil program has been implemented. Most stencil optimisations described in
the literature try to improve the reuse of the values in a cache and avoid unnecessary loads
from memory, but this is wholly inapplicable to the IPU. As we shall see, compared to other
platforms, opportunities for "easy wins" are limited.

Vectorisation

Vectorisation is a SIMD technique where processors implement instructions that perform
the same operation on contiguous multiples of a data type (vectors) simultaneously. Where it
is possible to structure programs to exploit such data parallelism, vectorisation can improve
serial program performance considerably (by a constant amount, limited by the vector width).
The IPU’s ISA describes several vector instructions which operate on 2 floats, or 4 halfs and
(sometimes) 4 floats or up to 8 halfs simultaneously [15, 5]. These widths are low in compar-
ison with the wide vectors in contemporary CPUs (e.g. 512bits in Fujitsu’s A64FX cores).

Rather than accessing these instructions directly by assembly programming, programmers
rely on the compiler to generate auto-vectorised code from a standard high-level language such
as C++, ensuring portable code. One can hint to the compiler that auto-vectorisation is possible
through techniques such as declaring buffers to be memory aligned and non-overlapping, and
using pragmas (e.g. #omp simd) or intrinsics.

Our experiments showed that popc could auto-vectorise loops over standard C++ arrays,
but did not auto-vectorise at all for loops over Input<Vector<...>> variables, mirroring the
findings in [5].

Without writing assembly, accessing the IPU’s 64-bit vector instructions is awkward but
possible from Cr+using the float2 vector type from <ipudef.h>. Pointers from the vertex’s
inputs and outputs must be cast from their original types, and the programmer has to ensure
correct memory alignment and handle unaligned loop boundaries.
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The IPU supports even wider 128-bit vector widths for some load and store instructions (4
floats, or 8 halfs), which can only be accessed using assembly.

Despite the awkwardness and invasive code changes, using float2s is a worthwhile exer-
cise for some code regions, since we could double the performance of some loops. Itis certainly
worth pursuing for the "middle"” (non-halo) block of the vertex loop, which can be explicitly
aligned to support this.

Assembly

Full access to the IPU’s optimised instructions is available from assembly, if the program-
mer is willing to forgo portability completely. Using assembly, we have access to zero overhead
loops, vectorised instructions, the optimised convolution and matrix multiplication instruc-
tions, and many techniques such as simultaneous load-stores from interleaved memory banks,
or executing concurrent memory and arithmetic instructions for doubling loop performance.
Jia et al [5] point out that using assembly is the only way to get performance close to the theo-
retical peak.

The IPU documentation for writing Vertexes in assembly [50, 15] is excellent, including a
discussion many helpful patterns such as pipelining. But given the learning curve, the diffi-
culty of maintaining and reasoning about the code, and the drop in programmer productivity,
this level of optimisation is only for sections of mature kernels where performance is critical.

A reasonable compromise for getting at specialised hardware operations is to instead use
Graphcore’s library implementations of optimised vertex primitives for operations such as con-
volution and matrix multiplication. We show one example of this in Chapter 6. There are also
some intrinsic wrapper functions available in the SDK, although these are not documented.

Chunked 1/0

For many ML problems, multiple small batches of inputs flow through the compute graph.
But for many stencil problems, such as those used in PDE solvers, the output of an iteration is
fed back as the data for the next iteration, often tens of thousands of times. The input grid’s
initial state is large relative to the inputs typically encountered in machine learning problems.

The only viable mechanism to load initial conditions into IPU memory is DataStreams.
However, this allocates buffer memory on the IPU that is the same size of the grid (allowing
streaming to happen while computation is in progress), doubling the memory requirements.
For an output buffer, the same applies again, so instead of an n x n array, now we can only fit
Vi VA

When memory is critical, one pattern we used is to have a small buffer, stream chunks of
the initial grid data to it, and Copy from there to a slice of the larger input grid. This required
more synchronisation, so is slower. But since we typically only perform this operation at the

beginning and end of the solver, it is a viable approach when memory is low.

3-phase row scan

The IPU has two instruction pipelines (memory and arithmetic), and arithmetic instructions
operands must be registers. We can save some load instructions by structuring code to reuse
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values previously loaded into registers.

While performing a 9-point stencil stencil operation, and scanning a row of cells left-to-
right, we see that each loop iteration re-uses 6 of the 9 values needed from the previous step.
It is relatively trivial to decompose the loop into three sub-phases so that only the new values
are loaded, and the old values are kept in the registers where they were.

