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ABSTRACT

Analog computing has been widely proposed to improve the energy efficiency of multiple
important workloads including neural network operations, and other linear algebra kernels. To
properly evaluate analog computing and explore more complex workloads such as systems
consisting of multiple analog data paths, system level simulations are required. Moreover, prior
work on system architectures for analog computing often rely on custom simulators creating
significant additional design effort and complicating comparisons between different systems. To
remedy these issues, this report describes the design and implementation of a flexible tile-based
analog accelerator element for the Structural Simulation Toolkit (SST). The element focuses on
heavily on the tile controller—an often neglected aspect of prior work—that is sufficiently
versatile to simulate a wide range of different tile operations including neural network layers,
signal processing kernels, and generic linear algebra operations without major constraints. The
tile model also interoperates with existing SST memory and network models to reduce the overall
development load and enable future simulation of heterogeneous systems with both conventional
digital logic and analog compute tiles. Finally, both the tile and array models are designed to
easily support future extensions as new analog operations and applications that can benefit from
analog computing are developed.
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1. INTRODUCTION

Over the past decade there has been renewed interest in analog computing to provide further
performance improvements as digital scaling trends have slowed. Analog kernels have been
proposed for a wide variety of applications including neural network training and inference [1, 2],
graph analytics [3], and scientific computing [4, 5] and show potential for efficiency
improvements beyond what is currently feasible with digital computing. One important challenge
with new computing paradigms, including analog computing, are simulation tools to go from a
computational kernel to a usable system. Even in a system where all of the major computations
will be performed in analog, significant digital logic is required for programmability, system
control, and storage and communication of intermediate results. Moreover, most applications of
interest cannot perform all of the computations in analog and require some degree of digital
processing for correct results. Therefore, system-level simulators incorporating digital processing,
memories, and networks are required for the successful development of analog computing.

Prior work on system-level simulation of systems using analog computing typically use
customized simulators that connect to, or use results from, existing tools for digital components.
We identify three potential issues with these custom simulators. First, custom simulators increase
development effort since each new researcher in this field needs to create their own simulator. Not
only does this constant re-development of simulators create wasted effort, it also creates
challenges when comparing different system proposals since the key configuration parameters
reported may not be directly comparable between different works. A sufficiently extensible
simulation framework, such that each new researcher doesn’t feel the need to reinvent the wheel,
could improve research on analog computing in the same way that standardized CPU simulators
have benefited the computer architecture research community.

Second, simulations that attempt to integrate components from multiple different tools can be
error-prone and obscure insights which cut across multiple tools. Integrating tools that were not
designed for interoperability can create issues where small differences in the assumptions of
different tools lead to evaluations of systems that differ from what the researcher intended. This is
especially true for evaluations where the tools are not directly integrated and instead use results
from separate tool runs as inputs to the final evaluation model. These challenges are generally
avoidable through careful effort, but making evaluations less error prone is generally beneficial.
Related to this issue, optimizations that cut across multiple tools can be harder to discover
because the impact is spread across different sub-results in the evaluation.

Third, the simplifying assumptions used to reduce the development overhead of custom
simulators can obscure important details. For instance, the controller that orchestrates
computation is often only simulated implicitly by high-level logic within the simulator. This
means that operations which may be computationally expensive, can be implicitly included in the
simulation without being appropriately evaluated. The reverse is also true, simple optimizations



that can be performed on the controller may not be evaluated because of concerns about their
complexity and difficulty in evaluating these optimizations within existing simulation
infrastructures. Another consequence of implicitly simulated controllers is a lack of research on
programming models and run-time behavior in non-ideal conditions. Although there has been
work on programming models for analog computing [6], overall research is still limited and
primarily confined to system designers. A related challenge is how the system will operate in less
than ideal circumstances. Many simulators assume data flows which are fixed at programming
time meaning the system cannot adapt to run-time conditions. For instance, many candidate
devices for analog computing experience state drift which can reduce solution quality over

time [7]. This process is often stochastic meaning a system needs methods to detect intolerable
levels of drift and adapt the data flow. For some applications shutting the system down and
reprogramming may be feasible, but applications requiring high availability—object detection in
an autonomous vehicle for instance—need to handle drift without downtime.

To begin remedying the above issues, we have developed a model of a tile-based analog
accelerator for the Structural Simulation Toolkit (SST) [8]. SST is a parallel discrete-event
simulator designed for extensible simulation of a wide range of computing systems and contains
models for many components including CPUs, GPUs, memories, networks, and RTL simulation.
The tile-based analog model, contained in a new SST element, relies on existing SST models for
memories and networks on chip to avoid the development costs described above. Importantly, the
models described in the next chapter do not solve all of the issues mentioned above. For instance,
this model still uses a data flow between tiles which is fixed at configuration time. However,
because the model is designed to be highly flexible, and uses standard SST communication
primitives, run-time reconfigurability and similar topics can be explored in future work using
existing SST models.
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2. SST ANALOG SYSTEM MODEL

To model analog tile-based accelerators in SST, we developed a new SST element for analog
compute tiles. The goal of this element is to leverage the existing SST models for memories and
on-chip networks and focus on the unique compute properties of analog compute tiles. The
modeled architecture of a tile-based analog architecture is shown in Figure 2-1 where the orange
blocks indicate existing SST elements, and the green, blue, and gray blocks indicate the new
components and subcomponents developed that will be described in this chapter. Each tile
broadly consists of four components, one or more analog compute arrays, a local controller which
drives inter-tile communication, array operations, and synchronization, a local memory to store
inputs and outputs, and a connection to the tile network on chip.
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Figure 2-1. Overview of the modeled tile-based analog architecture in SST.

2.1. Tile Component

The tile component is the primary model in this SST element. It implements internal tile state
tracking and inter-tile synchronization operations. Conceptually, the tile model primarily operates
as a memory request generator moving data from producer tiles, reading/writing data to/from the
array input/output registers, initiating array operations, and signaling consumer tiles on
completion. In addition to the tile component this section discusses the festDriver component, a
simplified version of the tile model that presents inputs to a tile-based accelerator and reports the
final outputs.
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Table 2-1. Configuration parameters for the tile and testDrive components.

Parameter Description

clock Clock frequency of the tile.

tileID Global tile ID used for inter-tile communication. Must be unique.
tileMemoryStart Starting global address of the tile memory. Tile assumes it has full control

over this region. Minimum memory region size must be able so store a
full copy of the arrayln and arrayOut registers.

tileMemoryEnd Ending global address of tile memory.

mmioOffset Address offset for MMIO inter-tile communication, must be identical
across all tiles.

numATrrays Number of distinct arrays in the the tile.

arrayInSize Length of input vector. Implies number of array rows.

arrayOutSize Length of output vector. Implies number of array columns.

operandSize Size of input/output operand in bytes.

producerTiles List of tileIDs of tiles which produce results for this tile.

producerAddresses | List of address of starting addresses for each producer tile.

producerCounts List of how many operands to load from each producer. If variable over
time use the maximum number of operands for each producer.

consumerTiles List of tileIDs of tiles which consume results from this tile.

consumerAddresses | List of address of starting addresses for each consumer tile.

testDriver Specific Inputs

numlInputs Number of input vectors to supply to the tiles.
inputArray Flat array of the inputs for the tiles.
2.1.1. Tile Configuration

Table 2-1 lists the major configuration parameters for the the tile component. These define a tile
in terms of a tile ID number, address range, and the number and size of the compute arrays
contained within the tile. Details about tile memory will be discussed in a later section, for the
purposes of this discussion it is important to note that the tile model assumes that nothing else in
the system will modify the locations within tile memory space. Finally, the tile configuration
specifies the tiles that produce inputs and consume results for a given tile.

21.11. Test Driver Configuration

To provide a single interface for a series of tiles this element also contains a festDriver
component. The testDriver is a simplified version of the overall tile model without complex state
tracking logic or array models. The testDriver has two additional parameters shown at the bottom
of Table 2-1 to track how many inputs will be tested in a simulation run.

For future development of heterogeneous systems where a digital CPU will provide inputs for a
tile-based accelerator, this driver model can be extended to be provide a unified interface for the
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tile-based components. In this case, rather than specifying a list of inputs in the configuration, the
driver will present an interface for other components of the system to provide inputs and read
outputs using MMIO communication.

2.1.1.2. Configuration Example

Figure 2-2 shows a minimal configuration of a single tile system with a testDriver. For simplicity,
this configuration does not specify tile-local memory as a separate component but rather allocates
the testDriver and tile with portions of a single shared memory. In the interest of space, this
configuration does not specify a network model, in a full configuration the three network
interfaces (driver_nic, tilel _nic, mem_nic) would be connected to some form of network model.
As shown, the testDriver is set as Tile O in the system and is the producer to the first compute tile,
and the consumer of the final compute tile, both Tile 1 in this example. This example also uses a
simplified test array subcomponent which adds 1 to each input value, configuration of array
subcomponents will be discussed in the next section.