Although we did not explicitly implement this in assembly, we implemented a C++version
which encourages the same use of registers. We found that the performance benefit was mini-
mal. Because the IPU tile has a small number of registers (16 for arithmetic operands), registers
are likely to have been needed for other operands before the reuse in the loop is possible.
Futhermore, grid cells are also often larger than one register width (e.g. in the Gaussian Blur
case, we will use 4 floats per cell). We did not pursue this approach beyond basic tests.

Data type

Using a data type which can be represented in fewer bits is an easy way to overcome mem-
ory bandwidth limitations, since more grid cells can be loaded and operated on in the same
amount of bytes. The IPU’s largest data type is a 32-bit float, but a 16-bit half is available —
which is uncommon in CPU implementations — as well as various integer types. For many
algorithms (e.g. image blurring) 16-bit precision may suffice. The IPU also supports hardware
stochastic rounding, which gives better results than a strict result for many inherently stochas-
tic use cases (common in machine learning). Since Vertexes are C++, specifying vertexes as
template classes allows for easy code re-use.

Unfortunately, the benefits of using lower-precision data types are not automatically un-
locked simply by switching floats to halfs — we also had to rewrite code to use the vectorised
data types (float4) to see a performance benefit (up to 8x over using 32-bit floats).

Data Layout

When cells are multi-valued (e.g. the 4 dimensions of the RGBA data in an image, or the
9 dimensions of the Lattice Boltzmann distributions in Chapter 7), the developer must choose
whether to store this dimension first or last in the tensor. For the RGBA image pixel case we
use a three dimensional tensor for rows, columns and channel. Storing the channel first corre-
sponds to "SoA" (structure of arrays) storage, so that all the red pixels are stored contiguously,
then all the green pixels etc. Storing the channel in the last dimension corresponds to "AoS"
(array of structures) storage, so that all the channels for a single pixel are stored contiguously.
This decision has a large performance impact on CPU implementations (where we typically
want all the values for a cell available together in the cache and choose AoS) and GPU imple-
mentations (where coalesced memory access encourages SoA). Refactoring SoA code to AoS
code is typically non-trivial.

On the IPU, the choice is less pronounced. Because memory is not loaded in cache lines,
access patterns such as striding and contiguous storage have no impact on access latency. The
only advantage for choosing AoS over SoA is if the layout would encourage easier vectorisation
using the vector data types (e.g. float2 or half4) and allow better use of SIMD instructions.
This will vary from case to case.
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In our Gaussian Blur implementation (Chapter 6), AoS allows us to load the RGBA half4
values in one instruction. In our Lattice-Boltzmann implementation (Chapter 7), SoA allows us
to very efficiently perform a memory-intensive step, but the data rearrangement costs turn out
to negate the benefit and we also use AoS.

5.5 A generic end-to-end stencil program template

In this section, we describe a typical stencil program both at the vertex (codelet) level, and
at the compute graph conceptual level, showing how the vertexes are wired for halo exchange
in two compute sets, wrapped in a Repeat program.

Codelets

With halo stitching. Halo stitching results in the simpler vertex shown in in Listing 5.2. For
optimal performance, our inputs are single Vectors rather than VectorLists, and we use the
aligned single-pointer form, allowing elements to be accessed as one contiguous block, or be
recast into vector data types like float2.

template<typename T>
class VertexWithStitching : public Vertex {

#define INIDX(ROW, COL) ((width+2)*((y+1)+ROW)+((x+1)+COL))
#define OUTIDX(ROW, COL) (width*(y+ROW)+(x+COL))+c

public:

Input <Vector<T, VectorlLayout::ONE_PTR>> in;
OQutput <Vector<T, VectorLayout::ONE_PTR>> out;
unsigned width;

unsigned height;

bool compute() {
const T *inPtr = reinterpret_cast<T *>(&in[0]);
T *outPtr = reinterpret_cast<T *>(&out[0]);
for (auto y = Qu; y < height ; y++) {
for (auto x = Qu; x < width ; x++) {
outPtr[OUTIDX (@, ©)] = stencil(
inPtr[INIDX(-1,-1)]1, inPtr[INIDX(-1,0)]1, inPtr[INIDX(-1,1)1,
inPtr[INIDX(Q,-1)]1, inPtr[INIDX(©,0)], inPtr[INIDX(0,1)1,
inPtr[INIDX(1,-1)]1, inPtr[INIDX(1,0)]1, inPtr[INIDX(1,1)]
)
}
3
return true;
3
3