2.1.2. Tile Operation

Basic tile operations are tracked using per-producer and per-array state trackers. Importantly, the
tile processes the states of each producer and array independently; therefore, unless a tile’s
functionality requires synchronization different components of the tile can run at different rates.
The states and the state transition criteria are summarized in Table 2-2. For simplicity, neither
state tracker goes back to the idle state after all memory requests for a given state have been
issued, instead the system retains that state until all requests have finished and then transitions to
the next state.

The producer state trackers use a simple two-state design. From the perspective of the a tile a
producer is either ready for data to be copied (ProducerReady) or the most recently available data
has been copied and the tile is waiting for new data to copy (Producerldle). A producer tracker
transitions to the ProducerReady state when it receives a ready signal from a producer and the tile
begins sending copies to the the signaling producer. As noted above, once all the copies have
been issue the tile remains in the ProducerReady until all copy requests have completed. Upon
completion of the copies the tile signals the producer that it has finished copying the data and
returns to the Producerldle state.

The array state trackers are conceptually similar, just with significantly more states as shown in
Table 2-2. The array state trackers begin in the Arrayldle state. When all producers that produce
inputs for a given array have been copied from the producer the arrays transitions into the
ArrayLoading state. In the ArrayLoading state the tile reads the input operands for the next tile
operation from local tile memory and places those values in the array’s input registers. The
ArrayLoading state could be further optimized by starting to load values into the array input
registers as the copies from producers complete at the cost of additional state tracking logic. This
optimization will be explored in future work. Additionally, in some tile implementations, the data
copied from the producer could be directly placed in the array input registers rather than requiring
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driver = sst.Component ("testDriver", "analogComputeArray.testDriver")
driver.addParams ({

"tileID": 0,

"tileMemoryStart": 128,

"tileMemoryEnd": 512,

"mmioOffset": 512*1024*1024,

"inputSize": 4,

"outputSize": 4,

"numInputs": 2,

"operandSize": 1,

"producerTiles": [1],

"producerAddresses": [1024],

"producerCounts": [4],

"consumerTiles": [1],

"consumerAddresses": [1024],

"inputArray": [1,1,2,2,3,3,4,4],
1)
iface0 = driver.setSubComponent ("memory", "memHierarchy.standardInterface")
driver_nic = iface0.setSubComponent ("memlink", "memHierarchy.MemNIC")
driver_nic.addParams ({"group" : 0, "destinations" : [1,2], "network_bw" : "25GB/s"})

tilel = sst.Component ("tilel", "analogComputeArray.computeTile")
tilel.addParams ({

"tileID": 1,

"tileMemoryStart": 1024,

"tileMemoryEnd": 1024 + 8,

"mmioOffset": 512*1024*1024,

"numArrays": 1,

"arrayInSize": 4,

"arrayOutSize": 4,

"operandSize": 1,

"producerTiles": [0],

"producerAddresses": [128],

"producerCounts": [4],

"consumerTiles": [0],

"consumerAddresses": [128],
)
ifacel tilel.setSubComponent ("memory", "memHierarchy.standardInterface")
arrayl = tilel.setSubComponent ("array", "analogComputeArray.TestComputeArray")
tilel_nic = ifacel.setSubComponent ("memlink", "memHierarchy.MemNIC")
tilel_nic.addParams ({"group" : 1, "destinations"™ : [0,2], "network_bw" : "25GB/s"})

memctrl = sst.Component ("memory", "memHierarchy.MemController")

memctrl.addParams ({"clock" : "1GHz", "addr_range_end" : 512*1024*1024-1})

memory = memctrl.setSubComponent ("backend", "memHierarchy.simpleMem")
memory.addParams ({"mem_size" : "512MiB" })

mem_nic = memctrl.setSubComponent ("cpulink", "memHierarchy.MemNIC")
mem_nic.addParams ({"group" : 2, "destinations" : [0,1], "network_bw" : "25GB/s"})

Figure 2-2. SST configuration example of a single tile system with a test driver. The
network model is not included in the interest of space.
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Table 2-2. States for tile state-tracking logic.
State Action | Transition Criteria

Producer States

Producerldle Signal from producer tile.
ProducerReady Copy data from producer tile to | All copies completed.
tile memory.

Array States

Arrayldle All inputs for the array have been copied.
ArrayLoading Load inputs from tile memory | All inputs loaded.

to array input register.
ArrayReady Start array operation. Array operation started.
ArrayComputing | Perform array operation. Array operation completed.