Listing 5.2: Outline of a stencil vertex’s codelet

Without halo stitching. Codelets for stencil compute vertexes that do not stitch halos follow
the pattern shown Listing 5.3. Each vertex declares separate Inputs for its partition, and its
each of its halos. We define an Output, which is the same size are the partition (double-buffered

approach).

class StencilVertexNxM : public Vertex {

public:
Input <Vector<float>> n,s,e,w,nw,ne,sw,se; // halos (sent from other tiles)
Input <Vector<float>> in; // partition data (stored on this tile)
Output<Vector<float>> out; // double-buffer data (stored on this tile)
unsigned width, height;
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bool compute() {

#define OFFSET(r,c) (y + r) x width + (x + c¢)
for (auto y = 1u; y < height - 1; y++) {
for (auto x = Qu; x < width - 1; x++) { // Region 8
const auto idx = x + width * y;
out[idx] = stencil (in[OFFSET(-1,-1)1, in(OFFSET(-1,0), ...);
}
}

// and similar for each loop region, but gathering
// neighbours from correct data structures
for (auto y = 1u; y < height - 1; y++) {
constexpr auto x = Qu; // Region 9

Listing 5.3: Outline of a stencil vertex’s codelet

Because halos are in different data structures to the main partition data, looping over all the
different pixels is awkward and requires either inefficient indirect addressing, or defining sep-
arate loops for each of the regions in Figure 5.2. In each loop region, we gather the neighbours
of the current cell and call the stencil function, an example of which is shown in Listing 6.2,
If partitions can be restricted to being at least 4x4, only the n x m codelet in Figure 5.2 needs to

be implemented.

Compute Graph

Tensors We take a double-buffered approach and define Tensors for the data and the tempo-

rary scratch data_tmp.

Compute sets We define two compute sets, in2out and out2in, which use the same vertexes
and tensors, but with data and data_tmp swapped as Inputs and Outputs in the vertex wiring.
This means that memory clashes are avoided and execution is naturally split into two phases.

Vertexes and wiring For every (ipu, tile, worker) in the partitioning, we instantiate 2 Vertexes
(or the correct variant from Figure 5.2 depending on the partition size). We wire one vertex in
compute set in2out with the halo regions and the partition being mapped to slices of data, and
the output being mapped to the corresponding slice of data_tmp. We wire up the other vertex
in compute set out2in with the halo regions and partition mapped to slices of data_tmp and
the output to the corresponding slice of data. The partitions and halos are calculated using our

libraries that implement the algorithms discussed in 5.2.

Iteration We implement iteration by wrapping the execution of the vertexes in a Repeat block,

as shown in Listing 5.4.

1lauto stencilProgram = Repeat{numlIters, Sequence{Execute{in2out}, Execute{out2in}}};

Listing 5.4: Wrapping the compute sets in a Repeat block
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Host program

Our generic host program parses input arguments, requests an IPU device, creates a Graph
object, registering the codelets from Section 5.5 with the graph, builds the compute graph as
discussed above, and creates DataStreams for transferring initial data and reading the output.
It then creates an Engine, loads the compiled Graph to the Engine, and run the programs for
host-to-IPU data transfer, stencil iteration, and IPU-to-host transfer, and processes the program

output.

5.6 Summary

In this chapter, we presented ways to implement prerequisites for stencils on the IPU: halo
exchange and grid partitioning.

After implementing a correct stencil, the programmer is left with few easy options for fur-
ther increasing speed, compared to other platforms where memory access costs are paramount.
Without writing assembly, the only obvious optimisation comes from exploiting the vector data
types, but these offer fewer benefits compared to the wide vector instructions available on con-
temporary CPU and GPUs.

Communication costs must be measured and optimised per application. Halo exchange can
be improved by specifying separate tensors for each border region rather than concatenating
("stitching") regions during wiring. This results in faster execution, but both the vertex and
wiring code become much more complex. Vectorisation and memory alignment may introduce
rearrangement costs that offset any gains from border separation. Finally, we presented the
outline of a generic end-to-end stencil application involving double buffering, which serves as

the starting point for our next applications.
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