ArrayPostProcess | Perform digital operations on | Post processing completed.
results in array output regis-

ter(s).

ArrayStoring Store post-processed values to | All stores completed.
tile memory.

ArrayFinished Same as Arrayldle, used after | Simulation ends.

final array operation is com-
pleted (Simulation specific).

the value be written to tile memory in the ProducerReady state, and subsequently read in the
ArrayLoading state. The current implementation keeps these separate since several proposed
tile-based architectures have separate data paths for these two operations. This implementation
also provides greater flexibility of implementation for tile memory as will be discussed below.
However, adding an option to forward data from the copy operation to the array input registers
will be explored in future versions.

Once all the inputs have been loaded into the array input registers, the array transitions into the
ArrayReady state indicating that an array operation can begin. In the ArrayReady state, the tile
signals an array to start the computation and transitions into the ArrayComputing state. The tile
takes no actions during the ArrayComputing and simply waits for the array operation to complete,
at which point the array transitions into the ArrayPostProcess state. ArrayPostProcess can
implement a wide range of functions that will be performed on the outputs of the array, for
example, reduction and pooling operations for neural network layers. For operations that require
results from multiple arrays within the same tile, ArrayPostProcess can also be used into
inter-array synchronization. Once post processing operations have completed, the array
transitions into the ArrayStoring state. In the ArrayStoring state, post processed values are written
from the array output registers into the tile local memory. Importantly, no data will be overwritten
unless all consumers have signaled that the previous results have been copied to the consumer’s
tile memory. This provides back-pressure for tiles which are running slowly. Once all results have
been written to tile memory, the tile signals consumers that new data is available and transitions
back to the Arrayldle or ArrayFinished state. ArrayFinished is a simulation specific state to track
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that this array has completed the last input in the simulation so the simulation can now
complete.

2.1.21. Test Driver Operation

Although the test driver is a simplified version of the tile model, it does not use the
aforementioned state trackers. Since the test driver does not need to worry about arrays it
effectively implements just the ProducerReady state to read the output from the final tile or tiles
in a data flow, and the ArrayStoring state to write new inputs for the system. These operations are
triggered by signals from other tiles.

2.1.2.2. Inter-Tile Communication

In describing the tile operations several state transitions have the side effect of signaling other
tiles that new data is ready, or that copies have completed so previous intermediate results can be
overwritten. These inter-tile signals are implemented as MMIO writes to different tiles. In the
configuration parameters each tile has an mmioOffset parameter which is used to compute an
MMIO address for each tile based on the tile’s starting address. This offset must be identical
across all tiles in a system since each tile uses this offset to calculate the MMIO address of the
producer and consumer tiles.

2.1.3. Tile Memory

Figure 2-1 shows a notional configuration where each tile contains tile memory. This is a valid
configuration, and may be the most common in the literature; however, the tile model discussed in
this report does not require the memory arrays containing the tile memory space to be physically
located within a tile. Each tile is configured with a memory region specified in the global address
space, and as discussed above the only assumption made by the tile model is that no other
component in the system will modify the data within that address range. This means that the tile
model can model systems where tile memory for multiple tiles can share the same physical
memory arrays.

This implementation is partially driven by the design of the existing SST memory hierarchy
element. This element does not currently support endpoints which are both memory controllers
holding part of the the global address space and processors which read and write the global
address space. To simulate a system where the tile memory is physically located within a tile, the
topology of the network model can be modified. Specifically, a memory controller and tile can be
connected to a router with high-bandwidth and low-latency links and that router is connected to
the broader network model as the full tile node would be.
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Table 2-3. Tile functions designed to be overridden for new tile types.

Function Description

moveFromProducerAddr | Compute a source, destination for copying date to tile memory from
a producer coordinate.

loadToArrayAddr Compute a tile memory address from an array input coordinate.

storeFromArray Addr Compute a tile memory address from an array output coordinate.

producerToArray Convert a producer coordinate to a list of array coordinates that take
this producer as an input.

array ToConsumers Converts an array ID into a list of tiles consuming the results of this
array.

consumerToArrays Converts a consumer tile ID into a list of arrays which produced
results for this consumer.

postProcessArray Performs any digital post processing operations on the results of the

array operations. Can implement synchronization between arrays if
multi-array results are needed for post processing. Return value true
indicates that post processing has been completed and the array can
transition to the next state.

2.1.4. Implementing New Tile Types

As noted above, the primary function of the tile controller is as a memory request generator. To
flexibly support a wide variety of different memory indexing operations, the tile component is
designed to allow new tile operations to be implemented through classes derived from the base
tile class. For instance, both a fully connected and a convolutional layer in a neural network, use
the same basic tile logic in terms of the producer and array states described above; however, they
use different addressing functions.

Seven functions in the base tile class are designed to be overridden by new tile types and are
summarized in Table 2-3. When the table refers to a "coordinate,” this means a resource
(producer or array) ID and element index within that resource. For instance, a producer
coordinate (1, 23) means that we are looking at the 23rd operand in the producer with index 1 (as
specified in the producerTiles configuration input).

These functions can be subdivided into three different types, address generation functions,
resource mapping functions, and digital emulation functions. The address generation
functions—moveFromProducerAddr, loadToArrayAddr, and storeFromArrayAddr—are the most
straight-forward. These functions compute addresses for data copies in the ProducerReady state,
tile memory reads in the ArrayLoading state, and tile memory writes to tile memory in the
ArrayStoring state. If these functions return an address of zero, the copy, load, or store for that
specific operation is skipped. This can be used either to skip redundant operations due to data
reuse, or for operation sizes that are smaller than the physical tile resources.

The resource mapping functions—producerToArray, arrayToConsumers, and
consumerToArrays—are used to convert a coordinate or resource ID to another resource ID. This
is needed to track when a specific resource has all of the inputs required to transition to the next
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state. For instance, producerToArray converts a producer coordinate to an array ID which is
needed to determine when an array can transition from the Arrayldle to ArrayLoading state. As
discussed above each array currently waits for all inputs for an array operation to be copied to tile
memory before it begins loading the array input registers. Therefore, producerToArray is used to
indicate which array counters need to be incremented when an copy has completed. The other two
resource mapping functions are used for inter-type synchronization. arrayToConsumers indicates
which arrays must be signaled when an array has completed an operation, and consumerToArrays
is used to determine which arrays results have been fully copied by the consumer tiles.

The final function, postProcessArray, implements digital operations which are performed on the
outputs of array operations. For instance, postProcessArray can be used to implement digital
reduction of results for computations where a single operation is insufficient, e.g., bit slice
reductions in MVM or operations on matrices larger than a single array. postProcessArray can
also be used to implement pooling and similar operations in neural networks. For tiles where the
results of multiple different array operations are required for post processing, postProcessArray
can also implement inter-array synchronization.

2.2. Array Subcomponent

As discussed in Chapter 1, analog arrays can implement a wide variety of different functions. The
compute array subcomponent is designed to enable the flexible implementation of different array
functions within a tile.

The array subcomponent implements all of the arrays within a single tile. Although each array
can have a different configuration, for example MVM arrays can have different stored matrices,
the size and type (array function) is assumed to be the same for all arrays in a tile. Array models
can be as simple or as complicated as needed for the simulation. A simple model, for instance
digital (ideal) emulation of an MVM, requires only two functions, a compute function, and
getArrayLatency. The compute function implements the actual array operation—MVM in this
example—using the array input register values as inputs and placing the results in the array output
registers. getArrayLatency specifies the latency of an array operation and can either by a fixed
latency or input dependent. Although, not implemented in any currently developed array models,
the array subcomponent can require multiple compute calls per array. For instance an array with
error detecting logic could check the results of the computation and do another compute
operation, with an addition array operation latency, if an error is detected.

More complex array operations, for instance incorporating array non-idealities, can be
implemented directly in the array subcomponent or by interfacing the subcomponent with
external models. We have developed an array implantation that interfaces with CrossSim [9], an
analog MVM simulator that includes a variety of device models and analog non-idealities.
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3. CONCLUSION

Analog computing shows the potential for efficiency beyond what is currently achievable from
digital systems. However, to realize that potential we need better system-level modeling tools to
enable full-stack co-design. Existing approaches to system-level simulation for analog computing,
where each research group develops a customized simulator for a proposed architecture creates a
custom simulator wastes research effort and often results in simplifications which impede
co-design. This report describes a new model for analog tile-based computing using the Structural
Simulation Toolkit (SST) that is designed to be flexible enough to model most existing analog
systems. By using SST, this tile-based model can take advantage of existing models for memory
and on-chip networks, and simplify future development of heterogeneous systems integrating
conventional digital processors alongside analog components. This model will enable future
projects to explore important topics in analog computing including programmability and run-time
reconfiguration which are essential to realize the potential of analog systems.
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